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The cognitive processes supporting complex animal behavior are closely

associated with movements responsible for critical processes, such as facial
expressions or the active sampling of our environments. These movements
are strongly related to neural activity across much of the brain and are often

highly correlated with ongoing cognitive processes. A fundamental issue
for understanding the neural signatures of cognition and movements is
whether cognitive processes are separable from related movements or if
they are driven by common neural mechanisms. Here we demonstrate how
the separability of cognitive and motor processes can be assessed and, when
separable, how the neural dynamics associated with each component can
beisolated. We designed a behavioral task in mice thatinvolves multiple
cognitive processes, and we show that dynamics commonly taken to
support cognitive processes are strongly contaminated by movements.
When cognitive and motor components are isolated using a novel
approach for subspace decomposition, we find that they exhibit distinct
dynamical trajectories and are encoded by largely separate populations of
cells. Accurately isolating dynamics associated with particular cognitive
and motor processes will be essential for developing conceptual and
computational models of neural circuit function.

Goal-directed behavior follows from an interplay between cognitive
and motor processesin the mammalian brain. For example, while drib-
bling downthe court, abasketball player must track the players around
them, decide which play torun, plantheir next move, execute fast and
accurate movements and flexibly adapt those movements according
to the actions of other players. The neural representations of these
cognitive and motor processes are often distributed across many of
the same brain areas'*and engaged concurrently*’. For these reasons,
disentangling the neural signatures of specific cognitive and motor
processes is challenging.

Many behavioral tasks are designed with thisissue inmind, aiming
toisolate constituent neural processes by separating theminto discrete

temporal epochs. For example, in sensory-guided decision-making
tasks, subjects are often trained to withhold responses while stimuli
are presented so that perceptual decision-making is isolated in time
from associated actions. Analogous paradigms have been developed
to uncover the neural underpinnings of working memory®’, motor
planning®’, contextual encoding'®, reward prediction" and other cog-
nitive processes™.

These paradigms often rely on the assumption that experimen-
tal subjects withhold motor output during task epochs in which
instructed responses are absent. However, uninstructed movements
not required for task completion, such as changes in posture, facial
expressions and gaze, are commonly observed inrodents, humans and
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Fig.1| Cortical dependence and uninstructed movements during a two-
context task. a, Top: schematic of the two-context task. In DR trials, an auditory
stimulus was presented during the sample epoch (1.3 s) instructing mice to lick
for reward to the right (white noise) or left (8-kHz tone). Mice were trained to
withhold their response during a delay epoch (0.9 s) and initiated their response
after an auditory go cue. In WC ttrials, mice were presented with a water reward
atarandom port at random inter-reward intervals. The WC task was introduced
once mice became expertsin the DR task. Bottom: 20-trial trailing average

of correct, error and ignore rates for an example session. b, Performance for

an example session separated by trial type (left versus right), control versus
photoinactivation trials and by context. Photoinactivation (1 s) was initiated
atthe go cue or water drop. Blue dots indicate right licks; red dots indicate left
licks. Gray bars, correct trials; black bars, error trials. Blue shading indicates the
timing of photoinactivation. Vertical black dashed lines in the top panels indicate
the onset, from left to right, of the sample period, the delay period and the go
cue. Inthe bottom panels, vertical black dashed lines indicate the timing of the
water drop. ¢, Percent of trials with correct licks within 600 ms of the go cue or
water drop on control and photoinactivation trials. Colored points represent
mean values for each animal (n = 4, individual animals connected by dark lines).
Light gray lines denote individual sessions (n = 10). Bars are across-session
means. Asterisks denote significant differences (P < 0.05) between control and
photoinactivation trials (all DR trials: P= 0.0001; DR left trials: P=4.5x107; DR
right trials: P=0.0074; all WC trials: P= 0.0371; WC left trials: P= 0.0134; WC right

trials: P=0.0316, paired two-sided t-test). Error bars denote s.d. across sessions.
d, Behavior was tracked with high-speed video from side (left) and bottom (right)
views. Trajectories of delay epoch uninstructed movements from an example
session overlayed. e, Uninstructed movements are highly variable across trials
and across time. Top: jaw, nose and paw speed for an example trial. Bottom:
feature overlay for a subset of trials in an example session. At each timebin¢,

an (r, g, b) color value was encoded as (jaw,, nose,, paw,). Vertical white dashed
linesindicate, the onset, from left to right, of the sample and delay periods.

f, Schematic of motion energy calculation. Example frames depicting high and
low motion energy are shown. g-i, Bilateral motor cortex photoinactivation
during the delay epoch. g, Motion energy on control (top) and photoinactivation
(bottom) trials for an example session. On photoinactivation trials, light was
delivered for 0.8 s beginning at the start of the delay epoch. Vertical white
dashed lines indicate the onset of the delay period. h, Average delay epoch
motion energy on single sessions for control and photoinactivation trials (n =29
sessions, four mice). Red points indicate left trials and blue points indicate

right trials for asingle session. i, Performance for control and delay epoch
photoinactivation trials. Mice often defaulted to a right choice after delay epoch
photoinactivation. Asterisks denote significant differences (P < 0.05, paired
t-test) between control and photoinactivation trials (n = 29 sessions, four mice).
Black lines and colored pointsindicate averages across sessions for individual
animals, and light gray lines indicate sessions. Error bars denote s.d. across
sessions. Stim, photoinactivation trials; px, pixels; NS, not significant.
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non-human primates during learned behavioral tasks”'®. Importantly,
uninstructed movements explain much of the variance observed in
brain-wide neural activity” ' and can be strongly correlated with task
variables™°%,

These observations imply a serious challenge for experimental
studies addressing a wide range of cognitive processes. If uninstructed
movements are correlated with alatent cognitive variable of interest—
a stimulus perceived, a decision made, a memory stored or a motor
plan formed—then the neural dynamics leading to or resulting from
uninstructed movements can be easily misconstrued as responsible
for that cognitive process. One common approach to isolate puta-
tive cognitive dynamics is to track and ‘regress out’ movements'%,
but this approach assumes that cognitive and motor processes are
separable—thatis, driven by independent neural dynamics. However,
some cognitive processes may be inherently embodied such that their
associated neural dynamics are linked to overt movement*. Regressing
outneural dynamics associated withembodied movements would lead
to the inadvertent removal of the precise dynamics that one wants to
study. Whether cognitive and motor dynamics are separable remains
an open question and likely depends on the brain area, behavior and
cognitive process of interest.

Here we address the separability of dynamics associated with cog-
nitive processes and correlated movements. We developed abehavioral
paradigmin which mice perform sensory-guided movementsinvolving
multiple cognitive signals and exhibit idiosyncratic, task-correlated
uninstructed movements. We build upon work demonstrating how dif-
ferent neural processes can be multiplexed inasingle brain region®*"*
to develop anovel method for identifying separate subspaces of neu-
ral activity containing dynamics related to internal processes and
dynamicsrelated to movements. This approachis simple toadopt and
does not require tracking or segmentation of body parts. It also does
not require an explicit choice of models relating neural dynamics to
movement, avoiding common assumptions of linearity. Decomposing
activity intocomplementary internaland movement-related subspaces
reveals newinsights into the nature of dynamics supporting cognitive
processes, their relationship to movements and the manner in which
theserepresentations are encoded at the level of single neurons.

Results

Task-switching behavioral paradigm

We designed abehavioral paradigm associated with multiple cognitive
processes. Inthis paradigm, head-fixed mice performed two directional
licking tasks that alternated block-wise within each behavioral session.
These tasks varied in their cognitive demands but required the same
instructed motor output.

This paradigmincluded an established delayed-response (DR) task
in which motor planning is temporally dissociated from movement
execution’ (Fig. 1a). In the DR task, an auditory stimulus indicated
the location of a reward. After a brief delay epoch with no auditory
stimuli, a separate auditory ‘go cue’ instructed the mouse to move. If
the mouse performed a directional tongue movement to the correct
target, awater reward was delivered. In separate blocks of trials, mice
performed a water-cued (WC) task in which all auditory stimuli were
omitted. Instead, a drop of water was presented at arandom pointin
time at a randomly selected reward port. Animals consumed water
uponits presentation. Mice received no explicit cues signaling DR and
WCblocks. The DRtask required a perceptual decision that guides the
planning of asubsequent motor action. In the WC task, uncertainty in
the timing and location of reward prevented formation of amotor plan
before reward presentation, and, instead, mice detected reward avail-
ability using olfactory and/or vibrissal cues®. This structure required
animals to maintain an internal representation of the current block
identity (context) to maintain high task performance.

We examined uninstructed movements in this behavioral para-
digm using high-speed video. We tracked movement of the tongue,

jaw, nose and paws® and calculated instantaneous motion energy
to quantify movement in a feature-agnostic manner'® (Fig. 1d-f). We
found that mice performed uninstructed movements that varied in
their identity and timing across both trials and contexts (Fig. 1e and
Supplementary Moviel).

Previous work established the necessity of the anterior lateral
motor cortex (ALM) and tongue-jaw motor cortex (tjM1) for the plan-
ning and execution of tongue movements®*~*, To assess cortical
involvement in instructed movements (directional licking) in both
behavioral tasks, we used optogenetic photoinactivation to inhibit
the ALM and tjM1 at the go cue (DR) or water presentation (WC) bilat-
erallyin VGAT-ChR2-EYFP mice (10 sessions, four mice). Simultaneous
photoinactivation of both regions at the go cue (DR task) or water
drop (WC task) impaired the initiation of movement in both contexts
(Fig. 1b,c; all DR trials: 41+ 20% reduction, mean +s.d., P=1x107*; all
WC trials: 15+ 20%, P= 0.04; and Extended Data Fig. 1c,d). To assess
cortical involvement in the expression of uninstructed movements,
and whether these movements might be controlled by ALM or tjM1
preferentially, we bilaterally silenced the ALM or tjiM1individually dur-
ing the delay epoch of DR trials (ALM: 15 sessions, tjM1: nine sessions,
four mice). Uninstructed movements were suppressed by photoinac-
tivation of either area (Extended Data Fig. 1b; ALM: 53 + 31% reduction,
mean £s.d., P=3 x107*; tjM1: 62 + 24% reduction, P=2 x 1073, paired
t-test) and more strongly suppressed by concurrent photoinactiva-
tion of both areas (Fig. 1g,h; 29 sessions, four mice; 73 + 35% reduction,
mean+s.d.,P=7x107’, paired t-test), similar to previous observations*
(but seeref.34).Inthe DR task, delay photoinactivation of both areas
led to a significant decrease in overall performance (Fig. 1i; 22% + 14%
reduction, mean *s.d., P=2 x 10" paired t-test; Extended Data Fig. 1b)
as expected from the disruption of choice/planning dynamics’, often
leading to animals responding consistently to a preferred side rather
than in a manner commensurate with the sensory cue. These results
indicate that both the ALM and tjM1 are involved in the generation of
uninstructed movements and the planning and execution of instructed
directional tongue movements in the two-context paradigm.

Neural dynamics related to task variables
While movement-related and task-related information is encoded in
both the ALM and tjM1 in the DR task®* and other directional licking
tasks™, task variables are more strongly represented in the ALM**?®,
andso we focused our subsequent analyses there. We recorded activity
extracellularlyinthe ALM with high-density silicon probes during the
two-context paradigm to track dynamics associated with planning, con-
textand the execution of movements (Fig. 2; two-context paradigm:12
sessions, six mice, 522 units, including 214 well-isolated single units; an
additional three mice were trained only on the DR task: 25 sessions, nine
mice, 1,651 units, including 483 well-isolated single units; see Extended
Data Fig. 2a for per-session statistics). In the DR task, we found that
choice selectivity (right versus left DR trials) was widespread across
all task epochs as expected (sample: 36%; delay: 42%; response: 58%
of 483 single units; 25 sessions, nine mice). Individual units showed
avariety of activity patterns across trial types, including delay epoch
preparatory activity, which has often been taken tobe aneural signature
of motor planning®* (Fig. 2b, left). Individual units were also selective
for behavioral context during all task epochs, including during the
inter-trial interval (ITI) (39% of single units, 12 sessions, six mice, 214
single units), suggesting persistent coding of context (Fig. 2b, right).
We next sought to understand how the selectivity patterns
observed in individual cells were encoded at the population level.
We examined neural activity in state space, in which the firing rate
of each unit represents one dimension. We defined one-dimensional
coding directions (CDs) within the high-dimensional state space that
best encoded task variables®>***° (Fig. 2c). We first examined putative
neural correlates of three cognitive processes: choice, urgency and
contextual encoding.
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Fig. 2| Single-cell activity and population dynamics encode task-relevant
cognitive and motor processes. a, Schematic of silicon probe recordings in the
ALM. b, Spike rasters (top) and peri-stimulus time histograms (PSTHs; bottom)
for four example units in the ALM. Units show selectivity for trial type (left versus
right) and context (DR versus WC) during all task epochs. PSTHs for DR and
WC tasks shown on right are averages of equal numbers of left and right trials.

¢, Schematicillustrating identification of CDs. CDs are defined as directions
instate space that maximally separate activity between trajectories defined
by trial types (CDpoice AN CDyehion), cONtEXE (CD opeex) OF timepoints (CD, ).
d, Projections along each of four defined CDs. Gray shaded regions indicate
timepoints used for CD estimation. Mean and 95% confidence intervals of
bootstrapped distributions are shown. spks, spikes.

We defined a CD for left-right choice, CDy,., as the directionin
state space that best differentiates activity on correct left versus right
trials during the delay epoch of DR trials. Projections along CD ;ce
revealed that choice selectivity in the ALM, taken to represent a neu-
ral correlate of a motor plan®* or choice'**, emerges early in the
sample epoch and continues to grow throughout the delay epoch
before decaying at the onset of the response epoch (Fig. 2d). Animal’s
upcoming choice could be reliably decoded from projections along
CD_poice aCross sessions (Extended Data Fig. 2¢c; area under the curve
(AUC):0.86 % 0.11, mean #5.d.). We next defined CD,,,, as the direction
that capturestrial-type-independentincreases or decreases of activity
between the onset of the stimulus and the go cue in DR trials®****°, This
non-selective ramping has been thought to represent an urgency or
timing signal**%. Finally, we defined CD_ ., as the direction that best
differentiates activity during the ITI of DR and WC trials. Projections
along CD.« revealed that context (DR versus WC blocks) isencoded
in the ALM throughout each trial (Fig. 2d) with strong modulation at
the onset of the response epoch.

We also examined neural signals associated with the execution of
movements. We defined anadditional CD, CD,,,,, as the direction that
capturestrial-type-selective changesin neural activity that emerge after
the go cue. Projections of neural activity along CD,;,, robustly encoded
movement directioninthe ALM, as expected. Together, these four CDs
explained 53 £11% (mean £ s.d.) of the variancein trial-averaged neural
data (Extended Data Fig. 2b).

Uninstructed movements related to preparatory dynamics
We examined uninstructed movements in the DR task and their cor-
relation with both task variables and preparatory dynamics (Fig. 3).
We found that animals frequently performed uninstructed movements
that were correlated with trial type and time within each trial (Fig. 3a).
Onsingle trials, upcoming choice could be decoded fromuninstructed
movements beginningimmediately after the presentation of the sample
tone, with accuracy increasing throughout the delay epoch (Fig. 3b).
Notably, uninstructed movements were also highly correlated
with putative choice and urgency signals on a moment-by-moment

basis. The onset and magnitude of uninstructed movements often coin-
cided with the onset and magnitude of choice selectivity and ramping
(Fig. 3¢c,e). We used cross-validated multiple linear regression to pre-
dict projections along CDice and CD,,,,, 0N a trial-by-trial basis from
kinematic features of movement. Model predictions were often highly
correlated with motor planning signals, indicating a close relationship
between animals’ uninstructed movements and preparatory dynamics
(Fig. 3d,f; CD¢poice: R* = 0.41 £ 0.23, mean +s5.d across sessions, CD,
R*=0.46 + 0.23, n = 25 sessions), although this relationship was vari-
able across animals, sessions (Fig. 3d,f, bottom row; CD ;c.: minimum
R?*=0.002, maximum R*= 0.766; CD,,,,: minimum R = 0.096, maxi-
mum R*=0.853) and in the kinematic features that were most predic-
tive (Extended DataFig.3a-c). This variability is consistent with other
studies* and highlights the need to assess the relationship between
neural signals and related movements on a session-by-session basis.

Wetrained additional animals on arandomized delay task in which
the timing of the go cue cannot be anticipated*. Incorporating uncer-
tainty into the length of the delay epoch leads to a qualitative change
inpopulation-level choice selectivity. Selectivity in CD ;.. projections
emerges earlier than in the standard fixed-delay DR task (Fig. 3h, top
right; fixed: 0.61+ 0.11 s from delay onset, n = 25 sessions; randomized:
0.16 £0.19s, P=2.4 x107%, n=19 sessions, two-sided t-test; Fig. 3h,
top left), suggesting that motor plans are prepared before the earli-
est possible go cue time**. We found that the timing of uninstructed
movements, too, shifted in an analogous fashion (Fig. 3h, bottom;
fixed: 0.58 + 0.43 sfrom delay onset; randomized: 0.19 + 0.39 s,P=0.01,
two-sided t-test). Projections along CD ;.. remained predictable from
uninstructed movements onasingle-trial level (Fig. 3i; average R*across
sessions: 0.38 + 0.20, minimum R*= 0.041, maximumR>=0.734,n=19
sessions), providing further evidence of the tight link between prepara-
tory dynamics and uninstructed movements.

Uninstructed movements related to behavioral context

We next compared uninstructed movements across task blocks in the
two-context paradigm (Fig. 4). We found that animals perform qualita-
tively different uninstructed movements in each behavioral context,
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despite both contexts requiring instructed movements to the same
targets (Fig. 4a). Context could be decoded from kinematic features of
movementacross epochs, including during the ITI, in which contextual
cues were absent (Fig. 4b, top). The timecourse of context decoding
fromneural population dataand from movement kinematics was also
similar (Fig. 4b, bottom).

We sought to understand whether trial-to-trial variability in the
neural representation of context encoding could be predicted from
uninstructed movements. We again trained a multiple linear regression
modelto predict single-trial projections along CD, .. fromkinematic
features and found that, like putative choice and urgency dynamics,
context-selective signals were associated with context-specific move-
ments (Fig. 4c,d; R? = 0.49 + 0.22, mean + s.d across sessions, minimum
R?=0.097, maximum R? = 0.751, n =12 sessions).

Taken together, these findings suggest that dynamics along
CD choicer CDyamp @Nd CD oneexe cOuld be associated with uninstructed
movements and/or the cognitive processes related to the anticipa-
tion and planning of upcoming instructed movements and encoding
of task context.

Subspace decomposition of trial-averaged neural activity

We next examined whether neural signals encoding task variables could
beisolated from movement-related signals, despite their correlation
intime. We hypothesized that, if the neural dynamics associated with
cognitive and motor processes are separable, their componentsin the
ALM should be driven by distinct latent signals.

Previous theoretical work demonstrated a simple mechanism
that explains how neural activity can vary dynamically while ensur-
ing that specific variables remain stably encoded?. In this formal-
ism, a variable of interest may be decoded from a neural population,
perhaps by a downstream circuit, through a linear transformation
matrix, W, which could be taken to follow from a particular pattern of
synaptic connectivity. If the dimensionality of neural activity is larger
than the dimensionality of the output signals decoded (that s, if Wis
not square), then W must have a null space—dimensions in activity
space along which neural activity can vary without changing the
decoded output®,

Applying this idea to recordings from the primate motor cortex
demonstrated that motor planning dynamics are confined to the null
space of a linear transformation between motor cortical activity and
muscle activation®, thereby allowing motor planning signals to evolve
dynamically in a manner that is independent of motor output. The

orthogonal complement to this output-null subspace was termed
the output-potent subspace; changesin activity along output-potent
dimensions were then associated with changes in muscle activation®.

Subsequent work identified analogous subspaces of neural
activity in the primate motor cortex as the orthogonal subspaces
that capture the most variance in neural activity during the delay and
response epochs of a delayed-response task to capture preparatory
and movement-related activity, respectively”. Thisapproach is effec-
tive when preparatory and movement-related dynamics are confined
to distinct temporal epochs and when neural activity is exclusively
related to motor preparation and motor execution, respectively, in
those epochs. Conveniently, it avoids the need to measure muscle
activation or any other descriptor of motor output. It also avoids the
need to explicitly model the transformation between neural activity
and motor output with alinear (or any other parametric) transforma-
tion. This transformation is generally unknown and can be highly
nonlinear, particularly for movements directly controlled by central
pattern generators, such as those that support much of the behavioral
repertoire of rodents (for example, locomoting, breathing, whisking,
licking, chewing, vocalizing and swallowing)**°,

We sought to determine if this computational framework could
beusedtoisolate the neural dynamics associated withinstructed and
uninstructed movements from dynamics related to the encoding of
choice, urgency and contextin our paradigm. We identified subspaces
that maximally capture variance in trial-averaged neural activity in
the delay and response epochs of our DR trials” (Fig. 5a and Meth-
ods). We found that dynamics within ‘delay’ and ‘response’ subspaces
were confined to the delay and response epochs, respectively, closely
resembling results observed in primates” (Fig. 5Sb—d). This outcome
is expected when trial-averaged dynamicsin different epochs occupy
subspaces that are largely orthogonal”. However, activity within
both subspaces remained highly correlated with uninstructed move-
mentsonsingle trials (Fig.5b,e,f), suggesting that movement-related
dynamics were not restricted to the ‘response’ subspace as intended.
This result follows from the observation that planning-related and
movement-related processes were not confined to distinct task epochs
in our paradigm. Uninstructed movements were expressed across all
task epochs (Figs.1,3and 4).

Subspace decomposition of single-trial neural activity
To extend this formalism to the case where movements and cognitive
processes are not strictly segregated into distinct task epochs, we

Fig. 3| Uninstructed movements are tightly linked to putative planning
dynamics. a, Choice-dependent uninstructed movements. Overlayed
trajectories fromarandomsubset of DR trials in an example session. In this
example, uninstructed movements are prominent on left, but not right, trials
during the delay epoch. b, Choice (left versus right) decoding from kinematic
features and neural population data. Lines with shaded regions depict mean
and 95% confidence intervals of bootstrapped distributions. Gray lines denote
shuffled choice labels. ¢, Top: average projection onto CD ;.. on left (red) and
right (blue) trials for the example session depicted ina. Bottom: average motion
energy for all correct left and right trials. Lines with shaded regions depict mean
and 95% confidence intervals across trials. d, Observed and video predictions

of single-trial projections of neural activity onto CD ;.. (Methods) for the same
example session as ina. Top: heatmap of observed and predicted single-trial
projections. Trials are sorted by the observed average projection magnitude in
thelate delay, with left and right trials sorted separately. Middle: trial-averaged
CDpoice Projections and predictions. Lines with shaded regions depict mean

and 95% confidence intervals across trials. Bottom: scatter plot of the average
delay epoch projection of neural data onto CD,;.. VErsus corresponding

video predictions. Dots denote single trials, and dashed line denotes linear fit.
Inset: R? values for all sessions (n = 25 sessions). Open circle denotes the example
sessionina. e, Same as cbut for CD,,,,, (different example session). Leftand right
hit trials are grouped (purple). f, Same as d but for CD,,,,. Same session as

e.g, Schematic of the randomized delay task. The delay epoch duration was

randomly selected from six values (Methods) with frequencies following an
exponential distribution. h, Differences in choice selectivity and uninstructed
movements between the randomized and fixed DR tasks. Top left: selectivity in
CD.poice Projections averaged across sessions for randomized delay (gray; n =19
sessions) and fixed delay (purple; n = 25 sessions) tasks. Solid lines with shaded
regions depict mean and 95% confidence intervals across sessions. Dashed
vertical lines indicate time of delay onset (black), go cue for the fixed delay
(purple) and/or go cue for the randomized delay (gray). Only trials with a delay
duration of 1.2 s are shown for the randomized delay task for clarity. Gray bar

at the top denotes timepoints where the slopes of the curves are significantly
different (P < 0.05, paired two-sided t-test). Bottom left: same but for motion
energy. Top right: time relative to delay onset that selectivity in CD,ic.
projections reaches 90% of its maximum value. Center line of the box denotes
the median; bottom and top lines of the box denote the 25th and 75th percentiles,
respectively; and whiskers denote the minimum and maximum data points

not considered outliers. Colored dots, individual sessions; black dots, outlier
sessions. Asterisk denotes significant difference (P < 0.05) between latencies in
randomized versus fixed delay sessions (P= 2.4 x 1072, two-sided ¢-test). Bottom
right: same but for session-averaged motion energy (P=0.01).i, Same asd for an
example session of the randomized delay task. Top: trials with delay durations of
0.35,0.65,1.2sand 1.8 s are shown. Middle and bottom: trials with delay duration
of 1.2 sonly. CV, cross-validation.
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modified this analytical approach in two ways (see Supplementary
Note 1 for amore detailed discussion). Because uninstructed move-
ments vary considerably from trial to trial, we avoided analyses of
trial-averaged data and focused on single-trial data. Second, rather
than identifying subspaces capturing variance during the delay
(when no movement is assumed) and response epochs, we instead
annotated all timepoints across a sessionin which animals were mov-
ing and all timepoints at which animals were stationary. This could

be straightforwardly achieved using a threshold on motion energy
(the magnitude of frame-by-frame changes in video). We found two
orthogonal subspaces that best explained variance during all time-
points across asession at which animals were stationary and moving
(Fig. 5h). We termed the resulting subspaces ‘movement-null’ and
‘movement-potent’ subspaces. The movement-potent subspace con-
tains dynamics associated with movement. Dynamics that are observed
in the absence of movements—those likely related to cognitive and
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overlayed trajectories of uninstructed movements across an example session
(bottom) for DR task (left) and WC task (right). b, Context decoding from
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from video in an example session. The chronological DR or WC block within
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left of each plot. d, Left: trial-averaged projection of neural data onto CDpnex
and predictions from video (dashed lines) for the example sessionillustrated in
c. Right: scatter plot of average projection of neural data onto CD .y, during
theITIversus average video prediction. Dots denote single trials; dashed line
denotes line of best fit. Inset: R? values for all sessions (n =12 sessions). Filled
circledenotes the example sessionin c. Lines with shaded regions depict mean
and 95% confidence intervals of bootstrapped distributions throughout. CV,
cross-validation.

Projection, video
prediction (a.u.)

other ‘internal’ processes—are contained within the movement-null
subspace. Activity within the two subspaces explained 72% of the
variance in single-trial neural activity (movement-null: 30 + 9.5%,
mean = s.d.; movement-potent: 42 + 8.7%; n = 25 sessions). Neural
dynamics in the movement-potent subspace were correlated with
motion energy on single trials, as might be expected (Fig. 5i,1,m).
Naively, movement-null subspace activity might be expected to be
similarly anticorrelated with motion energy because that subspaceis
constructed to capture variance during periods of animal stationarity.
This outcome was largely not observed. Rather, movement-null sub-
space activity did not display any consistent relationship with move-
ment (Fig. 5i,1,m), suggesting that these ‘internal’ dynamics were not
only prominentin the absence of movement butalso persisted during
movement, in line with the supposition that cognitive processes can
persist during movement.

Uninstructed movements were commonly observed during
the delay epoch of DR trials and were highly correlated with puta-
tive choice and urgency signals (Fig. 3c-h). To examine whether the
movement-potent subspace might inadvertently capture choice or
urgency dynamics that are correlated in time with movements, we
estimated subspaces using trials from the WC context only. Here,
the movement-potent subspace is determined in a context in which
choice and urgency signals are absent® (Fig. 2d and Extended Data
Fig. 4c), precluding the possibility that dimensions of neural activ-
ity related to choice and urgency are inadvertently assigned to the
movement-potent subspace due to their correlation with movement.
This approach yielded subspaces that were highly similar (Extended
Data Fig. 4d-f). In another control, examining movement-null and
movement-potent subspaces estimated only using data recorded
during the response epoch of both tasks, when planning and urgency

dynamics should be minimal, again yielded similar results (Extended
Data Fig. 4g-i). Finally, we estimated the movement-null subspace as
the subspace defined by the top principal components (PCs) of activ-
ity recorded during periods of stationarity and then determined the
movement-potent subspace as the top PCs of dynamics not already
capturedinthe movement-null subspace. This latter procedure, which
ishighly conservative inavoiding the spurious assignment of internal
dynamics to the movement-potent subspace, again yielded similar
results (Extended Data Fig. 4j-1 and Methods). We also confirmed
that the choice of subspace dimensionality had minimal impact on
the dynamics contained within each (Extended DataFig. 6). Thus, the
movement-potent subspace captures movement-related signals and
not simply dynamics related to internal processes that are correlated
in time with movements.

Animals may think and move simultaneously. Thus, it follows
thatinternal dynamics contained in the movement-null subspace may
be present during the response epoch. Additionally, uninstructed
movements occur during both the sample and delay epochs, and so
we should observe dynamics within the movement-potent subspace
during both task epochs. As expected, activity within movement-null
and movement-potent subspaces captured variance across epochs
(Fig. 5k; see also Supplementary Note 2). Interestingly, the propor-
tion of units with activity largely confined to the movement-potent
subspace was substantially larger than expected by chance (Fig. 5n and
Extended Data Fig. 5b; P= 6 x 10™°, n = 483 single units; Methods) and
larger than when subspaces were identified from trial-averaged data
here (Fig. 5¢) and in non-human primates®. This observation suggests
the identification of neuronal populations engaged solely in motor
processes that could not be identified without properly accounting
for uninstructed movements.
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Fig. 5| Subspace decomposition of neural activity using trial-averaged and
single-trial data. a, Schematic of the approach for estimating delay (green) and
response (pink) subspaces from trial-averaged neural data. Delay and response
subspaces are determined as the orthogonal subspaces that maximally contain
the variance of neural activity in the delay and response epochs, respectively.
Correct trials from the DR context were used to identify subspaces. b, Activity
during DR trials within each subspace for an example session. Left: motion
energy across trials. Middle: sum-squared magnitude of activity in the response
subspace. Right: sum-squared magnitude of activity in the delay subspace. Trials
aresorted by average delay epoch motion energy. ¢, Sum-squared magnitude of
activity in delay and response subspaces during DR lick-left and lick-right trials
foranexample session. Mean and s.e.m. across trials are shown. d, Normalized
(Norm.) variance explained of the neural data during DR trials by the activity in
the delay and response subspaces during the delay and response epochs. Delay
and response subspaces selectively capture activity in the delay and response
epochs, as expected. Points indicate sessions; bar height indicates the mean
across sessions; and error bars indicate s.d. across session (n = 25 sessions).

e, Variance explained (R?) of motion energy by the sum-squared magnitude of
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activity in the delay and response subspaces using single-trial DR and WC data.
Each point represents the mean across trials for a session (n = 25 sessions).

f, Cross-correlation between motion energy and activity in the delay and
response subspaces using single-trial DR and WC data. Lines indicate mean
across sessions, and shaded region represents s.e.m. across sessions (n =25
sessions). g, Subspace alignment for single units across all sessions (n = 483
single units; Methods). Values closer to 1indicate that more variance of a unit’s
activity is contained within the preparatory subspace. Chance distribution is
shown as agray line. h, Schematic of the approach for estimating movement-null
and movement-potent subspaces from single-trial data. Motion energy is used to
annotate when an animal is moving (pink) or stationary (green). These labels are
then applied to single-trial neural data. Movement-null and movement-potent
subspaces are determined as the orthogonal subspaces that maximally capture
the variance of neural activity during periods of quiescence and movement,
respectively. Trials from both DR and WC contexts were used to identify
subspaces. i-n, Same as b-fbut using the single-trial approach for estimating
movement-null and movement-potent subspaces. Norm., normalized;

Mov, movement.
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Fig. 6 | Schematic of potential relationships between internal and movement-
related dynamics. a, Internal and movement-related dynamics that are
independent and separable. Left: schematic depicting an internal process (I) and
amotor process (M) that are each governed by separate latent dynamics, L,and L,,
respectively. L, and L, evolve within the movement-null (green) and movement-
potent (pink) subspaces, respectively. Right: cartoon time series of separable,
independent latent dynamics (L, and L,) and related processes (Iand M). b, Same
asainthe case of latent dynamics that are separable but dependent.land M

may beloosely correlated in time. ¢, Same asaand bin the case of inseparable
processes governed by a single set of latent dynamics (L,).

Internaland movement-related dynamics during motor planning
The movement-potent subspace may contain at least three classes of
movement-related neural dynamics: (1) motor commands (and effer-
ence copies); (2) sensory feedback related to movements; and (3) inter-
naldynamicsthatare present exclusively during periods of movement.
Thatis, ifa particularinternal processis ‘embodied’, inthe sense thatitis
mediated by the same latent dynamics responsible for associated move-
ments and, thus, always observed in the presence of those movements,
then we would expect to find those latent dynamics wholly contained
withinthe movement-potent subspace (Fig. 6¢). Dynamics supporting
internal processes independent of movements should be contained
withinthe movement-null subspace (Fig. 6a). Between these extremes,
we expect to observe dynamics within both subspaces when a particular
internal process (with associated latent dynamics in the movement-null
subspace) biases the expression of movements (with associated latent
dynamics in the movement-potent subspace) (Fig. 6b). In that latter
case, internal processes may appear correlated with movements despite
being largely mediated by distinct latent dynamics.

To evaluate these possibilities, we examined whether putative
cognitive signals (Fig. 2) were contained within the movement-potent
and/or movement-null subspaces. Prominent choice selectivity was
contained in both subspaces. The existence of choice dynamics in
the movement-null subspace indicates an internal representation of
choice that is separable from dynamics related to the execution of
choice-related uninstructed movements (Fig. 6b). The average time-
courses of choice dynamicsin these two subspaces displayed subtle yet
notable differences, as did their expression on error trials. Selectivity
emerged quickly after stimulus presentation in the movement-null sub-
space and did not change significantly through the delay epoch (Fig. 7a;

P> 0.05, paired t-test comparing selectivity during the last 100 ms
of sample and delay epochs, n =25 sessions; Extended Data Fig. 7c),
consistent withaninternal representation driven by sensory input. On
error trials, selectivity inthe movement-null subspaceinitially followed
the sametrajectory as correct trials but decayed with stimulus offset.
In the movement-potent subspace, in contrast, selectivity increased
slowly during the sample epoch and continued to increase mono-
tonically during the delay epoch (P=3 x 1073, paired t-test comparing
selectivity during the last 100 ms of sample and delay epochs, n=25
sessions; P=1x 107, comparing delay epoch selectivity across sub-
spaces; Extended Data Fig. 7b), and no significant movement-potent
subspace selectivity emerged on error trials. These observations sug-
gest that sensory stimuliinitially drive appropriate dynamics withinthe
movement-null subspace on error trials but that choiceisnot encoded
stably and does not engage movement-potent dynamics related to
uninstructed movements.

Although the trajectories of choice dynamics were broadly simi-
lar across subspaces in trial-averaged data (Fig. 7a), the existence
of choice dynamics in both subspaces implies that they must differ
markedly onsingle trials. The onset and magnitude of activity along the
component of CD,;.. Within the movement-potent subspace tracked
trial-type-selective motion energy on a moment-by-moment basis
(Fig. 7b,c), as expected, whereas there was no consistent relation-
ship between motion energy and activity along the component of
CD_poice in the movement-null subspace. After the go cue, transient
responses accompanying movement initiation were absent from the
movement-null subspace (Extended Data Fig. 7a), further suggesting
the existence of choice dynamics that are separable from ongoing
movement dynamics. Notably, we found that many single units con-
tribute to either the movement-null or the movement-potent subspace
representations of CD .., but not both (Fig. 7d and Extended Data
Fig. 6d), providing additional evidence of dynamics that are not only
separablebutalso encoded by distinct populations of neurons (Fig. 7d).

In contrast, ramping dynamics were mostly confined to the
movement-potent subspace (Fig. 7e)—perhaps surprising given that
ramping activity has been interpreted as an internal urgency or tim-
ing signal**%, This observation remained consistent when estimating
movement-nulland movement-potent subspaces using only WCtrials or
usingonly the response epoch of WCand DRtrials (Extended DataFig. 8a),
when ramping dynamics were absent, confirming that ramping dynam-
ics were not observed in the movement-potent space because of the
mis-assignment of internal ramping dimensions to the movement-potent
subspacebecause of their correlationintime with movement. We further
searched for the existence of movement-null subspace ramping dynam-
icsby explicitly identifying the dimension within the movement-nulland
movement-potent subspaces that maximized ramping dynamics—which
couldbedifferent than the dimension that maximized ramping withinthe
fullactivity space—and again failed toidentify aprominent ramping sig-
nalinthe movement-null subspace (Extended DataFig. 8b). Therelative
paucity of ramping dynamics in the movement-null subspace suggests
that they are not readily separable from associated movements in the
ALMinour behavioral paradigm (Discussion).

Persistent movement-null subspace representation of context
Next, we examined projections of activity along CD_x in €ach sub-
space (Fig. 8a and Extended Data Fig. 9). We found robust contextual
selectivity in both subspaces, consistent with the interpretation that
the ALM contains both an internal representation of context and
activity related to context-dependent movements. The transient,
response epoch dynamics observed along CD,.,.x (Fig. 2d, far right)
were contained within the movement-potent subspace (Fig. 8a),
likely indicative of subtle context-specific differences in instructed
movements. We then compared context selectivity (the difference
in projections onto CD, gy ON DR versus WC trials) on trials with
high motion energy during the ITI (‘High move’ trials) and trials with
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Fig. 7| Subspace decomposition allows for the re-examination of population
measures of motor planning. a, Selectivity (neural projections on lick-right
trials minus lick-left trials) of movement-null (left) and movement-potent
(right) subspace activity when projected along CD;,;.. Mean and 5-95%
confidence interval of the bootstrap distribution for correct (solid) and

error (dashed) trials are shown. Horizontal bars (solid lines, correct trials;
solid lines with black dashes, incorrect trials) above plotindicate when the
selectivity trace is significantly different from zero (P < 0.05, one-sided test,
bootstrap). b, Projections along CD,;.. in the movement-potent subspace
(middle), but not the movement-null subspace (right), follow the timecourse
and magnitude of motion energy (left) on single lick-left and lick-right trials
(example session). ¢, Variance explained (R?) of motion energy by projections
along CD . in the movement-null or movement-potent subspace on single
trials. Each point is the average across all trials in a session. d, Distribution of

single unit alignment with CD;q;. (n = 483 single units; Methods). Distribution
of movement-potent tuned units (alignment < —0.8) was significantly different
than expected by chance (P=1x107"; Methods). Similarly, distribution of
movement-null tuned units (alignment > 0.8) was significantly different than
expected by chance (P=7 x10™?). Chance distribution is shown as a gray line.
e, Projection of movement-null (left) and movement-potent (right) subspace
activity along CD,,,,, on lick-left and lick-right trials. Mean and 95% confidence
interval of the bootstrap distribution for correct trials are shown. f-h, Same
asb-dfor CD,,,. h, Distribution of single unit alignment with CD,,,,, (1 =483
single units). Distribution of movement-potent tuned units (alignment < -0.8)
was significantly different than expected by chance (P= 6 x107). Similarly,
distribution of movement-null tuned units (alignment > 0.8) was significantly
different than expected by chance (P=1x107'; Methods). ME, motion energy.

little or no ITI motion energy (‘Low move’ trials). Context selectivity
within the movement-null subspace was indistinguishable in ‘High
move’ and ‘Low move’ trials. In contrast, context selectivity within
the movement-potent subspace was reduced by 72% on ‘Low move’
trials (Fig. 8b,c; full population: selectivity reduced by 0.101 + 0.092,
mean = s.d., P=0.003; movement-null: 0.026 + 0.050, P=0.095;
movement-potent: 0.098 + 0.082, P=1.6 x 1073, paired t-test; A selec-
tivity between ‘High move’” and ‘Low move’ trials in movement-null
versus movement-potent: P=9.5 x 107, paired t-test). The magnitude
and timing of the reduction in movement-potent subspace context
selectivity mirrored the reduction in motion energy on ‘Low move’
trials (Fig. 8b, bottom). Together, these observations demonstrate that
the movement-null, but not the movement-potent, subspace contains
astable representation of context that is unchanged in the presence
of both instructed and uninstructed movements. Furthermore, we
found that largely distinct populations of single neurons contribute
preferentially to the movement-nulland movement-potent represen-
tations of context (Fig. 8d). Thus, the analysis of context-dependent
dynamics without subspace decomposition would have spuriously
conflated separate latent dynamics, encoded by different populations
of neurons, likely responsible for internal representations of context
and related context-dependent movements.

Tongue kinematics encoded in the movement-potent subspace
Finally, we asked whether trial-type-selective activity after the go cue
relates to movement, according to previous suppositions®* (Extended
DataFig.10). Left-right selectivity along CD,,, €Xisted within both the

movement-null and the movement-potent subspaces (Extended Data
Fig.10a), although the magnitude of selectivity in the movement-null
subspace was substantially smallerin magnitude. Interestingly, on error
trials, activity along CD,,, flipped to resemble that of the other trial
typeinthe movement-null subspacebut flipped asymmetrically within
the movement-potent subspace. Thisasymmetry closely corresponded
toanasymmetry intongue angle, with incorrect movements directed
toless extreme angles when directed to the left, onaverage (Extended
DataFig.10b,c). The component of CD,,, Within the movement-potent
subspace also better tracked moment-to-moment changes in tongue
angle during the response epoch (Extended DataFig.10d,e; P=2x107%,
paired ¢-test between movement-nulland movement-potent variance
explained of tongue angle, n =25 sessions). The similarity between
tongue angle, a kinematic feature, and dynamics only within the
movement-potent representation of CD,.,, is notable, as our analyti-
cal approach to the identification of subspaces does not incorporate
any kinematicinformation. Action dynamics within the movement-null
subspace could relate to aninternal representation of the motor plan,
orintention of the animal, to respond to one reward port or the other.

Discussion

We aimed to understand whether the neural correlates of three cogni-
tive variables commonly examined in sensorimotor decision-making
tasks—choice, urgency and context—were separable from the neural
encoding of related uninstructed movements in the mouse ALM. We
addressed this question by adapting an analytical formalismin which
neural activity is decomposed into orthogonal subspaces—here, a

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-024-01859-1

a CDoniext—Full pop b CD ¢y pexi—Full pop
024 i i i . .
\ h h \ i i
—v-\\ ' H '
. H - 024 ' i
I I ’—l\/\/—‘;\/‘\_r;
h | H l | \
Wl | : \/——" : I =
H H H 01 i~ Aom ™ o - -, - )
1o ' ' = DR L7 Q= ]
: i : wcC ' — High move 1
h h h | s h |
06 . " : 0 . Low move | ;
CD,gntexr—Mov-null CDgonrei—Mov-null
—~ 014 ' .
5 h h h \ \ \
< +— : ! So2] ! ' '
c ! ! @ ' 1 '
S I \ h & \ H H
g o —\A‘\_\/v z : | :
@ ! ' ' 2 o4 4 ' '
g : ; i R - == :
& 10 I . 9 e N Wl R S —
h | ) o i i \
o1l 1 i ; I _ ;
CD¢ontex—Mov-potent CD¢ontext—MoVv-potent
024 ' ' . . .
| h h 1 1 1
h h h h
7%\;\ 0.2 4 1 H '
h h \ ' |
027 : Y o1 w
1 1 1 L7 1 - == N - 1
1 ! ! ) Gl :
h h h b i h
h h h 1 h h
-0.6 S Tt t T o L — d
-2 ] 2
Time from go cue, S .
9 / © Motion energy, both contexts
3 30
&
>
c )
2 15
** NS *% °C> :
0.4 4 2 — High move !
** <] ' ==.Low move '
e = 0 e . }
-2 -1 (0]
= i B High move Time from go cue/ (s)
= [] Low move d ,
z 1
S :
=1 » 0.3 4 !
3 X [
3 02 € '
@ 2 :
[ O 024 '
= c h
) o '
& £ :
— [e} 1
s 1 S 041 !
3 2 '
h

[o !
Mov-null

Full pop

Fig. 8| A persistent, cognitive representation of context in the movement-null
subspace. a, Projections along CD ... 0N DR hittrials (purple) and WC hit trials
(orange) within the full population (top), movement-null subspace (middle) or the
movement-potent subspace (bottom). Solid lines and shaded area denote the mean
projection and 95% confidence interval across sessions (n =12 sessions). Note that
transient response epoch dynamics are absent in the movement-null subspace.

b, Top three panels: selectivity in CD ., Projections (DR-WC trials) on ‘High
move’ (solid lines) or ‘Low move’ (dashed) trials. Lines denote the mean selectivity
across sessions (n =12) in the full space of neural activity (top), activity within

the movement-null subspace (second) and movement-potent subspace (third).
Bottom panel: average motion energy across sessions on ‘High move’ or ‘Low move’
trials. DR and WC trials are grouped together for each session. Shaded area, 95%
confidence interval across sessions. Yellow region denotes ITl used to define ‘High

Mov-potent

-1 (o} 1

CD alignment

context

move’ and ‘Low move’ trials. ¢, Average CD ., Selectivity during the ITI (yellow
shaded region inb) for ‘High move’ (filled bars) versus ‘Low move’ (open bars) trials.
Dots denote single sessions; bars denote mean across sessions (n =12 sessions).
Asterisks denote significant differences (**P < 0.01) in CDqx S€lEctivity (Pvalues
from left to right comparing ‘High move’ versus ‘Low move’ trials, full population:
P=0.003, movement-null: P=0.095, movement-potent: P=1.6 x 107; Aselectivity
between ‘High move’ and ‘Low move’ trials in movement-null versus movement-
potent: P=9.5x107?, paired two-sided ¢-test). d, Distribution of single unit
alignment with CD,,, (Methods). Distribution of movement-potent tuned units
(alignment <-0.8) was significantly different than expected by chance (P=2x107%;
Methods). Similarly, distribution of movement-null tuned units (alignment > 0.8)
was significantly different than expected by chance (P=9 x107°, n =84 single units).
Chancedistributionis shown asagray line. NS, not significant; pop, population.

movement-potent subspace containing dynamicsrelated to the execu-
tion of movements and acomplementary movement-null subspace con-
taining dynamics related to cognitive and other internal processes™*"*,
Extending upon this framework allowed us to consider single-trial
neural datarecordedin the presence of uninstructed movements that
canvary dramatically across trials in their timing and identity (Fig. 5).

Separability of cognitive dynamics from movement-dynamics

Using this approach, we demonstrated that the ALM contains neu-
ral dynamics related to encoding of choice and context that could
be readily separated from movements, despite both cognitive vari-
ables being strongly correlated with movements in time (Figs. 7 and
8). Choice-selective signals were present in both movement-null and
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movement-potent subspaces (Fig. 7a), consistent with the interpreta-
tionthatacognitive representation of choice within the movement-null
subspacebiasesthe probability andidentity of uninstructed movements
in a choice-selective manner. Context was stably encoded within the
movement-null subspace duringall trialepochs and the ITI (Fig. 8a—c).
Although context was strongly represented in the movement-potent
subspace as well, these dynamics were significantly reduced in the
absence of movement and were also modulated by animals’instructed
movements. These results suggest a persistent internal representa-
tion of context in the movement-null subspace in addition to distinct
movement-potent-subspace dynamics related to context-dependent
movements, again indicative of related, but separable, latent dynam-
ics (Fig. 6b).

Surprisingly, ramping dynamics proposed to underlie urgency
(or timing)*"** were principally represented in the movement-potent
subspace (Fig. 7e), indicating an absence of an internal representation
of urgency that is separable from movements in the ALM. In contrast
to these cognitive variables, encoding of kinematic features of move-
ments, whichwere not used to determine subspaces, were confined to
the movement-potent subspace (Extended DataFig. 10).

That many individual units contribute solely to one subspace
(Figs. 5n, 7d,h and 8d) suggests that the complementary subspaces
that we identified could map to distinct cell types within the underly-
ing cortical circuit***®, The suggestion thatindividual neurons appear
to code for only either internal or movement-related variables when
uninstructed movements are accounted for (Figs. 5n, 7d,h and 8d)
underscores the importance of properly considering movements in
future work focused on the roles of functionally, anatomically and/or
transcriptomically defined cell types in neural computation.

Subspace decomposition

The approachto subspace decomposition presented here represents
ameans for assessing the issue of separability and for isolating sepa-
rable dynamics into movement-related and internal components for
further analyses across a wide range of experimental preparations.
This method only requires annotation of when animals are moving
and uses arobust analytical approach that does not require fine-tuning
of parameters.

Alternative methods have been proposed to evaluate neural
dynamics associated with cognitive processes in the presence of
movement (Supplementary Note 1). The most common approach,
which assumes separability of cognitive and motor dynamics, is to
parameterize movements as fully as possible and ‘regress them out’.
However, parameterization of movement, particularly the orofacial and
postural movements that have been associated with strong, brain-wide
neural dynamics>”'®, can be challenging. Furthermore, thisapproach
typically assumes a linear relationship between neural activity and
kinematic (or electromyographic) variables—an assumption unlikely to
hold for common movements mediated by central pattern generators
and other highly nonlinear mechanisms*>*¢,

Determination of movement-null and movement-potent sub-
spaces as the orthogonal subspaces containing the most variance in
neural activity during periods of stationarity and movement is conserv-
ative in the assignment of dynamics to the movement-null subspace.
It is more likely that dynamics associated with internal processes are
mis-assigned to the movement-potent subspace than vice versa. For
example, dynamics associated with ‘embodied’ cognitive processes
that always occur during periods of movement will be represented
only in the movement-potent subspace (Fig. 6¢c). Thus, the dynam-
ics within the movement-null subspace are highly likely to indicate
signals related to internal processes. Straightforward variations of
this approach can be used to determine subspaces in a manner that
is more conservative in assigning dynamics to the movement-potent
subspace—for example, estimating subspaces from response epoch
data (‘instructed’ movements), from WC trials (where uninstructed

movements occur in the absence of choice and urgency signals) or
simply through PC decomposition of activity recorded during periods
of stationarity (Extended Data Fig. 4j-1). Nevertheless, the similarity
of results obtained using these analytical variations argue against the
possibility that cognitive dynamics were inadvertently assigned to the
movement-potent subspace here.

Despiteitsrobustness, our approach to subspace decomposition
makes several simplifying assumptions. First, movements of the poste-
rior torso, hindlimbs or tail of the animal were not routinely captured by
videography. It remains possible, albeit unlikely, that animals routinely
perform movements confined to these portions of the body without
concomitant movement of the forepaws, head, neck, face or whisk-
ers®. Periods of stationarity were no doubt algorithmically classified
imperfectly and could have contained subtle movements below our
threshold for detection. Second, we did not consider potential time lags
between motion energy captured by videography and the dynamics
associated with motor and/or sensory signals*’. However, these time
lags, onthe order of afew tens of milliseconds, should be much shorter
than the timescale of dynamics explored in this study. Third, the set of
signals related to movement and/or cognitive processes may also be
better described as occupying nonlinear manifolds rather than linear
subspaces®. Subspaces (or manifolds) could also shift dynamically
during behavior after changes in the activation of upstream or down-
stream brain regions®**' as aresult of changes in context™. Considering
this additional complexity may improve estimates of the dynamics
associated with specific neural processes.

Variable relationships between cognition and movement

The dynamics associated with some cognitive processes and move-
ments may be largely independent (Fig. 6a)—perhaps in the case of
thelocomotor patterns of anindividual walking down the street while
thinking about what they will cook for dinner. On the other hand, some
cognitive processes may be embodied, inthe sense that they are tightly
linked to externally observable changesinthe body (Fig. 6¢), suchasthe
relationship between arousal and changes in pupil diameter®. Between
these extremes may be movements that are correlated with, but medi-
ated by neural dynamics that are separable from, those supporting
cognitive and other internal processes (Fig. 6b). Regardless of their
relationship, understanding the separability of cognitive processes and
associated movements in a wide variety of experimental settings will
be essential for the interpretation of neural dynamics observed during
behavior. In particular, methods for properly interpreting cognitive sig-
nalsin the presence of related movements will be vital forincreasingly
common experimental paradigms examining freely moving animals
performing complex, naturalistic behaviors'®**",
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Methods

Animals

This study used data collected from 17 mice; both male and female
animals between 8 weeks and 11 weeks of age were used. Six animals
were used for the two-context task and were either C57BL/6) (The
Jackson Laboratory (JAX), 000664) or VGAT-ChR2-EYFP (-/-) (bred
in-house; breeders:JAX, 014548). An additional three animals, either
C57BL/6) or VGAT-ChR2-EYFP (-/-), were trained only on the DR task.
A separate cohort of four animals was used in the randomized delay
task (VGAT-ChR2-EYFP (+/-) or VGAT-ChR2-EYFP (-/-)). Finally, four
VGAT-ChR2-EYFP (+/-) animals were used in optogenetics experiments.
Mice were housedinal12-hreverse dark/light cycle room (ambient tem-
perature of 68-79 °F (20-26 °C); humidity of 30-70%) with ad libitum
access to food. Access to water was restricted during behavioral and
electrophysiology experiments (see ‘Mouse behavior’ subsection).
Sample sizes were not determined using any statistical tests.

Surgical procedures

All surgical procedures were performed in accordance with proto-
colsapproved by the Boston University Institutional Animal Care and
Use Committee. For postoperative analgesia, mice were given keto-
profen (0.1 ml of 1 mg ml™ solution) and buprenorphine (0.06 ml of
0.03 mg ml?solution) before the start of all surgical procedures. Mice
were anesthetized with 1-2% isoflurane and placed on a heating pad
inastereotaxic apparatus. Artificial tears (Akorn, sodium chloride 5%
opthalmic ointment) were applied to their eyes, and alocal anesthetic
wasinjected under the skin (bupivacaine; 0.1 ml of 5 mg ml™solution)
above the skull. The skin overlying the skull was removed to expose the
ALM (AP: +2.5 mm, ML: +1.5 mm), bregma and lambda. The periosteum
was removed and the skin was secured to the skull with cyanoacrylate
(Krazy Glue) around the margins. For electrophysiology experiments,
a headbar was implanted just posterior to bregma and secured
with superglue and dental cement (Jet). Wells to hold cortex buffer
(NaCl 125 mM, KCI 5 mM, glucose 10 mM, HEPES 10 mM, CaCl, 2 mM,
MgSO, 2 mM, pH 7.4) during electrophysiology recordings were
sculpted using dental cement, and athin layer of superglue was applied
over any exposed bone.

For optogenetics experiments, after headbar implantation,
bone overlying frontal cortex was thinned bilaterally with a dental
drill and removed, exposing the frontal cortex. A glass window was
then implanted over each hemisphere and secured to the skull with
cyanoacrylate®®. Before performing photoinactivation experiments,
any bone regrowth was removed.

Mouse behavior

After surgery, mice were allowed to recover for approximately 1 week
and then water restricted, receiving 1.0 ml of water per day. Behavio-
ral training commenced after animals had been water restricted for
3-4d.If animals received less than 1.0 ml during training, they were
supplemented with additional water.

Behavioral training was conducted using custom scripts writ-
ten for Bpod r0.5 (https://www.sanworks.io/shop/products.
php?productFamily=bpod). All mice used in experiments were first
trained on the DR task with a fixed delay epoch until they reached at
least 70% accuracy. At the beginning of each trial, one of two audi-
tory tones lasting 1.3 s was played; the tone indicating a ‘right’ trial
was white noise, and the tone indicating a ‘left’ trial was a pure tone
(8-kHz pulses). The delay epoch (0.9 s for 12 mice, 0.7 s for one mouse
and linearly time warped to 0.9 s) started after the completion of the
sample tone. After the delay epoch, an auditory go cue was played
(swept-frequency cosine (chirp), 10 ms), after which animals were
rewarded with approximately 3 pl of water for contacting the correct
lickport. Lickport contacts before the response epoch resulted in the
current task epoch restarting, ensuring that they could not progress
to the next task epoch until they had stopped licking for the specified

length of the current epoch. If the animal did not respond within3 s of
the go cue, this was considered an ‘ignore’ trial, although responses
were typically registered within 300 ms of the go cue.

Mice used for the two-context task (Figs. 1,2, 4 and 8 and Extended
DataFigs.1-3and 9) wereintroduced to the WC context after they were
fully trained on the DR context and at least 2 d before the first electro-
physiology recording session. A behavioral session began with approxi-
mately 100 DR trials and was then followed by alternating blocks of WC
and DR trials. Each interleaved block was 10-25 trials, with no fixed
block duration. All sessions started with DR trials. Pilot sessions begin-
ning with WCtrials had to be terminated early due to a high ‘ignore’rate,
likely due to the mouse becoming sated early in the session. In a WC
trial, all auditory cues were omitted, and an approximately 3-pl water
reward was presented randomly from either lickport. Trials in which
the animal contacted the lickport before the reward (‘early lick’) were
omitted from analyses. ITIs were randomly drawn from anexponential
distribution with mean 1.5 s. There were no explicit cues during the ITI
toindicate to the animal which context block it was in.

For the randomized delay task (Fig. 3g,h,i), mice were first fully
trained on the fixed delay DR task (delay duration of 0.9 s). The delay
epoch length was then randomized; the duration for each trial was
randomly selected from six possible values (0.3s,0.6s,1.25,1.85,
2.4 sand 3.6 s). The probability of each delay duration being selected
was assigned such that it resembled a probability density function of
an exponential distribution with 7= 0.9 s, as in ref. 44. Animals were
trained on this version of the task until they became experts (>70%
accuracy and <20% early lick rate).

Videography analysis

High-speed video was captured (400-Hz frame rate) from two cameras
(FLIR, Blackfly monochrome camera, BFS-U3-165S2M-CS). One provided
aside view of the mouse, and the other provided a bottom view. We
tracked the movements of specific body features using DeepLabCut*
(Figs. 1, 3 and 4). The tongue, jaw and nose were tracked using both
cameras, whereas the paws were tracked using only the bottom view.
Positionand velocity of each tracked feature was calculated fromeach
camera. The x and y position of each kinematic feature was extracted
fromthe output of DeepLabCut. Missing values were filled in with the
nearestavailable value for all features, except for the tongue. The veloc-
ity of eachfeature was then calculated as the first-order derivative of the
position vector. Tongue angle and length were found using the bottom
camera. Tongue angle was defined as the angle between the vector
pointing from the jaw to the tip of the tongue and the vector defining
the direction the mouse was facing. Tongue length was calculated as
the Euclidean distance from the jaw to the tip of the tongue.

Plots of kinematic feature overlays (Figs. le, 3a and 4a and
Extended Data Fig. 3) were generated by plotting an (r, g, b) value for
each timepoint, ¢, where the values were specified by (KinFeaturel,,
KinFeature2,, KinFeature3,). All kinematic features (speed or motion
energy) were first standardized by taking the 99th percentile across
time and trials and normalizing to this value.

Motion energy

The motion energy for agiven frame and pixel was defined as the abso-
lute value of the difference between the median value of the pixel across
the next five frames (12.5 ms) and the median value of the pixel across
the previous five frames (12.5 ms). Motion energy for each frame was
then converted to asingle value by taking the 99th percentile (700 pix-
els) of motion energy values across the frame. Motion energy calculated
inthis manner was high during overt movements over small regions of
pixel space, such as during whisking, while remaining relatively low
during passive respiration that corresponded to subtle motion across
the animal’s body. A threshold above which an animal was classed as
moving was defined on a per-session basis manually. Motion energy
distributions, per session, were bimodal, showing a large peak with
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little variance at low motion energy values and asecond, smaller peak
with high variance at large values. The threshold was set as the motion
energy value separating these two modes. We found that this method of
setting the threshold captured both short-duration and long-duration
movements. Alternative methods, such as defining a baseline period
of nomovement against which tocompare, were less successful due to
the variability in timing of the movements across trials.

Photoinactivation experiments

Optogenetic photoinactivation was deployed on approximately 30%
of trials selected at random. A ‘masking flash’ (470-mm LEDs; LUXEON
Rebel LED) controlled by an Arduino Teensy microcontroller (100-ms
pulsesat10 Hz) was delivered constantly for the duration of the session
to prevent mice from differentiating control and photoinactivation tri-
als. A488-nmlaser (Coherent, OBIS 488-nm LX 150-mW laser system)
was used for all photoinactivation experiments. ChR2-assisted photoi-
nactivation (Fig. 1b,c,g and Extended Data Fig. 1b—d) was performed
through a cranial window™® (see ‘Surgical procedures’ subsection),
whichreplaced bone over the frontal cortex. Light was delivered either
at the start of the delay epoch or at the start of the response epoch
(only one epoch tested per session). A power density of 1.5 mW mm™
was used for all photoinactivation experiments.

For delay epoch photoinactivation (Fig. 1g-i and Extended Data
Fig.1b), light was delivered at the onset of the delay epoch and lasted
for0.6 s, followed by a0.2-slinear ramp down. We targeted one of three
regions per session: bilateral motor cortex (ALM and tjM1), bilateral
ALM or bilateral tjM1. A scanning galvo system (Thorlabs, GPS011)
was used to simultaneously target both hemispheres by scanning at
40 Hz. The beam (2-mm diameter) was centered around the following
locations: ALM (AP 2.5 mm, ML 1.5 mm), tjM1 (AP 1.75 mm, ML 2.25 mm)
and motor cortex (thatis, ALM and tjM1; AP 2.25 mm, ML1.85 mm). Due
to their proximity, when specifically targeting ALM or tjM1, Kwik-Cast
(World Precision Instruments) was applied to the surrounding regions
to prevent photoinactivation of other regions. For photoinactivation
atthe go cue or water drop (Fig. 1b,c and Extended Data Fig. 1c,d), light
was delivered to the motor cortex for 0.8 s, followed by a 0.2-s ramp
down beginning at the go cue/water drop presentation.

Electrophysiology recordings
Extracellular recordings were performed in the ALM using one of two
types of silicon probes: H2 probes, which have two shanks, each with 32
channels with 25-um spacing (Cambridge Neurotech), or Neuropixels
1.0 (ref. 59), which have one shank and allow recording from 384 chan-
nels arranged in a checkerboard pattern (IMEC). For recordings with
H2 probes, the 64-channel voltage signals were multiplexed using a
Whisper recording system (Neural Circuits, LLC), recorded on a PXI-
8133 board (National Instruments) and digitized at 14 bits. The signals
were demultiplexed into 64 (for H2 probes) or 384 (for Neuropixels
1.0) voltage traces sampled at 25 kHz and stored for offline analysis.
Atleast 6 hbeforerecording, asmall craniotomy (1-1.5-mm diam-
eter) was made over the ALM (AP 2.5 mm, ML 1.5 mm). Then, 2-5record-
ings were performed on a single craniotomy on consecutive days.
After inserting the probes between 900 pm and 1,100 pm (New Scale
Technologies, MPM System), brain tissue was allowed to settle for at
least 5 minbefore starting recordings. All recordings were made using
SpikeGLX (https://github.com/billkarsh/SpikeGLX, phase3arelease).

Behavioral analysis

Behavioral datawere collected using Bpod r0.5 (https://www.sanworks.
io/shop/products.php?productFamily=bpod). All sessions used for
behavioral analysis had atleast 40 correct DR trials for each direction
(left or right) and 20 correct WC trials for each direction, excluding
early lick and ignore trials, which were omitted from all analyses. To
assess the impact of ALM photoinactivation on movement initiation,
we first calculated the percent of trials witha correct lick within 600 ms

ofthe go cue/water drop (Fig. 1c). To find the fraction of time with the
tongue visible during the photoinactivation period (Extended Data
Fig.1d), for each trial we found the number of timepoints withinthels
after the go cue/water drop where the tongue was labeled as visible by
DeepLabCut and divided that by the total number of timepoints within
the photoinactivation period. This was then averaged for all control or
photoinactivation trials for agiven session.

To assess theimpact of bilateral motor cortex/ALM/tjM1 photoin-
activation during the delay epoch, the average motion energy during
the delay epoch was calculated separately for right and left control
versus photoinactivation trials (Fig. 1h and Extended Data Fig. 1b).

Electrophysiology recording analysis

JRCLUST®° (https://github.com/JaneliaSciComp/JRCLUST, version 4.1.0)
and/or Kilosort 3 (ref. 61) (https://github.com/MouseLand/Kilosort)
withmanual curation using Phy 2 (https://github.com/cortex-lab/phy)
were used for spike sorting. A unit was considered awell-isolated single
unit based on manual inspection of its inter-spike interval (ISI) histo-
gram, separation from other units and its stationarity across the ses-
sion®, Units that passed manual curation but had a higher ISl violation
rate were called multiunits. Recording sessions were included for analy-
sisonlyifthey had at least 10 units (see Extended Data Fig. 2 for adistri-
bution of neuron counts across sessions). For the DR task, we recorded
1,651 units (483 single units) in ALM from 25 sessions using nine mice.
In12 sessions from six mice, animals performed the two-context task.
Intotal, 522 units (214 well-isolated single units) were recorded inthese
sessions. Finally, for the randomized delay task, we recorded 845 units
(288 well-isolated single units) in ALM from 19 sessions using four mice.
For subspace alignment (Figs. 5g,n, 7d,h and 8d) and single-unit selectiv-
ity analyses (Fig. 3g and Extended DataFig. 4c), only well-isolated single
unitswith firing rates exceeding 1 Hzwere included. All units with firing
rates exceeding1 Hz were included in all other analyses.

To find choice-selective neurons, 40 trials were subsampled for
bothrightand left correcttrials, and arank-sum test was used to com-
pare spike counts for each unit during the sample, delay or response
epochs. Selective units were those with significantly different spike
counts (P<0.05) during a given epoch. Context-selective units were
defined in a two-step process to ensure that we were not conflating
context selectivity with slow changes in animal engagement/motiva-
tion over each session. First, 40 trials each were subsampled for DR
and WC trials, and spike counts were compared (P < 0.05, rank-sum
test) during theITI (the 300 ms preceding the sample tone onset) when
the animal received no external cues to indicate which context it was
in. Because sessions always began with a DR block and often ended
with a WC block, it is possible that differences in firing rates across
contexts defined in this way could be representing time within the
session. To account for this, for each unit identified in the first step,
we calculated the difference in spike rate for each pair of DR and WC
blocks (for example, a session with five blocks, DR-WC-DR-WC-DR,
would have nPairs = 4 adjacent, overlapping block pairs) and included
units as context selective only if their preferred context (context witha
higher spike rate) was the same for at least nPairs — 1 of the block pairs.

Selectivity in the neural population (Extended Data Fig. 4c) was
calculated as the difference in spike rate on preferred — non-preferred
trialsin choice-selective units, with preferredtrials referring to the trial
type with a higher spike rate for each unit.

CD analysis

CDsweredefined as directionsin neural activity state space, defined by

firing rates, that maximally separated trajectories of two conditions.
CDpoice and CD,ion Were calculated as:

Xiickright — Xlickleft

\/Var(xlickright) + var(Xjicklefe)

V=
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For each unit, the mean spike rate difference between right lick
trials, Xjcirigne and left lick trials, Xjicer, Was calculated ina400-mstime
interval. Xiicirigne and Xjciere Were then individually baseline subtracted
and divided by baseline s.d. before calculating CDs (baseline: 2.4 sto
—-2.2 s relative to the go cue, during the ITI). CD,;.. Was calculated in
the last 400 ms of the delay epoch, and CD,,, was calculated in the
first400 ms oftheresponse epoch. The vector v was then obtained by
normalizing by the square root of the sum of the variances across
conditions. Finally, v was normalized by its L, norm to ensure that
projections do not scale with the length of v, the number of units
simultaneously recorded.

CD,,m, Was calculated as:

Xdelay =X

A/ var(xdelay) + Var(XITI)

v

I

V=

CD

This calculation was similar to the calculations of CD .. and
CD,on butincorporated datafromall correct DR trials during the last
400 ms of the delay epoch, X4y, and during the ITI (300 ms preceding
the sample tone onset), Xir;. X4elay and Xy were both standardized using
the baseline statistics fromall correct DR trials.

To find CDgpneexer WE first calculated a CD .o’ fOr €ach pair, p, of
DR and WC blocks in a session. If the session ended with a WC block,
that block was excluded. CD ..’ Was calculated as:

Xpr? — Xwc?

\/ var(Xppe) + var(Xycr)

Vp =

D, = —2
P A

CDoneexe Was then defined as the average over all CD gy’ in @
session. The calculation of CD_,..” was similar to the calculation of
other CDsbutincorporated data from the ITI of correct DR, Xpze, and
correct WC, Xy, trials in a given pair of blocks. Xpg» and x,,» were
standardized using the baseline statistics from all correct DR and
WCtrials.

CD,.ion Was orthogonalized to CD;.. to exclusively capture
response epoch selectivity that emerges after the go cue. CD,,p,
was orthogonalized to CD,,, and CD.ic. t0o remove selectivity
that may emerge during the response epoch that is also captured in
CD,ion- Orthogonalization was performed using the Gram-Schmidt
process.

Projections of the population activity, x € RE**N along the CD
were calculated as:

proj = cD’ x x

where B is the number of time bins; K is the number of trials; Nis the
number of neurons; and Tis the transpose operator.

For the randomized delay task, trials with non-1.2-s delay lengths
were used to calculate CD ;. (fit trials), always using the last 600 ms
of the delay epoch as the time interval for calculation**. Population
activity from trials with 1.2-s delays (test trials) was then projected
along the CD,;.. (Fig. 3h, top left, and Fig. 3i, middle). For visualiza-
tion purposes, trials with all delay lengths (including fit trials) were
projected along CD.,;.. in Fig. 3i, top.

Reliability of choice decoding from CD,;c.

Areceiver operating curve (ROC)-AUC analysis was performed to esti-
mate the reliability of choice decoding from projections along CDg;ce
onasingle-session basis (Extended Data Fig. 2c). For each session, equal
numbers of correctleft and right lick trials were splitinto atraining set
(70%) and a testing set (30%). CD,0ic Was calculated from the activ-
ity of the neural population using training trials as described above.
Activity fromtesting trials was projected along CD,.;.. and provided as
inputtoalogistic regression model (fitglm() in MATLAB with distribu-
tion = ‘Binomial’ and link = ‘logit’). The model was optimized to predict
the animal’s choice on a particular trial from the delay epoch CD,;c.
activity. The model output was then passed into MATLAB’s perfcurve()
functionto obtainan ROC. Reliability of decoding was measured as the
areaunder the ROC (AUC), shownintheinset of Extended DataFig. 2c.

Choice and context decoding from neural population or
kinematic features

We trained logistic regression models to predict either animal choice
(Fig.3b) or behavioral context (Fig. 4b) from either kinematic features
or single-trial neural activity. The kinematic regressors were made up
ofthexandy positions and velocities of DeepLabCut-tracked features
(tongue, jaw and nose) as well as the tongue length, angle and motion
energy. The neuralregressors were the firing rates of the units simulta-
neously recorded within each session. Equal numbers of correctleftand
rightlick trials were used for this analysis. A separate model was trained
ateachtimebinfor both neural and kinematic decoding. Models were
trained with ridge regularization and four-fold cross-validation with
30% of trials held out for testing. Chance accuracy was obtained by
shuffling choice/context labels across trials. Accuracy of the predic-
tionwas defined as:

Number of correct predictions

Accuracy =
y Total number of predictions

Emergence of CD,;.. Selectivity and motion energy in
randomized versus fixed delay tasks

To find selectivity within the CD,;.. projection (Fig. 3h, top left),
we found the difference between the trial-averaged projection on
right and left trials for each session. We then found the maximum
selectivity value before the go cue and identified the first timepoint,
relative to delay onset, for the selectivity trace to exceed 90% of the
maximum value (Fig. 3h, top right). The same metric was found using
session-averaged motion energy in Fig. 3h, bottom panels.

Predicting projections along CDs from kinematic features

We trained support vector machines (SVMs) to predict projections
along CDpoices CD ymp @aNd CD g eexe- CoOrrect DR trials were used for pre-
dicting CD¢pic and CD,,, projections; correct DR and WC trials were
used for predicting CD, ey FOr predicting CD ., exe the regressors were
made up of thexandy positions and velocities of DeepLabCut-tracked
features (multiple points on the tongue, jaw and nose taken from two
cameraangles) as well as the tongue length, angle and motion energy
(totaling 60 regressors). Only the sample and delay epoch were con-
sidered when predicting CD ;e and CD,,,, projections; because of
this, any tongue-related metrics were not included as regressors in
these analyses (totaling 55 regressors). Projections and kinematic
features were first mean centered and scaled to unit variance before
input to the regression model. The previous B time bins of kinematic
datawereusedto predict the current bin’s neural data (B = 6; each bin
is 5ms). Models were trained with ridge regularization and four-fold
cross-validation. The models were tested on held-out testing data (40%
of trials for CD ;e and CD,,p,; tested on 30% of trials for CD gnex:)-
To assess the prediction quality between projections and model
predictions, we calculated the variance explained as:
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RP=1— 2 (e _j}[)z

-y
wherey,is the value of the projection at time ¢; y,is the prediction; and
yis the mean of the projection across all time.

When predicting projections along CD,;. during the randomized
delay task, unregularized models were used (Fig. 3h). This was due to
the small numbers of trials for each delay length, which precluded the
partitioning of data into three separate sets (training, validation and
testing trials). Instead, models were trained with linear regression
and four-fold cross-validation and tested on held-out data from each
cross-validation fold. For assessing prediction quality between projec-
tions and model predictions, trials with 1.2-s delay epochs were used.

To understand which groups of kinematic features were most
informative for predicting projections along CD_gice OF CDgneext
(Extended Data Fig. 3), the absolute value of the beta coefficients for
each kinematic regressor in the trained model was first obtained. For
each feature group (jaw, nose and motion energy), the average beta
coefficient across all regressors belonging to this kinematic feature
group (8xB forjaw, 6xB for nose and 1xB for motion energy; for exam-
ple, thexandypositions and velocities for one point on the jaw on each
cameratotals eight jaw regressors for each time bin, B) was calculated.
Theaverage beta coefficient for each feature group was then expressed
asafraction of the total of all beta coefficients.

Estimating dimensionality of neural data

The dimensionality of neural data (Extended Data Fig. 6a) was esti-
mated using Parallel Analysis®***. Null distributions were created for
each eigenvalue by shuffling the time bins separately for each column
of a matrix X € R8*¥, where B is the number of time bins, and N is the
number of units. The remaining covariance structure is then due to
chance. We repeated this procedure 1,000 times to generate a null
distribution for each eigenvalue. The number of eigenvalues of the
unshuffled datathat exceed the 95th percentile of the null distribution
was used as an upper bound estimate of dimensionality.

Subspace identification (trial-averaged data)

Delay and response subspaces were identified following the general
approach described in ref. 27. For identifying subspaces using
trial-averaged data (Fig. 5a), neural activity was first trial averaged
separately for correct left and right trials. Activity across trial types
was then concatenated, to produce amatrix X € R&xOxN, where Bis the
number of time bins; Cis the number of trial types; and Nis the number
of units. Trial-averaged neural activity was soft normalized (normaliza-
tion factor = 5) as described in ref. 27 and subsequently baseline sub-
tracted (baseline: 2.4 s to —2.2 s before go cue, during the ITI). The
matrix, X, was further divided into two matrices, Xyeioy aNd Xiesponse- Xelay
contained activity from [-1, O] seconds relative to the go cue, and
Xresponse CONtained activity from [0,1] seconds relative to the go cue.
Delay and response subspaces were then identified by solving the
following optimization problem:

1 71l (QLTM;ly Cdelay Qdelay)

ddelay

[Qdelay’Qresponse] = argmax[Qde]ay "
i=1 Udclay(')

Qresponse] 2

.

" T Qlesponse Cresponse Qresponse)
dresponse -

2yl e

subject to Qgeheresponse =0, Qge]adeelay =1

T —
QresponseQresponse =1

where Cyejoy aNd Cegponse are the covariances of X,y and Xresponses Odelay
and Gyesponse are the singular values of Cye,y and Cegponse; and dye,y and
d,esponse are the dimensionality of the subspaces. This optimization
problem jointly identifies the subspaces that maximally contain the

variance in neural activity during the delay and response epochs. The
dimensionality of each space was chosen to be half the number of
simultaneously recorded neurons or 20, whichever was smaller. There-
fore, the dimensionality of the full population was equal to the dimen-
sionality of the delay or response subspaces for sessions containing
40 or fewer neurons. Optimization was performed using the Manopt®
toolbox for MATLAB.

Subspace identification (single-trial data)

For identifying subspaces using single-trial data (Fig. 5h), single-trial
neural activity was first binned in 5-ms intervals and smoothed with a
causal Gaussian kernel with a half width of 35 ms. Each trial’s activity
was subtracted by the average baseline activity across trials and scaled
by thes.d.across trials (baseline: 2.4 s to -2.2 s before go cue, during
the ITD). Xioving € REXN and X yeionary € RPN were defined using the
single-trial neural activity when the animal was moving or stationary
(see ‘Motion energy’ subsection), respectively. B, is the number of time
bins during which the animal was annotated as stationary, and B, is the
number of timepoints annotated as moving. All correct and error trials
from DR and WC contexts were used unless specified otherwise. Once
the data were partitioned into moving and stationary timepoints,
subspace identification was carried out as described for trial-averaged
datain the preceding paragraph:

1 Tr(Q] - Cstationary Qmov=nui)

s -pot | = argmax -
[Qmov null> Qmov pOt] g [Qmov-nutt:Qmov-pot] 2 Z:!:;DV-M”Js(a(ionary(i)

.
41 TH(Q, - pox Crmoving Qmov-pot )

5 dmov' ot -
2 Yim B Omoving ({)

subjectto Q7 Qmov-por = O,

;Ov.nuuamov-null =1, leov-potQmov-pot =1
We quantified the normalized variance explained in a subspace

asinrefs.27,66 (Fig. 5d,k):

r(Q7CQ)
PO

norm VE =
where Q is the subspace; Cis the covariance of neural activity; and o
arethesingular values of C. This normalization provides the maximum
variance that can be captured by d dimensions.
Unit activity was reconstructed from movement-null and
movement-potent subspaces according to the following equation:

— T
Xsubspace = XQ

Xrecon = subspaceQ

where X,..,, is the reconstructed neural activity; Xgpspace iS the pro-
jected neural activity within the movement-null or movement-potent
subspace; Xis either single-trial or trial-averaged firing rates; and Qis
either the movement-null or movement-potent subspace.
Bootstrapped distributions of CDs within the movement-nulland
movement-potent subspaces were obtained through two separate
methods. For Fig. 7 and Extended Data Fig. 7a,c, we first estimated
movement-null and movement-potent subspaces per session and
reconstructed neural activity fromeach subspace. Then, we performed
the hierarchical bootstrapping procedure as described in the ‘Hier-
archical bootstrapping’ subsection. For each iteration, we used the
original neural activity to estimate the CDs and then projected the
reconstructed neural activity onto the CDs. For Extended Data Fig. 5b,
for each bootstrap iteration, the reconstructed neural activity itself
was used to estimate the CDs. Activity within each subspace was then
projected along the respective CDs. For Fig. 7b,f, CDs were directly
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identified from the reconstructed neural activity, X;.o, for the indi-
vidual example sessions.

Subspace and CD alignment for anindividual unit was calculated
as:

VEmov-nu]I - VEmov-pot

A=
VEmov-nu]l + VEmov-pm

where VE is the variance explained of each individual unit by the
movement-null or movement-potent subspace or by the activity along
a CD within the movement-null or movement-potent subspace. VE for
asingle unit was calculated as:

o2
VE=1— X — %)

Y06 —%)

where x, is the trial-averaged firing rate; x is the trial-averaged firing
ratereconstructed from either asubspace or CD; and tis the time bin.

Unit activity was reconstructed from movement-null and
movement-potent CD components according to the following
equation:

Xep =X xCD"

Xrecon = Xcp X CD

where X,...n is the reconstructed neural activity; X.p is the projected
neural activity within the movement-null or movement-potent CD com-
ponents; Xis single-trial firing rates; and CD is either the movement-null
or movement-potent CD.

Toaskifthe number of single units observed to be aligned to either
the movement-null or movement-potent subspace was different than
expected by chance, we compared the distributions to those obtained
fromrandomly sampled subspaces or CDs using a procedure similar to
the onedescribedinref. 27. Each element comprising asubspace or CD
wasrandomly sampled from anormal distribution with zero mean and
unit variance but was biased by the covariance structure of the neural
activity for a given session. Biasing the randomly sampled subspaces
by the covariances controls for the unbalanced variance between
stationary and moving timepoints (or between delay and response
epochs). Thatis tosay that the shuffled distributions take into account
therelative amount of movement tuning across the neural population.
The dimension for each random subspace on each iteration was ran-
domly sampled uniformly from the dimensions of the movement-null
and movement-potent subspaces across sessions. The dimension for
eachrandom CD was always 1.

We sampled random subspaces or CDS, Voy.0un 8Nd Vingy.pors S
follows:

Vmov-null = 0|’t|‘l<

Umov-null \ Smov-nullv )
HUmov-nuI] \4 Smov-nullvl |2

Umov-pot\/ Smov-potv
HUmov-pot\/ smov-potvll2

whereUand S are the left and right singular vectors of their associated
covariance matrices, Cygarionary aNd Crpoving: and v is a matrix, or vector
in the case of CDs, whose elements are independently drawn from a
normal distribution with zero mean and unit variance. As described
above, covariance matrices Cyyionary aNd Crroving are defined by neural
activity during stationary and movement timepoints for single-trial
data. orth(4) computes the orthonormal basis of a matrix A. Neural

Vmov-pot = orth

activity from each session was projected along the randomly sampled
subspaces, and alignmentindices were calculated. This procedure was
repeated 1,000 times to generate null distributions, which represents
the alignment indices of our data with random subspaces (Extended
DataFig.5). Togenerate Pvalues associated with Figs. 5n, 7d,hand 8d,
oneachiteration, we computed the proportion of strongly tuned units
(alignment > 0.8 and alignment < -0.8). This provided two distribu-
tions, one for alignment > 0.8 and another for alignment < -0.8. These
chance distributions were separately fit with Gaussian distributions
using the fitgmdist() function in MATLAB. Then, P values were com-
puted as the probability of observing the proportion of tuned units
that we observed in the data from the fitted distributions.

Subspaces wereidentified using datafrom DRand WC correctand
error trials (Figs. 5, 7 and 8). Control analyses were performed using
separate sets of trials to assess if the movement-potent subspace errone-
ously contained movement-null-subspace dynamics. First, we estimated
subspaces using WC trials only (Extended Data Figs. 4 and 8). Second,
we estimated subspaces using DR and WC trials, but we restricted
timepoints used to those in the response epoch only (Extended Data
Figs.4 and 8). Both controls allowed us to estimate movement-nulland
movement-potent subspaces in the presence of uninstructed move-
ments but in the absence of planning dynamics. These controls thus
allowed us to measure the degree to which the movement-potent sub-
space erroneously captured movement-null dynamics.

In a further attempt to validate that the movement-potent sub-
space is not inadvertently capturing movement-correlated inter-
nal dynamics, we identified movement-null and movement-potent
subspaces using a two-stage principal component analysis (PCA)
approach (Extended Data Fig. 4). The movement-null subspace was
first identified as the dominant PCs (first five PCs) of the single-trial
firing rates when mice are not moving. Second, the activity within the
movement-null subspace was removed from single-trial firing rates.
Then, the movement-potent subspace was calculated as the first five
PCs of the single-trial residuals:

Xmov‘null = XQT

mov-null

Xrecon,mov-null = Xmov-nu[IQmov-nulI
Qmov-pot = PCA(X_ Xrecon,mov-null)

— T
XlTlOV'POI - XQmov‘pot

X e REx)XNjs the single-trial firing rates where Bis the number of
timepoints; K is the number of trials; and N is the number of units.
Qunovnui iS the first five PCs of the single-trial firing rates when animals
arestationary, and X,y iS the projection along those PCs. X econ mov-nutt
is the reconstructed neural activity obtained from the multiplication
of activity within the movement-null subspace, X,,o\.nun,» and the
movement-null subspace, Q,o,.nui- PCA(Z) indicates computing the PCs
of the matrix Z. Qqov-pot is the first five PCs of the single-trial residuals
obtained from subtracting X,,o,...: from the single-trial firing rates, X.
Finally, X;,,0,.p0: is Obtained from projecting single-trial firing rates onto
Qnov-pot- Xreconmov-nuil CONtAINs activity thatis explainable by the first five
PCsinthe absence of movement, and, therefore, the residuals contain
movement-related neural dynamics. Thus, performing PCA on these
residuals provides amovement-potent subspace thatis orthogonal to
the movement-null subspace. This approach ensures that dynamics
observed during stationarity are contained within the movement-null
subspace before assigning any dynamics to the movement-potent
subspace. Therefore, it is more conservative in avoiding the
mis-assignment of movement-correlated internal dynamics to the
movement-potent subspace.
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CD o neexe S€lectivity on ‘High move’ and ‘Low move’ trials
Foreach session, DR and WC trials were first separated into ‘High move’
and ‘Low move’ trials. ‘High move’ trials were those where the average
motionenergy inthe ITIwas greater than the movement threshold for
thatsession (see ‘Motion energy’ subsection). ‘Low move’ trials were the
remainingtrials. The last 40 trials in each session were excluded from
analysis to account for the decrease in uninstructed movements that
are observed toward the end of behavioral sessions as animals become
sated and disengaged. CD .. Was calculated from the full population
or fromneural activity reconstructed fromeither subspace. Population
activity from ‘High-move’” and ‘Low-move’ trials was then projected
along CD.qexc- Selectivity was defined as the trial-averaged projection
along CD,pexc ON DR trials minus the projection along CD g peexc 0N WC
trials (Fig. 8b,c).

Hierarchical bootstrapping

Projections along CDs were obtained viaa hierarchical bootstrapping
procedure®® (Figs.2 and 7 and Extended Data Figs. 7, 8 and 10). Pseu-
dopopulations were constructed by randomly sampling with replace-
ment M mice, two sessions per sampled mouse, 50 correct trials of each
type, 20 error trials of each type and 20 neurons. M is the number of
miceinthe original cohort. Bootstrapping was repeated for 1,000 itera-
tions. In each iteration, data derived from some individual mice (and
sessions, trials and neurons) willbe overrepresented, and some will be
omitted. Average effects driven by small subsets of animals, sessions,
trials and/or units will be accompanied by large confidence intervals.
For all results obtained through this bootstrapping procedure, mean
and 95% confidenceintervals (shaded area) of the bootstrap distribu-
tionare shown, except for selectivity (Fig. 7aand Extended DataFig. 7a),
where 5-95% confidence intervals are shown to indicate where projec-
tions significantly differ fromzero (P < 0.05, one-sided test, bootstrap).

Statistics and reproducibility

No statistical methods were used to predetermine sample sizes. All
t-tests were two-sided unless stated otherwise. Allanimals from which
electrophysiology and/or behavior data were collected were included
inthe study. Trial type and optogenetic perturbations were randomly
determined by a computer program during electrophysiology and
behavioral data collection. Experimenters were blinded to trial type
during all data collection and spike sorting. Experimenters were not
blinded to group allocation during data analysis.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Thedatadescribed in this study are available on Zenodo at https://doi.
org/10.5281/zenodo0.13941414 (ref. 69).

Code availability

MATLAB and Python code for subspace identification is available at
https://github.com/economolab/subspacelD. Custom MATLAB code
used for analyses is available on Zenodo at https://doi.org/10.5281/
zenodo.13941414 (ref. 69).
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Extended Data Fig. 1| See next page for caption.
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Extended Data Fig. 1| Region-specific photoinactivation of ALM and tjM1.

a. Percentage of time spent moving (see Methods) in a session determined

by video recordings using the side view, bottom view, and both views. Points
indicate each of the 12 randomly selected sessions used for this analysis. Error
bars denote standard deviation across sessions (n =12). b. Effect of delay epoch
photoinactivation on behavioral performance (middle column) and uninstructed
movements (right column) when photoinactivation was directed to the MC

(ALM +tjM1; top row; same data as Fig. 1g-i n =14 sessions, 2 mice), the ALM
(middle row, n=15sessions, 2 mice), and the tjM1 (bottom, n = 9 sessions, 2 mice).
Photoinactivation of ALM and tjM1led to similar behavioral impairment and
reduction in uninstructed movements, with larger effects observed with MC
(ALM +tjM1) photoinactivation. c. Tongue length during control and go cue/
water drop photoinactivation trials for delayed-response (left) and water-cued
(right) contexts. Blue traces indicate right lickport contacts, red traces indicate

left contacts, and black traces indicate no contact. Vertical dashed lineindicates
go cue or water drop onset. Blue shaded region indicates photoinactivation
period. d. Percentage of time with tongue visible during photoinactivation
period for DR trials (left) and WC trials (right). Each colored pointindicates
mean value for an animal (n = 4 animals), individual animals are connected by
black lines. Light gray lines denote individual sessions (n =10 sessions). Bars are
the mean across all sessions. Asterisks denote significant differences (p < 0.05)
between control and photoinactivation trials (Percent reduction on all DR
trials:19 + 7%, mean = s.d., p =1.6e-05; DR left trials: 20 + 8%, p = 3.0e-05; DR
right trials: 20 £ 7%, p = 1.6e-05; All WC trials: 4 + 8%, p = 0.154; WC left trials: 1%
+9%, p=0.702; WC right trials: 7% + 5%, p = 0.002; paired two-sided t-test, n =10
sessions). Error bars indicate standard deviation across sessions. In WC trials,
tongue protrusion was only significantly impaired on one trial type, while ability
to successfully contact the lickport was impaired in all conditions (see Fig. 1c).
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Extended Data Fig. 2 | Session-by-session statistics. a. Number of recorded
single- and multi-units per session for the fixed delay task (left) or the
randomized delay task (right). Left, Purple shaded region indicates sessions
inwhich animals were only presented with DR trials. Green and blue bars
underneath plots indicate the probe type used for agiven session. b. Variance
explained of trial-averaged neural activity by each coding direction. The coding
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directions were calculated using neural activity from individual sessions (n = 25).
Bar height represents the mean across sessions and error bars indicate standard
deviation across sessions. c. Receiver operating curves (ROC) demonstrating
choice decoding accuracy from delay epoch CD ;.. projections across all
individual sessions (see Methods). Inset: area under the ROC curve (AUC). Bar
height represents the mean across sessions and points indicate sessions.
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Top, overlayed jaw/nose speed or motion energy for a subset trials. Bottom, two
example trials of kinematic feature trajectories. c. Same as (b) but for an example
session where jaw and nose features made up a larger fraction of regression
weights. d. Same as (a) but for predicting CD,ynex Projections. e, f. Same as (b)
and (c) but for two example sessions with different regression weight fractions
for predicting CD neex Projections.

up the largest fraction of regression weights for predicting CD,;cc Projections.
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Extended DataFig. 4 | Control analyses for subspace decomposition.

a, b. Movement-null and movement-potent subspaces estimated as in Fig. 5g-1
using DR and WC trials. a. Variance explained (R?) of motion energy by the sum
squared magnitude of activity in the movement-null and movement-potent
subspaces onsingle trials. Each point is the mean across trials for a session.

b. Left, motion energy onsingle trials for an example session. Middle, sum-squared
magnitude of activity in the movement-potent subspace. Right, sum-squared
magnitude of activity in the movement-null subspace. Trials sorted by average
delay epoch motion energy. c. Selectivity (left vs. right) of the neural population
during WC trials. Mean and 95% Cl across sessions shown. d, e. Same as (a,b) but
estimating movement-null and movement-potent subspaces using WC trials
only. f. Normalized magnitude of activity in the movement-null subspace (left)
movement-potent subspace (right) when estimated using DRand WC trials asin
(a,b), versus when estimated using WC trials only asin (d,e). Circles are average
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activity per trial for an example session. g, h. Same as (a,b), but estimating
movement-null and movement-potent subspaces using datarestricted to the
response epoch of DR and WC trials. i. Magnitude of activity in the movement-
null subspace (left) or movement-potent subspace (right) when estimated using
DRand WC trials asin (a,b) versus when estimated using data from only the
response epoch of DRand WC trials asin (g,h). Circles are average activity per
trial for an example session. j, k. Same as (a,b), but estimating the movement-
nulland movement-potent subspaces using a two-stage PCA approach (see
Methods). This approach is conservative in avoiding the mis-assignment of
cognitive dynamics that correlate in time with movement to the movement-
potent subspace. . Magnitude of activity in the movement-null subspace (left) or
movement-potent subspace (right) when estimated using DR and WC trials as in
(a,b) versus when estimated using the two-stage PCA approach asin (j,k). Circles
are average activity per trial for an example session.
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Extended DataFig. 5| Alignment of single-units to random subspaces.
Random subspaces were constructed by independently and identically drawing
fromanormal distribution with zero mean and unit variance. Each random
subspace was then biased towards the covariance structure of the actual data
(see Methods). a. Null distributions of alignment indices for trial-averaged data.
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b. Null distributions of alignment indices for single-trial data. Null alignment
distributions are skewed towards the movement-potent subspace due to

the unbalanced variance between delay and response epochs (a) or between
stationary and movement time points (b), reflecting the strong movement tuning
of many units.
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Extended Data Fig. 6 | Varying dimensionality of subspaces. Analyses were
repeated while varying the dimensionality of movement-null and movement-
potent subspaces. Each subspace was constrained to be 4 (left), 6 (middle

left), 8 (middle right), or 13 dimensions (right). a. Upper bound estimate of
dimensionality for trial-averaged (PSTH) data and single-trial data. Bar heights
indicate mean across sessions, points indicate sessions, and error bars indicate
standard deviation across sessions (n = 25 sessions). b. Cumulative variance

explained of the neural activity by the activity in movement-null and movement-

potent subspaces. Bold lines and points indicate mean across sessions. Thin

lines represent single sessions c. Normalized variance explained of neural
activity during the delay or response epoch by the activity in movement-null and
movement-potent subspaces. Points indicate sessions, bar height indicates mean
across sessions, and error bars indicate standard deviation across sessions (n =25
sessions). d-f. Subspace (d), CDicc (€), and CD,,, (f) alignment distributions
when varying dimensionalities of each subspace.
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Extended Data Fig. 7 | Projections along movement-null and movement-potent
components of CD ;... 2. Same data as in Fig. 7a except all time in trial shown

to highlight activity during the response epoch. Selectivity (projections onto
CDpoice ON lick-right trials minus projections on lick-left trials) of movement-

null (left) and movement-potent (right) subspace activity. Mean and 5-95% CI

of the bootstrap distribution for correct (solid) and error (dashed) trials shown.

b. Change in selectivity between the last 100 ms of the delay epoch and the last

100 ms of the sample epoch in movement-null and movement-potent components

of projections along CD ;.. (Movement-potent: 2.25 + 1.57, mean + s.d., Movement-
null: 0.76 + 0.8, p =1x107%, paired two-sided t-test, n = 25 sessions). Points indicate
individual sessions, bar height indicates mean across sessions, and error bars
indicate standard deviation across sessions. c. Three example sessions from three
different mice depicting selectivity along CD ;.. as in Fig. 7a. Solid lines denote the
mean projection on correct trials and dashed lines denote the mean projection on
error trials.
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Laboratory animals This study used data collected from 17 mice; both male and female animals between 8 and 11 weeks were used. Six animals were
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room (ambient temperature of 68-79° F (20-26° C); humidity of 30-70%) with ad libitum access to food. Access to water was
restricted during behavioral and electrophysiology experiments.
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Ethics oversight All performed surgical procedures were in accordance with protocols approved by Boston University Institutional Animal Care and
Use Committee.
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