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Brain activity controls adaptive behavior but also drives unintentional
incidental movements. Such movements could potentially be used to

read outinternal cognitive variables that are also neurally computed.
Establishing this would require ruling out that incidental movements reflect
cognition merely because they are coupled with task-related responses
through the biomechanics of the body. Here we addressed thisissueina
foraging task for mice, where multiple decision variables are simultaneously
encoded evenif, at any given time, only one of themis used. We found that
characteristic features of the face simultaneously encode not only the
currently used decision variables but also independent and unexpressed
ones, and we show that these features partially originate from neural activity
inthe secondary motor cortex. Our results suggest that facial movements
reflect ongoing computations above and beyond those related to task
demands and demonstrate the ability of noninvasive monitoring to expose
otherwise latent cognitive states.

Thebrainis tasked with controlling the body through extensive nerve
pathways that activate muscles. Patterns of motor activity are informed
by brain computations that depend on both the current states of the
environment and the organism, as well as the organism’s past experi-
ence. In attempting to unravel the mechanisms of behavior, it is com-
mon to assume that movements are adaptive output meant to act
upon the world to reach desired goals. However, this premise has an
important caveat. It is long known that the body expresses a variety
of movements that are neither intentional nor obviously adaptive.
Rather, they can be seen as an unintentional and/or unconscious ‘leak-
age’ of brainactivity into the body. Theimportance of ‘incidental’ facial
expressions and ‘body language’ has long been highlighted in popular
psychology. Forinstance, video of the face canbe used to detect alarge
array of nuanced emotional expressions’, and incidental features of
mobile phone interaction can be used to diagnose psychiatric condi-
tions®. Although these kinds of studies clearly attest to the potential

information latentinbodily expressions, concomitant measurements
ofneural variables are requisite to better understand how bodily expres-
sions reveal internal cognitive processes.

Leakage of cognitive operations into the body was documented in
studies showing that posture reflects the contents of working memory
inrats** as well as in experiments showing that reflex gains in thearm
reflect accumulated evidence during perceptual decision-making in
humans’. In these examples, the influence of cognitive variables on
observablebehaviorisrelated tothe actionbeing used to execute the
taskathand. However, not allinternal states are directly related to task
execution and may serve various other purposes®®. Distinct multidi-
mensional facial expressions can be evoked by salient, behaviorally
relevant stimuli in mice’. Similarly, pupil diameter is linked not only
tochangesinluminance, directly relevant for seeing, but also to more
abstract cognitive variables related to arousal and uncertainty, even
when they have no direct relationship to perception'®™ Inline with this,
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inmice, even neutral sounds of different spectral or temporal content
evoke stimulus-specific facial movements™*,

Tomakethe best case for the link betweeninternal state and bodily
expressions, rich behavioral observations using high-resolution video
recordings during task execution can be combined with large-scale
neural recordings, as pioneered by recent work in mice and nonhuman
primates” 2. These studies have shown that incidental movements
canaccountforalargerfraction of the variance of neural activity than
task-related movements (butsee ref.20) and are informative about the
internal state of engagement (see also refs. 22,23) and that the extent
to whichincidental movements shape neural activity depends on the
brainarea'®®,

Experiments of this sort, conducted in atask together with neural
recordings, can reveal precise relationships between computational
variables and both neural and bodily expressions. However, they face
acritical challenge:itis difficult to rule out thatincidental movements
become meaningful, that is, associated with specific cognitive vari-
ables, simply because physical constraints of the body link them to
other movements that are necessary to report these variables in the
first place'®. To address whether incidental movements are only linked
to ongoing computations in this ‘trivial’ manner, it would be neces-
sary to have a way of defining meaning independently of the current
behavioral strategy used to solve the task. Recently, Cazettes et al.**
showed that during the performance of aforaging task, an entire family
of different foraging-related decision variables can be decoded from
the braininasustained fashion throughout abehavioral session. This
family of decision variables is a collection of complex and dynamic
internal state markers computed by applying different algorithms
to information being accumulated over relatively long time scales
(several seconds). During task performance, one of these decision
variables primarily manifests itself in the mouse’s foraging choices.
The rest of the variables in the family, which are equally complex,
are computed neurally and are decodable throughout, but are not
expressed in the task performance of the mouse at that particular
time. Instead, they may be expressed at other times during the ses-
sion. This provides an ideal situation to ask whether meaningful but
currently task-unrelated internal states (decision variables) can be
expressed incidentally in the face or body. If existing, this relation-
ship between cognitive variables and movement would, by defini-
tion, avoid being trivially explainable through the demands of the
taskreport.

Here, we monitored the facial movements of mice while simul-
taneously recording or manipulating the activity of large ensembles
of neurons in frontal cortical regions during the foraging task of
Cazettesetal.”. This task requires the integration of streams of binary
outcomes (rewarded and unrewarded licks fromaspout, representing
successful and unsuccessful foraging attempts) to decide whether
to stay or leave a foraging site. Multiple strategies, each associated
with distinct and quantifiable decision variables, can be used to
process the outcome sequence. Use of this task allowed us to directly
compare the ability of facial expressions to that of large-scale neural
recordings to reveal computationally well-defined but task-irrelevant
internal state variables. We found that diverse decision variables with
varying dynamics (even currently unused ones) could be linearly
decoded from facial movements with a similar accuracy as neural
recordings. Each decision variable correlated with characteristic
facial features consistently across mice, suggesting a stereotyped
link between decision variables and facial expressions. Through
correlational (recording) and causal (optogenetics) experiments,
we demonstrated that the facial expressions reflecting the decision
variables partially stemmed from neural activity in the secondary
motor cortex (M2). Theseresultsillustrate approaches for decoding
seemingly meaningless facial expressions to infer meaningful neural
states, demonstrating the potential of noninvasive monitoring to
reveal otherwise hidden cognitive activity.

Results

Multiple decision variables to time foraging decisions

We analyzed datafromaprobabilistic foraging task in which mice could
navigate between two virtual resource sites and collect drops of sugary
water by freely licking at a port (Fig. 1a and Methods and see Cazettes
etal.” for details on the behavioral approach). By design, only one of
theresource sites delivered rewards at any given time. A hidden state
determined which of two sites provided rewards with a fixed probability
(0.9) after alick. The hidden state also had a fixed probability (0.3) of
transitioning from rewarding to depleted after each lick, but never
the other way around. Once a specific resource site was depleted, the
only way to receive reward again was to reach the other resource site.
The presence of the state transition thus required the animal to decide
after every lick whether to stay at or to leave the current resource site.

Asdescribed in detail in Vertechi et al.”> and in Cazettes et al.>*, mice
could decide to leave a foraging site based on multiple decision vari-
ablesthat relied on different combinations of observable events (that
is, rewarded and failed foraging attempts; Fig. 1b). The optimal solution
totime the decisiontoleaveistoinfer the hiddenstate of theresource
site by counting the number of consecutive failures, which provides
evidence that the site is depleted (with a complete reset after reward
delivery, as asingle reward signals with certainty that the current site is
stillactive; Fig. 1b, pink). We refer to this reward-independent strategy
as inference-based. Alternatively, another common, but suboptimal,
strategy is to time the decision to leave based ona running estimate of
how much reward has beenreceived at the site, whichis equivalent to
calculating the site’s net negative value (Fig. 1b, blue), staying longer
the more rewards are delivered. We refer to this reward-dependent
strategy as stimulus-bound.

Inprevious work, we showed that mice relied on these two strate-
gies interchangeably across different sessions and even within the
same sessions across different epochs?. Using a framework based
on hidden Markov models (HMMs) combined with linear regression
models (LMs; Fig. 1c, left), we fit the number of consecutive failures
that the animal is willing to accept before switching sites. This was
achieved using two inputs: (1) the total number of rewards, which allows
a distinction between inference-based (that is, reward independent)
and stimulus-bound (thatis, reward dependent) strategies (asin Fig.1b,
left), and (2) a constantbias, whichreflects the level ofimpulsivity of the
animal (notice that high bias means alarge number of failures accepted
before switchingsites, thatis, lowimpulsivity). Each hiddenstatein the
model captures a specific dependence of consecutive failures on the
totalrewards and the bias, characterizing a particular decision-making
strategy. Here, a model with three states best described the foraging
decision and yielded interpretable and persistent strategies (Fig. 1c
and Cazettes et al.>*). One of the strategies had large weight on the
number of rewards, indicative of a stimulus-bound strategy, whereas
the other two had small weights on rewards, consistent withinference
(Fig.1c, right).

To estimate how the decision variables explained the behavior of
the mice in each strategy, we used regularized logistic regressions to
model the probability thateachlick (n = 5,877 licks in stimulus-bound,
n=6,896 licks in persistent inference and n=1,593 licks in impulsive
inference, across ten sessions) was the last one in the bout, simulta-
neously considering the consecutive failure and the negative value
decision variables as predictors (Fig. 1d, top). This multivariate
approach confirmed that the consecutive failures better explained
the inference-based strategies, whereas the negative value better
explained the stimulus-bound strategy (Fig. 1d, bottom).

Decision variables are reflected in facial movements

To test whether fine movement of the face reflected latent decision
variables, we extracted high-dimensional temporal representations of
the movement signals by applying singular value decomposition (SVD)
to the motion energy movies® (Fig. 2a, left). We extracted the principal
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Fig. 1| Task, strategies and decision variables. a, A head-fixed mouse is
positioned on a treadmill and can forage at one of two sites (the two movable
arms). Head fixation enables the monitoring of facial movements using high-
speed cameras (60 fps) and provides better stability for high-throughput
electrophysiology (Neuropixels). The mouse can choose to switch between sites
atany time by running a set distance on the treadmill. During site switching, the
front arm moves away, and the distal arm moves into place. b, Different strategies
for timing the decision to leave the site are based on distinct decision variables.
The inference-based strategy (pink) is reward independent and resets with
eachreward, whereas the stimulus-bound strategy (blue) depends on reward

Bias

Total
rewards

integration. ¢, Left: illustration of the LM-HMM with three different strategies
(labeled ‘Stimulus bound’, ‘Persistent inference’ and ‘Impulsive inference’).
High self-transition probabilities of 0.98, 0.97 and 0.94 indicate that strategies
typically persist for many consecutive bouts. Transition probabilities are shown
by the arrows between states. Right: LM weights for the three-strategy model
fitted to all sessions simultaneously (n =10). d, Variance explained by the two
different decision variables during each strategy (data are shown as mean +s.d.
acrossteniterations of the cross-validated logistic regression). Consec.,
consecutive; Neg., negative.

components (PCs) of the movements (movement PCs, n =100) from dif-
ferentregions of interest: (1) the entire face, (2) the upper face, exclud-
ing the tongue area where most of the movement occurred during
licking, and (3) the body parts visiblein the field of view. The movement
PCswere binnedin 200-ms windows around each licking event (Fig. 2a,
middle), whichdirectly correspond to discrete changesin the decision
variables (Extended Data Fig.1a) and capture the period immediately
preceding and leading up to the peak decoding accuracy for decision
variables (Extended Data Fig. 1b,c, but also see Extended Data Fig. 6d
in Cazettes et al.”*). We then predicted different decision variables on
atrial-by-trial basis using cross-validated and regularized generalized
LMs (GLMs; Fig. 2a, right, Supplementary Video 1and Methods).

To test whether facial movements reflect latent computa-
tions rather than solely responding to instantaneous stimuli, and
to make sure that the encoding of multiple decision variables is not
a trivial consequence of potential correlations between the deci-
sion variables themselves, we orthogonalized the decision variables
both to the observable action outcomes and among themselves
(Extended Data Fig. 1d) and attempted to decode the ‘unique’ aspect
of eachdecision variable (thatis, the residual after regressing it to the
others and to the action outcomes). As a control, we also tested the
decoding of arbitrary signals possessing the same power spectrum
as the decision variables. Although we failed to decode the arbitrary
signals from any movement PCs, we could decode action outcomes
and decision variables withrelatively high accuracy (Fig. 2b), especially
using the PCs from facial movement rather than body movement.

Inprinciple, itis possible that the link between decision variables
and movement PCs might be an indirect consequence of nonspecific
changes in facial movement throughout a licking bout, for instance,
changesinlicking rate. To test this possibility, we attempted to decode
the portion of the decision variables that is uncorrelated with licking
rate. We found that, although the decision variables can correlate with
lick rate changes during about (Extended Data Fig. 2a,b), this correla-
tiononly accounts for asmallfraction of the ability to decode decision
variables from facial movement (Extended Data Fig. 2c). Furthermore,
we found that we could also decode latent variables with slower time
constants, such as the bout numbers (Extended Data Fig.2d,e), which
are not directly linked to the immediate motor actions within asingle
bout. We also verified that this decoding ability is not task or movement
specific: we observed similar decoding of action outcome and slow
latent variables in a separate two-alternative forced choice task from
Reato et al.”” (Extended Data Fig. 3). These results show that facial move-
ments encode latent cognitive variablesinarobust and genericfashion.

How exactly are the decision variables encoded in facial move-
ments? To answer this question, we examined the averaged spatial
distribution of facial motion weighted by the models’ weights (Fig.2c)
on co-registered images of the face (Extended Data Fig. 4 and Sup-
plementary Video 2). Noticeable differencesin facialmovement were
associated with different decision variables consistently across mice
(Fig. 2d and also see Extended Data Fig. 5a,b for further evidence on
an independent cohort of mice). For instance, the unique negative
value corresponded to more movement around the nose than around
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Fig. 2| Stereotyped facial expressions of decision variables. a, Left: example
PCsextracted using SVD on the motion energy movie (movement PCs) from
three regions of interest. Right: the movement PCs are used as predictorsin
multivariate regression models to predict a set of decision variables and arbitrary
signals. b, Decoding accuracy (cross-validated R?) in each region for different
decision variables (median across ten sessions and 25th and 75th percentiles;
whiskers represent minimum and maximum values; dashed line indicates
chancelevel). ¢, After computing the motion energy as the absolute value of
the difference of consecutive frames, eigenfaces corresponding to the facial
movement PCs were weighted by the models’ weights. The weighted sum of
the facial masks represents the spatial pattern that is most strongly associated
with changesinagiven decision variable. In this example, we show the facial
mask for the negative value during a single session. d, Weighted masks for

Mouse

single-example sessions (top) and averaged across sessions (n =10; middle for
the whole face and bottom for the upper face). Red represents more movement
thanaverage, whereas blue indicates less movement than average. AU, arbitrary
units. e, Interanimal similarity of facial expression of decision variables. OUT,
action outcome; CF, unique consecutive failure; VAL, unique negative value; ARB,
arbitrary signal. Colors represent the normalized two-dimensional (2D) cross-
correlation at zero lag between the weighted masks of two mice (n =10, 8 sessions
from distinct animals, 2 from the same animal). f, Mean weighted mask similarity
for each mouse (n =10, 8 sessions from distinct animals, 2 from the same animal).
Each gray dot represents the average pairwise correlation of the weighted mask
of amouse for a given decision variable with the weighted masks of all the other
mice for the same decision variable. Color error bars represent median and
m.a.d. across mice.

the cheek, whereas the unique consecutive failures corresponded
to a subtler pattern of facial movement. We found substantial posi-
tive correlations across mice between facial expressions for the
same decision variable that were higher than those obtained with an
arbitrary control signal (Fig. 2e,f and Extended Data Fig. 5c-e). This
between-mouse consistency was substantially greater than the cor-
relation between the facial expression of different decision variables
within a single mouse (Extended Data Fig. 5d). Furthermore, within
individual mice, expressions remained highly stable across multiple
sessions (Extended Data Fig. 5f). Together, these results provide strong
evidencethatindividual decision variables are reflected in stereotypi-
cal facial expressions.

Facial expressions reflect areservoir of decision variables

Because the mice transition between periods where they use one of
the three identified strategies (Fig. 1c), and because behavior during
eachstrategyisbest predicted by different decision variables (Fig. 1d),
theresultsinFig.2 are consistent with two scenarios. First, it could be
that the characteristic patterns of facial motion become associated
with each of the decision variables only because the mice move slightly

differently during each of the behavioral strategies. As noted in the
introduction, this corresponds to the ‘trivial’ case where cognitive vari-
ablesleakintoincidental movements only because there are different
patterns of task-related movement associated with the report of those
cognitive variables. Alternatively, the link between facialmovement and
decisionvariables could exist above and beyond the strategy currently
used by the mouse. For instance, it could be that the face reflects the
stimulus-bound decision variable even during periods where the mouse
issolving the task using aninference-based decision variable. Although
this might seem surprising, in previous work we have shown that neu-
ronal activity in the frontal cortex of mice retains information about
multiple decision variables simultaneously, even when the variables
do not explain the foraging decision of mice?. Thus, we attempted to
testifthe face, like the neurons, contains information about particular
decision variables during periods where those decision variables are
not guiding behavior.

To address this question, we used the registered and concate-
nated videos to extract facial movement PCs across sessions (Fig. 3a,
Extended Data Fig. 4 and Supplementary Video 2). This procedure
allowed us to compare the same facial movement PCs in different
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Fig. 3| Facial expressions of decision variables do not depend on the strategy.
a, Registration and concatenation of video recordings to extract the movement
PCs of the face across different strategies. b, Average facial motion (calculated
from raw movement PCs) between the three different strategies, across

mice and licks (top: stimulus-bound; middle: persistent inference; bottom:
impulsive inference). ¢, lllustration of the multivariate regression method

for predicting the strategies (thick colored traces) from the facial movement
PCs (gray traces). The predictions of the models (thin colored lines, which

are the weighted sums of the facial movement PCs) track quite faithfully the
probability of being in a given strategy (thick colored traces). The deviance

explained (estimated on testing data) is reported in the top right (Dev. Exp.).

d, Weighted masks (eigenfaces of the concatenated videos weighted by the
models’ weights from c) for the three different strategies (top: stimulus-bound;
middle: persistent inference; bottom: impulsive inference). e, Schematic
representation of hypothetical performance of strategy-dependent (left)
versus strategy-independent (right) models. Left: the decoding accuracy of the
decision variables depends on the strategy. Right: the decoding accuracy of the
decision variablesisindependent of the strategy. f, The decoding accuracy of
the decision variables from facial movement PCs is strategy independent

(like data on the right in e; the dashed line indicates chance level).

strategies. First, we asked whether there was any difference inmotion
energy between strategies. Although, on average, most of the motion
was around the tongue in the three different strategies, there were
noticeable differences in motion across the face (Fig. 3b). Because
of these differences in motion between strategies, we could predict
the probability of beingin a given strategy from facial movement PCs
using the same regularized and cross-validated multivariate regression
approach as previously described (Fig. 3c,d). Yet, to disambiguate
the previously described scenarios, the critical test was to decode the
different decision variables during each strategy separately. If the deci-
sion variables are expressed on the face only when guiding behavior,
the portion of the signal thatis unique to each variable should only be
decodedin the corresponding strategy (Fig. 3e, left). Alternatively, if
the decision variables are expressed on the face even when not guiding
behavior, the decoding accuracy should beindependent of the strategy
(Fig. 3e, right). We found that the decoding accuracy of the decision
variables was unequivocally strategy independent (Fig. 3f). These
results suggest that, at least in the context of our task, when the brain
calculatesagivendecision variable, that variable becomesreflected in
thefacial expressions of the mouse, evenif that decision variableis not

currently used to guide behavior (and is orthogonal to the alternative
decision variables, which do play this guiding role).

Facial and neural expressions of decision variables

The capability to simultaneously decode multiple variables from facial
motion, independent of strategy, mirrors the properties of the M2,
where we have previously shown the simultaneous decoding of mul-
tiple decision variables from neural activity**. This raises the question
of which of the two brings about the other. On the one hand, decision
variables could manifest in neural activity as efference copies of motor
signals. Onthe other hand, neurons could compute decision variables
thatare subsequently reflected in facial movements. If the latteris true,
there should be ‘covert’ neural representations of decision variablesin
neural activity preceding the ‘overt’ expressions of decision variables
infacial movement. To test thisidea, we evaluated the temporal lag of
the relationship between decision variables and neural populations
fromdifferent cortical regions (M2:n = 67 + 26 neurons; orbitofrontal
cortex (OFC): n=58 + 18 neurons; olfactory cortex (OC):n =28 + 13 neu-
rons; data are shown as median + median absolute deviation (m.a.d.)
across ten sessions; Extended Data Fig. 6a-c) and compared them to
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Fig. 4 | Expressions of decision variables in facial movement versus neurons.
a,A200-mssliding window with a 75% overlap was used to generate a time-lag
series of neural and movement activity. b, Example decoding accuracy (cross-
validated R?) of multivariate regression predicting decision variables from facial
movement PCs (gold) or neural activity in different brain regions (grays) asa
function of the time delay of the predictors. The crosses indicate the maximum
accuracy. ¢, Example estimation of latencies as the times corresponding to the
midpoint between the peak and the trough of each curve. d, Decoding accuracy
of decision variables as a function of the number of PCs used. Accuracy is

shown for PCs derived from facial movements (gold) and from neural activity in
individual brain regions (gray lines, one line per region). Decoding accuracy is
reported as the median + m.a.d. across ten sessions. e, Difference in decoding
accuracy between facial movement PCs and neural PCs (using 40 PCs for both)
for each individual session. Positive values indicate higher decoding accuracy
from facial movements. f, Difference in decoding latency between facial
movement PCs and neurons for each individual session. Positive values indicate
faster decoding (that is, shorter latencies) from neurons.

the temporal lags associated with the encoding of the decision vari-
ables by facial movements.

We generated, for each neuron and facial movement PC,
time-lagged versions of the binned activity using a sliding window
withincreasing delays from the time of the lick (Fig. 4a). We then used
each lagged series of neural or facial movement activity to indepen-
dently predict the different decision variables with cross-validated
and regularized GLMs. The representations of decision variables by
eachcortical regionand facialmovement PCs varied depending on the
time delay, peaking at different accuracy levels (Fig. 4b). In particular,
the accuracy of models using facial movement regressors was similar
to that of models using neural regressors in M2 (Fig. 4d,e; AAccuracy
M2:0.02 + 0.07; dataare shown as median + m.a.d. across ten sessions;
P=0.92, Wilcoxonsigned-rank test, Holm-Bonferroni corrected) and
greater than that of models using neural regressors in the OFC and
OC (Fig. 4d,e; AAccuracy OFC: 0.22 + 0.10, P=0.006; ALatency OC:
0.30 £ 0.06, P=0.03; data are shown as median + m.a.d. across ten
sessions, Wilcoxon signed-rank test, Holm-Bonferroni corrected).

The latency of representations of decision variables, estimated
fromthe time delay corresponding to the midpoint decoding accuracy,
also varied across brain regions and facial movement PCs (Fig. 4c).
We found that decision variables were decodable from the facial
movements before being decodable from neural activity in the OFC
and OC (Fig. 4f; ALatency OFC: —-0.125 + 0.112 s; data are shown as
median + m.a.d.; Wilcoxon signed-rank test, P=0.0195, Holm-Bon-
ferroni corrected; ALatency OC: —0.107 £ 0.063 s; data are shown as
median + m.a.d.; Wilcoxon signed-rank test, P= 0.0117, Holm-Bon-
ferroni corrected; Extended Data Fig. 6d). By contrast, predictions
of decision variables from facial movement emerged slightly, but
significantly, later than predictions using neural activity from M2
(ALatency M2: 0.050 £ 0.076 s; data are shown as median + m.a.d.;
Wilcoxon signed-rank test, P= 0.0273, Holm-Bonferroni corrected).
This finding is consistent with the evidence that M2 neuronal activity
preceding movement is the strongest predictor of facial movement

PCs (Extended Data Fig. 6e,f). Together, these results suggest that
M2 may participate in the generation of the facial expressions of
decision variables.

Effect of M2 inactivation on facial expressions

We have previously reported in Cazettes et al.>* that the partial inactiva-
tion of M2 significantly decreased the predictive power of the decision
variables for explaining the switching behavior, suggesting that M2 is
partof the neural pathway through which the decision variables shape
behavior during the foraging task. Here, the emergence of decision
variablerepresentationsin M2 before their facial expression (Fig. 4fand
Extended Data Fig. 6f) suggests that M2 activity may also contribute to
generating micromovement related to decision variables. To determine
whether M2 activity is required for the facial expression of decision
variables, we performed bilateral optogeneticinactivation of M2 while
video monitoring facial movements during the foraging task. Specifi-
cally, we used VGAT-ChR2 mice, which express the excitatory opsin
channelrhodopsin-2ininhibitory GABAergic neurons, to silence M2in
30% of randomly selected behavioral bouts (Fig. 5a). We examined 47
sessions from 8 mice, 5 of which were ChR2 expressing and 3 of which
were control wild-type littermates that expressed no inhibitory opsin
but were implanted and stimulated in the same manner.

First, we compared facial movements between laser ON and OFF
conditionsininactivated and control groups by estimating the differ-
ence in average facial movement (mean of movement PCs) between
the two conditions. Inactivated animals showed altered facial move-
ments compared to controls (Fig. 5b,c; Wilcoxon rank-sum test on
AMovement, P=0.036), starting immediately after laser activation
(after first lick) and persisting throughout the activation period
(Extended Data Fig. 7a,b). These changes manifested as a change in
motion energy of the whole face, but the most substantial differences
were observed in mouth and tongue regions.

Wethenused separate GLMsto decode the decision variables from
facial movement PCs in the laser ON condition (that is, M2 silencing)
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Fig. 5| Effect of M2 inactivation on facial expressions of decision variables.

a, Schematic representation of optic fiber placement on top of M2 (+2.5 anterior,
+1.5lateral of bregma). Bilateral photostimulation (5 mW power per fiber, 10-ms
pulses at 75 Hz) was triggered by the first lick in 30% of trials and lasted until
thelastlick of the bout. b, Laser-induced changes in facial movement patterns.
Two-dimensional masks show the difference in average facial motion (calculated
from movement PCs) between laser ON and OFF conditions across mice and
licks. ¢, Magnitude of laser-induced facial motion changes around lick events.
The variance of the difference in motion energy between laser ON and OFF
(normalized by the variance in laser OFF) for inactivated (green, n = S5mice) and
control (black, n =3 mice) groups is shown. d, Decoding accuracy of multivariate
regression models predicting decision variables from facial movement PCs as a
function of the time delay of the predictors during laser OFF (black) and laser ON

(cyan) conditions (median across n = 24 sessions for both inactivated and control
groups). e, Decoding accuracy (top and middle): comparison of laser ON versus
laser OFF conditions. Dots below the unity line indicate that representations

of decision variables derived from facial movement PCs were decoded less
accurately duringlaser ON than during laser OFF. Difference in decoding
accuracy (bottom): laser ON minus laser OFF (mean across sessions for each
mousein the inactivated and control groups). Dots represent individual sessions;
colors represent individual mice. f, Same as in e but for decoding latency. Dots
above the unity line indicate that representations of decision variables derived
from facial movement PCs were decoded later during laser ON than during laser
OFF. g, Correlations between decoding accuracy (left) and latency (right) with
changes in movement. Green dots show inactivated mice, gray dots show control
mice, and the red line indicates the linear regression.

and compared the latency and accuracy of the decodings to those
observed in the laser OFF condition (that is, unperturbed M2 activ-
ity). We found that partial silencing of M2 decreased the accuracy by
which decision variables could be predicted with facial movement
PCs (Fig. 5d,e, P=0.036, Wilcoxon signed-rank test between control
and inactivated groups, and Extended Data Fig. 7c). Partial silencing
of M2 also delayed the representation of decision variables from facial
movement PCs (Fig.5d,f, P=0.036, Wilcoxon signed-rank test between
control and inactivated groups, and Extended Data Fig. 7d).

To determine whether the altered facial movements observed
during M2 inactivation were responsible for the changes in decoder
performance of decision variables, we correlated the difference in
decodingaccuracy (AAccuracy) and the difference in decoding latency
(ALatency) between laser ON and OFF conditions with changes in
movement (AMovement) around peak decoding (250 ms after the lick;

Fig. 5d). We found that both decrease in decoding accuracy (Fig. 5g,
left; R®?=0.76, P=0.0049) and increase in decoding latency (Fig. 5¢g,
right; R*=0.87, P= 0.0007) were highly correlated with the change in
movement. This suggests that the atypical facial movements gener-
ated during M2 inactivationareresponsible for theimpaired decoder
performance.

Discussion

In this study, we investigated how facial movements in mice reflect
ongoing brain computations during a foraging task. We found that
there is aremarkable richness in the representational capacity of the
face, which reflected not only the identity of the current behavioral
strategy used by each mouse and the time-varying decision variable
thatunderlies this strategy but also the alternative time-varying deci-
sion variables that support strategies used during other epochs.
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The musculature of the face is thus a high-capacity information chan-
nel that tracks in real time a multiplicity of latent dynamical variables
computed by the brainthatare related in complex ways (for example,
temporalintegration or reset) toimmediately available external events,
suchasindividual licks or their rewarding consequences. At amecha-
nistic level, our results are consistent with the hypothesis that activ-
ity in the premotor cortex (M2) contributes to the facial expressions
associated with these decision variables. These facial expressions, in
turn, may influence activity in other cortical regions.

Traditional studies of the neural control of movement have
focused on elucidating purposeful and adaptive behaviors, such as
those required to perform atask®. More recently, studies of seemingly
meaningless expressions and movements of the faceand body are also
being linked to specific neural activity patterns'>?, Establishing these
relationships is important in at least two ways. The first, which has
received more emphasis, relates to the potential ability of facial move-
ments to explain neural activity that would otherwise be considered
‘noise’ or misattributed. The second, which we have focused onin this
report, relates to their potential to be used as visible readouts of latent
cognitive processes.

The face is a particularly interesting site of neural control in
mammals, being well known as a locus of emotional expression.
Emotional expressions, considered the canonical markers of internal
states, are still quite mysterious despite theirimportance to human
life. Although traditional accounts identify a handful of emotional
states, classification using statistical methods suggests amuchricher
variety”?®. The discovery of facial expressions of emotions in mice”*
hasopenedthe door for abetter understanding of their neural basis.
Akeystepinthisdirection hasbeen to link facial expressions to con-
trollable and quantifiable variables. Recent examples of this are facial
expressions being linked to auditory-evoked responses'", arousal
state'®?>** and motor readiness for multiple actions®. Claytonetal.,
inparticular, showed not only that facial movement is more sensitive
to theintensity of auditory stimulibut also thatit reports the spectral
and temporal structure of sound. Their results, however, point to a
sophisticated but very fast transformation from sound to muscle pat-
tern, leaving open the extent to which the face canaccurately report
temporally extended cognitive variables associated with high-level
cognition.

Decision-making tasks offer a powerful opportunity to link inci-
dental expressions to temporally extended neural variables such as
accumulated evidence. Previous studies showed that a running esti-
mate of accumulated sensory evidence is present in the musculature
of the arm before a choice is made in a decision-making task where
the armis used to report the decision’. Movement vigor has also been
shown to report uncertainty in a foraging task in mice (nose-poking
vigor®) and decision confidence in a perceptual decision-making task
in humans (finger speed™). The contents of working memory are also
reflected in postural adjustment in rats>*. These results are consistent
with accounts of computation that emphasize readinessin real time®,
sothatthestate of the motor system continuously reflects the agent’s
best guess of what to do at the moment.

In our study, we explored whether the cognitive significance
of incidental facial expressions extends beyond (1) fast, reflex-like
encoding of the current sensory environment*"* and (2) the immedi-
ate demands that tasks requiring temporally extended computations
place on the motor system. To do so, we took advantage of the recent
finding that mice compute several different decision variables simul-
taneously when performing aforaging task®*. This allowed us to search
for correlates of internal variables that were unrelated (and indeed
mathematically orthogonal) to the currently used behavioral strategy.
Unexpectedly, we found that these non-task variables are expressed as
muchastask-related ones and that the face contains as muchinforma-
tion about these decision variables as recordings from multiple tens
of neuronsin the M2.

The decision variables could be decoded from M2 activity earlier
(approximately 50 ms) than facial movements. The delay between the
representation of decision variables in M2 and in facial movement is
consistent with previous work reporting that movement-related sig-
nalsin the brain occurred atleast 50 ms before detectable movement
onset*. Furthermore, partially inactivating M2 with optogenetics
reduced our ability to decode decision variables from facial expressions
(itincreased the latency and reduced the accuracy of the decoding).
Although we observed consistent optogenetic effects, variations in
fiber placement, which could not be fully assessed histologically, may
have contributed tointeranimal variability in responses. Interestingly,
Clayton et al." found that inactivating the auditory cortex enhanced,
rather than disrupted, the sensitivity of the face to sound intensity,
suggesting a diversity of cortical and subcortical pathways converging
on the musculature of the face to report brain activity. Together, our
findings suggest that the M2 might beinvolved in generating the facial
expressions associated with decision variables. By contrast, decoding
decision variables from the OFC and OC was only possible after their
detection in facial expressions and with significantly lower accuracy
than facial movements. This suggests that the presence of decision
variablesin the OFC and OC activity might be driven by proprioceptive
feedback. Together, widespread motor signals related to efference
copies, aswell asdrivenby proprioceptive feedback, contribute to the
prevalence of movement-related activity across various brain regions™.

The ability of video and other digital readouts to disclose informa-
tionthat has heretofore been considered private or internalis rapidly
being exposed. Unconscious patterns of gaze and head movements
detected by virtual reality headsets can be used to rapidly reveal indi-
vidualidentity***. Thus, understanding the limits of these technologies
isimportant for shaping our views on the protection of privacy. Similar
to facial expressions associated with emotions’, we found that the
different decision-related expressions correlated with characteristic
features of the face and appeared stereotyped across mice, potentially
facilitating their recognition through generalizable methods. This,
together with the remarkable expressivity of facial muscles (facial
expressions equaled ensembles of multiple tens of M2 neurons in
their ability to reveal both the decision variable guiding the animals’
choices and the alternative decision variables considered), suggests
ample opportunities for noninvasive methods, like facial analysis,
for inferring hidden brain computations. This highlights the need to
devise effective regulatory policies to address the misuse of biometric
technologies for privacy invasion®°,
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Methods

Behavioral approach

Mice (n=17, male and female, 2-9 months old) were successfully trained
inahead-fixed version of a probabilistic foraging task. To ensure that
the dataset consisted only of animals actively performing the task,
mice that failed tolearntorunandlick in the head-fixed foraging setup
were excluded from the study. No statistical methods were used to
predetermine sample sizes, but our sample sizes are similar to those
reported in previous publications™?°. Allmouse strains were purchased
from TheJackson Laboratory and bred in-house. Mice used in the elec-
trophysiology experiments (n = 9) were of the C57BL/6) background
(TheJackson Laboratory, 000664). For the optogenetics experiments,
B6.Cg-Tg(SIc32al-COP4*H134R/EYFP)8Gfng/] mice (also known as
VGAT-ChR2-YFP BAC; The Jackson Laboratory, 014548) were used.
Thisincluded hemizygous VGAT-ChR2-YFP mice (n=5) and wild-type
littermate controls (n = 3). Mice were housed in individually ventilated
cages under anormal12-hlight/12-h dark cycle, temperature was main-
tained between 19 °C and 23 °C, and humidity was maintained between
50% and 65%. All experimental procedures were approved and per-
formedinaccordance with the Champalimaud Centre for the Unknown
Ethics Committee guidelines and by the Portuguese Veterinary General
Board (Dire¢do Geral de Veterinaria, approval 0421/000/000/2016).

Mice were firstimplanted withahead bar under standard aseptic
surgical procedures. After arecovery period (5to 10 days), mice were
water restricted and only received sucrose water (10%) during the
task. Mice were given 1 ml of water or 1 g of hydrogel (Clear H,0) on
dayswhenno training or recording occurred or if they did not receive
enoughwater during the task.

During the task, mice were head fixed and placed onalinear tread-
mill. The behavioral apparatus was controlled by microcontrollers
(Arduino Mega 2560) and scientificboards (Champalimaud Hardware
platform), which recorded the time of the licks and the running speed.
Running on the treadmill could activate the movement of two arms,
which materialized two different foraging sites, via a coupling with
digital Servo motors (Hitec HS-5625-MG). At the extremity of each
arm, water flowed through alick port by gravity through water tubing
and was controlled by calibrated solenoid valves (Lee Company). To
lickatanarmandreceive rewards, mice had to decrease their running
speed for more than 250 ms below a threshold for movement (3 cms™).
Licks were detected in real time with acamera (FLIR Chameleon-USB3,
60 fps) located on the right side of the treadmill using a thresholding
method in BONSAI*. Each lick was rewarded ina probabilistic fashion
by asmalldrop of water (1 pl) with aprobability of 0.9 in the rewarding
state. The small reward size ensured that there was no strong differ-
ence in licking rate between rewarded and unrewarded licks. Each
lick could cause the state of the currently exploited site to transition
from rewarding to unrewarding with a probability of 0.3. When such
a transition occurred, the currently unexploited site (the distal one)
transitioned from an unrewarding state to a rewarding state. To leave
the currently exploited site and reach the other one, mice had torestart
running above the threshold for movement for more than 150 msand
travel a fixed distance on the treadmill (around 16 cm).

Thesequence of events was randomized within each session using
atwo-part method. First, the trial structure was probabilistic, governed
by set statistics. Second, the progression and duration of behavioral
bouts were contingent on the mouse’s real-time responses. This design
ensured thatevery session generated a unique, nonrepeating sequence
of events.

Neuropixels recording and processing

Recordings (n =10recording sessions in 9 mice) were made using elec-
trode arrays with 374 recording sites (Neuropixels ‘Phase3A’). Before
each recording session, the shank of the probe was stained with red
fluorescent dye (Dil; Thermo Fisher Vybrant, V22885) to allow later
track localization. Before the first recording session, mice were briefly

anesthetized withisoflurane and administered a nonsteroidal analgesic
(Carprofen) before drilling one small craniotomy (1 mm in diameter)
over the M2 (+2.5 mm anterior and +1.5 lateral relative to bregma)
from either hemisphere. The craniotomy was cleaned with a sterile
solution and covered with silicone sealant (Kwik-Sil, World Precision
Instruments). After several hours of recovery, mice were placedin the
behavioral setup, and the probe was slowly advanced through the dura
and slowly lowered to its final position (3 to 3.5 mm inside the brain).
The probe was allowed to settle for at least 10 min before starting the
recording to ensure better stability of the recorded units. Recordings
were acquired with a SpikeGLX neural recording system (https://bill-
karsh.github.io/SpikeGLX/) using the external reference settinganda
gain of 500 for the AP band (300-Hz high-pass filter).

After the recording session, mice were deeply anesthetized with
ketamine/xylazine and perfused with 4% paraformaldehyde. The brain
was extracted and fixed for 24 hin paraformaldehyde at 4 °Cand then
washed with 1% phosphate-buffered saline. The brain was sectioned
at 50 um, mounted on glass slides and stained with DAPI. Images were
taken at x5 magnifications for each section using a Zeiss Axiolmager
at two different wavelengths (one for DAPI and one for Dil). To deter-
mine the trajectory of the probe and approximate the location of the
recording sites, we used SHARP-Track*?. Characteristic physiological
features were also used to refine the alignment procedure (especially
the absence of spikes between frontal and olfactory cortical boundaries
and thelocal field potential signature in deep olfactory areas).

Neural data were first automatically spike sorted with Kilosort2
(ref. 43) using MATLAB (MathWorks). To remove artifacts, traces were
‘common average referenced’ by subtracting the median activity across
allchannels at each time point. Second, the datawere manually curated
using an open-source neurophysiological data analysis package (Phy:
https://github.com/kwikteam/phy). Clusters were discarded as noise if
they exhibited nonphysiological waveforms, inconsistent spike shapes,
low amplitudes, or high refractory period violations. Subsequently,
neighboring units with similar waveforms were merged based on their
cross-correlograms and drift patterns. Units that passed this curation
process were classified as well-isolated single neurons for analysis.
For all analyses, otherwise noted, we averaged for each neuron the
number of spikes into bins by considering a200-ms window centered
around each lick. Because the interval between each lick was on aver-
age around 150 ms, there was little overlap between two consecutive
bins, and each bintypically contained the number of spikes associated
with only one single lick.

Video monitoring and processing

Facial movements were monitored at 60 fps using an infrared camera
(the FLIR Chameleon-USB3 for 56 sessions and the Sony PlayStation 3
Eye Camera for 2 sessions) positioned on the side of the animal. The
videos were synchronized with the electrophysiological and behavioral
data for subsequent analysis. To extract movement signals from the
videos, we used an open-source toolbox: FaceMap'**. FaceMap was
applied to all video frames of each session, including both laser ON
and OFF data, for the optogenetics datasets to capture the full range
of facial expressions. Specifically, we performed SVD on the motion
energy (the absolute value of the difference of two consecutive frames)
to compute the 500 highest dimensions of video information. For
eachdimension, we averaged the signalina200-mswindow centered
around each lick, similar to the processing of the neural data (see
Extended Data Fig. 1a for a schematic description of this process).

To facilitate comparisons and averaging of images across differ-
ent recording sessions (for example, 2D representations of decision
variables on the mouse face), we performed image registration (see
Extended Data Fig. 4). We first computed the average image for each
video. Onevideo’s average image was selected as the reference image.
Aset of eight control points was then manually positioned on the aver-
age image. Corresponding points on the reference image were also
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manually placed, mirroring the locations on the target image. These
point pairs were used to estimate an affine transformation between
the twoimages using MATLAB’s ‘fitgeotrans’ function. The transforma-
tion was then applied to images derived from the videos, including,
butnotlimited to, 2D representations of decision variables. The same
transformation was also applied for each frame and session for the
analysis where we concatenated videos from all sessions. To recon-
struct the motion energy reflecting each decision variable, we weighed
each eigenface by the corresponding model weights (see Fig. 2c for a
schematic description of this process) and then performed a linear
combination of all the weighted facial masks (n =100).

Photoinhibition

To optically silence M2 activity by stimulating ChR2-fused-VGAT-
expressing GABAergic interneurons, we used blue light from a
473-nm laser (LRS-0473-PFF-00800-03, Laserglow Technologies, or
DHOM-M-473-200, UltraLasers). Light was emitted from the laser
through an optical fiber patch cord (200 pm, 0.22-NA; Doric lenses)
connected to a second fiber patch cord with a rotary joint (FRJ1x1,
Doriclenses), whichinturnwas connected to the chronicallyimplanted
optic fiber cannulas (M3 connector, Doric lenses). The power of the
laser (5 mW) was calibrated before every session using an optical power
meter kit (Digital Console with Slim Photodiode Sensor, PM100D, Thor-
labs). The optical stimulation (10-ms pulses, 75 s™, 5 mW) was turned
on during 30% of randomly interleaved bouts. Light delivery started
when the first lick was detected and was interrupted if the animal did
not lick for 500 ms (which was in 98% of bouts after the last lick of the
bouts). The experimenter was blind to the genotype of the mice when
performing optic fiber implantations and running the optogenetic
experiments.

Data analyses

Alldataanalyses were performed with custom-written software using
MATLAB. We used GLMs to fit the switch behavior (Bernoulli distribu-
tion and a logit link function) or the decision variables (Gaussian dis-
tribution and a linear link function; these are in effect linear models)
using facial movement PCs or spike counts as predictors. Model fits
were performed on individual recording sessions (Figs. 2, 4 and 5) or
on concatenated sessions when looking at strategies (Figs.1and 3). To
avoid overfitting, we used nested cross-validation. We split the data
into five folds. In each iteration, one fold (20% of the data) served as
thetest set, and the remaining four folds (80%) were used for training
and hyperparameter tuning. Within this 80%, we performed an inner
fivefold cross-validation to determine the optimal hyperparameters
forelastic net regularization (a = 0.5), selecting the hyperparameters
that minimized deviance. After selecting the hyperparameters, we
trained the Elastic Net model on the entire 80% training set to estimate
the model coefficients. The trained model was then evaluated on the
held out 20% test fold. This process was repeated five times, so each
fold served once as the test set. The coefficients of determination (R?)
reported as a metric of the goodness of fit were calculated from the
cross-validated results. A value of O indicates chance-level perfor-
mance, whereas a value of 1indicates perfect prediction.

The standard randomized cross-validation described above can
overestimate performance when data have temporal dependencies,
such as the slowly evolving latent variables (for example, trial or bout
number) tested in Extended Data Figs.2 and 3. Here, we used a fivefold
sequential cross-validation procedure. The full sequence of trials (or
bouts) was divided into five consecutive blocks. Each fold used ablock
for testing and the other four for training. This procedure prevented
overfitting to slow variations across trials.

As an analytic control, we used arbitrary signals with the same
power spectra as the decision variables. For each session, we gen-
erated arbitrary signals with the same second-order properties as
the original time series (for example, the consecutive failures) by

transforming the original data into the frequency domain (Fourier
transform), randomizing the phases simultaneously across the time
series and converting the data back into the time domain (inverse
Fourier transform). This process ensured that the arbitrary signals
shared the same power spectrum as the original data but with dis-
rupted temporal dependencies.

To estimate the relative latencies of decision variable representa-
tioninfacialmovements and neural activity, we performed atime-lag
analysis (Figs. 4 and 5). Our theoretical decision variable is updated at
each lick. However, the actual expression of this decision variable in
either neural activity or facial movements could occur before or after
thelick. Therefore, to fairly compare the latencies in both modalities,
for each neuron and facial movement PC, we used a 200-ms sliding
window with 75% overlap to create lagged versions of the binned activ-
ity. Therange of lags considered spanned from1sbefore to 1.5 s after
eachlick, encompassing both pre-and post-lick activity. These lagged
activity series were fed into separate, cross-validated and regularized
GLMs. Each GLM was trained to predict the decision variables at the
time of the lick, using the lagged neural or facial activity from the
corresponding window. For each decision variable, we constructed a
curvedepicting how decoding accuracy (R?) changed with increasing
delay, separately for neural activity and facial movements. We manu-
ally identified the peak and the trough of this curve while blinded to
the experimental condition. The latency of the decoding was then
defined as the time corresponding to the midpoint between these
two points. For curves with an ill-defined trough, a baseline region
wasidentified as points where the signal dropped below 5% of its peak
value, and the trough was defined as the data point with the largest
xvalue within this baseline region. Curves with no clear peaks, which
happened when the decoding was very poor (around or below chance
level), were excluded from the analysis. We then compared the median
latencies between the neural and facial movement representations
across sessions to determine which modality, on average, expressed
the decision variables earlier.

To investigate the impact of optogenetic M2 silencing on
facial expressions of decision variables, we used the regularized,
cross-validated GLMs. For each behavioral session, we fit separate
GLMsinlaser ON and OFF conditions to predict decision variables from
facialmovements PCs during periods of transient M2 inactivation (laser
ON) and during control periods (laser OFF).

The normality of the data distribution was not formally tested;
therefore, we used nonparametric tests for all statistical analyses.

LM-HMM

Todetect the precise moment when animals switch between strategies
within a session, we use a previously developed model that combines
a framework based on HMMs with LMs (see ref. 22). The resulting
‘LM-HMM'’ framework takes input-driven Gaussian observations, mod-
elingatime-varyinglinear dependence £, = w®R, + b® of normalized
consecutive failures £, (observations) on normalized total rewards R,
(inputs) across bouts t=1,...T; ¢, is i.i.d. Gaussian noise with mean O
andvariance o®. For each session m, the normalized values £, = F,/F,,"™
andR, = R,/R,™ were obtained by min-maxing the raw values F,R,
ontheir within-session max F1¥x, RMax allowing us to fitasingle model
to all sessions where both inputs and observations were bounded
between O and1.Here, the slope w®, intercept 6 and noise variance
o® depend onthe hiddenstate k=1,...K, each state representing a dif-
ferent strategy. Specifically, states with w® =0 or w® > 0 represent
inference-based and stimulus-bound strategies, respectively. Bias 5%
reflects persistent (large) or impulsive (small) behavior. We fit the
model to all mice using an Expectation—-Maximization algorithm to
optimize parameters, and we chose the best model complexity (three
states) using threefold cross-validation with maximum likelihood
estimation and maximum a posterioriapproaches (see Cazettes et al.*
for details).
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The behavioral and electrophysiological data used in this study are
available on Figshare at https://figshare.com/s/924af1de619f4597f37a
(ref.44).Raw videos and electrophysiological data are too large to be
shared on a public repository and are therefore available from the
authors upon request.

Code availability

All analyses were performed using custom code written in MATLAB
that is available upon request. The code used to process the videos
is publicly available at https://github.com/MouselLand/facemap.
The code used for the central GLM analyses is publicly available at
https://hastie.su.domains/glmnet_matlab/. The code developed for
the LM-HMM can be accessed at https://github.com/mazzulab/ssm/
blob/master/notebooks/2¢c%20Input-driven%20linear%20model%20
(LM-HMM).ipynb.

References

41. Lopes, G. et al. Bonsai: an event-based framework for processing
and controlling data streams. Front. Neuroinform.9, 7 (2015).

42. Shamash, P., Carandini, M., Harris, K. & Steinmetz, N. A tool for
analyzing electrode tracks from slice histology. Preprint at bioRxiv
https://doi.org/10.1101/447995 (2018).

43. Pachitariu, M., Sridhar, S., Pennington, J. & Stringer, C. Spike
sorting with Kilosort4. Nat. Methods 21, 914-921(2024).

44, Cazettes, F. Facial expressions in mice and neural correlates.
Figshare https://figshare.com/s/924af1de619f4597f37a (2025).

Acknowledgements

We thank J. P. Morais for support with behavioral training. This work
was funded by CNRS (F.C.), Simons Foundation (F.C.: SCGB 969875;
Z.F.M.: SCGB 543011), Marie-Curie postdoctoral fellowships

(F.C.: HORIZON-MSCA-2021-PF-01101062459; D.R.: HORIZON-
MSCA-2021-PF-01101063075), Fundagao para a Ciénciae a
Tecnologia (A.R.: LISBOA-01-0145-FEDER-032077 and PTDC/
MED-NEU/4584/2021), la Caixa Foundation (A.R.: HR23-00799),

the European Research Council Advanced Grant (Z.F.M.; 671251)

and Champalimaud Foundation (A.R. and Z.F.M.). This work was also
supported by Portuguese national funds through Fundagao para a
Ciéncia e a Tecnologia in the context of the project UIDB/04443/2020
and by the research infrastructure CONGENTO, cofinanced by Lisboa
Regional Operational Programme (Lisboa2020), under the PORTUGAL
2020 Partnership Agreement, through the European Regional
Development Fund and Fundagéo para a Ciéncia e a Tecnologia
(Portugal) under the projects LISBOA-01-0145-FEDER-02217 and
LISBOA-01-0145-FEDER-022122.

Author contributions

F.C., A.R. and Z.F.M. designed the study. F.C. and E.A. performed
behavioral and optogenetics experiments. F.C. performed
electrophysiological experiments and curated the data.

D.R. processed the video data. R.S. collected the data used in
Extended Data Fig. 3. F.C., D.R. and A.R. designed and performed the
analyses. F.C., A.R and Z.F.M. wrote the paper. All authors reviewed the
paper.

Competing interests
The authors declare no competing interests.

Additional information
Extended data is available for this paper at
https://doi.org/10.1038/s41593-025-02071-5.

Supplementary information The online version
contains supplementary material available at
https://doi.org/10.1038/s41593-025-02071-5.

Correspondence and requests for materials should be addressed to
Fanny Cazettes.

Peer review information Nature Neuroscience thanks Nadine Gogolla,
Jeffrey Markowitz and the other, anonymous, reviewer(s) for their
contribution to the peer review of this work.

Reprints and permissions information is available at
www.nature.com/reprints.

Nature Neuroscience


http://www.nature.com/natureneuroscience
http://figshare.com/s/924af1de619f4597f37a
https://github.com/MouseLand/facemap
https://hastie.su.domains/glmnet_matlab/
http://github.com/mazzulab/ssm/blob/master/notebooks/2c%20Input-driven%20linear%20model%20(LM-HMM).ipynb
http://github.com/mazzulab/ssm/blob/master/notebooks/2c%20Input-driven%20linear%20model%20(LM-HMM).ipynb
http://github.com/mazzulab/ssm/blob/master/notebooks/2c%20Input-driven%20linear%20model%20(LM-HMM).ipynb
https://doi.org/10.1101/447995
http://figshare.com/s/924af1de619f4597f37a
https://doi.org/10.1038/s41593-025-02071-5
https://doi.org/10.1038/s41593-025-02071-5
https://doi.org/10.1038/s41593-025-02071-5
https://doi.org/10.1038/s41593-025-02071-5
http://www.nature.com/reprints

Article

https://doi.org/10.1038/s41593-025-02071-5

a Licks CUUnL............ 0 Reward
Movement MM 0 Failure

. Window

Consecutive _,JJ_ centered
failures _J_rl_r .......... on lick

=2
(7]

—
1 i z
« — Action 3 0.4
oY outcomes 58
=g Q3
3 305 _ Consec. Q—§
8 g failures 2c 02
=1 [Oe]
03 Neg. EC
8 0 - value F'§ 0
L0 1 $ 5848 8S
Window-Lick offset (s) SE ég zZg
< go8
3 ©

Extended Data Fig. 1| Decoding decision variables from movement PCs.

a, Decision variables (for example, consecutive failures) evolve after each lick
outcome. Therefore, to predict these variables from movement PCs, we aligned
the PCsto lick events using a200 ms window. b, Decoding accuracy of various
decision variables from movement PCs was estimated using a200 ms sliding
window (75% overlap) at different time lags relative to the lick event (example
session shown). ¢, Peak decoding accuracy (grey dots) for each decision variable
occurred between 100 ms and 350 ms after the lick. Error bars represent the
median and m.a.d. across sessions (N =10 sessions, 8 sessions from distinct
animals, two from the same animal). d, This schematic describes the method

Action
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Neg. value
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used to partial out the linear relationship between latent variables. This approach
allowed us to decompose DV1 (for example, consecutive failures) into the sum
of two time series: one proportional to DVO (for example, action outcomes) and
another orthogonal (uncorrelated) to DVO, which we denote as unique DV1 (for
example, unique consecutive failures). The unique consecutive failures residual
(pink) is orthogonal to the action outcomes (black). Subsequently, the same
procedure generated the unique negative value residual, orthogonal to both
action outcomes and unique consecutive failures. The three resulting orthogonal
time series (action outcomes, unique consecutive failures, and unique negative
value) were then fit using movement PCs.
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Extended Data Fig. 2| Facial movement encodes decision variables
independently of licking rate and can also reflect slow timescale processes.
a, Changes inlick rate across 4 example bouts. b, Correlation (Pearson’s
coefficient) between lick rate and the two decision variables (median across

10 sessions with 25th and 75th percentiles; whiskers represent minimum and
maximum values). A small negative correlation exists between lick rate and

the decision variables, suggesting that mice tend to lick slightly faster during
reward consumption and slow down towards the end of alick bout. ¢, Decoding
accuracy (cross-validated R?) for action outcome, unique aspects of the two
decision variables, and arbitrary signals in each region of interest (median across
10 sessions with 25th and 75th percentiles; whiskers represent minimum and

0.6 0.6 0.6

0.4 0.4 @ [I] 04

02 @ 0.2 é 0.2

O ............. @ 0 ................ 0
e @ 2 @

e\'b(' @ Q,o& Q:(b(’ Rt S K

& & N & N

Lick rate variance removed from decision variables

Action
outcome

Unique
Consec.failures

Arbitrary
signal

maximum values). The movement PCs are used as predictors in multivariate
regression models to predict the action outcome and the decision variables

with lick rate variance removed (partialed out). The variance in action outcome,
consecutive failures and negative value that is not explained by lick rate remains
highly decodable. This suggests that the relationship between facial expressions
and latent variables is not solely explained by licking behavior. d, Decoding of
bout number from facial movement PCs in an example session. The actual bout
number is shown as a thick light orange line, and the decoded projectionis shown
asathin dark orange line. e, Decoding accuracy (cross-validated R?) across all
sessions (N =10, orange dots). Boxplots show the median (center line), 25th and
75th percentiles (box edges), and minimum and maximum values (whiskers).
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Extended Data Fig. 3 | Facial expression of different task variablesinan
auditory two-alternative forced choice (2AFC) task. a, Mice (N = 5 for a total
of 20 behavioral sessions) were presented with single tones (150 ms) of varying
frequencies (low: 9.9,12,and 13 kHz; high: 15,16.3, and 20 kHz) and, after adelay
period (500 ms after stimulus offset), reported their perceived frequency
(high or low) by licking one of two water spouts (left or right) to receive a water
reward if the response was correct. Simultaneously videos were recorded at

60 fps. b, Task schematics and time intervals analyzed. Video analysis focused
onthree periods, color-coded in the schematic: “pre-stimulus” (before tone
onset;1s), “pre-response” (including stimulus presentation and part of the
delay period; 500 ms), and “response” (around the time of the lick response;
200 ms). ¢, Representative frame from the co-registered video (generated by
combining the 20 sessions), along with the first four eigenfaces. Error bars
represent the median and m.a.d. across mice (N = 5). d, Average motion energy

across task periods. Motion energy (relative to the video average) is shown for
each analysis period. Low motion is observed during the pre-stimulus period
(top), increasing during stimulus presentation (middle), and peaking during the
response (bottom), reflecting movement associated with licking. e, Decoding
accuracy of task variables from facial movement PCs. Decoding accuracy from
facial movement PCs for previous trial outcome (rewarded/unrewarded) and
trial number. Each dot represents the average decoding accuracy across sessions
for asingle mouse; error bars indicate the median and m.a.d. across mice. The
task variables, especially the slow latent variable ‘Trial number’, can be decoded
with relatively high accuracy from facial movement PCs. f, Weighted masks (that
is, facial representation of the decoded task variables in panel e) for the three
different time intervals. The expression of the task variables on the face is highly
consistent across the different time intervals, suggesting that this representation
isindependent of the animal’s overall movement.

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article https://doi.org/10.1038/s41593-025-02071-5

Original videos/images Coregistered c
o
owtromipeppy
A . o
Merged video i
Video 1 Lol ) imm . °©
PP V i
0 15 80, il v
0 15 30 ',‘
Time (s) M——
0 15 30
80 1
60 1 .
Video
40 1 ol
3 o2
Video N 20 1 . .3
Reference ~ ; °o4
b Average image/ 2 07 P . g o5
silhouette e R L N L o6
1 -20 1 07
Lk . o8
5 + -40 1 K 3 o9
kS
© 0.5 + 60 1 °10
8
-80 T T T T T T T
0 -60 -40 -20 0 20 40 60
Orig Co-reg tsne 1
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An affine transformation determined by using these landmarks and MATLAB's the first five principal components (PCs) derived from motion energy analysis of
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(orange, bottom). This transformation facilitated comparisons and averaging the merged video data. d, t-SNE visualization of the first 100 PCs of the merged
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average facial silhouette (Fig. 2). b, Improvement in pairwise 2D cross-correlation ~ between videos.

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article https://doi.org/10.1038/s41593-025-02071-5
a Wild type mice (laser OFF) b VGAT mice (laser OFF)
Action Unique Arbitrary Action Unique Arbitrary
outcomes Consec.failures signal outcomes Consec.failures signal

®

N
A

Example session from single mice

Average
whole face

Weighted motion energy (a.u.)
- T+

d

Correlation across mice

Example session from single mice

2 Correlation across
4 decision variables
6
Q
g s 58
o S I
o =0
= = 935
2 % <_§
4 =
o
6 o Weighted motion energy (a.u.)
8 - e+
2 4 6 8 2 4 6 8
Mouse OUT CF ARB
e o Neural recording dataset f
- Sampled optogenetics dataset g
Lo E 04 0.4 L 0.4 .
5 S 02 02 0.2 -
o o . . . .
= IS X7 -h{H-I—- 7
% c 4 CF L%
£ % 01 ‘— 07 i 01 “—pishe
o . . .
O © . P .
S .02{ ARB 0.2{.” ARB 02].” ARB
© 02 0 02 04 06 02 0 02 04 06 02 0 02 04 06

OuUT CF ARB
Extended DataFig. 5| Stereotyped facial expressions of decision variables
inwild-type and VGAT mice. a, Weighted masks for a single example session
(top) of each wild-type mouse (N = 3) and averaged across all sessions (N = 24,
bottom) from all mice during the laser OFF condition. b, Same as in panel (a) but
for asingle example session (top) of each VGAT (N = 5) and averaged across all
sessions (N = 24, bottom) from all mice during the laser OFF condition. ¢, Inter-
animal similarity of facial expression of decision variable (Action outcome: OUT;
Unique consecutive failure: CF; Unique negative value: VAL; Arbitrary signal:
ARB). Colors represent the normalized 2D cross-correlation at zero lag between
the mean weighted masks of two mice (for each mouse the mean weighted mask
was the average across sessions, N = 8 mice, 6 + 2.7 sessions per mouse). d, Mean
weighted mask similarity for each mouse and decision variable. Each gray dot
represents the average pairwise correlation of the mean weighted mask of a
mouse for a given decision variable with the mean weighted masks of all the other
mice for the same decision variable. Each gray diamond represents the average
pairwise correlation of the mean weighted mask of amouse for a given decision
variable with the mean weighted masks of the same mouse for all the other

Correlation within mice
decision variables. Color errorbars represent median and m.a.d across
mice (N =10, 8 sessions from distinct animals, two from the same animal).
e, Distribution of average pairwise 2D correlations at zero lag for
electrophysiology (datain Figs. 2-4) and downsampled optogenetics
(datain Fig. 5) datasets. Pairwise correlations of facial expression of decision
variables were calculated for all sessions in the electrophysiology dataset
(black dots; median and median absolute deviation (m.a.d.) indicated). For
comparison, 10 sessions were randomly sampled from the optogenetics dataset
multiple times, and average correlations were calculated for each sample (gray
dots). The sampling procedure was repeated twenty times, each represented
asarow of gray dots. Note that correlations are overall smaller than the ones
estimated using averages across sessions (rather than single ones) as in (d).
f, Within- and across-mice correlation of decision variable facial expression. Each
point represents the average correlation of a single behavioral session with all
other sessions, either from the same mouse (within) or different mice (across).
Errorbars represent mean and s.d. across sessions per mouse (N = 8 mice, 6 +3
sessions per mouse).
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Extended Data Fig. 6 | Decoding multiple decision variables and facial
movement from neural activity. a, We recorded with Neuropixels probes
inmultiple regions of the frontal cortex. Schematic target location of the
neuropixels probe insertion. Vertical insertions were performed withinalmm
diameter craniotomy centered around +2.5 mm anterior and +1.5 mm lateral
from Bregma. b, An example of histology with the electrode track. We painted
the probe with ared, fluorescent dye to recover the probe’s location post-hoc.
¢, Todecode the instantaneous value of multiple decision variables (pink &
blue traces, right), we used regression models taking as predictors the activity
of simultaneously recorded neurons in each brain region (black traces, left,
example activity from M2). The model predictions (the weighted sums of neural
activity, black trace right) overlap with the decision variables. d, Neural vs.
facial movement PC decoding latencies for different decision variables (N =10
sessions). Each session contributes three points (gray, pink, blue), one per
decision variable. Points above the identity line indicate later facial movement

Decoding accuracy (R?)

representation relative to neural representation. Black cross: median + m.a.d.
acrossall points. e, Predicting facial movements from neural activity in M2,

OFC, and OC. GLMs were trained to predict facial movement PCs using a 50 ms
non-overlapping sliding window of lagged neural activity from M2, OFC, and OC.
Facial movement PCs were derived from concatenated videos to enable cross-
session comparisons. f, Relationship between decoding accuracy and the time of
peak decoding accuracy for facial movements. Peak times (median of cross-
validated R? across sessions, N =10) are shown for the 25 PCs of facial movement
with the largest variance, as a function of decoding accuracy from neurons in
M2, OFC, and OC. Each dot represents one facial movement PC. Negative values,
particularlyin M2 (M2 =-0.05+ 0.06, p = 0.002; OFC =-0.05+ 0.10, p = 0.194;
0OC=0.05+0.09, p =0.0194; median + m.a.d, N =10 sessions, Wilcoxon signed
rank test, Holm-Bonferroni corrected), indicate that neural activity preceding
the facial movement is most predictive.

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-025-02071-5

a
Inactivated b
SNy AR SN SN O\ O @
2 2 2 2 2 2 2 3 0l
. e - - r - K 8
Control H e
: @
®\ @\ ®\ @\ ®\ @\ H ®\ 50.05
A A A A A Z D é
Lick number Last < 0 2
1 2 4 6 8 10 lick 5 10
Lick number
| e—
-3 0 3
A Motion energy (a.u.)
c Decoding accuracy with lick rate variance removed
Inactiv. Control o
. x
0.6 0.6 e =
z z -
O 04 S o4l °° ¢%° g
5 % 5 g
@ 0.2 & g 0.2 8
— = <
ol [ ol Q
0 02 04 06 0 02 04 06
Laser OFF Laser OFF
d Latency with lick rate variance removed
Inactiv. Control
° w
z z
5 5 &
@ @ %
3 @ 3
- - = - <
-02 0 02 04 -02 0 02 04 e \
S L
Laser OFF Laser OFF & o

Extended Data Fig. 7 | Effect of M2 inactivation on movement and facial
expressions of decision variables with lick rate variance removed. a, Laser-
induced changes in facial movement patterns. 2D masks show the difference
inaverage facial motion (calculated from movement PCs) between laser ON

and OFF conditions, across mice and at different lick numbers (decision time
points). b, Variability of laser-induced facial motion changes. The variance of the
difference in motion energy between laser ON and OFF conditions (normalized
by the variance in laser OFF) is shown as a function of lick number for inactivated
(green, N =5mice) and control (black, N =3 mice) groups. Thick lines represent
group means. ¢, Decoding accuracy after removing the effect of lick rate (top

& middle): Comparison of laser ON vs. laser OFF conditions. Dots below the

unity line indicate that representations of decision variables derived from facial
movement PCs were decoded less accurately during laser ON than laser OFF.
Difference in decoding accuracy (bottom): Laser ON minus laser OFF (mean
across sessions for each mouse in the inactivated and control groups). Individual
mice are indicated by color. d, Same as in (c) but for decoding latency. Dots above
the unity lineindicate that representations of decision variables derived from
facial movement PCs were decoded later during laser ON than laser OFF. Partial
silencing of M2 reduced the accuracy and increased the latency with which facial
movement PCs predicted decision variables, even after controlling for lick rate.
This suggests that the latent variable represented in facial movements is not
simply a consequence of the relationship between M2 activity and lick rate.
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Sample size A first group of animals was trained for the electrophysiology (N = 9). A second group of animals was the trained for optogenetics (N = 8).
Sample sizes were selected based on our previous knowledge of mouse-to-mouse variability in the foraging behavior (Cazettes et al. 2021,
2023). No statistical methods were used to pre-determine sample sizes but our sample sizes are similar to those reported in previous
publications (Musall et al., 2019 Nature Neuroscience, Stringer et al. 2019 Science).

Data exclusions  Animals that did not learn to perform the behavioral task were excluded from the study. For the electrophysiological datasets, animals were
included only if all the Neuropixels probe was located in the target regions by post-hoc histological analysis. Single units (neurons) spike
clustering quality were assessed manually using Phy. Units were only included if firing rate did not drift over the recording session, and spikes
did not violate absolute refractory period (see Method).

Replication All relevant behavioral effects were present in the majority of animals trained. Effects reported in neural data were consistent across animals.
We replicated the results on the facial expressions of decision variable found in the first cohort of mice recorded with Neuropixels (N =9
mice) on a second cohort (N = 8) used for optogenetics.

Randomization  The task statistics were similar across sessions but probabilistic. Thus, the sequences of events during behavior bouts were naturally
randomized by the probabilities and the length of behavior bouts also depended on individual behavioral responses. Therefore, each session

had a unique sequence of behavior bouts.

Blinding The experimenter was blind to the genotype of the mice when performing optic fiber implantations and running the optogenetic experiments.
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Laboratory animals Male and female C57BL/6J and VGAT mice (2-9 months old) were used in this study. All mouse strains were purchased from The
Jackson Laboratory and bred in-house. Mice used in the electrophysiology experiments (N = 9) were of the C57BL/6J background (Jax
stock number: 000664). For the optogenetics experiments, B6.Cg-Tg(SIc32a1-COP4*H134R/EYFP)8Gfng/) mice (also known as VGAT-
ChR2-YFP BAC, Jax stock number: 014548) were used. This included hemizygous VGAT-ChR2-YFP mice (N = 5) and wild-type
littermate controls (N = 3). Mice were housed in individually ventilated cages under a normal 12 h light/12 h dark cycle, temperature
was maintained between 19 °C and 23 °C and humidity between 50% and 65%.

Wild animals The study did not involve wild animals.
Reporting on sex Both male and female mice were used in this study.
Field-collected samples  The study did not involve samples collected from the field.

Ethics oversight All experimental procedures were approved and performed in accordance with the Champalimaud Centre for the Unknown Ethics
Committee guidelines and by the Portuguese Veterinary General Board (Direcdo Geral de Veterinaria, approval 0421/000/000/2016).
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