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Rapid learning confers significant advantages on animals in ecological environments.
Despite the need for speed, animals appear to only slowly learn to associate rewarded
actions with predictive cues' ™. This slow learning is thought to be supported by
gradual changes to cue representation in the sensory cortex>’. However, evidence is
growing that animals learn more rapidly than classical performance measures
suggest®, challenging the prevailing model of sensory cortical plasticity. Here we
investigated the relationship between learning and sensory cortical representations.
We trained mice on an auditory go/no-go task that dissociated the rapid acquisition of
task contingencies (learning) from its slower expression (performance)’. Optogenetic
silencing demonstrated that the auditory cortex drives both rapid learning and slower
performance gains but becomes dispensable once mice achieve ‘expert’ performance.

Instead of enhanced cue representations®, two-photon calcium imaging of auditory
cortical neurons throughout learning revealed two higher-order signals that were
causal to learning and performance. Areward-prediction signal emerged rapidly
within tens of trials, was present after action-related errors early in training, and faded
in expert mice. Silencing at the time of this signal impaired rapid learning, suggesting
thatit serves an associative role. A distinct cell ensemble encoded and controlled
licking suppression that drove slower performance improvements. These ensembles
were spatially clustered but uncoupled from sensory representations, indicating
higher-order functional segregation within auditory cortex. Our results reveal that
the sensory cortex manifests higher-order computations that separably drive rapid
learning and slower performance improvements, reshaping our understanding of the
fundamental role of the sensory cortex.

Despite the value of rapid learning in ecological environments, most
laboratory models of rodent learning show that linking sensory cues
with reinforced actions is a slow, gradual process' *°. An alternative
view suggests that animals, including humans, rapidly learn relation-
ships between cues, actions and reinforcement®, evenif they continue
to make ongoing performance errors™”. Recent behavioural studies
in rodents have begun to reconcile these views, arguing that latent
task knowledge (that is, discriminative contingencies) can emerge
rapidly even thoughbehavioural performance appearstoimprove only
gradually’. We aim to explore how these two dissociable behavioural
processes—rapid acquisition of contingencies and slower performance
improvements—are implemented in the brain.

An attractive brain region to consider is the sensory cortex, as it is
thought to underlie instrumental learning by modulating the repre-
sentation of sensory cues that drive behaviour. Indeed, the timescale
of plasticity for these cue-related responses mirrors the slow and
gradual improvements in behavioural performance*””, This raises a
fundamental challenge: ifanimals learn discriminative contingencies

rapidly but sensory cortical cue representations change slowly"**,

the causal model thatlinks cue-related plasticity to learning becomes
problematic. One possible solutionis that the sensory cortex hasarole
beyond cue-related representational plasticity and directly represents
higher-ordersignals that associate reinforced actions with predictive
cues. Here we tested this hypothesis and focused on the auditory cortex
(AC), where cue-related plasticity is thought to increase the salience of
the conditioned stimuli to underlie audiomotor learning'-.

We trained head-fixed mice to lick to a target tone (S+) for water
reward and to withhold licking to a foil tone (S-) to avoid a timeout
(auditory go/no-gotask; Fig.1a). Toisolate AC computationsrelated to
higher-order functions and unrelated to complex auditory processing
or perceptual sharpening, we used three-quarter octave-spaced pure
tones. Processing of these simple auditory cues does not require the
AC, and the tones are easily discriminable at the perceptual level. To
support this, two-photon imaging of AC excitatory neurons showed
that stimulus identity could be accurately decoded from AC activ-
ity from the first training day with no subsequent improvement
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Fig.1| ACsilencingimpairs sound-guided learning and performance during
learning. a, Auditory go/no-go task. H, hit; M, miss; FA, false alarm; CR, correct
reject. b, Task knowledge is probed daily by omitting reinforcement. ¢, Two
learning trajectories are revealed: afast acquisition of task contingencies
(measured inprobe trials (green)) and a slower performance improvement
(measured inreinforced trials (black)). d, Probabilistic optogenetic AC silencing
overlearning. Ctrl, control; PV, parvalbumin; E, excitatory; reinf,, reinforcement.
e, Testing conditions (n =8 control, n = 8 PV-ChR2 mice).f, Accuracy inreinforced
light-on trials (two-way ANOVA, P =2.21 x 10 *; all ANOVA statistics are reported
inSupplementary Table1). g, Action rate in reinforced light-on trials (two-way
ANOVA;H,P=0.07;FA, P=1.22 <10 *).Seealso Extended DataFig.4. h, Accuracy
inprobe light-off trials (two-way ANOVA, P=1.72 %10 °).i, S+ response index
(two-way ANOVA, P< 10 "™ Methods). Black and grey lines represent individual
mice and dots indicate change points (Methods). j, Maximal difference between
hitand FA rates in probe light-off trials over the first 6 days (n = 8 mice per group,
mean+s.e.m., t-test, P=5.34 =10 ). k, Hit lick latency in probe light-off trials

over the first 6 days (n = 48 days per group, t-test onlog-transformed data, P= 0.02),
I, Accuracyinreinforced light-offtrials (two-way ANOVA, P=1.14 10 *).m, Action
rateinreinforced light-off trials (two-way ANOVA; H: P= 0.57, FA: P=1.91%10 7).
n, Accuracy inreinforced light-off trials with inter-subject alignment (probe
accuracy (acc.) = 0.65(indicated by green triangle); two-way ANOVA,P<10°%;
see Extended Data Fig. 3a-c). o, Comparison of light-off versus light-on trials to
measure ACsilencing effect on on-line performance. p, Sessiondensity plot of
accuracy inreinforced light-on against light-off. See also Extended Data Fig. 3d-g.
Max, maximum; min, minimum. q, Within-subject accuracy differencein
reinforced light-on and light-off trials, aligned to when FArate <0.3inreinforced
light-off (two-way ANOVA, P=3.37 » 10 ).r, Within-subject accuracy difference
inreinforced light-on and light-offtrials when silencing at expert level (n = 4;
t-test, P=0.58).See also Extended Data Fig. 3n-p. See Methods for further
description of statistics for all figures. In all figures, *P< 0.05,**P < 0.01,
***P<(0.001; NS, notsignificant.
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(Extended DataFig.1), suggesting that the ACwas indeed not needed
for perceptual sharpening in the task. Performance was evaluated in
eachsessioninreinforced and non-reinforced (‘probe’) trials (Fig. 1b).
Performance in probe trials revealed a rapid acquisition of task contin-
gency knowledge which was expressed only much later in reinforced
trials” (Fig.1c). Reinforcement feedback, although critical for learning,
paradoxically masked the underlying task knowledge. By combin-
ing this behavioural procedure with optogenetics and longitudinal
two-photon imaging, we aimed to determine how quickly mice learn
stimulus-action contingencies and to define the fundamental role of
AC insound-guided learning.

ACisthe default pathway for sound-guided learning

Lesion studies have suggested that the AC may not be essential for
learning or execution of cue-guided tasks with simple sensory stim-
uli™ ™. However, permanent lesions cannot determine whether the
AC is normally used for, or causally produces®, learning in an intact
brain. To address this, we exploited a transient silencing approach to
prevent the recruitment of alternative pathways"'* while also using a
probabilistic design to enable assessment of learning as distinct from
performance by measuring behaviour on non-silenced trials, thereby
avoiding direct effects of silencing on performance.

We examined the effect of bilateral cortical silencing of the AC
throughoutlearning (Fig. 1d, n = 8 controland n = 8 parvalbumin chan-
nelrhodopsin (PV-ChR2) mice; see Methods for silencing approach and
Extended DataFig. 2 for physiological confirmation of silencing). We
probabilistically silenced the AC on 90% of reinforced trials through-
out learning (‘light-on reinforced’; Fig. 1d), leaving 10% of reinforced
(‘light-off reinforced’) and 100% of probe trials (‘light-off probe’) with
intact AC activity. This design enabled us to assay the effect of cortical
silencing on performance (control versus PV-ChR2 performance on
light-on reinforced trials) versus acquisition learning (control versus
PV-ChR2 performance onlight-off probe trials) and expression learning
(control versus PV-ChR2 performance on light-off reinforced trials)
(Fig.1e).

We first compared performanceinlight-onreinforced trials between
PV-ChR2 and control mice (Fig. 1e) and observed a large performance
impairment in PV-ChR2 mice (Fig. 1f,g). To address whether this per-
formance reduction was accompanied by an impairment in rapid
learning, we examined performance during light-off probe trials
(Fig. 1e,h—k) when the AC was not silenced and knowledge acquisi-
tion can be accurately measured’. Accuracy was lower during probe
trials in PV-ChR2 mice (Fig. 1h), with delayed S+-response learning
(Fig. 1i), lower discrimination (Fig. 1j), and longer lick latency on hit
trials (Fig. 1k). Rapid acquisition of task knowledge was therefore
impaired in PV-ChR2 mice.

Accuracy was also lower in reinforced light-off trials in PV-ChR2
mice (Fig. 11,m), even after controlling for their slower task acquisi-
tion (Fig. 1n and Extended Data Fig. 3a—c). These impairments were
alsoapparentinresponse latency and response vigour (Extended Data
Fig.4). Together, these results suggest that the AC is the default path-
way for sound-guided reward learning, even when it is not needed for
perceptual sharpening.

ACisused duringlearning but not at expert

We next sought tounderstand the contribution of AC activity as mice
transitioned to expert performance. Transient inactivation of AC in
expert mice has led to conflicting results, with some reports showing
degradation of sound-guided behaviour™'*""'* and others showing
no such degradation™"*". We exploited our probabilistic silencing
strategy and compared performance in light-on (AC silenced) ver-
sus light-off (AC functional) reinforced trials within subjects (Fig. 10).
Performance on these two conditions was similar at early periods of
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training, as performance was poor overall (Fig. 1p). As training pro-
gressed, performance remained poor on light-on trials butimproved
on light-off trials (Fig. 1p), demonstrating that the AC is used for task
performance atearly and intermediate time point during learning. Sur-
prisingly, this deficitin performance onlight-ontrials waned (Fig. 1p.q),
suggesting that whereas the AC was used during learning, it became
dispensable once the mice had mastered the task.

These results have three possible explanations: (1) ACsilencing alters
tone perception, increasing task difficulty at the perceptual level and
thereby delaying learning; (2) repeated exposure to light reduces opti-
cal clarity over time owing to factors such as dura regrowth, thereby
reducing the silencing effect; or (3) AC silencing serves as a distrac-
tion versus interfering with atask-relevant process. To address (1) and
(2), we inactivated the AC in a separate group of mice only after mice
reached expert performance (Methods), which did not resultina per-
formance deficit” (Fig. 1r and Extended Data Fig. 3n—p). To address
(3), we bilaterally silenced the visual cortex (VC) throughout learning
in PV-ChR2 mice and observed no effect on performance (Extended
DataFig.3h-m).

Together, these results show that the AC is engaged during learning

butis dispensable at expert levels, potentially tutoring subcortical
structures that take over once the associations are learned.

Unsupervised discovery of learning-related dynamics

We next sought to understand the nature and dynamics of AC activity
underlying learning and performance. We performed longitudinal,
two-photon calcium imaging of thousands of AC layer 2/3 excitatory
neurons (Fig. 2a,band Extended Data Fig. 5a-e,i,j) inmice learning the
auditory go/no-go task (n = 5). A separate group of water-restricted
mice was passively exposed to two pure tones over the same dura-
tion butwith no association with reinforcement (n = 3; Extended Data
Fig. 5d-fand Methods). This design enabled us to use the passive net-
work as abase case model toisolate learning-related neural dynamics.
We tracked the activity of the same neurons across weeks, including
pre- and post-learning tuning curve sessions (n = 4,643 neurons in
8 mice; Fig. 2c and Extended Data Fig. 5f-h and Methods).

From this high-dimensional dataset, we sought to identify single
neurons and neuronal ensembles carrying learning-related infor-
mation, resolve stimulus and non-stimulus-related activity within
a given trial, identify changes in representation across trials, and
determine outcome-specific dynamics. To do so, we organized
our data into a four-dimensional array containing neurons x time
in trial = trials across learning x trial outcome (Fig. 2d). To identify
shared and distinct variability in neuronal populations recorded in
passive (n = 2,339 neurons ‘passive network’) and learning (n= 2,304
neurons, ‘learning network’) mice, we created a ‘megamouse’ by
combining data from all mice and aligning neural activity to learning
phase (n = 4,643 neurons; Fig. 2e, Extended Data Fig. 6 and Methods).
We then used low-rank tensor decomposition to allow unsuper-
vised identification of demixed, low-dimensional neural dynamics
across multiple dimensions*-* (Extended Data Fig. 7a-c and Meth-
ods). The tensor decomposition revealed six neuronal dynamics,
each characterized by the four factors of the original tensor (Fig. 2f,
Extended Data Figs. 7d,e, 8d and Methods). These six dynamics rep-
resented separable computations performed by the auditory cortical
networks.

To summarize and obtain an intuitive visualization of the tensor
decomposition output, we projected the product of the decomposition
into principal component subspace. We observed that learning and
passive networks exhibit distinct dynamics (Fig. 2g and Extended Data
Fig.7g,h) and that the neural dynamics of different trial types evolved
further apartin the learning versus passive networks (Extended Data
Fig.7i,j). Notably, theidentified dynamics were not driven by isolated
mice (Extended Data Fig. 7f).
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Fig. 2| Low-rank tensor decompositionreveals learning-related network
dynamics. a, Multi-plane, longitudinal two-photon calcium imaging of layer
2/3 excitatory networkin the AC (scale bar, 100 pm) during learning (n = Smice)
or passive exposure (n=3mice; Methods). b, Tonotopic organization of the
field of view of one example mouse before learning (scale bars, x=73 pum,
y=76um).5eealso Extended DataFig. 5. ¢, Six example cells tracked daily over
weeks during behaviour (black triangles, tuning curve sessions). d, Neural data
are arranged by neurons = time in trial (-1to +4 srelative to tone onset, vertical
line) = trials over time = trial outcomes. e, Left, activity from all learning and
passive cellsis concatenated to create a fourth-order tensor (megamouse). In
the third, ‘across-trials”dimension, dataare aligned across mice according to
learning phases (Extended Data Fig. 6 and Methods). f, Megamouse tensor
decomposition identifies six neuronal dynamics (numbered; Methods)
characterized by four factors: neuron, withintrial, across trials (xticks, 20-trial
blocksincrements) and outcome (see also Extended DataFig. 7). g, Projection

For further analyses, we attributed each dynamic to individual neu-
rons on the basis of the maximum weight of the neuron (‘unique par-
ticipation’; Fig. 2h, Extended Data Fig. 8 and Methods). We mapped
the six dynamics onto six distinct cell ensembles—that is, groups
of neurons that maximally encode a particular network-specific
dynamic (Fig. 2i and Extended Data Fig. 8d). It is important to
note that individual neurons and corresponding ensembles could
exhibit mixed selectivity for the six dynamics, which allows an
individual neuron to contribute to multiple, independent compu-
tations (Fig. 2j). Overall, non-selective, tone-evoked activity domi-
nated the passive network (Fig. 2f, dynamics 1 and 2), whereas both
tone-selective (Fig. 2f, dynamics 3 and 4) and contingency-specific
delayed responses (Fig. 2f, dynamics 5 and 6) were present in the

]
* Ensembles

'h 3 Ensemble 6 0

of the tensor decomposition output onto principal component subspace.
W... W, andW, indicate neuronal, within-trialand across-trial weights for
acomponentr, respectively. h, Left, t-distributed stochastic neighbour
embedding (¢t-SNE) projections of neuronal weights. Each dot representsacell,
coloured according to the neuronal dynamic of highest contribution. Right,
barsdisplay the proportion of learning and passive cells among the highest
contributors for each dynamic. Dynamicsland 2are driven by the passive
network (burgundy), whereas dynamics 3-6aredriven by the learning network
(blue).i, In the passive network, the highest contributing cells indynamic1
define cell ensemble 1, and the highest contributing cells in dynamic 2 define
cellensemble 2. Similarly, in the learning network, cell ensembles 3-6 are
constituted by the highest contributing cells to dynamics 3-6, respectively.

j, Absolute weights of cell ensembles across the six identified dynamics. Neurons
can participate in more than one dynamic.

0.02

learning network. We therefore carefully inspected these separable
dynamics.

Learning counteracts tone-evoked habituation

A prevailing view in sensory systems holds that sensory cortices con-
tribute to associative learning through plasticity of the cue represen-
tation®***, This model posits that individual neurons, via changes in
sensory tuning, and neural populations, via cortical map expansion,
enhance the representation of behaviourally relevant cues for use by
downstream regions~*, These studies, however, measure neural tuning
and map expansion outside the task context before and after learning
and infer that plasticity of cue representations reflects the mechanistic
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Fig.3|Learning counteracts tone-evoked habituation and maintains
stimulus selectivity indistinct populations. a, Cell ensemble 1. b, Average
activity of cell ensemble 1 for S1and 52 trials across time (80-trial blocks). Black
triangles indicate tone onset, grey lines delimit trial blocks. Black dashed lines
separate early, middle and late phases (Methods). ¢, Tone-evoked responses of
cell ensemble 1across time phases for S1and 52 trials combined (n=1,114 cells;
Friedmantest, P=1.26 x10 **").d, Cell ensemble 2. e, Average activity of cell
ensemble 2 forS1and 52 trials. f, Tone-evoked responses of cell ensemble

2 across time phases for S1and S2 trials combined (n = 689 cells; Friedman test,
P=7.32x10"").g, Cellensemble 3. h, Average activity of cell ensemble 3 for hit
(H) and CR trials across learning (80-trial blocks). Black dashed lines separate
learning phases (Methods). i, Cellensemble 4. j, Average activity of cell ensemble
4 for hitand CRtrials. k, Response index (response probability over learning;
Methods) of cell ensembles1and 2 (n=1,803 cells) versus cell ensembles 3and 4

role of the sensory cortex. To assess this model, we initially focused on
the cell ensembles that exhibited classical stimulus-evoked activity
(Fig. 2f), cell ensembles 1-4.

We observed a prominent signature of stimulus-evoked habitua-
tion over hundreds to thousands of trials. This habituation dominated
activity in passive networks, as seen in cell ensembles 1and 2 which

964 | Nature | Vol 641 | 22 May 2025

(n=726cells) (Wilcoxon test, P=1.23 x 10 *%). 1, Selectivity index (Methods) of
cellensemblesland 2 (n=1,803cells) versus cell ensembles 3and 4 (n =726 cells)
(Wilcoxontest, P=1.37 x10 *').m, Pre (top) and post (bottom) learning tonotopic
maps (left), after spatial binning (middle) and restricted to surface with S+ (filled
triangle) and 5- (opentriangle) best frequency (BF; right) (example mouse).

n, Changeinsurface representation pre- versus post-task learning (learning)
or passive exposure (passive) (binomial proportion tests). o, Pre- versus post-
learning change inneural responsiveness to S+ and 5- (binomial proportion
tests). p. Pre-versus post-learning change intone-evoked responses of pre-task
S+ and S-responsive neurons (n =604 and 438 cellsinlearning, n = 314 and 614
cellsin passive; Kruskal-Wallis test, P=2.77 « 10 7). g, Pre- versus post-learning
comparison of local best-frequency differences in tonotopy. r, Distribution of
map local differencesinlearning (n = 389 pixels) versus passive mice (n =166
pixels; Kolmogorov-Smirnov test, P=1.69 x 107,

represented around 77% (1,803 out of 2,339) of all passive cells (Fig. 3a,d).
These neurons exhibited stimulus-evoked activation (cell ensemble 1)
orsuppression (cell ensemble 2), both of which decreased inamplitude
overtime (Fig. 3b,c,e,f). These cellensembles were not stimulus-selective
and displayed the same dynamic in both stimulus 1(51) and stimulus 2
(S2) trials (Fig. 3b,e). These ensembles thus reflected the broad-based



suppression of non-selective neurons after long-term repeated presenta-
tion of the same sounds, consistent with previous reports®.

We observed stimulus-evoked responses that were selective for the S-
(cellensemble 3) or S+ (cell ensemble 4) cues (Fig. 3g-j). Cellensemble 3
consisted of 19% of the learning network (Fig. 3g) and displayed amodest
habituation but mainly a strong preference for the 5- throughout learn-
ing (Fig. 3h), whereas cell ensemble 4 (12% of total learning cells; Fig. 3j)
exhibited S+ selectivity throughoutlearning (Fig. 3j). Cellensembles 3
and 4 were more responsive and selective than cell ensembles1and 2
(Fig. 3k,1). Stimulus-evoked activity analyses across days of all recorded
neurons (n=7,137) support these results (Extended DataFig. 9). There-
fore, learning counteracted tone-evoked habituation and maintained
distinct ensembles that encoded either the S+ or 5—selectively.

Learning is not associated with AC map expansion

The sensory cortex is thought to contribute to associative forms of
learning by increasing the salience of the conditioned stimuli. This can
occurviaanincrease or change inthe representation or selectivity fora
particular feature—thatis, adetection-or discrimination-based mecha-
nism, respectively. To directly test representational expansion and
tuning shifts, we assessed stimulus-evoked responses before (pre-task)
and after (post-task) learning, akin to classical measures of tuning and
tonotopy. We computed the change insurface areaoccupied by S+-and
S—-preferring cells in tuning curve sessions, outside the task (Fig. 3m).
surprisingly, we observed noincrease in the map-level representation
of the S+ or S—-after learning, and instead observed a modest decrease
(Fig.3m,n). In addition to the best-frequency representation, the frac-
tion of neurons responding to the S+ and S-decreased (Fig. 30) and the
response amplitude of neurons that were initially tuned to the S+ and
S-was lower after learning (Fig. 3p). Of note, although we observed no
increasein representation to the S+and S-, learning networks favoured
the representation of frequencies between S+ and S—, but not higher
orlower as seenin passive networks (Fig. 3n). Finally, using our passive
networks as a base case comparison, we calculated the local changes
in the tonotopic map structure (Fig. 3q). Learning networks were sur-
prisingly stable and exhibited less local changes than passive networks
(Fig. 3r). These pre-versus post-learning changesin responsiveness and
tonotopy thus mirrored the responsiveness observed on-line during
learning (in dynamics 1and 2) in a stable, tracked network (n= 4,643
neurons, Fig. 3a-1), and whenincluding all neurons from each session
(n=7137 neurons) (Extended Data Fig. 9). Together, our results suggest
that cortical map expansion and changes in single-neuron tuning are
unlikely to be the substrate for associative learning™.

Partial effects of tone-restricted ACsilencing

We next sought to understand whether the maintenance of stimu-
lus selectivity by learning networks contributed to learning and per-
forming the task. We performed daily bilateral silencing of AC during
stimulus presentation throughout learning (Extended Data Fig. 10a).
Tone-restricted AC silencing impaired task performance throughout
learning (Extended Data Fig. 10b-e), task acquisition (Extended Data
Fig.10f-i)and on-line performance during learning, with gradual fad-
ing of the effect at expert performance (Extended Data Fig. 10n—q).
Accuracy and action rate were not affected inreinforced light-off trials
(Extended Data Fig. 10j,k), but PV-ChR2 mice licked more and faster
to the S- (Extended Data Fig. 101,m), suggesting that tone-restricted
AC silencing impaired expression, but to a lesser extent than full-trial
silencing. These results showed that information carried by the AC
network in the tone-evoked window is used during learning. Notably,
tone-restricted silencing affected learning less than full-trial silencing
across most measures (Fig. land Extended Data Fig. 10), suggesting that
activity after the tone-evoked window was critical for rapid contingency
acquisition and performance during learning.

Rapid emergence of reward prediction activity in AC

The sensory cortex is widely considered to be specialized for perception
by interpreting complex sensory objects* or adjusting representations
of behaviourally relevant stimuli********_ Recent evidence, however,
suggests that sensory cortical neurons directly encode non-sensory
variables such as movement™**, reward”, reward timing™, expecta-
tion* and context'>*****°_ Conjoint representations of sensory and
non-sensory variables in the same network could further hone percep-
tion or, alternatively, drive more integrative associative processes.

Inspection of within-trial dynamicsin learning-driven cell ensembles
5and 6 suggested that these neurons showed non-canonical activity,
with asignal thatoccurredlateinthetrial, delayed from the tone-evoked
response (Fig. 2f). This late-in-trial signal increased over learning and
was trial type selective (Fig. 2f). Cellensemble 5 (n =155 cells from the
learning network), exhibited late-in-trial activity on hit trials (licking
to the S+) that increased with learning (Fig. 4a). This delayed activity
was not present on correct S— trials (correct reject (CR)), as neurons
exhibited classical stimulus-evoked responses that habituated over
learning (Fig. 4b).

We then exploited our multiple trial types to disambiguate the con-
tribution of sensory, motor and reward signals to this dynamic. To
assess whether the late-in-trial signal was a delayed sensory activity, we
compared activity in hit versus miss trials (Figs. 1a, 4c—e and Extended
Data Fig. 11a; see Methods for our approach to generating a balanced
set oftrials). Cell ensemble 5did not exhibit late-in-trial activity on miss
trials (Fig. 4c-e), discarding the possibility that it reflected a delayed
sensory response. We then tested whether this activity reflected reward
consumption. We compared cell ensemble activity during hit trials
in the reinforced context to the activity during hit trials in the probe
context (Fig. 4f), where the mice expected reward and correctly licked
to the S+ butthe reward was omitted (Fig. 1b). We matched the number
of trials between reinforced and probe contexts and controlled for
within-session and across-session changes by comparing probe hit trials
to reinforced hit trials immediately before and after the probe block.
Strikingly, late-in-trial activity was preserved in probe trials (Fig. 4f),
indicating thatit did not reflect reward consumption. Finally, although
movement has been reported to decrease auditory cortical activity ¥,
we examined whether this late-in-trial signal could be driven by licking
itself. We first exploited probe hit trials where thelick rate was reduced
compared to reinforced hit trials (Fig. 4f). We observed no difference
inthelate-in-trial neural signal and could thus conclude that the signal
was not due to ongoing licking (Fig. 4f). Second, we tested the possibil-
ity that this late-in-trial signal was driven by the initiation of a lick bout
ascompared to the ongoing licking activity. We isolated spontaneous
lick bouts between training blocks and observed that the cellensemble
was not lick-responsive (Fig. 4g and Extended Data Fig. 11b). In addi-
tion, if lick initiation drove this activity, we would expect to seeit on FA
trials (incorrect licking to the S5-). For this analysis, we focused on FAs
that occurred after task acquisition, as these errors are unlikely to be
errors due to imperfect task knowledge. We observed no systematic
late-in-trial activity on these trials (Extended Data Fig.11c) even though
the licking pattern in FA and probe hit trials were similar (Extended
Data Fig. 11d). Taken together, the late-in-trial activity did not reflect
stimulus, reward consumption, licking or lick initiation. Instead, these
results showed that cell ensemble 5 encoded the higher-order process
of reward prediction (RP).

We next sought to identify the precise moment when this reward
prediction signal emerged. Initially, some, but not all, of these neu-
rons exhibited classical tone-evoked responses (Extended Data
Fig. 11i-k) but then abruptly, and within only 40 hit trials, devel-
oped a robust reward-prediction activity (Fig. 4h and Extended Data
Fig.11e). This reward-prediction signal developed over acquisition,
strengthened during expression, and then surprisingly receded
at expert level when learning is nominally complete (Fig. 4a and
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Fig. 4 | Rapidemergence of reward-prediction activity driveslearning.

a, Left, cellensemble 5 activity (n = 155 cells) across learning phases (white
dashed lines and coloured rectangles) in hit trials. White trace shows average
trial activity. Right, traces at black triangles. b, Activity across learning phases
in CRtrials. ¢, Fraction of cellensemble 5 (n = 20 cells) from one example mouse
across consecutive S+ trials. Black dots represent licks. d, Activity in hit versus
miss trials (Extended DataFig. 11a). e, Areaunder the curve (AUC) of shaded
areaind (n =155 cells; Wilcoxonsigned-rank test, P= 6.78 x 10 ). a.u., arbitrary
units. F, Bottom, late-in-trial activity (left; n = 155 cells; Friedman test, P= 0.3071)
and licksinals post-tone window (right; n = 406 trials per conditions; Kruskal-
Wallis test, P= 3.18 x 10 **) in hit trials before or after probe hit trials (top traces;
scalebars:x=0.5s5,y=1% AF/For50licks). g, Bottom, activityaligned tolick
bout onset outside task eventsin day 1 of training. Top, lick peristimulustime
histogram. h, Average activity over the first trialsin learning (40-hit-trial blocks).
i, Activity in probe FA trials. Late-in-trial AUC (grey rectangle) compared to
zero (n =155 cells; Wilcoxon signed-rank test, P=1.46 x 10 ®).j, Fraction of cell

Extended Data Fig. 11f,g). This longitudinal temporal dynamic mir-
rored our optogenetic results which demonstrates that the AC is
the default pathway for learning but then becomes dispensable at
expert levels. Together, these results show that a reward predic-
tion signal rapidly emerges at the timescale of acquisition in AC

networks.
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Probe trials (days 1-6)

ensemble 5 (n = 51cells) fromone example mouse across consecutive reinforced
FAtrials. Filled circles, reward-prediction (RP+) trials; open circles, RP- trials.
K, Fraction of cell ensemble 5 (n = 51 cells) from the same example mouse injin
reinforced FA trials (n =423 trials) after RP classification. |, Activity in FA trials
with (RP+, n =101) or without (RP-, n=322) RPsignal, and in probe FA trials

{n =19 trials) reflecting knowledge errors (Extended DataFig.12). m, Distribution
of RP+ and RP- FA trials over learning (binomial proportion tests; acquisition:
P=1.65%10"7, expression: P=3.32 x 10", expert, P= 0.22).n, Trial-specific
closed-loop optogenetic AC inactivation over learning. o, Performance index
(left; n=5controland n = 8PV-ChR2 mice; two-way ANOVA, P=2.11 % 10",
Methods) and hitlick latency (right; n = 447 and n = 316 trials; Wilcoxon test,
P=7.7 =10 ") inprobe contextin post-hitsilencing experiments. p, Performance
index (left,n =7 controland n=7PV-ChR2 mice; two-way ANOVA, P=6.36 %10 7)
and hit lick latency (right; n= 250 and n = 171trials; Wilcoxon test, P= 0.004)in
probe contextin post-FA silencing experiments.

Revealing the underlying cognitive drivers of errors

Identifying the cognitive drivers of errors is particularly challeng-
ing during learning®. Errors during learning are typically considered
‘mistakes’ while discriminative contingencies, or task knowledge, are
still forming. However, errors arise not only from knowledge-related



mistakes, for which animals incorrectly predict reward, but also from
factors suchasimpulsivity, disengagement and exploration. Although
detailed behavioural inspection has been a promising route touncover
the nature of errors', an alternative approachis to use neural activity
itself.

Mice lick inresponse to the S- (false alarms) during probe trials only
at early stages of learning and rapidly withhold thereafter, despite
continuing to lick to the S- on reinforced trials. On these probe false
alarms, lick rate is strongly reduced and mice do not display signs of
impulsivity or exploration™. Thus, we inferred that probe false alarms
are ‘knowledge-related’ errors. Notably, the neural activity in these
trials was similar to hit trials encoding reward prediction (Fig. 4i and
Extended DataFig.11h), suggesting that the mice were indeed expect-
ing reward.

We reasoned thatsuch knowledge errors should be present not only
on probe trials, but also on reinforced trials. We classified individual FA
trialsinthe reinforced context on the basis of the presence of a reward
predictionsignal (Extended Data Fig.12a and Methods). We identified a
significant proportion of trials that exhibited robust reward prediction
activity, butsurprisingly many that did not (Fig. 4j,k and Extended Data
Fig.12b). The reward prediction signal was identical to that observed
in probe trials (Fig. 41 and Extended Data Fig. 12d), providing confi-
dence that these were indeed knowledge errors. Notably, we found
that knowledge errors (RP+) were interspersed with errors that did not
elicit reward-prediction activity (RP-; Fig. 4j), suggesting that these
RP-false alarms were driven by other factors such as exploration and/or
impulsivity™™, Finally, we hypothesized that knowledge errors should
occur predominantly during the acquisition phase, when animals are
still learning the discriminative contingencies. We computed the frac-
tion of RP+ (knowledge-related errors) and RP- (non-knowledge errors)
over time and found that RP+ errors peaked during the acquisition
phase of learning, and rarely occurred during expression or expert
phases of behaviour (Fig. 4m and Extended Data Fig.11c). These results
demonstrate that the internal cognitive drivers of errors may be acces-
sible from neural data, which is particularly valuable when behaviour
aloneis insufficient (Extended Data Fig. 12¢).

Reward prediction provides the core teaching signal

Learning theory proposes that animals learn from correct actions
that are rewarded but also from incorrect actions that are not
rewarded*. This allows animals to select the appropriate action after
reward-predictive (S+) versus non-predictive (S-) cues. Given the pres-
ence of the reward prediction activity on correct S+ trials throughout
learning and incorrect 5— trials early in learning, we reasoned that
silencing auditory cortical activity during the post-response period
could affect learning and/or performance. To test this, we performed
closed-loop probabilistic optogenetic silencing of the AC whereby
light was delivered upon lick detection in 90% of either S+ reinforced
trials (n =5 control, n =8 PV-ChR2 mice) or, in a separate cohort, 5-
reinforced trials (n =7 control, n=8 PV-ChR2 mice; Fig. 4n, Extended
Data Figs. 13a, 14a and Methods). No light was delivered in 10% of S+
reinforced trials and 100% of probe trials. Given that the light was deliv-
ered after the instrumental lick response, the manipulation could not
affect the instrumental behaviour on the current trial, only on subse-
quent ones. We confirmed this by comparing performance between
light-on and light-off trials and observed no difference (Extended Data
Figs.13b-dand14b—-d). Inthe S+ cohort, post-hit silencing weakened the
stimulus—action association (Fig. 40), delayed cue-response discri-
mination (Fig. 40), but did not affect probe accuracy over the first six
days (Extended DataFig.13e-g). Crucially, the same silencing protocol
abovethe VC (n=6PV-ChR2 mice) had noeffect onbehaviour, confirm-
ing that these effects were specific to AC (Extended Data Fig. 13k,1). In
the S-cohort, post-FA silencing weakened the stimulus-action associa-
tionasmeasured onhit trials (Fig. 4p), robustly delayed cue-response

discrimination (Fig. 4p and Extended Data Fig. 13g), and impaired probe
accuracy over the firstsix days (Extended Data Fig. 13e,f). Accuracy of
PV-ChR2 mice was lower than controlin the reinforced contextinboth
experiments (Extended Data Figs. 13h and 14h), with lower hit rate and
higher false alarm rate (Extended Data Figs. 13i and 14i), and longer
response latencies on hit trials (Extended Data Figs. 13j and 14j), sug-
gesting animpairment of expression. These closed-loop manipulations
showed that AC activity at the time of the reward prediction signal in
both hit and FA trials was used by the mouse for the task acquisition
and expression. These data also demonstrate that learning is sensitive
to cortical silencing on mistakes, suggesting that in a go/no-go para-
digm, reward feedback onerror trials is crucial to the learning process.
Together, these results suggest that reward-prediction activity in audi-
tory cortical networks is used as a teaching signal during learning.

Action suppression encoding enables task performance

A critical requirement in a go/no-go task is the ability to suppress
responding to the non-rewarded, 5— cue. Here we demonstrate that
mice can withhold licking to the 5- cue early in learning, as shown
in probe trials during the acquisition phase, but continue to lick for
hundreds to thousands of trials when being reinforced throughout
expression. We explored the extent to which the AC mediates this
form of action suppression. Neurons in cell ensemble 6 (n = 704, 31%
of learning networks; Fig. 5a), but not non-member cells, exhibited
late-in-trial activity when mice correctly withheld from licking on S-
trials (CR; Fig. 5b and Extended Data Fig. 15a,b). This signal was stable
throughout training despite the increase of CR rate over learning (Fig. 5c
and Extended Data Fig. 15¢,d). This all-or-none attribute suggested
that this late-in-trial activation was tied to performance rather than
used for learning. We therefore tested the hypothesis that late-in-trial
activationin CR trials reflected actionsuppression. First, we reasoned
that activity in FA and CR trials should be similar until the moment
of suppression failure—that is, first lick. We compared the activity of
cell ensemble 6 in CR versus FA trials—that is, when mice fail to with-
hold licking (Methods), exploiting the different response latencies
in FA trials (Fig. 5d). We observed that activity dropped abruptly in
FA trials at the time of the first lick compared with CR trials (Fig. 5d,e
and Extended Data Fig. 15e). Second, if lick suppression is an active
contingency-specific process, the late-in-trial activation should be
specific for correct rejections for the S-tone, and not observed when
the mouse did notlickin response to the S+ tone (miss trials). We con-
trolled for the fact that miss trials were rare and sporadic (Methods)
and did not observelate-in-trial activation on miss trials, despite similar
peak activity after tone onset in miss and CR trials (Fig. 5f). Third, we
reasoned thatif this activity reflects the active process of action sup-
pression, the signal should decrease when the mouse is disengaged.
We therefore compared late-in-trial activity in CR trials immediately
before, during and after short blocks of disengagement (Methods)
and observed that the activity dropped significantly when mice tran-
siently disengaged from the task (Fig. 5g). These data suggest that AC
integrates a higher-order action-suppression signal.

Finally, we tested whether the action-suppression activity was causal
to performance during learning. We reasoned that silencing the AC
network throughout 5-trials should increase not only the FA rate but
also the lick probability (since the action-suppression neurons are
silent). By contrast, silencing the AC network only during the stimulus
period should increase the FA rate but not the lick probability (Extended
Data Fig. 15f). We observed amarked increase in FArate and lick prob-
ability during full-trial silencing in PV-ChR2 mice (Fig. 5h,i). Notably,
this effect was not the result of the perception of optogenetic manipu-
lation per se as suppression of the VC in PV-ChR2 mice did not have
this effect (Fig. 5h,i). By contrast, restricting silencing to the stimulus
periodincreased FA rate while not affecting lick probability (Fig. 5h,i),
suggesting that the late-in-trial activity in CR trials was critical for the
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P=744x10").c, Average activity of cell ensemble 6 in CR trials (top; n= 704 cells;
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blocks) phases (bottom; Kruskal-Wallis test, P=4.23 x 10 ). d, Heat map of cell
ensemble 6 activityinhit, FAand CR trials. FAtrials are binned according to lick
latencies (white dots show latency range extremes; white crossrepresents mean
latency). e, Heat map of cell ensemble 6 activity in hitand FA trialsis significantly
different from that of CR trials (Wilcoxon tests). £, Top, average cell ensemble

6 activity {n =704 cells) inmiss and CR trials. Quantification of tone-evoked
activity (bottom left; Wilcoxon signed-rank test, P = 0.84) and late-in-trial AUC

maintenance of action suppression. Together, these results showed
that action suppression is encoded in AC and is instrumental for per-
formance during learning.

Organization ofhigher-order contingency ensembles

We next explored the extent to which reward-prediction and action-
suppression ensembles mapped onto the underlying stimulus prop-
erties of the AC. We exploited the spatial resolution of two-photon
imaging to characterize the spatial distribution of reward-prediction
and action-suppression neurons. We observed that the two cell ensem-
bles were spatially clustered (Fig. 6a-c), but not related to pre-task
stimulus selectivity (Fig. 6d,e). We then examined whether the spa-
tial location of reward-prediction and action-suppression neurons
aligned with the underlying tonotopic map. In other words, whether
action-suppression neurons have the S—tone for best frequency, and
whether reward-prediction neurons were preferentially responsive
to S+ tone (Fig. 6f and Methods). We found that this was not the case
(Fig. 6g,h), with similar proportions of S+ and S- preferring neurons
in reward-prediction and action-suppression cell ensembles (Fig. 6i).
Therefore, contingency-related ensembles clustered into spatial
domains that were uncoupled from underlying stimulus selectivity and
tonotopy, indicating a higher-order functional segregation within AC.

Discussion

Learning-related neural dynamics are traditionally defined as
task-specific changes that occur at the timescale of an animal’s per-
formanceimprovementsinthelearning—thatis, areinforced, context.
Using this conceptual and experimental framework, perceptual and
instrumental (reward-based) learning and their underlying neural
dynamics have been described as slow and gradual—for example, in
some cases requiring thousands of trials to learn low information
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(bottom right; Wilcoxon signed-rank test, P=5.24 x 10 **). g, Procedure of
reinforced and probe CR trial matching (top) and corresponding neural activity
(middle; n =704 cells; Friedman test, P=1.36 x 10 ') and local hit rate (bottom;
n=30matching; Friedman test; P=3.45x 10 "). h, FArate difference between
light-on and light-off trials in PV-ChR2 mice (mean £s.e.m.; two-way ANOVA,
P=720=10" t-tests compared to 0, AC trial: P=4.96 = 10 4, VCtrial: P= 0.96,

ACtone: P=0.002). ACor VCwere inhibited during the fulltrial (ACtrial, n=8;
VC trial, n= 8 mice) or ACwassilenced during tone presentation only (AC tone,
n=4mice).i, Average lick probability in FA light-on versus FA light-off trials
(meanzs.e.m.;n=8 ACfulltrial,n=8VCfulltrial, n =4 ACtone PV-ChR2 mice;
two-way ANOVA, P=1.18 = 10 °; t-tests compared to 0, AC trial: P=1.94 = 10 °,
VCtrial: P=0.10, ACtone: P= 0.68),

content tasks**. We took advantage of a recent behavioural paradigm™*
that uses non-reinforced probe trials to show that task knowledge
emerges more rapidly and earlier than behavioural performance
improvement in the learning, reinforced context. Using this behav-
ioural manipulation to quantitatively assess when the mice acquired
the task contingencies, we aligned our neuronal recordings to learning
stages between animals while preserving trial-based resolution, and
took advantage of anunsupervised, dimensionality-reduction method
across multiple timescales™ toidentify learning-specific neural dynam-
ics. We observed that reward-prediction activity emerged remarkably
quickly—within tens of trials and on the first day of training—in the
AC, hundreds to thousands of trials before noticeable performance
improvements. The AC thus exhibits latent knowledge of the task,
encoded inthe network but not behaviourally apparent, with animals
experiencing periods when knowledge of environmental contingencies
becomesrapidly encoded inthe brain, perhaps reflecting aninsight-like
moment. The latent task knowledge was manifested not aschangesin
sensory representations but as the emergence of discrete ensembles
that encode reward prediction, needed for identifying thata particular
cue signals reward availability, and action suppression, needed for
suppressing licking on S—trials. These computations were spatially
clustered and developed in a manner that was uncoupled from the
underlying stimulus-related processing, suggesting a higher-order
functional organization. Overall, we find that AC contains separable
and causal neural dynamics for both learning and performance.
Although the identified learning-specific dynamics appear fun-
damental to the role of the AC, the activity of a substantial fraction
of neurons (around 30%) is better described by the tone-evoked
habituation observed in the passive network. This heterogeneity may
reflect differences in connectivity that lead to the selective recruit-
ment of neurons into task-specific ensembles. Future work will be
needed to understand how this recruitment occurs by exploring
the evolution of the local cortical micro-circuit® as well as the local
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weightsindynamics 5and 6 of cells from learning mice (left) and their pre-
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stimulus selectivity of cell ensembles 5 (n =97 cells)and 6 (n = 284 cells;

distribution of top-down and ascending neuromodulatory inputs.
Keeping a pool of non-task-selective neurons may represent an adap-
tive mechanism to preserve cortical processing power for future
needs.

The detailed input-output circuit that enables reward-prediction
and action-suppression computations remains animportant area for
future exploration. One possibility is that ascending neuromodula-
tory inputs”®**** and top-down projections from motor and frontal
regions™* * serve as critical non-sensory inputs to the sensory cortex.
Thesensory cortex may then integrate and generate higher-order com-
putations that are incorporated by broader decision-related circuits
(for example, frontal cortex, striatum and amygdala) to enable rapid
learning and ongoing performance. Contrary to the reward prediction,
the action-suppressionsignal does not evolve over learning, although
the fraction of correct rejects does, suggesting that the causal driver of
learning to performoccurs outside of AC. Learning to performis likely
to involve two computational features that are potentially subserved
by frontal regions: cognitive control to preventimpulsive responses™,
and strategic choice sampling™ that evolves as the animal becomes
increasingly confident that the environment is stable'. We propose that
AC serves as a conduit, receiving an action-suppression signal during
learning and relaying it to downstream regions, such as the striatum,
for actionselection™. At expert levels, the AC is not used to drive task
performance™, as it has potentially tutored subcortical structures to
take over, reminiscent of the role of motor cortex in the learning of
motor sequences™. Putative subcortical candidatesinclude the inferior
colliculus® and the medial geniculate body (MGB) of the thalamus™,
bothofwhichreceive direct feedback projections from AC*~*, Moreo-
ver, the striatum receives inputs from AC and MGB****. One possibility
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Kolmogorov-Smirnov test, P=0.25; Wilcoxon test, P= 0.18).f Pre-task
tonotopic map of the example miceina. Cells are coloured according to their
best frequency. Frequencies used as 5+ and 5= for training are indicated by full
and empty triangles, respectively. g, Distribution of best-frequency distance
from S+ forreward-prediction cell ensemble (purple). Null hypothesis (H;):
reward-predictioncells have aBF as close to 5+ as possible (black; Kolmogorov-
Smirnov test, P= 3.81 = 10 *; Methods). h, Distribution of BF distance from

S~ foraction-suppression cell ensemble (orange). Null hypothesis: action-
suppression cells had aBF asclose to S-as possible (Kolmogorov-Smirnov test,
P=9.21x10"; Methods).1i, Proportions of S+ and S—-preferring cellsin reward-
prediction and action-suppression cell ensembles (binomial proportiontests;
S+ P=0.17,5-:P=0.53).

isthatover learning, MGB-to-striatum synapses become strengthened
owing to coincidentinput from the AC. This in turn removes the neces-
sity of the AC for performance, potentially freeing up cortical resources
for future learning.

Our results call for a revision of the classical view of the sensory
cortex, according to which its primary role is to process and inter-
pret sensory stimuli. We propose instead that the sensory cortex is
better described as a sensory-enriched associative cortex that drives
rapid forms of associative learning and where sensory and associative
functions are intrinsically intermingled (that is, co-exist within the
same network) but computationally separable (Fig. 6). ltisimportant
to note that our results do not contradict studies that demonstrate
single-neuron tuning curve shifts and tonotopic map plasticity when
animalslearn perceptually challenging tasks. Our revised model of the
sensory cortex would suggest that perceptual sharpening and complex
object processing can be subserved by stimulus-related plasticity while
the higher-order computations related to associative learning and
performance occur in parallel. We expect this view will apply beyond
rodents, asrichencoding of non-sensory and task-relevant variables has
also been described insensory cortical areasin humans and non-human
primates’™*®”,
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Methods

Animals

All procedures were approved by Johns Hopkins University Animal Care
and Use Committee (MO20A272). Male and female double (PV-ChR2;
test mice) or single (PV-Cre or flox-ChR2; control mice) transgenic
mice between 6 and 12 weeks of age at the start of experiments were
used for the optogenetic experiments"*. PV-cre (Jackson Laboratory,
strain 017320), flox-ChR2 (Ai32, Jackson Laboratory, strain 012569)
and PV-ChR2 mice were bred in-house. PV-ChR2 mice were obtained
by crossing male PV-cre”” mice with female flox-ChR2"" mice or by
crossing male flox-ChR2"* mice with female PV-cre*’~ mice. To obtain
the PV-cre™ line, we bred female PV-cre™ mice with male C57BL/6)
mice (Jackson Laboratory, strain 000664). Offspring genotypes
were confirmed by PCR (Lucigen EconoTag Plus GREEN 2X) and using
two-photonimaging to observe expression of the reporter protein (GFP,
see ‘Optogenetic experiments’). Male C57BL/6] (Jackson Laboratory,
strain 000664) aged between 6 and 12 weeks at the start of experi-
ments were used for two-photon calcium imaging experiments. Mice
were group housed in standard plastic cages with food available ad
libitum and maintained on a 12-h reversed light-dark cycle at stable
temperature (19.5-22 °C) and humidity (35-38%). Experiments took
place during the dark phase. Mice were kept on a mild water restriction
diet (=85% of body weight) after surgery and throughout task training.

Surgical procedures

Mice were anaesthetized with isoflurane (5% at induction and main-
tained at 2% during surgery) and their body temperature was main-
tained at-35 °C throughout the surgery.

Calciumimaging experiments. Mice wereinjected (34 gauge, 25.4 mm,
12° bevel needle; Hamilton Company) with 1 pl of AAV9-CaMKII-
GCaMPef (Addgene #100834-AAV9, dilution 1:15) at 0.75 pl min™
(microinjection pump, Harvard Apparatus) in the left primary AC
(centred at 1.75 mm anterior to the intersection of the lambdoid and
interparietal-occipital sutures, dorsal-ventral (DV): -200 pum). Above
the injection coordinates, a cranial window was implanted, replacing
acircular piece of skull with a3-mm diameter cover glass slip (Warner
Instruments) that was secured in place using a mix of dental cement
and Krazy Glue. A custom-made, three-point stainless steel headpost
was secured to the skull with C&B Metabond dental cement (Parkell).
The headpost consisted ona two-point kinematic fixation on the right
side of the head, prolonged by arod encircling the cranial window and
descending at -45° ventrally on the left. Mice were given a two-week
recovery period to allow weight recovery and viral expression.

Optogenetic experiments. Three-millimetre-diameter glass coverslips
were implanted bilaterally over AC (centred at1.75 mm anterior to the
intersection of the lambdoid and interparietal-occipital sutures, on
theridgeline of the temporalbone). Custom-made aluminium funnels
were implanted above each cranial window. The role of these funnels
was threefold: (1) to precisely centre the end of the patch cord on the
cranial windows; (2) to hold the patch cord perpendicular to the cranial
window (optimizing in-depth light diffusion); and (3) to fix the dis-
tance between the patch cord and the cranial window to allow identical
light delivery across days. A custom-made, two-point stainless steel
headpost was fixed onto the skull with C&B metabond dental cement
(Parkell) and dental cement. Mice were allowed to recover for at least
one week following surgery.

Optogenetic silencing verification experiments. For silencing veri-
fication experiments (Extended DataFig. 2, n=2), PV-ChR2 mice were
injected with 1 pl of AAV-CaMK2-GCaMP6f (Addgene #100834-AAV9,
dilution1:15) at 0.75 pl min™"in the left primary AC (centred at 1.75 mm
anterior totheintersection ofthe lambdoid and interparietal-occipital

sutures, DV: =200 pm) and implanted with a 3-mm cover glass slip and
acustom-made, two-point stainless steel headpost. Mice were given a
two-week recovery period to allow weight recovery and viral expression.

Auditory go/no-go task

All mice (optogenetic and two-photon imaging) underwent the same
habituation and training procedures. Mice were randomly chosen to
be partoflearning or passive groups for two-photonimaging, whereas
their genotype determined their assignment to experimental groups
for optogenetic experiments. After recovery fromsurgery, mice were
water-restricted foratleast 5 days so that their weight stabilized at 85%
of their ad libitum weight. During this period, mice were handled daily.
Mice were then head-fixed and placed in the experimental context,
where they were trained to lick from alick tube or water cup to receive
adrop ofwater (3 pl). Notone was presented during lick training. Lick
training session ended after 30 min or when 1 ml of water was con-
sumed. After 2 days of lick training, mice were trained on the auditory
go/no-go task for at least 15 days.

Mice were trained to lick to a target (5+) tone to receive a water
drop (3 pl) and withhold licking to the foil (S-) tone to avoid a time-
out. Auditory stimuli were three-quarter octave-spaced pure tones.
Target and foil tones were presented pseudo-randomly and counter-
balanced every 20 trials. Each trial consisted of a no lick period (1),
tone presentation (100 ms), dead period (200 ms), response period
(2.5s) and a delay period: hit: 4 s (to enable full licking of the reward),
miss and correct reject: 2 s, false alarm: 7 s (timeout). In this learning
context, called the ‘reinforced’ context, the lick tube delivering water
was positioned within reach of the tongue. By contrast, in the ‘probe’
context, the lick tube was moved out of tongue and whisker reach by
an automated actuator. The blocks of probe trials were interspersed
between reinforced trials and no additional delay was introduced by
lick-tube movement. Importantly, we have shown that the performance
gap observed between probe and reinforced trials early in learning
is not driven by the change in the sensory context induced by the
absence of the lick tube in the probe context’. For passive exposure
controls (passive mice), the same protocol was applied but the tones
were always presented when the lick tube was out of reach and the
water not delivered.

Optogenetic experiments

Mice were trained in the go/no-go task for 300 trials every day: 280
trials in the reinforced context interspersed with a short block of
20 non-reinforced (probe) trials starting at trial 141. Head-fixation
habituation, lick training and go/no-go task training took placein
custom-made, sound-attenuated behavioural boxes (ambient noise
level -53 dB SPL) controlled with custom MATLAB programsinterfacing
with Bpod State Machines (Sanworks). Pure tones (4,757 and 8,000 Hz)
were delivered through an electrostatic speaker driver (TDT) to afree
field electrostatic speaker (TDT) at an intensity of 70 dB SPL and licks
were detected through aninfrared beam. Blue light (453 nm, DPSS
laser, Opto-Engine) was delivered in a 20-Hz sinewave generated by
Arduino. The power recorded at the end of the patch cord (splitter
branching fibre-optic patch cords, Doric Lenses) was 6-8 mW. When
dispersed over adiameter of 3 mm, that yields alight intensity of 0.85-
1.13 mW mmat the cortical surface. Sound amplitude, water drop size,
and laser power were calibrated at the beginning of each experiment. To
dissociate the effect of AC silencing on behaviour from its consequence
on the learning process, we used a probabilistic approach whereby
no light was delivered during probe trials and a subset of reinforced
trials. These light-off trials were critical to assess behaviour when AC
was available again.

Full-trialexperiment (n = 8PV-ChR2,n =8 controlmice, n = 8PV-ChR2
VC):light was turned on on 90% of reinforced trials pseudo-randomly
(18 trials, 9 5+and 95—, every 20-trial block). Inlight-on trials, the light
was turned on 100 ms before tone onset and stayed on for-2.5 s foraall
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trial types (hit: 2.5 s post operant lick, CR and miss: stop at the end of
response window, FA: 2.5 s post firstlick).

Expert-only full-trial experiment (n = 4 PV-ChR2 mice): mice were
trained for 18 days without light. Afterwards and for 5 days, from day
19 to 23, the light was turned on following the ‘full-trial experiment’
protocol or on 90% of reinforced trials consecutively.

Tone experiment (n =4 PV-ChR2, n = 3 control mice): light was turned
on on 90% of reinforced trials pseudo-randomly (18 trials, 9S+and 9
S-, were light-on every 20-trial block). In light-on trials, the light was
turned on 100 ms before tone onset and turned off at tone offset.

Post-hitexperiment (n= 8 PV-ChR2, n =5controlmice, n=6 PV-ChR2
VC): we used a closed-loop lick-triggered stimulation approach,
whereby light was turned on after arewarded lick on 90% of reinforced
trials pseudo-randomly (light could be turned onon 9 over 105+ trials
every 20-trial block). In light-on trials, the light was turned on 70 ms
after the first lick detection (to allow the lick cycle to complete and
the tongue to retract) and 100 ms before reward delivery and stayed
onfor 2.5s.

Post-false alarm experiment (n = 7 PV-ChR2, n = 7 control mice): we
used a closed-loop lick-triggered stimulation approach, whereby light
was turned on after a non-rewarded lick on 90% of reinforced trials
pseudo-randomly (light could be turned onon 9 over 10 S—trials every
20-trial block). Inlight-ontrials, the light was turned on 70 msafter the
firstlick detection (to allow the lick cycle to complete and the tongue
to retract) for 2.5 s.

At the end of the experiments, mice were anaesthetized (isoflurane
5% atinductionand 2% during surgery; body temperature maintained
at-35°C) and the left funnel was drilled out. Mice were then put under
the two-photon microscope and the field of view was excited at 980 nm.
Green fluorescence was detected in test mice (ChR2-eYFP) but not in
control mice. This procedure allowed to confirm mice genotypes and
to assess cell health (Extended Data Fig. 2g). z-stacks were collected
(unidirectional, 30.98 Hz; magnification 1.7 or 2.0x%; range: 450 pm,
step: 10 pum, 50 frames per step; depth from brain surface 420-445 pm)
to generate 3D reconstruction (Image]).

Longitudinal two-photon calcium imaging during learning

Two-photon fluorescence of GCaMP6f was excited at 980 nm using
a mode-locked Ti:Sapphire laser (Spectra-Physics) and detected in
the green channel (GFP emission). Imaging was performed with a
two-photon resonant-scanning microscope (Neurolabware) equipped
with awaterimmersion objective (16x, 0.8 NA, Nikon) tilted toanangle
of 40-50° to image AC. The arm of the microscope was enclosed in a
custom-made sound-attenuated box. Anelectronically tunable lens was
used to record near-simultaneously two planes in layer 2/3 (150-250 pm
belowdura, 50-pum spaced, at 15.96 Hz per plane, with a laser power of
<40 mW). Images were collected at 1.7x or 2x (583 x 387 pm?) magnifica-
tion using ScanBox (Neurolabware) and task events (sounds, rewards,
licks and frames) were recorded using a digitizer (Digidata 1550b). Pure
tones were delivered through an electrostatic speakerdriver (RZ6, TDT)
toafreefield electrostatic speaker (TDT) located at -5 cm from the right
ear atintensity of 70 dB SPL. Licks were detected through an infrared
beam. Scanner noise (8 kHz) was attenuated using a custom-made foam
sound enclosure directly surrounding the mouse and the resonant
scanner was set to continuous throughout the recording session (to
avoid any scanning onset-related activity). A custom MATLAB program
interfaced with RPvdsEx to control task events. Mice were placedina
plastic tube and head-fixed via a two-point pneumatic clamp on the
right and a one-point, 360°-rotational clamp on the left (at 45-50°in
the horizontal plane). The whole behavioural platform wasinstalled on
arotation platformso that the field of views could be precisely retrieved
one day to the next.Imaging fields were retrieved every day before task
training by visual inspection (see also ‘Pre- and post- task tonotopic
mappings’). Typically, mice were trained for three blocks of 80-100
trials, with either 2 blocks of 10 probe trialsinterleaved in two of these

3 blocks, or1block of 20 probe trials. The field of view was adjusted in
between blocks to compensate for z-drift, if necessary. An additional
10,000 frames of spontaneous activity were recorded in a separate
block at the end of each behaviour session.

Pre- and post-task tonotopic mapping

One day before lick training, mice were placed under the microscope
and were presented with a set of 17 pure tones (duration 100 ms),
three-quarter octave-spaced, in a pseudo-random order ranging
from 4 to 64 kHz at 70 dB SPL. Target and foil tones were selected for
the go/no-gotask as pure tones that were similarly represented in the
recorded neuronal population. The same mapping procedure took
place immediately after or one day after the last behaviour session,
and 7 and 14 days later.

Two-photon calcium imaging and one-photon blue light
stimulation for silencing verification

To validate our optogenetic silencing protocol and determine light
power to use for efficient and reliable silencing of cortical networks,
we recorded calcium activity of layer 2/3 pyramidal cells while stimulat-
ing ChR2-expressing PV interneurons with blue light (Extended Data
Fig.2a,b). Two-photonimaging was performed as indicated in ‘Longi-
tudinal two-photon calciumimaging during learning’, except that only
one plane was recorded (15.49 Hz, 150-250 pm below dura, 1.7% or 2x
magnification, laser power <40 mW). Amounted LED (490 nm, M490L4,
Thorlabs)and a LED driver (Thorlab, LEDD1B) were used to deliver blue
lightat 6 different power levels over the AC. Pure tones (4-64 kHz, 70 dB
SPL)and complexsounds were played (100 ms durationeach, 100-frame
intervals) and blue light was deliveredin a counterbalanced manner. On
asilencingtrial, atrigger command is sent 100 ms before sound onset
from Clampex tothe Tower electronics (Scanbox) that generates control
signals for the LED and the photomultiplier tube (PMT) shutter (LED on
for1l ms, PMTs off for 9 ms, repeat for 5 frames; Extended Data Fig. 2c).
The first pulse was triggered 68 ms before the onset of the sound, and
the stimulation continued for a total of 320 ms (Extended Data Fig. 2c).
To estimate the LED powers at the cortical surface (in mW mm™), we
measured the LED power coming out of the objective and estimated the
cortical surfaceilluminated tobe 2 mm (16x Nikon objective), leading
to LED powers ranging from O to 3.15 mW mm™.

Non-rigid registration and cell segmentation were performed using
suitelp“ (https://github.com/MouseLand/suite2p). Fluorescence of
each putative neuron (n = 454) was extracted and converted to AF/Fby
taking the mean activity as the baseline. We aligned neural responsesto
tone presentation, and quantified the effect of optogenetic silencing
by comparing the mean activity of each neuron across all repetitions of
sound presentations at differentlight powers (Extended Data Fig. 2d,e).
Only AF/Fin frames immediately following light presentation were
considered for quantification to avoid light contamination of the signal.

Calcium imaging preprocessing

Upon acquisition, images were cropped (to remove artefact bands on
plane 1 due to the electronically tunable lens) and converted to HDF5
files. Non-rigid registration (suite2p®; https://github.com/MouseLand/
suite2p) was run on the concatenated movie of all files recorded for a
given mouse. All motion-corrected movies were visually inspected.
Because recordings were made over weeks for a given dataset, our
dataset could contain cells only weakly active overall. We, therefore,
opted for manual detection of regions of interest (ROls) rather thana
semi-automatic one that uses cell activity to detect ROls (forexample,
suite2p cell registration). Manual ROl drawing was donein Image) using
mean enhanced and maximum projectionimages. We identified 7,137
ROIls in 8 mice, with an average of 892 + 109 ROIs per mouse. The sta-
bility of each ROl throughout the entire recording was then carefully
assessed using a custom GUlin MATLAB (MathWorks), that included
ROI redrawing to adjust its shape when necessary. Overall, 2,332 out



of 3,935 cells were tracked every day of the task training in learning
mice (mean proportion of 67.3 + 7.5% of total ROls per mouse), and
2,321 out of 3,202 cells were tracked every day of passive exposure in
passive mice (mean proportion of 87.6 + 6.2% of total ROIs per mouse).
Fluorescence activity from the ROls was extracted using custom func-
tions (MATLAB). Raw fluorescence of each cell was then normalized as:

AF/F=Fy—ny,
where
FEI.“: FIHFIH e Fn

where the symbol ~ represents a concatenation, n is the number of

files, F;= - F;“ where Fis the raw fluorescence extracted fromrecording
fileiand £, is the median of this time series. 7, is the median of F,, over
a sliding window of -3 min. To compare calcium activity across trials,
baseline fluorescence (activity during the inter-trial interval, before
tone onset) was subtracted from the trial activity, so the AF/Freflected

changes of intensity to the original intensity before trial onset.

Data analysis

Statistics. Analyses were performed in MATLAB (MathWorks), using
custom programs, FMAToolbox (M. Zugaro; http://fmatoolbox.source-
forge.net) and Tensor Toolbox for MATLAB (https://www.tensortool-
box.org/). Descriptive statistics are reported as mean + s.e.m. when
the underlying distribution is Gaussian-shaped (Jarque-Bera test) or
median + standard error of the median otherwise. Unless indicated
otherwise, barsrepresent median * standard error of the median, box
plots represent median (centre line), upper and lower quartiles (box
limits) and 1.5% interquartile range (whiskers), and all statistical tests
were two-sided. Student’s ¢-test was used for two-group comparisons
of Gaussian distributions, paired ¢-test was used for paired Gaussian
distributions. For non-Gaussian distributions of independent data,
two-group comparisons were made using Wilcoxon rank sum tests.
Wilcoxon signed-rank tests were used for two-group comparisons
of non-Gaussian paired data or to compare medians of non-Gaussian
distributions to single values. For non-Gaussian distributions of inde-
pendent (non-paired) data, multiple comparisons were made using
Kruskal-Wallis test and differences between groups were assessed
using Wilcoxon rank sum test with Bonferroni correction for post hoc
analysis. For paired data following a non-Gaussian distribution, Fried-
man test was used, withsigned-rank tests with Bonferroni correction for
post hoc analyses for assessing differences between groups. Multiple
Gaussian distributions were compared using ANOVA (independent
distributions) or repeated measure ANOVA (paired distributions) with
Bonferronicorrection for post hoc analysis. Two-way ANOVAs were per-
formed to evaluate the effects of two independent variables on dataand
theirinteraction. All ANOVA statistics are reported in Supplementary
Table 1. Proportions were compared using the binomial proportion
test. Distributions were compared using the Kolmogorov-Smirnov
test. No statistical methods were used to pre-determine sample sizes,
but our sample sizes are similar to those generally utilized in the field.
Data collection and analysis were not performed blind to the condi-
tions of the experiments.

Behaviour analysis. Rare non-learner mice were excluded and mas-
sivedropsin performance after reaching high performance (accuracy
>(.7) were not analysed. Accuracy in probe and reinforced context
was computed as (ny + nqg)/ (N, + n_), where ny, N, nN.. and n._arethe
number of hit, correctreject, S+and S5-trials, respectively. To have trial-
resolution assessment of behaviour, we also computed response index
curves (Fig.1i), which reflected the latency torespond to the cues com-
pared tolocal, spontaneous licking rate®®*. Response index curves were
computed for the two cues (S+and S—trials) separately as the latency

tolickina 2.5-s window before the cue onset minus the latency to lick
in the response window (2.5 s after cue onset). If no lick was detected
in either of these windows, the latency was set to the window duration
(2.5s). Therefore, foragiventrial, the responseindex ranges from-2.5
to+2.5, with positive valuesindicating that the response to the cue was
shorter than the local spontaneous licking rate of the mouse, negative
values indicating a decrease of licking in response to the cue, and val-
ues around O indicated that the cue did not affect the response rate.
Performanceindex (Fig. 40,p) was computed as the difference between
S+ and S- cumulative response index curves. From the S+ response
index, we identified the change point (CP)***—that s, the trial after
which there is a consistent expression of cued behaviour (Fig. 1i). We
used the method described in ref. 63, itself a variation of the method
usedinref. 6.Inbriel, arecursive algorithm successively run over each
data point i of the cumulative S+ response index curve and performs
the following steps: (1) draws a straight line from trial i to trial O or the
previous true CP, whatever is the closest to i and identifies the point
that deviates maximally from this line as a putative CP; (2) calculates
the strength of the evidence that itis a true CP—thatis, the log of the
odds against the null hypothesis of no change (the logit). Iflogit >1.3,
the putative CP becomes atrue CP**, As multiple CPs can beidentified
onasingle curve, wereportedin Fig.lionly the first CP associated with a
positive change of the slope of the cumulative behavioural responses®’.

Best frequency. Single cell responses to the 17 tones presented were
evaluated with paired t-test comparing pre- versus post-tone mean
activity (over 10 frames, -626 ms). Bonferroni correction for the num-
ber of sounds (n =17) was applied. For each cell, the peak amplitude
response to each tone was determined as the maximum value of the
averaged traces in the ten-frame post-tone window. A neuron's best
frequency was determined as the pure tone for which the peak ampli-
tude response was the highest among significant responses only.

Tone-evoked responses across days. Evolution of tone-evoked res-
ponsesinthe reinforced context was analysed using all cells recorded
(Extended Data Fig. 9) but the conclusions held when restricted to
cells tracked every day. Response to S+ and 5-, or stimulus 1 (S1) and
stimulus 2 (S2) for passive mice, were analysed separately with paired
[-tests comparing pre- versus post-tone mean activity (in11-frame win-
dows, -688 ms). A cell was considered tone-responsivein a given day if
itsignificantly responded toeither S+/S1orS5-/S2. Given that response
profiles were identical to S1and S2, responses to the two tones were
sometimes represented together (Extended Data Fig. 9c—g).

Tone-evoked responses, responsiveness, response index and
stimulus SI. Tone-evoked responses were defined as the mean AF/F
in a 11-frame window (-688ms) post-tone onset. Responsiveness was
defined as the proportion of cells exhibiting asignificant tone response
(paired t-tests; Extended DataFig. 9c-g). Tocompute responseindices
(Fig.3k), the peak of the average AF/F for hitand S- trials (FA trials until
mid-expression, CR trials after that) in 80-trial blocks was calculated,
followed by the proportion of blocks with significant (peak AF/F 2%
of baseline) response throughout learning. The response index of a
neuron was computed as the average response probability in hit and
S— trials over learning. Stimulus selectivity was computed for each
neuron in 80-trial blocks over learning and defined as:

S-S5
ST T
where 5" is the peak AF/F in the tone-evoked response window on hit
trials, § is the peak AF/Fin the tone-evoked response window on S-
trials. Sl could therefore range from O to 1, with Lindicating maximal
selectivity for either the S+ or the S-. Values of 5" and 5 lower than 2%
were set to zero, and Slin blocks where S"and § were both equal to
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Zero was set to zero. The selectivity index of a neuron was its average
Sl over learning (Fig. 31).

Stimulus decoding. For each mouse, cue identity was decoded across
trial frames from activity of cells tracked across all days using linear
discriminant analysis with fivefold cross-validation (Extended Data
Fig.1). Tone decoding accuracy in the tone-evoked window referred
tothe meanaccuracy inthe tone-evoked window (11 frames post-tone
onset: Extended Data Fig.1e). Chance accuracy level was estimated by
decoding cueidentity across trial after randomly shuffling cue identity
across trials (n = 20 shuffles per day per mouse).

Data organization and tensor decomposition. To analyse our
high-dimensional dataset, we took advantage of tensor decomposi-
tion®***, a method that enables unbiased and interpretable descrip-
tions of dynamic changes at multiple timescales, also referred to as ten-
sor component analysis™. Here we used it not only to reveal withinand
across-trial dynamics®, butalso toidentify shared and distinct variabil-
ity in cell networksrecorded from learning and passive mice. We organ-
ized calcium traces into a fourth-order tensor (or four-dimensional
array)with four axes corresponding to individual neurons (recorded in
learning and passive mice), time within trial, trials over time, and trial
types. We then fitatensor CANDECOMP/PARAFAC (CP) decomposition
model®® ** toidentify inan unsupervised way a set of low-dimensional
components describing variability along each of these four axes (also
referred here as factors; Extended Data Fig. 7a).

Data organization. We first built two arrays for learning and passive
data separately and combined them afterwards. Only data from the
reinforced context was taken for learning mice. We filtered out dis-
engagement periods (hit rate <0.5in a 20-trial block), sometimes
occurring during the last dozens of trials of the day and associated
with significant changes in neuronal dynamics compared to engaged
state's- 25396970 For both learning and passive data, AF/F of each
trial was selected from -1 s to +4 s relative to tone onset (2nd tensor
dimension). With 4,643 cells tracked all days, 75 frames per trial, -300
trials per day over 15 days, our dataset approximated 1,567,000,000
data points. To reduce computation time, trials of identical types
(hit, miss, FA or CR) within 20-trial blocks were averaged together.
In other words, from a given 20-trial block, up to 4 trial traces could
be obtained (4th tensor dimension). Because of the exclusion of
disengaged periods and the tendency of the mice to lick, miss trials
were toorarein the learning group to be considered without adding
significant noise and were excluded. As a result, the 4th tensor dimen-
sion dissociated S+ (hittrials forlearning data, miss trials for passive
data), FA and CR trials. Finally, a crucial goal of this analysis was to be
able to identify neural dynamics associated with task learning, and
more precisely to isolate any dynamics associated with task contin-
gency acquisition (measured in the probe context) or performance
improvement (measured in the reinforced context). To this end, we
aligned the trial traces to learning phases (3rd tensor dimension).
First, we identified acquisition, expressionand expert phasesinour
five learning mice (see Extended Data Fig. 6). The acquisition phase
started at the first trial of training and continued until maximum
accuracy wasreachedin probe orwhenaccuracy was=0.65inprobe
and <0.70 inreinforced trials. This marked the beginning of expres-
sion phase, which continued until expert phase started at the second
day of high and stable performance. Data in between acquisition
and expert phases was part of the expression phase. Evolution of
individual mouse performance per identified phases is quantified
in Extended Data Fig. 6f. Resultant megamouse performance (that
is, pooled performance in 20-trial block across mice) is shown in
Extended Data Fig. 6d,e. Second, because these phases varied in
duration across animals, we identified the mouse with the minimum
number of trial traces in a given phases and downsampled the number
oftrial traces of the other mice to match this number. Downsampling

was performed by preserving the duration/performance range in
each mouse (thatis, keeping first and last trial traces) and removing
trial traces at consistent intervals in between, such as the overall
learning evolution of the phase was preserved. Third, each passive
mouse was assigned with the learning phases of a learning mouse,
and the same downsampling procedure was used. Finally, the two
four-dimensional arrays containing learning and passive data, respec-
tively, were concatenated in the first (neurons) dimension (referred
as the ‘megamouse’ tensor) and AF/F traces were z-scored. Because
passive mice essentially did notlick, any data for FA trials for passive
cellswere zeroed out. Any missing entries of the megamouse tensor
were also zeroed out.

Tensor decomposition. To deal with incomplete data (absence of FA
trials in passive mice and possible missing CR early inlearning or miss-
ing FA at expert level for learning mice), we fitted an R-component
weighted CP model™ to our megamouse tensor. In brief, CP decompo-
sition decomposes a tensor into a sum of rank-one tensors. For a
third-order tensor X € B"/*% we wish to write it as:

R
X=) a,®b ®c,

r=1

where ® represents the vector outer product, a, € ®', b, € 2/ and
c,eR*forR=1,...R,and a, ® b, ® c,is arank-one tensor. With perfect
data we would obtain equality; however, in practice the presence of
noise preventsit. We can use the Kruskal operator to simplify the pre-

vious expression”™ "%

R
Y a,®b ®c=[AB.C],
r=1

where factor matrices A € B”? Be /" and C= B*® with

A" =[al™ _al™ for n=1,...3

To fit the CP decomposition model to data, we used the CP-WOPT
(CPweighted optimization) algorithm* that uses a first-order optimi-
zation approach tosolve the weighted least-squares problem—that s,
minimize the error function

1
f(A,B,C)=ZIW(X~[A,B,CDI,
where Wisanonnegative weight tensor with same size as X defined as

1 if x; isknown,
Wi = '
J' w - w *
0 if x;; ismissing,

forall i=1,....1j=1,....);. k=1,....K

The weighted least-squares objective functionis solved over all the
factor matrices simultaneously.

In practice, the rank R of a tensor is generally not known and is not
easily determined™. To fit the CP models and choose the number of
components, we closely followed the pipeline detailed in ref. 21. In
brief, we ran models 20 times with different random initializations
for different numbers of low-dimensional componentsR=1, ..., 6. We
used two metrics to compare and assess models: (1) the (normalized)
weighted squared reconstruction error, computed for each fitted
model, defined as:

1( WX -[A,B, cunﬁ]
2 WX

and (2) asimilarity score*™, quantifying the match between two fit-
ted models—that is, how similar are the components resulting from
two different runs. Let’s consider the Kruskal form of the tensor X (or
ktensor)



R
X=) Aa, ®b ®c,,

r=1

where A, is the scaling factor after rescaling a,, b,and ¢, to be unitlength.
Considering two tensors [A, B, C]| and [D, E, F],
R

1 ¢ '
max— ) penalty x (a/d,,,® b/e,, ®cf,,,),

wen R r=1

with

Mr _*"lm{r}l
max(d,, A ;)

penalty=1-

where Qis the set of all permutations of the R components, and w is
a particular permutation. With increasing number of components
R, considering all possible matches is exponentially expensive and
can be computationally prohibitive and factors were matched ina
greedy fashion to identify good alignment (although not necessarily
optimal). Similarity for each model fit was computed with respect to
the best-fit model with the same number of components. Adding more
components caused models tobe less reliably identified (lower similar-
ity score). For a given number of components R, the model fits were
also visually inspected and compared. With our dataset, models with
similarity scores above 0.8 were qualitatively similar while consistency
dropped for values closed to 0.5. Therefore, adecompositioninto four
components was chosen for our dataset. The output of our decomposi-
tion was therefore a set of four components, each composed of four
factors (that is, weight vectors): (1) neuron factor (W,,), reflecting cell
ensembles; (2) within-trial factor (W,,), indicating when the activity
occur inthe trial; (3) across-trial factor (W), reflecting the evolution
profile over learning/time at trial resolution; and (4) outcomes factor
(W), reflecting contribution of sensory, motor and cognitive variables.
When Ris small, increasing number of components demixed the activ-
ity until providing redundant information (when R > 4 for this tensor).
Importantly, other types of decomposition were run, and other tensors
(individual mouse, passive and learning dataseparately) were decom-
posed, and they all converged into the same description of the data.

Identification of learning-related dynamics. Quantification. To
determine whether the low-dimensional dynamics described by the
tensor decomposition were selectively attributed to the cells from
learning or passive mice, we analysed the neuronal factor—that s, the
neuronal weights (W) of the four components. We first compared the
contribution of learning and passive networks to the highest (abso-
lute) neuronal weights across components (Extended Data Fig. 7d and
Extended DataFig. 8c¢). Given that no constraint was applied onthe sign
of the weights, a given component could describe up to two distinct
dynamics. We therefore also analysed positive and negative neuronal
weights separately (Extended Data Figs. 7e,fand 8d) and obtained the
same results: components 1 and 2 described dynamics largely driven
by the passive network while components 3 and 4 described neural
dynamics driven by the learning network. Importantly, we verified
that this effect was not driven only by one mouse: for each component,
we compared the neuronal weights of cell populations recorded in
each mouse of a group (for example, passive) and compared it to the
other group (for example, learning) (Extended Data Fig. 7f). Because
the components described different neuronal dynamics, this result
therefore implied that learning and passive networks contained dif-
ferent low-dimensional dynamics.

Visualization. To visualize how the revealed neural dynamics maps
onto our two experimental groups (learning and passive), we used
two different dimensionality-reduction approaches to project the
datainto a two- or three-dimensional space. First, we used ¢-SNE on
the neuronal weight matrix W, of size N x R, where Nis the number of

cellsintensorand R the number of components (Fig. 2h,iand Extended
DataFig. 7g). Second, we used principal component analysis on dif-
ferent combinations of factors: W, ® W, (Extended Data Fig. 7h),
W, ® W, @ W, (Fig. 2g), W, ® W, ® W, (Extended Data Fig. 7i), and
W, ® W, & W, W, (Extended Data Fig. 7j), and projected learn-
ing and passive data separately into the same principal component
subspace.

Unique participation and defining cell ensembles. For visualiza-
tion and quantification purposes, we attributed each neural dynamic
to unique cell ensembles based on neurons’ weights (Extended Data
Fig.8a). Asindicated earlier, factor weights could be positive or nega-
tive and therefore up to two distinct dynamics could be represented
per component. With thisin mind, each neuroniwas associated with a
two digit code [componentlD, sign]—that is, aunigue dynamic, where
componentlDis the component where the |W,| of the neuron i was maxi-
mal. This approach therefore filtered out non-participating (thatis, low
weighted) neurons in describing neuronal dynamics, as illustrated in
Extended DataFig. 8b. Finally, in order to assess the nature of encoding
of these cell ensembles, cell ensembles 1and 2 were restricted to cells
recorded in the passive mice, while cell ensembles 3 to 6, describing
dynamics of components 3 and 4, were restricted to cells recorded in
learning mice (Fig. 2i).

Comparison of calcium responses between trial outcomes with
a time-changing signal. For each AF/F comparison between differ-
ent trial types, both the number of trials taken (‘how many’) and the
trial numbers (‘when’) were matched between groups to control for
time/learning effect and power/noise difference (Figs. 4d-f, 5f,g and
Extended Data Fig. 11h).

Analysis of licks outside task events. Lick bouts outside task events
were defined aslick bouts that preceded the first tone presentation at
the beginning of each behavioural block. The analysis was restricted
to the first day of training, to remove learning confound as much as
possible (Fig. 4g and Extended Data Fig. 11b). A lick bout was defined
as a succession of at least 3 licks with less than 1s interval in between
eachlick. Inaddition, ithad to be preceded byalsnolick period, used
to z-score the traces.

Classification of false alarm trials based on reward-prediction
activity. For each learning mouse, we trained a two-class support vec-
tor machine (SVM) algorithm to decode trial identity (matched hit and
CR trials) from late-in-trial activity (single trial AUCs) of neurons part
of cell ensemble 5. This decoding gave us access toa misclassification
rate (for each class and global), representing the noise level in the data
(Extended DataFig.12a,b,e). We then used this trained SVM to classify
FA trials, reasoningthatifareward-prediction signal is present during
an FA trial, it willbe decoded as a hit trial. Ineachmouse, the proportion
of FA trials with an RP signal was higher than the misclassificationrate
of the decoder (Extended Data Fig. 12e).

Isolating brief disengagement periods during behaviour. Once mice
acquire task contingencies and startincreasing their correctrejection
in the reinforced context, they generally stop behaving in the probe
context’ (hitrate close to zero; forexample, Extended Data Fig.6). We
therefore found these periods by looking for probe blocks with hit
rate<0.4 (Fig. 5g).

Pre- versus post-behaviour changes in tonopy. To assess how learning
and passive exposure affected the cortical tonotopic map, we compared
best-frequency surfaces from tuning curve recording sessions before
and after learning (see ‘Pre-and post- task tonotopic mapping’). We first
splitthe field of viewsin 30 x 30 pixels (-41 x 41 um)and computed the
best-frequency mode of the local neuronal populationineach of those



Article

pixel blocks (Fig. 30). We estimated the change in surface before and
after behaviour as:

P post

n
Asurface = [—T
My

pre
i] %100,
Myny

where n.is the number of pixel block with T best-frequency mode and
n.., is the number of pixel block with any best frequency. In our analy-
sis, I could be the 5+, S—, tones in between 5+ and S-, and tones with
lower or higher frequency than 5+ or 5- (Fig. 3n). We also evaluated
best-frequency mode differences before and after behaviour in pixel
blocks (Fig. 3q).

Spatial clustering of contingency-related cell ensembles. To assess
the spatial distribution of reward-prediction and action-suppression
cell ensembles (referred to here as clusters), we compared the distance
between the two ensembles toarandom spatial organization (Fig. 6a,b).
To do so, we computed the median of between-cluster cell distances
and compared it to a median distribution obtained with cell ensem-
ble identity shuffles (n = 500). This allowed us to assess the clustered
nature of these two cell ensembles while preserving the spatial cell
distribution in the fields of view. We considered the cell ensembles
significantly clustered if the median distance of the cell ensembles was
>97.5% of the shuffle distribution. Because of the different statistics of
cell distribution inside a field of view for each mouse, comparing raw
cell ensembles distances between mice was prohibited. Instead, we
computed a z-scored distance for each mouse by subtracting the mean
and dividing by the standard deviation of the shuffle distribution to the
data median distance (Fig. 6¢).

Pre-task stimulus Sl. For cells with positive tone-evoked responses to
both S+ and S- in pre-task tuning curve session, pre-task Sl (Fig. 6d,e
and Extended Data Fig. 5i-k) was computed as:

§'-5
Sl= i
where §"isthe peak AF/Finthe tone-evoked response window to the S+
tone and S isthe peak AF/Finthe tone-evoked response window to the
S-tone. Sl could therefore ranged from -1to 1, with 1 indicating total
selectivity for the S+, -lindicating total selectivity for the S—,and zero
an absence of selectivity (similar response to both tone).

Assessing the relationship between tonotopic map and contin-
gency organization. To assess whether reward-prediction cells were
S+-preferring cells and action-suppression cells were S—preferring
cells before training started, we generated two separate statistical tests
(Fig. 6g,h). First, we tested the hypothesis that the reward-prediction
cell ensemble emerged from S+-preferring cells. We constructed a
distribution of best-frequency distance to S+if the null hypothesis was
true—that is, if reward-prediction cells were to have a best frequency
the closest to S+ given the field of view statistics (Fig. 6g). Separately,
we tested the hypothesis that the action-suppression cell ensemble
emerged from S—-preferring cells. We constructed a distribution of
best-frequency distance to S— if the null hypothesis was true—that is,
if action-suppression cells were to have abest frequency the closest to

S-given the field of view statistics (Fig. 6h). Finally, we compared the
proportion of S+- and S—preferring cells among reward-prediction
and action-suppression cell ensembles and observed no differences

(Fig. 6i).

Reporting summary

Furtherinformation onresearch designis availablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The data that support the findings of this study are available from the
corresponding authors upon reasonable request.
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Extended DataFig. 2| Activating PV+ neuronsin the auditory cortex robustly
suppresses stimulus-evoked activity of excitatory neurons. a, PV-ChR2
mice (n = 2) were injected with AAV-CaMKII-GCaMPaf to allow simultaneous
one-photon excitation of PV cells and two-photon recordings of pyramidal cell
population. b, Schematic of simultaneous widefield optogenetics and two-
photonimaging. ¢, Optogenetic activation was locked to frame acquisition.

d, Trial-averaged AF/F (mean +s.e.m.) aligned to tone onset (black vertical line)
of anexample neuron at different intensity of LED power (blue scale). Yellow
rectangle indicates period of light delivery. e, Effect of optogeneticsilencing as

afunction of LED power (median £s.e.median; n =454 neurons; Friedman test,
P-0). AF/F at powers 0-0.26 mW/mm~ are all significantly different from AF/F at
powers 0.84-3.15mW/mm* (post-hoc comparisons with Tukey-Kramer test,
***P<0.001).Black line is the logistic fit. f, Inmunostaining of PV-ChR2

mice auditory cortex showing ChR2 expressionin PV cells (PV+and ChR2+
colocalization; scale bar, 25 pm). g, Post-taskimaging of arepresentative
control (top) and arepresentative test (PV-ChR2, bottom) mouse used in AC
silencing experiments (scale bars, 100 pmy). Note that no fluorescence below
the durais detected in control mice.
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Extended DataFig.3 | AC, butnot VC, full trial silencing impairs expression
and on-line performance during learning but not at expertlevel. a, Assessment
oftheimpactof AC full trial silencing over learning on expression by controlling
for the delayin acquisition. b, Cumulative distribution function (CDF) of mice
as function of the day toreach anaccuracy 20.65 in probe trials. ¢, Cumulative
distribution function (CDF) of mice as function of the relative number of days
toreach accuracy (acc.) criteriaof =0.7 (left), 0.8 (middle), and =0.9 (right} in
reinforced light-off trials after reaching an accuracy z0.65 in probe trials. Black
and dark gray vertical lines correspond to when CDF wasreach for ace.>0.7 and
=(.8, respectively.d, Comparing action rate and accuracy between reinforced
light-off versus reinforced light-on trials to assess the impact of AC silencing
onon-line performance. e, Hit (solid line) and FA (dashed line) of an example
control mouse (top) and an example PV-ChR2 mouse (bottom) in reinforced
light-off (black) and reinforced light-on (blue) trials across learning. f, Averaged
actionrate inreinforced light-off (black) and reinforced light-on (blue) trials
per day for control (top) and PV-ChR2 (bottom) groups. g, Accuracy inlight-
onreinforced trials fromthe day when FA<0.3 inlight-off reinforced trials.

Note how PV-ChR2 mice (gray lines) increase accuracy (positive slopes) with light-
on, showing that performance impairment fades away. h, Silencing of the visual
cortex in 90% of the reinforced trials throughout learning (n= 8 PV-ChR2 mice).
i, Comparison of reinforced light-off versus light-on trials shows no deficit
when silencing the VC demonstrating the specificity of the effects of ACsilencing.
j. Accuracy inreinforced light-off and light-on trials across days (two-way repeated
measures ANOVA, groups: P=0.50). k, Accuracy inreinforced light-off and
light-on trials (n =168 sessions; Wilcoxonsigned rank, P= 0.41). 1, Differencein
accuracy inreinforced light-on versus light-off trials per session. m, Difference
inaccuracy inreinforced light-on versus light-off trials across days in visual
cortex PV-ChR2mice (dashed line) versus auditory cortex control mice (solid
line) (two-way ANOVA, groups: P=0.13).n, Probabilistic optogenetic silencing
ofthe auditory cortex at expertlevel. Silencing starts once stable performance
isreached. o, Accuracy in probe light-off (green), reinforced light-off (black)
and reinforced light-on (blue) trials. Silencing is performed from day 19 to 23.

p, Accuracy inreinforced light-off and light-on trials (n = 20 days, paired t-test,
P=0.602).
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Extended Data Fig. 4 | Effect of ACfull trial silencing on lick patterns.

a, Example control (top) and PV-ChR 2 (bottom) mice accuracy in probe light-off,
reinforced light-off and reinforced light-on trials across day. Dashed rectangle
indicates daywherelicksinbare extracted from. b, Lick raster plots fromday 4
from the example mouse from ain probe light-off (left), reinforced light-off
(middle) and reinforced light-on (right) trials, splitinto S+ (black, left) and

S~ (red, right) trials. Green and red dots indicates correct and incorrect trials,
respectively. Note the difference in discriminationin all contexts between
controland PV-ChR2mice. ¢, Average lick probability across training days for
control(n=8) and PV-ChR2 (n=8)mice inresponse to S+ (vertical green line)
and 5- (verticalred line) tones, in reinforced light-off (black) and light-on (blue)
trials.d, Insets showing faster lick latencies (red arrow heads) inresponse to
bothtones and higher lick probability inresponse to the S- (incorrect licking)

inreinforced light-on compared to light-offin PV-ChR2 mice (right). Light has
noeffectonlick structure in controlmice (left). e, Lick latencies (top) and lick
rate (bottom)inresponse to S+ (HIT trials; left) and S- (false alarm (FA) trials;
right) tonesinreinforced light-off trials (two-way ANOVAs, HIT lick latencies,
P=0.0046;FA Licklatencies, P=0.18; HIT lick rate, P= 0.087; FAlick rate,
P=0.0071).f Licklatencies (top) and lick rate (bottom) in response to S+ (HIT
trials; left) and S- (FA trials; right) tones in reinforced light-on trials (two-way
ANOVAs, HIT lick latencies, P<10 % FA Lick latencies, P< 10 ¥ HIT lick rate,
P=0.0531; FA lick rate, P<10 *'). g, Lick latencies (left) and lick rate (right) in
responsetoS+(HIT)and 5- (FA) tones in probe light-off trials (two-way ANOVAs,
HIT lick latencies, P<107; FA Lick latencies, P= 0.338; HIT lick rate, P= 0.017;
FAlickrate, P=0.89).
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Extended DataFig.5|See next page for caption.



Extended Data Fig. 5| Auditory corteximaging and cell tracking. a, After
surgery, animals underwent a10-day recovery period after which water
restriction started. Tonotopic mapping (tuning curve session) of the auditory
cortex took place 5 days later under the two-photon microscope, followed by
two days of lick training under the two-photon microscope. These two sessions
also allowed for habituation to head fixation and context. Behaviour sessions
started the following day for 15 or 16 days, after which tonotopic mapping
sessions took place atday +1, +7 and +15 post learning. b, One behavioural session
consisted of three blocks of 80 or 100 trials, and a baseline session (no tone
presented). Two groups of mice wereimaged under the two-photon microscope:
the Passive group (top; n =3} was presented with two pure tones but was never
rewarded (lick tube out), and the Learning group (n=5) was rewarded (3ul water
drop)iflickinginthe response window after the 5+ tone. Two probe blocks
of10 trials each were introduced in two of the three reinforced blocks. ¢, Trial
structure, After ano-lick period of 1s, a 100-ms tone was played, followed by a
200-msdead period and a<2.5sresponse period. The length of the delay period
was of 2s after amiss (M, nolick after 5+) oracorrectreject (CR, no lick after S-),
4s afterahit(H, lick after S+) and 7s after afalse alarm (FA, lick after S-).

d, Tonotopic organization of the field of view of one example mouse before

learning (same as 2b; left; scale bar, 73 pm). Cells are colored according to their
best frequency and tone-evoked responses of example cells circledin black to
17 pure tonesranging from 4 to 64 kHz are displayed on the right. e, Tone-evoked
activity (top) and proportion of responsive cells (bottom) to pure tones. 5+ and S-
{filled and unfilled triangles, respectively) are chosen for training in the task
based ontheir equal representationin the field of viewind. f, Two planes
recorded in one example mouse. Cells are colored according to the number of
days tracked among the 19 recording sessions in this mouse (scale bar, 73 pm).
g, Distribution of number of tracked days per cells inf. h, Cumulative distribution
of tracked cells according to the percentage of recording sessions. Data for
mouse infis the light blue line. i, Pre-task stimulus selectivity index of neurons
with 5+ or 5-as best frequency (BF). Shuffle distribution {n = 500) generated
fromrandomly selected neurons. j, Underlying distribution of boxplotsini.

K, Relative best frequency as a function of pre-task stimulus selectivity

index. The twomeasures are significantly correlated (Pearson’s correlation
coefficient =0.49, P=3.93.10 ™). The y-axis represents the BF distance to the S+
(setat 0)and S~ (set at+0.75) because mice were trained with different S+ and -,
and the 5+ could be higher or lower thanthe 5-.
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Extended DataFig. 6| Inter-subject performance alignment formegamouse reinforced contextacrosslearning phases. f, Accuracy difference between the
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mice. b, Actionratein reinforced context across days of all learning mice. (green)and reinforced (black) contexts (n = 5mice). Acquisitionis characterized
¢, Actionrate in probe context across days of all learning mice. Please note byanincrease ofaccuracy inprobe trials (paired t-test, P=5.47.10 ") but notin
that we fixed the probe performance at the maximum discrimination that was reinforced trials (paired t-test, P= 0.07), expression corresponds to anincrease
followed by adecreasein hitrate due to extinction. d, After the alignment of accuracy inreinforced trials (paired t-test, P=0.008) and expertis when
procedure, action rate from the megamouse (all learning mice pooled)in accuracy in reinforced trials is high and stable (paired t-test, P=0.27).

reinforced context across learning phases. e, Megamouse accuracy in



V]

%,
2,
1y
. \ .

£

Neurons

Qutcomes

ﬁa"w*
2 | [ e Outcomes
> aﬁm - ~
% J\m f,f"’ H@\'ﬁ'&
A =
Within trial ¥

4"-order tensor
dimension Nx W xAx O

1TxN

Component 1

A

m'*'?‘
g
1TxW + R + | .

Component R

Neuron factor Within trial factor

Across trial factor Outcome factor

correct reject

el

false alarm
hit
% e %
s | s l b
__%;1_&_;_!_%_5%
Learning __ Fratt T
Passivel xxx | |
1 2 3 4
Components

Passive mouse 1

Passive mouse 2
Passive mouse 3

Learning mouse 1
Learning mouse 2
Learning mouse 3
Learning mouse 4
Learning mouse 5

'}
N G -1s +4s {
S @ tone onset first trial
99% 20% 77% 33%
D - ds ‘@ g oos
o ign
E 1 " o e e e e e e D.I:M
B 10 0.02
£ 29| 5 0
S a7
E Bk -0.02
D ol 0.7 8
- ' : ' ' [ -0.04
1 2 3 4 5 6 123 45086 ©O=
Nb of components Nb of components 0
f = *
0.05 AR wo
L+ (L1, ; 'l
N % = 2 o = I l
_é’.ﬂ'l"l'T'!‘ s - é;é . = |SmEEa L
— = | : = = | ‘- =
TTE T |a=a = BF87s F |gEafs T
-0.02 | T | = TJT | TTTTI
-0.04 - | ' T | iy
1 2 3 4
Components
g, h, I,
. Passive cell Wi, =W Wy W, W
;W-Nr ngﬁﬁﬁ::cgeﬁs r=1 N r r§1 Ny Or
0.1
Passive Passiv
t%ii " Learning \
e :ﬁé- 0.1
m %, lﬂﬁ :
% f‘-‘ ",;'T Ei-’ﬁ' O 04
a— Ly "ﬁl'w o~ @ (M
Caldgyael "4
- ‘ z
: 0342

Extended DataFig.7|See next page for caption.
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Extended DataFig. 7| Low-rank tensor decomposition. a, Dataare organized
into a fourth-order tensor withdimensions N x W = A x 0. Tensor decomposition
approximates the data as asum of outer products of four vectors. Each outer
product contains aneuron factor (greenrectangles), withintrial factor (pink
rectangles), across trial factor (blue rectangles) and outcome factor (purple
rectangles). Eachset of low-dimensional factors (i.e. component) describes the
activity of group of neurons within and across trials according to trial outcomes.
b, Similarity score as a function of model components. Each dot shows the
similarity of asingle optimization run compared to the best-fit model within
eachcategory. Yellow rectangle indicates the number of components selected.
¢, Model reconstruction error as a function of the number of components,
where eachdot corresponds to adifferent optimization run. d, Neuronal
contribution (learning (blue) vs passive (burgundy) cells) per components
(binomial proportion tests, all P<0.001). e, Positive and negative neuronal
weightsacross componentsincell populationrecorded in learning mice
(Learning) and in passive mice (Passive) (Wilcoxon tests; component (comp.)
1{+), P=7.80.10 %, n=2211, 2299 cells; comp. 1{-), P= 0.53,n =93, 40 cells;

comp. 2(+), P=0.0001, n=474, 355 cells; comp. 2(-), P=1.89.10 *“, n=1830, 1984
cells; comp. 3(+), P=1.45.10 ', n=988, 946 cells; comp. 3(-), P=7.10.10 %, n=1316,
1393 cells; comp. 4(+), P=1.31.10 %", n= 621,1639 cells; comp. 4(-), p= 6.10.10 1",
n=1683,700 cells). F, Positive and negative neuronal weights across components
and individual mice (KW tests; comp. 1{+), P=1.50.10 %, n= 562, 547,1190, 2211
cells; comp. 1{-), P=0.31465,n=12,21,7, 93 cells; comp. 2(+), P=3.32.10 *,n=21,
238, 96,474 cells; comp. 2(-), P=4.18.10 ", n =553, 330,1101, 1830 cells; comp.
3(+),P=3.40.10 "%, n=55,317,75,521,20, 946 cells; comp. 3(-), P=1.53.10 %,
n=142,312,173, 25, 664,1393 cells; comp. 4(+), P=2.95.10 ", n=62, 84,90, 290,
05,1639 cells; comp. 4(-), P= 6.93.10'5, n=135, 545,158, 256,589,700 cells).

£, t-SNE of neuronal weights. Note how learning and passive cell populations

are largely non-overlapping. h, Projection of neuronal = within trial weights

of learning and passive network activity into principal component space.

i, Projectionof neuronal = within trial = trial outcome weights of learning and
passive network activity into principal component space. j, Projection of
neuronal x within trial x across trials = trial outcome (H/M and CR only) weights
of learning and passive network activity into principal component space.
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Extended Data Fig. 8| Defining unique cell ensembles based onneuronal
weights. a, Neuronal weights inthe four components. Each neuronis attributed
toagivendynamic according toits highest absolute weights, i.e. highest
contribution. As aresult, each dynamicisattributed to a unique cellensemble
(gray rectangles). b, Neuronal weights distribution before (raw, black) and after
unique contribution attribution (gray). ¢, Learning and passive cell proportion

among components after unique attribution (binomial proportion tests).

d, Learning and passive cell proportion among components and given neuronal
weight sign after unique attribution. In other words, proportionofcells from
learning and passive networks describing the tensor-revealed neuronal dynamics
(binomial proportiontests). ***P <= 0.001, n.s.: notsignificant.
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Extended DataFig. 9 |Learning counteracts tone-evoked habituation.

a, Tone-evoked responsesto S+ andS-inlearning mice across days for all cells
recorded. b, Tone-evoked responses to 51 and 52 in passive mice across days for
all cells recorded. ¢, Proportion of tone-responsive cells across days among
passive and learning cells (binomial proportion tests). d, Averaged proportion
of tone-responsive cellsin passive and learning networks (mean +s.e.m.;
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n=15days, t-test, P=3.89.10 °). e, Proportion of tone-responsive cellsindays 1-5
versus days11-15inlearning and passive networks (mean + s.e.m.; n=5days per
groups, two-way ANOVA, Time = Group, P=1.73.10 7). f, Proportion of cells
responsive to S+ and 5-inlearning network and 51,52 or 51 or 52 (5) in passive
network. g, Averaged proportion of cellsresponsive to 5+, 5-orS(mean+s.e.m.;
n=15days, one-way ANOVA, P=1.93.10 %).
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Extended DataFig.10| ACsilencing restricted tosound presentation
impairs audiomotor learning and on-line performance during learning.

a, Probabilistic optogenetic silencing of the auditory cortex during learning.
Light-on periods wererestricted to sound presentation only (see Methods).

b, Accuracy inreinforced light-on trials (two-way ANOVA, P<10 7). ¢, Action
ratein reinforced light-on trials (two-way ANOVAs, HIT, P=0.89;FA, P<10 %),

d, Falsealarmlick rate inreinforced light-on trials (two-way ANOVA, P<10"),

e, Falsealarmlick latency in reinforced light-on trials (two-way ANOVA, P<10 *°),
f, Accuracyinprobe light-offtrials (two-way ANOVA, P=0.038). g, Actionratein
probe light-off trials (two-way ANOVAs, HIT, P=0.017; FA, P=1). h, HIT lick latency
in probe light-off trials (two-way ANOVA, P=0.0032). i, Maximal difference
between hit and false alarm rates in probe light-off trials over the first 6 days
(n=3controlmice, n=4PV-ChR2 mice, t-test, P=0.40).j, Accuracyinreinforced

light-offtrials (two-way ANOVA, P=0.20).k, Actionratein reinforced light-off
trials (two-way ANOVAs, HIT, P= 0.15;FA, P=0.48).1, FAlick latency in reinforced
light-off trials (n =54 control days, n =72 PV-ChR2 days, two-way ANOVA,
P=0.0013).m, FAlick rateinreinforced light-off trials (n = 54 control days,
n=72PV-ChR2days, two-way ANOVA, P=4.44.10 *).n, Comparison of light-
off versus light-on trials to measure auditory cortex silencing effect on on-line
performance. o, Session density plot of accuracy in reinforced light-on against
light-off. Top, control; bottom, PV-ChR2. p, Accuracy in light-on reinforced
trials from day where FA<0.3inlight-off reinforced trials. Note the general
trend for PV-ChR2 mice (gray lines) toincrease accuracy (positive slopes), i.e.
performanceimpairment fades away. q. Withinsubject difference between
accuracy in reinforced light-on and light-off aligned to the day where false
alarmrate <0.3inreinforced light-off.
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Extended DataFig.11| Emergence ofreward predictionsignal. a, Procedure
ofhitand miss trial matching. b, Quantification of z-scored calcium activity 1s
pre-vs1s post non-task lick bout onsetin Fig. 4g (n=105 cells, Wilcoxontest,
P=0.20).c, Average cellensemble 5activity inreinforced hit (green) and FA
(orange) trials over expression phase. d, Lick PSTHs aligned to tone onset of FA
trials in expression and hit trials in probe context. e, Cell ensemble 5 activity over
the first 300 hittrials (20-trial blocks). Only significant activity (and higher than
null population, see Methods) is represented. Note the emergence of astable
late-in-trial signal after 40 hit trials onwards. f, Late-in-trial activity in hit trials
across learning phases of cell ensemble 5 (n =155 cells, green) and low weighted
cells (null, black). g, Quantification of f, taking first and last two 40-hit trial
blocksineach learning phase (KW test, P=1.05.10 “*). h, Procedure of reinforced
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and probe FA trial matching and corresponding local accuracy quantification
related toFig. 4i (see Methods; n = 34 matches, repeated measures ANOVA,
P=3.16.10 ").i, Activity of all neuronsin cell ensemble 5 over the first five
blocks of 40-reinforced hit trials in learning. Traces are ordered according

to tone-evoked response in the first block. j. Four example cells showing the
heterogeneity intone-evoked responsesin cell ensemble 5: cells 1and 2 do not
exhibitsignificant tone-evoked responses over the first five blocks, while cell 3
istone responsive (red star) only inthe first block and cell 4 is tone responsive
over all 5 blocks. k, Average activity (mean +s.e.m.) of cells without tone-evoked
responsesin the five blocks (blue) vs with tone-evoked responses in at least one
block (black). Note that the amplitude of the late-in-trial signal is similar
betweengroups.*P<0.05,**P<0.01,***P<0.001, n.s.: not significant.
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Extended DataFig.12| Reward prediction signal onerror trials.
a, Classification of hit versus CR trialsin the reinforced context from the AUC
post-tone of afraction of cellensemble 5 (n= 51 cells) recorded in the example

mouse showed inFig. 4j-1. Right: posterior probability of being part of CR class.

b, Proportion of RP+ and RP- FA trials from the example mouse showedin

Fig.4j-l.¢, Nodifferencein lick latency was observed between RP+ (n=101) and
RP-(n=322) FAtrials (Wilcoxontest, P=0.83).d, AUC quantification of RP+
(n=101), RP- (n=322) and probe (n=19) FAtrials (KW test, P=9.76.10 *%),

e, Proportion of RP+ among all FA trials and misclassification rateineach
learning mice.*P<0.05,*'P<0.01,***P< 0.001, n.s.: not significant.
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Extended DataFig.13|Post-hit silencing over learning. a, Experimental

design of optogeneticsilencing of AC activity throughout learning post hit only.

b, Hit rate across days incontrol (Ctl) and test (PV-ChR2) mice inreinforced
light-on or light-off trials across days. ¢, Difference in hit rate in reinforced

light-on versus light-off trials across days. d, Difference in hit rate in reinforced
light-onversus light-off trials (n =90 control sessions, n =144 PV-ChR2 sessions,

Wilcoxon test, P=0.13). e, Accuracy in probe light-off trials (two-way ANOVA,
P=0.3).f Actionratein probe light-off trials (two-way ANOVAs, HIT, P=0.58;

HIT rate
light an - light off

ez

FA, P=0.47). g Maximum difference between hit and false alarm trials over the
first 6 daysin probe light-off trials (n =5 control mice, n = 8 PV-ChR2 mice, t-test,
P=0.86).h, Accuracy in reinforced light-off trials (two-way ANOVA, P=7.33.10 ).
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i, Actionrateinreinforced light-off trials (two-way ANOVAs, HIT, P=0.0068;
FA, P=0.023).j. Hitlick latency in reinforced light-off trials (two-way ANOVA,

P=0.0019).k, Silencing of visual cortex (VC) activity throughout learning post

hit only. I, Performance index in probe trials for AC control (n=5), ACPV-ChR2
{n=8)and VCPV-ChR2 (n=6) (two-way ANOVA, P=1.90.10 #),
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(two-way ANOVA, P=0.03).f, Actionrate in probe light-of f trials (two-way ANOVAs,
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Extended DataFig.15| Asignal for actionsuppressioninLearning network.
a, Average activity of cell ensemble 6 (n = 344 cells) or low weighted cells (n =
532 cells, null, black) in CRand FA trialsin expert phase. b, Quantification of late-
in-trial activity (n=2344,532, 344 cells, KW test, P=4.76.10 *"). ¢, Average cell
ensemble 6 activity across learning phases, CR trials were splitinto 6, 2and

4 guantiles over acquisition, expression and expert phases, respectively.
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d, Quantification of late-in-trial activity (left axis; n =704 cells, KW test, P=0.09)
and CRrate (right axis; n=30, 44, 24 trial blocks, KW test, P=4.23.10 ') over
learning phases. e, Averaged ensemble 6 activity in FA and CR trials. FA trials
are splitaccording tolick latencies (white dashed line, mean latency; graded
rectangles, latency range extrema). f, Silencing protocols compared inFig. 5h,i.



