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Summary
Learning to avoid dangerous signals while preserving normal behavioral responses to safe stimuli
is essential for everyday behavior and survival. Like other forms of learning, fear learning has a high level
of inter-subject variability. Following an identical fear conditioning protocol, different subjects exhibit a
range of fear specificity. Under high specificity, subjects specialize fear to only the paired (dangerous)
stimulus, whereas under low specificity, subjects generalize fear to other (safe) sensory stimuli.
Pathological fear generalization underlies emotional disorders, such as post-traumatic stress disorder.
Despite decades of work, the neuronal basis that determines fear specificity level remains unknown. We
identified the neuronal code that underlies variability in fear specificity. We performed longitudinal
imaging of activity of neuronal ensembles in the auditory cortex of mice prior to and after the mice were
subjected to differential fear conditioning. The neuronal code in the auditory cortex prior to learning
predicted the level of specificity following fear learning across subjects. After fear learning, population
neuronal responses were reorganized: the responses to the safe stimulus decreased, whereas the responses
to the dangerous stimulus remained the same, rather than decreasing as in pseudo-conditioned subjects.
The magnitude of these changes, however, did not correlate with learning specificity, suggesting that they
did not reflect the fear memory. Together, our results identify a new, temporally restricted, function for
cortical activity in associative learning. These results reconcile seemingly conflicting previous findings
and provide for a neuronal code for determining individual patterns in learning.
Keywords: fear conditioning, auditory cortex, sensory systems, learning, computational model,
imaging, sensory cortex, tuning curve, neurobiology, population coding.

Introduction
Learning allows our brain to adjust sensory representations based on environmental demands. Fear
conditioning, in which a neutral stimulus is paired with an aversive stimulus, is a robust form of associative
learning: exposure to just a few stimuli can lead to a fear response that lasts over the subject’s lifetime
(Johansen et al., 2011; Quirk et al., 1997). However, the same fear conditioning paradigm elicits different
levels of learning specificity across subjects: whereas some subjects specialize the fear response to the
paired stimulus, other subjects generalize fear across other, neutral, stimuli (Aizenberg and Geffen, 2013;
Chapuis and Wilson, 2011; Li et al., 2008; Resnik et al., 2011). In pathological cases, the generalization
of the fear response to stimuli in non-threatening situations can lead to conditions such as post-traumatic
stress disorder (PTSD) (Jovanovic and Ressler, 2010; Mahan and Ressler, 2012) and anxiety (Krusemark
and Li, 2012). Therefore, determining the neuronal basis for learning specificity following fear
conditioning is important and can lead to improved understanding of the neuropathology of these
disorders. Whereas much is known about how fear is associated with the paired stimulus, the neuronal
mechanisms that determine the level of specificity of fear learning remain poorly understood. Our first
goal was to determine the neuronal basis for the differential fear learning specificity across subjects.
Multiple studies suggest the auditory cortex (AC), a central structure in the auditory pathway, is
involved in fear learning. Inactivation of AC chemically (Letzkus et al., 2011) or with optogenetics
(Dalmay et al., 2019), as well as partial suppression of inhibition in AC (Aizenberg et al., 2015) during
differential fear conditioning (DFC) led to decreased learning specificity. These observations suggest that
AC may determine the level of learning specificity (Aizenberg et al., 2015), therefore we tested whether
neuronal codes in AC prior to conditioning predict specificity of fear learning.
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There is, however, considerable controversy around the role of AC following fear conditioning.
Changes in stimulus representation in AC following association learning have been proposed to represent
a fear memory trace, the strength of memory or the acuity of stimulus discrimination (Quirk et al., 1997;
Weinberger, 2004; Weinberger and Diamond, 1987; Wigestrand et al., 2017). Whereas classical results
suggested that the changes in stimulus representation amplified the difference between CS+ and CS-, more
recent studies found little change in representation of CS+, coupled with reduction of responses to CSand other tones (Edeline and Weinberger, 1993; Gillet et al., 2018; Kato et al., 2015; Ohl and Scheich,
1996). Furthermore, inactivation of the auditory cortex did not affect fear memory recall of tones
(Aizenberg and Geffen, 2013; Dalmay et al., 2019), suggesting that AC may not be involved in fear
memory retrieval. If AC were involved in fear memory retrieval, we would expect the amplitude of the
plastic changes in sound representation to reflect the level of learning specificity across subjects.
Therefore, our second goal was to test the role of the plastic changes in auditory cortex in shaping fear
learning specificity across subjects.
To address these goals, we imaged the activity of neuronal ensembles in AC over weeks, prior to and
following differential fear conditioning. First, we established the neuronal basis for differential learning
specificity across subjects by finding that neuronal activity in AC prior to fear conditioning predicted the
level of learning specificity. Second, we found that the plastic changes in AC following fear conditioning
were not correlated with the level of learning specificity across subjects, suggesting that the role of AC in
fear learning is restricted to the consolidation period and the plastic changes in AC do not represent fear
memory. These findings refine our understanding of the neuronal code for variability in fear learning
across subjects and reconcile seemingly conflicting previous results on the function of the auditory cortex
in fear learning.

Results
Experimental setup
Whereas AC is involved in auditory fear conditioning, its role in the specificity of fear learning
remains controversial. To establish the relationship between sound-evoked activity in the primary auditory
cortex and differential fear conditioning (DFC), we recorded simultaneous neural activity from hundreds
of neurons. We tracked the same neurons before and after DFC, using two-photon imaging of a virally
expressed fluorescent calcium probe (GCaMP6 (Chen et al., 2013), Fig. 1). Longitudinal imaging of
neuronal activity in large ensembles of neurons in AC before and after conditioning allowed us to compare
the representation of the CS stimuli before and after learning (Fig. 2A).
We conditioned mice by exposure to a sequence of 10 repeats of two tones, one of which coterminated with a foot-shock (CS+, 15 kHz), and one which did not (CS-, 11.4kHz). Pseudo-conditioned
mice were presented with the same stimuli (CS, 11.4 kHz and 15 kHz), but the foot-shock occurred during
periods of silence between the stimuli (Fig. 2B). We measured recall of the fear memory by presenting the
same stimuli to the mouse in a different context and measuring the % of time the mouse froze (Fig. 2C).
Learning specificity was defined as a difference between freezing to CS+ and CS- during memory recall
tests (see Methods, Equation 1). Conditioned mice differentiated between the CS+ and CS- (H0: learning
specificity = 0, t-test, t(13) = 2.53, p = .025, Fig. 2D) with varying levels of specificity (range from -16.9
to 55.6%), whereas mice that were pseudo-conditioned showed little evidence of discriminating between
the CS+ and CS- (H0: learning specificity = 0, t-test, t(10) = 0.83, p = .427, range from -5.6 to 9.1%).
Learning specificity persisted for the subsequent memory retrieval sessions over of the experiment (Fig.
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2E, no significant effect of day after DFC1 on the learning specificity: F(3,55) = 0.08, p = .972, conditioned
mice). Thus, we found that mice exhibit different levels of learning specificity, with some generalizing
and others specializing their fear responses to tones.

Figure 1: Longitudinal two-photon imaging tracks activity of neurons over weeks. (A) Example
anatomical location of imaging, top panel: DAPI-stained (white, to show cell nuclei) section with mouse
brain atlas overlaid (yellow). Bottom left panel: retrobeads (white) injection site into A1. The bottom
right panel indicates the section’s location relative to bregma in the sagittal plane. A1 = primary auditory
cortex, AuD = dorsal auditory cortex, AuV = ventral auditory cortex. Scale bar = 1 mm. (B) Two-photon
imaging field of view with regions of interest corresponding to individual neurons (yellow outline, N =
350). Scale bar = 100 µm. (C) Cell outlines from B indicating cells not responsive to the stimuli (light
gray), cells responsive to tones (dark gray, t-test against zero, p < .05, corrected for multiple
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comparisons) but not frequency tuned and frequency-tuned cells (colored according to frequency tuning,
significantly responsive and one-way ANOVA, p < .05). Color bar indicates best frequency of each
tuned neuron. (D) Part of a raw fluorescence trace (black) for an example frequency-tuned neuron with
tone pip presentation times overlaid in color (vertical lines). The color of the vertical lines corresponds
to the frequency of the tone pip presented – colors as in C. (E) Responses of neuron in D with singletrial responses (gray, N = 25 for each frequency) and the mean response (black). Dashed lines = tone pip
onsets. (F) Mean response (from tone onset to 2 s after tone onset) across trials at each frequency of
neuron in D-E. This neuron has a best frequency (B.F.) of 6.1 kHz. (G) Distribution of best frequencies
of frequency-tuned cells recorded 24 hours pre-DFC (N = 255, mice = 25). (H) Distribution of
sparseness of frequency-tuned cells recorded 24 hours pre-DFC. (I) Shows the field of view from two
imaging sessions from the same mouse, 15 days apart (left and middle) with ROIs tracked between the
two sessions outlined in cyan and magenta. The right panel shows the ROIs from the two sessions
overlaid. Scale bar = 100 µm. (J) Frequency responses of a representative cell over the 8 sessions of the
experiment. Cell is shown outlined (cyan line). Scale bar = 25 µm. Error bars = standard error of the
mean (SEM).

Figure 2: Experimental timeline and differential fear conditioning (DFC) paradigm. (A)
Experimental timeline: Mice were imaged for 4 sessions (48 hours apart) prior to DFC to establish
baseline responses to tone stimuli. Mice were subjected to DFC (14 mice) or pseudo-DFC (11 mice) on
Days 0 and 4. After DFC1 (day 0), fear retrieval testing was performed after each imaging session. (B)
During DFC (context A), a foot-shock (1 s, 0.3-0.5 mA) was paired with the CS+ (15 kHz, 30s pulsed at
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1 Hz, 10 repeats). The CS- (11.4 kHz, 30 s pulsed at 10 Hz) was presented alternately with the CS+ (30180 s apart, 10 repeats) and not paired with a foot-shock. During pseudo-DFC, 10 foot-shocks were
presented randomly between the CS stimuli. During retrieval testing (context B), the same CS+ and CSstimuli were presented alternately (30-180 s apart, 4 repeats), the motion of the mouse was recorded and
the percentage freezing during each stimulus was measured offline. (C) Fear retrieval on day 1 (24 hours
post-DFC1) showing the percentage of time frozen during tone presentation for CS+, CS- and baseline
(mean 30 s prior to tone onset) for each mouse. (* Two-way ANOVA (Table S1), Tukey-Kramer post-hoc
test, p < .05) (D) Mean learning specificity of conditioned and pseudo-conditioned mice. Circles show
individual mice. (*t-test, t(13) = 2.53, p = .025) (E) Mean learning specificity for conditioned mice
across days 1-7 post-DFC, black lines show individual mice. (F) Mean learning specificity for pseudoconditioned mice across days 1-7 post-DFC, red lines show individual mice.

Neuronal responses to sounds in AC pre-DFC predict specificity of fear learning.
We hypothesized that activity in auditory cortex predicts differential learning specificity across
individual mice. Specifically, we tested whether neuronal activity in AC pre-DFC1 predicted learning
specificity post-DFC1. To assess how well single neurons could discriminate between the two conditioned
tones, we computed the Z-score difference (Zdiff, see Equation 2 in Methods) of responses to CS+ and CSfor each neuron and each imaging session and calculated the mean Zdiff pre-DFC across neurons. In an
example neuron (Fig. 3A), the distribution of single-trial response magnitudes to CS+ and CSdemonstrate a separation between the responses to the two CSs and resulting in a significant Zdiff score of
2.01. The Zdiff score of each cell was considered significant if the actual score was greater than the 95th
percentile of the bootstrapped Zdiff scores (see Methods). To assess whether the neural discriminability
could predict the learning specificity we calculated the correlation between the two measures, we did not
find a significant correlation (r(12) = .504, 95% CI [0, 0.84], p = .070). However, when we averaged Zdiff
scores across all 4 pre-DFC1 sessions (days -7 to -1) we found a strong correlation with learning specificity
(r(12) = .731, 95% CI [.38, 0.93], p = .011). In summary, the neural discriminability of individual neurons
in AC pre-DFC predicted the learning specificity 24 hours post-DFC.

Figure 3. Z-scored difference (Zdiff) of responses to CS+ and CS- predicts learning specificity. (A)
Response (mean + SEM, 25 repeats) to the presentation (black bar) of CS+ (magenta) and CS- (cyan) of
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an example neuron. Inset shows distributions of the single-trial mean responses to CS+ and CS- from the
same neuron. (B) Mean Zdiff score of neurons with significant Zdiff scores of each mouse 24 hours preDFC1 (day -1) predicts learning specificity 24 hours post-DFC1 (day 1). (C) Mean Zdiff score of significant
neurons from the 4 pre-DFC (days -7 to -1) sessions predicts the learning specificity 24 hours post-DFC
(day 1). Circles represent individual mice. In B and C: error bars = SEM. Magenta lines = linear regression
(with 95% confidence intervals, dotted magenta lines) between the mean Zdiff and learning specificity.
Pink text = F-test of linear regression vs. constant model with Zdiff score predicting learning specificity.
Black text = Pearson’s correlation test between Zdiff scores and learning specificity.

Population neuronal activity in AC prior to DFC predicts specificity of fear learning.
For many brain regions and tasks, activity of multiple neurons combined can provide more
information in combination than averaged activity of individual neurons (Georgopoulos et al., 1986). We
therefore investigated whether populations of neurons could predict learning specificity better than the
average Zdiff scores using machine learning. We trained a Support Vector Machine (SVM, Fig. 4A), using
a linear kernel, to discriminate between presentation of CS+ and CS- with 10-fold cross-validation using
population responses to the CS+ and CS- from the imaging session 24 hours pre-DFC1 (day -1). We found
a significant correlation between the SVM performance and the learning specificity from 24 hours postDFC1 (Fig. 4B, r(12) = .540, 95% CI [.23, .82], p = .046). Thus, learning specificity could be predicted
based on the SVM performance just 24 hours pre-DFC1. When averaging the mean SVM performance
across the 4 sessions preceding DFC1 (days -7 to -1; Fig. 4C), we also observed a significant correlation
(r(12) = .752, 95% CI [.36, .92], p = .003). This correlation coefficient was not significantly stronger than
that of day -1 alone (r difference = -0.212, 95% CI [-.35, -.062], p = .108). Thus, a linear measure of
population activity that takes into account all neurons could predict learning specificity from a single, as
well as multiple sessions.
Neuronal information may be integrated in a non-linear fashion in the brain across neurons (Stringer
et al., 2019). Therefore, we next tested whether a non-linear combination of information in populations of
neurons provides additional information and thus predicts learning specificity better than a linear SVM.
We found that there was no significant difference (bootstrap test, see methods, r difference = .000, 95%
CI [-.34, .19], p = .964) between the correlation coefficients of learning specificity with SVM performance
using either a linear kernel (Fig. 4C) or a non-linear kernel (Gaussian, r(12) = .751, 95% CI [.49, .92], p
= .003). Thus, using a non-linear kernel with the SVM did not improve prediction of the learning
specificity. Furthermore, consistent with the notion that cortical computation is thought to largely rely on
linear integration of inputs (DiCarlo et al., 2012), we found that the mean Zdiff score across individual
neurons of each mouse strongly correlated with the SVM decoding performance (Fig. 4D, Pearson’s
correlation; r(12) = .842, 95% CI [.70, .94], p = .001). These combined results suggest that activity of
neuronal population in AC predicts learning specificity by combining information from neurons in a linear
fashion.
It is possible that neurons that do not provide information about the two CS stimuli are only
contributing noise to the SVM model. Thus, we hypothesized that if neurons with non-significant Zdiff
scores were merely adding noise to the SVM model, then using only neurons with significant Zdiff scores
in the model would lead to increased performance and better prediction of learning specificity than using
all neurons. Thus, we trained the SVM with only the cells that had significant Zdiff scores and found
improved SVM prediction performance compared with using all responsive cells (Fig. 4E, paired t-test,
t(13) = -8.1, p < .001). However, there was no significant difference in correlation (r difference = .037,
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95% CI [-.40, .13], p = .702) between the learning specificity and performance of the SVM using all
neurons (Fig. 4C) or only neurons with significant Zdiff scores (Fig. 4F, r(12) = .789, 95% CI [.55, .92], p
= .001). This analysis suggests that a linear combination of responses of all, rather than select AC neuronal
responses, likely determines the level of learning specificity.

Figure 4. Neural population discrimination between CS+ and CS- pre-DFC predicts learning
specificity. (A) Example training (crosses), correct test (triangles) and incorrect test (circles) data for the
SVM projected onto the first two principal components of the population responses to each trial. Training
and testing data consisted of population responses (mean response for each cell) to CS- (cyan) and CS+
(magenta). (B) SVM performance 24 hours pre-DFC1 (day -1) predicts learning specificity after DFC1
(Day 1, N = 14). (C) Mean SVM performance across the 4 sessions pre-DFC1 (days -7 to -1) predicts
learning specificity post-DFC1 (day 1). (D) Performance of the SVM correlates with the mean Zdiff.
Statistics: Pearson correlation. Fill color indicates learning specificity. (E) Performance of the SVM across
sessions pre-DFC1 (days -7 to -1) increases when using only cells with significant Zdiff. Statistics: paired
t-test between mean Zdiff and SVM performance. Dashed line = line of unity. (F) SVM performance across
sessions pre-DFC1 (days -7 to -1) using only cells with significant Zdiff scores predicts learning specificity.
Magenta lines in B, C, D & F show the linear fit between the two variables (95% CI, dashed magenta
lines). Error bars show standard error of the mean.
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Neuronal activity after DFC does not predict fear retrieval.
We next tested the temporal extent for the prediction of learning specificity based on the neuronal
responses in AC from each imaging session after the first conditioning session (DFC1) and the following
memory retrieval session. If changes in sound-evoked responses in AC reflect memory formation or the
strength of learning as previously suggested (Edeline and Weinberger, 1993), we expect a strengthened
relationship between the neural discrimination and learning specificity after DFC than prior to DFC.
However, we found no significant correlation between the significant Zdiff scores in each session after
DFC1 (days 1, 3 & 5) and the learning specificity from the following sessions (days 3, 5 & 7, Fig. S2A).
The mean significant Zdiff score no longer predicted the learning specificity after DFC. We found similar
results with the population neural discrimination; there were no significant correlations between the SVM
performances in sessions after DFC1 (days 1, 3 & 5) and the learning specificity from the following
sessions (days 3, 5 & 7, Fig. S2D-F). Thus, SVM performance did not predict learning specificity
following DFC.
Taken together with the evidence that two measures of neural discriminability pre-DFC can predict
subsequent learning specificity, these data show that cortical neural discriminability pre-DFC, but not
post-DFC, determined learning specificity. This suggests that changes in neuronal activity in AC do not
necessarily reflect the formation of a fear memory or the strength of the memory. We next sought to
understand how stimulus representation changes in AC after DFC.

Suppression of responses in AC to non-behaviorally-relevant stimuli post-DFC.
We tested whether AC exhibited changes in responses to CS+ and CS- and whether these changes
were dependent on learning. After conditioning, select neurons in AC amplified the difference between
CS+ and CS-, similar to the previous reports of select neurons (Edeline and Weinberger, 1993). However,
across the population, there were heterogeneous changes in neuronal responses (Fig. 5A, Table S2). On
average, the responses of neurons to CS+ were preserved, whereas the response at CS- decreased (Fig.
5B, t-test; p < .05 (corrected for multiple comparisons using false discovery rate– see methods), Table S3).
In contrast, in pseudo-conditioned mice, mean responses at most frequencies, including both CS
frequencies, decreased (Fig. 5C, Table S4), while individual neurons exhibited heterogenous changes (Fig.
5A). These results contradict the theory that following fear conditioning, the reorganization of neuronal
activity serves to amplify the difference in responses to CS+ and CS- thereby improving discriminability
(Edeline and Weinberger, 1993). Rather than increasing the responses at CS+ and decreasing the responses
at CS-, the plasticity serves to counteract reduction in activity that occurs in the absence of foot-shock
pairing at the paired tone frequency.
To identify the relationship between the changes in AC responses at CS+ and CS- and fear learning,
we tested whether these changes were caused by changes in positive or negative fluorescence responses,
with negative responses indicating inhibition of the response. In cells significantly responding pre- or
post-DFC1 split by positive and negative responses (Fig. 5D), for conditioned mice, the decrease in
response at CS- was mainly driven by a decrease in positive responses. In pseudo-conditioned mice, the
decrease in response at both CS stimuli was driven by decreases in positive responses (Fig. 5E). Overall,
these results suggest that responses to non-behaviorally relevant stimuli are reduced overall (CS- in
conditioned mice and both CS in pseudo-conditoned mice), whereas responses to the paired and therefore
behaviorally relevant stimuli (CS+ in conditioned mice) are maintained.
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Figure 5: Changes in frequency representation post-DFC1. (A) We tracked the responses of the same
cells pre- (day -1) and post-DFC1 (day 1). Conditioned mice with a learning specificity >10 were classified
as specializers whereas if learning specificity was <10, they were classified as generalizers. The right
panels show three example frequency tuning curves from tracked neurons from conditioned and pseudoconditioned mice 24 hours pre-DFC (day -1, blue) and 24 hours post-DFC (day 1, orange). Significant
differences in the tuning curves are indicated by the square sizes above (paired t-test, corrected for multiple
comparisons – see methods). The two arrows show the frequencies of the CS- (11.4 kHz) and CS+ (15
kHz). (B) (Left panel) Mean frequency tuning curves across all conditioned mice (N = 14) of cells tracked
and responsive on at least one session pre- and post-DFC1 (N = 1013). (right panel) Mean change in
reponse at each frequency of the same cells, squares indicate significant changes (paired t-test, corrected
for multiple comparisons). (C) (Left panel) Mean frequency tuning curves across all pseudo-conditioned
mice (N = 11) and cells tracked and responsive on at least one session pre- and post-pseudo-DFC1 (N =
729). (right panel) Mean change in response pre- and post-pseudo-DFC1 at each frequency for the same
cells, square sizes indicate significant changes (paired t-test, corrected for multiple comparisons). (D)
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Mean responses of cells from conditioned mice presented with CS+ and CS- in the frequency-tuning
stimuli (N = 10) that significantly responded to CS+ (left panel) and CS- (middle panel) split by whether
the response was positive (solid lines) or negative (dashed lines) 24 hours pre- (blue) and post-DFC1
(orange). Dashed vertical lines indicate the window responses were averaged over. (right panel) Mean
responses (within a 2-s window after sound onset). (E) Mean responses of cells from pseudo-conditioned
mice (N = 11) that significantly responded to CS+ (left panel) and CS- (middle panel) split by whether the
response was positive (solid lines) or negative (dashed lines) 24 hours pre- (blue) and post-DFC1 (orange).
Dashed vertical lines indicate the window responses were averaged over. (right panel) Mean responses
(within a 2-s window after sound onset).
Previous studies found that the best frequency of neurons shifts towards the conditioned stimulus
(CS+) after DFC (Edeline and Weinberger, 1993). In conditioned mice, we did not observe consistent
changes in best frequency towards the CS+. On average there was no change in the best frequency of
frequency-tuned neurons from pre- to post-DFC1 (Fig. 6A, paired t-test, t(648) = -0.166, p = .868).
Sparseness decreasd from pre- to post-DFC1 suggesting an increase in tuning width (Fig. 6B, paired ttest, t(648) = -2.868, p = .004). Similarly, in pseudo-conditioned mice, the best frequency did not change
(Fig. 6C, paired t-test, t(523) = 0.917, p = .360), but sparseness decreased (Fig. 6D, paired t-test, t(523) = 3.136, p = .002). Overall, the best frequency of neurons was unaffected by DFC in both conditioned and
pseudo-conditioned mice and the sparseness decreased in both sets of mice. suggesting there were no
changes specific to DFC in frequency tuning properties.
In summary, we observed heterogeneous changes in response of individual cells tracked from pre- to
post-DFC1. In conditioned animals, there was on average a decrease in mean response at CS- and no
change at the CS+. In pseudo-conditioned mice, we observed decreases in response at the CS- and CS+.
These findings are consistent with the theory that responses to non-behaviorally relevant stimuli are
suppressed, possibly due to long-term habituation (Gillet et al., 2018; Kato et al., 2015). Despite these
changes, neurons did not exhibit a shift in the best frequency toward the CS+, as may have been expected
from previous work (Bakin and Weinberger, 1990; Edeline and Weinberger, 1993).
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Figure 6: Best frequency and sparseness pre- and post-conditioning. (A) (left panel) Best frequencies
pre- and post-DFC1. (right panel) Distribution of best frequencies pre- and post-DFC1. (B) (left panel)
Sparseness pre- and post-DFC1. Circles = individual cells. (right panel) Mean sparseness pre- and postDFC1. (C) (left panel) Best frequencies pre- and post-pseudo-DFC1. (right panel) Distribution of best
frequencies pre- and post-pseudo-DFC1. (D) (left panel) Sparseness pre- and post-pseudo-DFC1. (right
panel) Mean sparseness pre- and post-pseudo-DFC1.

Fear conditioning leads to preservation of discriminability between CS+ and CSIt is possible that the lack of change in response at CS+ and the decrease in response at CS- could
lead to improved discriminability between CS+ and CS- in conditioned mice by increasing the difference
between the responses to each stimulus. Therefore, we tested whether the neuronal discriminability of
CS+ and CS- was improved after DFC1. We found that, on average, there was no change in the mean Zdiff
score from pre- to post-DFC1 (Fig. 7A. Paired t-test, t(13) = 0.774, p = .453) suggesting that neural
discriminability between CS+ and CS- did not improve. Furthermore, we found no change in the SVM
performance from pre- to post-DFC1 (Fig. 7B. Paired t-test, t(13) = 0.849, p = .411), suggesting that, at
the neuronal population level, there was also no improvement in discriminability between CS+ and CS-.
Thus, although responses to CS- decreased and responses to CS+ remained constant, this change did not
result in greater discriminability at population level.
To further investigate whether the changes in stimulus representation were related to the DFC, we
tested the performance of the SVM on each imaging session using cells tracked across consecutive
imaging sessions. We trained the SVM using the first session (n) and tested on data held out from that
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session and from the following session (n + 1). If there were a significant reorganization of stimulus
representation between days that contributes to stimulus discrimination, we would expect a change in
performance following DFC1. We did not observe any consistent change in SVM performance following
DFC1 (Fig. 7C, paired t-test, t(12) = 1.43, p = .176) nor did we observe any significant changes over any
of the consecutive sessions of the experiment (Fig. 7D, see Table S5 for statistical results). Similarly, on
average there was no change in Zdiff scores in cells tracked between consecutive sessions (Fig. S3, Table
S6). Overall, these results indicate that changes that occurred in stimulus representation do not contribute
to the neuronal stimulus discrimination in fear memory retrieval.
Different levels of learning specificity across mice could potentially account for the different levels
of neuronal discriminability post-DFC. We therefore tested whether there was a correlation between the
neural discriminability (mean Zdiff score and SVM performance) and the learning specificity post-DFC.
The mean Zdiff score did not correlate with the mean learning specificity of each mouse across the 4 postDFC1 sessions (Fig. 7E, Pearson correlation, r(12) = .130, CI [-.32, .63], p = .675), nor was there a
correlation between the mean SVM performance post-DFC and the mean learning specificity post-DFC
(Fig. 7F, r(12) = .106, CI [-.44, .74] p = .713). This suggests that neuronal discriminability post-DFC does
not reflect learning specificity.
It is conceivable that the pseudo-conditioned mice learned that both the CS+ and CS- stimuli were
not behaviorally relevant, or that they were both ‘safe’ sounds, since a foot-shock could not occur during
their presentation. If responses to behaviorally irrelevant stimuli are suppressed (perhaps by habituation
Gillet et al., 2018; Kato et al., 2015) then the neural discrimination of the two CS stimuli would be
impaired after DFC. Indeed, we found that the mean Zdiff scores decreased (Fig. 7G, paired t-test,
t(10) = -2.274, p = .046). However, there was no change in SVM performance after pseudo-DFC in
pseudo-conditioned mice (Fig. 7H, paired t-test, t(10) = -1.932, p = .082). Combined, these results suggest
that neural discriminability in fear-conditioned mice is preserved, counteracting reduction in responses
observed in pseudo-conditioned mice.
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Figure 7: Changes in stimulus information representation post-DAFC. (A) Comparison of Zdiff
between the pre- (days -7 to -1) and post-DFC1 sessions (days 1 to 7) in conditioned mice. Color represents
average learning specificity (days 1-7). Statistics: paired t-test. (B) Comparison of SVM performance
between the pre- (days -7 to -1) and post-DFC1 sessions (days 1 to 7) in conditioned mice. Color represents
learning specificity as in A. Statistics: paired t-test. (C) SVM performance 24 hours pre- (day -1) and postDFC1 (day 1) trained using data from day -1 and tested on data from both days. (D) Mean change in SVM
performance using tracked cells between all consecutive imaging sessions of the experiment as in C. For
example, comparison 4 (C4, mean change in SVM performance of data from C) is the mean of SVM
performance on day 1 – SVM performance on day -1. (E) Across the 4 post-DFC1 sessions (days 1-7),
the mean Zdiff score does not correlate with the mean learning specificity in conditioned mice. Magenta
line indicates linear fit (dashed magenta = 95% CI). (F) Across the 4 post-DFC1 sessions (days 1-7), the
mean SVM performance does not correlate with learning specificity in conditioned mice. Magenta line
indicates linear fit (dashed magenta = 95% CI). (G) Comparing mean Zdiff score across the pre- (days -7
to -1) and post-DFC1 sessions (days 1-7) in pseudo-conditioned mice. Statistics: paired t-test. (H)
Comparing mean SVM performance across the pre- (days -7 to -1) and post-DFC1 sessions (days 1-7) in
pseudo-conditioned mice. Statistics: paired t-test . In all panels, circles show each mouse, all error bars
are SEM
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A learning model of the fear circuit
We found that AC activity prior to learning predicts specificity of learning, yet the reorganization
of neural responses does not correlate with learning specificity. This could seem contradictory to previous
studies showing that decreasing inhibition in AC decreased learning specificity (Aizenberg et al., 2015);
but that following conditioning, silencing AC did not affect learning specificity (Aizenberg and Geffen,
2013; Dalmay et al., 2019). How can AC predict learning specificity, but at the same time how can AC
silencing not affect learning specificy? In order to better understand our findings in relation with previous
results, we built a simple model that consisted of two frequency-tuned populations of neurons and a neural
population that responds to the foot-shock. Our goal was to test whether this simple model could account
for both the findings in this manuscript and the results from previous work, in particular: (1)
Discriminability between CS+ and CS- in AC predicts learning specificity post-DFC (Fig. 3-4). (2)
Suppressing inhibition in AC leads to increased generalization (decreased learning specificity) post-DFC
(Aizenberg et al., 2015). (3) Suppressing AC post-DFC does not affect learning specificity (Aizenberg and
Geffen, 2013; Dalmay et al., 2019).
In the model, we included two populations of frequency-tuned neurons (representing the medial
geniculate body, MGB, and auditory cortex, AC). The MGB receives auditory inputs and projects to AC.
Both populations project to basolateral amygdala (BLA). AC sends tonotopically organized feedback
connections to MGB. During conditioning, MGB neurons receive sound inputs and the neurons in the
BLA are active during the foot-shock (Fig. 7A). The weights from MGB and AC to BLA are updated
according to a Delta learning rule (see Methods); that is, they are potentiated when both are co-activated
(i.e. when the foot-shock coincides with the sound stimulus). We control the level of overlap in frequency
tuning between neurons in AC and use it as a parameter representing frequency discriminability (more
overlap = less discriminability). The activity of the BLA after weight update and with auditory input only
is then used as a measure of freezing.
We first tested whether broad tuning in AC, which results in lower discriminability between CS+
and CS-, produced more generalized freezing than sharp tuning. Indeed, we found that increased overlap
in frequency tuning in AC neurons, without changing the tuning of MGB neurons, drove more generalized
freezing responses (Fig. 8B, Figure S4). This is due to the fact that, when AC was broadly tuned, CS+
tone activated AC neurons not only responding to CS+ frequency but also to other frequencies, such as
CS-, albeit to a lesser extent. After learning, this resulted in strong AC to BLA synaptic weights that are
not specific to CS+. MGB is narrowly tuned in our model, but the weights from MGB to BLA were also
strengthed in a non-specific fashion (Fig. S4) because AC projects back to MGB. Therefore, CS+ also
activated non-specific neurons in MGB concurrently with the foot-shock. These results support the
present findings (Fig. 3-4). Second, we examined the effects of decreasing inhibition in the AC population
during conditioning (Fig. 8C, Fig. S5). Decreasing inhibition resulted in an increased overlap in frequency
responses in the AC population, which in turn led to increased generalization, supporting and providing a
mechanism for previous findings (Aizenberg et al., 2015; Briguglio et al., 2018). Third, we tested whether
inactivating the auditory cortex following conditioning had an effect on freezing responses (Fig. 7C, Fig.
S6). Consistent with previous findings (Aizenberg and Geffen, 2013; Dalmay et al., 2019), we did not
observe a change in fear generalization following AC inactivation. The broad or narrow tuning of AC
neurons allowed for the synapses from MGB to BLA to be strengthened either narrowly or broadly during
conditioning. Therefore, with suppression of AC after conditioning during memory recall, the specialized
versus generalized learning was preserved.
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Combined, the model demonstrates that a simple anatomically consistent circuit supports multiple
aspects of cortical control of fear conditioning previously identified. Discriminability between CS+ and
CS- in AC predicts learning specificity and influences learning in the MGB to BLA synapses. After
learning, AC is not necessary for fear memory retrieval.

Figure 8: A learning model reconciles present and past findings. (A) (left panel) connectivity between
auditory cortex (AC, gray), medial geniculate body (MGB, orange) and basolateral amygdala (BLA, blue).
Right panel shows the model connectivity. MGB provides input to AC (orange lines), and both MGB and
AC provide inputs to BLA (blue lines). AC feeds back to MGB (black lines). Colored circles represent
neurons tuned to different, overlapping frequency ranges. (B) Normalized learning specificity output from
the model with varying levels of AC discriminability, achieved by changing the frequency tuning overlap
(𝜎 "#$ ) between the neurons in the AC population. (C) Normalized learning specificity at two AC
discriminability levels; fine (blue) and broad tuning (orange). Results are shown for learning specificity
with no interventions, when inhibition is reduced in AC during DFC (analogue of when ArchT-transfected
PV interneurons in AC are inactivated by optogenetics during DFC), and when AC is inactivated during
memory recall (analogue of an injection of muscimol during memory recall; PV = parvalbumin positive
interneurons, ArchT = Archaerhodopsin-T).

Discussion
Learning to fear dangerous sensory signals while maintaining normal behavioral responses to safe or
neutral signals is important for everyday behavior and survival. Abnormalities in fear learning can lead to
disorders such as PTSD, in which fear is generalized to neutral stimuli. Even in normal subjects, fear
learning can lead to fear responses that are specialized to specific stimuli or generalized across neutral
stimuli. Whereas much progress has been made on identifying the neuronal mechanisms for fear learning,
little is understood about the neuronal mechanisms that determine learning specificity. Understanding the
neuronal mechanisms that control specialization and generalization in fear learning is essential and may
lead to improved understanding of the neural pathology of fear disorders.
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Previous work suggests that the sensory cortex plays a role in discrimination of simple tone stimuli
during fear memory acquisition (Aizenberg et al., 2015; Briguglio et al., 2018; Wigestrand et al., 2017).
In this study, we identified the role of the auditory cortex in discriminative fear learning. We tracked the
representation of a dangerous and a safe stimulus in the auditory cortex of mice before and after differential
fear conditioning. As expected, mice exhibited a range of specificity of the fear response, with some
exhibiting fear to only the dangerous tone, and others exhibiting fear to both stimuli (Fig. 2). Importantly,
we found that the neural discriminability of the safe and dangerous sounds in the auditory cortex before
DFC predicted the subsequent learning specificity (Fig. 3, 4). Furthermore, we identified changes in the
neuronal representation of the sounds in AC after fear conditioning; responses to safe stimulus in
conditioned mice and both unpaired tones in pseudo-conditioned mice were suppressed, whereas
responses to the dangerous tone were unchanged in conditioned mice (Fig. 5, 6). However, these changes
in neuronal representation did not correlate with the specificity of learning, suggesting that the changes in
the auditory cortex do not reflect the fear memory as previously suggested (Fig. 7). Combined, our results
demonstrate that: (1) Prior to fear learning, neuronal responses in AC shape fear specificity; (2) Following
fear conditioning, neuronal response transformations are not correlated with fear learning specificity, and
therefore the auditory cortex does not encode auditory differential fear memory; (3) The neuronal response
transformations are consistent with maintenance of responses to behaviorally relevant stimuli that
counteract habituation to non-relevant stimuli; (4) A simple model of the auditory nuclei and the
basolateral amygdala (BLA) could account for our results as well as a number of previous findings (Fig.
8). Our study reconciled multiple conflicting results from prior studies identifying the role and limitations
of the involvement of the sensory cortex in differential fear learning. The results provide evidence for a
complex function of sensory cortex in learning and memory.
Our finding that the neuronal activity prior to fear conditioning predicted specialization of fear
learning provides a mechanism for a number of previous observations. Previous work suggested a role of
AC in differential fear memory acquisition (Aizenberg et al., 2015; Briguglio et al., 2018; Letzkus et al.,
2011; Wigestrand et al., 2017). Specifically, inactivation of inhibitory neurons in the auditory cortex
during fear conditioning led to an increase in generalization of fear learning (Aizenberg et al., 2015).
Suppressing inhibitory neurons in the auditory cortex led to a decrease in Fisher information which reflects
the certainty about a stimulus in neuronal representation (Briguglio et al., 2018). This change would likely
result in a decrease in neuronal discriminability between the CS+ and the CS- tones in the auditory cortex,
and therefore drive a decrease in fear specificity, as demonstrated by our model (Fig. 8). Our results
provide the link between optogenetic inactivation of interneurons in AC leading to increased fear
generalization, and to increased frequency tuning width, which decreases neuronal discriminability.
Our finding that changes in neuronal representation of the stimuli after fear conditioning did not
correlate with learning specificity puts in perspective multiple previous studies and suggests that the
auditory cortex does not reflect the differential fear memory. Previous work found that changes in neuronal
responses to the dangerous and safe stimuli after differential fear conditioning amplified the difference
between the responses (Edeline and Weinberger, 1993; Ohl and Scheich, 1996). This change was proposed
to represent fear memory (Ohl and Scheich, 1996, 2004; Weinberger, 2004). We identified similar
transformations in a subset of neurons that were tracked pre- to post-conditioning. However, we found
that over the neuronal population, these changes abolished the correlation between neuronal
discrimination and learning specificity. This observation suggests that neuronal code in the auditory cortex
after fear conditioning does not reflect differential fear memory. Indeed, a number of studies found that
inactivating the auditory cortex after fear conditioning does not affect fear memory retrieval (Aizenberg
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and Geffen, 2013; Dalmay et al., 2019), but see (Gillet et al., 2018; Wigestrand et al., 2017). Combined,
our results restrict the role of auditory cortex in fear conditioning to differential fear memory acquisition,
but not retrieval.
The neuronal changes following differential fear conditioning can be interpreted as a relief of
habituation in response to the dangerous tones, and habituation for the safe sounds. Over the neuronal
population, we found that neurons responsive to the dangerous stimulus maintained their responses, while
neurons responsive to the safe stimulus reduced their responses after differential fear conditioning. By
contrast, in a control pseudo-conditioned group of mice that were exposed to the sound and aversive
stimuli in an unpaired fashion, the responses to both stimuli were reduced. These findings are consistent
with a previous study (Gillet et al., 2018), which proposed that the reduction in response to safe stimuli
(not behaviorally relevant) is due to habituation of neuronal responses to repeated, non-behaviorally
relevant stimuli (Kato et al., 2017) and maintenance of responses to dangerous stimuli is thus a
counteraction of habituation. Despite the apparent increase in neural contrast between the CS+ and CS- in
conditioned mice, neural discrimination measures did not change from pre- to post-DFC. However, we
did observe a decrease in neural discrimination measures post-DFC in pseudo-conditioned mice. This
suggests that neural activity in the cortex was reorganized so as to maintain discrimination of the
behaviorally relevant stimuli while maintaining frequency discrimination across other frequencies, thus
supporting stable auditory perception.
We found that a simple model with connections from auditory nuclei to the basolateral amygdala
could replicate the results found in the current study and account for previous work (Fig. 8). The model
demonstrated that (1) neural activity in cortex can predict subsequent learning specificity; that (2)
inactivation of PV interneurons in AC during DFC leads to increased generalization (Aizenberg et al.,
2015), and that (3) the auditory cortex is not necessary for differential fear memory retrieval (Aizenberg
and Geffen, 2013; Dalmay et al., 2019). The model proposes that either MGB or AC or a combination of
both can induce auditory fear memory through the strengthening of connections in the amygdala. We
propose that feedback from auditory cortex to the MGB contributes to discrimination of perceptually
similar stimuli during DFC by controlling stimulus discrimination in the MGB, this may or may not be a
direct projection neuroanatomically (He, 2003; Suga, 2008).
In the model, an auditory nucleus, MGB, was reciprocally connected with AC in the circuit, as
reported experimentally (Chen et al., 2019b; Williamson and Polley, 2019). The MGB is also strongly
implicated in fear conditioning (Antunes and Moita, 2010; Apergis-Schoute et al., 2005; Herry and
Johansen, 2014; although, see Suga, 2008; Weinberger, 2011) and is involved in consolidation of fear
memory (Taylor et al., 2020). And, MGB does project extensively to auditory cortical areas and to the
amygdala (Ledoux, 2000), where its projections converge with those from A1 (Lee, 2015) and from
temporal association areas (Edeline, 1999), where AC and MGB may provide complementary information
(Chen et al., 2019a). Furthermore, our recent results identified a pathway from the BLA to the MGB via
the thalamic reticular nucleus, a thin sheet of inhibitory neurons, which may facilitate the amplification of
sound-evoked responses or change in tuning width in the MGB (Aizenberg et al., 2019). Future studies
need to explore the role of the MGB and specific projections between AC and MGB and BLA in fear
learning and memory.
This study had several methodological limitations. Our results relied on tracking the neuronal
responses in transfected neurons in AC and did not distinguish between different neuronal subtypes. We
used a viral vector that expressed the fluorescent calcium indicator in all neurons, we were thus unable to
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identify neuronal cell types in our recordings. Previous studies found that a specific class of inhibitory
neurons increases activity with presentation of repeated tones (Gillet et al., 2018). It is therefore plausible
that our results include a subset of neurons that function differentially during fear conditioning, but which
we are unable to identify due to limited sample and lack of selective labelling. The role of specific neuronal
subtypes in differential fear conditioning needs to be explored further in studies that target viral expression
to these subsets. Furthermore, we restricted our recordings to superficial layers 2 and 3 of the auditory
cortex, and it is possible our results overlook more specific changes in the thalamo-recipient layers of the
cortex (Atencio et al., 2012; Linden and Schreiner, 2003). The complexity of transformations in the
cortical microcircuit with learning should be explored further (Blackwell and Geffen, 2017; Harris and
Shepherd, 2015; Wood et al., 2017).
The results of the study may be restricted to the pure tone stimuli, which are relatively simple auditory
stimuli. Other studies have questioned the role of auditory cortex in classical fear conditioning, where the
CS+ paired with foot-shock is presented in isolation (Armony et al., 1997; Romanski and LeDoux, 1992;
Zhang et al., 2018); and identified differential function for the auditory cortex depending on the stimulus
complexity in fear learning (Dalmay et al., 2019; Letzkus et al., 2011). It is likely that such an important
behavioral modification as fear has redundant pathways to obtain the same outcome (Betley et al., 2013;
Boatman and Kim, 2006; Zhang et al., 2018). The role of auditory cortex in discrimination of simple and
complex stimuli has recently been a subject of interest in the field (Ceballo et al., 2019; O’Sullivan et al.,
2019). Future studies will need to dissect to what extent the differences in neuronal codes in AC shape
differential fear learning of complex and natural sounds.
Our results may be applicable to understanding anxiety disorders. An extreme example of fear
generalization is realized in PTSD (Dunsmoor and Paz, 2015). Here we find that the present state of each
individual brain, in terms of neural discrimination of stimuli, is predictive of the future generalization of
fear in the subject. This suggests that a way to prevent generalization of dangerous and safe sounds is to
improve neural discrimination of potentially threatening stimuli (Ginat-Frolich et al., 2017; Lange et al.,
2017; Roesmann et al., 2020; Tuominen et al., 2019). Further work in this area can lead to a deeper
understanding how genetic and social factors, as well early life experiences, shape cortical activity in this
common and devastating disorder (Mahan and Ressler, 2012; Roesmann et al., 2020).
We found that the mammalian sensory cortex plays key role in stimulus discrimination during, but
not following, differential fear conditioning. These results reconcile several previous findings and suggest
that the role of sensory cortex is more complex than previously thought. Investigating the changes in the
cortico-amygdalar circuit during fear learning will pave way for new findings on the mechanisms of
learning and memory.
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STAR methods
Mice
All experimental procedures were in accordance with NIH guidelines and approved by the IACUC at
the University of Pennsylvania. Mice were acquired from Jackson Laboratories (16 male, 9 female, mean
age of cranial window implant: 9.6 weeks [6.3 – 13.0 weeks]; PV-Cre (4) [Stock No: 017320], PV-Cre x
ROSA (1) [Stock No: 003474], CamKII-Cre mice (1) [Stock No: 005359] or Cdh-23 mice (19) [Stock
No: 018399]) and were housed in a room with a reversed light cycle. Experiments were carried out during
the dark period. Mice were housed individually after the cranial window implant. 14 mice (9 male, 5
female) were in the conditioning group and 11 mice (7 male, 4 female) were in the pseudo-conditioning
control group.
The Auditory Brainstem Response (ABR) to broadband clicks (2 – 80 kHz, 70 dB SPL) was acquired
at the end of the experiment when possible (average 18.7 days post-final imaging session) in order to
confirm that the mice had good hearing. The click ABR amplitude did not change significantly over the
course of the experiments (Figure S7, mean ± s.d. pre = 1.84 ± 0.54 µV, post = 1.37 ± 0.34 µV, N = 8,
paired t-test, t(14) = 2.11 p = .053).
Euthanasia procedures were consistent with the recommendations of the American Veterinary
Medical Association (AVMA) Guidelines on Euthanasia.

Surgical procedures
Mice were implanted with cranial windows over auditory cortex. Briefly, the mice were anaesthetized
with 1.5 – 3% isoflurane and a 3-mm circular craniotomy was performed over the left auditory cortex
(stereotaxic coordinates) using a 3-mm biopsy punch centered over the stereotaxic coordinates of A1 (70%
of the distance between bregma and lambda, 4.3 mm lateral to the midline). An adeno-associated virus
(AAV)
vector
encoding
the
calcium
indicator
GCaMP6s
or
GCaMP6m
(AAV1.Syn.GCaMP6s.WPRE.SV40 or AAV1.Syn.GCaMP6m.WPRE.SV40, UPENN vector core) was
injected (750 nl, 1.89 x 10-12 genome copies.ml-1) at a 750µm depth from the surface of the brain at
60 nl.min-1 for expression in layer 2/3 neurons in A1. 3 injections were made at the same lateral distance
but separated by 0.5 mm in the anterior-posterior direction or 5 injections were made spread across the
window (0.3 – 0.5 mm apart). The injection needle was left in place for 10 mins after the injection was
complete before retraction. Injections were made using pulled (P-97 Puller, Sutter Instruments, USA) glass
pipettes (Harvard Apparatus, USA) with tip openings of 30 – 50 µm using a pump (Pump 11 Elite, Harvard
Apparatus, USA). After injection a circular 3-mm diameter glass coverslip (size 0 or 1, Warner
Instruments) was placed in the craniotomy and fixed in place using a mix of cyanoacrylate glue and dental
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cement. A custom-made stainless-steel head-plate (eMachine Shop) was fixed to the skull using C&B
Metabond dental cement (Parkell). The implant was further secured using black dental cement. Mice were
allowed to recover for 3 days post-surgery.

Behavioral training and testing
Mice underwent a minimum of 4 imaging sessions (range: 4 – 11) prior to differential auditory fear
conditioning (DFC). DFC and subsequent fear retrieval testing took place in two different contexts (A and
B, discussed below). Before and after each conditioning or retrieval, we cleaned the conditioning and
testing chambers with either detergent (retrieval chamber) or 70% ethanol (conditioning chamber). We
recorded a video of the mouse in the testing chamber using FreezeFrame 3 software (Coulbourn) at 3.75
Hz; the subsequent movement index (mean grayscale values of frame (n+1) minus the preceding frame
(n)) was exported and analyzed offline using MATLAB. The threshold of movement was defined as the
12.5th percentile of the values from each session. The mouse was considered to be freezing if the
movement index was below the threshold; the measure of freezing was expressed as a percentage of time
spent freezing during stimulus presentation and for baseline during the 30s prior to stimulus onset.
Stimuli were generated using FreezeFrame 3 and presented at 70 dB SPL from an electrostatic speaker
(ES-1, TDT) mounted above the animal. DFC took place in context A. Stimuli were 30 s in duration and
were either a continuous pure tone (4 mice) or pulsed pure tones (500 ms duration at 1 Hz). The CS+ (15
kHz) was paired with a foot-shock (1 s, direct current, 0.5 – 0.7 mA, 10 pairings, inter-trial interval:
50 – 200 s) delivered through the floor of context A (by precision animal shocker, Coulbourn). The footshock either co-terminated with the continuous tone or the onset coincided with the final tone pulse of the
CS+ stimuli. The CS- (11.4 kHz) was presented after each CS+-foot-shock pairing but was not reinforced
(10 presentations, inter-trial interval: 20 – 180 s). The next day, after a two-photon imaging session,
conditioned mice were tested for fear retrieval in context B, during which 4 presentations of the CS+ and
CS- were presented (30 s duration, interleaved, inter-trial interval: 30 – 180 s). For 4 mice, longer
continuous presentations of the CS+ and CS- were presented (either 120 s, 1 mouse, or 60 s, 3 mice), for
these mice, trials were divided into 4 equal durations and treated as above. In pseudo-conditioning, the
foot-shocks were presented interleaved between the stimuli in periods of silence.
For each mouse the learning specificity (LS, Equation 1 (Aizenberg and Geffen, 2013)) was calculated
as:
2

2

𝐿𝑆 = * 𝑓𝑟-. / (𝑖)7𝑁 − * 𝑓𝑟-. 9 (𝑖)7𝑁
345

345

Equation 1

Where i is the trial index, 𝑓𝑟-. //9 (𝑖) is the fraction of time spent freezing during trial i in the CS+/condition, respectively, and N is the number of trials per condition.

Calcium imaging procedure and acoustic stimuli
All imaging sessions were carried out inside a single-walled acoustic isolation booth (Industrial
Acoustics). Mice were placed in the imaging setup, and the head plate was secured to a custom base
(eMachine Shop) serving to immobilize the head. Mice were gradually habituated to head-fixing over
3 – 5 days, 3 – 4 weeks after surgery and before imaging commenced. Imaging took place in mice aged
17.5 – 19.6 weeks (min: 12.9, max: 27.1 weeks).
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We recorded changes in fluorescence of GCaMP6s/m caused by fluctuations in calcium concentration
in transfected neurons of awake, head-fixed mice, using two-photon microscopy (Ultima in vivo
multiphoton microscope, Bruker). The laser (940 nm, Chameleon Ti-Sapphire) power at the brain surface
was kept below 30 mW. Recordings were made at 512 x 512 pixels and 13-bit resolution at ~30 frames
per second.
Stimuli were generated at a sampling rate of 400 kHz using MATLAB (MathWorks, USA) and
consisted of 100-ms long tone pips in the 5−32-kHz frequency range and presented at 60 – 80 dB SPL. In
a single recording session, each frequency was repeated 15 – 25 times in a pseudo-random order with a 4s inter-stimulus interval.

Data analysis and statistical procedures
Publicly available toolboxes (Pachitariu et al., 2017) running on MATLAB were used to register the
two-photon images, select regions of interest (ROI) and estimate neuropil contamination, resulting in a
neuropil-corrected fluorescence trace (F) for each neuron. We calculated the mean baseline fluorescence
(Fbaseline) and standard deviation of the baseline (Fstd) over the one second prior to tone onset for each
sound presentation, and then determined the change in fluorescence over time relative to the mean baseline
fluorescence (ΔF = F - Fbaseline). We then divided ΔF by Fstd, effectively calculating the z-score of the
fluorescence relative to the baseline (ΔF/Fstd) for each sound presentation.
We imaged the activity from the same cells over 15 days in layer 2/3 of auditory cortex, using blood
vessel architecture, depth from the surface and the shape of cells to return to the same imaging site. To
identify ROIs across imaging sessions that corresponded to the same cell, the maximum-projection
fluorescence images from each day were registered by transforming the coordinates of landmarks present
in both images in MATLAB (2017a) using the fitgeotrans function. The transformation was applied to
ROIs from the second imaging session to match the first – all subsequent sessions were aligned to the first
imaging session. We next calculated the distance between all the pairs of centroids (mean x-y position of
each ROI) across the two sessions; ROIs from the two sessions were then automatically registered as the
same cell based on the nearest centroid. We then manually checked the shape and position of the ROIs for
any pairs that had duplicate matches, <80% ROI overlap or a larger than average distance between the
centroid locations. ROIs which were not matched to any earlier ROIs were counted as new cells and
assigned a new cell number. This process was repeated for subsequent sessions, registering the imaging
field to the first session and comparing the ROIs to the cumulative ROIs from previous sessions. A final
manual inspection of all the unique ROIs was performed after all the imaging sessions were registered.
ROIs that overlapped with each other extensively were excluded from the dataset since it was unclear
whether they were the same or different cells. Examples of tracked cells and aligned ROIs are shown in
Figure 1.
The response to each tone was defined as the mean ΔF/Fstd over 2 seconds following tone onset.
Neurons were deemed sound responsive if at least one of the frequency responses was different from zero
(t-test, p < 0.05, corrected for multiple comparisons using false discovery rate (Benjamini and Hochberg,
1995; Groppe, 2020)) The frequency tuning curve was defined as the mean response to each tone
frequency across repeats. Neurons were defined as frequency tuned if they were sound responsive and
their tone responses were significantly modulated by tone frequency (one-way ANOVA, p < .05). Best
frequency was defined as the frequency with the highest mean response. Sparseness (S, Equation 2 (Rust
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and DiCarlo, 2012)) was used to estimate the sharpness of tuning curves, with 1 being very sharply tuned
while 0 would indicate an equal response to each tone frequency:
𝑎=

((∑ => )⁄2 )@
∑A=>@ ⁄2B

𝑆=

5CD
5C 5⁄2

Equation 2

Where ri is the mean response to the frequency i and N is the total number of frequencies tested.
The Z-scored difference between responses to CS+ and CS- (Zdiff, Equation 3) was calculated for each
neuron using the following equation:
∑ 𝑟-. / ⁄𝑁 − ∑ 𝑟-. 9 ⁄𝑁
HH
𝑍F3GG = HH
IJ𝜎=KL/ ∙ 𝜎=KL9 N
Equation 3

Where rCS+/CS- is the single trial mean responses to CS+ and CS- respectively, N is the number of
repeats of each stimulus and σ is the standard deviation of mean responses. The Zdiff score was considered
significant if the actual Zdiff was larger than the 95th percentile of the distribution of Zdiff scores calculated
from resampling the data 250 times with replacement while shuffling the CS+/CS- label of each response.
For fitting the Support Vector Machine, we used MATLAB’s fitcsvm function with a linear kernel to
predict the learning specificity based on the single-trial population responses (mean ΔF/Fstd over 2 s poststimulus onset for each neuron). We used 10-fold cross validation in testing performance of the model.
For non-linear model testing, we used a Gaussian kernel, with a kernel scale of 18 to train the SVM.
We calculated significance of correlations using a bootstrap procedure, resampling the data 10000
times and computing the Pearson’s correlation between the resampled data. We defined the 95%
confidence limits of the correlation coefficient (r) as the 2.5th and 97.5th percentiles of the resulting
distribution of correlation coefficients. In order to assess whether two correlations were significantly
different from one another we subtracted the r distributions of each dataset from one another, the change
in r was considered significant if 95% CI of the distribution did not overlap with zero.
To test whether the learning specificity in conditioned mice changed over time we performed an
analysis of variance (ANOVA, using MATLAB) with learning specificity as the dependent variable and
number of days after DFC1 (days 1, 3, 5 and 7) as the independent variable. Changes in frequency tuning
were assessed using paired t-tests at each frequency between the mean pre- and post- response of each cell
(t-test, p < 0.05, corrected for multiple comparisons using false discovery rate (Groppe, 2020)). For mice
that were not tested at 11.4 and 15 kHz under the two-photon microscope (4 conditioned mice) responses
were interpolated from the frequency tuning curves pre- and post-DFC. For cells present in more than one
session either pre- or post-DFC, mean responses at each frequency were combined and the changes in
response were assessed from the mean across pre- and post-DFC sessions. For comparing the fluorescence
responses, the 4 mice not tested directly were excluded.

Confirming anatomical location of recording
Upon conclusion of the imaging sessions, we removed the windows of the mice and injected a red
fluorescent marker (Red Retrobeads, CTB or AAV5.CAG.hChR2(H134R)-mCherry.WPRE.SV40
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(mCherry)) into the site of imaging as identified by blood vessel patterns. Briefly, we anaesthetized mice
with 1.5 – 3% isoflurane and used a drill (Dremel) to remove the dental cement holding the window in
place. We removed the glass window was removed and injected the red marker into the site of imaging
(Red Retrobeads: 250 nl, CTB: 500 nl (0.5%), mCherry: 500 nl) using a glass pipette (tip diameter: 40 – 50
µm) at 60 nl min-1. Following the injection, we covered the exposed brain with silicon (Kwik-Sil, World
Precision Instruments) and then coated it with dental cement. After allowing time for retrograde transport
(retrobeads and CTB: 1 week) or viral transfection and expression (mCherry: 3 weeks) mice were deeply
anesthetized with a mixture of Dexmedatomidine (3 mg/kg) and Ketamine (300 mg/kg) and brains were
extracted following perfusion in 0.01 M phosphate buffer pH 7.4 (PBS) and 4% paraformaldehyde (PFA).
They were further fixed in PFA overnight and cryopreserved in 30% sucrose solution for 2 days prior to
slicing. The location of imaging was confirmed through fluorescent imaging (Figure S1). For retrobeads
and CTB, the injection site was clear as a very bright injection site, for mCherry, expression levels were
measured across the AC and the site of imaging was assumed to be the section with the strongest
expression/brightest red. The identified sections were cross-referenced with the Allen Institute Mouse
Brain Atlas using freely available software (Shamash et al., 2018).

Model
Neuron model and network.
We simulated cortical neural populations, MGB populations and a BLA neuronal population in a ratebased description of neural activity. We simulated 𝑁 = 10 MGB populations. Each MGB population
received 𝑁 = 10 inputs 𝑥3 RST , i = 1..N. To model the fact that neighboring inputs are correlated, we
generated the inputs 𝑥3 assuming that they each have a similar tuning to stimuli. These stimuli were
modeled as 10 time-dependent activities 𝑠V (𝑡) (which corresponded to a sound amplitude at a given
frequency, 𝑗). The activity of input 𝑖 was calculated by a sum of the stimulus channels, weighted with
tuning strengths 𝑥 RST 3 (𝑡) = ∑V 𝑇 RST 3V 𝑠V (𝑡) + 𝑥 "#$V (𝑡) . The input tuning was Gaussian: 𝑇 RST 3V =
[𝑒

C

(>9])@
@^_`a

b for 𝑖 and 𝑗 going from 1 to 10. [. ]c means that negative values are set to zeros. The term 𝑥 "#$
c

corresponds to the direct cortical feedback. The parameter 𝜎 RST regulated how broad the population
response is to the sound. In the model, we assumed that MGB neural populations always have a small
overlap in neural responses (𝜎 RST = 0.8).
Similarly, we simulated 𝑁 = 10 cortical populations are modelled as 𝑥 "#$ 3 (𝑡) = ∑V 𝑇 "#$ 3V 𝑥 RSTV (𝑡).
The input tuning was also Gaussian: 𝑇
0.9 was a broad inhibitory term.
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3V

5

= 5.h [𝑒

(>9])@
@^ijk

C

− 𝐼 "#$ b for 𝑖 and 𝑗 going from 1 to 10. 𝐼 "#$ =
c

In the simulations, we tested for two different values of 𝜎 "#$ ; one corresponding to narrow tuning
with a small overlap (𝜎 "$# = 3), and one corresponding to a broad tuning with a large overlap (𝜎 "#$ =
10). (Note that 𝜎 RST = 0.8 was equivalent to 𝜎 "#$ = 3 since we did not model MGB inhibition here,
𝐼 RST = 0). To avoid boundary effects, we had a circular boundary condition of the 10 inputs, meaning
that input 1 and input 10 are neighbors.
Finally, we simulated one population in the BLA. It received inputs from both cortical and MGB
populations, i.e. y = 𝑤 RST 𝑥 RST + 𝑤 "#$ 𝑥 "#$ ,where 𝑤 RST are the weights from MGB neurons to the BLA
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neurons, and 𝑤 "#$ are the weights from cortical neurons to the BLA. Normalized freezing response was
computed as the activity after the fear conditioning paradigm (see below) normalized by the maximal
activity (i.e. when the weights are all 1).
Modelling fear conditioning paradigm and interventions
During the fear conditioning training to simulate a CS- tone, we set (channel number 6) 𝑠q = 1, all
the other inputs to zero, and a CS+ we set (channel number 3) 𝑠r = 1, all the other inputs to zero. In
addition, we paired it with a shock (e = 1 if there is a shock, e = 0 otherwise). The synaptic weights were
plastic under the following rules, Δ𝑤 "#$/RST 3 = 𝛼 𝑥 "#$/RTS 3 𝑒, where 𝛼 = 0.1 is the learning rate. This
is analogous to the standard Delta rule. The weights were bound between 0 and 1 and are initialized at 0.1.
We simulated the fear conditioning for 10 time-steps [arbitrary time]. To simulate optogenetic inactivation
of PV neurons in AC (Aizenberg et al., 2015), which decreases inhibition in AC, we lowered inhibition in
AC by setting 𝐼 "#$ = 0.45 (half the ‘normal’ level), the maximum freezing was computed with the original
inhibitory term intact (𝐼 "#$ = 0.9). To simulate pharmacological inactivation of AC during memory recall
(after learning), we tested the behavior of the model with AC inactivation by setting 𝑥 "#$ 3 = 0 during the
BLA simulation protocol.

Data availability
All data and the code to generate the figures as well as the model will be available upon peer-reviewed
publication in free access here: https://doi.org/10.5061/dryad.wpzgmsbhw.

Supplemental Information (7 figures and 6 tables)
Figure S1: Location of imaging site.
Figure S2: Neither Zdiff nor SVM performance predicts Learning Specificity post-DFC.
Figure S3: Change in Zdiff in tracked cells between consecutive sessions.
Figure S4: Model process.
Figure S5: Model process with PV inactivation of AC during DFC. The
Figure S6: Model results with AC inactivation during memory recall.
Figure S7: Auditory Brainstem Responses.
Table S1: Statistics for Figure 2C.
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Table S3: Statistics for Figure 5B, paired t-tests. FDR = false discovery rate.
Table S4: Statistics for Figure 5C, paired t-tests. FDR = false discovery rate.
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session n (Statistics for Figure S3).
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