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Abstract

Affective learning and memory are essential for daily behavior, with both adaptive and
maladaptive learning depending on stimulus-evoked activity in amygdala circuitry.
Behavioral studies further suggest that post-association offline processing also contributes
to memory formation. Here, we investigated spike-sequences across simultaneously
recorded neurons while monkeys learned to discriminate between aversive and pleasant
tone-odor associations. We show that triplets of neurons exhibit consistent temporal
sequences of spiking activity that differed from firing patterns of individual neurons and
pairwise correlations. These sequences occurred throughout the long post-trial period,
contained valence-related information, declined as learning progressed, and were
selectively present during the recent CS-US evoked activity. Our findings reveal that
temporal sequences across neurons in the primate amygdala serve as a coding
mechanism, and might aid memory formation by rehearsal of the recently experienced
association.
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Introduction

The role of the amygdala in learning with aversive and pleasant outcomes is well

111
d

establishe , and impaired processing can result in maladaptive expression and

discrimination of fear from safety'*™

. During learning, an initially neutral conditioned-
stimulus (CS) is paired with an unconditioned-stimulus (US) to produce plasticity that
enables memory formation® **??, leading most studies to focus on stimuli-evoked responses.
Nevertheless, behavioral studies have shown that the length of the post-trial interval

22, 23

contributes to the acquisition rate and that learning is diminished when introducing a

novel association during that time®*. Together, these results suggest a memory rehearsal

24,25

mechanism that is also in-line with an amygdala-dependent fast consolidation process®®

%8 Despite evidence for affective-state-specific tonic responses that continue in the absence

of external stimuli®® *°

, it remains unclear how amygdala circuitry process specific
associations after the stimuli terminated to aid memory formation. Here, we demonstrate
that amygdala ensembles carry such information in timing and order of spiking activity
during the post-trial offline period. The focus on the order of spikes across several neurons
allows examination of a lower dimension compared to that of all possible spatiotemporal

patterns, and is therefore computationally tractable.

We recorded neurons in the amygdala of two monkeys acquiring pleasant and aversive tone-
odor conditioning on a daily basis (Fig.1A, Supplementary Fig.1A, n=119 neurons). A
discriminatory conditioned-response (CR, higher inhale volume in response to the pleasant-
or aversive- associated tone) occurred in 74% of the days (n=31/42, 2-way ANOVA, p<0.05
for main effect of valence). The discriminatory CR developed after the first trial and
progressed along the acquisition session (Fig.1B).

To establish the role of temporal-sequences as a coding and rehearsal mechanism, we
examined all groups of three simultaneously recorded units (n=355) and tested for the
following criteria: First, that the structure of the sequence occurs beyond what is expected
from single-neuron activity; Second, that sequences are consistent across time; Third, that
sequences are valence-specific, namely they are consistent within valence, hold information
about the trial-type, and allow decoding of the trial valence; Fourth, that sequences contain
more information early in learning than when memory formation is complete; Fifth, that the
sequences that occur during the post-trial period also occur during the stimuli-pairing
evoked activity. Finally, we used several shuffling approaches to validate that sequences
occur beyond independent changes in firing rates, beyond single pairwise correlations, and
used maximum-entropy models to demonstrate 3™ order correlations. Together, fulfilling
these criteria would constitute evidence for the use of spatiotemporal spiking sequences for
memory rehearsal in the post-trial offline epoch during learning.

Results
Structure in amygdala spike sequences

For an unbiased selection of time window, we quantified the number of spike-triplets
(Fig.1C; 3-spikes across 3-neurons) in sliding windows of different sizes, and a-priori chose
150ms because it captured the majority of sequences (Fig.1D). To identify triplets with
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spatiotemporal patterns that do not result from single-unit firing-rate (FR) modulations, we
compared sequences to circular shuffling of the entire spiking pattern of the neurons in a
random bounded duration (between +150-300ms, Extended Data Fig.1A,B). This shuffle
preserves single neuron activity and destroys inter-neuron correlations, and we therefore
term triplets with distinctive activity ‘Structured triplets’. Other shuffling approaches
(methods, e.g. trial-shuffle) produced stronger-better results, indicating that the circular
shuffle is indeed the most stringent approach.

We first examined whether sequences existed in amygdala triplets by comparing the actual
distribution to that expected from single-neuron firing rates (Fig.1E, left and middle triplets
vs. rightmost, Extended Data Fig.1B). During pre-task activity, a notable proportion of
amygdala triplets exhibited significant structure (Fig.1F, 49% of n=355, Monte Carlo [MC] p-
values with Benjamini-Hochberg [BH] correction for multiple-comparisons). In comparison,
independent neurons recorded on different days (across-days-triplets) and independent
activity of the neurons from within-day did not show structured sequences (trial shuffle,
Fig.1F). A similar somewhat weaker effect (20% of n=104, Xéf:l =27.7,p < 107°) was
found using only neurons recorded on different electrodes (Fig.1F, inset). This difference
could partly stem from the proximity between the neurons, as physical distance between
electrodes was smaller for triplets exhibiting structure compared to triplets with no
structure (Extended Data Fig.2A). Moreover, the magnitude of sequence structure (structure
score) was higher than that of across-days-triplets (Fig.1G; unpaired t test; all triplets:
teog = 12.85,p < 10735, d = 0.97; different electrode triplets: tyo1 = 2.16,p = 0.016,d =
0.3).

Importantly, we found that a large proportion of the structured triplets exhibited sequences
that could not be explained even when taking into account the pairwise correlated activity
of either pair (Fig.1H, Supplementary Fig.2). In addition, although we initially selected an
unbiased temporal window of 150ms, we further quantified the proportion of structured
triplets for different durations and found that sequences occurred even in shorter time
scales (Fig.1l, 25-50ms).

Taken together, these results demonstrate that triplets of neurons in the amygdala exhibit
sequence structures that are different than expected from single neuron as well as pairwise
activity.

Amygdala sequences are consistent across time

If sequences are indeed used as a coding mechanism in the amygdala, they should
consistently and repeatedly occur across time. To evaluate this, we compared the
dissimilarity between two different time segments (Extended Data Fig.3), and identified
consistent triplets that are more similar across time (Fig.2A, left and middle triplets vs.
rightmost). A large proportion of triplets exhibited consistency (Fig.2B, all triplets: 33%;
Different electrodes: 11%, MC p-value BH corrected), whereas independent across-days-
triplets and within-day trial-shuffle did not show consistent sequences (Fig.2B). In
accordance, the distribution of consistency scores was positively skewed (Fig.2C) and higher
than that of independent across-days-triplets (unpaired t test; all triplets: tg94 = 10.2,p <
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10722,d = 0.77; Different electrode triplets: t;qg = 2.66,p = 0.004,d = 0.38). Here again,
many triplets exhibited consistency exceeding that expected from the pairwise correlations
of either pair (Fig.2D). Similarly, sequences were consistent also in shorter time scales
(Fig.2E) and the physical distance was smaller for triplets exhibiting consistent activity
(Extended Data Fig.2B). Finally, there was a large overlap between structured and consistent
triplets (Fig.2F). These results show that spike sequences in the amygdala are consistent
throughout time.

Sequences are more abundant in the Amygdala than in the dACC

Next, we examined if spike-sequences during valence discriminatory learning occur more in
the amygdala than in another region. We obtained recordings in the dorsal-anterior-
cingulate-cortex (dACC, n=228; simultaneously recorded triplets: n=564; Supplementary
Fig.1A), and repeated the same analyses. We found that a larger proportion of amygdala
triplets were significantly structured compared to dACC triplets (Extended Data Fig.4A), with
higher mean structure score (Extended Data Fig.4B). Similarly, the proportion of consistent
triplets in the amygdala was larger than in the dACC (Extended Data Fig.4C), with higher
mean consistency score (Extended Data Fig.4D). Because the BLA is smaller in size, we
validated the analysis on triplets with similar anatomical distance in the dACC as in the
amygdala and found similar results. We note that a similar proportion of dACC and
Amygdala neurons exhibit FR response to the aversive and pleasant CS or US (aversive:

amygdala: 11%, dACC: 8%, x? =1, p = 0.32; pleasant: amygdala: 30%, dACC: 29%,
x% =0.0008, p =0.97) and differentiate between aversive and pleasant CS or US
(amygdala: 22%, dACC: 25%, x# = 0.44, p = 0.5).

This strengthens the finding that Amygdala triplets exhibit spike-sequences in this context of
discriminatory affective learning compared to another region, the dACC, that is also involved
in affective learning and shows similar stimulus-evoked responses. The spike-sequences
might also underlie previous findings of more synchronized activity in the amygdala®".

Amygdala sequences are consistent within valence

After having established the existence of temporal spike sequences across neurons, we
sought to examine if they code for valence during the learning of affective-associations. To
examine this, we sampled the distribution of sequences during the offline post-trial epoch
and identified triplets that exhibited different distributions of spike-sequence for the
pleasant versus the aversive trials (Fig.2G, trials sorted by type for presentation only). To
confirm such valence-specific sequences, we examined whether the similarity between
sequences following trials with similar valence, is higher than that following trials of
different valence.

For all available triplets, the mean dissimilarity between aversive-related sequences was
significantly lower than the mean dissimilarity between sequences of different valence
(Fig.2H), and this difference was larger than the difference in independent across-days-
triplets (Fig.2H middle-left). To further control for single-neuron activity and correlations, we
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compared consistency scores and found that their mean within valence was significantly
higher than the mean score between valence, and larger than the difference in across-days-
triplets (Fig.2H middle-right). Similar results were found when comparing to independent
trial-shuffle triplets (Supplementary Fig.3A). As the lower dissimilarity and higher scores
imply higher similarity within the aversive post-trial comparisons, these results suggest that
a significant subset of the triplets exhibit aversive specific sequences.

Similarly, the mean dissimilarity between distributions of pleasant-related sequences was
lower than the mean dissimilarity between sequences of different valence (Fig.2l), also
compared to independent across-days-triplets (Fig.2l middle-left), and the mean consistency
score was higher within the pleasant post-trial epochs than between sequences of different
valence, also compared with across-days-triplets (Fig.2l middle-right). Here again, similar
results were found for trial-shuffle control (Supplementary Fig.3B). As for aversive, these
results suggest that a significant subset of the triplets exhibit pleasant specific sequences.

Therefore, a significant proportion of triplets of amygdala neurons produce sequences that
are specific to the valence of the recently presented (learned) association.

Sequences hold information about recent valence associations

To test if sequences hold information about aversive vs. pleasant associations of the recent
trial, we examined the difference between decoding of valence using the sequences and
decoding based on independent neurons (Supplementary Fig.4). We found that 20% of
amygdala triplets were able to decode the valence of the previous trial above chance level
(Extended Data Fig.5D, binomial test for each triplet, BH corrected). This proportion of
correctly classifying triplets (20%) was higher than the proportion in independent across-
days-triplets (Fig.3A, 6.7%), higher than in trial-shuffle data (Extended Data Fig.5A, MC p-
value, all triplets: p = 0.024) and higher compared to the dACC (0.5%, )(Czlle =111,p <
10719). Similarly, the mean decoding hit rate was higher than in trial-shuffle triplets
(Extended Data Fig.5B). We also found that these sequences differ from pre-task sequences,
namely before associative-learning started (Extended Data fig.5C), because decoding based
on valence-related triplets allowed correct discrimination between post-trial activity and
pre-task activity (n = 71, BH corrected [FDR<0.05], aversive: 90%, pleasant: 45%). Note that
there was no stereotypic or preparatory inhale behavior during this post-trial period
(Supplementary Fig.5).

Notably, the discrimination was achieved using sequences that occur long after the stimuli
terminated (2-12sec after the CS and the US). Moreover, a high proportion of decoding
triplets exhibited stable decoding for more than 25 seconds after US offset (Fig.3B, ranging
from 15-35%, p<0.05, one-tailed y? test) and this decoding was enabled by similar
sequences across different times (Supplementary Fig.6).

Interestingly, highly discriminating triplets achieved better decoding than inter-spike-
intervals (ISI) or firing-rates, as the mean hit rate was higher based on sequences than on ISI
(Extended Data Fig.5D, n=76, 130 respectively, one tailed independent t-test: t,y4 = 1.69,
p = 0.046,d = 0.24). Similarly, sequence-based decoding achieved higher hit rates than ISl
or FR based decoding in up to 10% of the significant triplets (Fig.3C, 28% of sequence-
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significant triplets, one-tailed Wilcoxon rank-sum test, p<0.05). This benefit was not
observed in independent across-days-triplets or in trial-shuffle triplets (Fig.3C, insets).

These results show that a significant proportion of the triplets hold more information than
independent firing patterns and that this information is available long after the stimulus has
terminated.

Sequences hold more information in early than in late learning

If temporal sequences are used to strengthen the learning of a recent association, their
information should fade as learning progresses and the memory strengthens, in a teaching-
signal like manner. Indeed, repeating the decoding with ten trials extracted from different
phases of the learning (Fig.3D,E), we found a higher hit rate in the initial phase of acquisition
(trials 1-10) compared to the intermediate phase (trials 11-20, Bonferroni corrected sign-
rank test, Z = 5.85,p < 1078), and compared to the final phase (Fig. 3D,E, trials 21-30,
Z = 6.47,p < 107%). This decline in decoding performance was not due to changes in FR or
ISI distributions (Supplementary Fig.7), or a result of changes in local-field-potential (LFP)
that could point to a different overall brain-state (Supplementary Fig.8). Furthermore, we
quantified trial-by-trial decoding performance (proportion of correct classification across
triplets) and found a negative correlation with the mean conditioned response (CR, Fig.3F,
rank-order correlation r = —0.41, resampling p-value: p = 0.016, n=29; when removing the
first trial- bottom dot- as outlier: r = —0.44, p = 0.008).

To further demonstrate that this reduction occurs also in information in addition to the
decoding approach, we calculated the mutual information (Ml) between sequence activity
and recent trial valence (29% of n=328 triplets contain significant information about valence,
BH corrected permutation test). Here also, we found that the proportion of triplets with
significant MI during the initial phase of learning (46% of n=258) was larger compared to the
final stage (Fig.3G-l, 26% of n=269, y? test for independence, Xc21f=1 =223,p<107%), as
well as a significant reduction in Ml between the initial and later phases (Fig.3G-l, initial vs.
intermediate: n=249, Bonferroni corrected sign-rank test, Z = 6.53,p < 1072; initial vs.
final: n=243, Z = 3.74,p < 0.001; intermediate vs. final: n=254, Z = —2.03,p = 0.064).
These results were specific to the task-related information, as the overall number of
sequences did not decrease along the learning (Fig.3D-top inset).

We conclude that sequences hold information in the post-trial epoch when the association is
still being acquired and this information decreases as learning progresses, a characteristic of
a memory-rehearsal process.

Trial-specific sequences are repeated in the post-trial epoch

Finally, if the sequences indeed serve as a post-trial rehearsal mechanism, then we can
hypothesize that the same sequences should be present also in evoked responses during the
CS-US presentation (Fig.4A). We therefore examined whether post-trial valence-specific
sequences occurred also during the preceding CS-US presentation. We repeated the
decoding approach that was trained on post-trial sequences only, but this time tested the
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performance on activity during the CS-US presentation. Post-trial triplets that significantly
decoded preceding trial valence (p < 0.05, n=101), displayed an average hit rate
significantly above chance also when tested on CS-US evoked activity (Fig.4B, inset). This hit
rate was also higher than the hit rate in triplets with no post-trial decoding (Fig.4B, inset,
n=254). Accordingly, there was a positive correlation between the post-trial decoding and
the hit rate based on activity during the CS-US presentation (Fig.4B, Spearman rank-order
correlation: r = 0.28,p < 107°). This suggests that some of the sequences that occur in the
stimulus-evoked activity are later repeated during post-trial activity.

To demonstrate this more directly, we examined the occurrence of aversive or pleasant -
specific post-trial sequences during CS-US related activity. For each triplet, we identified
aversive-/pleasant- specific sequences in post-trial epochs (Fig.4C) and quantified their
presence in evoked activity during the CS-US presentation. As expected, aversive-specific
post-trial sequences were more abundant in aversive CS-US activity (Fig.4D, one tailed sign-
rank test: Z = 2.7,p = 0.004) whereas pleasant-specific post-trial sequences were more
frequent in pleasant CS-US activity (Fig.4D, Z = 3.89,p < 10~%). This rehearsal activity did
not exhibit itself in pre-task activity (Supplementary Fig.9).

Together, these results suggest that a portion of post-trial sequences are repetitions of the
activity that occurs during the acquisition trial, implying a rehearsal mechanism for the
recent association in post-trial activity.

Maximum entropy (ME) models validate the role of sequences

To further demonstrate sequence activity in triplets, we fitted two types of ME models**** t

0
amygdala activity. We first implemented the standard spatial model fitted on simultaneously
recorded quadruplets of neurons in order to quantify the gain obtained by using triplets
compared to pairwise (Extended Data Fig.6A, ‘spatial-ME’, n=358). In addition, because the
spatial model does not consider the order of spikes in a triplet, we further developed a novel
ME model to examine the sequential activity of triplets (Extended Data Fig.6B, ‘Sequence-
ME’, n=291). For both models, we re-tested structure, consistency, decoding, and CS-US

rehearsal.

We computed the independent, pairwise and triple-wise models on the data of individual
trials (Fig.5A,B). We then quantified the reduction in total entropy due to the pairwise and
triple-wise correlations, reflecting the contribution of these interactions to the overall
activity. There was a significant contribution of triple-wise interactions to the reduction in
entropy, beyond that expected from pairwise activity (Fig.5C,D, comparing to surrogate data
sampled from the pairwise ME model, and see Supplementary Fig.10A,B for pairwise vs.
independent). These results strengthen the conclusions of sequence-structure in triplets,
demonstrating a triple-wise interaction in the sequences.

To assess consistency, we compared the JSD dissimilarity between the model in one time-
segment and the data in another time-segment. We first identified groups with pairwise
consistent activity (see methods), and found that in 15.3% of these quadruplets (Spatial-ME,
n=13/85) and in 26.5% of these triplets (Sequence-ME, n=81/307), the dissimilarity in the



277
278

279
280
281
282

283
284
285
286
287

288
289

290
291
292
293

294
295

296
297
298
299
300
301
302
303
304
305
306
307
308
309

310
311
312
313
314
315

316
317

triple-wise model was smaller than in the pairwise model (BH corrected, FDR<0.05). These
results further demonstrate consistency in triplets of neurons.

For valence decoding from post-trial activity, we found better performance of the triple-wise
compared to the pairwise model in the spatial-ME (Fig.5E). Similarly, there was a trend in the
sequence-ME for higher performance of the triple-wise compared to the pairwise model
(Fig.5F, and see Supplementary Fig.10C,D for pairwise vs. independent).

Finally, we compared the decoding of CS-US activity from the model trained on post-trial
activity (as in Fig.4B). In the spatial-ME, the hit rate for decoding CS-US activity from the
triple-wise and pairwise models were higher than the independent model (Extended Data
Fig.7A). In the sequence-ME, the hit rate of the triple-wise model was higher than that of the
independent model (Extended Data Fig.7B), and higher than the pairwise model.

These results further support the findings of the shuffle approach, and hence the notion that
sequence activity during CS-US presentation is repeated during the post-trial period.

We also validated that the main findings are not different between putative excitatory
projection cells and interneurons (Supplementary Fig.11), and further cannot be explained
by unit-isolation (Supplementary Fig.12), non-stationarity of firing-rates (Extended Data
Fig.8), or short phasic FR modulations and correlations (Supplementary Fig.13).

Discussion

Overall, our findings show that temporal sequences across multiple amygdala neurons
maintain information about discriminatory valence associations. We find that specific
sequences exist at baseline, as structure and consistency of triplet sequences were identified
during pre-task activity and beyond pairwise and independent (firing-rate) patterns. In
addition, sequences further develop according to trial valence when conditioning begins,
suggesting a coding mechanism. Because these sequences were identified during the long
post-trial periods, diminished as learning progressed (similar to a teaching signal), and were
repetitions of CS-US evoked sequences, they likely serve as a rehearsal mechanism of the
recently acquired association. This is a first demonstration of post-trial rehearsal during
learning in amygdala neurons, and of coding with temporal sequences across several
neurons in this circuitry. It suggests that the affective association is repeated to enhance
synaptic plasticity’” >3’ and moreover, the short time-scales of sequences compared to
the CS-US gap might reconcile previous debates about plasticity constraints during the
pairing itself*’.

Although it is reminiscent of offline replay in the hippocampus® *

, there is a major
difference between the findings. In the hippocampus, specific cells increase firing rates at
specific spatial locations along the behavioral trajectory®, so that the ordering of single-cell
activity is behaviorally imposed and a time compressed sequence is repeated offline®.
Affective conditioning does not impose external ordering, implying a different rehearsal
mechanism and further introducing a technical difficulty to detect these sequences.

Our findings in triplets that exceed pairwise-correlations therefore point to a spatiotemporal

41-45

code and a first demonstration for its role during affective learning in the primate.
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Therefore, the results suggest that associations are not encoded solely by firing rate (FR)
changes, but also by sequences of spikes that are rehearsed offline to enhance learning.
Although circuit mechanisms that can generate such reliable sequences and their readout
are yet to be demonstrated conclusively, such ordinal activity as we identify here can result
from the sparse sampling of three neurons (as the case in extracellular recordings) from
three different yet connected sub-populations. This is in line with the varying and relatively
long temporal lags of dozens of ms we observed between the spikes. In such a case, our
findings are consistent with many studies showing phasic changes in FR synchrony across
subpopulations of neurons*®. Together with our findings that the reported activity exceeds
short time-scale FR modulations, we argue that spike-sequences are the best explanation for
the results presented here.

The sequence code and rehearsal, as well as the large proportion of triplets, suggest that

114750 1t remains to be

they are part of a larger memory-coding ensemble in the amygdala
seen how such larger ensembles are activated during learning and how they are enhanced or
constrained by temporal patterns as shown here. Overall, we conclude that temporal-
sequences in primate amygdala neurons replay recent affective associations between trials

to aid memory formation.
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Figure 1. Experimental setup and Structure of spatiotemporal sequences in the amygdala

(A) Each trial began with a pure tone, followed by an aversive (Propionic acid) or pleasant
(banana and melon organic extract) odor. Analyses were performed prior to any stimuli
(‘baseline activity’) and during post-trial epochs, starting 2 seconds after the termination of
odor delivery. Shown also is an example raster plot of a single amygdala neuron during 5
seconds of the post-trial epoch without any external stimuli.

(B) The mean conditioned response (CR, measured as difference in full width at half
maximum [FWHM] of inhale duration, see methods) showed fast initial learning (bottom
inset), and progression along the session (main panel, discriminatory days, n=31, trials 1-10
vs. trials 11-20, one tailed paired t-test, tqs—3¢9 = —2.13, p=0.021, d=0.21; trials 1-10 vs. 21-
30, tgf=30 = —2.2, p=0.018, d=0.25; and trials 11-20 vs. 21-30, p=0.27). Top inset: single
inhalation example (CR) with shorter inhale duration upon presentation of the pleasant
(purple) compared to the aversive (red) conditioned stimuli (CS). FWHM are marked by
corresponding dashed lines. AFWHM score takes the absolute value of the changes, so
inhale volume can change in either direction (see methods).

(C) Estimating the probability distribution of three spike-sequences of three neurons. Left:
Surrogate example of voltage traces from three neurons. The boxes symbolize a running
window that starts with a spike in any of the neurons. A sequence is counted if three spikes
occurred within the time window. Right: the estimated sequence probability distribution.

(D) Proportion of three spikes sequences within a time duration for amygdala triplets during
the post-trial epoch. Dashed line: the unbiased a-priori chosen time duration used
throughout the study unless specifically mentioned otherwise (150ms).

(E) Examples of structured (two left examples) and non-structured triplets (right). Top: mean
data (blue) and shuffled data (green) sequence probability distributions, sorted by the
shuffled distribution (log scale). The data and shuffled distributions are different in the
structured triplets (p=0.002, right tailed Monte Carlo) and similar in the non-structured
triplet (p=0.8). The shaded areas represent standard error of the mean (SEM) over 10s time
segments (n=30), averaged over shuffled instances. Bottom: In the structured triplets, the
mean Jensen-Shannon-divergence (JSD) dissimilarity between shuffled data sequences
(51,2".500, green histogram) is smaller than the mean dissimilarity between the data and the

shuffled sequences (Dgata, , blue line).

(F) Distribution of p-values (right tailed Monte Carlo, as in E) for all simultaneously recorded
triplets (blue, n=355), independent across-days-triplets (gray, n=355) and independent trial-
shuffle control (turquoise, n=355). Many simultaneously triplets showed significant structure
(p < 0.05). Inset: triplets from different recording electrodes (n=104).
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(G) Frequency of scores for simultaneously recorded triplets (blue), independent across-
days-triplets (gray) and independent trial-shuffle control (turquoise). The right tail of the
simultaneously recorded distribution suggests that many triplets exhibit structure that is
highly different from single neurons. Inset: triplets from different recording electrodes.

(H) Proportion of significantly structured triplets beyond either of the three pairwise
activities (i.e. compared to all three single unit shuffles, right tailed Monte Carlo, as in E,
p<0.05 for all three, n=195). The proportion was significantly higher than chance (dashed
black) for all triplets (38%, 75/195, x? test for goodness of fit for p=0.05 xﬁle =459,p<
10729) as well as for triplets recorded on different electrodes (14%, X(21f=1 =4.72,p = 0.03).
Note that these triplets are structured beyond pairwise activity of single pairs (third order
structure is demonstrated in Fig.5D).

(1) Proportion of structured triplets as a function of maximal sequence durations (n=355).
Error bars: standard error of the mean (SEM).

In all panels error bars mark the standard error of the mean (SEM);
*p < 0.05; *x p < 0.01; *x+ p < 0.001
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Figure 2. Consistent amygdala sequences throughout time and within valence.

(A) Consistent (two left examples) and non-consistent (right) triplets. Top: data (blue) and
shuffled data (green) sequence probability distribution of the two subdivisions (as
exemplified in the left blue bar, n=15 for each). In the two left examples the similarity
between the solid blue and dashed line shows that the data sequences are similar to each
other. The difference between these blue lines and the green lines shows that the data
sequences are different from the shuffled sequences (p=0.002, left tailed Monte Carlo). In
the right example the data sequences are similar to the shuffled sequences (p = 0.83).
Bottom: histogram of mean JSD dissimilarity between the data and shuffled sequences
(61,2...500' green) and a line indicating the dissimilarity between the data sequences
(Cgata, blue). The higher similarity between the data sequences suggest that they are
consistent.

(B) Distribution of p-values for all possible simultaneously recorded triplets (blue, n=355),
independent across-days-triplets (gray, n=355) and independent trial-shuffle control
(turquoise, n=355). Many simultaneously recorded triplets showed significant consistency (p
< 0.05, right tailed Monte Carlo, as in A). Inset: triplets from different recording electrodes
(n=104).

(C) Frequency of consistency scores of simultaneously recorded triplets (blue), independent
across-days-triplets (gray) and independent trial-shuffle control (turquoise). Inset: triplets
from different recording electrodes. Scores are larger for simultaneously recorded triplets,
indicating consistent sequences.

(D) Proportion of triplets significantly consistent beyond expected from either of the three
pairwise activities (i.e. compared to all three single unit shuffles, right tailed Monte Carlo, as
in A, p<0.05). The proportion was significantly larger than chance level (dashed black) for all
triplets (20%, 28/139, x? test for goodness of fit for p=0.05, xis_, = 67,p < 107*%) and for
triplets from different recording electrodes (15%, xﬁle =4.21,p = 0.04).

(E) Proportion of consistent triplets as a function of maximal sequence durations (n=355).
(F) The number and overlap between structured (pink) and consistent (purple) - triplets.

(G) Two examples of amygdala triplets with different sequence distributions in aversive (red)
and pleasant (purple) post-trial epochs. Upper sections: sequence probability distributions
averaged over all trials (mean and SEM). Lower sections: color maps of sequence probability
distributions of single trials in the pleasant (top half) and aversive (lower half). Note that
pleasant-aversive separation is only for presentation purposes; trials were interleaved.

(H) Comparison of JSD dissimilarity and consistency scores between sequence probability
distributions estimated in the post-trial of two halves of the aversive trials (‘aversive’, n=15
vs. 15) and between the sequence probability distributions estimated in post-trial epoch of
half of the aversive trials and half of the pleasant trials (‘between’).

Top: Single triplets’” JSD (mean and SEM over subdivisions) between aversive-related
sequences (x axis) and between aversive and pleasant related sequences (y axis). The JSD of
many triplets is above the black identity line, implying higher similarity between aversive-
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related sequences compared to the similarity across valence. Right top corner: histogram of
differences between the two JSD.

middle-left: The mean JSD over all triplets between aversive-related sequences (‘within day’,
red) was smaller than the mean JSD between aversive and pleasant related sequences
(‘within day’, pink, one tailed paired t-test: tgs—3s4 = —3.53,p < 1073, d¢open = 0.12),
beyond the difference in the across-days-triplets control (‘across days’, red and pink, 2X2
mixed model ANOVA within stimulus valence and between triplet type; interaction
Fqr=1 = 13.7,p < 1073). Shaded area: triplets from different recording electrodes.

Bottom-left: Violin plot of the difference between the JSD of aversive related sequences
(corresponding to the red bar in the middle-left plot) and the JSD between aversive and
pleasant related sequences (pink bar) for individual triplets (black dots, n=355). The colored
surface marks the kernel density estimate of the corresponding probability distribution, the
thick gray line marks the interquartile range and the black dashed line marks mean
difference.

middle-right: The mean consistency score over all triplets between aversive-related
sequences (‘within day’, red) was larger than the mean consistency score between aversive
and pleasant related sequences (‘within day’, pink, one tailed paired t-test: tgf—3ss =
2.71,p < 0.01,d¢ohen = 0.1), beyond the difference in the independent across-days-triplets
(‘across days’, red and pink, 2X2 mixed model ANOVA within stimulus valence and between
triplet type; interaction Fy—; = 4.26,p = 0.04). Shaded area: triplets from different
recording electrodes.

Bottom-right: Violin plot of the difference between the consistency score of aversive related
sequences (corresponding to the red bar in the middle-right plot) and the consistency score
of aversive and pleasant related sequences (pink bar) for individual triplets (black dots,
n=355). Violin elements are as in the bottom left panel.

(1) Arranged as (H) for the pleasant trials.

middle-left: within day t-test: tafezss = —4.37,p < 107>, dcopen = 0.18;
interaction: Fge—; = 5.7,p < 0.05.

middle-right: within day t-test: tgsmzss = 4.32,p < 1074, dconen = 0.17; interaction
Far=1 = 10.1,p < 0.01,
In all panels error bars and shaded area mark SEM, * p < 0.05; ** p < 0.01; *** p < 0.001
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Figure 3. Sequence based decoding and information in the post-trial epoch.

(A) Proportion of triplets with higher-than-chance hit rate (binomial test for each triplet, BH
corrected, false discovery rate [FDR]<0.05) was larger for within day triplets than
independent across-day-triplets (x? test for independence: Xﬁf:l = 26.8,p < 107°). Inset:
triplets from different recording electrodes ( x4, = 5.15,p = 0.023).

(B) Proportion of triplets with significant decoding performance (x? test) as a function of
time from stimulus offset, calculated on 5 seconds running window (with 4 seconds overlap,
n = 355). At all times, the proportion was significantly higher than chance (dashed line).

(C) Mean decoding hit rate as a function of the proportion of triplets included. Triplets
(n=193) are sorted in a descending manner based on hit rates of: sequences distribution
(blue), ISl distribution (green, solid) and FR distributions (green, dotted). The hit rate of high
performance triplets was higher based on sequences compared to ISI and FR (significance
marked by black dots). Top left inset: across-days control (n=201). Bottom right inset: trial-
shuffle control (mean over n=250 repetitions).

(D) Mean decoding hit rate as a function of acquisition trials in a session (n=355). The hit rate
was significantly higher in the first 10 trials of learning. Left bottom inset: boxplot of the hit
rates as a function of acquisition trials, normalized (Z-score) for each triplet along the
acquisition trials. Right top inset: the overall sequence rate averaged over all days.

(E) Hit rate of individual triplets in the first vs. last 10 trials (x and y axes, respectively). Blue:
all triplets; purple: triplets with significant decoding performance for the entire day. Most
triplets are below the black dashed identity line, suggesting higher hit rate early in learning.

(F) Trial by trial CR is negatively correlated with the proportion of classifying triplets in each
trial (2-trials smoothing, n=29). Dashed line: linear regression (r = —0.44, p = 0.008).

(G) Mutual information in triplets (MI, mean and SEM, left y axis, blue, n=328) and
proportion of triplets with significant Ml (right y axis, pink) as a function of learning trials.
Inset: boxplot of Ml as a function of acquisition trials, normalized (Z-score) for each triplet
along the acquisition trials.

(H) Same as (G) for Ml rate (mean and SEM), i.e. bits per second.

() M1 of individual triplets in the first vs. last 10 trials (x and y axes, respectively). Blue: all
triplets (n=243); pink, dark purple, light purple: triplets with significant information for trials
1-10, 21-30 and both phases, respectively. Most triplets are below the black dashed identity
line, suggesting higher information early in learning.

In all box plots, boxes include 25 to 75 percentile with the median marked by the middle
line, whiskers mark the last data point within 1.5 interquartile range from the median.

In all panels error bars and shaded area mark SEM, * p < 0.05; #* p < 0.01; *** p < 0.001
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Figure 4. Valence-specific post-trial sequences are repetitions of sequences that occurred
during CS-US presentations.

(A) Example of CS-US evoked firing rate response and post-trial activity. Top panels: Raster
plot and PSTH of a single amygdala neuron in response to pleasant (purple) and aversive
(red) CS (top left panel), US (top right panel) and post-trial activity (bottom panel).

(B) Valence-decoding from trial (CS-US) sequences can be achieved based on valence-specific
post-trial sequences. Main panel: decoding hit rate tested on CS-US sequences (but trained
on post-trial-sequences; y-axis) is positively correlated with post-trial (train and test)
decoding hit rate (x-axis, n=355). Purple and blue: triplets with significant/non-significant
post-trial decoding, and a significant linear regression line (black dashed). Inset: mean hit
rate for decoding CS-US valence (from post-trial training) for significant post-trial triplets
(purple, n=101) is significantly higher than chance level (gray, one sample t-test, tgr=100 =
4.9,p < 107°,d = 0.43) and higher than post-trial non-significant triplets (blue, n=254,
independent samples t-test, tgr—3s53 = 5.48,p < 1077,d = 0.45). Notice that this analysis
does not require cross-validation as the training sequences are taken from post-trial activity
and the test sequences are taken from trial (CS-US) activity.

(C) Two single triplet examples of aversive and pleasant-specific post-trial sequences. Top
part: sequence probability distribution for aversive (red) and pleasant (purple). Bottom part:
sequence probability ratio (P(seq|aversive)/P(seq|pleasant)). Differentiating sequences
for aversive-specific (red rectangle) and pleasant specific (purple rectangle) were selected
for each triplet. The sum of proportions of these example sequences in CS-US activity is
marked by full (top example) and dashed (bottom example) gray squares in (D), where the
proportions of pleasant specific sequences are marked by purple dots and aversive by red
dots.

(D) For each post-trial decoding triplet (n=101), the sum of proportion of sequences that are
associated with aversive (red) or pleasant (purple) post-trial activity out of all sequences
present during aversive (x-axis) and pleasant (y-axis) CS-US pairings. For example, the
sequences [231, 133, 112], were aversive-specific in post-trial activity (bottom example in
[C]). The summed proportion of these sequences in aversive CS-US activity (0.34) was higher
than the summed proportion in pleasant CS-US activity (0.27). Across all post-trial decoding
triplet, aversive post-trial sequences were more frequent during aversive CS-US pairings
(below the dashed black identity line) whereas pleasant post-trial sequences were more
frequent in pleasant CS-US pairings (above the identity line). Main panel: Using three
aversive-specific and three pleasant-specific post-trial sequences. Inset: histogram of
differences between the two proportions. Bottom left/right: using 2/4 valence-specific
sequences, respectively.

In all panels error bars and shaded area mark SEM, * p < 0.05; ** p < 0.01; *** p < 0.001
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Figure 5. Maximum Entropy (ME) models support structure, consistency, coding and
rehearsal in triplets.

(A) Spatial-ME model. Left: a quadruplet with triple-wise correlations. Right: a quadruplet
with pairwise but not triple-wise correlation. The probability of each word (Extended Data
Fig.6) in each time segment (n=30) is plotted for the independent (blue), pairwise (orange)
and triple-wise (yellow) models as a function of the probabilities in the real data of the
guadruplet. In the left panel, the triple-wise model probabilities are proximate to the black
dashed identity line while the others are scattered, indicating that only the triple-wise model
is a good predictor of the data. Accordingly, the proportion of reduction of entropy due to
the triple-wise interactions (I¢3) /Iy) is high. In the right panel, the independent model
probabilities are scattered while the pairwise and triple-wise are proximate to the identity
line, as both are good predictors of the data. Accordingly, the proportion of reduction of
entropy due to the triple-wise interactions (I(3y /Iy) is low. Insets: JSD dissimilarity between
the probability distributions of the data and the distributions of each model for each time
segment. The reduction in entropy is calculated as I3y =H, —Hz and the multi
information, I3 = H; — H3, where Hy is the entropy of the k’th order of the model.

(B) Sequence-ME model in triplets. Same presentation as in (A).

(C) Spatial-ME model (n=358). Proportion of reduction in entropy due to the triple-wise
correlations (I3/Iy) for the real data (x-axis) and for surrogate data sampled from the
pairwise ME distribution (pairwise-surrogate control, y-axis). This surrogate data preserves
pairwise correlations, as it is sampled from the pairwise ME model, but any third order
correlations are random. Therefore, I3/Iy in the pairwise surrogate is the reduction in
entropy expected by chance. The reduction in entropy due to the triple-wise correlations is
larger for the real data (below the black dashed identity line, paired t test between medians
across trials: tzg; = 25.93,p < 1072%,d = 0.78), indicating that triple-wise correlations
explain the variability beyond expected from pairwise correlations. Inset: means and SEM
over all quadruplets. **x p < 0.001.

(D) Sequence-ME model in triplets (n=291). Same presentation as in C (Paired t test between
medians across trials: tygq = 14.85,p < 10720,d = 0.62).

(E) Spatial-ME model. Decoding hit rate for single quadruplets based on the pairwise model
(x-axis) and based on the triple-wise model (y-axis), with the histogram of the ratios
between the hit rate of the triple-wise and pairwise models (n=119, paired one tailed t-test,
t118 = 2.69,p < 0.005,d = 0.25). The higher hit rate based on the triple-wise model
suggest coding in triple-wise correlations.

(F) Sequence-ME model in triplets. Same presentation as in (E) (n=150, paired one tailed t-
test, ty49 = 1.5,p = 0.07; Pink: triplets with significant sequence-decoding taken from
Fig.3A).
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Methods
Behavioral paradigm and Electrophysiological recordings

Two male macaca fascicularis (4 years old) were implanted with a recording chamber above
the right amygdala and the dACC, and an MRI scan was performed to assess chamber
position over dACC and amygdala (Supplementary Fig.1). Images were acquired on a 3T Trio
(Siemens) Scanner, equipped with a 12 channels head matrix coil combined with a knee coil
(Siemens), the primate was lying in prone position. 3D T1 weighted magnetization prepared
rapid acquisition gradient-echo (MPRAGE) pulse sequence was acquired, Cartesian
acquisition, field of view 160 x 130 mm, 192 x 156 matrix and 0.83 mmA”3 slice thickness,
resolution tilted from the sagittal plane. TE/TR/TI = 3.36ms/2500ms/1100ms, 8° flip angle, 2
averages. All surgical and experimental procedures were approved and conducted in
accordance with the regulations of the Weizmann Institute Animal Care and Use Committee
(IACUC), following NIH regulations and with AAALAC accreditation. Food, water, and
enrichments (e.g., fruits and play instruments) were available ad libitum during the whole
period, except before medical procedures.

In the behavioral paradigm, primates were seated in a dark room and engaged in a classical
conditioning task in which tones (conditioned stimulus, CS) were coupled with odors
(unconditioned stimulus, US)>" *2. Each recording day was initiated with a habituation phase
of ten presentations of two conditioned stimuli (CS), pure (sinus wave) tones chosen
randomly in the range between 1000-2500 Hz to induce new learning in each session. The
acquisition session that followed included 30 intermixed presentations of the two CS tones
paired with an aversive (Propionic acid) or pleasant (a mixture of banana and melon organic
extract) odor. Odor presentation was locked to the first breath after the CS tone, but not less
than 1 second (s) after tone onset.

Each day, 3—4 microelectrodes were lowered inside a metal guide into the brain using a
head-tower and electrode-positioning-system (Alpha Omega). The electrodes were then
moved independently further into the amygdala and dACC. Electrode signals were pre
amplified, 0.3 Hz-6 KHz band-pass filtered and sampled at 25 KHz. At the end of the
recording period, off-line spike sorting was performed (offline sorter, Plexon Inc).

Number of monkeys, number of recording days (sessions), and overall number of recorded

neurons is similar to those reported in previous publications and as customary in the field*"
52

Data analysis

Behavioral conditioned response

Breath duration was quantified as full width at half maximum (FWHM) of inhale pressure.
Conditioned response (CR) was quantified as inhale FWHM following the CS, normalized by
the inhale FWHM in the 3 baseline breathes prior to CS:

_ FWHMCS - l:‘WHMbaseline

CR = —
FWHMCS + FWHMbaseline
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,where X = Ziﬁ-

To examine the change of the CR along the day, the difference between each CR and the CR
of the first trial (prior to any feedback) was evaluated. This response was quantified only in
days with reliable pressure measurement and inhale onset detection (requiring peak
amplitude > 0, time to peak < 500ms and FWHM < 800ms but > 50ms) in at least 2/3 of the
trials (n=42).

Differential aversive and pleasant CR was identified by performing 2-way ANOVA (valence X
trials) for each day, taking days with significance effect of valence. For these days, the
difference between CRs was quantified, taking ACR = CRp — CR,y for days with ﬁpl >
CR,y (n=16) and ACR = CR,, — CRy, for days with CR, < CR,y (n=15). The development
of this response along the day, namely learning, was verified by testing for the difference
between the ACR in the initial stage of learning (trials 1-10) and later stages (trials 11-20,
21-30).

Whereas the unconditioned-response (UR, the response to the odor) shows the expected
lower-shorter inhale for aversive odor and higher-longer inhale for pleasant odor®® >3, the
conditioned-responses (CR) reflects a coping strategy and varies between animals and
sessions. One can observe the two typical behaviors described in classical conditioning
literature: either the CR and UR are in the same direction, as in early classical-conditioning
theories, or they have opposite direction, as can be expected from ‘naive’ reasoning (a
longer inhale for the CS to prepare for the shorter inhale for the aversive odor), or as
observed in electric-shock studies that show opposite direction between CR and UR of
evoked autonomic measures. To measure learning and the development of the CR
independent of this and in-line with our previous studies that found different strategies
between animals and sessions, we tested for a difference in the half-width as long as it is
consistent within a session.

Neuronal analyses

Baseline activity was taken from a 30 segments X 10s time period prior to any paradigm-
related stimulus. Post-trial activity was taken as 30 trials X 10s periods starting 2s after US
offset.

Sequence distributions (below) were estimated for all possible triplets of neurons that were
recorded simultaneously. In addition, the results were compared to triplets based on
independent neurons that were recorded in different days (across-days-triplets), preserving
independent neurons activity and the dynamic of each neuron along time. The results were
also compared to shuffling of two of the neurons across trials (trial-shuffle), preserving
independent neurons activity and single neuron identity.

Estimation of sequence probability distributions

Sequences were defined as a sequence of three spikes from the activity of three neurons
that occurred within a time lag (10-250ms). Sequences were counted by using an
overlapping running window and calculating the probability of each sequence.
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# (seq: seq = seq;)

pdata(seq;) = N

Where seq; is a specific sequence of three spikes (from any of the three neurons) and N is
the total number of recorded sequences.

Shuffling methods

To test for differences between the spatiotemporal-structured triplet and that expected
from firing-rate (FR) correlations and single-neuron firing patterns (FP) of the same three
neurons, shuffled data sets (n=500) were created by circularly shuffling the entire spiking
patterns of two neurons in a random duration between +150-300ms (Extended Data
Fig.1A). Circular shuffling was performed on each time segment separately, i.e. on 10s time
epochs during baseline activity, or on individual 10s post-trial activity.

Analyses were repeated with three additional shuffles that were applied on two of the
neurons: unbounded circular shift (rather than 150-300ms), shuffling across trials, and
Poisson shuffle. In trial shuffle, the order of the 30 time segments (post-trial or time
segments of baseline activity) was randomly shuffled. In Poisson shuffle the number of
spikes within a predetermined non-overlapping time window (150-500ms) was counted and
randomly assigned back **. The Poisson shuffle was highly sensitive to single neuron firing
patterns such that the structure and consistency analyses appeared significant even for
independent across-days-triplet. These shuffles showed to be generally less stringent and
are therefore not reported in the main text.

For each shuffled data instance the sequence probability distributions were estimated as:

# (seq: seq = seq;)

P (seq;) = N

Where PSP is the estimated sequence distribution of a shuffled data set, seq; is a specific
sequence of three spikes (from any of the three neurons), N is the total number of recorded
sequences, j is shuffle index.

Shuffling to test for pairwise activity for all 3 pairs

To control for pairwise activity, the same shuffling method was performed only on one of
the neurons, thereby preserving the joint activity of the unshuffled pair and destroying the
relation to the shuffled neuron (Supplementary Fig.2A). Thus, each triplet was tested against
three shuffled data sets (n=200 instances for each shuffled neuron). Tests for pairwise
activity were performed for all three shuffled data sets and determined significant for
p < 0.05 for all three tests. This tests if the sequence activity is different from expected
from either pairwise activity separately. Since all three tests are required to ascribe
significance, the probability of type-1 error for all three tests is bounded by a = 0.05:

If Hy is true for all three tests: 0groyp = o

If Hy is true only for the first test: agroup = o * (1 — B2)(1 — B3) < a, where (1 — B;) is the
power of the test for the i'th shuffled unit.
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Jensen-Shannon divergence (JSD) - probability distribution dissimilarity measure

JSD was used as a measure of dissimilarity between probability distribution. JSD is symmetric

P(x)
Q(x)

and bounded in the range [0,1].
_P+Q

Dk(P||M) + Dk (Q[IM) M=

ISD(PIIQ) = . .

. DaPlM) = ) P()log

Benjamini—-Hochberg (BH) correction for false discovery rate (FDR) in multiple comparisons

The largest p-value for which P, < é* o was detected, where m is the total number of
comparisons and a = 0.05 is the maximal expected proportion of errors. The critical p-value
was set as P, guarantying FDR < a.

Structure analysis scheme

The probability of each sequence was estimated for the shuffled data sets and for the real
data using the entire 300s time period or 30 acquisition post-trial epochs (30 trials X 10s).

The mean JSD between the shuffled sequence distribution and the individual sequence
distribution was estimated as a measure of dissimilarity for both the data and the shuffled
data sets:

X JSD(PSh|[Pea)

data —
n
5Sh, pSh
b ZiJSDGTIRY)
shuffle

n

, Where n is the number of shuffled data instances.

Large dissimilarity between data and shuffled data would suggest a structured probability
distribution (Extended Data Fig.1B), so a right tailed Monte Carlo p-value for the structure
measure and a structure score ( D;44) Were estimated based on shuffled data instances:

1+ ZE:l I{Els(huffle = Edata}

p:;l (ﬁdata) =

1+n
N n12,..n
= _ Ddata - Dsh
Didx I 2.0
Ddata + Dsh

. . - X
, Where n is the number of shuffled data instances and x = Ziﬁl

Consistency analysis scheme

The probability of each sequence was estimated on L=100 semi-randomized subdivisions of
the 30 time segments into two groups (15 segments of 10s each). Sets of subdivisions were
randomly selected 1000 times and the chosen set was the one that maximized the Hamming
distance between the different subdivisions. The JSD between the probability distributions
of the two data segments was averaged over subdivisions (Cgata) and compared to the

average JSD between one data segment and one shuffled data segment (CX, ,¢re)-
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__ Xi4JSD® P, )
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data L
— sh , _—~ data — sh , —~ data
L JSD(Py, 1Pz ) +JSD(Py [Py )
=k Z]:l 2
C =
shuffle L

—d
, where Pj, atais the sequence probability distribution of the first group of the [I'th

subdivision of the data and Pﬂ\lls(h is the sequence probability distribution of the first group
of the I'th subdivision of the k’th shuffle.

Large similarity between data segments would suggest a consistent distribution (Extended
Data Fig.3), so left-tailed Monte Carlo p-values and consistency scores (Ciqx) were
estimated:

1+ Y1{C8usne < Cdata)
1+n

Pya(Cdata) =

T n =
C _ Cshufﬂe — Cdata
idx —

~1,..,n ~

Cshufﬂe + Cdata
, Where n is the number of shuffled data instances.
Consistency within versus across comparisons

For each triplet, we found the sequence duration that produced the maximal mean
consistency score for between and within stimulus valence (Seqy,4(pl), Seqj,g(av)):

* _ =pl-pl |, #pl-av
Sequg (pD) = argmax Ciax T Ciax
Seqiag€{10,25,50,100,150,200,250}

_ =av-av , ppl-av
Seqfag(av) = argmax Ciax "+ Cigy

Seqag€{10,25,50,100,150,200,250}

=pl-pl =av— = s~ 5~ .
, Where Cipdxp, e 2V are calculated as Ciqx, where Pj; and P, are estimated from

. . . =pl-av . = s~
pleasant or aversive post-trial epoch, respectively. CipdX " is calculated as C;qx Where Pyqis

estimated from pleasant and 151\2 is estimated from aversive post-trial epoch.

Taking the relevant sequence duration for each triplet, the JSD between the post-trial
sequence distributions of the same stimulus was estimated and averaged over 100
subdivisions (as in Consistency analysis scheme):

—pl,, —~pl
Y ISD(Pry [P, )

JSD(pl|[pD) = 3
L — av, — av
- JSD(P p

JSD(av]av) = 21 (lf IP2™)

These were compared to the JSD between the post-trial sequence distributions of the
different stimuli, averaged over the two possibilities:
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JSD(av]|pD) = oL

Next, consistency scores were evaluated for post-trial sequence distributions of the same

stimulus, Cip;;pl and C&, @V and compared to the consistency score between the post-trial

sequence distributions of the different stimuli, Cipdl;av

Inter-spike interval (IS1) distribution estimation
First, a naive estimation of the inter spike interval (ISI) distribution was estimated

#(isi: isi = x)

P(ISI = x) = N

Where N is the total number of counted inter spike interval. This distribution was smoothed
using Kernel density estimation with a normal kernel evaluated at 100 equally spaced points.
Firing rate (FR) distribution estimation

Firing rates (FR) were counted on non-overlapping 250ms time bins and the probability
distribution was estimated naively, without accounting for the timing of the FR.

Likelihood ratio decoding from post-trial activity

According to Neyman—Pearson lemma, the log-likelihood ratio is the most powerful test to
discriminate between two hypotheses. Therefore, it can be used to test how well a readout
mechanism can discriminate between the previously presented stimulus and the current

stimuli.
o PG1)
L{ }(I‘) = lOg—P(Sllrlw'rn) = Py, rulsy) p(ry,rn) _ .
s1 = - p(sz)
p(szlry,.rn) Py, tnls2) o s
— lOg P(rlr"-rrnlsl) + logp(sl) _ Z lOg P(rilsl)

P(ry,...Tnlsz) p(s2) P(rilsz)

Where r is the neural response (sequences, ISl or FR), s1 and s2 are the pleasant and
aversive stimuli. The last equality holds for balanced stimulus presentation (p(s;) = p(s;))
and independent responses.

The conditioned probability distributions, P(r = r|s), were estimated in the post-trial
activity consecutive to the stimulus s (pleasant or aversive) of all acquisition trials except the
j’'th trial and r4,...r, are the responses in the post-trial of trial j (Leave one out cross
validation).

If the log likelihood ratio of the test set was smaller than zero, the decoder classified the
#correct classification
#trials
level of decoding performance of single triplets was tested by a binomial or x? test under the

stimulus as s, and vice versa. Hit rates were calculated as . Significance

null hypothesis that p(correct) = p(error) = 0.5.

Decoding performance as a function of time in the post-trial was assessed by decoding on 5s
running window with 4s overlap, starting from US onset (-3s).

For the ISI and FR based decoding independence between the three neurons was assumed
so likelihood ratios were summed over all three neurons and classified:
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P(s1Ir11,-Tn1,r12,Tn2, X135 n3) _ _ 3 P(rij|s1)
— ]__1 Z log

, where rj;is the i'th
P(rij|s2) Y

L{sl}(r) = log

p(szIri1,2rn1,r12,-0 02, 135 +'n3)

response of neuron j.

As not all triplets work together to produce sequences and the ISI/FR distributions hold
more information on single units, the average decoding performance of all possible triplets
was expected to be smaller for sequences. To compare decoding performance on putative
sequence-coding triplets, the hit rate of the best performing triplets was evaluated as a
function of proportion of triplets included, taking triplets from best to worst performance.
To avoid selection bias, best performing triplets were taken separately for each method,
enabling an unbiased comparison between sequence-best triplets and ISI/FR-best triplets.

Likelihood ratio decoding between post-trial and pre-task activity

To verify that valence-specific sequences did not exist in pre-task activity, post-trial pleasant
and aversive activity was decoded from pre-task activity. To this end, pre-task activity was
divided into 30 segments of 10 second each (matched to the post-trial activity) and
likelihood ratio decoding was performed between pre-task and aversive, as well as between
pre-task and pleasant, post-trial activity using Leave one out cross validation.

Correlation between trial-by-trial decoding performance and CR
Trial by trial decoding performance was assessed by quantifying the proportion of triplets
that correctly classified the i'th pleasant and aversive trials:

Dtriplets

j=1 correctyy(i)+correcty) (i)

proportion(trial i) =
2#N¢riplets

Conditioned responses were estimated as ACR above. As these measures are noisy, we used
two trial temporal smoothing (two trials running window with 1 trial overlap). The
correlation was tested by resampling procedure, where trials were first shuffled, then
smoothed (as the original data) and correlated. This was repeated n = 10,000 times to get:

_ 1+Zl{rdatasrresampled}
Presampling = 1+n

This was further multiplied by 2 to account for the comparisons with no smoothing.
FR response

CS and US FR were evaluated in a 1 sec time window after stimulus onset and baseline
activity was evaluated in a 1 sec time window prior to CS onset. For each neuron and each
valence (pleasant or aversive), a paired two tailed t-test was performed on the FR response
across 30 trials comparing baseline activity to CS response and baseline activity to US
response. In addition, differential FR response was evaluated by comparing (paired two

tailed t-test) pleasant and aversive responses to the CS or the US, normalized by baseline
(FRStimulus_FRbaseline

activity .
Rstimulus +FRbaseline

Local field potential (LFP)

LFP signals were sampled at 781.25Hz, filtered with high-pass Butterworth filter with a cutoff
of 3 Hz and a low-pass Butterworth filter with a cutoff at 90 Hz. After filtering, individual
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electrodes were Z-scored and power spectral analysis and spike triggered average of the LFP
signal were computed on the normalized signals™.

Mutual information (M)

Mutual information (MI) between sequences of individual triplets and stimulus valence
(pleasant vs. aversive) was calculated by sampling the sequence distribution for all 30 trials
of each valence or for ten trials along learning.

Ml aive (R]|S) = H(R) — H(R|S) = H(sequences) — H(sequences|valence)
, Wwhere H(R) is the entropy and H(R|S) is the conditioned entropy.

To decrease under-sampling bias, M| was calculated only for sequence distributions with
sufficient sampling, taking a sampling criterion: ?S > 12, where Ny is the total number of

observed sequences in all pleasant and in all aversive trials and R is the size of the sampled
space of sequences in either stimuli (< 27) *°. The under-sampling bias *® was estimated by:

bias[MI(R||S)] = {Zs plav[Rs — 1] = [R— 1]}, where N is the total number of

2Nln(2)
sequences and R is the size of the sampled space of sequences for the pleasant or aversive
stimulus.

The presented Ml are corrected such that:
MI = MIp,ive (R|IS) + bias[MI(R]|S)]

The MI estimates the average information (i.e. reduction in uncertainty) between sequences
and valence in a single event, namely a single sequence. To estimate the average
information transmitted by sequences in one second, we multiplied the Ml of individual
triplets in each time segment by the sequence rate in that time segment.

To test the significance of the MI we performed a 1000-iterations permutation test where
post-trial activity segments were randomly assigned (without replacement) to pleasant or
aversive groups and the same sufficient sampling criterion and bias correction were applied.

CS-US by post-trial Likelihood ratio decoding

Valence (pleasant vs. aversive) was decoded from CS-US activity based on post-trial
probability distributions. CS-US sequences were counted in a 2s window starting from CS
onset, where US onset was set to the next breath onset (= 1s and < 3s after CS onset).

P(rllsl)
L r Zl
CcS-US {s1}( ) = P(l‘llsz)

The decoder was trained on post-trial epochs of all trials (estimating the conditioned
distribution P(r = r;|s)). To ensure proper sampling of CS-US activity, the decoder was
tested on 30 sets of CS-US sequences from 15 randomly chosen trials J = {ji, ...j15}
(summing over all sequences in CS-US responses of all trials in J).

Proportion of post-trial valence-specific sequences in CS-US evoked activity

P(seqjlav)
P(seq;ilpD)’
from post-trial epoch of all trials. Aversive/pleasant sp\ecific sequences were taken as m

Valence-specific sequences were categorized by examining the ratio evaluated
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sequences with maximal/minimal ratio, respectively, while ignoring single neuron sequences

(e.g. [1,1,1]). The proportion of valence-specific sequences was evaluated during aversive
# aversive specific sequences # pleasant specific sequences
b ! and 2B P a , for

and pleasant CS-US activity:

m = 2,3,4.
Pleasant rehearsing triplet were defined as triplets with a larger proportion of pleasant

# sequences # sequences

specific sequences in the pleasant CS-US activity than the proportion in aversive CS-US
activity:

# pleasant specific sequences (plesant)  # pleasant specific sequences (aversive)

# sequences (pleasant) # sequences (aversive)

Aversive rehearsing triplets were defined as triplets with a larger proportion of aversive
specific sequences in aversive CS-US activity:

# aversive specific sequences (aversive)  # aversive specific sequences (pleasant)

# sequences (aversive) # sequences (pleasant)

To test if pleasant- and aversive-rehearsed sequences were present in pre-task activity, the
proportion of valence-specific sequences was compared between CS-US response and pre-
task activity.

Maximum entropy (ME) models

The Maximum Entropy Toolbox for MATLAB, version 1.0.2. 2017°” was used to fit exact

solutions to the models described below.

Unless stated otherwise, models were fit with a threshold of th = 10~% standard deviation
of the expected measurement noise.

Spatial-ME _model: The ME model for triple-wise spatial connection is of the form:

P(x) = %exp(}jf‘:l h; %; + Yicjjij XiXj + Dicjck Mijk XiXjXk), Where z is a scaling factor, N = 4 is the

number of neurons in each group and i, j, k are indexes for neurons.

It is fitted to the data based on three groups of constraints:
(independent spike rate) < 8; > = %2321 0;(t)
(pairwise correlations) < 6; > = %Z;F:l 0;(t)8;(t)

(triple-wise correlations) < 8;;, > = %ZLl 08;(0)8;(D)8 (t)

The pairwise model is only constrained by the independent and pairwise constraints and
takes mj;; = 0, and the independent model is only constrained by the independent
constraint and takes also j;; = 0. This model was fitted to all groups of 4 neurons, binned
into 50ms binary words (Extended Data Fig.6, cases where ngpikes > 1 were taken as
Ngpikes = 1). The 50ms was taken due to the sequences structure found in this time
duration (Fig.1l).

Sequence-ME model: To capture the temporal characteristics of the sequences in three

neurons while using the ME model, a reduced data set was generated with 1ms bins,
neglecting all time bins where none of the neurons spiked or more than one neuron spiked
(Extended Data Fig.6). Triplets with time segments of less than 20 samples were disqualified.
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The ME model for three steps spatiotemporal model is of the form P(xtrii7+2) =
1 .

EEXP(Z%L Yt hi %i(0) + Xigj YiF hijo X (0% (0) + X ZtT;%]i(t)j(t+1) X (Ox(t+1) +

2ijk Micoje+Dke+2) XitXjer1Xke+2), Where z is a scaling factor, N = 3 is the number of neurons

in each group, i,j, k are indexes for neurons and t is time index.

It was fitted based on three groups of constraints:
(independent) < 8; > = %Zle 8i(); <8;> =5 =1 6;(D6;(®)
(pairwise spatiotemporal correlations) < 8;y;(t+1) > =% T 8;(D6;(t+ 1)

(triple-wise spatiotemporal correlations) < 8;j+1)k+2) > = 2 =1 0;(06;(t + DO (t + 2)

T

The pairwise model is only constrained by the independent and pairwise constraints and
takes mj)jcr1)k(e+2) = 0, while the independent model is only constrained by the
independent constraints and takes also jjj+1) = 0.

Notice that the independent constraint in this model includes pairwise spatial correlations
(but not temporal), as these are bound from model construction (simultaneous spikes from
two neurons were not allowed) and tends to be severely overestimated. Namely, when the
sparse 1ms spike matrix is taken without no-spikes time bins, it becomes very abundant in
spikes, but there are no events where two neurons spike simultaneously. This is very
unpredictable based on the rates of the neurons, as many simultaneous spiking events are
expected, such that it creates biased probability distributions compared to the data. This
bias is fixed by the learning of pairwise connections, as a spike of one neuron predicts that
there is no spike of the others and low co-firing is predicted.

Testing structure using the ME model

For each group the spatial-ME and sequence-ME models were fitted to 30 time segments of
10sec each from the pre-task data.

To quantify the contribution of the pairwise and triple-wise correlation to the uncertainty in
the data (i.e. pairwise and triple-wise structure), the proportion of reduction in entropy by
each order was calculated as the ratio between [y = Hi_y — Hk and the multi information,
Iy = Hy — Hy, where Hy is the entropy of the model with k’th order correlations and Hy is
the entropy of the data®.

Since by definition the data is better explained by higher order models, this measure was
compared to a surrogate data set (matching in the number of samples to the real data),
sampled from the independent model (p;) or from the pairwise model (p,). New models
were fitted to these generated data sets and the same measures were calculated. These
comparison guarantees that the contribution of the pairwise and triple-wise correlations is
not a result of chance or overfitting the model to the data.

Consistency account using the ME model

For each group of neurons, the spatial-ME and sequence-ME models were fitted to 30 time
segments of 10sec each from the pre-task data. 200 sets of train-test subdivisions were
created, with 90% train segments (N, = 27 segments of 10sec each) and 10% test
segments (nyesy = 3 segments). For each train-test subdivision the probabilities of the model
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fitted to individual trials were averaged and the JSD between the model train distribution

(Pr3iN) and the data test distribution (p'£3%) were calculated:

]SDmodel order — ]SD(Pitrainl |p1(:1¢;stg)
Where p; (i = 1,2,3) is the probability distribution corresponding to the model order.

For each triplet/quadruplet the JSD of low and high model orders were compared using a
paired t-test. Pairwise consistent triplets/quadruplets had significantly lower JSD in the
pairwise compared to the independent model. Triple-wise consistent triplets/quadruplets
had significantly lower JSD in the triple-wise compared to the pairwise model.

Likelihood ratio decoding from ME models

For each group of neurons, the spatiaF-ME and sequence-ME model
(th = 0.1 standard deviations, to reduce over-fitting) were fitted to post-trial activity of all
pleasant and aversive trials (30 trials of 10sec from each stimulus). For each order of the ME
model, the ME probability distribution were used to train the decoder and it was tested on
the real data using Leave one out cross validation:

Lis3(r) =Zlog% , where Pyg(r|s) is taken as the average probability of the

maximum entropy model of all trial but trial j, and r are taken from the data of trial j. For the
sequence-ME, triplets were included if the ME model was valid in at least 75% of the trials.

To avoid overfitting in the case of triplets and quadruplets that only code the stimulus
independently, the comparison between the pairwise and triple-wise models were done
only on groups that were not clearly coding independently:

hit ratepairwise > hit rateindependent U hit ratetriple—wise > hit rateindependent

These preconditions do not create selection bias, as they are symmetric with respect to the
pairwise and triple-wise orders.

To test CS-US decoding from post-trial activity, the decoder was trained on post-trial epochs
of all trials but trial j. The sequence-ME was tested on 30 sets of CS-US sequences from 15
randomly chosen trials J = {j;, ... j15}, to ensure sufficient sampling (as the number of sample
was dependent on the activity). The spatial-ME model was tested only on trial j (as the
number of samples was fixed, n=40).

Putative interneurons and projection cells

Spike durations were measured on unfiltered voltage traces and defined as the interval
between trough and peak for the negative spikes and the interval between peak and trough
for positive spikes. To minimize misclassification, we applied two criteria for putative
interneurons: FR = 7Hz and spike duration < 0.5ms, and two criteria for putative
projection cells: FR < 1Hz and spike duration = 0.7ms. Since the number of neurons that
were classified using this method was low, the firing rates and spike duration of all neurons
pertaining to significant and non-significant triplets in different criteria were also examined
(Supplementary Fig.11).

Since each neuron can take part in more than one triplet, comparison of the groups was
done by permutation tests that preserve neurons identity. Thus, the FR and spike durations
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were shuffled across the neurons, but the composition of triplets from neurons was
preserved, thereby preserving dependencies between triplets. This shuffling approach was
repeated 10000 times, and MC p-value was extracted by comparing the mean difference in
FR or spike durations in the real data to the mean difference in FR or spike durations in the
shuffled data.

Similarly, the difference in the probabilities of putative interneurons and projection cells to
have significant structure, decoding and rehearsal were tested by shuffling the identity of
the interneurons and projection cells across all classified neurons. Here again, the shuffling
approach was repeated 10000 times, and MC p-value was extracted by comparing the mean
difference in probabilities between interneurons and projection cells based on the real
classification of the neurons to that of the shuffled classification.

FR Stationarity
Two tests for stationarity were employed: 1. Two tailed t-test comparing the average firing
rate in the first and last 150 seconds of the pre-task activity (FR t-test). 2. Runs-test

examining if inter-spike-intervals (ISI) along the pre-task activity were drawn randomly from
a single distribution. The proportion of structured and consistent triplets in stationary and
non-stationary triplets was compared and the reduction in entropy analysis that
demonstrated 3-wise sequence activity was repeated.

Isolation score (unit isolation)

Isolation scores®® were calculated as the isolation between unit; and unit,:

exp <—d(X, Y) (d%))

27+X €XP <—d(X. Z) (%))

Where d(X, Y) is the Euclidian distance, X, Y, Z are spike shapes of unit; and unit,, A = 10 is
a scaling factor and d, is the average Euclidian distance between all spike shapes of the two

Py(Y) =

units.

POO= ) R

Y€Eunit,

Isolation score (unit;) = Tanity| P(X)
1

X€unity

Where |unit, | is the number of spike shapes in unit, cluster.

This quantifies a measure of similarity between each spike shape and all other spike shapes,
normalized as probability of similarity in the two units, and summed over shapes within the
same unit. This measure can be intuitively viewed as the average probability that an event
that was classified as a spike belongs to the neuron it was classified to and not to the other
neurons from the same electrode®.

Error bars
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All error bars represent standard error of the mean (SEM), unless specifically stated
otherwise.

Effect size

Xi-X;

X, -
Cohen’s d was calculated as: d = for two samples; d = 1S—u° for one sample.

pooled 1

I'tp is the rank-biserial correlation coefficient.
Statistical tests

Statistical testing was done using t-test, ANOVA, Wilcoxon rank-sum, sign-rank test,
permutation testing and Monte-Carlo p-value with resampling procedures. Significance level
was set to p<0.05 unless otherwise mentioned. Correction for multiple comparison was
done using Tukey correction for family wise error or using Benjamini—-Hochberg (BH)
correction for FDR.

All statistical tests were two sided, unless specifically stated otherwise.

In some statistical tests, data distributions were assumed to be normal and/or with equal
variances but this was not formally tested.

Randomization

Pleasant and aversive trials were pseudorandomly presented to the monkeys but equalized
in total number. Tones were randomly selected daily for pleasant and aversive CS. As
randomization is irrelevant to triplets of neurons (all simultaneously recorded triplets were
analyzed in this study), randomization was achieved by randomizing the control groups.
Thus, shuffling lags were randomly chosen to the shuffled data sets and trials were randomly
matched for the trial shuffle controls.

Blinding

Blinding is done as spike sorting is blind to the timing of the stimuli.
Data exclusions

Data was not excluded from the analysis.

Reporting Summary

Further information is available in the Nature Research Life Sciences Reporting
Summary linked to this article.

Code availability

Custom code for behavioral and electrophysiological tests is available from the
corresponding author upon reasonable request.

Data availability
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