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SUMMARY

Animals need to rapidly learn to recognize and avoid predators. This ability may be especially important for
young animals due to their increased vulnerability. It is unknown whether, and how, nascent vertebrates are
capable of such rapid learning. Here, we used a robotic predator-prey interaction assay to show that 1 week
after fertilization—a developmental stage where they have approximately 1% the number of neurons of
adults—zebrafish larvae rapidly and robustly learn to recognize a stationary object as a threat after the object
pursues the fish for ~1 min. Larvae continue to avoid the threatening object after it stops moving and can
learn to distinguish threatening from non-threatening objects of a different color. Whole-brain functional im-
aging revealed the multi-timescale activity of noradrenergic neurons and forebrain circuits that encoded the
threat. Chemogenetic ablation of those populations prevented the learning. Thus, a noradrenergic and fore-
brain multiregional network underlies the ability of young vertebrates to rapidly learn to recognize potential

predators within their first week of life.

INTRODUCTION

Survival in challenging environments requires recognizing and
avoiding predators. Recognition of familiar conspecifics can
rely on a static set of sensory cues that does not change across
an animal’s lifetime.’ However, the appearance of specific
predators can change due to migration or population fluctua-
tions. Therefore, predator avoidance often relies on learned
recognition,®® a non-trivial task where the prey must extract
and learn features of the predator in the midst of predation.
Moreover, because an attack can lead to death, learning must
happen rapidly, ideally after a single predator-prey interaction.

Larval zebrafish face the predator recognition problem since
they do not receive parental protection. It is unclear whether their
ultra-compact brains, containing 100 times fewer neurons than
the adult brain,®'" can support such rapid learning. While young
zebrafish'®"® and rats'* can perform some forms of learning, this
learning occurs on the timescale of tens of minutes ' 2°: slower
and less robustly than in older animals.'®"*?%27 Thus, it is un-
known whether nascent animals can learn at timescales required
for predator recognition.

Studies of biological learning have made great strides in
describing learning-associated changes at the level of mole-
cules,?®=° synapses,®’* and individual brain regions,'®->°"°
with most studies performed in adult animals. We asked whether
very young vertebrates can learn to recognize an otherwise

innocuous-looking object as a threat after a very brief display of
aggression, and what brain mechanisms enable such rapid
learning. We developed a simulated predatory experience,”'°
called “conditioned robot avoidance” (CRA), where larval zebra-
fish experience brief negative interactions with robots in their envi-
ronment. In CRA, a small cylindrical robot starts off inanimate, but
then it “comes to life” and begins to move autonomously and
chase the fish. We found that within a few minutes of intermittent
chases, larvae aged 5-13 days post-fertilization (dpf) learned that
the robot posed a threat, and they avoided it for tens of minutes,
even when it was no longer moving. This recognition was specific,
as a robot of a different color but otherwise identical appearance
did not induce avoidance, implying a remarkable ability of the
young larvae to not over-generalize the learned avoidance. We
found that larvae display learned avoidance toward the robots
at a surprisingly young age range at which they still have difficulty
with other learning tasks,'®"” indicating a staggered emergence
of associative learning capabilities.

Through whole-brain functional imaging during threat expo-
sure and a screen for involvement of the major neuromodulatory
systems, we tracked the neuronal signals underlying the learning
to distributed regions of the forebrain and the noradrenergic (NE)
system. Response dynamics in forebrain regions, including the
habenula*’*® and telencephalon, were necessary for learning
and were functionally coupled to locus coeruleus (LC) dynamics,
consistent with a learning mechanism involving LC-driven
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Figure 1. Conditioned robot avoidance learning in larval zebrafish

(A) Schematic of experiment and behavioral effect of conditioned robot avoidance (CRA). Fish does not initially avoid the immobile robot. Following 3 min of
intermittent chase by the robot (60-90 s of chase interspersed with random motion), fish avoids robot for tens of minutes. See Figure S1Aand Videos S1and S2 at
Mendeley Data: http://www.doi.org/10.17632/wkxwggvfbx.1.

(B) Schematic of the fish-robot interaction behavioral setup (STAR Methods for details).

(legend continued on next page)
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signaling to distributed regions of the forebrain. Together, these
observations reveal a NE-driven form of rapid predator learning
in a nascent vertebrate brain containing just 1% of the number
of neurons of its adult counterpart.

RESULTS

Larval zebrafish rapidly learn to recognize objects that
are capable of attack

We tested whether larval zebrafish could learn to avoid a simple,
stationary physical object after experiencing it as “coming to life”
and interacting aggressively with them for a brief period of time
(Figures 1A and 1B). The robot, slightly larger than the larva,
was designed to look neutral, so that its predator-like attributes
had to be learned from aggressive interactions with the fish.
Fish swam in an arena (2 cm length, 2.5 cm width, 5 mm depth)
in the presence of the robot, which was initially stationary. During
3-4 min of training, the robot chased the fish intermittently, with
periods of random motion in between brief chase sequences (to-
tal duration of the chases was 60-90 s). Swim behavior was
compared pre- and post-training, while the robot was immobile
for 10 min in each period (Figures 1A and S1A; Video S1). With
this system in place, we tested whether fish could associate the
robot with the attributes of a predator-like being, even after the
robot stops moving. After the short chase training protocol, in
the post-training period we found that most fish avoided the
immobile robot, as quantified by measuring time spent in each
of the four quadrants of the behavioral arena (Figures 1C and
1D; Video S1). A Gaussian mixture model fit to the change in
time spent in the quadrant housing the magnet between pre-
and post-training periods was used to classify individual fish as
learners or non-learners (Figure S1C). We concluded that 61%
of the fish tested (total of 41) learned to avoid the robot after
training (Figure S1C). Other aspects of behavior, such as swim
bout frequency and average speed, remained largely unchanged
(Figures S1D and S1E), showing that fish were still active and
moving normally after training (Video S1). Thus, larval zebrafish
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rapidly learn to avoid the robot, even after it stops moving,
following brief predation-like interactions.

We next characterized the time course of the avoidance. Dur-
ing the 30 min post-training, avoidance was relatively constant,
with short-lived periods where the fish would briefly venture
into the robot quadrant (Figure 1E). In a separate subset of ex-
periments, we asked how long the avoidance would persist by
removing the robot and reintroducing it once an hour post-
training. We found that ~3/4 of fish continued avoiding the robot
after 1 h post-training and that by 2 h, most fish (62%) stopped
avoiding it (Figure STH). Thus, CRA represents rapidly induced
and relatively long-lasting avoidance behavior persisting for
about 1 h after training.

The above analysis was conducted on fish screened for active
exploration of the behavioral arena pre-training (see pre-training
quadrant occupancy distributions and STAR Methods). However,
a subset of fish did not swim evenly throughout the arena,
showing a weak avoidance toward the magnet quadrant (Fig-
ure S1l). The innate tendency in this subset suggests an object
avoidance neuro-behavioral program that may be co-opted dur-
ing the learned avoidance seen in CRA.**° It also raises the
question of whether CRA reflects genuine learning or a simpler
stress-induced “ON-switch” of an existing behavioral pattern.
To control for this, we introduced a second assay in which the
robot never moved and where the training period was replaced
by 3 min of shaking in a Petri dish. Larvae manipulated in this
manner did not show avoidance toward the robot post-shaking
(Figure S1J), suggesting CRA is not a simple stress response in
which fish avoid any object in their environment. However, the
possibility still existed that CRA is a more specific switch to innate
object avoidance. In that case, after such a switch, the fish should
avoid all robots indiscriminately, which we tested next.

Larvae learn to distinguish benign from previously
aggressive robots

To confirm that CRA induces avoidance specific to a previously
aggressive robot, we modified the assay to include an additional,

(C) Brief training periods lead to prolonged avoidance behaviors. Top: schematic of experimental paradigm. Robot remains immobile in quadrant 1 (q1) during
10-min pre-training period and in g2 during 10-min post-training period. Middle/bottom row: density maps showing occupancy with trajectories overlaid for two
example fish over entire pre/post-training period. Middle column: 10-s clips from training that show fish trajectories and robot positions during sample chase
sequence. See also Videos S1 and S2 and Figure S2.

(D) CRA learning across fish quantified by time spent in each quadrant of the arena, averaged over 10-min pre-training (left) and post-training (right) periods
(n = 41; p = 0.0025, robot quadrant pre vs. robot quadrant post, Wilcoxon test), and kernel density estimates of pre- and post-training occupancies for magnet
quadrant (g1 pre and g2 post, red) and remaining three quadrants (gray). After training, fish spend less time near the robot, reflected by the area marked “#” in the
histogram. 61% of fish learn (see Figure S1C; chance learner fraction would be 0%).

(E) Avoidance behavior lasts tens of minutes. Occupancy of robot housing quadrant (g1 in pre, g2 in post) shown as average over sliding window of 4 min (10-s
bins). Plotted are the median and standard error of the mean (SEM) (envelopes) across five fish. Dashed line: chance quadrant occupancy level, 25%. Purple bar:
periods where post-training averages are significantly below chance occupancy (significance p < 0.05 using a rank-sum test).

(F) Larvae learn to distinguish between aggressive and benign robots. Schematic of experiment (top) and heatmaps/trajectories. Aggressive robot (shown in red)
chases fish during training; benign robot (shown blue) remains stationary in g3 throughout experiment. For half of the fish, the blue robot was the aggressor and
the red was benign. See also Figure S1B.

(G) Correct identification and avoidance of aggressive robot (n = 12; p = 0.0034, magenta-pre vs. magenta-post; p = 0.0005, magenta-post vs. green-post;
Wilcoxon test), and kernel density estimates of pre- and post-training quadrant occupancy post-training for aggressive-robot quadrant (g1 pre and g2 post,
magenta) or benign-robot quadrant (3, green) (*p < 0.05, **p < 0.01, **p < 0.001). (Magenta/green is used for clarity because red/blue is swapped for 50% of
experiments, see F.) After training, fish spend less time near the aggressive robot, reflected by the area marked “#” in the histogram, but they do not avoid the
benign robot. See also Figures S1F and S1G.

(H) Selective avoidance of aggressive robot quantified by change in distance to each robot between post- and pre-training periods (left). Scatterplot shows
increased distance kept specifically from aggressive robot, no increased distance to benign robot (right) (n = 12; p = 0.0004 (magenta, aggressive); p = 0.35
(green, benign); one-sample t test).

See also Figure S2. All error bars are standard error of the mean (SEM).
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Figure 2. The noradrenergic system is required for conditioned robot avoidance learning
(A) Top: diagram showing location of tryptophan hydroxylase 2 (tph2) positive DRN neurons. Bottom: schematic of quadrant numbering. See also Figure S3A.
(B) CRA learning is intact in DRN-lesioned fish, two example fish. Density maps and trajectories of pre- and post-training behavior from an intact control (top row)

and experimental (bottom row) fish.

(C) Control population data: intact fish. Scatterplot: learning across control fish quantified by quadrant occupancy, averaged over the 10-min periods (n = 26).
Densities: kernel density estimates of pre- and post-training occupancy distribution of magnet quadrant (q1 pre, g2 post, red) and the remaining three quadrants
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(legend continued on next page)
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benign robot, identical in shape to the moving robot but always
stationary and painted in a different color (Figure 1F; the aggres-
sive robot was red for half the fish tested and blue for the other
half). The other, aggressive, robot also sat immobile during the
pre-training and post-training periods, but it chased the fish dur-
ing training (Figure S1B). We found that fish learned to selectively
avoid the aggressive robot after training, reflected in their avoid-
ance of the quadrant with the aggressive robot but not the quad-
rant with the benign robot (Figures 1F and 1G), as well as an
increased average distance between the fish and the aggressive
robot but not the benign robot (Figure 1H). Swim frequency and
swim speed remained unchanged between pre- and post-
training periods (Figures S1F and S1G). These observations
rule out the possibility that fish indiscriminately avoid objects in
their environment due to stress-like states induced by attacks,
instead showing the avoidance behavior is bound to specific
identifying features of the robot. We conclude that short experi-
ences of attack induce long-lived avoidance that is specific to
previously aggressive agents in the environment.

Very young zebrafish perform CRA learning

We first observed CRA in a 2.5 x 2.0 cm? arena in 9-13 dpf ze-
brafish, as discussed above. Young (5-6 dpf) zebrafish did not
show CRA in this small arena, presumably because of interfer-
ence by confinement stress.”’ To test if young zebrafish perform
CRA learning in a larger and therefore more naturalistic arena
with less confinement stress, we created a second setup using
a 6.0 cm-diameter circular arena (Figure S2A, area of circular
arena is 5.65x larger). In this arena, 5-7 dpf zebrafish robustly
learned CRA (Figures S2B-S2D; Video S2) after 45 s of chase
(90 s total of which 45 s was chase time), showing that CRA is
present from very young ages, already at 5 dpf (Figure S2E).
Thus, larvae readily and robustly perform CRA learning just
1 day after they begin to swim.

The NE system is necessary for CRA learning, but the
dopaminergic and serotonergic systems are not

We sought to elucidate the neural mechanisms underlying CRA.
The dopaminergic, serotonergic, and NE systems have all
been implicated in different forms of learning,*>" with roles in
promoting plasticity.*®°%°° To determine the necessity of these
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neuromodulatory systems in CRA, we chemogenetically
lesioned each of them one by one, in fish aged 9-13 dpf, using
cell-type-specific expression of nitroreductase, which causes
toxin-induced cell death after incubation with the prodrug metro-
nidazole®® (Figures S3A-S3C). Dorsal raphe nucleus (DRN)-
lesioned fish were still able to learn CRA to the level of intact
controls (Figures 2A-2D, using Tg(tph2:gal4Gal4; UAS-E1B:
NTR-mCherry) fish®"). Similarly, fish with dopaminergic ablations
were able to learn CRA (Figures 2E-2H, Tg(dat:gal4Gal4; UAS-
E1B:NTR-mCherry) fish®). In contrast, NE system ablations
(Tg(dbh:gal4Gal4; UAS-E1B:NTR-mCherry)) led to a complete
loss in learning ability (Figures 21-2L; all summarized in Fig-
ure 2M). Similar numbers of fish avoided the non-robot quad-
rants and the robot quadrant, indicating an inability to correctly
associate the robot with danger (Figures 2L and 2M). Some
NE-system ablated fish showed increased thigmotactic
behavior®®; however, this was not consistent across all fish
tested (Figures S3G-S3l). Other aspects of swim behavior, like
swim frequency and speed, remained similar between pre- and
post-training periods and between lesioned and control condi-
tions for all neuromodulatory ablations (Figures S4A-S4F).
Thus, the NE system, specifically, and not the dopaminergic or
serotonergic systems, is required for larval zebrafish to perform
CRA learning.

LC neuron responses during CRA are consistent with
learning signals

Building on the identification of the NE system, which includes
the LC as a driver for learning, we turned our attention to neural
activity patterns associated with the training. We used a
reduced preparation that captured the core components of
CRA training in which a head-fixed, agar-embedded zebrafish
experiences the approach of the robot, its close presence dur-
ing a “sit” period, and its retreat (Figures 3A and 3B). We first
confirmed that this basic restrained paradigm could elicit
learning: agar-embedded fish that experienced the approach-
ing robot and were subsequently freed showed avoidance of
the robot (Figure S5A). Next, using swept confocally aligned
planar excitation (SCAPE) microscopy®*®® (Figures 3A and
S5B), we imaged LC activity in Tg(dbh:Gal4; UAS:GCaMP6f)
fish aged 9-13 dpf. This population showed strong responses

(gray). Dashed line shows chance occupancy (25%). Controls expressed either Tg(toh2:Gal4) or Tg(UAS-E1B:NTR-mCherry) and were incubated in metroni-

dazole prior to experiment.

(D) CRA learning is intact in DRN-lesioned fish, population data (n = 12 fish). Tg(toh2:Gal4; UAS-E1B:NTR-mCherry) fish were previously incubated in metro-

nidazole.

(E) Schematic of dopamine transporter (dat) expression for dopaminergic ablations. See also Figure S3B.

(F) Dopaminergic ablations do not impair CRA learning, example control and lesioned fish.

(G and H) Dopaminergic ablations do not impair learning; population data represented as in (C) and (D). Controls (n = 15) were Tg(dat:Gal4) or Tg(UAS-E1B:NTR-
mCherry), lesioned fish were Tg(dat:Gal4; UAS-E1B:NTR-mCherry) fish (n = 13), both previously incubated in metronidazole.

(I) Schematic of dopamine beta-hydroxylase (dbh) expression for noradrenergic system ablations. See also Figure S3C.

(J) Noradrenergic ablation eliminates CRA learning in an example fish.

(K and L) Noradrenergic ablations eliminate learning, population data. Controls (n = 15) were Tg(dbh:Gal4) or Tg(UAS-E1B:NTR-mCherry), lesioned fish (n = 14)
were Tg(dbh:Gal4; UAS-E1B:NTR-mCherry), both previously incubated in metronidazole. Scatterplot statistics are between the magnet quadrant pre-training
(91) and post-training (g2) using the Wilcoxon test.

(M) Summaries of ablation behavioral experiments. Plotted are differences in occupancies of magnet-housing quadrants pre- and post-training (g2 post—q1 pre).
CRA is manifested as a downward trend of the average (black arrows). Magenta data are from lesioned conditions; green is intact control. Statistics reflect one-
sample t tests, testing deviance from a population mean of 0. Serotonergic and dopaminergic system ablations do not impair learning; noradrenergic system
ablation abolishes learning.

See also Figure S4.

Statistical tests for C, D, G, H, K, and L were Wilcoxon tests. All error bars reflect SEMs.
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Figure 3. Whole-brain imaging of chase-like robot approaches reveal coupled responses in LC and across the forebrain

(A) Schematic of experimental setup. Agarose-embedded Tg(dbh:Gal4; UAS:GCaMP6f) or Tg(elavi3:H2B-GCaMP7f) fish were exposed to moving robot and
imaged with a SCAPE microscope. See also Figures S5A and S5B.
(B) Schematic of stimulus paradigm. Chase-like approaches consisted of straight robot motion toward the fish, robot was slightly offset toward the left. Motion
lasted 1.5 s, followed by a 30-s sit period, followed by retreat to its original position.

6

Current Biology 35, 1-14, January 6, 2025

(legend continued on next page)



Please cite this article in press as: Zocchi et al., Days-old zebrafish rapidly learn to recognize threatening agents through noradrenergic and forebrain
circuits, Current Biology (2024), https://doi.org/10.1016/j.cub.2024.11.057

Current Biology

that were time locked to robot motion, lasting about 7 s, and
were strongest during robot approach and retreat (Figure 3C).
Interestingly, LC responses were much reduced when the robot
moved side to side (Figure S5C), a stimulus that did not elicit
avoidance in free swimming fish (Figure S5D). Altogether,
these experiments are consistent with a learning algorithm in
which robot motion, especially attack-like movements in the
approach period, serve as the learning signal,®® analogous to
an unconditioned stimulus (US) in the framework of classical
conditioning.

Whole-brain light-sheet imaging reveals LC-coupled
populations encoding the robot experience

In search of the neural implementation of CRA, we asked how the
entire brain responds to robot approach and close presence and
how such responses relate to the LC responses described
above. We imaged larval zebrafish, aged 9-13 dpf, with a
genetically encoded calcium sensor expressed in most neurons
(Tg(elavi3:GCaMPT7f), Figure S5B). We observed responses
during the approach relative to baseline (Figure 3D) in multiple
regions (Figure 3E), which we identified through registration to
an anatomy atlas®” as including the LC, pallium, subpallium,
habenula, thalamus, pretectum, tectum, serotonergic raphe,
hypothalamus, and cerebellum (Figure 3E).

We reasoned that the brain may contain a representation of
the robot presence, independent of its motion, analogous to a
conditioned stimulus (CS) that, through training, gets bound to
evasive actions. We therefore searched for such representations
by looking for populations showing elevated activity during the
sit portion of the stimulus. Most of the regions active during
the approach showed decaying activity during the sit period (Fig-
ure 3F). However, the pallium and subpallium were unique in
showing persistently elevated activity during the sit period
(Figures 3E, 3F, and S5E). Indeed, these regions, together with
the habenula, also contained significantly more neurons, with
activity peaking later in the robot stimulus—during the sit
portion—than other regions of the forebrain like the thalamus
(Figures 3G and 3H). Thus, our whole-brain imaging results
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suggested that brain activity encoding close robot presence is
found across the telencephalon and habenula.

Since the NE system is necessary for learning, and regions of
the telencephalon and habenula showed sustained responses
during the robot experience, suggesting that they might encode
the presence of the robot, we asked whether the LC and forebrain
showed functional coupling. We noticed that on some trials, LC
activity was more transient, and on other trials, it was more sus-
tained (Figure 3l). We observed strong coupling between the LC
and the telencephalon and habenula, where more transient LC re-
sponses were followed by more sustained responses in these
latter regions, and more sustained LC responses were followed
by more transient responses (Figures 3l, 3J, and S5F). No other
areas analyzed showed this functional relationship to the LC
(Figures 31-3K). For comparison, repeating the analysis using
the thalamus instead of LC did not yield a similar inverse relation-
ship with the telencephalon and habenula (Figure S5G). Finally,
there was no functional coupling between the telencephalon
and habenula and the NE cluster of the medulla oblongata
(NE-MO®®) (Figure S5H). Therefore, the relationship was specific
to the LC. The strong coupling between LC and telencephalon/
habenula responses, in combination with the observation that
the LC is necessary for CRA learning, led us to consider the
hypothesis that the telencephalon and habenula are necessary
components of the learning mechanism.

Forebrain regions are necessary for CRA

To test whether the telencephalon and habenula are necessary
for CRA learning, we vacuum aspirated a large fraction of these
regions in fish aged 9-13 dpf (Figures 4A and S3D) and, following
recovery, tested the fish’s learning ability. Lesioned fish still
swam and explored (Figures S3J, S4G, and S4H) but were not
able to learn CRA (Figures 4B-4D). Thus, consistent with the
measured responses (Figures 3E and 3F) and functional coupling
to the LC (Figures 3l and 3J), the combination of the telenceph-
alon and the habenula are necessary for CRA learning. Next, we
specifically lesioned the habenula using two-photon cell-resolu-
tion ablation. To control for nonspecific effects of the laser and

(C) Average activity in LC in Tg(dbh:Gal4; UAS:GCaMP6f) fish shows responses to robot motion (approach and retreat; strongest during approach). Envelope
reflects SEM. See also Figures S5C and S5D.

(D-F) Whole-brain responses to stimulus averaged over three trials across seven fish. Z-Brain atlas-identified brain regions are displayed on a reference brain
(D, bottom). Threshold heatmaps (see STAR Methods) showing maximum intensity projections of AF/F responses across voxels, 2 s prior to motion onset (D, top),
2 s following onset (E, top), and 10 s after onset (F, top). Normalized AF/F in regions across larval brain over 21 trials in 7 fish (bottom bar plots in E and F). Each
point represents AF/F averaged over neurons in the given region for a single trial, normalized to their peak values across trials. Telencephalon showed stronger
sustained responses (left) than most other regions (right). Bars sharing letters are statistically different from subpallium (a) and pallium (b) (ANOVA followed by
Tukey’s honestly significant difference test). Pal, pallium; Sp, subpallium; Hb, habenula; Thal, thalamus; Pt, pretectum; Tec, optic tectum; LC, locus coeruleus;
Raphe, dorsal raphe nucleus; Hyp, hypothalamus; Cb, cerebellum. Error bars reflect SEMs. See also Figure S5E.

(G) Rasters showing single-cell AF/F across regions of the telencephalon and in the habenula across six fish. Responses normalized to their peak values and
sorted by centroid, =;t(AF/F)(t)/=«(AF/F)(t). White ticks indicate trace centroid.

(H) Kernel density estimates of distributions of time to peak across single cells in different regions of the forebrain across 21 trials in 7 fish. Telencephalon and
habenula have more cells peaking later in the stimulus than thalamus (o < 0.0001 for Hb to Thal, Pal to Thal, and Sp to Thal, Kolmogorov-Smirnov test [K-S test]).
(I) Responses in telencephalon and habenula are functionally coupled to LC responses. Responses on single trials, averaged across neurons of the LC; thalamus;
and combined pallium, subpallium, and habenula (telencephalon and habenula); with trials grouped according to whether the cell-averaged LC response was
sustained (black) or transient (red) (see STAR Methods). Transience of the LC response was predictive of how sustained the telencephalic and habenular re-
sponses were (transient LC response was associated with sustained telencephalon and habenula response; arrows); and less so for thalamus. 21 trials in 7 fish.
Line: average, envelope: SEM. Each trial’s response was normalized to its peak. See (J) for statistical test. See also Figures S5F-S5H.

(J) Response persistence (as defined in inset) in telencephalon/habenula and thalamus on trials with transient (red) vs. sustained (black) LC responses. Statistics
were independent t tests for differences between transient LC (red) and sustained LC (black) groups. Error bars reflect SEM.

(K) Response persistence (as in J) across different brain regions. Plotted over a representative brain (gray) are the t statistics (from independent t tests) between
trials with transient vs. trials with sustained LC responses for different regions.
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Figure 4. The forebrain and the habenula, specifically, are required for learned avoidance
(A) Diagram showing extent of vacuum aspirations of forebrain. See also Figure S3D.

(B) Heatmaps with trajectories show pre- and post-training behavior from one intact control (top row) and one aspirated experimental fish (bottom row). Note,

forebrain-aspirated example fish shows no learned avoidance post-training.

(C) Control fish (n = 11) avoid robot after training. Scatterplot: learning across control fish quantified by quadrant occupancy (time spent in quadrants), averaged
over experiment periods. Densities: kernel density estimates for pre- and post-training occupancy distributions in robot quadrant (g1 pre and g2 post, red), or
remaining three quadrants (gray). Dashed line represents chance occupancy (25%). Statistics for all scatterplots are between the magnet quadrant pre-training

(91) and post-training (g2) using the Wilcoxon test.

(D) Forebrain-aspirated fish do not learn. Ablated fish (n = 8) had their forebrains vacuum aspirated. Control data were combined from two groups: siblings of the
aspirated fish; or fish from a different clutch who were anesthetized and embedded like the ablated group, but who did not undergo ablation.
(E) Schematic for two-photon laser ablations of habenula (bottom row) and, as a control, olfactory epithelia (OE) (top row). See also Figures S3E and S3F.
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cell death, we ablated the olfactory epithelium for comparison
(Figures 4E, S3E, and S3F), which did not impair learning
(Figures 4F and 4G). Habenula ablations led to a near-complete
loss of learning (Figures 4F and 4H). Thus, the habenula is neces-
sary for CRA learning. Other aspects of swim behavior were un-
changed (Figures S3K, S4l, and S4J). In sum, the telencephalon
and habenula are necessary for CRA, consistent with the role of
forebrain circuits in higher-order cognitive functions.'®5%"° The
habenula, specifically, is necessary, consistent with its proposed
role of linking limbic circuits of the forebrain and regions of the
mid- and hindbrain.”"~"®

Taking together our behavioral, ablation, and imaging results,
we demonstrate rapidly learned recognition of aggressive
agents in a nascent vertebrate nervous system. This associative
learning relies on a multiregional network, including NE signaling,
with LC activity consistent with a learning signal encoding the
movement of the attacker, as well as populations distributed
across the forebrain, particularly the habenula, whose activity
represents the presence of the object, which gets associated
with danger through experience.

DISCUSSION

Fast, specific predator recognition learning in a nascent
vertebrate nervous system

Here, we have demonstrated that predator learning emerges
early in the development of a vertebrate brain, on the day that
the fish start to swim with reliable coordination and to hunt for
food—5 dpf—and prior to when they reliably perform social be-
haviors like shoaling.74 While neonates are constantly learning to
interface with their environments, for example, through motor
development,”®"® learning what to eat,"®"”~"° or how to commu-
nicate,®’ most of these learned behaviors develop over relatively
long periods of time, sometimes with the help of their par-
ents.”®®"®2 Predator avoidance learning, on the other hand, is
self-taught and must be rapid since every predator-prey
encounter has the potential to turn lethal.®® The task is further
complicated by having to identify cues most relevant for future
predator recognition in the midst of the barrage of sensory input
produced by a predatory attack. Indeed, CRA drives rapidly
induced learning, resulting in a memory lasting over an hour.
This duration could be beneficial in nature as the greatest risk
of attack by an individual predator following an initial predatory
attempt is in the period immediately following. As time moves
on, the need to remember the identity of a specific predator de-
creases due to factors like the animals physically separating and
the predator targeting a different prey individual. Other factors
like enhanced memory following multiple encounters, memory
retention improving with age beyond the larval and into the
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juvenile and adult stages, or learning being more efficient with
the use of more realistic predatory robots or real predators are
worth following up on with future studies. Moreover, larvae are
able to identify and selectively avoid the correct robot in two-
robot conditioning experiments, showing an ability to extract
identifying features without over-generalizing. This is in contrast
to most forms of predator learning studied on longer training
timescales or in older animals that usually rely on associating ol-
factory cues—such as alarm substances secreted by conspe-
cifics—with the predator, a process one step removed from an
actual predatory attack.®*®° Furthermore, larval brain volumes
contain around 100 times fewer neurons than adults, and neuron
number is believed to correlate to cognitive ability in ani-
mals.?*® Our behavioral assay has thus uncovered the ability
of a compact brain to extract key identifying features of
dangerous agents in their environments and to use them to drive
future behavioral interactions. Similar to social behaviors be-
tween conspecifics,”®® predator avoidance is a task that young
larvae must necessarily deal with in the natural environment®’;
and brains are adapted to solving ethologically relevant tasks,
a theme exploited in some of the most efficient learning as-
says.?'"%® Indeed, a fraction of naive fish showed a weak avoid-
ance for the robot pre-training (Figure S1l), hinting at existing
neural pathways for innate (non-learned) avoidance toward novel
entities in the environment.**° It is possible that the early emer-
gence of CRA during development is facilitated by extending
these pathways, for instance, by learning to bind them to specific
identifying features of threatening agents as suggested by the
two-robot experiments (Figures 1F-1H). In sum, we have identi-
fied predator learning as one of the earliest, most rapid forms of
learning in a nascent vertebrate brain.

Neural mechanisms underlying rapid predator
recognition learning

Brain-wide calcium imaging identified the LC and forebrain pop-
ulations across the telencephalon and habenula'”'8?%7°_g
diencephalic structure that also forms part of the fore-
brain*”**—as likely candidates mediating the learning seen in
CRA. The imaging results are consistent with a mechanism
involving a learning signal in the form of NE°®°" signaling onto
pallial, subpallial, and habenular'"*®~'% circuits.'®' Regions of
the larval pallium and subpallium have been linked via anatom-
ical, genetic, and ablation studies to homologous mammalian re-
gions like the amygdala, hippocampus, and basal ganglia.'%>~'%
A large body of work implicates mammalian limbic regions in
emotionally driven learning like fear conditioning.>*''°>'°° Elec-
trophysiological, pharmacological, and lesion studies have
produced a picture where NE signaling of unconditioned stim-
uli’®”1%% onto amygdalar circuits leads to potentiation of sensory

(F) Habenula-ablated fish does not learn (bottom) but control olfactory-epithelium-ablated fish does (top), example animals. Note lack of avoidance post-training

in habenula-ablated fish.

(G) Olfactory-epithelium-ablated control fish learn, population data (n = 15 fish, two-photon ablation).

(H) Habenula-ablated fish do not learn, population data (n = 19 fish, two-photon ablation).

(I) Summaries of ablation behavioral experiments showing necessity of forebrain and habenula for CRA learning. Plotted are differences in occupancies of
magnet-housing quadrants pre- and post-training (g2 post — q1 pre) across different ablations. CRA is manifested as a downward value of the average (black
arrows). Magenta data are from ablated conditions, green is from controls. Statistics for scatterplots reflect one-sample t tests, testing deviance from a pop-

ulation mean of 0.
See also Figure S4. All error bars reflect SEM.
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responses to conditioned stimuli across limbic regions.*”'%° Our
imaging and behavioral findings, together, suggest that similar
mechanisms may operate during larval CRA learning.

Coupling between LC and telencephalic/habenular
response dynamics

We describe a relationship between dynamics in the LC and in
the telencephalon/habenula, where transient responses in the
former region are correlated to persistent activity in the latter
ones. While norepinephrine has complex effects on neural circuit
function,’'® it is believed that ¢ and PB-adrenergic recep-
tors''"12 often have opposing effects on neural circuits. The
functional relationship we describe could arise from an interplay
between the excitatory and potentially delayed inhibitory effects
of NE signaling on different receptor types, whereby transient
LC responses preferentially drive excitatory effects in pallial,
subpallial and habenular circuits, while longer LC responses
allow inhibitory effects to manifest. Future studies could
address this mechanism, starting by imaging norepinephrine dy-
namics in these forebrain populations, as well as its function for
learning.

Our behavioral experiments also uncovered a necessary role
for the habenula in CRA. However, it is important to note that
the habenula is a complex, heterogeneous structure made up
of subcircuits with different presumed functions and distinct
projection patterns.’”-"%8-19%:113 Fytyre work will be required
to dissect out the precise subregions within the habenula
involved in CRA. Finally, a general relationship—of course,
with exceptions—is believed to exist between cognitive ability
and number of neurons across brain regions.®*~%¢ It is therefore
remarkable that a small developing vertebrate brain of ~10°
neurons —~1/500" the number in a mouse brain—is capable
of rapidly learning characteristics of agents in the environment
within minute-long experiences. This contrasts with the state of
the art in artificial learning systems which, although capable of
significantly more complex tasks, nevertheless require orders
of magnitude more computing elements and training data to
do so. How biological brains perform so efficiently is a key
open question for neuroscience,° likely having to do with the
distribution of learning tasks across a highly modular nervous
system, as well as the wide broadcasting of learning signals
consistent with the NE LC signal observed here. The study of
whole-brain signals during survival-critical, rapid learning in a
small brain may therefore vyield insights into the design of
artificial systems, as well as help unravel the relationship
between evolutionarily hard-wired behaviors and adaptable
learned ones.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be
directed to and will be fulfilled by the lead contact, Misha Ahrens (ahrensm@
janelia.hhmi.org).

Materials availability

Tg(dbh:Gal4) was generated for this study using recombination of Gal4FF into
bacterial artificial chromosome (BAC)''®""* CH211-270H11, followed by Tol2
transgenesis (available upon request and will be deposited to the Zebrafish In-
ternational Resource Center [ZIRC]).""®
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Data and code availability

o Allbehavioral datasets and an example imaging dataset have been depos-
ited at Mendeley Data and are publicly available as of the date of publica-
tion at Mendeley Data: http://www.doi.org/10.17632/wkxwggvfox.1.

e All original code has been deposited at Mendeley Data and is publicly
available at Mendeley Data: http://www.doi.org/10.17632/wkxwggvfbx.1.

e Any additional information required to reanalyze the data reported in this
paper is available from the lead contact upon request.
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Source data This paper Mendeley Data doi: https://doi.org/10.17632/wkxwggvfbx.1
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Tg(elavi3:H2B-GCaMP7{y™®° Yang et al.’'® N/A
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Tg(dat:Gal4) Yao et al.® N/A
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FIJI NIH Image https://imagej.nih.gov/ij/

Adobe lllustrator Adobe, San Jose, CA https://www.adobe.com/products/illustrator.htmi

Custom code This paper Mendeley Data doi: https://doi.org/10.17632/wkxwggvfbx.1

EXPERIMENTAL MODEL DETAILS

Fish

All zebrafish larvae were reared at 14:10 light-dark cycles according to standard protocols at 28.5°C. Zebrafish were fed rotifers and
used for experiments. Zebrafish sex cannot be determined until 3 weeks post-fertilization, so experimental animals’ sex was
unknown. Transgenic animals used in this study were:

Tg(elavi3:H2B-GCaMP7f™° from Yang et al.''®
Tg(UAS:GCaMP6f)™° from Mu et al.®®

Tg(toh2:Gal4) from Yokogawa et al.'"”

Tg(dat:Gal4) from Yao et al.®?
Tg(UAS-E1B:NTR-mCherry)°?%* from Davison et al.®
Tg(dbh:Gal4) (This paper)

All experiments presented in this study were conducted according to the animal research guidelines from NIH and were approved
by the Institutional Animal Care and Use Committee and Institutional Biosafety Committee of Janelia Research Campus.

METHOD DETAILS

Behavior - Setup

For the smaller, rectangular arena, the chamber was constructed by laser-cutting a 2.5 x 2 cm rectangle into a piece of opaque 5 mm
thick acrylic, and sealing a glass coverslip to the bottom with molten parafilm. For the larger arena, the 6 cm diameter circular cham-
ber was machined from a piece of IR transparent acrylic. An opaque diffusive screen was attached to the bottom of the chambers to
mask out the apparatus below. For both assays, an infrared LED array, covered by a diffuser, provided illumination from below.
A camera - Pike, F-032 for the smaller arena setup or FLIR BFS-U3-32S4C-C for the larger setup — equipped with a zoom lens (Com-
putar M3Z1228C-MP) recorded the arena from above. The robot consisted of a stack of three-to-five 1 mm diameter, 1 mm height
neodymium magnets, painted red, blue, or black, forming a 3-5 mm high cylinder (first4magnets F305 painted with Humbrol enamel
paint). This magnetic robot was moved, remotely, via a second magnet (a stack of the same type of magnet) directly beneath the
arena, which was glued to an acrylic platform just below the arena; the position of this second magnet was controlled by two linear
stages (Zaber, X-LSQ150B) that moved the acrylic platform, and moved the magnet in the arena through magnetic attraction. The
stages were controlled by the computer that received a visual feed of the fish and robot filmed from above. For a small subset of
experiments in the smaller arena, the robot consisted of a bent glass rod similarly painted at the end (World Precision Instruments
TW 150-3), controlled by the translation stages (fish learned simvolilarly with the magnetic robot and the small subset of experiments
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performed with the glass robot). For the robot recognition experiments, one robot was painted red, and the other blue. The identities
of the aggressive and benign robots were switched across experiments, so that 50% of the time the aggressive robot was red and
50% of the time it was blue. The entire setup was enclosed in a box, with white light LEDs (Capetronix) glued to the roof to provide
illumination for the fish. Custom Python software (available upon request and will be deposited to a repository) streamed frames from
the camera (using a FireWire interface) at 100 frames per second, saved them to a video file, tracked the position of the fish, and
controlled the linear stages.

Behavior - Analysis and Tracking

Real time tracking of fish position during the behavioral experiments was done using custom Python software utilizing the openCV
package (opencv-python) (available upon request and will be deposited). The raw frames read from the camera were background
subtracted, convolved with a Gaussian filter, binarized using a threshold, and then passed through a contour detector. Filtering
by area, and sometimes aspect ratio, then allowed identification of the contour corresponding to the fish. The centroid of the
‘blob’ defined by the contour was used as the fish position. The fish positions were saved along with the raw video, and were
used as the end points for linear stage movements during the training periods.

For quadrant occupancy calculations, a rectangular region of interest (ROI) was traced around the behavioral arena, and divided
evenly into 4 rectangular quadrants. The occupancy of any given quadrant was then calculated as the number of time points the
centroid of the fish was found to be within the quadrant divided by the total number of time points. Kernel density estimates for
the occupancy data (histograms in Figures 1, 2, and 4) were generated from occupancies of the magnet quadrant or every other
quadrant combined. A Gaussian kernel was used with bandwidth set using the Silverman method. Because occupancies are
bounded on the unit interval with substantial density close to 0, we needed to account for probability density assigned outside
the boundary [0,1] from data close to these limits. We used the reflection method - briefly, the dataset was reflected about the bound-
aries - 0 and 1 - and the density was estimated on this concatenated dataset. What is displayed in the figures is the portion of the fitted
density within the unit interval, normalized to 1. For the occupancy time course analysis, the occupancy of a given quadrant was
calculated in a 4-minute sliding window, with 1-minute steps (Figure 1E). To calculate speed, the magnitude of the vector connecting
consecutive fish positions was divided by the time between the frames that generated those positions (Figures S1, S2, and S4). For
display, the speed array was smoothed with a median filter, and the average speed in a sliding 30 s window (10 s bins), was plotted.
Swim bout frequency was calculated by first identifying swim events as peaks in the filtered swim array using a peak detection al-
gorithm (scipy.signal find_peaks) (Figures S1, S2, and S4). The number of swim events in a sliding 30 s window (10 s bins) were
summed and divided by the window length to generate a peristimulus time histogram of swim bout frequency. Mixture models
were fit using 3 (Figure S1) or 2 (Figure S2) Gaussian components on the difference in occupancy of the arena quadrant currently
holding the magnet. Learner fish should display negative values for this quantity, on average, while non-learners should display
non-negative values. Therefore, we constrained the models to have one component with negative mean (learners), and the other
with non-negative mean (non-learners). The posterior probability for each data point belonging to different components of the model
was calculated, and individual datapoints were clustered as belonging to either the learner or non-learner class based on whichever
component yielded the highest probability. Three components were used for the data in Figure S1C because of the presence of a
clear outlier (single point with a change in occupancy of 0.58). One of the three components accounted entirely for this outlier
(red component in Figure S1C), leaving the other two components to account for the remainder of the data.

Behavior - Assays

Fish tested in the small arena variant of CRA (all figures except Figure S2) were screened for even swimming through the behavioral
arena: only fish that spent at least 15% of their time in each of the four quadrants of the arena were used for CRA behavioral exper-
iments (except for the forebrain aspiration experiments where low yield forced us to relax these conditions and use fish who spent at
least 10% of their time in each quadrant). For the large, circular arena variant of CRA (Figure S2), a larger area to explore led to less
uniform exploration on average, so the criteria used for inclusion in analysis was at least 10% time spent in each of the four quadrants
pre-training. During pre- and post-training periods, the robot sat stationary in the middle of a single quadrant. These periods lasted
10 minutes except for the learning time course experiments (Figures 1E and S1H), where the post-training period lasted 30 min
or consisted of multiple 10-minute periods separated by an hour each, respectively. Training in CRA consisted of robot motion, at
7-10 mm/s, broken into alternating 3 s chase sequences and 6 s periods of random motion. During chase, the robot was moved
to the current calculated fish centroid position in real time, moving along a straight line connecting the robot’s current position to
its target position. Speed was constant throughout motion (7-10 mm/s, depending on the experiment). Random motion was achieved
by drawing positions from a uniform distribution. The distribution was bounded so that the robot moved within a ~1 cm square in the
center of the arena. Training consisting of alternating chase and random motion was repeated 20-27 times for a duration of between
3 and 4.5 minutes (60-90 seconds of chase). For the time course experiments of Figure S1H, two such training periods were used: one
in between the pre- and post-training periods, and one immediately after the post-training period. Training in the larger circular arena
was 1.5 minutes with 50% chase and 50% random motion (45 seconds of chase). It was important to break up the chases into short
sequences because we found prolonged chases (longer than 5 s) would often result in fish freezing, and becoming unresponsive. For
the general fear response control, training consisted of removing the fish from the arena, placing them in a small petri dish, and swirl-
ing the dish around for 135-225 s, before replacing the fish in the behavior chamber. In the robot recognition experiments, the benign
robot remained immobile in a single quadrant, and an exclusion zone was defined around it which the aggressive robot could not
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enter during training, to prevent the robots (which were both magnets) from sticking to each other. For random motion variants of the
assay, the robot moved at 1mm/s, at random, in a single quadrant of the arena for about 3 minutes. In the embedded robot assay, fish
were allowed to swim freely in the presence of the immobile magnet (pre-training) for 10 minutes. For training, the fish were
embedded in agarose with their heads free and the robot was let to approach the fish in a straight line, sit in front of it for 30s,
and then retreat to mirror the assay used for SCAPE imaging. The fish was in closed loop control of the robot such that every
time the fish flicked its tail, the robot would immediately retreat away from the fish, approximating the effect of freely-swimming
avoidance maneuvers. The training lasted 10 minutes after which the fish was released from the agar and allowed to swim freely
in the presence of the immobile robot (post-training) for 10 minutes.

Ablations

Ablations of the forebrain were performed using vacuum aspiration.®® Larvae were anesthetized in tricaine, and mounted in agarose,
dorsal side up, in the lid of a small petri dish. A window was cut into the agarose to expose the head. Glass pipettes with ~30 um, and
~60 um diameter were pulled from borosilicate glass capillary tubes (WPI). A 30 um pipette was used to puncture a hole in the head
directly above the forebrain, and the incision was then enlarged with a 60 pm diameter pipette to expose the brain. Another 30 pm
pipette was fire polished, connected to a vacuum line, then used to aspirate the forebrain. The entire procedure was done under a
wide-field dissecting microscope. Typically, aspirations were done starting from the habenula, which were clearly visible under the
dissecting microscope, and moving rostrally. This resulted in the complete removal/destruction of the telencephalon, most of the
habenula, and potentially some rostral portions of the thalamus and hypothalamus. Afterwards, fish were released from the agar,
and placed back in their home dish for recovery. They were subsequently tested in the behavioral assay 2-5 days later. Controls con-
sisted either of fish from the same clutch as ablated fish, or non-clutch mates who were anesthetized and mounted in agar in the same
way as the ablated condition. The control data shown in Figures 4C and 4l, is an aggregate of these two controls.

Habenula ablations were done with a 2-photon laser. Larvae expressing nucleus-targeted GCaMP7f pan-neuronally,
Tg(elavi3:H2B-GCaMP7f), were mounted in agarose in the lid of a small Petri dish. The fish were placed under a confocal microscope
(Zeiss, LSM980) equipped with a 2-photon laser excitation arm. We identified the habenulae using the pan-neuronal GCaMP signal,
and then photobleached blocks of ~10-15 cells at a time with brief periods (~0.5 - 1s) of high power 2P irradiation. Cell destruction
was clear under the confocal as fluorescence disappeared. Fish were released after the procedure, returned to their home dish for
recovery, and tested 2-5 days later. For controls, we ablated the olfactory epithelium in the same way described above. Both the
habenulae and olfactory epithelium were readily recognizable, and visually separable from surrounding regions.

Chemogenetic lesions of neuromodulatory circuits were done using the nitroreductase system.''®"'9 Cell specific promoters
drove expression of Gal4, while nitroreductase was under UAS control. The lesioned conditions were fish expressing both transgenes
and incubated overnight in 10 mM metronidazole to induce ablations. Fish were tested in the behavioral assays after a 1-3 day re-
covery. Controls contained a single of the two transgenes and were also incubated in metronidazole overnight.

Imaging - Setup and Robot Stimuli

A custom built swept confocally aligned planar excitation (SCAPE) microscope was used to image whole brain calcium activity at
1.3 - 1.5 volumes per second in a single-objective, upright geometry. An sCMOS camera (Andor, Zyla 4.2) with Nikon tube lens (Nikon
50 mm f/1.4 AF D) recorded oblique-plane images, and excitation was provided by a 488 nm laser (Coherent, Obis 488). Fish were
paralyzed and mounted in agarose as described before,"'® with their heads exposed. A separate camera (FLIR BFS-U3-16S2M-CS)
imaged the fish, robot, and imaging chamber from below under infrared illumination provided by an IR LED (ThorLabs, M850L3). Ared
LED (Mightex) provided illumination onto the imaging chamber for the fish to be able to see, while not corrupting the calcium imaging
signals. A pair of linear stages (TOAUTO, T0601-50) moved the robot around the imaging chamber. The robot entered the chamber
from above (as with the glass pipettes used in the free swimming assay), and consisted of three 1mm diameter, 1mm height, disc
magnets stacked on top of each other (first4magnets, F305) painted red, and glued onto the end of a syringe needle, allowing it
to be attached to an arm mounted onto the linear stages. The stepper motors of the stages were controlled using an Arduino (Arduino
Uno Rev3), and a custom Python script (will be provided on request and uploaded to GitHub).

Robot motion stimuli consisted of an approach in a straight line towards the fish lasting 1.5 s, a 30 s ‘sit’ period where the robot sat
approximately 0.75 mm in front of the fish offset by half a millimeter to the left, and a retreat lasting 1.5 s. This was repeated 3 times
with 30 s breaks in between stimuli. The speed of the robot was between 1-2 mm/s to allow time to capture both the approach and sit
portions in the brain imaging.

64,65

Imaging - Processing and Analysis

Images projected onto the camera chip from the SCAPE system are of an oblique section through the imaged object and so raw im-
age volumes are skewed. We de-skewed the volumes by applying an affine transform. For analysis of imaging data across brain re-
gions, the volumes were processed using a hon-negative matrix factorization, cell segmentation pipeline.®® In the Figure 3 traces,
AF/F was calculated as (F — Fo)/Fo, where Fq represents (fluorescence_readout — camera_baseline) averaged over 10 seconds prior
to robot movement. In the Figures 3D-3F voxel heatmaps, Fq represents fluorescence_readout averaged over 10 seconds prior to
robot movement (without camera baseline subtracted to avoid division by small numbers due to pixel noise). Maximum intensity pro-
jections were thresholded at 25% of the max. pixel intensity for approach and sit; and at 25% of the average max. pixel intensity be-
tween approach and sit for the premotion map. Functional volumes were registered to the Z-Brain atlas®” using the BigWarp and
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BigStream software packages ' (https://github.com/JaneliaSciComp/bigstream). Masks from Z-Brain were used to define different

brain regions used in the imaging analysis. Latency to peaks were calculated as the time from robot motion onset to the peak of single
unit responses. Kernel density estimates were computed using Gaussian kernels and bandwidths chosen using the Silverman
method. Cell response rasters were ordered by the center of mass of the traces. This was done by filtering each trace with a median
filter, setting negative values to zero, and then calculating the centroid of this processed trace. For the LC response dynamics vari-
ability analysis, we calculated the average AF/F of each trials’ normalized LC response (averaged over every LC neuron) over a 15 sec-
ond period following onset of the stimulus. This yielded 21 LC early response levels (one for each trial). These values were clustered
using k-means clustering with 2 clusters, and trials were classified as either LC sustained, or LC transient. Average responses across
different regions between these trial types were then generated for comparison in the figures. Heatmaps in Figures 3E and 3F were
thresholded at 20% of the maximum pixel value (E,F), such that only pixels with values above this threshold were displayed. The heat-
map of Figure 3D was also thresholded using the average of the thresholds in E and F.

QUANTIFICATION AND STATISTICAL ANALYSIS

A detailed summary of all statistical tests is provided in Table S1. Sample sizes were not predetermined using a power analysis. The
experimenter was not masked to experimental condition or genotype during data collection and analysis. Error bars in figures are
standard error of the mean (SEM). Statistics were computed using the SciPy Stats package. Comparisons noted as “not significant”
(n.s.) were not significant at a level of a=0.05. The specific statistical test used for each comparison is reported in the figure legends
and Table S1.
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