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Abstract

Animals use their whole body to navigate their envi-
ronment and solve tasks. Identification of common dy-
namics of body parts using quantitative methods is key
to study underlying motor system organization. Ze-
brafish (Danio rerio) need to coordinate tail and pec-
toral fin movements and can serve as a model organ-
ism for the study of locomotion generation. Behavioral
tracking of larval zebrafish has usually restricted itself
either to track only the position and tail movements of
freely swimming zebrafish larvae, or to track fine move-
ments of body parts inimmobilized fish. This precludes
studies that investigate coordination or postural con-
trol.

To study full body coordination, we built a setup that
allows us to track freely swimming larval zebrafish,
while acquiring high resolution images of their whole
body. This enables tracking of both tail and fins using
DeepLabCut with additional segmentation and classifi-
cation of the tail using the Megabouts algorithm. First,
we describe stereotypical fin dynamics at bout onset
which show differences between modes of movements
as forward swims and turns. Thereafter we show that
fin dynamics can be embedded on a low dimensional
manifold with axes corresponding to amplitude, vigor
and frequency. Based on this embedding, fin dynamics
show a degree of stereotypy with associated tail clas-
sification. Lastly, we show that a model that captures
the latent dynamics underlying tail movement genera-
tion, developed using ILQR-VAE, is able to predict fin
dynamics, hinting towards a coupled control mecha-
nism. Overall, this represents an important step to-
wards building a comprehensive dictionary of larval ze-

brafish locomotion that will enable better study of mo-
tion generation and coordination.

Introduction

In recent years, interest in naturalistic behavior among
physiologists has grown into the field of computational
neuroethology [1], which studies brain activity during un-
restrained and ecologically-relevant behaviors aided by
modern computer vision tools [2]. Historically, neuro-
physiology setups required restraint of the animal and
used task-based experimental paradigms, such as condi-
tioning paradigms. In such conditions, the richness and
complexity of behavior that animals exhibit in the wild
may not be adequately captured [3-5]. Nevertheless,
even in such constrained tasks, subtle movements can
have a large effect on neural dynamics [6, 7]. Modern ap-
proaches allow for recording both brain activity and en-
able freely behaving animals, providing a holistic and un-
biased observation of behavior necessary to properly in-
terpret neural activity data. Several studies have already
made steps towards a more holisticunderstanding of the
animal’s interaction with its environmentin C. elegans [8,
9], larval zebrafish [10-13] and mice [14]. The full and un-
biased observation of behavior is especially important
to study of motor coordination, which benefits from ob-
serving animals during complex interactions with their
environment.

Technical progress in methods and data processing
has accelerated the possibilities in this research area.
We have seen advances towards more portable high
speed and high resolution imaging methods, fast deep
learning-based unbiased annotation and segmentation
algorithms [15-17] and a lower cost in cloud computing
necessary for data processing.


https://orcid.org/0000-0003-2592-7745
https://orcid.org/0000-0002-3695-4477
https://orcid.org/0000-0003-3727-7524
https://orcid.org/0000-0001-7925-5441
https://orcid.org/0009-0003-4635-4816
https://orcid.org/0000-0002-9763-8902
https://orcid.org/0000-0002-1495-9314

Together with improved tracking, the need for behav-
ioral segmentation and classification algorithms that can
deal with complex data in an automated manner has
arisen. Previously, segmentation and labeling of behav-
ior was performed manually, which was an intensive task
prone to bias. It also depended highly on knowledge-
able experimenters and good domain knowledge, thus
limiting throughput. Recently more software has started
to emerge based on researchers needs. From the au-
tomatic classification of tail movements in zebrafish to
pre-existing categories [18] to software that segments
video data into reoccurring behavior syllables, e.g. in
mice (MoSeq [16, 17] and zebrafish [19, 20].

While the segmentation of behavior in many speciesis
challenging due to its continuous nature, the behavior of
larval zebrafish (Dario rerio) is naturally segmented into
discretized movements called 'bouts’. Larval zebrafish
swim in a burst and glide fashion alternating with regu-
lar inter bout intervals. Through an extensive study of
stimuli and context, the behavioral repertoire of the tail is
stereotyped and can be mapped into 13 bout categories
[21] using software Megabouts [18]. The tail itself is an
alternating sequence of left and right tail bends that can
be modulated in various ways, e.g. in the ballistic period
[22], for the fish to have fine grained control over the be-
havioral variables of each movement, such as speed and
direction. This makes zebrafish an good model organism
to study the effect of coordination between body parts
with respect to the behavioral output and modulation of
parameters of the movement.

For the study of coordination and generation of move-
ment all body parts need to be taken into account to
facilitate understanding, as animals frequently couple
bodyparts dynamics to facilitate efficient locomotion. In
the case of larval zebrafish, they coordinate two anterior
bodyparts (pectoral fins) and a posterior bodypart (tail)
to produce stable and efficient swims, yet fins are hard
to image due to their small size. One of the earliest stud-
ies to look at fin movement has described the fins os-
cillatory dynamics [23] in slow swims. By capturing sin-
gle spontaneous swims under a high-speed camera they
have shown that when a movement is initiated one fin
is leading (leading fin’) while the other (trailing fin’) os-
cillates jointly with the tail where the speed of the fins
are correlated. This indicated that the fin dynamics are
coupled to tail dynamics in a coordinated way, exempli-
fying the whole-body coordination. However, this study
only taken into account one bout category, so it is still un-
clear which role fins play for other types of movement.
Other studies have started to describe fin movements
for other bout categories, such as escapes in particular,
where they found no to little fin involvement, whereas
some turns, e.g. J Turns, tend have highly variable fin
dynamics [24]. Fins therefore have rich dynamics that
are associated with tail movement to fulfill different func-
tions during locomotion.

Morphologically the fin is composed of a flexible en-
doskeletal disk [25], a fin membrane with spear-like colla-
gen complexes and two muscles that innervate the disk
along the sagital plane [26]. Candidate Central Pattern
Generator (CPG) neurons for a potential circuit could be
traced back from abductor-adductor motor neurons in-
nervating the muscles to the spinal cord [27]. These mo-
tor neurons control fin movements by a push-pull mech-

anism and underlie upstream control through dmrt3a+
commissary interneurons in the spinal cord [27]. Exper-
iments in larval zebrafish have suggested that rhythm
generation of the tail is organized in a modular way and
distributed onto two sets of morphologically and molec-
ularly different neurons (VO and V2a) that activate at
different locomotion speeds [28-30]. Fin behavior has
been shown to be gaited to locomotion speeds in juve-
nile reef fish [31], however, how fin and tail dynamics are
generated on a neuronal level remains unknown.

Even though some behaviors such as Short Latency
C-Starts can be trigger by the activity of a single neuron
(the Maunthner cell) [32], recent modeling suggests that
tail movements for all bout categories can be generated
by a shared latent network that differs oninitialization pa-
rameters [33]. The complete fin abduction-adduction cy-
cle was similar to the duration of the tail cycle, indicating
a shared coupled or nested network [26]. In order to in-
vestigate coordination and motor pattern generation, we
must describe fin dynamics and their interplay with the
tail during naturalistic behaviors in detail.

Since earlier studies had a limited number of move-
ments and were based on manual annotation, we need a
more extensive dataset that captures different types of
movements. For this we built a tracking setup that allows
continuous finand whole body imaging at high resolution
and acquired an extensive data set of more than 10000
movements that capture spontaneous zebrafish behav-
ior. We trained a DeeplLabCut network for reliable key
point annotation to extract datain an automated manner
and automatically segmented as well as classified the tail
with Megabouts [18] to avoid manual classification bias.

First, we found stereotyped movement onset dynam-
ics of fins that deviate for forward movements and turns.
Next, we described the features necessary to generate
the spectrum of fin dynamics by embedding fin dynam-
ics onto alow dimensional manifold that varied along am-
plitude, frequency and a non-linear time frequency rela-
tionship. Some, but not all, bouts that shared tail dynam-
ics also shared similar fin dynamics leading to a measure
of stereotypy proposed for fin movements.

Therefore we investigated, whether tail and fin dynam-
ics could be generated by the same underlying network.
For this we employed an iLQR-VAE network, trained to
learn a sparse representation of tail dynamics [33]. The
network was blind to fin dynamics but was nevertheless
able to predict fin traces. The prediction accuracy de-
pended on fin features described earlier with fins with
lower number of oscillations and amplitude being more
difficult to predict.

Results

High spatial resolution acquisition of
behavior of zebrafish larvae

In order to image fins in freely swimming zebrafish lar-
vae at high resolution, we built a setup that tracks the
fish swimming in the experimental arena (Figure 1A) uti-
lizing a 3 axis motor system with a 20 cm travel range in
the XY axis and 7 mm in the Z axis (see Methods 0.0.1).
This dramatically increased our resolution and enabled
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us to image the fins. To avoid motion blur we imaged at
200 fps using a high power infrared illumination box. The
open source software Stytra was extended with an on-
line tracking loop that included a fish detection pipeline
operating with a sub-millisecond performance [34].

64 WT pigmented fish aged 6-7 days post fertilization
(dpf) were tracked while swimming spontaneously in an
arena for the duration of the experiment (10 minutes).
Four example trajectories canbe foundin Figure S1A. We
trained a DeeplLabCut model on our videos to annotate
14 key points along the fish body (see Methods 0.0.1, Fig-
ure 1B). We extracted abduction angles for fin and tail
and cropped into segments lasting 250 ms, each corre-
sponding to a single bout (shaded regions in Figure 1C).

We assessed the quality of our tracking by quantify-
ing the tracking error as distance from the mid-head key-
point to the center of the image (Figure S1B). For 99% of
frames the tracking error was below 2 mm for all bouts
(Figure S1C), while faster bout types having larger track-
ing errors as expected due to the lag in motor initiation
when the fish accelerates rapidly (Figure S1D).

To estimate the duration of the fish being tracked, we
quantified the number of frames where the body key-
point had a likelihood above 0.95 in DeepLabCut. In 61%
of all experiments conducted, 90% of frames were had
the fish tracked successfully (Figure S1E). In order to as-
sess the quality of our fin key-point annotation, we quan-
tified the percentage of frames where all fin points were
annotated with 0.95 or above likelihood (Figure S1F). We
observe that the fins are annotated well within 80% of
frames with the fish tracked.

To assess the tracking performance of our setup, we
looked at the duration of episodes when the fish was
tracked. The duration of episodes showed a bimodal dis-
tribution (Figure S1H). This indicates that the fish is ei-
ther lost frequently or tracked reliably for the entire dura-
tion of the experiment. When a tracking failure occurred,
the search algorithm (see Methods 0.0.1) recovered the
fishes position in under a minute in 68% of cases (Fig-
ure S1G).

We start by describing an example of fins during a
Burst Swim (Figure 1C-E, more Examples in Figure S3).
At bout onset, both fins are abducted before changing
the pattern from synchronous initiation to alternating co-
ordination after the first fin beat. The fins show the ex-
pected pattern of alternating oscillations before return-
ing to the side of the body at rest. For the example bout,
we observed a longer fin beat period of the right fin, a
different number of oscillations between the fins and a
varying amplitude of abduction peaks.

For a comprehensive description of tail movement we
used the recently published pipeline Megabouts [18] to
classify extracted bouts (Figure 1F). The distribution of
bout categories aligns with the expected fish behavior
during spontaneous swimming, as observed in previous
studies[18, 21]. These studies reported that during spon-
taneous swimming under a light background a large pro-
portion of bouts are Slow1 and Slow2, as well as Routine
Turn, High Angle Turn with decreasing probability. We
cannot rule out potential influences of the setup and en-
vironment on their behavior as we observed a small num-
ber of typical escape behaviors (SAT,0 bend, LLC,and SLC),
indicating that some fish might be experiencing stress
due to the movements of the motor.

To assess the fish behavior in our setup, we inves-
tigated behavior metrics including body angle, fin an-
gles, bout distance and inter-bout interval for an exam-
ple fish (Figure S2A-C) as well as for all fish (Figure S2D).
The bout angles show the expected trimodal distribution
(Figure S2D). Fins can move in range from O to 100 de-
grees with negative angles for left fins and positive an-
gles for right fins (Figure S2D). The mean bout distance
was 0.77mm =+ 0.98 mm and the mean inter-bout inter-
val 1.52mm =4 3.91 mm (Figure S2D, bottom row), which
are slightly lower than in other freely swimming setups.
We concluded that our fish exhibited a natural range of
freely swimming behavior in our setup and continued to
describe more detailed fin dynamics.

Characterization of fin dynamics dur-
ing bout onset reveals Stereotyped dy-
namics

Previous studies have described fin dynamics as a se-
ries of alternating rhythmic movements started after
asymmetric first fin abduction, with the first fin to com-
plete abduction is classically defined as 'leading fin’ and
the other as 'trailing fin’ [23]. The fins are usually anti-
correlated with each other [23]. Common characteris-
tics of the leading fin included lower amplitude, higher
velocity and shorter fin beat duration [23]. However, this
description was based on a small number of observa-
tions from limited bout categories, therefore we wanted
to expand upon previously described dynamics using our
date set and a naming system of ipsilateral (same side
as first tail undulation) and contralateral (opposite side
to first tail undulation) fin (Figure 2A-B).

At first glance, ipsi-and contralateral fin show differ-
ent coordination between two modes of movement (for-
ward swims and turns) such as difference inamplitude of
first fin abduction (Figure 2C). Theleading fin’ is predom-
inantly the ipsilateral fin for turns (Figure 2D), e.g. when
the fish is turning left, the left fin initiates the movement.
For forward swims, such as Approach Swim, Slow 1and
Slow 2, fish doalso use the contralateral fin for anumber
of initiations.

Other studies already described a bias in first head
movement or tail undulation [35] as well as motor
asymetry mediated by neurons in the Posterior Tubercu-
lum [36]. Therefore we assessed if fish have a bias in
their preferred leading fin to initiate forward bouts pri-
marily as turns are more stereotyped in choice of lead-
ing fin. We calculated a laterality index based on the ratio
of left vsright fin usage (see Methods 0.0.3, Figure S5A).
We can observe that 48% of fish do not have a clear pref-
erence, while other fish above or below the quantile were
classified as having preference (quantile range: -0.13 to
0.12, Figure S5B). The leading fin preference did not bias
the bout angle in forward bouts (Figure S5C). This indi-
cates a whole circuit bias for movement initiation.

In a small fraction of bouts, we were unable to accu-
rately identify the leading fin and thus included leading
fins with less than 5 ms difference as having 'Equal’ lead-
ing fins, as described before in [23] (Figure 2D). We ob-
serve an increased fraction of 'Equal’ leading fins in es-
cape bout categories (Figure S4A) in line with previous
descriptions of e.g. 'tuck’ fin movement patterns [37]
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Figure 1: High spatial resolution acquisition of behavior of zebrafish larvae. (a) Schematic of Tracking setup as de-
tailed in Method 0.0.1, (b) Reference frame of fish (left) with sub-panel (right) of fish with annotated DeeplLab-
Cut key-points as described in 0.0.1, (c) (top) Selected frames of fish during Burst Swim(peach). (bottom) Tail
angle for a selected time window during the experiment. Background of extracted swims are shaded accord-
ing to bout category based on Megabouts [18]. Left (blue)/ right (red) Fin and Eye angle shown below for each
swim. (d) Selected frames from Burst Swim annotated with mid head and body key-points (yellow) as well
as left (blue) and right (red) fin key-points, (e) Fin angle during Burst Swim Left fin (blue) flipped for better
comparison. Timestamps of selected frames from (d) are annotated throughout the bout with dotted line, (f)
Frequency of bout categories for the entire data set (normalized).

and fin movements during escapes [24].

To further investigate the timing of the body parts dur-
ing bout onset further, we plotted the bout-triggered av-

erage of the three body parts up to 45 ms. We observed
that the timing of movement between the body parts fol-
lows a pattern (Figure 2E, top). The ipsilateral fin initiates,
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Figure 2: Characterization of fin dynamics during bout onset reveals stereotyped dynamics. (a) Example tail and fin
angles with annotated features quantified in the analysis including Fin Amplitude, time to onset of bodypart
(At), timing differences between fin and tail (At fin-tail) and duration of fin beats, (b) Schematic of fish with
annotated Ipsi-and Contralateral Fin based on Tail direction, (c) Example traces (n=500) of Ipsi-and Contralat-
eral fin plotted for forward bouts and turns with mean trace per fin, (d) Histogram of leading fin for forward
swims and turns, (e) (top) Bout triggered averages up to 45 ms, Mean with Standard Error or the Mean (SEM),
(bottom) At between Ipsi-or Contralateral Fin and tail as well as between Ipsi-and Contralateral Fin (slate-
blue), (f) Example Fins for a Forward Swim (Stow1) and a Turn (HAT), (g) (top) Fin-Fin Correlation during the
bout for example forward swim (Stow1) and example turn (HAT) as well as for all bouts. (bottom) Schematic
of fin movements during bout, (h) Correlation of Ipsi-or Contralateral Fin and Tail, (i) Fin Beat duration for
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stantaneous Fin Beat Frequency (FBF) for Ipsi-and Contralateral fins for forward swims and turns plotted as
mean line with SEM, (k) Fin Amplitudes of Ipsi-and Contralateral fin for consecutive fin oscillation cycles for
turns and forward swims.
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while contralateral fin and tail follow with a varying timing
in abduction across movement categories (Figure S4B).
The ipsi-and contralateral fin on average precedes the
tail by 12.79ms &+ 12.41 ms and by 8.00 ms & 13.12ms on
average respectively (Figure 2E, bottom). Both fins also
show a consistent difference in onset time of 4.75 ms +
13.69 ms with regards to each other.

This promoted the question how fins coordinate with
each other. We selected two example bout categories
to represent the behavior categories of forward swim-
ming (Slow 1)andturns (High Angle Turn)(Figure 2F).In
order to investigate fin-fin coordination in time, we com-
puted therolling correlation between the fins (Figure 2G).
Upon bout onset the fins are anti-correlated and move in
anti-phase up to 20 ms before switching to a correlated
moving in-phase pattern (Figure 2G). The timing of this
transition depends on bout category with forward bouts
switching earlier than turns.

The type of movement had a consistent influence on
the temporal dynamics of fins with regards to each other.
In order to examine if the type of movement also had an
influence on the temporal co-fluctuation with the tail, we
computed the correlation of ipsi-or contralateral fin with
the tail. From previous studies we know that the 'trailing
fin'/contralateral is more correlated with the tail [23]. The
contralateral fin is more correlated with the tail across
our chosen behavior categories, while the ipsilateral fin
was anti-correlated for turns and escapes but not for for-
ward swims (Figure 2H).

How do the fins go from moving in anti-phase to mov-
ing in-phase? This could be achieved in two ways. One
optionis that atemporal lag is introduced in the process.
We computed the fin beat duration for two consecutive
oscillations and found the leading fin/ipsilateral to have
a shorter fin beat duration for the first oscillation cycle
(Figure 21, Figure S4D) as has been previously observed
[23]. However this difference between fins disappears
in the subsequent oscillation cycle as the fins begin to
change from anti phase to moving in-phase. Another op-
tion is that the fins move at different frequencies. We
computed instantaneous Beat Frequencies of Tail (TBF)
and Fins (FBF). The ipsilateral fin has a higher FBF during
the first 10 ms of the bout (Figure 2J). Notably, both fins
reach their maximum beat frequency before the tail (Fig-
ure 2QG). This frequency modulation could be the driver
to switch from a synchronous pattern of oscillation to an
alternating one that co-varies with the tail before the fin
frequencies start to match over the time course of the
bout.

Another parameter that seems to be modulated is the
amplitudes of the fin movement with turns showing hav-
ing a larger first fin abduction than forward swims (Fig-
ure 2C). However, in forward movements the amplitude
for consecutive fin oscillations does not decrease to the
same degree as for turns. In both types of movement,
the contralateral fin exhibited a statistically higher am-
plitude for the first oscillation (Figure 2K), except for es-
cape bouts which follow a'tuck’ pattern [37] (Figure S4C).
Therefore fin movements are likely modulated across
a range of features according to different types of tail
movements in order to facilitate smooth and efficient
swimming.

Fin behavior can be mapped onto a low
dimensional manifold that varies along
fin features gradients

To gain a better idea as to what way fin movements
can be modulated, we embedded the them in a low di-
mensional space and examined how the dimensions co-
varied with different bout features. We calculated an
adjacency matrix based on the covariance between fin
traces as a distance metric (Figure 4A). This is then used
as a similarity matrix for spectral embedding (See meth-
ods 0.0.4).

Figure 3A shows the embedding along the three first
eigenvectors colored along the gradient of each dimen-
sion. Figure 3B show individual examples of fin move-
ments along the 3 principal dimensions. Along each of
the dimensions, a different feature is modulated, with
fins along dimension 1 changing in amplitude (Figure 3B),
fins in Dimension 3 change according to frequency (Fig-
ure 3B), while fins along dimension 2 change accord-
ing to a nonlinear time vigor dependence (Figure 3B) in
which fin movements with a high amplitude first oscil-
lation lead to a time delay in the second oscillation and
therefore subsequent oscillations.

Next, we asked what fin features describe the main
gradients of variability obtained by the spectral embed-
ding. To do so, we calculated the correlation between
the principle axes of the embedding and various features
of fin movements with a set of features such as ampli-
tude, frequencies and number of oscillations extracted
per bout (Figure 3C, Figure S6C, Table 1). As expected
from the profiles of the uniformly sampled examples,
the first dimension correlates with different features re-
lated to fin amplitude modulation, the third dimension
captures temporal aspects such us frequency and num-
ber of oscillations, while the second dimension does not
show strong correlation with with these features as it
seems to capture specific dependencies between them.
Examples of maximum amplitude (computed as average
between the two fins) for Dimension 1 and Frequency av-
erage of the two fins for Dimension 3 are shown on the
gradient in Figure 3D and Figure 3E and more examples
in Supplementary Figure S6. These features are consis-
tent with the features modulated during bout onset dy-
namics.

Next, we wanted to see if bout categories - to which
the embedding procedure is blind - can be found in this
new representation. We compared three metrics to
assess bout category stereotypy (See methods 0.0.5)
within the manifold, which were euclidean distance ei-
ther on the similarity matrix of the fins covariance, the
embedding space or the geodesic distance on the em-
bedding space (Figure 4B). Briefly, for each of these
distances, we computed the ratio between the aver-
age distances of data points from the same bout cate-
gory (inter-cluster) and distances of data points from dif-
ferent categories (intra-cluster). As the euclidean dis-
tance on the manifold had the lowest distance ratio
we continued with it. To assess the best number of
dimensions to describe we computed the distance ra-
tio for up to 10 components with the metric and found
this measure is stable after 3 components were cho-
sen (Figure 4B). This consolidates the choice of the 3
first components of the embedding as they indeed de-
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scribe the different features linked to fin movements.
We found that many bout types are represented to-
gether in the 3-dimensional fin dynamics embedding, in-
dicating that some bouts with close fin dynamics have
also similar tail dynamics (Figure 4E). Different bout cat-
egories are accompanied by more or less consistent
fin movements (see methods 0.0.4) (Figure 4D, Sup-
plementary Figure S7). Here, for each bout category
we computed the ratio between inter-cluster and intra-
cluster average distances and categorized bout cate-
gories on an axis of stereotyped to non-stereotyped.
Stereotyped movements were divided into three tiers
based on the quantiles of the data. For Stereotyped
bout types the fin dynamics are more consistent within
a bout category than with dynamics outside of the cate-
gory. These include Slowl, LLC, Spot Avoidance Turn
and Burst Swim, whereas High Angle Turn, Approach
SwimandSlow 2areless stereotyped. Thisindicatesthat
this category uses a larger variety of dynamics. Bout cat-
egories with little stereotyped fin dynamics include SLC,
Routine Turn, J TurnandO Bend.
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prediction error as these are features which are likely
modulated differently from the tail. To investigate this,
we focused on phase and power, two key characteristics
of oscillatory signals. We performed a Fast Fourier Trans-
form (FFT) and then selectively shuffled either phase or
power. Using these altered signals, we reconstructed
the time-domain signal and used it to predict fin traces.
We observed a significant decrease in prediction accu-
racy for both modifications (Figure 5C), with phase shuf-
fling affecting accuracy more than power shuffling. This
suggests that the phase and relative timing of oscillatory
waves are more critical for accurate predictions than
the overall energy concentrated at specific frequencies.
The reduction was dependent on bout category, with for-
ward categories (Approach Swim, Slowl) having a large
decrease while turns, e.g. Spot Avoidance Turns, were
less affected (Figure 5C).

We have seen previously that features are modulated
differentially between forward swims and turns. In order
to investigate this further we looked at fin features pre-
viously described in table 1 and correlated these with
the R? of each bout. Fin peak vigor, fin number of oscil-
lation and fin movement duration showed the strongest
correlation regardless of category (Figure 5D). We saw

A B

that specifically lower number of oscillations (Figure 5E)
and lower fin peak amplitude seemed to affect the pre-
diction of the network. R2-Score mostly recapitulates di-
mension 1 of the fin manifold confirming that fin dynam-
ics at the extreme end of amplitude are difficult to pre-
dict (Figure 5F). The network predicting success varies
with fins that have these features irrespective of bout
categories. However, certain bout categories might be
more affected than others due to the fact that not all cat-
egories modulate all features in the same way and the
degree of stereotypy.

Discussion

Behavior is a complex and highly dimensional output
of the nervous system. It needs to be adaptable and
flexible but stereotyped enough for easy computations.
For a simpler behavior description, reduced variability
and easier interpretability, zebrafish larvae are often sub-
jected to repeated stimuli while being restricted in their
range of movements. While this has many advantages,
some behaviors cannot be studied, especially coordina-
tion and motor pattern generation that rely on the unre-
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stricted orchestration of multiple body parts. For this an
unbiased and detailed description of natural behavior is
key, in order to understand the pattern generation of mo-
tor circuits in vivo.

Here we aimed at providing such as detailed descrip-
tion to aid future interpretability of behavioral and neural
data. For this we constructed a tracking rig to quire high
resolution data of all body parts of the fish with an au-
tomatic labeling and segmentation pipeline. We used a
comprehensive bout type classification to have asmaller
granularity of fish behavior without bias. Our embedding
was able to give shed light on the principal axes used in
movement generation of generate the rich and complex
fin dynamics. Lastly, we show that a shared underlying
network can generate both tail and fin movements, indi-
cating a strong coupling.

Improvement of Setup

We build a setup that follows a freely moving zebrafish
larvae while imaging its behavior at 200 frames per sec-
ond. This setup is akin to the setup presented in [12],
however our presented setup has a higher frame rate
(200 fps vs 60 fps) and a higher resolution enabling us
to image the fins of the fish as dynamic coordinated pro-
cesses with the tail. Previous tracking microscopy se-
tups have already shown the possibilities also integrat-
ing neuralimaging for the study of more naturalist hunter
prey interactions and navigation [10, 11]. In order to cap-
ture more fine grained temporal dynamics we can im-

prove our raw behavioral data by using larger chip cam-
eras with better frame rates and shorter exposures. To
improve the quality of the motor tracking we could use
model predictive control to allow for better recording of
long continuous behavioral sequences.

Fish behavior in their natural environment is not re-
stricted to one dimension in the horizontal plane and the
fish also performs pitch, yaw and rolls. In order to inves-
tigate the other axis of movements, the full posture of
the zebrafish should be studied in 3 dimensions. Other
setups already enable 3D trajectory and posture recon-
struction [38], but without the resolution necessary for
fin tracking. 3D posture reconstruction requires a stereo
views of the fish, which can be achieved using multiple
cameras. Some fish, e.g. Rainbow trout, form complex
fin shapes in 3D in order to initiate turning and breaking
behaviors [39]. Furthermore, fins have been shown to
play a role, specifically in lifting and diving [40, 41], mak-
ing a characterization of fin movements incomplete with-
out tracking fish in the horizontal axis.

Mapping data onto a skeletal model can help to
study the biomechanics of movement in more depth,
as already done in mice [42, 43]. Fin stiffness scales
with propulsive forces in hydrodynamics studies of the
bluegill sunfish [44]. Zebrafish larvae may not use their
fins for propulsion or turning force generation, but the
stiffness of their spine has direct implications of the
head sway during development [45]. Therefore a map-
ping to a skeletal model might help us understand the
biomechanics of movement generation better.
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Behavioral Categorization

The debate exists whether movements represent dis-
tinct behavioral categories or a smooth continuum of
all possible behaviors. There is evidence of both in
zebrafish. While some studies have shown multiple
peaks in kinematic parameters showing categorical dis-
tinctions [46-50] up to the description of categories for
for tail and saccades [21, 51, 52], other studies described
continuous variation in parameters, e.g. in prey capture
[53, 54]. These two views are compatible as a range of
intermediate movements exists in the movement land-
scapes.

Swimming speed lets us illustrate this. For forward lo-
comotion at different swimming speeds, individual half
beats lie on a continuum [55, 56], whereas at bout level
the speed underlies discrete gaits [46, 50]. While gait
differences are prominent in mice [57], Drosophila lar-
vae and C. Elegans show continuity between behavioral
states [58].

The question arises if the dynamics of the pectoral
fins can be categorized. Previous studies proposed a
categorization of fins into '‘crawl (alternating oscillations),
"tuck’ (single abduction and following tucking of fins) and
'scream’ (Munch’s scream) [37] and investigated stereo-
typed fin dynamics associated with tail movements [23,
24]. Nonetheless, we saw that fin dynamics are mod-
ulated across multiple feature based axes that make a
clear cut classification difficult, although not impossible.
We acknowledge that our data captures a limited behav-
ioral space during spontaneous swimming. To investi-
gate this question further, we would need to construct
a data set using an extensive library of stimuli as done
for tail [21]. As for now we have investigated the princi-
ple features necessary to generate rich dynamics of the
fins we see across movements.

Additionally, behavioral categorized can comprise
more than a single body part. Combined behavioral mo-
tifs that comprise multiple body parts in 2D or 3D across
multiple timescales can be seen in mice [17] and ze-
brafish [19]. In the future the investigation of the behav-
ioral space of larval zebrafish should encompass all body
parts as well as multiple contexts across timescales.

Shared Underlying Dynamics

Applying the iLQL-VAE model to predict fin dynamics
can give us potential insights on how motor commands
are shared between body parts. We have seen that the
model generalizes well with regards to fin dynamics as
has been shown before on a C. elegans data set [33].
The prediction of fin dynamics without retraining sug-
gests that latent variables underlying the generation of
tail and fin movements share similarities and similar con-
trol strategies for both types of limb dynamics. Shared
neuronal pathways that are used for overarching control,
e.g. oscillatory patterns, could be reusable between be-
haviors and adaptive behavior could emerge due to per-
turbation of the input signals. However a shared con-
trol signal should be validated by electrophysiological
recordings of both tail and fin motor neurons.

A possible caveat for the prediction and interpreta-
tion of the model is that the dimensionality of the model
was reduced based on the tail. A reduction in perfor-

mance of the model with regards to fin dynamics could
be attributed to the removal of features which are irrele-
vant to tail dynamics but important for fin dynamics. Fin
movements also may be difficult to predict due to multi-
ple reasons. First, fins do move in the horizontal as well
as the vertical axis [39]. Seconds, fins have been impli-
cated to play a role in postural control, which would re-
quire continuous control inputs rather than sparse ones.
Lastly, the small sample size we used for equally sam-
pling fins for all bout categories could lead to over fitting.
A more comprehensive analysis should be repeated with
a larger number of samples and by training different ver-
sion of the model with mixed data of fins and tail.

There is limited knowledge on how tail and fin move-
ment generating circuits are connected and controlled
on a neuronal level. Movement control inputs are send
by the Mesenphalic Locomotor Region (MLR) to spinal
projection neurons (SPNs), which are conserved in ver-
tebrates [59]. This happens via V2a neurons (chx10+) in-
ter neurons, which are necessary and sufficient for tail lo-
comotor and rhythm generation [60-62], show tonic or
phasic activity during swimming [63] and have an influ-
enceondurationand frequency [64]. Sub types of V2ain-
ter neurons control three muscle types and gait locomo-
tion speeds [65]. These could potentially link the larger
rhythm generating circuit with the fin circuit traced back
to dmrt3+ interneurons in the spinal cord [27].Previous
literature points towards that subsets of VOv and dI6
(dmrt3+) neurons receive input from V2a neurons di-
rectly in mice, where ablation of V2a neurons also altered
left right coordination at intermediate to high frequen-
cies making them a good target for shared network con-
trol [66]. However, so far no clear functional relationship
between v2a and dmrt3a+ neurons has been found in ze-
brafish [67]. Another potential connection could be both
V3 and VO neurons. V3 interneurons are implicated in
left right coordination and gait stabilization in mice [68]
and VO are possibly responsible left right coordination
and gait transitions as they are influenced by locomotion
speed [69]. In zebrafish, ablation of commissary MCoD
neurons (VOv neurons homologous) led to an increase in
head jaw displacement during slow swimming [70] mak-
ing them an interesting target to investigate for changes
in both Tail-Fin and Fin-Fin coordination in the future. A
confirmation of our prediction of a shared control net-
work requires manipulation of the circuit at different lev-
els to shed light on the overarching organization of com-
mand signals and the degree of shared information to in-
struct fins and tail.

Conclusion

We have developed a robust behavioral tracking setup
for the acquisition of high resolution behavior of ze-
brafish larvae including a pipeline for automatic labeling,
segmentation and tail based classification. We have de-
scribed stereotyped onset dynamics as well as identified
a manifold of features in which fins can be embedded to
generate all fin dynamics that we could observe. Lastly,
we have shown that similar control inputs can predict
both tail and fin movements, hinting at a shared under-
lying control. We hope this can provide insights into the
generation of coordinated movements in larval zebrafish
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and beyond.
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Materials and Methods

Experimental Model and Subject Details

All animal experiments were done under approved pro-
cedures of the Technische Universitat Minchen and
Regierung von Oberbayern. Zebrafish (Danio rerio) of TL
strain were reared as adults at 27.5-28 °C under 14/10
day light cycle in a fish facility with full recirculation of
water containing carbon-, bio-, and UV filter and 12%
water change per day. pH of water was regulated at
7.0-7.5 with a 20 g/liter buffer and conductivity at 750-
800 pS by the assistance of 100g/liter. Fish were kept
in 3.5 liter tanks in groups of 10 to 17 animals and fed
the adults twice a day with Gemma micron 300 (Skret-
ting USA) and live food (artemia salina) and fed the lar-
vae thrice a day with Sera micron Nature (Sera) and ST-
1 (Aquaschwarz). All experiments were conducted on
5-7 dpf larvae, which still did not have determined sex.
Over night, a male and a female or three males and three
females were left in breeding in Sloping Breeding Tank
or breeding tank (Tecniplast) a week before the exper-
iment. The following day, eggs were collected in the
morning, rinsed with facility water system water, and
subsequently kept in batches of 20-40 in 90 cm Petri
dishes with Danieau solution 0.3x (17.4 mM NaCl, 0.21
mM KCI, 0.12 mM MgS04, 0.18 mM Ca(N03)2, 1.5 mM
HEPES, Sigma-Aldrich reagents) until hatching and in
fish facility water thereafter. Larvae were incubated at
28,5°C and a 14/10 hour day/night cycle and the solution
changed daily. The fish were maintained on a14-10 light-
dark cycle at 28 degree Celsius in groups of 20 larvae per
50 mm petri dish in fish water until the day of the exper-
iment. Experiments were performed at room tempera-
ture (20 °C).

Method Details

0.0.1 Setup Design

We built a high-speed 3D Setup using 2 linear stages
(20 cm) and a z stage (range 7 mm) (Pl Systems, custom
build) that tracks the fish while its freely moving in the ex-
perimental arena (Figure 1A). The motor controller was
connected to a computer with the following accessories
(NI PCle-6323,NI BNC-2110, NI SHC68-68-EPM with 1
m cable). The stages were mounted upside down onto
a support structure from aluminum pillars and a bread-
board (Thorlabs). A light-weight aluminum adapter was
used to mount a camera (Ximea iQ, senor size 1280 x
1024 px) with Objective (Edmund Optics, 35 mm /1.65)
with an IR filter (Thorlabs) to the z stage. Our setup has
a pixel size of 70 px per mm. Below the stages a table
cut from Plexiglas and Thorlabs mounts was holding the
experimental arena for the fish. The experimental arena
was constructed from a Plexiglas cut bottom and a cu-
rated Sylgard cutout arena with 50 mm diameter and
1 mm height with slanted edges. A 10 x 13 cm 45 de-
gree cold mirror (Edmund Optics) allows for projection
(ASUS P3E) of stimuli from below onto a a semitranspar-
ent screen. The whole setup was put in a dark enclosure
to minimize outside influence.

Experimental designh Before the start of each exper-
iment, the fish was placed in the experimental arena with
a light background stimulus, and left to acclimatize for
5 to 10 minutes. This also included the motor tracking
the fish, which was also meant to acclimatize the fish to
the tracking procedure. Before the experiment starts,
we run a spiral search to find the fish, which initiates the
motors to follow a forward or backwards spiral adjusted
to the size of the arena. This algorithm will also be trig-
gered when the fish is lost during the experiment. For
each experiment videos of 10 minutes of spontaneous
swimming were acquired. After the completion of the
experiment the fish was removed from the experimen-
tal arena. In this paper we have analyzed 97 experiments,
containing 64 fish in total, and extracted 11063 bouts.

Fish tracking Data was acquired using Stytra [34].
Videos were acquired at 200 fps with an exposure time
of 1 ms and saved alongside motor position logs and
video timestamps. To identify the fish position in the im-
age, we threshold the image and find the area with the
highest value. For this area we calculated moments to
check for size and shape constraints. If this area fits
constraints it will be classified as eye 1 and removed
from the image for the next steps. The image is cropped
around eye 1 to speed up the algorithm. In a radius ad-
justed to pixel size (70 mm per px), the neighborhood is
searched for other areas of similar size (labeled as eye
2). The midpoint between the eye 1 and eye 2is set as
tracking target representing the fishes head. The dis-
tance from middle of frame to the tracking target is con-
verted to voltage and send to the motor controller to
keep the fish head in the center of the image. The track-
ing algorithm has a run time of 0.9 ms.
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Image annotation and Fish pose Estimation The
acquired videos were processed using DeeplLabCut [15].
The training set consisted of more than 1000 labeled
frames with 14 key points on the fish body (Figure 1B):
the anterior and posterior eye (left &right), the fish body
(above the swim bladder), 5 points along the tail starting
below the swim bladder and the fin base as well as tips
(left &right). We split our data 80/20 in test and train-
ing set. We trained for 316,000 epochs and evaluated
the performance after training based on the test loss,
test pixel error and visual inspection. The test pixel er-
ror is close to the expected error in human labeling. We
found the DeeplLabCut trained network labeling of the
eyes inaccurate, therefore we build a separate pipeline
for eye annotation. From the DeeplLabCut annotated
dataweidentified mid eye key-points and a mid head key-
point set between the former. For each identified eye
midpoint we used a flood filling algorithm to grow an re-
gion of interest (ROI). Then, we computed the image mo-
ments of the ROI to identify its principle angle and vec-
tor length. The endpoints of the vector were labeled as
anterior and posterior eye (left &right). The final eye an-
gleis calculated as the angle between the body axis vec-
tor and the line perpendicular to the eye midpoint vector.
Tail key-points were up-sampled to 10 segments.

We extract the fin and tail angles from the coordinates
obtained through the labeling of the trained neural net-
work. The Body axis vector was defined as the midpoint
of the head and the body marker. Fin angles were de-
fined as the angle between the vector from fin base to
fin tip with regards to the body axis vector. Tail angles
were computed between tail segments.

For this paper, we describe the fins as ipsilateral and
contralateral fin, depending on the side of the first tail un-
dulation, e.g. if the first tail undulation is left, the left fin
is the ipsilateral fin and the right fin the contralateral fin.

Tracking assessment We assessed the tracking
performance by looking at 4 indicators, namely the frac-
tion of tracked frames, the tracking error, the length of
tracking episodes and the mean length of spiral search
episodes. First, we quantified the number of frames the
fish was tracked per video. Tracked frames were de-
fined as frames where the body key point of the trained
network has a likelihood over 99%. Additionally, within
the subset of tracked frames we quantified the number
of tracked fin frames in which the fin markers for left
and right fin were placed with above 95% likelihood by
trained network. Second, we assessed the tracking er-
ror as a distance of the mid head key point to the mid-
dle of the image. We set the threshold at 2 mm (140 px)
as this is the distance the head can take from the center
while still preserving the full fish within the frame. We as-
sumed a circular radius for simplicity. Third, we looked at
the length of episodes and searching episodes in which
the fish was not tracked to have statistics on how well
our spiral search works.

Temporal Segmentation of Bout Epochs To
segment bouts based on tail speed as well as to clas-
sify the tail into pre defined bout categories we used
Megabouts[18]. These categories are Approach Swim,
Slowl, Slow2, Burst Swim, J Turn, High Angle Turnm,

Routine Turn, Spot Avoidance Turn, 0 Bend, Long
Latency C-Start (LLC) and Short Latency C-Start
(SLC). We dissected the data into 250 ms segments
(bouts) for further processing. Bouts longer than this
were ignored for analysis.

After extraction, we applied the following set of filter
conditions to ensure good data quality for our extracted
bouts. Firstly, we excluded bouts where the fish was
closer than 1 mm to the border to ensure the movement
was not influenced by the arena. Secondly, we ensured
labeling quality and thresholded the data based on the
DeepLabCut likelihood (above 99%) for the body marker.
Lastly, we wanted to guarantee a good tail classification
and used the Megabouts probability metric assigned to
each bout when matching each bout class. We only con-
sidered bouts that during classification had a probability
of more than 0.5. After the previous filtering steps, we
manually excluded bouts with inaccurate segmentation.
Only bouts after all these filtering steps were used for
consecutive analysis.

Fish trajectory reconstruction Since the camera
was moving with the fish, reconstruction of the trajec-
tory was done by adding difference from center in the
image for each fish position in x and y with the motor
position in x and y. For the reconstruction we first fil-
tered the position data of the motor. This was done by
excluding motor distances moved under a manually de-
fined threshold of 0.04 mm. This was done, because
the motor performs small movements occurs during the
motor settling on a specific point when the fish is static,
thereby causing artifactsinthe Reconstruction whenthe
fish is static. These artifacts are negligible when the fish
is moving.

0.0.2 Feature Extraction

Peak-Valley Decomposition Foreach bodypart (tail,
ipsilateral/contralateral fin) we extracted local maxima
and minima in the time series of angles in a bout-wise
manner. We computed the average differential of the
signal around each extrema (e.g., for a given maximum
point, we averaged the differential respective to its two
surrounding minima). A given extrema was only con-
sidered if this differential was larger than a manually-
defined threshold based on inspection of the histogram
of differentials (0.1 on the normalized angle trace). The
full and half beats were calculated as the time differ-
ence between extrema (either peak-to-peak or peak-to-
valley). The number of oscillations was calculated as the
number of peaks above the manually defined threshold.
Amplitudes of all peaks were extracted. The 'leading fin’
was assigned as the fin, whose first peak occurs earlier
intime.

Tail- and Fin-Beat Frequencies (TBF and FBF)
Tail and Fin Beat Frequencies were approximated from
the half-period of their oscillations. For every given bout,
local minima and maxima for the tail and fin angle time-
series were first identified. Instantaneous TBF and FBF
were then computed as Atz_l, At corresponding to the
elapsed time between a minimum and the following max-

imum (or viceversa). In order to avoid noise fluctuations
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resulting in large frequency estimations, local extrema
were only considered for TBF and FBF estimation if the
signal changes around them were large enough. To de-
termine this, we computed the average differential of
the signal around each extrema (e.g., for a given maxi-
mum point, we averaged the differential respective to
its two surrounding minima). A given extrema was only
considered if this differential was larger than a manually-
defined threshold (0.2 on the normalized angle trace).

Rolling correlations Rolling correlations between
the two fin traces were computed by calculating the pair-
wise correlation of the two series using a 50 ms rolling
window. A minimum of two time points was allowed for
computation during initial and final segments of the time
series, so that correlation estimations during the first
and last 50 ms involve less time points.

0.0.3 AQuantification and Statistical analysis

Laterality index computations The laterality index
per fish was defined as follows:

nr, —NRr

~ i)

Thiswill give aresult between-1and1. A positive value
indicates that the fish has a bias towards leading more
often with its left fin, a negative value means that the fish
has a bias towards leading more often with its right fin. A
result of O would indicate that the fish leads just as often
with its left fin as its right fin.

0.0.4 Embedding and fin features mapping

To understand the distribution of fin movements we pro-
jected the fin traces into a lower dimensional space . A
technique thatinsures preserving local distances is spec-
tral embedding based on Laplacian Eigenmaps. We de-
fined covariance between fin traces as a distance metric
between fin movements. This allowed us to measure si-
multaneously temporal matching and vigor differences
between fin traces as reported by amplitudes. The dis-
tances calculated from the covariance are constructed
such that bouts with highly dependent fin traces are
close to each other. The resulting adjacency matrix (Fig-
ure 3A) is then used then as a similarity matrix for spec-
tral embedding. This embedding was intended to pro-
duce a low dimensional representation in which bouts
with similar fin dynamics are also close in the new re-
duced space. The first step of the algorithm is to con-
struct a weighted graph defined by its square N x N sym-
metric weighted affinity matrix W : {wy;}, with N num-
ber of bouts in the dataset. Here we considered a fully
connected graph; i.e., the matrix W is non-zero except
on the diagonal, that is the graph does not contain any
self-loops. We defined the weight between two nodes
as:

Wij = ‘Cov(f;psh ljp51)| + ‘Cov(fgonta fgont|)7 (2)

where f},.; and fi,., are respectively the ipsilateral
and contralateral fin traces from bout b;. Therefore,

in this representation each bout is defined by an M-
dimensional vector is the sum of timepoints in ffpsi and
fipsi- The purpose of the embedding is to have instead
a low-dimensional representation in which each bout is
defined by a k-dimensional vector ¢; with & < M such
as the weighted distances in the new representation are
minimized:

min Y wijllei — ]2, 3)

2,3

with ¢ = (c1,¢2,--- ,en)T. It turns out that the minimiza-
tion problem in (3) is equivalent to minimizing Tr(cTLc),
where Tr is the trace norm and L is the graph Laplacian
matrix. Finally, the new representation c are called eigen-
maps and are simply given by the eigenvectors corre-
sponding to the k smallest non-zero eigenvalues [71].

0.0.5 Measures of stereotypy

In order to evaluate the stereotypy of bout categories
along the fin dynamics, we used a ratio between inter-
cluser and intra-cluster distances within a given rep-
resentation of these dynamics. More precisely, one
chooses first a given distance d between two fin traces
1 and j. The distances that we used are the covariance
distance:

de(i, 3) = 1 — wij, 4

with {ws;} as in equation (2). The euclidean distance
along the embedding that was defined as:

de(’L‘,j):HCl’—C]'HQ, (5)

with ¢; and ¢; are the low dimensional representation
vectors defined in (3). Finally, the geodesic distance
along the embedding:

dy (i, j) = shortest_pathg[ci, ¢j], (6)

the shortest path between points ¢; and ¢; on a graph
G that we defined by taking the closest 4 nodes to each
data point.

Once a distance is chosen, the distance ration for a
given bout category b is given as:

[ 5.009)
Ry = Yk (@)

<Zd@ﬁ>
i€b

j¢b
where the sign (.) means average over the number of
pairs in the sum. This ratio was used to define sterotypy
per bout category. Finally, the overall distance ratio that
was used to evaluate the difference distance metrics is
the ratio R = (Ry): the average of the ratio defined in
equation (7) over all the bout categories.

Feature Correlation with Principal Axes The fea-
tures from Table 1 were computed bout-wise based on
0.0.2 and used to correlate the principal axes of the em-
bedding. Here correlation values were computed be-
tween each feature vector x; and low-dimensional rep-
resentation v;.
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Table 1: Feature Descriptions

Feature Name

Description

ipsi_n_oscillation

Number of oscillations on the ipsilateral side

contra_n_oscillation

Number of oscillations on the contralateral side

ipsi_frequency

Frequency of oscillations on the ipsilateral side

contra_frequency

Frequency of oscillations on the contralateral side

ipsi_max_amplitude

Maximum amplitude on the ipsilateral side

contra_max_amplitude

Maximum amplitude on the contralateral side

ipsi_fin_duration

Fin duration on the ipsilateral side

contra_fin_duration

Fin duration on the contralateral side

ipsi_amp_1 Amplitude of the first peak on the ipsilateral side
contra_amp_1 Amplitude of the first peak on the contralateral side
ipsi_amp_2 Amplitude of the second peak on the ipsilateral side

contra_amp_2

Amplitude of the second peak on the contralateral side

ipsi_amp_diff_peaks

Amplitude difference between first and second peak on
the ipsilateral side

contra_amp_diff_peaks

Amplitude difference between first and second peak on
the contralateral side

ipsi_t_diff_peak_1

Time difference between the first and second peak on
the ipsilateral side

contra_t_diff_peak_1

Time difference between the first and second peak on
the contralateral side

ipsi_t_diff_peak_2

Time difference between the second peak and third
on the ipsilateral side

contra_t_diff_peak_2

Time difference between the second peak and third on

the contralateral side
Correlation between ipsilateral and contralateral fin time series

ispi_contra_correlation

Traces sampled in embedded space Foreachaxis,
indices of bouts were sorted separately according to
their value for each axis in the embedding. The sorted
space was then split into 5 chunks for visualization pur-
poses. Along each dimension the mean of all bouts in
that chunk was plotted with standard deviation. This
happened for ipsilateral and contralateral fin.

0.0.6 Model

To investigate if fin dynamics can be generated from the
same latent network as the tail dynamics, we utilized
a previously tail-only trained recurrent neural network
(RNN) model published [33]. This model was originally
developed to encapsulate the latent space dynamics of
tail movements. We extracted latent variables from the
pre-trained model and trained a Ridge Regression Model
to find the best translation to fins with a 80-20 train-test
split. For all these steps we used an equally sampled data
set based on bout category (n=200). We assessed the
prediction error (R?) using sequence-to-sequence linear
regression to evaluate prediction accuracy across dif-
ferent fin movement categories. As a control we trans-
formed the fins into Fourier space and then shuffled ei-
ther the phase or the power spectrum (n=1000 shuffles).
We then applied an inverse Fourier transform and as-
sessed the prediction accuracy using the mean R? for
the ground truth fins per bout category and the shuffled
controls respectively. Pearson correlation of R? and fea-
tures from Table 1 was performed to assess which fin
variables influence the prediction accuracy.

0.0.7 Data and Software Availability

Code for data Processing and figure generation can be
found here. Sample and data is available upon request.
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Figure S1: Assessment of Tracking Performance.(a) Four Example trajectories from experiment, (b) Example frame
with the mid head position throughout the experiment overlaid in gray for the experiment, red circle denotes
threshold for evaluating the pixel error, (c) Tracking error per bout for all bouts with threshold as red line, (d)
Tracking error by bout categories with threshold as red line, (e) Fraction of tracked frames in percent, (f)
Fraction of tracked fin frames in percent. This is a sub sample of tracked frames, (h) Duration of tracking
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Example of a Routine Turn. Description follows (a). (c) Example of a High Angle Turn. Description follows

(a).

Page 20 of 24



A Forward swims Turns Escapes B Forward Swims Turns Escapes

1.0 1.5 1 7 b
c T 1.0 A T T
o I /\
Lé 0.5 P
= 2 0.5 . -
<
_/\
0.0 | T T | 0.0 9~ 1 T
5 E = s e = & E = 1 1 1 I T 1 T 1 1 1 1 1
g £ 3 s 2 2 a8 £ 2 0O 15 30 45 0 15 30 45 0 15 30 45
g v g v g 4 time [ms]
Leading fin — tail Ipsilateral fin Contralateral fin
C Forward Swims Turns Escapes D Forward Swims Turns Escapes
S
= 0.95 - lpst 4= 4= B %07 i i
o Contra v}
© a
—_ = o
P o
S 0.85 - kK 1= -1 I 400 T 1 T 1 T 1
2 "
£ ook -
=3 o
€ = S 50 o . .
< 0.75 . = - s
c = = ‘S
iZ = _= = = 2
I = 5
0.65 T T T T T T = (Sj 0 1 1 1 1 1 1
1 2 3 1 2 3 1 2 3 0 50 100 0 50 100 0 50 100
Oscillation Cycle Fin Beat Duration [ms]

Figure S4: Movement onsets across movement categories. (a) Leading fin by movement categories, (b) Bout trig-
gered average split by movement category. Mean traces with standard deviation plotted, (c) Amplitude of
first fin abduction for ipsilateral and contralateral fin split by movement categories, (d) Fin Beat Duration
across movement categories.
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FinBias. (a) Ratio of fin usage (left (blue), right (red)) for forward swims for all fish. Biased Fish are annotated

Figure S5

by ID color in either Left Preference (dark blue) or Right Preference (dark red), (b) Laterality score for all fish.
Quantiles to classify fish as biased are plotted as dotted lines, (c) Delta Bout Angles for classified left or right

biased fish for forward bout categories Approach Swim, Slow 1, Slow 2.
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Figure S6: Embedding colored by Fin Features. (a) Heatmap of normalized features per bout category from Table 1,
(b) Embedding colored by features from Table 1.
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Figure S7: Stereotyped Fin Movements. (a)Embedding along the three first eigenvectors colored by bout category
and ordered by stereotypy ratio value.
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