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SUMMARY
During goal-directed behavior, animals select actions from a diverse repertoire of movements. Accurately
quantifying this complex and high-dimensional repertoire is essential to uncovering the underlying rules
that guide the behavior. Here, we developed a low-dimensional mathematical model that accurately repro-
duces the complete and continuous repertoire of hunting larval zebrafish. We show that fish position and
change in heading angle following a movement are coupled, such that the choice of one of them limits the
other. This repertoire structure uncovered fundamental principles of movements, showing that fish rotate
around an identified rotation point and then move forward or backward. Moreover, it identified a new guiding
rule of the hunt: fish turn to face the prey in each movement and then move forward or backward. These re-
sults present the first low-dimensional and continuous description of movements repertoire, uncover guiding
behavioral rules, and offer insights into the underlying motor control.
INTRODUCTION

Natural goal-directed behavior involves executing a sequence of

actions to achieve a specific goal. By acting, the animal progres-

sively improves its relation to the goal until it has been achieved.

The actions available to the animal constitute its behavioral

repertoire. The behavioral algorithm, or the rules the animals

follow to interact with the goal, determines which action is

selected from this repertoire given the goal. To uncover the

behavioral algorithm implemented by the animal, it is crucial to

thoroughly characterize the range of possible actions available

to the animal.

Actions are often studied from two complementary perspec-

tives: (1) quantifying the dynamics of recorded motor move-

ments, i.e., movement dynamics of the paws, wings, limbs, or

tail,1–6 and (2) quantifying the outcome of each movement, i.e.,

the impact of a movement on the state of the animal in the

world.2 While movement dynamics are often high-dimensional

and complex, their outcomes are usually lower-dimensional

and easier to study.7,8 Therefore, outcomes are more amenable

to being captured using a straightforward mathematical rule.

This mathematical description can account for the available

repertoire of the animal and form the basis for unraveling its

behavioral algorithm.

The natural larval zebrafish hunting behavior is a powerful

model for studying the behavioral repertoire and the underlying

behavioral algorithm. A hunting event proceeds via a sequence

of discrete movements, thus single movements are easily
iScience 28, 112213, A
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segmented. With each movement, larvae refine prey localization

in their visual field until they capture the prey.8–13 Understanding

the behavioral rule that larvae use to achieve this refinement has

been the focus of several works.7,8,13–16 While it is clear that the

animal aims to capture the prey and closely interacts with it, our

ability to predict the fish selection of position and orientation in

each action is still limited.

Most approaches to studying fish movements have focused

on tail movements,4,9,10,14–22 although fins and jaw move-

ments have also been studied.14,17,23–25 These tail movements

form a high-dimensional continuum in the tail features space.

Therefore, movements were clustered into several discrete

types.4,14,16,18 These techniques have provided insights into

the possible types of movements, the available repertoire,

and the process of chaining movements from different

clusters.4,14,16,18 However, determining where the fish is in

space (position and orientation) following a movement of a

particular type is currently impossible. As a result, our under-

standing of the behavioral algorithm as reflected by the pre-

diction of a specific movement selection during the hunt re-

mains limited.

An alternative to describing the behavioral repertoire entails

studying it from an outcome perspective.7,8,26 Rather than

focusing on the movement of the tail, eyes, fins, and jaw, all of

which contribute to the change in position and orientation, this

approach focuses on the possible positions and orientations

the fish can achieve after a single movement. Therefore, it pro-

vides a continuous and low-dimensional description of the
pril 18, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
NC license (http://creativecommons.org/licenses/by-nc/4.0/).
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repertoire. The possible combinations of position and orientation

parameters define the repertoire of all possible outcomes. How-

ever, so far outcome parameters have been studied as indepen-

dent parameters.7,8,26 Therefore, a comprehensive understand-

ing of these parameters, their relation, and the repertoire of

outcomes they form are still missing. For instance, for a given

change in heading angle—a well-known outcome parameter

with an identified neural correlate27—it is unclear where in space

the fish can be positioned.

The dimensionality of the behavioral repertoire is crucial to un-

derstanding the repertoire itself,28,29 the process of action selec-

tion, and the underlying visuomotor transformation. Recently,

hindbrain neural activity related to eyes and tail movements in

response to a rotating striped pattern was found to be two-

dimensional.30 While this suggests that the repertoire of move-

ments elicited can potentially be low-dimensional, it remains

unclear whether this finding can be extended to the complete

natural repertoire. Measuring the dimensionality of the move-

ment repertoire in natural settings is challenging due to the

high-dimensionality of tail movements.4,14,18 While focusing on

outcomes offers the potential to quantify the repertoire in a

more simplified, low-dimensional manner, this approach has re-

mained unexplored.

A complete and closed mathematical description of the reper-

toire can aid in uncovering the underlying behavioral algorithm

that fish implement to capture the prey. When interacting with

the prey, larvae were reported to turn at an angle that is about

40%–60% of the prey angle in each movement.7,8 While this

rule defines the change in orientation, fish position can vary for

a given change in orientation. Therefore, for a given prey angle

and a respective (60%) change in fish orientation,7,8 some fish

positions will be better than others with respect to the prey.

This suggests that orientation selection by the fish may impact

position selection. Therefore, understanding the relationship be-

tween the change in orientation and position following a move-

ment is crucial to understanding the behavioral algorithm em-

ployed by hunting larvae.

Here, we show that three variables are essential to fully

describe the position and orientation of the fish following a

movement. We provide a mathematical model that accurately

produces the entire outcome repertoire and uncovers the rela-

tion between outcome parameters in natural hunting behavior

settings. We show that fish position following a given move-

ment predicts the associated change in heading angle. In addi-

tion, we demonstrate that a given change in heading angle dic-

tates a limited set of possible positions. This coupling between

position and orientation suggests that outcomes are two-

dimensional. By linking outcomes to movements, we show

that fish rotate around an identified rotation point and then

move forward or backward along a straight line. This nature

of movements creates the coupling between orientation and

position. Based on the uncovered repertoire, we show that for

most hunting movements, fish close the entire angle to the

prey when this prey angle is measured relative to the uncovered

rotation point. We therefore suggest a new explanation for how

fish select a change in heading angle, proposing that they aim

to face their prey, which enables the independent selections

of orientation and position.
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RESULTS

Bout azimuthal angle is crucial to describe fish position
and orientation following a movement
To uncover the behavioral repertoire available to the larval zebra-

fish during hunting, we recorded natural hunting behavior for

15 min (18 fish, 5–7 days post fertilization) using a high-speed

camera31 (See Methods). We utilized our custom-developed

tracking system and extracted various features from each frame

(See Methods). This included the contours of the fish, eyes,

heading direction, swim bladder, and tail midline, as well as fea-

tures related to the prey in the dish, such as their positions, tra-

jectories, and identification of the target prey during each hunt-

ing event (Figure 1A; Figure S1A, Supplementary Movie1,

Movie2). In addition, the discrete nature of larval zebrafishmove-

ment32 enabled the segmentation of individual movements along

the hunting event (See Methods). The tracking system extracted

4006 movements across 939 detected hunting events (See

Methods).

Every bout of movement recruited coordinated tail, fins, eyes,

and occasionally jaw movements (Figure 1A). Despite the

complexity of these movements, each movement resulted in a

specific simple change in the position and orientation of the

fish in space.We termed this change as themovement outcome.

We quantified movement outcomes using three parameters in

polar coordinates: the change in heading angle (Dqhead), the dis-

tance traveled (d), and the azimuthal angle (faz), defined by the

angle between the pre-bout heading direction and the move-

ment direction (Figure 1B) (See Methods). The pair d and faz

describe fish position following a movement (Figure 1C), and

Dqhead accounts for the change in orientation relative to the

pre-bout heading angle (Figure 1D). Since the environment in

this experiment is approximately two-dimensional (the chamber

is 25 mm deep and was imaged from the top), using these three

parameters (d, faz, and Dqhead) we can fully reconstruct move-

ment outcomes (position and orientation of the fish) following

any given movement.

These three parameters were previously studied both in the

context of movement characterization and in relation to prey

features.7,8,26 Since movement distance (d) and the change

in heading angle (Dqhead) were the most frequently studied pa-

rameters,8,26 we asked whether we could reconstruct the full

outcome of any movement using these two parameters.

More specifically, we sought to determine whether we could

resolve the exact position and orientation of the fish following

any movement using bout distance and the change in heading

angle. We found that following movements of a similar change

in heading angle and distance, fish can be positioned in

different positions in space due to distinct changes in

azimuthal angle (Figures 1E and 1F, Video S3). Therefore,

the azimuthal angle is crucial for accurately reconstructing

movement outcomes.

This azimuthal angle differs from the change in heading angle

(Figure 1G), and different combinations of these angles lead to

qualitatively distinct outcomes. For instance, forward move-

ments are characterized by no change in fish orientation and

movement in the pre-bout heading direction, such that the

change in heading angle and the azimuthal angle are near zero
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Figure 1. Bout outcomes are defined by

three parameters

(A) A set of six frames from a single fish movement

during a hunting event. The coordinated move-

ments of the tail, fins and eyes lead to a specific

change in position and orientation (an outcome).

Fish contour, head direction, fitted eye ellipses,

swim bladder, tail midline, and tail tip were tracked

and indicated on the frames. All prey items were

detected and tracked, and two such prey items

are indicated on the frames.

(B) A bout outcome is described by three parame-

ters: bout distance (d, blue line), the change in

heading direction following the bout (Dqhead, orange

angle), and azimuthal angle (faz, green angle). In all

panels throughout the figure pre- andpost-bout fish

poses (fishorientation andposition) are indicatedby

abrightandadarkgrayfishheads respectively.Pre-

and post-bout heading directions are marked with

dashed and solid arrows, respectively.

(C) Left: example fish poses following a bout of a

fixed distance (d) and varying changes in heading

angle (Dqhead ) and azimuthal angles (faz). Post-

bout poses are positioned on the perimeter of a

circle. Distance throughout the paper is measured

in mm. Right: example fish poses following a bout

of a fixed azimuthal angle (faz) with different dis-

tances (d) and different changes in heading angle

(Dqhead ). Post-bout poses are positioned on the

green dashed line which determines a particular

azimuthal angle (green angles). Azimuthal angle

throughout the paper is measured in degrees.

(D) Example fish poses following a bout of a fixed

change in heading angle (Dqhead ) with different

bout distances (d) and azimuthal angles (faz ). The

change in heading angle throughout the paper is

measured in degrees.

(E) Two example bouts (top and bottom) with pre-

bout and post-bout poses marked by the blue and

red contours, respectively. Both bouts were of

similar changes in heading angle and distance.

However, the fish moved forward in the top

example and backward in the bottom example as

captured by the different azimuthal angles.

(F) A schematic of the two example bouts showing

that despite similar changes in heading angle and

bout distance, fish can be placed in different po-

sitions in space due to the different bout azimuthal

angles.

(G) The relation between the change in heading angle and the azimuthal angle for all bouts in our dataset shows that these angles can have different values

relative to one another. Three example combinations of these two angles marked in three purple boxes represent forward (1), backward (2) and escape (3) bouts.

Actual movements representing the three examples are shown in Video S4.
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(Figure 1Gi, Video S4). Backward movements are characterized

by no change in fish orientation with the fish moving in the oppo-

site direction of the heading direction. Therefore, the change in

heading angle is near zero and the azimuthal angle is close to

180� (Figure 1Gii, Video S4). In large turn movements, which oc-

casionally occur at the end of the hunting event (47% of hunting

events), fish orient and move away from their original heading di-

rection, resulting in both angles being near 180� (Figure 1Giii,

Video S4). Together, the azimuthal angle contains information

not captured by the change in heading angle and distance, mak-

ing it essential for fully reconstructing the outcome of a given

movement.
A change in fish position dictates a particular change in
heading angle
While the change in heading angle, the azimuthal angle, and the

distance traveled following a movement were studied as inde-

pendent variables,7,8 they are a consequence of a single fish

movement. Therefore, their relation is crucial to uncovering the

repertoire of possible outcomes. To uncover the relation be-

tween the three parameters, we aligned detected bouts during

all hunting events according to the pre-bout pose (Figure 2A,

middle black dot for position and dashed black arrow for orien-

tation). We then examined all possible bout outcomes relative

to this pre-bout pose (Figure 2A, dots represent the different
iScience 28, 112213, April 18, 2025 3
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Figure 2. A simple mathematical model

captures the repertoire of bout outcomes

(A) The measured repertoire of bout outcomes.

Pre-bout positions and orientations were aligned

such that they are indicated by the black dot and

the dashed black arrow respectively. The

outcome of each bout is represented by a colored

dot and arrow. The dots represent the post-bout

position (determined by bout distance and

azimuthal angle relative to the pre-bout position

and heading direction), and the direction of arrows

represents the change in heading angle. Arrows

and dots are colored according to the change in

heading angle, showing that neighboring post-

bout positions (close-by dots) share a similar

change in heading angle. The absolute change in

heading angle is colored on a log scale. The scale

bar indicates 1 mm.

(B) A representation of the outcome repertoire.

Each movement is represented by a single dot

specifying the post-bout position (by faz and d).

The dots are colored by the change in heading

angle. Colors scheme is similar to Figure 2A. For a

specific change in heading angle (a specific color),

there is a limited set of positions defined by the

pair azimuth and distance.

(C) Top: a mathematical model of the outcome

repertoire uncovers the relation between position

and orientation parameters. Fish positions following movements of a similar change in heading angle, indicated by the same color, are aligned along a single

straight line. Lines representing different changes in heading angle converge at a single point, positioned at a distance yrot behind themidpoint between the eyes.

The scale bar Indicates 1 mm. Bottom: the change in heading angle is calculated from the positional parameters using trigonometric relations (See Figure S2A for

more details).

(D) The model prediction of change in heading angle given the positional parameters reconstructs the empiric relations between position and orientation

(compare to panel 2B). Error quantification of the model and a 3D structure of the repertoire are shown in Figures S2B-S2D and Video S5.
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positions, colored arrows represent the change in heading

angle). While fish moved to a range of positions (represented

by the dots and defined by faz and d), neighboring fish positions

(nearby dots) showed a similar change in heading angle (similar

colors), suggesting a correlation between the change in position

and the change in heading angle. This correlation indicated that

not all outcomes (or combinations of the three parameters) are

possible following a movement.

The relation between the positional parameters (d, faz) and the

change in heading angle (Dqhead) can be further observed when

outcomes are presented according to their positional parame-

ters (d, faz) and colored according to the change in heading

angle (Figure 2B). This visualization emphasizes that for a given

change in heading angle (a particular color), larvae have a limited

set of positional options defined by the pair distance and

azimuthal angle. This further suggests that the positional param-

eters (d, faz) can potentially reconstruct the full outcome, as the

change in heading angle may be derived from the change in

position.

To quantitatively capture the relation between fish position and

change in heading angle following a movement, we used two ob-

servations from the repertoire of possible outcomes following a

bout (shown in Figure 2A). The first observation suggests that all

possible positions of the fish for a given change in heading angle

may align along a single linear line (this linear line is observed for

small changes in heading angle and is lessprominent for larger an-

gles due to the logarithmic color scale). Thus, every change in
4 iScience 28, 112213, April 18, 2025
heading angle establishes a different linear line of possible posi-

tions. The second observation suggests that the extrapolations

of these linear lines meet at a single point. This point was found

behind the midpoint between the eyes at a distance which we

termed yrot (Figure 2C). Based on these observations, we identi-

fied a model with a single free parameter (yrot) that fits all out-

comes in our data (Figure 2C, bottom; Figure S2A). The fitting pro-

cess, which was applied to all fish together, yielded a value of

yrot = 1± 0:03mm (SeeMethods). Thismodel thus offers a closed

mathematical relation that predicts the change in heading angle

given the post-bout position of any movement.

The model accurately reconstructed the repertoire of

measured outcomes (Figure 2D, compared to Figure 2B). Specif-

ically, for each post-bout position, the model was able to accu-

rately predict the change in heading angle with a prediction error

of less than 4� in 76% of the bouts (Figure S2B). Additionally, for

a given change in heading angle, the model predicted a set of

post-bout positions arranged along a linear line. Empiric post-

bout positions, for any change in heading angle, were placed

up to 0.2 mm from the predicted lines in 91% of the bouts (Fig-

ure S2C). Together, the model captures the relation between po-

sitional parameters (d, faz) and the change in heading angle

(Dqhead). It demonstrates that the change in heading angle can

be accurately derived from the positional parameters. Further-

more, it shows that the change in heading angle determines a

set of possible fish positions aligned along a specific linear line

that we can accurately define.
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Our model uncovered that all possible outcomes lie within a

2D manifold in the 3D outcome parameter space (Figure S2D,

Video S5). More specifically, the theoretical relation between

the parameters (Figure 2C) suggested that all outcomes were

determined by two parameters: distance and azimuthal angle.

Interestingly, this relation also indicated that other combinations

of two parameters (distance and change in heading angle or

change in heading angle and azimuthal angle) would be insuffi-

cient to reconstruct the outcomes of all movements (as shown

in Figure S3). We quantified how well we can reconstruct the

full outcome using the other two parameters in our data. The

change in heading angle and distance could not resolve a unique

azimuthal angle for 16% of the bouts (Figure S3E), while the

change in heading angle and azimuthal angle could not resolve

a unique distance for 13% of the bouts (Figure S3F). Therefore,

outcomes are fully and uniquely described using the positional

parameters (faz and d), while other pairs of parameters can

only partially capture the full repertoire.

The outcome repertoire reveals principles of
movements
Next, we aimed to interpret the uncovered repertoire in terms of

movements. The model relied on the point at a distance yrot
behind the eyes, where all lines representing different changes

in heading angle met. We assumed that this point was the rota-

tion point of the fish. Under this assumption, movements can be

conceptualized as the fish rotating around this rotation point and

then moving forward or backward along a line determined by the

change in heading angle (Figure 3A). We asked whether the

actual movement of the fish would agree with this interpretation.

We collected bouts of different changes in heading angle and

examined the trajectories of the midpoint between the eyes

along the time course of the movement. The rotation of the fish

around the rotation point was manifested by the trajectory of

the point between the eyes drawing circular arcs centered at

yrot, with longer arcs for larger changes in heading angle (Fig-

ure 3B). Each arc terminated on the linear line predicted by the

change in heading angle. Therefore, the circular phase of the tra-

jectory confirmed that the larvae rotate around the hypothesized

rotation point.

Additionally, the model suggested that after rotating larvae

move forward or backward along the predicted linear line

defined by the change in heading angle. We collected all bouts

in the dataset with a particular change in heading angle (40� ±
3, n = 92), and examined the trajectory of the point between

the eyes along the time course of the movement as well as the

outcome of these bouts. For this change in heading angle,

84% of post-bout positions were aligned along the predicted

line with an error smaller than 0.2 mm, showing fish moving for-

ward or backward after the rotation on the same predicted line

(Figure 3C). This movement implementation was robust across

other changes in heading angle (Figure S2E). Together, move-

ments are thus composed of two components: a rotation around

a rotation point, and a movement forward or backward along a

linear line defined by both the change in heading angle and the

rotation point.

We then examined the position of the rotation point along the

fish body axis. We assumed that the rotation point would be
consistent in terms of its relative position for fish of different

sizes. Therefore, we expected yrot to increase with fish length.

Since the variance in fish length in our dataset was rather low

due to the narrow range of fish ages (5–7 dpf), we added to the

dataset 13 older fish (14–15 dpf). The model fit the outcomes

of these 14–15 dpf fish with similar performance to that for the

5–7 dpf fish (Figure S4). To identify the position of the rotation

point on the body axis, we applied the model separately for

each fish, extracting yrot for each of our 31 fish (See Methods).

The distance from the midpoint between the eyes to the rotation

point (yrot ) increased with fish length (Figure 3D). The rotation

point was positioned at the bottom edge of the swim bladder

across fish lengths (Figure 3E), suggesting that its relative posi-

tion is preserved across individuals.

The outcome repertoire explains the change in heading
angle given a prey angle
Next, we used these insights into the repertoire of movement

outcomes and their corresponding movement implementations

to explain how fish interact with their prey. In particular, we

sought to determine the guiding rule by which fish select the

change in their heading angle for a given prey. To generate a

robust dataset to study the interaction with the prey during the

hunt, we collected all hunting events that were successfully

completed, ensuring the identity of the target was unambiguous.

In these events, we selected bouts for which we had access to

the pre- and post-bout prey angles (1248 bouts in 300 events).

The prey angle is usually measured relative to the point on the

head which is the midpoint between the eyes (qheadprey )
7,8,26 and

this prey angle is considered to elicit a particular change in fish

heading angle (Dqhead) (Figure 4A). Specifically, the relation be-

tween this prey angle and the change in fish heading angle

was 0.58 ± 0.02 (Figure 4B), in agreement with previous re-

ports.7,8 This suggests that fish do not fully close the angle to

the prey with each movement, but reduce the angle to the prey

by 60%. However, on examining the relation between this prey

angle before and after eachmovement during the hunt, we found

that fish maintain their prey angle within the ± 20� range

throughout the hunting event (Figure 4C). This indicates that

the fish orient themselves exactly toward the prey, rather than

closing only 60% of the prey angle.

To address this inconsistency we first computed the prey

angle relative to the uncovered rotation point qrotprey rather than

the point on the head (Figure 4D). The change in heading angle

remained identical irrespective of the reference point (midpoint

between the eyes or the rotation point) utilized for the measure-

ment (Figure 4D). We then examined the relation between this

prey angle and the selected change in the heading angle for

each bout (Figure 4E). The overall relation was measured at

0.87 ± 0.03 (Figure S4A) but primarily clustered into two regimes.

For 90%of prey angles, ranging from�20� to 20� (Figure 4F), the
relation between prey angle and the change in heading angle

was 0.97 ± 0.05 (Figure 4G). For 10% of prey angles, the relation

of the change in heading angle was smaller and on average

reached 0.84 ± 0.04 (Figure 4H). These results suggest that for

most bouts during the hunting event, fish rotate around their

axis to fully close the prey angle, aiming to place the prey in front

of them.
iScience 28, 112213, April 18, 2025 5
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Figure 3. The repertoire of movement outcomes uncovered principles of movement trajectories

(A) A possible interpretation of the modeled repertoire. The movement has two main phases, including rotation and movement forward or backward. In the first

phase, fish rotate (Dqhead ) around a rotation point found at a distance yrot behind the midpoint between the eyes. The rotation specifies a line of possible positions

(orange line). In the second phase, fish move a distance d0 along the line specified by the rotation angle (orange line). This results in a set of possible fish positions

along a certain line defined by a specific change in heading angle.

(B) The trajectory of the midpoint between the eyes along the time course of 12 example bouts (colored according to their change in heading angle). Post-bout

position and orientation are marked by black dots and arrows, respectively. The trajectory of the midpoint between the eyes forms a circular arc, with its length

determined by the change in heading angle. These arcs matched the interpretation of rotation around yrot . The theoretical lines, representing the optional po-

sitions for each selected change in heading angle, are colored according to the change in heading angle.

(C) The trajectory of the midpoint between the eyes along the time course of bouts with a similar change in heading angle (40 ± 3�, 92 trajectories). Trajectories of

different fish are indicated in different colors. Post-bout position and orientation are marked by black dots and arrows, respectively. Bouts of similar changes in

heading angle show similar trajectories in the first phase of the movement (similar arcs). These bouts are completed with different distance traveled along the

theoretical line (orange line) defined by the change in heading angle.

(D) The rotation point moves with the increase in body size. Two bigger black dots represent the two example fish shown in E. Data are represented asmean ±SD.

(E) Example two fish (7 and 15 dpf fish represented by the two bigger dots in panel 3D), showing that the rotation point is positioned at the bottomedge of the swim

bladder regardless of the size of the fish. All scale bars represent 1 mm.
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Together, by examining the behavior with respect to the un-

covered rotation point, we provide a substantially different ac-

count of the larval hunting behavior. If fish close 60% of the

prey angle but are free to select different positions along the

linear line, there is a wide range of possible post-bout prey an-

gles. Therefore, to place the target in front of them, larvae are

limited to certain positions, thus coupling the selection of orien-

tation and position. We thus suggest an alternative account: the

fish first close the entire angle to their target, placing their prey in

front of them. Following this rotation, fish move forward or back-

ward while maintaining the same close-to-zero prey angle for all

positions along the linear line. Therefore the selection of distance

is decoupled from the change in heading angle (Figure S5F). On

average, the observed 60% change in heading angle can be
6 iScience 28, 112213, April 18, 2025
geometrically explained by the relation between the prey angle

with respect to themidpoint between the eyes and the prey angle

with respect to the rotation point (as shown on our data

Figure S5E).

The change in heading angle for a given prey is
dependent on prey distance
The relation between the prey angle (with respect to the rotation

point) and the change in heading angle revealed that in most

cases fish close the entire angle to their target prey. However,

for a small subset of cases, the change in heading angle was

on average smaller than the entire prey angle. We thus sought

to determine what prey features can potentially drive a smaller

change in heading angle. More particularly, we asked whether
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Figure 4. The change in heading angle matches the prey angle

(A) A schematic of the interaction of the fish with the prey. Pre-bout head position is marked in bright gray head, with a dot representing fish position and a dashed

arrow representing pre-bout heading direction. The prey angle qheadprey is measured relative to the pre-bout position. The reactive post-bout outcome is marked in

dark gray fish head, with a black dot and an arrow for position and change in heading angle, respectively. The dashed arrow represents the pre-bout heading

angle. Note that for another prey with the same prey angle (i.e., on a different position along the dashed line), the fish will still be positioned on the orange line.

Therefore, if fish rotate in 60% of the prey angle, they may not face the prey following the movement.

(B) The relation between the change in heading angle and the prey angle qheadprey when measured relative to the midpoint between the eyes is characterized by a

slope of 0.58. This suggests that the change in heading angle is 58% of the prey angle.

(C) Prey angles before and after movements show that in the majority of cases, the post-bout prey angle remained in the ± 20� range, as indicated by the dashed

lines. The relation between the pre- and post-bout prey angle showed a slope of 0.17 (R = 0:1;pvalue < 1e� 22).

(D) A schematic of the interaction of the fish with the prey (similar to panel A). The prey angle is measured with respect to the rotation point qrotprey rather than the

midpoint between the eyes. Note that the change in heading angle with respect to the midpoint between the eyes is identical to the change in heading angle when

measured with respect to the rotation point.

(E) The relation between the change in heading angle and the prey angle when measured relative to the rotation point shows two regimes.

(F) Cumulative distribution of the prey angle when measured relative to the rotation point. 90% of prey angles are smaller than 20� (in absolute value).

(G) For prey angles smaller than 20�, the change in heading angle matches the prey angle. This suggests that fish fully orient themselves toward the prey.

(H) For prey angles larger than 20� (comprising 10% of prey angles), fish closes most (84%) of the angle to the prey.
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Figure 5. The change in heading angle in response to a prey item depends also on prey distance

(A) A schematic of prey angle and distance, calculated relative to the rotation point.

(B) A cumulative distribution of prey distance during the hunting event. 75% of prey distances are below 3.19 mm.

(C) The relation between the change in heading angle and the prey anglemeasured with respect to the rotation point for each bout. Each bout is colored according

to the prey distance. Short-range prey distances show a larger slope compared to long-range prey distances.

(D) Prey distance, and not prey angle, affects the slope between prey angle and the change in heading angle. The bouts were split according to the pre-bout small

and large prey angle (upper and lower rows) and into pre-bout small and large prey distance (left and right columns) based on the 75th percentiles of both

measures (10� for prey angle and 3.19mm for prey distance, see Figures 4F and 5B). For short-range prey distance the relation between prey angle and turn angle

was 1. This was robust for small and large prey angles, as indicated by overlapping confidence intervals of the slopes (left column). For long-range prey distances,

this relation was reduced to 0.8, and remained robust across the different prey angles (right column).

(E) The suggested algorithm for the selection of change in heading angle given prey angle and distance. For short distances, fish rotate around their rotation point

and align themselves directly toward the prey. Subsequently, fish move forward/backward along the line determined by the change in heading angle. For large

prey distance, fish rotate around their rotation point and turn 80% of the prey angle. The scale bar indicates 1 mm.
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a large distance to the prey or a large prey angle (as suggested

by Figure 4H) affects this selection (Figure 5A). Fish interacted

with targets at 1–5 mm from their rotation point, with 71% of

prey distances being less than 3 mm (Figure 5B). We examined

the relation between the prey angle and the change in heading

angle, according to the prey distance (Figure 5C). We observed

smaller changes in heading angle for more distant targets (a

slope lower than 1) and a complete closure of the angle to the
8 iScience 28, 112213, April 18, 2025
prey (a slope of 1) for short-distanced prey (Figure 5C), suggest-

ing that the relation between the change in heading angle and the

prey angle, for a small fraction of movements, is distance-

dependent.

To study the relation between prey angle, prey distance, and

the selected change in heading angle, we split our data into short

and long-range prey distances and small and large prey angles

based on the 75th percentiles of both parameters (Figures 4F;
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5B). When prey were closer, fish changed their heading angle

similarly for both small and large prey angles, aligning their

heading angle to match the entire prey angle (Figure 5D, left

column). However, for any given prey angle, they selected

smaller changes in heading angle for the long-range distances

compared to short distances (Figure 5D, left column versus right

column). These results were robust also when dividing the data

according to the 50th or 90th percentiles (Figure S6). Together,

these findings show that for short-range prey distances, fish

rotate around their rotation point, close the prey angle, and orient

themselves in front of the prey. However, for long-range prey dis-

tances, fish rotate only partially and close most but not the entire

angle to the target (Figure 5E). These results suggest that the

change in heading angle depends not only on prey angle but

also on prey distance.

DISCUSSION

Much like in a board game, it is essential to master the reper-

toire of movements each piece can make, as this forms the

foundation for understanding the overall strategy. The same

rule applies when studying the larval zebrafish hunting behav-

ioral algorithm. We studied the possible changes in fish posi-

tion and orientation following a single movement, which we

termed movement outcomes. We show that the repertoire of

outcomes can be fully described using three parameters,

two positional parameters and an orientation parameter. We

mathematically uncovered the relationship between position

and orientation and thereby reconstructed the complete

repertoire. This relation suggested that the position of larvae

after a movement accurately predicts the change in heading

angle. In addition, a particular change in heading angle estab-

lishes a limited set of positions aligned on a linear line in

space. This uncovered repertoire unraveled a fundamental

rule guiding the interaction between the larval zebrafish and

its target. We show that given a prey, in most movements

larvae will turn the entire prey angle, placing themselves on

a particular linear line in front of the prey. In addition, for

distant paramecia, both the prey angle and distance dictate

the change in heading angle. These results provide a com-

plete and continuous description of the repertoire of move-

ments and its dimensionality. The uncovered nature of the

repertoire uncovered the underlying algorithmic rules of the

behavior and sheds light on its neural implementation.

Based on the relation between position and orientation, our

work suggested a two-dimensional outcome repertoire.

Therefore, the repertoire of all available positions and orienta-

tions following a single movement is fully described using two

parameters. We showed that the specific pair of azimuthal

angle and distance can capture the outcome unambiguously

(Figures 2B–2D). Other pairs of parameters (such as change

in heading angle and azimuthal angle, or change in heading

angle and bout distance) were insufficient to capture certain

movements in the repertoire (Figure S3). An alternative option

for quantifying the outcome is based on the movements prin-

ciples uncovered by the repertoire, and suggests using the

change in heading angle and the distance between the pre-

and post-bout rotation points (Dqhead and d0) as the parame-
ters that describe the repertoire (Figure 3A). This alternative

may appear similar to the change in heading angle and dis-

tance measured from the point on the head (midpoint between

the eyes) (Dqhead and d), which we found to be insufficient.

However, this alternative is distinct because d0 is the distance

traveled along the linear line defined by the change in heading

angle, ensuring a single position and orientation for each pair

of values. These two alternative approaches to quantifying an

outcome (faz and d relative to the point between the eyes or

Dqhead and d0 relative to the rotation point) are equivalent.

The low dimensionality of the repertoire of outcomes

observed in this study is not surprising. To begin with, in exper-

iments conducted in shallow water, outcomes are bounded by

at most three dimensions. Nevertheless, the fact that the reper-

toire of outcomes is two-dimensional has several important im-

plications. First, as we showed here, moving from three to two

dimensions implies a structure to the repertoire. This structure

uncovered a fundamental movement principle and a guiding

rule for action selection. Second, the low dimensionality of

the outcome repertoire has implications for our understanding

of the movement repertoire. More particularly, the high-dimen-

sional movements and the low-dimensional outcomes offer two

alternatives for interpreting the dimensionality of movements.

The first option suggests a potential low-dimensional structure

of the movements as well. In this case, every movement leads

to a unique outcome, and choosing the outcome is equivalent

to choosing the movement. Alternatively, if movements are

high-dimensional then different movements lead to a similar

outcome. This suggests a more complicated action selection

mechanism: animals either select a high-dimensional move-

ment (from which the outcome is derived), or implement a

two-stage mechanism, selecting a desired outcome and sub-

sequently selecting a specific movement to implement it. While

the relation between outcomes and movements is still un-

known, one way to bridge this gap is by using the trajectories

of the midpoint between the eyes shown in Figure 3C. These

trajectories can be thought of as outcomes of a single move-

ment over time, and our results suggest a potential link between

the final outcome, outcome over time, andmovements. Overall,

while the dimensionality of tail movements remains a funda-

mental open question, the notion of outcomes can aid at uncov-

ering the dimensionality of movements. Therefore, further work

focused on the relation between tail movements and outcomes

is required.

The low-dimensional nature of the outcome repertoire has

further implications for neural information processing. Visual in-

formation coming from the outside world during the hunt is

high-dimensional, and includes the target prey, its size, angle,

velocity, and other prey items in the visual field of the fish. If ac-

tions are selected based on their outcome, this complex detailed

visual information should eventually be processed to select the

best outcome for a given goal. High-dimensional sensory infor-

mation and a low-dimensional outcome repertoire suggest that

the visuomotor transformation may compress the world into

low-dimensional actions. This further suggests that the visuomo-

tor transformation process may be invariant to several features

of the external world. Supporting evidence for such a transfor-

mation comes from recordings of hindbrain neural activity in
iScience 28, 112213, April 18, 2025 9
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fish moving their tail and eyes, showing that most behavior-

related population activity can be captured using two dimen-

sions.30 This experiment, like our work, was conducted in a

two-dimensional environment, and their reported two-dimen-

sional neural activity corresponding to the behavior aligns with

our two-dimensional outcomes. While this finding raises ques-

tions regarding the dimensionality of movements, it aligns with

the idea of two-dimensional outcomes.

Our model of movement outcomes provides insights into the

potential neural encoding of actions and their underlying neural

architecture. Specifically, it suggests that angle and distance se-

lections are orthogonal, implying the involvement of two distinct

neuronal populations governing these aspects. Empirical evi-

dence supporting this idea includes the identification of a group

of neurons in the hindbrain that, when ablated, selectively elim-

inated turning to a specific side while preserving forward move-

ments.33 Additionally, our analysis suggests that the angular po-

sition of the prey directly dictates the turn angle, raising the

possibility that sensory neurons encoding prey angular posi-

tion31,34,35 may form the motor command. Consistent with this

hypothesis, previous studies have shown that tectal neurons

can activate tail movements.36,37 Finally, while our model is

compatible with a direct relation between sensory and motor

neurons, it also accommodates the possibility of a more hierar-

chical and convergent sensory-motor transformation previously

suggested.38

An interesting open question is whether fish select a desired

outcome before implementing the movement, or respond to

the visual field as they move and therefore modify their move-

ment while moving (the latter option suggests that fish can parse

the visual scene while moving). On the one hand, our work sug-

gests that fish first turn to face their prey and then move forward

or backward (Figure 3A). This allows the fish to engage in an on-

line decision making: keep rotating until they see the prey, and

move forward or backward relative to the observed prey. On

the other hand, recent work has suggested that visual process-

ing is suppressed during self-motion by motor-related inhibi-

tion.39 In addition, the trajectories of the midpoint between the

eyes for the different changes in heading angle (Figure 3B)

show that while the fish turn and then move forward or back-

ward, in some movements they start to progress forward

or backward before they complete the entire turn angle

(Figures 3B and 3C), while still ending up on the line suggested

by the model of positions given a change in heading angle.

This implies that before the rotation phase is completed, the

fish aim toward the theoretical line of possible positions for this

particular change of heading angle. While the low-dimensional

repertoire of outcomes calls for an in-advance action selection

process, further evidence supporting online or in-advance pro-

cesses is required from both a behavioral and a neuronal point

of view.

Our work empirically uncovered a rotation point based on the

relation between the change in heading angle to the positional

parameters (equation in Figures 2C and 3, see also Methods).

Using this point we were able to better explain both the structure

of the repertoire and the behavior. We showed that the rotation

point remains at the bottom edge of the swim bladder regardless

of the size of the fish. Fish are expected to rotate around their
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center of mass, which depends on the distribution of mass along

the fish body. If indeed the rotation point is the center of mass,

we canmake further predictions as to the repertoire of outcomes

in three-dimensional environments known to be utilized in natu-

ralistic behaviors.40 In the general case, the outcome of a move-

ment in a three-dimensional environment should be represented

by 5 variables (2 for fish orientation, 2 for direction of movement,

1 for distance). If fish rotate around a single point, then outcome

can be simplified into a three-dimensional representation (2 vari-

ables to represent the rotation around the rotation point, and 1

for the distance traveled following the rotation).

Previousworks have suggested that fish turn about 60%of the

prey angle7,8 and further indicated that fish cut off 50% of the

prey angle with each bout.7 These observations may suggest

that the fish may not be facing the target during parts of the

hunt. However, our work suggests that fish turn the entirety of

the prey angle, positioning the target directly in front of them.

The previously reported partial rotation toward the prey and

the fact fish are facing the prey after every movement are not

contradictory; they instead arise from different reference points

used to measure the prey angle. The prey angle can be

measured either with respect to the point between the eyes or

the rotation point (Figures 4A–4D). Since fish observe the world

with their eyes and rotate around a separate rotation point, a

correction is necessary when translating the observed prey

angle into a selected change in heading angle. There are two

possible ways to implement this correction. The first alternative

is to use the observed prey angle and distance to calculate the

prey angle relative to the rotation point, though this requires

complex geometric computation. The second alternative relies

on the observation that, on average, prey angles relative to the

rotation point are smaller by 60% compared to the angles rela-

tive to the head (Figure S5E), using this as a constant factor.

While this is an approximation, it results in relatively small errors

in the desired rotation angle. Overall, while distinct interpreta-

tions to a turn of 60% of the prey angle were suggested, our

model identified a reference point that revealed that the algo-

rithmic rule of the fish is to turn the entirety of the prey angle.

Uncovering the repertoire has allowed us to identify a funda-

mental rule underlying the behavioral algorithm of hunt. While

we addressed the selection of the change in heading angle dur-

ing hunt, what determines the selection of distance and its rela-

tion to prey parameters remains an open question. Our model

suggests that the choice of bout distance relative to the rotation

point is independent of selecting the change in heading angle,

since all possible positions ensure that the prey angle is near

zero. This was further supported by the observation that, for a

given change in heading angle, all possible distances are

observed (Figure S5F). With the comprehensive capturing of

the repertoire, we are now better equipped to characterize the

factors that shape distance selection. Particularly, when

measuring bout distance relative to the midpoint between the

eyes, some of the measured distance is the result of the rotation

itself (as illustrated by the blue line in Figure S5F). When

measuring distance relative to the rotation point, the relation be-

tween bout distance given a prey distance provided, on average,

a linear relation between prey distance and bout distance as pre-

viously reported7 (Figure S6C). However, our data show that
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despite this generally linear relation, the selection of bout dis-

tance given the prey distance is highly variable (Figure S6D)

and prevents an accurate prediction on a single movement ba-

sis. Indeed, this distance selection was shown to be a function

of several features of the prey (for instance, velocity).7 Further

investigation is required to uncover the guiding principles behind

the selection of bout distance during hunting. Combined with our

continuous prediction of the change in heading angle for each

bout, this understanding will enable a bout-by-bout prediction

of the complete hunting trajectory.

The relation between the change in heading angle and the prey

angle with respect to the uncovered rotation point suggests that

for mostmovements, the fish turn the entirety of the prey angle to

place the target in front of them. We further showed that this

change in heading angle depends not only on prey angle but

also on prey distance, with large prey distance eliciting a smaller

turn. The relation between prey angle, prey distance, and turn

angle is shown in Figure 5C. Long-range distance prey (yellow

dots) exhibited a smaller slope compared to the short-range dis-

tance prey (blue points). In our analysis, we divided the dataset

into two subsets: with 90% and 10% of the bouts, respectively,

obeying relationships of 0.97 and 0.84. While we suggest a slope

of 1 for 90% of the data and 0.84 for the remaining 10%, there

may be a more gradual change in slope as a function of prey dis-

tance (Figure 5C). Further work is required to fully understand the

effect of prey distance on the selected change in heading angle.

Movements are commonly described by clustering bouts into

discrete types. This approach can capture high-level aspects

such as the use of specific bout types in distinct stages of the

hunting event. These high level aspects can also be extracted

from the continuous representation of bout outcomes. While

movements involving small changes in heading angle occur

across all stages of the hunting event, other combinations of

outcome parameters are characteristic of specific stages (Fig-

ure S6E). For instance, the first bout of the event typically exhibits

a wider distribution of changes in heading angle, consistent with

the prey angle relative to the rotation point (Figure S6F). In many

cases, the final bout shows an even greater change in heading

angle, as a large turn is commonly observed at the end of the

event. Consequently, the order of bouts within the hunt orga-

nizes the continuous space of outcome parameters into charac-

teristic areas. These discrete areas demonstrate why clustering

bouts into discrete types retain meaningful information. How-

ever, discrete bout types cannot capture low-level details,

such as the specific change in heading angle for an individual

bout. Overall, the continuous representation of bout outcomes

captures both high- and low-level details of the individual bouts.

Establishing a more direct relation between the discrete and the

continuous representation of movements will require a deeper

understanding of the relationship between tail kinematics and

movement outcomes.

Limitations of the study
Here, we recorded fish within a limited age range (5–15 days

post-fertilization) while they performed a specific task (hunting).

Recording multiple distinct behaviors would expand our results,

offering a more comprehensive view of their repertoire. Addition-

ally, our current work is confined to a 2d setup; recording fish in
3d would enable us to make broader statements about the full

range of their movement repertoire.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Experimental models: Organisms/strains

Zebrafish: Tg(elavl3:GCaMP6s) Vladimirov et al.41 RRID: ZFIN Tg insertion jf5Tg

Deposited data

Movements data for repertoire analysis This paper https://data.mendeley.com/

datasets/ck7mhf82br/4

Software and algorithms

Matlab R2021a (data analysis) Mathworks https://www.mathworks.com/

products/matlab.html

Streams io industries https://www.ioindustries.com/streams-7

Python 3.7.9 (image processing) Python https://www.python.org/

openCV OpenCV https://opencv.org/
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Zebrafish maintenance
Nacre zebrafish (Danio rerio) embryos expressing elavl3:H2B-GCaMP6s41 were collected and raised according to established pro-

cedures42 and raised at 27�Cwith a light and dark cycle of 14/10 h. Larvaewere fed live rotifers (Brachionus plicatilis) daily from 5 dpf.

Experiments took place when zebrafish were 5-7 and 14-15 pdf. At this age, the sex of the fish cannot be determined. All procedures

were performed with approval from The Hebrew University of Jerusalem Animal Ethics Committee. The Hebrew University is ac-

credited by the Association for Assessment and Accreditation of Laboratory Animal Care International (AAALAC).

METHOD DETAILS

Imaging natural hunting behavior of freely swimming larvae
Single larvae, 5-7 dpf (n=18), were placed in a transparent bottom plate (20 mm diameter and 2.5 mm deep) with 30 Paramecia for

15 minutes (CoverWell Imaging Chambers, Catalogue number 635031, Grace Biolabs). The plate was illuminated from above with

white visible light and Infra-red LEDs were placed beneath the plate (L850 nm, LDR2-100IR2-850-LA powered by PD3-3024-3-PI,

CCS Inc., Kyoto, Japan). Room temperature was maintained at 27�C. Natural larvae behavior was captured from above, using a

high-speed camera (MIkrotoron 4CXP), imaging at 500 fps and 45 microns per pixel. To study the position of the rotation point as

a function of fish length (Figure 3D), we recorded 13 fish at the ages of 14-15 dpf under the same protocols.

QUANTIFICATION AND STATISTICAL ANALYSIS

Tracking fish and prey features
The recordings of the natural hunting behavior were analyzed post-hoc using an algorithm we developed in the lab based on com-

puter vision and graph theory techniques. This custom-made algorithm detected the fish, extracted its features, identified time points

of movements, and detected prey items and their trajectories.

Fish detection
To detect the fish and extract its features, we isolated the fish from its environment on a frame-to-frame basis, thus eliminating any

interference from prey or noise (dust particles in the dish). We removed the contour of the imaging dish from the frame by searching

for contours with a convex hull forming a large elliptic shape. The removal of the dish contour made the fish the largest object in the

frame, which we verified based on its the overall shape and size.

Fish feature extraction
After identifying the fish object, we computed the contour around it and searched for objects that reside within the specified region

marked as the fish. We defined the eyes as the two darkest objects within the fish object, which are elliptical, adjacent, and falling

within a certain size range. Fitting an ellipse to each of the eye contours provided both the ellipse center and orientation as expressed
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by its major and minor axes. We then constructed the head direction vector by setting the origin point of this vector as the midpoint

between the eye centers, and the head direction as a vector orthogonal to the axis connecting the two eye centers. The relative angle

between the fish heading and the major axis of the eye-fitted ellipse was used to evaluate eye convergence and divergence. In the

young dataset (5-7 dpf), 939 events were identified, including 262, 177, 500 hit, miss, and abort events respectively, and overall 4006

bouts. In the older dataset of 14-15 dpf 636 events were detected including 274, 146, 216 hit, miss and abort events, and overall 2545

bouts.

Automatic identification of hunting events
We used eye convergence and divergence as the markers for the onset and offset of the hunting events.34,37,43,44 Based on the sta-

tistics of eye angles in a training set of our data, we identified an eye angle threshold above which the frame was classified as a frame

during the hunt. This threshold was used to detect the onset and offset of each event in the data. A sequence of frames of detected

converged eyes was suggested as a potential event if it occupied at least 120 consecutive frames while combining segments which

were separated by less than 10 frames. This automatic machinery generated a list of potential hunting events, marked by their onset

and offset frame, and these suggested events were manually inspected and validated.

Bout detection
To identify the frames in which the fish performed bouts of movement, we used our tracking of the fish contour and the fish midline.

We selected a set of equidistant points along the tail midline, ordered from the tail tip to the fish head. We then calculated the tail tip

velocity as the change in Euclidean distance between consecutive frames. We set a threshold for tail velocity above which the fish

was performing a movement, defining the minimal duration of a bout as 5 frames.

Quantifying bout outcomes
Outcomes were quantified using three parameters. Bout distance (d), bout change in heading angle (Dqhead), and bout azimuthal

angle (faz) (Figures 1B–1D). Larval position was defined as the middle point between the detected eyes (Figures 1A and 1B). Bout

distance was set as the Euclidean distance between the larval pre- and post-bout position (Figures 1B and 1C). The change in

azimuthal angle was defined as the angle between the pre-bout heading direction and the fish movement direction. Movement di-

rection was defined by larval pre- and post-bout position (Figures 1B and 1C). The change in heading angle was defined as the dif-

ference between pre- and post-heading direction (Figures 1B–1D).

Quantifying prey features
Prey distance was defined as the Euclidean distance between the prey center of mass and the fish rotation point (Figure 5A). Prey

angle relative to the head was defined as the angle between the heading direction and the direction defined by fish position and prey

position (Figure 4A). Prey angle relative to the rotation point was defined as the angle between the heading direction and the direction

defined by the rotation point and prey position (Figure 4D).

Evaluating of the rotation point
To evaluate the position of the rotation point yrot, we fitted the model to all bout outcomes based on the equation shown in Figure 2C.

The model uncovered the relation between the three outcome parameters (d, Dqhead, faz), and was based on a single parameter yrot.

The fit identified yrot that minimized ðDqhead � D~qheadðd;faz; yrotÞÞ2, where D~qhead is the predicted change in heading angle based on

the position parameters and on yrot. Estimating yrot for all fish, weminimized the above prediction error quantity for all bouts together.

When evaluating yrot per fish (Figure 3D), we performed thisminimization for the bouts of each fish separately. The per-fish variance of

yrot estimation (Figure 3D) was calculated by splitting all bouts of a single fish into 5 groups with equal number of bouts and fitting yrot
separately for each group. This provided 5 estimates of yrot per fish and these estimates were used to calculate the variance.

Reconstruction of the empiric repertoire
The reconstruction of the repertoire in Figures 2D and S2D was performed based on the fits of all outcomes in the dataset using the

model shown in Figure 2C. The fit of all outcomes in the 5-7 dpf dataset suggested that the rotation point is positioned 1 mm behind

the midpoint between the eyes. The reconstruction was performed in two equivalent ways. For the first way, we used the equation in

Figure 2C and calculated the change in heading angle given the distance and the azimuthal angle. For the second way, based on the

interpretation presented in Figure 3A, we calculated the distance and azimuthal angle based on the change in heading angle and the

distance relative to the rotation point (Dqhead;d
0). For each change in heading angle, we used distances ranging from a pre-defined

initial value to 3.5mm. This initial value for each change in heading angle was determined by fitting a second degree polynomial to the

observed relation between Dqhead and d0.

Statistical analysis
All statistical analyses were performed using linear regression via MATLAB curve fitting toolbox. The confidence intervals used were

based on a 95% confidence level. The number of data points is reported in the Results section. Dispersion measures are reported

when appropriate in the figure legends.
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