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B I O M I M E T I C S

Artificial embodied circuits uncover neural 
architectures of vertebrate visuomotor behaviors
Xiangxiao Liu1†, Matthew D. Loring2†, Luca Zunino1, Kaitlyn E. Fouke2, François A. Longchamp1, 
Alexandre Bernardino3, Auke J. Ijspeert1*‡, Eva A. Naumann2,4,5,6*‡

Brains evolve within specific sensory and physical environments, yet neuroscience has traditionally focused on 
studying neural circuits in isolation. Understanding of their function requires integrative brain-body testing in 
realistic contexts. To investigate the neural and biomechanical mechanisms of sensorimotor transformations, we 
constructed realistic neuromechanical simulations (simZFish) of the zebrafish optomotor response, a visual stabi-
lization behavior. By computationally reproducing the body mechanics, physical body-water interactions, hydro-
dynamics, visual environments, and experimentally derived neural network architectures, we closely replicated 
the behavior of real larval zebrafish. Through systematic manipulation of physiological and circuit connectivity 
features, impossible in biological experiments, we demonstrate how embodiment shapes neural activity, circuit 
architecture, and behavior. Changing lens properties and retinal connectivity revealed why the lower posterior 
visual field drives optimal optomotor responses in the simZFish, explaining receptive field properties observed in 
real zebrafish. When challenged with novel visual stimuli, the simZFish predicted previously unknown neuronal 
response types, which we identified via two-photon calcium imaging in the live brains of real zebrafish and incor-
porated to update the simZFish neural network. In virtual rivers, the simZFish performed rheotaxis autonomously 
by using current-induced optic flow patterns as navigational cues, compensating for the simulated water flow. 
Last, experiments with a physical robot (ZBot) validated the role of embodied sensorimotor circuits in maintaining 
position in a real river with complex fluid dynamics and visual environments. By iterating between simulations, 
behavioral observations, neural imaging, and robotic testing, we demonstrate the power of integrative approach-
es to investigating sensorimotor processing, providing insights into embodied neural circuit functions.

INTRODUCTION
Despite decades of research into animal sensorimotor systems (1), we 
still lack a holistic understanding of how physical and environmental 
factors shape neural computations during behavior (2, 3) because these 
systems cannot be fully understood without considering the body in 
which they evolved (4). Our insights into how these physical interac-
tions affect sensory processing remain limited because of the challeng-
es of manipulating body traits, controlling sensory environments, and 
recording neural activity during animal movement (5). Neuromechan-
ical simulations, that is, numerical simulations of the nervous system, 
the body, and its surroundings, and bioinspired robots provide power-
ful tools to explore the effects of the environment on neural function 
and sensorimotor behaviors (6–9). The combination of these methods 
offers untapped opportunities to understand the relevance of embodi-
ment for neural architectures (10–12), enabling the testing of artificial 
neural circuits within physical bodies (12).

Here, we used neuromechanical simulations to investigate the 
neural control of visually guided stabilization behaviors, which are 
essential for survival and have been identified in many species (13, 14), 

including mammals (15), fish (16), birds (17), and insects (18, 19). 
For instance, the optomotor response (OMR) helps animals com-
pensate for displacement caused by moving water (20) or air (21). 
These compensatory actions are highly effective in stabilizing body 
position and retinal gaze (21), and successfully replicating these neural 
algorithms represents a decisive advantage to any artificial agent 
(7, 22, 23). However, accurate modeling of neural dynamics ob-
served in real animals requires validation of sensorimotor loops 
within the complexities of the physical world and associated nu-
anced behavioral consequences.

The translucent larval zebrafish offers genetic and optical access 
to almost all neurons (24) and well-characterized neural circuits un-
derlying visually guided behaviors (25–29). Therefore, we leveraged 
these insights to investigate how embodiment affects visuomotor 
neural architecture and function (26, 30). Current models of zebrafish 
visuomotor transformations rely on correlation-based neural activ-
ity, lack realistic representations of the retina or motor systems (25, 29), 
omit the ability to manipulate neural connectivity, and exclude closed-
loop observations of neural activation during behavior, which limits 
the integrative investigation of the system within its sensory and 
physical environment.

Therefore, we developed the simZFish, a larval zebrafish–inspired 
neuromechanical simulation, to investigate how sensory-driven be-
haviors depend on embodied neural circuits (Fig.  1). Benefitting 
from detailed experimental data (25, 29, 31–35) and recent advances 
in physics simulation technologies (36), our open-source simZFish 
faithfully reproduces the zebrafish OMR using experimentally ob-
served neural activity (25). Furthermore, when experiencing a vir-
tual river, simZFish’s artificial embodied neural circuits enabled it to 
swim against a virtual water flow, performing a behavior known as 
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rheotaxis (20). Whereas multiple sensory modalities play a role in 
rheotaxis (20, 37), we demonstrate that the simZFish circuits are, in 
principle, sufficient to drive visually guided rheotaxis without other 
sensory input. Further, we used systematic manipulations of sensory 
features, including simZFish’s optical lens and retinal connectivity, 
to reveal key factors driving neural architecture and response char-
acteristics (32, 38). Guided by simZFish predictions, we also identi-
fied neurons with previously undiscovered response profiles through 
calcium imaging in live zebrafish brains and incorporated these neural 
subtypes, leading to improved performance.

Last, the simZFish directly informed the design of a zebrafish-like 
robot (ZBot), constructed to test whether these embodied artificial 
neural circuits are sufficient to stabilize its position in natural rivers. 
Corroborating the results from simulations, ZBot experiments in a 
real river with rich visual stimuli and complex fluid dynamics con-
firmed that these artificial circuits are effective in counteracting real 
water currents. Together, our results underscore how embodiment 
shapes neural circuits and how mechanisms identified in idealized 
laboratory conditions can be implemented to lead to adaptive behav-
iors in the real world (Movie 1).

RESULTS
Neural architecture of a simulated zebrafish
To construct a realistic, neuromechanical simulation of larval zebrafish 
(fig. S1A), simZFish, we used Webots (39), a physics-based simulator 
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Fig. 1. Integrative framework for investigating embodied neural circuit functions. Leveraging the behavioral, neurobiological, and theoretical insights into visuomo-
tor transformations in live zebrafish (left), we developed a virtual neuromechanical simulation of a larval zebrafish, simZFish (middle), to replicate realistic hydrodynamic, 
anatomical, sensory, neural, and behavioral aspects. This simulation permits the investigation of emergent properties driven by embodiment. Validating these findings in 
a physical zebrafish-inspired robot, ZBot (right), in naturalistic environments informs future experiments, hypotheses, and robotic design. Scale bars, 1 mm (zebrafish), 
1 mm (simZFish), and 100 mm (ZBot).

Movie 1. Understanding embodied neural circuits to predict and replicate 
complex visuomotor behaviors in real-world robotic systems. 
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(see Materials and Methods and Supplementary Methods). In this 
simulated reality, the head and body of the simZFish are modeled 
as seven segments connected by six hinge joints actuated by simu-
lated servomotors (fig. S1B), with dimensions and masses matching 
biophysical measurements of real zebrafish. The simZFish head is 
equipped with two laterally positioned simulated cameras as the 
eyes of larval zebrafish (40). The simZFish platform generates a 
faithful virtual sensory environment, complete with fluid dynamics, 
modeling drag, and viscous forces (fig. S1C), resulting in realistic 
locomotion behaviors (fig. S1, D and E) (41). Revealing the internal 
states of the simulated neural network, the simZFish interface allows 
access to the simulated camera views, all neuronal activity dynam-
ics, and locomotor variables in this complete, end-to-end simula-
tion from retinal input to motor output (movie S1 and fig. S2A). 
Only limited by computational time, the computational design of 
the simZFish allows an endless number of new experiments in real-
istic or unrealistic conditions (fig. S2B).

To achieve a biorealistic artificial neural architecture, we synthe-
sized anatomical (31, 42), functional (25, 32, 33), and computational 
findings (25), creating an embedded multilayer network model of 
the OMR visuomotor pathways consisting of rate-coding artificial 
neurons (Fig. 2A). Visual motion detection starts with simulated 
photosensitive pixels (Fig. 2B) representing the zebrafish retina (43). 
Using a classic delay line model (44), the simZFish retina computes 
the direction of motion (45) (Fig. 2C). This artificial retina drives 
four types of direction-selective retinal ganglion cells (DSGCs) with 
preferred directions: superior, inferior, anterior, and posterior (46, 47). 
As in real zebrafish (33), all DSGCs project contralaterally, activating 
neurons in the early pretectum (ePTs). These ePTs activate neurons 
in the late pretectum (lPTs) (25, 31, 34), creating complex binocular 
response types (Fig. 2D). These neurons exist in real zebrafish in at 
least eight mirror symmetric sets of direction-selective functional 
response types (25). As suggested by our previous modeling, lPTs 
collectively control the movement direction by activating neurons 
of the anterior hindbrain (aHB) (25, 31), which suppresses behav-
ioral oscillation via reciprocal inhibition (Fig. 2E).

Similar to real zebrafish (41), the simZFish swims in bouts of rapid 
tail undulations and passive glides (movie S2). To modulate the sponta-
neous bout frequency (simZFish: 0.6 Hz; zebrafish: 0.67 ± 0.09 Hz), 
the lPTs connect to symmetric neural nodes, representing the dien-
cephalic nuclei of the medial longitudinal fasciculus (nMLF) known 
to control bout frequency (27), tail posture (42), and bout initializa-
tion (42). To generate this characteristic burst and glide behavior (48), 
we implemented abstract neural models of the brainstem and spinal 
cord motor circuits composed of “bout gate” and “bout determina-
tor” centers and artificial central pattern generators (CPGs) (49). The 
bout gate receives input from both nMLF neurons, accumulating 
motion information across both eyes (25). Upon reaching a thresh-
old (fig. S3A), the bout gate neuron activates the spinal CPGs mod-
eled as coupled oscillators (50), generating rhythmic tail undulations 
(51). The transitions between the burst and glide phases are handled 
by leaky integration at the bout gate (52), ending a bout when activ-
ity decreases to less than 5% of its initial activation level. The bout 
gate triggers a bout determinator event, which stochastically defines 
the turning direction for each bout, replicating a set of bilateral, ven-
tromedial spinal projection neurons (vSPNs; fig. S3B) known to control 
bout direction (28). In the simulated spinal cord, the motor neurons 
determine the body curvature by integrating the output of vSPNs 
and CPGs (fig. S3C, D). To compensate for self-generated neural 

activation during swimming (fig. S3, E and F), we added low-pass 
filters, as suggested by their delayed and accumulating activity pro-
files in real zebrafish (27, 29). By initializing the simZFish’s circuits 
with our experimentally derived, best-fit (25) connection weights 
(fig. S3G), minimal additional tuning achieved functional connec-
tivity that demonstrated activation patterns similar to those in ze-
brafish neurons to the direction- and eye-specific stimuli (Fig. 2, 
F and G).

The simZFish replicates OMR behaviors
To compare the behavior of the simZFish and real zebrafish, we rec-
reated a well-established experimental paradigm to study the OMR 
(25). Placing the simZFish in a simulated petri dish (Fig. 3A), we 
tested its behavior to drifting gratings (Materials and Methods). To 
present motion in a consistent direction, the stimulus display was 
locked to the body orientations, same as in closed-loop experiments 
with real zebrafish (25). Comparing general kinematic functionality, 
the simZFish performed forward, left, and right swim bouts like a 
real zebrafish (Fig. 3B and movie S3). These bouts were quantified 
on the basis of the distance traveled and angular change (Fig. 3C). 
Overall, the simZFish recapitulated the characteristic trimodal be-
havioral distribution of real zebrafish, with frequent forward swims 
(0° ± 5°) and balanced leftward and rightward routine turns (~ ±35°) 
(Fig. 3D and fig. S4A). Comparing average histograms of bout angle 
distributions (Fig. 3E), the simZFish and zebrafish responded to con-
verging motion to both eyes with increased bout frequency, whereas 
diverging motion decreased bout frequency below spontaneous 
levels. Binocular leftward motion increased leftward bout frequency 
(0.027 Hz, at −46°), increased biased forward bouts (0.089 Hz, at 
−4°), and suppressed turns in the opposite direction (0.012 Hz, at 
34°). All qualitative aspects were well matched within the behavioral 
variability of real zebrafish. Because the behavior of the simZFish 
was tuned to match bout probabilities rather than peak bout frequen-
cies, their peak locations differed slightly (fig. S4B). Nonetheless, 
when comparing bout probabilities, the relative proportions of right, 
forward, and left bouts, we found strong quantitative behavioral 
correspondence, with exceptions for challenges in fitting behavior 
to backward motion (Fig. 3F and fig. S4, C to E).

After confirming the OMR performance of the simZFish with 
moving gratings, we tested whether the simZFish’s circuits compen-
sate for virtual water currents with naturalistic visual stimuli, which 
occur when the simZFish is dragged in a simulated river (Fig. 3G 
and movie S4). When initialized with different heading directions, 
the simZFish eventually oriented its heading direction against the 
flow, performing rheotaxis, as observed in real fish maintaining po-
sition in rivers (20). This result demonstrates that the simZFish’s 
circuits enable position-stabilizing, which requires repeated align-
ment with varying optic flow directions to swim upstream. In differ-
ent flow velocities, the simZFish maintains its position for speeds up 
to 0.3 cm/s, overcompensating for slower flow velocities (Fig. 3H). 
These simulations show that the simZFish’s circuits contribute to 
maintaining position in moving waters with visual input alone, ef-
fectively performing rheotaxis autonomously. In principle, this sug-
gests that these visuomotor computations can compensate for water 
current–induced displacement, especially in situations where mech-
anosensory information from the lateral line organ is not reliable 
(20). These results not only validate the circuit functionality but also 
provide evidence for OMR’s purpose as a sensory-guided stabiliza-
tion mechanism.
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Fig. 2. simZFish, a neuromechanical simulation replicating the zebrafish optomotor response. (A) simZFish neural network. Each node represents an artificial neuron. Mo-
tion detection starts in the artificial retina, computing direction-selective information relayed to contralateral monocular ePTs, activating the lPTs, which project to the nMLF and 
the aHB, controlling swim initiation and turning angle. Integrating nMLF and aHB activity, the bout gate activates spinal CPGs, and the behavior determinator calculates direc-
tional movement probabilities. Motor neurons set the joint positions by integrating the signals from vSPNs and CPGs. (B) Side view of the left simZFish retina consists of 102 × 78 
direction DSGCs, artificial units responding to four cardinal directions. Only lower-posterior DSGCs project to the pretectum. (C) Direction detection in the simZFish retina. DSGCs 
achieve their selectivity for anterior (A), posterior (P), superior (S), and inferior (I) directions by specific wiring. (D) Pretectal connectivity in the left hemisphere. Neuron types: oB, 
outward-responsive binocular; B, binocular; iB, inward-responsive binocular; ioB, inward- and outward-responsive binocular; iMM, inward-responsive monocular, medial-selective; 
MM, monocular, medial-selective; oML, outward-responsive monocular, lateral-selective; S, coherent motion selective. Line color indicates excitatory (black) and inhibitory (blue) 
connections; line thickness indicates connectivity weights. ePt selectivity is abbreviated as in (C). (E) Neuronal connections from binocular lPTs to aHB and nMLF. Note that recipro-
cal inhibition results in stable behavior and suppresses turns to the opposite side of motion direction. (F) Schematic of visual stimulus set composed of static, medial, and lateral 
motion and forward- and backward-moving gratings. Arrowheads indicate the direction of motion; inset shows forward motion to both eyes. Circular icons represent eyes, and 
white tick marks show the direction of motion. (G) Average normalized ∆F/F neuronal recordings from pretectal neurons of real, live zebrafish (blue) and simZFish (red) for repre-
sentative left-selective neurons: oB, B, iB, and ioB. Shaded area, SEM across neurons.
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Fig. 3. simZFish replicates the optomotor responses of real zebrafish. (A) simZFish during simulated OMR experiments. (B) Snapshots of the simZFish and of real, live 
larval zebrafish performing forward, leftward, and rightward bouts. (C) Schematic of simZFish performing a bout, illustrating measurements of angle and distance change. 
(D) Scatterplots of the bout angle and distance distributions for the simZFish and a representative real zebrafish exposed to visual stimuli, color-coded as in Fig. 2F. Both 
exhibited symmetric, trimodal distributions of left, right, and forward bouts to stationary (grey), converging (blue), and diverging (red) motion. For leftward binocular 
(black, n = 2135 simZFish bouts, n = 3295 zebrafish bouts), monocular medial (green), and monocular lateral (purple) stimuli, both increased turns and biased swim bouts 
in the direction of motion. (E) Average histograms of bout frequencies for simZFish and real zebrafish to visual stimuli (symbols as in Fig. 2F). Bout distributions of simZFish 
qualitatively replicate the characteristic trimodal behavior of zebrafish. Filled circles plotted on the simZFish histograms show peak frequencies for the real zebrafish’s left, 
forward, and right bouts. Triangles show peak frequencies for simZFish, with the shaded area showing SEM across N = 38 fish. (F) Comparison of normalized bout proba-
bilities for real zebrafish (y axis) and the simZFish (x axis) for forward bout (Fb) probabilities and turn bout (Tb) probabilities. Each point represents the normalized inte-
grated response for each stimulus. Points close to the diagonal indicate a good match between real zebrafish and simZFish data. Error bars represent SEM. (G) Left: 
Simulation still image of simZFish (red) in a virtual river. Right: Heading angle over 30 s for different initialized directions (−180°, −135°, −90°, −45°, 0°, 45°, 90°, 135°, 180°). 
Similar to real zebrafish, the simZFish first aligns with a few bouts and then swims against the current, with an average heading angle of −5.27°, ±3.03° in the last second. 
(H) Left: Displacement of the simZFish in a virtual river at different flow speeds. The simZFish overcompensates for too slow virtual currents but is dragged downstream if 
currents are too fast. Right: The simZFish maintains its position on average (red) across 10 repetitions of being placed in virtual currents flowing at 0.3 cm/s.
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Effects of embodiment on network function
In principle, although the simZFish enables testing infinite condi-
tions, it can also serve as a tool to systematically explore the effects 
of manipulations of body morphology and neural connectivity, 
which may not exist or are difficult to test in real zebrafish. Here, we 
used the simZFish to measure the effects of altering the sensory 
morphology, specifically the properties of its optical lens (53). By 
equipping the simZFish with lenses of different focal lengths that 
produced varying field-of-view angles (54), we investigated how 
these optical properties affected the perceived image on the artificial 
retina (Fig. 4A and fig. S5A). Because we could precisely enforce the 
position of the simZFish in three-dimensional space, we imposed a 
specific perspective to compare lens effects on perception directly to 

analyze the visual scene through the simZFish’s eyes. As predicted 
from optical principles, the focal length affected the perceived visual 
projection onto the simulated retina, with a wider field of view cor-
responding to shorter focal lengths. When analyzed for optic flow, 
focal length did not affect areas without contours, such as the simu-
lated, featureless “sky” above the horizon, appearing similar to the 
real sky for submersed zebrafish when looking upward through 
Snell’s window, ∼42° elevation (55). This upper visual field contains 
little information about visual motion generated by being dragged 
underwater (56). However, contoured features, such as river rocks, 
reveal that lenses with shorter focal lengths produce expected per-
spective exaggerations, rendering closer features larger and those 
that are more distant smaller (movie S5). Therefore, focal length affects 

Fig. 4. Effects of embodiment on neural activity and visually guided behaviors. (A) The simZFish can be equipped with optical lenses with different focal lengths. 
Right: Snapshots of right camera recording gratings drift in directions parallel (0° or 180°) or orthogonal (90° or 270°) to the body axis viewed through lenses (rectangular 
insets). Light gray, 90°; gray, 120°; black, 150°. Narrow-angle lenses increased optic flow for orthogonal stimuli but minimally affected parallel stimuli. (B) Neural recordings 
of pretectal (ioB) and aHB neurons illustrate that changing focal length has specific effects on neural activation, predicted by increased optic flow for narrower-angle 
lenses, with −90° lenses (light gray) increasing ioB responses to orthogonal stimuli but not to parallel stimuli. (C) Bout frequency histograms from simZFish equipped with 
different lenses (90°, 120°, 150°; lighter to darker color). Orthogonal stimuli viewed through 90° lenses led to increased optic flow, altering behavior nonlinearly. (D) Dorsal 
view of the simZFish’s left and right visual fields, which can be separated into quadrants, defined by their location in the upper, lower, anterior (blue), and posterior (red) 
areas of the retina. (E) Snapshots of recorded left eye/camera views during parallel forward motion. Perspective distortion leads to rotational optic flow for parallel sinu-
soidal stimuli. Right: Forward motion. The lower anterior (LA, blue) retina perceives upward (superior) and nasal (anterior) optic flow. In contrast, the lower posterior (LP, 
red) visual field perceives anterior and downward (inferior) optic flow, activating the corresponding DSGCs. (F) Snapshots of recorded left eye/camera views during or-
thogonal sinusoidal stimulation. Right: The entire lower visual field perceives downward (inferior) optic flow, thus activating only inferior selective DSGCs. (G) Neural re-
cordings of ePTs when all (gray), only LP (red), or LA (blue) DSGCs are connected; colors as in (E). Medial motion (m*) drives strong activation of inferior (light blue) and 
anterior (dark blue) selective ePTs only with LP connected (black arrowheads). LP connectivity optimally drives zebrafish OMR behaviors as medial/forward motion co-
activates the same ePts in the simZFish.
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the processing of any patterned bottom-projected stimuli (fig. S6, A 
and B). Narrower-angle lenses increased the optic flow magnitude 
of gratings moving orthogonally to the image plane of the camera or 
eye but had minimal effect on the optic flow magnitude of parallel 
stimuli (Fig. 4A). The analysis of the simZFish’s perceived sensory 
information shows that focal length mainly changed the amount of 
measurable optic flow for stimuli containing orthogonal light-dark 
edges (fig.  S5, B to H). Calculating the optic flow magnitude, we 
traced these embodiment effects throughout the activity of the 
entire neural network (Fig. 4B and fig. S6, B to F) and resulting be-
havior (Fig. 4C). Thus, lens morphology directly affects neural acti-
vation and sensory-driven behavior in identical neural networks 
(fig. S6, C and D).

The simZFish also permits the testing of neural connectivity that 
does not exist or is difficult to manipulate in real zebrafish. During 
early network tuning, we found that connecting all DSGCs led to 
poor OMR performance, with no increased bout frequency in re-
sponse to forward motion. Optic flow analysis of perceived visual 
input suggested that this occurred because the perspective-distorted 
rotational direction information generated by stimuli with parallel 
gratings cancels itself out (Fig. 4D and movie S6). This cancellation 
reduces the network’s ability to differentiate the direction of motion 
using local motion processing. Because DSGCs process visual infor-
mation locally, obfuscating the overall optic flow pattern is a phenom-
enon known as the aperture problem (57). Because of perspective 
distortion of bottom-projected parallel, forward stimuli, the local 
optic flow coactivates inferior and anterior selective DSGCs in the 
lower posterior retina and superior and anterior selective DSGCs in 
the lower anterior retina (Fig. 4E). In contrast, orthogonal stimuli 
only activate either inferior or superior DSGCs across the lower vi-
sual field (Fig. 4F). Systematically altering the connectivity between 
DSGCs and ePTs revealed that the lower posterior visual field was 
most effective, given that only this connectivity strongly activated 
the downstream circuit to drive increased bout frequency (fig. S6, E 
and F). Notably, our findings align well with biological studies, which 
show that the OMR is most strongly evoked by motion in the lower 
posterior visual field (56), matching real pretectal receptive fields 
(32). Moreover, medial/forward motion-responsive neurons are the 
most frequent monocular response type in real zebrafish [inward-
responsive monocular (iMM; (25), cf., MoNL (33)], which respond 
to medial (nasalward) and forward (translational) motion. There-
fore, in the simZFish, we connected only the lower posterior DSGCs 
to drive ePts. Although it is plausible that alternative neural circuits 
favoring lower anterior DSGC connectivity could be equally effec-
tive, they would require downstream visuomotor circuits different 
from those experimentally observed (25). Conceptually, these results 
suggest that the sensory input—specifically, rotational optic flow 
patterns in the lower visual field—dictates the architecture of the 
neural circuits. If evolutionary pressure favors minimizing neural 
connections, this configuration provides an effective solution, maxi-
mizing optic flow information for downstream neural circuits while 
minimizing wiring and computational load. Practically, these results 
demonstrate that neural connectivity and ethologically relevant sen-
sory input not only affect neural activity and the resulting behavior 
but also might dictate neural architecture itself (58).

Simulation predictions drive network improvements
The first iteration, simZFish1.0, successfully replicates key behav-
ioral aspects of zebrafish OMR, partly because of its tuning to 

match behaviors for limited orthogonal stimuli (25). However, the 
simZFish1.0, relying on neurons classified by their responses to 
these stimuli, exhibited difficulties in modeling neural activity and 
behavior to backward motion (Fig. 3F). Using the simZFish1.0 as a 
predictive framework (Fig. 5A), we challenged it with an expanded 
monocular and binocular parallel-moving stimulus as evoked by 
body forward and backward translation (Fig. 5B). Unexpectedly, the 
simZFish1.0 predicted strong turning when tested with these novel 
stimuli it had not previously encountered, including forward-moving 
gratings to one eye and backward to the other eye (FB; Fig. 5B and 
fig. S6, C to F). Presenting these stimuli to real zebrafish (Fig. 5C, 
middle), we observed substantial behavioral differences (fig. S7, A 
and B), suggesting mismatches between the real and simulated neu-
ral architectures.

As expected, the real zebrafish and simZFish1.0 strongly increased 
bout frequencies to binocular forward motion (fig. S7, C to E), and 
monocular forward motion triggered ~50% of the bout rate. How-
ever, in real zebrafish, monocular backward motion induced turn-
ing in the direction of the stimulated eye, indicating that the brain 
interprets this as a turning stimulus despite the absence of formal 
directional information. In the simZFish1.0, these stimuli strongly 
increased turning to the opposite side, predicting discrepancies in 
the neural architecture (fig. S7C). When conflicting forward and 
backward motion was presented to either eye, mimicking rotational 
or shearing motion, the bout rates in real zebrafish remained at near 
spontaneous levels. These behavioral results reveal complex interac-
tions across eyes and motion directions in real zebrafish that were 
not identified before and, therefore, absent from the simZFish1.0 
(fig. S7G). We hypothesized that these discrepancies stem from dif-
ferences in neural response characteristics or connectivity. To im-
prove the simZFish1.0, we recorded neural activity across the brain 
via two-photon calcium imaging in response to all parallel and or-
thogonal stimuli (Fig. 5D and Materials and Methods). Mirroring 
the behavior, we found that some backward-selective neurons were 
suppressed by forward motion to the opposite eye, indicating a neu-
ral mechanism that reduces turning (fig. S8A). Because these com-
putations were not captured in simZFish1.0, we classified all neurons 
into the original overrepresented response classes (Fig. 5E) and ap-
plied unbiased hierarchical clustering to reveal subtypes (Fig. 5F 
and fig. S8B). Notably, the neurons most critical for turning (oB, B, 
Mm, and S) split into forward and backward selective types, with 
additional neurons responding to both and showing suppression 
to the contralateral eye (movie S7). These forward and backward-
preferring subtypes were prevalent across all zebrafish, highlighting 
their importance in motion processing (fig. S8, C to E).

Updating the simulated neural architecture, we incorporated these 
subtypes into the simZFish1.0, drastically improving its behavior 
(Fig. 5G and fig. S7H). Quantitative comparisons of bout probabili-
ties confirmed that the simZFish2.0 functionally replicates real ze-
brafish behavior (Fig. 5, I and J). This iterative process enhanced the 
simulated neural circuit’s accuracy and realism, offering important 
insights into circuit function.

A physical robot performs OMR in a natural river
The complexity of the real world is challenging to replicate in simu-
lation. For instance, real fish in natural rivers experience far richer 
visual inputs than we can simulate, including variations in texture, 
turbidity, and lighting. Real-world fluid dynamics present challeng-
es, such as turbulences and irregular flow patterns. To validate the 
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Fig. 5. Iterative simZFish neural network refinement with new behavioral and neural data. (A) Data-driven strategy to iteratively improve neuromechanical simulations. 
(B) Monocular and binocular forward (teal) and backward (orange) stimulus combinations move parallel to the body axis. Previously, simZFish1.0 had only encountered binocu-
lar FF and BB. Conflicting, shearing combinations of forward and backward (black) to each eye test how these information channels interact. (C) Scatterplots comparing bout 
distributions in response to parallel stimulus set for simZFish1.0 (light red), representative real zebrafish (blue), and simZFish2.0 (darker red). (D) Schematic of two-photon mi-
croscopy to record in vivo neural activity from real transgenic Tg(elavl3:H2B-GCaMP6s) zebrafish while presenting motion stimuli. (E) Representative two-photon image of Pt, 
nMLF, and aHB, overlaid with all detected motion-sensitive neurons as dots, encoding direction selectivity (hue) and activation level (brightness); see the color wheel. Neurons 
responding to leftward (blue) and rightward (red) motion cluster in the left and right hemispheres, respectively. Scale bar, 50 μm. (F) Same brain regions as in (E), overlaid with 
all leftward selective oB type neurons (oBL neurons. n = 394, seven zebrafish). Each is colored on the basis of its class, defined by the hierarchical clustering of each neuron’s ΔF/F, 
shown as a heatmap (right). oBL neurons contain at least forward (oB1L) and backward (oB2L) subtypes. Scale bar, 50 μm. (G) Mean normalized ∆F/F traces of oB1L and oB2L 
neurons in response to the 16 stimuli in real zebrafish (blue) and recordings in simulated simoB1L and simoB2L neurons (red). Shaded area, SEM across neurons. (H) Data-driven 
strategy to update the simZFish1.0 (light red) network with the addition of simulated neurons found in real zebrafish, simZFish2.0 (darker red). (I) Comparison of measured prob-
abilities for forward bouts in real zebrafish, simZFish1.0 and updated simZFish2.0 for stimuli in (B) (legend). Each point is the mean peak behavioral response. simZFish1.0 predicts 
incorrect bout probabilities, repaired in simZFish2.0. (J) Measured probabilities for turn bouts in real zebrafish, simZFish1.0, and updated simZFish2.0.
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functionality of the simZFish neural network in real-world condi-
tions, we implemented it in a real swimming zebrafish-like physical 
robot, ZBot (Fig. 6A).

Although the ZBot would ideally replicate the small size (~4 mm) 
of the larval zebrafish body, current technology does not permit the 
construction of these small robots with the required hardware (cam-
eras, controller, motors, electronic boards, batteries, waterproofing, 
etc.). Thus, our larger-scale ZBot (~80 cm) balances key features of 
real larval zebrafish with technological requirements (fig. S9A). The 
ZBot is equipped with two laterally positioned cameras acting as 
eyes, a series of servomotors moving its tail segments, and a compu-
tational control board with the same neural circuits as the simZFish 
(fig. S9B). We tested the ZBot’s capabilities while suspended in the 
air, swimming freely in clear, stationary water, and navigating a fast-
flowing, shallow river with turbulent, sometimes muddy water.

First, we conducted head-fixed OMR experiments to investigate 
the ZBot’s neural activations to moving gratings (Fig. 6B and fig. S9, 
C and D). Stimulating the ZBot with OMR stimuli displayed on a 
screen, we recorded video from the onboard cameras and the activa-
tion of its artificial neurons (fig. S9E). These controlled experiments 
demonstrate the strong correspondence between the camera views 
of the ZBot and simZFish (Fig. 6, B and C). As expected, we ob-
served comparable neuronal responses across the ZBot, simZFish, 
and real zebrafish, suggesting that the ZBot’s visual processing aligns 
with that of real zebrafish in these laboratory conditions.

To evaluate the ZBot’s swimming capabilities, we released it into 
a stationary lake (fig. S9F and movie S7). Despite the size differenc-
es, ZBot exhibited swimming kinematics similar to that of real larval 
zebrafish, demonstrating realistic bout and glide behavior with pre-
set bout (0.09 Hz) and tail-beating frequencies (1.5 Hz). Each tail-
beating bout phase lasted ~5 s, completing five tail-beating cycles 
(fig. S9, G and H). The ZBot traveled twice as far per bout as the real 
zebrafish, likely because of differences in fluid dynamics. ZBot oper-
ates in a turbulent regime, with a higher Reynolds number (1.35 × 105, 
at 0.15 m/s), experiencing lower viscous drag than real larval zebraf-
ish, which experience intermediate Reynolds numbers of 10 to 1000 
(59) and are influenced by both viscous and pressure drag (60). Be-
cause viscous drag is higher than pressure drag during the gliding 
phase, the comparatively small bodies of larval zebrafish experience 
higher drag while gliding (60), resulting in proportionally shorter 
gliding distances compared with those of the ZBot (fig. S9I). Re-
cordings of the ZBot’s cameras, even in clear waters, emphasized the 
importance of lower visual fields, given that visual features above a 
certain elevation tend to be blurred and saturated by light (Fig. 6C 
and fig. S10A).

To test whether the ZBot can use its OMR network to stabilize its 
position in real water currents, we performed experiments in a nat-
ural river with rich visual scenery and irregular water flow (movie 
S9). We chose a shallow, relatively clear river with sufficiently fast 
water flow to induce OMR by dragging the ZBot downstream. In 
standardized experiments, we always released the ZBot at the same 
location while a remote-controlled drone recorded video of the ZBot’s 
position from above until the ZBot was swept out of the drone’s field 
of view (Fig. 5D). For each trial, we recorded the ZBot’s displace-
ment, its artificial neuronal activation, and its tail angles (Fig. 6E). 
The remotely recorded neural activity demonstrates that the natural 
visual input is sufficient to orient the ZBot upstream, adjusting head-
ing direction with directed turn bouts and increasing forward bout 
frequency when aligned with the direction of optic flow (Fig. 6F). As 

predicted from our simulations (Fig. 3G), the OMR circuit aided the 
ZBot in maintaining its position in the river given that it remained 
in the drone’s field of view notably (57%) longer than when its OMR 
circuit was blinded (cameras off), spontaneously swimming in bouts 
in random directions. Further, the activated OMR circuit allowed 
the ZBot to maintain its position far (188%) longer than drifting 
with motors off (Fig. 6G). The OMR circuit enabled the ZBot to navi-
gate upstream despite the highly variable and blurry visual input in 
the river (fig. S10B). Nonetheless, even with active OMR circuits, 
the ZBot eventually drifted downstream, similar to the simZFish in 
faster virtual water currents. Because the simZFish and ZBot cur-
rently lack any ability for motor adaptation (30), such as adjusting 
their speed to compensate for faster river flow, they are limited by 
their maximal swimming speeds and bout frequencies. Together, 
these results demonstrate that our sensory-driven OMR circuit aids 
the physical ZBot in reorienting its body against the flow to com-
pensate for being dragged downriver.

DISCUSSION
Solving the design principles of brain sensorimotor systems remains 
a challenge that cannot be solved with models decoupled from the 
body and sensory feedback (5, 61). To address this, we developed 
and analyzed zebrafish-inspired neuromechanical simulations and a 
robot, capturing visually evoked locomotion and neural activity. By 
synthesizing empirical neurobiological data into a physics-based 
simulator, we created the simZFish, which accurately reproduces 
body-water interactions, neural circuits, and visual environments 
(Fig. 2). Equipped with realistic brain-scale neural circuits, from 
photoreceptors to motor neurons, the simZFish and the physical 
ZBot generate OMR behaviors similar to live zebrafish (Fig. 3). Our 
findings demonstrate the utility of artificial OMR circuits in fish-like 
simulated and physical bodies for compensating for downstream 
drift (Figs. 3G and 6D). Manipulations to the simZFish exposed how 
embodiment influences neural architecture by permitting access to 
otherwise hidden variables, such as visual input from the fish’s per-
spective, highlighting how sensory morphology shapes emergent 
neural functionality and how the physical properties of visual stimuli 
dictate optimal neural connectivity (Fig. 4). Ultimately, the simZFish 
served as a predictive framework that suggested novel behavioral and 
neural experiments, leading to the identification of neural characteris-
tics critical for biorealistic OMR behaviors (Fig. 5). The physical ZBot 
further validated these neural algorithms in the wild, contributing 
to stabilizing its position in challenging natural environments with 
fast-flowing, turbid water conditions (Fig. 6), reinforcing its poten-
tial for studying sensorimotor systems in real-world environments.

Robots (62) and neuromechanical simulations (63) are increas-
ingly used to investigate specific aspects of adaptive animal behavior 
(5, 64), from insect navigation and lamprey locomotion (5, 11, 63, 
65, 66) to coordination in rodents (9) and humans (67). Here, we 
model the complete sensorimotor transformation, from raw photo-
receptor signals to muscle actuation and the resulting physical and 
sensory feedback loops. The simZFish and ZBot provide open-source 
tools to investigate visuomotor coordination, enabling the explora-
tion of how embodied neural circuits perform in scenarios vastly 
different from those in which they were measured. This approach 
overcomes the experimental limitations of real zebrafish, testing 
functionalities in virtual conditions that are difficult or impossible 
to test in vivo. Although brain scale imaging (25, 30, 68) and causal 
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Fig. 6. A robot with an OMR circuit achieves positional stabilization in natural environments. (A) Photographs of ZBot with three-dimensional renderings of a tail 
segment and a waterproof head segment. (B) Vertically head-fixed ZBot, viewing visual stimuli. Right: Views through ZBot cameras demonstrate the perspective distortion 
effect on orthogonally oriented gratings, 0° or 180°. (C) Aerial view of ZBot in a lake. Right: ZBot camera views show visual input in naturalistic environments. The lower 
visual fields contain visual contrast features crucial for activating the OMR mechanism. (D) Aerial views of ZBot in a natural, fast flowing river, snapshots 5 s apart, zoom-in 
at 60 s. The ZBot was released at same location, with an initial 0° heading direction. Because of water flow, the ZBot eventually drifted out of the field of view as it was 
swept downstream. (E) Time-aligned nMLF, aHB activity, and tail angle corresponding to (D). After a spontaneous bout, ZBot drifts rightward, thus experiencing leftward 
optic flow (blue shading), inducing tail-bending bias to the left and alignment against the water flow direction. (F) Zoom-in on an example of a tail angle change during 
ZBot bouts to the left and right. (G) Bar graphs compare the average time before ZBot leaves the drone’s field of view, with an activated OMR circuit (red, 57.6 ± 13.17 s), 
without OMR (blocked visual input, gray, 37.0 ± 5.72 s), or motors off (light gray, 20.0 ± 1.0 s). ZBot stayed in view significantly longer with an activated OMR mechanism, 
but even random swimming (without OMR) aided its positional stabilization. Error bars represent SD. Undisturbed number of trials: OMR, N = 5, no OMR, N = 8; motors 
off, N = 2. P = 0.0093, Mann-Whitney U test for OMR versus blinded OMR. a.u., arbitrary unit.
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manipulations (69) via optogenetics are possible in zebrafish, they 
are costly and technically challenging, particularly during move-
ment (70). In contrast, simulations are cost effective and allow for 
systematic testing of body or neural connectivity modifications 
(6, 61). The simZFish provides full control over sensory input and 
artificial neurons during free locomotion, offering nearly unlimited 
opportunities to manipulate neuronal properties and physical attri-
butes such as lens characteristics or body proportions (Supplemen-
tary Discussion).

Beyond replicating controlled laboratory experiments, the simZFish’s 
visuomotor circuits are sufficient to reorient upstream (Fig. 3G). Thus, 
this relatively complex behavior can emerge from sensing local optic 
flow, demonstrating that the simZFish generalized to unseen visual 
environments, robustly and autonomously performing rheotaxis (37). 
Although multiple sensory modalities, including mechanosensation 
and proprioception, influence rheotaxis (37, 71), the simZFish cir-
cuits alone can effectively drive rheotaxis if visual information is avail-
able. Demonstrating that vision is sufficient is a challenging and 
nontrivial result, given that isolating one sensory modality while 
deactivating all others is rarely possible in animals.

By systematically analyzing visual input through the simZFish’s 
eyes (Fig. 4), we confirmed that optic flow processing is biased to the 
lower visual field, where most contrast and chromatic content is 
found in underwater habitats (55). Through controlled manipula-
tions of visual input, lens properties, and retina-pretectal connectiv-
ity, we revealed how physical attributes and connectivity influence 
neural activity across the network, behavior, and, ultimately, neural 
circuit design. Specifically, our simulations explain why pretectal 
neurons in real zebrafish preferentially respond to motion in the 
lower posterior visual field (25, 31, 32), because with laterally posi-
tioned eyes, translational, bottom-projected visual stimuli generate 
opposing rotational optic flow patterns (Fig. 4E). Restricting retinal-
pretectal connectivity to only one quadrant may confer computa-
tional advantages, allowing combined processing of forward/medial 
and backward/lateral motions, which drive or reduce locomotion, 
respectively (25). These results, supported by the prevalence of these 
response types in real zebrafish, uncover neural circuit design prin-
ciples influenced by embodiment. Crucially, these insights prompted 
us to use an expanded set of translational stimuli, uncovering dis-
crepancies between the simZFish and real behavior, which directly 
predicted functional neural subtypes with specific stimulus prefer-
ences and circuit layouts (Fig. 5D). Incorporating these neurons into 
the simZFish improved behavioral accuracy and provided a valuable 
strategy for reverse-engineering visuomotor systems, uncovering 
previously overlooked, behaviorally relevant neural computations.

Moving beyond simulations, we constructed a physical robot us-
ing the same artificial neural architecture as the simZFish. Fish-like 
robots have been designed to address questions about swimming 
and sensorimotor coordination (72), tactile feedback (73), lateral 
line sensing (74), vortex phase matching (75), and tradeoffs between 
maneuverability and stability (76). Other non–fish-like robots have 
been developed with biologically inspired visual stabilization, for 
visually guided bee flight (22, 77) and several fishlike robots with 
camera vision (62, 63, 78, 79). Nonetheless, the ZBot is unique in 
using a biorealistic, neurobiologically derived artificial neural archi-
tecture. Investigating the visual input of the ZBot demonstrates the 
complexity of natural visual input, including turbidity, glare, and Snell’s 
window, which limits the field of view underwater because of sur-
face refraction (80). Thus, the physical constraints of the underwater 

environment, and those imposed by embodiment, dictate the design 
of the optimal neural architecture in both real fish and these artifi-
cial agents. The current methods for stabilization in floating robots, 
such as quadcopters and underwater vehicles, often use multiple cam-
eras pointing downward (81). Our zebrafish-inspired artificial neu-
ral architecture, featuring just two laterally positioned eyes, offers a 
bioinspired strategy for stabilizing fish-like robots in fluid flows, 
thereby reducing cost and weight.

Ultimately, our findings demonstrate how neural circuits, body 
morphology, and environmental context interact to shape neural cir-
cuits and adaptive behavior. Future studies should investigate how 
different sensory modalities—such as mechanosensation (82, 83), 
proprioception (84), or cerebral fluid sensors (85)—contribute to 
behavior modulation. Our physics-based simulations also provide a 
platform for investigating neural feedback mechanisms, gain con-
trol (30, 86), and visually guided behaviors, such as predator avoid-
ance (87) and prey capture (88). By reverse-engineering sensory 
processing using end-to-end neuromechanical simulations of real 
animals, future versions of the simZFish could incorporate other 
neurobiological data, such as connectivity mapping via electron mi-
croscopic reconstructions (89), optogenetic manipulations (69), or 
transsynaptic labeling (90). Moreover, the simZFish would benefit 
from machine learning techniques (66, 91), including supervised 
(92) or reinforcement learning (93) of target behaviors. Iterating 
among biorealistic simulations, neurobiological and behavioral ex-
periments, and robotic testing offers great potential to deepen our 
understanding of the neuromechanical principles underlying adap-
tive behavior in biological and artificial agents. Ultimately, this inte-
grated approach lays the foundation for investigating how embodied 
brains evolve to function in dynamic, real-world environments.

MATERIALS AND METHODS
Study design
The overall aim of this investigation was to test whether experimen-
tally derived neural circuits in embodied simulated and physical 
agents can perform complex visuomotor behaviors. The rationale 
for ZBot recordings was to record behavior under comparable natu-
ral conditions in a real-world river. For all zebrafish behavior ex-
periments, we met or exceeded the field’s standard for the number of 
experimental animals (>16) and trial repetitions (>10, >25-s trial 
length); for imaging studies (>7 animals), we met or exceeded the 
standard number of stimulus repetitions (>5). For more details on 
experimental design and methods, see Supplementary Methods.

simZFish physical body hydrodynamics and simulated 
neural architecture
The simZFish was implemented in Webots 2021a (Cyberbotics Ltd., 
Switzerland). We approximated the body dimensions of real larval 
zebrafish (40) (length: 4 mm, height: 0.44 mm, weight: 0.0938 mg) 
and a slightly lower density, 91.5% that of water itself. The simZFish 
contains a head segment with bilateral cameras and pectoral fins, 
followed by six body segments and a tail fin, connected by a hinge 
joint under the actuation of a servomotor. These servomotors are 
designed to rotate to the desired joint angle set by the neural net-
work’s output. To allow the simZFish to perceive simulated visual 
information, the head includes two simulated color cameras with 
no-distortion lenses measuring 120° diagonally, at 1000 frames per 
second (fps), 320 pixel–by–240 pixel resolution, and  ~0.3 retinal 
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degrees. Running at 1000 Hz, the simZFish neural network is com-
posed of visual processing, sensorimotor, and locomotor circuits of 
the simulated spinal cord. These circuits are modeled using rate-
coding neural models, which compute the firing rate of a neuron on 
the basis of a sum of inputs and a sigmoid transfer function (for 
more details, see Supplementary Methods). To present simulated 
visual stimuli to the simZFish, we constructed virtual displays (8 cm 
by 8 cm, 2048 pixels by 2048 pixels). To simulate closed-loop OMR 
experiments for at least 2000 s, the displays showed black and white 
gratings with a spatial frequency of 1 cycle/cm, 10 mm/s, and refresh 
rate of 250 Hz, rotating and moving in lockstep to the simZFish.

ZBot physical construction
The ZBot’s length (~80 cm) and weight (2.7 kg) represent reasonable 
trade-offs between approximating real larval zebrafish morphologi-
cal features and satisfying technical requirements to equip a moving 
fish–like robot with cameras, electronic boards, batteries, motors, 
and waterproofing. The ZBot consists of seven serially connected 
modules and a flexible fin (length: 15 cm; height: 12 cm). These 
modules are 3D printed (polylactic acid, X-Max, Qidi Tech, China) 
and connected by hinge joints, which are actuated by servomotors 
(XM430-W350-T/R, ROBOTIS Co., Ltd., South Korea) and rotate 
horizontally. By controlling the relative rotational angles of each 
joint, the ZBot generates head-to-tail traveling waves. The head module 
(21 cm by 8 cm by 10 cm) contains a computer (Raspberry Pi 4 
Model B, Raspberry Inc., UK) running the simZFish neural cir-
cuitry software. This central controller communicates with serially 
connected servomotors via a USB cable and USB-RS485 converter 
(DYNAMIXEL U2D2, ROBOTIS Co., Ltd., South Korea). The ZBot 
has two laterally positioned, compact (15 mm by 15 mm by 8 mm), 
color-sensitive complementary metal-oxide semiconductor (CMOS) 
cameras (MU9PC-MH, XIMEA GmbH, Germany). Each CMOS 
sensor contains 5 megapixels (pixel size: 1.2 μm; active sensing area: 
5.7 mm by 4.28 mm). Replicating real zebrafish eyes, we installed 
wide-angle (125°), low-distortion lenses (M27289M07S, Arducam, 
China). Matching the spatial (0.5° to 3°) and temporal sensitivity (10 
to 20 ms) of motion detection in zebrafish, each camera operates at a 
resolution of 320 pixels by 240 pixels, frame rate of 50 fps, and fixed 
exposure time of 10 ms using the automatically adjustable gain func-
tion to adapt to a range of ambient light levels. A Lipo battery (11.1 V 
3 s 2500 mAh 30C, nVision NVO1811, Neidhart SA Switzerland) in 
the head supplies power to the sensors, controller, and motors, last-
ing for ~1 hour at full charge. We attached steel weights to the head 
to move the center of mass toward the head. To waterproof the ZBot, 
we applied a coating to the hard head shell. The body is wrapped in a 
thermoplastic polyurethane, ~1-mm thick. A hard shell was attached 
to each segment outside the soft sleeve to ensure that the surfaces in-
teracting with water kept the same form and area, providing a water-
proof, flexible, and consistent robotic morphology.

ZBot OMR in a natural river
To test the ZBot’s ability to navigate in natural waters, we chose the 
river Chamberonne (Lausanne, Switzerland) for its often relatively 
clear water, shallow depth (0.3 to 0.6 m), moderate width (6 m) for 
safe experimental access, and reasonable flow speed of ~0.5 m/s over 
a rocky riverbed. Because rain muddied the water, decreasing visi-
bility, experiments were only conducted if it had not rained in the 
past 5 days. Because the water flow in natural rivers varies rapidly, 
we conducted all experiments within 1 hour on the same day to 

ensure comparable visibility and current velocity. We recorded the 
robot’s position via a drone (Mini SE, SZ DJI Technology Co., Ltd., 
China), hovering at ~12 m above the river (field of view: 15 m by 15 m; 
frame rate: 30 fps; resolution: 2720 pixels by 1530 pixels). Each trial 
started with the ZBot software operator remotely controlling the on-
board ZBot software. For all trials, ZBot was released with the same 
initial upstream heading direction (0°). ZBot recorded artificial 
neural activation internally by writing log files and saving visual in-
put data from the onboard cameras whenever memory constraints 
permitted, terminating each trial after 120 s. Of 29 trials, we includ-
ed 14 trials in the final analysis because the other 16 trials were cor-
rupted because of collisions with the river edge (4 trials), swimming 
upstream out of the drone camera view (3 trials), and failure of 
Wi-Fi communication (6 trials).

Zebrafish
For all live zebrafish experiments, we used zebrafish 6 to 9 days post-
fertilization (dpf), maintained on a 14-hour light/10-hour dark 
cycle at 28.5°C. Embryos were raised in E3 solution (5 mM NaCl, 
0.17 mM KCl, 0.33 mM CaCl2, and 0.33 mM MgSO4) and fed with 
paramecia starting at 4 dpf. For imaging, we used homozygous 
Tg(elavl3:H2B-GCaMP6s) (94) on the Casper background (95). All 
live zebrafish experiments were approved by Duke University School 
of Medicine’s Animal Care and Use Program (IACUC, Protocol 
Registry #A058-24-03).

Optomotor behavior in live zebrafish
We adapted our closed-loop routines to record responses to visual 
stimuli in freely swimming zebrafish (25, 96). Briefly, we recorded 
each zebrafish’s position and orientation from above at 163 Hz using 
a high-speed camera while projecting visual stimuli from below. 
This information was rerouted into our custom 3.7 Python pandas-
tim visual stimulus rendering software to present stimuli to each 
eye, locked to the position and angle of the fish’s body axis to main-
tain a closed-loop configuration. Each trial started with the presen-
tation of 3-s stationary gratings, followed by gratings moving at 
10 mm/s for up to 30 s or until the fish aborted the trial. We removed 
zebrafish from further analysis if there were tracking artifacts or the 
fish did not perform at least one trial of each visual stimulus repeti-
tion. Extracted position and orientation data were further ana-
lyzed to extract individual bouts and compared with behavior of the 
simZFish. Bout extraction and other behavioral analyses were per-
formed similarly to those described previously (25). Average bout 
frequencies were computed over the total stimulus time and are dis-
played as bout angle frequency histograms.

Two-photon calcium imaging in live zebrafish
To record neural activity in live zebrafish, we performed volumetric 
calcium imaging with a custom two-photon laser-scanning micro-
scope at 950 nm (InsightX3, Spectra Physics, USA). Live, transgenic 
zebrafish, Tg(elavl3:H2B-GCaMP6s), were head-fixed in 2% (w/v) 
low–melting-point agarose (Sigma-Aldrich) in E3 medium. We im-
aged an area of ~300 μm by 300 μm with acquisition rates of 0.85 to 
0.9 Hz, eight planes per zebrafish, 5 μm apart, spanning a 40-μm 
volume. We removed zebrafish from further analysis if there were 
imaging artifacts or if the population response in the pretectum did 
not show consistent activation by whole-field visual stimuli. At least 
five repetitions of the 16 binocular and monocular orthogonal and 
parallel moving stimuli were presented with a black bar underneath 
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the fish. Each stimulus lasted 15 s in total, beginning with a 10-s 
stationary period during which the orientation of the grating changed, 
followed by a 5-s moving phase. After data acquisition, uncompressed 
image stacks were movement-corrected using CaImAn, and Suite2p 
was used for source identification and signal extraction (97). Clas-
sification into overrepresented response types was adapted from our 
previous methods (25), followed by hierarchical clustering (SciPy).

Statistical analysis
To compare the behavior of zebrafish and simZFish, the tracking data 
were preprocessed to extract heading angle and x and y coordinates 
of each locomotion bout during visual stimulation. All bouts were 
plotted as histograms across all trials for each stimulus for a repre-
sentative zebrafish (>10 trials) and for the simZFish’s continuous 
2000 s per stimulus experiment (Fig. 3D). Otherwise, simZFish data 
were compared with live zebrafish average behavioral data (N > 16) 
for quantitative comparisons for absolute bout histograms and proba-
bilities, presented as means ± SEM. The Mann-Whitney U test was 
applied to compare the means of ZBot drift times (Fig. 6G). P values 
were used to indicate statistical significance (*P < 0.001).
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