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Abstract

This study introduces a low-cost, open source, immersive Virtual Reality (VR) system designed
to investigate real-time social interactions and collective behaviors in fish. Understanding collec-
tive animal behaviors, such as schooling in fish, presents significant observational challenges due to
rapid and complex interactions. To address these difficulties, we developed an innovative closed-
loop VR environment allowing precise control and measurement of interactions between real and
virtual fish. This setup incorporates high-speed 3D tracking, real-time visual feedback, and auto-
mated data processing, creating realistic and interactive scenarios. We present experimental results,
obtained with Rummy-nose tetras (Hemigrammus rhodostomus), showing that freely moving real
fish consistently adjusted their speed, depth, and spatial positioning to follow virtual fish effec-
tively. Fish matched moderate virtual speeds comfortably, struggled slightly at higher speeds, and
actively maintained vertical positioning to sustain group cohesion. Fish also displayed significant
environmental awareness, adjusting their proximity to the tank walls while maintaining visual con-
tact with virtual fish. The implementation of this VR system provides critical insights into sensory
and cognitive processes underlying collective movement and decision-making in fish. By revealing
both flexibility and constraints in fish behavior, our findings underscore the potential of VR tech-
nology to study social interactions in controlled yet realistic settings. Ultimately, this VR system
advances our understanding of collective animal behaviors and lays a foundation for future studies
across different species, enhancing insights into the neural and behavioral mechanisms of group
dynamics.

Keywords: Collective behavior, Virtual reality, 3D tracking, Fish school, Social interactions, Behavioral
analysis
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1 1 Introduction

2 Understanding collective animal behavior has long been a fundamental goal in behavioral biology and
3 mneuroscience [1, 2]. Fish schools, bird flocks, and insect swarms exhibit remarkable coordination that
4 emerges from local interactions among individuals [3, 4]. These interactions are crucial in shaping
5 movement dynamics, predator avoidance, and decision-making processes in groups [5, 6]. However,
6 studying these interactions in natural conditions presents methodological challenges due to the com-
7 plexity of tracking individual behaviors and measuring their real-time influence on the group. These
8 constraints explain the need to carry out studies in controlled environments to decipher these interac-
9o tions and cognitive processes involved at the individual scale [7-10]. Traditional observational methods
10 and open-loop experimental setups often fail to capture the bidirectional influence between individ-
11 uals and their environment. To address these limitations, virtual reality (VR) systems have emerged
12 as powerful tools to investigate animal perception and behavior, allowing researchers to manipulate
13 environmental variables and control social stimuli with high precision [11].

14 Recent advances in VR technology have enabled the study of visual-motor feedback in fish and
15 other animals under open-loop and closed-loop conditions. For instance, VR studies on fruit flies have
16 provided insights into how insects process visual motion and adjust their flight paths in response to
17 virtual stimuli [12]. VR systems have also been employed to examine goal-driven navigation in zebrafish
18 larvae by linking their tail movements to virtual environments [13]. Similarly, high-resolution VR
19 platforms have been used to analyze neuronal activity in head-restrained adult zebrafish responding to
20 dynamic visual stimuli [14]. Researchers have explored how animals respond to virtual predators, social
21 cues, and environmental changes. For example, using a VR system for studying wild-caught coral reef
22 fish, it has been demonstrated that these fish could distinguish between virtual predators, conspecifics,
23 and non-threatening species [15]. In another study, [16] found that animals in VR, could make complex
24 navigational decisions based on visual cues, shedding light on how sensory information is integrated
25 in the brain. Additionally, VR has been instrumental in studying threat avoidance in humans through
26 the VRThreat toolkit [17]. This software simulates realistic danger scenarios, allowing researchers to
27 examine human defensive behaviors in high-stakes situations. These studies have demonstrated that
28 VR can be effectively integrated with neurophysiological techniques, allowing precise manipulation of
29 sensory inputs and real-time tracking of behavioral responses [18].

30 In this article, we introduce an innovative and low-cost closed-loop VR system specifically designed
31 to study real-time social interactions among fish. Our objective is to demonstrate how this technology
32 allows precise control and measurement of behaviors, providing new insights into the mechanisms driv-
33 ing collective movement. This experimental platform integrates high-speed tracking, real-time visual
34 feedback, and automated data processing to measure how freely swimming fish dynamically respond
35 to computer-controlled virtual conspecifics. By simulating realistic social interactions within a VR
36 environment, our system allows us to quantify the influence of local neighbor interactions on collective
37 movement and decision-making. Unlike traditional open-loop VR systems that impose predetermined
38 stimuli, this closed-loop design continuously updates the visual stimuli based on real-time behavioral
30 feedback, ensuring a dynamic and interactive experimental paradigm [12].

40 One of the key advantages of this system is its ability to simulate controlled yet biologically
41 relevant interactions that influence group coordination. Previous research has shown that synchro-
42 nized movements involve selective social interactions between fish and that vision plays a crucial role
43 in behavioral decisions [19-22]. By systematically varying the behavioral parameters of virtual con-
44 specifics, we can investigate how sensory feedback modulates movement decisions, spatial alignment,
45 behavioral contagion, and leadership emergence within groups.

46 We detail the technical components, validate our closed-loop VR system through controlled
47 experiments, and present preliminary findings obtained with Rummy-nose tetras (Hemigrammus rho-
48 dostomus). This species has a strong tendency to school, with an intermittent swimming mode
49 characterized by alternating bursts and coasting. While our experiments focus on interactions involving
50 one real fish and one virtual fish, the system can easily include several virtual fish and adapt to other
51 species by modifying the 3D shape and color of the virtual fish and their behavioral and swimming
52 patterns. Ultimately, our VR system aims to clarify how freely moving fish perceive and integrate local
53 social cues, enhancing our understanding of collective behaviors at both neural and behavioral levels.
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s« 2 Materials and Methods

55 2.1 Experimental setup

56 The experimental setup is similar to the one used in FishVR [11]. The main differences are a larger bowl
57 to accommodate adult rummy-nose tetras (3 to 4 cm in length) and a single depth camera as a capture
58 device. The acrylic bowl is made by Immersive Display Group, London, UK. It is a subsection of a
50 sphere filled with 15 L of water, resulting in a depth of 14.6 cm and a diameter of 52.2 cm at the water
60 surface. Infrared light for tracking is provided by 8 IR lamps (wavelength of 850 nm) from underneath
61 the bowl. The tracking camera is an Intel RealSense D435 depth camera [23]. It is positioned above
62 the water surface, at 47.9 cm above the center of the water surface. IR filters are applied to the two
63 IR sub-cameras of the camera. A single computer (Dell Precision 3640 Tower Workstation PC with a
64 NVIDIA RTX 3070 graphic card) does all the real-time computations: tracking, trajectory simulations,
65 virtual environment computation and display. A DLP LED video projector (OPTOMA WUXGA)
66 illuminates and displays the virtual environment on the bowl from beneath.

67 Closed-loop interactions between real fish and virtual ones require 3 separate software elements:
68 1. Acquisition and 3D tracking software that gets frames from the Intel RealSense D435 camera and
69 tracks fish positions from them.

70 2. Trajectory simulator that simulates virtual fish behaviors, with or without interactions with real
71 fish.

72 3. Rendering software that displays virtual fish according to the simulated positions and real fish
73 position (to perform anamorphosis rendering).

74 Network UDP requests transfer positions of fish (real and virtual ones) from one software to another.

Fig. 1 Analysis and modeling of interactions between schooling fish in a closed-loop virtual reality setup. (A) Closed-
loop virtual reality setup used to measure and analyze in real time the interactions between fish within a school and their
effects on individual behavior. (B) The virtual reality setup makes it possible to track in real time the 3D movements of
a fish moving freely in a hemispheric tank. (C) These data then feed a mathematical model controlling the behavior and
movement of one or several realistic virtual fish of the same species, the 3D anamorphic image of which being projected
onto the hemispherical screen constituting the tank wall.
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75 2.2 Images acquisition and real-time 3D tracking of fish
76 2.2.1 Images acquisition

77 In our experimental setup, we use an Intel RealSense D435 camera to acquire images of the real fish
78 freely moving in the bowl. This 3D camera is autocalibrated and features two IR cameras, one RGB
79 camera, and a laser projector. For each camera, it provides a video stream and a computed depth map.
g0 The acquisition software is based on RealSense SDK [24] to control the D435 camera and to acquire,
g1 at a rate of 30 to 90 frames per second, both IR frames (left and right) and one depth map aligned
82 with the left IR frame.

83 The 3D tracking software is written in Python and can operate in two different modes:
84 1. 3D tracking directly using the depth map. This offers the advantage of directly obtaining the
85 real-world z coordinate of any tracked pixel (i,5) in the depth map image (the RealSense SDK
86 automatically converts any pixel (7, ) into real-world (z,y, z) coordinates).
87 2. 3D tracking with standard stereo vision using both the IR left and right frames. Each frame is
88 processed with OpenCV [25] routines (mainly masking and background subtraction routines) to
89 isolate real fish pixels.
Tracking using depth map Tracking with stereo-vision
Source Source
IR Frame left 3 IR Frame right
Source
Source +
+ Mask
mask +
OpenCV
computations
IR Frame left IR Frame right
Tracked fish Tracked fish
IR Frame left IR Frame left IR Frame right
Fish position (x, y, z), with z as depth, Fish position (x, y, z), with z as depth, is given by left frame for x, y, and for
is given by depth map z by matching tracked pixels from left and right to compute disparity then
depth according to camera intrinsecs

Fig. 2 Tracking process for the same frame set using D435 camera computed depth map (left) and classical stereo-
vision computation from left and right infrared frames (right).

920 The point in using a depth camera is that all necessary computation to process frames to compute
91 an accurate depth map is within the camera hardware and theoretically much faster than standard
92 computation. Our first data sets showed surprising regular bands in the depth distribution of real fish
93 positions, as if the fish only swam in discrete regular depths. Further investigations have shown that
94 some disparities (disparity refers to the distance (in pixels) between two corresponding points in the
o5 left and right frames of a stereo pair) from D435 seem to be rounded to the nearest integer value, as
96 shown in Fig. 3A. Implementing our own stereovision computation from both IR frames solved the
97 depth distribution problem (cf. Fig. 3A). But, as shown in Fig. 3B, raw depth data is much noisier with
98 stereo vision than data from depth camera. To mitigate this noise, computed depth using stereovision
99 is smoothed with a Kalman filter (as implemented in Python).

100 2.2.2 3D Tracking details

101 Tracking of individual fish is based on the raw data provided by the RealSense camera. Input is
102 therefore 16 bits depth map with a resolution of 848 x 480 for immediate 3D tracking or two 10 bit
103 848 x 480 IR frames for stereo vision. Masking is performed on each data frame so that only targets
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Fig. 3 A: disparities computed with D435 camera (blue) and standard stereovision (orange) for 10 min of tracking data.
B: Raw depth for 1000 frames sample in the same experiment.

104 within the bowl and within the desired depth ranges are considered. From the depth map, filtered data
105 is delivered to the tracker as 3D points or, from the IR frames, as 2D points. Tracking is performed
106 using a Random Matrix Tracker [26], [27]. This specific kind of filter is a derivation of the well-known
107 Kalman filter, most suited to the tracking of targets represented as a point cloud. It is akin to a
108 traditional Kalman filter with the addition of an extension matrix that represents the spread of the
109 point cloud as the tracking goes on. Each target/fish has its own tracker attached.

110 The target is represented by a state vector that contains the target’s dynamics up to a specific
111 order (2 in this presentation : position and speed in 3 or 2 dimensions): 21 = [, #T]T, at time step
12k, where dot denotes derivation with respect to time. The spread is a Symmetric Positive Definite
113 matrix (SPD): the covariance matrix Xj, of the target. The measurement vectors yj, from multiple
114  measurements reflect the position and spread of the target at the time step k. The tracking is performed
115 in the reference frame of the camera image; therefore, the measurement matrix is : H = [I7xq04xd]-
116 The measurement of the point cloud at time k is described as nj points with a covariance Xy :
1 Y ={yl ?i 1- Since the point cloud extension X}, covers the spread of the measurements, we neglect
118 more specific sensor noise. With these settings, the prediction equations become:

Tpik—1 = Frp_qp—1,

T
Prr—1 = FPp_ 1 F +Q,
Xpj—1 = Xp_1jk—1,

=T
Qplp—1 = 2+ exp (T) (Qp—1jk—1 — 2),

119 where 7 is a constant related to the target’s agility (higher 7 means less agile target), T is the time
120 prediction interval, F is the process model that assumes constant speed, and P, Q, and R are the
121 state estimation, process noise and measurement noise covariance matrices respectively, as in a regular
122 Kalman filter. The estimator undergoes next an update step based on measurements.
We start with the estimate of the measurement error variance considering the target spread and
the sensor noise (A is an additional scaling factor),

Yip—1=AXpp-1 + R,
123 then the innovation covariance and Filter gain,

Yik-1
ng ’
Ta-1
Kijk—1 = Prp—1H S5,

Skik—1 = HPy_ H' +

124 and then the remaining steps, which closely follow the conventional Kalman update for the state vector
125 and estimation covariance:

Tk = Thp—1 + Kippo1 (Ve — Hagp_),
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T
Pri = Prpr—1 — Kipp—1Skp— 1Ky 1

where Y}, is the barycenter of the measurement point cloud.

Next, the extension update includes the covariances induced by target dynamics and by measure-
ment noise. The latter is computed explicitly as the covariance matrix of the measurement error with
respect to the estimated state,

Nijp—1 = (Vi — Hagpo1) (Ve — Hage—1) ",
and similarly for the measurement covariance,
Yi = (Y = Yi) (Ve = Y3)"

We now have the necessary building blocks to compute the extension contribution of target’s
dynamics and measurement noise contribution:

. 1 _1 1
Nyjp—1 = X}i\kqsk\quk\k—l( k|k 1) (X 2\1@ 1)
1

3 7 -3 5 \T(x2 T
Yijk—1 = Xk\qukuc 1Yk(Yk\k 1) (ch\k D
Finally, once we have set oy, = agjx—1 + 1k, the final state extension is written as a weighted sum of

the different contributions:

1 ~ N
Xpg = — (ak\k—lxk\k—l + Nigjr-1 +Yk|k—1)
Ak |k

The tracker is initialized with the knowledge of the number v of fishes to track. We assume that
the first dataframe contains each fish visible, preferably separated from each other. The initialization
procedure aims at providing a realistic initial estimate of the position and spread of each fish.

Therefore, the following procedure is repeated for each ¢+ = 1,..., v fish:

1. Select a point from the data frame and initialize the tracker.

2. Select a few close points below on a Cartesian distance Threshold.

3. Repeat until convergence of the state estimate:
(a) Perform a measurement update run of the tracker based on the selected points.
(b) Define a search area with center zk‘k , and covariance o = Xk‘k L+ Pk‘k | +RY
(¢) Add points to the fish based on the Mahalanobis distance:

Shtanalw) = /0 — 2T Xy~ (0 — ),

with a threshold based on desired Chi-squared likelihood.
4. Remove the selected points from the data frame.

Once these steps are performed, the normal tracking loop takes place. Firstly, a prediction step of
the tracker is performed for each target. Next, a new data frame is brought in. Data points are affected
to each target considering the predicted new state m};‘kfl and extension X;dkfl ofeachi=1,...,v fish.
We use a nearest neighbor strategy based on the Mahalanobis distance between the point and each
candidate target/fish. Furthermore, a threshold is applied to a maximal acceptable distance based on
a reasonable size for a fish. Once measurements have been attributed to each target, the update steps
as described above can take place, leading to a corrected state a:k‘ . and extension Xk| , of each fish.
Fish clusters, occlusions and other artifacts might, however, lead to scenarios where, for some time
steps, no measurements are found for one or several targets. Tracking continues for these targets using
the prediction equations only. If the situation persists for too long, a full reset of the filter is performed
following the procedure used for initialization. Previously existing targets are attached to the closest
new target in terms of Cartesian distance and normal tracking resumes.

The tracker operates in real time at a frame rate of 30 to 90 frames per second. In our experiments,
both process and noise covariances are set as identically scaled identity matrices. For each target, filter
settings are as follows: reactivity is set to 7 = 10, the innovation scale factor is A = 1, and agp = 1.
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155 2.3 Trajectories simulator software

156 A C++ Qt [28] application simulates the trajectories of virtual fish. The application collects real
157 fish 3D position and orientation from UDP requests sent by the 3D tracking software (at 30 to 90
158 requests per second) and, for each request, computes in real-time new positions and orientations of
159 each virtual fish according to its simulated behavior. All orientations and positions are immediately
160 sent via the UDP request to the rendering application. In the context of this paper, two behaviors are
161 considered: passive (open-loop) circular trajectories and rhodonea trajectories (see Fig. 4). However,
162 our system also allows for the position and heading of the virtual fish to be controlled in closed-loop
163 by a behavioral model (like the data-driven model of [10] for rummy-nose tetra) exploiting the current
164 position and speed of the real fish. In particular, the parameters of such a behavioral model (comfort
165 speed and depth, strength of the attraction and alignment interactions with the real fish...) can be
166 modified in real-time in the GUI of our VR system (see Fig. 4).

A

B Simution time
30 Model
ank color

Play/Pause

Reset

Fig. 4 Trajectory simulator performing circle (A) and rhodonea (B) trajectories. The GUI allows to visualize in real
time the trajectory of the real and VR fish (in the zy and zz planes), and to modify instantaneously the parameters of
the model driving the VR fish.

167 Circular trajectories

168 Circular trajectories represent a simple behavior in which virtual fish swim at constant speed and
169 constant depth in circles centered within the bowl. The application allows for dynamic changes to the
170 speed, depth, and radius of the swimming circle. Virtual fish position (z,, yn, 2,) is given by

Zp = Reos(wt™), yn = Rsin(wt"), 2z, = 2o,

171 where t" = nAt is the discrete time, w = v/R is the angular speed, R is the radius of the circle, v is
172 the constant linear speed along the circle, and zg is the fixed swimming depth. See Fig. 4A.

173 Rhodonea trajectories

174 A rhodonea (also known as a mathematical rose) is a flat curve that has the shape of a flower with
175 several petals (Fig. 4B). We consider virtual fish performing a rhodonea curve centered within the
176 bowl at a constant angular speed w = v/R and constant depth zy. As before, the application allows
177 adjustments of the maximum radius R of the petals and of the number of petals, determined by n,0q:
178 the number of petals is nyoq if Nroq is 0dd, and 2n,6q if 1104 is even. The discrete position of the virtual
179 fish at time step t™ is given by

Xy, = R cos(Ngoq wt™) cos(wt™),  yn = Rcos(noq wt™) sin(wt™), z, = 2.

150 2.4 VR-Fish rendering

181 A C# Unity [29] application renders the virtual environment and virtual fish. From UDP requests
182 sent by the trajectory simulator (at 30 to 90 requests per second), the rendering application gathers
183 positions and orientations of both real fish and virtual ones. The real fish’s position and orientation
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184 allow for the computation of anamorphic perspective, while the virtual fish’s positions and orientations
185 enable them to be rendered in accurate places in the bowl relative to the real fish. The rendering of
186 virtual fish uses a realistic animated model of the Rummy-nose tetra (Fig. 5).

Fig. 5 (A) Real Rummy-nose tetra, (B) 3D animated model, and (C) anamorphic rendering of the virtual fish projected
onto the acrylic bowl by the rendering application according to the 3D position of the real fish.

187 2.4.1 Calibration and projection mapping

188 The basis of the Fish VR system is to project a rendering of a virtual environment on a surface taking
189 into account the perspective of individuals (anamorphosis) dynamically, using real-time tracking [11].
190 To render this projection of the fish’s point of view accurately, the system’s calibration is critical. This
191 means that the position of the projection screen needs to be known exactly relative to the position
192 of the fish. In the following, the 3D tracker’s coordinate system serves as the reference space for all
193 measurements.

194 The process to calibrate the Fish VR requires one to get the following elements:

195 1. the position and geometry of the projection screen, i.e., the bowl, in the reference space,

196 2. the mapping between the projector’s pixels and their corresponding 3D locations on the bowl’s
197 surface, and

198 3. the position of the water surface in the reference space.

199 Using these calibration data, combined with real-time tracking of the fish, the system can dynam-
200 ically calculate and render the appropriate virtual scene onto the bowl, pixel by pixel, simulating the
201 view from the fish’s perspective.

202 To simplify calibration, the z-axis of the camera is aligned beforehand with the direction of
203 gravity. This is not a necessary step, as the direction of the camera in real space can be recovered
204 from the direction of the water surface. This simplification is allowed by the use of a single camera,
205 compared to previous Fish VR setups [11], and will be assumed for the rest of the calibration.

206

207 3D scan of the bowl

208 The first step of calibration is to recover the position and geometry of the 3D bowl in space. The
209 RealSense D435 is a stereoscopic depth camera that can offer a 3D mesh of the photographed scene.
210 The accuracy of the stereoscopic camera can be increased when used with the embedded projecting
211 laser. The scanning process consists of 5 steps:

212 i) Ten 3D images of the bowl are acquired.

213 ) The images are thresholded by distance to remove objects such as the table holding the bowl.
214 ¢ii) The images are then averaged to reduce the noise.

215 4v) This 3D map is then directly fitted with a sphere.

216 v) A 3D image of this fitted sphere is synthesized 3D image from the point of view of the camera.
217 The geometry and position of the bowl are then acquired, namely, the position of the center of the
218 sphere relative to the camera, Xpowl = (Tbowls Ybowls Zbowl) and the radius of the sphere Rpow ~ 25 cm.

219 Projection mapping on the sphere

220 The second step is to establish a mapping that links each pixel coordinate in the projector’s output
221 image to its corresponding 3D point on the surface of the calibrated sphere (the bowl). Each given
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222 projector pixel coordinate, Ip = (ip, jp), should be associated with the spatial position of its projection
223 on the bowl, xp = (xp, yp, 2p).

224 Mathematical description of the mapping
225  To simplify the calculations in this section, we consider the referential where the bowl is at position
226 Xy = (0,0,0), and the radius of the bowl is R}, = 1 such as:

1
Rbowl

x' = (2',y,7) = (X — Xbowl)- (1)

227 The direction of a light ray coming out of the pixel (ip, jp) of the projected image is given by
wij = (—sin ¢ cos 0}, sin 6}, cos ¢ cosb)), (2)

228 where ¢ = ¢g+iAd, 9;» = 6y+7jA¢, and ¢ and 6 is the direction of the projected image center. Here,
229  Af and A¢ are the differences of angle given by 2 consecutive pixels in the horizontal and vertical
230 directions. Pixels are assumed to be square, so A8 = Adg.

231 Image dimensions are usually even, so that the center of the image is not exactly on one pixel. Using
232 a Full-HD projection, 1920 x 1080, we consider the range of horizontal pixels ip to be [—959.5,959.5],
233 while the range of vertical pixels jp is [—539.5,539.5].

234 The 3D positions x;; in space of each pixel (ip,jp) on the projection screen are defined as:

X;ﬁj = (x;ja y;ja Zig) (3)

235 As these points are distributed on the bowl, we have (xgj)2 = 1 for all ij. The points are related to
236 the position of the projector by the direction of the associated light ray w;;,

Xj; = Xp + dijwij, (4)

237 where d;; is the distance between the projector and the point. Then,
2
(xp + dijwij)” =1, (5)

238 so d;; is given by a second degree equation, whose physically relevant solution corresponds to the
230 intersection point closer to the projector (assuming projection from outside the sphere):

diy = - wi; =/ (- wiy)? = (cp)? 1. ©)

240 Performing the mapping requires to solve Eq. (6) for all the points of the projected image.
241 There are 6 unknown parameters: the three components of the position of the projector xp, the
242 translation of the sphere relative to the center of the image, ¢y and 6y, and the projection scaling Ag.

243 Gathering dataset for the mapping

244 The positions of the projected pixels are measured with the camera using a structured light approach
245 involving scanlines. The process is as follows:

246 1. A mask is generated to identify where the projection hits the bowl. A circular mask on the image
247 by the projection of a fully white image;

248 2. The background subtractor is initialized with the projection of a black image. Multiple images
249 are acquired and are then used to set up a background subtractor (using the MOG2 algorithm);
250 3. Images are captured with a projection of one line of one pixel every 10 pixels, horizontally, then
251 vertically;

252 4. The background subtractor then the mask is applied to the images

253 5. For each combination of a horizontal line (corresponding to ip) and a vertical line (corresponding
254 to jp), the two corresponding images are multiplied. The result highlights the single point of
255 intersection; (ip, jp);

256 6. Their positions on the image are then identified by blob detection;

257 7. Using the synthesized image of the bowl, the real position of each pixel, x;;, is recovered.

258 This dataset of correspondences between projected pixels (ip, jp) and positions in real space x;; is
259 used to fit the mapping.
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260 Parameter Fitting

261 To facilitate the convergence of the non-linear optimization routine used to fit the 6 projector
262 parameters, reasonable initial estimates are generated using the collected data. We proceed as follows:

263 1. An initial guess for the projector’s 3D position is made, typically based on the experimental setup,
264 assuming, e.g., that the projector points towards the sphere’s center from 1.5 m along the z-axis:
xp = (0m,0m, 1.5m). (7)

265 2. The centroid of the observed projected points is calculated, yielding the average location in
266 projector pixel coordinates, ¢ = (cp, ¢y), and its corresponding average 3D position, X,.

267 3. Potential small corrections (d¢,d6) can be added to account for ¢ not being the exact optical
268 center:

¢g=cn+080, 6y=c,+ 0. (8)
269 4. The angular size of a pixel, A¢ (assuming square pixels, Af = A¢), is estimated using the
270 spatial distribution of points around the central point x.. The average spatial distance ds between
271 adjacent measured points near x. is calculated, and A¢ is approximated as the angle subtended
272 by ds at the estimated distance from the projector.
273 These initial estimates provide a starting point for the iterative optimization algorithm, increasing

274 the likelihood of finding an accurate solution for the projector parameters.

275 Identification of the water surface

276~ With the 3D depth camera, the position of the water surface can be easily identified. Once the bowl
277 is filled with 15 L of water, a cardboard plate is put on the water’s surface. Using the mask and a
278 relevant threshold, the position of the cardboard plate can be easily retrieved on the 3D image. The
279 associated point cloud is then fitted with a plane whose parameters are the distance from the water
280 surface to the camera, and the direction of the normal of the plane (co-linear with gravity).

281 Mapping

282 From there, we can create a texture that maps each pixel of the projected image with the normal
283 direction on the bowl. With this map, we need to render for each pixel the direction seen by the fish,
284 taking into account its real spatial position. The process is as follows:

285 1. An omnidirectional camera render is obtained from the position of the fish. 6 cameras pointing
286 in each direction of a cube are combined on a cubemap;

287 2. Using the texture map of the normal of the bowl, the direction seen by the individual is computed;
288 3. Those directions are used to render from the cubemap;

289 4. Finally, the render is then done on a texture, that is recorded by a Full HD orthographic camera.
290 There are additional constraints due to how the fish positions, handled by the CPU, are passed
291 to the shader on the GPU. Data transfer from the CPU to the GPU is slow due to limited memory
292 bandwidth. However, the shader does have access to the position of the object it is attached to. Hence,
293 the rendered texture is carried by the object moving according to the position of the fish. To get this
204 whole process working correctly, the camera rendering to the cube map needs to remain static while
295  all the objects are compensating for the movement of the scene.

296 The dimensioned plan as well as the list of items necessary for the construction of the main frame
297 of the virtual reality are provided in Supplementary information. All software components required
208 for the VR~system —including the acquisition and 3D tracking software, the trajectory simulator that
299 controls virtual fish behavior, and the rendering software that displays virtual fish based on both
300 simulated and real positions— are also provided as open-source tools.

301 This approach is intended to enable the widest possible adoption of this experimental technique
302 to study animal behavior and analyze social interactions, fostering reusability, adaptability, and
303 collaborative improvement within the scientific community.

500 2.5 Experimental procedure and data collection
305 2.5.1 Study species

306 Rummy-nose tetras (Hemigrammus rhodostomus) were purchased from Amazonie Labége in Toulouse,
307 France. Fish were kept in 16 L aquariums on a 12:12 hour, dark:light photoperiod, at 24.9°C (£0.8°C)
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308 and were fed ad libitum with fish flakes. The average body length of the fish used in these experiments
309 is 31 mm.

310 2.5.2 Experimental procedure

311 The experiments reported in this article aim to validate the virtual reality device by demonstrating
312 the effective nature of the interactions between the real fish and virtual fish and by quantifying the
313 behavior of the real fish in response to three behavioral parameters of the virtual fish: speed, swimming
314 depth, and swimming distance to the edge of the experimental bowl. Seven conditions were studied
315 experimentally in which the virtual fish moves along a uniform circular trajectory with constant depth,
316 speed and distance to the edge of the tank (see Table 1). We also studied two additional conditions in
317 which the virtual fish performs a rhodonea curve at a constant speed and constant depth. We performed
318 10 one-hour repetitions for each condition in which the virtual fish performed circular trajectories and
319 5 one-hour repetitions for each condition in which the virtual fish followed a rhodonea trajectory.

320 At the start of each trial, one fish was randomly removed from one of the breeding aquariums and
321 placed in the hemispherical tank of the VR setup. The fish was then acclimatized to the new environ-
322 ment and lighting conditions during a period of 10 minutes before the trial started. The anamorphic
323 image of the virtual fish is then displayed on the wall of the translucent dome in which the fish swims.
324 The 3D tracking of the fish makes it possible to obtain its 3D position in the hemispherical tank which
325 feeds the model controlling the projected image in real time and which is also recorded at a frequency
326 of 30hz. We then let the fish swim and interact with the virtual fish whose swimming speed, depth
327 and distance to the wall of the tank are kept to constant values and only its anamorphic 3D projec-
328 tion changes in real time to take into account the relative position of the real fish compared to that
320 of the virtual fish. Each fish tested under experimental conditions is used at most once a week and in
330 a single trial to prevent any habituation phenomenon.

Table 1 Speed, swimming depth and distance from the wall of the virtual fish in each
experimental condition.

Circular trajectories Rhodoneas
Experimental condition c1 C2 C3 Cé6 Cr C8 (C9 | Rosel Rose2
Speed (cm/s) 10 5 15 10 10 10 10 10 10
Depth (cm) 5 5 5 5 5 35 8 5 5
Distance to the wall (cm) 54 54 54 104 24 55 5 1.4 1.4
number of loops per rotation (n) - - - - - - - 3
total angular period (p) - - - - - - -

331 2.6 Data pre-processing

332 Before the data obtained during experiments can be analyzed, they must be preprocessed. This step
333 ensures that only the periods of time during which fish are active are retained while eliminating errors
334 from tracking. Thus, time intervals during which the fish remain motionless for at least 4 seconds are
335 excluded from the analysis, as well as intervals where the fish’s speed exceeds 25 cm/s, or when the
336 fish swims in a straight line at a constant speed for at least one second.

337 Next, the data are filtered to remove any instances where the fish’s position appears outside the
338 bowl. To obtain trajectories with consecutive temporal data, gaps created by data removal are filled
339 using linear interpolation. However, only gaps shorter than one second are filled this way. Beyond one
340 second, this procedure can no longer be used to reconstruct the trajectory, which remains discontinuous
341 at that point.

342 The trajectories obtained after this step thus consist of multiple segments within which the data
343 remains consecutive. Each segment of a trajectory is then smoothed using a Gaussian kernel smoothing
344 method which helps reduce noise while preserving the essential features of the data:

n

> z[(n+i)At]exp (— (%)2>
z(nAt) = =" —
> exp (- (5)°)

i=—n
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345 where n = 4h/At, so that the exponential is close to zero when ¢ = n. The value of the parameter h
346 is chosen so that the smoothing is as low as possible in order not to average the data, while reducing
347 moise as much as possible.

2 3 Results

349 This section presents a detailed analysis of the fish’s response to the virtual fish along a variety of
350 experimental conditions, with the aim of assessing the robustness and ecological validity of the setup.
351 Figure 6 shows some of the different cases analyzed in detail in this section. Each panel represents
352 the trajectories of both the real and the virtual fish, in red and blue respectively, over one minute.
353 Time is represented on the vertical axis and grows upwards, horizontal position is shown in the xy-
354 coordinates, and color indicates depth (which varies little across cases). In all cases, the trajectories
355 clearly show that the real fish reacts to the virtual one as if it was a real conspecific, staying close and
356 accompanying its motion throughout the bowl.

60 60

[ realfish — |
virtual fish

50 50|

40 40

30 30}

Time (s)

20 20f

Fig. 6 Trajectories of the virtual fish (blue) and the real fish (red) over one minute when the virtual fish swims at a
constant speed at depth z = 5 cm. (A-C) the virtual fish follows horizontal circular paths at a fixed distance from the
wall, 7w = 5.4 cm: (A) v="5cm/s, (B) v=10 cm/s, and (C) v =15 cm/s. (D) Circular paths of smaller radius: v = 10
cm/s, rw = 10.4 cm. (E) Rose curves given by r = pcos(n8/d), with p =19cm, n =3, d =5, and (F) withn =3,d = 1.

357 While the first three panels (Fig. 6ABC) show that the real fish is able to appropriately follow the
358 projected image on the nearest part of the bowl, the fourth panel (Fig. 6D) reveals a crucial aspect of
350 the setup: the real fish positions itself between the virtual fish and the edge of the bowl (see also Fig. 7
360 and SI Video 1). This means that the fish is responding to the anamorphic image projected on the
361 opposite side of the screen, moreover, through the water, as if the virtual conspecific was perceived as
362 being clearly inside the bowl —a remarkable phenomenon, given the significant distortion introduced
363 by the water.

364 This observation is significant for two reasons. First, it confirms that the optical setup generates
365 a convincing illusion of the presence of a conspecific. Second, it shows that the fish interprets the
366 projected image in a biologically meaningful way: it responds not merely to local visual cues, but to
367 the coherent representation of both the typical size and behavior of a conspecific, maintaining typical
368 distances and relative positioning as it would with a real partner.

369 We now take a closer look at each condition to see how the fish’s response depends on the different
370 parameters.

;71 3.1 Behavioral response of real fish to the circular movement of a virtual
372 fish

373 We impose a constant circular motion on the virtual fish and focus on three parameters characterizing
374 its behavior: the speed vy, the depth zyg, and the horizontal distance to the edge of the bowl, denoted
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Fig. 7 A 3-seconds Sequence showing the real fish (indicated by a white arrow) following the anamorphic projection of
the virtual conspecific. The appearance of the virtual fish is adapted in real time so that the real fish swimming along
the edge of the bowl on the left has the illusion that the virtual fish is swimming nearby and to its right.

375 by rvF. The latter refers to the distance to the wall, commonly used in studies of fish behavior in quasi
376 two-dimensional setups. As we will show, real fish tend to preserve their swimming depth, making it
377 more appropriate to characterize the proximity to the bowl’s wall by using the horizontal distance
378 rather than the cylindrical distance from the edge of the sphere.

379 We perform three sets of experiments, varying one parameter at a time along three values, while
380 keeping the others constant. Note that the intermediate case is the same in the three cases.

3s1 3.1.1 Impact of swimming speed of the virtual fish on the behavior of the real fish

382 We first examine the effect of varying the swimming speed. Three swimming speeds of the virtual
383 fish are considered: vyp = 5, 10, and 15cm/s, while the depth and the distance to the wall are kept
334 constant at zyp = 5cm and 7YF = 5.4cm respectively. These cases correspond to the trajectories
385  shown in Figs. 6ABC.

386 In each case, the real fish (RF) adjusts well to the virtual fish (VF), with the peak of the probability
387 density function (PDF) of its speed coinciding with the value of the virtual speed for the two slower
388 conditions (Fig. 8B). The mean speeds of the real fish are 6.3, 9.4, and 11.7 cm/s, respectively. For the
389 slowest case, the RF tends to be faster than the VF, while for the highest speed, the PDF peak shifts
300 slightly to the left, around 14 cm/s, and a secondary bump appears near 5cm/s, indicating occasional
391 much slower responses, which could be due to a loss of contact or to a difficulty to maintain such a
392 high speed.

393 The distance of the real fish to the virtual one remains consistent across the three cases, with the
304 peak of the distance PDF located at d ~ 2.5cm (Fig. 8A), although the long tail in the three cases
305 shows that fish can be quite distant. Similarly, the real fish maintains a nearly constant depth of
306 approximately z & 4.5 cm, slightly above the virtual fish (Fig. 8C), but occasionally fall at zgr ~ 10 cm.
397 Figures 8D and 8E show the relative position of the real fish in the reference frame of the virtual
398 fish, placed at the origin and with its velocity vector pointing towards the positive values of the y-axis.
3909 Figures 8D corresponds to the zy-plane, while Figures 8E shows the zz-plane. These plots confirm
400 that the real fish stays close to the virtual fish: at low speed, it is slightly in front; at medium speed, it
401 is equally likely to be ahead or behind; and at high speed, it is often behind and slightly closer to the
402 center of the bowl, i.e., farther from the wall. In all cases, the real fish tends to swim slightly above
403 the virtual fish. At high speed, some trajectories extend as deep as 6 cm below the virtual fish.

404 In the light of these average values, the trajectories shown in Fig. 6ABC can be interpreted as
405 follows: when the virtual fish swims at 5cm/s, the real fish is faster and turns around the virtual fish,
406 going back and forth as if it were waiting for it. When the VF goes at 15cm/s, the RF mostly follows
407 it but tends to shortcut and describe circles of smaller radius, occasionally skipping a full turn and
408 waiting for the next pass of the VF. The intermediate speed of 10cm/s seems to correspond to the
400 speed of comfort of the real fish when interacting with a virtual conspecific.

410 These results show that the real fish is strongly attracted by the virtual fish, and consistently seeks
411 to stay nearby.
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Fig. 8 Probability density functions (PDF) of (A) the distance between the real fish and the virtual fish, (B) the
swimming speed of the real fish, and (C) the swimming depth of the real fish, for 3 values of the swimming speed of
the virtual fish: vygp = 5, 10, and 15cm/s. The virtual fish (VF) swims at constant depth and distance to the wall in all
cases, zyp = bcm and r‘\N/F = 5.4cm respectively. (DE) Relative position of the real fish in the reference frame of the
virtual fish for the three swimming depths, in (D) the zy-plane and (E) the zz-plane. The virtual fish is located at (0, 0).
The y-axis points in the direction of the fish and the z-axis is perpendicular to the fish and points outward from the bowl.

412 3.1.2 Impact of swimming depth of the virtual fish on the behavior of the real fish

413 We now consider three depths of the virtual fish, zygp = 3.5, 5, and 8cm, and constant speed and
414 distance to the wall vygp = 10cm/s and 7y, = 5.4cm respectively. In all three cases, the real fish
415  maintains the same average distance to the virtual one, as shown in the three PDFs of the distance
416 between fish, all sharply peaked at d = 2.5cm (Fig. 9A). Similarly, the real fish closely matches the
417 speed of the virtual fish, with the three PDFs nearly symmetric and centered at vy (Fig. 9B). The
418 same imitation pattern is observed in the PDFs of the depth (Fig. 9C), with the real fish swimming
419 practically at the same depth as the virtual one, slightly above it (as already observed in the speed
420 variation experiment), except in the deepest case. There, the fish’s maneuverability and range of depth
421 choices is limited by the reduced vertical space, only 3.5 cm, while the body height of H. rhodostomus
422 is approximately 0.5 cm. Despite that, the variation towards greater depths remains similar across all
423 three cases, with variability in depth selection rarely exceeding +1.5 cm.

424 The deeper the virtual fish swims, the less space the real fish has to stay at the same depth. Thus,
425 the greater the depth, the smaller the average distance at which the real fish stays from the virtual one:
426 7.97, 7.83, and 6.25 cm, for zyp = 3.5, 5, and 8 cm, respectively. The z-range around the virtual fish
427 covered by the real fish, indicated by the radius of the density maps in Fig. 9EF, reaches around 38 cm
428 in the less deep cases, but only 15cm when the virtual fish is at 8 cm depth (see the region of high
420 density in blue and red in the color maps). Despite this, the peak of the PDF of the distance between
430 fish remains unchanged across depths, indicating that the real fish maintains the same typical distance
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Fig. 9 Probability density functions (PDF) of (A) the distance between the real fish and the virtual fish, (B) the
swimming speed of the real fish, and (C) the swimming depth of the real fish, for 3 values of the swimming depth of
the virtual fish: zyg = 3.5, 5, and 8 cm/s. The virtual fish (VF) swims at a constant speed vyrp = 10cm/s in all cases,
and at a distance from the wall 7¥F = 5.5, 5.4, and 5cm for each depth respectively. (DE) Relative position of the real

w

fish in the reference frame of the virtual fish for the three swimming depths, in (D) the zy-plane and (E) the zz-plane.
The virtual fish is located at (0,0). The y-axis points in the direction of the fish and the z-axis is perpendicular to the
fish and points outward from the bowl.

431 to the virtual fish. Finally, the asymmetry of the PDF of the depth zyr = 8 cm, with a longer tail
432 toward deeper values, is explained by the limited space available below the virtual fish at that depth.

433 3.1.3 Impact of distance to the wall of the virtual fish on the behavior of the real
434 fish

435 In the third experiment, we used three values of the distance between the virtual fish and the wall,
436 ry¥ = 2.4, 5.4, and 10.4 cm, while keeping constant the virtual fish’s speed and depth at vyr = 10cm/s
437 and zyp = 5cm respectively.

438 As in the previous cases, the real fish tends to adopt the same behavioral patterns than the virtual
439 fish when the setup geometry allows it. The separation between fish is again the same in the three
440 conditions, with the peak of the three PDFs of the distance between fish consistently located at 2.5 cm
441 (Fig. 10A). The velocity and depth of the real fish are again symmetric curves respectively centered in
422 vyp (Fig.10B) and zyr (Fig.10C), with, as before, a slight preference for being positioned above the
443 virtual fish.

444 The high peak of the PDF of the distance between fish when the virtual fish is farther from the wall
445 is due to the fact that in that case the maximum available distance for the real fish is reduced. The
446 diameter of the small circle of the sphere at depth z = 5cm is approximately 40 cm; since the virtual
447 fish is at about 10cm from the wall, the real fish can only move as far as about 30 cm. This is also
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Fig. 10 Probability density functions (PDF) of (A) the distance between the real fish and the virtual fish, (B) the
swimming speed of the real fish, and (C) the swimming depth of the real fish, for 3 values of the distance to the wall
of the virtual fish: T'V\;F = 2.4, 5.4, and 10.4cm. The virtual fish (VF) swims at constant speed and depth in all cases,
vyr = 10cm/s and zyg = 5cm respectively. (DE) Relative position of the real fish in the reference frame of the virtual
fish for the three swimming depths, in (D) the zy-plane and (E) the xzz-plane. The virtual fish is located at (0,0). The
y-axis points in the direction of the fish and the z-axis is perpendicular to the fish and points outward from the bowl.

448 visible in the radius of occupancy of the real fish around the virtual one (Fig. 10E). When the virtual
449 fish is the closer to the wall, there is practically no room for the real fish between the virtual one and
450 the edge of the bowl. In contrast, when the virtual fish swims at 10.4 cm from the border, the real fish
451 stays more frequently closer to the virtual one (the color map far from the virtual fish is clearer than
452 when rYF = 5cm), and often swims in the region between the virtual fish and the wall, as shown in

w
453 Fig.6D, demonstrating the effectiveness of the anamorphic projection on the opposite side of the bowl.
454 Similarly to what was observed in the condition closest to the surface, the fact that the virtual fish

455 is very close to the limits of the swimming space (delimited by the edge of the bowl and the surface
456 of the water) does not perturb the preference of the real fish when it is positioned at the side of the
457 virtual fish where these limits have no effect.

5 3.2 Behavioral response of real fish to the motion of a virtual fish along
459 rose-like trajectories

460  We now explore how the real fish responds to more complex trajectories of the virtual fish, specifically,
461 two rhodonea trajectories given by the parametric equation r = p cos(nf/d), where (r,8) are the polar
462 coordinates, with p = 19c¢m, n = 3 and d = 5 (Fig. 6E) and n = 3 and d = 1 (Fig. 6F and SI Video
463 2). We fix the speed and depth of the virtual fish to 10cm/s and 5 cm respectively, the intermediate
464 values used in the previous circular experiments. The interest lies in how the fish reacts as the virtual
465 fish transitions from moving along the edge of the bowl to traveling through its interior, where water
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distortion can have stronger effects on the image perceived by the fish, and with a varying curvature
of the trajectory, particularly in the d = 1 case, where the petals are sharp and pointed, introducing
abrupt changes on the projected image of the virtual fish. These trajectories are particularly demanding
for the fish, as they often cross the central part of the bowl, where the anamorphic image projected
on the screen is subject to considerable optical distortion due to the wider amount of water from the
edge of the bowl.
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Fig. 11 Behavior of real fish when following the virtual one along rhodonea trajectories. (AD)Rhodonea trajectories
of three petals. Red line: trajectory of the virtual fish. Density map: positions of the real fish. (A) Rose 1, wide petals
(n=3,d=1), (D) Rose 2, narrow petals (n = 3, d = 5). (B) Probability density function (PDF) of the distance between
fish along Rose 1 (magenta) and Rose 2 (brown) trajectories. (C) PDF of the speed of the real fish in each rose. Vertical
blue dashed line: speed of the virtual fish. (E) PDF of the depth of the real fish in each rose. Vertical blue dashed line:
depth of the virtual fish. (F) PDF of the angle with which the virtual fish is perceived by the real one, multiplied by the
sign of the virtual fish direction of rotation (—1 for clockwise, +1 for counterclockwise).

Despite this challenge, the density map of Rose 1 (Fig. 11A) clearly matches the trajectory of the
virtual fish, with three broad and smooth lobes corresponding to the three rose petals. This indicates
that the fish is able to accurately follow the virtual fish even under strong visual distortion. In contrast,
the trajectory described in Rose 2 (Fig. 11D) has narrower petals, requiring sharper turns from the real
fish, and the density map is less defined, suggesting that the real fish has more difficulty in following
the virtual one.

In Rose 2, the green areas indicate that the fish spends more time near the tips of the petals, where
it slows down to perform the turning maneuvers. The central green region is simply explained by the
geometry of the trajectory: the fish crosses the center three times more often than the outer tips, a
pattern that also happens in the red regions of the density map of Rose 1.

In both roses, the real fish maintains similar distances to the virtual fish as those observed in circular
trajectories, with a peak of the PDF at the same value, 2.5 cm, although of smaller size (Fig. 11C).
This means that the real fish swims slightly farther away than in the circular cases. Comparing the
roses, there is a slight tendency to keep a greater distance in Rose 2, likely due to the sharper turns.

Also, in both roses, the fish is able to adjust to the speed of the virtual fish, with both PDFs of
the speed centered on vy, but wider than in the circular case, showing that following these irregular
paths is more demanding in terms of speed adjustment. Moreover, the peak of the curve of Rose 1 is
further to the right, indicating that the fish swims faster when following smoother turns.

Finally, there appears to be no significant differences between the PDFs of the depth for the two
roses; both curves are almost symmetric and centered very slightly to the left of the expected depth
of 5cm.

Fig. 11F shows the PDF of the angle 9™, defined as the angle with which the virtual fish is perceived
by the real one, multiplied by the sign of the direction of rotation of the virtual fish (—1 clockwise,
+1 counterclockwise). In both roses, once the direction of rotation is given, the virtual fish always
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406 has the wall at the same side along the whole path of the rose: to its left during clockwise motion,
407 and to its right during anticlockwise motion. This allows us to cumulate the experiments performed
408 in both directions and reveal the lateral positioning of the virtual fish with respect to the real one.
409  Both PDFs show that the real fish tends to position itself so that the virtual fish remains in front of
500 it, as shown by the peaks at ¥+ ~ 0. More interestingly, both PDFs are quite asymmetric, revealing a
501 robust behavioral preference: the real fish tends to position itself on the inner side of the path of the
502 virtual fish. In other words, regardless of the rotation direction, the real fish places itself on the side
503 of the virtual fish towards which the latter is turning.

s 4 Discussion

505 Understanding how animals interact socially is a long-standing goal in behavioral research. However,
506 studying these processes in real time is often difficult. Traditional methods struggle to capture the
507 complexity of live interactions and cannot easily manipulate environmental factors. In this work,
508 we present and validate a low-cost, immersive virtual reality (VR) system designed specifically to
509 investigate real-time social interactions between fish. We show that this system allows a real fish to
510 swim freely while interacting with a computer-generated virtual fish whose behavior can be precisely
511 controlled. The VR setup uses closed-loop feedback, meaning that the virtual fish responds to the real
512 fish’s movements in real time.

513 Our results show that real fish adjust their swimming speed depending on the speed of the virtual
514 fish. When the virtual fish swims slowly, real fish often moves faster, sometimes circling and waiting for
515 it. At intermediate speeds, real fish synchronizes more closely, and at higher speeds, they sometimes
516 struggled to keep up, resulting in shortcuts or pauses. This shows that real fish are sensitive to the
517 movement speed of their virtual partners and modify their own behavior accordingly. It also suggests
518 that real fish prefer to maintain proximity to conspecifics moving at naturalistic speeds. Previous
519 studies in live groups also indicated that matching speed is critical for coordination, and these results
520  strengthen that conclusion by isolating the interaction to a single partner [30, 31].

521 We also find that real fish tended to swim at about the same depth as the virtual fish, usually
522 slightly above it. Even when the virtual fish swims deeper or closer to the surface, the real fish adapts
523 remarkably well. However, when the virtual fish moves very close to the bottom, real fish have less
524  vertical room to maneuver, resulting in slightly reduced matching. These results demonstrate the
525 real fish’s strong ability to track vertical position, even under spatial constraints. To determine their
526 swimming depth, it has been shown that fish use the rate in change of pressure mediated by changes
527 in swim-bladder volume, together with their vertical speed [32].

528 Our results further reveal that the spatial context, particularly the distance of the virtual fish to
529 the tank wall, significantly shapes real fish behavior. When the virtual fish swims closer to the wall,
530 real fish follows it tightly. When the virtual fish swims farther from the wall, real fish maintains the
531 same close distance but sometimes maneuvered between the virtual fish and the wall. This shows
532 that real fish perceive and adapt to environmental constraints while trying to stay close to a social
533 partner. Moreover, these results highlight the effectiveness of the anamorphic projection: fish behaved
534 as if the virtual conspecific was physically present in the water, even when distortions could have been
535 expected. This spatial flexibility echoes findings from studies on collective navigation in open water,
536 where environmental features modulate but do not eliminate social attraction [33].

537 Finally, our results demonstrate that real fish were able to follow complicated paths such as
538 rhodonea (non-circular) trajectories surprisingly well. When petals were broad and smooth, fish tracked
539 the virtual fish closely. When the path required sharper turns, fish performance declined somewhat,
540 with real fish lagging or showing wider turns. Still, the basic tendency to follow remained strong.
541 This indicates that the VR setup can be used to study not only simple pursuit but also more intri-
542 cate forms of social tracking. These results suggest that fish can integrate more complex motion cues
543 than previously thought. In natural settings, this ability likely supports following in rapidly changing
544 environments, such as evading predators or tracking group members in turbulent flows.

545 In summary, our study shows that a simple, low-cost VR system can effectively create realistic
546 social interactions between real and virtual fish. Real fish responded dynamically to changes in virtual
547 fish speed, depth, distance from the wall, and trajectory complexity. They showed remarkable behav-
548 ioral flexibility and consistency, even under visual distortions or challenging movement patterns. The
549 system’s closed-loop design was essential, ensuring that virtual stimuli adapted to real fish movements,
550 making the interactions genuinely interactive. This platform opens new possibilities for studying how
551 sensory inputs drive social decisions at fine scales. It may also serve as a model for future work combin-
552 ing VR, brain imaging, and genetic tools to uncover the neural basis of collective behavior [34, 35]. It
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553 demonstrates how low-cost, accessible technologies can significantly advance our understanding of ani-
554 mal social cognition. Ultimately, our findings may have broader implications for the fields of robotics,
555  artificial intelligence, and swarm intelligence, where biological principles of collective motion inspire
556 novel engineering solutions [36, 37].
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