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Abstract

In the field of collective behavior group-level phenomena emerge from inter-
actions between individuals. To study inter-individual rules the Landgraf lab has
built a robotic guppy that replaces live animals in the shoal, RoboFish. The pri-
mary purpose of this thesis is to examine if the pair interaction behavior of female
guppies can be learned by recurrent neural networks via supervised learning and
to develop the software components required to have the RoboFish system run
the resulting models in the real world. Two distinct datasets are studied and
RNN models trained to try to imitate the behavior seen in them: One dataset was
synthetically generated from a simple deterministic model as a baseline and one
was captured from live fish. Training different kinds of RNNs on the datasets
revealed a capability of a simple stacked RNN to learn swarm behavior, further
improved upon by putting a ConvLSTM input network in front of it. I was also
successful in showing that a more complex network was able to learn some basic
interaction behavior as seen in real fish.
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1. Introduction

1 Introduction

Collective behavior in animals appears to show common characteristics across many
different species [20]. It is thus not unreasonable to assume that research into the
behavior of one species showing collective behavior, such as guppy fish, can lead
to a better understanding of collective behavior in general and potentially provide
insights into the behavior of other collective species that we may not be able to study
in a laboratory setting, e.g. due to ethical considerations.

Traditional investigations into collective animal behavior have been coined by min-
imalistic models with rules handcrafted by researchers in order to see what the least
complex model would be that can capture the characteristics of what makes the ob-
served behavior collective (see [9], [14], [20]).

These models have the benefit of being easy to understand and implement, but
while they have been successful in approximating characteristic swarm behaviors seen
in many different species (see [20]), they have so far not been able to account for
individual-specific behavior. The principal reason for that is that there are a multitude
of sources for variations in behavior: Personality differences between animals and
physiological conditions such as hunger or fatigue, for example. How these affect
the rules underlying animal behavior (both on an individual level as well as on the
collective result) is not understood.

The still continuing advances in computational power over the last decade make
another approach ever more feasible, however: Handcraft only a few peripheral com-
ponents and have the central part(s) of your model be parameterized by a neural
network. Whether you then choose to use traditional supervised learning methods or
opt for more novel approaches such as reinforcement learning, it is still easier to try
to transfer your results to other lines of inquiry (e.g. to different species).

In this thesis I aimed to apply these advances to the study of both swarm and fish be-
havior. In section 2, I first review similar work and clarify where and how this thesis
differs from it. After that in section 3, I take stock of the state of the RoboFish system1

as it pertains to this thesis, what kind of model I designed to fit with it, and what
the most important modifications to it were that needed to be made. Section 4 then
explains how data for the swarm model was generated and how data from live guppy
fish (poecilia reticulata) was captured and processed. Following that section 5 details
the supervised learning experiments performed and presents, as well as discusses,
their results. Finally, section 6 provides a summary of the results and an outlook over
possible improvements and further experiments.

1Fish tank with observation camera, two-wheel robot pulling in-tank fish dummy from below via
magnetic coupling, and associated software
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2. Related Work

2 Related Work

There have been several different approaches for predicting fish locomotion.

In Eyjolfsdottir et al., 2016 the authors applied GRU RNN networks to fly locomo-
tion and handwriting prediction. As this publication was the principal motivator
behind my thesis it is unsurprising that I adopted many of their design decisions,
such as the raycasting based view vectors, feeding the model its the locomotion from
the previous time step as an explicit input, and the discriminator/generator network
architecture. The key difference is that fish in general are inherently more complex
organisms than flies.

In Khan and Zhang, 2017 the authors used an LSTM RNN to predict fish locomo-
tion. In their model, however, the locomotion is based on an eight cell grid projected
around the agent’s current position; the agent can only move from its current position
into one of those cells. The agent’s orientation is not being modelled. Its network
input also only models wall distance and current fish heading, which means it cannot
be used to model fish interaction.

In Girdhar et al., 2015 the authors constructed a backbone/spline model for zebrafish
and successfully trained a custom neural network model via a genetic algorithm to
reproduce the same postural space as live zebrafish. Their model, however, does not
attempt to learn interaction between fish, the training data is always of a fish swim-
ming alone.

In Cazenille et al., 2017 the authors trained a custom stochastic model on zebrafish
and used a design similar to RoboFish to show how a dummy fish controlled by that
model was able to move together with groups of live zebrafish without it being ap-
parently rejected by them.

In Iizuka et al., 2018 the authors trained a three layer feedforward neural network
with ReLU cells on lampeye fish data, which was then able to reproduce the same
kind of swarm behavior seen in live lampeye fish. Their sensory input, however, con-
sists of the full, distance-sorted pose information for the three nearest neighbor fishes,
which makes the task to learn significantly easier.

2



3. Infrastructure and model

3 Infrastructure and model

This section describes the relevant parts of the preexisting RoboFish infrastructure,
the model chosen for supervised learning, and any resulting required modifications
to the infrastructure.

3.1 Preexisting infrastructure

The RoboFish system (see [19]) consists of an obstacle-free 100 cm× 100 cm fish tank
in which live fish and fish dummies can be placed for experiments. To mimic the lo-
comotion of a live fish the dummy is pulled by a two-wheel robot from below the fish
tank via magnetic coupling. The robot’s wheel speeds are controlled via Wi-Fi using
the RoboTracker software (see [3]), which receives positional and directional informa-
tion about fish in the tank from the BioTracker software (see [1]). Different behavioral
models for the RoboTracker are implemented as dynamically loadable plugins using
the (abbreviated) C++ interface shown in Figure 1, where IBody specifies the position
and orientation of a fish (live or dummy) in the tank, and RobotAction specifies a
single action the robot is required to perform (see [2]).

IBehavior
nextSpeeds(robots: List<IBody>, fish: List<IBody>) : List<RobotAction>

Figure 1: IBehavior (old)

3.2 Model

For the purposes of this thesis it was decided to use an agent-centric model using
recurrent neural networks (RNN) similar to the one used in [10] as I was interested to
see whether their results with flies would translate to more complex organisms. As
a result of this the model is inferred for one timestep at a time, predicting the next
agent locomotion. It is furthermore important to note that the model is strictly two
dimensional due to the design of the RoboFish system.

The model receives as input the handcrafted feature vector xt consisting of three
components: The locomotion ~lt−1 performed by the agent to reach time step t from
time step t − 1 (see subsubsection 3.2.1), the view of other agents ~vagents,t the agent
has at time step t (see subsubsection 3.2.2), and the view of (fish tank) walls ~vwalls,t
the agent has at time step t (see subsubsection 3.2.3). The latter two are represented
as separate channels of information to the model in order to enable having different
parameters for their respective raycasting; also, we know that guppies can distinguish
between other guppies and the walls of the fish tank. What this means in practice
can be seen in Figure 2, which shows a screenshot taken from the Trackset2 Viewer
tool3 in which which you can see a schematic of a track at some time step t together

2One track (time series of poses) per agent
3Developed by me for this thesis to facilitate exploration and qualitative evaluation of tracksets
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3. Infrastructure and model

with a visual representation of each agent’s view vectors4 shaded in the same way as
detailed in subsubsection 3.2.2.

Figure 2: Trackset viewer example

There were two apparent methods to model the prediction of the locomotion vec-
tor components:

1. Predict a gaussian mixture for each component

2. Predict a multinomial distribution for each continuous component

The first of these options would require 2× k learnable parameters per locomotion
component with k being the number of chosen normal distributions, while the second
option would require n learnable parameters per locomotion component with n being
the number of bins the component is discretized with. It should be noted, though,
that the minimum k required for successful training is likely low enough for the
first option to still be preferable in terms of parameter count. Another advantage of
the first option would be the lack of fixed minimum and maximum values for each
locomotion component, which would restrict the model less in what it can learn. The
principal advantage of the second option, however, is that while k would need to be
manually fine tuned, reasonable values for minimum and maximum values, as well
as n can be extracted for each component from the input data. In accordance with the

4left half: view of agents, right half: view of walls
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3.2 Model

initial decision to see if the results of [10] could be transferred to guppies I decided
to use the second option. That means the output of the model is one multinomial
distribution per locomotion component.

3.2.1 Locomotion

As shown in Figure 3 I defined the locomotion an agent can perform between two
time steps as the following pair based on observed real guppy locomotion:

• The angular turn va in radians for the change in orientation

• The linear speed vl in cm for the forward/backward motion, which is the change
in position projected onto the new orientation with the dot product.

As a consequence of this, the model cannot represent lateral motion, but since (1)
the two-wheel robot in use by the RoboFish system would not be able to reproduce
such motion, and (2) I did not observe any guppy actually performing such lateral
movement (see captured videos of live fish) I do not consider this to be an issue.

vl

va

t-1

t

Figure 3: Agent locomotion between two time steps

3.2.2 View of agents

The sensory information an agent receives about other agents can be considered a
minimalistic virtual eye: Given a field of view (fov), a number of discretization bins
n, and a maximum viewing distance (far_plane), the fov is separated into n sectors,
whereafter each sector is searched for the closest other agent within far_plane dis-
tance; the distance to each such found agent is then linearly scaled (normalized) from
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3. Infrastructure and model

a [0, f ar_plane] distance value to a [1, 0] intensity value and placed in the correspond-
ing bin, which means the closer another agent is the higher the resulting value. Sectors
with no other agent closed than far_plane in them have an intensity value of 0. Fig-
ure 4 shows a schematic of this process for an fov of 180◦and 3 sectors with the sectors
shaded from white (intensity = 0) to black (intensity = 1).

Figure 4: View of agents raycasting: 180◦fov, 3 sectors

3.2.3 View of walls

The sensory information an agent receives about the walls of the fish tank are raycast
in a similar fashion to the view of agents, with the key difference being that instead
of having sectors in which the closest of multiple agents is searched for, rays are
directly cast at the walls of the fish tank. The distances on each of those rays are
then calculated and normalized into intensity values the same way as is done for the
view of agents (using a shared value for far_plane). Figure 5 shows a schematic of
this process for an fov of 120◦and 3 rays, which also show cases that when both of the
view vectors are of the same size5 the wall rays split each agent sector in half.

5Number of agent sectors equals number of wall rays
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3.3 Required modifications

Figure 5: View of walls raycasting: 120◦fov, 3 rays

3.3 Required modifications

The principal issue with the existing infrastructure was that it did not allow for a robot
behavior to specify allowed time steps between successive nextSpeeds calls. This was
not acceptable since my RNN model was going to be implicitly trained on a single
time step: The one between two successive frames in the training examples shown to
it. To address this, these two changes were made to the interface (see Figure 6):

1. The supportedTimesteps methods was added so a behavior can notify the Robo-
Tracker which time steps (in milliseconds) it supports; an empty list signals that
any time step is acceptable.

2. The nextSpeeds method received an additional timeStep (in milliseconds) param-
eter so the RoboTracker may decide which of the supported time steps it wishes
to infer for.

It is thus the responsibility of the RoboTracker to

• Only call nextSpeeds with a supported time step6

• To schedule the next call to nextSpeeds after the amount of time specified in the
previous call’s timeStep parameter has passed

6Violations may result in undefined behavior
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3. Infrastructure and model

IBehavior
nextSpeeds(robots: List<IBody>, fish: List<IBody>, int timeStep) :

List<RobotAction>
supportedTimesteps() : List<int>

Figure 6: IBehavior (new)

The next issue was that there was no suitable existing RobotAction capable of turn-
ing my model’s locomotion predictions into motor speeds. To address this, I added a
new action called RobotActionTurningForward that takes two parameters on construc-
tion:

• turn, which is the angular component of the locomotion (in radians)

• forward, which is the linear component of the locomotion (in centimeters)

Given the distance in centimeters between the center points of the two robot
wheels (wd) and the time step in milliseconds the motor speeds are then calculated
as follows:

forward’← forward× 1000
time_step

turn’← turn×wd× 1000
time_step

left speed← forward’ +
turn’

2

right speed← forward’− turn’
2

This means that when executing an action from the model the robot will drive an
arc of length forward with a curvature such that turn is the difference between the start
and end orientations of the robot. While this implementation is slightly different from
the previous definition of locomotion shown in Figure 3 it does not require splitting
a single model prediction into multiple sequential robot actions and thus also avoids
the potentially complex time scheduling that would require. Due to guppies most of
the time either turning in place or moving forward (see videos) this should not pose
an issue with a low enough time step value.

8



4. Data acquisition

4 Data acquisition

This section describes how the synthetic couzin data set was generated and the live
fish data set was captured and processed.

4.1 Synthetic data

The model used in this thesis to generate synthetic collective behavior ("couzin"
model) is largely the same as the one described in [9]. The principal difference is
that in addition to the three interaction zones present in the original I added fourth
zone, the zone of (tank) wall repulsion (zowr), which has the highest priority: Each
tank wall has a repulsion vector that is directed orthogonally away from it. Whenever
the agent has at least one wall in this zone the target direction vector is the sum of all
of those wall repulsion vectors whose respective wall is within the zone.

Of the four distinct behaviors described in [9] the two of most interest to me
with respect of trying to have an RNN learn their rules were the torus behavior (see
Figure 7) and the dynamic parallel group behavior (see Figure 8). Out of those two I
decided to focus on the torus behavior due to time constraints, selected appropriate
parameters for it (see Table 1), and generated synthetic tracksets for it with a simple
simulation loop. It should be noted that agents are spawned uniformly accross the
tank, except a 20 cm wide area from each tank wall7, with uniformly distributed
orientations. I chose to generate a dataset containing 120/number of agents 30 second
tracksets each for 1, 2, 4, 6, and 8 simultaneous agents at 25 frames per second; this
amounts to 450000 individual frames per dataset. This dataset was then split into
training / validation / test data sets with a 0.8 / 0.1 / 0.1 distribution.

Parameter Value
Zone of wall repulsion 20 cm

Zone of (agent) repulsion 1 cm
Zone of orientation 4 cm
Zone of attraction 40 cm
Field of perception 300◦

Turn rate 45◦

Speed 8 cm/s
Direction error (standard deviation) 0◦

Table 1: Couzin model parameters for torus behavior

4.2 Live data

4.2.1 Organism and video capture

The fish used were from the same stock of originally wild-type guppies as detailed in
[6] and were maintained in the same kinds of conditions, though it should be noted

7So agents are not spawned such that they cannot avoid crashing into the walls
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4. Data acquisition

Figure 7: Example frame: Couzin torus behavior
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4.2 Live data

Figure 8: Example frame: Couzin dynamic parallel group behavior
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4. Data acquisition

that by now they have been bred in laboratory conditions for several more generations.

For each captured video the following process was followed:

1. Scoop two female guppies from the aquarium of fish who have never before
been in the fish tank with a hand net and place them in a small container

2. Transfer that container to the experiment fish tank

3. Start the video capture

4. Move the fish from the container into the experiment fish tank with the hand
net

5. Close the fish tank roller blinds so the fish cannot see outside the tank

6. Capture video for at least 10 minutes

7. After capturing, with the hand net move the fish into the container again

8. Take a picture of the fish in the container alongside a ruler to establish their size

9. Move the fish into the second aquarium of fish who have already been into the
experiment fish tank once

The videos were captured by a Basler acA2040-90um camera with a resolution of
2048× 2048 pixels at 25 frames per second8, and example frame of one such video is
shown in Figure 36.

4.2.2 Pose extraction

Given that my model requires pose information (position and orientation) and does
not receive raw visual data as input the videos need to be processed to be of use.
While it would have been preferable to use the existing BioTracker [1] platform for this
there was no available tracking plugin for it that did not yield unacceptable levels of
identity switches9. Since I did not believe it to be feasible for me to hand correct all
the tracksets after such an erroneous extraction I searched for automated open source
solutions.

What worked out well for me was the idtracker.ai software [24], which I used as a
black box system that I gave each video as input and received detected fish as accurate
contours without any observed id switches for each frame in each video as output.
After that I extracted the pose information from each such contour as follows:

1. Pass the contour through a one dimensional gaussian filter (σ = 10)

2. Calculate the curvature of the resulting smoothed contour

3. Find the two biggest local maxima of the curvature; due to the form of guppies
as seen from above these match extremely well with the tail end and the tip of
the snout of the corresponding fish

8Equal to a time step of 40 milliseconds
9Fish A suddenly being reported as fish B and vice versa
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4.2 Live data

4. Calculate the fish position as the centroid of the subset of the contour within 20
pixels of the tip of the snout

5. Remove camera distortion(s) from fish position and tip

6. Transform from the camera coordinate system in pixels to the RoboFish world
coordinate system in centimeters (origin being at the top left)

7. Calculate the fish orientation as the normalized vector from fish position to-
wards fish tip

For any instance where the contour for a fish was missing or the above process
failed (e.g. due to not enough local maxima being detected) the fish pose was linearly
interpolated from previous and subsequent frames. If there are no previous frames to
interpolate from the frame is dropped. Both the amount of frames that needed to be
interpolated like this (< 1 percent per video) and the mean length of contiguous series
of such frames (< 100 milliseconds in all videos) were considered to have negligible
impact on the viability of the data for supervised training.

4.2.3 Finalization

The standard supervised learning of RNNs I employ requires unrolling them in the
temporal axis to some fixed sequence length. While this still allows for having dif-
ferently sized training examples (by slicing them into different amounts of such fixed
sequences) I also wanted to employ the common optimization technique of mini-
batching [21]. This requires that all those examples that may be batched together be
of the same overall temporal length (before sequence slicing), as the state of the RNN
needs to be retained between sequences of the same example.

This requirement, however, is not fulfilled in the live dataset after pose extraction:

• The captured videos do not all have the same length

• Using the idtracker.ai software often requires removing an untrackable prefix of
the video

• Pose extraction may cut off another prefix as previously detailed

In addition to these factors the fish sometimes do not start moving at all for an ex-
tended period of time after being placed into the tank. As this initial behavior is not
of interest to me w.r.t. swimming of and interaction between fish I also cut off the pre-
fixes of the tracksets after pose extractions such that at least one fish was exhibiting
absolute linear speed above 2 cm / s after a gaussian filter (σ = 5). At this point the
live dataset consisted of 579212 individual frames with a distribution of track lengths
shown in Figure 9.

In order to best fulfill the above requirement, the tracks need to be sliced into sub-
tracks of equal total temporal length (so any example may be batched with any other
example). This has the disadvantage of losing any temporal dependency between sub-
track boundaries, which means there are two parameters to optimize: The amount of

13



4. Data acquisition

total frames lost should be minimized (more training data) and the subtrack length
should be maximized (more temporal dependencies that can be learned). The rela-
tionship between the two can be seen in Figure 10. After balancing the two against
each other I decided to settle for a subtrack length of 8990 frames, which results in a
frame loss of 9.98%. This means at best roughly 6 minutes worth of temporal depen-
dencies can be learned from the dataset and the finalized total amount of individual
frames in the dataset is 521420. This dataset is then split into training / validation /
test data sets with a 0.8 / 0.1 / 0.1 distribution.

Figure 9: Distribution of live trackset lengths
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4.2 Live data

Figure 10: Number of frames lost by subtrack slicing
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5. Experiments

5 Experiments

This section describes, present the results of, and discusses the experiments per-
formed.

5.1 Behavior quantification

In order to quantify the observed behavior I decided on using the following non-
standard measures in addition to the basic measures of interindividual distance (iid),
linear speed, and angular speed:

Definition. For two agents a and b, let the follow measure f ollow(a, b) be the dot product of
the a’s velocity and the normalized direction from a’s position to b’s position.

The follow measure was initially designed for the not yet published Mönck et al.
[23] and is only being reused here.

It is maximal if a currently moves towards b, and minimal if a moves away from
b.

Definition. For two agents a and b, let the time lagged velocity correlation tlvc(a, b, τmin, τmax)

be the mean of the dot products of a’s velocity and b’s future velocities, starting at τmin seconds
in the future and stopping at τmax seconds in the future.

The time lagged velocity correlation was designed by me with inspiration from
Bierbach et al, 2018 [6].

It is maximal if b is fully aligned with a over the future time window given by τmin
and τmax and minimal if b is fully aligned in the opposite direction as a over that time
window.

5.2 Network training

All networks presented were implemented using the MXNet machine learning library
[8] and trained with the Adam optimizer [18] using mini-batches randomized at ev-
ery training epoch. Recurrent states were zero initialized. To mitigate the effects
of vanishing/exploding gradients [15] I chose to employ layer normalization [4] on
all LSTM cells. To achieve better generalization10 I also chose to employ variational
dropout [11] on all LSTM cells.

The following measures are used when discussing the training process:

Definition. Loss refers to the mean of the cross entropies [13] between the network’s locomo-
tion predictions and the actually correct locomotions in the training/validation data.

Definition. Accuracy refers to the mean of individual locomotion 0/1 accuracies, which re-
flect whether the network correctly predicted a locomotion bin as given by the training/valida-
tion data.

Definition. Confidence refers to the mean of individual locomotion confidences, each of
which reflect the highest prediction probability per locomotion component.

10Mitigate overfitting
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5.3 Couzin torus behavior

5.3 Couzin torus behavior

As the couzin model is low in complexity I chose to start training on the couzin
torus dataset with a stacked LSTM network followed by a fully connected output
layer. The training parameters are listen in Table 2. The view vector values were
arbitrarily chosen, whereas the far plane matches the diagonal of the tank11. The
number of linear speed bins was chosen such that their width (and thus the maximum
continuous error on correct bin prediction) is less than 5% of the linear speed (see
Table 1). The number of angular speed bins was chosen such that there are at least 10
bins within the high density area of their distribution (see Figure 11). The number of
hidden units and recurrent layers were chosen arbitrarily.

Parameter Value
View of agents 300◦, 21 sectors
View of walls 180◦, 15 rays

Far plane 142 cm
Angular speed -0.75 - 0.75 radians/frame, 217 bins
Linear speed -0.32 - 0.32 cm/frame, 41 bins
Hidden units 10
LSTM layers 1

Table 2: LSTM torus: Model parameters

Parameter Value
Target accuracy 99%
Sequence length 75 frames

Batch size 10
Dropped cell input 0%

Dropped recurrent state 10%

Table 3: LSTM torus: Training parameters

As can be seen in Figure 12, the loss converges extremely fast after only a few
epochs and the training terminates early after reaching the selected target accuracy
(see Figure 13) with a high confidence (see Figure 14). Thus, for simulation purposes
the last epoch was always chosen. These figures show that the network performs
better on the validation data set than on the training data set. This is highly unusual
and could result from the network learning (or overfitting on) only a subset of the
training data that happens to line up well with the validation data set. To investigate
this cross-validation should be employed, which I refrained from doing due to time
constraints.

In order to determine whether the network was actually able to learn the torus
behavior instead of overfitting I first simulated a single agent (see Figure 15) for 3
minutes in the same manner as described in section 4. It shows the network generally
favoring curved trajectories as opposed to the straight trajectories the actual couzin

11So no agent is too far from another to see it
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5. Experiments

Figure 11: Couzin torus: Angular speed distribution
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5.3 Couzin torus behavior

Figure 12: LSTM torus: Loss progression

Figure 13: LSTM torus: Accuracy progression
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5. Experiments

model would yield. It does, however, generally try to avoid the tank walls and does
not simply keep rotating around some center point, both of which I consider to be
positive indicators on the network having learned the torus behavior.

After that I simulated multiple agents with the simulation parameters as detailed
in section 4 for the input data.
Comparing Figure 16 with Figure 17 shows the network concentrating too much on
the tank center, which to me indicates that regardless of whether the interaction com-
ponent of the behavior was learned, the network also learned the much easier task of
being near the center of the tank. Further investigations into this might try to replace
the linear scaling of the wall view vector with an exponential scaling as was done in
Eyjolfsdottir et al., 2016 [10]. Another approach would consist of placing convolu-
tional layers, standard or LSTM [25], as a view network in front of the current action
network.

Comparing Figure 18 with Figure 19 shows a similar correlation of proximity to
both following and avoiding another agent; further comparing Figure 20 with Fig-
ure 21 shows similar correlations between agent proximity and velocity con- and
divergence over the next second. I consider both of these positive indicators that basic
interaction rules of the couzin model were successfully learned by the network. One
major difference is that while the couzin model has a peak IID of about 2 cm, the
network peaks at about 20 cm. One possible explanation for this would be that the
network has only partially learned the rules behind the torus behavior: Enough to

Figure 14: LSTM torus: Confidence progression
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5.3 Couzin torus behavior

attract agents towards each other and react to each other, but only within the bounds
of being a certain distance near the center of the tank. Another possibility is that
the network has learned the 20 cm zone of border repulsion from the training data
as applying to both the walls and other agents. Further investigations into this peak
were not done due to time constraints.

In an attempt to improve upon the above results I decided to implement the view
/ action network split mentioned in the above. In this setup the two view vectors
are stacked, not concatenated, and then given as the input to a convolutional LSTM
(ConvLSTM) layer with each view vector being an input channel. As a consequence
of this, both view vectors must be of equal size. After going through the ConvLSTM
layer the output is then flattened and concatenated with the locomotion input. That
vector then is the input to the action network, which is again a single layer LSTM. The
parameters used match those already detailed in Table 2 and Table 3, except the view
vectors. View of agents now has a granularity of 150 sectors (same field of view), and
view of walls has rays going through the center of view of agent’s sectors (298◦field of
view, 150 rays); also, the ConvLSTM layer has 8 output channels and kernel size (input
to input and input to hidden) 9. The training progression can be seen in Figure 22,
Figure 23, and Figure 24. It is not surprising that the addition of a ConvLSTM layer
and a steep increase in raycast input significantly increases the required number of
epochs. The training was stopped early after 25 epochs due to time constraints and
the last epoch was chosen for simulation purposes.

Figure 15: LSTM torus: Single agent tank trajectory
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Figure 16: Couzin torus: Average tank positions
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5.3 Couzin torus behavior

Figure 17: LSTM torus: Average tank positions

Figure 18: Couzin torus: Follow / IID
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Figure 19: LSTM torus: Follow / IID

Figure 20: Couzin torus: TLVC / IID (0s ≤ τ ≤ 1s)
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5.4 Live fish behavior

A 3 minute single agent simulation of the new network shows a remarkably stabi-
lized trajectory (see Figure 25) and simulations with multiple agents12 show a slighly
decreased concentration on the tank center, both of which I consider positive indica-
tors for the viability of the view / action network split.

Further investigations into this were not feasible due to time constraints.

5.4 Live fish behavior

Due to the unknown internal complexity of the guppies’ internal behavior I trained
networks with many different combinations of model parameters, as shown in Table 4.

Parameter Value range
Action network Stacked LSTM, Eyjolfsdottir[10]

Hidden units 10 - 100
LSTM layers 1 - 3

ConvLSTM layers 0 - 2
ConvLSTM output channels 8, 16, 32

ConvLSTM kernel sizes 5, 9, 21

Table 4: Explored model parameters

Simulations on such trained models were then performed as follows: One trackset
was uniformly chosen from the validation set. For each agent in that validation track-
set13 a network agent was created and spawned with the same initial position and
orientation as in the validation trackset, after which the simulation loop previously
mentioned was run.

12Same simulation parameters as in section 4
13Always 2

Figure 21: LSTM torus: TLVC / IID (0s ≤ τ ≤ 1s)
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Figure 22: ConvLSTM+LSTM torus: Loss progression

Figure 23: ConvLSTM+LSTM torus: Accuracy progression
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5.4 Live fish behavior

Figure 24: ConvLSTM+LSTM torus: Confidence progression

Figure 25: ConvLSTM+LSTM torus: Single agent tank trajectory
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Figure 26: ConvLSTM+LSTM torus: Average tank positions
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5.4 Live fish behavior

The networks were then qualitively compared against each other based on how
realistic the behavior observed in those simulations appeared to me and a representa-
tive network was chosen. This network’s model parameters are shown in Table 5. The
training parameters are the same as in Table 3 and the training progression can be
seen in Figure 27, Figure 28, and Figure 29. The loss progression shows three similar
local optima on the validation set: At epochs 13, 16, and 20. Furthermore, training
and validation performance start to diverge after epoch 16. These two together sug-
gest to me that the network is overfitting on the training set after epoch 20. Thus,
epochs 13, 16, and 20 are the most interesting ones in terms of learning, which lead
me to examine those three with the same measures used for the networks trained on
the couzin torus behavior. For each examined epoch 20 10 minute simulations were
done with initial poses from the test set14.

Parameter Value
View of agents 300◦, 150 sectors
View of walls 298◦, 150 rays

Far plane 142 cm
Angular speed -3.14 - 3.14 radians/frame, 43 bins
Linear speed -3.38 - 3.38 cm/frame, 91 bins

Action network Eyjolfsdottir
Hidden units 100
LSTM layers 2

ConvLSTM layers 1
ConvLSTM output channels 8

ConvLSTM output kernel size 9

Table 5: Live fish network: Model parameters

When comparing the different epochs shown in Figure 30, Figure 31, and Figure 32
with the real fish behavior shown in Figure 33, Figure 34, and Figure 35 it becomes
apparent that the network first learned some fish interaction and to avoid the tank
walls, but not where in the tank the fish generally prefer to be in. When it then starts
learning that the fish generally prefer to be near the tank walls it loses a significant
part of the learned fish interactions. Why the follow and tlvc differences between sim-
ulated and real fish are so noticeable before that switch in learning direction remains
unknown. One possibility could be that the network did not receive enough training
data. Another that the instances of important changes in interaction between fish are
far outweighed by the general "swimming about" seen in the training data. I believe
further investigations into this would thus benefit greatly from capturing much more
live fish behavior and training on only "interesting" subtracks; this was not done due
to time constraints.

14Same as above with the validation set
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Figure 27: Live fish network: Loss progression

Figure 28: Live fish network: Accuracy progression
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5.4 Live fish behavior

Figure 29: Live fish network: Confidence progression
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Figure 30: Live fish network: Average tank positions at epochs 13, 16, and 20
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5.4 Live fish behavior

Figure 31: Live fish network: Follow / IID at epochs 13, 16, and 20
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Figure 32: Live fish network: TLVC / IID (0.3s ≤ τ ≤ 1.3s) at epochs 13, 16, and 20
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Figure 33: Live fish: Average tank positions

Figure 34: Live fish: Follow / IID
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Figure 35: Live fish: TLVC / IID (0.3s ≤ τ ≤ 1.3s)
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6 Conclusions

In this thesis I was able to train an RNN to successfully imitate the behavior of the
deterministic couzin model. Furthermore, I was able to train another RNN to partially
imitate fish behavior. To the best of my knowledge this is the first work that has done
either. I was not, however, able to fully imitate fish behavior, which is why further
study of this subject is necessary.

Unfortunately, I was - due to time constraints - not able to run the trained RNNs
in the real world with the RoboFish system and capture data on how they interact
with live guppy fish. Had I been able to do so I would have liked to have humans
try to distinguish the real from the robot fish based on their trajectories. Future work
should strive to employ such tests.

Given how many different hyper parameters need to be carefully chosen when
dealing with neural networks it is also always possible to try out a different design,
or to further refine the current one.

6.1 Gaussian mixtures

While multinomial prediction of locomotion has been shown to be a viable path, the
number of bins required were significantly larger (over 300 bins for live fish locomo-
tion) than initially expected and the model inference speed could thus profit from
using gaussian mixtures as the locomotion prediction instead. This would be of even
greater impact should one wish to infer the network on embedded hardware.

6.2 No locomotion input

In the current design the network receives the old locomotion explicitly at each infer-
ence step. It would be interesting to investigate the consequences of removing those
inputs and instead only providing the network with the current sensory input (view
vectors). Intuitively, this should make the learning task harder, since there’s more
information the network has to encode the recurrent states.

6.3 Outline-based raycasting

The raycasting currently only uses agent positions without any information about
agent orientation, shape, or size (limitation of the RoboTracker software). This nec-
essarily puts a severe limit on what the network can actually learn, since e.g. if the
difference in interaction behavior between two sets of fish pairs is due to their in-
dividual shape or size differences there is no way for the network to know this. It
should prove beneficial to at least raycast against agent outlines instead of their raw
positions.

6.4 Attention-based models

While standard RNNs have been the state of the art when it comes to temporal series
prediction for a while now, recent advances in attenion-based models have shown
both the viability of attenion-based RNNs [5] and attention networks [26] for machine
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translation tasks. It would be interesting to examine if these advances translate to fish
locomotion prediction.
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6.4 Attention-based models

List of Abbreviations

RNN Recurrent neural network
LSTM Long short-term memory
ConvLSTM Convolutional LSTM
TLVC Time lagged velocity correlation
IID Interindividual distance
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B. Appendix

B Appendix

The data is available in [22].

The source code is available at
https://git.imp.fu-berlin.de/bioroboticslab/robofish/mm_master

The official thesis source code git commit is
c2e0375d2e5f7722eb78a00b38c58185b261a824

The QR code combining the above is as follows:

Figure 36: Example frame: Pair of live fish
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Video Fish A Fish B
CameraCapture2019-05-03T11_22_33_8108 22.54 28.45
CameraCapture2019-05-03T14_58_30_8108 23.93 23.26
CameraCapture2019-05-03T15_46_57_8108 22.58 22.82
CameraCapture2019-05-06T11_20_16_8108 25.54 23.61
CameraCapture2019-05-06T11_44_55_8108 23.89 22.74
CameraCapture2019-05-06T14_05_36_8108 24.56 21.08
CameraCapture2019-05-06T15_30_28_8108 26.97 22.16
CameraCapture2019-05-06T16_21_16_8108 26.95 25.40
CameraCapture2019-06-20T15_35_23_672 24.51 21.79
CameraCapture2019-06-20T16_13_11_672 24.74 26.43

CameraCapture2019-06-27T15_23_01_9052 20.23 19.87
CameraCapture2019-06-28T11_24_26_9052 18.20 19.34
CameraCapture2019-06-28T11_57_23_9052 17.52 17.37
CameraCapture2019-06-28T13_14_08_9052 20.49 19.88
CameraCapture2019-06-28T13_58_01_9052 17.97 18.82
CameraCapture2019-06-28T15_02_41_9052 15.15 17.87
CameraCapture2019-06-28T15_40_01_9052 33.10 23.04

Table 6: Observed fish standard lengths in millimeters
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