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Abstract— Recently, learning-based controllers have been
shown to push mobile robotic systems to their limits and
provide the robustness needed for many real-world applications.
However, only classical optimization-based control frameworks
offer the inherent flexibility to be dynamically adjusted during
execution by, for example, setting target speeds or actuator
limits. In the context of energy-efficient operation this flexibility
is critical as it enables a control strategy where the robot
uses its full performance only in emergency scenarios and,
in all other cases, operates with derated actuators to reduce
power consumption. We present a framework that adds this
functionality to neural controllers by conditioning them on an
auxiliary input controlling the maximum thrust available to the
controller. This advance is enabled by including a feature-wise
linear modulation layer (FiLM). To demonstrate our controller,
we use model-free reinforcement-learning to train quadrotor
control policies for the task of navigating through a sequence
of waypoints in minimum time. Experiments in simulation
and in the real-world show that a single control policy can
achieve nearly time-optimal flight at maximum thrust as well
as in a derated-operations scenario where only 25% thrust is
available. At the lowest thrust setting the policy takes 2.25
times longer to complete the waypoint sequence compared to
continous operation at maximum thrust, but the average power
draw is over 5 times lower compared to the fast run.

I. INTRODUCTION

Recently, learned controllers have become extremely pop-
ular in the mobile robotics community due to their success
in a variety of complex real-world tasks, such as legged
locomotion in challenging environments [1], underground
exploration [2] and autonomous drone racing [3]-[5]. In
all the aforementioned works, neural-network controllers
outperform their classical model-based counterparts both in
terms of performance and success rate but they are trained
to overfit on a narrowly defined task. Consider, for example,
a mobile robot tasked with time-optimal navigation: using
model-predictive control (MPC) it would be straightforward
to limit the maximum acceleration during deployment by
adjusting the actuator constraints inside the model [6]. This
allows the controller to maximize the range and endurance
of the UAV. However, most neural controllers cannot be
regulated and naively adding an additional input to the
learned policy may not lead to the desired performance.
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Fig. 1.  Conditioning a control policy for agile quadrotor flight on an
auxilliary input can be achieved through a FiLM architecture [7]. There,
the intermediate activations of a policy that directly maps observations to
control commands are linearly transformed based on the conditioning signal
supplied by the user. In this work, we study conditioning on the maximum
thrust-to-weight ratio available to the controller as this has large impact on
the energy efficiency of the UAV.

This paper proposes an approach to alleviate the drawback
of rigid task execution of learning-based controllers by
conditioning the control policies on an auxiliary input which
can influence the neural controller as shown in Fig. [T} This
conditioning is crucial to enable energy-efficient operation,
as the learned controller enables derating the motor thrust
and only utilize the actuators full potential when a high-
level controller (human, planner) deems it to be necessary.
In our waypoint flight experiments, the conditioned policies
decrease the average power draw five times and yield a
more than two-fold improvement in energy consumption per
pathlength.

Training an embodied agent that can react to user inputs
is a difficult endeavor as it requires to learn an entire
distribution of policies, as opposed to learning a static policy
that maps sensory observations to actions. In the context
of mobile robotics, to the best of the authors’ knowledge,
only one prior work [8] exists where conditioning has been
applied for three discrete user inputs: a remote-controlled
car is trained to either turn left, go straight, or turn right
at intersections by using a control network with a shared
encoder and three disjoint network heads that are selected
based on the operator’s input.
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Fig. 2.

Overview of the different architectures for conditioning of neural networks commonly found in literature. Boxes in gray represent optional

components that can also be replaced with a direct connection. The variable o denotes some vector of observations (e.g. the system state) supplied to the
policy. The conditioning signal is denoted by ¢ and the output of the network (e.g. control action) is denoted by a.

A. Contribution

We present the first learning-based controller for an au-
tonomous agile quadrotor where the vehicle’s maximum
thrust-to-weight ratio can be influenced through a continuous
conditioning input supplied by a user. This advance is made
possible by integrating a modified version of the feature-wise
linear modulation layer (FiLM) [7] into the neural network
controller, which is trained using model-free reinforcement
learning. We demonstrate the applicability of our proposed
method in real-world experiments where the continuous user
input regulates the desired agility level. We show that policies
which are conditioned to fly with variable thrust-to-weight
ratios can reduce the power consumption to 1/5 compared
to a maximum-thrust policy. When comparing a conditioned
policy to a policy that is overfit to fly at maximum thrust,
we observe a less than a 2% performance difference between
them. Therefore, the conditioning proposed in this work
enables energy efficient flight while retaining the ability to
push the vehicle to its limit when desired.

II. RELATED WORK

Outside the field of mobile robotics, conditioning neural
networks on auxiliary user inputs has been studied in recent
years for a variety of applications. However, in the context
of this work, it is more informative to compare the works in
terms of the architectures they leverage to condition their
networks. Figure |2| presents a summary of the common
approaches found in literature.

The conceptually simplest approach to conditioning neural
networks is shown in Fig. 2](a) where the conditioning signal
¢ is simply appended to the policy observation o [9].

The multihead (b) and multipolicy (c) architectures shown
in Fig. 2] are very similar. In a multihead network all
heads operate on the same latent representation produced
by a shared encoder 7gpreq- A subsequent multiplexer then
selects one of the heads based on the current task signal.
The multi-policy approach with a subsequent interpolation
layer presented in [10], [11] is very similar. However, no
shared encoder is used and the multiplexer is replaced by
an interpolation module. The latter enables this approach
to handle continuous task signals as the individual control
actions by the respective policies are combined smoothly.

A novel approach to conditioning a network that does
not require training separate heads nor performs naive in-
put feature concatenation presented in [7]. Their proposed
feature-wise linear modulation (FiLM) layer is illustrated in
Fig. 2]d). The idea is that a FILM layer is inserted between
two layers of an existing network, effectively splitting the

original network into two parts m; and 5. The activations
of the first part 7; are passed through the FiLM layer which
applies an affine transform with trainable parameters v; and
~2. The transformed activations are then used as input to
w9 which generates the final control action. This architecture
was originally devised for transforming feature maps of con-
volutional neural networks [7] but has been applied to robotic
manipulation tasks [12], optimal information encoding, and
style transfer tasks [13]. As an extension, we also propose
an augmented FiLM architecture Fig. [2] e) which also feeds
the conditioning signal into the control policy directly.

III. METHODOLOGY

In this work we will compare and evaluate the different
architectures shown in Fig. [2] for the task of conditioning a
quadrotor control on user input. Focusing on the challenging
task of agile quadrotor flight, policies are trained using
model-free reinforcement learning and directly map a set
of observations o; to low-level control actions a; [14].
This section first presents the neural controller and then
introducing the demonstrators evaluated in this work. The
quadrotor dynamics used for simulation and training of
the RL agent are described in [15] and left out here for
conciseness.

A. Neural Controller

In this work, the task of fast and agile quadrotor flight
is defined as follows: Navigate through a sequence of
predefined waypoints g; in minimum time and pass each
waypoint within an [, distance less then the dimension
of a gate. To accomplish this, the control policy directly
maps an observation o; and a conditioning input (; to an
action (control command) a;. The control policies are trained
using model-free reinforcement learning (PPO [16]) purely
in simulation.

1) Observation and Action Space: At each timestep ¢ the
policy has access to an observation o; from the environment
which contains (i) the current robot state, (ii) the relative
position to the next waypoint to be passed, and (iii) the
current conditioning signal. Specifically, the state consists of
the vehicle position pyyg, its velocity in body-frame vz and
its attitude. The value network used during training time has
access to the same input features as the policy network. In
contrast to the policy network, the value network architecture
does not contain any FiLM layers.

The control command a; consists of a desired collective
mass-normalized thrust ¢ and a bodyrate setpoint wp ref.
Those commands are then tracked by a low-level controller,



which finally controls the motors. In contrast to more ab-
stract control modalities such as linear velocity references,
operating on collective thrust and bodyrates has been shown
to be well suited for agile learned quadrotor control [14].

2) Conditioning: We compare and evaluate different net-
work architectures (illustrated in Fig. [2) to condition a
neural controller for agile quadrotor flight. Specifically, the
following architectures are considered:

e Naive-c a naive baseline (see Fig. [2] a)) where continu-
ous scalar conditioning signal is concatenated with the
observation,

o Multihead an architecture (see Fig. [Z]b)) with a discrete
conditioning signal similar to [8],

o FiLM-c a standard FiLM architecture (see Fig. J2] d))
with a continuous scalar conditioning input,

e FiLM*-c our augmented FiLM architecture (see
Fig. 2 e)) with a continuous scalar conditioning input.

3) Reward Function: We use a dense shaped reward to

encode the task of high-speed flight through a set of pre-
defined waypoints. The reward r; at time step ¢ is given by
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where 7P rewards progress towards the next waypoint
(gate) to be passed [5], 7P*"(¢) encodes perception awareness
by adjusting the vehicle’s attitude such that the optical axis
of its camera points towards the next waypoint, 7™ ({) is a
penalty for violating the user-specified maximum thrust-to-
weight ratio, and 7°®" is a binary penalty that is only active
when colliding with a gate or when the platform leaves a
pre-defined bounding box, which also ends the episode.

Progress, perception, thrust-to-weight, and collision re-
ward components are formulated as follows:

7% = A\ (dae(t — 1) — dgae(t))

7 (¢) = Az exp (A3 - deam(€)*) 2)
r(¢) = max(Ag exp (As(Cemd — Cwr(€)) / Cmax) — 1,0)
rsh — 5.0, if p, < 0 or in collision with gate. ,

where dgae(t) denotes the distance from the quadrotor’s
center of mass to the center of the next gate, dcum(¢)
is the angle between the optical axis of the camera and
center of the next gate. The parameters cCemd, Cwr(¢) and
Cmax are the commanded mass normalized thrust, the cur-
rent user-specified maximum allowable mass normalized
thrust and the maximum mass normalized thrust physically
available for the quadrotor, respectively. The hyperparame-
ters A1, A2, A3, A\g, A5 trade-off objectives regarding percep-
tion awareness and thrust-to-weight ratio constraints against
progress objectives.

IV. EXPERIMENTS

Using the training methodology described in the previ-
ous section, our experiments aim to answer the following
research questions: (i) Which of the architectures (Naive,
Multihead, FiLM, our augmented FiLM) presented in the
previous section is best suited for conditioning
mobile robot control policies? (ii) Do the results transfer to
a real-world quadrotor platform?

Fig. 3. We evaluate neural policy conditioning on the task of fast waypoint
flight. Different approaches for policy conditioning are evaluated on a
challenging track, called Split-S track. The track spans about 10 m by 16 m.

A. Experimental Setup

The evaluated control policies are all trained for the task of
autonomous drone racing. In contrast to prior work tackling
autonomous racing, our experiments focus on the racing
performance and energy-efficiency when conditioned on a
maximum thrust-to-weight ratio.

Our study is performed on the the layout shown in Fig.
a complex three-dimensional track layout [4] called Split-S
track, due to the maneuver required to pass the double gate
on the far right.

B. Choice of Network Architecture

In a first set of simulation experiments we aim at identify-
ing the best network architecture for efficient neural policy
conditioning in autonomous waypoint flight. Specifically, the
policies for all architectures are conditioned on the available
thrust-to-weight ratio (TWR), ranging from 1.6 TWR to
4.5 TWR. To have an estimate of the lower bound of the
laptime, we also train so-called fixed-TWR policies. These
policies are trained for a single TWR setting, allowing them
to overfit for a specific agility level, which typically results
in faster training progress and superior performance.

Figure [I| shows the results of this experiment. The fixed-
speed reference is trained for and evaluated at 14 evenly
spaced points throughout the TWR interval [1.6, 4.5]. Each
of the conditioned policies are then evaluated at these thrust-
to-weight ratio setpoints.

All the architectures we evaluated result in control policies
that are able to race at a wide range of thrust-to-weight
ratios. However, upon a closer look one can see that the
FiLM*-c policy leveraging our augmented FiLM architecture
outperforms the other approaches in terms of laptime. More
importantly, the FiLM*-c is less than 0.6 % slower on average
than a set of specifically trained fixed-TWR policies. We
therefore gain the flexibility to regulate the neural controller
during deployment while paying almost no penalty in terms
of the optimality (i.e. laptime) of the control policy.

TABLE I

All architectures are able to condition a quadrotor control policy for agile
flight on the maximum thrust-to-weight ratio. Our augmented FiLM*-c
architecture even manages to be within 0.6 % of a fixed-TWR baseline,
indicating that one does not have to trade-off control performance for the
added flexibility to regulate the controller during deployment.

Architecture ‘ Avg. Rel. Laptime [%] Max. Rel. Laptime [%]
Naive-c 2.63 3.52
Multihead-d 3.23 4.23
FiLM-c 2.80 3.64
FiLM*-c 0.54 1.62
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Fig. 4. The plot and table compare the laptimes achieved by the Naive-

¢ and FiLM*-c approach in real-world experiments on the Split-S track.
Similar to the simulation results, the FiLM*-c architecture outperforms the
naive baseline.
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on the maximally available thrust-to-weight ratio. Our aug-
mented FiLM architecture achieved the best performance
and is less than 0.6 % (in simulation) or 2% (in the real
world) slower than a set of policies trained specifically for
one thrust-to-weight ratio. At the same time our conditioned
policy can reduce the average power consumption by a factor
of 5 compared to a fixed-TWR policy that always utilizes
the maximum thrust available. This improves the energy
consumption per distance travelled more than two-fold while
retaining the ability to use the full actuator potential when
required. These findings implicate that we gain the additional
flexibility to regulate a neural network controller and do
not have to trade-off control performance. Therefore, we
believe that this work is an important step in making neural
controllers more accessible to deploy for aerial vehicles.
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