This paper has been accepted for publication in the
IEEE Transactions on Robotics (T-RO), 2021. (©IEEE !

Policy Search for Model Predictive Control
with Application to Agile Drone Flight

Yunlong Song, Davide Scaramuzza

Abstract—Policy Search and Model Predictive Control (MPC)
are two different paradigms for robot control: policy search
has the strength of automatically learning complex policies
using experienced data, while MPC can offer optimal control
performance using models and trajectory optimization. An open
research question is how to leverage and combine the advantages
of both approaches. In this work, we provide an answer by
using policy search for automatically choosing high-level decision
variables for MPC, which leads to a novel policy-search-for-
model-predictive-control framework. Specifically, we formulate the
MPC as a parameterized controller, where the hard-to-optimize
decision variables are represented as high-level policies. Such
a formulation allows optimizing policies in a self-supervised
fashion. We validate this framework by focusing on a challenging
problem in agile drone flight: flying a quadrotor through fast-
moving gates. Experiments show that our controller achieves
robust and real-time control performance in both simulation and
the real world. The proposed framework offers a new perspective
for merging learning and control.

Code: https://uzh-rpg.github.io/high_mpc
Video: https://youtu.be/Qei70GIEIXY

I. INTRODUCTION

Mobile robots operate in a dynamic world. Notably, quadro-
tors are agile robots that can navigate at high speeds in highly
complex and dynamic environments otherwise inaccessible
to humans. However, sudden environmental changes, like
dynamic obstacles, can raise fundamental problems for the
vehicle control since they require the vehicle to have fast
reactions and replan its trajectory quickly.

An essential requirement for agile drone flight in dynamic
environments is to adapt the vehicle trajectory rapidly de-
pending on the environmental changes. State-of-the-art model-
based approaches have shown to be effective for controlling
the quadrotor in both static and dynamic environments [1]—
[10]. For example, in the context of drone racing [11]-[13]], the
drone has to fly through a sequence of static gates (subjected
to small disturbance) at extremely high speeds.

Model predictive control (MPC) [[14] has been shown to be a
powerful model-based approach for solving complex quadrotor
control problems [3]], [[15]-[18[]. For example, the perception-
aware MPC [15] is a framework that unifies both planning and
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Fig. 1: An overview of the proposed policy-search-for-model-
predictive-control framework.
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Fig. 2: An application of the proposed method for flying a
quadrotor through a fast moving gate.

perception objectives. MPC is increasingly gaining popularity
in many robotic domains, thanks to its capability of simultane-
ously dealing with complex nonlinear dynamic systems while
satisfying different state and input constraints.

Despite the successes, many MPC applications still expe-
rience significant challenges, such as the requirement of an
accurate mathematical model and the necessity of solving
trajectory optimization problems online with the limited com-
putational power of small-scale computers. In practice, the
closed-loop performance of MPC for a specific task is sensitive
to several design choices, including cost function formulation,
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hyperparameters, and the prediction horizon. As a result, a
series of approximations, heuristics, and parameter tuning is
employed, producing sub-optimal solutions.

On the other hand, reinforcement learning (RL) [[19] meth-
ods, like policy search, allow solving continuous control
problems with minimum prior knowledge about the task. The
key idea of RL is to automatically train the policy via trial
and error and maximize the task performance measured by
the given reward function. While RL has achieved impressive
results in solving a wide range of robot control tasks [20]-
[23]], the lack of interpretability of an end-to-end controller
trained using RL is of significant concern by the control
community [24].

Ideally, the control framework should be able to combine
the advantages of both methods—the ability of model-based
controllers, like MPC, to safely control a physical robot
using the well-established knowledge in dynamic modeling
and optimization and the power of RL to learn complex
policies using experienced data automatically. Therefore, the
resulting control framework can handle large-scale inputs,
reduce human-in-the-loop design and tuning, and eventually
achieve adaptive and optimal control performance. Despite
these valuable features, designing such a system remains a
significant challenge.

To this end, one line of research in the learning community
has been focusing on developing data-efficient policy search
methods using model priors. For instance, guided policy
search (GPS) algorithms [25]-[27] opt for transforming RL
into a supervised learning problem. The key idea in GPS is to
use a trajectory optimization algorithm to collect training data
for training neural networks via supervised learning. However,
these methods still learn black-box control policies that suf-
fer from poor generalizations. The second trend pertains to
learning-based MPC [28||-[31]], which can leverage real-world
data to improve dynamics modeling and use model predictive
path integral control (MPPI) [32] for optimization. Such
algorithms generally have their roots in stochastic optimal
control and require sampling a large amount of data in real-
time for optimization, making those methods computationally
expensive.

Contributions

In this work, we propose a new paradigm for merging
learning and control: learning high-level policies for model
predictive control using policy search. An overview of our
approach is summarized in Fig.[I] Specifically, we consider the
MPC as a parameterized controller and formulate the search
of high-level decision variables for MPC as a probabilistic
policy search problem. First, we use two general Gaussian
policies for modeling the high-level decision variables and
show that the policy updates have closed-form solutions.
Second, we propose a self-supervised training method for
learning neural network policies. Our key insight is that policy
search is useful for making high-level decisions for MPC,
allowing automatically learning and adapting hard-to-optimize
parameters.

On the experiment side, we evaluate our approach by
addressing a challenging problem towards autonomous agile

drone flight in dynamic environments: controlling a quadrotor
to fly through a sequence of fast-moving gates. The key
advantage of our approach compared to the standard MPC
formulation is that the desired traversal time, which is hard
to optimize simultaneously with other state variables, can be
learned offline and can be adaptively selected at runtime. The
resulting controller, which consists of a trained neural network
policy and an MPC, achieves real-time control performance of
a physical drone. An illustration of the real-world experiment
is shown in Fig. [

This work is an extension of our previous conference
paper [33]]. The earlier version of this work proposed learn-
ing Gaussian and neural network policies and demonstrated
learning a single time variable for flying a quadrotor through
a dynamic gate in simulation. In this paper, we additionally
1) introduce a new algorithm for learning a Gaussian linear
policy, 2) demonstrate that our approach is a general frame-
work that can learn multidimensional decision variables, not
just a single variable, 3) demonstrate that our controller can
control a drone to fly through multiple gates in simulation
and outperforms a standard MPC and a trajectory sampling
method, 4) deploy the algorithm on a physical drone and
show that the trained neural network high-level policy can
be transferred to the real world without fine-tuning.

II. RELATED WORK

A. Policy Search for Robotics

Policy search [[19] is a central area of reinforcement learning
concerned with how to find an optimal parametric policy
by maximizing the expected return of sampled trajectories.
Depending on their exploration strategies for the stochastic
trajectory generation, policy search methods can be catego-
rized into step-based and episode-based methods [19], [34].
Most variations of policy search methods make use of step-
based exploration strategies by adding different exploration
noise in the action space at each control time step. Step-
based policy search algorithms [35]—[38]] are widely used for
continuous control tasks, ranging from learning agile motor
skills for legged robots [39] to controlling a simulated race
car at its friction limits [22]. They learn end-to-end black-box
control policies that can map observations directly to control
commands.

By contrast, episode-based policy search methods [34],
[40]-[42] add exploration noise in the parameter space of
the policy only at the beginning of the episode. In particular,
episode-based methods are widely used for learning movement
primitives [43[]-[45]], which are compact parameterizations of
the robot’s control policy. For example, the task-parameterized
dynamic motor primitives (DMPs) [43], [46] are popular
compact policy representations in robotics. Adjusting their
parameters allows robots to learn new skills quickly and solve
many challenging robot control problems, such as playing
Baseball [47), Ball-in-the-cup [48|, and Table Tennis [49].
Episode-based policy search methods help learn compact skills
representations that are not easy to model by human experts.



B. Data-driven Control with Model Predictive Control

1) MPC-guided Policy Search: Model-free policy search
algorithms learn control policies via trial-and-error; however,
they suffer from high sample complexities. Guided policy
search [50] converts model-free policy search to supervised
learning by iteratively collecting the training data using offline
trajectory optimization [26], [50]-[52] or model predictive
control [25], [27]]. A key advantage of guided policy search is
that it effectively trains deep neural network control policies,
where the policy can handle complex and high-dimensional
inputs from onboard sensors. For example, a deep sensorimo-
tor policy, trained using MPC and imitation learning, enables
an autonomous quadrotor to fly extreme acrobatic maneuvers
with only onboard sensing and computation [27]]. However,
this line of work usually only uses the model during training
and results in a policy specialized in a single task. Despite all
of the successes achieved by guided policy search, the lack of
generalization and robustness of the end-to-end policy remains
a primary challenge.

2) Learning-based MPC: In the second paradigm, learning-
based MPC [28]-[31]], [53]] can leverage real-world data to
improve dynamic modeling or learn a cost function for MPC.
It allows for a more robust and flexible MPC design. In
particular, sampling-based MPC [53]] algorithms are developed
for handling complex cost criteria and general nonlinear dy-
namics. This is achieved by combining neural networks for
the system dynamics approximation with the model predictive
path integral (MPPI) control framework [53] for real-time
control optimization. A crucial requirement for the sampling-
based MPC is to generate a large number of samples in real-
time, where the sampling procedure is generally performed in
parallel by using graphics processing units (GPUs). Hence, it is
computationally and memory expensive to run sampling-based
MPC on embedded systems. These methods generally focus on
learning dynamics for tasks where a dynamical model of the
robots or its environment is challenging to derive analytically,
such as aggressive autonomous driving around a dirt track [[28]].

Alternatively, differentiable MPC [54] treats the MPC as a
differentiable policy class for reinforcement learning. Hence,
by differentiating through the optimization problem using
the Karush—Kuhn-Tucker (KKT) conditions of the convex
approximation at a fixed point of the controller, it can also
learn the costs and dynamics of an MPC controller via end-
to-end learning. The analytical derivative relies on a fixed point
of the controller, which, however, often does not exist when
using neural networks to approximate the dynamics [54].

3) Learning Neural Network Policies for MPC: To combine
the power of neural networks and the strength of standard
MPC optimization, state-of-the-art systems [55]-[57|] opt for
using deep neural networks as standalone representation learn-
ing modules. Specifically, a neural network is trained to
process high-dimensional data, such as images, and is used to
predict low-dimensional state information for the MPC. For
instance, [55]] proposed to combine a Convolutional Neural
Network (CNN) with an MPC controller to solve the problem
of navigating a quadrotor to pass through multiple gates.
The trained neural network predicts three-dimensional poses
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Fig. 3: Taxonomy of existing methods combining machine
learning with model predictive control.

of the gate’s center from image observations, and then, the
MPC outputs control commands for the quadrotor to navigate
through the predicted waypoints. Similarly, the method in [56]]
tackles an aggressive autonomous driving problem by using a
CNN-based policy to predict a cost map of the track, which
is then directly used for online trajectory optimization. A key
advantage of this line of work is that it combines the benefits
of both neural networks for high-dimensional data processing
and MPC for robot control.

III. PRELIMINARY

We introduce mathematical formulations for both MPC and
policy search. We discuss three kinds of policy representations
that are widely used in RL and use them to model the high-
level policies.

A. Model Predictive Control

We consider the problem of controlling a nonlinear deter-
ministic dynamical system whose dynamics is defined by a dif-
ferential equation % = f (X¢;U¢), where X; € R" is the state
vector, Uy € R™ is a vector of control commands, and % € R"
is the derivative of the current state. In MPC, we approximate
the actual continuous time differential equation using a set of
discrete time integration Xp+1 = Xp + d; ~l‘/\(xh ;Up), with dy
as the time interval between consecutive states and f as an
approximated dynamical model.

Let r € R be a vector of reference states, e.g., a planned
trajectory. We define a vector of high-level decision variables
as z € RN. For example, for our application (Section ),
Z=[2z1;--- ;zn] defines the time variables at which the robot
should be passing the corresponding gate. At every control
time step t, the system is in state X;. MPC takes the current
state Xinir = Xt, the reference states r, and the high-level
decision vector Z as input.



Formally, MPC minimizes a cost function over a xed nite constrain the information loss by bounding the Kullback-

time horizonH by solving an optimization problem: Leibler (KL) divergence between the new policy and the old

N policy. The requirement of solving constrained optimization

min L = c(XpiUn;r;2) limits the usage of information-theoretic algorithms to solve

ULH i X1H h=1 high-dimensional problems, such as optimizing neural network
subjectto  g(x;u)=0: h(x;u) O policies, making it challenging to implement in reality.

On the other hand, the EM-based policy search algorithms
provide closed-form solutions for many commonly used policy
) . . . representations, and hence, do not require the user to specify
where g(x;u) represents equality constraints ahdgx;u) ) . )
. : . the learning rate. In addition, they provide a good trade-off
represents inequality constraints. . ) . :
. . between computational ef ciency and sample complexity. This
Our goal is to nd the optimal control command for . . ) ; A
. is_realized by formulating policy search as a probabilistic
the current state such that we can execute it and ma

v ) ) .
the robot to the next state. It is achieved by solving thlg?erence problem with latent variables, which leads to a

traiectory ootimization problem in real-time and by re eatinweighted maximum likelihood estimate. Subsequently, we can
! yop P y rep se the Expectation-Maximization algorithm to update the

th?s_ process at every control time step. Speci cally, MP licy parameters. We focus on a probabilistic model in
minimizes the cost in the future states and outputs an Optm%awich the search for high-level decision variables in the MPC

trajectory () that consists of a sequence of control commands " the S€ T
_ . optimization is treated as a probabilistic inference problem.
and states. Only the rst command = u; is executed on

the robot.

In this work, we take the MPC as a parametric controlléC. Policy Representations
that is parameterized by the high-level decision varialales
Therefore, modulating the variablescan result in different
MPC outputs, denoted as = MPC(z). For example, in the
context of ying through a dynamic gate (Sectipr} V2),can
be the desired time at which the vehicle passes through &t have to be trained.
gate. This formulation allows us to incorporate reinforcement

. . ; . ) 1) Gaussian Policy, Constant Mearkirst, we consider a
learning as well as different function representations into t@?mple scenario where the goal is to nd a set of xed decision

Xhet = Xn + Gt F(Xn;Un); X1 = Xini
1)

We represent the high-level policy as, which is modeled
as a probability distribution or a deterministic policy (e.g.,
a neural network), and use the policy to select high-level

ecision variableg . Here, are the policy parameters

MPC design. variablesz. The variables are independent of the robot's
. state. We use a Gaussian distribution = N( ;)
B. Policy Search to represent the policy, where is a mean vector and

We summarize policy search by following the derivatiois a diagonal covariance matrix. The covariance matrix is
from [34], in particular, we focus our discussion on episodéeeded in order to incorporate exploration. Therefore, the
based policy search (or episodic reinforcement learning). Upelicy parameters are =[ ; ].
like many step-based policy search algorithms, which explore2) Gaussian Policy, Linear MeanSecond, we consider a
the action space by adding exploration noise directly to timeore general problem in which we want to nd a set of adap-
policy output, episode-based policy search adds perturbatidive decision variables, denoted as= f (s). The decisions
in the policy parameter space. This kind of exploration igariables are associated with the robot's conexiVe use a
normally added at the beginning of an episode and a rewdrithear Gaussian model = N(W (s); )todenote the
functionR( ) is used to evaluate the quality of trajectories policy, in which the Gaussian mean= W (s) is represented
that are generated by sampled parametes comprehensive by a linear function approximator, linear with respect to the
survey and tutorial about different policy search algorithms cdunction parametersV . Here, : s RN 1 RM s a
be found here/ [34]/[58]. kernel featurizer that converts the states of dimensiomto

Policy search algorithms try to update the policy parame- vector of features of dimensioM using basis functions,
ters by maximizing the expected return of sampled trajesuch as Radial Basis Functions (RBF)|[19] or Random Fourier
tories 4 Features (RFF)[[62]. Therefore, the policy parameters are

J=ER()N 1 R()p()d: @ vl _
3) Neural Network Policy:We use a neural network; =
A list of episode-based policy search algorithms have been dis{0;) as a deterministic policy representation. Hefe,
cussed in the literature, such as policy gradient methods [36presents the neural network aadis the robot's observa-
[59], [6Q], expectation-maximization (EM) methods [48], andion at different time stef. The solution for updating the
information-theoretic methods [B8], [61]. parameters of a neural network in policy search is dif cult

Policy gradient methods use gradient-ascent for maximizibg derive analytically due to the highly nonlinear property of
the expected return and are simple to implement. Howevagural networks. Many deep reinforcement learning algorithms
it requires manual selection of learning rates and has are based on policy gradien{s [63], which are known to have
unstable learning process or slow convergence. Informatiamstable learning processes or slow convergence. By contrast,
theoretic approaches rely on solving constrained optimizatiore use a self-supervised learning algorithm for training the
for maximizing the objective, and at the same time, thayeural network policy (Algorithn]3).



IV. PROBABILISTIC POLICY SEARCH FORMPC where each samplel'l is weighted by the probability of the
A. Problem Formulation “reward event’, denoted gxEj ). The trajectory distribution
p ( ) can be replayed by the high-level policy . To
transform the reward signa( [1) of a sampled trajectory
[l into a probability distribution of the “reward event”, we
use the exponential transformation [34], [64], [65]:
n 0
d'=pEj )=exp R () (6)

We treat MPC as a controller = MPC(z) that is param-
eterized by the high-level decision variables Here, =
[un;Xnlh21:. » is a trajectory generated by MPC given
where uy, are control commands and, are corresponding
states of the robot. By perturbirg MPC can result in com-
pletely different trajectories . To nd the optimal trajectory
for a given task, the optima has to be de ned in advance. .

. : ; where the parameter 2 R, denotes the inverse temperature
First, we modelz as a high-level policy represented by a o : o

S . . ._of the soft-max distribution, higher value ofimplies a more
probability distribution, speci cally a parameterized Gaussmnree dv polic date
distribution. Then, we optimize the policy using probabilistig y policy up '
policy search (or probabilistic inference) algorithms. A visu-

alization of the inference problem is given in Fig 4 (inspired . . "
by [34]). B. Learning Gaussian Policies

1) Gaussian Policy, Constant Meane rst focus on
solving a simple problem of learning a Gaussian pol-
icy (zj ; ) whose mean is a vector of unknown variables.
We consider the robot at a xed state;, which does not
. . I . change during learning. At the beginning of each trainin
Fig. 4: A graphlcal model of probabilistic policy search foriterat?on, we rgandomlygsample a Iistgof pe?rameters of Iengt%
model predictive control. N from the current policy distribution and evaluate the

arameters via a prede ned reward functigg ), where [

To formulate the policy search as a latent variable inferen fe the trajectories predicted by solving the MPC given the
problem, similar to [34], [64], [65], we introduce a binarySarnpled variablegli]

“reward event” as an observed variable, denotedEas 1. .
o : o o In the Expectation step, we transform the computed reward
Maximizing the reward signal implies maximizing the proba-

- i ; i ighdli! (i ;
bility of this “reward event”. The probability of this rewardS'g.naI R.( ). mtp a non negative we|.gh]| (|mpropgr prob
event is given byp(Ej ) / expfR( )g, where R( ) is ability distribution) via the exponential transformation (6). In

a reward function for evaluating the goodness of the MPtee Maximization step, we update the policy parameters by

solution with respect to a given evaluation metric of the tas qpt|m|2|ng the weighted maximum likelihood objective:

This leads to the following maximum likelihood problem [34]: ( X )
z _ = arg max dillog (2 (7)
max logp (E=1)=log p(Ej )p ( )d ; (3) i

which is intractable to solve directly and can bavhere the policy parameters, both the mean and the covari-
approximated ef ciently using Monte-Carlo Expectationance, are updated using the following closed-form expressions:
Maximization (MC-EM) [48], [66]. MC-EM algorithms I !

nd the maximum likelihood solution for the log marginal- _ X il il = il

likelihood (3) by introducing a variational distributiog( ), _

and then, decompose the marginal log-likelihood into two

1
iy

1l
[y

terms: — d[i](z[i] )(Z[i] )T =v:
. . - 8
ogp (E=D)= L (a )+ Daa( dip () @ ®)
where theDg,_ is the Kullback-Leibler (KL) divergence N I X 1 N !
between q( ) and the reward-weighted trajectory dis- y=@ i (d[i])ZA: i
tribution p ( jE). Here, L (q( )) is the lower bound i=1 =1 -

of logp (E =1) asDx. 0.

The MC-EM algorithm is an itergtive method that aIternate; We repeat this process until the expectation of the sampled
between performing an Expectation (E) step and a Maxeward converges. After training (during policy evaluation),
mization (M) step. In the expectation step, we minimize thge simply take the mean vector of the Gaussian policy as the
KL-divergenceDy., which is equivalent to setting( ) =  optimal decision variables for the MPC. Therefores
p ( JE)/ p(Ej )p (). Inthe maximization step, we updat§s the optimal MPC decision variables found by our policy
the policy parameters by maximizing the expected compledgarch. A complete episode-based policy search for learning a
data log-likelihood high-level Gaussian policy for MPC is given in Algorithm 1.
) A detailed derivation of the above solution is available in the

X
_ | [i]
argmax  p(Ej ")logp ( ") Appendix.



Algorithm 1: Learning Gaussian Policies for MPC to solve many benchmark continuous control tasks, including

Input; ( : );N; MPC;xo;p the OpenAl gym benchmarks [67].
While not converged
Sample variablesz!] (5 Diz1on Algorithm 2: Learning Gaussian Linear Policies for
Sample trajectories: [l = MPC.solvéXxo; zl'l; p) MPC
Expectation: Input: (W (s); );N;MPCXo;p
dil=exp R ( I While not converged
Maximization: b Sample observationsl'!  (s)
= arg max (dillog  (z[) Sample variablesz '] wosthy;
Output: Trained Policy ( ; ) Sample trajectories: [l = MPC.soIvéxo;zﬁ];p)
Expectation:
d[i] =exp R ( [i])
2) Gaussian Policy, Linear MeanAlgorithm 1 can learn a Maximization: _ -
Gaussian policy that only suits for a single experiment setting = arg max id'log  (zljs!)

or a specic scenario. For generalizing the learned policy Qutput: Trained Policy (W (s); )
to different scenarios, we extend the algorithm by learning

a Gaussian linear policy (zjs) N (W (s); ) whose

mean is a linear function approximator = W (s). We Learning Neural Network Policies
characterize a scenario by the robot's context, denoted by a . . . . . L
vectors. The problem of learning (zjs) is called contextual Algorlthm 2 can optimize a I!nea.r pollf:y using an epISO.dIC.
policy search and can be de ned by maximizing the expect@&’“cy search .methogl.'Suph ep'S.Od'C pollcy search by d'es[gn IS
returns over all different contexts: used for learning policies in multi-task settings, where distribu-

tions over different tasks are well-de ned. When controlling a

Z Z Z robot in a highly dynamic environment, where the observations
max  (s) (zjs) p( jz;0)R( ;s)d dzds (9) differ signicantly from state to state, we use a step-based
s z policy search algorithm. Also, we aim to learn a complex

where (s) is the distribution oves. The objective (9) can be neural network policy for selecting adaptive decision variables
optimized using the standard MC-EM algorithm, and it resuland for processing relatively high dimensional observations.

in a different weighted maximum likelihood objective: Such properties are potentially useful for the robot to adapt
its behavior online in a highly dynamic environment.
= arg max dillog (z0ljsf1) (10) We train the neural network policy by combining Algo-

i rithm 1 with supervised learning. A complete algorithm of
Maximizing Eq. (10) results in closed-form solutions for thégarnlng neurgl .network pohqes for MPC, is given in Algo-
; . rithm 3. We divide the learning process into two stages: 1)
policy parameters: i . . .
L data collection, 2) policy learning. In the data collection stage,
W= TD + | ™ we randomly initialize the robot in a state and nd the
P Nogil oyl w T sl gl ow T il T optimal decision variableg; via Algorithm 1._We aggregate
= _i=1 ;. the dataset byD D[ (o:;2;), whereo; is the current
Y (11) observation of the robot. A sequence of optimal control actions

where =1[ (9)1; ; (s)N]] is a matrix that contains Ut are computed by solving the MPC optimization, given the

converted feature vectors for all sampled contexendD is current statec; of the robot and the learned varialde. Only

the diagonal weighting matrix containing the weightd. In the rstcontrol command is applied to the robot; subsequently,

the covariance matrix updaté, is the same as in Eq. (8). Here the robot moves to the next state. Incrementally, we collect a
is a small positive variable andis an identity matrix. The Setof data that has diverse training pdivg; z, ) consisting of

introduce of | is for numerical stability when calculating@n observatioro; as the neural network input and a ground-

the matrix inverse. A complete policy search for learning #uth valuez, as the output.

Gaussian linear policy for MPC is given in Algorithm 2. A It is important to note that at each simulation time step

detailed derivation of the above solution is available in th&€ run Algorithm 1 to solve multiple MPC optimizations in

Appendix. order to nd the optimal decision variable for the current state.
We use the Random Fourier Features (RFF) [62] as th8iS step can be viewed as an online learning process in
featurizer the simulator and is dif cult to be run in real-time. During
P P. o policy learning, we train the neural network by minimizing
() = sin % + pl] (12) the mean-squared-error between the lazglsnd the output

of the networkf (o), using the standard stochastic gradient
where each eleme; is randomly sampled frol (0;1), v descent. After training, the neural network policy is deployed
is a bandwidth parameter, apds a random phase shift drawntogether with the MPC to control the vehicle. Since the
from U[ ; ). The bandwidthv is the only parameter that resulting controller contains a high-level policy and an MPC,
has to be tuned. The RFF-based linear policy has been usedname this controller High-MPC.



Algorithm 3: Learning Neural Network Policies for x axis. Dynamics of the rotational motion is described by the
MPC following differential equations
Input: f ;D= fg

o lestion (repeat) x = ngLcm Sin X=| + b—x ; y = 0, 7z = 0 (15)
Randomly reset the systemy; o;; pi;t =0 where  is the roll angle, and is the moment of inertia.
While not done: . Dynamics of the translational motion are given by

(zz= ) Algorithm 1 (xo = Xt;pt) . in( x)°
Data collectionD. D [f 002, v, =0; vy = lcos(x)°x; ¥z =Isin( x)° (16)

MPC optimization:u; = MPC.solvéXt; z;; pt)
System transitionx+1 f(Xe;uyp)
Policy learning
new = argmin kf (oy) zk®
Output: Learned deep high-level polidy

where | is the distance between the gate center and the
xed point. For the computational convenience, we transfer
the Euler angles into a unit quaternia},; to represent
the gate orientation. The full state of the gate center with
respect to the inertial frame is represented using the state
vectorx? =[p9;q9; vY].

V. FLYING A QUADROTOR THROUGH DYNAMIC GATES  A. Learning to Fly Through Dynamic Gates

Trajectory Optimization and Cost FunctioiVe formulate

We apply the proposegolicy-search-for-MPCframework the problem of learning to y through dynamic gates. Our
to address a challenging problem towards agile drone igiain goal is to nd a trajectory that passes through the center
in dynamic environments, which is learning to y throughof the moving gates. Such a trajectory optimization problem
dynamic gates. The ability to y through fast-moving gatesholves 1) decide a sequence of traversal times at which
enables the drone to traverse inside a dynamic environmeffould the dynamic gates be passed, 2) given these traversal
where the free space is changing rapidly. It is a dif cult tasmes, nd a trajectory that passes these gates. Since the gates
since it requires simultaneously planning an accurate traject@pas moving quickly, the optimization faces chicken-and-
that passes through the center of moving gates and controlliggly dilemma, namely, without obtaining the traversal times,
the quadrotor to precisely follow the trajectory. it cannot determine the gates' state from which the vehicle

1) Quadrotor DynamicsWe model the quadrotor as a rigidshould y through, or without the gates' state, it cannot decide
body controlled by four motors. The dynamics of the systethe traversal times.

can be written as: We rst make the assumption that a vector of desired
traversal timest = [t;; ;tj] for each gatei is given,
R Qs = % ('s) qws (13) WhereO < t; < tj;if i <j andi;j 2 [1; ;n]. Here,
n is the total number of moving gates. Since we know the
Vwe =0dws € g !'s=J7' !s Jl's) current states and the dynamic model of the moving gates, we
(14)  can predict the future trajectory; = [x§;  ;x{] for each

gatei, wherex9 is a state vector that consists of positio#,
wherepd,g = [pg;pd; pd]" andvy,g =[vg;v;va]" are the linear velocityv9, and orientation q9. Therefore, we de ne
]Loositio\?v ar\l/s the velocit}; vect:)rs Qf the quz[idrotor in the]¥vorld gate-pass Coslgare-passaS the following quadratic cost
rameW. We use a unit quaterniogwe = [0w; Ok; 0y; % 1
to represent the orientation of the quadrotor and luge= L _ q gNT q g .

. X Xt X X7 ; 17

['x;!y;!.]7 to denote the body rates (roll, pitch, and yaw gate-pass™ hzl( ho Xo) Qb X)) pn (17)
respectively) in the body fram&. Here,g = [0;0; g.]"

with g, = 9:81m=s? is the gravity vector,] is the inertia whereQ), is a diagonal cost matrix argh a Boolean variable

matrix, is the three dimensional torque, and! g) is a de ned as ( 1 iff h= bt=dc
skew-symmetric matrix. Finallyg = [0;0;c]" is the mass- Ph = i e ' (18)
normalized thrust vector. The full state of the quadrotor is 0, otherwise

de ned asx9 =[p% q%vA] (we omit subscript for clarity).  Minimizing this loss function encourages the discretized states
2) Pendulum DynamicsWe model the dynamic gate as a<ﬂ to stay as closer as possible to the gate sbeﬁllesbut only
nonlinear pendulum. We approximate the pendulum gate astathe given desired traversal timefor the gatei. For other
point mass that is suspended on a weightless and inextensibteretized states &t 6 btj=d,c, the loss has no effects since
string of lengthL ., from a xed support whose position is L gate-pass= 0.
Pwp =[X::¥s;2]. The pendulum is subject to three forces: However, such a cost formulation requires very accurate
the gravity, the tension force results from the string pullingynamic modeling for both the quadrotor and the moving
upon the bob of the pendulum, and a damping force due dates, sinCe- gawe-passONly characterizes several sparse states
friction and air resistance. We approximate the damping forteat are close to time nodes of the given traversal time vector
by fq = b _ where _is the angular velocity andb 2 t. In other words, the optimization treats the moving gates as
R. is a damping factor. We consider the pendulum's motioa list of static waypoints and takes them as soft constraints,
in they z plane, meaning the pendulum rotates about thathout considering their dynamic motions. To counteract



potential model errors and uncertainties, we de ne a gatehich a static waypoint should be reached by a quadrotor is

follow cost also unknown. They solved the problem by manually selecting
1 the variable via trial-and-error. In our case, the decision
L gate-follow = xp xH)TQr(xp xP) wh (1 py); variables are much more dif cult to select manually.
h=1 We solve the problem of nding optimal decision variables
where wp, = exp ( (h d )3 i in MPC using policy search. We de ne a Euclidean distance

) . ) reward function to evaluate the goodness of the trajectory
Here,Q; is a diagonal cost matrix,, de nes the exponen- generated by the optimization,

tial weights for following the gate's motion, 2 R, de nes 0

the temporgl spread of t_he welght, and 2 R, species R( jz) = kpﬁi p%i ko t (22)
different weights for tracking different gates. The gate-follow i

cost provides an intuitive motivation: plan a trajectory thathe|re h = bi=dc is the time node at which the predicted

follows the gate if the time difference between the curre . . : ;
timeh d, and the desired traversal tinteis small: and does guadrotor trajectory intersects with the gate state. This reward
j is a sparse signal that evaluates the “performance” of the

not follow the gate if the time difference is signi cant. In other mpledz—hiah rewards indicate smaller traversal distance
words, it minimizes the difference between the quadrotor statZe% rpandI) gre ards indicate large traversal distance error
and the gates' states gradually as the quadrotor approaches {ﬁ%n W rewards Indi 9 versal dist:

e predicted trajectory. Hence, maximizing this reward

)
gate. ) ; . :
In addition, we de ne a terminal costerming and an action signal leads to desired traversal time variables that allow the

reqularization cost .- optimization to nd a trajectory that passes through the center
9 v of the gate. Heret ; is a regularization term used for choosing

Lierminal = (X5, X% T QgoalXf,  x9°% (19) smaller time variables.
Ij( 1
Ly= (U u)"TQuuP up) (20) VI. EXPERIMENTS
h=1 We design our experiments to evaluate the proposed policy-

wherex9? is a goal state for hovering and =[g,;0;0;0]. Search-for-MPC framework. Speci cally, we aim to answer the
Here, we use body-rate contrah, = [c;!«;!y;!,] as the following gquestions: 1) can we leastate-independemolicies
inputs. The terminal cost encourages the quadrotor to f@r the optimization (Section VI-A), 2) can we leastate-
toward a goal state9°? dependentinear policies for solving the optimization under
In summary, we have the following optimization problem different contexts (Section VI-B), 3) can we learn a neural
. network policy for adapting MPC on the y (Section VI-C),
min L (X1;2;r) = Lterminai* L gate-passt L gate-follow+ Lu 4) and nally, what is the performance of our system in the

St: Umn U Uma real world (Section VI-D).

Xnsw = Xn+ G F(xniun)i X1 = Xin A. Learning State-Independent Time Variables for Trajectory

where the represents the generated trajectory that consi§dptimization

of the state vectox® = [p4;q%; v9] and the control inputs.  The rst problem is a single trajectory optimization prob-
We de ne a vector of high-level decision variables=  |em, where the goal is to nd a safe trajectory that passes
[ti; 15 ;tn; n] that consists of the desired traversal timgnrough several dynamic gates for a given initial state. We

ti and the desired weights for each moving gates. Herg, de ne three dynamic gates that are modeled using the same
is the total number of gates. Given the decision variakles pendulum dynamics and are initialized at different positions.
the current state of the quadrotap, the predicted future \we use a prediction time horizon taf = 3:0sand a discretize
trajectoriesr of all moving gates, we can solve the trajectoryime step ofd; = 0:05sfor trajectory optimization, it results
optimization problem and nd the optimal trajectory for then a total discretization ofi = 40 nodes. We use CasADi [68]
quadrotor to y through all moving gates with IPOP [69] as the solver for the numerical optimization.

_ iy oY We learn a vector of decision variablesusing Algorithm 1,

= MPC.solvéz;xo; p): (21) wherez is modeled as a high-level policy and is represented

Policy Search and Reward Functioithe aforementioned using a Gaussian distributian ().

optimization formulation relies on the assumption that the Fig. 5 shows the predicted trajectory with the learned
desired traversal time; for each individual gate is given. parameters. The optimization successfully plans a trajectory
In addition, the gate-follow losk gate-follow requires additional that passes through the center of all moving gates at the given
variables ; to de ne the weights that are assigned to followearned traversal time. Besides, we achieve small traversal
the gate motion in thgg z plane. The high-level decisiondistance errors for all gates. The distance errors for gates
variablesz are dif cult to model or tune due to the dynamic(1;2; 3) are(0:13 m; 0:15 m; 0:30 m) respectively. It is impor-
properties of the task. Therefore, a key requirement for otant to highlight that the predicted quadrotor position gradually
MPC to solve the problem is to have both the desired traver$allows the predicted gate's center only when the quadrotor is
time and the desired weights in advance. A similar MP€lose to the gate. Such a feature has crucial effects on real-
formulation was discussed in [3], where the time variable atorld deployment since the dynamic modeling of the system



Fig. 5: Left: A planned trajectory for ying through 3 dynamic gates. The initial states of the moving gates are indicated by
grey color. The quadrotor velocityn(s 1) is indicated by the color baRight: Top: The predicted positions of three moving
gates (dashed line) and of the quadrotor (solid line). The learned traversal times for three gates (vertisitiihe)Learned
weights { ,) for the gate-following lossBottom: Control commands of the quadrotor.

Fig. 6: Learning curves of the Gaussian policy. Each curfg. 7: Learning curves of the Gaussian linear policy. Each
is obtained using different temperature parameterfer the curve is obtained using different temperature parametdcs
policy training. We train six different randomly initializedthe policy training. We train six different randomly initialized
policies for each temperature parameter. We compute the meaticies for each temperature parameter. We compute the mean
(solid line) and standard deviation (shadow region). (solid line) and standard deviation (shadow region).

is prone to errar and the quadrotor has to follow the gate cenfifialization of the moving gates. We characterize different

when it is approaching the gate. Moreover, for the time stag éttings usings = [ 1 2: 3], where L:i = 1:2:3 are the
X1 X X1y X1 1y &y

that_are far away.from the desired traversal time_, the pendultillqil[ial angles of the gates about theaxis and are randomly
motion has less in uence on the quadrotor, leaving more ex'i*r"ﬁtialized. We represent the policy using a Gaussian linear

conFroI authority to countgract disturbance. . “model z (ZlW (s); ) (Section IIl-C2), where the
Fig. 6 shows the learning progress of the Gaussian poh%

. e ) olicy parameters = [W ; ] are updated using Algorithm 2.
which has randomly initialized weights (both mean and va Ve use the RFF featurizer for(s), in which the feature

ance). The learning is data-ef cient and stable as the pOIi't?)\‘:tndwidth is speci ed as 0.1 and the feature dimension is 40.
converges after only a few training iterations, e.g., 10 iterations _. . . .
Fig. 6 shows the learning progress of the Gaussian linear

for = 10:0. We train the policy for 30 iterations to make T e . . .
sure that the policy is fully converged. The policy update &ollcy. S!mllqr to tra|n.|ng. a Gaussian policy, t.he learning of
each training step requires 30 samples, resulting in 900 M aussian linear policy is alsq very data-ef cient and_stable,
optimizations in total. Besides, a high temperature= 10 tha_nks to the closed-form SOIU“.On (Eg. (11)) for upda_ltl_ng the
results in a fast (greedy) policy update while a low temperatupé)“c_y parameters. Here, the_poll_cy update at eac_h t_ram_mg step
can have slow convergence. requires 300 samples,. resultmg in 9000 MPC optimizations for
learning a Gaussian linear policy.
) ] ) . TABLE | shows the evaluation results. The goal is to plan
B. Learning State-Dependent Time Variables for Adaptivg yajectory for passing through 3 individual moving gates,
Trajectory Optimization Using A Linear Policy where the initial states of the gates are randomly selected.
For generalizing the learned high-level policies to differeriven a planned trajectory, we compute the traversal distance
settings or contexts (denoted as a vecf)y we train a from the quadrotor center to the gate center, at the predicted
linear function approximator = f (s). Specically, we time instances. We run the experiment repeatedly 100 times
want to predict the decision variables conditioned on differeahd compute the mean and the standard deviation of the
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Fig. 8: Evaluation of the trained linear high-level policy with randomly initialized pendulum states. The generated quadrotor
trajectories are colored by their speeds that are indicated using the color bars. The traversal distance errors between the
guadrotor center and the gate center at the desired traversal times are indicated in the gure title.

TABLE I: Evaluation of the trained Linear High-Level Policy. gnt statex? and the next gate's state?. The output of the
neural network is the desired traversal time [t;] for ying

Number| Success Ratgs Mean Standard Deviation
Approach| of Gates| (%) (m) (m) through the next gate.
Gl G2 G361 G2 G3|GL G2 G3 We use Algorithm 3 to train the neural network policy

Random | 3 | 0 0 0275 3.46 343045 0.25 0.99 in simulation, in which it combines Algorithm 1 with self-
Heuristc | 3 [100 0 0]0.14 1.98 1.140.02 050 0.29 supervised Igarning. First, we rese_t .the. system_ ?n random
Ous | 3 |100 100 94[0.17 021 0.300.04 0.06 0.5 ;tates, meaning we use a randomly initialized pos'|t|.o'n, veloc-

ity, and orientation for the quadrotor and a random initial angle
for the pendulum gate. We nd the optimal traversal time

traversal distance errors. In addition, we de ne a succeltis state using the policy search algorithm (Algorithm 1).
planning if the traversal distance errors for all gates are low¥fe creaFe a tr_ar|]n|nhg paifor; z;) by_ aslsoc'a,t'n? the cr:]urrent
than 0:5m. We report the success rates for the 100 trials fPServation with the current optimal variables. Then, we
TABLE I. Note that G1, G2, and G3 represent each ga§émulate the quadrotor to the next state by solving the MPC
separately. Our approach outperforms two simple baselin@glimization using the optimal traversal tinag and apply the
one uses randomly sampled time variables, and one usegpgmal control command to the simulated quadrotor. We also

heuristic-based selection of the time variables. Fig. 8 showdiegrate the pgndulum dynamics t(_) S|mu_late.the gate mqtlon.
visualization of 9 randomly sampled examples. We repeat this process at each simulation time step until the

guadrotor ies through the gate or it reaches the maximum
) ) ) ) ) simulation steps. In total, we collect 40,000 samples, which
C. Learning Adaptive Variables for Dynamic Gates via Neurghkes a multi-core CPU several hours to collect the training
Network Policies data. However, the total sampling time can be signi cantly
For learning a policy that is useful for the online parametersduced using parallel processing or multithreading. We im-
adaption or compatible with high-dimensional sensory obsgtement a fully-connected MLP with two hidden layers of 32
vations, we train a neural network policy. The trained policynits each and RelLU as the activation function. The training
can hence be used for adaptively making high-level decisiontnetwork weights takes less than 10 minutes on a standard
for the MPC at each control time step, resulting in a closedotebook with an Nvidia Quadro P1000 graphics card.
loop controller. We use a Multilayer Perceptron (MLP) as the We use an open-source quadrotor simulator called Flight-
policy representation. In reality, since the environment is onipare [70] to simulate the race track and the quadrotor dy-
partially observable, we can only observe one gate ahead. Mé&mics. Fig. 9 shows a visualization of the race track in
de ne the observation at the time stépaso; = x{ x?, Flightmare. We design a dynamic race track that contains 5
which represents the difference between the quadrotor's careving gates. All moving gates are modeled using the same
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As a second baseline, we use a minimum jerk trajectory [4]
together with a high-level trajectory sampling scheme. We
sample possible traversal trajectories by searching for the
desired traversal time. We de ne a time intervallot [0; 3] s
with a discretization time step aft = 0:1s for sampling.

At each control time step, a total number of 30 trajectories
are sampled. The start state of the trajectory is de ned by
the current quadrotor state. The end state is partially de ned,
meaning some components are left free. The waypoint (the
end position of the traversal trajectory) is calculated using
a pendulum model of the moving gate and the sampled
time. The end velocities and accelerations are de ned as
v = [None 0;0] and a = [ None None Nondg, which means
ﬁhat the end velocityy in the forward directionx-axis) and

the accelerations are left free. We use zero velocities for the
end state at thg-axis andx-axis to reduce the risk of having
over-aggressive motion primitives. We reject trajectories that

. . . do not satisfy the input constraints and select an optimal
pendulum dynamics and rotating around #exis. trajectory that has less traversal time.

The gates are attached to different xed points and are
initialized randomly by sampling its initial rotational an-

Fig. 9: A visualization of the dynamic racing environment i
the Flightmare simulator [70].

Fig. 10 shows the evaluation results. In summary, our ap-

gle x from a uniform distribution «  U( =2 =2). 555ch achieves the highest success rates and smallest traversal
Speci cally, the gates are separated n tb;(_siams ‘Q(j'th & distance errors, particularly when the quadrotor has a small
xed position offset of x, where x = pg' P 2 jnital velocity and the separation distances among gates are

[0:5,1:0,2:0;3:0,4:0,  ;9:0] (m) is the difference between 5146 enough. When the quadrotor is initialized with a high
two consecutive pendulum gatesand j. Besides, we ini- foyarq velocity and the distance among gates are small, Our
tialize the quadrotor Wlth_ different initial _velo_cmes off 2 approach is prone to failure of the task due to the physical
[0:0;1:0;  ;9:0] (ms *) in the forward direction. constraint of the platform. For example, the quadrotor does
We run 20 trials for each combination of the positiomot have enough control authority to break immediately.
offset and the initial quadrotor velocity x; v¥) and compute
the success rate and the averaged traversal distance errofhe standard MPC has achieved lower success rates and
The averaged traversal distance error is computed using fAger traversal distance errors. This is due to the cost function
Euclidean distance from the quadrotor center the gate. W@mulation in the MPC optimization, in which the optimiza-
compute the success rate by de ning a task as a success iftgh does not have access to the desired traversal time, and
5 traversal distance errors are less tiefm. thus, has to minimize the distance between the quadrotor and
We compare our approach against two baselines: a standgsl gate center in all optimization states. Such an optimization
MPC formulation, which does not have access to the desiregheme results in very aggressive trajectories and large control
traversal time, and a fast motion primitive generator [4]nputs [33]. Therefore, it is very important to obtain the
Since the desired time for ying through the next gate is nataversal time prior to the optimization and update the time
known beforehand, the desired traversal position is also a priareach control time adaptively for the closed-loop control.
unknown. We formulate a simple MPC optimization problendptimizing the time jointly with other optimization variables
as the following is also possible, but might result in a complicated optimization
e 1 problem that is dif cult to solve in real-time.

T‘i{] L = Lerminart Lu+ (Xﬂ XE)TQ(XE Xﬁ)
' h=1
S.t.: Umm u Umax

The sampling-based motion primitives method shows a
competitive performance to our method. There are multiple
challenges when applying the sampling-based method to our

Xp. = Xp + oy ’r"(xﬂ; Un); X7 = Xinit task. First, the motion primitive is de ned for state-to-state
transition, in which the end velocities are dif cult to be
where x{ is the predicted future state of the moving gatespeci ed in advance. For example, a small velocity in the ight
L terminal (EQ. 19) is the terminal cost, artd, (Eg. 20) is the ac- direction can result in a slow forward motion while a high
tion cost. HereQQ = diag(0; 100,100, 10; 10; 10; 10; 0; 10; 10)  velocity can lead to aggressive ight and gate overshooting.
is a time-invariant diagonal cost matrix, which is speci ed fo6econd, the nal performance of a task highly depends on
tracking the gate motion in thg-axis and thez-axis. Solving the high-level planner, which is used for selecting the optimal
the above optimization problem results in a trajectory thatotion primitive. Designing such a high-level planner is
follows the gate motion in thg z plane (de ned by the a challenging task, in which prior research generally uses
stage cost) and reaches an end position located behind lieeristic-based search [4], [71], [72], which could produce
gate (de ned by the terminal cost). suboptimal solutions.
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Fig. 10: Baseline comparison of ying through 5 moving gates using our High-MPC (left), a standard MPC (middle), and a
high-frequency motion primitive sampling method [4] (right). Overall, our High-MPC outperforms both baselines in terms of
gate traversal distance errors and success rates.

D. Real-world Deployment less than5ms and for the neural network inference is on

To test the robustness and the real-time performance @erage less thams (without TensorRT optimization).
our system, we deploy our approach in the real world with We set up the experiment by putting the pendulum gate at
a physical racing drone. The drone is built from off-the-she# random initial angle and then dropping it. The pendulum
components used for rst-person-view racing (Fig. 11). Thgate swings back and forth freely with a periodic motion.
drone features a carbon frame with stiff 5-inch propeller§he period of the pendulum decreases over time due to
a Lumenier ight controller, an Odroid XU4 single boardfriction and air drag, which are dif cult to model precisely. We
computer, and a Laird RM024 radio module for receivingpproximate the pendulum dynamics using Eq. (15) & Eq. (16)
control commands. The platform weighiy75 kg We design With a roughly estimated damping factbr= 0:2. We use a
a pendulum gate that comprises a straight steel stick angi@ple dynamic model for predicting the future trajectory of
wooden loop. The stick has a weight 8f3kg and a length the gate. We place our drone at a random position in front of
of 1:0m. The wooden loop has a weight 6f46kg and a the gate. Fig. 12 shows four different trials of the real world
radius 0f0:45 m. We attach the pendulum gate to a xed stancgXperiment conducted in a con ned environment. As a result,
The task goal is to control the quadrotor to y through th@ur approach successfully controls the quadrotor to y through
pendulum gate and hover it at a goal position located behilfte fast-moving gate.
the gate. Fig. 13 shows a comparison of the executed trajectories

All the presented ight experiments were conducted with abetween the quadrotor and the moving gate. The vertical
OptiTrack motion capture system. We use Extended Kalmafack dashed line indicates the traversal moment, at which
Filters (EKF) for estimating both the quadrotor state and thie quadrotor ies through the gate. The quadrotor follows
pendulum state using observations from the OptiTrack. Thkige gate's motion in both thg-axis (blue) and thez-axis
state estimation runs &200Hz We use ACADO [73] for when it approaches to the gate. Besides, the desired traversal
the MPC optimization and gpOASES as a solver in order tone ty, predicted by the neural network together with the
achieve real-time control performance of the quadrotor. A®rresponding gate-following weighting varialleis plotted
discretization step, we chos® = 0:1s with a prediction on the right-hand side. Botl, and! are used by the MPC for
time horizon ofty = 2:0s The control command solvedsimultaneous planning a trajectory and controlling the vehicle.
by the MPC with a desired traversal time variable obtaine¥henty, is close to zero, the weighting variable increases to
from the neural network high-level policy are updated a& maximum value! 1, which indicates that the desired
50Hz Our approach can achieve real-time control and fgaversal time is now and the quadrotor should try to follow
computationally ef cient. The computational time for solvinghe periodic motion in thgg  z plane. By contrast, whety,
an MPC optimization at each control time step is on averagevery large (e.g.tya = 4:0), the weighting variable decreases
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The Gaussian policy nds state-independent decision vari-
ables for a single trajectory optimization, namely, the learned
decision variables are xed parameters. In practice, many MPC
applications require manually tuning of the hyperparameters,
such as the prediction horizon. The Gaussian policy is useful
for automatically selecting those hyperparameters.

The Gaussian linear policy learns state-dependent policies
via episodic policy search and function approximations. Such
policy representations are useful for generalizing robot skills
to multiple contexts: a lower-level MPC, parameterized via
the parameterg, controls the robot for a given contextand
a high-level policy (Zjs) generalizes among different con-
textss. In the context of reinforcement learning, it is generally
referred to as contextual policy search [34], [77]. Hence, the
Gaussian linear policy has the advantage of ef ciently learning
[inear function representations (with nonlinear kernel features)
using a small number of samples.

to a minimum valued 0, meaning that there is no need to 1he neural network policy learns state-dependent policies
follow the gate since the gate is either far away or has be#h@ Step-based setting, where the policfZ:jo;) needs to

passed already. Note tha, is not the prediction horizon in @dapt its decision variables, based on the observatian
the MPC optimization. at each control time step. The above-mentioned episodic

policy search cannot be used directly because the step-based
policy search uses different exploration strategies and relies
. ; _on different policy evaluation methods. Instead, we propose to
In general, existing works on quadrotor trajectory planning,npine Algorithm 1 with a self-supervised learning scheme

(or kinodynamic motion planning) in dynamic environmentg, ye sten-hased setting. We show the resulting algorithm can
can be divided into sampling-based and optimization-based MR used for learning a complex neural network policy. The

proaches. Sampling-based algorithms [74], such as RRA], o ;ra) network policy is more helpful for adapting decision

[76], are Pfo"ab'Y optimal in_the limit (_)f in nite SamplE_’S'variables online or potentially for processing high-dimensional
To achieve real-time replanning, sampling-based algor'thrHﬁservations.

leverage ef cient motion primitive generators to provide a

closed-form solution for state-to-state trajectories, €.g., tBe Design of the Loss Function and the Reward Function
minimum jerk [4] or minimum snap [2] trajectories. This line The loss function design in the MPC optimization involves

of \/lvqu malnlfe§t5 a sem cant cor;:putanonal Ia_ldvantag_e ar%jenerating desired control commands for the robot such that
reg -(;lme pannln%_f?er or_mﬁmce, dowevgr, r? 1es ond3|mp he predicted future states match prede ned high-level goals.
ed dynamics or differentially at dynamics of a quadrotor., approach allows more exible and automatic loss function

Moreqver, they n_eed to rela>.< the s?ngle .actuator constrailat sign: by taking the MPC as a parameterized controller and
to limit the per-axis acceleration, which might render plann ing policy search for automatically selecting the desired

trajoec;t_orl_est.conzervaélve. h th limitati dﬁgrameters. The reward function design for policy search
ptimization-based approaches overcome these imitatiglls very exible formulations, such as quadratic, sparse, or

by enforcing the system dynamics and thrust limits as OBy onential
straints. They use discrete-time state-space representatior% '
for the trajectory, and can handle nonlinear dynamics agd | imitations

d'ﬁerem constraints. For passing through d)_/nam|c gat.es, Fh%:irst, learning neural networks is computationally expensive
allocation of the traversal times for the moving waypoints is

ori unk dering th bl p lati nd data-hungry. During data collection, the proposed self-
al.p”tor(; uSnt r;owr;,thren tenng ehpro g(rjn ormu §1| lon C%rlnéu ervised policy search (see Algorithm 3) requires running
piicated. State-ot-ihe-art approaches address simiar Problefiy, iinm 1 in the loop, which is an expensive process

for passing through _statlc wayp_omts using _elther heu“Sté(fnce it needs to solve multiple MPC optimizations for each
search [3] or formulating a compllcated_opumlzanon prObIerEtate. Second, Algorithm 3 was designed for learning neural
using complementary progress constraints [18]. networks for both online decision making and handling high-
dimensional observations. Our experiments did not exploit the
full potential of using deep neural networks for processing
A. Choice of Policy Representations high-dimensional observations, such as images. Finally, our

In Section IV, we have presented algorithms for trainingxperiment results are based on accurate state estimation with
three different policies, including Gaussian policy, Gaussidow latency, which is general not the case when using onboard
linear policy, and neural network policy. Our formulation isensing and computing. It is also crucial to consider many
general and is designed to be suitable for a wide variety fafctors for real-world scenarios, such as noisy state estimation
robotic tasks. and system delays.

Fig. 11: A racing drone used for the real-world experimen

E. Connections with Prior Trajectory Planning Methods

VIl. DISCUSSION



14

Fig. 12: Controlling a quadrotor to y through a dynamic gate using High-MPC under random initializations.

Fig. 13: Trajectories of the quadrotor (solid line) and the pendulum gate (dashed line). The plot on the right-hand side shows
the predicted traversal time variable and the weight for minimizing the gate-following cost. The vertical dashed line indicates
the traversal time.

VIIl. CONCLUSION We release the source code of learning high-level policies
for MPC and provide additional theoretical derivations in
This paper proposed a novel framework that unies théhe Appendix. Future work concerns improving the sample
advantages of both probabilistic policy search and MPC. Oefciency of the high-level policy training using more ad-
approach improves over the standard MPC formulation wanced policy search methods, such as relative entropy policy
augmenting the MPC controller with learned high-level polisearch [78]. On the application side, applying the proposed
cies that can automatically choose hard-to-optimize decisitmmework to other robotic tasks, such as addressing more
variables. Our framework allows a versatile design of differesbmplex trajectory optimization problems or using a high-level
policy representations, ranging from state-independent Gapsiicy for dealing with model errors, are promising avenues
sian policies to complex neural networks. for future research.
As a second contribution, we addressed a challenging
problem in agile drone ight: controlling a quadrotor to vy REFERENCES
through fast-moving gates. We successfully demonstrated t% D. Falanga, K. Kleber, and D. Scaramuzza, “Dynamic obstacle avoid-
effectiveness of our approach in both simulation and the real ance for quadrotors with event camera&xlence Robotigsol. 5, no. 40,
world. To the best of our knowledge, our approach is the rst[2 ?)0218[ _ - . .
. . Mellinger and V. Kumar_, Mlnlmum_snap trajectory generation
to attempt to address this prOblem and, hence, can serve as Elnand control for quadrotors,” i2011 IEEE international conference on
important baseline for future work. robotics and automatian IEEE, 2011, pp. 2520-2525.
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