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Abstract— Autonomously controlling quadrotors in large-
scale subterranean environments is applicable to many areas
such as environmental surveying, mining operations, and
search and rescue. Learning-based controllers represent an ap-
pealing approach to autonomy, but are known to not general-
ize well to ‘out-of-distribution’ environments not encountered
during training. In this work, we train a normalizing flow-
based prior over the environment, which provides a measure
of how far out-of-distribution the quadrotor is at any given
time. We use this measure as a runtime monitor, allowing
us to switch between a learning-based controller and a safe
controller when we are sufficiently out-of-distribution. Our
methods are benchmarked on a point-to-point navigation
task in a simulated 3D cave environment based on real-world
point cloud data from the DARPA Subterranean Challenge
Final Event Dataset. Our experimental results show that our
combined controller simultaneously possesses the liveness of
the learning-based controller (completing the task quickly)
and the safety of the safety controller (avoiding collision).

I. Introduction

Reliable methods for autonomously navigating large-
scale, subterranean environments with quadrotors are
becoming increasingly relevant, with applications in
search and rescue [1], [2], mining operations [3], [4],
terrestrial cave exploration [5], [6], and space exploration
(7], 18], [9].

Learning-based controllers represent an attractive ap-
proach to autonomy; they can be learned from data,
exhibit extreme maneuverability, and account for non-
linear dynamics [10]. However, these methods are known
to generalize poorly to scenarios not encountered during
training [11]. Note that we refer to the environment that
an algorithm is tuned or trained on as in-distribution
(InD); otherwise, it is out-of-distribution (OOD) [12].

Another branch of potential solutions to autonomy are
well-established control theoretic approaches, which can
guarantee safety [13]. Such optimal control algorithms
allow designers to mathematically optimize desirable
performance metrics in the presence of constraints (e.g.
collision avoidance and dynamic feasibility).

There is an inherent tradeoff between safety (some-
thing bad will not happen, e.g. avoiding colliding into
a wall) and liveness (something good must happen,
e.g. reaching the goal state quickly) [14]. In this work,
we balance both considerations by using learning-based
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controllers when InD, and traditional safety controllers
when OOD, relying on a runtime monitor to classify InD
from OOD.

The contributions of this work are threefold:

1) We train a normalizing flow-based optimal control
policy (FlowMPPT [15]) within a Bayesian model-
based reinforcement learning paradigm [16]. To
our knowledge, this is the largest 3D environment
on which FlowMPPI has been trained on to date
(3D extents of 41 x62x 11 meters, and an internal
volume of 11492 cubic metres).

2) We design a safety controller that solves for dynam-
ically feasible, obstacle-avoiding trajectories [17],
[18].

3) We switch between the two methods at test time
using an OOD runtime monitor that considers
the environment, current state, and goal state.
We experimentally demonstrate that our combined
controller simultaneously possesses the liveness of
the learning-based controller (completing the task
quickly) and the safety of the safety controller
(avoiding collisions).

II. Related Literature

The learning-based controller in this work is based
on FlowMPPI [15]. This method uses a sampling-based
Model Predictive Control (MPC) [19] framework called
Model Predictive Path Integral Control (MPPI) [20].
MPPI operates by sampling optimal control sequences
from a Gaussian prior, simulating them with respect
to some known dynamics, assigning a reward to each
outcome, and computing an optimal control sequence
based on a reward-weighted average of the samples.

The key innovation behind FlowMPPI is the use
of a conditional normalizing flow [21] in place of the
Gaussian prior when representing the optimal control
distribution. Normalizing flows can represent arbitrarily
complex distributions, yet can be learned from data. The
normalizing flow in FlowMPPI is trained in a Bayesian
model-based reinforcement learning paradigm [16], and
represents the optimal control distribution. Numerous
optimal control samples are drawn from the normalizing
flow and a loss is computed based on 1) how goal-directed
each sample is, and 2) the breadth of the samples (i.e.
exploitation balanced with exploration).

The safety controller used in this work is an
Augmented-Lagrangian Iterative Linear Quadratic Reg-
ulator [18] (AL-iILQR) tracking the trajectory output
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Fig. 1: A block diagram explanation of the method introduced in this work. A variational autoencoder is trained
to encode signed distance fields of the environment in an online fashion. A prior over the environment encodings is
trained in-tandem and probabilistically estimates if any new environmental encoding is from the prior distribution
(i.e. ‘is the current environment similar to what was encountered during training?’). This probability determines
which controller is more appropriate to use. The learning-based controller reaches the goal quickly, but is sensitive to
out-of-distribution inputs. The safety controller reaches the goal slowly, but is robust to out-of-distribution inputs.
By switching between the two, our combined controller achieves superior liveness (reaching the goal quickly) and
safety (reaching the goal without collision) properties than either of the constituent methods do on their own.

from a sequential convex programming (SCP) algorithm.
Prior works have demonstrated the value of iLQR-based
feedback controllers in minimizing tracking errors [22],
[23], and Malyuta et al. [17] presents a comprehensive
guide to generating cost-minimizing, multi-objective,
constrained, dynamically feasible, collision avoiding tra-
jectories.

This work also takes advantage of the rich field
of OOD detection methods [12], [24]. Many methods
for OOD detection exist, including statistical methods
[25], comparing latent space representations [26], and
estimating the likelihood of encodings [27], the latter of
which is the focus of this work.

We use these methods to create a combined controller
than draws on learning-based methods where appropri-
ate, and falls back to conservative SCP methods when
needed. Prior works have investigated the construction of
meta-controllers that combine 1) non-pedigreed nominal
controllers, and 2) recovery controllers, and demon-
strated that although safe, recovery controllers may be
disruptive to operational objectives [28].

III. Methods

Our task is simulated point-to-point navigation within
enclosed 3D cave environments. We consider two simple
handcrafted cave environments and two complex cave
environments from DARPA’s Subterranean Challenge
Final Event dataset, as illustrated in Figure 2. Start
and goal states are selected to be > 25 meters away
from each other, and the quadrotor is initialized at the
start position with zero velocity, rotation, and angular
velocity. The task is considered complete if the quadrotor

stays within one half of its radius to the goal position for
at least 3 seconds. The dynamics that govern the system
are defined in Equation 15.

A. Model Predictive Path Integral Control (MPPI)

We implement MPPI (Algorithm 1) as a baseline,
using a multivariate normal distribution as the optimal
control distribution as suggested in Williams et al. [20].
This distribution is updated at each timestep to be
centered about the previous optimal control u*, with
a covariance matrix that has zero off-diagonal elements.
Diagonal elements represent variances, and are computed
to be one-quarter of the range of the allowed control
inputs. Increasing or decreasing these variances has the
effect of widening or tightening the control distribution.

B. Normalizing Flows with Model Predictive Path Inte-
gral Control (FlowMPPI)

We implement a variation of FlowMPPI [15] and train
it within a Bayesian model-based reinforcement learning
paradigm [16]. The implementation follows Algorithm 1
with a conditional normalizing flow representing the
optimal control distribution.

This flow is conditioned on the task variables (the start
state and goal state), and the encoding of the quadrator’s
immediate environment (using a variational autoencoder
[29]). We refer to the concatenated task variables and en-
vironment encoding as the context vector C. In practice,
this ensures that the samples drawn from the optimal
control distribution are contextually informed; they are
goal directed (move from the start state to the goal state)
and avoid collisions (by accounting for the immediate
environment).



(a) The Block environment features a block obstacle with
14 meter side lengths suspended in the center of an
enclosed 30x30x30 cubic meter space.

(¢) The Tunnels environment features interconnecting
mineshafts with cross-sectional areas of approximately
3x3 meters and miscellaneous debris (e.g. rubble piles,
barrels). The wall surfaces vary between naturally jagged
and smooth concrete. This environment is Section 6 of
DARPA’s Subterranean Challenge Final Event dataset,
has extents of 31x59 x4 meters, and an internal volume
of 536 cubic meters.

(b) The Pillars environment features 23 cylindrical pillar
obstacles (each 2 meters in diameter) in an enclosed 30x
30% 30 cubic meter space.

(d) The Chamber environment is a large cavernous space
with piles of rubble, two mineshafts (geometrically similar
to the Tunnels environment), and a ramp leading to an
elevated area. This environment is Section 4 and Section 5
of DARPA’s Subterranean Challenge Final Event dataset,
has extents of 41 x62 X 11 meters, and an internal volume
of 11492 cubic metres.

Fig. 2: The four environments used in this work. Each represents a simulated (Figure 2a and 2b) or real-world
(Figure 2c and 2d) cave environment. Learning-based methods trained in one environment may not necessarily
generalize to different environments during testing, allowing us to test out-of-distribution performance.

C. Sequential Convex Programming for Trajectory Op-
timization

We determine non-colliding, dynamically feasible tra-
jectories using sequential convex programming (SCP).
The method iteratively refines an initial trajectory by
solving a sequence of convex optimization problems [17].

We begin by computing a volume that 1) contains the
start state sinir and goal state sgoal, and 2) contains no
environmental obstacles. We compute this volume as a
set of V spheres by first solving for the shortest path
between sini; and Sgoal using the A* search algorithm
[30]. We dilate the voxel map representation of the
environment by the quadrotor’s radius to ensure that
there would be no collision even if the quadrotor were
centered at any point along the resulting path.

The first sphere is set to be centered at syt and is
iteratively grown from a zero radius until it intersects
with the environment. The next sphere is centered at the
point that is both on the A* path and on the previous
sphere’s surface. Again we grow the sphere until collision,
and this process repeats until a sphere contains sgoal-
The union of these V spheres is a contiguous volume
that contains sini; and Sgoal-

We initialize the solver with a state trajectory of shape
(T,12), where the positional elements (first three elements

of the 12-dimensional state vector) are the A* path
solutions, and all other values (velocity, rotation, and
angular velocity) are zero. This initial state trajectory is
dynamically infeasible but will be iteratively improved
upon. We initialize the action trajectory with a set of
controls that causes the quadcopter to hover in place.
We find that this trajectory initialization warm-starts
the solver and leads to faster solve times [17].

The optimization is a multiobjective cost function
that simultaneously minimizes deviation from the goal,
control effort, navigation slack (staying within the non-
collision volume V), and dynamics slack (discussed fur-
ther below):

T T-1
2 2
J = Waist let_sgoall + WCf,rlZlutl +
=1 =

T V
Wnavzzgtrfev + Wdyn maxlé‘:dyn| (1)
t=1 v=1
The trajectory is constrained to start and end at fixed
states
S1 =St and ST = Sgoal (2)
Control inputs are constrained to dynamically feasible
limits
Us € [Umin,Umax ], Yt € [1,T — 1] (3)



Algorithm 1 Model Predictive Path Integral Control

Require: initial state s, samples K, horizon H,
forward dynamics function Dyn,
optimal control distribution £*,
cost function C(-), weighting sharpness parameter A.
// Store state and control trajectories and their costs
el Ce]
for k=1 to K do
™ —[s1]; 75 <[]
for h=1to H do
// Execute the sampled control and get the next
state
uk — sample(P*)
8 sz — Dyn(‘r;‘[—l],u;f)
// Append the state and control to the trajec-
tories
10 append(rf,s}/l‘); append(r,f,u{l‘)
11 end for
12 // Store state and control trajectory k
13 append(ty,7X); append(ru,fif)
14 // Relate the trajectory to a cost and store
15 append(C, XL, C(tk[h],7X[h]))
16 end for
17 // Compute weights for each trajectory based on
costs
18 w « softmax(—A1-C)
19 // Update the optimal control distribution (as
needed)
20 P* « update(-)
21 // Combine optimal cost-weighted control sequence,
22 // and return the immediate (first) optimal control
28w — (K wrh)[1]
24 return u*

DUt e W N =

-

Successive states are constrained to satisfy the affinized
dynamics with some allowed slack at each timestep &9

Sts1 = Arsy + Bty +Co +EV" Vi€ [1,T - 1] (4)

A;, By, and C; represent the dynamics affinized about the
previous iteration’s states s, and controls u,. To maintain
the accuracy of this affine approximation we enforce a
trust region

ls; —sP" V| < rg Ve €[1,T] (5)
lug —ul™ | < ry, VE € [1,T—1] (6)

and the maximum dynamics slack must stay below some
defined threshold 51%7?

max|é"| < gt (7)

Note that the trust region and maximum allowed dy-
namics slack are geometrically decayed at each iteration
according to a decay schedule (Table II). We define a
function D(-) which takes a state trajectory and returns
a (T,V)-shaped matrix where the element #,v represents
the signed distance field value of the 1" state’s position

with respect to the v collision-free sphere [31]. We
also introduce a navigation slack variable £"*¥ which is
solved for at each iteration, and represents how much we
deviated from the non-collision volume in that iteration.
We introduce the first navigation constraint over every
element of the navigation slack:

" < D(sy), ¥t € [1,T] (8)

which states that the navigation slack &"*Y in this
iteration must be less than the true signed distance
field values from the current trajectory solution. We then
introduce the second navigation constraint:

ea’D(spre") IOg Z ea’D(sI’re")

(é;nav _ D(spreV))T + >0

(9)
which uses a softmax with temperature o to ensure that
each point in the trajectory is moving more towards the
center of a non-colliding sphere in successive iterations
[17].

This problem is solved iteratively until the solution
does not meaningfully improve with respect the objective
J (Equation 1).

D. Augmented Lagrangian Iterative Linear Quadratic
Regulator (AL-iLQR)

The Iterative Linear Quadratic Regulator (iLQR) is
an optimization framework which leverages the Linear
Quadratic Regulator (LQR) control policy and applies
it to systems with nonlinear dynamics, using iterative
dynamics linearization about the nominal trajectory
gtom - yom - The optimal controller follows the control
law:

Uy = M?Om'f‘Kt(St —S?Om)'i'dt (10)

where K; is the feedback gain, d; is the feedforward gain,
s; is the state for timestep ¢ € [1,T], and u, is the control
input for timestep ¢ € [1,T—1].

There are many practical constraints for a quadrotor
controller that must be enforced, such as control bounds
on rotor inputs. Traditional iLQR does not allow for
this, so we use Augmented Lagrangrians (AL), which
reposes a standard optimization problem with explicit
constraints into a problem with soft constraints enforced
in the cost function [18]. The new optimization cost
after applying the AL technique is referred to as the
Augmented Lagrangian L4, and includes a Lagrange
multiplier A and penalty matrix I,. Using AL within
the iLQR tracking framework results in the AL-iLQR
tracking problem:

min  La(sir,u1.7-1) (11a)
urr-1
S.t. St+1 ZAtS, +Bzu[, Vt: [l,T_l] (llb)

which states that a control sequence that minimizes
the AL:

T-1
1 1
La(sirourr—1)=0r+ (/l; + —C:FFIH’T) cr +Z (5, + (/l;r + —C,T[ﬂ,t) C,)

2 2
t=1
(12)



whilst maintaining dynamic feasibility, must be found.
We further define bounds on the control inputs

[er(seoue)ser(s)] = H” ‘”ma"] : 0] (13)

Umin — Uz
and define the standard iLQR tracking costs, which
penalize divergence from the desired state trajectory
strak ysing state cost, control cost, and terminal state

cost matrices Q, R, and Qr:

Ci(se,up) = (87— SztraCk)TQ(st - S;raCk) + “:R“t

1 . . (14)
tr(st) = E(ST — sy T O (s — sirack

Which are minimized.

IV. Results

A. The Learning-based Controller Completes the Task
Faster but is More Sensitive to OOD Scenarios

In Table I we observe that FlowMPPI completes tasks
the fastest out of all our controllers; in all environments
apart from Block, FlowMPPI has the fastest task com-
pletion time for successful tasks, demonstrating the value
of model-based reinforcement learning for InD inputs.

However, we observe a large drop in success rate when
going from InD to OOD when using FlowMPPI. In
the small environments, success rate drops from 100%
to 71%, and in the large environments, success rate
drops from 93% to 76%, illustrating the method’s OOD-
sensitivity. We note that the failure of learning-based
methods to generalize to new environments is well-
observed [11].

B. The Safety Controller Completes the Task Slower but
is More Robust to OOD Scenarios

Compared to the learning-based controller, the safety
controller completes tasks much slower; in all four of
the tested environments, the safety controller has the
slowest completion times by far (see Table I). However,
the controller exhibits a less severe drop in success rate
compared to FlowMPPI when going from InD to OOD.
In the small environments, success rate drops from 100%
to 94%, and in the large environments, success rate
drops from 88% to 86%. We also note that overall the
safety controller produces smoother, lower control effort,
shorter trajectories. We expect that this is due to SCP
globally optimizing the entire path, whereas FlowMPPI
and MPPI are myopic due to their local horizons.

These results experimentally show that the safety con-
troller is more resilient to OOD than the learning-based
controller, despite being much slower. This illustrates the
tradeoff between liveness and safety properties [14].

C. Combining both Controllers with an OOD Detector
Improves Task Completion Speed and OOD Resilience

Switching between the learning-based and safety con-
troller based on an OOD score results in a controller
that exhibits the best properties of its constituents. In

the small environments (Block and Pillars) the combined
controller achieves comparable success rate (within 1%)
to AL-ILQR, yet the average task completion speed is
greatly reduced on account of FlowMPPI being used
while InD (see Table I).

We note that the combined method having a lower suc-
cess rate than the safety controller suggests that either
1) the OOD scenarios may not be perfectly classified,
or 2) that the safety controller has a higher failure rate
when switched to. Both scenarios are plausible; OOD
classification is imperfect and the combined controller
often switches to the safety controller when in the
presence of close obstacles, or dynamically challenging
states (i.e. states not encountered during training).

Table I shows a similar pattern on the large environ-
ments (Tunnels and Chamber). The combined controller
achieves comparable success rates to the safety controller
(within 2%), yet greatly reduced completion times due
to the InD performance of the learning-based constituent
controller.

V. Conclusion

In this work we have used out-of-distribution detection
to determine when a learning-based controller and a
safety controller should be used in the context of a point-
to-point quadrotor navigation task in an underground 3D
environment.

We find that learning-based methods (specifically,
FlowMPPI) complete tasks quickly when in-distribution,
but exhibit lower success rates when out-of-distribution.
We find that our safety controller (based on sequential
convex programming and AL-iLQR) is more robust to
out-of-distribution scenarios, but exhibits overall slower
task completion. By combining both, we create a con-
troller that completes task quickly when in-distribution
and maintains safety when out-of-distribution.
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TABLE II: Descriptions of hyperparameters and their
values as used in this work.

Sequential Convex Programming Hyperparameters

and R. Siegwart, “Signed distance fields: A natural represen- Initial state trust region radius ry 1
tation for both mapping and planning,” in RSS Workshop: State trust region radius decay ys 0.95
Geometry and Beyond—Representations, Physics, and Scene Initial control trust region radius rc 1
Understanding for Robotics. University of Michigan, 2016. Control trust region radius decay yc 0.95
[32] F. Sabatino, “Quadrotor control: Modeling, nonlinear control Maximum dynamics slack gﬁgx“ 1
design, and simulation,” Master’s thesis, KTH, School of Maximum dynamics slack decay yqyn 0.5
Electrical Engineering (EES), Automatic Control, October Navigation sigma o 50
2015. Minimum J improvement 0.01
Goal directedness term weight wqjst 0.1
Appendix Control effort term weight weip 0.1
Navigation slack term weight wnay 0.01
A. Dynamics Dynamics slack term weight wayn 100
The system has a 12-dimensional state-space repre- AL-iILQR hyperparameters
senting the 3D position, velocity, rotation (Euler angles), 5, i=jAi<3
and angular velocity, and a 4-dimensional control-space State cost matrix Qy Ok,ij={l, i=jAi>3
representing the angular velocities of the rotors. Our 0, i#j
discretized dynamics model follows the implementation 100, i=jAi<3
outlined in [32], and assumes negligible motor resistance Final state cost matrix Ok Ok,ij =110, i=jAri>3
(i.e. motor power is assumed to be proportional to ) . 0, i#]
. . . . . .. Action cost matrix Ry n
angular velocity), stationary air, linear fluid friction, Maximum # of path segments 3
negligible rotational drag, and does not account for blade # points per meter resampled to 10
flapping: MPPI hyperparameters
Samples K 1024
x Horizon H 50
7 Temperature A 20
sin(rx) cos(rx)
. . ©Y cos(ry) T cos(ry) FlowMPPI hyperparameters
v y wy cos(rx)—wz sin(rx)
z z wx +wy sin(rx)tan (ry) +wz cos(rx)lun(zy) Samp]es K 1024
:i :; — (sin(rx)sin(rz)+cos(rz)cos(rx)sin(ry)) k Zi:] ©i Horizon H 50
Pl rx laad| ) i o . st o as) Temperature A 20
3 3 (cos(rx)sin(rz)sinry) COS('Z;'"UZ)?) " Neighborhood size 6x6x6 m?
z z g —cos(rx)cos (ry) k =I5L—- VAE input size 864
3; f,f (ly—lz)a)ywz+kr(w%*w%) VAE latent size 128
ozl lozl, (IZ—Ix)wxwl;+kr(w£—m%) CNF # flow layers 8
I CNF hidden layers’ size 256
(Ix-1Iy )(uxwy+b((¢u%+wi)7(¢u%+w§)) CNF hidden layer type AffineCouplingTransform
Iz ' Context vector input size 152
Context vector embedding size 64
where (x,y,z) is the position, (%,y,2) is the velocity, —_# training episodes 256

(rz,ry,Fy) is the 3D rotation (Euler angles), (W, Wy, wz) Combined method’s hyperparameters

are the body’s angular velocities, (wi,ws,ws,w4) are the 3.12

Normalized OOD threshold (log space)

rotor’s angular velocities, k is the thrust coefficient, m is
the quadrotor’s mass, b is the yaw-drag coefficient, r is
the quadrotor’s radius, and (Iy,1y,1,) are the quadrotor’s
moments of inertia about the (&,7,Z) axes. The gravita-
tional acceleration is g =9.81m/s?, and the time step is
At =0.025s. Control bounds are umi, =0 and upax = 4.

B. Reproducibility

All experiments were executed on a workstation with
an AMD Ryzen Threadripper 3970X 32-Core 64-Thread
Processor (3.69 GHz) CPU and 128 GB of usable
RAM. The training of neural networks was executed



