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Learning-Based Motion Control in Dynamic Environments

Astghik Hakobyan

Abstract— Safety is one of the main challenges when ap-
plying learning-based motion controllers to practical robotic
systems, especially when the dynamics of the robots and their
surrounding dynamic environments are unknown. This issue is
further exacerbated when the learned information is unreliable
and inaccurate. In this paper, we aim to enhance the safety
of learning-enabled mobile robots in dynamic environments
from the perspective of distributionally robust optimization
(DRO) and the unscented transform (UT). Our method infers
the unknown dynamics of both the robot and the environment
by adopting Gaussian process regression with an uncertainty
propagation scheme based on UT to improve prediction ac-
curacy. This leads to a novel learning-based model predictive
control (MPC) method in which state information about both
the robot and the environment is propagated via UT. The
proposed method uses DRO to proactively limit the risk of
collisions or other unsafe events in the presence of learning
errors. However, the distributionally robust risk constraint is
intractable because it involves a separate infinite-dimensional
optimization problem. To overcome this challenge, we exploit
UT with modern DRO techniques to replace the risk constraint
with its simple upper bound. The performance and the utility
of our method are demonstrated through simulations in au-
tonomous driving scenarios, showing its capability to enhance
safety and computational efficiency.

I. INTRODUCTION

Autonomous mobile robots have shown promise in many
real-world applications ranging from indoor services to urban
navigation. In general, information about the exact robot
model and the environment dynamics is unavailable or highly
limited. Learning-based control approaches are commonly
used in such settings to infer unknown models and im-
prove the overall control performance. However, the safety
of learning-based controllers (e.g., collision-free navigation)
remains a significant concern for the application of such
methods, especially when the learned models are unreliable
and inaccurate [1].

Existing learning-based control methods employ various
machine learning techniques to infer the unknown dynamics
of the robot and the environment. The learning models
most commonly used for this purpose include deep neural
networks [2]-[6], Bayesian linear regression [7]-[9], and
Gaussian processes (GPs) [10]-[14], among others. One
of the most popular approaches for learning-based motion
control of robotic systems is model predictive control (MPC),
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Fig. 1: The overview of our method.

where the unknown models are substituted with the learned
ones. Most research efforts in this field have focused on
improving the prediction model by learning the system
dynamics or fine-tuning its parameters [10]-[13]. In contrast,
a few works learn the dynamic environment model and apply
the controller to a system with known dynamics [5], [8],
[15]-[19]. Safety in such methods is often addressed via
probabilistic constraints, such as chance constraints [20]-[24]
or conditional value-at-risk (CVaR) constraints [25]-[29].
However, most existing methods do not address the learning
inaccuracies or unreliability of the models, applying them
directly to the controller. Such distributional uncertainties
are handled in distributionally robust optimization (DRO)
methods, where a given stochastic program is solved in
the face of the worst-case distribution drawn from some
ambiguity set [30]-[34]. Recently, the application of DRO
has been extended to learning-based control problems to
account for learning errors during the control stage [34]-[37].
However, these methods require nontrivial computational
demand when solving DRO problems.

Our paper is related to learning-based distributionally
robust control in that we learn the unknown dynamics of
both the robot and the environment, as well as address the
learning errors in the motion control stage by adopting tools
from DRO. As shown in Fig. 1, our framework consists
of (i) separate learning modules for inferring the unknown
models of both the robot and the dynamic environment via
Gaussian process regression (GPR) [38] and the unscented
transform (UT), and (i¢) an MPC-based control module
that uses the learned models with an accurate uncertainty
propagation scheme and is robust against possible learning
errors. Unlike typical uncertainty propagation schemes used
in GP-based MPC methods [10]-[12], we propose exploiting
UT to improve computational efficiency and prediction ac-
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Fig. 2: An autonomous driving scenario.

curacy. Prior works utilize a similar uncertainty propagation
approach in stochastic MPC settings with known system
dynamics [39]-[41]. In contrast, we apply the UT method to
the learned models to predict the states of both the robot and
the environment. In addition, to immunize the system against
learning errors, we adopt tools from Wasserstein DRO and
design a risk constraint to limit the distributionally robust
CVaR (DR-CVaR) of the safety loss. This leads to a novel
distributionally robust UT-based MPC algorithm (UT-MPC),
which combines the advantages of both UT and DRO within
a single framework. Unfortunately, the DR-CVaR constraint
is intractable as it involves an infinite-dimensional optimiza-
tion problem over the space of probability distributions.
To overcome this challenge, we devise a simple analytical
upper bound of DR-CVaR that exploits UT to estimate the
safety loss distribution. As a result, we obtain a tractable
distributionally robust UT-MPC algorithm that guides the
robot to take cautious actions despite learning inaccuracies.
Finally, the performance and the utility of our method are
demonstrated through simulations in an autonomous driv-
ing scenario. Our experiments show the capability of our
algorithm to promote safe motion control in a dynamic
environment, even in the presence of learning errors.

II. PRELIMINARIES
A. The Setup

Consider a mobile robot modeled by the following
discrete-time dynamics:

w(t +1) = fz(t), u(t)) + g(a(t), u(t)), (1)

where z(t) € X C R™ and u(¢) € U C R™ are the robot
state and control input at time ¢, respectively. The dynamic
model consists of a known part f : R"» x R™ — R that can
be derived from the physics of the system and an unknown
mismatch term g : R™» x R — R, often occurring due to
oversimplifying complex dynamics, unexpected interactions
with the environment, etc.

Example 1: Consider the autonomous driving scenario in
Fig. 2. The evolution of the ego vehicle can be described
by the kinematic bicycle model, which disregards essential
features, such as the slip angles, tire type, as well as driving
ground. Therefore, it is reasonable to use the kinematic
model with an additional mismatch term to compensate for
the limited fidelity of the simple model.

The robot operates in a dynamic environment, whose state
&(t) € R™ evolves according to

§(t+1) = fenv(£(1))-

Such a model is reasonable as the environment evolves
independently of the robot. For instance, the safety of the
ego vehicle in Example 1 depends on the behavior of the
blue car with state £(¢) in Fig. 2.

To promote the safe operation of our robot, we introduce
a safety loss function £ : R"» x R™ — R and impose the
following constraint:

U(z(t),£(t)) < 0. 2)

In Fig. 2, the loss can be chosen to avoid collisions, e.g.,
Uz, &) =1l —||C(z—&)||3, where Tsafe is a safety radius,
and C maps the states to the position vector.

In this work, assuming that the dynamics of the robot and
the environment are unknown, we aim to design a learning-
based motion controller that guides the robot to perform a

specified task in a cautious manner despite learning errors.

B. Uncertainty Propagation via UT

When the dynamics (1) is learned as a stochastic approx-
imator, the uncertainty in the states is propagated over time.
Unfortunately, it is challenging to compute the resulting state
distribution for non-Gaussian uncertainties passing through
nonlinear dynamics. Linearization techniques from extended
Kalman filter (EKF) [42] suffer from large estimation errors
and require the computationally expensive Jacobian matrix.
An alternative approach is UT, which can be applied to an
arbitrary nonlinear function. The intuition behind UT is that
with fixed parameters, it is easier to approximate the given
distribution than it is to approximate a nonlinear transforma-
tion [43]. Therefore, UT aims to find a parameterization that
completely encodes the statistics of the inputs, allowing its
accurate propagation through a nonlinear function.

Consider a random variable * € R™ with a mean vector
©® and a covariance matrix X that undergoes a nonlinear
transformation d : R™ — R™. The goal of UT is to
accurately calculate the statistics of the output y = d(x). For
that, first, a set of vectors called sigma points are generated
in a way to capture the moments of the input distribution. It
has been shown that choosing 2n + 1 points is sufficient for
encoding the mean and covariance of the inputs [44]. The
sigma points are selected according to the following rule:

X0 =y,
X0 =7 4 (W)Z
Xt — e (W) ,i=1,...,n,

%

,i1=1,...,n, (3)

where X is a scaling parameter and (y/-); is the ith column of
the matrix square root. Next, the sigma points are propagated
through the nonlinear function to obtain the transformed
points Y() = d(X(). The mean and covariance of the
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output y can then be computed as
2n 2n

0 = Z 1AQRVORS S Z WO (VO ) (y(i)fuy)i
i=0 i=0

where W,(,f) and Wc(i) are the weights chosen according
to [44].

One of the main advantages of UT is the accuracy of
uncertainty propagation. For any nonlinearity, UT captures
the output mean and covariance accurately to the third order
of the Taylor series expansion for Gaussian inputs and to
at least the second order for non-Gaussian inputs [45]. In
contrast, the EKF-based method provides only first-order
accuracy. Another feature of UT is the implementation
simplicity, as it involves only algebraic operations without
the need to evaluate the Jacobian matrix needed in EKF.

III. UNSCENTED TRANSFORM AND DISTRIBUTIONALLY
ROBUST OPTIMIZATION FOR LEARNING-BASED
CONTROL

The overall structure of our learning-based control scheme
is illustrated in Fig. 1. It consists of two main parts: (%)
separate modules for learning the robot and environment
dynamics, and (i7) a distributionally robust UT-MPC module
for controlling the robot and addressing learning errors.
First, the unknown dynamics are inferred via GPR using
real-time observations and then used as prediction models
in UT-MPC. However, due to the stochastic nature of the
learned dynamics, state propagation through the GP models
is not straightforward. Our algorithm mitigates this issue
by exploiting UT for uncertainty propagation, achieving
superior prediction accuracy and computational efficiency.
Moreover, using DRO in UT-MPC immunizes the system
against learning inaccuracies and promotes the robot’s safety
despite erroneous models.

A. Learning the Robot and Environment Dynamics

In this study, we use GPR, a non-parametric Bayesian re-
gression method, to infer the dynamics of both the robot and
the environment. A major challenge in GPR is the uncertainty
propagation through the learned model, which is generally
intractable. The most typical approach is linearizing the GP
model around the current state mean [10]-[12]. However,
as mentioned in Section II-B, such an approach is not only
computationally demanding but also degrades the prediction
accuracy. Motivated by the state update equations in GP-
UKEF [46], we propose an uncertainty propagation scheme
for GP dynamics based on the concept of UT. This approach
not only improves the prediction accuracy but also involves
only simple algebraic operations, relieving the computational
burden. Therefore, we apply the proposed scheme to learn
the dynamics of both the robot and the environment.

At stage t, GPR for the robot is performed using the
training input data X3P = {(z(t — 1), u(t —1)),..., (z(t —
M), u(t —M))} with the corresponding training output data
yiob = {Ax(t),...,Ax(t — M + 1)}, where Az(t) =
x(t+1)— f(x(t),u(t)) is the residual between the observed

system state and the nominal model. Following the ordinary
GPR procedure, the unknown dynamics of the robot is
approximated by GP(u?,%9). The dynamics of the robot
is then inferred as

w(t+1) = f(a(t), ult) + p? (@(t), ult) +wi*®, @

where wi°® is

£ ((t), u(t))-

For state prediction, we recursively apply the UT presented
in Section II-B and propagate the states along the horizon. In
particular, the distribution of the state vector can be predicted
starting from the current observation uf = z(t) with % = 0
according to the following rule:

X = i i £/ (ne + 00)57) 5)
V) = F ) + (X0 ), i =0, 20, (6)

a zero-mean noise with covariance

2N,

Hh = WL )
=0
2N,

Y = Z Wc(?h (yk-i) - /ﬂki+1) (ylii) - MzH)T (®)
i=0

+ 39 (g, u)-

Similarly, using datasets X$™ = {£(t—1),...,&(t— M)}
and yi™ = {&(¢),...,&(t — M + 1)}, the dynamics of the
environment is approximated by GP(u®™,X"). Then, the
environment states evolve according to

§(t+1) = p(E(1)) + wi™,

where w§™ is a zero-mean noise with covariance 2™ (£(¢)).
By applying a UT scheme similar to (5)—(8) with weights
Wi, and W,___, the environment states can be predicted
over the horizon to obtain ui and Zi starting from H(E) =£(t)
and ES = 0. Unlike the robot, the environment states are
independent of the control inputs. Therefore, as illustrated
in Fig. 1, the environment state prediction can be performed
outside the control loop, saving computational resources.

For our further analysis, it is convenient to denote the joint
state of the robot and the environment by z;, = [z, ] 7.
Then, assuming the independence of the states, the estimated
joint distribution Py, of z; at any time step ¢ + k can be
represented by its mean vector pZ = [(u¥) ", (u5)"]T and
covariance matrix X7 = diag(Xy, Zi)

B. Distributionally Robust UT-MPC

Since the state information is no longer deterministic due
to the use of GPR, the MPC problem attains a stochastic
formulation, where the deterministic constraint (2) is not
valid anymore. Instead, a risk measure can be used to
assess the risk of unsafe events using the learned joint state
distribution. Among several risk measures, we use the CVaR,
which is a coherent measure in the sense of Artzner et
al. [47] and has been advocated as a rational risk measure in
robotics [48]. CVaR of a random loss X ~ [P is defined as

X — )t
CVaR![X] := min EF [z + (2)} :
2€R 1—¢
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where € € (0, 1] is some confidence level. It quantifies the
average loss beyond e, accounting for rare but crucial events.
However, the quality of risk assessment highly depends
on the accuracy of the learned safety loss distribution.
Unfortunately, in our case, the learned information might
be unreliable for measuring the robot’s safety due to in-
accuracies in GP models. To immunize the system against
such distributional uncertainties, we propose evaluating the
following distributionally robust version of CVaR:

DR—CVaR]fi [l(zx)] == sup CVaR® [((z)], (9)

Qi eDg (PE)
which evaluates the worst-case CVaR over an ambiguity set
Dy (IP%,) constructed using the learned safety loss distribution
]P’f;. In this work, we define the ambiguity set as a Wasserstein
ball of radius 6 > 0 centered at IP’E:

Dy (P) = {Qx € P2(R) | Wa(P}, Qx) < 0},

where P2(W) is the space of Borel probability measures
on W with a finite second moment. Here, W5(PP,Q)
is the 2-Wasserstein distance between P and (Q, which
is defined as Wa(P,Q) := infecpone) {( [}y Iz —
yl|* dr(z, y)) / |I'x = P,I?:x = Q}, where & is the
transport plan, with II'x denoting its ith marginal, and
| - || is the Euclidean norm quantifying the transportation
cost. Wasserstein distance represents the minimum cost of
transporting mass from one distribution to another using
nonuniform perturbations. It has received great interest in
DRO for its superior features, such as providing a finite-
sample performance guarantee and addressing the closeness
between two points in the support [31], [49], [50].

Combining the UT-based GP dynamics (5)—(8) and the
DR-CVaR risk (9), we formulate the following distribution-
ally robust UT-MPC problem:

(10)

mln Z EPx c(xg,ug)] + EFx [q(zK)] (11a)
s.t. (5) —®) (11b)
DR-CVaRP* [£(z4)] < 0 (11c)
pp €X (11d)
up €U (11e)
o = z(t), X5 = 0, (111)

where ¢ : R”* x R™ — R is the stage-wise cost function,
and ¢ : R™ — R is the terminal cost function. Here, the
constraints (11b) and (11e) hold for £k =0,..., K —1, while
the constraints (11c¢) and (11d) hold for £k =0,..., K

The constraint on UT-based GP dynamics (11b) plays an
important role in our distributionally robust UT-MPC prob-
lem. First, the UT-based state propagation scheme provides
better state prediction accuracy than the linearization tech-
nique often met in prior GP-based MPC approaches [10]—
[12]. Second, the nonconvexities in the equality constraints
involve simple algebraic operations and, thus, are relatively
easy to handle than the derivatives in linearization. Another
key component of our MPC problem is the DR-CVaR

constraint (11c). It limits the safety risk under the worst-
case distribution within the ambiguity set of the learned
loss distribution for all time stages. Notably, adjusting the
radius 6 changes the conservativeness of the constraint, as it
determines the range of distributions in the neighborhood
of IF’ﬁ to be included in the ambiguity set. In summary,
the combination of UT-based GP dynamics and DR-CVaR
risk constraint reinforces our distributionally robust UT-MPC
problem with superior prediction accuracy and computational
efficiency, as well as the capability of limiting the safety risk
despite learning inaccuracies.

IV. TRACTABLE REFORMULATION AND ALGORITHM

Despite the advantages of the distributionally robust UT-
MPC problem (11), it is intractable due to the objective
function (11a) and the safety constraint (11c). The objective
function can be handled relatively easily by approximating
it around the predicted state mean. Our primary concern is
the DR-CVaR in constraint (11c), which is challenging to
evaluate as it involves an infinite-dimensional optimization
problem over the ambiguity set of probability distributions.
In our method, we overcome the intractability of the MPC
problem using a novel UT-based approximation scheme.
Specifically, we take advantage of UT to estimate the statis-
tics of the safety loss distribution. Then, we use the approx-
imate distribution and modern tools from DRO to derive an
upper bound of DR-CVaR. As a consequence, we arrive at
a tractable distributionally robust UT-MPC algorithm.

A. UT-Based Upper Bound of DR-CVaR

The Wasserstein ambiguity set in (10) is built around the
learned loss distribution Pﬁ. However, in each prediction step
k, we are given only the mean and covariance of the joint
state vector zj. Therefore, our first goal is to determine IP’f;
by propagating z;, through the loss function. Fortunately, we
can apply the UT-based uncertainty propagation scheme in
Section II-B to directly estimate the statistics of the loss
distribution. For that, we first generate sigma points Z, for
w7 and X% according to (3), pass them through the loss
function, and obtain transformed points £\ = ¢(Z\"), i =
0,...,2(ng + ne). Then, the mean and the variance of the
loss can be obtained as

2(nT+n§) 4
i, = Z Wi L) (12)
) 2(nt+ng) . ] T
(@) = > W (£ — ) (e —pf) " a3

=0

Though there is still no full knowledge about the distri-
bution IP’f;, UT provides us with knowledge about its mean
and variance. In the following proposition, we show how this
statistical information can be used to obtain a tractable and
simple upper bound on DR-CVaR.

Proposition 1: Let P!, be the distribution of the loss £(zy,)
with mean and variance defined in (12) and (13), respectively.
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Algorithm 1: Distributionally Robust UT-MPC

1 Input: UT parameters W,,,, W, ,i = {rob, env, loss}
and risk parameters ¢, 0

2 Collect M observations to me,ymb Xe, yo

3 Observe z(0) and £(0)

4 fort=0,1,... do

5 Train GPs for p9,39 and p®v, 3

6 Predict ui and Ei for k=0,..., K — 1 starting

from pu5 = &(t), 55 = 0

7 Solve problem (11) with (14)

Apply u(t) = uf) and observe x(t +1),&(t + 1)

s | Update X%, ¥i9% and X2, yi2

Then, the DR-CVaR (9) with a radius 6 > 0 has the following
upper bound:

DR-CVaRZ* [¢(z1)] < pif + ot + 63/1+ 72,

where v = \/¢/(1 —€).

The proof of this proposition can be found in Appendix I.
The upper bound (14) is attained for elliptical distributions
and is tight for all other distributions. Despite relying solely
on the mean and variance, this bound exhibits exceptional
computational properties, as it requires simple algebraic
operations. Moreover, unlike the existing methods (e.g., [35],
[36]), we directly estimate the loss distribution P, enabling
the use of our approach for any safety loss function.

(14)

B. Tractable Algorithm

The UT-based upper bound of DR-CVaR can be directly
incorporated into the distributionally robust UT-MPC prob-
lem (11) to alleviate the intractability without significantly
affecting the computational complexity. For that, we replace
the risk constraint (11c) with a constraint on the upper
bound (14) and introduce additional equality constraints (12)
and (13) for estimating the loss distribution. As a result, the
reformulated MPC problem constitutes a tractable nonlinear
optimization problem. Despite its nonconvexity due to the
GP dynamics and the UT approximations, it can be efficiently
solved using existing algorithms, such as interior-point and
sequential quadratic programming methods [51].

The overall distributionally robust UT-MPC scheme is pre-
sented in Algorithm 1, given the UT weights W,,,,, W,,,7 =
{rob, env,loss}, as well as risk parameters ¢ and . First,
GPR training datasets me, yrOb and X§",yq"" are initial-
ized by collecting M observations (line 2). Next, the states
of the robot and the environment are observed to begin the
main loop (line 3). In each time stage, GP models for the
robot and environment are learned (line 5). Then, we predict
the environment states for /' time stages starting from the
current state £(¢) (line 6). Using the learned models, the
UT-MPC problem (11) is solved with the DR-CVaR upper
bound (14) (line 7). The first element of the optimal control
sequence u* returned by the UT-MPC is then applied to the
robot (line 8). Finally, we observe the new states and update
the GPR datasets with the latest M observations (line 9).

V. EXPERIMENT RESULTS

In this section, we present the simulation results of our
algorithm in an autonomous driving scenario performed in
an open-source traffic simulation platform CARLA [52].
The goal is to control the ego vehicle to follow the given
waypoints without colliding with the obstacle.!

A. Experiment Settings

In our experiments, the nominal model of the ego vehicle
is chosen as the following kinematic bicycle model:

x(t +1) = x(t) + Tsv(t) cos(e(t) + Bs(t))
y(t+1) = ()+TU()SIH( o(t) + Bs(t))
Pt +1) = ¢(t) + Tsv(t) tan(d5(t)) cos(Bs(t)) /L
v(t+1) = v(t) + Tsa(t),
where z(t) = [x(t),y(t),o(t),v(t)]T is the ego vehicle’s

state vector, consisting of its position, heading angle and
velocity, u(t) = [a(t),d;(t)]" is the control input vec-
tor, comprising acceleration and steering angle, [(;(t) :=
arctan (5 tan(ds(t))) is the slipping angle, T, = 0.1sec. is
the sampling time, and L = 4.611m. is the car length. The
control inputs are limited to |a(t)| < 3m/sec.?,|d¢(t)] <
1.22rad. with an additional limit on the change of front
steering angle |Ads(t)] < 0.05rad. The cost function is
chosen to track the waypoints p; and penalize control input
changes, i.e., c(zy, ur) = |25 —perrl g+ Aukl . a(rx) =
|z — prrxlly, where @ = diag(1,1,0,0.2) and R =
diag(1.5, 3). We consider an MPC with a horizon of K = 30
and a zero-mean GPR with a radial basis function kernel
trained on M = 50 real-time observations. The parameters
for DR-CVaR are tuned to € = 0.95 and 6 = 0.1.

Due to the simulation model, the obstacle’s behavior is
not deterministic and varies in each execution. Therefore,
for reliability, we have performed 20 simulation runs under
identical conditions. We compare our method to an MPC
without any learning component (Vanilla-MPC), a learning-
based MPC with the safety constraint (2) evaluated at the
mean of the predicted state (Mean-MPC), and a non-robust
version of UT-MPC with a CVaR constraint (CVaR-MPC).

B. Results

Snapshots of representative scenarios for distributionally
robust UT-MPC and Mean-MPC are demonstrated in Fig. 3.
Initially, the obstacle navigates far from the ego vehicle and
plans to continue in the same lane. Therefore, in the early
stages, both controllers drive the car along the reference path.
However, when the vehicles approach the intersection, the
obstacle suddenly steers to the left. This situation causes
errors in the GPR prediction, making the learned distribution
unreliable. Nevertheless, the Mean-MPC trusts the learned
information even in such a situation and decides to perform
a cut-in maneuver, eventually leading to a collision between
the ego vehicle and the obstacle. On the contrary, UT-MPC

'The source code of our implementation is available at
https://github.com/CORE-SNU/DR-UT-MPC

2More scenarios are available in the supplementary video.
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UT-MPC

Fig. 3: Snapshots of simulations for Mean-MPC and UT-MPC.
while the GP predictions for the obstacle are drawn in green.

TABLE I: The total cost, average computation time per
stage, and maximum safety loss value for for all algorithm
computed over 20 simulations (mean =+ std).

Total Cost (x103) Comp. Time (sec) Safety Loss (m?)

UT-MPC 28.056 £ 0.204 0.467 £0.013 1.864 +0.133
Vanilla-MPC 00 0.031 £ 0.002 12.342 £ 0.742
Mean-MPC oo 0.435 £ 0.001 9.314 £1.054
CVaR-MPC  29.356 + 0.142 0.418 £ 0.023 2.032 £0.101

makes the car stop at the intersection and then slowly bypass
the obstacle from the right. Due to its robustness to learning
errors, UT-MPC takes cautious actions and overtakes the
obstacle without any collisions. Consequently, it outperforms
Mean-MPC in terms of navigation quality and safety.

The statistics of our quantitative analysis for 20 simulation
runs are reported in Table I. In terms of safety, our algo-
rithm outperforms all the baselines, followed by the CVaR-
MPC. Such results are expected, as UT-MPC is the only
method that accounts for learning errors. On the other hand,
both Vanilla-MPC and Mean-MPC become infeasible after
colliding with the obstacles, making the total cost infinitely
large. In terms of computation time, Vanilla-MPC surpasses
all the baselines due to its simplicity. Meanwhile, all the
learning-based algorithms, including our UT-MPC, require
similar computation time for solving the problem. As a result,
we confirm the capabilities of our algorithm for promoting
safety with a comparably short computation time.

VI. CONCLUSIONS AND FUTURE WORK

We have proposed a novel learning-based MPC framework
for robotic systems in unknown environments. Our method
exploits the learned dynamics and UT-based uncertainty
propagation scheme for accurate and efficient prediction of
the robot and environment states. Furthermore, it uses a DR-
CVaR constraint to proactively limit the risk of unsafety
even under errors in the learned models. To tackle the com-
putational intractability of the resulting UT-MPC problem,
we have approximated the safety loss distribution using
UT and derived a simple upper bound of DR-CVaR. The
experiment results demonstrate the computational efficiency
of our method and its capability to promote safety.

E\(‘mumsgumﬂ

The MPC predictions for the ego vehicle are shown in red,

It remains a future work to extend the current approach
to the partially observable settings and conduct experiments
on physical robots. In addition, we plan to enhance the
adaptivity of the risk constraint by adjusting the level of
robustness online.

APPENDIX I
PROOF OF PROPOSITION 1

Proof: We use the Gelbrich bound on
Wasserstein ~ distance, for which W5 (PY, Q%) >
\/(pk — pb)? + (o — 0f)?, where i € R and 0} € Ry

are the mean and variance of the loss under the distribution
Qy [53, Proposition 8]. The bound is exact if Pi and Qy
are elliptical distributions with the same density generator.
It follows that the DR-CVaR is bounded as

DR-CVaRP*[(z;)] < sup CVaR [((z)],

Qi €Dy (PY)

where Dy (P%) is an ambiguity set with respect to the Gel-

brich bound defined as Dy (P%) := {Q; € P2(R ) | (p,0?) €

ol 01 B 2] — B [(t(zy) - p] o).

and Z’I@(:u‘kv Uk = { ,Llfv 6 RXR+ | (/1' :U‘Ig) (
of)? < 6%} is the mean- covanance uncertainty set around

the estimated mean pf, and variance (o7,)2.

In order to solve the right-hand side of the inequality, also

known as the Gelbrich risk, we decompose it into
sup  CVaRZ* [((zy)]

Q€D (PY) (15)

= sup sup
(1 -02)EUo (1L, (0)) Qi EC (11,07

CVaRS)’“ [0(zx)],

where C(u,0?) is the Chebyshev uncertainty set with mean
u and variance o2

To solve the inner supremum, we apply [54, Proposition
2] according to which supg, cc,.,, Jz)CVaRQ’“[ (z)] =
Wi + yoi. By substituting the above solution into (15), the
problem reduces to the following convex optimization prob-
lem, which is a quadratically constrained quadratic program:

max {px +v0n | (ux — pi)? + (o — 0p)> < 0%},
k>0 k

Using the standard duality, the solution of the above opti-
mization problem corresponds to the right-hand side of (14).
|
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