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Safe Control Synthesis With Uncertain
Dynamics and Constraints
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Jorge Cortés , Fellow, IEEE, and Nikolay Atanasov , Member, IEEE

Abstract—This paper considers safe control synthesis for dynam-
ical systems with either probabilistic or worst-case uncertainty in
both the dynamics model and the safety constraints. We formulate
novel probabilistic and robust (worst-case) control Lyapunov func-
tion (CLF) and control barrier function (CBF) constraints that take
into account the effect of uncertainty in either case. We show that
either the probabilistic or the robust (worst-case) formulation leads
to a second-order cone program (SOCP), which enables efficient
safe and stable control synthesis. We evaluate our approach in
PyBullet simulations of an autonomous robot navigating in un-
known environments and compare the performance with a baseline
CLF-CBF quadratic programming approach.

Index Terms—Optimal control and optimization, robot safety
under uncertainty, robust control.

I. INTRODUCTION

AUTONOMOUS robotic systems are increasingly em-
ployed in warehouse and home automation, transporta-

tion, and security applications. A crucial aspect of successfully
deploying such systems is the satisfaction of safety and stability
requirements, even in the presence of uncertainty in the system
model or constraints. The notion of safety in the context of
program correctness was first introduced in the 1970’s [1].
Around the same time, Artstein [2] introduced control Lyapunov
functions (CLFs) to enforce stability in the context of nonlinear
system control. The seminal work of Sontag [3] established a
universal formula for constructing feedback control laws that
stabilize nonlinear systems. In the 2000’s, barrier certificates
were proposed to formally prove the safety of closed-loop
nonlinear and hybrid systems [4], [5]. Control barrier functions
(CBFs) were developed to support task-independent safe con-
trol synthesis, serving as a barrier certificate for a closed-loop
nonlinear system [6].

A key observation is that, for control-affine systems, the CLF
and CBF conditions are linear in the control input, allowing a
formulation of safe and stable control synthesis as a quadratic
program (QP) [7]–[9]. CLF-CBF-QP techniques have been
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successfully employed in a variety systems, including aerial
robots [10], walking robots [11], and automotive systems [12].
Most existing work, however, assumes complete knowledge of
the system dynamics and control barrier functions. In reality, the
dynamics model and safety constraints are obtained using noisy
sensor data and simplifying assumptions, leading to uncertainty
and errors that should be captured when ensuring safety and
stability.

Capturing system-model and barrier-function estimation er-
rors impacts the formulation of CLF and CBF constraints, and
no longer give rise to QPs. Our main contribution is to show that
such uncertainty-aware stability and safety constraints can still
be formulated as convex constraints under two different models
of uncertainty: probabilistic and worst-case. To capture proba-
bilistic uncertainty, we specifically consider Gaussian Process
(GP) regression as an example approach for modeling a probabil-
ity distribution over a function space. When the estimated barrier
function and system dynamics are described by a GP, we aim to
ensure probabilistic safety and stability up to a user-specified
risk tolerance. We compute the distribution of the CLF and
CBF constraints, and use Cantelli’s inequality [13] to bound the
computed means with a margin dependent on the variances and
the desired risk-tolerance. The control input appears linearly in
the mean and quadratically in the variance of the CLF and CBF
constraints. This allows us to restate the probabilistic constraints
as second-order cone constraints, leading to a second-order cone
program (SOCP), which is convex and can be solved efficiently
online.

When worst-case error bounds on the system dynamics,
barrier function and its gradient are given, we formulate a robust
safe control synthesis problem. Under worst-case disturbances,
we show that the input appears both linearly and within a norm
term in the CLF and CBF constraints. Like the probabilistic
formulation, the original QP problem can be reformulated as a
convex SOCP for safe control synthesis.

We demonstrate our safe control synthesis techniques in mo-
bile robot navigation simulations. We consider a robot tasked
to follow a desired path in an unknown environment, relying
on online noisy obstacle sensing and offline dynamic model
estimation to ensure safety and stability. We show that both
the probabilistic and the robust CLF-CBF-SOCP formulation
allows the robot to safely track the deisred path.

In summary, we make the following contributions. First, we
formulate novel probabilistic safety and stability constraints by
considering stochastic uncertainty in the barrier functions and
system dynamics. Second, we formulate novel robust safety and
stability constraints by considering worst-case error bounds in
the barrier functions and system dynamics. Finally, we show that
either the probabilistic or the worst-case formulations lead to a
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(convex) SOCP, enabling efficient synthesis of safe and stable
control.

II. RELATED WORK

This section reviews recent works on safe control synthesis
that address uncertainty due to unmodeled dynamics, input
disturbances, and barrier function estimation.

Jankovic [14] considers worst-case disturbance bounds on
the system dynamics and proposes robust CBF formulations.
Eman et al. [15] utilize convex hulls to model disturbances in
a CBF-based safety framework. Clark [16] considers stochas-
tic control systems with incomplete information and derives
sufficient conditions for ensuring safety on average. Nguyen
and Sreenath [17] formulate a robust CLF-CBF QP by in-
troducing robust constraints to guarantee stability and safety
under model uncertainty. Hewing et al. [18] present a model
predictive control (MPC) approach that integrates a nominal
system with a residual part modeled as a GP. Compared to
our formulation, this approach enables optimizing the control
performance over a longer future horizon but requires time
discretization and convexification of the safety constraints. In
contrast, our formulations operate in continuous time and handle
general safe set descriptions. Ahmadi et al. [19] introduce a con-
ditional value-at-risk (CVaR) barrier function to ensure safety for
systems with stochastic uncertainty. The approach guarantees
safety with high probability even for worst-case scenarios but
the computation cost is high and the formulation is restricted to
linear systems. Our approach enables efficient control synthesis
for general control-affine systems. Another line of research
formulates safe control synthesis as trajectory optimization. Al-
can and Kyrki [20] employ differential dynamics programming
(DDP) to enforce safety under additive uncertainty. In [21], the
DDP idea is combined with CBF to introduce a barrier state
formulation for safety of discrete-time systems.

Input-to-state safety (ISSf) was introduced in [22] to handle
input disturbances and was used in [23] to enlarge a safe set by
modifying a CBF. Alan et al. [24] introduce a tunable ISSf-CBF
for safe control synthesis while reducing conservatism. Cosner
et al. in [25] introduce measurement-robust CBFs to account
for uncertainty in state estimation and conduct experiments on
a Segway.

Srinivasan et al. [26] estimate barrier functions online using a
Support Vector Machine and solve a CLF-CBF QP to generate
safe control inputs. Zhang et al. [27] construct robust output
CBFs from safe expert demonstrations while considering worst-
case error bounds in the measurement map and system dynamics.

This paper unifies and extends our prior work [28], [29] by
considering safe control synthesis with uncertainty in the system
dynamics and the barrier function simultaneously and studying
two separate cases of probabilistic and worst-case uncertainty.
In contrast, [28] only considered probabilistic uncertainty in the
dynamics using Gaussian process regression, while [29] only
considered worst-case error bounds in the barrier function. We
show that in either case the safe control synthesis problem is
a convex SOCP, which enables efficient safe and stable control
synthesis online.

III. PROBLEM FORMULATION

Consider a robot with dynamics model:

ẋ = f(x) + g(x)u = [f(x) g(x)] ·
[
1

u

]
Δ
= F (x)u, (1)

where x ∈ X ⊆ Rn is the robot state and u ∈ U = {1} × Rm

is the control input.1 We assume f : Rn �→ Rn and g : Rn �→
Rn×m are continuously differentiable.

Definition III.1: A continuously differentiable function V :
Rn �→ R≥0 is a control Lyapunov function (CLF) for the system
(1) if there exists a class K function αV such that:

inf
u∈U

CLC (x,u) ≤ 0, ∀x ∈ X , (2)

where the control Lyapunov condition (CLC) is:

CLC (x,u)
Δ
= LfV (x) + LgV (x)u+ αV (V (x))

= [∇xV (x)]
F (x)u+ αV (V (x)). (3)

A CLF V may be used to encode a variety of control objec-
tives, including path following [29], adaptive cruise control [12],
and bipedal robot walking [11].

To define safety requirements for the control objective, con-
sider a continuously differentiable function h : Rn �→ R, which

implicitly defines a (closed) safe set of system states S Δ
= {x ∈

X | h(x) ≥ 0}. The following definition is a useful tool to
ensure that S is forward invariant, i.e., the robot state remains
in S throughout its evolution.

Definition III.2: A continuously differentiable function h :
Rn �→ R is a control barrier function (CBF) on X ⊆ Rn for (1)
if there exists an extended class K∞ function αh with:

sup
u∈U

CBC (x,u) ≥ 0, ∀x ∈ X , (4)

where the control barrier condition (CBC) is:

CBC (x,u)
Δ
= Lfh(x) + Lgh(x)u+ αh(h(x))

= [∇xh(x)]

F (x)u+ αh(h(x)). (5)

According to [7], [9], any Lipschitz-continuous controller k :
X �→ U that satisfies CBC (x,k(x)) ≥ 0 for all x ∈ X renders
the set S forward invariant for the system (1).

A. Safety and Stability With Known System Dynamics and
Barrier Function

When the system dynamics F (x) and barrier function h(x)
are known, a safe controller can be synthesized by combining
CLF and CBF constraints in a quadratic program:

min
u∈U,δ∈R

‖L(x)
(u− k̃(x))‖2 + λδ2,

s.t. CLC (x,u) ≤ δ, CBC (x,u) ≥ 0. (6)

The term k̃(x) is a baseline controller and may be used
to specify additional control requirements, such as desirable
velocity or orientation. This term may be set to k̃(x) ≡ e1 if
minimum control effort is the main objective. The term L(x)
is a weighting matrix penalizing deviation from the baseline
controller. The term δ ≥ 0 is a slack variable that relaxes the
CLF constraints to ensure the feasibility of the QP, controlled

1Notation: We denote by In ∈ Rn×n the identity matrix and ∂A the bound-
ary of a set A ⊂ Rn. For a vector x and a matrix X, we use ‖x‖ and ‖X‖
to denote the Euclidean norm and the spectral norm. We use vec(X) ∈ Rnm

to denote the vectorization of X ∈ Rn×m, obtained by stacking its columns.
We denote by ∇ the gradient and LfV = ∇V · f the Lie derivative of a differ-
entiable function V along a vector field f . We use ⊗ to denote the Kronecker
product andGP(μ(x),K(x,x′)) to denote a Gaussian Process distribution with
mean function μ(x) and covariance function K(x,x′). A continuous function
α : [0, a) → [0,∞) is of class K if it is strictly increasing and α(0) = 0, and
it is of class K and limr→∞ α(r) = ∞.
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by the scaling factor λ > 0. The QP formulation in (6) modifies
the baseline controller k̃(x) online to ensure safety and stability
via the CBF and CLF constraints.

We focus on enforcing safety and stability for the control-
affine system in (1) when the system dynamics F (x) and the
barrier functionh(x) are unknown and need to be estimated from
data. We present an approach for estimating the system dynamics
and barrier functions from data in Section VI-A and Section VI-
B, respectively. Our main goal is to develop techniques for safe
and stable control synthesis with the estimated F (x) and h(x).
We consider two scenarios, depending on whether probabilistic
or worst-case error descriptions of the dynamics and barrier
functions are available.

B. Safety and Stability With Gaussian Process Distributed
System Dynamics and Barrier Function

When the system dynamics and barrier functions can be
described as GPs, we consider the following probabilistic control
synthesis problem.

Problem 1 (Safety and stability under Gaussian uncer-
tainty): Gion on the unknown system dynamics vec(F (x)) ∼
GP(vec(F̃ (x)),KF (x,x

′)) and an estimated distribution on the
barrier function h(x) ∼ GP(h̃(x),Kh(x,x

′)), design a feed-
back controller k such that, for each x ∈ X :

P (CLC (x,k(x)) ≤ δ) ≥ p, P (CBC (x,k(x)) ≥ 0) ≥ p,

where p ∈ (0, 1) is a user-specified risk tolerance.

C. Safety and Stability With Worst-Case Uncertainty in System
Dynamics and Barrier Function

Many robotic systems require instead the guarantee that safety
and stability hold under all possible error realizations, which
motivates us to also consider the following problem.

Problem 2 (Safety and stability under worst-case uncer-
tainty): Given estimated system dynamics F̃ (x) with known
error bound eF (x),

‖F (x)− F̃ (x)‖ ≤ eF (x), ∀x ∈ X , (7)

and estimated barrier function h̃(x) and gradient ∇h̃(x) with
known error bounds eh(x) and e∇h(x), i.e., for all x ∈ X ,

|h(x)− h̃(x)| ≤ eh(x), ‖∇h(x)−∇h̃(x)‖ ≤ e∇h(x), (8)

design a feedback controller k such that, for each x ∈ X :

CLC (x,k(x)) ≤ δ, CBC (x,k(x)) ≥ 0.

IV. PROBABILISTIC SAFE CONTROL

This section presents our solution to Problem 1. Inspired
by the design (6) when the dynamics and the barrier function
are known, we formulate the control synthesis problem via the
following optimization problem:

min
u∈U,δ∈R

‖L(x)
(u− k̃(x))‖2 + λδ2,

s.t. P (CLC (x,u) ≤ δ) ≥ p, P (CBC (x,u) ≥ 0) ≥ p. (9)

The uncertainty in F and h affects the linearity in u of the
CLC and CBC conditions in the constraints of (9), making this
optimization problem no longer a QP. Here, we justify that
nevertheless the optimization can be solved efficiently. To show
this, we start by analyzing the distributions of CBC (x,u) and
CLC (x,u) in detail.

Proposition IV.1 (Mean and Variance for CBC): Assume h is
a CBF with a linear functionαh, i.e.,αh(z) = a · z for a ∈ R≥0.
Given independent distributions h(x) ∼ GP(h̃(x),Kh(x,x

′))
and vec(F (x)) ∼ GP(vec(F̃ (x)),KF (x,x

′)), the mean and
variance of CBC (x,u) satisfy

E[CBC (x,u)] = E[p(x)]
u (10a)

Var [CBC (x,u)] = u
Var [p(x)]u, (10b)

wherep(x) := F
(x)[∇xh(x)] + [ah(x) 0

m]
 ∈ Rm+1 and

E[p(x)], Var [p(x)] are computed in (16).
Proof: The control barrier condition can be written as:

CBC (x,u) = [∇xh(x)]

f(x) + [∇xh(x)]


g(x)u+ ah(x)

=
[
[∇xh(x)]


F (x)+
[
ah(x) 0


m

]]
u = p(x)
u.

Note that ∇xh(x) is a GP because the gradient of a GP with
differentiable mean function and twice-differentiable covariance
function is also a GP, cf. [28, Lemma 6],

∇xh(x) ∼ GP(∇xh̃(x),Hx,x′Kh(x,x
′)),

where Hx,x′Kh(x,x
′) =

[
∂2Kh(x,x

′)
∂xi,∂x′

j

]n,n
i=1,j=1

is finite for all

(x,x′) ∈ R2n. Since vec(ABC) = (C
 ⊗A)vec(B) for ap-
propriately sized matrices A, B, C, we can write

Var(F (x)u) = Var((u
 ⊗ In)vec(F (x)))

= (u
 ⊗ In)KF (x,x)(u⊗ In). (11)

For brevity, we let KF := KF (x,x
′) and Kh := Kh(x,x

′)
andp1 = F
(x)[∇xh(x)]. The term [∇xh(x)]


F (x)u is an in-
ner product of two independent GPs,∇xh(x) andF (x)u. Thus,
using [28, Lemma 5], (11), and thatCov(∇xh(x), F (x)u) = 0,
p

1 u corresponds to a distribution with mean and variance:

E[p

1 u] = [∇xh̃(x)]


F̃ (x)u,

Var [p

1 u] = [∇xh̃(x)]


(u
 ⊗ In)KF

(u⊗ In)∇xh̃(x) + u
F̃
(x)Hx,x′KhF̃ (x)u. (12)

To factorize u from the variance expression, we apply the
property (A⊗B)(C⊗D) = AC⊗BD two times,

(u⊗ In)[∇xh̃(x)] = (u⊗ In)(1⊗ [∇xh̃(x)])

= u⊗∇xh̃(x) = (Im+1 ⊗∇xh̃(x))u. (13)

By substituting (13) in (12), we can factorize out u to get,

Var [p1] = (Im+1 ⊗ [∇xh̃(x)]

)KF (Im+1 ⊗∇xh̃(x))

+ F̃
(x)Hx,x′KhF̃ (x). (14)

Next, we write Cov(h(x),p

1 u) using [28, Lemma 5] and

Cov(h(x), F (x)u) = 0,

Cov(h(x),p

1 u) = Cov(h(x),∇xh(x))F̃ (x)u

=
[
[∇xKh]


f̃(x) [∇xKh]

g̃(x)

]
u.

(15)

Using (12), (14) and (15), we write the mean and variance,

E[p(x)] = [∇xh̃(x)]

F̃ (x) + a[h̃(x) 0


m]


Var [p(x)] = F̃
(x)Hx,x′KhF̃ (x)

+ (Im+1 ⊗∇xh̃(x)

)KF (Im+1 ⊗∇xh̃(x))
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+

[
a2Kh + 2a[∇xKh]


f(x) a[∇xKh]

g(x)

ag(x)
[∇xKh] 0m×m

]
, (16)

from which the statement follows. �
Next, we describe the distribution of CLC (x,u).
Proposition IV.2 (Gaussian distribution for CLC): Given

the distribution vec(F (x)) ∼ GP(vec(F̃ (x)),KF (x,x
′)), the

CLC (x,u) is Gaussian with mean and variance:

E[CLC (x,u)]=E[q(x)]
u (17a)

Var [CLC (x,u)]=u
Var [q(x)]u, (17b)

where q(x) := F
(x)[∇xV (x)]+[αV (V (x)) 0

m]
∈Rm+1

and E[q(x)], Var [q(x)] are computed in (18).
Proof: We can write the control Lyapunov condition

as CLC (x,u) = [∇xV (x)]
F (x)u+ αV (V (x)) = q
(x)u.
We use the Kronecker product property vec(ABC) = (C
 ⊗
A)vec(B) to rewrite first term in q(x) as:

[∇xV (x)]
F (x) = (Im+1 ⊗ [∇xV (x)]
)vec(F (x)).

Since [∇xV (x)],αV (V (x)) are known and deterministic and
vec(F (x)) ∼ GP(vec(F̃ (x)),KF (x,x

′)), we can express the
distribution of q(x) as follows:

E[q(x)]= F̃
(x)[∇xV (x)] + [αV (V (x)) 0

m]


Var [q(x)]=(Im+1 ⊗ [∇xV (x)]
)KF (Im+1 ⊗ [∇xV (x)]).
(18)

The result follows from plugging (18) into CLC (x,u). �
We use the mean and variance ofCBC (x,u) andCLC (x,u)

obtained above to approximate the probabilistic safety and sta-
bility constraints in (9).

Proposition IV.3 (Probabilistic CLF-CBF SOCP): Given a

user-specified risk tolerance p ∈ [0, 1), let c(p) =
√

p
1−p . The

optimization problem (9) can be formulated as the following
second-order cone program:

min
u∈U,δ∈R,l∈R

l

s.t. δ − E[q(x)]
u ≥ c(p)
√

u
Var [q(x)]u,

E[p(x)]
u ≥ c(p)
√

u
Var [p(x)]u,

l + 1 ≥
√
‖2L(x)
(u− k̃(x))‖2 + (2

√
λδ)2 + (l − 1)2

(19)
where p, q are defined in Propositions IV.1 and IV.2, resp.

Proof: To deal with the probabilistic constraints in (9), we
employ Cantelli’s inequality [13]. For any scalar γ ≥ 0,

P (CBC (x,u) ≥ E[CBC (x,u))]− γ|x,u)

≥ 1− Var [CBC (x,u)]

Var [CBC (x,u)] + γ2
.

Given this inequality, and since we want P (CBC (x,u) ≥ 0) ≥
p, we choose γ = E[CBC (x,u)] and require the lower bound
to be greater than or equal to p, i.e., 1− Var [CBC (x,u)]

Var [CBC (x,u)]+γ2 ≥ p.
The equation can be rearranged into

E[CBC (x,u)] = γ ≥
√

p

1− p
Var [CBC (x,u)],

which corresponds to the safety constraint in (19).

Fig. 1. (a) is the Pybullet simulation environment where we conduct our
experiments. (b) shows the results in a region of an environment, where the
probabilistic (p = 0.2, 0.4, 0.8, 0.99) controller and QP controller both suc-
ceed. The ground-truth obstacle surface is shown in black while the estimated
obstacles is shown in orange.

Next, we show that this is a second-order cone (SOC) con-
straint. By (10), given that h̃, ∇h̃ and F̃ are known and deter-
ministic, the expectation E[CBC (x,u)] = E[p(x)]
u is affine
in u. Since Var [p(x)] is positive semi-definite,

√
Var [CBC (x,u)] =

√
u
Var [p(x)]u = ‖D(x)u‖ (20)

where D(x)
D(x) = Var [p(x)]. Acccording to [30], the
safety constraint in (19) is a valid SOC constraint.

For stability, the CLC condition can be constructed using a
similar approach with Cantelli’s inequality, resulting in (19). By
(17), we know that the expectation is affine inu and the variance
is quadratic in terms of u, similar to (20). This shows that the
CLC condition is also a valid SOC constraint.

Our last step is to reformulate the minimization of the ob-
jective function as a linear objective with an SOC constraint,
resulting in the standard SOCP in (19). We introduce a new
variable l so that the problem in (9) is equivalent to

min
u∈U,δ∈R,l∈R

l

s.t. P (CLC (x,u) ≤ δ) ≥ p, P (CBC (x,u) ≥ 0) ≥ p,

‖L(x)
(u− k̃(x))‖2 + λδ2 ≤ l. (21)

The last constraint in (21) corresponds to a rotated
second-order cone, Qn

rot := {(xr, yr, zr) ∈ Rn+2 | ‖xr‖2 ≤
yrzr, yr ≥ 0, zr ≥ 0}, which can be converted into a standard

SOC constraint [30], ‖ [2xr yr − zr
]
 ‖ ≤ yr + zr. Let yr =

l, zr = 1 and consider the constraint ‖L(x)
(u− k̃(x))‖2 +
λδ2 ≤ l. Multiplying both sides by 4 and adding (l − 1)2, makes
the constraint equivalent to

4‖L(x)
(u− k̃(x))‖2 + 4λδ2 + (l − 1)2 ≤ (l + 1)2.

Taking a square root on both sides, we end up with√
‖2L(x)
(u− k̃(x))‖2 + (2

√
λδ)2 + (l − 1)2 ≤ l + 1,

which is equivalent to the third constraint in (19). �
Remark IV.4 (Effects of risk-tolerance p and variance): When

p = 0, the probabilistic CLF-CBF-SOCP (19) reduces to the
original CLF-CBF-QP (6). As p and/or Var [p(x)], Var [q(x)]
increase, the feasible region of (19) gets smaller, and the optimal
value worsens, cf. Fig. 1(b) for an illustration.
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V. ROBUST SAFE CONTROL

In this section, we develop a solution to Problem 2.
Let F̃ denote the estimated system dynamics, h̃, ∇h̃ the
estimated barrier function and its gradient, and let eF :
Rn×(m+1) �→ R≥0, eh : R �→ R≥0, and e∇h : Rn �→ R≥0 be
associated error bounds. For convenience, for each x ∈ X , we
denote DF (x) := F (x)− F̃ (x), dh(x) := h(x)− h̃(x) and
d∇h(x) := ∇h(x)−∇h̃(x). By (7) and (8), we have

‖DF (x)‖ ≤ eF (x), |dh(x)| ≤ eh(x), ‖d∇h(x)‖ ≤ e∇h(x).
(22)

Using this notation, we can rewrite CBC (x,u) as

CBC (x,u) = [∇h(x)]
F (x)u+ αh(h(x))

= [∇h̃(x)]
F̃ (x)u+ d

∇h(x)F̃ (x)u

+ [∇h̃(x)]
DF (x)u+ d

∇h(x)DF (x)u

+ αh(h̃(x) + dh(x)).

Let p̃(x) := F̃
(x)∇h̃(x). We group the error term in
the expression for CBC (x,u) in the variable dCBC (x,u) :=
CBC (x,u)− p̃(x)
u. Thus, CBC (x,u) ≥ 0 is satisfied if

min
DF ,d∇h,dh

CBC (x,u) = p̃(x)
u+ min
DF ,d∇h,dh

dCBC (x,u) ≥ 0.

Similarly, let q̃(x) := F̃
(x)∇V (x) + [αV (V (x)) 0

m]


and dCLC (x,u) := [∇V (x)]
DF (x)u, a robust version of the
stability constraint CLC (x,u) ≤ δ can be written as:

max
DF

CLC (x,u) = q̃(x)
u+max
DF

dCLC (x,u) ≤ δ. (23)

This leads us to the following robust reformulation of the
original control synthesis problem in (6),

min
u∈U,δ∈R,l∈R

l

s.t. q̃(x)
u+max
DF

dCLC (x,u) ≤ δ

p̃(x)
u+ min
DF ,dh,d∇h

dCBC (x,u) ≥ 0

l + 1 ≥
√
‖2L(x)
(u− k̃(x))‖2 + (2

√
λδ)2 + (l − 1)2.

(24)
Note that we used the same approach as in the proof of Propo-

sition IV.3 to reformulate the original quadratic objective with a
linear objective plus a SOC constraint. The second constraint in
(24) requires solvingminDF ,dh,d∇h

dCBC (x,u) subject to (22).
In general, this is a non-convex constrained quadratic program
which does not have a closed-form expression of the minimizer
as a function ofu. Instead, we make the second constraint in (24)
more conservative using the Cauchy-Schwarz inequality, which
leads to a convex SOCP, whose optimal solution is guaranteed
to be feasible for (24).

Proposition V.1 (Robust CLF-CBF SOCP): Let F̃ , h̃, ∇h̃
denote estimates of the system dynamics and barrier function,
with error bounds in (22). Then, the feasible set of the following
SOCP is included in the feasible set of (24):

min
u∈U,δ∈R,p∈R,q∈R,l∈R

l

s.t. δ − q̃(x)
u ≥ eF (x)‖∇V (x)‖‖u‖,
p ≥ e∇h(x)‖F̃ (x)u‖,

q ≥
(
eF (x)‖∇h̃(x)‖+ e∇h(x)eF (x)

)
‖u‖,

[∇h̃(x)]
F̃ (x)u+ αh(h̃(x)− eh(x)) ≥ p+ q,

l + 1 ≥
√
‖2L(x)
(u− k̃(x))‖2 + (2

√
λδ)2 + (l − 1)2

(25)

Proof: The stability constraint in (24) is reformulated using:

max
‖DF (x)‖≤eF (x)

dCLC (x,u) = eF (x)‖∇V (x)‖‖u‖.

For the safety constraint in (24), note that

min
DF ,dh,d∇h

dCBC (x,u)

= min
DF ,d∇h

(
d

∇h(x)F̃ (x)u+ [∇h̃(x)]
DF (x)u

+d

∇h(x)DF (x)u

)
+min

dh

αh(h̃(x) + dh(x)). (26)

Since eh(x) ≥ 0 and αh is an extended class K∞ function,

min
|dh(x)|≤eh(x)

αh(h̃(x) + dh(x))=αh(h̃(x)− eh(x)). (27)

Applying the Cauchy-Schwarz inequality on each term,

min
DF ,dh,d∇h

dCBC (x,u) ≥ −‖d∇h‖‖F̃ (x)u‖

− ‖∇h̃(x)‖‖DF (x)u‖ − ‖d∇h(x)‖‖DF (x)u‖
+ αh(h̃(x)− eh(x))

≥ −e∇h(x)‖F̃ (x)u‖ − eF (x)‖∇h̃(x)‖‖u‖
− e∇h(x)eF (x)‖u‖+ αh(h̃(x)− eh(x)).

In the last step, we minimized each term independently, so
the lower bound is not tight. We write the safety constraint as

e∇h(x)‖F̃ (x)u‖+ (eF (x)‖∇h̃(x)‖+ e∇h(x)eF (x))‖u‖
≤ [∇h̃(x)]
F̃ (x)u+ αh(h̃(x)− eh(x)). (28)

Constraints of the form ‖Az− a‖+ ‖Bz− b‖ ≤ c
z can be
replaced by the set of constraints ‖Az− a‖ ≤ p, ‖Bz− b‖ ≤
q, p+ q ≤ c
z combined. Thus, (28) is equivalent to the second,
third, and fourth constraints in (25) together. �

Remark V.2 (Effects of error bounds): If there are no errors in
either the dynamics or the barrier function (eF ≡ eh ≡ e∇h ≡
0), then the robust CLF-CBF SOCP (25) reduces to a CLF-
CBF QP (6). If eF ≡ 0 while eh(x), e∇h(x) > 0, the result in
Proposition V.1 recovers [29, Proposition 2]. As the error bounds
eF , eh, e∇h increase, the feasible region of (25) gets smaller and
the optimal solution worsens. Also, note that the choice of kernel

function, KF (x,x) =
e2F (x)

c2(p) I(m+1)n, reduces the inequality for
stability in (19) to that in (25).

VI. EVALUATION

In this section, we present an approach to estimate the un-
known dynamics of a mobile robot, and construct CBF con-
straints online. Then, we evaluate our safe control synthesis
using the estimated robot dynamics and CBFs in autonomous
navigation tasks in 10 simulated environments, containing ob-
stacles a priori unknown to the robot.
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A. System Dynamics Estimation

We consider a Turtlebot robot simulated in the PyBullet
simulator [31] (see Fig. 1(a)). We first present a learning ap-
proach to model the unknown dynamics of the TurtleBot using
training data collected from the PyBullet simulator. The robot
state and input are x := [x, y, μ]
 ∈ R2 × [−π, π) and u :=
[1, v, ω]
 ∈ {1} × R2, respectively. We collect a dataset D =

{t(i)0:N ,x
(i)
0:N ,u

(i)
0:N}Di=1 of D = 40000 state sequences x(i)

0:N ob-

tained by applying random control inputs u(i)
0:N to the robot with

initial condition x
(i)
0 at time intervals of τ = 0.02 seconds. For

each trajectory i, a constant control input is applied for N = 5
time steps.

We employ a neural ODE network [32] to approximate the
unknown robot dynamics F with a neural network Fθ based
on the dataset D. A forward pass through the ODE network is
obtained using an ODE solver:

{x̃i
1, x̃

i
2, . . . , x̃

i
N} = ODESolve(xi

0, Fθ(·)ui, ti1, . . . , t
i
N ).

We use a loss function,

min
θ

D∑
i=1

N∑
j=1

�(x
(i)
j , x̃

(i)
j ),

s.t. ˙̃x(i)(t) = Fθ(x̃
(i)(t))u(i)(t), x̃(i)(jτ) = x̃

(i)
j ,

u(i)(t) ≡ u
(i)
j for t ∈ [jτ, (j + 1)τ), (29)

where �(x, x̃) = ‖[x, y, cosμ, sinμ]
−[x̃, ỹ, cos μ̃, sin μ̃]
‖2.
To update the weights θ, the gradient of the loss function is
back-propagated by solving another ODE with adjoint states
backwards in time. Please refer to [32] for details.

Gal and Ghahramani [33] showed that introducing dropout
layers in a neural network is approximately equivalent to per-
forming deep Gaussian Process regression. We use a 6-layer
fully-connected neural network with tanh activations and 800
neurons in each layer to model Fθ , and apply dropout to each
hidden layer with rate 0.05. Given a query state x ∈ X , Monte-
Carlo estimates of the predictive mean F̃θ(x) and element-wise
standard deviation Σ̃(x) of the dynamics are obtained with
T = 100 stochastic forward passes through the dropout neural
network model. We use F̃θ(x) for the mean of system dynam-
ics and KF (x,x) = diag(vec(Σ̃(x))2) for the variance of the
dynamics. To obtain worst-case error bounds eF (x), we set
eF (x) = ‖3.89Σ̃(x)‖ (99.99% confidence).

In our experiment, no external disturbances are added
to the system dynamics model. Given M = 5000 random-
sampled different state control sequences {xi,ui}Mi=1 as test
data, we consider the following test-time loss function, L =
1
M

∑M
i=1 �(F (xi)ui, F̃ (xi)ui). Our learned dynamics model is

quite accurate, and the average test loss is L = 0.0037.

B. Online CBF Estimation

The robot is equipped with a LiDAR scanner with a 270◦
field of view, 200 rays per scan, 3 m range, and zero-mean
Gaussian measurement noise with standard deviation σ ∈
{0.01, 0.02, 0.05}. The LiDAR scans are used to estimate the
unsafe regions Oi in the environment and construct a CBF
constraint for each. We rely on the concept of signed distance
function (SDF) (e.g. Fig. 2(b)) to describe each Oi. The SDF

TABLE I
EMPIRICAL SDF ESTIMATION ERROR E AND DROPOUT-NETWORK SDF
ESTIMATION ERROR AVERAGED ACROSS 8 OBJECT INSTANCES UNDER

DIFFERENT LIDAR MEASUREMENT NOISE STANDARD DEVIATION σ

Fig. 2. Shape estimation with dropout neural network. (a) shows the training
data. (b) shows the estimated mean SDF results. The black heart curve shows
the ground-truth obstacle boundary, while colored regions are level-sets of the
SDF estimate. The white region denotes the estimated obstacle boundary. The
blue (resp. red) region denotes negative (resp. positive) signed distance. In (c),
the variance of the SDF estimate is shown. In (d), we plot the estimated unsafe
region with high probability, where P(ϕ̃ ≤ 0) = 0.95.

TABLE II
SUCCESS RATE OF THE NAVIGATION TASKS IN 100 REALIZATIONS (10

REALIZATIONS FOR EACH OF THE 10 DIFFERENT ENVIRONMENTS) USING THE

PROBABILISTIC CLF-CBF-SOCP, ROBUST CLF-CBF-SOCP, AND THE

ORIGINAL CLF-CBF-QP FRAMEWORKS FOR DIFFERENT LIDAR
MEASUREMENT NOISE LEVELS σ

function ϕi : R2 �→ R of set Oi ⊆ R2 is

ϕi(y) :=

{−d(y, ∂Oi), y ∈ Oi,

d(y, ∂Oi), y /∈ Oi,
(30)

where d denotes the Euclidean distance from a point y ∈ R2

and the set boundary ∂Oi. We employ incremental training
with replay memory (ITRM) [29, Section IV] to estimate an
SDF ϕi for each Oi from the LiDAR measurements. We use a
4-layer fully-connected neural network with parameters θ and
dropout layers to yield ϕ̃i(y;θ) with dropout rate 0.05 applied
to each 512-neuron hidden layer. Given y ∈ R2, we obtain the
predictive SDF mean ϕ̂i(y) and standard deviation σ̂i(y) by
Monte-Carlo estimation with T = 20 stochastic forward passes
through the dropout neural network model. When the TurtleBot
moves along a circle of radius 2 while the object is placed at
the center, we measure the accuracy of the online SDF method
using the empirical SDF error, Ei = 1

m

∑m
j=1 |ϕ̂i(yj)|, where

{yj}mj=1 are m = 500 points uniformly sampled on the surface
of the object. The results are shown in Table 1. In Fig. 2, we
show the SDF estimation with measurement noise σ = 0.01.

Since we deal with system dynamics with relative degree
one, one can verify [34] that the SDF is a valid CBF. Let
z = [x, y] ∈ Z ⊂ R2 be the position part of x. To account for
the fact that the robot body is not a point mass, we subtract
the robot radius ρ = 0.177 from each SDF estimate when
defining each mean CBF: h̃i(x) = ϕ̃i(z;θ)− ρ. For variance
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Fig. 3. Performance comparison among the three controllers. Ground-truth
obstacle surfaces are shown as black curves. The mean of the estimated obstacles,
obtained after the whole path is traversed by the probabilistic CLF-CBF-SOCP
controller are shown in different colors (red, green, orange, blue). The trajectories
generated by the probabilistic and robust CLF-CBF-SOCP controllers are in red
and blue, respectively, while the CLF-CBF-QP trajectory is in green. The starting
point is cyan and the goal region is a light-green disk. The robot (purple disk in (b)
and (c)), controlled by the CLF-CBF-QP controller, collides with obstacles and
does not reach the goal. In (a) and (b), we compare the controller performance
under different LiDAR noise level for a same environment. In (a), the results
are collected under LiDAR measurement noise σ = 0.01. In (b), the results are
collected under LiDAR noise σ = 0.02. In (c), the trajectory tracking results of
environment 8 is shown and the reference path is shown in blue.

Kh(x,x) in Section IV, we set Ki
h(x,x) = σ̂2

i (z). We also take
∇h̃i(x) = ∇ϕ̃i(z;θ) and compute Hx,x′Ki

h(x,x
′) by Monte-

Carlo estimation using double back-propagation. We set the
worst case error bounds eh(x), e∇h(x) in Section V as the
99.99% confidence bounds of a Gaussian random variable with
standard deviation σ̂i(z). If the robot observes multiple obstacles
in the environment, we compute multiple CBFs h̃i(x) and their
corresponding uncertainty, and add multiple CBCs to (6), (19),
(25) for safe control synthesis.

C. Safe Navigation

Our main experiments demonstrate safe navigation and safe
trajectory tracking using the proposed probabilistic (19) and ro-
bust (25) CLF-CBF-SOCP formulations, utilizing the dynamics
estimates from Section VI.A and the online CBF estimates from
Section VI.B. To emphasize the importance of accounting for
estimation errors, we also implement the original CLF-CBF-QP
controller (6), which assumes the estimated barrier functions
and system dynamics are accurate (i.e., uses the mean values
from the dropout-network estimation as the true values). In all
three controllers, we set L(x) = diag([0, 10, 3]) and k̃(x) =
[1, vmax, 0]


 where vmax = 0.65 is the maximum linear velocity
for the TurtleBot. The remaining parameters were λ = 1000,
αV (V (x)) = 2V (x), and αh(hi(x)) = hi(x).

TABLE III
FRÉCHET DISTANCE BETWEEN THE REFERENCE PATH AND THE ROBOT

TRAJECTORIES GENERATED BY THE PROBABILISTIC CLF-CBF-SOCP, ROBUST

CLF-CBF-SOCP, AND THE CLF-CBF-QP CONTROLLERS (SMALLER VALUES

INDICATE LARGER TRAJECTORY SIMILARITY, THE VALUE IN THE PARENTHESES

INDICATES THE SUCCESS RATES WHILE VALUES WITHOUT PARENTHESES

INDICATE THE SUCCESS RATE IS 1, AND N/A INDICATES THE ROBOT COLLIDES

WITH OBSTACLES IN ALL 10 REALIZATIONS)

In the first set of experiments (Fig. 3(a) and Fig. 3(b)), we
demonstrate safe navigation to a goal point with a CLF candidate
V (x) = (x− 2)2 + (y − 3)2. In Fig. 3(a), when the LiDAR
noise level is low, the robot controlled by all three controllers
succeeds to reach the goal region and the SOCP formulations are
slightly more conservative than the QP formulation. In Fig. 3(b),
the LiDAR noise level increases to σ = 0.02 and we can observe
major differences among the paths generated by the three con-
trollers. This is because the estimated variance and error bounds
of the barrier function and its gradient increase with the increase
of the LiDAR noise. The robot controlled by the CLF-CBF-QP
controller collides with an obstacle, while the robot controlled
by probabilistic or robust SOCP controller succeeds in avoiding
obstacles. Importantly, the robot controlled by the robust SOCP
controller switches to bypass the round obstacle from the right
because controller cannot find a feasible path on the left with
larger error bounds on estimated barrier functions.

In the following set of experiments, we consider the problem
of safe trajectory tracking using the approach in [29, Section VI]
to construct a valid CLF V (x) for path following.

In Table II, we report the success rate of the trajectory
tracking task using the proposed formulations and the original
QP framework under different measurement noises. As the
noise increases, the success rate of the CLF-CBF-QP controller
decreases rapidly, while the success rate of the probabilistic
framework with high p and the robust framework stays high.

In Fig. 3(c), we show one realization in environment 8 (with
σ = 0.01), where the CLF-CBF-QP controller fails to avoid
obstacles because it does not consider the errors in CBC (x,u),
while the proposed frameworks guarantee safety. When there is
an obstacle near or on the reference path, the robot controlled
by the robust SOCP controller stays furthest away, while the
probabilistic SOCP controller also guarantees the robot stays
further away from the obstacles than the robot controlled by the
CLF-CBF-QP controller.

In Table III, we show quantitative results using the Fréchet
distance [29, Section VI] as the metric to measure trajectory
similarities. The distance value is computed by averaging the
successful realizations in each environment, and the LiDAR
noise is set to be σ = 0.02 in this set of experiments. We see
that the robust CLF-CBF-SOCP controller is most conservative
as it has the largest Fréchet distance values while the proba-
bilistic CLF-CBF-SOCP controller is less conservative if we set
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the user-specified risk tolerance p = 0.8. By lowering the risk
tolerance value (p = 0.2/0.4), the robot with the probabilistic
controller follows the reference path better while facing a higher
risk of collision. A qualitative result is shown in Fig. 2(b), where
larger p values indicates higher probability of being safe for the
robot. The trajectory generated by the CLF-CBF-QP controller
has the smallest Fréchet distance values, but fails in several
environments.

Finally, to demonstrate the efficiency of the proposed for-
mulations, we compare the average time needed for solving
the QP, probabilistic SOCP, and robust SOCP formulations
per control synthesis along the trajectory tracking task. All
optimization problems are solved using the Embedded Conic
Solver in CVXPY [35] with an Intel i7 9700 K CPU. The time
needed for solving one QP instance is 0.00863 s while the times
needed for solving the proposed probabilistic and robust SOCPs
are 0.0109 s and 0.0122 s. As expected, our SOCP formulations
require slightly more time than the original QP but are still
suitable for online robot navigation.

VII. CONCLUSION

We considered the problem of enforcing safety and stability of
unknown robot systems operating in unknown environments. We
showed that accounting for either Gaussian or worst-case error
bounds in the system dynamics and safety constraints leads to
a novel CLF-CBF-SOCP formulation for control synthesis. We
validated our formulations in autonomous navigation tasks, sim-
ulating a ground robot in several unknown environments. Some
drawbacks of our formulations include that large model error
bounds may lead to infeasibility of the robust SOCP, and that
the assumption that system dynamics and barrier functions are
GPs may not be true in practice. Future work will implement the
proposed formulations on a real robot, consider object category
pre-training of the SDF neural network, and explore adaptive
techniques for safe control synthesis given varying uncertainty
levels and robot objectives.

REFERENCES

[1] L. Lamport, “Proving the correctness of multiprocess programs,” IEEE
Trans. Softw. Eng., vol. SE-3, no. 2, pp. 125–143, Mar. 1977.

[2] Z. Artstein, “Stabilization with relaxed controls,” Nonlinear Anal.-Theory
Methods Appl., vol. 7, pp. 1163–1173, 1983.

[3] E. D. Sontag, “A ‘universal’ construction of Artstein’s theorem on nonlin-
ear stabilization,” Syst. Control Lett., vol. 13, no. 2, pp. 117–123, 1989.

[4] S. Prajna, “Barrier certificates for nonlinear model validation,” in Proc.
Conf. Decis. Control, 2003, pp. 2884–2889.

[5] S. Prajna and A. Jadbabaie, “Safety Verification of hybrid systems using
barrier certificates,” in Proc. Hybrid Systems: Computation and Control,
Berlin Heidelberg, Germany, Springer, 2004, pp. 477–492.

[6] P. Wieland and F. Allgöwer, “Constructive safety using control barrier
functions,” in IFAC Proc. Volumes, vol. 40, no. 12, pp. 462–467, 2007.

[7] A. Ames, X. Xu, J. Grizzle, and P. Tabuada, “Control barrier function
based quadratic programs for safety critical systems,” IEEE Trans. Autom.
Control, vol. 62, no. 8, pp. 3861–3876, Aug. 2017.

[8] Q. Nguyen and K. Sreenath, “Exponential control barrier functions for
enforcing high relative-degree safety-critical constraints,” in Proc. Amer.
Control Conf., 2016, pp. 322–328.

[9] A. Ames, S. Coogan, M. Egerstedt, G. Notomista, K. Sreenath, and P.
Tabuada, “Control barrier functions: Theory and applications,” in Proc.
Eur. Control Conf., 2019, pp. 3420–3431.

[10] L. Wang, A. D. Ames, and M. Egerstedt, “Safe certificate-based maneuvers
for teams of quadrotors using differential flatness,” in Proc. IEEE Int. Conf.
Robot. Automat., 2017, pp. 3293–3298.

[11] Q. Nguyen, A. Hereid, J. W. Grizzle, A. D. Ames, and K. Sreenath, “3D
dynamic walking on stepping stones with control barrier functions,” in
Proc. IEEE Conf. Decis. Control, 2016, pp. 827–834.

[12] X. Xu et al., “Realizing simultaneous lane keeping and adaptive speed
regulation on accessible mobile robot testbeds,” in Proc. IEEE Conf.
Control Technol. Appl., 2017, pp. 1769–1775.

[13] F. P. Cantelli, “Sui confini della probabilità,” Atti del Congresso Inter-
nazionale dei Matematici, vol. 6, pp. 47–60, 1929.

[14] M. Jankovic, “Robust control barrier functions for constrained stabilization
of nonlinear systems,” Automatica, vol. 96, pp. 359–367, 2018.

[15] Y. Emam, P. Glotfelter, and M. Egerstedt, “Robust barrier functions for a
fully autonomous, remotely accessible swarm-robotics testbed,” in Proc.
IEEE Conf. Decis. Control, 2019, pp. 3984–3990.

[16] A. Clark, “Control barrier functions for complete and incomplete in-
formation stochastic systems,” in Proc. Amer. Control Conf., 2019,
pp. 2928–2935.

[17] Q. Nguyen and K. Sreenath, “Robust safety-critical control for dynamic
robotics,” IEEE Trans. Autom. Control, vol. 67, no. 3, pp. 1073–1088,
Mar. 2022.

[18] L. Hewing, J. Kabzan, and M. N. Zeilinger, “Cautious model predictive
control using Gaussian process regression,” IEEE Trans. Control Syst.
Technol., vol. 28, no. 6, pp. 2736–2743, Nov. 2020.

[19] M. Ahmadi, X. Xiong, and A. D. Ames, “Risk-averse control via CVaR
barrier functions: Application to bipedal robot locomotion,” IEEE Control
Syst. Lett., vol. 6, pp. 878–883, 2022.

[20] G. Alcan and V. Kyrki, “Differential dynamic programming with nonlinear
safety constraints under system uncertainties,” IEEE Robot. Automat. Lett.,
vol. 7, no. 2, pp. 1760–1767, Apr. 2022.

[21] H. Almubarak, K. Stachowicz, N. Sadegh, and E. A. Theodorou, “Safety
embedded differential dynamic programming using discrete barrier states,”
IEEE Robot. Automat. Lett., vol. 7, no. 2, pp. 2755–2762, Apr. 2022.

[22] M. Z. Romdlony and B. Jayawardhana, “On the new notion of input-
to-state safety,” in Proc. IEEE 55th Conf. Decis. Control, 2016,
pp. 6403–6409.

[23] S. Kolathaya and A. D. Ames, “Input-to-state safety with control barrier
functions,” IEEE Control Syst. Lett., vol. 3, no. 1, pp. 108–113, Jan. 2019.

[24] A. Alan, A. J. Taylor, C. R. He, G. Orosz, and A. D. Ames, “Safe controller
synthesis with tunable input-to-state safe control barrier functions,” IEEE
Control Syst. Lett., vol. 6, pp. 908–913, 2022.

[25] R. K. Cosner, A. W. Singletary, A. J. Taylor, T. G. Molnar, K. L. Bouman,
and A. D. Ames, “Measurement-robust control barrier functions: Certainty
in safety with uncertainty in state,” in Proc. IEEE/RSJ Int. Conf. Intell.
Robots Syst., 2021, pp. 6286–6291.

[26] M. Srinivasan, A. Dabholkar, S. Coogan, and P. Vela, “Synthesis of
control barrier functions using a supervised machine learning approach,”
IEEE/RSJ Int. Conf. Intell. Robots Syst., 2020, pp. 7139–7145.

[27] T. T. Zhang, S. Tu, N. M. Boffi, J.-J. E. Slotine, and N. Matni, “Adversar-
ially robust stability certificates can be sample-efficient,” in L4DC, 2022.

[28] V. Dhiman*, M. J. Khojasteh*, M. Franceschetti, and N. Atanasov, “Con-
trol barriers in Bayesian learning of system dynamics,” IEEE Trans. Autom.
Control, to be published, doi: 10.1109/TAC.2021.3137059.

[29] K. Long, C. Qian, J. Cortés, and N. Atanasov, “Learning barrier functions
with memory for robust safe navigation,” IEEE Robot. Automat. Lett.,
vol. 6, no. 3, pp. 4931–4938, Jul. 2021.

[30] F. Alizadeh and D. Goldfarb, “Second-order cone programming,” Math.
Program., vol. 95, no. 1, pp. 3–51, 2003.

[31] E. Coumans and Y. Bai, “PyBullet, a python module for physics simulation
for games, robotics and machine learning,” 2016. [Online]. Available:
http://pybullet.org

[32] R. T. Q. Chen, Y. Rubanova, J. Bettencourt, and D. Duvenaud, “Neural
ordinary differential equations,” in Proc. Adv. Neural Inf. Process. Syst.,
2018, pp. 6572–6583.

[33] Y. Gal and Z. Ghahramani, “Dropout as a Bayesian approximation: Rep-
resenting model uncertainty in deep learning,” in Proc. Int. Conf. Mach.
Learn., 2016, vol. 48, pp. 1050–1059.

[34] Y. Chen, M. Jankovic, M. A. Santillo, and A. Ames, “Backup control
barrier functions: Formulation and comparative study,” in Proc. 60th IEEE
Conf. Decis. Control, 2021, pp. 6835–6841.

[35] S. Diamond and S. Boyd, “CVXPY: A python-embedded modeling lan-
guage for convex optimization,” J. Mach. Learn. Res., vol. 17, no. 1,
pp. 2909–2913, 2016.

Authorized licensed use limited to: Univ of  Calif San Diego. Downloaded on June 24,2022 at 20:59:41 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1109/TAC.2021.3137059
http://pybullet.org


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


