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Abstract— Passivity is necessary for robots to fluidly collabo-
rate and interact with humans physically. Nevertheless, due to
the unconstrained nature of passivity-based impedance control
laws, the robot is vulnerable to infeasible and unsafe configura-
tions upon physical perturbations. In this paper, we propose a
novel control architecture that allows a torque-controlled robot
to guarantee safety constraints such as kinematic limits, self-
collisions, external collisions and singularities and is passive
only when feasible. This is achieved by constraining a dynamical
system based impedance control law with a relaxed hierarchical
control barrier function quadratic program subject to multiple
concurrent, possibly contradicting, constraints. Joint space
constraints are formulated from efficient data-driven self- and
external C2 collision boundary functions. We theoretically prove
constraint satisfaction and show that the robot is passive when
feasible. Our approach is validated in simulation and real robot
experiments on a 7DoF Franka Research 3 manipulator.

I. INTRODUCTION

Robots that will physically interact with humans and
execute tasks in dynamic human spaces, must allow any type
of physical perturbations imposed on them by the humans,
and seamlessly recover from them to achieve the intended (or
changed) task. This requires robots to not only be inherently
compliant but also passive to such external perturbations.
The concept of passivity was first introduced in the context
of robotics by Hogan and Colgate [1], [2] to analyze stability
issues related to impedance controllers. When a robot is
physically interacting with an unknown environment or a
human with unknown intention or dynamics the standard
Lyapunov-style tools for stability analysis are difficult to
apply. Analyzing passivity becomes a more intuitive and
indirect way of ensuring stability of physically interactive
systems [3]. Thus, a controller designed to preserve a passive
relation between external forces and robot velocity ensures
stability both in free motion and in contact with passive
environments [2]. A more general notion of passivity is the
property of a dynamical system to not produce more energy
than it receives [4]. Hence, the majority of passivity-based
controllers leverage energy exchange techniques [5] built on
impedance-based control laws [1], [6]–[14]. Of particular
interest is ensuring passivity/stability for variable impedance
control (VIC) which is often used in physical human-robot
interaction and teleoperation in task that require adapta-
tion of the robot’s stiffness [14]. Such change in stiffness,
when unbounded may induce energy-injecting terms which
can destabilize a robot [11]. Several works have proposed
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Fig. 1. Schematic of our proposed constrained passive interaction control
framework. Green blocks denote novel components. Note that every block
has a feedback term, from joint-space to task-space layers.

techniques to preserve passivity in VIC, either by using
tank-based [11] or port-Hamiltonian representations [13], or
deriving restrictions on damping and stiffness fluctuations
via a modified Lyapunov function [15].

Nevertheless, classic impedance control schemes that are
driven by time-indexed reference trajectories can only be
passive in the regulation case, loosing passivity during
tracking – a critical drawback of classic impedance control.
A solution to this is to encode tasks as time-independent
velocity fields, as initially advocated in [7]–[9]. The modern
solution to this problem is to follow the dynamical system
(DS) based motion planning approach where the desired task
is encoded as a first order autonomous DS [16]. Then a
negative velocity feedback control law is used to drive the
robot along the directions of the DS while dissipating energy
in orthogonal directions, ensuring passive interaction control
via a storage function that includes the potential function
used to shape the DS [12]. While this approach has the
properties we desire, it has one major drawback – it cannot
ensure the safety of the robot upon physical perturbations,
such as violating joint limits, self-collisions or collisions with
external objects. Hence, the robot is vulnerable to violating
all of these constraints which might lead to motor failures,
undesirable collisions or even injuries to other humans. In
this work, we posit that a robot operating in a human-centric
environment should be passive only when feasible and when
none of these constraints are being violated such that safe
operation of the robot is always ensured. Such a proposition
could be thought of as a realization of Asimov’s third law.

Note that this passive impedance control law [12], and
in general most passivity-based controllers, operate at the
force/torque level as they are designed for compliant torque-
controlled robots. One can add repulsive torques to the
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passive impedance control laws to ensure collision avoidance
[17] or nullspace torques favor joint limit or singularity
avoidance [18] however these approaches will either break
passivity and cannot guarantee the satisfaction of constraints.

In recent years, control barrier functions [19] have risen
as the prominent tool to verify and enforce safety proper-
ties in the context of optimization-based safety-critical con-
trollers for autonomous systems. Optimization-based CBF
controllers to ensure safe control of robot manipulators when
tracking a desired reference trajectory have been proposed
[20], [21], yet they are not passive, only operate in the task
space of the robot and do not ensure joint-space constraints.

Contributions In this work, we propose an optimization-
based CBF control framework that allows a robot to remain
passive to external perturbations following the DS-based
passive interaction controller [12], yet is guaranteed to satisfy
joint-space constraints such as, joint limits, self-collisions,
external collisions and singularities. To formulate joint-space
collision avoidance constraints we adopt the data-driven ap-
proaches proposed in prior work [16], [22]–[24] and learn C2

differentiable self- and external collision boundary functions
by sampling the robot’s joint-space. Such boundary functions
have only been used in motion-level controllers such as IK
and MPC. The only work closest to ours is [25] which pro-
poses a similar optimization-based approach that guarantees
passivity and single singularity avoidance constraint. In our
framework, passivity is formulated as a task-space objective
which is guaranteed only when feasible, while joint-space
constraints are always satisfied and prioritized.

II. PROBLEM STATEMENT

We seek to control an n-DoF manipulator with rigid-body
dynamics derived by the Euler-Lagrange equations [4]:

H(q)q̈ + C(q, q̇)q̇ +G(q) = τc + τext, (1)

where q, q̇, q̈ ∈ Rn denote the joint positions, velocities,
and accelerations. H(q) ∈ Rn×n, C(q, q̇) ∈ Rn×n, G(q) ∈
Rn denote the inertia matrix, Coriolis matrix and gravity
respectively. τc ∈ Rn and τext ∈ Rn denote the control
input and external torque applied on the joints.

Given a desired d-dimensional1 task-space control input
Fc ∈ Rd one can compute the desired control torques as τc =
J(q)⊤Fc where J(q) ∈ Rd×n is the manipulator Jacobian.
Similarly, external task-space forces are mapped to torques as
follows τext = J(q)⊤Fext and joint-space velocities mapped
to task-space as ẋ = J(q)q̇ with x, ẋ ∈ Rd being the task-
space state and velocity of the manipulator.

The goal of this work is to design a controller τc for (1)
with the following task-space objective:
O1 Tracking: Track a task-space reference velocity ẋd ∈ Rd

O2 Passivity: The controlled-system should be passive in
the robot’s task space (Fext, ẋ) when feasible.

while guaranteeing the following joint-space constraints:
C1 Joint Limits Avoidance: The robot’s joint positions

should remain within kinematic limits q− ≤ q ≤ q+.

1d = 3 for end-effector position and d = 6 for position and orientation

C2 Self-Collision Avoidance: The controller should avoid
self-collided configurations; i.e., the joint configurations
should lie in the self-collision free configuration set
QSCA = {qSCA ∈ Rn | min(dij(q)) ≥ 0}, where
dij(q), i = 1, · · · , n, j = 1, · · · , n, i ̸= j, is the
minimal distance between link-i and link-j.

C3 External Collision Avoidance: The controller should
avoid configurations where the robot collides with an
external obstacle; i.e., the joint configurations should
lie in the external collision free set QECA = {qECA ∈
Rn | min{dext(q) ≥ 0}}, where dext denotes the
distance between the body of the manipulator and the
possible collided environment in cartesian space.

C4 Singularity Avoidance: Avoid joint configurations that
lead to singularities; i.e., remain within the singularity
avoidance set QSA = {q ∈ Rn | rank(J(q)) ≥ d}.

III. PRELIMINARIES

Next we describe the control theory tools used in this work
to achieve O1 −O2 while satisfying constraints C1 − C4.
A. Dynamical System Motion Planning

In this work, we adopt the dynamical system (DS) based
motion planning approach [16]. The desired task-space mo-
tion of the robot is defined in x ∈ Rd and constrained by a
system of ODEs. Let f(x) be a first-order, autonomous DS
describing the robot’s nominal motion plan as,

ẋ = f(x) s.t. lim
t→∞

||x− x∗|| = 0 (2)

with f(x) : Rd → Rd being a continuously differentiable
vector-valued function representing a DS that asymptotically
converges to a single stable attractor (target) x∗ ∈ Rd. Hence,
in this work the desired task-space velocity is ẋd = f(x).

B. Passivity-Based Control with Dynamical Systems [12]

To ensure task-space passivity (O2) while tracking a
desired DS motion plan (O1) we use the following velocity-
based impedance control law proposed in [12]

Fc = Gx(x)−D(x)(ẋ− f(x)), (3)

where Gx(x) = J(q)−⊤G(q) is the gravity vector in task
space and D(x) ∈ Rd×d represents a task-space damping
matrix. This negative velocity error feedback controller (2)
makes the robot track f(x) by generating kinetic energy
along the desired direction of motion, and dissipates kinetic
energy in directions perpendicular to it. This is achieved
given that the following assumptions hold:

Assumption 1: The DS f(x) is conservative, i.e., shaped
by the negative gradient of a potential function P ∈ Rd → R:

f(x) = −∇xP(x). (4)
Assumption 2: The damping matrix D(x) ∈ Rd×d is a

positive semi-definite matrix defined as,

D(x) = V (x)ΛV (x)⊤, (5)

where Λ ∈ Rd×d is a diagonal matrix of non-negative
values and V (x) = [v1, v2, v3] ∈ Rd×d is an orthonormal
basis matrix constructed such that v1 = f(x)

||f(x)|| follows the
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direction of the desired motion and the remaining vectors in
the basis are mutually orthogonal and normalized.

Using a storage function S = 1
2 ẋ

⊤Hxẋ+ λ1P(x) where
Hx = J−⊤H(q)J−1 is the task-space inertia matrix and
λ1 is the first diagonal element of Λ from (5), the robot
described by system (1) under control (2) is proven to
be passive wrt. input-output pair (Fext, ẋ) [12]. Note that,
Assumption 1 can be relaxed and passivity can still be proven
as long as a conservative component can be extracted and by
adding a stored energy variable to the storage function [12].

C. QP-based Controller via Control Barrier Functions [19]

In this work, we propose a convex optimization problem to
solve for O1 −O2 subject to constraints C1 −C4 formulated
as control barrier functions (CBF). Next we introduce the
preliminaries on formulating such an optimization problem
in terms of a general state variable ξ ∈ Rn. Consider a
general continuous-time nonlinear control affine system:

ξ̇ = f(ξ) + g(ξ)u, (6)

where u ∈ Rm denotes the control input. f(ξ) ∈ Rn is the
drift dynamics and g(ξ) ∈ Rn×m is the input dynamics. Note
that f(ξ) is not the same dynamics as the DS motion plan (2).
In this work, f(ξ) is derived from the robot dynamics (1).
We assume f + g(ξ)u is bounded and Lipschitz continuous.

To enforce safety on (6), we must define the invariant
(safe) set C, which is the superlevel set of a smooth function
h(ξ) : Rn → R with ∇ξh ̸= 0 ∀ξ such that h(ξ) = 0
only at the set boundary ∂C; i.e., C = {ξ ∈ Rn|h(ξ) ≥ 0}.
h(ξ) is, thus, a function that measures the distance from
the controlled system state ξ to the constraint boundary
∂C. Nagumo proposed the following necessary and sufficient
condition for set invariance [19],

Definition 1 (Set Invariance):

C is set invariant ⇐⇒ ḣ(ξ) ≥ 0 ∀ξ ∈ ∂C (7)
One must then generate an admissible input u that will

ensure ξ is always within the safe set C; i.e., will never reach
the unsafe set ¬C = {ξ ∈ Rn|h(ξ) < 0}. To guarantee such
forward invariance for compact sets the following minimally
restrictive condition was proposed [26],

∃α(·), ḣ(ξ) ≥ −α(h(ξ)) =⇒ C is invariant, (8)

which is a necessary and sufficient condition for compact sets
C where α(·) is a class-K function that is strictly increasing
and maps zero state to zero. Rewriting the above condition
with the control input u explicitly renders

∇ξh(ξ)(f(ξ) + g(ξ)u) ≥ −α(h(ξ)), (9)

which can be treated as an affine constraint for the following
Quadratic Programming (QP) problem:

min
u

∥u− uref (ξ)∥22
s.t. ∇qh(ξ)g(ξ)u ≥ −α(h(ξ))−∇ξh(ξ)f(ξ),

(10)

where uref (ξ) is the reference control signal given by a high-
level controller. In short, this controller selects an admissible
control signal that is closest to the reference signal.

IV. PROPOSED APPROACH

Following we propose a control framework that generates
control torques τc for a robot with dynamics (1) that is
guaranteed to satisfy constraints C1−C4 defined in Section II,
while following a desired DS motion plan f(x) defined by
(2) and allowing the robot to be passive when feasible (O1−
O2). Notice that the objective of our controller is to follow a
DS defined in task-space while the constraints are defined in
the joint-space. Assuming we have C2 (at least) differentiable
boundary functions that defined the invariant sets for each
of the joint-space constraints; i.e., h+/−

JL (q) : Rd → R for
joint limits, hSCA(q) : Rd → R for self-collision avoidance,
hECA(q) : Rd → R for external collision avoidance and
hSA(q) : Rd → R for singularity avoidance, the general
framework of the proposed QP is formulated as follows:

min
τc

∥J(q)−⊤τc − Fc(x)︸ ︷︷ ︸
(3)

∥22

s.t. H(q)q̈ + C(q, q̇)q̇ +G(q) = τc + τext,

C1 Joint Limit Avoidance via h
+/−
JL (q)

C2 Self-Collision Avoidance via hSCA(q)

C3 External Collision Avoidance via hECA(q)

C4 Singularity Avoidance via hSA(q)
(11)

where Fc is the DS-based passive impedance control law
defined in (3) and J(q)−⊤ is the pseudo-inverse of J(q)⊤.

Constraint Formulation In the standard CBF-QP formu-
lation (10) the control input u has a direct relationship to
the first derivative of the state ξ̇, via (6), and thus it appears
in the first derivative of h(ξ). In our case, the relationship
between the control input τc and the system dynamics is with
q̈ via (1), which implies that the control signal appears in the
second derivative of h(q) instead of the first. This means that
our constraint boundary functions h(q) have relative degree
of two. Thus our joint-space constraints must be formulated
as exponential control barrier functions [27] which require
the computation of ḣ∗(q) and ḧ∗(q) as will be described
in Section IV-A. In Sections IV-B-IV-E we introduce the
exponential CBF formulations for each of our constraints.

QP Feasibility It is possible for the multiple constraints
above to make the QP infeasible. Therefore we first define
joint limits and self-collision constraints (C1 − C2) as hard
constraints and the rest as soft constraints, where hard
constraints refer to constraints that are strictly prohibited to
be violated and soft constraints refer to constraints that are
able to be relaxed. To ensure such relaxation we formulate
a relaxed version of (11) presented in Section IV-F.

A. Exponential Control Barrier Function Primer

Considering h(q) with a relative degree of two, we define
a new state variable η(q) = [h(q) ḣ(q)]⊤. The dynamics of
η(q) can be written in the controllable canonical form:

η̇(q) = Aη(q) +Bµ,

h(q) = Cη(q),
(12)
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where A, B and C are
[

0 1
0 0

]
, [0 1]⊤ and [1 0] respec-

tively. As proposed in [27] by properly defining feedback
gain vector Kf = [k1 k2] would render forward invariance
if the following inequality is satisfied:

ḧ(q) ≥ −Kfη(q). (13)

Proof of forward invariance given the selection criteria of the
feedback gain vector Kf can be referred to [27].

B. Joint Limit Avoidance Constraint

We start by deriving the constraint for joint limit avoid-
ance. For the joint positions q ∈ Rn, we expect them
to stay within the limits of q− ≤ q ≤ q+. Hence, we
define the CBFs as h−

JL(q) = q − q− − ϵ−JL for the lower
and h+

JL(q) = −q + q+ − ϵ+JL for the upper limit. The
corresponding QP constraints can be easily formulated as

∇qh
+
JL(q)q̈ ≥ −k1h

+
JL(q)− k2∇qh

+
JL(q)q̇

− q̇⊤∇2
qh

+
JL(q)q̇

⇒− q̈ ≥ b+JL(q)

b+JL(q) = −k1(−q + q+ − ϵ+JL) + k2q̇

(14)

for the upper joint limits and

∇qh
−
JL(q)q̈ ≥ −k1h

−
JL(q)− k2∇−

q hJL(q)q̇

− q̇⊤∇2
qh

−
JL(q)q̇

⇒q̈ ≥ b−JL(q)

b−JL(q) = −k1(q − q− − ϵ−JL)− k2q̇

(15)

for the lower joint limits.

C. Self-Collision Avoidance Constraint

A self-collision avoidance constraint can be formulated by
a continuously differentiable boundary function ΓSCA(q) ∈
Rn → R that defines a continuous map of the safe (free) and
unsafe (collided) configurations in joint-space such that:

ΓSCA(q) < 0 =⇒ Collided configurations
ΓSCA(q) = 0 =⇒ Boundary configurations
ΓSCA(q) > 0 =⇒ Free configurations

(16)

Explicitly defining the metric of the distance to self-collision
is not straightforward. Hence, we adopt the approach pro-
posed in prior work [16], [22], [24] that learns ΓSCA(q) by
sampling the joint-space of the multi-DoF robotic systems
along the boundary and uses efficient regression models
(such as SVM and NN) to learn ΓSCA(q). In those works,
ΓSCA(q) was only required to be C1 differentiable as only
∇qΓSCA(q) was needed to formulate a constraint for inverse
kinematics. In our work, it is also necessary that ΓSCA(q)
is C2 differentiable in order to be exploited in an ECBF
of relative degree two. Therefore, we proposed to learn
ΓSCA(q) as a Neural Network (NN) classification problem
with Tanh activations (which are infinitely differentiable).

1) Model description: Similar to [23] we use a Multilayer
Perceptron (MLP) with 4 hidden layers, the input as robot
configurations q ∈ Rn, the output labeled as [0 1]⊤ for
collided configurations and [1 0]⊤ for uncollided configu-
rations. Given that the output of the NN is [γ1 γ2]

⊤ then
ΓSCA(q) = γ1 − γ2 with closed-form expression,[

γ1
γ2

]
= ω5 · Tanh

[
ω4 · Tanh

[
ω3 · Tanh

[
ω2

· Tanh
[
ω1 · q + β1

]
+ β2

]
+ β3

]
+ β4

]
+ β5.

(17)

From grid search we found a NN with the structure of 7-80-
50-30-10-2 to yield the best classification accuracy for the
7DoF manipulator. The data collection strategy and learning
procedure follows previous works in [23], [22]2.

2) Constraint formulation: With the definition of
ΓSCA(q) in mind, we define the control barrier function as
hSCA(q) = ΓSCA(q)− ϵSCA, where ϵSCA is the minimum
distance to the self-collision boundary that we expect the
manipulator to maintain. Substituting the expression of ΓSCA

into (13) with proper k1 and k2:

ḧSCA(q) ≥ −k1hSCA(q)− k2ḣSCA(q),

⇒∇qḣSCA(q)q̇ +∇qhSCA(q)q̈ ≥ −k1hSCA(q)

− k2∇qhSCA(q)q̇,

⇒∇qhSCA(q)q̈ ≥ bSCA(q)

(18)

bSCA(q) = −k1hSCA(q)− k2∇qhSCA(q)q̇

− q̇⊤∇2
qhSCA(q)q̇,

(19)

where ∇qhSCA(q) ∈ Rn and ∇2
qhSCA(q) ∈ Rn×n denote

the gradient vector and Hessian matrix of hSCA(q)
2.

D. External Object Collision Avoidance Constraint

Adopting the work of [24] we utilize their Neural Joint-
Space Signed Distance Function (Neural-JSDF) for external
object collision avoidance to formulate a CBF constraint.

1) Brief Introduction to JSDF: SDFs represent the surface
of objects and the minimal distance from a query point to
the surface through a continuous second-derivable function.
We define the SDF of a robot manipulator in joint-space
ΓSDF (q, x0) ∈ Rn

L as Γi
SDF (q, x0) = min ∥x − x0∥2, i =

1 · · ·nL, where x0 ∈ R3 is the query point in the task-space,
x represent points on the surface: {x ∈ R3|ΓSDF (q, x) = 0}
in task-space, nL denotes the number of links. Γi

SDF (q, x0)
is the i-th element of Γi

SDF (q, x0) which denotes the mini-
mal distance corresponding to the i-th link. Due to the com-
plexity of the surface geometry of the robot manipulators,
a data-driven approach, MLP, is used to fit ΓSDF (q, x0).
We use the learned Neural-JSDF model for the Franka arm
provided in the accompanying code of [24], refer to paper for
model description, data generation, and training procedures3.

2Details on SCA boundary learning and specific constraint derivatives
can be found in our project website https://sites.google.com/
seas.upenn.edu/constrained-passive-control

3https://github.com/epfl-lasa/Neural-JSDF
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2) Constraint formulation: Similar to the ECBF for self-
collision avoidance, the ECBF for external object collision
avoidance is defined as h(i)

ECA(q) = Γ
(i)
SDF (q, x0)−ϵSCF for

the i-th link and the external query point as x. Consequently,
the QP with the constraints of external object collision
avoidance is formulated for every link i = 1 . . . , nL as:

∇qh
(i)
ECA(q)q̈ ≥ b

(i)
ECA(q) (20)

b
(i)
ECA(q) =− k1h

(i)
ECA(q)− k2∇qh

(i)
ECA(q)q̇

− q̇⊤∇2
qh

(i)
ECA(q)q̇.

(21)

E. Singularity Avoidance
The ability of a robot to stay far from joint singularities is

directly related to its manipulability [28]. Among the several
metrics that can be used to measure manipulability, like the
weighted Frobenius norm of J(q) and the manipulability
ellipsoid, in this work we choose the manipulability index.

1) Brief Introduction to Manipulability Index: The ma-
nipulability index MI(q) ∈ Rn → R is computed as

MI(q) =
√

det[J(q)J⊤(q)] =

d∏
i=1

σi (22)

where σ1, . . . , σd are the singular values of J extracted from
the singular value decomposition of J(q); i.e., J = UΣV ⊤

[4]. This index is well suited to formulate a constraint
regarding singularity avoidance because when it increases,
the manipulability of the robot does as well, and when it
gets close to 0, the robot is close to a singularity.

2) Constraint formulation: To keep the manipulability
index greater than its lower bound ϵSA > 0, we define
the CBF for singularity avoidance hSA(q) as hSA(q) =
MI(q)− ϵSA, and the constraint is formulated as:

∇qhSA(q)q̈ ≥ bSA(q) (23)

bSA(q) =− k1hSA(q)− k2∇qhSA(q)q̇

− q̇⊤∇2
qhSA(q)q̇

(24)

The gradient of MI(q) w.r.t the i-th element (i = 1 · · ·n)
of q has the following closed-form expression:

∇qiMI(q) = MI(q)Tr
{
(JJ⊤)−1(∇qiJ)J

⊤}, (25)

where Tr{·} denotes the trace of a given matrix2. Neverthe-
less, deriving the closed-form expression of the Hessian of
MI(q) is more complicated. An alternative is to compute
∇2

qMI(q) via numerical approximation:

∇2
qiMI(q) .

= ∇MI(q+∆qiei)−∇MI(q−∆qiei)
∆qi

, (26)

where ∇2
qiMI(q) is the second-order gradient w.r.t. the i-

th element of q, ei ∈ Rn is a indicator vector with its i-th
element as 1 and other elements as 0, ∆qi ∈ R > 0 is
a small step of qi. Note that in real applications, in order
to compute the parameters in real-time, employing (26) is
not practical due to its computation complexity. To address
this issue, we re-write the term q̇⊤∇2

qhSA(q)q̇ in (23) as
˙∇qhSA(q)q̇, where

˙∇qhSA(q)
.
=

∇MI(qt)−∇MI(qt−1)

∆t
. (27)

F. Passive Interaction Control with Constraints

Now that we have introduced the formulation of all
constraints C1 − C4 as ECBFs we can re-state our QP opti-
mization problem (11) as a Relaxed-CBF-QP (R-CBF-QP)
[29] in order to ensure prioritization of hard constraints:

min
τc,δECA,δSA

∥J(q)−⊤τc − Fc(x)︸ ︷︷ ︸
(3)

∥22 + δ⊤ECAΠδECA + πδ2SA

s.t. H(q)q̈ + C(q, q̇)q̇ +G(q) = τc + τext,

C1 : − q̈ ≥ b+JL(q), q̈ ≥ b−JL(q)

C2 : ∇qhSCA(q)q̈ ≥ bSCA(q)

C3 : ∇qh
(i)
ECA(q)q̈ ≥ b

(i)
ECA(q)− δ

(i)
ECA

δ
(i)
ECA ≥ 0 ∀i = 1, . . . , nL

C4 : ∇qhSA(q)q̈ ≥ bSA(q)− δSA

δSA ≥ 0,
(28)

where δECA = [δ
(1)
ECA, · · · , δ

(nL)
ECA]

⊤ ∈ RnL and δSA are the
slack variables for soft constraints. Π ≻ 0 and π > 0 relax
the constraints that are defined by preference.

Remark 1 (Passivity): A robot with system dynamics (1)
under control input τc optimized by (28) and following a
task-space control input Fc by (3) is passive if an optimal
τ∗c can be found in the feasible set, i.e., when J(q)−⊤τc =
Fc(x) or Fc /∈ N (J−⊤) – passive when feasible.

V. EXPERIMENTAL RESULTS

Videos of PyBullet simulation and hardware experiments
are included in the accompanying multimedia submission
and can be found in our project website2. All experiments are
conducted on a 7-Dof Franka Research 3 manipulator. The
QP optimization solver is implemented in CVXPY [30] for
simulations and CVXGEN [31] for real robot experiments.

A. Simulation Experiments

We design four experiments to evaluate the satisfaction
of combinations of 1) self-collision avoidance + joint limits,
2) collision avoidance to external objects + joint limits, 3)
singularity avoidance + joint limits using CBF-QP, and 4) all
constraints and adopt the R-CBF-QP.

1) Self-Collision Avoidance & Joint Limits: In this sce-
nario, we seek to find a DS f(x) with convergence point
inside the body of the manipulator. Obviously, the robot will
collide with itself if the self-collision constraint is not added.
We therefore simply define the potential function as:

V (x) = (x− x∗)⊤P (x− x∗), (29)

where x∗ = [0, 0, 0.3]⊤ and P = −25I3, and f(x) as:

ẋ = f(x) = ∇xV (x) = 2P (x− x∗) (30)

which is linear and conservative. In this testing scenario,
we define a threshold of 10 that we expect the manipulator
to keep above to. Fig. 2 (left) shows that the manipulator
reaches to self-collision configurations without the SCA
avoidance constraint and link1 and link6 collide with each
other. By introducing the self-collision constraint, link1 and
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Fig. 2. Evolution of joint-space boundary functions with active and inactive constraints on the 7-DoF Franka Research 3 manipulator
for the simulated tests in Section V-A. (left) Evolution hSCA and the minimal distance between link1 and link6 of a. (center) Minimal
distance between the robot and the external ball with and without the external object collision constraints. Only link6 and link5 are
reported, which tend to collide with the ball that we defined without the constraints. (right) Evolution of Manipulability Index MI(q).

Fig. 3. (left) Evolution of all joint-space boundary functions for the simulated tests in Section V-A. (center) Controller on real-robot
allowing external perturbations yet satisfying self-collision and joint limit constraints. (right) Fext and hSCA for real-robot experiment.

link6 keep a minimum distance from each other implicitly
via hSCA(q). The simulation lasts 10 seconds.

2) Collision Avoidance to External objects & Joint Limits:
We consider a simple scenario where there is a static ball
as an obstacle on the route of the robot to its convergence
point x∗ = [−0.25, −0.35, 0.5]⊤, the position of the ball is
[0.35, −0.15, 0.7]⊤.The simulation lasts 1.5 seconds. The
manipulator is expected to keep at least 10 cm away from
the obstacle. Fig. 2 (center) shows that collisions to external
objects are guaranteed with the corresponding constraints.

Further, in the accompanying video we showcase a sce-
nario where the manipulator is exposed to external pertur-
bations. The DS pulls the robot back to its initial point
x∗ = [0.7, 0, 0.5]⊤, and the ball with its radius of 10 cm
is set at [0.25,−0.25, 0.6]⊤. An external force of Fext =
[0,−10, 0]⊤ is added to the end-effector on the first 0.8 secs.
The controller avoids collision when external force exists.

3) Singularity Avoidance & Joint Limits: In order to
verify the effect of the singularity avoidance constraints that
guarantee the robot manipulability, we designed a situation
where the manipulability index reduces below 0.1, which is
our minimal threshold. x∗ = [−0.6, 0, 0.4]⊤. Consequently,
the controller with the constraint of singularity avoidance
maintains the manipulability index to approximately 0.11, as
shown in Fig. 2 (right). The simulation lasts 5 seconds.

4) ALL Constraints: We design a scenario where the robot
enters a self-collision configuration whilst entering a ‘dan-

gerous’ zone which is close to a sphere at [0.25,−0.25, 0.3]⊤

and show that th robot controller drives the robot to converge
at x∗[0,−0.5, 0.3]⊤, while satisfying all constraints as shown
in Fig. 3 (left). For the sake of reducing computation
consumption’s, only link7 is considered for hECA(q).

B. Real-Robot Experiments

In a real-robot experiment, we showcase both SCA and
joint-limits constraint satisfaction while being passive and
subject to external perturbations. The manipulator is guided
by linear DS stabilized at x∗ = [0,−0.5, 0.3]⊤. Then external
force is added on the end-effector of the robot. Fig. 3 shows
that under human perturbation, the passive controller still has
the performance of self-collision avoidance. The computation
frequency related to NNs and QP are approx. 300Hz and
200Hz. The controller operates at 1kHz.

VI. CONCLUSIONS AND FUTURE WORKS

We proposed a novel framework for constrained passive
interaction control of robot manipulators. We leverage safety
and passivity by introducing joint-space constraints on a task-
space DS-based passive controller via an exponential CBF
approach. We showcased the effectiveness of the controller
through simulation and real-robot experiments. Currently our
computational bottleneck is the computation of the Hessian
for the NN-based JSDF functions. Hence, we plan to explore
more model efficient boundary functions such as [32] as well
as evaluate our controller on practical applications.
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