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Abstract— To enhance robots’ applicability in real-world
scenarios, it is essential to establish a complex and multi-tasking
behaviour, inspired by human nature. To this purpose, from a
hardware perspective, a high number of degrees of freedom
is necessary, as is the case for humanoids and collaborative
mobile manipulators. From a software standpoint instead,
complex hierarchical strategies are often used to define a set of
behaviours that the robot should reflect in strict hierarchical
order. Their main issue however, is related to the lack of
continuity when their stack of tasks is changed. Existing works
that address this issue clearly present a trade-off between
optimality assurance during transition and computational costs.
Here, we employ a distributed processing approach that enables
not only the minimization of computational costs, but also
continuous optimality and constraints feasibility even under
sharp transitions. The approach is tested during three task
transitions, for different tasks such as constrained trajectory
tracking, obstacle avoidance, and postural optimization. Two
mobile manipulators are used, each having 10 DoF, and the
results confirm the smoothness of the generated solutions.

I. INTRODUCTION

Hierarchical control has been deeply studied for highly
redundant robots such as humanoids [1] or dual-arm space
robots [2], but also for simpler animal-shaped [3] or Collabo-
rative Robots [4]–[6]. Aiming towards a more synergistic and
widespread employment of robots in real-life environments,
some of the most limiting factors are related to robots’
autonomy [7] and their interaction with the environment and
humans [8]. In this sense, hierarchical control is essential to
fully exploit robots’ potentials and allow the formulation of
multiple objectives that are accomplished hierarchically.

Within hierarchical control, a distinction is made between
non-strict and strict hierarchies. The first one consists in the
relative weighting between different tasks [9], [10], which
however does not ensure that the task holding higher priority
is strictly enforced. This is achieved instead through the latter
category, where the secondary tasks are projected into the
null-space of the primary ones, ensuring a strict hierarchy
of tasks. In particular, Hierarchical Quadratic Programming
(HQP) [11], [12] is the most used strategy to formulate a
strict Stack of Tasks (SoT) [13]. However, one of the most
common limitations of HQP is related to the problem of
task transitioning. When the priority of any task is changed,
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Fig. 1: Gradual constraints shift. Changing from a) to b) leads to
infeasibility with existing approaches. The red dot and the green star
are the current and final optimum, respectively. With the proposed
approach (from a to c to d), we decouple the instantaneous solution
from the final one, and enable gradual constraints’ variation, allow-
ing the intermediate solutions to remain in the feasibility range.

or whether a task is added or removed, a discontinuity is
generated in the optimal solution [14]. Multiple studies have
addressed this issue, and will be further analysed in Sec. II.
The layout of the paper is as follows. First, in Sec. II the
background to the problem of smooth task transitioning is
provided, assessing current limitations. In Sec. III the pro-
posed method is formalised. Sec. IV reports the experimental
validations, and Sec. V provides final conclusions.

II. RELATED WORKS

When the SoT remains unaltered, the hierarchical solution
is ensured to be continuous, even in case of ill-conditioning
[11], [15]. However, discontinuities arise during the tran-
sition between different tasks, and multiple methods have
been studied to this purpose [16]. Generally, the easiest
solution is to use weight-based methods, which employ a
series of smoothly-varying weights to ensure continuity [17].
However, all the tasks must be known a priori and cannot
be changed online. In [18], an intermediate value approach
is developed during the transition period, with the issue of
being non-optimal since this is not written as an optimization
problem, hence the motion is not guaranteed to be feasible
(given the lack of constraints). These type of approaches
interpolate between the pre- and post-transition solutions,
hence, besides the aforementioned problem of non-optimality
and potential infeasibility, there exists the issue of increased
computational times due to the multiple optimizations.
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Fig. 2: Layout of the overall multi-robot system. Two identical
mobile manipulators are employed, with A and B local frames
respectively. All the variables in the HQP problem are expressed in
world frame W.

The authors in [19] propose a method that does not
increase computational costs by softening the hierarchical
problem during the transition phase. However, again the
issue of optimality during the transition recurs. Indeed,
by softening the problem, strict hierarchical prioritization
is lost. Besides, its formulation becomes intricate as the
number of task swaps increases and cannot handle inequality
constraints. In [20] a generalized hierarchical control acts
on the activation parameters of the generalized projector,
achieving a smooth transition. However, the feasibility of
the solution is not always ensured since it depends from
the robot’s state. Recently, both [21] and [22] proposed
a continuous task transitioning approach for HQP, which
maintains the optimality during the transition. However, they
suffer from the increase in computational times and the
necessity of successive activations with multiple gains.

A. Contributions

As mentioned above, the current works in smooth hi-
erarchy transitioning suffer from a clear trade-off between
either the absence of optimality enforced during the transition
phase, or the increase in computational times. We aim to
address both issues with a distributed formulation that keeps
minimum computational times while constantly ensuring
strict optimality during the smooth transition.

Indeed, we propose a distributed processing technique
that exploits the computational capacities of the multi-DoF
systems involved in the task (two mobile manipulators in our
study). This approach is scalable, and can be extended to
applications like large-scale multi-robot systems and swarm
robotics, where often not all available robots are actively
employed in the computation. In simpler cases, a single
robot with two available CPUs (onboard or offboard) can
also exploit our proposed approach.

The idea is to find the solution for the new optimization
problem, and use it to smoothly drive the old solution to
the new one. This distributed approach enables to change
not only the SoT but also constraints entirely, without
potential infeasibility issues deriving from a sudden change
in constraints that would occur from a non-distributed ap-
proach. Fig. 1 shows this concept, where a) is the initial
configuration and the red dot indicates the current solution.
Upon constraints’ change (b), the new solution (green star)
lies outside of the feasibility range, and the constraints on
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Fig. 3: Block scheme of the problem solved by robot A when no
transition has been triggered. The output is χ∗

A and includes the
joint velocities for both robots q̇∗

A, q̇
∗
B .

velocity/acceleration do not allow the red dot to move fast
enough (red arrow), thus leading to infeasibility. With the
proposed approach, it is possible to decouple the instan-
taneous solution from the final one, thus enabling gradual
constraints’ variation, allowing the intermediate solutions to
remain in the feasibility range, as occurs from a) to c) to d)
(where the transparent configuration is the initial one).

We highlight here the overall proposed contributions with
respect to the existing approaches:

• Solution’s optimality and constraints’ satisfaction are
ensured at any stage during the transition.

• Guaranteed feasibility in case of sudden change in
constraints (Fig. 1).

• Minimal computational cost due to the distributed pro-
cessing approach.

• No need for sequential tasks insertion/removal, which
requires intricate structure, numerous weights and in-
creased computational costs.

III. METHODOLOGY

A. Hierarchical Quadratic Programming Problem

Through a HQP-based control, the strict optimization
problem for two successive priorities writes:

min
χ

1

2

∥∥A1χ− b1
∥∥2 (1)

s.t. C1
1χ ≤ d1

1, . . . , C1
ni1

χ ≤ d1
ni1

(2)

E1
1χ = f1

1 , . . . , E1
ne1

χ = f1
ne1

(3)

and the second level, with lower priority, as:

min
χ

1

2

∥∥A2χ− b2
∥∥2 (4)

s.t. C2
1χ ≤ d2

1, . . . , C2
ni2

χ ≤ d2
ni2

(5)

E2
1χ = f2

1 , . . . , E2
ne2

χ = f2
ne2

(6)

A1χ = A1χ
∗
1, (7)

where χ ∈ Rs is the optimization variable, and the optimality
condition defined between successive Quadratic Program-
ming (QP) solutions in (7) ensures strict priorities [23].

Considering Nt ∈ N as the total number of tasks, and k ∈
{1, . . . Nt} as the priority levels with decreasing importance
from 1 (highest) to Nt (lowest), the generic formulation for
the k−th generic task becomes:

min
χ

1

2

∥∥Akχ− bk
∥∥2 (8)

s.t. Ck
1χ ≤ dk

1 , . . . , Ck
nik

χ ≤ dk
nik

(9)

Ek
1χ = fk

1 , . . . , Ek
nek

χ = fk
nek

(10)

A1χ = A1χ∗
1, . . . , Ak−1χ = Ak−1χ∗

k−1. (11)
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Fig. 4: Block scheme of the distributed task transitioning approach. Robot B is in charge of computing the (discontinuous) solution to
the new problem χ∗

B , which is then fed to Robot A that is responsible for smoothing this transition via χ∗
AB . Both solutions have the

same structure, that includes joint velocities for both robots q̇∗
A, q̇

∗
B as well.

Here, tk is the dimension of each k-th task, subject to the
k-th number of equality and inequality constraints in nek ∈
{ne1 , . . . neNt

} and nik ∈ {ni1 , . . . niNt
} respectively, with

the dimensionality of each equality/inequality constraint at
each k-th level being ek and ik, respectively. This leads to
the following matrix dimensions:

Ak ∈ {A1 ∈ Rt1×s, . . . , ANt ∈ RtNt×s}
bk ∈ {b1 ∈ Rt1 , . . . , bNt ∈ RtNt}
Ck = [Ck

1 ∈ Ri1×s T , . . . , Ck
nik

∈ Rik×s T ]T

Ek = [Ek
1 ∈ Re1×s T , . . . , Ek

nek
∈ Rek×s T ]T

dk = [dk
1 ∈ Ri1 T , . . . , dk

nik
∈ Rik T ]T

fk = [fk
1 ∈ Re1 T , . . . , fk

nek
∈ Rek T ]T ,

which allows to write a more compact notation

min
χ

1

2

∥∥Akχ− bk
∥∥2 (12)

s.t. Ckχ ≤ dk (13)
Ekχ ≤ fk (14)

A1χ = A1χ∗
1, . . . , Ak−1χ = Ak−1χ∗

k−1. (15)

that includes the multiple equality/inequality constraints per
each k-th level.

B. Stack of Tasks

a) Closed-Loop Inverse Kinematics: a Closed-loop In-
verse Kinematics (CLIK) scheme is written in QP form as

min
q̇

∥Jq̇ − (ẋd +Kp (x
d − xa))∥2 (16)

where q̇ ∈ Rn are the joint velocities and J ∈ Rm×n is
the Jacobian matrix. This closes the loop on the position
error between the desired and actual position of the EE
xd and xa ∈ Rm respectively, whereas Kp ∈ Rm×m is
the positive-definite diagonal gain matrix representing the
Cartesian stiffness. Having to enforce the CLIK task for both
robots, we define the optimization variable as

χ =

[
q̇A
q̇B

]
∈ Rs=2n (17)

where q̇A, q̇B ∈ Rn are the the joint velocities of each robot.
Therefore, the overall CLIK task can be written as

min
χ

∥JAq̇A − (ẋd
A +KpA (xd

A − xaA
))∥2+

∥JB q̇B − (ẋd
B +KpB (xd

B − xaB
))∥2

(18)

with all coordinates expressed in world frame (Fig. 2).

Referring to the generic (12), the CLIK tasks lead to

ACLIK =

[
JA 0n×n

0n×n JB

]
, (19)

bCLIK =

[
ẋd
A +KpA (xd

A − xaA
)

ẋd
B +KpB (xd

B − xaB
)

]
. (20)

This clearly constitutes the most important task in each of
the SoTs under study, and is therefore always maintained as
the first hierarchical layer, as shown in Fig.s 3 and 4.

b) Arm Postural Task: The goal is to drive the current
joints’ state to a desired one (e.g. mid-range of the robot’s
actuators). Based on the nature of the mobile manipulators
used, the following state variable decomposition applies:

χ =

[
q̇A
q̇B

]
=


[
q̇base,A
q̇arm,A

]
[
q̇base,B
q̇arm,B

]
 =


[
ẋbase,A

q̇arm,A

]
[
ẋbase,B

q̇arm,B

]
 (21)

in which q̇base ∈ R3 and q̇arm ∈ R7 are the mobile
base and arm respective components. In particular, ẋbase =
(ẋbase, ẏbase, θ̇base) is composed by the linear and angular
velocities of the mobile base in the horizontal plane.

Being interested in the formulation of an arm-only postural
task, this can be written in QP form as

min
χ

||qarm − qd
arm||2 = min

q̇
||∆tq̇arm + qt−∆t

arm − qd
arm||2,

where qd
arm ∈ R7 is the desired joint position, ∆t is the

control period and qt−∆t
arm ∈ R7 is the optimal joint position

obtained at the previous time step via Euler integration.
Overall, referred to (12), we achieve

Apos
A = ∆t Γ (22)

bposA = qt−∆t
arm − qd

arm,A (23)

Apos
B = ∆t Γ (24)

bposB = qt−∆t
arm − qd

arm,B (25)

where Γ ∈ R7×n is the selection matrix for the arm elements
only. We employ this task in the experiments, to highlight
the smoothness in task transition when it is activated.

c) Mobile Base Task: Based on (21), a similar task is
defined for the mobile base elements only, to set a reference
for xbase, useful for obstacle avoidance, as:

min
χ

||xbase − xd
base||2, (26)
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Fig. 5: Complete task sequence. Snapshots are taken at near to stationary conditions, after each task is accomplished. In particular: (A)
initial conditions/activation of SoT B1; (B) SoT B1 is accomplished and SoT B2 is activated; (C) SoT B2 is accomplished and SoT B3 is
activated, (D) final configuration. The plots show (top to bottom): both EE’s actual xa against desired xd trajectories, and the measured
positions of each mobile base’s center of mass xbase.

where xd
base ∈ R3 is the desired Cartesian position of the

mobile base frame. Finally,

Abase
A = ∆t Φ (27)

bbaseA = xt−∆t
base,A − xd

base,A (28)

Abase
B = ∆t Φ (29)

bbaseB = xt−∆t
base,B − xd

base,B (30)

where Φ ∈ R3×n is the selection matrix for the mobile base
elements Φ = diag{1, 1, 1} and xt−∆t

base ∈ R3 is the optimal
base position obtained at the previous time step via Euler
integration.

C. Constraints
The constraints defined in the HQP are expressed at joint

position, velocity, and acceleration levels, and are present at
each k−th level of the SoT, for both robots:

qmin ≤ qt−∆t + q̇ ∆t ≤ qmax

q̇min ≤ q̇ ≤ q̇max (31)

q̈min ≤ q̇ − q̇t−∆t

∆t
≤ q̈max

where qmin, q̇min, q̈min ∈ Rn and qmax, q̇max, q̈max ∈ Rn

are the minimum and maximum joint limits. For simplicity,
we consider in the remainder all the constraints at position,
velocity and acceleration levels through the notation

χmin ≤ χ ≤ χmax. (32)

D. Distributed Hierarchical Framework
We analyse the scenario in which two mobile manipulators

are available, but clearly this is scalable to larger multi-
robot systems or even simpler robots, thus finding potential

applications in the fields of large-scale multi-robot systems
and swarm robotics, as mentioned in Sec. II.

The overall framework is shown in Fig. 2, where the
two mobile manipulators are commanded via the optimal
solutions obtained from the HQP. Two Joint Impedance
Controllers (JIC) are used to obtain the torques for the
manipulators, as it will be described in Sec. III-F. The goal
is to overcome some of the most limiting aspects of the
existing formulations currently developed for smooth task
transitioning in hierarchical control, as already discussed in
Sec. II. In particular, during the switching phase, the second
robot is exploited to compute the solution of the new SoT.
This allows to i) swap, insert or remove any number of tasks,
without having to sequentially activate/deactivate them to
ensure smoothness ii) potentially offload the computational
burden to multiple robots, since in most smooth transitioning
frameworks the optimization has to run multiple times,
based on the number of tasks in transition. Hence, with
the proposed strategy, not only a single optimization is only
needed for each robot regardless of the number of tasks in
transition (i), but also the computation time is offloaded to
the robots available (ii).

As outlined in Fig. 3, initially (no task transitions) only
robot A is responsible for solving the HQP problem, whose
optimal solution χ∗

A is passed to both robots via the JIC. As
the transition phase is triggered, the proposed framework is
activated (see Fig. 4) and the robot B will start calculating
the new HQP problem with the renewed SoT and constraints.
As soon as the new (discontinuous) solution χ∗

B is found,
this is fed to robot A, which from then on will solve a new
optimization problem, which remains the same as the original
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Fig. 6: Difference between χ∗
B (dashed lines) and χ∗

AB (solid
lines) for robot A (top) and robot B (bottom), upon task activation
(A), showing how the discontinuous variation is mitigated by χ∗

AB ,
which smoothly tends to χ∗

B .

one, but with an added last priority level in the SoT as:

min
χ

∥χ− χ∗
B∥

2 (33)

which now allows to drive the solution from χ∗
B to χ∗

AB .
Indeed, the control sequences are always provided to both
robots from robot A, through the solution of SoT A. By
solving this problem, it is possible to smoothen the discon-
tinuities between χ∗

B and χ∗
A, while injecting the new SoT.

As shown in Fig.4, we define χ∗
AB as the optimal solution

obtained from robot A, driving towards χ∗
B .

By keeping the highest priority of the SoT A unaltered
(CLIK tasks) and acting on the constraints at velocity q̇
and acceleration levels q̈, it is possible to achieve a smooth
variation, by setting for robot A:

αχs
min+(1−α)χt−∆t

min ≤ χ ≤ αχs
max+(1−α)χt−∆t

max (34)

where α ∈ R is a time-dependent smoothly changing
function from 0 to 1, and χs

min,χ
s
max ∈ Rn are the new

limits triggered after the transition (see Fig. 1). For SoT B
the constraints are instead directly changed to the new ones:

χs
min ≤χ ≤ χs

max. (35)

Therefore, the injection of χ∗
B in SoT A enables the

transition between two completely different problems (both
in terms of tasks and constraints, as in Fig. 1), without
requiring multiple swaps for each task modification as in
[21], avoiding large computational increase.

E. Distributed Smooth Task Transitioning
Based on the tasks defined in Sec. III-B, we report here the

HQP problems employed to test the transitions’ smoothness.
Robot’s A original problem (before transitions) is:

1 min
χ

∥∥ACLIKχ− bCLIK
∥∥2 (36)

2 min
χ

∥χ∥2

s.t. χmin ≤ χ ≤ χmax

Fig. 7: Difference between χ∗
B (dashed lines) and χ∗

AB (solid
lines) for robot A (top) and robot B (bottom), upon task activation
(B), showing how the discontinuous variation is mitigated by χ∗

AB ,
which smoothly tends to χ∗

B .

whereas after the transition is triggered, SoT A:

1 min
χ

∥∥ACLIKχ− bCLIK
∥∥2 (37)

2 min
χ

∥χ− χ∗
B∥

2

s.t. α χs
min ≤ χ ≤ α χs

max .

On robot B instead, the first transition triggers the mobile
bases problem SoT B1:

1 min
χ

∥∥ACLIKχ− bCLIK
∥∥2 (38)

2 min
χ

∥∥Abase
A χ− bbaseA

∥∥2 +min
χ

∥∥Abase
B χ− bbaseB

∥∥2
s.t. χs

min ≤ χ ≤ χs
max

the second transition optimises arm postures SoT B2:

1 min
χ

∥∥ACLIKχ− bCLIK
∥∥2 (39)

2 min
χ

∥Apos
A χ− bposA ∥2 +min

χ
∥Apos

B χ− bposB ∥2

s.t. χs
min ≤ χ ≤ χs

max

and the last one triggers SoT B3 which just performs
trajectory tracking, hence coincides with (36).

F. Joint Impedance Control

A lower-level impedance controller is added to provide an
added layer of compliance at each joint, increasing safety in
potential human-robot and robot-robot interaction:

τ = Kqd(q̇
∗ − q̇a) +Kqp(q

∗ − qa) + g, (40)

where qa, q̇a ∈ Rn are the actual joint positions and
velocities respectively, q̇∗, q∗ ∈ Rn are the desired optimal
joint velocities and positions obtained from the HQP. Instead,
Kqp ∈ Rn×n and Kqd ∈ Rn×n identify the positive definite
joint stiffness and damping matrices respectively, while g ∈
Rn are the torques necessary for gravity compensation.
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Fig. 8: Difference between χ∗
B (left-hand side) and χ∗

AB (right-hand side) for robot A (top) and robot B (bottom), upon task activation
(C), showing how the discontinuous variation is mitigated by χ∗

AB , which smoothly tends to χ∗
B .

IV. EXPERIMENTS

The proposed framework has been validated using two
MObile Collaborative robotic Assistant (MOCA), which are
mobile manipulators composed by a Robotnik SUMMIT-XL
STEEL mobile platform, on top of which a Franka Emika
Panda robotic arm is mounted. The overall platform consists
of n = 10 DoF, and the end-effectors (EEs) used are a
Panda Gripper and a PISA/IIT SoftHand. The manipulators
are torque controlled and the actuation torques are obtained
from the lower level JICs in (40). On the other hand, the
mobile platforms are velocity controlled, hence the optimal
velocities ẋbase are directly sent from the HQP.

The whole task sequence employed to test the transitions’
smoothness is outlined in Fig. 5 and visible in the video1. The
snapshots are taken close to steady-state conditions, when
both robots accomplished their respective task. In particular,
three transitions are tested with the proposed strategy and
compared with the case in which the tasks are changed
instantaneously. The first two plots in Fig. 5 show both EE’s
actual xa against desired xd trajectories, while the last two
plots show the position and orientation of each mobile base
frame. At time instant (A), the first transition is triggered, and
SoT B1 is the new hierarchy that aims at driving the position
of the mobile bases towards xd

base,A = {0,−0.5, 0} m

and xd
base,B = {2, 0.5, 0} m, while maintaining higher

EE’s accuracy. At steady-state, the EE errors are lower than
10mm, while the base errors are lower than 50mm. Fig.
6 compares the difference between χ∗

B and χ∗
AB upon task

activation, showing how the instantaneous and discontinuous
variation is mitigated by χ∗

AB , which smoothly tends to χ∗
B

as desired. At (B) the second transition is triggered and
SoT B2 is activated. Now the postural task is activated with
qd
arm,A = qd

arm,B = (qmax − qmin)/2 to minimize the
displacements from actuators’ mid-range. Fig. 7 compares
again the sharp variation of χ∗

B and the smooth behaviour
of χ∗

AB (here reported only for the most activated joints, for

1https://youtu.be/ceM-HqMbgss?si=drOpsJOsrvSo40jq

C

Fig. 9: Left: time intervals. ∆tA and ∆tB are the computational
times of robot A and B respectively, while ∆tC is the case in which
both χ∗

B and χ∗
AB are solved on the same machine. Right: α (34).

a clearer visualization). Finally, the last transition is triggered
(C) and the new SoT drives both robots to the same location.
Here, a discontinuity is introduced both in terms of change in
SoT and in the step variation of the reference poses (Fig. 5).
The final EE tracking error is below 2mm. Fig. 8 shows on
the left-hand side the solutions χ∗

B , while on the right-hand
side χ∗

AB . It is clear how SoT As is able to smoothen the final
solution, thanks to the insertion of (33) and to the possibility
of performing constraints softening (34) on the double HQP
problem (still solved as one-per-robot). Computational costs
are compared in Fig. 9 (left), where ∆tA and ∆tB are
the time intervals for the computation of χ∗

AB on robot A
and χ∗

B on robot B, respectively, compared against ∆tC in
which both χ∗

B and χ∗
AB are solved on the same machine,

where indeed larger times are necessary. Fig. 9 (right), shows
instead the shape of the chosen α function used in (34).

V. CONCLUSIONS

The proposed distributed processing approach was for-
mulated to achieve smooth task transitions while always
maintaining optimal and feasible solutions via the distributed
problem decomposition and the continuous constraints mod-
ulation. Multiple task transitions have been evaluated in
the experiments, which confirmed the smooth transitioning
behavior between hierarchical SoT and constraints. Future
studies will increase the number of robots, to assess the
scalability and possible policies to decentralize the proposed
framework on small subsets of larger multi-robot systems.
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