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Abstract— This paper introduces a comprehensive user-
guided planning framework designed for robots operating in
dynamic, human-centered environments — where the ability to
execute sequential tasks flexibly and adaptively is paramount.
QOur planner enables robots to (i) encode object-centric con-
straints and user preferences via multiple demonstrations, (ii)
transfer geometric features and implicit relaxations to novel
scenarios while reacting to unforeseen events, and (iii) adapt
to changing task conditions in real-time, including the real-
time replanning and tracking of moving targets. Our approach
relies on C* screw linear interpolation, which generates smooth
paths satisfying the underlying geometric constraints that
characterize the task. The prescribed path is combined with
a hierarchical quadratic programming-based controller which
explores the user demonstrations’s stochastic variability to relax
task constraints while ensuring real-time whole-body collision
avoidance. Our framework continuously checks for dynamic
changes in task targets, ensuring appropriate planning or
control actions, and tending to the prescribed screw path. This
comprehensive approach is deployed in different task conditions
which are available at https://youtu.be/FOcMr1n1D9k.

I. INTRODUCTION

Future robots operating in fast-changing human-centered
environments will need the ability to perform a sequence
of elaborate manipulation tasks in a flexible, reactive, and
adaptive fashion, while tending to changing user-preferences
and geometric and dynamic constraints in its surroundings.
This challenging scenario requires robotic systems that are
able to solve the following key problems: (i) To plan se-
quential manipulation tasks involving multiple object-centric
constraints, including user’s preferences and flexibilities on
how to perform a task; (ii) To transfer such task information
and flexibilities to new scenarios while reacting to unforeseen
events such as dynamic obstacles; (iii) To adapt to changing
task conditions by real-time replanning or tracking of moving
goals. In this paper, we propose a planner that addresses all
the aforementioned challenges in a unified framework.

Designing elaborate sequential tasks, as shown in Fig. 1,
requires experienced roboticists to conceptualize and prepro-
gram the robot. Yet, the generalization of this task across the
workspace (different instances) is extremely hard [1], [2]. A
more convenient approach is to allow end-users to teach such
tasks, together with their preferences, to the robots. One of
the most well-know strategies is learning from demonstra-
tions (LfD) [3] which is often acquired through teleoperation,
kinesthetic or passive observation. A typical way to encode
the trajectory information is through motion primitives, e.g.,
Dynamic Movement Primitives (DMPs) [4], [5]. Taking a
probabilistic approach such as Stable Estimator of Dynamical
Systems (SEDS), [6], or Probabilistic Movement Primitives
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(ProMPs), [7], improves generalization by exploring the
variance information from multiple demonstrations. Such
stochastic confidence interval can be explored to improve
task execution — as we previously showed in [8]. Notwith-
standing, the convergence of methods such as ProMPs is still
only guaranteed within the demonstration region. It is also
worth mentioning that tasks often embedded in joint-space
[9], [10], which largely limits its generalization to different
kinematics or scenarios. Most importantly, these methods
are predominantly offline, necessitating parameter tuning and
offering limited autonomy in dynamic environments. This
considerably limits their application in real-world scenarios
where reactiveness to dynamic obstacles is critical.

In our previous work, [1], [11], we proposed an alternative
solution encoding implicit geometric constraints underlying
task features from a single demonstration. Our method
supported real-time reaction to dynamic obstacles by means
of modifying key points in the original trajectory, akin to
elastic strip methods [12]. Nonetheless, this approach is still
restricted to known scenarios such as (i) and (ii), with a
single demonstration and stationary targets and goals.

Real-time dynamically changing targets have not been a
primary focus within LfD, in general. Typically, challenges
as (iii) are addressed through visual servoing techniques,
which excel in tracking moving targets by integrating vision
with (often) decoupled positions and orientations [13], [14].
In [15], a proper pose coupling has been introduced therefore
improving performance in sensitive tasks such as grasping
— yet without fully capturing the intrinsic task constraints
or preferences. Despite the excel results, particularly in
highly dynamic scenarios, existing methods lack the ability
to encode geometric features or constraints underlying a task
execution which also need to be satisfied during execution.

In this work, we propose a novel user-guided planning
framework that captures implicit geometric features under-
lying object-centric task constraints from human demon-
strations. We extend our previous results [1] by supporting
sequential and multiple-task demonstrations and making full
use of the stochasticity of those. Our method capitalizes
on these multiple demonstrations to capture the inherent
geometric flexibility, allowing for varied paths that improve
specific instances of a given task. We further extend our
approach with a real-time vector-field-based reactive planner
based on our previous results but extended for whole-body
collision avoidance deployed within hierarchical quadratic
programming (HQP)-based controller for set-based trajectory
tracking. Finally, our framework also addresses task adaption
and tracking of moving targets. Particularly, we offer a
geometric and task-consistent way to replan subtasks, blend
task modifications reactively, and track moving targets, while
respecting the prescribed constraints underlying different
stages of the task. This comprehensive approach to task
representation, execution, and adaptation addresses the com-
plexities of real-world robot operation, offering a significant
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Overview of proposed user-guided adaptive and relaxed planning and control approach. A sequential manipulation task 72, composed by a
., N¢}, is demonstrated by the user as in (). Each ith-demo encodes task-object-centric rigid body transformations

’7} =L 1, where 7, is the number of keypoints in the subtask ¢. Whenever multiple task demo are available, we can also extract their interval range
€¢,1:n,» €8, 20 geometric distance variance, for each 7, element of each subtask £. From a new task instance, 7 = {71, 72, 73}, the proposed Sequential
and Relaxed Task-Space Imitation Algorithm (Section III) converts the 72 into the imitated path with a funnel resulting in object-centric flexibilities. In
addition, it also blends the novel initial pose into those new paths through C''-ScLERP. An HQP-based constraint reactive controller (Section V) optimizes
for manipulability and joint-limit avoidance while holding the funnel constraint and performing whole-body collision avoidance. Finally, the adaptive
behavior of our approach addresses changes in subtasks, by 1. replanning in long-horizon subtasks, 2. real-time C''-ScLERP to a new path, or 3. real-time

tracking the desired changes whenever the goal is to close (Section IV).

advancement to the robotics community.
II. PROBLEM DEFINITION

This work addresses real-time motion planning problems
that enable a manipulator to complete a geometrically con-
strained task, or a sequence of subtasks, under dynamic and
changing task conditions. We define a task, 7 = (T)fv 1> as
a sequence of subtasks 7;, i={1,2,..., N;}, following geo-
metric conditions acquired from single or multiple successful
task demonstrations, as seen in Fig.l. The dynamic and
fast-changing environment includes the influence of multiple
dynamic obstacles over the whole body of the manipulator,
as well, as dynamically changing goals/tasks during different
stages of the task execution, as shown in @ in Fig. 1.

A. Preliminaries

First, we introduce core geometric concepts and defini-
tions, highlighting the role of dual quaternion algebra (DQ)
and its application towards screw-theory-based interpolation
and path blending. Central to our approach, these concepts
exploit the advantages of unit dual quaternions, such as
translation and orientation coupling [16], singularity-free
representation, global convergence [17], and wrench, twists
and geometric primitive embeddings [18]. Notably, DQ
also provides a more computationally efficient and simply-
connected topology compared to SE(3), [19]. Building on
these mathematical foundations, we then define the problem
statement for this paper.

In our framework, a task is composed of a sequence of sub-
tasks consisting of a sequence of rigid-body transformations
embedding the object-centric geometric constraints defining
the (sub-)task. The rigid body transformation is described
using unit dual quaternions, z € Spin(3) x R3,

x =71+ iepr, (1)
where p is a pure quaternion that represents the transla-
tion, r=cos(¢/2)+ sin(¢/2)n € Spin(3) represents a unit-
quaternion rotation With angle ¢ around the axis m, and ¢
is such that e£0 but £2=0, [20] The Spin(3) x R is a Lie
group with inverse *=r + er*p*, and identity 1

Now, given a sequence gleSpm(S) x R3 of poses descrlb-
ing a path, we seek to generate a smooth curve in SE(3).
To seamlessly connect and blend the spatial transformations
x,, we first explore the geodesic line generated by the bi-
invariant metric in SE(3) [21]. The advantages of the bi-
invariance for trajectory generation are highlighted in the
works [22]. This geodesic leads to the well-known screw
motions [23], and by connecting two points, €.g., Z;,Zy €

Spin(3) x R3, by means of a constant velocity within the
geodesic line, we have a screw linear interpolation. Our
goal therefore is to obtain equally spaced waypoints in the
path z(7) : [0,1] — Spin(3) x R® with z(0) = z; and
z(1) = x,. To this aim, we first map x, along the geodesic
on Spin(3) x R?® through x, onto the tangent space at
;. This corresponds to a vector mapping in the geodesic
direction of &, with respect to ; within 7 Spin(3) x R3.
Hence,
log, (z,) = z, log(ziz,), 2
where logm1 is computed using parallel transport using the
exp and log maps from the tangent space, at the identity,
e., 7T1Spin(3) x R® which are given by the dual vector
representing the axis of screw motion and the dual angle
containing both the translation length and the angle of
rotation, see further details in [24]. Thus, we can linearly
interpolate points in (2) and compute any point along the
geodesic screw direction starting from log, (;) towards
1Og§1 (£2)’ i c., (loggl (22) - loggl (!1))T+10g§1 (£1)7 with
1ogm (z,) = 0. Hence, using parallel transport to map the
vector in Tz, Spin(3) x R? back to the unit DQ manifold
following the geodesics through x; yields

x(7) = CXPyg, (zy log(zizy)T) = ;1 exp (log(ziz,)T)

which is often represented by

ScLERP(z,, 25, 7) = &, (2]2,)", (3)
returning any rigid pose transformation along the geodesic
direction from x, to z, scaled linearly along T € [0, 1]. Now,
it is worth mentioning that, in contrast to our previous results
[11], in this work, we extend the proposed interpolation al-
gorithm to a C'" interpolation [25], ensuring smoother transi-
tions, which is critical for the dynamic scenarios envisioned.
This comes with a caveat: we would require more control
over the curve than just the start and end poses. Formally,
one local segment in this curve can be uniquely defined by
4 points: start pose, end pose, and two control poses [26].
Intuitively, control points determine the shape of the curve.
The more control points we add, the greater our control over
the final shape of the curve. Extending Shoemake’s idea of
drawing great arcs and proportions of arcs on a sphere to the
SE(3) space, it is possible to formalize a de Casteljau-type
scheme for C''-ScLERP [27]. This rigid body motion curve
parameterized with dual quaternions results in a series of
in-between poses that are identical and coordinate invariant.
Like Bezier curves, we can guarantee first-order continuity
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by ensuring that as one moves along this curve through its
endpoints, it is tangent to its end segments [28].

Lemma 1. For two rigid body poses (start and end of a
local segment) x, and :c2 and the corresponding control
poses x, | and x o, the C1-ScLERP function is defined as

C'-ScLERP =ScLERP(ScLERP(ScLERP(z,, ., ,,T),
ScLERP(z, 1, ,,7), T), SCLERP(ScLERP
(Qa,l ) £b727 T)v SCLERP(Qb,% Lo, T)a T)' (4)

For additional formulas about control points and more
detailed proofs, we refer readers to [25].

B. Overview of Approach

In this study, we focus on tasks defined by implicit, often
object-centric constraints, exemplified by the tasks of pouring
from a glass into a bowl and subsequently placing it on
a table. We offer a geometrically consistent way to embed
such tasks through rigid body transformations obtained from
demonstrations — for instance, when pouring, the axis and
angle of rotation are implicitly constrained w.r.t. the bowl.
This path can be later smoothly blended through C'*-ScLERP
from Lemma 1.

Our framework allows for multiple demonstrations that
embed geometric constraint flexibilities — e.g., multiple paths
when moving the glass — which can be iteratively updated
without additional storage costs as only the average path
and the obtained bounds prescribing the task relaxation
are required. Those can be defined by a tuple sequence
TP = (z,, €i);_,, where x; and ¢; depicts the average and
the bounds of the ¢—th element of the sequence. Finally,
after a single or multiple successful task demonstrations,
our planner is able to generate a new path from a new
initial pose @, to a new final goal z,, satisfying the
implicit task constraints and flexibilities observed in 7.
A full demonstratlon may involve a sequence of subtasks,
that is, 7P=(7;”)*, which are sequentially connected, as
illustrated in step (I)- @ (numbers inside circles) in Fig. 1.
Further details are given in Section III.

While the resulting task-representation satisfies the im-
plicit constraints from (potentially) multiple demonstrations,
real-world deployment still calls for real-time reactions and
adaption to unforeseen scenarios. Particularly critical are col-
lision avoidance — considering self-collision, end-effector and
whole-body avoidance against single or multiple obstacles —
and adaptation to task changes, e.g., dynamically changing
goals often addressed in visual servoing controllers.

In our approach, the reactive real-time response to self-
collision and dynamic obstacles builds on our previous
work in vector-field-based reactive planners [29], [30]. The
resulting repulsive force required for collision avoidance is
mapped to the average trajectory at the end-effector and/or
nullspace levels. A HQP-based controller, as seen in ) and
in Section V, is then defined to track the modified trajectory,
while optimizing the manipulability and joint-configuration
in the task-nullspace within the prescribed task-bounds e;.

This approach considerably extends existing user-guided
methods such as [1], [11], [31], as well as most LfD
deployments [3], [9]. However, they still require an offline
definition of goals, not being suitable for integration with
visual servoing methods [14], [15], [32]. In contrast, visual
servoing methods while efficient in addressing task modifi-
cations often don’t satisfy task constraints. In this work, we
propose a novel adaptation method that considers different

task conditions, as shown in @ in Fig. 1, and detailed
in Section IV. More specifically, we offer a geometric
and task-constraint consistent method to (Case 3) replan
subtasks, whenever possible — that is, when they haven’t
started — (Case 2) blending task modifications in a reac-
tive/online visual-servoing planning approach which satisfies
the demonstrated constraints; and (Case 1) to react and track
the demonstrated trajectory in a traditional visual servoing
tracking control approach — yet based on the geodesic of
the screw motion which couples translation and rotation
constraints.
III. SEQUENTIAL USER-GUIDED PATH PLANNING

This section outlines our path-planning strategy aimed at
finding a sequence of rigid body transformations that takes
the end-effector from an initial configuration z, to a final
goal z , going through multiple {-subtasks, herein defined by
key-intermediated-poses ¢, while satisfying the constraints
observed in previous demonstrations
A. Embedding Task Demonstrations

The algorithm takes, at least, a single successful task
demonstration—deﬁned by a sequence of poses

TP={zl,z7 ...z}, xl €Spin(3) x R*.  (5)
Since the task demonstration is a successful one, it satisfies
the task constraints, and this knowledge is implicitly embed-
ded in the demonstration. A key point to highlight is that
no other information, or knowledge, about the task or its
constraints is required or needs to be provided.

When a demonstration path (5) includes multiple complex
subtasks, especially when these are constrained by the pose
of external or intermediate objects, merely exploring the
entire 7P using traditional methods [1], [11] is insufficient
to fully describe the task — particularly, if the positions of
these external objects change. Therefore, we segment the
TP into a series of N; sequential object-centric subtasks,

TP = (7?)1\[ For each subtask, we have designed a
geometric- constrained window that encompasses the trajec-
tory and implicit geometric constraints the manipulator needs
to fulfill. The trajectory within the subtask ¢ is denoted as
’UD = 2?,1:77,; I where Q?Oégfl and ggfégfm are the
starting and goal poses of the subtask. Notice that 7ZD €TP,
V{. These poses share geometric and sequential constraints
with task-related objects and are subject to change depending
on the environment For instance, take the task in Fi
where :c1 defines the grasping pose, from subtask 7'/g
Notice that in many tasks, a task is also defined by a
pre-goal configuration, for instance, a pre-grasping pose.
Therefore, in addition to key poses :L'? x7;, each subtask

also contains a key adaptive point, 2? x; , from where the task

must be fully imitated, e.g., a pre-grasping pose in 7,°. The
adaptive poses are critical for the task adaption in Section
IV, where they are further detailed.

Assumption: In this work, we consider subtasks defined
by the affordances between the end-effector and pair of
objects. More specifically, given a threshold around the
proximity between objects during a demonstration, e.g., the
cup and the coaster, we define key intermediate poses (or
subtask goals, QEW) which lead to the subtask segmentation.

'In all our task variables definition, we employ the following notation:
g%k where ¢ denotes the subtask index; 4 refers to the keypoint within
the subtask trajectory; M represents the type of task instance description,
with M € {D,I, N} indicating Demonstration, Imitation, or New task
instance, respectively; and k specifies the demonstration number for D,
e.g., Dk refers to the k-th demonstration.
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Notwithstanding, the same segmentation can be achieved, for
instance, by means of the stochastic variance from multiple
demonstrations or a pre-defined task-representation.

B. Sequential & Relaxed Task-Space Imitation Alg. (srTSIA)

During real-world deployment, we will have both novel
initial and final goals, for instance, the placement of cups,
bowls and coasters will differ from every task instance.
To map the task constraints from (5) and, particularly, its
subtasks, we start computing the object-goal-centric transfor-
mations, between the last pose on the demonstrated subtask,
@EW € ’UD, and every other pose within TP, that is,

5?1:(3’3% 1)*(331?77@) L=2,...,M (6)
Then, given a new sub-task instance goal pose wé the

resulting imitated path leading to the new object-centric goal
can be described by the following transformations

w%z = "B'é\[f((sﬁpz) y 1=2,. (7
The Subtask Final Path then needs to smoothly connect
the new initial pose sc% to the new goal acé following the

prescrlbed constraints from the demonstratlon Similarly to
[1], this is achieved by blending w% within the resulting

imitated trajectory x7 Ty 1.,, Which embeds the geometric con-

straints from 7'® In contrast to our previous results, this
blending follows the C*-ScLERP from Lemma 1, which is
critical for the adaptive step in Section IV. The resulting
path is also defined by the blending guiding pose g% 4> With
0<g<ny. The resulting target pose is then given by

gZ,iﬁ(T) = Cl_SCLERP (gﬁwﬁgp T) ) (8)

where C1-ScLERP is defined in Lemma 1, and z z, . is the
current pose, startlng from x, ,, within the new instance of
the subtask £, i.e., TV = mffl e @nd 7 € [0,1] is the time
primitive. Different 7 glves different target poses ie,7=0
leads to x, . and 7 = 1 corresponds to a:z . The gu1d1ng
pose defines where to blend within the 1m1tated path, i.e.,
0<g<n,. Iteratively, the blending evolves with g — n,. ThlS
process yields the final sub-task trajectory.

Notice that since our blending is based on the geodesic
screw line between key points, the translation and rotation
information from the screw is preserved, and kept between
the boundaries defined by both points. In other words, if
both x; and z,, satisfy the demonstrated task constraints,
then so will the resulting path. This property is intrinsic
to our planning strategy satisfying demonstrated geometric
constraints without explicit definition, which in turn would
require an expert task design. As previously highlighted
n [1], [25], this property is not guaranteed in decouple
interpolation methods usually found in the literature.

The Final Path is designed by the sequential subtasks, i.e.,
TV = (T) ©)

To ensure consistency, the subtask reconstruction starts from

N; — 1 connecting new goal poses to new starting ones.

C. Incorporating Flexibility: srTSIA

Demonstrations

through Multiple

Integrating flexibility during motion execution is crucial
for task success in constrained spaces. To this end, we take
advantage of capturing the inherent variability present in
multiple human demonstrations — whenever available. This
variability reveals the task’s internal range and underscores
the potential for adaptability.

Therefore, to analyze multiple trajectories and infuse flex-
ibility, we apply stochastic data processing into the end-
effector workspace. In the workspace, the poses in each sub-
task 1?, should be mapped from DQ into Riemannian vector
space through function P = 7(@? ), where ~y represents the
mapping from the SE(3) to a given geodesic line depicting a
geometric primitive, such as a Cartesian vector space, line-to-
line distance angles, orientation geodesics or even the screw
geodesic in RS. Thus, xP is the Ageometric primitive mapped
on the tangent space within R". xP is approximated by a
linear model based on a set of Gaussian distributions.

2P =wV + Kk, k ~N(0,3,), (10)
where w is the weights of the model and ¥ represents the set
of Gaussian basis functions. x brings a zero-mean Gaussian
noise with variance Y. By weighing the basis functions, the
term wW offers the average of the multiple trajectories. The
probability of a demonstration (5) is given by accumulating
all time steps from ¢ =1 to 7.

n
[[N@Plwy, 5,).
i=1
The higher the probability p(7;w) is, the better the model
fits the task demonstration. Besides, another Gaussian distri-
bution (12) over the weight vector w captures the variance
of multiple trajectories.

p(w; 0) = N(w|phew, o) (12)
Thus, the probability p(7P;w) can be marginalized by a
Hierarchical Bayesian Model (HBM) with

p(TP w) = (11)

p(TP;0) = /p(TD|w)p(w\0)dw. (13)
By accumulating two Gaussian models in (10) and (12),
p(TP;0) = N(z;, €). (14)

Learned from multiple trajectories, the parameter 8 =
{Mw, X} guarantees tracking mean trajectory &, = U,
of multiple demonstrations. And the variance ¢ = U7X, U+
3, provides us the flexibility we exploit under diverse
scenarios. Such stochastic data processing is also used by
Probabilistic Movement Primitives [8] in multiple demon-
strations analysis.
IV. DYNAMIC USER-GUIDED VISUAL SERVOING
PLANNING AND CONTROL

This section first presents the main algorithm that inte-
grates the srTSIA together with the proposed adaption to
moving targets and changing conditions.

The first step is srTSIA, which firstly takes the last subtask
and builds a path newly detected final point of each of the
previous subtask, blending the trajectory with C''-ScLERP,
as shown in lines 3-7 in Alg.1. This process moves until the
first subtask. Following steps from Section III, a new path is
generated.

Now, to achieve adaptability throughout a sequence of
tasks, the Adaptive Sequential and Relaxed Task Imitation
Algorithm (ASR-TSIA) is proposed to dynamically plan real-
time trajectories that accommodate changes in task-related
objects while ensuring the geometric constraint of the task.
In ASR-TSIA, we continuously check the final pose of
each subtask ¢. If it changes from the previous timestep,
that is, changing in task-conditions, we compute the spatial
transformation from the previous step. We also extract the
adaptive point a:éva that the robot must be fully imitated —

e.g., the sequentlal transformation between pre-grasp mé\/a
and grasping as . We categorize the subtask changing into
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Algorithm 1: Adaptive Sequential and Relaxed Task
Imitation Algorithm (ASR-TSIA)

N Di1.Nd
1 Procedure srTSIA: (mo S E e Zedim,
2 by < 1;

3 for ¢ : Ly — ny do
Lo Ly g5
Ty, Compute imitated path (x ) f) 6)-(7);

)

D
Zl,l:né

Ty 1, Compute new path (mz 0795[ 1: 712) ®);
TN (mé\[l o s €0,1: "M)

Procedure ASR-TSIA: (a:(Z o Tg R ml e, f)

9 for All sublasks £ do

10 1f:1:1n f[k];é:clwf[k

I N N

®

1] — Get ¢ then

11 5c—wlwf[k 1" zq.p, ¢ [K];

12 Get w ., from a:fl\/ neof k]

13 ifx, . E 7’5 then

14 if z, e € T ¢ then

15 N Ty [k] % Compute J. spatial displacement
and ‘feed-forward-term;

16 else

17 gézy f [k] egig:f [k —1]" 6c;

18 Ty, Compute new path, (8);

19 else

20 for £: Nt — (£+1) do

21 | Compute new subtasks (line 4-7)

three cases.

(Case 1 — Real-time Screw Servoing Trackin J\g Control):
Line 14, where x, . lies inside the region 7., that is,
between the adaptlve keypoint (that defines, for 1nstance
the pre- grasplng pose) and the final pose. In this case, full
attention is given to redefining the remaining trajectory 7,
with a spatial displacement given by J. as defined in L1ne
11. Additionally, a feed-forward term is computed based on
the screw-geodesic direction from the §, from z, .

(Case 2 — Real-Time User-Guided Blending): Instead, this
case considers when z, . lies inside the current subtask

execution yet before the adaptive pose wé o~ In other words,

[wé\[o, mé\[ ] within the geometric-constrained window of
subtask /. This situation is given in Lines 16. In this
condition, the final subtask goal (Line 17) is updated, and
a novel trajectory is blended with (8) from the current pose
(Line 18).

Special Case: Dynamic Recovering: Similar to Case 1,
but with the subtask condition changing significantly such
that z, . falls outside the modified geometrically constrained
window — moving to Case 2. Continuing the task as in
Case 1 could lead to failure. In this case, the robot stops
the tracking and following Lines 16-28 designs a new path
ensuring demonstrated constraints are satisfied.

(Case 3 - Online Replanning for Long-Target Horizon): If
the changed subtask has not been executed, that is the change
of the subtask will not affect the current movement of the
robot, we only need to replan future subtask executions using
(Lines 19-21).

V. CONSTRAINED REACTIVE HQP-BASED CONTROLLER

To cope with dynamic obstacles, joint limits, and singu-
larities, all of which can cause tasks to fail during real-time
motion generation, we introduce a constrained reactive HQP.

In contrast to our previous work [1], [11], our proposed
controller makes direct use of the probabilistic information
embedded into multiple task demonstrations, see Subsection
III-A. The stochasticity of the demonstrations, that is, its

confidence interval, informs our framework on the geometric
flexibilities and user preferences — which are herein exploited
as set-based constraints. This enlarges the robot’s search
space, which enables them to adjust, for instance, for better
manipulability and joint-limit avoidance.

To account for the task flexibilities, herein defined either
by Cartesian coordinates (3 DoFs), screw geodesic lines (6
DoFs), orientation bounds (3 DoFs), or line-to-line distances
(1 DoFs), we augment the dimension of the input variable by
ng, according to the dimensionality of the task flexibility —
defined by geometric primitives. See [33], [34] for further
primitives. Therefore, we augment the kinematic control
variable as follows

u=[q¢" sT ", ueRCwtrx1, (15)
where ¢ € R™ is the joint velocity, and s € R™s depicts
the corresponding geometric primitive flexibility mapped to
vector space — herein addressed as the optimization slack
variable. The primary task problem is thus formulated as

min {7 + rall o |+ s | T + k| 761}

st. As-At-u<lbs LB, <u<UB,

LB, <u<lUB, LB, <u<UB,,
where k1, k2, k3, k4, are positive control gains , Jr
addresses the collision avoidance pipeline, and 7, J;, and
Js refer to the manipulability, joint-limit and slack variable
optimization, respectively. The constraints are designed to
maintain the robot’s operation within limited bounds. While
the LB, LB, LB, and UB,,UB,,,UB, respectively defines
the lower and upper bounds for the joint vector position,
velocities and accelerations, computed from first-order dif-
ferentiation. Notice that these are block vectors with ns-zero
elements in the lower rows.

The matrices Ag and bg are defined as

(16)

JnSXnT Onsxns ’Y(gf,i)_Ef,i
As= Ng XNy On,xn, ,bs= _'Y(Qz,i)+€f,i )
Mg XMy ngXng 6[ i

where J,,_«n,. is the geometric primitive Jacobian, see [33],
[34], and 'y(a:/ ;) is the geometric primitive, e.g., Cartesian
position, screw line, angle, among others, corresponding to
the pose x, at step ¢ of the subtask £. Similarly, €¢; 1s the
corresponding slack variable, that is, the confidence interval
acquired from the variance in Subsection III-A.

In addition to the task-flexibility bounds, our HPQ also
tries to minimize the slack variables to avoid pushing the
solution always to the boundaries, that is, striving to keep
it as close as possible to the average — without the same
priority as other costs. This is achieved through

js = dlag (On,.Xn,,.y Insxns) - u,
where diag (-) is a block diagonal matrix.

The minimum singular value optimization is given by
max Omin wWhere o, is the minimum singular value from
the Geometric Jacobian. This desired behaviour can be
obtained by minimizing

jo':*)\Ja'u; Ja’ - [Jmolxns]a (18)
where J, is the minimum singular value Jacobian with
respect to robot joint velocities.

To improve the robot posture, and avoid joint-limits, we
additionally include a joint-space goal towards the midpoint
of the joint limits @,iq = (@maz + Gmin)/2- The follow-
ing cost actively strives to move the current joint position
towards @,iq-

jq— dlag ( Ny XNy OnSX71,S)'Atu+[ (QCT

a7

_qrj;z,id) 01xn, }T
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Finally, to navigate around dynamic obstacles, we utilize
an Artificial Potential Field (APF) method that generates a
repulsive force from obstacles on the end effector, updating
the guiding points x,,, with this force to equip them with
obstacle-avoidance capabilities. The updated x,), is

1
o, = 1(2y) + 5e(p(2yy) + Tran(F7))r(@,,),  (19)
FPE = Fub + FRY, (20)
FEE = k,aozg, Q1)

.Frb;f =k, (1/Dis(c, xo) — 1/w) (1/Dis(xe, o)) *Tozs

(22)
where 7(-) extracts the rotation component of a dual quater-
nion, p(-) isolates the translation part, and Tran(-) converts
a three-dimensional vector into a quaternion. fzrc—;z:gp> is the
vector between guiding point position 24 € R? to robot cur-
rent position x. € R3. z,z. is the vector from robot current
position z,. to obstacle Eposition T,. w is the threshold, and
if Dis(xc,10) > @, Fl = 0. kq and k, are the gain. After

that the cost function 7 is defined as

Ir = Ju—vec(z,,), J=I[J,06xn.], (23)
where J is the Jacobian matrix and vec(-) maps the dual
quaternion input to a vector space. It is also worth highlight-
ing that in situations where the desired displacement for colli-
sion avoidance is larger than the ¢, ;, this confidence interval
will be increased until the obstacle has been removed. This
is simply to ensure consistency within the control strategy
while addressing dynamic obstacles.

1) Secondary task of HQP: The design of the secondary
task leverages the robotic arm’s redundant degrees of free-
dom, enabling obstacle avoidance for other joints and pre-
venting self-collision, all without compromising the comple-
tion of the primary task. In our framework, the secondary
task aims to prevent self-collision and whole-body avoidance,
while holding the original objectives.

Np
mqlnzizl‘ Jiq—F;

st Joq = Ju,

where wu; is the control signal computed in (16), and Np is
the number of force vectors acting within the whole body
of the manipulator. The force field F; includes the repulsion
of the whole body provided by obstacles V2 and a self-
collision repulsive force F°C. When the distance between
two links (obstacle and link) is less than a given threshold
@sef (@), F2C (FVB) will act, which is considered to pre-
vent self-collision. A link in a robotic arm may be subjected
to multiple forces, herein we consider only the largest one.
It’s worth noting that due to the restrictions imposed by joint
limits, adjacent links of a robotic arm will not experience
self-collision. Therefore, when performing calculations, it
is necessary to consider every other link. Jif represents
the Jacobian point-contact force Jacobian (transpose of the
geometric Jacobian at the contact-point).

2

(24)

VI. EXPERIMENTAL RESULTS

This section explores quantitative and experimental as-
pects concerning the performance and evaluation of our
proposed framework. The planning algorithms were im-
plemented using DQ_Robotics [35] library and deployed
in a Franka Emika Research 2 manipulator controlled in
hardware-in-the-loop through a CoppeliaSim simulator? with

Zhttps://coppeliarobotics.com/

MuJoCo® physical engine. The use of a simulator facilitated
the online interaction with multiple dynamic obstacles affect-
ing the whole body of the manipulator and, most importantly,
the interface towards dynamic shifts in task conditions via
moving targets. The primary objective was to simplify the
evaluation process, and mainly, enhance the repeatability
and precision of the proposed planning scenarios, alongside
allowing fair comparison with other methods.

To this aim, we devised two different sequential tasks:

« A simple picking (7;P) and placing (7;P) of a block,
following vertical guidance that allows for block stack-
ing without further demonstrations.

« Grasping a cup with a user-preferred orientation (7,7),
pouring water in the bowl, with a prescribed angle
adjustment along a designed axis of rotation (7,°), and
placing on a cup coaster (7P).

Both tasks were demonstrated 10x on the real robot running
a modified impedance controller. All demonstrations were
deployed under different initial robot configurations as well
as random object placement. From both demonstrated tasks,
we devise multiple scenarios including the pouring task with
different object placements (Fig. 2(a)), the same scene with
dynamic obstacles, Fig. 2(b), pick-and-place of blocks under
different object placements, Fig. 2(c), as well as blocking
stacking with dynamic obstacles, Fig. 2(d).

A. Efficiency of the HQP-Based Controller and C*-ScLERP

First, we compare the control performance of our proposed
framework against our previous solution [1], [11], where the
user-guided approach was deployed via a standard kinematic
controller with trajectory tracking following a C°-ScLERP
trajectory. To allow equitable comparison, we explored a
simple scenario as in Fig. 2(c) without obstacles, and with
stationary targets, thereby omitting the adaptability aspect
detailed in Section IV. We also explore a single trajectory
tracking, instead of exploring the confidence interval with the
set-based control strategy outlined in Section V. While both
strategies adhere to the defined task constraints, as expected,
the results depicted in Fig. 3 clearly highlight the advantages
of our proposed framework which consistently achieves
higher manipulability, measured by the minimum singular
value. The influence of the minimum singular value is clearly
depicted in the norm of the joint velocities, particularly in
the red-shaded areas.

B. Exploring Multiple Demonstrations: Task Flexibilities

Secondly, we tested the capabilities of the proposed HQP
framework to explore the task flexibilities computed from the
multiple demonstrations, as detailed in Subsection III-A and
deployed with the HQP in Section V. To this aim, we devise
a similar task, as previously described, yet we also evaluate
its adaptability to moving targets. Fig. 4 illustrates both
cases with the 20 range for when the multiple demonstration
information is used. The red-shaded areas illustrate the
original task (without target modification), whereas the blue-
shaded areas depict the modified tasks. The green dotted line
within the figure marks the instant at which the alteration
of the goal position commences. For both cases, the end-
effector Cartesian path is shown in Fig. 4 comparing the
vanilla case (blue curves)*, i.e., following exactly the average
trajectory, compared to our proposed task relaxation method
(red curves). It is easy to see that integrating task flexibilities
leads to a different path (comparing red and blue curves) both

3https://mujoco.org/

4Without target modification, we have the same result as a vanilla ProMP.
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Fig. 2. Task execution scenarios from both pouring and pick-and-place demonstrations. (a) Pouring with no obstacles and a dynamic scene (b); picking-
and-place (c) with block-stacking and dynamic obstacles (d).
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Fig. 4. Performance of the ASR-TSIA planner in both static and

moving target scenarios compared to the vanilla scenario — without task
flexibilities/relaxations from Subsection III-A.

for the original task (dashed lines) as well as for modified
task goals (solid-lines). By exploring the task flexibilities,
our framework also allows for improved manipulability, as
shown in the bottom graph.
C. Real-time Dynamic Visual Servoing Planning and Control
The capability of our planning framework to adapt to
changing sub-goals is illustrated in this use case. We choose
a long horizon task for this example and divide it into various
episodes. As shown in Fig. 5, the robot starts at an initial pose
(different from the demonstration). It blends into the imitated
path, which can also be regulated depending on the task.
We now highlight 3 crucial events occurring sequentially:
(1) Dynamic grasping (light blue frames), (ii) Dynamic
recovery after a pouring task (dark blue frames), and (iii)
Dynamic pouring (blue frames). It is important to note that
in all of these events, employing an approach without ASR-
TSIA results in a task failure. Thanks to our geometric-
constrained window, the system can execute dynamic grasp-

(d)

ing maneuvers, such as securing a moving water glass—a
task that presents considerable challenges within traditional
visual servoing techniques. Inspecting the dynamic recovery
event, we notice that our framework encodes the geometric
constraints within the window in a fashion that during the
pouring process if the bowl is moved too far from the cup
(Case 2 in Section IV), the robot reverts to the pre-pouring
state that is the beginning point of the geometric-constrained
window. Lastly, achieving successful pouring into a moving
bowl is accomplished (as described in Case 3 of Section IV),
thereby ensuring that the necessary geometric relationships
are preserved throughout the process.

)

Starting pose \.
L ¥ .
Blending point ‘(‘ Dynz.nmlc
with imitated path g pouring
o <
o6 L
Static pouring L X
and recovery 04
03 = /
Initial o02] * -
cup pose / \ A Dynamic
' final target
o
o}

-~ & 4
lau Initial pouring location '

Dynamic grasping Dynamic recovery

Fig. 5. End effector trajectory of the real-time dynamic experiment.

D. Planning in Clutter: Reactiveness with Adaptability

Taking the block stacking scenario, Fig. 2(d), we evaluate
the performance of the proposed framework in the presence
of multiple obstacles — affecting both the whole body and
the end-effector of the manipulator — while tending to a
dynamically changing target goal. These two often contra-
dictory goals are challenging on their own, i.e., addressing
multiple obstacles and visual servoing, yet herein we are
successfully able to address both concurrently while adhering
to geometric prescribed constraints. Fig. 6 illustrates this
scenario, highlighting the avoidance strategy while tracking
the moving target. This behaviour can be observed by the
distances to different links to obstacles and the moving-goal
distance (yellow curve). Our algorithm effectively ensures
convergence to the target while keeping a safe distance from
obstacles, as evidenced by the curves.
E. Ablation Studies

Lastly, we conducted ablation comparative studies against
(1) No-Relaxation and (ii) Naive replanning. The former is
a reduced version of our method yet tracking a singular
trajectory, overlooking task-flexibilities. Similarly, the Re-
plan approach focuses on naive replanning without consid-
ering the ASR-TSIA method. We deployed the planners
in 20 different scenarios, holding the same condition for
each planner. The results, shown in Table I, highlight the
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Fig. 6. Planning in clutter scenarios with multiple dynamic obstacles

affecting different body links while performing the task.
TABLE I
STATISTICS OF THE THREE METHODS IN COMPARATIVE EXPERIMENTS.

Total Time ~ Min. SVD (norm/min)  Dis to joint limit ~ Success rate
Our 1x 0.23/0.17 0.71 0.95
No-relaxation 2.54x 0.21/ 0.08 0.65 0.75
Re-plan 3.5 0.20/ 0.08 0.55 0.75

relevance of the task-flexibilities as well as the ASR-TSIA
algorithm in reducing the task completion time, which is
more than 3.5x faster compared to purely replanning. The
proposed solution also leads to considerable improvements
in singularity avoidance, as expected, and a higher distance
to joint limits. The comprehensive planning framework pro-
posed herein therefore results in a much higher success rate.

VII. CONCLUSION

This work introduced a novel user-guided planning frame-
work, tailored for high flexibility and adaptability to dynamic
conditions and moving targets while satisfying original con-
straints. Our approach incorporates the ASR-TSIA module,
capturing the inherent flexibility of geometric constraints
from multiple demonstrations, and facilitating task adap-
tation and tracking of moving targets. Additionally, we
employ whole-body collision avoidance and manipulabil-
ity constraints within an HQP-based controller. We have
demonstrated the versatility and effectiveness of our frame-
work through a series of experiments. These experiments
underscore the framework’s ability to adapt to unforeseen
scenarios and dynamically changing tasks, thereby marking
a significant advancement in the field of robotic systems
designed for complex task execution and real-time planning.
In the future, we will conduct experiments with complex
tasks on different robotic platforms, such as dual-arm robots
and mobile manipulation robots, to validate the feasibility of
the algorithm.
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