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Abstract— This paper introduces a novel framework for
improving human-to-robot manipulability transfer and tracking
in Learning by Demonstration. Our approach addresses key
challenges, including manipulability ellipsoid (ME) domain
adaptation between different kinematic structures, ME-IK
feasibility checks and optimization across trajectories accounting
for the robot’s redundancy, and introducing a manipulability-
aware control strategy. Leveraging a unified quadratic pro-
gramming control with vector-field inequalities, our method
enables robust tracking and optimization of manipulability,
accommodating multiple demonstrations and the inherent
variability in task execution. Experimental results demonstrate
superior performance in precise tracking and force generation
compared to traditional methods, highlighting the advantages
of incorporating human implicit information for more effective
robot control.

I. INTRODUCTION

Robots are increasingly operating in close proximity to
humans. This trend presents both challenges and opportunities
for improved interaction. For instance, robots can explore and
learn from humans’ rich multimodal information. Particularly
when performing elaborate manipulation tasks or physical
interacting with the world, humans adapt their posture to
achieve specific task behaviours [1]–[4]. This is observed
even in daily activities, as shown in Fig. 1. Nonetheless,
while substantial literature underscores the importance of
whole-body configurations [1]–[7], capturing, transferring and
deploying such modality from human’s to robot’s domains
remains an open problem. This gap is both a consequence
and a reflection of the lack of motion-generation strategies for
tracking posture behavior while accounting for the different
kinematic structures, and their global and local capabilities.

When it comes to performing complex tasks, research focus
has increasingly shifted towards learning by demonstration
(LbD) techniques. These enable robots to learn modular
representations as primitives from human demonstrations,
embedding task constraints and goals without the need of
pre-programming [8]–[11]. Existing LbD methods typically
represent tasks in either joint-space or task-space. While
the former limits generalization to different kinematics and
scenarios, e.g., initial and final poses, the latter most often
assumes end-pose as a single point-mass system, embedding
spatial variables within SE(3), but neglecting the available
rich multimodal human teacher data. In this work, we are
interested in the posture information and adaptation.

It is well known that end-pose redundancy allows us to
perform a task in multiple ways. The implicit task-requirement
however guides how humans resolve this redundancy, as we
adapt our posture to enhance performance, as seen in Fig. 1.
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Fig. 1: Humans intuitively adapt their posture for different tasks,
optimizing motion or applying greater force. Robots can also learn
this rich interaction, adapting and tracking the learned ME-profile.

Further examples are found in improving balance, avoiding
obstacles, and minimizing energy [3], [4], [12], [13]. The
central nervous system also adapts arm posture based on the
task’s directional sensitivity [14]. Mathematically, these are
intrinsically captured in terms of manipulability.

In robotics, manipulability reveals the local directional
force and motion capabilities given a constant joint actuation
at a given configuration. Among existing representations, such
as feasibility regions, polytopes, and ellipsoids, the latter is
the most widely deployed. This is primarily due to its lower
computational complexity and strong geometric properties –
an important feature explored in this work.

Extending such analysis to human motion, in [3], Khatib
et al. demonstrated posture adaptation via manipulability
ellipsoids aiming to optimize muscular efficiency in forceful
tasks. Recently, in [15], Jaquier et al. demonstrated human’s
manipulability ellipsoid adapt to the task to optimally meet its
constraints. For instance, the major ellipsoid axis aligns with
the vertical axis when carrying a heavy object to generate
larger forces with fewer joint torques. This reflects human
cognition regarding the task at hand, and its posture adaptation
to its requirements – captured by their manipulability.

When working with manipulability ellipsoids (MEs), it is
crucial to consider their underlying geometry. Manipulability
ellipsoids are defined from the projection of the unit sphere
within the joint-space (i.e., the L2-norm of the torque or
velocities) to task space variables through the local geometric
Jacobian mapping [16]–[20]. This transformation yields
ellipsoid that are symmetric positive-definite (SPD) matrices.
The set of SPD elements is defined within a cone manifold
and endowed with a Riemannian metric. This feature has long
been overlooked by roboticists, hindering several applications,
particularly, in the context of LbD until very recently [21],



[22]. Despite recent advances, applications for manipulability
learning in LbD remain limited to a single SPD domain,
reflecting training and execution within the same kinematic
structure, e.g., the same robot. Notable exceptions include
direct transfer [15], and transferring domains as in [23].

Notwithstanding, while our previous work [23] successfully
explored Riemannian parallel transport (PT) properties to
enable transfer between domains, it failed to generate tracking
strategies to follow the manipulability profile. Indeed, even
within the same kinematic structure (same robot), different
end-poses lead to varied and limited sets of feasible solutions
– defined in their redundant space. This limitation leads to
poor tracking performance and local minima, as desired
manipulabilities may be unfeasible at certain points, and even
long-horizon ME goals may diverge due to instantaneous
nature of existing manipulability-aware controllers.

Contributions. This work introduces a novel framework to
enhance the reliability, generalization, and performance of ma-
nipulability transfer and tracking from human-to-robot demon-
strations. Our contributions are threefold: (i) transferring MEs
between domains through a robust adaptation process, (ii)
identifying and planning for optimal ME solutions that are
locally feasible along a given trajectory, and (iii) designing a
manipulability-aware tracking control strategy that leverages
task-constraint flexibility to expand the optimization space.
The latter is the core of our approach, integrating vector-field
inequalities for domain-consistent manipulability optimization.
To the best of the author’s knowledge, this is the first work to
propose a different strategy compared to ME-based pseudo-
inverse-based controllers [15], [22]. The advantages approach
are evident as the ME optimization is only projected to the
nullspace around the task boundaries, in contrast to purely
hierarchical pseudo-inverse-based controllers. Our approach
is also suitable for better handling stochastic trajectories, e.g.,
from multiple demonstrations, exploring confidence intervals
and ensuring robust tracking of manipulability in complex,
real-world scenarios.

II. MODEL-PREDICTIVE MANIPULABILITY ADAPTATION
AND TRACKING CONTROL

This section introduces our framework for manipulability
adaptation and tracking when transferred across different
kinematic domains.

A. Human-to-Robot Manipulability Domain Adaptation

Every person is unique in its anthropomorphic features, as
every robot is unique in its design. Both lead to unique
geometric representations – and consequently, kinematic
models – which in turn generates a distinct set of ME-profiles
– as depicted in Fig. 2: 2
. For human-to-robot manipulability
transfer, we first need to find a mapping in Riemannian
Manifold.
Step 1: Scaling Operation - The goal of this step is to
normalize the volume of all points w.r.t. the dispersion
between a reference point, e.g., geometric mean or point
of highest isotropy, from the MH and MR. This ensures that
distances between points on the manifold reflect the intrinsic
shape of the SPD ME-points, rather than their overall volume.
To this end, M points are sampled from the human ME-
domain, i.e., M H

i2M
H, i=f1, . . .,Mg, sufficiently covering

the manifold. The scaling λM is then computed to minimize
the distance between all mapped points from both reference

points to the robot-ME-domain, that is,
λM = argmin
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different heuristics can be explored based on the reference
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H
and M̄

R
. While using the geometric mean, as in

[23], leads to minimizing the dispersion distance, exploring
isotropy leads to minimizing the distance to task-independent,
i.e., condition number close to 1.
Step 2: Parallel Transport Domain Operation - From
a human-generated ME-profile of length N , i.e.,
M H

i2M
H, i=f1, . . ., Ng, we apply a similar PT-based

domain alignment method as in [23], [25] to map each point
from MH to MR. The mapping function is applied to each
point, as described by M R
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The process involves Human-to-Robot ME-adaptation through
tangent spaces mapping MH Log! T M̄HMH �! T M̄RMR Exp!
MR. This transformation provides a closed-form, unsuper-
vised solution for domain adaptation from elements within
MH to MR through the geodesic distance along from
the reference points M̄

H
and M̄

R
. From (2), the resulting

points within MR are obtained from a scaled version of
the human-manipulability domain while preserving their
geometric relationships in a manifold-aware manner.

B. Feasible Nullspace-Sets and Path-Based Predicted Manip-
ulability Profiles

The mapping fM in (2) takes the prescribed human
ME-profile and yields corresponding ME-points within the
robot’s domain, i.e., M R

PT,i2M
R. Notwithstanding, as seen

in Fig. 2: 3
, the values within M R
PT,i may not be locally

tracked within the current robot pose. In other words, there
is no nullspace solution leading to the desired ME-points.
Indeed, it just takes moving the arm to a different task-
space pose to find the desired reference became unfeasible.
Existing ME-aware controllers, as those in [15], rely on
local information and often employ greedy strategies. These
methods, based on purely hierarchical pseudo-inverse-based
controllers (Pinv-ME-Jacob) are prone to getting stuck in
local minima. Worse yet, they may result in control actions
that drive the system further away from future ME state
references as they neglect the feasibility of such points and
the results of their control actions in future iterations.

In contrast, as shown in Fig. 2, our approach takes
a fundamentally different strategy. Inspired by IK-based
model-predictive control methods, our ME-tracking controller
performs look-ahead rollouts to evaluate future task-space
and obtain feasible manipulability points. Specifically, it
looks ahead to a sequence of desired poses xi 2 SE(3) for
i2f1, . . ., Ttg, where Tt<T defines the look-ahead interval.

We define a Manip-IK operation that maps from SE(3) to
a set of valid ME-points, Manip-IK : SE(3) ! (MR�Rn).
Manip-IK searches for a set of valid joint solutions based
on standard IK and provides a set of corresponding
ME-candidates, that is, it yields a tuple (M R

F , q
R
F)  

Manip-IK
�
xi,M

R
PT,i

�
. From this set, we find the optimal

solution according to the cost function
C(M ,q))(M ref, qref)=jjLogM(M ref)jjF+λIK jjq�qrefjj, (3)



Fig. 2: Overview of the proposed Model Predictive and Manipulability Tracking Control (MPmtC) approach – The multiple user demonstrations 1
 results
in a ME-Profile 2
a which is not contained in MR, thus a fM:MH! transfers it to the robot’s ME-Domain 2
b. Locally, as seen in 3
, the desired ME
is unfeasible. Thus, the MIK searches for a feasible ME, in the current pose or set-values, that minimizes the distance to the desired ME. A vector-field
ineq. controller optimizes for the feasible optimal ME, while accounting for task via confidence-interval relaxation, joint-limits and singularity constraints.

which minimizes the distance to a reference ME while
balancing the joint-effort in terms of displacement w.r.t to
λIK . In this context, we find the optimal feasible solution
and considering a time-horizon κ as

MIK=argmin
(MR

i:�,q
R
i:�)∈(MR

F ,qR
F )

i+κX
j=i
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(MR
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where i > 1 is the current iteration, and κ as the horizon
of prediction. The MIK takes as argument

�
xi:κ,M

R
PT,i:κ

�
,

which has been omitted from (4) for brevity, and yet for the
interval i:κ.
C. Model Predictive Manipulability Tracking Control

This section introduces our control strategy casting ME
tracking as a constrained optimization problem.

1) Task Relaxation Through Multiple Demonstrations and
Confidence Intervals: Firstly, to capture the inherent vari-
ability within the demonstrations, the path is mapped from
Spin(3) n R3 into Riemannian vector space through xi,j =
ψ(xi,j) where i, j depict the demonstration elemements and
the trial, respectively, and γ maps the SE(3) pose to a given
geodesic line, such as a full screw R6, Cartesian vector
space, or other geometric primitives, e.g., as line-to-line,
or orientation geodesics [26]. This allows us to explore
incomplete information from demonstrations, e.g., only 3D
trajectories and, most importantly, it maps to the tangent space
within RD which allows vector-space operations, which then
can be approximated by a Hiearchical Bayesian Model (HBM)
based on Gaussian distributions [27], [28]. The main idea of
using HBM is to build three layers from the weight vector
to single trial, and extend to multiple demonstrations.
Weight Layer. The first layer uses distributions to approximate
the weight vector and the covariance f�!w

i;j
,Σ!w

i;j
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i,j .
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g.

Trial Layer. With W weight vectors !1:W
i,j , the second

layer approximates a single pose xi,j = !1:W
i,j Ψ1:W

i,j + �,
where Ψ1:W are w = f1, ...,Wg Gaussian distributions,
and � is white noise sampled from N (0,Σ�). For the
trial i = 1, ..., Nt, the probability is p(x1:Nt,j ;!

1:W
1:Nt,j

) =QNt
i=1N (xi,j j!1:W

i,j Ψ1:W
i,j ,Σ�).

Multi-Demos Layer. maximizes the probability of M demon-
strations

QM
j=1 p(x1:Nt,j ;!

1:W
1:Nt,j

)p(!1:W
1:Nt,j

;�1:W1:Nt,j). After

integrating M demonstrations and W Gaussian distributions,
the average pose at each timestep i 2 1, ...Nt is given by

x̄ = Ψ1:W
i,1:M�!1:W

i;1:M
, (5)

with variance is
ε2 = ΨT

i,1:M

1;W
Σ!1:W

i;1:M
Ψ1:W

i,1:M +Σ!1:W
i;1:M

. (6)
These results defines the average and the confidence interval
from human demonstration, reflected by ε.
Manipulability Enlarged Search Space The confidence
interval from (6) enable us to expand the search space for
feasible ME optimization from (4). In other words, instead
of relying on a single MIK, our framework allows the
exploration of multiple solutions within the valid set x� ε.
Following the prescribed solution in Subsection II-B, we
explore multiple MIK solutions for different x within the
ε set-based constraints. In this work, we randomly explore
the augmented funnel space yet it is worth highlighting that
the solution also accepts uniform, informed exploration, or
user-defined heuristics.

2) Vector-Field Based Manipulability Controller: Building
on the conditions established in previous sections, we propose
a control strategy following the QP-based framework with
Vector Field Inequalities (VFIs). This allows for optimization
criteria aimed at tracking the best feasible ME stemming
from (4) considering the task-relaxation. Using the ME-task
Jacobian for differential kinematics, the resulting objective
function under constrained optimization is formulated as

u∗ = argmin
u
jjvec( ˙M R

feas)� J
T
MR

(3)

(qc) ujj2 (7a)

s.t. x̄�2ε � Jx(qc) u � x̄+2ε (7b)
qlower � qc +∆tu � qupper (7c)
q̇lower � u � q̇upper (7d)

q̈lower �
1

∆t
(u� qc) � q̈upper (7e)

σmin
lower � σmin(qc) + ∆t�̇(u) (7f)
ż � z � J (p,z)u � ż + z (7g)

where qc is the current joint-vector, u is the resulting control
action, x̄, ε are respectively the desired path and slack from
the confidence interval from (5)-(6), with corresponding Jaco-
bian Jx(qc). The constraints (7c)-(7e) refer to the joint-space
limits to position, velocities and accelerations via integration



TABLE I: Manipulability Error
Mean ± Std / Max Push Front Sweep Hand Over Push Side

P1
P1(ii): Sc-H-ME 1.61±0.31/30.8 2.28±0.27/57.9 2.96±3.64/94.4 2.50±0.41/52.1
P1(iii): PT-ME 1.25±0.08/10.1 3.42±2.43/99.2 3.41±0.97/155 5.38±5.49/147

MPmtC 1.19±0.05/9.01 1.69±0.79/30.8 1.39±0.40/16.8 1.86±0.47/34.2

P2
P2(i): maximize ME volume 1.31±0.05/12.0 2.30±1.16/34.8 1.80±0.63/15.9 2.26±0.76/50.5
P2(ii): minimize joint effort, 1.29±0.09/12.9 1.86±0.44/33.9 2.02±0.38/16.2 2.23±0.74/55.6

P2(iii): Pinv-J 1.55±0.47/13.6 2.84±0.72/56.1 2.12±1.10/16.6 2.72±1.11/42.1

TABLE II: Force & Torque Analysis.

Average / Peak Push Front - Light Object Push Side - Heavy Object Sweep

Ortho. F. Shear F. Torque Ortho. F. Shear F. Torque Ortho. F. Shear F. Torque

P2(i): maximize ME volume 2.14/6.64 1.92/3.92 0.70/3.77 3.30/21.8 2.24/7.74 1.63/33.7 12.3/28.5 8.07/14.5 6.80/15.0
P2(ii): minimize joint effort 2.26/4.10 2.21/3.18 0.84/3.12 4.13/22.7 1.29/8.51 2.11/36.6 11.6/16.2 5.64/9.63 8.06/11.3

P2(iii): Pinv-J 2.02/5.02 2.25/3.44 0.78/3.09 3.92/18.4 1.84/4.82 1.97/32.2 51.2/116 14.0/37.1 21.6/55.6
MPmtC 2.22/7.16 2.05/3.41 1.00/1.98 5.11/24.91 2.04/7.99 2.28/33.0 5.16/15.2 3.71/8.99 3.84/10.6

(i) Direct Human Manipulability: 

(ii) Human-Scaled Manipulability: 

(iii) Domain-Adapated Manipulability: 

(iv) MPmtC - Model-Predicted Manip. Tracking 

(a) Results from ablation studies comparing P1(i)�(iii), i.e., qp-based
tracking Non-Sc-H-ME, Sc-H-ME, and PT-ME against proposed MP mtC.

(b) Results from ablation studies comparing P2(i)�(iii), i.e., velocity
minimization, ME volume maximization, and Pinv-Jacob.

Fig. 3: ME comparison and final posture illustration. The red circles
hightlight the main difference between the robot and human postures.

and differentiation1, while (7f) ensures that the system avoids
singular configurations – even when the optimal transfer
solution pushes the system to the boundaries of singular poses.
The constraint (7g) refers to additional geometric constraints,
as highlighted in the following subsection. Finally, ˙M R

feas
depicts the desired first-order differential ME behavior within
the feasible set.

III. EXPERIMENT

Experiments were designed with two perspectives in mind,
which led to different transfer-tracking strategies.
Perspective (P1): Through ablation studies, we aim to evaluate
the proposed pipeline and highlight the importance of the
integrated approach described in Section II. Particularly,
we compare our method, MPmtC, with steps throughout
the pipeline in Fig. 2, that is, P1(i) non-Scaled Human-
Manipulability (Non-Sc-H-ME), P1(ii) after scaling from (1),
i.e., (Sc-H-ME), and P1(iii) following domain adaptation
from fM in (2), i.e., (PT-ME). The solutions P1(i)� P1(iii)
were designed using the framework in (7).

1It is worth mentioning the control sampling period (�t) aligns with the
user-defined sampling rate from the demonstrations.

Fig. 4: MEs project to different planes for the handover task.

Perspective 2 (P2): Aim to compare the MPmtC with the
SOTA methods. We designed new controllers based on (7)
to P2(i) maximize the the ME volume, P2(ii) minimize
joint effort (Vmin), and inverse kinematic control (Pinv-J) as
P2(iii).

The proposed methods from both perspectives, were tested
into four different tasks: hand over bottle (Hand Over), push
object side away (Push Side), push object front (Push Front),
and sweep the table (Sweep). We do the ablation studies
and compare the performance of our framework against
controllers from P1 to evaluate our integrated approach and its
importance (Fig. 3a). Still, the P1(ii) and P1(iii), that is, the
Sc-H-ME and PT-ME, still yield poor tracking performance
due to unfeasible configurations within the nullspace of the
main trajectory. Herein, all trajectories had the same slack ε
stemming from the demonstration.
A. Force & Torque Analysis

As an additional assessment, we want to evaluate the
posture influence in force and torque generation during
physical contact tasks such as pushing and sweeping. While
in pushing, the human-adapted its posture to achieve larger
forces, during sweeping it aimed to make contact with the
least (orthogonal to the source) forces as possible.

From Table II, MPmtC achieves higher orthogonal to the
surface (directional) forces during pushing (as desired) and
lower when sweeping. The joint-torques are also lower than
other methods during peak contacts, as desired, highlighting
a higher transmission rate. The peak shear forces are also
lower in all cases. This behaviour is obtained using kinematic
controllers, hence the improved performance is purely due
to the redundancy adaptation from the human demonstration,
thereby leading to more efficient task achievement.


