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Abstract— The basis for robotics skill learning is an adequate
representation of manipulation tasks based on their physical
properties. As manipulation tasks are inherently invariant to the
choice of reference frame, an ideal task representation would
also exhibit this property. Nevertheless, most robotic learning
approaches use unprocessed, coordinate-dependent robot state
data for learning new skills, thus inducing challenges regarding
the interpretability and transferability of the learned models.

In this paper, we propose a transformation from spatial
measurements to a coordinate-invariant feature space, based
on the pairwise inner product of the input measurements. We
describe and mathematically deduce the concept, establish the
task fingerprints as an intuitive image-based representation, ex-
perimentally collect task fingerprints, and demonstrate the usage
of the representation for task classification. This representation
motivates further research on data-efficient and transferable
learning methods for online manipulation task classification and
task-level perception.

I. INTRODUCTION

Robots, like any real-world entity, interact with the world
through contact. Understanding such physical interactions
provides valuable information about tasks involving contact,
which is essential for task execution [1], [2]. Take, for instance,
the common task of key insertion [3], where the friction force
during insertion is followed by a torque around the insertion
axis to rotate the key. The torque is followed by an angular
velocity of the key around the same axis. This manipulation
skill and understanding of a motion constraint hold true,
whether we are opening a door or a chest on the floor. This
intuition comes from recognizing patterns across a series of
experiences. Given the flourishing field of learning robots,
studying such manipulation skills is of great interest to the
robotics community [3]–[7]. Understanding the fundamental
constraints for each manipulation task can unlock the ability

†These authors contributed equally. 1Munich Institute of Robotics and
Machine Intelligence, TUM, Germany. 2Division of Robotics, Perception and
Learning, KTH Royal Institute of Technology, Sweden. 3School of Computer
Science, University of Nottingham, UK. Luis Figueredo is also an Associated
Fellow at the MIRMI - TUM. 4Electronic and Informatics Department,
Faculty of Engineering, Mondragon Unibertsitatea, Spain. 5Department of
Electrical and Electronic Engineering, Omar Al-Mukhtar University (OMU),
Libya.

We gratefully acknowledge the funding of European Union’s Horizon
HORIZON Research and Innovation Actions via the project euROBIN
(grant No. 101070596) and ReconCycle (grant no. 871352). The work is
partially funded by the Lighthouse Initiative Geriatronics Project X by
StMWi Bayern (grant no. 5140951) as well as the SafeRoBAY project (grant
No: DIK0203/01) supported by the Bavarian State Ministry for Economic
Affairs, Regional Development and Energy (StMWi). This work was partially
supported by the Wallenberg AI, Autonomous Systems and Software Program
(WASP) funded by the Knut and Alice Wallenberg Foundation. Corresponding
author: peter.so@tum.de

Fig. 1. The Coordinate-Invariant Task Representation (CITR) provides an
abstraction of frame-based robot state variables Z(t) during manipulation
skills for improved task recognition and classification which is independent
of the task’s reference frame. Heatmaps of the CITR, referred to as Task
Fingerprints, provide a visual representation of the task dynamics which
can be clustered together using image similarity metrics for tactile skill
taxonomies.

of robots to generalize their knowledge from known tasks
to those they have not yet encountered, which is one of the
main goals for intelligent robots [8].

Industrially relevant tasks (e.g., pressing, levering, or
turning screws) are generally complex, dynamic, and mul-
timodal. These characteristics pose challenges in task rep-
resentation, especially when dealing with time-series [9].
While the Institute of Electrical and Electronics Engineers
(IEEE) provides a naming standard for task descriptions
[10], several works either define their own using object’s
semantic, visual or geometric affordances [11]–[13], wrench-
based descriptors [14], [15], sequential forces [16] or actions,
mostly described through Markov decision processes, [17].
Alternatively, existing literature also focused on learning such
task descriptors and dynamics by exploring the full range
of proprioceptive and exteroceptive data available [18]–[22].
While the former approach is limited to prior well-known
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Fig. 2. Measurements of vector quantities zi ∈ R3 can be encoded in a rotation invariant feature vector aiming to represent the relationship between
measurements. Inertial reference frames A and B are shown in the bottom left region of the figure. By using the rotation invariance property of the inner
product, and the symmetry of the matrix ZTZ, we define the coordinate-invariant feature vector x as the output of the transformation H – the vectorized
upper-diagonal elements of the pairwise inner products of the measurements.

tasks, the latter mostly focuses on learning algorithms without
reasoning on the data analysis itself. This contrasts recent
findings highlighting the significance of pre-processing for
learning efficiency and explainability [23].

In this context, in this study, we revisit the core elements
that characterize a task. We propose a novel approach to
reshape the feature space through a transformation designed
to capture the task dynamics across various instances of its
execution, as illustrated in Fig. 1.

The main contribution of this paper is a physically-
motivated, coordinate-invariant representation for robotic
manipulation tasks. We prove the invariance of the proposed
representation and show validating experimental results. We
provide a compact, 2D-heatmap visualization of trajectories
in the invariant representation, task fingerprint, to compare
the dynamics of manipulation tasks. As initial experiments,
we demonstrate the usage of the proposed representation for
task classification based on real-world experimental setups
and industrially-motivated manipulation tasks.

The remainder of this paper is structured as follows.
Sec. II describes the proposed coordinate-invariant task
representation. The experimental setups for data collection, the
collected data sets, and the design of evaluation experiments
are presented in Sec. III. The results of the evaluation
experiments are shown and analyzed in Sec. IV. After an
overall discussion in Sec. V, the conclusion in Sec. VI
summarizes the paper and sheds light on future work.

II. COORDINATE-INVARIANT TASK REPRESENTATION

In this section, we introduce the feature space transforma-
tion H : R3×m → Rm(m+1)/2, and make use of it to encode
and visualize coordinate-invariant task descriptors (see Fig. 2).
By coordinate-invariant, we refer to the invariance property
of the feature space w.r.t. the choice of the static reference
frame in which the spatial measurements are obtained. We

propose to leverage nonlinear-basis functions to map spatial
measurements in a common reference frame in 3D-space to a
coordinate-invariant feature space. More specifically, we use
bi-linear basis functions defined as the pairwise inner product
of all spatial measurements, making use of the rotation-
invariance property of inner products, and leading to a trivially
differentiable transformation. The translation invariance of the
transformation is ensured by measuring positions as relative
translations between task entities. Given that manipulation
tasks can be seen as a sequence of constrained dynamics
in task space, and that the invariant feature space contains
the relationship between spatial variables, we define task
fingerprints as trajectories in the proposed invariant feature
space.

A. Coordinate-Invariant Feature Space

We represent the m spatial measurements in a common
reference frame as 3-dimensional column vectors zi, which
are horizontally stacked and represented in the measurement
matrix Z

Z =
[
z1 z2 . . . zm

]
∈ R3×m. (1)

Discrete trajectories of length n are represented in the
coordinate-invariant feature space as a trajectory matrix X
with n horizontally stacked column vectors xj , where each
column is obtained from the measurement matrix Zj at the
corresponding time. Concretely,

xj = H(Zj) := vec
(
triu(ZT

j Zj)
)
, (2)

X =
[
x1 x2 . . . xn

]
∈ R

1
2m(m+1)×n, (3)

defined with the operators vec for vectorization (matrix to
column vector) and triu (upper triangular matrix) to obtain
the elements on and above the diagonal.
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The relationship between the proposed feature space and
a rotation between static reference frames employed for
measurements is shown by

Z′ = RZ, R ∈ SO(3) , (4)

Z′TZ′ = ZTRTRZ = ZTZ , (5)

and clearly implies the rotation invariance property of the
features. Further, through the eigenvalue decomposition of
the inner product matrix, it is straightforward to see that

ZTRTRZ = ZTZ = QΛQT , (6)

Zrec = Λ1/2QT , (7)

where Λ and Q build the eigendecomposition of ZTZ. This
means that a reconstructed measurement matrix Zrec recovers
the original measurement structure in a coordinate frame
spanned by the principal components of the measurement
matrix Z.

Note that additional scalar measurements are inherently
invariant to rotations and can be appended to the column
vectors in feature space to consider multimodal information
(temperature, volume, etc.) beyond spatial vector quantities.

B. Task Fingerprints

We make use of a task descriptor that is constructed by a
row-wise unbiased scaling to the range [-1, 1],

X = (xkj)1≤k≤ 1
2m(m+1),1≤j≤n (8)

dk = max
1≤j≤n

abs(xkj), (9)

d = [d1, · · · , dk, · · · , d 1
2m(m+1)]

T , (10)

Xid = diag(d)−1X , (11)

that can be visualized as a heatmap (see Fig. 3). Task
Fingerprints are explored in the following section to visualize
task-related dynamics and are used as the basis of a trajectory
classification model.

III. EXPERIMENTAL DESIGN AND PROCEDURE

Here, we explain the motivation of the selected manipu-
lation tasks and their relevance to industrial use cases. We
present the experimental setups and procedures we applied
to collect data discussed in Section IV. Lastly, we describe
the validation study for using the representations in task
classification.

A. Task Selection

We conducted a structured state-of-the-art analysis within
the domains of research projects and papers [24]–[27], indus-
trial applications and trade fair demonstrations [28]–[33] to
find the most relevant robotic manipulation skills to examine
with the proposed representation. In this paper, we focus on
applications requiring the robot capability to feel, understand,
and shape contacts effectively, which are not necessarily
fully automated yet, but, e.g., as demonstrated in the videos
as necessary steps for future automation. Consequently, we
found the electronic assembly and disassembly [25], [34], and
flexible manufacturing in the mechanics’ sector [24], [29],

Fig. 3. Forces, velocities, and torques from robot experiments in the
coordinate-invariant representation can be visualized as heatmaps with
normalized row-wise features, as computed in (11). In this grid, we visualize
four dissimilar manipulation tasks: pressing, turning, levering, and inserting.
The row-wise feature labels on the bottom left heatmap also apply to the
other three. The variables describe the velocity v, angular velocity ω, force
f , and torque τ measured at the end-effector.

Sledge
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Fig. 4. Experimental setup using the FE robot to conduct levering and
screw driver insertion tasks.

as the most relevant application domains. The relevant skills
acquired from this literature analysis are:

• Insertion for electronics testing and assembly [28], [35],
• (Un-)screw driving in different industrial domains [25],

[27], [30], [31],
• Levering for disassembly [25], and
• Force application for successful assembly and testing

[29], [32], [33].
CITR can render force and trajectory recordings from

different robot manipulators into a task fingerprint for cross
comparison and clustering regardless of the orientation in
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TABLE I
LIST OF EXPERIMENTAL MANIPULATION TASKS AND OBJECTS USED IN

THE TASK REPRESENTATION DATASET.

Task Class Moving
Object

Fixed
Object Robot Specialized

Tooling

Inserting

Key1 Key Hole1 UR10e Task Board [36]
Key2 Key Hole2 UR10e Control Box
Key3 Key Hole3 UR10e Table Vise
USB Plug USB Port UR10e USB Pedestal
RJ45 Plug RJ45 Port UR10e RJ45 Pedestal
Round Peg 6mm Hole FE Hole Pedestal

Pushing
Spherical Tool FT Sensor UR5e HDPE Cap
Battery Box Lid Battery Box UR10e Task Board

Levering
Hinged Lid Charge Port UR5e Charger Pedestal
Hinged Lid Charge Port FE Charger Pedestal

Screw
driving

Bit & M6x1.0
Screw

Tapped
Hole FE Tapped Hole

Pedestal

which the task was executed. To demonstrate this property,
we present the experimental results of three robot platforms
using only the standard programming interfaces offered by the
manufacturers to show the versatility of our approach. Each
robot is equipped with a task-specific tool for four classes
of manipulation tasks. Each test configuration is listed in
Table I and their individual details are given in the following
sections.

Data sets from experiments are labeled with the corre-
sponding manipulation task for each robot setup containing
the following 3-dimensional vector measurements at the end-
effector with respect to the robot’s base frame as the reference
coordinate system: velocity, angular velocity, force, and torque
(moment). Table I provides an overview of all conducted
experiments.

B. Test Setup 1: Franka Emika

In our first experimental setup, we used a tabletop-mounted
FE robot manipulator that was equipped with a peg and a
screwdriver as depicted in Fig. 4 a). The proprietary libfranka1

force controller was used to program the manipulation exper-
iments and generate a robot log file including joint angles,
velocities, and end-effector force/torque (F/T) estimations
using the RobotState variable. Using the FE, the motion and
force features of the following tasks are recorded:

• Levering the lid of a car plug (c.f. Fig. 4 a) and c)) and
• Screw driving using a bit-hex for a M6x1.0 screw (c.f.

Fig. 4 b)),
The FE dataset contains the manipulation tasks: 12 peg

insertions, 2 Ethernet insertions, 2 lid leverings, and 3 bolt
unscrewing tasks. The data was collected at 1 kHz and the
dataset contains 414, 541 time-series samples across the task
set.

C. Test Setup 2: UR5e

In the second experimental setup, we used a Universal
Robots UR5e equipped with a HAND-E made by the company
Robotiq and a stainless steel sphere of 50mm diameter as
depicted in Fig. 5. The robot is additionally equipped with a

1libfranka https://frankaemika.github.io/docs/libfranka.html

a) b) c)

x

y

z
𝝋

𝝃

Fig. 5. Experimental setup using the UR5e robot (a) to conduct pushing
task with a spherical tool onto a force-torque sensor with a HDPE cap (b)
and an insertion task with a RJ45 plug (c).

Force CoPilot license unlocking the robot’s integrated force
sensor located at the robot flange. For each manipulation
experiment, a program was written on the UR teach pendent
and executed manually. To aid in post-processing the robot
log data, a digital output signal was turned on during the
program segment containing the manipulation motions. This
signal flag was then used later to filter the robot log for only
the object manipulation segments. The robot log was captured
using a Python script provided by Universal Robots which
captures all available robot state data over the real-time data
exchange interface (RTDE2).. We selected the IO state, end-
effector flange F/T information, and the robot end-effector
Cartesian and angular velocities in base frame coordinates for
our analysis. The corresponding manipulation objects were
mounted to the work surface on interchangeable aluminum
plates. The UR5e was programmed to conduct the following
tasks:

• Applying force onto a hard polyethylene (PE) cover (c.f.
in Fig. 5 a) and b)) and

• Inserting a RJ45-plug into an Ethernet port (c.f. Fig. 5
c)).

The UR5e dataset contains the manipulation tasks: 4
Ethernet insertions, 6 pressing tasks, and 15 levering tasks
of a hinged lid. The data was collected using the RTDE at
100Hz and the dataset contains 21, 911 time-series samples
across the task set.

D. Test Setup 3: UR10e

The UR10e setup is designed similar to the previously
explained setup of the UR5e using the same gripper. While
data recording and control are embedded in the same way,
it needs to be mentioned that the UR10e does not serve the
Force CoPilot license and, thus, can not use the embedded F/T
sensor in the flange for end-effector F/T estimation. Instead,
it uses the current-based force estimation using the robot
joints and dynamics which we expect to be less accurate than

2RTDE Guide: https://www.universal-robots.com/articles/ur/interface-
communication/real-time-data-exchange-rtde-guide/
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Fig. 6. Experimental setup of the UR10e robot (a) for insertion tasks of
three different key and key hole pairs (b) and an USB-plug (c).

measurements made with the F/T sensor. Using the UR10e
robot we performed the following tasks:

• Inserting of three different keys in their respective
keyholes (c.f. in Fig. 5 a) and b)) and

• Inserting of a USB-plug (c.f. Fig. 5 c)).
The robot state was recorded during 38 insertions and 20

pushing task repetitions over the RTDE at 100Hz and the
dataset contains 28, 022 time-series samples in the task set.

E. Validation Study

In this study, our objective is twofold. First, we aim
to assess the quantity of information contained within the
proposed rotation-invariant features. This information refers
to the details and patterns these features capture from the
data, that allow to relate a sample to its corresponding
manipulation task. Second, we seek to evaluate how rotations
of the input data’s reference frame affect the performance of
the fitted models. We employ a linear classifier using logistic
regression. We apply this classifier to both the original vector
data and to their rotation-invariant representation, treating
different manipulation tasks as distinct classes in a multi-class
classification problem.

We choose the accuracy a of the linear fit as a proxy
for the amount of locally present task-relevant information,
treating measurements as time-independent samples. In doing
so we ignore long-term dependencies of the task dynamics
and only look at the information for each individual time
step. The simple logistic regression is advantageous given
its limited capacity to overfit, and the relatively small size
of recorded datasets. For each dataset (FE, UR5e) we fit
two models until convergence: (1) from measurements in
vector form (Z) to task classes, and (2) from rotation
invariant features (x) to task classes. After fitting the models,
we estimate the distributions of per class accuracy results
for each model, induced by applying random rotations to
the vector quantities in the dataset. The distributions are
sampled from 1 000 random-uniform rotations that represent
transformations of the experiment data to simulate carrying
out the task in different orientations, for instance, key-
inserting on wall or table-mounted lockers, data acquired

TABLE II
”ACROSS TASK CLASSES” SSIM SIMILARITY VALUES FOR DISSIMILAR

MANIPULATION TASKS

Task Class press turn lever insert

press 1 0.61 0.64 0.54
turn - 1 0.71 0.73
lever - - 1 0.76
insert - - - 1

TABLE III
”WITHIN TASK CLASS” SSIM SIMILARITY VALUES FOR PUSH TASK

PUSH DOWN WITH 20N FOR 3 SECONDS VARYING CONTACT ANGLE

Contact
Angle

ξ = 0
ϕ = 0

ξ = 45
ϕ = 0

ξ = −45
ϕ = 0

ξ = 0
ϕ = 45

ξ = 0
ϕ = −45

ξ = 0
ϕ = 0 1 0.83 0.84 0.96 0.84

ξ = 45
ϕ = 0 - 1 0.89 0.83 0.94

ξ = −45
ϕ = 0 - - 1 0.85 0.89

ξ = 0
ϕ = 45 - - - 1 0.84

ξ = 0
ϕ = −45 - - - - 1

from different perspectives such as world-frame, camera,
base or end-effector. It also considers unconventional robot
mountings beyond the standard table-mounted setup.

IV. EXPERIMENTAL RESULTS

In this section, we show the generated task fingerprints and
show the results for the application of these representations
for a task recognition classifier.

A. CITR Task Fingerprints

With the generated task fingerprints we can construct an
initial labeled image set for a range of manipulation skills.
From this image set, we can calculate a task similarity matrix
to compare the pixel-to-pixel SSIM similarity [37] of the task
fingerprints and their respective task dynamics. Comparing
task fingerprints pair-wise with one another returns a vector
of similarity percentages which are arranged into the upper
right triangle in a comparison matrix, see Table II. For a
new recorded manipulation experiment, we can iteratively
compare the new task’s fingerprint with each image in the
image set to find its closest match to return the predicted
task label. The predicted task class of the new fingerprint is
the class of the closest match.

We found our method also groups similar executions of the
same tasks, such as pressing down on a surface with different
robot configurations, see Table III. Furthermore, we found
the task fingerprints of different task classes have a relatively
low task SSIM similarity score. Using this information, we
can organize our collection of robot experience data into task
classes based on experimentally found similarity thresholds.
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Fig. 7. The histograms (50 bins) approximate the sampled distributions of
per class accuracy a on the corresponding data sets wrt. random uniform
rotations of the input data. The histograms related to the FE dataset are
shown in the top half of the figure; the UR5 in the bottom half. In each case,
the top row shows the results of the model trained on the rotation-invariant
features x; the bottom row shows the ones of the raw measurements Z,
as depicted in the y-axis labels. The wide distribution of accuracies in the
bottom row indicate the sensibility of the raw model to reference frame
choices.

B. Validation Study for Coordinate-Invariance Property

To validate the repreentation’s coordinate-invariant property,
we performed an analysis of the performance of a task
classifier trained using feature vectors from original robot
state data and the coordinate-invariant features.

The classification results are visualized as histograms
depicted in Fig. 7. A narrow band of accuracy indicates
low sensibility wrt. rotations of the reference frame. The
top row shows that the accuracy of the feature space model
does not vary wrt. rotations of the input data. The bottom
row shows the wide range of accuracy results arising from
rotations of the data. This prediction accuracy variability
indicates the model’s high dependency on the measurement’s
frame of reference.

The per class accuracy of the model fitted from the rotation-
invariant features are

[
0.65, 0.79, 0.77, 0.94

]
for the FE

robot experiment and
[
0.44, 0.58, 0.82

]
for the UR robot. It

is important to notice these values are significantly greater
than the random guess, 25% for the FE dataset and 33% for
the UR dataset. The higher per class accuracy shows that a
relatively large amount of task-relevant information is present
in the data when represented in the proposed feature space,
even when ignoring the temporal relationships of the samples.

V. DISCUSSION

Mapping historical robot experiments into CITR images,
we can use image-based queries to compare and automatically
label new robot task executions irrespective of the task
coordinate frame. We show our CITR task fingerprints
can cluster executions of the same task in multiple robot
configurations based on the task’s dynamics using the SSIM
image comparison algorithm in MATLAB.

CITR fingerprints can organize robot log data with visual
features. This has the benefit of navigating a collection of
robot logs with an image-based search of compact represen-
tations independent of the task coordinate frame. However,
CITR task fingerprints have some notable limitations. The
horizontal ordering of features in the heatmap must be kept
consistent in the database, otherwise the visual similarity
metric will not hold. Our initial results from our experiment
showed a repeatable pattern in the task fingerprints for similar
tasks, however, further investigation is needed to show the
extent of how this method could be used as a general task
classifier. Additionally, the colors of features in the heatmaps
rely on normalized values across the set of experiments
and adding new experiences to the database requires a
recalculation of the entire image set. While normalizing
ranges for the make and model of a single robot is possible,
comparisons to other robots would not make sense without a
normalization across the entire comparison dataset.

Note that most of these limitations can be overcome by
leveraging modern machine learning models, and informed
or outlier-robust normalization, while using the proposed
representations as the input space.

VI. CONCLUSION

We propose a new coordinate-invariant task represen-
tation (CITR) that encodes the dynamics of contact-rich
manipulation tasks in a feature space invariant to reference
frame rotations. Comparing task episodes in this latent space
projection enables the user to classify tasks without knowing
the relationship between the task and the robot base frame. We
showed the coordinate-invariant property of the representation,
and experimentally validated our claim with real robot data.
Our proposed representation promises efficient analysis and
learning of manipulation tasks, online task classification for
shared autonomy during tele-operation, and improved task-
level perception for enhanced manipulation autonomy, among
others. Therefore, future work will expand the library of task
fingerprints towards an entire manipulation skill taxonomy.
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https://www.youtube.com/watch?v=tU3yMfoZm8U&
list=PLe7Pue7SRXZGgTDaUWC2F0SuKXZKlIlrG, Last
accessed on 2023-09-15.

[35] Franka Emika. Ram. https://www.youtube.com/watch?v=
HQt7XZB-rts, Last accessed on 2023-09-15.

[36] Peter So, Andriy Sarabakha, Fan Wu, Utku Culha, Fares J. Abu-Dakka,
and Sami Haddadin. Digital robot judge: Building a task-centric
performance database of real-world manipulation with electronic task
boards. IEEE Robotics & Automation Magazine, pages 2–14, 2023.

[37] Zhou Wang, A.C. Bovik, H.R. Sheikh, and E.P. Simoncelli. Image
quality assessment: from error visibility to structural similarity. IEEE
Transactions on Image Processing, 13(4):600–612, 2004.

17507


