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Abstract— Data-driven machine learning approaches have
achieved impressive results. However in robotics data collec-
tion is costly and limited. This paper provides a synthetic
overview of case studies from the RobotGenSkill research
project to show how reliance on data can be reduced and
generalization improved in robot learning by exploiting ge-
ometry as a representation-level inductive bias. Specifically,
we explain how equivariant geometric features and invariant
task representations can be used to systematically remove
task-irrelevant variability arising from changes in reference
frames and time profiles, while also discussing the limitations
of imposing inductive biases.

I. INTRODUCTION

Traditional robotics has long relied on explicit task models
grounded in kinematics, geometry, and dynamics. While such
models offer strong interpretability, they typically require
substantial task-specific expert knowledge to construct.

In contrast, a recent trend in machine learning is to reduce
the dependency on manual modeling when learning tasks
by leveraging representation learning methods that operate
directly on raw or minimally processed input data [1].
Such systems have demonstrated the ability to jointly learn
task-relevant features, internal representations, and mappings
to downstream objectives. Sutton’s “bitter lesson” [2] cap-
tures this trend, observing that methods which leverage com-
putation and data, rather than task-specific expert knowledge,
tend to achieve better performance in the long run.

However, for these representation-learning approaches to
be both successful and computationally practical, a crucial
factor is the incorporation of inductive biases. These biases
are structures deliberately introduced by experts into the
learning architecture. They encode prior assumptions about
structural properties in the physical world, such as symmetry,
invariance or equivariance, such that these properties do not
have to be inferred solely from data. In computer vision,
convolutional neural networks [3] provide an example of this
principle by embedding inductive biases, such as locality and
translation equivariance, into the learning architecture.

Obtaining data efficiency through inductive biases is espe-
cially important in robotics where data acquisition is often
costly and time-consuming. This data-acquisition challenge
in robotics limits the availability of large-scale datasets for
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learning. As a result, the careful introduction of inductive
bias plays a particularly important role in determining the
efficiency and scope of what robotic systems can learn.

II. GEOMETRY AS INDUCTIVE BIAS

We argue that geometry provides a powerful source of
inductive bias for data-driven robotics. Specifically, by en-
coding geometric structure, such as invariance and equiv-
ariance, task-agnostic inductive bias at the level of task
representation can be introduced. In Section III, we show
that introducing such bias improves both data efficiency and
robot skill generalization by providing a systematic overview
of case studies from the RobotGenSkill [4] research project.

The primary objective of the RobotGenSkill project was
to develop data-efficient methods that enable robots to learn
tasks from a small number of human demonstrations and to
generalize the learned skills to new situations. To address
this objective, the project leveraged geometry to control how
task representations change when the task context changes.
In this paper, the task context encompasses both the task
configuration (i.e., the choice and placement of world and
body reference frames) and the task execution style (i.e.,
choice of motion profile). At a methodological level, the
methods developed in RobotGenSkill combine:

1. Equivariant features. These features are constructed
from demonstration data and grounded in geometry, such
as motion and force screw axes [5, 6], average screw
axes [7], moving frames defined along trajectories [8, 9],
and data-derived task frames [10]. The resulting features are
equivariant in the sense that they transform in a predictable
and structured manner when the context of the task changes.
In robotics, such equivariance is particularly important for
action generation and control, where robot actions must
remain consistent with changes in the task context.

2. Invariant representations. Building on these equivariant
features, representations that are invariant to contextual
changes are derived, meaning that their values remain un-
changed when the task context changes. Such invariance is
useful for factoring out task-irrelevant variability. Invariant
representations are therefore well suited for task recognition,
where task instances performed in different contexts should
be treated as equivalent, and for task generalization, where
learned tasks should easily transfer across contexts.

Using these equivariant features and invariant represen-
tations for task representation and learning results in the
introduction of geometric inductive bias, which has the
following important benefits:



First, it improves data efficiency. By explicitly encoding
invariance and equivariance with respect to changes in the
task context, learning systems are relieved from rediscover-
ing this structure from data alone. As a result, generic task
representations can be learned from fewer demonstrations.
This reduction in required data also lowers computational
effort during learning, contributing to reduced energy con-
sumption and a smaller environmental footprint.

Second, the resulting invariant representations are, by
design, insensitive to reference frame calibration errors,
sensor placement, and other sources of contextual variability.
When such invariant representations are used as inputs to
learning systems, this leads to more robust and consistent
task performance across different task configurations.

Third, the resulting equivariant features and invariant
representations remain interpretable, as they are grounded
in geometry and therefore have direct physical meaning.
This stands in contrast to latent vectors learned by typical
end-to-end networks. This higher interpretability makes it
easier to understand system behavior and to adjust the
corresponding task-level control parameters when needed.

However, while these benefits are significant, there is an
important limitation. The effectiveness of the proposed in-
ductive bias depends on which invariances and equivariances
are chosen, as imposing inappropriate invariances can re-
move task-relevant information or increase noise sensitivity.
For example, removing information about the placement of
reference frames can be detrimental in recognition tasks
when absolute spatial relationships are discriminative, such
as distinguishing tasks performed at different locations. As
another example, introducing locality increases sensitivity to
small local variations in the input data, such as sensor noise.

Nevertheless, the above limitation (the possibility of intro-
ducing an inappropriate bias) reveals a direction for future
work: rather than committing to a single bias a priori,
multiple representations with different geometric inductive
biases could be combined (e.g., through mixture-of-experts
approaches [11]) allowing data-driven mechanisms to select
or weight the most appropriate bias for a given task.

III. ROBOTGENSKILL CASE STUDIES

This section illustrates the use of geometric inductive bias
via case studies from the RobotGenSkill project.

A. Development of Invariant Trajectory Representations

A central line of work within RobotGenSkill focused on
the development of invariant representations of both rigid-
body motion and contact-wrench trajectories [9, 12] as a
front-end for learning from demonstration methods.

Equivariant features: Rather than operating directly on
raw trajectory coordinates, we construct geometric features
from the demonstration data that transform equivariantly
under changes in the context. These features include instan-
taneous motion and force screw axes, as well as moving
reference frames defined functionally and locally along the
corresponding motion and contact-wrench trajectories.

Invariant representations: A local invariant trajectory rep-
resentation is then obtained by expressing the local evolution
of the trajectory in its corresponding equivariant frame.
The work in [9] introduced such invariant representations
for rigid-body motion trajectories and contact-wrench tra-
jectories. These invariant representations were derived from
differential-geometric properties, similarly to the derivation
of the Frenet-Serret frame [13, 14] and its associated in-
variants for translation trajectories. More recent work [12]
proposes a novel Dual Upper-Triangular Invariant Repre-
sentation (DUTIR), which exhibits improved robustness to
measurement noise and to representation singularities.

Applications and benefits: These invariant representations
can be used as inputs to algorithms operating on demonstra-
tion data. By removing the dependency on the task context at
the representation level, the proposed approach reduces the
amount of data required for learning skills that generalize
well across task contexts. Another practical benefit is that
the obtained invariance eliminates the need for reference
frame calibration, and enables learning from demonstrations
collected in inconsistent or unknown reference frames.

B. Robust Segmentation of Motion Trajectories

Within RobotGenSkill, geometric structure is also ex-
ploited to enable robust segmentation of rigid-body trajecto-
ries into meaningful sub-motions [15], as illustrated in Fig. 1.

Fig. 1. Robust trajectory segmentation of pouring motions [15]. Points
along the trajectories with identical colors (magenta, green, or blue) corre-
spond to the same trajectory segment. Thanks to its invariant properties, the
approach has consistent results for different choices of the body reference
frame (left) and is transferable to a novel pouring object (right).

Equivariant features: The method is based on constructing
the instantaneous motion screw axis (ISA) along the rigid-
body motion trajectory (see also Section III-A).

Invariant representations: The rigid body motion is then
expressed in terms of rotations and translations along the
ISA. Based on this concept, a novel geometric progress pa-
rameter is defined that can be used to express the progression
along the trajectory in a purely geometric manner, invariantly
to changes in the task context.

Applications and benefits: The work in [15] demonstrates
improved consistency in trajectory segmentation across dif-
ferent task contexts when using the proposed geometric
progress parameter.

C. Robust Recognition of Motion Trajectories

Within RobotGenSkill, geometric structure is further ex-
ploited to enable robust motion trajectory recognition across
task contexts. The application in [16] focused on the recogni-
tion of demonstrated object-manipulation tasks in free space.
The application in [17] focused on hand palm motion gesture
recognition. A snapshot of the latter is shown in Fig. 2.



Fig. 2. Robot setup for hand palm motion trajectory recognition [17].

Equivariant features and invariant representations: In
both [16] and [17], the invariant representation of the per-
formed motion is obtained by first expressing the motion
trajectory as a function of a geometric progress parameter
(see Section III-B), and subsequently expressing the local
evolution of the trajectory in the corresponding equivariant
reference frame (see Section III-A).

Applications and benefits: The resulting invariant repre-
sentation, together with a novel invariant trajectory similarity
measure [16], enable the robust comparison and recognition
of motion trajectories across task contexts.

D. Efficient Data Augmentation for Trajectory Learning

Within RobotGenSkill, geometric structure is also ex-
ploited to improve data efficiency in robot learning from
demonstration. This is done specifically by augmenting the
available dataset for training with new synthetic training
instances [18], as illustrated in Fig. 3.
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Fig. 3. Data augmentation framework [18] applied to a crate filling task:
(a) a single human demonstration (in red); (b) synthetic demonstrations (in
green) generated towards new targets.

Invariant representations: Synthetic demonstrations are
generated using invariant representations of the demonstrated
tasks (see Section III-A). These invariant representations are
used to define equivalence classes of motions corresponding
to the same underlying skill. Synthetic demonstrations are
then generated by instantiating new task executions in dif-
ferent contexts while minimizing deviations from the task’s
invariant representation.

Applications and benefits: By sampling synthetic demon-
strations from these equivalence classes, augmented datasets
can be constructed that extend well beyond the contextual
variability present in the original demonstrations. Probabilis-
tic motion models trained on these augmented datasets ex-
hibit improved extrapolation capabilities, while significantly
reducing the number of required human demonstrations [18].

E. Geometric Derivation of Optimal Task Frames for
Contact-Rich Manipulation Tasks

Lastly, geometric structure is also exploited to support
learning, control, and generalization of contact-rich manip-
ulation tasks. This is done specifically through the data-
driven derivation of task-relevant reference frames [10], with
representative tasks shown in Fig. 4.

Fig. 4. UR10e robot executing a range of contact-rich manipulation tasks
learned from human demonstrations [10]: (a) revolute joint, (b) peg-in-hole
alignment, (c) bottle opening, (d) prismatic joint, (e) drawing, (f) 2-D
contour following, and (g) 3-D contour following.

Equivariant features: For each task, a suitable task frame
is automatically derived from demonstrated motion and force
data using a generic method grounded in screw theory. This
frame maximizes the decoupling between the motion and
force components in the task, enabling the design of a
decoupled task-space controller.

Invariant representations: By expressing control objec-
tives in the learned task frame, the resulting representa-
tion of the task becomes invariant to changes in reference
frames, sensor placement, etc. This representation hence
allows learning and control policies to focus on task-relevant
structure rather than incidental contextual variability.

Applications and benefits: Controllers designed in these
data-derived task frames become simple, with the decoupling
between motion and force control maximized. These con-
trollers contain only a few, easily tunable parameters which
easily generalize across different task contexts. Compared to
optimization-based frame-selection methods [19], the pro-
posed analytical approach is significantly faster and more
robust, while also quantifying uncertainty, thereby enabling
uncertainty-aware task control.

IV. CONCLUSION

This paper positions geometry as a powerful source of
representation-level inductive bias, enabling data-efficient
and generalizable data-driven robotics. Through case studies
from the RobotGenSkill project, we show how geometric
inductive bias (encoded via equivariance and invariance to
changes in task context) can be effectively introduced. These
case studies demonstrate data-efficient and robust learning,
segmentation, recognition, control, and generalization of
robot skills across task contexts.
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Mathématiques Pures et Appliquées, vol. 17, no. 1, pp. 437–447, 1852.
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