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Abstract—To effectively operate in human-centered environ-
ments, robots must possess the capability to rapidly adapt to
novel and changing situations. Techniques such as Learning
from Demonstration enable fast learning without the need
for explicit coding. However, in certain cases they exhibit
limitations in generalizing beyond the set of demonstrations,
which constrains their ability to rapidly adapt to unforeseen
scenarios. In this work, we present a movement primitive
learning algorithm based on Gaussian Processes, combined
with a zero-shot adaptation to new via-points without requiring
retraining, through Pathwise Conditioning. The algorithm not
only learns the movement policy but is also capable of adapting
it rapidly while preserving prior knowledge. The method has
been evaluated through comparisons against other state-of-
the-art approaches, experiments in simulated environments, as
well as on a real robotic platform, generating new solutions
for learned tasks by modifying via-points in both position
and orientation. Website project: https://adrianprados.
github.io/GaussianPathwiseLfD/.

[. INTRODUCTION

In recent years, robots have been increasingly introduced
into everyday environments, which are often unstructured.
For robots to operate correctly, it is essential that they are
capable of adapting to these changing environments, working
in a reactive and safe manner, and being easy to program [1],
[2]. Robots need to constantly acquire new skills in order to
meet the evolving and dynamic tasks of their surroundings.
Such adaptation can be complex to program, not only for
non-experts but also for experts alike. One way to endow
robots with the ability to learn new skills is through the use of
Learning from Demonstration (LfD) algorithms [3], [4]. This
technique focuses on providing robots with the capability to
acquire new skills by encoding them into a set of policies.
These policies enable robots to learn actions or movements
demonstrated by a teacher, often a human, thereby equipping
them with abilities similar to ours. This technique has been
gaining increasing relevance in recent years as a means to
quickly acquire complex skills. However, many of the ap-
proaches developed focus on learning and executing tasks in
environments and contexts without variations. This can lead
to failures when working in new scenarios or situations that
lie outside the learned distributions, the out-of-distribution
(OOD) problem. Within OOD, covariant shift [5], [6] is one
of the classical limitations of LfD. By relying on a fixed set
of training data, LfD algorithms learn a policy that performs
optimally within those data and environments, but may
fail when attempting to generalize to unseen inputs during
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Fig. 1. Using a single demonstration, movement primitives are learned via
GPs and adapted in real time to new via-points using Pathwise Conditioning.

the training process. Consequently, this distribution shift
renders the learned policy invalid. To address this limitation,
the robot should not merely memorize the demonstrations
for a specific scenario, but instead be able to generalize
and adapt its knowledge to new situations (even in real-
time) while pursuing similar task objectives. Within LfD,
a large number of algorithms have been developed based on
probabilistic techniques, such as Gaussian Mixture Models
(GMM) [7], [8], Gaussian Mixture Regression (GMR [9],
[10], Dynamical Movement Primitives (DMP) [11], [12],
Probabilistic Movement Primitives (ProMP) [13], [14], Ker-
nelized Movement Primitives (KMP) [15], [16], or Gaussian
Process Regression (GPR) [17], [18], which aim not only
to learn the task but also to adapt such learning to covari-
ant shift situations. Methods based on GMM/GMR, KMPs,
and ProMPs focus on using the provided demonstrations
to encode variability as a function of the dispersion of
the data. In contrast, methods based on GPRs focus on
using covariance matrices based on prediction uncertainty,
reflecting the presence or absence of data in the task. Both
techniques allow estimating new solutions beyond the initial
demonstrations, but they do not take each other into account.
That is, methods based on variability do not consider the
availability of data, which necessitates data augmentation or
additional techniques to handle requirements not captured in
the initial demonstrations, while prediction-based methods
are not capable of learning the variability of the data.

In this paper, and considering both, prediction uncertainty

{aprados, gespinoz, albmende, rbarber}@ing.uc3m.es and variability, we have developed a new technique (Fig-

979-8-3315-8160-2/26/$31.00 ©2026 IEEE

9407



ure 1) based on the use of Gaussian Processes (GPs) [19],
[20] for learning from the initial demonstration data, com-
bined with a subsequent correction based on Pathwise Con-
ditioning [21], [22]. By leveraging prior knowledge from
the demonstrations, this approach is capable of correcting
the trajectory in real time—capturing both uncertainty and
variability—so that the task can be successfully executed
in new situations, both in orientation and position. The
proposed method is capable of adapting its learned motion
policy from one or multiple demonstrations to previously
unknown situations without the need to generate new data,
at 30Hz, allowing online adaptation even when the robot or
the relevant parameters of the task are moving.

II. RELATED WORK

Within LfD, the number of methods developed to solve
complex tasks and adapt them to new situations, aiming
to address the limitations of out-of-distribution tasks, is
vast [23]-[25]. Specifically, within the probabilistic algo-
rithms used for LfD, different methods and strategies have
been developed. Previous work in this field has focused on
using multitask learning techniques [26], [27], training a
single model that learns several related tasks jointly, lever-
aging shared information among them to improve individual
generalization. Other techniques are based on applying meta-
learning [28], [29], which focuses on learning the task and,
from just a few demonstrations, generalizing the knowledge
already acquired to the new task to be performed. Although
these methods are capable of generalizing learned tasks
to new situations or environments, they require a large
amount of data and online or offline training and re-training.
This large data requirement prevents them from being used
reactively in task execution, making them difficult to apply
for real-time corrections. One of the techniques that has
been most widely used in recent years is task generalization
through the use of task parametrization (TP) [30]. This idea
seeks to represent tasks by means of a set of task frames,
which are usually contextual elements (objects or key points
of the task). Instead of encoding trajectories exclusively in
global coordinates, each task is represented from these task
frames. Then, when executing the task in new configurations,
the robot fuses these representations conditioned on the new
state of the environment. Within this technique, the use of
algorithms based on Task-Parameterized Gaussian Mixture
Models (TP-GMM) [31]-[34], Task-Parameterized Dynamic
Movement Primitives (TP-DMP) [35], [36], or approaches
based on Gaussian Processes (TP-GP) [37], [38], has stood
out. The efficiency of these methods has been clearly demon-
strated in different areas and robotic tasks; however, task
parameterized methods suffer from some limitations when
working with few demonstrations, since they require several
parameters that has to be well distributed. These methods are
also sensitive to the choice of irrelevant or even redundant
frames and have certain limitations when dealing with real-
time problems or tasks with sharp directional changes. Other
works focus on directly learning motion policies. In these
methods, the aim is to explicitly adapt the parameters of

such policies. Among these techniques, methods based on
Probabilistic Movement Primitives (ProMPs) [39], [40] stand
out, through adaptations of relevant task points or descriptors
that generate geometric solutions. Other approaches combine
motion policies learned through probabilistic techniques such
as GMM with learning of Dynamical Systems (DS) [41],
[42], which allows tasks to be adapted quickly, with one-
shot learning, while ensuring stability.

In this work, we propose a new LfD method based on
a probabilistic technique, specifically Gaussian Processes,
for learning tasks from one or multiple demonstrations.
Our algorithm not only aims to learn the structure of the
tasks but also seeks to address the problems of out-of-
distribution data and adaptation to new tasks. To this end,
instead of performing classical regression with methods, we
employ the technique of Pathwise Conditioning, which, by
avoiding computations with covariance matrices, allows for
fast adaptation to a large number of new task parameters.
This generates a solution that leverages the initial knowledge
but adapts it using a zero-shot approximation, without the
need to add or synthetically generate new data.

III. PROBLEM STATEMENT
A. Gaussian Process

Gaussian Processes are a collection of random variables,
where any finite subset of variables is jointly distributed
according to a Gaussian distribution. Intuitively, they can
be seen as a distribution over a function f(x) such that
f : RY — R. For any finite dataset x1,Z2,...,Z, C
R%, one can construct a list of function evaluations
[f(x1), f(z2),..., f(x,)], which follows a multivariate nor-
mal distribution. A GP is defined by the mean of the data
m(t) = E[f(t)] and its covariance function k(t,t') =
E[(f(t) = m@)(f(t') — m(t'))], which encodes the un-
certainty, where f(¢) denotes the stochastic functions. GPs
incorporate prior knowledge D = (t,qri)k,i=1" on
f(t), where t;, denotes the time of each element and gk, i the
i-th dimension for a given ¢;. Each gy, ; is generated as gy, ; =
hi(tx) + €k, with only noisy observations being available.
€x,; represents observation noise, which is assumed to follow
a Gaussian distribution A'(m, o7, ;). The latent function is
also modeled as a GP, h;(t) ~ GP(m;(t*), k;(t,t")). Hence,
the output vector ¢; = [q1.4,--.,qn:] € RY follows a
multivariate Gaussian distribution. Given a GP prior and
(noisy) observations, the joint law of observed targets g
and latent values f* at test inputs is Gaussian. Evaluating
the prior mean and covariance on the training inputs t
yields m(t¢) and K (¢,t*). Accounting for observation noise
modelled as zero-mean, uncorrelated Gaussian errors with
covariance 02] , the joint distribution becomes [37]

a] m(t)] [K(t,t)+021 K(tt%) 0

fr m(t*)] | K(t7,t) K1)
Consequently, each observation vector g; is distributed as
plgi | t) = Mm,(t), K;(tt) + afml). A very important

elemental in the GPs is the kernel k;(-, -), that embeds the GP
hyperparameters 6; (e.g. 8; = {Oker,li}). There is a wide
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variety of kernels that can be used with GPs, but one of the
most commonly used, due to its simplicity and versatility
in use cases, is the squared—exponential kernel k;(¢,t') =
0-12@67’,2' eXp( - (t_l?tl)Q
tained by maximiéing the log marginal likelihood log p(g; |
t)=—1q] (K(t, t)—i—ai[)_lqi—% logdet (K (t,t)+021)—
5 log 27r. In this work, kernel selection (and hyperparameter
tuning) is automated via Approximate Bayesian Computation
(ABC) [43] in order to avoid manual specification. Given
optimized hyperparameters, the predictive distribution for
hi(t*) € RM at test inputs t* € RM is Gaussian:

p(hi(t*) [ t*, Di) = N(pi(t*, Di), Zi(t*, Dy)),  (2)

with posterior mean and covariance given by [37]:

), whose hyperparameters 6; are ob-

pi(t, Di) = m(t*) + K;(t*, 1) (K;(t.t) + o7, ;1) g — m(2), 3)
Ni(t5, D;) = Ki(t5,t*) — Ki(t*,t) (K (t,t) + 02, 1) " K (¢, 7).

B. Pathwise Conditioning

Conditioning stochastic processes is a fundamental task in
machine learning and its application to robotics. Tradition-
ally, this conditioning is approached from a distributional
perspective, where the goal is to characterize the distribution
of a random variable a given that another variable b takes
a specific value 3, ie., p(a | b = 3). This approach
may present limitations when it is necessary to sample
from conditional distributions in order to obtain actionable
estimates, particularly in complex scenarios. Pathwise con-
ditioning emerges as an alternative, offering a perspective
complementary to the distributional approach. This method
focuses on the behavior of a GPs at a finite number of input
locations, allowing GPs posteriors to be decomposed into
global and local components. The idea is to generate efficient
function samples from GPs posteriors, simplifying interac-
tions with complex mathematical expressions and providing
deeper insights into the contributions of the prior and the
data. Instead of sampling after conditioning, the pathwise
approach proposes sampling before conditioning [22]. The
key mathematical foundation of pathwise conditioning for
jointly Gaussian variables is Matheron’s Update Rule [44].
This theorem states that if two random vectors a and b
are jointly Gaussian, then the conditional random variable a
given b = 3 can be expressed as the sum of two independent
terms: the conditional expectation E[a | b = 3] (evaluated

at 3), and a residual ¢ = a — F[a | b] which is independent

of b. Formally, (a | b = 8) £ a+%, 5,1 (8—b), where

a on the right-hand side represents a random draw from the
prior, and Za,bEE’L(ﬂ — b) is a deterministic update based
on observations. Applied to Gaussian processes—random
functions f : X,, — R where any finite set of points
follows a joint Gaussian distribution—pathwise conditioning
provides an efficient way to update sample paths. For f ~
GP(0, k) with marginal f,, = f(X,,) conditioned on f,, =y

FOlfn=y £ FO+kEX)E Y — fa), &

where f(+) is a prior GP, and k(-, X,,) K, 1 (y — f,.) is the de-
terministic pathwise update. This separates the contributions

of the prior and the data, generating efficient and accurate
posterior samples—essential for applications requiring fast,
reliable estimates.

IV. PROPOSED METHOD

We present our algorithm for task learning using GPs
and generalization through a zero-shot method based on
Pathwise Conditioning. First, the LfD process is carried out
using GPs to learn movement primitives, which may include
initial via-points to adapt to. After this, an adaptation to new
positions and orientations of either known or new via-points
is performed through Pathwise Conditioning. The method
produces fast solutions that exploit the initial information by
combining the learned policy with a new local policy for
each situation, thereby adjusting the overall task where the
re-learning process is avoided.

A. LfD using Gaussian Process

For this work, we have developed an LfD method based
on the encapsulation of movement primitives through GPs.
To achieve this, we have introduced a modification of the
extended use of GPs in order to encapsulate movement prim-
itives [45] in a non-parametric way, adding the capability
of automatic kernel adaptation to different movement primi-
tives. The proposed method is fully data-driven and explicitly
encodes predictive uncertainty at each time instant, which
enables confidence-dependent control decisions. Moreover,
the GP structure facilitates the incorporation of via-point
constraints in the initial learning process. This allow an initial
approximation that directly accounts for the relevant task
points before being modified or adapted to new tasks.

The algorithm begins with data acquisition from the user.
In this work, kinesthetic data is used, and both a set of
demonstrations or a single demonstration can be employed.
The available demonstrations are used to create an initial
heteroscedastic approximation. This allows initialization of
the mean and an initial training kernel before training the
GP. Instead of assuming homogeneous noise, we propose a
heteroscedastic initialization that adapts the noise structure
to the variability observed in the demonstrations. Figure 2
presents an example in 3D when applying our LfD method.
The procedure follows these steps:

. GMP
Demonstrations
X Via-points

Fig. 2.
via-points. The GP decomposition for each dimension is shown, where the
shaded area represents the covariance; at the via-points the passage is 100%
certain (no shaded area is present).

Solution of movement primitives learning via GPs in 3D with 3
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General scheme. First, kinesthetic data are acquired (time, position/orientation) and preprocessed to temporally align and encapsulate the

demonstrations. Next, movement primitives are learned via Gaussian Processes: a heteroscedastic initialization of the mean and noise is computed from
the demonstrations’ envelope, an initial kernel is constructed, and hyperparameters are optimized automatically, yielding a prior over trajectories. Using
this prior knowledge, a linear correction is applied via Pathwise Conditioning to the prior trajectory to enforce new via-points without retraining, locally

preserving the learned primitive and its predictive uncertainty.

I) Filtering and Envelope. From the user data y, a
dynamic envelope (bounds [b,up) is estimated to exclude
outliers and select points within the region of interest yi, =
{y; | 1b; < y; < up;,Vi}. When more than one demonstra-
tion is used, a Dynamic Time Warping (DTW) [46] process
is first applied to temporally align all demonstrations, as
otherwise the encapsulation may fail.

II) Local Statistics. The mean and standard deviation
over y;, are computed by iy = + Zf\il Yini and oj, =

\/ + Z?{:l(yin,i — fin)? respectively. With this, a diagonal
noise matrix is defined R(t) = 021, .

IIT) Heteroscedastic Initial Kernel. A base initial kernel
(e.g., squared-exponential) is defined between m(t) = piy:

(ma(t) — my(1)°
7o)

The initial kernel is constructed from the mean m(t) and
the locally estimated variance from the filtered data Kj,j, =
R(t)?> ® Kpase, Where ® represents the Hadamard product.
With this definition, the observed variability at each point
locally scales the covariance: entries corresponding to indices
1 with larger dispersion in the demonstrations acquire greater
magnitude in the initial covariance matrix, thus reflecting
the heteroscedasticity of the data. To preserve symmetry and
numerical stability, one can alternatively consider Kj,; =
DEKpase D, with D = oy,1,, . It is advisable to add a jitter
term el if necessary, to ensure that the matrix is positive
definite and Cholesky-factorizable, thus avoiding problems
in matrix inversion.

IV) Automatic Kernel Selection. Once we have K,
we aim to obtain K;(¢,t). For this purpose, we make use
of a method based on Approximate Bayesian Computation
(ABC) [43]. The objective of this method is to obtain the
most computationally suitable solution in terms of efficiency.
To this end, the optimization problem is defined as:

T(Kni | 17, G) o< f(t" | Kinit, G) 7(Kinit | G)

Kiue(is ) = exp - 5)

(6)
where G represents the model based on the kernel func-
tions Kipi, 7(Kinie | G) corresponds to the initial distribu-
tion obtained through a heteroscedastic initialization process

grounded on the structure of the demonstration data, and
f(t* | Kinit, G) represents the reliability of the observations,
denoted as t*, for the initial kernel function K. The ABC
algorithm compares models and discards those with a lower
probability of converging to an optimal solution. In this way,
the algorithm not only achieves a kernel that accurately fits
the data, but also automatically optimizes the kernel hyper-
parameters, thus removing the need for an explicit likelihood
optimization process. Once K;(¢,t) is obtained, each value
is multiplied by a weight difference obtained as the product
of the standard deviation considering the difference between
the limits. This allows for significant differences between
limit values to be reflected in this optimal kernel.

After obtaining the optimized kernel for the human
demonstrations, the algorithm needs to generate solutions
that pass through a series of initial via-points. An important
advantage of movement primitives over other GP-based
methods is the possibility of enforcing that the trajectory
goes through via-points. To ensure that our GP-based method
strictly meets these requirements, we incorporate the via-
points into the training set instead of adding them only as
a post-condition. Let D; = {t,q;} € RY be the set of
demonstrations (time and points), and D; = {t,g;} € RY be
the set of N via-points (assumed to be exact, noiseless). We
define the union D; = {D;, D;}, t = [tT fT]T € RN+N,
@ = [df @ ]T € RN*N_ The joint distribution over
observations and via-points is:

K(t,t
kiol) @

o (1)~ (] [

Using the optimized hyperparameters, the prediction for a
test point ¢* with the GP incorporating via-points is

p(hi(t*) | t*,D;) = N(j1;(t*, D;), £i(t*, D;)), with  (8)

falt”, Dy) = m(t) + Ko(#", DEG(ED ™ (@ —m(@)
where the kernel value with the via-points K/ (,?) is:
rr o [ IG () + R(t)  Ki(t,t)
i = MG KEp) 0o
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Fig. 4. GPs movement primitive learning with pathwise update in 2D.
(a) Prior solution with 2 via-points, (b) conditioned solution with 3 via-
points in new positions, (c¢) prior GP for each dimension, (d) correction
performed through Pathwise Conditioning to enforce passage through the
new via-points, (e) final solution combining prior knowledge with the
adapted component.

It is essential that K/(f,7) € RIWHN)X(N+N) jg invertible
in order to use (9). Applying known results on kernels [47],
at least positive semidefiniteness is guaranteed. To ensure
a numerically stable inverse, it is advisable to check the
invertibility condition and, if necessary, add a stabilization
term (jitter) e/. With these precautions, the GP incorporating
D; guarantees that predictions pass exactly through the in-
cluded via-points. For formal details on sufficient conditions
ensuring exact passage through via-points, see [48].

B. Adaptation to new situations via Pathwise Conditioning

Once we have computed the GP, we obtain a policy that
models the movement primitive generated from the demon-
stration data and that contains the initial via-points, for which
the probability of passage is 100%, since they are included as
training data. The next goal is to adapt in real time when the
via-points change. For this process, GP-based methods that
rely on GPR suffer, since they must recompute the entire
regression due to the modified observations. This requires
recalculating the matrix inverses, which is computationally
expensive. Our previously described method instead defines
a prior GP over the trajectories, so it is not necessary to
retrain from scratch; it is only required to condition the GP
on those specific points. This is a more local computation that
avoids relearning the entire model. Although this approach is
more efficient, it is still not fast enough to generate real-time
solutions. This is why Pathwise Conditioning was adopted.
The conditioning of the via-points is applied directly on
the pathwise-sampled trajectory, not on the global model.
This means that nothing from the original GP needs to
be recomputed. The via-points are imposed directly on the
learned trajectory, which is then combined with the prior
knowledge in a zero-shot manner. An example of our method
implementing this idea is presented in Figure 4. We adopt
a pathwise conditioning strategy to adapt learned movement
primitives via GPs to new or modified via-points that may
lie outside the distribution of the original demonstrations.
The method constructs corrected trajectories by applying a
linear Matheron-style update to an existing prior trajectory

Fig. 5. GPs movement primitive learning with pathwise update in
3D (position + quaternions). (a) Prior solution with 3 via-points and 1
demonstration, (b) conditioned solution with 3 via-points in new positions
and orientations (axes with arrows), (c) correction of prior knowledge
through pathwise update in position, (d) correction of prior knowledge
through pathwise update in orientation.

(either the GP mean or a sampled GP path). This provides
an efficient, constructive way to enforce via-point constraints
while preserving the probabilistic semantics of the GP pos-
terior. Starting from a prior trajectory hY""(-;w), obtained
through the deterministic posterior mean m(-) after training
the model with GPs or as a stochastic sample drawn from the
prior GP via an appropriate weight-space or basis-function
expansion, the prior trajectory is evaluated at the observation
times A" (f;w) € RNTN. The pathwise-conditioned is
defined, for every realization w:

RPO(t;

w) = W (tw) + K1) KIED (G - B (Fw)  (11)

i

Equation (11) is the pathwise (Matheron) update: it modifies
the prior trajectory by a data-dependent linear correction so
that the updated trajectory passes through the augmented
observations ¢;. When the prior is a sample from the prior
GP, the collection {hP°*(;;w)},, are distributed exactly
according to the GP posterior conditioned on D;. When the
prior is the deterministic mean m(-) the update recovers the
posterior mean:

fui(t) = m(t) + K(t,1) Ki(£,6)" (¢ — m(?))

For this optimization, we employ a separate independent
kernel with one kernel per output coordinate, optimizing
them separately and thus solving different one-dimensional
problems. Under this choice, the update (11) decouples by
output dimension d:

Afa(t) = KD, 8) (KD (1) + =D) ™ (Ga — k2N (@)  (13)

obs

12)

and the final corrected trajectory is A5 () = h5"" (t) 4
Afq(t). If cases where output correlations are important,
a multi-output kernel can be employed in the pathwise
process and the update applied with the corresponding block
covariance.
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With this method, in cases where the provided via-points
q; lie outside the distribution of the demonstration data, the
pathwise update corrects the prior trajectory so that it passes
through the new constraint, while minimally perturbing the
trajectory in regions far from the observation times. The
linear correction is weighted by the kernel cross-covariances
K;(t,1): for test times ¢ remote from £, the correction tends
to zero, preserving the learned primitive elsewhere, which
maintains the structure of the previously learned movement
whenever possible. This property, together with computa-
tional efficiency, makes pathwise conditioning suitable for
the interactive adaptation of primitives under abrupt or out-
of-distribution target changes.

One of the strengths of learning movement primitives
through GPs is the ability to work in multiple dimensions.
For this reason, the developed algorithm can efficiently han-
dle orientation information during a task, allowing solutions
to adapt not only to pass through specific via-points but
also to do so with specific orientations. Figure 5 presents
an example of this application: a 3D task containing both
orientation information (axes with arrows) and position in
the demonstration is learned through GP encapsulation to
pass through initial points, and is subsequently corrected
via pathwise update to modify those via-points, ensuring the
trajectory passes through the new via-points with the cor-
responding position and orientation constraints. Therefore,
the method enables rapid task correction using full spatial
constraints in both position and orientation.

V. SIMULATION AND EXPERIMENTS

To evaluate the efficiency of our method, we conducted
both quantitative and qualitative experiments. Tests were
conducted against several state-of-the-art methods to eval-
uate its performance. In addition, we carried out different
efficiency evaluations in real tasks using a IIWA arm and
our robot ADAM [49], [50], both in simulation through
PyBullet [51] and in a real-world environment.

A. Comparison against other methods in 2D

To evaluate the efficiency of our method, we conducted
a comparison against four different task generalization al-
gorithms for both position and orientation, based on task
parameters: TP-GPR [30], TP-GMM [33], TP-ProMP [13],
and Synthetic-TP-GMM [31]. The experiments rely on a

single demonstration with constraints only at the endpoints.
Both endpoints (blue U-Shape polygons) are modified in
position and orientation to illustrate different configurations
of the solutions produced by each method. Several exper-
iments were performed using a single demonstration while
altering the endpoint constraints. The tests are categorized as
final restriction near, final restriction far, both restrictions
near and both restrictions far, with orientation modified in
all cases. Figure 6 presents the solutions of the comparison
among all methods under both restrictions far case.

TABLE I
COMPARISON OF METRICS BETWEEN DIFFERENT METHODS

Method Start Cos. End Cos.  End. Dist.  Time(s)
Ours 0.9997 0.9999 0.0001 0.0280
TP-GPR -0.9012 0.6987 0.4698 0.4781
TP-GMM 0.9125 0.513 0.7769 0.0509
TP-ProMP 0.2048 0.8799 0.4125 0.0476
Syn. TP-GMM 0.9224 0.9012 0.0008 2.0190

To perform the quantitative comparison, we defined sev-
eral metrics [41] to evaluate the generalization capability
(Equations (14)). Start Cosine Similarity (cos(ds)) allows
us to describe the initial direction of the trajectory and its
alignment with the U-Shape descriptor at the entry, through
the relation between the starting trajectory vector v, and the
entry vector of the U-Shape v,. The closer this value is to
1, the more optimal the alignment. Goal Cosine Similarity
(cos(fy)) establishes the same criterion as the Start Cosine
Similarity but for the trajectory’s arrival. For this, we obtain
the vector v, and compare it with the exit vector of the U-
Shape v.. The closer this value is to 1, the more optimal
the alignment. Finally, we use Endpoint Distance(D), which
evaluates whether both the starting and ending points of the
trajectory reach the required endpoints without position error.
This metric relies on the positions of the initial and final U-
Shapes (P, P.) and the initial and final trajectory values
(&s,&g). The smaller this value, the better. The quantitative
results of Figure 6 are presented in Table 1.

Us * Vo
ol Tooll
D = d(§s, Ps) + d(éga Pe)

As can be observed both qualitatively and quantitatively,
the TP-GPR, TP-GMM, and TP-ProMP algorithms are un-

Vg * Ve

cos(f) = —_——
(6) Toa T Toell

cos(fy) = 14
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able to generalize from a single demonstration to new
positions and orientations at both the beginning and the
end of the trajectories. The TP-GPR algorithm suffers from
generalization issues at the start, obtaining negative values
in the Start Cos. metric (indicating that it begins with an
orientation opposite to the required one) and producing a
very large error in the end distance. The TP-GPR and TP-
ProMP methods show serious generalization errors: the first
is unable to generate a consistent and executable solution,
while the second suffers from errors both in the trajectory and
in the position of the starting point. Finally, the Synthetic TP-
GMM algorithm is capable of generating correct solutions,
approaching the efficiency of the algorithm presented in this
work, since it synthetically generates additional demonstra-
tions to expand the dataset it learns from. Despite this, the
algorithm does not properly account for the initial learning
structure, as its influence diminishes when the number of
demonstrations increases, and it also faces execution time
issues, requiring more than 2 seconds to generate a new
solution, which makes it inefficient for tasks in real dynamic
environments. The rest of the experiments and their quanti-
tative results are detailed on the project’s website!.

B. Robot Experiments

To carry out the experiments with the robots, both simu-
lation environments in PyBullet and real-world tests were
used (Figure 7). In the simulation environments, a Kuka
ITWA robotic arm and a mobile manipulator robot were
employed (the latter also used in the real-world experiments).
For the tasks, a single demonstration was used for learning.
Relevant via-points were detected using visual tags captured
with OpenCV. The experiments were conducted on an MSI
Katana GF66 with an Intel Core i7 processor (4.7 GHz) and
a Nvidia GeForce RTX 3070 GPU.

Data collection was carried out using the end-effector
position p, orientation R, and task time ¢. The demonstra-
tions are encapsulated in ¢ = [p, R] together with time,
D = {t,q} € RYM. The visual tags represent via-points
with new positions and orientations D = {f,q} € RY.
After this, the learning process of movement primitives is
performed using GPs. This task incurs higher computational
cost as the resolution of the demonstrations, the number of
demonstrations, and the dimensionality increase. In these
experiments, for 3D tasks with one demonstration of 500
points and dimension N = 7, the initial policy is obtained
in an average of 0.89s. Afterwards, the algorithm retains the
initial policy, which serves as the learning basis to subse-
quently apply the necessary corrections according to the new
via-points’ positions and orientations through optimization
based on Pathwise Conditioning. For the real-world envi-
ronment, different tasks simulating everyday activities were
conducted, such as placing books on shelves, pick-and-place
operations, liquid serving tasks, and testing the algorithm’s
ability to adapt the trajectory under direct interferences with
the robotic arms (e.g., moving the arm to a new point

Thttps://adrianprados.github.io/GaussianPathwiseLfD/

Fig. 7.
applied to a simulated KUKA arm (a), ADAMSim [51] (b), and in a real
environment with ADAM robot (c). Red spheres represent the via-points
modified in position and orientation, blue lines indicate the GP prior, and
red lines show the real-time adapted solutions.

Learning method of primitives using GPs + Pathwise Conditioning

during execution). In all cases, the algorithm was able to
generate fast, efficient, and adaptive solutions to accomplish
the initially learned task after modifications of the goals!.

VI. CONCLUSIONS

In this paper, we introduce an algorithm for learning
movement primitives using Gaussian Processes (GPs) from
one or multiple demonstrations, combined with an adaptation
process without retraining through pathwise updating. This
enables the adaptation of solutions to new via-points with
spatial and orientation constraints in real time. The algorithm
encapsulates learning into prior knowledge through the use of
GPs, producing an initial global policy that can incorporate
position and orientation constraints. This global policy is
then modified when via-points change or new constraints
are added, by means of a local policy based on Pathwise
Conditioning. This approach allows the algorithm to account
for new task limitations while also exploiting the information
previously learned from the initial model. The method has
been validated both in simulation and in real-world environ-
ments, using a simulated IIWA model and a mobile manipu-
lator robot, tested in both simulation and reality. Several real-
world experiments were conducted, involving modifications
of position and orientation, and highly satisfactory results
were obtained in all cases. Additionally, the method was
compared against other widely used approaches in the state
of the art, where our approach demonstrated substantial
improvements in execution time, trajectory efficiency, and the
ability to generate new solutions from a single demonstration.

As future work, we propose extending the applicability of
the method to dynamic systems with obstacles and to scenar-
ios involving dual-arm manipulators, as well as incorporating
guarantees of stability compliance in the adapted solutions.
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