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Improved Generalization of Probabilistic Movement
Primitives for Manipulation Trajectories

Xueyang Yao, Yinghan Chen, Bryan Tripp, Member, IEEE

Abstract—Imitation learning methods have proven effective in
learning robotic tasks by leveraging multiple human-controlled
demonstrations. However, existing approaches often struggle to
generalize across a wide range of tasks, such as extrapolating to
unseen object locations, incorporating via-point modulation, ac-
curately modeling orientation, handling trajectories with multiple
options, and capturing aiming actions. In this study, we propose
a novel framework that combines ideas from task-parameterized
Gaussian mixture models and probabilistic movement primitives
to address these limitations and satisfy all the aforementioned
properties within a single framework. We conduct comprehensive
evaluations of our approach on four real-life tasks: pick-and-
place, water pouring, shooting a hockey puck into a net, and
sweeping.

Index Terms—Programming by demonstration, imitation
learning, few-shot learning, probabilistic movement primitives,
task parameterized Gaussian mixture models.

I. INTRODUCTION

ROGRAMMING by demonstration (PbD) [1] is an imi-

tation learning approach that typically requires less than
ten training examples per task. For example, [2] showed that a
robot could learn a pick-and-place task on the basis of 4 to 7
examples. Similarly, in the work of [3], a collaborative object
transportation task was learned using only 5 demonstrations.
These approaches are examples of few-shot learning [4] that
rely on engineering design to restrict the solution space.
In contrast, reinforcement learning does not require human
demonstrations, but it may require tens of thousands of trials,
even for simple and narrow tasks such as bin picking.

In recent years, movement primitives (MPs) have garnered
significant attention for their success in manipulation tasks.
Dynamic Movement Primitives (DMPs) [5], [6] model a
trajectory as a spring-damper dynamic system with a nonlinear
forcing term. DMPs excel in generating smooth trajecto-
ries from any initial state. Probabilistic Movement primitives
(ProMPs) [7], [8] directly learn a probabilistic model over
the trajectories. ProMPs not only provide an estimate of the
underlying trajectory derived from multiple demonstrations
but also capture its variability through the covariance matrix.
Probabilistic Dynamic Movement Primitives (ProDMPs) [9]
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provide a unified framework that combines the principles of
both DMPs and ProMPs. ProDMPs achieve this by recovering
a linear basis-function representation for trajectories through
the solution of a dynamical system. Notably, DMPs, ProMPs,
and ProDMPs all share the requirement for manually defin-
ing basis functions. Kernelized Movement Primitives (KMP)
[3] and Gaussian Process (GP) based methods [10], [11]
alleviate the need for manual basis function definition by
employing kernel techniques. It is worth noting that all of
the aforementioned methods achieve adaptation by relying on
via-points, a concept that may not align naturally with real-
life manipulation tasks. Determining the appropriate via-points
typically involves expert knowledge and heuristics.

Task-parameterized Gaussian Mixture Models (TP-GMM)
[12] employ a distinctive approach for adaptation. TP-GMM
leverages multiple reference frames to represent the end-
effector’s trajectory. Within each local reference frame, a
statistical model is learned, and the global trajectory model
is obtained by multiplicatively combining the local models.
This adaptation method aligns more naturally with manipu-
lation tasks since it allows TP-GMM to adapt based on the
poses of objects. These poses can be acquired using a vision
module or by attaching markers to objects, eliminating the
need for additional heuristics. Furthermore, TP-GMM shows
robust extrapolation capabilities by encoding movements from
multiple reference frames, enabling it to adapt to object poses
beyond the training distribution. However, it is important
to note the time-based TP-GMM approach is unsuitable for
cyclical movements and struggles to handle tasks with multiple
modes, such as multiple paths around an obstacle. In contrast,
dynamic-based TP-GMM models the joint distribution of dy-
namic features, including position, velocity, and acceleration.
This enables the dynamic-based TP-GMM to effectively han-
dle cyclical movements and trajectories with multiple options.
[13] extends the TP-GMM approach by modeling quaternions
on a 3-dimensional Riemannian manifold that respects the
geometry of quaternion space. However, computing Gaussian
product and conditioning on a Riemannian manifold requires
iterative computations on the tangent space.

Inspired by TP-GMM, Local Kernelized Movement Prim-
itives (KMPs) [3] were introduced to enhance KMP’s ex-
trapolation capabilities. Furthermore, KMPs respecting the
geometry of quaternions were introduced in [14]. However,
akin to time-based TP-GMM, KMPs are unable to infer and
model multiple modes from the dataset.

Another family of approaches is to use neural networks
(NNs) to abstract the task parameters from high-dimensional
modalities, e.g. scene images, to support end-to-end trajectory
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learning. These approaches [15]-[18] eliminate the need for
manually engineered task parameters. However, the task of
inferring parameters from a restricted dataset is inherently
challenging, and modeling trajectories atop it presents an even
greater difficulty. In [19], representation learning and behavior
learning are decoupled. When presented with a new scene
image, this approach identifies the nearest neighbors in the
representation space, and the agent’s behavior is obtained by
a weighted average of actions from these neighbors. How-
ever, interpolating between nearest neighbors poses challenges
when tested outside the training distribution [20].

Our proposed method, Task-parameterized Probabilistic
Movement Primitives (TP-ProMP), addresses limitations of
previous approaches by introducing multiple local reference
frames to the ProMP framework. By combining the strengths
of ProMP and TP-GMM, TP-ProMP offers several key advan-
tages, including extrapolation capability, adaption to different
task parameters, and via-point modulation. Furthermore, TP-
ProMP demonstrates accurate learning of 6D end effector tra-
jectories. To enhance the modeling of time-based trajectories
with multiple modes, we extend TP-ProMP by representing
weights as a mixture of Gaussian distributions. While previous
works have explored this idea [21], our method introduces a
more robust approach. In addition, we incorporate additional
reference frames that encompass pairs of objects. We show
that this extension yields more accurate trajectory predictions
in aiming tasks. Finally, departing from recent practice in PbD,
we do not affix markers to objects but instead sense their
configurations using deep networks, eliminating a physical
task constraint and broadening the range of tasks our method
can handle. This approach introduces vision-related errors.
Howeyver, these additional errors are consistent across different
PbD methods, allowing a fair comparison. Overall, the results
we report here are practical lower bounds on the performance
of these methods.

We make our demonstration datasets public to facilitate
future work (https://github.com/x35yao/TP-ProMP/tree/main/
data).

II. METHODS
A. Tasks

We evaluated PbD methods with 4 different tasks:

o Pick-and-place task testing extrapolation performance.

o Water pouring task consisting of different modes of
pouring from both the left and right of the cup. This
task evaluated the methods’ ability to accurately model
orientation and its resilience to mode collapse.

« Shooting hockey puck task involves modeling the motion
of the gripper holding a hockey stick and striking the puck
into a net from various directions.

o Sweeping task involving modeling the motion of the grip-
per holding broom and cleaning rubbish into a dustpan.

Figure 1 shows images of these tasks.

B. Data collection

The workspace was instrumented with both a Zed2 stereo
camera (used to sense object positions and orientations) and

an NDI Polaris optical motion tracker (used to sense gripper
position and orientation). Two multi-marker “tools” were
mounted to the gripper handle at different positions to avoid
occlusion such that the motion tracker could track the 6DOF
configuration of the gripper [22]. The camera and motion
tracker were synchronized and both signals were resampled
to a common time step of 0.08 seconds. DeepLabCut [23]
was employed to estimate the two-dimensional positions of
object parts in the image space of both the left and right
cameras. We derived their three-dimensional coordinates by
triangulating these positions.

We used the following procedure to robustly estimate object
poses even when certain parts were occluded. Prior to each
task, the relevant objects were placed on the table with all
object parts visible. The triangulated 3D object-part positions,
denoted as p;¥,, were used to create an object template.
The object center was determined as the mean of all object-
part positions, and a coordinate system was assigned to each
object template. The pose of each object template in the global
reference frame was represented by a rotation matrix A; and
a translation vector by. By aligning the template’s axes with
the global reference frame, A; was simplified as an identity
matrix and by represented the center position.

During egch demonstration, a different set of object-part po-
sitions pgﬁil was obtained, with N’ < N. We then employed
a rigid 3D transformation algorithm [24] to approximate the
rotation matrix A, and translation vector by that minimized
the least squares error:

err = SN ||ph — (Agpi — ba)|)? (D

Ao and bs can also be interpreted as representing the
object’s pose in the object template’s reference frame. We
obtained the object’s pose (task parameters) in the global
reference frame as A = A1 A5 and b = A;bs + by. These
task parameters were used to convert trajectories between local
and global reference frames as described in [12]. For tasks
where the object’s orientation did not significantly impact the
trajectory modeling, A was simplified as an identity matrix.

C. Preprocessing

Dynamic time warping was used to realign the trajectories
and normalize the durations of different demonstrations of the
same task. The demonstration with the median duration was
used as the reference demonstration that others were realigned
around. The minimized cost metric was the gripper’s speed
difference versus that in the reference demonstration. To avoid
extreme jumps in trajectory, step sizes were constrained within
1/2 and 2 times corresponding step sizes in the reference
trajectory [25].

To deal with outlier demonstrations from noisy sensors,
outliers were removed based on whether the corresponding
trajectory’s start and end points deviated significantly from
the mean of the current set of demonstrations by standard
deviation threshold of 3. Due to the more extreme outliers
skewing the distributions, this was repeated after the detected
outliers were removed and halted when the next iterations
generated no new outliers.
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(a) Pick and place (b) Pour water

Fig. 1.

D. Task-parameterized Probabilistic Movement Primitive (TP-
ProMP)

1) Learning from Demonstrations:

Our methods are based on both Probabilistic Movement
Primitives (ProMPs) and TP-GMMs. A trajectory 7 =
{z;}1_, represents a trajectory in the global reference frame
at different moments in time, where x; is a D dimensional
vector. In other words, a trajectory is represented as the matrix
7 € RP*T In this paper, if both the position and orientation
are modeled, x; is a 7D dimensional vector, where the first
three dimensions represent the position of the end-effector
and the remaining four dimensions represent the quaternions
that describe its orientation. When only the end-effector’s
position is modeled, x; is simplified to a three-dimensional
vector. We assigned R local reference frames to objects in the
scene that are related to the task. For the jth reference frame,
we obtained the task parameters A; and b; following the
procedure outlined in II-B. By utilizing these task parameters,
we converted the trajectory from the global reference frame
to the jth local object reference frame, resulting in a:E] ), as
explained in [12]. Here, the superscript j signifies that the
trajectory is expressed in the jth reference frame.

Trajectories  from  all  reference  frames  were
then stacked to get 7’ = {x:}E,, where
— 1 1 R R T

Xt = [xl,t Tpyy - Tig Tpt ]

combines trajectories from all reference frames and xfi,t
denotes the gripper trajectory value for the dth dimension
in the jth reference frame. 7/ € RPEXT can be interpreted
as a trajectory with M = DR dimensions. We then fit 7/
to a ProMP model. As described in [7], ProMP represents
a trajectory with a weight vector and variability of the
given demonstrations is modelled in the weight space. The
combined weight vector w = [w], w;, ,w]TAT for
a trajectory consists of M weight vectors w,,, that correspond
to each dimension m. The trajectory at time ¢ given the
weight vector w is defined as

Xt = Prw + €y, 2

where, €, ~ N (0,X.) is Gaussian white noise, ®; is an
M x KM matrix defined as

o1(t) ... 0
&= : .. |, 3)
0 ... ¢u(d)

(c) Shoot Puck

Demonstration of the tasks. (a) The pick-and-place task involves placing the gripper above a teabag, grasping and moving the gripper above a cup,
and placing the teabag into the cup. (b) The water-pouring task involves picking up a pitcher filled with water, pouring water into a cup, and then placing
the pitcher back down on a table. (c) The shooting-puck task where the demonstrator shoots a puck into a net on the table. (d) The sweeping task where the
demonstrator cleans a rubbish into a dustpan.

(d) Sweep

¢ (t) defines the K dimensional time-dependent basis vector
for the mth dimension and K defines the number of basis
functions. In this work, we simplified 3. to be a diagonal
matrix. For basis functions, we used 21 evenly spaced Gaus-
sian radial functions and polynomial terms up to 3rd-order.
The Gaussian widths were set empirically task-by-task. The
probability of observing 7’ is defined as

p(r' | w) =[Nt | ®1w, %) “)
t

Now, suppose we have N demonstrations and use subscript
n € {1...N} to identify each demonstration. For the nth
demonstration, x,; represents the combined trajectory state
from all reference frames at time ¢, and w,, is the compact
representation of the combined trajectory. Assume w,, is
sampled from a Gaussian distribution N (w,, | ptw, Xy), the
likelihood of observing N combined trajectories is given by

p(X | 6,) H/anw HNXnth)twm )dw,,,
(%)
where 0, = {uw, X}, X is a set of N combined trajectories
Xn» and T}, denotes the trajectory length of the nth demonstra-
tion. The parameters p,,, >, and 3, can be learned through
the Maximum A-Posteriori estimates(MAP) algorithm [26].
Given the learned parameters, the combined trajectory at
any time point ¢ can be evaluated by

p(xt | 6,) /Nww Nxi | $iw0,S)dw  (6)

=N(x: | 8 po, ®/ T, ®: +3). (D

The distribution of x; is a Gaussian distribution with mean

Pyt = @:uw and covariance X,; = Q:Ewét + e o

Y.+ can be decomposed by corresponding reference frames
s 0

=, P and = S
o .. x

At time ¢, we obtain a Gauss1an distribution with mean
uit), and covariance matrix E ) for the trajectory in the
jth reference frame. fiz¢ . We then predict the trajectory
in the global reference frame. This involves converting the
local models to the global reference frame and multiplicatively
combining the resulting Gaussian models. Therefore, given
new task parameters AY) and bY) for the jth reference
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frame, we first convert ui@) and 2552 to the global reference
frame as p, ; and X, ; respectively, where the subscript j
indicates it is converted from the jth reference frame. The
predicted covariance matrix in the global reference frame can

be computed with

o= 87 ®)

and the predicted mean in the global reference frame can be
computed with

R
Hat = Ea:,t Z E;tl’jumt,j (9)

j=1

2) Via-point modulation:

As previously discussed, ProMP achieves adaptation by im-
plicitly conditioning on a via-point at a specific time ¢. While
this approach may not be natural for adapting to new object
poses, there are situations where implicit conditioning can be
beneficial. For instance, when a new obstacle is introduced into
the environment after the model has been trained, conditioning
the model on a position far from the obstacle allows it to
continue performing the task without requiring the learning of
a new model. Similar to [7], the proposed method achieves via-
point modulation by conditioning. Given a desired point x;
in the global reference frame, we can compute the combined
desired point in all reference frames x;. Then, for a specific
accuracy matrix of the desired observation 37, the conditional
distribution p(w | x;) is Gaussian with mean and variance [7]

gww] = po + B P (B + @/ 2,®) (X — B/ p)
(10)
an

ngw] =3, - Ew‘}t(z;‘( + @;—Ew@t)—l(I’;FEW.

Figure 2 provides a visual example of conditioning a TP-
ProMP model to different via points. TP-ProMP maintains
local low-variance movement patterns while passing through
the via points. This demonstrates the ability of TP-ProMP to
adapt and incorporate via points with minimal deviations from
the learned movement pattern.

0.75-
0.50-
0.25-
0.00-

—0.25-

-0.50-
~0.75- |
-0.5 0.0 0.5 1.0
Fig. 2. Conditioning on different via-points. The dashed gray trajectories
are the training demonstrations. The blue trajectory is the prediction of the

original model given new task parameters. The cyan trajectories are modulated
trajectories conditioned on different via points (red stars).

E. Extensions of TP-ProMP

1) Model w as a mixture of Gaussians:

To accommodate tasks with multiple modes, we extended
our method by representing the weight vector w,, as a mixture
of Gaussians. In previous approaches, such as the one pro-
posed in [21], a point estimate of w,, was first obtained using
least squares, and then an Expectation-Maximization (EM) al-
gorithm was used to learn a Gaussian Mixture Model (GMM)
in the weight space. However, this point estimate ignored the
uncertainty of w,, and resulted in reduced robustness in tasks
with high sensor noise. Additionally, the Maximum Likelihood
Estimate (MLE) used in the M-step of the EM algorithm led to
numerical issues when computing the covariance matrix 3.

To overcome these limitations, an alternative approach was
presented in [26], which incorporated uncertainty estimation
by iteratively updating w,, in the E-step based on the optimized
parameters from the previous M-step. Furthermore, a prior dis-
tribution was introduced to achieve a Maximum A Posteriori
(MAP) estimate and address the numerical issues. However,
the method in [26] still modeled w as a Gaussian distribution,
making it incompatible with trajectories exhibiting multiple
modes.

In our extension, we have made modifications to the algo-
rithm proposed in [26] by introducing a mixture of Gaussians
model for w. The extended algorithm consists of two steps.
In the first step, we employed an EM algorithm to cluster
the N demonstrations into C' groups. During the E-step, each
Gaussian component yields an estimated @,,; as described in
[26]. The subscript ¢ denotes it is for the ith component. The
overall estimated value w,, was then computed as the weighted
sum of w,,; across all Gaussian components. In the M-step,
we used a Maximum A Posteriori (MAP) estimate to update
the parameters for each Gaussian component. We utilized a
Normal-Inverse-Wishart distribution with parameters kg, m,
vg, and Sy. In this work, as guided by the recommendations
in [26], we set kg = 0, mg = 0, vo = dim(w) + 1, and
So = (vo + KM + 1)blockdiag(X7,), where X7, is the MLE
of the covariance matrix of the ith Gaussian component. In
this step, since our goal was simply to cluster demonstrations
based on execution modes, we forced the covariance matrix
of each Gaussian component 3,; to be diagonal for better
cluster performance.

In the second step, C' ProMP models were further trained
on the corresponding data using the parameters u,,, >, and
3. obtained from the first step as initial parameters, following
the training procedure described in [26].

2) Paired-object parameterized ProMP:

We extended the TP-ProMP model to allow greater flexibil-
ity which we will now describe. For each source object o € O,
where O = {0;} | and some target object o’ € O\ {o},
we generated a reference frame (o0, 0’). The origin of the
new coordinate system in the pairwise reference frame was
the center of the source object o. The axes were aligned as
follows. The x-axis was in the direction of the line passing
from the center of o to that of o’. The new y-axis was in
the direction of a unit vector u’ orthogonal to the x-axis such
that max,,/—q u - uﬁgig,‘ft, where u’,f’eoiggt is the unit vector
in the world coordinate parallel to the height axis. The z-axis
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was given by the right-hand rule. This procedure produced
Rpop = R? reference frames, consisting of R individual
reference frames centered on the object and aligned with world
axes, plus R(R — 1) pairwise reference frames. To counter the
quadratic growth of complexity and eliminate useless reference
frames, we introduced a selection process to pick out the most
task-relevant frames for each object. The mean and variance
of the demonstration trajectories in each candidate reference
frame were calculated, and the candidate for a given object
with the tightest clustering at any moment in the trajectory (i.e.
the smallest variance over candidates and time) was selected.
The reference frames selected by this method may align with
a task constraint at some point of time during the task. The
resulting model has the same number of reference frames and
parameters as the TP-ProMP model.

F. Evaluation

To evaluate the effectiveness of our proposed method for a
given task, we randomly selected N demonstrations from our
dataset as the training set, 1 demonstration as the validation
trajectory, and 1 demonstration as the test trajectory. The
validation and test trajectories were not in the training set. As
the task objects were positioned differently in each demonstra-
tion, the validation and test demonstrations did not resemble
the training set. To assess the accuracy of the prediction,
the Euclidean distance was used as a similarity measure for
position. As for orientation, the norm of the difference of the
quaternions was utilized as the metric [27]. We report the
mean of this metric over the trajectory as it is a simple and
general reflection of the performance across the trajectory as
a whole. Additionally, we report the similarity measure at key
points such as the start, end, and middle. We repeated this
process 100 times for all tasks and computed the average and
standard deviation. We compared our proposed method with
the original ProMP model, the time-based TP-GMM model,
the dynamic-based TP-GMM model, and the KMP model.
When comparing with the KMP and TP-GMM models (time-
based and dynamic-based), we trained several models with the
number of components ranging from 2 to 10. The model with
the best position prediction was chosen for comparison.

Our basic TP-ProMP model models the 3D gripper position
only, with w modeled as a Gaussian distribution and only
object reference frames used. This basic model was used in the
pick-and-place task. Depending on the specific task demands,
we extended this basic TP-ProMP model in several ways:

1) 7D Trajectories: Including 3D positions and 4D Quater-

nions (Pouring task).

2) Multi-Modal Trajectories: Modeling w as GMM to han-

dle multi-modal trajectories effectively (Pouring task).

3) Paired-object parameterization: This was used for the

shooting and sweeping tasks.

ITI. RESULTS
A. Pick and place

During data collection, the table was divided into two areas,
and demonstrations with both the teabag and cup on the right

half were labeled as the training data pool, while those with
at least one object on the left half were labeled as the test data
pool. This separation ensured that a portion or the entirety of
a trajectory from the test pool falls outside the distribution of
the training pool. We then assigned local reference frames to
the cup and the teabag to train a TP-ProMP model.

The evaluation was conducted as described in Section II-F.
To adapt to new objects’ positions, we conditioned the ProMP
model as described in [7]. Specifically, we conditioned the
starting point of the trajectory to be 20 mm above the teabag
and the endpoint of the trajectory to be 20 mm above the
cup. All 5 models used in the experiment were trained on 6
demonstrations. However, the ProMP model was trained only
on trajectories in the global reference frame. On the other
hand, TP-ProMP, TP-GMM, and KMP models were trained
on trajectories in the cup and teabag’s reference frames.

Figure 3a demonstrates the performance comparison be-
tween the 5 models for one specific test case. The figure shows
that the TP-ProMP, KMP, and TP-GMM models outperform
the ProMP model. The trajectories predicted by TP-ProMP,
KMP, and TP-GMM models are closer to the ground truth in
this extrapolation test, particularly at the beginning and end
of the trajectory. This observation is significant in this task,
as accurately predicting the start and end of the trajectory
is crucial to ensure the robot successfully grasps the teabag
and places it into the cup. The average performance over 100
tests is reported in Table I. As seen in Table I, TP-ProMP
outperforms other models in general, except at the start of
the trajectory where TP-ProMP shows slightly worse results
compared to the KMP and the TP-GMM models.

ProMP’s performance suffers due to two primary reasons.
Firstly, it struggles when the conditioned point lies beyond
the training distribution. Additionally, it heavily relies on
heuristics, such as the gripper’s assumed 20 mm elevation
above objects at the trajectory’s start and end points. These
heuristic dependencies hinder ProMP’s adaptability and limit
its application, particularly when precise timing at via points
is uncertain, as seen in the water pouring task.

B. Water pouring

Demonstrations for this task used millet for safety, with
executions in both left and right hands, resulting in two modes.
Compared to pick-and-place, the pouring task is more chal-
lenging due to: 1) Gripper orientation changes significantly,
requiring a 7D trajectory representation. 2) Involvement of two
pouring modes, necessitating multi-modal trajectory modeling
for accurate capture.

For position prediction, we compared the performance of
TP-ProMP with ProMP, TP-GMM (time-based), and TP-
GMM (dynamic-based), and KMP models. All models were
trained on a total of 10 demonstrations with equal numbers
of left- and right-handed executions. The ProMP model was
not adapted, meaning it only captured the mean behavior of
the training demonstrations. As discussed in Section III-A,
ProMP suffers from the limitation that adapting to new object
positions is achieved through implicit conditioning on position
and time. In this particular task, this implies conditioning
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MEAN +/- STANDARD DEVIATION DISTANCE FROM GROUND TRUTH FOE[})]??BIIEVIIP, TP-GMM, KMP, AND TP-PROMP FOR THE PICK-AND-PLACE TASK.
Start (mm) End (mm) Average (mm)
ProMP 107.78 £ 7.99 137.84 £ 18.10 | 250.68 +137.13
TP-GMM (time-based) | 28.22 4+ 14.90 74.11 £+ 48.06 58.76 + 21.43
TP-GMM (dynamic) 27.54 £ 15.56 129.42 +£100.18 83.45 £43.01
KMP 25.80 £ 11.39 73.99 + 36.44 57.48 + 21.62
TP-ProMP 32.62 £ 8.54 48.60 + 20.68 | 48.51 +£12.21

Test demo

- Train demos
TP-ProMP

ProMP

TP-GMM (time-based)
TP-GMM (dynamic-based)
KMP

0 20 40 60 80

(c) Pour water (orientation)

(d) Shoot Puck

(e) Sweep

Fig. 3. Trajectory predictions of the 5 models for 4 different tasks. The grey trajectories are training demonstrations. The red trajectory represents the
ground truth, while the blue, yellow, green, purple, and black trajectories represent the predictions by the TP-ProMP model, the ProMP model, the time-based
TP-GMM model, the dynamic-based TP-GMM model, and the KMP model, respectively. The circles denote the start of the trajectories and the crosses denote
the end of the trajectories. (a) Position predictions for the pick-and-place task. (b) Position predictions for the pouring water task. A square symbol is used to
indicate approximately when the pouring action occurs. (c) Orientation predictions for the pouring water task. (d) Position predictions for the shooting puck

task. (e) Position predictions for the sweeping task.

on unknown initial positions for grasping the pitcher at time
t = 0 and an unknown via-point for pouring into the cup at
an unknown time ¢. Conditioning the model on approximated
position and time values is not only complex but also leads
to poor performance. The TP-ProMP model was trained fol-
lowing the procedure outlined in Section II-E1 with C = 2.
For more generality, the Bayesian information criterion can be
used for model selection. Both TP-ProMP and dynamic-based
TP-GMM compared predictions from different modes to the
ground truth, selecting the prediction closest to the ground

truth for evaluation. Figure 3b illustrates the performance
comparison of the 5 models in position prediction for the
water-pouring task.

For orientation prediction, we conducted a comparison
between TP-ProMP, ProMP, time-based TP-GMM, and KMP
models. In [28], the quaternions predicted by a time-based
TP-GMM model were normalized to ensure they have unit
norm. We followed the same procedure for all models with the
exception of KMP. This step was unnecessary for KMP since
it inherently respects the geometry of quaternions. Dynamic-
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MEAN +/- STANDARD DEVIATION (SD) DISTANCE FROM GROUND TRUT?F%%{EPEOMP, TP-GMM, KMP, AND TP-PROMP (GMM) FOR POURING WATER
TASK.
Position Orientation
Start (mm) Mid (mm) End (mm) Average (mm) Average
ProMP 249.6 +£129.3 190.2 4+ 88.96 140.6 4 86.86 177.3 +74.83 1.028 4+ 0.01667
TP-GMM(time-based) 113.2 + 53.41 132.8 +94.44 176.3 + 129.8 142.4 + 95.78 0.6518 + 0.3171
TP-GMM(dynamic) 78.78 £ 74.44 90.16 £ 68.36 121.9 +90.20 101.8 4+ 69.68 N/A
KMP 92.78 + 31.78 105.9 4+ 79.48 184.5 +£132.9 139.3 +92.54 1.025 4+ 0.01694
TP-ProMP (GMM) 18.83 +8.181 | 51.00 £+ 34.59 | 83.97 +52.92 | 69.71 +40.13 | 0.1129 +0.1112

based TP-GMM was not included in the comparison because
the literature does not describe its application to orientation,
and the creators’ public code does not support orientation.
Figure 3c provides a comparison of the performance of the 4
models in orientation prediction for the water-pouring task.

The average performance over 100 tests is summarized in
Table II. TP-ProMP outperformed the other models in both
position and orientation modeling, highlighting its strength in
handling trajectories with multiple modes. In contrast to [29],
which models position and orientation separately, our approach
simultaneously captures both, eliminating the need to match
separate position and orientation models. The robustness of
the clustering used in TP-ProMP is a factor in its superior
performance. As discussed in II-El, using MAP estimate
and estimating the uncertainty of w enables the proposed
method to achieve a better estimate of w. In this study, the
proposed clustering algorithm achieved an accuracy of 93.5%,
outperforming the algorithm presented [21], which achieved an
accuracy of only 63.3%.

C. Shooting puck

Aiming is a more challenging task that has a low tolerance
for variance. In order to enable our model to generalize to
such tasks, we extended our method by assigning paired-
object reference frames, as described in Section II-E2. The
extended method was tested in a shooting puck task, where
the demonstrator shoots a puck into a net on the table. In each
demonstration, the position of the net remained fixed, while the
position of the puck was randomly selected. The TP-ProMP
was trained using trajectories in selected reference frames as
discussed in Section II-E2, while TP-GMM and KMP models
were trained on trajectories in object reference frames. The
ProMP model, on the other hand, was trained using trajectories
in the global reference frame.

Figure 3d presents a visual comparison between the 5
models in the shooting puck task. The models were trained
on 6 demonstrations. As shown in the figure, the ProMP
model performed poorly due to a lack of task parametriza-
tion. TP-GMM and KMP models, which incorporate object
parameterization, demonstrate improved performance at the
start and the end of the trajectory. However, the shooting
action requires the gripper path to be straight in the puck-
to-net direction for a successful outcome. The predictions
generated by KMP and TP-GMMs exhibit significant curvature
and deviate considerably from the ground truth. In contrast,

TP-ProMP’s predictions demonstrate great adaptation and ex-
hibit minimal deviation from the ground truth, showing its
superior performance in modeling the shooting action. Table
III demonstrates the superior performance of TP-ProMP in
general, except at the end of the trajectory where TP-ProMP
shows slightly worse results compared to the KMP.

D. Sweeping

To further evaluate the effectiveness of the TP-ProMP
method with paired-object reference frames, we conducted
additional tests on another aiming task, specifically sweeping.
In this task, a demonstrator cleaned rubbish into a dustpan.
Due to physical constraints of the experimental setup, all
demonstrations involved sweeping from the right to the left.
To better mimic natural sweeping actions that can be executed
in any direction, the demonstrations were augmented by rotat-
ing the trajectory and teabags’ positions about the dustpan’s
vertical axis (z-axis) by a random angle. This augmentation
produced a more diverse set of demonstrations.

The test results for the sweeping task are summarized in
Table IV. Notably, TP-ProMP with paired-object reference
frames exhibited significantly improved performance over the
trajectory and at the start of the trajectory. Poorer performance
at the trajectory’s end (compared with the start) is attributed
to the size difference between the dustpan and teabag. The
teabags, being smaller, may land in various parts of the
dustpan. While this variability causes greater distances from
the ground truth at the trajectory’s end, these distances are
relatively small compared to the dustpan’s width. Figure 3e
shows a visual comparison between the 5 models. TP-ProMP
with paired-object reference frames provides a prediction that
deviates the least from the ground truth.

IV. CONCLUSION

Task-parameterized probabilistic movement primitives (TP-
ProMP) offer a promising approach that combines the advan-
tages of both ProMP and TP-GMM, making it well-suited for
generalizing to different tasks. Its strengths include excellent
extrapolation performance, simultaneous modeling of position
and orientation, support for trajectories with multiple modes,
and improved performance in aiming tasks. In future work
we plan to study the method’s efficiency (although it ran in
7 — 30ms on a desktop computer), to compare this method to
neural network (NN)-based methods such as those proposed
in [15]-[19], and to integrate TP-ProMP into multi-step tasks.
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TABLE III
MEAN +/- SD DISTANCE FROM GROUND TRUTH FOR PROMP, TP-GMM, KMP, AND TP-PROMP FOR THE SHOOTING PUCK TASK.
art (Imm n mm verage (1mm
Start End Averag
ProMP 269.8 £ 146.7 175.3 £ 92.73 237.0 £123.9
TP-GMM (time-based) 76.39 £ 46.93 55.24 £ 29.56 67.96 = 24.32
TP-GMM (dynamic-based) 91.40 £79.73 79.72 £ 82.92 97.00 £ 86.21
KMP 71.99 £42.16 51.76 4= 29.42 65.87 £ 24.80
TP-ProMP 45.28 + 25.08 52.92 £ 27.65 57.57 4 24.38
TABLE IV
MEAN +/- SD DISTANCE FROM GROUND TRUTH FOR PROMP, TP-GMM, KMP, AND TP-PROMP FOR THE SWEEPING TASK.
Start (mm) End (mm) Average (mm)
ProMP 638.1 £ 324.2 2404 £111.9 4749 £ 216.3
TP-GMM(time-based) 107.0 £ 58.87 189.2 £107.3 152.6 £64.19
TP-GMM(dynamic-based) 131.3 £122.8 289.3 +235.3 211.5+125.5
KMP 97.62 4+ 45.51 180.4 + 95.67 139.3 £ 59.69
TP-ProMP 68.98 +£61.91 | 110.51 £+ 85.00 | 106.45 + 49.03
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