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Abstract— Bimanual manipulation tasks present significant
challenges for robots due to the high dimensionality and com-
plex coordination required between two arms. While humans
perform such tasks effortlessly, transferring this capability
to robots remains challenging. In this paper, we introduce
a novel synergy-based representation for human bimanual
manipulation that captures the characteristics of coordinated
movements in a low-dimensional space, the synergy space. We
train a variational autoencoder network on human motion data
to learn synergies in bimanual manipulation tasks. We compare
a Euclidean representation with a Riemannian representation
in the latent space. Experimental results demonstrate that our
synergy-based representation reduces dimensionality while im-
proving both representation accuracy and motion smoothness.
Specifically, our method achieves a 38% reduction in repre-
sentation error compared to linear dimensionality reduction
techniques, while simultaneously improving the smoothness
of generated movements by 42%. We validate our approach
through qualitative and quantitative analysis of reconstructed
and newly generated bimanual movements, showing that the re-
sulting motions preserve the essential characteristics of human
manipulation.

I. INTRODUCTION

Bimanual manipulation of objects is a fundamental capa-
bility for both humans and humanoid robots. While humans
perform bimanual tasks effortlessly in everyday activities,
humanoid robots still face significant challenges when at-
tempting to replicate this functionality. Human bimanual ma-
nipulation demonstrates remarkable efficiency despite these
inherent challenges. By studying and modeling how humans
coordinate their arms during manipulation tasks, we can
develop more efficient control strategies for humanoid robots.
The concept of kinematic synergies – correlated joint move-
ments that reduce the dimensionality of complex motor tasks
– has been widely applied in robotic grasping, where it has
significantly simplified hand design and control. These syn-
ergies transform high-dimensional joint spaces into lower-
dimensional representations that capture essential grasp char-
acteristics [1], [2]. By these means, synergies can simplify
the adaptation and transfer of human motion demonstrations
for use in robotic control algorithms. However, extending this
concept to bimanual manipulation poses unique challenges
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Lübeck, Germany. E-mails: julia.starke@uni-luebeck.de,
asfour@kit.edu

Fig. 1: Autoencoder network used to learn a bimanual synergy
space; the network is trained on human demonstrations, which are
mapped to a simulated human model

due to the larger workspace, increased degrees of freedom,
and the coordination patterns required between both arms.

In this work, we develop a novel synergy representation for
bimanual manipulation motions, that captures the inherent
structure of the demonstrated human motions. The goal is the
generation of bimanual motion trajectories directly from the
bimanual synergy space. We train a variational autoencoder
network, shown in Fig. 1, to learn a lower-dimensional syn-
ergy representation of human bimanual upper body postures
and joint velocities. We compare a traditional Euclidean
representation with a Riemannian representation in the latent
space. Finally, the representation and generation of human-
like bimanual manipulation motions are shown in the learned
synergy space.

The main contributions of the paper are (i) a bimanual
synergy space for representing a wide variety of household
manipulation tasks, and (ii) a comparison between Euclidean
and Riemannian latent representations of bimanual human
motion synergies.

II. RELATED WORK

The concept of synergies comes from neuroscience and
describes correlations between human joints in grasping
[1], [3], [4], [5]. It has been adopted widely in robotic
grasping to simplify hand design [6], [2], [7], [8] and grasp
control [9], [10], [11], [12]. However, it has been shown that
synergies do not only exist within hand motions in grasping,
but also within upper- and whole-body motions [13], [14].
The whole-body motion generation [15] and control [16]
are challenging recent research questions due to the high
dimensionality of the joint space. Especially in bimanual



manipulation, direct transfer of unimanual motions is only
partially possible [17], as usually both arms work together
towards a single goal and need to be coordinated [18].
Therefore, it is beneficial to describe upper body motions in
bimanual manipulation tasks in a synergistic representation
in order to understand the underlying motion characteristics
and simplify motion control.

Bimanual manipulation synergies have been defined by
Suárez et al. [19]. They learn a synergy space spanning the
postures of two robot arms during teleoperation by perform-
ing Principal Component Analysis (PCA). The synergy space
is learned for each task individually. Hence, the subsequent
motion planning needs to take the task into account and pick
the synergy space accordingly.

This procedure has later been improved by Garcı́a et al.
[20] by learning zero- and first-order synergies. Zero-order
synergies describe the body posture and are thereby equal to
the postural synergies commonly used. First-order synergies
are learned on joint velocities and thereby capture correla-
tions in motion direction and speed [21]. Synergies are still
learned for each task, but the segmentation of the overall
space into different synergy cells is performed automatically
based on zero- and first-order synergies. These synergies can
be used to evaluate and maximize the human likeness in
robotic motion generation [22], [23].

For holding, moving and rotating a ball held with two
robot arms, local synergies have been found by estimat-
ing a Riemannian Gaussian distribution using Maximum
Likelihood Estimation (MLE) [24]. The covariance of the
estimated Gaussian serves as the local synergy description.
These can be used to perform a task-specific optimal control.

Based on teleoperated, unimanual robot motions, motion
skills have been learned using a variational autoencoder
(VAE) both in task- and joint-space [25]. In both cases,
a Riemannian metric based on the robot’s task space is
induced in the latent space by training radial basis functions
(RBF) following the approach presented by Arvanitidis et al.
[26]. The learned robotic motion skills are used for motion
generation under consideration of obstacle avoidance. In
further work, human motions have been split temporally into
geodesics, which can interpreted as motion synergies [27].

In this paper, we present bimanual manipulation synergies
that are learned from natural human motions. We apply a
variational autoencoder to learn a lower-dimensional synergy
space from bimanual human motions in different kitchen and
household actions. We compare a classical Euclidean synergy
representation with a synergy space based on a Riemannian
metric for distance measurement. Thereby we aim to allow
for functional and human-like motion generation considering
the non-linear nature of human motions.

III. PROBLEM STATEMENT

To describe human bimanual manipulation motions and
transfer them to the control of bimanual humanoid robots, a
simple yet understandable representation of such motions is
needed. This work aims to generate bimanual manipulation
motions on a kinematic human model. In a second step,

these can be mapped to a humanoid robot. To this end,
we consider human upper-body motions, including both
arms, for everyday activities. These can be described by the
arm joint angles. The challenges in learning bimanual arm
motions lie in the high-dimensional nature of the data, the
nonlinearity of the human configuration space and the need
to consider both arms within a single, coordinated motion. To
simplify the representation of such motions, we rely on the
concept of kinematic synergies, that reduce the complexity
of the motion representation by transferring the joint angles
into a lower-dimensional synergy space. This synergy space
should be shaped to provide an accurate and descriptive rep-
resentation of the complex joint angle trajectories and should
thereby allow for simplified, goal-driven motion planning
and control. To achieve this, the synergy space not only
needs to provide a good representation of the original joint
angles, but also needs to be smooth and should reflect the
motion strategies that are naturally applied by humans. In the
following, we will discuss these different aspects required for
a motion representation suitable for the control of simple, yet
human-like manipulation actions.

A. Human Bimanual Manipulation Motions

We search for a simplified representation of human joint
angle data for bimanual manipulation tasks. To evaluate
the developed representation, we consider motion data from
the KIT Bimanual Manipulation Dataset [28]. It consists
of 588 motion recordings each demonstrating one complex
bimanual manipulation task executed by one of two subjects.
The motions are picked from a household context and include
cooking and cleaning tasks. Each motion consists of a
sequence of basic manipulation actions (e. g. hold, lift, move,
pour) that are composed into longer bimanual actions (e. g.
serving a drink or mixing a salad).

The recordings have been made with a multi-modal sensor
setup, however, we only consider the kinematic data recorded
by a VICON motion capture system. The data is mapped
to the Master Motor Map (MMM) model [29], which is a
reference model of the human body that includes kinematics
and dynamics based on biomechanical studies. A motion is
represented by the angles of the joints within the MMM
model. We concentrate on the upper body motion, taking
into account both arms with a three degrees of freedom
(DoF) shoulder joint and two DoF elbow and wrist joints,
respectively. Overall, the motion can thereby be described by
14 joint angles representing both human arms. In order to
consider the direction of the motion, we further use the joint
angular velocity. The velocity is derived from the joint angles
using a third-order Savitzky-Golay-Filter with a window size
of 21.

The recordings of the KIT Bimanual Manipulation Dataset
provide a comprehensive database for manipulations per-
formed in daily activities around the household. However,
additional data might be needed to learn specialized motions
performed by skilled workers in manufacturing tasks.



B. Kinematic Synergies

To simplify the representation of these bimanual manip-
ulation motions, the concept of kinematic synergies should
be applied. Kinematic synergies are originally used in grasp
representation [10], [30] and exploit correlations between
different joint angles. They open a lower-dimensional space
S ∈ Rm that is able to represent the high-dimensional motion
f(t) in the joint angle space F ∈ Rn as a synergy motion
s(t), with m < n. Typically, the motion is described as a
timed trajectory s(t) = (st=0, ..., st=T ) in a static, linear
synergy space. Different from the widely used hand syner-
gies, we aim to represent motions of both arms during human
manipulation actions as series of static body postures in a
lower-dimensional subspace. By these means, we strive for
a simplified description of bimanual manipulation actions,
that captures the essential characteristics of a demonstrated
human motion. This lower-dimensional representation shall
be general and independent of specific human demonstrations
in order to allow for the generation of new robotic manipula-
tion motions that are human-like. The synergy representation
shall be general and shall represent any motion seen in the
human demonstrations of longer bimanual household actions.

C. Motion Generation

In order to use the derived human motion representation
for the control of robotic manipulation actions, it does not
only need to be able to flexibly encode the entire range
of human manipulation motions, it should also inherently
capture the non-linearity of the human configuration space.
It has been shown that humans tend to optimize their arm
motion with respect to the kinetic energy needed [31]. Such
trajectories requiring minimal muscular effort are called
geodesics. These geodesics, which represent the shortest
paths in a Riemannian space [32], are more complex to
describe in the classical Euclidean space representation. Typ-
ically, synergy spaces are learned with a Euclidean structure.
In order to improve the representation of geodesics, we aim
to evaluate the synergy space from a Riemannian perspective.
Thereby we aim to properly describe the natural human
geodesics and ensure the generation of meaningful motions
from the resulting representation space.

IV. BIMANUAL SYNERGIES

We aim to represent human bimanual manipulation mo-
tions as trajectories in a lower-dimensional synergy space.
To learn these bimanual posture synergies, we train a vari-
ational autoencoder with the joint angles of both human
arms during the manipulation motion. The synergies are
trained and analyzed according to two assumptions: (i) due to
the inherent non-linearity of human motions, a Riemannian
space is better suited to describe the motion synergies than
a classical Euclidean space, and (ii) in accordance with [20]
joint positions and velocities should be considered in learning
motion synergies. Therefore we learn from 14 joint angles
and 14 velocities for the seven joint rotations in shoulder,
elbow and wrist of each arm. Thereby the input data is 28-
dimensional for posture and velocity or 14-dimensional when
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Fig. 2: Reproduction error in percent of the maximum joint angle for
synergy spaces with varying dimensions measured on the validation
data set; shown is the representation error of synergies learned only
on postures (AE pos) and on both postures and velocities (AE
pos+vel) as well as the error of a linear dimensionality reduction
on both datasets (PCA pos and PCA pos+vel)

only considering the posture. The human demonstrations of
household manipulation motions, as described in Section III-
A, are split into training, validation and test set by a ratio of
2:1:1. The bimanual tasks are trained from the long action
sequences present in the database. Later, these are split into
short actions to evaluate the behavior of the synergy space
with respect to different motion characteristics. However, it
is important to note that the training data represents a variety
of complex bimanual manipulation actions from a household
context and is not confined to short, isolated action snippets.
The autoencoder architecture and training parameters are
defined based on a hyperparameter search. In order to impose
a Riemannian metric on the synergy space, coherent with
assumption 1, training is performed in a two-step procedure
with the standard network training and the training of the
Riemannian characteristics of the latent space.

A. Autoencoder Architecture

The variational autoencoder network consists of three
layers each in the encoder and decoder structure. All layers
are fully connected and the tangens hyperbolicus is used
as activation function. A schematic view of the autoencoder
network structure is shown in Fig. 1. The latent synergy
space has ten dimensions when trained on posture and
velocity and five dimensions when trained on posture only.
A posture is comprised of the joint angles of shoulder (3
DoF), elbow (2 DoF) and wrist (2 DoF) in both arms. As
shown in Fig. 2, the reproduction error within the validation
data set is optimal for these dimensions. When more synergy
variables are provided, overfitting to the training data can
be observed, while less synergy variables cause a higher
reproduction error. For modeling the output of the decoder,
we opt for a Gaussian representation in order to account for
the probabilistic nature of the resulting bimanual posture.
Therefore, both for the latent and for the output layer, a
mean and a standard deviation are learned in parallel.



TABLE I: Autoencoder network and training parameters

Parameter Value

Training epochs 300
RBF training iterations 100
L1 regularization λ 1e−7

Gradient clipping c 1

B. Training and Optimization

The network is trained in a two-step procedure. First,
the latent mean and the reconstructed bimanual postures are
trained in a classical way. In a second step, the latent variance
is trained in order to induce a Riemannian representation of
the probabilistic latent space.

For the first autoencoder training step, the loss function
consists of the representation quality RQ and the Kullback-
Leibler divergence KLD:

L = αKLD−RQ (1)

with a weighting parameter α that is gradually increased dur-
ing learning. Thereby, the general representation is promoted
first and over the training iterations, more emphasis is also
given to the latent distribution enforced by the KLD loss.
We start training with the representation loss only (α = 0)
for the first half of the training and then increase α up to
one during the second half of the training.

Training is performed using an Adam optimizer with a
learning rate of 1e−3. The latent variance is kept constant
throughout this part of the training. An overview of the
network and training parameters is given in Table I.

C. Latent Variance Representation

The variance of the latent synergy space is learned sep-
arately, taking into account the distribution of the given
training data. By these means, a Riemannian metric can be
imposed on the synergy space to allow geodesic motion gen-
eration, as described by Arvanitidis et al. [26]. The variance
σ (corresponding to the σ-layer in Fig. 1) is represented
by modeling the precision β with a radial basis function
(RBF) neural network [33]. The network has one hidden
layer with 100 neurons with an RBF activation function.
The RBF centers are initialized by a K-Means clustering.
During training, a least squares objective function is applied
to fit the RBF model. The precision is defined as β = σ−2.
By ensuring the extrapolation of β towards zero, it can
be guaranteed that the variance increases with the lack
of training data. The RBF kernels are fitted in a second
training step, after the mean of the latent representation
is already trained with the autoencoder network. By these
means, we separately train a well-structured variance of the
latent synergy space also at the borders of the latent area
covered by the training data.

This structured synergy variance allows us to impose
not only a Euclidean, but also a Riemannian metric on
the synergy space. During motion planning, traditionally a
Euclidean metric is applied to find the shortest path between
two postures in the cartesian coordinate system spanned by

the synergies. In addition, we study a Riemannian metric
Mz = JT

z Jz motivated by the nonlinearity of human motion
patterns. Due to the stochastic nature of the autoencoder, the
resulting metric is the sum of the metrics applied individually
to the mean and variance functions of the latent space
Mz = M

(µ)
z + M

(σ)
z . The calculation of this metric is

straightforward within the area covered by the training data.
Since the latent variance is explicitly trained to increase at
the boundaries of the training data, M(σ)

z becomes high in
unseen regions and ensures a smooth representation of the
latent Riemannian metric.

V. EVALUATION

In order to assess the validity of the synergy space, we
analyze the reproduction error for human motion demon-
strations. The representation quality is also compared to a
classical, linear synergy space. In addition, the smoothness
and structure of the synergy space is evaluated and the merit
of applying the Riemannian metric is analyzed. Finally, we
assess the capability of the synergy representation to generate
new, human-like motions.

A. Autoencoder Validation

The representation quality of the latent bimanual syn-
ergy space is evaluated based on the mean squared error
(MSE) between the demonstrated human motions and their
reproduction from synergy space. The error is calculated for
entire bimanual manipulation task sequences and is given
as the squared mean of the joint angle deviation in radian.
By these means, the autoencoder achieves a reproduction
error on the test dataset of 0.0022 for the synergy space
trained with posture only and 0.0024 for synergies trained on
posture and velocity. Two exemplary reconstructed bimanual
motion for both synergy spaces are shown for pouring into
a cup in Fig. 3 a) and for opening a bottle in Fig. 4
a) with the original and deconstructed motions depicted
in black and gray respectively. In comparison, a PCA is
performed on the same data and a linear synergy space
is constructed with the five (for posture only) or ten (for
posture and velocity) most informative principal components
as synergies. These linear synergies achieve a reconstruction
error of 0.0067 learned only on postures or 0.0039 learned
on posture and velocity. Hence, the trained bimanual synergy
space improves reconstruction by at least 38% compared to
the classical approach.

In addition to the reproduction error, the smoothness of
the latent space is of great importance, especially when the
latent space shall be used for data generation. To validate the
smoothness of the latent space, we follow the approach by
Dimou et al. [34]. Postures are uniformly sampled from the
area of latent space, that is covered by the training data. By
measuring the distance between postures that are adjacent
in the latent space, a relative measure of the smoothness of
transitions in latent space is obtained.

For sampling the latent space with a step size of 0.1, a
mean posture variation of 4.1 · 10−4 is measured. For the
linear reference synergy space obtained by performing a PCA



(a) End-effector trajectories based on synergies; a static posture from the motion (frame 400) is shown on the MMM model of the human body

(b) Joint angle trajectories based on synergies learned only on bimanual posture

(c) Joint angle trajectories based on synergies learned on bimanual posture and velocity

Fig. 3: End effector and joint trajectories of the MMM reference model [29] from synergies learned on (a, b) only posture or (a, c)
posture and velocity for a pouring motion (Pour1 cs ms 0 20l 02 of subject 1480 from test data). (b, c) - Joint angle trajectories in
radian (y-axis) over time in frames (x-axis) of the three shoulder (sx, sz , sy) and two elbow (ex, ez) joints for left (top) and right (bottom)
arm. The order of the joints corresponds to the kinematic chain of the MMM arm. The human demonstration ( ) and the reconstructed
( ) trajectory including variance (of the decoder) are visualized as well as the generated and decoded shortest paths with respect to the
Euclidean ( ) and the Riemannian metric ( ) in the latent space between segmented configurations ( ). (a) - left to right: Original
recording, demonstrated human motion, reconstructed (posture), Euclidean (posture), Riemannian (posture), reconstructed (posture and
velocity), Euclidean (posture and velocity), and Riemannian (posture and velocity).

and using the same number of synergy parameters, the mean
posture variation amounts to 7.1 · 10−4. Since the applied
measure of smoothness only allows for a relative comparison,
the latent synergy space learned by the autoencoder is proven
to be at least as smooth as the linear PCA synergies, which
are continuous by design.

B. Synergy Space

The Riemannian metric ensures that motions observed
in the human demonstrations are represented within the
structure of the latent synergy space. Fig. 5 visualizes the
geometric measure based on the Riemannian metric in the
first three variables of the latent synergy space learned only

from the body postures. It can be seen that the variance
increases in areas of high uncertainty, specifically at the
border encasing the area covered by the training data. The
high variance in turn increases the Riemannian metric via
M

(σ)
z . For motion planning in the synergy space, these areas

of high uncertainty are therefore avoided due to the high
metric cost and planned motions follow the inherent pattern
of the demonstrated human motions. This synergy space has
been trained on a large variety of human bimanual tasks,
as described in Section III-A. Overall, the borders of the
learned latent synergy space are neatly defined by the metric.
However, due to the high variety of motions represented



(a) End-effector trajectories based on synergies; a static posture from the motion (frame 185) is shown on the MMM model of the human body

(b) Joint angle trajectories of the left arm based on synergies learned only on bimanual posture

(c) Joint angle trajectories of the left arm based on synergies learned on bimanual posture and velocity

Fig. 4: End effector and joint trajectories from synergies learned on (a, b) only posture or (a, c) posture and velocity for opening a bottle
(Open3 ms 180 30h 05 of subject 1723 from training data), the naming and color scheme of the plots is explained in Fig. 3, only the
trajectories for the left arm are shown that unscrews the lid of the bottle

Fig. 5: Structure of the geometric measure in the first three variables
of the bimanual synergy latent space trained only on postures with
three exemplary trajectories from the test set; the area of the training
data is encased by a barrier of high uncertainty and thereby results
in a high Riemannian metric

Fig. 6: Structure of the geometric measure in the first four vari-
ables of the bimanual synergy latent space trained on postures
and motion velocities with three exemplary trajectories from the
test set; including joint velocities in synergy training results in
a smoother boundary of the synergy space and more expansive
synergy trajectories

by the synergy space, the synergy representation is evenly
distributed in a smooth synergy space with no structural sep-
aration. This also means that there are no strictly separated
clusters inherent in the human demonstrations, but instead it
is generally possible to perform very different motions from
the same starting posture.

Fig. 6 shows the synergy space learned from both posture
and joint velocity. The additional input of joint velocities
provides the autoencoder with a notion of the motion in
progress and therefore allows to distinguish different motions
that pass through the same posture, but fulfill very different
tasks. It can be seen that the resulting synergy space is
smoother at the boundaries. In addition, each individual
motion covers a large part of the synergy space, since the
same posture needs to be represented by an area within the
synergy space in order to distinguish between differences in
motion speed and direction.

Overall, different bimanual tasks are mapped to different
areas within the synergy space. All considered tasks except
for sweeping the floor are separated. Since sweeping motions
are larger and include the entire body, this task spreads
over the entire synergy space. Due to the local separation
of tasks in the synergy space, new synergy trajectories can
be associated to tasks.

C. Motion Generation

We evaluate the learned synergy space and motion gener-
ation capabilities on a bimanual demonstration of a pouring
motion and a motion for opening a bottle for both synergy



spaces learned only on posture and both on posture and
velocity. These actions are part of larger motion sequences,
namely grasping a bottle and a glass or cup from the
table, pouring from the bottle into the container and placing
all objects back (pouring) and grasping a bottle from the
table, unscrewing the lid, and placing the lid and the bottle
back on the table (opening). For motion generation, these
action sequences need to be split into individual actions in
order to account for boundary conditions (e. g. the location
of the objects on the table). Therefore, we focus on the
central pouring and opening actions in these sequences. It
is important to note that the synergy representation allows
to generate a trajectory that ensures the coordination of both
arms. The temporal progress of the motion execution needs
to be defined manually.

We consider the following three approaches: (i) Recon-
struction of the joint trajectories using the forward path of the
trained VAE (see validation in Section V-A), (ii) straight lines
in the latent space between key configurations, i.e., assum-
ing a Euclidean metric, and (iii) shortest paths (geodesics)
based on the induced Riemannian metric. The geodesics are
computed by solving the boundary value problem (given the
initial and final configuration mapped in the latent space)
using the fixed-point method [35]. Given that the velocity
of a movement along a geodesic remains constant, it is
possible to reparameterize the geodesic by modifying the
acceleration at which the path is traversed [31], [27], e.g., in
order to move from a stationary position. For comparability,
this reparameterization is applied to both the geodesic and
the straight line.

The resulting trajectories of all three methods applied for
pouring into a cup are presented in Fig. 3. For opening a
bottle, the trajectories of the left arm that unscrews the lid
are shown in Fig. 4. Both the Euclidean and Riemannian
motion generation provide human-like manipulation motions.
This can be seen in Fig. 3 b) and c) and Fig. 4 b) and
c) in comparison to a motion trajectory demonstrated by a
human subject. Motions generated using the Euclidean and
Riemannian metric are very similar. In general, the generated
motions are very similar to the reconstructed human demon-
stration, which matches the overall representation error. A
small deviation is mainly visible in the y-axis of the left
shoulder for pouring and the z-axis of the left elbow for
opening. The learned uncertainty of the decoder reflects
the quality of the synergy-generated motion data. Whenever
the reconstructed data deviates from the original human
demonstration, the synergy uncertainty also increases.

The visualization of demonstrated human motions together
with the motions generated from the bimanual synergy space
in Fig. 3 a) and Fig. 4 a) shows that the synergy-generated
motions are human-like and generally functional.

This qualitative assessment is supported by a quantitative
analysis of the postural deviation of generated motions from
a human ground truth trajectory. The results of this evaluation
are shown in Table II. The mean squared error (MSE) of the
joint angles (in radians) between the generated trajectory and
the human motion data as ground truth or the reconstructed

TABLE II: Quality of synergy-generated motions (MSE)

Pour Example
Only Posture Posture and Velocity

Ground truth Reconstr. Ground truth Reconstr.

Reconstr. 0.008 - 0.008 -

Euclidean 0.012 0.004 0.011 0.005
Riemannian 0.013 0.005 0.011 0.005

Open Example
Only Posture Posture and Velocity

Ground truth Reconstr. Ground truth Reconstr.

Reconstr. 0.012 - 0.021 -

Euclidean 0.014 0.003 0.025 0.007
Riemannian 0.014 0.003 0.023 0.007

trajectory is used as a metric for comparison. The approaches
based on Euclidean and Riemannian metrics in the latent
space yield generally similar results. This similarity is likely
due to the extensive distribution of the training data, yielding
a more even metric space and the relatively small distances
between the key joint configurations in the segmented orig-
inal data. However, the synergy space is practicable for
the generation of new, human-like bimanual manipulation
motions.

VI. CONCLUSION

This paper presents a novel bimanual synergy space that
fulfills the objective to generate human-like bimanual motion
trajectories, which have not been directly demonstrated by
a human. The synergy space is learned by training a vari-
ational autoencoder with demonstrated human manipulation
motions. In addition to the classical autoencoder training, a
Riemannian metric is learned on the variance of the latent
synergy space. The learned synergy space is able to represent
bimanual human manipulation motions as trajectories of the
joint posture and velocity and is significantly smoother than
a classical linear synergy space derived by a PCA. Training
the synergy space on both posture and joint velocity provides
an inherent representation of the dynamic motion and yields
a smoother boundary of the synergy space. On the other
hand, a synergy space trained only on postures requires
less synergy variables and achieves similar quality in the
representation and generation of motions. We compare a
Riemannian latent embedding with the classical Euclidean
synergy representation with respect to the generation of
human-like bimanual manipulation motions. Both classical
Euclidean synergy paths as well as geodesics leveraging
the Riemannian metric of the synergy space allow for the
generation of human-like bimanual manipulation motions.

Thereby, the bimanual synergy space provides a simple
yet comprehensive representation to describe and generate
human-like manipulation motions. Our synergy space is able
to represent a wide range of daily household activities. The
Riemannian latent embedding ensures a correct variance
metric to guide the generation of motions.

In the future, we plan to evaluate the motion generation
based on geodesics with respect to interpolation capabili-
ties [26] and consider training and evaluating multiple VAEs



on a smaller subset of the demonstrations for specific biman-
ual actions or categories [18] to highlight the advantages
of the Riemannian metric. So far, the bimanual synergies
are purely kinematic in nature, hence we plan to use them
as a feedforward trajectory generator for a humanoid robot
that needs to be complemented with a feedback controller
for stability. We believe that this representation can simplify
and improve the design of bimanual manipulation control for
humanoid robots.
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