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Abstract—1In robotics and biomechanics, accurately deter-
mining joint parameters and computing the corresponding
forward and inverse kinematics are critical yet often challenging
tasks, especially when dealing with highly individualized and
partly unknown systems. This paper unveils a cutting-edge
kinematic optimizer, underpinned by an autoencoder-based
architecture, to address these challenges. Utilizing a neural
network, our approach simulates inverse kinematics, converting
measurement data into joint-specific parameters during encod-
ing, enabling a stable optimization process. These parameters
are subsequently processed through a predefined, differentiable
forward kinematics model, resulting in a decoded represen-
tation of the original data. Beyond offering a comprehensive
solution to kinematics challenges, our method also unveils
previously unidentified joint parameters. Real experimental
data from knee and hand joints validate the optimizer’s efficacy.
Additionally, our optimizer is multifunctional: it streamlines
the modeling and automation of kinematics and enables a
nuanced evaluation of diverse modeling techniques. By assessing
the differences in reconstruction losses, we illuminate the
merits of each approach. Collectively, this preliminary study
signifies advancements in kinematic optimization, with potential
applications spanning both biomechanics and robotics.

I. INTRODUCTION

In the fields of robotics and biomechanics, determining
joint positions and computing forward and inverse kinematics
are essential. A significant challenge arises when multiple
systems assess the same rigid body without knowledge of
their relative positioning, resulting in missing transforma-
tion functions in forward kinematics [1]. While traditional
methods have been foundational, they often face limitations
in speed and precision, especially in intricate robotic sys-
tems [2].

Recent studies underscore the efficacy of neural network-
based methods in kinematic challenges. Koker et al. [3]
as well as Polyzos et al. [4] introduced a neural network
solution for inverse kinematics in a three-joint robotic ma-
nipulator, demonstrating the capability of neural networks in
determining accurate joint angles from cartesian coordinates.
Duka [5] and Jiang et al. [2] further showcased the versatility
of neural networks in robotic arm trajectory tracking and
the integration of particle swarm optimization with back

*This work was not supported by any organization

INikolas Wilhelm and Sami Haddadin are with the Munich Institute of
Robotics and Machine Intelligence, Technical University of Munich, 80992
Munich, Germany nikolas.wilhelm@tum.de

2Nikolas Wilhelm and Rainer Burgkart are with the Department of
Orthopedics and Sports Orthopedics, Klinikum rechts der Isar, School of
Medicine, 81675 Munich, Germany

3Maximilian Karl and Patrick van der Smagt are with the Volkswa-
gen Group, Machine Learning Research Lab, 80805 Munich, Germany
karlma@argmax.ai

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

propagation networks, respectively, for enhanced kinematic
solutions. Segota et al. [6] emphasized the role of multilayer
perceptrons in industrial robotic manipulators. In biomechan-
ics, deep learning has illuminated human movement nuances,
with works like Henry et al. [7] on foot deformities and
Sun et al. [8] on the synergy of neural circuits and body
mechanics.

Within the context of these advancements, differentiable
kinematics has emerged as a promising avenue. Ono et
al. [9] presented kinematics for a Stewart platform using
moving frames, emphasizing the importance of the special
orthogonal and special Euclidean groups for effective matrix
computations. Furthermore, Fang et al. [10] introduced an
efficient learning-based method to address the inverse kine-
matic problem in soft robots, highlighting the potential of
Jacobian-based iterations and sim-to-real transfer strategies.
Some promising software solutions have emerged as well,
such as Meier et al. [11] with their software solution for
differentiable robotics and Molschl et al. [12] with their
solution for differentiable kinematics using tensorflow 2 [13].

Within this context, autoencoders have emerged as a
pivotal tool. Their ability to encode and decode complex data
positions them as ideal candidates for kinematic optimiza-
tion. Kubovcik et al. [14] demonstrated this by using an au-
toencoder for novelty detection in robotic control. Similarly,
Nagano et al. [15] employed a convolutional variational au-
toencoder for categorizing videos captured by mobile robots.
Midhun and Kurian [16] further showcased the potential of
autoencoders in task-level learning in robotics.

This research introduces an autoencoder-based kinematic
optimizer, processing measurement data (Xp,e,) to model
inverse kinematics and derive joint positions (()), which are
decoded to reconstruct Xmea specifically designed for un-
known biomechanical systems where the axis are undefined
or different modelling strategies can be compared easily. Val-
idations using knee and hand joint measurements underscore
the optimizer’s potential in kinematic optimization across
biomechanical and robotic spheres. This preliminary study
uniquely integrates differentiable kinematics software with
autoencoder-based inverse kinematics, offering a comprehen-
sive solution validated with hand and knee joint data. We
release the source code for differentiable forward kinematics
and optimization in the GitHub repository
https://github.com/NikonPic/DiffAutoKin.
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II. MATERIALS AND METHODS
A. Differential Kinematics

The analysis of kinematic data often employs transforma-
tion matrices to define spatial relationships between coor-
dinate frames. These matrices typically comprise a rotation
matrix, I, and a translation vector, p. Vector differentiation
is pivotal in discerning relative velocity and acceleration in
kinematics, as highlighted by Josephs et al. [17]. Quater-
nions offer a compact representation of the rotation matrix,
facilitating descriptions of orientations and rotations in three-
dimensional space [18].

The transformation matrix linking coordinate frames 0 and
1 is expressed as:

R Rty —RY
Xo1 = [ 8,1 p(i,l:| ‘Xp0= [ 8,1 0,1119071} (1

where X1 and X; o denote the transformation matrices
from frame O to 1 and vice versa, respectively. The rotation
matrix, Ry 1, can be efficiently represented using quater-
nions. Our approach to differential kinematics harnesses
these matrices, offering parallelizability, full differentiability,
and a structure conducive to algorithmic formalization.

In fields like robotics and biomechanics, a rigid body’s
position in 3D space is often represented by a transformation
matrix, T,_p,, indicating the position of body b; relative to an
origin frame o. Such positions can be sourced from tracking
systems like OptiTrack [19] or Vicon [20], or derived from
a forward kinematics model given known joint angles, g:
T,—p,(q). For a kinematics model based solely on transfor-
mation matrices, we distinguish between transformations of
rigid bodies, T},, and joint-related transformations dependent
on joint positions, ¢;, denoted as T;(g;).

a) Rigid Body Transformations: For transformations
pertaining to rigid bodies, the parametrization is rooted in
quaternions and offset vectors. A quaternion, symbolized as
quaty,, = [w,x,y, z], characterizes the spatial orientation of
the rigid body. The offset vector, offsety, = [, y, 2], provides
the translational element, indicating the position of the rigid
body relative to a reference frame. From these parameters,
the transformation matrix 73, is derived, encapsulating both
the rotational data from the quaternion and the translational
information from the offset vector.

b) Joint Transformations for Hinge Joints: Hinge joints
primarily undergo rotational transformations. The position
of the rotational axis is given by position, = [z,v, 2],
and its orientation by the axis vector axis; = [ag,ay,a;],
summarized by the parameter vector 6;. The transformation
matrix for such a joint is determined through the following
steps:

1) Translation to the Joint Axis: The system is first
translated to the rotational axis using T[rans“, derived
from the position vector.

2) Rotation about the Joint Axis: At the joint axis,
the system undergoes a rotation defined by Tmtji(qi).
This rotation matrix, derived using Rodrigues’ rotation
formula, is a function of both the axis vector and the

joint angle ¢;. Specifically, for an angle g about the
axis, the rotation matrix R is:

R=1+sin(q) x K+ (1 —cos(q)) x K* (2)

where [ is the identity matrix and K is the skew-
symmetric matrix:

0 —a, ay
K=| a, 0 —ag 3
—ay  ag 0

3) Inverse Translation from the Joint Axis: The system
is then translated back to its original position using
—1
T‘trans]'i *
The overall transformation matrix for the hinge joint is:

T(a5) = Twans;. * Troy (6) - Tians,., &)

This matrix encapsulates the joint’s spatial position and

orientation, considering its rotational axis, position, and joint
angle.

c) Holistic Kinematics Structure: The kinematic struc-

ture integrates both rigid bodies and joints to define the

transformation from the base to the end effector, denoted
as T.g. This transformation can be represented as:

Ter = H Ty, - Tj(q;) )
=1

where Ty is the cumulative transformation from the base
to the end effector, encompassing all rigid bodies and joints
in the kinematic chain. Each term in the product represents
the transformation associated with a specific body or joint
in the structure. The final kinematics chain is visualized in
Figure 1.

1 Forward Kinematics
1" KinModelg with © = [64,6,, ..., 6,]

x x

To—b, T To-b, To-b,
Rigid Body 1 Rigid Body 2 Rigid Body n
Joint 1 (6;) Joint 2 (8;)

1 —1
T, * Terans;, * Trot;, (@1) * Terans;, | Tb, * Teransj, * Trot;, (@2) * Terans, - * b,

Parameters Rigid Body i Parameters Hinge Joint 6;

offset; = [x,y,2]

rotation; = [w, x,y,z] )
5T, axis; = [, ay,0;1 = Trory, (@)

position; = [x,y,z] = TtranS]‘i

Fig. 1. Forward Kinematics Model Visualization. The model illustrates
the dependency on joint parameters © and showcases the transformations
T, —p,; derived from the kinematic chain.

d) Differentiable Kinematics Software Solution: In ad-
dition to the theoretical foundations and methodologies
discussed, we have developed a comprehensive software
solution that facilitates the generation of a differentiable
kinematics model. This software is designed to automatically
parse a Mujoco-based XML file [21] obtained from the
biomechanical simulator, streamlining the process of model
creation based on the PyTorch framework [22]. The source
code is publicly available and can be accessed at https:
//github.com/NikonPic/DiffAutoKin.
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B. Autoencoder-based Kinematic Optimizer

Leveraging the principles of differentiable forward kine-
matics, we present a state-of-the-art kinematics optimizer
anchored in autoencoder neural network architectures. This
section elucidates the architecture’s design, operational me-
chanics, and the inherent advantages of this approach for
kinematic optimization.

Autoencoders are neural networks tailored for unsuper-
vised learning, aiming to learn efficient data encodings. At its
core, an autoencoder compresses input data into a condensed
representation and subsequently reconstructs the original data
from this compressed form. Given an input z, it is encoded
to a representation y through y = f(z). This representation
is then decoded to produce a reconstruction Z such that
% = g(y). The training goal is to minimize the reconstruction
error, often measured by the mean squared error (MSE):
Lz, &) = ||e — |2 [23].

We can leverage the auto-encoder architecture by interpret-
ing the encoder and decoder as inverse and forward kinemat-
ics, respectively. Consider a dataset X, from a tracking
system, comprising m pose measurements represented as
transformation matrices: Xiea = [Tmea(t1);- - - Tmea(tm)]-
Notably, each matrix Ty,e.(¢;) can be further decomposed
into n distinct transformation matrices 715, _p,, signifying the
poses of the tracked rigid bodies. The encoder, represented
as @ : Q = Inv(Xpea), translates this data into joint
angles Q@ = [q1,...,qm), where each vector @,, presents
the joint angles of the kinematic system and is defined
as ¢ = [q1,---,qn]. The inverse kinematics solution is
modeled by a neural network NNy. These joint angles are
then decoded using the differentiable forward kinematics
model, parameterized by © = [6y,...,0,], to produce the
reconstructed data Xyen = KinModelg (Q). This approach
ensures the kinematics model’s mathematical integrity is
preserved, and the gradient is maintained throughout the
autoencoder, facilitating backpropagation-based updates.

The optimization goal is to minimize the difference be-
tween X ,en and Xmea. This reconstruction error forms our
loss function:

. 1 & .
E(XmeaaXmea) = E Z”Tmea(ti) - Tmea(ti)”Q (6)
=1

Using gradient-based optimization, parameters ¥ and © are
iteratively refined to minimize £. The choice of optimization
algorithm can be adapted based on the problem specifics and
computational considerations.

U* 0* = arglqulvlélﬁ(Xmea,Xmea) (7

Through this optimization, the autoencoder adeptly addresses
both inverse and forward kinematics challenges, offering
a holistic solution for kinematic analyses. The integrated
workflow is depicted in Figure 2.

C. Regularization Techniques

To improve the robustness and generalizability of our
autoencoder-based kinematic optimizer, we integrated two

Inverse

Forward

Kinematics Kinematics
Measurement Angular Reconstructed
Positions Representations Measurement
Encoder p Decoder ‘ Positions
NNy KinModelg '
Xmea Qmea X
mea
oL aL *
SIA S R 9
N MSE Loss .
L = MSE(Xmea, Xmea)
Fig. 2. Overview of the autoencoder architecture for kinematics. The

encoder translates measurement data Xmea to joint angles @, while the
decoder reconstructs this data using the differentiable kinematics model.
Gradients, shown as dotted arrows, flow through the entire architecture
during optimization, ensuring minimized reconstruction error and integrating
solutions for both inverse and forward kinematics.

advanced regularization techniques: Independent Component
Analysis (ICA) and Variational Autoencoder (VAE).

Independent Component Analysis (ICA): ICA tradition-
ally decomposes a multivariate signal into additive, inde-
pendent non-Gaussian components [24]. In the context of
our model, the objective is to encourage the components of
the encoded representation to be as independent as possible.
To achieve this, we introduce an ICA-inspired regularization
term, Lica, which is defined as:

Lica = Z cov(qi, 4;)* ®)
i#]

where ¢; and ¢; are the components of the encoded repre-
sentation ¢. This loss function computes the penalty based
on the off-diagonal elements of the covariance matrix of the
encoded representations. By penalizing the squared values of
these off-diagonal elements, the loss encourages the encoded
features to be more independent of each other. The Lica
term is then combined with the primary reconstruction loss
to train the model.

Variational Autoencoder (VAE): VAEs extend the au-
toencoder paradigm by encoding input data, such as Xea,
into a probabilistic distribution, thereby introducing a
stochastic dimension to the autoencoder framework [25]. The
VAE loss is a combination of the reconstruction loss and the
KL-divergence, Lkr,. The KL-divergence ensures that the
encoded representations are regularized towards a standard
normal distribution:

1
LKL:7§Z(1+log(U?)*H?*Uz‘2) ©)

K2

where p; and o? represent the mean and variance of the

encoded distribution for the i*" sample.

The reconstruction loss is modeled considering the de-
coder’s output as a Gaussian distribution. The mean of
this distribution is determined by the output of the neural
network, NNy, while its variance is parameterized by a
learnable log standard deviation, initialized to log(0.05):

Lyec = _EQNQ‘I)(Q‘XIHea)[lng@ (Xmeal Q)] (10)
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where pe(Xmea|@) denotes the Gaussian distribution de-
fined by the decoder. The overall VAE loss, Lyag, is then
given by:

Lvag = Lyec + ALkL (1)
with A serving as a weighting factor.

Both ICA and VAE were utilized independently, offer-
ing unique benefits: ICA promotes feature independence,
ideal for models with redundant axes requiring decoupling,
whereas VAE enhances the smoothness and generalizability
of the latent space, thus increasing robustness against noisy
measurement data. By integrating these approaches, our goal
was to develop a kinematic optimizer that achieves a balance
between accuracy, robustness, and interpretability.

D. Experimental Validation

To rigorously evaluate the autoencoder-based kinematic
optimizer, especially when augmented with ICA and VAE
techniques, we conducted experiments using kinematic data
from two real-world setups, as depicted in Figure 3.

Fig. 3. Experimental setups for kinematic data acquisition: (a) Hand
testbench capturing movements of the index finger’s MCP, PIP, and DIP
joints, and the thumb’s CMC, MCP, and IP joints (authors’ unpublished
data). (b) Data from Wilhelm et al. [26] representing knee joint motions
across multiple DOFs.

The base models originate from the primary MuJoCo
models of the respective datasets and are provided in the
GitHub repository. These models are first converted into
kinematic representations and subsequently reformatted to
MuJoCo’s format for evaluation. For the hand testbench,
we analyzed joint positions of the index finger (MCP, PIP,
DIP) and thumb (CMC, MCP, IP) during pincer grip motion.
The knee joint, given its multiple DOFs, required testing on
three distinct models (1 DOF, 2 DOFs, 3 DOFs) using the
dataset from Wilhelm et al. [26]. Our algorithm aimed to
identify optimal representations, especially for the 1 and 2
DOF models.

Further analysis was conducted using VAE and ICA tech-
niques, with derived motion axes visualized. The primary
evaluation metric was the reconstruction loss (MSE), applied
to an independent validation subset (10% of total data).

III. RESULTS

This section presents the performance evaluation of the
autoencoder-based kinematic optimizer, emphasizing the en-
hancements provided by ICA and VAE regularization tech-
niques, using data from a hand testbench and a knee joint
dataset with the task to find all joint axis and solve the
corresponding inverse kinematics problem.

A. Hand Testbench Analysis

The hand testbench experiments were conducted to assess
the performance of three autoencoder variants: the standard
Autoencoder (AE), the Autoencoder augmented with Inde-
pendent Component Analysis (AE+ICA), and the Variational
Autoencoder (VAE). These experiments had a dual objective.
Firstly, simulated data was generated based on predefined
anatomical axis positions, providing the initial dataset for
validation. Secondly, actual measurement data from the
testbench was employed for kinematic identification. For
both scenarios, the decoder model’s axis parameters were
initialized at random.

Figure 4 presents the validation reconstruction loss, quan-
tified by MSE, over three independent training iterations for
each variant and dataset. Adjacent to the loss plots, hand
models depict the trained joint axes, highlighted using dotted
lines corresponding to the color of each model’s loss curve.

Simulated data e
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Fig. 4. Training progression for hand model joint optimization across three
independent runs for the simulated data (top) and the actual measurement
data (bottom). The MSE loss on the validation dataset as the mean over
all joints from the hand-testbench data is plotted for AE (blue), AE+ICA
(orange), and VAE (green). Beside each loss curve, hand models illustrate
the trained joint axes, emphasized using dotted lines in the respective model
colors.

In terms of performance, the AE+ICA variant exhibited the
highest error with losses exceeding 2 x 10~2 for simulated
and 3 x 103 for measurement data. The VAE variant
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Fig. 5. Training progression for three model variations: 1-DOF (top),
2-DOF (middle), and 3-DOF (bottom), evaluated using the MSE loss on
the validation dataset from Wilhelm et al. [26] over three independent
training runs. The models encompass the standard autoencoder (AE, blue),
the ICA-enhanced autoencoder (AE+ICA, orange), and the Variational
Autoencoder (VAE, green). Adjacent knee models illustrate the derived joint
axes, emphasized using dotted lines.

followed with losses greater than 7 x 10~° for simulated
and 1 x 10~* for measurement data. In contrast, the AE
variant showcased the best performance, achieving losses
below 9 x 107 for simulated and 6 x 10~% for measurement
data.

B. Knee Joint Analysis

The knee joint, characterized by its intricate structure and
multiple degrees of freedom (DOFs), necessitated a nuanced
evaluation. We assessed our optimizer’s performance across
three distinct models, each representing 1 DOF, 2 DOFs, and
3 DOFs. Figure 5 visualizes the reconstruction loss for each
model.

For the 1 DOF model, all variants (AE, AE+ICA, VAE)
reported errors exceeding 1073, In the 2 DOF model, the
AE+ICA and VAE exhibited MSE greater than 3 x 1074,
while the AE was the most accurate, registering below 1074,
The AE model attained its objective by aligning the two

available axes to be nearly parallel, utilizing high angular
values. This alignment resulted in low reconstruction errors,
as evidenced by the significant decrease observed in the loss
curve. For the 3 DOF configuration, the AE+ICA was the
highest with a loss above 2 x 10~%, while VAE achieved
1.7 x 1079 and AE recorded errors below 1 x 1076, A
summary of the Mean Squared Error (MSE) values for
each model across different Degrees of Freedom (DOF) is
provided in Table L.

TABLE 1
MEAN MSE VALUES REPRESENTING THE RECONSTRUCTION LOSS OF
THE MEASUREMENT DATA FOR EACH VARIANT ACROSS DIFFERENT
MODELS, AVERAGED OVER THREE INDEPENDENT TRAINING RUNS ON
THE REAL DATASETS.

Model AE AE+ICA VAE
knee 1-DOF | 4.5 x 1073 | 4.5x 1073 | 4.6 x 10~3
knee 2-DOF | 5.6 x 107° | 3.2 x10~% | 3.1 x 10~%
knee 3-DOF | 1.6 x 10~7 | 2.8 x 1076 | 1.7 x 106
hand 7-DOF | 9.6 x 1075 | 3.0 x 1073 | 1.6 x 10—*

C. Decoupling Joint Trajectories: 3-DOF AE Compared to
3-DOF AE+ICA

All model variants, including AE (error 1 X 1079,
AE+ICA (error 1 x 107%), and VAE (error 1 x 1075), offer
valid solutions for both forward and inverse kinematics due
to their low reconstruction errors for the presented problem.
For the following analysis we will however only focus on the
resulting joint trajectories for the AE and AE+ICA versions
for comparison to focus on the decoupling effect of the
AE+ICA variant only. The joint trajectories, derived from
Wilhelm et al.’s dataset [26], are illustrated in Figure 6.

The AE+ICA method distinctly separates the flexion axis
(orange) from the other two axes: internal-external rotation
(green) and varus-valgus (blue). In contrast, the AE method
shows coupled trajectories, especially during high flexion
angles (timesteps 80,000 to 100,000), resulting in significant
angles across all axes.

IV. DISCUSSION

This section delves into the implications of the experimen-
tal results, evaluating the performance and adaptability of
the autoencoder-based kinematic optimizer, especially when
enhanced with ICA and VAE regularization techniques.

A. Hand Testbench

The hand testbench results highlight the AE and VAE vari-
ants’ commendable performance in reconstructing simulated
data, both registering errors around 1 x 10~°. In terms of the
identified joint axes, they align closely with the predefined
anatomical axes used for data generation. For the measure-
ment data, we observed slightly elevated errors, which are
consistent with the measurement inaccuracies inherent in
the data. The axes defined by the optimizer also correlate
well with the expected anatomical axes. In contrast, the
ICA variant struggled with multiple one-dimensional axes,
attempting to further decouple these inherently independent
axes.
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Fig. 6. Joint trajectory comparison for the 3-DOF knee joint using
Wilhelm et al.’s data [26] sampled at 100 Hz. The top graph represents the
AE-based method, while the bottom graph depicts the AE+ICA approach.
Corresponding joint axes are color-coded on the right.

B. Knee Joint Analysis: Model Adaptability Across DOFs

« 1 DOF: All models identified the knee joint’s flexion
axis as the primary kinematic feature, reinforcing their
capability to discern critical biomechanical attributes.

e 2 DOF: The AE model, despite its low error, derived
nearly parallel axes, suggesting a potential trade-off
between error minimization and anatomical accuracy.

e 3 DOF: The AE+ICA model aligned with established
biomechanical knowledge, identifying expected orthog-
onal axes. In contrast, the AE model’s approach, while
precise, might be less interpretable followed by the VAE
variant with similar issues.

For models with multiple DOFs along a singular joint,
the AE+ICA variant stands out by providing anatomical
interpretability through its effective decoupling of joint axes.
In contrast, while the AE variant excels in precision, it may
compromise on interpretability. Although the VAE variant
may not be the most interpretable in this context, it con-
sistently exhibits low reconstruction errors. Its robustness
is particularly evident for noisy datasets, attributed to its
probabilistic treatment of both input and output spaces.

C. Joint Trajectories: AE vs. AE+ICA

The AE and AE+ICA methods’ trajectory differences for
the 3-DOF knee joint model highlight their distinct opti-
mization strategies. The AE+ICA’s differentiation between
the flexion axis and other axes aligns with anatomical ex-
pectations. Conversely, the AE’s trajectory coupling strategy,

while effective in error reduction, may not always align with
conventional biomechanical understanding.

D. Comparison with Existing Literature

The integration of autoencoders in our kinematic optimiza-
tion study aligns with and diverges from prevailing literature
in notable ways. Li et al. [27] highlighted the importance
of precise trajectory planning in complex environments, a
principle that is congruent with our objectives, even though
their primary focus was on autonomous parking. Sundar-
alingam and Hermans [28] underscored the adaptability in
kinematic trajectory optimization, a trait that resonates with
the versatility observed in our AE and AE+ICA models. In
contrast, Mari’c et al. [29] introduced a distinct Riemannian
optimization method for the inverse kinematics problem, em-
phasizing a different approach but sharing the broader goal of
addressing kinematic challenges. Li et al. [30], while operat-
ing in a disparate domain of mining truck trajectory planning,
echoed the pervasive challenges in kinematic optimization.
Our research offers novel insights, particularly the efficacy of
ICA and VAE regularization techniques, suggesting potential
avenues for refining kinematic optimization models.

E. Limitations

This study’s primary limitation is its dependence on a
singular validation dataset, potentially overlooking the vari-
ability inherent in joint movements across varied popu-
lations. Furthermore, inherent assumptions in the models,
particularly concerning joint constraints and movement re-
dundancies, may constrain their applicability to alternative
datasets or practical contexts. It’s essential to recognize
that the optimized kinematic model in general only serves
as a surrogate to the actual ground truth model, focusing
primarily on minimizing reconstruction errors. A more com-
prehensive evaluation is warranted to contrast the derived
joint parameters with the true parameters in established
systems.

V. CONCLUSION

This research introduced a versatile autoencoder-based
kinematic optimizer capable of concurrently solving both
forward and inverse kinematics for diverse models and
datasets using a predefined and differentiable structure for
forward kinematics. The methodology demonstrated its effi-
cacy by successfully identifying surrogate kinematic models
with low reconstruction errors for two anatomically distinct
joints: the hand and the knee. Notably, the optimizer aids in
interpreting and identifying compromise axis, as evidenced
by its performance with the knee joint under reduced degrees
of freedom. The architecture, characterized by its simplicity
and efficiency, stands as a notable contribution in the realm of
kinematic optimization. The study’s findings underscore the
potential of this approach as a robust tool for biomechanics,
robotics, and related disciplines, offering a promising avenue
for future advancements in the field.
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