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Abstract — Inverse kinematics (IK) is a fundamental concept in robotics, essential for calculating the
necessary joint angles to achieve a desired position and orientation of an end-effector in robotic arms and other
articulated systems. Traditional methods of solving IK, such as analytical and numerical approaches, face
significant challenges when addressing modern robotic applications' complexities and computational demands.
This paper explores the integration of deep neural networks (DNNSs) as a transformative approach to these IK
challenges. DNNs offer a significant advantage in handling the nonlinearities inherent in robotic systems and
provide a flexible framework for optimizing joint configurations with energy efficiency and obstacle avoidance
considerations. The study presents a detailed comparison of traditional and neural network-based methods,
highlighting the enhanced adaptability, efficiency, and robustness of neural networks. The paper discusses
neural network architectures and their implementation for a 2D robotic arm. This advancement represents a
pivotal shift from rigidity to flexibility in robotic motion planning and control, promising substantial
improvements in robotic autonomy and functionality.
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1 Introduction

Inverse kinematics (IK) is a pivotal concept in robotics
essential for calculating the necessary joint angles of a robotic
arm or other articulated systems to achieve a desired position
and orientation of its end-effector, such as a gripper. This
process contrasts with forward kinematics, which involves
determining the end-effector's location based on known joint
angles. IK is fundamental in various applications, from
controlling robots and planning their motions to generating
realistic animations in computer graphics [1].

Suppose having a robotic arm with two joints (a 2-link
planar arm), as shown in Figure 1, and determining the joint
angles that allow the end-effector (hand) of the robot to reach
a specific point in the 2D plane. The inverse kinematics
problem here is finding the joint angles 61 and 62 given the
end-effector's desired position (X, y).

)\ (x,y) Desired location

Figure 1: the two-joint robotic arm with the two angles, 01
and 02.

Inverse kinematics (IK) is a fundamental concept in
robotics used to calculate the required joint angles of a robotic
arm or similar articulated system to achieve its end-effector's
desired position and orientation. This contrasts with forward
kinematics, which determines the end-effector's location
based on joint angles, as shown in Figure 2. IK plays a vital

role in robot control, motion planning, and the creation of
realistic animations.
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Figure 2: Relationship between forward and inverse
kinematics.

The accuracy and efficiency of solving IK problems
directly impact a robot's ability to interact with its
environment effectively and perform highly precise tasks.
However, traditional IK methods often face challenges
related to system complexity and computational demands,
especially in real-time applications [2].

Neural networks present a promising alternative to
traditional 1K solutions due to their ability to model complex,
non-linear relationships inherent in robotic systems. They are
particularly advantageous for systems with redundant degrees
of freedom, offering the potential to select optimal joint
configurations based on additional criteria such as energy
efficiency or obstacle avoidance [3].

This paper discusses the traditional approaches to
solving IK problems, outlining their strengths and limitations,
and introduces how modern advancements in neural networks
offer potent solutions to overcome these challenges. By
enhancing the ability to compute joint configurations
accurately and  efficiently, neural networks are
revolutionizing the field, providing more adaptive and robust
systems for complex robotic applications.
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2 Traditional IK Methods

Traditional methods for solving inverse kinematics (1K)
in robotics and computer graphics are typically categorized
into two main approaches: analytical and numerical methods,
each with its unique strengths and suited for different problem
types.

Numerical methods approach inverse kinematics
through iterative refinement, using techniques like
manipulating the Jacobian matrix, gradient descent, and
heuristic methods like Cyclic Coordinate Descent. These
methods are flexible and capable of handling complex
systems but tend to be slower and risk failing to find the
optimal solution.

The choice between analytical and numerical methods
for solving inverse kinematics depends on factors such as the
complexity of the robotic arm, the need for real-time
processing, and the precision required in positioning the end
effector. Each method requires a deep understanding of the
system's kinematics and involves complex calculations.

2.1  Traditional IK Challenges

Traditional methods for solving inverse kinematics (1K)
encounter several challenges, particularly as the complexity
of robotic systems and application requirements increase. A
primary issue is the complexity of systems with a high
number of degrees of freedom, which makes the 1K equations
more complicated to solve. Physical constraints such as joint
limits and mechanical interferences further complicate the IK
problem.

Non-linear relationships between joint angles and the
end effector's position contribute to the complexity, resulting
in non-linear equations that are difficult to solve. Singularities
in the Jacobian matrix used in numerical methods can also
occur, leading to undefined solutions and unpredictable
robotic arm behaviors.

Computational efficiency is another significant
challenge. While analytical solutions can be very fast, they
are limited to simpler systems. Numerical methods offer more
flexibility but can be computationally intensive, which might
not be practical for real-time applications. These methods
often rely on iterative algorithms that may converge slowly
and require parameter tuning to achieve acceptable
performance, potentially leading to inaccuracies and
instability, especially in high-speed movements or near-
singular configurations.

Optimization-based methods for IK can get trapped in
local minima, making it difficult to find the global optimum
solution. Additionally, IK solutions need to integrate
seamlessly with other parts of the robotic system, such as path
planning and collision detection. Misalignments in
integration can lead to inefficient or unsafe operations.
Addressing these challenges often involves a blend of
advanced mathematical techniques and sophisticated
algorithm design, sometimes integrating learning-based
methods with traditional approaches to developing robust
solutions for real-world applications.

Addressing these challenges often requires combining
advanced mathematical techniques, sophisticated algorithm
design, and sometimes integrating learning-based methods
with traditional approaches to create robust and flexible
solutions for real-world applications.
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3 Inverse Kinematics (1K) Using Neural Networks.

Neural networks can be a powerful solution for the
inverse kinematics challenge due to several key advantages:

The non-linear nature of many robotic systems, along
with the potential for redundant degrees of freedom (wherein
multiple joint configurations may achieve the same end-
effector position), presents challenges for conventional IK
methods. Neural networks are well-suited to model these non-
linear relationships and can learn efficient solutions for
redundant systems, choosing among many possible joint
configurations to optimize additional criteria like smooth
motion or obstacle avoidance.

A key strength of neural networks lies in their ability to
generalize. When trained on a diverse dataset of joint
configurations and end-effector positions, a well-trained
neural network can often produce reasonable solutions even
for positions it has not encountered during training. This
makes them more adaptable than some traditional IK
methods, which might be prone to failure when presented
with new scenarios outside their specifically programmed
parameters.

Solving inverse kinematics problems using analytical or
iterative methods can be computationally expensive,
especially for robots with many joints. In contrast, once
trained, a neural network acts as a highly optimized function.
Given a desired end-effector position, it can rapidly compute
the corresponding joint angles. This speed advantage opens
up the possibility of using neural networks for real-time robot
control, where fast reactions are essential.

Neural networks can incorporate data from various
sensors (e.g., cameras, force, tactile sensors). Integrating this
sensor data allows the network to refine its inverse kinematics
solutions. This might involve adjusting joint angles to avoid
obstacles detected by a camera or responding to the feel of an
object through tactile sensors. Integrating sensor data makes
robots more adaptable and responsive to their environments.

When designing neural networks for inverse kinematics
(IK), the choice of architecture can significantly influence the
performance and efficiency of the system. Below are some
common neural network architectures frequently used to
solve IK problems:

3.1  Feed-forward Neural Networks (FNNs)

FNNs have proven to be effective in solving the Inverse
Kinematics (IK) problem, particularly in robots with limited
degrees of freedom (DOF). Studies have shown that
multilayer FNNs can be trained to map desired end-effector
poses to corresponding joint angles. This approach offers a
straightforward and efficient solution, overcoming the
limitations  associated  with traditional algorithmic
methods[1].

3.2 Reinforcement Learning (RF)

Reinforcement learning has become a valuable tool in
robotics, particularly in addressing complex issues like
inverse kinematics. Inverse kinematics, which involves
determining the joint parameters of a robot to achieve a
desired end-effector position, can be challenging to solve
analytically for intricate robotic systems. Reinforcement
learning techniques can provide a promising alternative to
manually specifying reward functions [4].
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Recent studies have investigated the use of deep
reinforcement learning algorithms in solving inverse
kinematics problems. For example, Lin et al. [5] applied
automatic goal generation to a deep reinforcement learning
algorithm to effectively learn an inverse kinematics solution
for a hybrid banana-harvesting robot. Similarly, Sekkat et
al.[6] proposed a methodology that employs deep
reinforcement learning to generate joint-space trajectories for
stable configurations, aiding in solving inverse kinematics for
robotic arm control.

Furthermore, integrating inverse reinforcement learning
with real trajectories has been demonstrated to enhance the
reliability of simulations. Utilized Inverse Reinforcement
Learning with algorithms like Maximum Entropy and Feature
Matching to estimate reward functions for interactions
between cyclists and pedestrians, demonstrating the practical
applications of this approach [7].

Moreover, the literature emphasizes the importance of
inverse reinforcement learning in learning reward functions
directly from expert demonstrations. This approach provides
a valuable paradigm for understanding underlying reward
mechanisms without manual intervention, highlighting the
potential of inverse reinforcement [8], [9] learning in
inferring expert reward functions from demonstrations,
offering a viable solution to the challenge of reward
engineering.

3.3 Recurrent Neural Networks (RNNSs)

Recurrent Neural Networks (RNNs) have been
extensively studied and applied in various fields due to their
ability to model sequential data effectively. RNNSs, such as
Long Short-Term Memory (LSTM) networks, are known for
capturing long-range temporal dependencies and addressing
issues like the vanishing gradient problem in conventional
RNNSs [10]. These networks have been successfully used in
speech recognition [11], heart failure onset detection [12],
activity recognition [13], speech synthesis [14], and even for
computing the Drazin inverse of matrices [15]. The flexibility
and power of RNNs lie in their capability to learn and
represent complex patterns in sequential data [16].

In the context of robotics and kinematics, Recurrent
Neural Networks (RNNs) have shown promise in solving
inverse kinematics problems. For instance, a novel
integration-enhanced recurrent neural network (IE-RNN)
was proposed specifically for resolving kinematic resolutions
of redundant robot manipulators [17]. Additionally, RNNs
have been utilized for transient detection in robotic assembly
tasks, where joint torques of robots are used as input [18].
These applications demonstrate the versatility of RNNs in
handling complex tasks in robotics and automation.

Moreover, RNNs have been employed in dynamic
models for soft continuum manipulators, showcasing their
ability to approximate high-dimensional equations in real-
time scenarios [19]. The use of RNNs in real-time
applications, such as edge inference accelerators, highlights
their significance in enabling low-latency processing for tasks
like 10T, robotics, and human-machine interaction [20], [21].

3.4  Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) have gained
significant traction in various fields, particularly in computer
vision and robotics. CNNs have been extensively utilized in
tasks such as image classification, object detection, and
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segmentation due to their ability to extract hierarchical
features from visual data [22], [23]. These networks have
shown remarkable performance in diverse applications,
including depth estimation, object recognition, and grasp
detection in robotics [24], [25], [26].

In the context of inverse kinematics, CNNs offer a
promising approach to solving complex problems. By
leveraging the capabilities of CNNs in extracting features and
learning spatial relationships, these networks can be applied
to infer joint configurations from end-effector positions in
robotic systems. The use of CNNs for robot grasp detection
and object gripping algorithms demonstrates their potential to
handle kinematic tasks efficiently [24], [25], [26].

Moreover, CNNs have been employed in robot path
planning, where the environment is classified based on visual
inputs to facilitate navigation [27]. Additionally, CNNs have
been integrated with reinforcement learning techniques for
robot motion planning under uncertain conditions,
showcasing their adaptability and robustness in dynamic
environments [28].

Furthermore, the application of CNNs in real-time grasp
detection and assembly manipulation tasks highlights their
effectiveness in enhancing human-robot interaction and
improving the efficiency of industrial processes [29], [30].
The ability of CNNs to process visual data and make
informed decisions based on learned patterns makes them a
valuable tool for addressing kinematic challenges in robotics.

3.5  Autoencoders

Autoencoders, particularly Variational Autoencoders
(VAEs), have gained prominence in unsupervised learning
tasks due to their ability to capture complex distributions
effectively [31]. In the context of robotics and, specifically,
inverse kinematics, autoencoders offer a promising approach
to solving intricate problems. By leveraging the encoding-
decoding mechanism of autoencoders, these models can learn
meaningful representations of input data, which can be
particularly useful in inferring joint configurations from end-
effector positions in robotic systems.

The application of autoencoders in solving inverse
kinematics problems has been demonstrated in various
studies. For instance, a study utilized a convolutional
autoencoder's decoder function for reduced-order modeling
of non-linear time-dependent parametrized partial differential
equations [32]. Additionally, the latent space features of a
convolutional autoencoder were employed in a hybrid
machine learning inversion method for estimating subsurface
velocity models [33]. These applications showcase the
versatility of autoencoders in handling complex tasks in
different domains.

Moreover, autoencoder-based solutions have been
proposed for fault diagnosis in wind turbine generators,
emphasizing the robustness and generalizability of
autoencoder models in diverse engineering applications [34].
Furthermore, using autoencoders in generative graphical
inverse kinematics models highlights their capacity to
represent diverse solution efficiently sets [35].

3.6 Graph Neural Networks (GNNs)

Graph Neural Networks (GNNs) have emerged as a
powerful tool in various domains, including robotics, due to
their ability to effectively model graph-structured data.
Recent advances in GNNs have shown considerable success
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in addressing complex challenges, such as inverse kinematics
in robotic systems [36]. By leveraging the flexibility and
adaptability of GNNSs, researchers have explored innovative
approaches to tackle inverse kinematics problems efficiently.

One study investigated a novel distance-geometric robot
representation coupled with a graph structure to leverage the
capabilities of GNNs for generative graphical inverse
kinematics [35]. This approach aimed to address key
shortcomings in traditional methods by utilizing the
flexibility of GNNs to model complex relationships in robot
kinematics effectively. Additionally, a learning framework
was proposed to discover the representation of a robot's
kinematic structure and motion embedding spaces using
GNNs[10]. This framework highlights the potential of GNNs
in capturing intricate relationships within robotic systems for
tasks like motion planning and control.

Moreover, a study presented a gradient neural network
(GNN) to solve the time-varying inverse kinematics problem
of a four-wheel mobile robotic arm, showcasing the ability of
GNNs to approximate time-varying inverse kinematics
solutions efficiently [37]. This application demonstrates the
utility of GNNs in addressing dynamic kinematic challenges
in robotic systems.

3.7  Attention Mechanisms and Transformers

Attention Mechanisms and Transformers, initially
developed for natural language processing, have been
adapted to solve inverse kinematics (IK) problems in
robotics, specifically for soft robotic limbs. By reframing the
IK challenge as a sequential prediction problem, Kinematics
Transformer offers a sophisticated approach to modeling the
intricate movements of soft robots. This methodology
leverages the transformer architecture to perform numerical
simulations that control soft limbs with higher accuracy and
precision compared to traditional feed-forward neural
networks. Such advancements demonstrate the potential of
advanced computational models to enhance the functionality
and adaptability of robotic systems in dynamic environments
[38].

3.8 Integration with Classical Techniques

Hybrid models that combine neural networks with
classical kinematic solvers can be effective in solving inverse
kinematics (1K) problems, particularly for complex mappings
or when physical constraints need to be met. These hybrid
models use neural networks to approximate complex
mappings and classical methods to refine solutions or ensure
physical constraints are met.

One example of a hybrid model is the use of an Extreme
Learning Machine (ELM) to solve IK problems with a hybrid
forward model [39]. The ELM learner is used to exploit the
hybrid forward model for IK, which is a combination of
classical kinematics and data-driven modeling. This approach
is effective in improving IK for complex systems.

Another example is the use of a hybrid algorithm for IK
using deep learning and coordinate transformation [40]. This
algorithm derives and verifies rigid and flexible body
kinematic and dynamic models of complex parallel robots,
including crank and slider mechanisms.
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A third example is the use of a hybrid analytical-neural
inverse kinematics solution (HybrlIK) for 3D human pose and
shape estimation [41], [42]. HybrIK directly transforms
accurate 3D joints to relative body-part rotations for 3D body
mesh reconstruction via the twist-and-swing decomposition.
The swing rotation is analytically solved with 3D joints, and
the twist rotation is derived from visual cues through a neural
network. This approach preserves both the accuracy of 3D
pose and the realistic body structure of the parametric human
model, leading to a pixel-aligned 3D body mesh and a more
accurate 3D pose than pure 3D key point estimation methods.

4  Selecting The Appropriate Neural Network
Architecture

The selection of a suitable neural network architecture
for inverse kinematics (IK) is critical and varies; several key
factors need to be considered beyond just the complexity of
the robot and the specific tasks it needs to perform. Utilizing
neural networks for IK offers an innovative approach to
estimating joint configurations, enhancing error reduction,
and improving adaptability in robotic control systems. To
ensure optimal performance and efficiency, it is essential to
consider various key factors when choosing the appropriate
neural network architecture for IK solutions. These factors
include:

The complexity of the robot, particularly the number of
degrees of freedom, directly impacts the choice of neural
network architecture. Robots with more joints and moving
parts have more complex kinematic chains, making the
modeling of joint angles to end-effector positions more
challenging. Deep neural networks are preferred for these
applications because they can learn complex, hierarchical
feature representations. The deep layers of these networks can
understand intricate, non-linear relationships which are
typical in highly articulated robots.

The specific operational tasks assigned to the robot also
dictate the architectural choice. For tasks requiring high
precision, such as assembly operations, the stability and
accuracy of the network are paramount. Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks
(RNNS), including LSTMs and GRUSs, are highlighted as
beneficial for these tasks. CNNs excel in spatial recognition
which can be crucial in assembly where precise placement is
necessary. RNNs, on the other hand, are effective at handling
sequences and temporal data, making them ideal for tasks that
involve complex movements and require maintaining
temporal dependencies. These capabilities ensure the
production of consistent and reliable outputs needed for
precision tasks.

The size and quality of available training data are
paramount. When diverse, abundant data is available, more
complex models can be employed without the risk of
overfitting, leveraging deep networks to extract intricate
patterns. Conversely, limited data necessitates simpler
architectures, less prone to overfitting, and better generalizing
with less data. Transfer learning may also be appropriate with
limited training examples.
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In scenarios where real-time processing is essential, the
choice of neural network architecture leans heavily towards
those that are computationally efficient. Lightweight models
that support parallelization, such as Convolutional Neural
Networks (CNNs), are preferred because they require less
computational power and can provide faster inference times.
This is particularly critical in environments with limited
computational resources, such as embedded systems or edge
devices, where the capability to handle complex models is
restricted. In these cases, choosing inherently efficient
architectures or applying optimizations like Depth-wise
Separable Convolutions can be essential to meet performance
criteria without overburdening the hardware.

One crucial factor is the generalization needs of the
system. The ability of the neural network to generalize well
to new, unseen scenarios is particularly important for robots
operating in dynamic environments. Robots often need to
handle a wide range of situations and adapt to changing
conditions, so the neural network architecture must be able to
generalize beyond the training data. Techniques like
regularization and architectures that can handle variance well,
such as Variational Autoencoders and Generative Adversarial
Networks, can help improve the generalization capabilities of
the neural network.

Another important consideration is the robustness and
noise tolerance of the architecture. In real-world
environments, the input data the robot receives may be noisy
or incomplete due to sensor imperfections or other
environmental factors. Choosing a neural network
architecture that can handle such uncertainties is essential for
robust performance. Architectures incorporating attention
mechanisms or integrating uncertainty estimation within their
framework, like Bayesian Neural Networks, can be beneficial
in these scenarios.

A critical aspect of deploying neural networks in robotic
systems is their ability to integrate with other components of
the robotic system, such as sensors, control systems, and
additional processing units. Effective integration ensures that
the neural network can receive inputs from and send outputs
to other systems smoothly, maintaining low latency and
proper synchronization. This is essential for the overall
performance and functionality of the robotic system, as poor
integration can lead to delays, errors, and inefficiencies.

5 Methods

5.1  Solving IK Problem for a 2D Robotic Arm

Forward Kinematics Simulation: Use forward
kinematics to generate training data as shown in Figure 3. For
each pair of joint angles 01 and 0, calculate the corresponding
end-effector position using the arm's forward kinematics
equations:

X = L; cos(6,) + L, cos(8; +6,) (1)

where L; and L, are the lengths of the first and second
arm segments, respectively.
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Figure 3: All possible 61 and 62 values.

5.2  Generate Training Data

Randomly sample values of 61 and 6, within their allowable
ranges (0 tomw/2 and O to w respectively) generate various
(X, y) positions.

XY coordinates generated for all thetal and theta2 combinations

« Training data points
175 ! 1l ! @~ Robotic Arm Configuration

Figure 4: X-Y coordinates generated for all 6, and 8,
combinations using the forward kinematics formula.

5.3  Neural Network Architecture and Training

The neural network designed for inverse kinematics
features a two-neuron input layer that captures the X and Y
coordinates of a robotic arm's end-effector. This feeds into a
structure with two hidden layers—the first with 64 neurons
and the second with 32, both utilizing ReLU activation
functions for non-linear processing. The network concludes
with an output layer of two neurons predicting the joint
angles, 01 and 0,. During training, it employs a Mean Squared
Error loss function and an Adam optimizer over 1000 epochs
at a learning rate of 0.001, facilitating efficient weight
adjustments and convergence to accurate angle predictions.

6 Results

Table 1summarizes the performance of a neural
network model trained to predict the joint angles, 6, and 6,,
for the inverse kinematics of a two-joint robotic arm. Across
ten test points (P1 to P10), the model's predictions are
compared with the actual angles, with the discrepancies
quantified as end-effector errors.
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Table 1. 61and 62 Actual vs Predicted Values and End Effector Error
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Point Actual Predicted End Effector
omn 0, 0, 0, 0, Error
P1 1.49 2.95 1.51 291 0.31
P2 1.55 0.25 1.52 0.41 0.55
P3 1.55 0.73 1.55 0.75 0.11
P4 0.10 1.87 0.13 1.87 0.30
P5 0.68 0.73 0.73 0.60 0.36
P6 0.40 2.60 0.39 2.64 0.27
p7 0.10 1.75 0.12 1.75 0.25
P8 0.81 2.03 0.83 2.01 0.23
P9 1.11 0.83 1.14 0.72 0.40
P10 1.54 1.08 1.55 1.06 0.08
) P1: Error = 0.33 e P2: Error = 0.57 ® P3: Error = 0,32 P4: Error = 0.18 P5: Ermor = 0.56
) P6: Frr:r - D_:ﬂ ’ oo :.UP?')I'::m:“.J- ﬂz'l; . N o " :HU F'rr:r)- ::“x v a ’ ’ . . ’ N “ ’ ’ P;D' F'!Tﬂ! -UD_]'JB N
ofe— ?

Figure 5: the Actual 8, and 0, vs. Predicted Values and End Effector Error

The results show that for most points, the predicted
angles are quite close to the actual angles, with 6, predictions
being particularly accurate. The end-effector errors, which
measure the Euclidean distance between the actual and
predicted positions of the end effector, are generally low,
indicating a good model performance. For example, at point
P3, the error is just 0.11 radians, showcasing high accuracy
in the model's prediction. The largest error observed is at
point P2, with an error of 0.55 radians, suggesting that certain
areas of the input space are more challenging for the model

to learn.
Table 2: 6;and 0, Actual vs Predicted Values and End Effector

Error

Poi Actual Predicted End Effector
omt 51 2 01 2 Error
P1 149 295 151 291 0.31
P2 155 025 152 041 0.55
P3 155 0.73 155 0.75 0.11
P4 0.10 187 0.13 1.87 0.30
P5 068 0.73 0.73 0.60 0.36
P6 040 260 039 264 0.27
P7 0.10 175 0.12 1.75 0.25
P8 081 2.03 0.83 201 0.23
P9 1.11 083 1.14 0.72 0.40
P10 154 1.08 155 1.06 0.08

Figure 5, which visualizes the actual vs. predicted
configurations, would provide a visual confirmation of this
performance, highlighting where the end effector lands for
both actual and predicted states. The model seems to perform
well, with low end-effector errors on average, indicating that
it has learned to effectively approximate the inverse
kinematics function of the robotic arm.

6.1  Important Considerations

The success of a neural network in handling the IK
problem largely depends on the quality and diversity of the
training data. It's essential that the dataset comprehensively
covers the robot's operational workspace with a wide range of
end-effector positions and orientations. This ensures that the
network learns to generalize effectively across the scenarios
it might encounter. Additionally, incorporating a diverse set
of examples helps avoid overfitting to specific patterns and
biases, which is crucial for the robot to perform reliably in
varying conditions.

The IK problem is unique because it can have multiple
valid solutions; different joint configurations can achieve the
same end-effector position and orientation. To manage this,
one strategy is to guide the neural network toward a preferred
solution by providing additional context, such as previous
joint values or specific motion preferences (e.g., avoiding
obstacles or minimizing energy usage). Another approach is
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to constrain the training data to specific regions of the
workspace where a unique solution is more likely,
simplifying the learning process but reducing the model's
flexibility.

6.2 Limitations

Neural networks are primarily used in inverse
kinematics to provide approximate solutions. These solutions
are often highly accurate and can be sufficient for many
practical applications. However, they are rarely perfect,
particularly in scenarios where the slightest deviation can
lead to significant errors or inefficiencies. Traditional
analytical methods, which are based on mathematical
formulations specific to the mechanics of the system, often
provide more exact solutions. These methods may still be
preferred in critical applications requiring ultimate precision.

Neural networks learn from the data they are trained on.
While they can generalize to some extent, their performance
might degrade when presented with end-effector positions
drastically different from those in their training set. If the
robot is likely to encounter vastly novel scenarios, it might
need to carefully curate the training data or develop additional
strategies to handle unexpected input.

One of the more significant criticisms of neural
networks is their "black box" nature. Unlike traditional
analytical methods, where the steps of a computation can be
clearly defined and followed, neural networks process inputs
through hidden layers and non-linear transformations that are
not easily interpretable. This makes it challenging to
understand exactly how they arrive at a particular solution.

7 Conclusion

This research has explored the evolution and
enhancement of inverse kinematics (IK) solutions from
traditional methods to advanced neural network approaches.
Traditional 1K methods, while foundational in robotics for
determining joint angles and end-effector positions, have
been shown to face significant limitations, particularly when
dealing with systems that exhibit high degrees of freedom and
require real-time operational capabilities. These traditional
methods struggle with the complexity and computational
demands imposed by modern robotic applications, which
often prevent them from achieving the desired efficiency and
accuracy.

Deep neural networks offer significant advantages in
solving IK problems. They leverage their ability to learn from
extensive training data and handle inherent nonlinearities in
robotic systems, enhancing both the adaptability and
computational efficiency compared to traditional methods.
Furthermore, the diverse methodologies of deep learning,
including recurrent neural networks, convolutional neural
networks, and deep reinforcement learning, offer a powerful
toolkit for robotics. Each approach possesses unique
strengths, from modeling complex data relationships to
enhancing real-time control.

This transition from traditional IK methods to those
powered by deep neural networks marks a significant
milestone in robotics. It not only enhances the performance
and capabilities of robotic systems but also opens up new
avenues for future research and application, potentially
leading to more sophisticated and autonomously functioning
robots with applications in many areas. As this technology
continues to evolve, it promises to refine the interaction
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between robots and their environments, making them more
responsive and adept at performing complex tasks.
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