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Abstract

Exoskeletons are robotic systems that have emerged as a significant innovation over the past
century and are poised to play a critical role in the future. At present, they remain in the
research phase, although some medical research laboratories are employing them to assist
patients with severe injuries to the upper and lower limbs. Moreover, certain manufactur-
ing facilities are investigating the potential integration of exoskeletons into their operational
processes.

One of the most significant challenges in the development of exoskeletons is the achieve-
ment of flexibility and humanoid-like movement. The attainment of this degree of fluid motion
necessitates the accurate anticipation of human decision-making at each discrete moment in
time. Nevertheless, it is not currently feasible to access the brain, which is the core of human
decision-making. Even with sophisticated techniques such as electrode implantation, these
approaches would be costly, invasive, and impractical, at least based on the current state of
knowledge.

The objective of this project was to enhance the flexibility of the exoskeleton’s move-
ments by combining reinforcement learning with a current controller of the robot which is
a proportional-integral-derivative (PID) controller. This approach was designed to optimize
the outputs of the exoskeleton’s motors to reduce the jerk effect, and ultimately improve the
smoothness of its movements.

Reinforcement learning was employed to identify actions that could minimize the jerk factor,
allowing for smoother motion. The model successfully learned which actions would lead to
reduced jerk, resulting in more fluid movement. Additionally, we developed a simulated envi-
ronment that replicates exoskeleton dynamics, enabling us to train and test the reinforcement

learning agent before transferring it to the actual exoskeleton robot.
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Chapter 1

Introduction

In the field of robotic exoskeleton control, it is critical to accurately predict the intention of the
user.[15] The movement of an exoskeleton that interacts with humans is frequently observed to
be less than smooth. This is primarily attributable to the delay in the exoskeleton controllers
in interpreting human intentions, processing the information, and generating the requisite
motor commands. Consequently, the resulting movement is typically less fluid than that of a

natural human motion.

What, then, is the solution? One potential solution is to directly access the human nervous
system by implanting sensors within the body. However, such systems are invasive, costly,
and potentially dangerous. It is therefore proposed that a more feasible approach would be
to utilize non-invasive methodologies, such as electromyography (EMG) sensors, which are
commonly employed for the measurement of muscle movement. The objective of this project
was to address a significant challenge in the field of exoskeletons and humanoid robots, namely

how to make their movements smoother, more flexible and more human-like.

One of the primary challenges in this field is the difficulty in predicting human movement
in real-time and adjusting the exoskeleton accordingly. In the typical case, signals containing
movement data are transmitted from the brain to the muscles via the nerves. The requisite
intervention type varies according to the patient’s level of disability and the location of the
issue. Nevertheless, the real-time prediction of human movement remains a challenging un-

dertaking.

Although the implantation of sensors within the brain or nervous system could facili-
tate real-time monitoring of movement, this method is invasive, expensive and challenging
to implement. A more practical solution, particularly for individuals with partial mobility, is

to monitor muscle activity using electromyography (EMG) sensors. The sensors facilitate the



capture of the electrical activity of muscles, thereby providing insights into human movement.

In this project, we employed several EMG sensors to monitor the movement of the human
arm. Based on the data collected from these sensors, we applied appropriate voltage commands
to the motors of the exoskeleton to provide the necessary torque to assist the user in perform-
ing tasks. To compute the required torque, we utilized a proportional-integral-derivative

(PID) control method, which we will discuss in more detail in Section [PIDs].

Figure 1.1: One of the PhD students at CTAMS Paris Saclay Laboratory is trying to experiment
with the Exoskeleton, in this while he wears Exoskeleton he tries to follow the random point
that appears on the monitor.



Chapter 2

Related Works

Lower-body exoskeleton control that adapts to users and provides assistance as needed can
increase user participation and motor learning and allow for more effective gait rehabilitation.
Adaptive model-based control methods have previously been developed to consider a user’s
interaction with an exoskeleton; however, the predefined dynamics models required are chal-
lenging to define accurately, due to the complex dynamics and nonlinearities of the human
exoskeleton interaction. [17] Exoskeletons have gained significant attention in both medical
and industrial applications due to their potential to assist individuals with mobility impair-
ments and augment human capabilities in physically demanding tasks. Despite the progress
made, one of the key challenges in exoskeleton design remains achieving smooth, flexible,
and human-like movements. This challenge is exacerbated by the complex, nonlinear inter-
actions between the exoskeleton and the human body, which are difficult to model accurately
using traditional control methods. As a result, recent research has increasingly focused on
leveraging reinforcement learning (RL) techniques to address these challenges and improve

exoskeleton control systems.

Traditional exoskeleton control methods have often relied on predefined dynamic mod-
els to generate control signals. These model-based approaches aim to adapt to a user’s spe-
cific characteristics, such as walking speed or gait pattern, by utilizing feedback from the
exoskeleton-user interaction. For example, model predictive control (MPC) and impedance
control have been employed to adjust the stiffness and torque of exoskeleton joints based
on user input and feedback[17]. However, accurately defining the dynamics of the human-
exoskeleton interaction remains a significant challenge due to the nonlinear and unpredictable
nature of these interactions. Simplified models may not capture the full complexity of the sys-

tem, leading to sub-optimal control performance and reduced user comfort.



To address these limitations, reinforcement learning has emerged as a promising alterna-
tive for exoskeleton control. RL techniques enable the system to learn optimal control policies
directly from interaction data, eliminating the need for explicit dynamic models. This is par-
ticularly advantageous in scenarios where the dynamics are difficult to model or where the
system must adapt to varying user behaviors and environments. Recent studies have demon-
strated the effectiveness of RL in exoskeleton control by allowing the system to learn from
user-specific data and optimize performance over time.

For instance, Rose et al. (2021) introduced a model-free deep reinforcement learning (DRL)
approach that allows an exoskeleton to learn and track desired gait patterns without relying
on predefined models[17]. Their work focused on the rehabilitation of post-stroke individuals,
where the exoskeleton had to adapt to varying gait patterns and user-specific perturbations.
By using DRL, the system was able to accurately follow both seen and unseen gait trajectories,
demonstrating robustness across different users and rehabilitation stages. This approach not
only improves the accuracy of gait tracking but also enhances the overall rehabilitation process
by promoting active user participation and motor learning.

Similarly, Utku et al. (2024) applied a deep reinforcement learning framework, specifi-
cally the Proximal Policy Optimization (PPO) algorithm, to minimize ground reaction forces
(GRF) on crutches during exoskeleton-assisted walking[21]. Their work addressed the often-
overlooked issue of upper-body effort in lower-limb exoskeleton users. By minimizing GRF,
the system effectively reduced the metabolic energy expenditure of the user, thereby improv-
ing comfort and usability. The use of PPO, a state-of-the-art RL algorithm, enabled the ex-
oskeleton to generate joint torques based on real-time feedback from the user’s movements,
leading to more natural and efficient walking patterns. This study highlights the potential of
RL to optimize exoskeleton performance by dynamically adapting to user-specific needs and
minimizing undesirable forces.

Another significant contribution to the field is the work by Bazzocchi et al., who ex-
plored the use of model-free DRL for end-to-end control of exoskeleton gait patterns[17].
Their approach focuses on generating control policies that can handle the continuous, high-
dimensional observation and action spaces required for smooth and adaptive gait control. Un-
like traditional RL methods that are limited to discrete action spaces, their DRL approach
enables continuous control of joint torques, which is essential for achieving natural and fluid
movements in exoskeletons. The ability to generalize across different users and adjust to vary-
ing levels of motor functionality further demonstrates the advantages of DRL in personalized

rehabilitation.



Furthermore, reinforcement learning has been applied in the context of reducing forces
on crutches and optimizing gait patterns to enhance user comfort and reduce fatigue. The
study by Utku et al. (2024) provides a clear example of how RL can be used to address specific
challenges in exoskeleton control, such as reducing the load on a user’s upper body during
walking[21]. By using a custom reward function that penalizes high GRF, their approach
ensures that the exoskeleton generates smoother and more efficient walking patterns, which
is critical for long-term user comfort and adherence to rehabilitation protocols.

These advancements in reinforcement learning-based exoskeleton control are aligned with
the goals of this study, which seeks to enhance the smoothness and naturalness of exoskeleton
movements. By integrating RL with traditional control methods like PID controllers, this re-
search aims to decrease the jerk factor, a critical metric for assessing movement smoothness.
The combined use of RL and PID control allows the exoskeleton to not only learn from user
interactions but also maintain a baseline level of stability and responsiveness. This hybrid ap-
proach is expected to improve the overall performance of exoskeletons in both rehabilitation
and industrial applications, making them more adaptable and user-friendly.

In conclusion, the application of reinforcement learning in exoskeleton control represents
a significant step forward in addressing the challenges of smooth and adaptive movement. The
ability of RL algorithms to learn from interaction data and optimize control policies in real time
makes them particularly suited for complex, human-in-the-loop systems like exoskeletons.
As this field continues to evolve, further research is needed to refine these approaches and
ensure their scalability and effectiveness in real-world applications. The insights gained from
recent studies will undoubtedly contribute to the development of more advanced and capable

exoskeleton systems in the future.






Chapter 3

Proposed Method

3.1 Goal

The proposed method is divided into three principal sections: Simulation, Data, and Agent
Part. In each section, we will present the methods employed and the fundamental concepts
underlying our project. The objective of this project is to enhance the fluidity of the exoskele-
ton’s arm movement while it interacts with and assists the human operator. Before this project,
our exoskeleton was controlled by a basic PID controller that attempted to replicate the torque
generated by a human operator and apply the PID control formula to generate desired torque
commands for the exoskeleton (or voltage for the motor) to facilitate the human arm’s move-
ment. Also, the torque of humans has been obtained by a technique discussed in this paper
[15], that they took the EMG sensor’s data and imported them as an input to a machine learn-
ing model and found a relationship between 8 EMG sensors and Torque of the human, which
in this case torque of the elbow and shoulder and we used their estimation of torque in our
ISTM model.

The objective of our project was to enhance the existing PID method and to attempt to esti-
mate and predict the human movement pattern. This would then allow us to modify the torque
command or voltage to the motor in a way that would result in a smoother movement, while
also providing the appropriate torque to assist the human. To achieve this, we thought to train
our deep reinforcement learning model in a way that would result in a smoother movement,
while also providing the appropriate torque for the movement. To do this, we will discuss in
more detail the reward function that attempts to achieve a balance between the jerk and PID
factors to achieve our goal. One of the innovations that we thought to implement was to train

a deep learning model with actual data of the exoskeleton that we collected from previous



experiments and build an Al model based on that data to act as an exoskeleton and serve as a
simulator for training the reinforcement learning agent. Once a simulator of the exoskeleton
had been created, the PPO deep reinforcement learning agent was trained on top of it. The aim
was to enable the agent to make decisions that would achieve two specific goals: minimizing
the jerk to make the movement smoother and providing the required torque based on PID
decisions. The following chapters will discuss the design, construction and experimentation
of each model. The first model will simulate the exoskeleton, and the second will train the
reinforcement learning agent to predict torque commands for the exoskeleton, thereby mak-
ing the movement smoother. As illustrated in the figure below, the initial step involves the
capture of the subject’s current arm movement through the use of EMG sensors, which are
strategically positioned on the human arm (eight sensors). This is followed by the application
of the aforementioned model. [15] The inverse transformation is then applied to the predicted
torque for the elbow and shoulder, which are designated as Th3 and Th4. This data is then used
to train the LSTM model, along with the data about the voltages of the exoskeleton motors,
which will be discussed in greater detail in the subsequent sections. Subsequently, following
the training of our model to function as an environment for reinforcement learning, we train
our reinforcement learning agent on this environment. This involves receiving current states
as input, which comprise the current human torques and angular velocities from previous ac-
tions, as well as the reward for those actions. The agent then outputs decisions or actions,
which in this case are voltages for the elbow and shoulder exoskeleton motors. These actions
are rewarded positively if they result in a decrease in the jerk factor, which is defined in the
reward function and will be discussed in more detail later. The Th3 and Th4 data used for
training the LSTM model are derived from offline data collected from previous experiments
with exoskeletons. Following the training of the agent, the weights of the agent and model
will be saved, and the simulated environment will be removed. The agent will then be tested
on real humans and exoskeleton robots. This allows the agent to be tested and fine-tuned in
the real world, with any errors identified and subsequently rectified. Following this, the agent
will be personalized for each patient, to provide them with a more tailored and comfortable

experience when using the exoskeleton.
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Figure 3.1: Schematic of Human Exoskeleton Interaction, In the right side, the Reinforcement
learning Agent and Environment .

3.2 Simulation

One of the novel ideas implemented in this paper was the use of data-driven modeling in-
stead of classical physics-based simulation environments, which are often less accurate when
compared to real exoskeletons. Rather than relying on standard simulators, such as OpenAl
Gym or MuJoCo, which are based on physical formulas, we utilized data from previous exper-
iments conducted with the exoskeleton. Our approach involved building an Al model based
on this real-world data to create a more realistic simulation of the exoskeleton. This method is
more accurate, cost-effective, and easier to implement compared to traditional physics-based

simulators.

As mentioned earlier, to train our reinforcement learning model, we needed to provide
an environment where the agent could interact and reduce its loss function. While directly
interacting with the exoskeleton would be the ideal solution, it presents several limitations

that prevent us from training our reinforcement learning model directly on the robot.



3.2.0.1 Drawbacks

1-Training in reinforcement learning (RL) requires extensive interaction with the environment
and significant amounts of time. Given that multiple participants are involved in testing the
robot, this process becomes practically challenging.

2-Additionally, it can pose safety risks. During RL training, the agent makes random de-
cisions as it explores the environment and learns the consequences of its actions in order to
update its cost function. Since the exoskeleton is in direct contact with humans, these random

actions could potentially be hazardous to the user.

3.2.0.2 Related Simulation Methodes

Multiple simulation environments could be used for our project, such as Open Ai Gym, Mujuco

and we will discuss them one by one:

3.2.0.3 OpenAl Gym

OpenAl Gym is a toolkit for reinforcement learning research. It includes a growing collec-
tion of benchmark problems that expose a common interface and a website where people can
share their results and compare the performance of algorithms. This whitepaper discusses the
components of OpenAl Gym and the design decisions that went into the software. OpenAlI
Gym contains a collection of Environments (POMDPs), which will grow over time. See Figure
1 for examples. At the time of Gym’s initial beta release, the following environments were
included:

« Classic control and toy text: small-scale tasks from the RL literature.

« Algorithmic: perform computations such as adding multi-digit numbers and reversing
sequences. Most of these tasks require memory, and their difficulty can be chosen by varying
the sequence length.

« Atari: classic Atari games, with screen images or RAM as input, using the Arcade Learn-
ing Environment.

» Board games: Currently, we have included the game of Go on 9x9 and 19x19 boards,
where the Pachi engine serves as an opponent.

« 2D and 3D robots: control a robot in simulation. These tasks use the MuJoCo physics en-
gine, which was designed for fast and accurate robot simulation. A few of the tasks are adapted
from RLLab. Since the initial release, more environments have been created, including ones

based on the open-source physics engine Box2D or the Doom game engine via VizDoom.[8]
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3.2.0.4 Mujoco

As robotic hardware becomes more complex and capable, the importance of simulation tools
increases. Existing physics engines can be used to test controllers that are already designed.
However, they lack the speed, accuracy, and overall feature sets needed to automate the con-
troller design process itself. On the other hand, software packages for automatic controller
design (to the extent that they exist) are not integrated with physics engines, effectively limit-
ing them to scenarios where the plant dynamics can be written down explicitly. In the absence
of adequate tools, the field continues to rely on manual controller designs — which may be a
large part of the reason why present-day robots do not perform as well as one may have hoped
given the impressive sensors, actuators, and computing power that are available.[20]

MuJoCo stands for Multi-Joint Dynamics with Contact. It is a general-purpose physics
engine that aims to facilitate research and development in robotics, biomechanics, graphics
and animation, machine learning, and other areas that demand fast and accurate simulation
of articulated structures interacting with their environment.

MuJoCo has a C API and is intended for researchers and developers. The runtime simula-
tion module is tuned to maximize performance and operates on low-level data structures that
are preallocated by the built-in XML compiler. The library includes interactive visualization
with a native GUI, rendered in OpenGL. MuJoCo further exposes a large number of utility

functions for computing physics-related quantities.[2]

3.2.1 why did we say No to the available environments and what is

our proposed solution?

Despite the advantages of simulation environments, they presented several challenges for our
project. For instance, MuJoCo requires specific physical formulas, which were difficult to
obtain for our exoskeleton model. Additionally, we did not have sufficient time to build a
digital twin of our exoskeleton in this environment. As a result, we switched to OpenAI Gym,
which is a robust environment for training reinforcement learning algorithms. However, it
was not an ideal fit for our project’s requirements. Therefore, we modified the OpenAI Gym
environment to better suit our needs.

Specifically, we needed the modified environment to simulate the exoskeleton’s behavior,
such that it could accept human movement as input, integrate it with the robot’s movement,
and provide output data on the exoskeleton’s position and angular velocity at each time step.

As previously mentioned, our goal was to create a digital copy of our exoskeleton in the

11



software to train our reinforcement learning model. However, direct access to the physical
exoskeleton was limited, and the available simulation environments were inadequate for our
purposes. Consequently, we turned to machine learning and deep learning models as a solu-
tion. We utilized data from previous experiments conducted by our colleagues in the lab. This
dataset provided us with the necessary information to train deep learning models and build

an accurate digital copy of the exoskeleton.

3.2.2 Machine and Deep learning models to make Simulator

As previously mentioned, we trained several machine learning and deep learning models to
simulate our exoskeleton, referred to as ExoMan. The input to these models consisted of the
human torque applied at the elbow and shoulder joints, represented by the columns Th3 and
Th4, respectively. Additionally, the current of each motor in the exoskeleton, denoted as Tx3
for the elbow motor and Tx4 for the shoulder motor, was also used as input. We treated this
motor current as the torque applied by the exoskeleton to assist in the movement. The output
of these models was the angular velocity of the elbow and shoulder joints, represented by Av3

and Av4, respectively.

3.2.2.1 SVR

Support Vector Machines (SVM) are learning machines implementing the structural risk min-
imization inductive principle to obtain good generalization on a limited number of learning
patterns. Structural risk minimization (SRM) involves the simultaneous attempt to minimize
the empirical risk and the VC (Vapnik— Chervonenkis) dimension. The theory was originally
developed by Vapnik and his co-workers on a basis of a separable bipartition problem at the
ATT Bell Laboratories. SVM implements a learning algorithm, useful for recognizing subtle
patterns in complex data sets. The algorithm performs discriminative classification learning
by example to predict the classifications of previously unseen data. Instead of minimizing the
observed training error, Support Vector Regression (SVR) attempts to minimize the general-
ization error bound to achieve generalized performance. The idea of SVR is based on the com-
putation of a linear regression function in a high-dimensional feature space where the input
data are mapped via a nonlinear function. SVR has been applied in various fields — time series
and financial (noisy and risky) prediction, approximation of complex engineering analyses,
convex quadratic programming and choices of loss functions, etc. In this paper, an attempt

has been made to review the existing theory, methods, recent developments, and scopes of

12



SVR. [6]

3.2.2.2 XGBoost

XGBoost is a scalable and efficient implementation of gradient boosting, a technique that com-
bines multiple weak learners (typically decision trees) to form a strong learner. The algorithm
works by iteratively adding trees that correct the errors of the previous ones. XGBoost in-
troduces regularization to prevent overfitting and offers features such as tree pruning, paral-
lelization, and handling of missing data. The combination of these features makes XGBoost
highly effective for structured/tabular data.

Applications:

Tabular data prediction tasks (e.g., Kaggle competitions), Classification and regression tasks
(e.g., customer churn prediction), Feature importance ranking (e.g., determining which factors

most affect an outcome)[9]

3.2.2.3 Random Forest

Random Forests are ensemble learning methods that build multiple decision trees during train-
ing. Each tree is trained on a random subset of the data and selects random features to make
splits, which helps reduce variance and prevent overfitting. During prediction, the outputs
of all the trees are combined (averaged for regression or majority-voted for classification) to
produce the final output. The randomness in both data selection and feature selection makes
Random Forests robust and less prone to overfitting compared to individual decision trees.
Applications:

Classification (e.g., spam detection, disease diagnosis), Regression (e.g., predicting house prices),

Feature selection (e.g., identifying the most important features in a dataset)[7]

3.2.24 CNN

CNN s are designed specifically for processing grid-like data, such as images. The key idea is to
exploit the spatial structure of data through the use of convolutional layers. In a convolutional
layer, the network applies a series of filters (small, trainable matrices) across the input image,
which helps detect patterns such as edges, textures, and more complex features at higher
layers. These layers are followed by activation functions (like ReLU) and pooling layers that
reduce the spatial dimensions while retaining important features. Finally, fully connected

layers perform the classification task by assigning probabilities to different classes.
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Applications:
Image classification (e.g., recognizing objects in images) Object detection and segmentation
(e.g., identifying the location of objects in an image) Medical image analysis (e.g., detecting

tumors in scans)[12]

3.2.2.5 Recurrent Neural Networks (RNN)

RNNs are a type of neural network where the connections between nodes form a directed
cycle, allowing the network to maintain a memory of previous inputs. This makes RNNs well-
suited for sequential data, where the current input is related to previous inputs. The network’s
hidden state is updated at each time step based on both the current input and the previous hid-
den state, enabling it to capture temporal dependencies. However, standard RNNs can suffer
from vanishing gradients, making it difficult to learn long-term dependencies.
Applications:

Natural language processing (e.g., language translation, sentiment analysis) Time series fore-
casting (e.g., predicting stock prices) Sequence modeling (e.g., speech recognition)[18]

We used one of the famous typical RNN models which is LSTM.

3.2.2.6 Long Short-Term Memory (LSTM)

LSTM is a specialized form of RNN that addresses the vanishing gradient problem by using
memory cells and gates. The LSTM cell contains three gates: the input gate, which controls
how much of the new input is written to the memory; the forget gate, which decides what
information to discard from the memory; and the output gate, which determines how much
of the memory is passed to the next time step. This architecture allows LSTMs to learn long-
term dependencies and is particularly effective in tasks where the relationship between inputs
spans long sequences.

Applications:

Sequence prediction (e.g., predicting sequences of words or events) Machine translation (e.g.,
converting sentences from one language to another) Speech recognition and synthesis (e.g.,

voice-to-text systems)[10]

3.3 Data

The dataset we used, part of it you can find it here [14] that has been extracted from some

experiments on the Exoskeleton. This dataset includes kinematic, dynamic, and electromyo-
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graphic data from 17 participants (11 males, age 28.2 + 7 years, height 175.4 £ 7 cm, weight
70 + 11 kg). These data were collected during the performance of a sagittal plane upper limb
tracking task for single joint (elbow flexion/extension) and multiple joint (elbow and shoulder
flexion/extension).[14] Our final dataset consists of 121000 samples of previous experiments
that have been carried out with the help of exoskeleton at CIAMS Laboratory at Paris-Saclay
University, we gather samples from 6 different experiments of the ES phase of controller which
is a type of controlling og the Exoskeleton which you can read more about it at [15], and by
concatenating these do some data cleaning we reach to the 121928 sample of data. The dataset
consists of several data from EMG sensors that have been gathered through 8 channels of
EMG sensors that have been located in different locations of the human arm to measure mus-
cle response or electrical activity in response to a nerve’s stimulation of the muscle[1], after
receiving the data from EMG sensors we translate them to the human torque as a human elbow
torque and human shoulder torque by using methods and model that have been discussed here
[15], in our dataset the Torque of human elbow organized as a feature for our Deep learning
model with name Th3 and also the human torque shoulder as a Th4. Another important data
for us was angular velocity, Angular velocity is gathered in 2 ways, the first one is the angular
velocity of the Exoskeleton which has been captured by the velocity sensors that are on the
Exoskeleton and the second way is obtaining the Angular velocity of the Human which has
been captured by the motion capture system which is the process of capturing the movement
of people, animals or objects, transferring it to a 2D or 3D model and animating it with the set
of recorded movements. In this way, motion capture aims to produce 3D models that reflect
the real movement of moving subjects.[4], in the end, we used the Angular velocity of the
Exoskeleton, although the data is almost the same because the arm and Exoskeleton arm are
connected and almost the same length of the arm and exoskeleton arm, the motion capture
system is an expensive system and might not be available in a real-world system so we decided
to use the angular velocity of the Exoskeleton to make it easier for the application that might
develop base on this paper. in our dataset, we organized the Angular velocity of the elbow as
Av3 and the Angular velocity of the shoulder as Av4. we organized the data in several features
as Tx3 and, Tx4 respectively as a Torque of the Exoskeleton we obtained this data by mul-
tiplying the constant 11 in the current of each motor of the Exoskeleton, you can find more
detail here** but to have an idea the torque that each motor can produce is proportional to

the current times 11.
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3.4 Agent: Reinforcement Learning

Reinforcement Learning (RL) is a learning paradigm where an intelligent agent solves sequen-
tial decision-making problems through trial and error. The main objective that an RL agent
learns to optimize the cumulative return, i.e., a discounted sum of the rewards. This makes
the reward a crucial element of the problem, as it defines the optimal decision-making policy
that the agent will try to learn.[22] The First question that we want to answer here is why
we chose Reinforcement Learning in the Ocean of all the AI different models. Well, Train-
ing a deep neural network to maximize a target objective has become the standard recipe for
successful machine learning over the last decade. These networks can be optimized with su-
pervised learning if the target objective is differentiable. For many interesting problems, this
is however not the case. Common objectives like intersection over union (IoU), bilingual eval-
uation understudy (BLEU) score, or rewards cannot be optimized with supervised learning. A
common workaround is to define differentiable surrogate losses, leading to sub-optimal solu-
tions concerning the actual objective. Reinforcement learning (RL) has emerged as a promising
alternative for optimizing deep neural networks to maximize non-differentiable objectives in
recent years. Examples include aligning large language models via human feedback, code gen-
eration, object detection, or control problems. This makes RL techniques relevant to the larger
machine-learning audience. [11] Since we wanted to make the movement of our exoskeleton
smoother and more humanoid in real-time, we found Deep Reinforcement Learning Algorithm
very useful since we could train our model on the controller of the Exoskeleton by interacting
with the Robot in real time this type of model was one of the best solution for our project.

So in the area of Reinforcement Learning, recently we have very good models to test on
and Given the complexity and continuous nature of the problem, we found DDPG, TD3, SAC,
and PPO as a good candidate.

DDPG and TD3 are well-suited for continuous control tasks, with TD3 offering improve-
ments in stability and performance. SAC provides good stability and exploration, which can
be crucial for fine-tuned motor control. PPO is easier to implement and tune and is highly

reliable for general continuous control problems normally.

3.4.1 Proximal Policy Optimization Algorithms (PPO)

proximal policy optimization is a family of policy optimization methods that use multiple
epochs of stochastic gradient ascent to perform each policy update. These methods have the

stability and reliability of trust-region methods but are much simpler to implement, requiring
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only a few lines of code change to a vanilla policy gradient implementation, applicable in
more general settings (for example, when using a joint architecture for the policy and value
function), and have better overall performance.[19]

Metrics:

ep_len_mean: This stands for the mean episode length, which is the average number of steps
per episode. In this case, it’s 300 steps. This indicates how long, on average, the agent interacts
with the environment before an episode ends. ep_rew_mean: This is the mean episode reward,
which represents the average total reward collected per episode. The value is -6.49e+06, which
is a large negative number. A negative reward could indicate that the task is challenging, or it
could signal a poorly performing policy, depending on the environment and reward structure.
Time Metrics:

fps: This refers to frames per second, indicating the speed at which the environment is being
processed. A low value like 8 fps suggests that either the environment or the training process
is computationally expensive.

iterations: This represents the number of iterations or policy updates that have occurred.
In this case, there have been 72 iterations so far.

Time _elapsed: This measures the total time that has elapsed during training, in seconds.
Here, the model has been training for 2139 seconds (35.65 minutes).

Total timesteps: This is the cumulative number of timesteps the agent has experienced
during training. Here, it’s 18,432 timesteps.

Training Metrics:

Approx. kl: KL divergence measures how much the new policy deviates from the old policy
after an update. A very low value like 2.6077032e-08 indicates that the policy hasn’t changed
much between updates, which could suggest conservative updates.

Clip_fraction: This is the fraction of the probability ratios that are clipped during optimiza-
tion. Since PPO uses clipping to prevent too large policy updates, a clip_fraction of 0 suggests
that no clipping occurred, possibly indicating that the updates were within the allowed range.

Clip_range: This is the range within which PPO clips the policy updates to avoid large
changes. The value is set to 0.2, which is a common choice.

Entropy_loss: Entropy encourages exploration by ensuring the policy doesn’t become too
deterministic. A value of -2.84 suggests some degree of randomness in the actions being taken
by the policy, but the specific value depends on the environment and policy structure.

Explained_variance: This metric measures how well the value function explains the vari-

ance in the rewards. A value of 0 means the value function isn’t capturing any of the reward
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variance, indicating poor performance of the value network.

Learning rate: The rate at which the model updates its parameters during training. Here,
it’s set to 0.0003, a standard learning rate for PPO, allowing steady learning without overly
aggressive updates.

loss: This is the overall loss of the model, which in this case is 1.38e+11. This includes both
policy loss and value loss, and such a large value might indicate a challenging training process,
potentially due to high rewards or significant errors in predictions.

n_updates: This indicates the number of updates applied to the model, with 710 updates
being performed.

Policy_gradient_loss: This reflects the loss specifically from the policy gradient updates. A
very small value like -2.05e-05 suggests minimal updates were made to the policy during this
step.

std: This refers to the standard deviation of the action distribution. A value of 1 indicates
the amount of exploration in the action space, and it’s typical for it to be initialized at 1 and
adjusted during training.

Value_loss: This represents the loss associated with the value function. A high value like
2.68e+11 suggests that the value function is struggling to accurately predict the returns, pos-
sibly due to high reward variance or complex dynamics.[19][3]

[13]
Hyperparameters in PPO:
The performance of PPO is heavily influenced by several hyperparameters, some of which are

seen in your log, while others are more commonly adjusted during training:

1-Learning Rate (learning_rate): Controls the step size during gradient descent. Common

values range from 0.0001 to 0.003.

2-Clip Range (clip_range): Determines how much the policy is allowed to change in each

update. Typically set between 0.1 to 0.3.

3-Entropy Coefficient: Balances the trade-off between exploration and exploitation by ad-

justing how much randomness is encouraged in the policy.

4-Discount Factor (gamma): The discount factor for future rewards. A typical value is 0.99,

meaning future rewards are slightly less valuable than immediate rewards.
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5-GAE Lambda (gae_lambda): Used in Generalized Advantage Estimation to balance bias

and variance in the advantage function. A value of 0.95 is commonly used.

6-Batch Size: The number of samples used in each update. Larger batch sizes provide more

stable updates but require more computation.

7-Number of Epochs: The number of passes through the data during each update step. In-

creasing the number of epochs can lead to better training, but also risks overfitting.

8-Number of Timesteps: The total number of Timesteps used during training. More timesteps

generally lead to better performance, assuming the model isn’t overfitting.

9-Value Function Coefficient: Determines how much the value loss contributes to the total

loss. This helps in balancing policy and value network training.

10-Max Grad Norm: Clipping gradients to prevent exploding gradients during training.[19][3]
[13]

3.5 Reward Function

Reward function is one of the important factors in training reinforcement learning agents
since it is like a guideline to help the agent learn, we tried some different formulas but all of
them were based on Jerk and PID output, in the end, we only used the jerk factor and added

the PID term into the self-state term.

3.5.1 Jerk

Measuring the quality of movement is a need and a challenge for clinicians. Jerk, defined as the
quantity of acceleration variation is a kinematic parameter used to assess the the smoothness
of movement. In the field of robotic motion control and biomechanics, the concept of jerk plays
a crucial role in determining the smoothness of a movement. Jerk, defined as the rate of change
of acceleration, is the third derivative of position concerning time. High levels of jerk are often

associated with abrupt changes in motion, which can lead to increased mechanical stress,
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vibration, and discomfort in systems ranging from industrial robots to human biomechanics.

By minimizing the jerk factor, the resulting motion becomes smoother and more gradual,
reducing the wear and tear on mechanical components and decreasing the potential for injury
in biological systems. This smoothness is especially important in applications where preci-
sion and gentle handling are required, such as in surgical robots, prosthetics, and precision

manufacturing. The mathematical representation of jerk is given by:

J(t) = (3.1)

where x(t) represents the position as a function of time. Controlling and reducing jerk can
therefore significantly enhance the performance and longevity of both mechanical and bi-
ological systems by ensuring that movements are executed smoothly, with minimal abrupt
changes in acceleration”

This expanded explanation provides a broader context for the importance of controlling

jerks in various applications, tying it back to the benefits mentioned in the paper.[16]

3.5.2 PID

WITH its three-term functionality covering treatment to both transient and steady-state re-
sponses, proportional-integral-derivative (PID) control offers the simplest and yet the most
efficient solution to many real-world control problems. Since the invention of PID control
in 1910 (largely owning to Elmer Sperry’s ship autopilot), and the Ziegler-Nichols’ (Z-N)
straightforward tuning methods in 1942 [5] , the popularity of PID control has grown tremen-
dously. With advances in digital technology, the science of automatic control now offers a
wide spectrum of choices for control schemes. However, more than 90 industrial controllers
are still implemented based on PID algorithms, particularly at the lowest levels [5], as no other
controllers match the simplicity, clear functionality, applicability, and ease of use offered by
the PID controller [5]. The proportional term provides an overall control action proportional
to the error signal through the all-pass gain factor. The integral term reduces steady-state
errors through low-frequency compensation by an integrator. The derivative term improves
transient response through high-frequency compensation by a differentiator. A standard PID
controller is also known as the “three-term” controller, whose transfer function is generally

written in the[5] :
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Chapter 4

Experimental Results

4.1 Environment Simulator

So as we mentioned in the Proposed Method parts, we tried to build a simulating environment
by using artificial intelligence models, we divided our dataset into the training and tests and
fed them to several different machine and deep learning models to build a good simulator

environment or digital twin of our exoskeleton.

4.1.1 Preparing Data

we applied different data cleaning methods to handle missing values, deleting unnecessary
columns, concatenating data from several experiments, and organizing them in 4 features that
are Tx3, Tx4, Th3, Th4, and two outputs as an Av3 and Av4 which you can find the detail of
each data at 3.2 Data Part. Normalization: MinMaxScaler is used to scale the features and

labels to a range of(1,1).

4.1.2 Support Vector Machines (SVR)

In this model, we used a Support Vector Machine for regression tasks. We trained Two SVR
models separately for each target variable (Av3 and Av4). Then the model Predictions from

both models are combined and evaluated using mean squared error.
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SVR Predictions
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Figure 4.1: This image illustrates the result of Support Vector Machines model prediction, green
points are predictions and blue ones are the actual data.

4.1.3 Random Forest

The number of trees is set to 100. The model is trained and evaluated using mean squared error

The model is trained using fit and evaluated using mean squared error.

Random Forest Predictions
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Figure 4.2: This image illustrates the result of the Random Forest model prediction, purple
points are predictions and blue ones are the actual data.
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4.1.4 XGBOOST
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Figure 4.3: This image illustrates the result of the xgboost model prediction, red points are
predictions and blue ones are the actual data.

4.1.5 CNN

This model has been designed for sequential data, CNN uses a 1D convolutional layer to cap-
ture spatial hierarchies in data. The input shape is adapted for 1D convolution. The network
is compiled with the Adam optimizer and Mean Square Error loss. We trained The model for

100 epochs with a batch size of 10.

CNN Predictions
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Figure 4.4: This image illustrates the result of the CNN model prediction, yellow points are
predictions and blue ones are the actual data.
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4.1.6 LSTM (Long short-term memory)

In our LSTM model, we used the TensorFlow Keras sequential model library to build it. It has

2 sequential layers with 50 units each, followed by 2 drop-out layers with a range of 0.2 and, in

the end, a dense layer. As you can see in the graph below, the LSTM model predicts with good

accuracy based on the 10 previous time steps. The loss function accuracy is 0.004772, which is

much better than the previous results of the other models.
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Figure 4.5: This image illustrates the result of the Long short-term memory model prediction
based on 10 previous time steps, turquoise blue points are predictions and blue ones are the

actual data.

In the below graph, the model predicts based on 100 previous time steps that improved the

loss function to 0.0006970633403398097, and as you see the predictions mostly overlap with

the actual data.
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LSTM Predictions
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Figure 4.6: This image illustrates the result of the Long short-term memory model prediction
based on 100 previous time steps, turquoise blue points are predictions and blue ones are the
actual data.

As you can see in the figure, the validation loss is less than the training loss which is due
to the dropout layer in our model, as we know from [6] by using drop out layer in our model,
the validation loss can be lower than training loss because we do drop some neurons during
training that this can cause higher loss during training but in the validation part we test on

full neurons so we have better loss than training loss.
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Figure 4.7: LSTM Training and Validation loss, better validation loss is due to regularization
techniques specifically drop out .
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Loss Function Compare Results

Model Loss Function Rank
LSTM-100 0.0006970633403398097 1
LSTM-10 0.004565627779811621 2
Random 0.011675131523609722 3
Forest

XGBoost 0.013300321773123938 4
CNN 0.014365621770928878 5
SVR 0.016126288979828082 6

Table 4.1: Comparison of the different models loss function results.

4.1.7 Compare the Results

As demonstrated by the graphs and the comparison of the normalized loss functions across all
tested models, the LSTM model outperformed the others, achieving the best results. We believe
this is due to the continuous nature of human and exoskeleton movement, which cannot be
accurately captured by evaluating individual time steps in isolation. Instead, it is essential to
consider previous movements to better predict subsequent actions.

Consequently, we saved the weights of the trained LSTM model and used it as the simula-
tion model for our exoskeleton. This model effectively serves as the environment for training
our reinforcement learning agent. We believe this approach represents a more accurate and
innovative method by using a deep learning model, such as LSTM, to simulate real exoskeleton

robots and serve as the environment in which reinforcement learning is applied.

4.1.8 Reward Function

One of the important things in the field of Reinforcement learning that affects the behavior of
the model so much is the Reward function, we designed several reward functions to get the

best performance if you design a bad reward function that can not capture your environment
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behavior very well or it could converge around a wrong goal or not converge at all. So in
our project, we tried several reward functions to find out the best function that could fit with
our goal, the first one was minus logarithmic, which gives a positive point every time our
distance from the target variable reached 0, and minus logarithmic result to other results. We

will discuss the distance from the target variable and the result function in the next section.

100, if distance_from_target = 0
penalty =

— log(distance_from target), otherwise

The second reward function that we tried was threshold and square, in way that it gave a
high positive score if the distance from the target variable was less than 0.5 and the negative
square of the result function distance from the target variable to the agent, you can find the

formula of them below:

10, if distance_from_target < 1
penalty =

—distance_from_target®, otherwise

another reward function that we tried was more complex, it is defined below :

p

— log(distance_from _target), distance_from_ target < 1
distance_from_target®, 2 > distance_from target > 1
penalty =
distance_from_target, 3 > distance_from_target > 2
\ —distance_from_target, otherwise

The reason we tried to make our function more complex was to force it to try to minimize the
sum of the elbow jerk and shoulder jerk as much as possible, also we should mention that the
calculated jerk of the previous experiments that have been done with exoskeleton without our
reinforcement learning and only with simple PID controller and the average of Mean shoulder
Jerk was: 0.8068689285427039 and the average of elbow jerk was:0.5604592302640197 so we
decided to define our loss function in a way that becomes better than our ground truth and

we ended up with the above formula.
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4.1.9 Result Function

Result Function is the main goal of our project, we want to decrease the Jerk to make the
movement smoother and provide proper help to the exoskeleton by making our prediction
similar to the output of the PID controller that is implemented to provide the proper torque for
the exoskeleton. In other words, we try to minimize the jerk and minimize the error between
the output of the PID controller and agent output, below formula is our suggestion for our
result function that calculates the error between the angular velocity of the previous time steps
and the current angular velocity or in other word jerk and also it calculates the error between
PID controller error and agent output which is the current of the motors or by multiplying
in a constant 6.3, we can achieve to the torque of the Exoskeleton, so we can calculate the
difference between the torque of the exoskeleton that predicted by agent and torque of the

exoskeleton that provided by PID formula.
Result = (jerk_shoulder + jerk_elbow)

Jerk = (Current Angular Velocity shoulder — Previous Angular Velocity shoulder)2

4.2 Reinforcement Learning Agent

The decision to utilize PPO was predicated on its robust capabilities and propensity for insta-
bility, coupled with its extensive deployment in robotics. A basic PPO agent was employed and
subsequently enhanced based on the outcomes of our experiments. Various episode lengths,
learning rates, batch sizes (primarily 128, 64, and 32), timesteps, and action spaces were ex-
plored. Additionally, alternative loss functions were tested, as discussed in the related section,

to facilitate more effective agent learning,.

4.2.1 Action Space

Before elucidating the characteristics of our agent, it is imperative to delineate how we delin-
eated the action spaces for our project. Action spaces represent the options we have defined
for our agents to make decisions. In this case, our objective is for our agent to select voltages
for our two exoskeleton motors (elbow and shoulder) in a manner that minimizes the jerk and
can accommodate the required torque was thus defined as a continuous action space between

the lowest and highest voltages reached by the motors in previous experiments. However,
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this action space proved too extensive for the agent to process, resulting in the generation of
highly negative and large rewards, as illustrated in Figures 4.8 and 4.9.
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Figure 4.8: This image shows the result of the reward during training of the first tests before
improvements
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Figure 4.9: This image shows the huge negative reward function due to the first test of the
model before improvement in agent and reward functions.

It was thus decided that the action space should be modified to facilitate a more conscious
decision-making process. The PID controller output was removed from the reward function
and incorporated into the state. Consequently, at each time step, the PID result is returned

to the agent as the current state, thereby requiring the agent to make decisions based on the
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current state. This approach has effectively addressed the issue of a narrow action space for
the agent. In this case, the action space is discrete. The agent is instructed to select a number
between -1, 0, and 1. If the agent chooses the action 0, it indicates that the PID output is not
altered. Alternatively, this can be interpreted as the voltages selected by the PID remaining
unchanged. This indicates that the agent has selected 0.1 less voltage than that chosen by PID.
The action that increases the PID output by 0.1 is represented by the value 1. Consequently,
the action space of the agent has been simplified. In this case, the agent’s actions will be
confined to a range around the voltage chosen by PID. The objective is to identify which actions
within this range will result in a more beneficial reward function. After the aforementioned
experimentation, the results are presented in the subsequent image. To ascertain the optimal

action space, we conducted trials with higher action spaces, specifically 10 and 100.

4.2.2 PPO (Proximal policy optimization)

We train our PPO reinforcement learning method with different parameters as we discussed

and the main hyperparameters ratio is defined below:

learning, ate = 3e — 4,
nsteps = 256,
batchgize = 32,
nepochs = 10,
gamma = 0.99,
clip,ange = 0.2,
ent.oef = 0.01,

In the graph below, you can see the result of training our model with an agent with con-

tinuous action spaces with 3 choices.
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Figure 4.10: This image illustrates the reward function during training, action space is 3, the
model has a good positive reward after 400 episodes.
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Figure 4.11: Reward of testing the agent for 2 episodes.
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Figure 4.12: This is the reward function result during the training for 100000 time steps.
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Figure 4.13: Result of testing the agent after 100k time steps training .
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Figure 4.14: This image illustrates the reward function during the training of the agent for IM
time steps.
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Figure 4.15: Result of testing agent after 1M time steps.

The agent was trained using the environment that was developed. The LSTM model is
capable of effectively simulating the function of the exoskeleton. Subsequently, we directed
the agent to learn specific tasks and enhance its performance to the greatest extent possible.
Initially, a simple model and reward function were employed, but as illustrated in Figures 4.8
and 4.9, the model did not yield satisfactory results. To address this issue, the action space
was modified by limiting it to three actions: remaining constant, increasing the current state
by 0.1, or decreasing it by 0.1. The results of these modifications are presented in Figures 4.10

and 4.11. Moreover, a variety of hyperparameters were tested, including adjustments to the
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learning rate, which was modified from 3e-4 to 3e-1 to accelerate convergence. Additionally,
the impact of varying batch sizes was investigated, with sizes ranging from 32, 64, and 128 to
4096, due to the extended episode lengths. A significant challenge was encountered about the
episode length. As our project diverged from the conventional reinforcement learning tasks,
we initially worked with a single long episode, which resulted in high computational costs and
extensive processing time. To address this issue, the project was restructured with the intro-
duction of shorter episodes, comprising 300 time steps each. Furthermore, the initial reward
function was enhanced, recognizing its pivotal role in reinforcement learning, as it has the po-
tential to markedly impact the agent’s performance. The optimization of the reward function
and hyperparameters necessitated a significant investment of time in trial and error. Further-
more, experiments were conducted with longer time steps, which, due to the constraints of the
hardware, required several hours or even days to process. Figure 4.14 illustrates the model’s
reward function results in over one million time steps, a process that necessitated approxi-
mately two and a half days of training. The prolonged processing time was predominantly
attributable to the limitations of computational resources and the complexity of the LSTM
model, with each time step averaging 20 milliseconds, which is relatively slow.
Result interpretation
Despite the favorable outcomes, the model failed to converge. As illustrated in Figures 4.14 and
4.15, it encountered difficulties in both convergence and stabilization. While it predominantly
yielded positive rewards, its performance was not consistently stable, with outcomes varying
depending on the timesteps. We posit that there were multiple factors contributing to this out-
come. In subsequent iterations, we sought to address these factors to enhance model stability.
These factors include: Fluctuation It is postulated that the fluctuations resulting from the con-
catenation of disparate experiments may precipitate a precipitous shift in human torque. Fur-
thermore, the environment is so intricate (13200(th) power10)andthe LST Mmodelpredictionsaresocostlythat

2. Reinforcement learning is inherently challenging to stabilize, particularly due to the
sensitivity of the hyperparameters and reward function to interactions and the lack of an
offline dataset. This makes hyperparameter tuning time-consuming and necessitates trial and
error.

3. Our simulation mode differs from the real world, and fluctuations are inevitable due to
the imperfect nature of our dataset.

Future Works
Given our positive results, we plan to dedicate additional time to stabilize the agent further

and achieve improved outcomes in future experiments.
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Once we obtain more refined results, we intend to test our model on the actual exoskeleton
to fine-tune it based on real-world applications.

We also aim to enhance the quality of our dataset to support more accurate testing in future
trials.

Additionally, we plan to experiment with a wider range of deep reinforcement learning
agents to compare the results better and optimize performance.

Lastly, we hope to gain access to more advanced hardware, such as GPUs, to facilitate
faster training and enable more extensive trial-and-error processes, allowing us to fine-tune

the parameters for stabilizing the reinforcement learning agent

4.3 Exoskeleton Test

We Plan to test our model on Exoskeleton shortly and will publish the result as well.
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Chapter 5

Conclusions

In this project, we tried to make the movement of the Exoskeleton smoother by using Re-
inforcement Learning to cover the weakness of the PID controller in acting robotic and not
humanoid. We trained our PPO agent on the Exoskeleton simulation and applied the JERK
factor’s minimization as a reward function for our agent. Because minimizing Jerk is the
derivative of acceleration we can reach the smoother movement. As a simulation, we came
up with this new idea of using Recurrent Neural Network models more specifically LSTM
as our Exoskeleton simulator that could simulate the movement and Angular velocity of our
Exoslsketon with excellent accuracy. Then we trained and tested our Reinforcement learning
agent on top of this LSTM model as our Reinforcement learning environment and we achieved
a high positive reward for our agent which means our Reinforcement learning model could
learn how to produce voltage for 2 exoskeleton motors based on human movement that can

provide good help for a human hand while trying to make the movement smoother.
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