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Abstract: This paper introduces a Reinforcement Learning (RL) approach as a method for
training a computer simulation of a bipedal lower limb exoskeleton to walk, without explicit
supervision. A simulation of a bipedal exoskeleton with six joints (left and right hip, knee,
and ankle) was developed, including an implementation of the Proximal Policy Optimization
algorithm for training the RL agent. The system was implemented using Python and OpenAl
Gym library, which provided an environment to simulate interactions and learn locomotion
dynamics. The RL-trained agent is capable of learning stable locomotion by interacting with
the simulated environment and a complex reward system. The results demonstrate the
potential of RL for adaptive control of exoskeletons and serve as a foundation for further
research in exoskeleton control and training.
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1. Introduction

Reinforcement Learning (RL) is an area of Machine Learning (ML) where an
agent is placed in an environment, receiving positive or negative rewards, with the
purpose of learning a policy that can be used later for the agent to interact effectively
with the environment. In RL, compared to other ML algorithms, the focus is on the
agent learning through the processes of exploration and exploitation, without the
need of explicit supervision [1, 2].

This paper introduces a method for simulating the behavior of a bipedal lower
limb exoskeleton, acting as a simulated computer agent in a simulated environment,
with the purpose of training the agent to walk on two simulated legs of the exoskel-
eton. The Proximal Policy Optimization (PPO) algorithm [3], which is a type of RL
algorithm, is used in order to find the most optimal policy for a simulated bipedal
exoskeleton with 6 joints: left hip, left knee, left ankle, right hip, right knee, right an-
kle. The learned policy can be used for research purposes as well as adapted a real-
world model of a lower limb bipedal exoskeleton.

Bipedal lower limb exoskeletons have been introduced in various researches [4,
5]. A bipedal lower limb exoskeleton is a wearable mechatronic system designed to
assist and augment leg motion. In the context of mobility, it can be used either to
support individuals with movement impairments or to extend physical performance,
enabling enhanced interaction with the environment through externally applied me-
chanical assistance.

Most of the bipedal lower limb exoskeletons represent complex systems, with
hardware including sensors, actuators and safety mechanisms [4-7]. The advantages
of RL algorithms applied to the lower bipedal exoskeletons training include flexibil-
ity in adapting to diverse problem domains and learning from experience. However,
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for safety purposes, the training should be initially done only on a computer simula-
tion. Later, the obtained results from the simulation can be applied to real-world sys-
tems. As making just a small change in the mechanics or motors of a lower limb bi-
pedal exoskeleton (to adapt it for another person for example) changes the problem
domain, the flexibility and the ease of re-training the computer simulation with RL
becomes essential. In this way, RL enables efficient adaptation to new configurations
without requiring a complete redesign of the control strategy, thereby reducing de-
velopment time and minimizing risks when transitioning to physical prototypes [8,
9].

2. Problem formulation

The problem to be solved, formulated in a RL framework, can be represented as
atuple (S, A, P, R, y) [10], where:

e S-the set of all possible states, which represent different configurations that the
RL agent can find itself in during the interaction with the environment;

e A -the set of possible actions. At each step, the hip, knee and foot can be moved
with combinations of foot_torque, knee_torque or hip_torque actions;

e P - the transition probability function. Describes how the RL agent transitions
from one state to another based on the action it takes;

® R - the reward function;

e v - the discount factor, in our case y=1 since the agent is optimizing for the total
sum of all future rewards, rather than prioritizing short-term gains.

In the formulated framework, the agent is considered the simulated bipedal ex-

oskeleton. The gait strategy it tries to learn is defined by the policy.

2.1 States

A state represents a configuration of the RL agent (the simulated bipedal exo-
skeleton) at a given time step within the learning process.

In this framework, each state encodes the positions of the hip, knee, and foot
joints for both legs. Assuming on the real exoskeleton are sensors on all the men-
tioned joints, they would serve as input data to determine the current system's states.
A state s contains the x and y positions of each of the joints (hip, knee, foot), measured
by sensors, as defined below in (1):

s= [hipl_x, kneel_x, footl_x, hip2_x, knee2_x, foot2_x]
@

Depending on the application and the mechanics of the lower limb bipedal exo-
skeleton, the state definition could be extended to include additional features, such
as joint velocities, angular orientations, or ground contact indicators, which can pos-
sibly improve the results obtained by applying the RL algorithm.

2.2. Actions

An action is represented by the power given to each actuator (6 in total - hip,
foot, knee on each leg). On the real exoskeleton, these actuators would be placed in
the same positions (hip, foot, knee).

At each iteration of the algorithm, an action is represented by a 6-dimensional
array a, as described in (2):

a = [L_hip_torque, 1_knee_torque, 1_foot_torque, r_hip_torque, r_knee_torque, r_foot_torque]

2)
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where:

I_hip_torque - the torque to be applied to the left hip joint actuator
I_knee_torque - the torque to be applied to the left knee joint actuator
I_foot_torque - the torque to be applied to the left foot joint actuator
r_hip_torque - the torque to be applied to the right hip joint actuator
r_knee_torque - the torque to be applied to the right knee joint actuator
r_foot_torque - the torque to be applied to the right foot joint actuator

As the movement is done by alternating legs, at each step, only the actions cor-
responding to the moving leg are applied.

2.3. Rewards

In the RL algorithm, the reward function specifies rewards for being in a state, or
doing some action in a state. The agent’s objective is to learn a policy that maximizes
the expected cumulative reward [1, 10]. In this paper, positive rewards are intro-
duced for the exoskeleton moving forward and with correct joints position, while
negative rewards are introduced for penalizing positions of the joints that are impos-
sible in the real life.

3. Materials and Methods
3.1. Computer simulation of the bipedal lower limb exoskeleton

In this paper, a computer simulation of the bipedal lower limb exoskeleton was
created, by using the Python library matplotlib. The simulation assumes that the bi-
pedal lower limb exoskeleton has at least 3 sensors and 3 actuators on each leg: for
the ankle (marked with red color), knee (marked with green color) and hip (marked
with blue color) joints, as represented in Figure 1.s
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Figure 1. Representation of the simulation lower-limb bipedal exoskeleton joints: ankle (red),
knee (green), and hip (blue).

3.2. Reward system

For training the simulated bipedal exoskeleton walking with RL, rewards based
on real-world constraints were defined. A complex reward system was implemented,
with positive rewards for the simulated exoskeleton “learning to walk” correctly in
the forward direction, and negative rewards for positions that could destabilize it or
for joint configurations that are not biologically correct. Real bipedal exoskeletons
typically include mechanical safety mechanisms that restrict their range of motion to
non-dangerous limits [4, 7]. In contrast, in an RL algorithm, potential dangers result-
ing from destabilization or wrong joints placement can be addressed by introducing
negative rewards during the learning process.
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In order to encourage the stable and correct forward walking learning, the agent
(represented by the bipedal exoskeleton) receives positive rewards when the joints
are in the correct position, one foot is on the ground, and the exoskeleton remains
balanced. Additional rewards are provided if forward movement is achieved. Nega-
tive rewards are given whenever the exoskeleton adopts a position that would cause
it to fall, which can occur for various reasons (e.g., hips misaligned, one or both knees
lifted excessively high, etc.).

To further ensure correct joint positioning, a negative reward is assigned when-
ever a joint is inverted or misaligned. At each step, one foot should remain in contact
with the ground, which also influences the reward function. For the training of the
RL algorithm specifically, the reward system is additionally informed by principles
of real-world biomechanics. Accordingly, rewards are structured so that biologically
plausible states are reinforced, while anatomically implausible or unstable states are
penalized through negative or zero rewards.

Mathematically, the reward function introduced in this paper can be expressed as
a combination of rewards for various joints position, as well as the rewards for the
posture and the inclination of the exoskeleton, as described in (3).

R = Rhip + Rxnee + Rioot + Rorward + Rposture + Rinclination

(©)

where:

Ruip - the reward for keeping the hips balanced;

Rinee - the reward for keeping the knees balanced;

Rpoot - the reward for keeping the feet close to the ground;

Rforward - the reward for moving forward;

Ryosture - the penalties for unrealistic body configurations (knee above hip, foot above
knee, foot ahead of knee, etc.);

Rinctination - the reward for keeping the hip inclination in a stable range.

We define the following variables and constants:
hy: hip y-coordinate;
RE™®”, R§UT: hip x-coordinate at previous and current timestep;
ky, kx: knee coordinates;
fy, fx: foot coordinates.
h*=0.0 (hip target);
k*=-0.4 (knee target);
f* = GROUND_POS (foot target height);
Chip = 2, Cknee = 1.5, Cfoot = 1.0, ctwd = 20.0.

With the variables defined above, the components of the reward are defined as
following:

Reward for the hips balance: Ry, = 2-max (0,1 — |h, — h*|)
Reward for the knees balance: Ryy.. = 1,5 max (0,1 — |k, — k*|)

Reward for keeping foot close to the ground: Ry, = max (0,1 — lhyo_zh l)
L (pcurr _ pprev curr S, pprev
Forward movement reward: Rforward = {C (hx hx ): h$ > .hx
0, otherwise
Reward for the posture: R = {_2' Ky >y
posture _z,fy > ky
N . (100, f, > ky Ak, < RV
Additionally: Rp,styret= { 0, otherwise
_ —10,f, > k,
Rposturet= {0, otherwise
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Reward for the hips inclination:

6]
_)2-max (0,1 — E)' hyx # hyx

Rinclination
-1, otherwise
where

h,, —h 180
0 = arctan (M P
h2,x - hl,x

3.3. Policy optimization

The problem formulated above is solved through training a Proximal Policy Op-
timization (PPO) algorithm to maximize the reward. PPO is a type of RL algorithm
that uses the stochastic gradient ascent method to perform each policy update. Its
advantages include stability and reliability, as well as the ease of implementation.

In the field of exoskeleton research, recent studies have applied PPO to train
controllers for lower-limb exoskeletons, highlighting its effectiveness in producing
adaptive and stable gaits [8].

Experiments performed on simulated robotic locomotion show that PPO out-
performs other policy optimization algorithms. Compared to other online policy op-
timization RL methods, PPO prevents overly large updates that can destabilize
learning which is beneficial in the context of a bipedal exoskeleton that learns to walk
and keep a stable posture [3, 12].

Given the complexity of the bipedal locomotion problem, including the need for
balance, coordination across multiple joints, and robustness, the ability of the PPO
algorithm to achieve stable learning with relatively simple hyperparameter tuning
makes it a strong candidate for simulated exoskeleton gait learning.

4. Results and discussions

This section presents the results of the RL algorithm applied on the simulation
of the lower limb bipedal exoskeleton learning to walk. The learning process was
evaluated by analyzing the states and rewards generated during training with the
PPO algorithm.

4.1 Code implementation

The Reinforcement Learning model was implemented in Python using
OpenAl's Gym library [6], which provides a standardized interface for defining en-
vironments and interacting with agents. In this environment, the step() function mod-
els the transition dynamics of the bipedal exoskeleton by returning the next state, the
calculated reward, and a termination signal. The calculate_reward() method computes
a positive or negative reward for the agent, encouraging stable walking behavior
while penalizing instability or inefficient movements. Additionally, a reset() method
and a get_initial_positions() method are defined to initialize the environment at the
beginning of each training episode, ensuring reproducibility and consistency. The
_render_frame() method is called after each step to update the visualisation of the sim-
ulated bipedal exoskeleton.

The state space consists of joint positions, velocities, and sensor readings, while
the action space corresponds to control signals for the actuators. By structuring the
environment in this way, the PPO algorithm can efficiently learn and optimize a con-
trol policy, leveraging its stable and reliable training characteristics in the context of
continuous control tasks such as locomotion.

Using Python and the Gym library simplifies implementation, allows rapid pro-
totyping, and provides access to a wide range of existing RL tools and environments.
Additionally, it also facilitates reproducibility, integration with other scientific librar-
ies, and easy modification of custom environments for experimentation [11].
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4.2 Visualisation of the results

A visualisation for the simulation of the bipedal exoskeleton was also imple-
mented using the matplotlib library. The advantages of having a human-friendly vis-
ualisation include better understanding of the bipedal learning process, the strengths
and weaknesses of the chosen RL algorithm, as well as the explainability of the learn-
ing process with RL. Although training the RL algorithm does not necessarily require
such a visualisation, it is much easier to understand how the simulated bipedal exo-
skeleton learns and where are the possible problems or drawbacks in the learning
process. This is particularly important when considering the transfer of results to
real-world applications [9].

In the figures below, taken from the visualisation of the RL learning process with
PPO, can be seen that the reward function effectively encourages biologically plausi-
ble joint configurations and stability of the exoskeleton. As a result, the distribution
of positive and negative rewards provides direct insight into how well the agent
learns human-like gait patterns.

Figure 2 presents two examples of states with positive rewards. In the first rep-
resentation, the simulated left leg of the exoskeleton is on the ground, while the right
leg is in the air, but the overall position of the exoskeleton seems stable, vertical, and
joints are in positions that are biologically possible. In the second figure, the joints are
also in a state that is biologically possible for the humans, while the general position
seems very stable. This demonstrates that positive rewards are effective in maintain-
ing the stability of the exoskeleton in the computer simulation, while encouraging
positions of the joints that are biologically possible for the humans.

"
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Figure 2. Example of states with positive rewards.

Figure 3 illustrates representative examples of states that were assigned negative
rewards during training of the bipedal exoskeleton with the Proximal Policy Optimi-
zation (PPO) algorithm. These states correspond to configurations that are either im-
possible for the humans or unstable, such as unnatural joint alignments or incorrect
knee positioning. The reward function penalizes such configurations to guide the
agent away from non-physiological movements and towards locomotion patterns
that are both feasible and stable. As shown in the figure, large negative reward values
are associated with extreme deviations from biologically possible postures.
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Figure 3. Example of states with negative rewards.

The results presented above demonstrate that the positive and negative rewards
presented in this implementation mostly encourage the exoskeleton to be stable, to
avoid falls, and to keep the joints in biologically possible states.

5. Conclusions

This paper presented an implementation of a Reinforcement Learning (RL) al-
gorithm for the simulation of training a lower limb bipedal exoskeleton to walk. In
this framework, the agent, represented by the exoskeleton, interacts with the envi-
ronment, receives rewards based on biologically plausible or implausible states, and
gradually learns a policy that promotes stable locomotion. The design of the reward
system plays a central role in the learning process, as it encodes not only the mechan-
ical constraints of the exoskeleton but also the principles of human gait. A complex
reward system was proposed in this sense and described in the paper.

The advantages of using RL for the learning of human gait include flexibility
and improvements with time. RL algorithms provide flexibility in adapting to com-
plex problem domains, where explicit modeling of all possible states and transitions
would be infeasible. By using RL, the system improves directly from experience,
through exploration and exploitation. This allows the system to identify movement
patterns that maintain stability and encourage forward progression. Compared to
rule-based or predefined control strategies, this approach enables adaptive behavior
that can adjust to changing conditions.

The implemented simulation serves as a foundation for developing control strat-
egies in exoskeletons by validating concepts in a virtual environment before transfer-
ring them to real life systems. This work highlights the potential of RL as a robust
approach for a simulated exoskeleton training and control, opening opportunities for
future research in the transfer of the results from the simulation to real life.

This research focused on encouraging the simulated bipedal exoskeleton to re-
main stable, prevent falls, and maintain joint movements within biologically possible
ranges. Future work will aim to improve the forward progression, as well as the ex-
oskeleton’s ability to support more natural and efficient locomotion.
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