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Tässä kandidaatintyössä arvioidaan vahvistusoppimisen soveltuvuutta koneohjauksen auto-

matisointiin. Tämä tehdään kouluttamalla kaksi simuloitua, tavanomaista koneohjauksen 

tehtävää edustavaa yksinkertaista robottia hyödyntämällä lupaavimpia vahvistusoppimisal-

goritmeja. Oppimiskäyttäytymistä seurataan numeerisilla pisteytysarvoilla, joita algoritmi 

vastaanottaa toiminnastaan, sekä seuraamalla simulaation käyttäytymistä visuaalisesti. 

 

Koulutuksen tuloksena molemmat robotit saatiin oppimaan vakaa käyttäytymismalli, joka 
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This thesis focuses on assessing the suitability of reinforcement learning in machinery con-

trol. For this purpose, two simulated robots representing common machinery control tasks 

are trained by utilizing state-of-the-art reinforcement learning algorithms. The learning be-

havior is assessed with behavioral scores received from the robot’s environment, as well as 

visually observing the simulation behavior. 

 

Both robots learned stable behavioral models that corresponded the desired behavior with 

small imperfections. This led to the conclusion that reinforcement learning has potential as 

a tool of machinery control automation with certain precautions. 
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1 INTRODUCTION 

 

 

Automation has an increasingly integral role in industrial applications, as advancing tech-

nology opens new possibilities. (Wollschlaeger, Sauter & Jasperneite 2017, p18.) With cer-

tain types of tasks, possibly intuitive for humans to comprehend, automation can be difficult 

to implement due to a high number of variables and their combined effect. The demand for 

increasingly complex automated tasks can push the limits of conventional automation and 

has encouraged different fields of industries towards utilizing machine learning (ML) in the 

processes to make it self-learning. (Rebala, Ravi & Churiwala 2019, p1-2.) Machine learning 

utilizes collected data to improve its behavior. This can simplify the automation process of 

otherwise difficult tasks, as the different variables and their combined effects are considered 

by the machine learning algorithm and not beforehand by the programmer. (Rebala, Ravi & 

Churiwala 2019, p2.) This thesis focuses on assessing the suitability of reinforcement learn-

ing (RL) in automation of common machinery control tasks. Reinforcement learning is an 

area of machine learning that learns tasks completely independently using rewards received 

from the environment to observe the consequences of its actions and improve its perfor-

mance. (Nandy & Biswas 2017, p1.) 

 

1.1 Research problem and research questions 

This thesis focuses on automation of common machinery control tasks by applying a rein-

forcement learning scheme and reviewing the following research questions: 

1. What are the current state-of-the-art solutions in reinforcement learning control? 

2. How different hyperparameters affect reinforcement learning behavior? 

3. Can reinforcement learning be effectively utilized in machinery control? 

 

1.2 Research methods 

The functionality of reinforcement learning in machinery control is observed by using a RL-

algorithm to train two different simulated robots representing common machinery control 

tasks. One of the robots is available in the toolkit used, and the other is created for the spe-

cific purpose of this thesis. The behavior of the robots is observed qualitatively with simu-

lation animation and quantitatively with numerical rewards. 
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1.3 Objective 

The objective of the research is to assess the suitability of reinforcement learning in common 

machinery control tasks. To achieve this, a functioning simulated robot environment is de-

veloped and implemented, and a proximal policy optimization (PPO) algorithm able to con-

trol simulated robot models and learn desired behavior is used. 

 

1.4 Scope 

Out of many different RL algorithms the one used and comprehensibly reviewed is proximal 

policy optimization. The suitability to machinery control is assessed through simulation of 

two simple robots, using continuous action and observation spaces. 
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2 REINFORCEMENT LEARNING 

 

 

Reinforcement learning is an area of machine learning that uses algorithms called “agents” 

to control a desired action. (Nandy & Biswas 2017, p1.) In addition to RL, there are two 

different main types of machine learning algorithms: supervised leaning and unsupervised 

learning. Supervised learning has a labeled set of inputs and outputs, meaning that the algo-

rithms achieve their goal by performing actions in a pre-determined way. Unsupervised 

learning depends only on a set of inputs, meaning that the algorithms can only detect patterns 

in previously existing data. A key difference and benefit of RL compared to the other two 

main types of ML algorithms is that it defines the used approach completely independently, 

meaning that an RL algorithm can, under the right circumstances, learn the optimal way to 

perform tasks through a trial-and-error process, mimicking human-like learning. The agent 

takes actions and receives rewards from an environment based on the actions it takes. By 

observing rewards, the agent discovers ways to improve its performance and the behavior to 

meet the desired goal by learning the consequences of its actions, as behavior slowly be-

comes less random and more based on collected data. (Dangeti 2017, p358-359.) Figure 1 

illustrates the basic principle of RL, where an agent performs an action in the environment, 

and then receives information about the state of the environment after performing the action 

as well as a reward representing the desirability of that action.  

 

 

Figure 1. RL basic principle (Amiri, Mehrpouyan, Fridman, Mallik, Nallanathan, Matolak 

2018, s3) 

 

The key qualities of reinforcement learning also reflect to its key disadvantages. As RL al-

gorithms, by definition, have the liberty to self-determine the approach they use to reach the 
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desired goal, they must also explore and analyze countless different approaches before 

achieving desired behavior. This means that RL is sample-inefficient and depending on the 

available computing power and complexity of the scheme, can be time-consuming. Having 

no pre-defined approach also means that the algorithms do not know what the optimal be-

havior should be. Under some conditions this can lead to learning process converging and 

getting stuck too early to a local optimum, or the algorithm catastrophically diminishing 

already learned behavior due to an update step updating a policy too far from the old. (Ding 

& Dong, p249 – 257.) 

 

2.1 General terminology 

• Agent is the entity in RL, that interacts with the environment by taking actions, receiving 

rewards, and learning to improve its behavior (Dangeti 2017, p361.) 

• Environment is where the agent operates. Environment defines what happens when an 

action is taken and how the agent is rewarded (Dangeti 2017, p361.) 

• Policy defines the decisions made by the agent. The policy is updated with collected 

data, leading to better decision making and better actions. (Dangeti 2017, p362.) 

• A continuous observation or action space has set limits for maximum and minimum 

values, in between of which the agent can use any continuous value. This means that the 

observation space provides a “measured” size for an observation dimension, and the 

agent can take variable size actions. Observation and action spaces are separate and do 

not dictate each other, meaning for example that an environment can have a continuous 

observation space and a discrete action space. (Delalleu, Peter, Alonso, Logut 2019, p2.) 

• A discrete observation or action space has discrete values for each observation dimen-

sion or action, meaning that they cannot be measured or adjusted with continuous values 

(Delalleu, Peter, Alonso, Logut 2019, p2.) 

• Episode is the sequence which the agent runs through before the environment is reset 

(Dangeti 2017, p362.) 

 

2.2 RL algorithms 

There are numerous different algorithms for reinforcement learning. These algorithms can be 

divided into two fundamentally different main categories: model-free algorithms and model-

based algorithms. Model-based algorithms have a pre-defined model of the environment, 

based on which the agent can make predictions about the next state. Model-free algorithms 
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do not have this feature and rely entirely on the rewards they receive from the environment. 

Zhang & Yu 2020, p127.) Model-based algorithms are not used or discussed further in this 

thesis. 

On-policy (online) algorithms update the policy using the data the policy collected itself. Off-

policy (offline) algorithms use a separate policy for learning and for making decisions, mean-

ing that the acting policy accumulates experience data for updating. Some RL-algorithms can 

learn off-policy completely offline, meaning that the learning is completely based on previ-

ously collected data, and the agent does not interact with the environment or update the col-

lected data during training. The basic principles of these algorithm types are illustrated in 

figure 2. In figure 2a, the agent acting upon current policy 𝜋k is performing an action in the 

environment represented by a picture of a globe. The environment then returns state 𝑠 and 

reward 𝑟 to the agent acting upon the policy. When it is time for policy update, the information 

from the iteration is processed by the algorithm, and a new policy is generated accordingly. 

Learning is based on improving the acting policy over again. In figure 2b, a buffer stores all 

the previously accumulated experience for learning. The acting policy is separate from the 

learning policy and can be used for data collection only, the acting policy does not necessarily 

act according to any learned behavior. This means that off-policy algorithms can learn even 

if the acting policy is taking completely random actions. Figure 2c shows an offline reinforce-

ment learning process, so all learning is based on previously collected data and the acting 

policy is not interacting with the environment at any point. (Levine, Kumar, Tucker, Fu 2020, 

p1-2.) 

 

Figure 2. On-policy, off-policy, and offline algorithm basic principles (Levine, Kumar, 

Tucker, Fu 2020, p2.) 
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2.2.1 Actor-critic methods 

Actor-critic reinforcement learning, such as PPO, that have a separate neural network for 

approximating the policy (actor) and approximating the value function (critic). The actor net-

work decides which actions to take, and the critic network evaluates those actions. As the 

critic network is updated over time, it becomes better at evaluating actions taken by the actor, 

thus becoming better at guiding the actor to a better policy. (Bhatnagar, Sutton, Ghavamza-

deh, Lee 2009, p1.) 

 

2.2.2 Proximal policy optimization 

Proximal policy optimization (PPO) is class of policy-based algorithms introduced in the year 

2017 that has proven to perform comparably or often even better than other state-of-the-art 

approaches, while being more stable and significantly less complicated in terms of code, com-

putation, and ease of implementation (Schulman, Wolski, Dhariwal, Radfor, Klimov 2017, 

s1.) For this thesis, PPO is considered as the latest and most capable state-of-the-art approach, 

and for that reason chosen to be more comprehensively reviewed. The main objective func-

tion of PPO is (Schulman, Wolski, Dhariwal, Radfor, Klimov 2017, p3): 

 

 𝐿𝐶𝐿𝐼𝑃(𝜃) = 𝐸�̂�[min(𝑟𝑡(𝜃)�̂�𝑡, 𝑐𝑙𝑖𝑝(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖) �̂�𝑡]            (1) 

 

PPO is based on how policy gradient methods generally work: by computing an expected 

return for a policy in a certain state, then increasing or decreasing probability of the action 

the agent took based on if the return was better or worse than expected.  In equation 1, 

𝐿𝐶𝐿𝐼𝑃(𝜃) is the clipping function, where 𝜃 stands for the policy. Parameter 𝐸�̂� denotes the 

expected value over a batch of samples (timesteps). The probability ratio between the new 

and old policy is represented by 𝑟𝑡. �̂�𝑡 stands for advantage estimate, where an estimated 

value for the return predicted by a value function neural network is subtracted from the actual 

return. The neural network is regularly updated and improved based on data collected from 

training and gives out noisy values as the estimation is not always accurate or correct. As the 

expected return is reduced from the real return, �̂�𝑡 is negative if the return as worse than 

expected, and positive if it was better than expected. Clipping parameter  𝜖 is the key feature 

in PPO that limits the size of policy updates. (Schulman, Wolski, Dhariwal, Radfor, Klimov 

2017, p1-5.)  
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The clipping functionality is used to prevent a policy from updating too far from the old and 

causing un-learning. The same issue has also been addressed with Trust Region Policy Opti-

mization (TRPO) algorithms, that add a constraint to the objective optimization to limit the 

size of policy updates. This approach uses second order optimization and being relatively 

complicated, overall adds to the complexity of computation and implementation. (Engstrom, 

Ilyas, Santurkar, Tsipras, Janoos, Rudolph, Madry 2019, s5.) The clipping parameter imple-

mented directly to the PPO objective function enables it to limit the size of policy updates 

and still use first order optimization without the extra complexity that the constraint used by 

TRPO causes. For this reason, PPO is comparably computationally cost-effective, stable, and 

easy to implement. (Schulman, Wolski, Dhariwal, Radfor, Klimov 2017, p1.) The function-

ality of the clipping parameter 𝜖 is illustrated in figure 3. In figure 3, the red dot is located 

where r = 1, meaning that the old policy is the same size as the new policy. This is a starting 

point for the optimization. The left side of the figure represents cases where advantage A > 0 

and the probability ratio is clipped at 1 + 𝜖, and the right side represents cases where A < 0 

and the probability ratio is clipped at 1 − 𝜖. Thus, the probability of an action in the new 

policy cannot increase uncontrollably or drop down straight to zero based on a single estimate. 

The only occasions, where the unclipped function has a smaller value than the clipped version 

and is chosen by the min-operator, are when the algorithm has made a mistake of reducing 

the probability of an action even though it resulted in better-than-expected return or increasing 

the probability of an action even though it resulted in worse than expected return. This enables 

the algorithm to recover from such mistakes, as clipping would prevent moving “backwards” 

if the mistake was to exceed the clipping limit to the wrong direction. (Schulman, Wolski, 

Dhariwal, Radfor, Klimov 2017, p3.) 

 

 

Figure 3. Clipping functionality in PPO (Schulman, Wolski, Dhariwal, Radfor, Klimov 2017, 

p3.) 
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For actual training of a PPO-agent, two additional terms are introduced in addition to the 

objective function 1. The final objective function is formed as (Schulman, Wolski, Dhariwal, 

Radfor, Klimov 2017, p5.): 

 

 𝐿𝑡
𝐶𝐿𝐼𝑃+𝑉𝐹+𝑆(𝜃) =  𝐸�̂� [𝐿𝐶𝐿𝐼𝑃(𝜃) − 𝑐1 𝐿𝑡

𝑉𝐹(𝜃) + 𝑐2 𝑆 [𝜋𝜃](𝑠𝑡)]            (2) 

 

In equation 2, the first additional term, 𝐿𝑡
𝑉𝐹(𝜃), is a mean square error of the value function. 

This is added, because using a neural network structure that shares parameters between the 

policy and value function means that the value function error term must be combined into the 

final training function. The second term, 𝑆 [𝜋𝜃](𝑠𝑡), adds an entropy bonus to the equation 

to encourage sufficient exploration. c1 and c2 are coefficients that value the magnitude of the 

additional terms (Schulman, Wolski, Dhariwal, Radfor, Klimov 2017, p5.) 
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3 RESEARCH METHODS 

 

 

The performance and potential of PPO RL are evaluated through simulation. An actor-critic 

PPO agent is programmed with Python based on open-source software by (Barhate 2018.) 

The PPO-objective function is highlighted in figure 4 showing the part of the update function 

of the PPO-agent used for training.  The agent is used to train two simulated robots, one pre-

installed, and the other created as groundwork for this thesis for this specific purpose, rep-

resenting basic tasks that could be encountered in industrial machinery control automation. 

Both robot environments feature continuous observation and control. The learning and per-

formance of these robots is reviewed by visually inspecting the animated simulation and 

analyzing rewards received from the environment throughout the training process. The hy-

perparameters for satisfying performance are searched through trial and error by changing 

the hyperparameters and inspecting the impact on learning. In addition to their main purpose 

of being the data the agent uses for learning rewards are also useful in keeping track of the 

training process as they give a numeric value for the agent’s performance. 

 

 

Figure 4. Update function of PPO-agent used for training (Barhate 2018) 

 

OpenAI Gym is a Python module that provides the basic interface and tools for RL devel-

opment (OpenAI 2016.) PyBullet Gym is an implementation of OpenAI Gym that provides 

many additional useful tools for RL as well as PyBullet’s open-source physics and robotics 

simulation interface (Coumans, Bai 2021, p2.) The environments and agents created for this 

thesis are built on, trained, simulated, and animated on the interface these modules provide 
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in tandem. PyBullet Gym also includes a set of pre-installed robotic environments and pre-

trained agents. 

 

The PPO-agent uses an optimization algorithm called “Adam” for taking gradient steps and 

updating the policy. Adam computes adaptive learning rates individually for each learning 

aspect of an environment. The learning rate given as input for Adam only defines an upper 

limit as a starting point for learning rate. (Kingma, Ba 2015, p1) 

 

3.1 Reacher robot 

The first robot trained operates in a PyBullet Gym pre-installed environment called Reacher. 

Figure 5 shows the robot. It operates an arm by applying torque to two joints, one central 

joint and one elbow joint. The purpose of the robot is to manipulate the joints, so the end 

effector reaches a goal represented by the green sphere appearing in random locations at the 

beginning of every episode.  

 

 

Figure 5. Reacher robot. 

 

Step-function code including the reward function of the Reacher is presented in figure 6. The 

step function is called by the PPO agent on every timestep, and it performs the action and 

returns the observation of a single timestep. The environment outputs relevant information 

about its state such as the joint angles, arm “fingertip” location and location of the goal. It 

calculates the distance to the goal as “potential”. On every step, the potential is assigned as 

potential_old, meaning the potential on the previous step, and a new potential is calculated 
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representing the current step. The reward is calculated by subtracting the new potential from 

the old. This way, if the robot has moved closer to the goal compared to the previous step, 

the reward is positive, and if it has moved further away, the reward is negative. This moti-

vates the agent to take actions which take it closer to the goal. The reward function also has 

an “electricity cost” meaning that a negative reward is given based on the size of the actions 

and joint states to motivate the agent to work as efficiently as possible. 

 

 

Figure 6. Step function and reward system of Reacher environment (Ellenberger 2018.) 

 

3.2 Leveller robot 

The Leveller robot environment, shown in figure 7, was created as groundwork for the spe-

cific purpose of this thesis. The robot operates an arm with three joints with freedom to move 

vertically in two dimensions, representing a simple, excavator-like machine. Its purpose is 

to manipulate the joints so that the “fingertip” (tip of the red section of the arm) first reaches 

goal 1 (blue sphere in figure 7), and then move the fingertip to goal 2 (green sphere in figure 

7) while keeping the fingertip level on a direct line connecting the two goals appearing in 

random locations. 

 

 

Figure 7. Leveller robot.  
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The robot itself was created in Unified Robotic Description Format (URDF). URDF defines 

the dynamics, kinematics, collision model, and the visual aspects of a robot (Kunze, Roehm, 

Beetz 2011, s1) in a form supported by PyBullet. The environment properties for training 

are then programmed so that the PPO-agent can control, observe, and learn. The control and 

observation values of the robot are defined in the file Excavator.py. The robot’s joint motors 

are controlled using PyBullet’s velocity controller, meaning that the agent performs actions 

by applying rotational velocity values to the joints. This action is performed when apply_ac-

tion -function is called.  The file returns the vertical and horizontal location of the fingertip, 

all relevant joint angles, locations of goals and state of the goal_switch for observation when 

get_observation is called. Figure 8 shows the apply_action -and get_observation -functions 

in Excavator.py. 

 

 

Figure 8. Controls and observation in excavator.py. 

 

The environment itself is defined in a separate env -file, called levelling_env.py. It contains 

some general setup functions that, for example, define the action and observation spaces, 

connect the environment to a physics client and load all the necessary URDF-models and 
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reset the environment after an episode. Additionally, the step -function in this file is what 

contains the reward system, defining the actual purpose of the whole environment so that an 

RL-algorithm is able to get feedback and learn. 

 

As the purpose of the Leveller robot is to reach locational goals, the reward function has 

similarities to the one used in the Reacher. As figure 9 of the reward system shows, the 

previous distance to a goal is used to determine if the fingertip has moved closer to or further 

away from the goal. As the current distance (potential) is subtracted from the previous, mov-

ing closer to the goal makes it smaller than the previous value (potential_old), making the 

reward positive, and moving further away makes the reward negative. As the goal is to first 

reach goal 1, and then goal 2, “if” -statements change the reward function depending on if 

goal 1 has been reached. When the fingertip of the robot gets close to goal 1, it switches to 

the rewards guiding it towards the second goal. As the route from goal 1 to goal 2 is supposed 

to be direct, the reward for moving towards goal 2 is divided by a value determined by the 

distance between the fingertip and the direct route defined as “func”, representing the direct 

route as a function of the fingertip vertical location. The further away from the direct route, 

the smaller the reward for moving towards goal 2. 

 

 

Figure 9. Leveller robot reward system. 
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Hyperparameters for the training are defined in the “main” -function of the PPO agent, pre-

sented in figure 10. Update_timestep defines how many timesteps of data is collected for an 

update. Action_std is a constant for action distribution. K-epochs defines the number of 

epochs, meaning the number of passes done for collected batch of learning data. It defines 

the accuracy on which the policy update is fitted to collected data. Too many epochs cause 

overfitting, meaning that a single value affects the policy too much and the policy is unable 

to generalize its learning. Too few epochs on the other hand cause underfitting, meaning that 

the new policy does not represent the collected data well enough. Clipping parameter 

eps_clip defines how different the new policy can be compared to the old. Discount factor 

gamma defines how much the agent values the future rewards in its current state, meaning it 

defines how motivated the agent is to get good rewards instantly compared to taking an 

action at a current state to have better rewards in future timesteps. Learning rate lr generally 

defines the size of a gradient step taken when updating the policy, though when using Adam 

optimizer, it only defines a maximum value for the learning rate. Betas are Adam optimizer 

parameters that define exponential decay rates for moment estimates. (Kingma, Ba 2015, 

p1.) As at the beginning of training, the agent’s behavior is random, setting a random seed 

(random_seed) makes it possible reproduce results as it gives a starting point for the ran-

domness generator so that the random behavior does not change when reproducing results. 

 

 

Figure 10. Hyperparameter examples (Barhate 2018.) 
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4 RESULTS 

 

 

The results of best learning runs achieved with reasonable amounts of hyperparameter tuning 

are presented in this section. Episodical rewards for both environments are not solely de-

pendent on performance, but also chance, as the initial state of the environment also affects 

rewards. For this reason, an average of 32 episodes is used for logging to make the data 

clearer and less scattered. The hyperparameters tuned were the learning rate, batch size, 

epochs, and the clipping parameter. The action_std value was left to its default value, and 

betas were set to default values 0.9 and 0.999 (Kingma, Ba 2015, s1.) 

 

4.1 Reacher environment learning results 

The PPO training results were achieved using the hyperparameters presented in figure 11, 

and the results of 100000 training episodes is presented in figure 12. 

 

 

Figure 11. Hyperparameters used to train Reacher (Barhate 2018.) 

 

Figure 12 shows 100000 training episodes of the Reacher, and figure 13 shows the behavior 

in 10000 episodes of the trained PPO agent compared to a PyBullet Gym pre-trained agent. 

As these figures show, the PPO agent learns stable behavior, but does not overall perform as 

well as the pre-trained agent, although comparing the two agents is problematic because they 

use different networks architectures, which may have an impact on their performance. By 

visually inspecting the simulation behavior, it was observed that the learned behavior does 

reach the goal well, but not perfectly. The agent does have small problems reaching goals in 
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certain locations and has some small jittering present when the robot should stay completely 

still. Overall, these problems were present, but in different magnitudes throughout all hy-

perparameter combinations tested. 

 

Generally, with most tested hyperparameter combinations within normal and reasonable val-

ues the algorithm did learn stable behavior, though with varying overall performance with 

some runs converging to worse policies than others. Naturally extreme values made the al-

gorithm not learn at all or learn poorly, but generally small hyperparameter altering withing 

reasonable values did not uncover a single crucial hyperparameter that would have had an 

unexpected positive or negative impact on learning. The effects of hyperparameters were the 

same as could be expected based on their role in the algorithm. Altering the random seed did 

not have a significant impact on learning, the algorithm learned consistently regardless of 

not using a random seed. 

 

 

Figure 12. Reacher learning graph. 

 

 

Figure 13. PPO trained agent and pre-trained agent. 
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4.2 Levelling environment learning results 

The Levelling environment was built as groundwork for this thesis. The results of 100000 

episodes of training with 1000 timesteps per episode and 32 episodes per batch are presented 

in figure 14, trained with hyperparameters presented in figure 13. As seen in figure 14, the 

environment learns stable behavior. By visually inspecting the simulation, it can be seen that 

these results indeed represent the desired behavior. The robot finds its way to the goals and 

stays on the direct route between the goals well. After reaching goal 2, the robot also keeps 

the fingertip in the goal well, but not completely stationary, as some minimal jittering is 

present. 

 

 

Figure 14. Hyperparameters for Levelling environment training (Barhate 2018.) 

 

 

Figure 15. Levelling environment learning results. 

 

Like in the Reacher environment, hyperparameter tuning within reasonable values did not 

reveal any single crucial hyperparameter that would have drastically changed the learning 

behavior. Generally, all hyperparameter combinations tried inside reasonable values learned 
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relatively stable behavior with small differences in the final performance, but unlike with 

the Reacher environment, the random seed used had a major impact on learning. Generally, 

if a random seed starts the training with very small actions and not enough exploration, it 

converges to a suboptimal policy as the randomness in the environment is slowly replaced 

with data collected from insufficient exploration. The badly performing random seeds would 

often make the agent use only one or two of the robot’s joints sufficiently (visually clearly 

noticeable) at the beginning of training, leading to one or two of the joints doing nothing. 

On the other hand, if the random seed chosen made the agent use all three joints during the 

first batch, the agent seemed to consistently learn the desired behavior among the seeds that 

made the agent act in this manner during the first batch. 
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5 ANALYSIS 

 

 

The results of the two environments suggest that RL used with PPO can learn these kinds of 

common machinery control tasks. The flexibility and ease of implementation of PPO was 

well demonstrated, as the PPO agent used for successful training of the two agents required 

minimal changes to the algorithm between the two environments and was overall flexible 

and stable in terms of hyperparameter tuning and convergence. Random seeds having a 

strong impact on learning with the Leveller are not a major issue in these kinds of tasks, as 

the poor learning results were only caused by a lack of exploration caused by a bad seed. 

Multiple seeds were tested, and all of them that visually showed enough exploration in the 

first episode learned stable behavior. On the other hand, in different or more complicated 

tasks, visually verifying sufficient exploration might be less straightforward. 

 

The reward function used in training the Leveller was a result of multiple different ap-

proaches and reward values tested. It was observed that a reward function that would lead to 

the highest possible reward with correct behavior, does not necessarily mean that correct 

behavior is learned. For example, motivating the agent to stay on the direct path by using the 

distance from the path as a negative reward led to the agent using policies that avoided 

reaching goal 1 entirely and not exploring what would happen by going towards goal 2 in a 

straight line. This means that it is important to carefully consider what different types and 

sizes of rewards can motivate the agent to do, and in what situations it is better to use nega-

tive reward as “punishment” instead of positive reward as encouragement. 

 

5.1 Confluence to previous research 

The stability, flexibility, and ease of implementation of PPO demonstrated in the process of 

training the two environments is in line with previous research showing similar benefits for 

PPO in many kinds of tasks. 

 

5.2 Objectivity 

The data collected in this thesis is a result of trial-and-error parameter tuning for two, simple 

environments and use of an open-source optimizer and many libraries and toolboxes for 

python. Therefor assessing the performance of PPO is limited to a certain set of software.  
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5.3 Validity and reliability 

The results of the research done in this thesis are supported by visually observing the robots’ 

behaviors. The visual footage combined with the results data collected shows, that the RL-

scheme clearly does learn. 

 

5.4 Answers to research questions 

What are the current state-of-the-art solutions in reinforcement learning? 

Making a clear distinction between state-of-the-art and non-state-of-the-art RL-algorithms 

is not necessarily straightforward as the field of research is developing rapidly. Due to the 

newness, excellent performance, ease of implementation and stability of PPO, it is, for this 

thesis, considered as one of the most current and significant state-of-the-art solution. 

 

How hyperparameters affect RL learning? 

With the two environments trained, hyperparameters within reasonable values had only a 

small impact on the end result, though naturally the learning speed was affected by factors 

such as learning rate, number of epochs and batch size. Generally, the hyperparameters had 

an expected effect on training and the PPO agent adjusted well to different hyperparameter 

combinations. 

 

Can reinforcement learning be effectively utilized in machinery control? 

Based on the two simulated machinery control tasks, RL could be effectively utilized in 

machinery control as an asset with precaution. As on-policy RL-algorithms learn by taking 

random actions and improving behavior based on collected data, a detailed simulation would 

be, in many cases, needed as making a real machine take completely random actions is not 

usually a realistic option. For optimization purposes, a pre trained controller could be used 

to control the machine so that the behavior is safe, but the RL-algorithm could keep learning 

more optimal behavior with all real-world variables present. For this kind of purpose, the 

stability of PPO would be crucial, as an unstable algorithm could diminish the pre-trained 

behavior too. When using PPO for optimization purposes, it should be acknowledged that 

there is not necessarily a guarantee of convergence, as the motivation of the algorithm de-

pends on the magnitudes of different reward values that can be difficult to determine in ad-

vance if there are multiple different factors to optimize. Optimization is more problematic 

than simply learning a certain task, as visually assessing if the behavior is optimal is not as 
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straightforward as just observing the main purpose of the machine. Overall, RL, especially 

used with PPO could have great benefits in machine control automation not only because it 

is able to learn the tasks, but also because it is able to do so with such flexibility regarding 

hyperparameters, and with such simple reward systems. Teaching several different tasks to 

the same machine would in best cases only require changes to a few lines of code between 

the tasks. With the types of machines trained in this thesis, using conventional automation 

would likely be considerably more difficult. 

 

5.5 Further research 

Adding the aspect of efficiency and optimization to the Leveller environment by adding an 

electricity cost and other optimization parameters to the reward system, and then observing 

how the presence and magnitude of these parameters affects learning. Overall, more testing 

with different, more accurate, complicated, and realistic models using different kinds of con-

trol types, as well as researching ways to eliminate the unwanted jittering present in both 

environments. Ultimately, testing the behavior of physical machines, such as miniature mod-

els, with pre-trained agents and continuous learning and optimization. 
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6 SUMMARY 

 

 

This thesis focuses on exploring the potential of state-of-the-art reinforcement learning in 

machinery control by training two simulated robots representing common machinery control 

tasks using proximal policy optimization. It was observed that PPO was able to learn correct 

and stable behavior with small imperfections. It was concluded in accordance with other 

available research, that PPO generally is flexible and stable in terms of hyperparameter tun-

ing. Based on these results from the simulated robots, it was concluded that RL has, with 

precautions, potential as an asset in machinery control automation. 
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ANNEX 

 

 

Repository with Leveller environment files and agents used is available at: 

https://github.com/shjakebu/Leveller_Reacher 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



PPO agent licence (Nikhil Barhate 2018) 

 

 

MIT License 

 

Copyright (c) 2018 Nikhil Barhate 

 

Permission is hereby granted, free of charge, to any person obtaining a 

copy 

of this software and associated documentation files (the "Software"), to 

deal 

in the Software without restriction, including without limitation the 

rights 

to use, copy, modify, merge, publish, distribute, sublicense, and/or sell 

copies of the Software, and to permit persons to whom the Software is 

furnished to do so, subject to the following conditions: 

 

The above copyright notice and this permission notice shall be included 

in all 

copies or substantial portions of the Software. 

 

THE SOFTWARE IS PROVIDED "AS IS", WITHOUT WARRANTY OF ANY KIND, EXPRESS 

OR 

IMPLIED, INCLUDING BUT NOT LIMITED TO THE WARRANTIES OF MERCHANTABILITY, 

FITNESS FOR A PARTICULAR PURPOSE AND NONINFRINGEMENT. IN NO EVENT SHALL 

THE 

AUTHORS OR COPYRIGHT HOLDERS BE LIABLE FOR ANY CLAIM, DAMAGES OR OTHER 

LIABILITY, WHETHER IN AN ACTION OF CONTRACT, TORT OR OTHERWISE, ARISING 

FROM, 

OUT OF OR IN CONNECTION WITH THE SOFTWARE OR THE USE OR OTHER DEALINGS IN 

THE 

SOFTWARE. 

 

 

 

 

 

 

 

 

 

 

 

 



PYBULLET GYM licence (Benjamin Ellenberger 2018) 

 

 

# pybullet-gym 

 

MIT License 

 

Copyright (c) 2018 Benjamin Ellenberger 

 

Permission is hereby granted, free of charge, to any person obtaining a 

copy 

of this software and associated documentation files (the "Software"), to 

deal 

in the Software without restriction, including without limitation the 

rights 

to use, copy, modify, merge, publish, distribute, sublicense, and/or sell 

copies of the Software, and to permit persons to whom the Software is 

furnished to do so, subject to the following conditions: 

 

The above copyright notice and this permission notice shall be included 

in all 

copies or substantial portions of the Software. 

 

THE SOFTWARE IS PROVIDED "AS IS", WITHOUT WARRANTY OF ANY KIND, EXPRESS 

OR 

IMPLIED, INCLUDING BUT NOT LIMITED TO THE WARRANTIES OF MERCHANTABILITY, 

FITNESS FOR A PARTICULAR PURPOSE AND NONINFRINGEMENT. IN NO EVENT SHALL 

THE 

AUTHORS OR COPYRIGHT HOLDERS BE LIABLE FOR ANY CLAIM, DAMAGES OR OTHER 

LIABILITY, WHETHER IN AN ACTION OF CONTRACT, TORT OR OTHERWISE, ARISING 

FROM, 

OUT OF OR IN CONNECTION WITH THE SOFTWARE OR THE USE OR OTHER DEALINGS IN 

THE 

SOFTWARE. 

 

# Mujoco models 

 

This work is derived from [MuJuCo models](http://www.mujoco.org/forum/in-

dex.php?resources/) used under the following license: 

 

``` 

This file is part of MuJoCo.      

Copyright 2009-2015 Roboti LLC.  

Mujoco  :: Advanced physics simulation engine 

Source  : www.roboti.us 

Version  : 1.31 

Released  : 23Apr16 

Author  :: Vikash Kumar 

Contacts  : kumar@roboti.us 

``` 

 

 


