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ABSTRACT 
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M.Sc. Thesis 
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October 2021 

 

Recently, with the development of Artificial Intelligence and Deep Learning in the field 

of robotics, especially to control robots for specific tasks. The traditional approach uses 

a large number of models to calculate the most suitable and stable operating points, how-

ever, this makes it necessary to spend a lot of time to collect models and therefore this 

approach is not generalizable. Other methods use neural networks to predict possible op-

erating points from the model's 3D data, which is faster but also depends on the training 

of the neural network. However, Deep Reinforcement Learning combines the benefits of 

Deep Learning in the vision domain with the generalization of Reinforcement Learning, 

which allows robots to learn to perform specific tasks by interacting with their environ-

ment. The purpose of this paper is to implement and improve the traditional deep rein-

forcement learning approach by applying popular Deep Reinforcement Learning methods 

to the Franka Emika Panda robot. Implementing different Deep Reinforcement Learning 

algorithms to control the robot to perform specific tasks such as reach, touch and grasp. 

Additional, improving feature extraction through secondary processing of observations. 

Finally, the impact of different feature exactors on the algorithm is compared. 
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1 INTRODUCTION 
 

Over recent years, with the development of deep neural network architectures in multiple 

areas of science and engineering, Reinforcement Learning technology has also made 

considerable progress, and now sometimes outperforms humans in activities such as Atari 

games and Go.  These developments in deep neural networks have also benefited the 

science of robotics. Humans are now working to make robots more intelligent and make 

them finish tasks like a human. Robotic manipulation control helps us to use tools and 

provide services. Humans never stood and planed about how to control an item, even an 

infant human can easily manipulate different types and shapes of objects. However, for 

robots, such simple operations are complex, they are not as intelligent as humans. So 

robots need to learn how to do. 

Some task-specific algorithms determine the operation by analyzing the object, which is 

time-consuming. They usually need a huge dataset to analyze and sample. Humans need 

to spend a lot of time collecting and processing data. Even task-specific algorithms find 

the solution but lack generalisation, slight change of object require reprogramming [1].  

Reinforcement Learning (RL) [2], which provide a more general way to solve the robotics 

manipulation control problem. As a type of self-supervised learning, it provides the robot 

with an opportunity to learn on its own and does not require manual processing of large 

amounts of data. Reinforcement Learning has grown significantly in popularity in recent 

years, especially with the development of Deep Learning (DL), Deep Reinforcement 

Learning(DRL) is starting to evolve. Deep Reinforcement Learning (DRL) is a product 

of combining deep learning and reinforcement learning, which integrates the powerful 

understanding of deep learning for perceptual problems such as vision and decision 

making, and the capability of Reinforcement Learning to achieve end-to-end learning. 

The emergence of Deep Reinforcement Learning has made Reinforcement Learning 

techniques truly practical, enabling the solution of complex problems in real-world 

scenarios. 

End-to-end Deep Reinforcement Learning is becoming increasingly attractive in the field 

of robotics, by mapping to actions with the help of raw visual information as observations. 

The RGB image or depth image acquired by the sensor is subjected to feature extraction 

by the neural network, and the observed value is no longer the complete image pixel 

information, but a simplified feature value. The feature values make the observation more 

generalized and increase the processing efficiency.  

However, different feature extraction networks will obtain different feature values. 

Ordinary CNN networks do not extract enough feature levels, and even with deeper 

networks, gradient disappearance, gradient explosion and network degradation can occur. 

The Deep Residual Learning [3] method find a solution to solve those problems. 

The primary focus of this work is to apply DRL to robotic manipulation with the use of 

ResNet to process different types of observation. The key contributions are listed below.  
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 Simulation Environment for robotics manipulation control 

 

This work includes a simulation environment with PyBullet as the engine. The 

simulation environment provides a space for Reinforcement Learning 

experiments, including robot models and grasping models. In addition, the 

simulation environment also provides the sensors needed to obtain observations, 

such as RGB-D cameras and touch sensors. These help us to better experiment 

and modify the algorithm. 

 

 ResNet implementation for observation 

 

This work integrates the ResNet in the DRL algorithm, ResNet can process 

observation better. The combination of ResNet and Policy makes it easier for 

DRL's algorithm to accurately capture the feature values of the observations, thus 

providing valid data for policy. 

 

 Comparison of On-policy and Off-policy DRL algorithm 

 

Because the training samples of Reinforcement Learning are obtained by 

interacting the agent with the environment (simulation environment), if the 

current optimal policy (target policy) obtained by learning is directly used as the 

policy (behaviour policy) for interacting with the environment to obtain training 

samples, then this method is on-policy; if the target policy is different from the 

behaviour policy, then it is off-policy. This work compares the learning efficiency 

and accuracy of two policies. 

 

The thesis is organized as follows: 

i. Chapter 2 introduce an overview of related work about robotics manipulation 

control, such as grasping. 

 

ii. Chapter 3 introduce the detail of related technology this work use, including 

algorithms and principles. 

 

iii. Chapter 4 introduce the implementation of the different simulation environment  

iv. Chapter 5 introduce how to define this problem and make preparations. 

 

v. Chapter 6 includes the entire code part of the work, including the creation of the 

robot, the creation of the environment, the implementation of the algorithms and 

the result. 

vi. Chapter 7 make a conclusion and suggestion. 
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2 RELATED WORK 
 

Robot manipulation control such as grasping is an area that has been intensively studied. 

This chapter outlines some of the well-known approaches focused mainly on the use of 

model-free reinforcement learning. 

2.1 Analytical Grasping Approach 

The analytical crawling approach first proposed by Nguyen, this paper shows fast and 

simple directly constructing stable grasps in 3D [4]. Nguyen modelled the gripper and 

grasped objects, try to compute the stable force closure grasp analytical. However, this 

kind of analytical approach requires a large computational burden, and although the 

proposed improved method can speed up the process, it is not applicable to some 

household items, such as mugs and cups. 

 

 

Figure 1. An example of stable grasp in 3D [4] 

2.2 Supervised Learning for Grasping 

Supervised Learning is a type of machine learning task. It derives a prediction function 

from labelled training data. Labelled training data means that each training instance 

includes both the input and the desired output. [5] divided supervised learning into two 

categories, discriminative approaches and generative approaches. Discriminative 

approaches sample grasp objects and rank them by using a neural network. A typical 

method is Dex-Net [6]. Dex-Net aims to, build a dataset containing a large amount of data 

through the idea of analyzing forces and modelling in traditional robotics firstly. Each 

item of data in this dataset contains a model of an object and the force applied to this 

object that can be steadily grasped in different postures, which are calculated by the object 

model. Once the data is available, a neural network is trained with this data. Then, given 

a new object, the neural network determines which object is most similar to the object in 

the dataset, and then calculates the most stable force application method for this new 
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object based on the force application methods contained in the dataset of the most similar 

object. However, its excellent performance comes from the huge amount of computing 

behind it. Also, the output is only grasped location. Moreover, data collection can be 

tedious due to a large number of machine-labelled datasets. 

 

Figure 2. Dex-Net 2.0 Architecture [6] 

Another type of supervised learning is the generative approach for grasping. The 

generative approach computes the grasp configuration, [7] shows a method to detect 

oriented rectangles for grasping. After ranking all candidates rectangles, [7] choose the 

best one as the grasping configuration. 

 

Figure 3. An example of grasp candidates [7] 

2.3 Imitation Learning 

The principle behind Imitation Learning is the ability to perform and learn human 

behaviour by implicitly giving the learner a priori information about the world. In an 

imitation learning task, an intelligent agent looks for the best way to use the training set 

(input-output pairs) modelled by the expert to learn a strategy to perform a behaviour as 

well as possible as a human expert [8]. In the robotics area, imitation learning learns 

manipulation control by observing the expert’s demonstration, which extracts information 

from the environment and learning mapping between observation and performance [9]. 

As mentioned above, imitation learning can train data from the best learning sample 

instead of learning from random action, so learning is much more efficient [10]. 
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Figure 4. Virtual Reality teleoperation in action [11] 

 

Behavioural cloning is a relatively basic imitation learning method, in which policy can 

map states to actions by using techniques such as non-linear regression. However, 

mapping pixel information to action can be challenging, [11] showed that deep learning 

makes behavioural cloning more efficient. They used a virtual reality headset and hand-

tracking controller to acquire RGB-D information, and train a deep learning policy by 

using CNN. Through a demonstration of no more than 20 minutes, a success rate of more 

than 80% can be achieved for various operations 

 

Even though imitation learning provides a quick way to finish robotics manipulation tasks, 

they need to collect the sample from the expert. The demonstration from an expert may 

not contain all possible states, even we can collect all possible states, tasks can become 

expensive and time-consuming. For this reason, algorithms may be suitable for some ideal 

environments. 

 

2.4 Reinforcement Learning 

Reinforcement Learning(RL) is a class of learning problems in the field of machine 

learning. The major difference between it and the common supervised and unsupervised 

learning is that it learns through interaction and feedback with the environment. The agent 

is the part that can take a series of actions and expects to obtain a high gain or achieve a 

certain goal. The agent can take certain actions, which are imposed on the environment. 

After receiving the agent's action, the environment gives feedback to the agent about the 

current state of the environment and the reward that resulted from the previous action. It 

is worth noting that this agent-environment division is not necessarily based on the 

proximity of entities, for example, in animal behaviour, the reward that an animal receives 

may come from the secretion of chemicals in its brain, so the part of the animal's brain 

that implements this reward mechanism should also be classified as the environment, 
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while the agent only includes the part that receives the signal and makes the decision. The 

agent only includes the part that receives the signal and makes the decision. 

 

 

Figure 5. The typical frame of a Reinforcement Learning (RL) scenario. [12] 

Recently, the combination of Deep Learning and Reinforcement Learning, called Deep 

Reinforcement Learning (DRL), become more and more popular in the robotic control 

area. DRL can take raw input as observation, the agent can learn directly from raw input. 

 

Based on whether or not the model is used, RL can be categorised as model-based or 

model-free. Model-free algorithms do not model the environment and iterate the 

algorithm directly based on the data generated during the interaction with the 

environment. In contrast, Model-based algorithms model the environment. This World 

Model models the environment during the interaction, predicts what the next state of the 

environment will be after performing a particular action, how much the robot will be 

rewarded, and whether the next state will be a termination state. If the model is correct, 

the performance of the model-based algorithm is better than the model-free algorithm, 

such as [13], which implement a model-based framework for manipulation control task. 

By using this, the researcher can train a successful task easily. However, a good model is 

rare, and in some complex environments, which is difficult to obtain.  
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Figure 6. Model-free(left), Model-based(right) 

 

So, model-free DRL for robotics manipulation has been developed in the last few years. 

For example, [14] propose two extensions to the Deep Deterministic Policy Gradient 

algorithm (DDPG), a model-free Q-learning based method, which make it significantly 

more data-efficient and scalable [14]. 

 

Although the observation obtained from the simulation environment is gripper position 

or object position, which is not practical. Some researchers introduce a method which is 

relied on visual image observation combined with CNNs. [15] take RGB-D image as 

input, through two different networks to achieve target detection and grasp. 

 

 

Figure 7. An overview of [15] structure. 
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2.5 Curriculum Learning 

Curriculum learning (CL) is a cutting-edge direction that has become increasingly 

popular in recent years. Bengio [16] first introduced the concept of Curriculum Learning 

(CL), a training strategy that mimics the human learning process and advocates having 

models start with easy samples and gradually progress to complex samples and 

knowledge. The CL strategy has been used in a variety of scenarios such as computer 

vision and natural language processing and has shown a strong ability in improving the 

generalization of various models capability and convergence rate in a variety of scenarios 

such as computer vision and natural language processing. As the figure shows below, CL 

is a sequence of training criteria, T over training steps 𝐶 = ⟨𝑄1. . . . . 𝑄𝑇⟩, where each 

criterion 𝑄𝑡 is the weight of the target training distribution 𝑃(𝑧). The criterion includes 

data or task, model capacity, learning objectives, etc. 

 

 

 

Figure 8. An example of CL [17]. 

 

Another way of CL application is that, though dividing the big task into several small 

tasks, trying to finish small tasks firstly, and finally achieve the full task. As [18] shows 

in a paper, though changing workspace size and task, making robot learn simple task 

first, meantime, with the training process, workspace is changed, which constraint 

gripper movement space. Finally, They found that curriculum learning can accelerate 

training speed significantly. 
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3 BACKGROUND 
 

3.1 Markov Decision Process 

In reinforcement learning, the Markov Decision Process (MDP) is described for a fully 

observable environment, meaning that the observed state content completely determines 

the required characteristics of the decision. Almost all reinforcement learning problems 

can be transformed into MDPs 

 

First, MDP based on Markov Property, state information contains all relevant histories, 

and the current state is considered Markov Property as long as the current state is known, 

all historical information is no longer needed, and the current state can determine the 

future. Markov Property can be described by the following formula. 

𝒫𝑠𝑠′ = 𝑃[ 𝑆𝑡+1 = 𝑠′|𝑆𝑡 = 𝑠] 
 

(1) 

And transfer matrix defines the transfer probability of all states. 

 

𝑃 = (
𝑃11 ⋯ 𝑃1𝑛

⋮ ⋱ ⋮
𝑃𝑛1 ⋯ 𝑃𝑛𝑛

) 

 

 

(2) 

The interaction between agent and environment in MDP can be described as below. 

 

Figure 9. Interaction in MDP [2] 

 

A Markov Decision Process (MDP) is defined as a Markov reward process that contains 

decisions ⟨𝒮, 𝒜, 𝒫, ℛ, 𝛾⟩, in this environment, all states have Markov Property. 𝒮 is a 

finite state set, 𝒜 is a finite action set, 𝒫 is the state transfer probability matrix. As the 

formula shows. 

𝒫𝑠𝑠′
𝑎 = ℙ[𝑆𝑡+1 = 𝑠′ | 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] (3) 
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ℛ is the reward function. The reward function can be expressed as: 

 

ℛ𝑠
𝑎 = 𝔼[𝑅𝑡+1|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] (4) 

  

At each discrete time step 𝑡, the environment output a reward ℛ𝑠
𝑎 of current state 𝑠𝑡 and 

action 𝑎𝑡  according to the reward function. Both current and future rewards must be 

considered in the MDP setting, so MDP define return 𝐺𝑡 as the sum of the reward of all 

decays from the 𝑡 moment onwards, which is also RL agent try to maximise. 

 

𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝑅𝑡+2 + ⋯ = ∑ 𝛾𝑘𝑅𝑡+𝑘+1

∞

𝑘=0

 (5) 

When 𝛾 tends to 0, the agent prefers to near-term rewards, when 𝛾 tends to 1, the agent 

focuses more on the long-term reward. The reward at the adjacency moment can be 

expressed recursively as follows. 

 

𝐺𝑡 = 𝑅𝑡+1 + 𝛾𝐺𝑡+1 (6) 

 

For applications where there is a "final moment", the interaction between the agent and 

the environment can be naturally divided into a series of sub-sequences, each of which is 

called an “episode”, each episode ends with a special state. These episodes can be con-

sidered to end in the same end state, but with different benefits for different rewards. This 

work defines the episode robotic manipulation control task with a fixed maximum number 

of time steps. 

𝛾 ∈ [0, 1] is the discount factor. The goal of reinforcement learning is to find the optimal 

strategy given an MDP, the key point is policy, which is repented as 𝜋 . 𝜋  is the 

distribution on the action set based on the given state 𝑠: 

 

𝜋(𝑎|𝑠) = ℙ[𝐴𝑡 = 𝑎|𝑆𝑡 = 𝑠] 
 

(7) 

A policy completely determines the behaviour of an agent, while an MDP policy depends 

only on the current state. Under policy 𝜋, the value function of state 𝑠 is 𝑉𝜋(𝑠), which is 

the probability expectation of the reward obtained by an agent while making a decision 

according to a policy starting from state 𝑠. MDP define it as: 

𝑉𝜋(𝑠) = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠] = 𝔼𝜋 [∑ 𝛾𝑘𝑅𝑡+𝑘+1|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎

∞

𝑘=0

] (8) 
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Besides it, under policy 𝜋, the value function at state 𝑠 after taking action 𝑎 is called 

𝑞𝜋(𝑠, 𝑎), which is, according to policy 𝜋, starting from state 𝑠, after taking action 𝑎, 

expected returns for all possible decision sequences: 

 

 

𝑞𝜋(𝑠, 𝑎) = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎] = 𝔼𝜋 [∑ 𝛾𝑘𝑅𝑡+𝑘+1|𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎

∞

𝑘=0

] (9) 

As mentioned before, RL aim to find the best policy, so, it is necessary to find the optimal 

state value-function 𝑣∗(𝑠) and optimal action value-function 𝑞∗(𝑠, 𝑎). 

 

 

𝑣∗(𝑠) = 𝑚𝑎𝑥
𝜋

𝑣𝜋(𝑠) (10) 

 

𝑞∗(𝑠, 𝑎) = 𝑚𝑎𝑥
𝜋

𝑞𝜋(𝑠, 𝑎) (11) 

 

The optimal action-value function satisfies the Bellman equation. Explicitly solving the 

Bellman optimality equation gives a way to find an optimal strategy. 

 

𝑞∗(𝑠, 𝑎) = 𝑅𝑠
𝑎 + 𝛾 ∑ 𝑃𝑠𝑠′

𝑎 𝑚𝑎𝑥
𝑎′

𝑞∗(𝑠′, 𝑎′)

𝑠′∈𝑆

 (12) 

 

However, this solution relies on at least three assumptions: 

 Accurate knowledge of the dynamically changing properties of the environment. 

 Sufficient computational resources are available for the solution 

 Markov Property 

 

3.2 Model-Free Reinforcement Learning 

As previously mentioned, RL can be divided into two categories, model-based and model-

free, this work mainly focuses on model-free methods. According to different standards, 

there are usually two ways to classify model-free algorithms. Based on the learning 

characteristics of the model, it can be divide into two classed, On-policy and Off-policy. 

The policy that is generating the interaction data is defined as the behaviour policy, and 

the policy that is optimizing by training is defined as the training policy, if these two 

policies are the same the algorithm is called On-policy, otherwise, the learning algorithm 

is an Off-policy algorithm [2]. Based on the current policy, an action selection is 

performed directly, and then the current policy is updated with this sample, so the policy 

of the generated sample is the same as the policy at the time of learning, and the algorithm 

is the on-policy algorithm, on the contrary, the policy (value function) used to generate 
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the sample is different from the policy (value function) used to update the parameters of 

the network. Typically for the Q-learning algorithm, the max operation is used to calculate 

the expected return of the next state, and the optimal action is selected directly, while the 

current policy is not necessarily selected to the optimal action, so the policy for generating 

samples here is different from the policy for learning, and is an off-policy algorithm. 

 

Besides it, based on whether reinforcement learning is policy-centric or value-centric falls 

into two categories, Policy-based and Value-based.  

 

3.3 Value-Based Methods 

 

Value-based methods aim to estimate optimal state-value function 𝑣∗(𝑠) or action-value 

function 𝑞∗(𝑠, 𝑎). Based on these two functions, find the policy 𝜋 that maximizes the 

reward.  

 

𝜋∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝜋

𝑉𝜋(𝑠) (13) 

 Or: 

 

 

𝜋∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝜋

𝑄𝜋(𝑠, 𝑎) (14) 

Three algorithms usually solve this. Dynamic Programming, Monte-Carlo Methods, and 

Temporal-Difference Learning. Unfortunately, these algorithms are incompatible with 

continuous actions, so for some robotics manipulation task which requires a continuous 

operation, it performs badly. 

 

Figure 10. An example of DP [19] 
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Figure 11. An example of Monte-Carlo [19] 

The Monte-Carlo method requires the end of an episode before returning a valuation 

update for a state, which can have a large variance. Unlike the Monte Carlo method, the 

time difference does not require a full episode trial before estimating a state and can be 

estimated once in one step, the simple expression as figure 12 shows. 

 

 

Figure 12. An example of TD [19] 

TD combines the sampling method of Monte-Carlo (i.e., doing experiments) with the 

dynamic programming method of bootstrapping. The TD method updates the value 

function with the formula: 

 

𝑉(𝑠𝑡) ⟵ 𝑉(𝑠𝑡) + 𝛼(𝑅𝑡+1 + 𝛾𝑉(𝑠𝑡+1) − 𝑉(𝑠𝑡)) (15) 

 

𝛿𝑡 = 𝑅𝑡+1 + 𝛾𝑉(𝑠𝑡+1) − 𝑉(𝑠𝑡)  is called TD error. 
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A classic reinforcement learning algorithm Q-Learning use TD. Unlike for state-value 

function, Q-Learning applies TD error into the action-value function. So, the new way 

to update Q value is that: 

 

𝑄(𝑠𝑡, 𝑎𝑡) ⟵ 𝑄(𝑠𝑡, 𝑎𝑡) + 𝛼 (𝑅𝑡+1 + 𝛾 𝑚𝑎𝑥
𝑎

𝑄(𝑠𝑡+1, 𝑎) − 𝑄(𝑠𝑡, 𝑎𝑡)) (16) 

 

All state-action pairs will be stored in Q-Table. In practice, most of the problems have 

huge state-space or action space, trying to create a Q table, memory is not allowed, and 

the amount of data and time overhead is also a problem.  

 

The Function Approximation approach is designed to solve the problem of large state 

spaces, also known as "dimensional disasters". By using functions instead of Q-tables to 

represent 𝑄(𝑠, 𝑎) , this function can be linear or non-linear. 𝑣(𝑠, 𝑤) ≈

𝑣𝜋(𝑠) 𝑜𝑟 �̌�(𝑠, 𝑎, 𝑤) ≈ 𝑞𝜋(𝑠, 𝑎).  

 

The 𝑤 is the weight, so by combining the supervised learning algorithms, the algorithm 

can calculate the weight 𝑤. The features are extracted for the input state as input, the 

value function is calculated by MC/TD as output, and then the function parameters 𝑤 are 

trained until convergence. Here is mainly about regression algorithms, such as linear 

regression, decision trees, neural networks, etc. That is Deep Q-Network(DQN), which 

is a combination of Q-Learning and neural network, turning Q-Learning's Q-table into Q-

Network, stochastic gradient descent (SGD) is used to iteratively solve the problem and 

obtain 𝑤.  The following is the DQN pseudocode: 

 

 

Figure 13. DQN pseudocode [20] 



-16- 

 

 

 

Figure 14. Comparison of Q-Learning and DQN 

3.4 Policy-Based Methods 

 

All Value-based methods ultimately learn by value functions, which may be related to 

actions or states. Policy-based methods, on the other hand, use a gradient approach to 

learn policies directly. The input of the Policy-based algorithm is the same as Value-based, 

but the output is the probability of each action being selected in the action space; in other 

words, the output is the probability distribution of the actions being selected in the action 

space. At this point, the policy function can be expressed by the following equation. 𝜃 is 

the training parameters. 

 

𝜋𝜃(𝑠, 𝑎) = 𝑃(𝑎|𝑠, 𝜃) (17) 

 

Policy-based algorithms are mainly on-policy and therefore, it is less sample-efficient but 

can converge quickly. Also, these types of algorithms can be applied to continuous action 

spaces, which is suitable for many robotics problems. 
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3.5 Actor-Critic Algorithm 

The predecessor of Actor-Critic's Actor is Policy Gradients, which allows it to quickly 

pick the right action in a sequence, something that Q-learning would be paralyzed to do.  

So Policy Gradients is a better method. It turns out that the predecessor of Critic in Actor-

Critic is Q-learning or other value-based learning methods that can be updated in a single 

step, while traditional Policy Gradients are updated in rounds, which reduces learning 

efficiency. 

 

Because actors are a Policy Network, they need reward and punishment information to 

regulate the probability of taking various actions in different states. In the traditional 

Policy Gradient algorithm, the reward and punishment information is calculated by 

iterating through a complete episode. This inevitably leads to very slow learning rate and 

takes a long time. Because Critic is a value-based learning method, it can perform a single 

step update and calculate the reward and penalty values for each step. Then combine the 

two, the Actor chooses the action, and the Critic tells the Actor whether the action it 

chooses is appropriate or not. In this process, the Actor iterates to get a reasonable 

probability of choosing each action in each state, while the Critic iterates to refine the 

reward and penalty values for choosing each action in each state. 

 

 

 

 

 

Figure 15. The simple structure of Actor-Critic 
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The following are typical algorithms of actor-critic. 

3.5.1 Deep Deterministic Policy Gradient 

Deep Deterministic Policy Gradient (DDPG) [21], DDPG is essentially a reinforcement 

learning algorithm of the AC framework, combining policy-based policy Gradient and 

action value-based DQN, which can predict deterministic policies and maximize total 

reward by updating policies in a single step through the off-policy approach. The figure 

is the structure of DDPG: 

 

 

Figure 16. DDPG structure 

 

3.5.2 Twin Delayed Deep Deterministic Policy Gradient 

Twin Delayed Deep Deterministic Policy Gradient (TD3) is an extension of DDPG. 

Although DDPG can sometimes achieve good performance, it remains a weakness in 

terms of hyperparameters and other tunings, to solve this problem, TD3 mainly improve 

three points. 

 

 Clipped Double-Q learning - Unlike DDPG, which learns one Q-function, 

TD3 learns two Q-functions and uses whichever Q value is smaller of these 

two Q-functions to construct the target network in the Bellman error function. 

 Delayed Policy Updates - In the TD3 algorithm, the policy (including the 

target policy network) is updated less frequently than the Q-function 

 Target Policy Smoothing - TD3 adds noise to the target action as well, making 

it more difficult for strategies to use errors in the Q-function by smoothing the 

variation of the Q-function along with different actions 
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3.5.3 Soft Actor-Critic 

Soft Actor-Critic (SAC) [22], is the main algorithm in this work. SAC is an RL algorithm 

based on the idea of maximum entropy, which uses stochastic policy and is an off-policy, 

actor-critic algorithm. SAC performs well in various benchmarks and real robot control 

tasks and is stable and highly resistant to interference. The benefits of introducing entropy 

into the RL algorithm are that the policy can be as random as possible, the agent can 

explore the state space more fully to avoid the policy falling into local optimum early, 

and multiple feasible solutions can be explored to complete the specified task to improve 

the stability. 

 

Entropy is used to measure the randomness of a random variable, and the actual 

calculation directly considers the random distribution it obeys. The entropy can be 

expressed as follow: 

 

𝐻(𝑃) = 𝐸[−𝑙𝑜𝑔𝑃(𝑥)] (18) 

 

Differing from the standard RL algorithm, the target function of the RL algorithm that 

integrates the entropy: 

 

𝜋𝑀𝑎𝑥𝐸𝑛𝑡
∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥

𝜋
∑ 𝐸[𝑟(𝑠𝑡, 𝑎𝑡) + 𝛼𝐻(𝜋(∙ |𝑠𝑡))]

𝜋

 (19) 

 

𝛼  is the hyperparameter named temperature coefficient, which is used to adjust the 

importance of the entropy value.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



-20- 

 

The SAC pseudocode is below: 

 

 

Figure 17. SAC pseudocode [23] 

 

3.5.4 Proximal Policy Optimization 

In supervised learning, it is easy to implement the loss function and do gradient descent 

but is difficult to implement in reinforcement learning. PPO, on the other hand, finds a 

new balance between the ease of implementation, sampling complexity, and debugging 

effort required by trying to compute a new policy at each iteration step, which minimizes 

the loss function while still ensuring relatively small deviations from the policy of the 

previous iteration. PPO proposes a new target function to achieve small batch updates in 

multiple training steps, solving the problem of difficulty to determine the step length in 

the Policy Gradient algorithm. PPO is also the main algorithm in this work. 

The pseudocode is: 

 

 

Figure 18. PPO Pseudocode. [24] 
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4 SIMULATION ENVIRONMENT 
 

For reinforcement learning, training on a real robot is expensive and time-consuming, so 

this work will focus on the simulation environment. The simulated environment makes 

the training process more controllable and makes debugging easier. There are four main 

simulators, Gazebo, MujoCo, PyBullet, Webots, figure 19 shows the basic comparison. 

In this work, we only discuss two simulators, Webots and PyBullet. 

 

 

Figure 19. The comparison of mainstream simulators [25]. 

 

4.1 Webots 

Webots [26] is a professional mobile robot simulation software package. It provides a 

rapid prototyping environment that allows users to create 3D virtual worlds with physical 

characteristics (e.g. mass, joints, friction coefficients, etc.). Users can add simple passive 

objects or active objects called mobile robots. These robots can have different mobility 

schemes (wheeled robots, legged robots or flying robots). Moreover, they may be 

equipped with many sensors and actuator devices, such as distance sensors, drive wheels, 

cameras, motors, touch sensors, transmitters, receivers, etc. Finally, the user can program 

each robot individually to control the desired action. Webots contain a large number of 

robot models and controller program examples to help the user’s programming. Webots 

also contains many interfaces to real mobile robots, so once the simulated robot exhibits 

the expected behaviour, it is easy to transfer its program to real robots. [26] 
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The Webots simulation consists of the following. 

 

 A Webots world file (.wbt), which defines one or more robots and their 

environment. The .wbt file sometimes depends on external PROTO files (.proto) 

and textures. 

 One or several controller programs for the robot (in C / C ++ / Java / Python / 

MATLAB). 

 An optional physics plug-in that can be used to modify the regular physical 

behaviour of Webots (in C / C ++). 

 

.wbt file indicate the world information. It contains a description of each object: position, 

orientation, geometry, appearance (e.g. colour or brightness), physical properties, object 

type, etc. The world is organized in a hierarchical structure, where one object can contain 

other objects (e.g. VRML97). 

 

The controller is the core, it is the computer program that controls the robot specified in 

the world file. When the simulation begins, Webots starts the specified controllers, each 

of which is a separate process, and associates the controller process with the simulated 

robot. Note that multiple robots can use the same controller code, but a different process 

will be started for each robot. 

 

 

Figure 20. A Franka Emika Panda robot example in Webots 
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Webots is a nice simulator, but in practice, it has the following disadvantages. 

 This work needs the camera information to get the image observation, but the 

image information that Webots interface provides is incomplete, sometimes, the 

interface even cannot transfer the image information. 

 The Franka Emika Panda model is incomplete. The model cannot provide the 

correct link index. So, it is difficult to calculate the inverse kinematics. 

 Webots requires a base python environment, but the base environment has low 

fault tolerance.  

 

4.2 OpenAI Gym 

 

OpenAI Gym is a toolkit for developing and comparing RL algorithms. It includes a 

growing and improving set of environments (such as simulated robots and Atari) and 

provides a platform for comparing and evaluating algorithms. It is compatible with other 

numerical computation libraries, such as TensorFlow or Theano. The main language 

supported now is Python, but other languages will be supported in the future. 

 

OpenAI Gym offers a wide variety of environments, ranging from easy to difficult, and 

involving many different types of data. 

 

 

Figure 21. OpenAI Gym Environment [26] 

 

Gym in Python provides some integrated classes such as Box, Space, which are useful 

for environment construction. 
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4.3 PyBullet 

 

PyBullet is a Python module for robotics, games, visual effects, and machine learning 

physics simulations. PyBullet allows loading robot description files in URDF, SDF, 

MJCF and other file formats. PyBullet provides forward dynamics simulation, inverse 

dynamics calculation, forward and inverse kinematics, collision detection and ray 

intersection queries. The Bullet Physics SDK provides several PyBullet robot examples. 

 

In addition to physics simulation, there are rendering bindings, including a CPU renderer 

(TinyRenderer) and OpenGL visualization, and support for virtual reality such as HTC 

Vive and Oculus Rift. PyBullet also can perform collision detection queries (nearest 

point, overlap pairs, ray intersection tests, etc.) and add debug rendering (debug lines and 

text). It has a cross-platform built-in client-server, support for shared memory, UDP and 

TCP networks. [27] 

 

 

Figure 22. PyBullet 

 

The left part shows three types of images, RGB, Depth and Mask, middle part shows 

the whole environment.  
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4.4 Simulation Conclusion 

Even though Webots is a classic simulation tool, the diversity of robot models and the 

extensibility of the interface are poor, which makes it impossible to find a suitable robot 

model in the actual testing process. In addition, it is not easy to deploy in a virtual 

environment. PyBullet is based on Python, so it is very extensible. The active platform 

allows PyBullet to have a wide variety of robot models that are compliant and do not 

require much modification, and most of them can be solved using the IK solver defined 

by PyBullet to solve the motion trajectory. The algorithms in this paper are well 

implemented on python, so PyBullet is chosen as the main simulator environment for the 

project. In addition, OpenAI gym provides easy-to-apply classes that make it easier to 

build the environment and handle the data, so this project also uses some of Gym's 

interfaces. 

 

Simulator Programming 

language 

Robot/world 

format 

DL framework integrated Difficulty of 

use 

Webots Python/C++ .proto/.wbt No Difficult 

PyBullet Python Urdf file Stable-baselines Easy 

OpenAI 

gym 

Python Urdf file Gym Easy 

Table 1. Simulator Comparison 
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5 PROBLEM DEFINITION 

 

5.1 Task Definition 

In this work, an agent is assumed to be a controller that provides the result of gripper 

poses and actions. There are main three tasks, reach, touch, and grasp. Reach task allows 

robot effector approach to an object, the minimum distance is 0.5 cm. Touch task makes 

effector touch the object with the help of touch sensor, which offered by PyBullet 

simulator. Based on the successful previous two tasks, the grasping task can be achieved 

according to CL, the detail will be introduced in the next chapter.  

 

The environment includes all parts as Figure 22 shows, besides, it also includes all 

physical interaction. Due to the benefits of employing a robot in a simulator to train RL, 

at the beginning of each episode, the scene has Franka Emika Panda, an object in a random 

position and table that provide workspace, during episodic formulation, a robot will 

search and explore to try to finish the task,  after training process, a good policy that can 

achieve above task will be obtained.   

 

 

Figure 23. A simple structure of the environment 

 

 

5.2 Observation Definition 

Observation is one of the three spaces in the reinforcement learning process. Observation 

spaces provide all information that policy needed, this work introduces two types of ob-

servation, RGB images (64×64×3) and Depth images (64×64×1).  
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However, if the algorithm set the raw image as observation directly, the image will in-

clude a large amount of information, which means that the process becomes difficult. So, 

the policy provides an interface that allows users to apply feature exactor to simplify the 

image, ResNet is the main feature exactor in this work. 

 

 

 

Figure 24. A Simple Structure of ResNet [28] 

 

The key factor of ResNet is the residual network [3]. [3] found that if a 𝐾 layers 

network 𝑓 is the current optimal netwrok, then user can construct a deeper network, the 

last few layers of this network is only the output of 𝐾 layer’s identity mapping, and user 

can get same result with network 𝑓. Then deeper networks can achieve better results. In 

conclusion, deeper networks should not perform worse compared to simple networks. 

 

The residual network still allows the non-linear layer to satisfy ℱ(𝑥). A short 

connection is introduced directly from the input to the output of the non-linear layer, 

making the whole mapping: 

 

𝑦 = ℱ(𝑥, {𝑊𝑖}) + 𝑥 (20) 

This is the core formula of a residual network. In other words, residual is an operation of 

network building, and any network that uses such an operation can be called a residual 

network. A specific residual module is defined as follows. 
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Figure 25. Residual Learning: a building block [3] 

 

ResNet can extract richer information in practical applications. Because each layer of the 

neural network corresponds to the extraction of different levels of feature information, 

there are low, middle and high levels. The deeper the network is, the more information of 

different levels will be extracted, and the more combinations of hierarchical information 

between different levels will be obtained, and the feature information will be richer. At 

the same time, the problem of gradient vanishing and gradient explosion is avoided. The 

network offers a better way to simplify observation. This work processes raw observation 

by a pre-trained ResNet18 network, which is provided by PyTorch. After the raw obser-

vation is processed by the neural network, the features are more obvious, and ResNet, as 

a popular network, in addition to its excellent performance in image recognition, in deep 

reinforcement learning, more useful features are extracted by secondary ResNet pro-

cessing of observation. In addition, ResNet, as a mature network, has undergone a lot of 

training, and the model is more mature and easier to use. 
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Figure 26.Example Network Architectures for ImageNet. [3] 
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5.3 Action Definition 

 

In this work, the action for manipulation control of robotics is in Cartesian space. Com-

pared to joint space, Cartesian space is invariant to the specific kinematic configuration 

of a robot, which provides a better safety guarantee. By applying to Cartesian space, some 

traditional IK and other motion planning approaches can be implemented to provide more 

reliable commands for a low-level controller such as joint and motor, which avoids self-

collision. The following figure shows a simple illustration of action space in the Franka 

Emika robot gripper. 

 

 

 

Figure 27. Action Space 

 

Figure 25 show the action space in this work, x, y, z is translational displacement, d is 

the gripper width displacement. After each episode, the policy will produce actions 

(𝑥, 𝑦, 𝑧, 𝑑) according to observation. After that, the robot will make a motion plan based 

on IK. Those actions are normalised in the range [-1, 1]. 
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5.4 Reward Definition 

 

In this work, the robot focus on three tasks, reach, touch and grasp. Because grasping 

tasks also include reach and touch tasks, so in this part, only the grasp task phase showed. 

As mentioned before, curriculum learning divides the big task into small tasks. For the 

grasp stage, the task is divided into, reach, touch, grasp, lift. Tasks’ reward as the table 

shows below. The reward value is based on the parameter settings of other similar projects,  

and several tests found that for simple tasks, a small reward value can motivate the robot 

to first consider completing the corresponding basic tasks, and then, with the help of 

curriculum learning, gradually complete them as the difficulty increases. 

 

 

 

Reach 𝑟0 = 1 

Touch 𝑟1 = 5 

Grasp 𝑟2 = 50 

Lift 𝑟3 = 70 

Collision 𝑟4 = −1 

 Table 2. Reward table 
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6 IMPLEMENTATION 

 

6.1 Overview 

In this work, a Franka Emika Panda is applied to a PyBullet simulator, a simulator that 

provides all communication information between robot and environment. The following 

is the whole simple structure.  

 

 

Figure 28. Overview Structure 

 

 

6.2 Simulation Environment Setup 

 

6.2.1 Robot Model 

Franka Emika Panda is a training and testing robot. It is a flexible, sensitive, intelligent, 

and lightweight 7-DOF arm robotics. PyBullet provides the whole model of this robot, 

including joint configuration and appearance.  

 

PyBullet offers a pre-defined interface to finish specific tasks but requires more interface,  

so some self-defined interfaces and function code are defined in this work. 
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Figure 29. PyBullet Panda Robot 

 

As the environment definition part mentioned, the environment includes a robot, an ob-

ject and a table in the PyBullet simulator. The simulation environment is roughly the 

same for both the grasp, reach and touch tasks, and the specific environment is shown in 

the figure below. 

 

 

Figure 30. Whole Environment of Robot Manipulation 
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6.2.2 PyBullet Environment Configuration 

Besides some common interfaces, such as the function of getting velocity, rotation, con-

tact points, another important function is render(). The rendering function is responsible 

for the placement of the camera sensor and the return of the image, which affects the ac-

quisition of the observed values of the experiment. After several tests, the better render 

function configuration is following: 

 

Properties Options Explanation 

mode “human”, “rgb_array”, 

“depth_array” 

Get different image types. 

<width, 

height> 

<960, 720> Image size 

target_posi-

tion 

<0.7, 0.0, 0.70> target focus point in Cartesian world 

coordinates 

distance 0.6 distance from eye to focus point 

yaw 90 yaw angle in degrees left/right around 

up-axis 

pitch -35 pitch in degrees up/down 

roll 0 roll in degrees around forward vector 

upAxisIndex 2 either 1 for Y or 2 for Z axis up 

near 0.1 near plane distance 

far 100. far plane distance 

Table 3. render function configuration 

 

Though computing yaw, pitch and roll, the view matrix is: 

 

𝑣𝑖𝑒𝑤_𝑚𝑎𝑡𝑟𝑖𝑥 =

0.0 −0.57 0.82 0.0
1.0 0.0 −0.0 0.0
0.0 0.82 0.57 0.0

−0.0 −0.17 −1.57 1.0

 

 

(21) 

 

Which can be used to get an RGB image, besides it, the depth image is obtained by field 

of view (fov). The projection matrix is following: 

 

𝑝𝑟𝑜𝑗_𝑚𝑎𝑡𝑟𝑖𝑥 =

1.30 0.0 0.0 0.0
0.0 1.73 0.0 0.0
0.0 0.0 −1.0 −1.0
0.0 0.0 −0.20 0.0

 (22) 
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PyBullet can show different images in different views by interface getCameraImage 

based on that configuration. Here are examples of RGB and Depth images. 

 

 

 

Figure 31. RGB image(left), Depth image(right) 

 

Furthermore, the other PyBullet based function is also overwritten, so, finally, the PyBul-

let part structure shows as follow Figure 31: 

 

 

 

Figure 32. Overwritten PyBullet Structure 
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Based on the original PyBullet engine, overwritten Pybullet engine includes more inter-

faces that interact with the origin engine, which can be easy to modify. The main func-

tions are rendered, motion control and scene creation, render function is indicated above. 

Motion control mainly applies an inverse kinematic approach to make motion planning. 

 

PybulletRobot is a base core interface class that constructs communication between en-

gine and robot, environment. Panda class inherit from PybulletRobot that create a robot, 

which is also the base agent class. Panda class is responsible for creating the Franka 

Emika Panda robot, including model and motion control. According to the IK method, 

the Panda class calculate joint angle by end-effector position. This work simplifies the 

action space as <x, y, z, d>, the default orientation is <0, -π, π/2>, which means that the 

gripper is perpendicular to the table all the time. Once the robot gets all joint angles, 

motion control will control each angle by a different line index, like the table shown be-

low. 

 

Link name Index/ 

default value 

Link name Index/ 

default value 

panda_link0 -1 panda_link1 0/0 

panda_link2 1/-0.215 panda_link3 2/0 

panda_link4 3/-2.57 panda_link5 4/0 

panda_link6 5/2.356 panda_link7 6/2.356 

panda_link8 7/0.08 panda_hand 8/0.08 

panda_leftfinger 9 panda_rightfinger 10 

panda_target 11   

Table 4. Robot Model Joint Index 

 

According to those indexes, PyBullet can easily drive these low-level controllers. After 

each rest process, a robot will be rest as the default value, as Figure 32 shows. 

 

Figure 33. Robot Reset Position 
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6.3 Reinforcement Learning Implementation 

 

6.3.1 Framework for Reinforcement Learning  

Applying deep reinforcement learning algorithms from scratch is a time-consuming task 

due to several issues, also, it is not necessary that re-write algorithm code. So, pre-existing 

implementation of an algorithm, such as SAC, PPO and other algorithms mentioned in 

Chapter 3, is easy to deploy, in this work, I use stable-baseline 3 [29] as the default frame-

work. Stable Baselines3 (SB3) [29] is a set of reliable implementations of reinforcement 

learning algorithms in PyTorch. The original algorithm is also overwritten because of 

additional features integrated. 

 

 

Figure 34. Stable-Baselines3 Features [29] 
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6.3.2 Feature Extractor 

The ResNet network is the main extractor of all algorithms, all images will be passed into 

the network to get a feature. To decrease the training time, this work employs a pre-trained 

model from Pytorch. Getting model by code: 

 
1. from torchvision import models   
2. model = models.resnet18(pretrained=True) 

The detail of ResNet18 is following: 

 

 

Figure 35. ResNet-18 Architecture 

 

After extraction, the feature of the image is obtained, the following figures show some 

examples. 

 

 

Figure 36. Example of RGB Image Features 
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Figure 37. Example of Depth Image Features 

 

As Figures 35, 36 show, the grasped object and robot model can be distinguished very 

well. But figures only show a part of the outputs of several layers. 

  

6.3.3 Custom Policy 

The pre-defined policy has a default extractor and optimizer. This work employs two 

main algorithms, SAC and PPO. Here is the whole structure of SAC. 

 

 

 

 

Figure 38. Custom Policy 
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ResNetNetwork inherits from BaseFeaturesExtractor, which provide a compatible extrac-

tor class for Policy. Then modifying the pre-defined ResNet-18 network, this work re-

quires the first layer channel to be 1 or 3 based on the different input images, the last full 

connect layer is 64. ReLU activation function and Adam optimizer are recommended 

configurations in the SAC algorithm. ReLU activation makes the network training faster. 

Compared to sigmoid, tanh, the derivative is better to find, backpropagation is the process 

of constantly updating the parameters because its derivative is not complex form simple. 

Adam's algorithm is easy to implement and has high computational efficiency and low 

memory requirements. The diagonal rescaling of the gradient of Adam's algorithm is in-

variant, so it is well suited for solving problems with large scale data or parameters. Sta-

ble-baselines 3 also recommends setting ReLU as activation function and Adam as opti-

mizer.  

 

6.3.4 RL Algorithm Configuration 

 

The whole SAC algorithm process can be expressed in the following figure. SAC pass 

observation into feature exactor as mentioned before, in this work, the actor and critic 

share the same network. After that, a fully connected network is implemented to predict 

action value. 

 

 

Figure 39. SB3 Policy Simple Structure 

In this work, besides observation and feature extractor, net_arch is another key factor. 

net_arch is [256, 256] or [128, 128], which means that actor and critic have the same 

network architecture.  
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Figure 40. 128 layers(left), 256 layers(right) 

The above is a configuration of the SAC algorithm, except for the PPO algorithm which 

is the second main algorithm used in this project, the general structure of both algo-

rithms is the same, the structure of net_arch is different. The net_arch is  

[128, dict(pi=[256, 256], vf=[256, 256])] 

 

 

Figure 41. PPO Layers 

The 128 and 256 network parameters are commonly used to build networks. With 

limited resources and time, 128 and 256 are not very large networks, and in 

experiments, relatively small networks can increase the speed, but the success rate drops 

dramatically. A larger network increases the training time and the success rate, but it is 

not a good choice when considering the time factor. 
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6.3.5 Base Environment 

Base Environment constructs all factors that an OpenAI Environment requires. As men-

tioned before, based on curriculum learning, grasp tasks can be divided into several tasks. 

So, this chapter only introduces a grasp task base environment. 

 

The grasping task includes “Initialization”, “Curriculum Learning” and “gym env”. Ini-

tialization is responsible for entity initialization, such as calling the constructor of PyBul-

let and workspace volume. To decrease the difficulty of the task, this work constraint 

workspace [0.5, 0.8, −0.2, 0.2, 0.62, 0.75], all numbers are coordinates. 

 

 

Figure 42. Workspace 

Besides, it also includes space and scene creation. The action and observation space are 

defined as follow. 

 

1. action_space = Box(low = 1.0, high =1.0, shape=(4, ), dtype= np.float32)   
2. observation_space 
3. = Box(low = 1.0, high =1.0, shape=(6, ), dtype= np.float32)   

The shape of the observation is tentatively defined as (6,). The wrapper will change later, 

wrapper provides a more convenient way to change the gym environment. The detail is 

in the following chapter. 

 

The Curriculum Learning part contains most content of this environment. It provides reset, 

get_info, and is_done to check information for the gym environment. Reset and get_info 

function represent environment reset signal and information transformation respectively. 

Also, the whole reward is divided into different rewards. For each reward, the method of 

determination is as follows: 

 

Reach Check the distance between end effector and object, the minimum distance is 

0.05. 

Touch Check the contact point of the end effector. 

Grasp Check the contact point of the gripper, through the calculating angle of con-

tact force to make sure that the gripper grasp object. 
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Lift Check end-effector position or object position. 

Table 5. Checking methods of reward 

 

For each episode, after the agent finishes the first reach task, the success rate will be 

updated, the agent will continue to the following task until the last task meets the 

successful rate threshold.  

Furthermore, the environment also includes negative rewards. As above defined, the 

workspace volume constrains the movement size. So, when the robot end-effector 

beyond workspace volume, it will get a negative reward. Besides, it also gets a negative 

reward when the end effector touch table. The step function integrates the way to get 

necessary parameters that the algorithm requires, which are observation, reward, done 

information, basic information. the robot move based on the action that the last step 

provides in each step, the movement offers new observation reward and other 

information. Figure 42. show the structure of the environment.  
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Figure 43. Environment Setup 

6.3.6 Wrapper 

Gym provides wrapper class to modify the custom environment. This project mainly 

includes four wrappers.  

 ProcessFrame64 – The original image size is [720, 960, 3], by using cv2 methods, 

center image is cropped, and size is [64, 64, 3], data type is [np.unit8], besides, it 

also set observation space shape as [64, 64, 3] 

 RGB/DepthToTorch – Differing from normal image input size, PyTorch requires 

input image [channel, width, height], which means that this wrapper will change 

image size from [64, 64, 3] to [1, 64, 64], for depth image, the colour channel is 

1. Also, observation size is modified as [3, 64, 64] or [1, 64, 64] for depth image. 

 MoveConstraint – Constraint motion volume. 

 TimeLimit – Make sure that the algorithm has maximum training step, which 

means that the agent should finish the task in maximum steps. 
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6.4 Training 

 

Stable_baseline3-zoo provides interfaces to make the training and debugging process 

faster. So, finally, the environment is: 

 

 

Figure 44. Final Environment 

All training parameters are stored in a yml file, so the user can modify them easily. Here 

is the configuration this work use: 

 

Figure 45. SAC Parameters 
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6.5 Result 

 

Due to the limited time and available resources, the experimental results are not very 

satisfactory, as it is impossible to achieve more than 100,000 training cycles in the 

limited time, and for the grasping task, the limited number of training cycles will cause 

the task to fail. Therefore, this section only shows the grasp task experiment result. 

6.5.1 Training Result 

This work was trained by using a personal computer, the common configurations are 

following: 

 

Item Setting 

CPU I5-4210M  2.60GHz ×4 

GPU GeForce 840M 

Timesteps  20000 

Buffer size 10000 

Learning rate 0.0003 

Batch size 32 

Gradient steps 1 

Table 6. Training parameters 

Because of the limation of hardware resources, the training time almost last 5-6 hours 

for the SAC algorithm. The training process outputs logs every four episodes. To 

decrease training time, the max step of each episode is 250. After 1000 steps, it outputs 

summaries. 
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Figure 46. Grasping Task Training outputs 

After 20000 steps, the SAC algorithm can get a success rate as the figure shows: 

 

Figure 47. RGB Image(left), Depth Image(right) Touch Task Training success rate. 

 

The left image shows the grasping task training success rate based on RGB image 

observation. The left image indicates that the average success rate is about 45%. At the 

beginning of the training, the number of times the agent completed the task was 

relatively low, with a success rate of about 30%, even if there were a few coincidences. 

At around steps 7500-12000, with RGB images as observation, the success rate of the 

agent completes the task up to 60%, and then the success rate curve fluctuates around 

40%. The success rate curve shows that the model around 7000~10000 is the best and 

the success rate is the highest in the whole 20,000 steps training process. However, this 

does not mean that the model is stable. Therefore, if the training process continues, the 

success rate curve should tend to be stable and grow smoothly. 
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In contrast, the curve on the right is based on the success rate image obtained by using 

the depth image as an observation. The average success rate of the images on the right is 

over 40%. At the beginning of training, around 0-5000 steps, the success rate is between 

10% and 30%, and the success rate rises slowly, and at 5000-7000 steps, the success 

rate reaches the first stable period and produces a peak at around 50%. Then, the 

success rate decreases and stabilizes at about 40%. After 17500 steps, the success rate 

rises and reaches 60%, and still retains the upward trend. 

 

By comparing the two images, it can be seen that the depth image as observation can 

provide better training parameters and get a higher success rate. Moreover, it can get a 

relatively stable increase in success rate, which means that the agent can learn to 

complete the task better. This may be since the depth image provides simpler 

information without the influence of colour, and the features extracted by ResNet are 

more focused on the shape of the object. Moreover, the environment built with depth 

images as observation can be completed in a shorter time compared to both running 

20,000 steps. 

 

All the above are the training results based on the SAC algorithm. For the PPO 

algorithm, the parameters are set as below: 

 

Figure 48. PPO parameters 

Four agents are training at the same time, and the batch size is 256. However, the results 

are not very satisfactory for the PPO algorithm. With the same number of training 

sessions and parameters, the PPO algorithm often requires a longer training time, and 

the training results are shown in the figure below. 
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Figure 49. PPO Grasp Task Training Success Rate, RGB(left), Depth(right) 

 

 

Compared to the SAC algorithm, the success rate curve obtained by the PPO algorithm 

is very poor, which means that the trained model performs poorly. The RGB image-

based PPO algorithm can show a relatively reasonable success rate curve, which 

fluctuates but shows an increasing trend later. However, for using depth images as 

observations, the success rate curve is very unsuccessful, and the output during training 

also shows this. Theoretically, the PPO algorithm needs more training times. 

 

 

Figure 50. Grasping Task snapshot 

Once the robot arm grasps a red object, one episode is called success.  
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7 CONCLUSION & FUTURE WORK 
 

7.1 Conclusion 

 

From the above results, deep reinforcement learning can be well applied to robot 

manipulation, and after a lot of learning, the robot can master some simple operations by 

itself, such as the ones mentioned above. For the applied deep reinforcement learning 

methods, the SAC algorithm is fast to train and good at exploring, but it relies on a reward 

function, unlike PPO where a random reward function can be used to train. The SAC 

algorithm is not an on-policy algorithm and does not easily compute the difference 

between the old and new policies, so it maximizes the entropy of the policy during 

optimization (the larger the variance of the action, the higher the entropy of the policy). 

In the experiments, the SAC algorithm shows better performance and more stable models, 

and also the least training time. In addition, the ResNet network performs better than the 

normal CNN network in the selection of the feature extractor, and the normal CNN 

network shows a poor success rate as an extractor under the same algorithm. Similarly, 

for both RGB and depth images, the depth images tend to show better performance. For 

simple tasks such as touch, the colour of the object and environment is often not the most 

important, and depth images can provide better feature values other than colour, which 

means that the final extracted feature values will be more useful. Although the 

performance of the two is opposite in the PPO algorithm, theoretically depth should 

perform better. 

 

Besides, the experiment found that the different directions of obtaining the observations 

have a huge impact on the results of the experiment. After trying different orientations 

such as top view, frontal flat view, etc., the side view tends to provide a better model, 

probably because the observation values obtained in this way are very comprehensive. 

For the two different view angles of the top view, frontal flat view, the occlusion of the 

end effector can make the algorithm mistakenly think that such a feature is the feature 

that can accomplish the task, in other words, the same observation may correspond to a 

different reward value, which makes training more difficult, while for the side view, all 

the features can be observed without confusing the algorithm. 

7.2 Future Work 

 

For the robot manipulation task, this experiment only implements simple tasks such as 

touch, and the results are not very satisfactory for the grasping task. In the future, possible 

improvements are needed. 
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 Feature Extractor – This experiment use ResNet as our feature extractor, but 

different extractors cab be tried to improve the success rate, such as Octree. 

 

 Workspace – For the manipulation control task, different workspaces provide 

different robotic motion space, in this work, the workspace is fixed, but if the 

workspace can be adjusted once success rate meets the threshold, which means 

that motion constraint changed. As the success rate increases, the range in which 

the robot can move becomes smaller and the robot can explore a limited space, 

thus making the success rate of completing the next task higher. 

 

 Parallel Training – The implementation simulation environment for robotic 

gripping is currently limited to a single worker, which hinders its scalability. 

However, data collection can be accelerated by using multiple workers in parallel, 

which also increases the diversity of data. Each worker can contribute by 

converting to a common experience replay buffer. A separate thread could then 

sample conversions from such a buffer to perform asynchronous updates to the 

policy. 

 

 Object Database – This work only focus on a single object, it also increases the 

difficulty of training, however, a wider range of objects can provide a larger 

number of training samples, thus making the resulting model more generalizable. 

 

 Sim-to-Real – This work only deploy the robot in a simulator. Robots can perform 

well in a simulator, but not necessarily in a real-world environment. Therefore, it 

is also a great test to make the trained model better adapted to reality. 
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