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Abstract

One of the main targets of artificial intelligence is to solve the complex con-

trol problems which have high-dimensional observation spaces. Recently, the

combination of deep learning and reinforcement learning has made remarkable

progress, including the high-level performance in the video and board games,

3D navigations and robotic control. In this thesis, deep reinforcement learning

algorithms are studied to perform some robotic tasks with continuous action

spaces.

Firstly, we use deep deterministic policy gradient (DDPG) and hindsight ex-

perience replay (HER) with a simple binary reward to achieve a multi-goal

reinforcement learning task, making the redundant manipulator learn the pol-

icy of reaching any given position. Then we use DDPG with a shaped reward to

train the redundant manipulator to complete the same task. By referring to the

idea of HER, we propose a future and random strategy to obtain some addi-

tional goals combined with the shaped reward to generate some new transitions,

which can help to improve the sample efficiency. After that, we use DDPG with

prioritized experience replay to realize the trajectory tracking task of a SCARA

robot and a mobile robot. Two training strategies, random referenced state ini-

tialization and early termination, are introduced to enable the robots to learn

effectively from the referenced trajectories.

Secondly, we focus on the distributed deep reinforcement learning. We use

asynchronous advantage actor-critic (A3C) and synchronous advantage actor-

critic (A2C) algorithms, both of which have multiple workers to collect the

transitions and compute the gradients, to train the redundant manipulator to

complete the multi-goal task. We propose a new reward function to optimize

the reaching path of the end-effector. The performances of agents trained by

different algorithms and reward functions are compared. Next, we propose a



distributed framework of DDPG, where the synchronous workers generate tran-

sitions and compute gradients for the global network and the collecting workers

only produce transitions for the shared replay memory with different policies

and exploration noises. We use this proposed distributed DDPG with priori-

tized experience replay to train the SCARA robot and mobile robot to track the

same trajectories, which presents a faster learning speed and smaller tracking

errors compared with the single-worker DDPG.

Next, we study on the proximal policy optimization algorithm (PPO) with gen-

eralized advantage estimation (GAE). We propose a distributed framework of

PPO by running multiple workers to collect transitions for the global network

at the same time. Then we use this distributed PPO with GAE to train the

redundant manipulator to achieve the multi-goal task and make comparison

with the previous methods. After that, we use distributed PPO with GAE and

the improved training strategies to train the mobile robot to track the trajecto-

ries. In order to improve the training and sample efficiency, a two-stage training

strategy which consists of the supervised pre-training and fine-training by dis-

tributed PPO is proposed. This two-stage training strategy can also obtain a

better tracking performance. Then we introduce LSTM to represent the actor

and critic, and use buffers to store the cell state and hidden state of LSTM

used for the initialization of each episode to solve the problem of inaccurate

initial LSTM states. By introducing LSTM, the tracking performance of mobile

robot can be improved compared with distributed PPO with fully-connected

networks.

Finally, we utilize deep reinforcement learning to train a autonomous vehicle to

learn the driving behaviors. Deep reinforcement learning provides an end-to-end

method for the autonomous driving by directly mapping the high-dimensional

raw sensory input to the control command output. We design a reward function

which encourages the vehicle to drive along the road smoothly and overtake

other vehicles. We adopt a two-stage training strategy which consists of the

imitation learning stage and deep reinforcement learning stage. The imitation

ii



learning stage could help to solve the exploration and sample efficiency problem

of reinforcement learning. We use DDPG and the improved algorithm, TD3 to

train the autonomous vehicle in the second training stage, respectively. We find

that TD3 could improve the driving performance of autonoumous vehicle.

iii
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Chapter 1

Introduction

1.1 Motivation

Artificial intelligence as the most advanced and cutting-edge technology has be-

come the core driving force of new industrial transformation. One of the main

goals of artificial intelligence is to solve the complicated control problems. Re-

inforcement learning as an important method of machine learning can be used

to solve a variety of control problems. Recently, the integration of deep learning

and reinforcement learning has made notable progress in many complex tasks.

Deep reinforcement learning began to be paid more attention to since AlphaGo

defeated human professional player in the game of GO. The extraordinary abil-

ity of AlphaGo is attributed to combining deep learning with reinforcement

learning, because deep neural netwroks could provide the rich representations

which enable the reinforcement learning algorithms to perform effectively. Deep

reinforcement learning has achieved high-level performance in the board games

like Go and chess, video games like Atari, 3D navigations, robotics control and

even some very complicated games such as Dota and StarCraft.

The first author of AlphaGo has ever mentioned that he agreeed deep reinforce-

ment learning is the key to solve the problem of general artificial intelligence.
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Almost any task solution can be regarded as a mapping from the formal cod-

ing input to the decision distribution output, and the nonlinear deep neural

network is a very good representation learning tool. Learning ability can be

mainly divided into deductive method and inductive method. Reinforcement

learning is like a deductive method based on the rewards, since the policy can

be produced by giving the external environment and the corresponding rewards.

Deep learning is like the inductive method based on the experiences and mem-

ory by giving the input and label and then learning the representation through

the neural network. Self-Reflective capability is the key for the agent to produce

self-consciousness and be independent of humans. Self-Reflective capability can

be obtained from reinforcement learning to some extent by trial and error to

strengthen self decision-making ability. Even if this self-reflection is limited by

its existing world, as long as the environment and rewards are well-defined, the

self-reflection is equivalent to promote its learning ability in the given environ-

ment.

The nature of deep reinforcement learning more accords with the requirement

of general artificial intelligence. Making the robot perceive, reason and make

decision like human is a hot topic in the artificial intelligence field. Traditional

control methods usually need the exact dynamic model of the controlled system

to design a precise controller which satisfies the Lyapunov stability. However,

sometimes it is difficult to get the exact dynamic model of the system, so those

model-based control methods may not achieve good performance in the real

application. Moreover, the controller design process is very complicated, which

requires a lot of mathematical analysis. Model-free deep reinforcement learn-

ing could provide a promising method for the robot to learn various complex

tasks. ‘Model-free’ means it is not necessary to know the dynamic model of

the system. The policy of the agent is represented by the neural network which

only takes the observation from environment as input. The agent learns the

policy from the interaction with the environment by maximizing the long-term

rewards corresponding to the objective of specific task. The policy is constantly
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updated by the experiences of the agent with the interaction process and grad-

ually approaches to the optimal one. Therefore, the policy which is equivalent

to the controller doesn’t incorporate any model information. Model-free deep

reinforcement learning is usually used as the high-level control method, which

enables the robot to achieve the end-to-end learning by directly mapping the

perceptual input to the action output. However, it still needs to be followed by

the low-level controllers which output the final torques applied to the motors in

the practical systems.

Deep reinforcement learning mainly focuses on the high-level control. The com-

bination of this high-level decision making and low-level control can be applied

to solve many complex robotic tasks that are difficult for the traditional con-

trol methods. The robot can gradually learn to make correct decisions after

perceiving the environment during the process of exploring the environment.

The policy of the robot is updated according to its own experiences and the

feedback from environment, rather than the labeled data as supervised learning

where the correct actions are already known, so the robot seems to possess the

similar intelligence with human. Therefore, deep reinforcement learning plays

an important role in the development of robotics and artificial intelligence.

1.2 Objectives

In this thesis, we hope to utilize model-free deep reinforcement learning algo-

rithms to train the robots to learn some specific tasks. Firstly, we consider

a multi-goal task for a redundant manipulator to make its end-effector reach

any given position. Deep reinforcement learning frameworks are designed for

the manipulator to learn the policy to gradually approach to any goal position

directly from the local observation. Next, we focus on the trajectory tracking

task of a SCARA robot and a mobile robot. Model-free deep reinforcement

learning are employed to perform the high-level control for the robots based
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on their kinematics without designing the complex controllers incorporating the

information of the exact dynamic models. Finally, we hope to employ deep re-

inforcement learning to train a autonoumos vehicle to learn the driving policy

end-to-end, which directly maps the high-dimensional raw sensory input to the

control command output.

We mainly do some exploratory works related to the model-free deep reinforce-

ment learning to make the high-level decision end-to-end for the different robotic

tasks. This method can also be extended to solve other more complicated robotic

tasks which are difficult to be dealt with by the traditional control methods.

1.3 Major contribution of the thesis

This thesis mainly studies on the deep reinforcement learning algorithms of

continuous control to solve some robotic tasks.

The first robotic task is a multi-goal task which requires a redundant manip-

ulator to reach any given position from a random initial position during each

episode. Firstly, we employ DDPG with hindsight experience replay using a

simple binary reward to train the manipulator. We compare the final perfor-

mances of different strategies to choose the additional goals and find all the

strategies could achieve nearly 80% success rate. Then, we adopt DDPG with

a shaped reward to train the manipulator, but it can only get less than 10%

success rate. By referring to the idea of hindsight experience replay, we propose

a future and random strategy combined with the shaped reward to produce

some additional transitions. By introducing these strategies, the success rate

of the manipulator increases substantially. We find the random strategy could

achieve a better performance than the future strategy due to the improved

diversity of the additional goals. These two strategies can also help to promote

the sample efficiency since some transitions can be generated artificially. Next,

we use A3C and A2C to train the redundant manipulator respectively. In or-

5



der to optimize the reaching path of the end-effector, we propose a new reward

function to encourage the end-effector to move approximately along the ideal

direction. From the simulation results, we can see that this new reward function

can significantly optimize the reaching path and also increase the success rate.

Moreover, we find that A2C can obtain better performance than A3C, which

may be because of the avoidance of gradient delay. We also use distributed PPO

with the two reward functions to train the redundant manipulator. The simula-

tion results show that distributed PPO with the path optimization reward can

achieve the highest success rate by comparing with other methods.

Then we focus on the robotic trajectory tracking task. Firstly, we use DDPG

with priority replay memory to train a SCARA robot and a mobile robot to

track some given trajectories. In order to make the robots learn effectively, we

adopt two training strategies, random referenced state initialization and early

termination. In this way, the robots can overcome the exploration problem

and learn to track the given trajectories by using a normalized exponential

reward function successfully. However, there is still space to make some im-

provements. Then we propose a distributed framework of DDPG which has

multiple synchronous workers to compute gradients for the global network and

multiple collecting workers to explore the environment with different policies

and exploration noises. All the workers interact with the environment to collect

transitions for the shared replay memory. This framework can avoid the problem

of gradient delay and the update of network can exploit more transitions with

relatively high priorities. It can also promote the data throughput and increase

the diversity of transitions in the replay memory to achieve better exploration

to the environment. We use this proposed distributed framework of DDPG to

train the SCARA robot and mobile robot again. The training results show that

the agents can learn faster and get smaller tracking errors than the single-worker

DDPG. Next, we investigate whether PPO could solve the tracking problem for

the mobile robot. We firsly use distributed PPO and GAE with the improved

training strategies to train the mobile robot, but it needs much more training
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episodes to get relatively good results. Hence, we propose a two-stage training

strategy which comprises of supervised pre-training and fine-training by dis-

tributed PPO. Pre-training can help the agent learn some useful experiences

quickly, after which the agent doesn’t need to learn the policy by reinforcement

learning from scratch. So it can decrease the number of interaction steps of the

agent to promote the sample and training efficiency. Then we introduce LSTM

to represent the actor and critic. The global network utilizes the sequential

transitions collected by all the workers to update its parameters. Aiming at the

problem of inaccurate initial LSTM state, we use buffers to store the cell state

and hidden state of LSTM for the initialization of each episode. The states in

the buffers can also be updated during the training process. By comparing with

distributed PPO with fully-connected networks, we find distributed PPO with

LSTM could achieve a better performance in terms of the tracking errors.

Finally, we train a autonomous vehicle to learn the driving behaviors by deep re-

inforcement learning. Deep reinforcement learning could provide an end-to-end

method which only takes the raw sensor data from the environment as input and

directly outputs the maneuvering commands. The sensor information includes

the pose and velocity of vehicle, the distances from the track edges and the dis-

tances from other vehicles. We design a reward function that could encourage

the vehicle to drive along the track smoothly and overtake other vehicles. We

use DDPG and its improved algorithm, TD3 to train the autonomous vehicle,

respectively. Aiming to solve the exploration and sample efficiency problem of

reinforcement learning, we adopt a two-stage training strategy. The vehicle is

firstly trained to imitate the expert behaviors and then trained by deep rein-

forcement learning. We test the trained agents on different roads, including the

training road and three more complicated new roads. Our autonomous vehicle

can still drive smoothly on those more complex unseen roads, which demon-

strates the strong generalization ability. By comparing the agents trained by

DDPG and TD3 in the second stage, we find TD3 can improve the driving

performance mainly by increasing the speed of autonomous vehicle.
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1.4 Organization of this thesis

In chapter 2, we firstly introduce Markov decision process, which is the prereq-

uisite of reinforcement learning. Then we give a brief introduction on the two

dynamic programming methods, policy iteration and value iteration, and two

value-based reinforcement learning algorithms, SARSA and Q-learning. Next,

we give a preliminary introduction on the two deep reinforcement learning al-

gorithms, Deep Q-Network and policy gradient.

In chapter 3, we introduce the deep deterministic policy gradient (DDPG) and

two improvements for the replay memory, prioritized experience replay and hind-

sight experience replay. Firstly we use DDPG and hindsight experience replay

with a simple binary reward to train a redundant manipulator to complete a

multi-goal task. Then we propose a future and random strategy to get some

additional goals combined with a shaped reward to generate some new tran-

sitions, which could promote the sample efficiency and enables the redundant

manipulator to complete the multi-goal task successfully. After that, we use

DDPG with prioritized experience replay to train a SCARA robot and mobile

robot to track some given trajectories. Two training strategies, random refer-

enced state initialization and early termination, are adopted to enable the robot

to learn effectively from the referenced trajectories.

In chapter 4, we focus on the distributed deep reinforcement learning. Firstly,

we introduce asynchronous advantage actor-critic (A3C) and synchronous ad-

vantage actor-critic (A2C) algorithms. Then we use these two algorithms to

train the redundant manipulator to complete the multi-goal task. We propose

a new reward function to optimize the reaching path of the end-effector. The

performances of different algorithms with two reward functions are compared.

Next, we propose a distributed framework of DDPG which has multiple syn-

chronous workers and collecting workers. Then, distributed DDPG is used to

train the SCARA robot and mobile robot again and their tracking performances

are compared with the single-worker DDPG.
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In chapter 5, we firstly introduce the proximal policy optimization (PPO) and

generalized advantage estimation algorithm (GAE). We also propose a dis-

tributed framework of PPO. Then we use distributed PPO with GAE to train

the redundant manipulator to complete the multi-goal task. After that, we use

distributed PPO with the improved training strategies to train the mobile robot

to track the given trajectories. In order to promote the training efficiency, we

adopt a two-stage training strategy consisting of supervised pre-training and

fine-training by distributed PPO. Next we introduce LSTM to represent the ac-

tor and critic, and use buffers to store the cell state and hidden state of LSTM

which are used for the initialization of each episode to mitigate the problem of

inaccurate inital LSTM states. The tracking performances of different methods

are compared.

In chapter 6, deep reinforcement learning is employed to train a autonomous

vehicle to learn the driving behaviors end-to-end. We design a reward function

which could make our vehicle drive smoothly along the roads and overtake other

vehicles. We also propose a two-stage training strategy consisting of pre-training

by imitation learning and fine-training by deep reinforcement learning. After

pre-training, we firstly use DDPG to further train the autonomous vehicle. Then

we test the agent after the two-stage training on different roads, including some

more complex unseen roads. Next we introduce an improved algorithm, TD3 to

train the autonomous vehicle in the second stage. The driving performances of

agents trained by DDPG and TD3 are compared.

Chapter 7 gives the conclusions and briefly discusses the future work.
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Chapter 2

Preliminaries

Firstly, we review some classical deep reinforcement learning algorithms, im-

proved algorithms and some successful applications of deep reinforcement learn-

ing. Then we will explain the principles of some basic reinforcement learing

algorithms, which are the foundation of the following chapters.

2.1 Literature review

2.1.1 Classical deep reinforcement learning algorithms

The first notable application by using deep reinforcement learning (DRL) to

learn the control policy was through deep Q-network (DQN), which directly

receives the high-dimensional sensory input [1, 2]. The model is represented by

the convolutional neural network (CNN) and outputs the value estimations of

all the possible actions. The testing results on the classical Atari 2600 games

demonstrated that DQN agent outperformed all the previous algorithms and

could achieve human-level performance across some of the games.

DQN adopts the optimal value of the next time step when computing the target
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value. However, it utilizes the same network to choose action and calculate

target value, which may result in the value overestimation. Aiming to the

overestimation problem, Google DeepMind proposed the Double DQN algorithm

[3], which uses a behavior network to choose the optimal action and a target

network to calculate the target value. This algorithm could yield more accurate

value estimation and led to a better performance on the Atari games.

Another improvement of DQN is the Dueling DQN [4], which introduces two

separate estimations: state value function and state-action advantage function,

both of which share a common CNN to learn the features from images. It trans-

forms one output to two outputs and the summation of the two outputs is the

state-action value. This dueling architecture can learn the state value without

learning the effect of each action on the state. Each part decomposed from the

state-action value has a practical meaning and much valuable information can

be excavated from it.

Google DeepMind combined six extensions of DQN to develop a merged model

called Rainbow [5]. which includes double Q-learning, dueling network, priori-

tized replay memory [6] to give different weights to different transitions, multi-

step learning, distributional network [7] to represent the probability of value in

the form of histogram, noisy network [8] with parametric noise added to the

weights to assist efficient exploration. The experiments showed these combina-

tions could achieve a state-of-the-art performance on the Atari games.

DQN and its variants can only be applied to solve the problems with discrete

action space, but many complex tasks in the real world have continuous action

space. Hence, reinforcement learning algorithm applicable to the continuous

control should be developed. Google DeepMind proposed a deterministic pol-

icy gradient algorithm (DPG) [9] with continuous actions, which calculates the

expected gradient of action-value function rather than the stochastic policy gra-

dient. Based on the DPG algorithm, Google DeepMind further proposed a deep

deterministic policy gradient algorithm (DDPG) [10], which adopts an actor-
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critic structure and introduces two important improvements of DQN, replay

memory and target network. DDPG can learn the policies directly from the

raw pixels in many physics tasks.

DDPG is an off-policy DRL algorithm, and a typical representative of on-policy

reinforcement learning is the asynchronous advantage actor-critic (A3C) [11],

which adopts multiple parallel workers to collect the transitions and compute

the gradients. The gradients from each worker are sent to the global network

asynchronously. A3C can solve both the discrete and continuous control prob-

lems successfully.

Researchers from U.C.Berkeley developed a trust region policy optimization al-

gorithm (TRPO) [12], which is effective to optimize large nonlinear policies

represented by the neural network and guarantees monotonic improvement of

the policy. It demonstrated a robust performance on an extensive variety of

tasks. The computation of TRPO is complicated, so its computing speed is

slow compared with other policy gradient algorithms. Thus, OpenAI proposed

a proximal policy optimization algorithm (PPO) [13], which not only has the ad-

vantages of TRPO but is also much easier to implement. PPO enables multiple

updates per mini-batch sample, so it has a better sample efficiency. The ex-

periments showed that the performance of PPO exceeded other policy gradient

methods on a series of benchmark tasks. Google DeepMind also used PPO with

a slightly different objective function to train the simulated bodies in the rich

environments [14]. The agents can learn some locomotion behaviours without

explicit reward-based guidance. Both the PPO objective function of OpenAI

and Google DeepMind have the same core idea to limit the update amplitude

of the policy.
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2.1.2 Improvements of deep reinforcement learning algo-

rithms

Besides the above-mentioned classical deep reinforcement learning algorithms,

many improvements on the classical algorithms have also been studied. Re-

searchers from Berkeley put forward generalized advantage estimation (GAE)

[15] which can make a good balance between the variance and bias for the pol-

icy gradient estimates by adjusting an exponentially-weighted hyperparameter

λ. GAE combining with the trust region optimization yielded good empirical

results on some high-dimensional continuous control tasks.

Google DeepMind proposed a Retrace(λ) algorithm [16], which is feasible to use

the samples generated from any policy and efficient when taking good advantage

of the samples collected from the near current policy. Moreover, it has low

variance and can automatically adjust the length of return to the ‘off-policy’

degree of any data.

Google DeepMind also developed a deep reinforcement learning agent which

adopts an actor-critic structure with experience replay [17], abbreviated as

ACER. This algorithm introduces the following innovations: truncated impor-

tance sampling with bias correction, stochastic dueling network architecture and

a new TRPO method. It was proved to be stable and sample efficient since it

exhibited a good performance on some challenging environments.

Researchers from University of Toronto introduced trust region optimization

by using Kronecker-factored trust region [18], which is a scalable trust region

natural gradient approach to optimize the actor and critic. It was tested on

both the discrete and continuous tasks and achieved a better performance than

the previous state-of-the-art on-policy DRL methods.

Researchers from University of Cambridge studied an approach for DRL to

merge the on-policy and off-policy update [19]. They introduced a parameter-

ized family which interpolates between the on-policy and off-policy algorithms
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for policy gradient methods. They also showed that some recent DRL methods

could be regarded as the special cases of this general family. The experimen-

tal results demonstrated this interpolated gradients could promote the sample

efficiency and improve the stability of agent.

Google DeepMind adopted a distributional perspective to develop a new al-

gorithm that uses Bellman equation to learn the approximate value distribu-

tions [7]. The empirical results revealed the importance of approximate value

distributions in deep reinforcement learning.

Improvement on the proximal policy optimization was also studied. Xiaomi

applied point probability distance [20] to prevent too large update of the policy,

which is also conducive to the more exploration and stronger stability than KL

divergence. It is an alternative of PPO but could get a better performance than

PPO in Atari games and Mujoco experiments.

Based on the Retrace, Google DeepMind further proposed a new deep reinforce-

ment learning agent architecture, called Reactor [21]. It includes the following

contributions: a new policy evaluation algorithm, distributional Retrace, which

introduces multi-step off-policy updates to the distributional deep reinforcement

learning; β-leave-one-out policy gradient algorithm which makes a better trade-

off between the bias and variance by exploiting the action value as baseline; a

prioritized replay for sequences that utilizes temporal locality of the adjacent

observations to realize more efficient replay priority. It was proved that these

contributions could help to improve the sample efficiency and agent performance.

Another improvement is for DDPG whose common failure is the overestimation

of Q-function, which could lead to the policy breaking since it may exploit the

errors of Q-function. Researchers from McGill University put forward Twin

Delayed DDPG (TD3) [22] which can address this issue by introducing three

critical tricks: learning two Q functions rather than one and using the smaller

value to calculate the target value; updating the actor less frequently than the

critic; adding noise to the target action so that the policy has less possibility to
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utilize Q-function errors after smoothing out the Q-function over actions.

There are also some works aiming to solve the exploration problem of deep

reinforcement learning. Google DeepMind proposed NoisyNet with parametric

noise introduced to its weights [8]. The parameters of the noise can also be

learned along with the network weights by gradient descent. The experiments

showed that higher scores in Atari games could be yielded with NoisyNet for

exploration. OpenAI employed demonstrations to overcome the exploration

problem [23], which was built based on DDPG and Hindsight experience replay.

It is simple to implement and could speed up the training of agent by only

collecting a small set of demonstrations. Another improved algorithm published

roughly concurrently with TD3 by researchers from Berkeley is the Soft Actor

Critic (SAC) [24], which introduces the entropy regularization. The SAC policy

is trained to seek a balance between the expected return and entropy which

can measure the policy uncertainty. Increasing entropy contributes to more

exploration, which can speed up the subsequent learning. The policy can also

avoid converging to a bad local optimum prematurely.

In addition to the exploration problem, sparse reward is another challenge faced

by deep reinforcement learning. Some works are conducted to solve the problem

of sparse reward. OpenAI proposed hindsight experience replay [25] which can

be combined with DQN and DDPG to enable the agent to learn even from

sparse or binary reward. It was applied to the manipulation tasks and achieved

a much better performance than the same algorithm with a shaped reward.

This technology will be introduced in detail in section 3.3. Google DeepMind

proposed a scheduled auxiliary control method [26] by assigning the agent a set

of auxiliary tasks which are learned by DRL concurrently. The key idea of this

approach is the learned scheduling and execution of the auxiliary tasks allow

the agent to explore the environment more efficiently.

Curiosity-Driven Learning is another promising method to solve the exploration

and sparse reward problem. Researchers from Berkeley developed an exploration
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strategy by maximizing the agent’s surprise for its experiences [27], which is

known as the intrinsic reward. The environment model needs to be learned and

the intrinsic reward is derived from the KL divergence between the real model

and learned model. Researchers from Berkely further proposed the curiosity-

driven exploration [28]. The curiosity is formulated as the error of the agent’s

prediction after performing an action in the feature space which is learned by

the self-supervised inverse dynamics model. This method can scale to the high-

dimensional state space, such as image. OpenAI presented large-scale purely

curiosity-driven learning without any hand-designed extrinsic reward on a set of

benchmark environments [29]. The experimental results presented a good per-

formance and a high consistency between the intrinsic curiosity reward and man-

ually designed extrinsic reward. Google Brain improved the curiosity method

by introducing a episodic memory to determine the intrinsic reward [30]. The

current observation needs to be compared with those in the memory by evalu-

ating how many steps it may take to get to the current observation from the

observations in the memory. It can avoid to cause some unpredictable conse-

quences for the agent. The agent trained by this approach could learn faster

than the previous curiosity methods in some 3D environments.

Nowadays, most deep reinforcement learning agents are trained by distributed

architectures in order to increase the sampling rate and decrease the training

time. Google DeepMind proposed the first massively distributed framework of

deep reinforcement learning [31], which creates parallel actors to collect data

and parallel learners to learn from the stored experiences. They adopted this

architecture to implement DQN on the Atari games. The experimental results

showed that it outperformed the non-distributed DQN and also reduced the

wall-time. Google DeepMind also adopted the distributional perspective on

DDPG with distributed framework [32], as well as some improvements, such as

N -step return and prioritized experience replay, which presented a state-of-the-

art performance on some continuous control tasks. Google DeepMind further

proposed a distributed framework for the off-policy deep reinforcement learn-
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ing [33], which decouples acting from learning: the actors interact with the

environment to collect data for the shared replay memory and the learner sam-

ples mini-batch of transitions from the replay memory based on their priorities.

This architecture could substantially improve the performance in terms of the

wall-clock training time.

Although deep reinforcement learning can exceed human performance in some

tasks, a brand new agent needs to be trained for each new task. This means

each agent can only complete one task which it is trained on and can’t generalize

to other tasks. Hence, some researchers study if a single agent can be trained

to solve multiple tasks. Google DeepMind proposed an adaptive normalization

method for the target which is used in the learning update [34]. It provides

the possibilty to train a single system which can solve multiple different tasks

with varied magnitude of reward. In order to realize a large collection of tasks

by using one single agent, Google DeepMind developed Importance Weighted

Actor-Learner Architecture (IMPALA) [35], a distributed agent that can be

trained both in single machine and thousands of machines. It adopts an off-

policy correction method which is called V trace and can achieve stable learning

with high throughput. The experiments on DMLab-30 and Atari-57 presented

positive transfer among different tasks by using IMPALA. However, the single

agent may focus more on the tasks with more salient reward signals. So Matteo

Hessel et al. proposed a multi-task reinforcement learning agent with PopArt

[36] which can adapt the contribution of every task to the learning update

automatically. PopArt normalization enables the update to be invariant to the

scale and sparsity of rewards. It is the first single agent that can surpass human-

level performance on the multiple tasks.

2.1.3 Applications of deep reinforcement learning

We have introduced most of the popular deep reinforcement learning algorithms

and their improvements in subsections 2.1.1 and 2.1.2. In this subsection, we will
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introduce some applications of deep reinforcement learning in different fields.

The first shocking achievement obtained by deep reinforcement learning is Al-

phaGo which defeated human Go champion by 4 to 1. AlphaGo used a value

network and a policy network combined with Monte Carlo tree search [37]. The

deep neural networks were trained through the supervised learning from human

expert experiences and reinforcement learning from self-play, so AlphaGo re-

quired human expert knowledge as the supervised training data. After that,

Google DeepMind further developed AlphaGo Zero [38] which was trained by

deep reinforcement learning without any human experience and guidance but

only the game rules. AlphaGo Zero adopted a neural network to predict its

action and the winner of the game, which was the improvement of Monte Carlo

tree search method. AlphaGo Zero learned the policy from zero by self-play and

could achieve a score of 100 to 0 against previous AlphaGo.

Deep reinforcement learning has obtained much success in playing board and

video games, however, its most promising application field is robotics. It has

already been applied to solve many robotic tasks successfully, including manip-

ulation, robot navigation and autonomous driving.

Firstly, I will introduce some works that apply deep reinforcement learning to

solve the manipulation tasks. Ivaylo Popov et al. [39] used DDPG with two

extensions, multiple minibtch updates per environment step and distributed

version to allocate data collection and network training to multiple robots, to

successfully train a dexterous manipulator to grasp an object and then stack

it on the other object precisely. Shixiang Gu et al. [40] used asynchronous

Normalized Advantage Functions (NAF) with multiple collecting threads and

one training thread to train the robot to learn some complex 3D manipualtion

tasks in the simulation environment. This methods could also train the real

robot to master the door opening skill without any prior demonstration. Josh

Tobin et al. [41] proposed a domain randomization method which randomly

renders the images from simulation to approximate to the images of the real
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world. It is possible to train a real manipulator to detect different objects with

enough accuracy and robustness to the environment variations by only using

the images from simulation. Therefore, it can be a powerful technique for trans-

ferring the policy trained by DRL in the simulation to the real-world robots.

Aravind Rajeswaran et al. [42] used natural policy gradient with a small num-

ber of demonstrations from human to train the dexterous multi-fingered hands

to complete some tasks, including object relocation, tool using, door opening

and in-hand manipulation. The use of demonstration could reduce the sample

complexity and lead to the nature actions. Ashvin Nair et al. [43] proposed a

method which combines the unsupervised representation learning, variational

autoencoder (VAE) and off-policy goal-conditioned DRL. The purpose of VAE

is to learn the structured representation of raw images, which can also be used

to sample the synthetic goals for the off-policy RL to improve the sample effi-

ciency. This method enables the real robot to effectively learn the policies from

raw image observations. OpenAI [44] adopted Proximal Policy Optimiztion

(PPO) with an asymmetric Actor-Critic approach to train a physical dexterous

hand to learn the vision-based object reorientation. The policy can transfer to

the real-world robot by domain randomization even if it is entirely trained in

the simulation. This method doesn’t depend on any demonstration from human

but can present some human behaviours in manipulation naturally.

There are also many works related to the autonomous robot navigation via deep

reinforcement learning. Lei Tai et al. [45] applied asynchronous DDPG method

to the mobile robot mapless navigation. It was trained through an end-to-end

method by only taking the sparse range findings as input without any manually

feature extraction and prior demonstration. The trained agent could also suc-

cessfully transfer to the unseen simulated and real environments. Yuke Zhu et

al. [46] applied DRL to the mobile robot visual navigation of indoor scenes. The

policy has relation with the current state and the goal, which can promote the

generalized ability. They also proposed a framework which can provide abun-

dant high-quality 3D scenes. It is also end-to-end trainable and can generalize
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to the real robot scenes just with a little extra fine-tuning. Tingxiang Fan et

al. [47] demonstrated a decentralized navigation and collision avoidance policy

for the multi-robot system. The policy was trained by PPO with multi-scenario

and multi-stage training framework over a large number of mobile robots in the

complicated environments. A hybrid control strategy was developed to improve

the robustness and effectiveness of the policy. The generalization ability of the

learned policy could be verified in the unseen virtual scenarios and the real

human crowd. Xi Chen et al. [48] utilized PPO to train a wheel-legged robot

to acquire navigation skills. They proposed a novel training strategy which

uses some simple navigation skills to learn complex navigation skills. They also

adopted domain randomization to promote the diversity of training samples.

Piotr Mirowski et al. [49] proposed an end-to-end DRL framework addressed

by A3C to make the agent learn to navigate in the complex environments. The

performance could be greatly improved by introducing two auxiliary tasks, infer-

ring the depth information from RGB observation and loop closure detection to

evaluate whether the current location has been visited previously. This method

could learn the navigation skills from the raw image input in the complex 3D

maze and approach human-level performance.

Autonomous vehicle is a hot research field recently. Deep reinforcement learn-

ing is regarded as a promising technique to learn the driving policy, so some

works related to the autonomous driving using deep reinforcement learning are

conducted. Ahmad El Sallab et al. [50] used an end-to-end method via DQN to

learn the driving behaviors, which received the raw sensor data and outputs the

driving actions. They used LSTM to deal with partially observable scenarios.

They also integrated the attention model to extract the relevant information

from the sensor data to reduce the computation. This framework was tested on

the car racing simulator, TORCS. The simulation results presented successful

learning of the driving behaviours. Xinlei Pan et al. [51] proposed a virtual-to-

real DRL framework based on A3C for the autonomous driving. They used a

realistic translation network to convert virtual images in the simulation to the
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approximate realistic images based on their common scene segmentation. So the

reinforcement learning agent trained by those synthesized realistic images could

adapt to the driving environments in the real world. Maximilian Jaritz et al. [52]

used A3C to train the driving policy end-to-end by only using RGB image from

camera as input. They proposed a new reward function and training strategy

leading to fast convergence and robust performance. The generalization ability

was also verified in the unseen environments. Sahand Sharifzadeh et al. [53]

adopted a DQN-based inverse reinforcement learning to acquire the rewards for

the autonomous driving scenario. After some training episodes, the agent could

generate collision-free motions and lane change behaviours like human driver.

Meha Kaushik et al. [54] used DDPG to train the autonomous vehicle to learn

the overtaking behaviors. The agent was trained by a method similar to the cur-

riculum learning, where the agent firstly learned to drive on the road and then

learned to overtake other vehicles. This method enabled the vehicle to learn the

overtaking maneuvers successfully. Yilun Chen [55] adopted a Deep Recurrent

Deterministic Policy Gradient method with a hierarchical action space to train

the autonomous vehicle to learn the lane change behaviors. He also introduced

the attention mechanism, including spatial attention, which detected the most

important region of an image, and temporal attention, which assigned different

weights to the last few frames. In this way, the vehicle could get better lane

change behaviors.

Deep reinforcement learning can also solve the problems in other fields. Run-

sheng Yu et al. [56] applied DDPG to solve the trajectory tracking problem

for the autonomous underwater vehicle (AUV). They combined optimal control

with deep reinforcement learning to get a better tracking performance than tra-

ditional PID control. Hui Wu et al. [57] used DDPG to solve the depth control

problem of AUV whose exact dynamic model is difficult to obtain. They also in-

troduced prioritized experience replay to enhance the control performance. The

simulation results demonstrated that model-free reinforcement learning method

could get better performance than the model-based controllers, such as LQR
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and MPC.

Xue Bin Peng et al. [58] developed a data-driven deep reinforcement learning

framework based on PPO to train the simulated characters to learn the contorl

policies. The learned policies are robust and can generate natural motions

which are almost indistinguishable from the referenced motions. This method

enabled the simulated characters to learn a variety of skills and execute tasks

while imitating the referenced motions. However, it still has some limitations,

so they added some improvements [59] to the previous work. They introduced a

motion reconstruction method which could improve the quality of the referenced

motions. Furthermore, they proposed the adaptive state initialization, where

the initial state distribution was updated dynamically to contribute to the long-

horizon performance of reproducing the desired motions. This framework could

make the agents learn a much larger variety of skills and motions with higher

fidelity.

2.2 Basic reinforcement learning algorithms

In the classical reinforcement learning, the agent needs to interact with the

environment. At every time step, the environment has one state and agent

needs to obtain the observation of the current state. Then the agent takes

an action based on the observation and its policy. The action is performed to

the environment and change the agent’s state. Then the agent can get a new

observation and a reward from the changed environment. This reward could

either be positive or negative. Afterwards the agent will take a new action

according to the new observation. This process is demonstrated in Fig. 2.1.

Next, we will introduce the foundation of reinforcement learning and some basic

algorithms, including policy iteration, value iteration, Q-learning and policy

gradient.
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Figure 2.1: Interaction process of reinforcement learning

2.2.1 Markov decision process

Markov decision process (MDP) [60] is the foundation of reinforcement learning

theoretical derivation, through which the interaction process of reinforcement

learning can be represented by the form of probability. MDP can be expressed

as a tuple (S,A, P, r, γ), where S and A are the finite set of states and actions

respectively, P is the state transition probability, such that P (s′|s, a) represents

the probability of observing state s′ after executing action a at state s, r is the

received reward from the environment after performing an action, and γ ∈ [0, 1]

is the discount factor [60]. Markov process has the property that the next

state only has relation with the current state and has no relation with the

earlier states. Reinforcement learning can only be applied to solve the problems

conforming to the Markov property.

The action choice of agent is determined by the policy that maps the state s ∈ S

to a probability distribution over action π(A|s). Reinforcement learing aims to

find a policy which can maximize the long-term returns, Rt =
∑∞

k=0 γ
krt+k,

which is the accumulated future rewards from the current state st. The future

rewards need to be multiplied by the discount factor to reduce their influence.

However, we can’t exactly know the future states when executing an action. So

we need to consider all the possible situations and get the expectation of the

long-term returns based on the state transition probability. Value function can

represent the expectation of the long-term returns, which can be divided into

two categories:
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(1) state value function vπ(s): the expectation of the long-term returns from

the current state s under the policy π.

(2) state-action value function Qπ(s, a): the expectation of the long-term re-

turns after executing an action a at the current state s, then following the

policy π.

They can be expressed as the recursive forms, shown in Eq. 2.1 and Eq. 2.2,

which are called as Bellman Equation [60].

vπ(st) =
∑
at

π(at|st)
∑
st+1

P (st+1|st, at)[rt + γvπ(st+1)]. (2.1)

Qπ(st, at) =
∑
st+1

P (st+1|st, at)
∑
at+1

π(at+1|st+1)[rt + γQπ(st+1, at+1)]. (2.2)

2.2.2 Policy iteration

Policy iteration [60] is a basic method to obtain the optimal policy in the dy-

namic programming. It is initialized from a random policy and value, and alter-

nately perform policy evaluation and policy improvement until the convergence

of policy.

In the policy evaluation, the value of each state under the current policy is

calculated. The values of all the states are obtained by using the iteration

method shown in Eq. 2.3 [60].

vkπ(s) =
∑
a

π(a|s)
∑
s′

P (s′|s, a)[r + γvk−1
π (s′)], (2.3)

where k is the iteration times. When vπ(st) converges, we can get the values of

all the states under the current policy π.
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Next, the policy needs to be improved according to these state values. For

each state, the state-action value is calculated by executing all the possible

actions [60]:

Qπ(s, a) =
∑
s′

P (s′|s, a)[r + γvπ(s′)], (2.4)

and then the policy is improved by choosing the action which has the maximum

state-action value [60]:

π′(s) = arg max
a
Q(s, a). (2.5)

For the new policy, the values of all the states need to be updated by Eq. 2.3.

After that, the policy is updated again by Eq. 2.4. This process is repeated

until the policy converges.

2.2.3 Value iteration

Policy iteration spends most of the computational time on the policy evaluation.

Especially for some complex problems, this procedure is really time comsum-

ing. In order to promote the computational efficiency, value iteration [60] is

introduecd.

For each state, we calculate the state value after executing every possible action

and choose the maximum value as the state value of this state, as expressed in

Eq. 2.6 [60]. This process is repeated until all the state values converge.

vk(s) = max
a

∑
s′

P (s′|s, a)[r + γvk−1(s′)], (2.6)

where k is the iteration times.

After all the state values converge, an action which has the maximum state-
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action value is chosen for any state [60]:

π(s) = arg max
a

∑
s′

P (s′|s, a)[r + γv(s′)]. (2.7)

Therefore, value iteration selects the action according to the state value, while

policy iteration selects the action according to the current policy.

2.2.4 SARSA and Q-learning

Policy iteration and value iteration require the state transition probability of

the environment, so they can only solve the problem whose medel is already

known. However, in many practical problems, we can’t get the environment

model. Thus, model-free methods are proposed to solve these problems.

SARSA and Q-learning are two model-free Temporal Difference (TD) methods

which use the current reward and value evaluation of the next state to compute

the state-action value.

The update of the state-action value of SARSA [60] is expressed in Eq. 2.8.

Q(s, a)← Q(s, a) + η[r + γQ(s′, a′)−Q(s, a)], (2.8)

where action a is taken at the current state s on the basis of ε− greedy policy

and r is the reward observed from the environment; at next state s′, action a′

is chosen according to the same ε − greedy policy; the difference between the

target value and evaluated value calculated by the TD method is utilized to

update the Q-value of the current state-action pair; η is the learning rate.

ε − greedy policy aims to solve the exploration and exploitation problem in

reinforcement learning. The agent has ε probability to produce a random action

to encourage exploration and 1 − ε probability to exploit the current optimal

policy. With the training process, the value of ε will decrease gradually to seek
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a good trade-off between the exploration and exploitation.

The update of the state-action value of Q-learning [60] is expressed in Eq. 2.9.

Q(s, a)← Q(s, a) + η[r + γmax
a′

Q(s′, a′)−Q(s, a)], (2.9)

where action a is taken at the current state s on the basis of ε− greedy policy;

action a′ that could get the maximum Q-value is chosen at the next state s′ to

calculate the target Q-value.

Both of these two methods update the Q-value of one state-action pair in the

table after observing a transition. SARSA uses the real action of the next state

to evaluate the value, while Q-learning uses the action which has the maximum

value but it may not actually execute this action at the next state. Therefore,

SARSA is an on-policy method and Q-learning is an off-policy method.

2.2.5 Deep Q-Network

SARSA and Q-learning use a table to store the value of every state-action pair,

so they can only solve the problems with finite state and action space. For the

probelms which have finite action space but infinite state space, it is suitable to

use the neural network to estimate the value of performing each action under a

specific state. This approach is known as Deep Q-Network (DQN) [1], extended

from the Q-learning.

DQN introduces two important improvements: replay memory and target net-

work [1]. Replay memory is used to store the transitions produced by the agent

when exploring the environment. A mini-batch of transitions are sampled ran-

domly from the replay memory at each network update. So replay memory

can disrupt the correlation of transitions during update and promote the data

efficiency. Target network with the same architecture as the behavior networks

is used to calculate the target value. The parameters of target network are up-
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dated very slowly, which can reduce the fluctuation problem and enhance the

learning stability.

The objective function of DQN is shown in Eq. 2.10 [1].

L(θ) =
N∑
i=1

(ri + γmax
a′

Q(si+1, a
′|θ′)−Q(si, ai|θ))2, (2.10)

where θ′ represents the parameters of the target network and θ represents the

parameters of the bahavior network.

The main procedures of DQN are as follows:

(1) Select an action at according to the ε− greedy policy at the current state

st.

(2) Execute the action at to the environment, and obtain the next state st+1

and reward rt.

(3) Store the transition (st, at, rt, st+1) in the replay memory.

(4) Use gradient descent to update θ based on the mini-batch samples from

the replay memory.

2.2.6 Policy gradient

DQN is a reinforcement learning algorithm by estimating the value function,

which aims to find the action with the optimal value. However, DQN can

only be applied to solve the problems with discrete action space. If the action is

continuous, other reinforcement learning algorithms applicable to the continuous

action space should be used. Policy gradient is a foundamental method which

directly calculate the update direction of the policy.

The objective of reinforcement learning is to find the policy which can maximize
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the expectation of the long-term returns:

π∗ = arg max
π

Eτ∼π(τ )[R(τ )], (2.11)

where τ is a trajectory obtained from the interaction with the environment by

using the policy π; R(τ ) represents the overall return of the trajectory τ .

We represent the expectation of the trajectory return J as a function of policy

parameter θ:

J(θ) = Eτ∼πθ(τ )[R(τ )] =

∫
τ∼πθ(τ )

πθ(τ )R(τ )dτ . (2.12)

The gradient of J(θ) is expressed as follows:

∇θJ(θ) =

∫
τ∼πθ(τ )

∇θπθ(τ )R(τ )dτ =

∫
τ∼πθ(τ )

πθ(τ )∇θ log πθ(τ )R(τ )dτ

(2.13)

= Eτ∼πθ(τ )[∇θ log πθ(τ )R(τ )],

where

∇θ log πθ(τ ) = ∇θ log
[
P (s0)

T∏
t=0

πθ(at|st)P (st+1|st, at)
]

= ∇θ

[
logP (s0) +

T∑
t=0

log πθ(at|st) +
T∑
t=0

logP (st+1|st, at)
]

=
T∑
t=0

∇θ log πθ(at|st)

Then the policy gradient [61] is expressed as:

∇θJ(θ) = Eτ∼πθ(τ )

[ T∑
t=0

∇θ log πθ(at|st)
( T∑
t=0

rt
)]
. (2.14)

Since the action at can only affect the returns after time t, only the rewards
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after time t should be included. So Eq. 2.14 is modified as:

∇θJ(θ) = Eτ∼πθ(τ )

[ T∑
t=0

∇θ log πθ(at|st)
( T∑
t′=t

rt′
)]
. (2.15)
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Chapter 3

Continuous control for robot

based on Deep Deterministic

Policy Gradient

In chapter 2, we have introduced some basic reinforcement learning algorithms,

including the value-based method, like DQN for the discrete action space, and

policy gradient method for the continuous action space. Policy gradient out-

puts the probability distribution over the action and the policy can only be

updated after the whole episode. Hence, Google DeepMind proposed an im-

proved policy gradient method, which is known as deep deterministic policy

gradient (DDPG) [10] applicable to the continuous control tasks with infinite

state and action space. DDPG uses actor-critic structure and outputs a deter-

ministic action rather than the probability distribution of the action. The actor

network produces a specific action based on the current state while the critic

network evaluates the Q-values of the state-action pairs. DDPG also adopts the

two improvements of DQN, target networks and replay memory, to improve the

stability and convergence of the network.

DDPG needs a replay memory to store the previous experiences. Some work has

31



been done to improve the structure of the replay memory. Google DeepMind

developed prioritized experience replay [6] to replay the significant transitions

more frequently to guarantee more effective learning of the agent. OpenAI

proposed the hindsight experience replay [25] to solve the sparse reward problem

and avoid the complicated reward engineering. We also use these two methods

in our simulation.

In this chapter, we firstly train a redundant manipulator to reach any given po-

sition by using DDPG and hindsight experience replay with different strategies,

from which we can see that the agent can effectively learn by only receiving

a simple binary reward. Then we train the redundant manipulator by using

DDPG with a shaped reward. We propose a future and random strategy to

relabel some additional goals combined with the shaped reward to artificially

produce some new transitions, which can improve the sample efficiency. The

simulation results show that the random strategy with the shaped reward could

achieve the highest success rate. Next, we use DDPG with priority replay mem-

ory to train a SCARA robot and a mobile robot to track some trajectories.

Two training strategies, random referenced state initialization and early termi-

nation are introduced to solve the exploration problem and make the robots

learn effectively from the referenced trajectories.

3.1 Deep Deterministic Policy Gradient

The objective of reinforcement learning is to learn a policy that can maximize the

expectation of the accumulated future rewards from the start distribution [60]:

J = Esn∼ε,rn,an∼π[R1], (3.1)

where state sn is observed from the environment ε, action an is sampled from

the policy π, and R1 is the accumulated future rewards from the initial state s1.
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The action-value function is expressed as follows:

Qπ(st, at) = Esn>t∼ε,rn≥t,an>t∼π[Rt|st, at],

Rt =
T∑
n=t

γn−tr(sn, an),

which describes the expected value of the accumulated future rewards after

taking an action at at state st and then following the policy π; where r is the

instant reward at current time step and γ is the discounted factor.

The function can be written in a recursive format that is the Bellman equation

[60]:

Qπ(st, at) = Est+1∼ε,rt
[
r(st, at) + γEat+1∼π[Qπ(st+1, at+1)]

]
. (3.2)

For the deterministic policy, Eq. 3.2 can be rewritten as [10]:

Qµ(st, at) = Est+1∼ε,rt
[
r(st, at) + γQµ

(
st+1, µ(st+1)

)]
, (3.3)

where µ is the deterministic policy function.

The action-value and policy is estimated by the deep neural network which has

the ability to approach any complex and nonlinear function. Actor and critic

are the two neural networks used to choose the action and estimate the action-

value, respectively. The parameters of the actor and critic are updated during

the training process. The update objective of critic aims to make accurate

estimations for the Q-values by minimizing the mean square of TD errors which

are the differences between the evaluated Q-values and the target Q-values:

L(θQ) = Est∼sϑ,at∼ϑ,rt
[(
Q(st, at|θQ)− yt

)2
]
, (3.4)

where θQ is the parameters of the critic, including the weights and biases; ϑ is

a stochastic policy that may be different from the current policy; sϑ is the state
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distribution under the policy ϑ; yt = r(st, at) + γQ
(
st+1, µ(st+1)

)
is the target

Q-value.

Usually, learning the action-value function directly by using the neural network

can’t guarantee the convergence and may tend to be unstable. In order to

exploit the deep neural networks as the function approximators effectively, a

replay memory and seperate target networks need to be introduced as DQN.

As we know, most machine learning algorithms have the assumption that the

training data are independent and identically distributed. However, in the re-

inforcement learning, the samples which are used to update the networks are

produced by exploring sequentially in the environment. Thus, the above as-

sumption doesn’t hold any more since the samples have correlation with each

other. Hence, a replay memory is introduced to solve this problem. The re-

play memory can be regarded as a cache with a specific capacity. The tran-

sitions (st, at, rt, st+1) generated by the agent’s exploration to the environment

are stored in the replay memory. If the replay memory is full, old transitions

will be removed to enable the new transitions to be stored. During training,

a mini-batch of transitions sampled from the replay memory are fed into the

neural networks. This random sampling can reduce the correlations among the

transitions to improve the learning stability. Moreover, the transitions in the

replay memory can be used for multiple times, which helps to promote the

data efficiency. Due to the replay memory, DDPG is an off-policy reinforcement

learning algorithm since the transitions utilized to update the networks may not

be produced by the current policy.

If the target Q-value yt is calculated by the same critic network, the critic

may be difficult to converge. So a target critic Q′(s, a|θQ′) and a target actor

µ′(s|θµ′) are introduced to calculate the target Q-value. The target networks

have the same architectures with the evaluated networks and their parameters

are updated by a soft method: θ′ ← εθ + (1 − ε)θ′ with ε � 1. This means

the parameters of the target networks change very slowly, which can greatly
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improve the learning stability. The soft update of target networks can make the

reinforcement learning closer to the supervised learning which has a fixed label

for each sample and thus has robust solutions. So the introduction of Q′ and µ′

can make yt stable, which aims to train the critic network without divergence.

Then the target Q-value can be expressed as [10]:

yt = r(st, at) + γQ′
(
st+1, µ

′(st+1|θµ
′
)|θQ′

)
, (3.5)

where (st, at, r(st, at), st+1) is a transition from the replay memory.

The action chosen at state st+1 is determined by the target actor µ′. The Q-

value of the state st+1 and action µ′(st+1) is calculated by the target critic Q′.

The overall loss of the critic is obtained by determining the expected losses of

the transitions sampled from the replay memory as shown in Eq. 3.4.

The update objective of the actor is to maximize the expectation of accumulated

reward J or Q, whose gradient can be derived by using the chain rule [10]:

∇θµJ ≈ Est∼sϑ
[
∇θµQ(s, a|θQ)|s=st,a=µ(st|θµ)

]
(3.6)

= Est∼sϑ
[
∇aQ(s, a|θQ)|s=st,a=µ(st|θµ)∇θµµ(s|θµ)|s=st

]
,

where st are sampled from the replay memory. The gradients are computed

according to the average Q-value of the sampled states from the replay memory

and the corresponding actions are obtained from the current policy.

Exploration is a major challenge of reinforcement learning with continuous ac-

tion space.The exploration of DDPG can be considered separately from the

leaning process. So some noises generated from a specific process can be added

to the policy µ in order to encourage the exploration. Then the policy function

can be written as:

µn(st) = µ(st|θµ) + ωt, (3.7)
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where ω is a noise process.

The noise process can be the Ornstein-Uhlenbeck process, which is a kind of

temporally correlated noise aiming to realize good exploration in the physical

environment with momentum. Its generation fomula is:

dxt = σ1(η − xt) + σ2Wt, (3.8)

where xt is the value we want to generate at time t; η is the expectation of the

random variable; Wt can be a random function; σ1 and σ2 are two parameters

of the random process; dxt is the change of value and the true sampled value

equals to the value of the last time step plus the change.

Figure 3.1 shows the framework of DDPG. A target actor and a target critic

are used to calculate the target Q-value. The critic which can evaluate the

performance of the actor is updated by minimizing the mean square of TD

errors. The policy gradient to update the actor is calculated with respect to the

Q-function.

Figure 3.1: Framework of DDPG

The pseudocode of DDPG is presented in Algorithm 1 [10], where the expecta-

tion of actor gradient and critic gradient are approximated by the mean of the

sampled transitions.

The optimization algorithm we use for the update of network parameters is
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Algorithm 1 DDPG

1: Initialize:
Critic Q(s, a|θQ) and actor µ(s|θµ) with parameters θQ and
θµ randomly
Target network Q′ and µ′ with parameters θQ

′ ← θQ and
θµ
′ ← θµ

Replay memory R with capacity C
2: for episode = 1, . . . ,M do
3: Obtain the initial state s0

4: for t = 1, . . . , T do
5: Get an action at = µ(st|θµ) + ωt based on the current policy and

exploration noise
6: Perform the action at to the environment
7: Get the reward rt and the next state st+1 from the environment
8: Store the transition (st, at, rt, st+1) in R
9: Sample a mini-batch of N transitions (sn, an, rn, sn+1) (n = 1, . . . , N)

randomly from R
10: Calculate the target Q-value for each transition according to Eq. 3.5
11: Calculate the gradient of critic loss, gQ with respect to θQ and update

the critic network:
12: gQ = ∇θQL(θQ) ≈ 1

N

∑N
n=1∇θQ

[(
Q(sn, an|θQ)− yn

)2
]

13: Calculate the gradient of actor loss, gµ with respect to θµ and update
the actor network:

14: gµ = ∇θµJ ≈ 1
N

∑N
n=1

[
∇aQ(s, a|θQ)|s=sn,a=µ(sn|θµ)∇θµµ(s|θµ)|s=sn

]
15: Update the target networks by using the soft replace:
16: θQ

′ ← εθQ + (1− ε)θQ′

17: θµ
′ ← εθµ + (1− ε)θµ′ (ε� 1)

18: end for
19: end for

Adam (Adaptive moment estimation) [62]. This method is computationally

efficient and has little memory requirements. It can adjust the learning step

adaptively for the different parameters. The concrete procedures are as follows

[62]:

gt = ∇θLt(θt−1)

mt = c1mt−1 + (1− c1)gt

nt = c2nt−1 + (1− c2)g2
t

m′t =
mt

1− ct1
n′t =

nt
1− ct2

37



θt = θt−1 − α
m′t√
n′t + ε

.

3.2 Priority replay memory

In the last section, we have introduced the replay memory used to store the

transitions produced by the agent’s exploration to the environment. The replay

momory can reduce the correlation of samples and improve the data efficiency

since the agent could reuse the previous transitions. The transitions are sampled

uniformly from the replay memory at each update, so all the transitions have the

same possibility to be sampled without considering their significance. However,

the difficulty of learning each transition is different, which leads to the different

improvement after learning different transitions. Some transitions are easy to

learn and learning from these easy transitions may not get much benefit. While

some transitions are relatively difficult to learn, so the model may have obvious

promotion after learning from these difficult transitions. If every transition is

treated equally, the agent may waste much time on those easy transitions, which

results in the inefficient learning.

Priority replay memory [6] could solve the above-mentioned problem effectively.

Each transition has a weight according to its performance based on the current

parameters. The sampling probability of each transition has a relation with its

weight. The transition with worse performance has a higher weight and can be

sampled with a higher probability, and vice versa.

The idea of the priority replay memory is to increase the sampling probability of

more significant transitions. The significance of a transition is usually measured

by its TD error. The higher the TD error, the higher probability the transition

will be sampled with [6].

The TD error is a reasonable measurement of the significance, but it may change

as the network parameters are updated during the training process. Hence, the
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following situation may occur: the TD error of a transition is high when it is

firstly stored in the replay memory, and its TD error may decrease as the network

parameters are updated constantly, but the transition still has a high probability

to be sampled. A reasonable approach for this problem is to recalculate the TD

errors of the transitions which have been sampled from the the replay memory,

but it may need a lot of extra computation.

Since the measurement method is not totally reliable, we need to introduce

extra improvement. We hope that the transitions with relatively higher TD

errors should have higher probability to be sampled and the transitions with

low TD errors should also have some probability to be sampled. Hence, the

sampling probability of each transition is calculated by [6]:

P (i) =
Prαi∑
k Pr

α
k

, (3.9)

where Pri is the TD error of each transition; α is a hyperparameter that can

adjust the importance of TD error when sampling the transitions; when α = 1,

the transitions are sampled directly according to their TD error; when α < 1,

the influence of TD error is weaken and transitions with small TD errors could

have larger probability to be sampled; when α = 0, it becomes uniform sampling

as the case without considering the priorities.

For the ordinary replay memory, each transition has the same probability to be

sampled. The priority replay changes the probability distribution, which may

introduce bias when estimating the expectation of gradients. In order to make

the estimation unbias, we introduce an importance sampling weight to each

sampled transition.

Ei∼RM [∇J ] = Ei∼PRM
[ PRM(i)

PPRM(i)
∇J
]

= Ei∼PRM
[ 1

N

PPRM(i)
∇J
]

= Ei∼PRM
[ 1

N · PPRM(i)
∇J
]
,
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where PRM(i) is the sampling probability of a transition from the replay memory

and PPRM(i) is the sampling probability from the priority replay memory; N

is the total number of transitions in the replay memory. By multiplying the

weight 1
N ·PPRM (i)

to the gradients, the update will become unbias.

If we just use this weight, it has no difference with the ordinary replay memory,

so we should introduce another hyperparameter β to adjust the influence of the

prioritized experience replay. Then the weight becomes [6]:

wi =
( 1

N · PPRM(i)

)β
, (3.10)

when β = 1, the update is equivalent to the ordinary replay memory; when

β < 1, prioritized experience replay may have some impact. Furthermore, we

usually normalize the weight by 1
maxi wi

, so the maximum value of the nomalized

weight is 1, which could confine the weights in a reasonable range and avoid

large updates of parameters.

Many theoretical derivation is based on the ordinary replay memory. The pri-

ority replay memory mainly aims to speed up the training, but the convergence

can’t be guaranteed. Hence, we hope the priority replay memory could become

the ordinary replay memory eventually. At the beginning of training, β can be

assigned to a number less than 1. With the increase of training iteration, β

should become larger and finally approximate to 1. In this way, we could pro-

mote the training speed without influencing the convergence of the networks.

The main procedures of priority replay memory are summarized as follows.

(1) Store the transition in the replay memory with its priority measured by

the TD error.

(2) Sample transitions based on the probabilities calculated by Eq. 3.9.

(3) Multiply the importance sampling weight wi to the gradient of each sam-

pled transition when updating the networks.
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(4) Let β gradually approximate to 1 with the training process.

However, if we directly calculate the sampling probabilities of the transitions, a

lot of computation is needed since the capacity of the replay memory may be

very large. In order to efficiently sample the transitions from the distribution, we

could use a ‘sum-tree’ structure to store the transition priorities. The structure

of ‘sum-tree’ is shown in Fig. 3.2. The transition priorities are stored in the

leaf nodes. The internal nodes store the intermediate sum of the priorities and

the parent node contains the sum of all the transition priorities ptotal. When

the priority of a transition is updated, all the corresponding internal nodes and

parent node will be updated. When a mini-batch of size m needs to be sampled,

the range [0, ptotal] will be equally divided into m interval. Next, a number is

uniformly sampled from each interval, and then it starts from the parent node

and compares with the following internal nodes until getting to a leaf node which

is the transition we will sample. In this way, we could update the priorities and

sample the transitions more effectively.

Figure 3.2: Structure of sumtree

3.3 Hindsight experience replay

We have known that the replay memory can reduce the correlation among the

samples and promote the data efficiency to enable more effective learning of the

agent. In this section, we will introduce another momory structure, hindsight

41



experience replay (HER) [25] which mainly aims to deal with the sparse rewards

in the reinforcement learning.

Sparse reward problem is a major challenge of reinforcement learning. In order

to make the agent learn effectively from the environment, we usually need to

design the reward function accurately. However, sometimes designing a proper

reward function is difficult, which results in a bad learning effect. Hindsight

experience replay is a novel technique proposed by OpenAI to solve the problem

of sparse rewards. HER enables the agent to learn efficiently even from the

sparse and binary rewards and avoides the sophisticated reward engineering. It

could be combined with any off-policy reinforcement learning, such as DQN and

DDPG.

The motivation of hindsight experience replay is similar to the curriculum learn-

ing which is a kind of incremental learning strategy. Sometimes, the real goal is

very difficult to realize, but we could decompose the real goal into some small

goals, or wo could reduce the difficulty of the tasks. Even if we can’t complete

the difficult tasks directly, we could firstly complete the relatively easier tasks

and gradually we will know how to achieve those difficult goals.

The main idea of hindsight experience replay is to replace the real goal with

the achieved goals for each transition, which is equivalent to reduce the task

difficulty. When the agent gets to the state sT after a series of actions, it

doesn’t obtain any positive reward if the real goal is g. Even though the agent

can’t get to the goal state g, it can reach another state sT . This experience also

deserves to be stored in the replay memory, becuase it indicates how to achieve

state sT and the next goal may be exactly sT . One obvious advantage of human

compared with the trained agent is that human can still get some meaningful

experiences even if they can’t get any explicit feedback. By using hindsight

experience replay, the agent could behave more like human and learn the policy

more intelligently.

We hope to train the agents which could achieve different goals, so we use the
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similar method with the universal value function approximator [63]. The actor

and critic network take the state s ∈ S and the goal g ∈ G as input. A state-goal

pair is sampled from a specific distribution at the beginning of each episode and

the goal remains fixed during each episode. The reward received by the agent at

each time step is rt = rg(st, at), which is related to the goal. It has been proved

that the policy trained by this method could generalize to the other unseen

state-goal pairs.

It is assumed that given any state s, a goal corresponding to this state can be

found, which can be described by a mapping m : S → G. We should note that

the goal may just specify some features of the state, so the mapping may be not

always an identity, but has some other formats, eg. m((x, y)) = x.

It is very common to design such a reward: the agent will get a negative one

reward as long as the goal is not achieved or a zero reward when the goal is

achieved at each time step. It can be represented as follows:

rg(st, at) = −[fg(st+1) = 0], (3.11)

where fg(s) is a function that indicates whether the goal is realized. If the agent

gets to the goal state, fg(s) is equal to 1, or it is equal to 0. However this reward

can’t work well in practice since it is sparse and not informative. Next, we will

introduce the detail of HER which can train the agent successfully only by using

the sparse reward in Eq. 3.11.

Firstly, the agent explores the environment and gets a series of transitions. All

the transitions are temporarily stored in a replay buffer. It should be noted that

all the states of these transitions include the real goal. After an episode, each

transition with the real goal in the replay buffer is sent to the replay memory

and then it will also be stored in the replay memory for multiple times with

other additional goals. The additional goals for replay could be the function of

the final state of the trajectory m(sT ), or the function of the following states

in the same trajectory. We need to recompute the reward for each transition
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based on the additional goals. With this modification, some transitions could

have the reward different from -1, which makes the learning much simpler and

more effective. This approach enables the agent to learn how to achieve any

goal which may never be observed during the interaction process.

The pseudocode of hindsight experience replay is shown in Algorithm 2 [25].

Algorithm 2 Hindsight experience replay

1: Initialize:
An off policy reinforcement learning algorithm A
A strategy S for choosing additional goals for replay
A replay memory R

2: for episode = 1, . . . ,M do
3: Generate a initial state s0 and a goal g randomly
4: for t = 1, . . . , T do
5: Get an action at ← π(st||g) based on the current policy from A
6: Implement the action at and then obtain the reward rt and the next

state st+1

7: Store the transition (st||g, at, rt, st+1||g) in an replay buffer temporar-
ily

8: end for
9: for t = 1, . . . , T do
10: Store the transition (st||g, at, rt, st+1||g) in R
11: Get some additional goals G for replay by using strategy S
12: for g′ ∈ G do
13: Recompute the reward r′t based on the goal g′

14: Store the transition (st||g′, at, r′t, st+1||g′) in R
15: end for
16: end for
17: end for
18: for i = 1, . . . , N do
19: Sample a mini-batch of transitions from R randomly
20: Update network parameters of A by using the sampled mini-batch
21: end for

3.4 Multi-goal reinforcement learning

In this section, we focus on the multi-goal reinforcement learning task, which

means the goal in each training episode is different. Even though we only
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care about one specific goal, training on the mutiple goals could get better

performance than training on the single goal and also enables the agent to

achieve any goal.

The simulation environment is a redundant manipulator with seven degree of

freedom (Fig. 3.3). The common space manipulator has six degree of freedom to

move along and rotate around the three axes. The redundant manipulator has

another extra degree of freedom, so it can arrive at a certain position in the three-

dimensional space with infinite number of configurations. The training objective

is to enable the end-effector of the redundant manipulator to reach any given

goal position within its work envelope from a random initial position during

each episode. Since the redundant joint makes the manipulator have enough

flexibility to reach any position in its work envelope and avoid the singular

positions, we can indicate any position within the work envelope as the goal

position.

Figure 3.3: Redundant manipulator

Deep reinforcement learning is employed to make the high-level decision for

the redundant manipulator to move to the goal position. Firstly, we train the

redundant manipulator by using DDPG with HER and then we train it again

by using DDPG with the shaped reward. We propose the future and random

strategy to generate some additional transitions by referring to the idea of HER.

The performance comparisons of different methods are presented.
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3.4.1 Architecture of the actor and critic

The input of the actor is the observation vector s and the outputs of the actor

are the changes of the end-effector position in the space relative to the current

positions, ∆p = [∆x,∆y,∆z]. The changes of positions need to be converted to

the absolute positions of the end-effector, p, and then the inverse kinematics of

the manipulator is applied to get the joint positions. We can utilize the robot

simulator V-REP to solve the inverse kinematics of the redundant manipulator

by using Pseudo Inverse method and damped least squares method (DLS).

We only consider the high-level control by deep reinforcement learning to decide

on the target position of the end-effector at each time step. The policy function

can be expressed as:

∆p = f(s). (3.12)

For DDPG with priority replay memory and without any additional goals, the

observation is designed as:

s = [x, y, z, dxg, dyg, dzg],

where [x, y, z] is the end-effector position; [dxg, dyg, dzg] is the difference between

the goal position and the real position of the end-effector in each dimension.

For DDPG with HER and additional goals combined with the shaped reward,

the observation needs to include the goal position. Thus, the observation is

designed as:

s = [x, y, z, dxg, dyg, dzg, xg, yg, zg],

where [xg, yg, zg] is the given goal position of an episode.

The architecture of the actor and critic for the redundant manipulator is shown
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in Fig. 3.4. For the actor, we use three-hidden-layer fully connected (FC) neural

network and each hidden layer has 100 neurons. All the hidden layers adopt

relu activation function and the output layer adopts tanh activation function.

C is a scaled vector to constrain the range of the position change.

For the critic, we also use three-hidden-layer FC network and each hidden layer

has 100 neurons. The hidden layers adopt relu activation function and the

output layer adopts linear activation function.

Figure 3.4: Architecture of actor and critic

3.4.2 Training results of redundant manipulator

In this part, we will show the training results of DDPG with the sparse reward

and DDPG with the shaped reward respectively for the redundant manipulator.

At the beginning of each episode, a random goal position within the reachable

region of the end-effector is chosen and the end-effector position is also randomly

given with any configuration. If the end-effector reaches the goal position within

a small distance threshold, it completes the task and the episode ends. If the

end-effector moves beyond its feasible region or it doesn’t get to the goal position

within the maximum steps in an episode, it fails to finish the task and the episode

ends. Then it will continue to be trained for the next episode with a different

goal.
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Training results of DDPG with hindsight experience replay

Firstly, we train the redundant manipulator by using DDPG with HER intro-

duced in section 3.3. We don’t need to design the reward function accurately

since HER is powerful to deal with the problems with the sparse rewards. Thus,

we only use a binary reward: if the end-effector arrives at the goal position, it

will get a zero reward, or it will get a negative one reward. At the beginning

of each episode, a random goal position is chosen and the manipulator is also

initialized to a random position.

We train the redundant manipulator by using DDPG with HER for 200 epochs.

Each epoch has 50 cycles and each cycle includes 16 episodes to run the policy

and collect the transitions. After running a cycle with 16 episodes, the network

parameters will be updated for 40 times. Since the optimization of networks

is only performed after running a certain number of episodes rather than at

each time step during an episode, it is reasonable to sample more transitions

fed into the networks at each update. Hence, we use a replay memory which

can contain 106 transitions and sample a mini-batch of transitions with size 128

at each optimization step.

In the section 3.3, we have mentioned that different strategies can be used to

choose the additional goals for replay. Here, we employ two strategies, final

and future. final means the final state of an episode is treated as the goal of

the transitions in this episode. future means k random states observed after

the transition in the same trajectory are chosen as the additional goals for this

transition. If the end-effector moves out of the feasible region, the final state of

this episode can not be chosen as the additional goal since it is not a expected

state.

Firstly, we train the redundant manipulator by using HER with the strategy

final, so each transition will be stored in the replay memory twice with the real

goal and achieved goal (i.e. the final state of the episode). Then, the redundant

48



manipulator is trained again by using the future strategy with different k. If

k = 2, two subsequent states are chosen to be the additional goals for the

transition and each transition will be stored in the replay memory for three

times with different goals. If k = 4, four subsequent states are chosen and each

transition will be stored in the replay memory for five times with different goals.

We record the success rate of the manipulator in each epoch. The comparison of

success rate of DDPG with HER by using different strategies is shown in Fig. 3.5,

where we can see that all the strategies could achieve approximately 80% success

rate after some epochs by the multi-goal training method. The final strategy

could make the agent learn faster compared with future strategy. The future

strategy with k = 2 also has a faster learning speed than future strategy with

k = 4. It may be explained as: increasing the value of k could decrease the

percentage of the normal transitions in the replay memory, which may degrade

the performance.

Hence, we can conclude that DDPG with HER could achieve good performance

in the manipulator multi-goal task even if we just use a simple binary reward,

which proves that HER can effectively solve the probelm of sparse rewards.

Figure 3.5: Success rate of different strategies

Training results of DDPG with the shaped reward

Next, we train the redundant manipulator by using DDPG with a shaped re-

ward. A reward function which enables the agent to learn effectively from the
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environment needs to be designed. The reward function is expressed in Eq. 3.13:

r(st, at) = λ‖g − pt‖k − ‖g − pt+1‖k, (3.13)

where g is the random goal position; pt+1 is the position of end-effector after

executing action at at position pt; λ ∈ {0, 1} and k ∈ {1, 2} are two hyperpa-

rameters.

We choose λ = 0 and k = 1, then the reward function becomes:

r(st, at) = −‖g − pt+1‖ (3.14)

Hence, the reward of every step is determined by the negative distance between

the real end-effector position and the goal position after executing an action. If

the end-effector moves out of the range, it will receive a negative reward. If the

end-effector reaches the position goal, it will receive a positive reward. We also

normalize the reward of each time step by a scaling factor to make the agent

learn more effectively.

The future and final strategy is used to generate some additional goals in

HER, so we could obtain some new transitions by replacing the real goal. It

is also an effective method to improve the sample efficiency since we could

convert a single transition (s, a, s′) into many other transitions by generating

the additional goals. We have the curiosity if the similar idea with HER could

combine with the shaped reward. Thus, we firstly adopt the future strategy to

choose two future states of the current state during an episode as the additional

goals. Then we need to recompute the reward according to the next state

of the transition and the additional goals by Eq. 3.14. Therefore, for each

original transition, we could relabel another two new transitions with different

goals. However, this future strategy is limited to sampling the goals from a

specific trajectory, which may restrict the diversity of the goals that we can

relabel a given transition with. Hence, we propose a random strategy which
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chooses two random goals within the feasible region as the additional goals.

The reward of each transition is recomputed by the same approach as future

strategy. The random strategy can help the agent to learn how to realize any

other goal in addition to the given goal in one episode. By artifically generating

some transitions, the agent only need to collect less data, which can reduce the

interaction steps with the environment to improve the sample efficiency.

Firstly, we train the redundant manipulator by using DDPG with priority replay

memory and without introducing any additional goals. Then we train the ma-

nipulator by using the future and random strategy combined with the shaped

reward, respectively. The training process consists of 100 epochs, each of which

contains 50 cycle, and each cycle has 16 episodes. After one cycle, the actor and

critic will be updated for 40 times by sampling a mini-batch of transitions with

size 128 at each update. We also set the capacity of the replay memory as 106.

The average episode rewards of one cycle and success rates of every 5 cycle of

these three methods are respectively shown in Fig. 3.6 and Fig. 3.7. We can see

that the random strategy could achieve 80% success rate for average and the

future strategy could achieve 60% success rate for average. However, DDPG

with priority replay memory without any additional goals could only get less

than 10% success rate. Therefore, we can see that future strategy combined

with the shaped reward gets a worse performance than the sparse reward, which

may be becasue the shaped reward penalizing inappropriate behaviours could

hinder the exploration of the agent. DDPG with the random strategy could

achieve the highest success rate, which indicates that the agent can learn more

effectively by introducing artificially generated transitions with more diverse

additional goals.

We save the models trained by different methods and test them for 100 episodes

to observe if the agents can reach any given position from a random initial

position. The success times of DDPG with both the sparse reward and shaped

reward are summarized in Table 3.1, which demonstrates that shaped reward
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Figure 3.6: Average episode rewards of one cycle

Figure 3.7: Success rates of every 5 cycle

with random strategy could achieve the highest success rate.

Table 3.1: Testing results of DDPG

Methods Success times

Sparse reward with final strategy 79
Sparse reward with future(k = 2) strategy 78
Sparse reward with future(k = 4) strategy 81

Shaped reward with random strategy 87
Shaped reward with future strategy 56

Shaped reward without additional goals 9

The hyperparameters for the multi-goal task of redundant manipulator are

shown in Table 3.2.

This simulation shows that the manipulator can learn a successful high-level

policy to reach any given goal position by the model-free deep reinforcement

learning with multi-goal training method. Different methods are tried in order

to compare their performance and find the best strategy which can achieve the
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Table 3.2: Hyperparameters of DDPG for redundant manipulator

Hyperparameters Value

Learning rate of actor αµ 0.001
Learning rate of critic αQ 0.001

Soft replacement coefficient ε 0.05
Reward discounted factor γ 0.9

Memory capacity C 106

Batch size bn 128
Priority exponent α 0.6

Initial importance sampling weight exponent β0 0.4
Incremental rate of β 0.001

highest success rate. Therefore, the redundant manipulator task can demon-

strate the effectiveness of model-free deep reinforcement learning to the high-

level decision-making.

3.5 Tracking control of robots via DDPG

Deep reinforcement learning is mainly applied to make the high-level decision

for the robotic tasks. In this section, we focus on the trajectory tracking task of

the robots. DDPG with priority replay memory is used to train a SCARA robot

and a mobile robot to learn the high-level control policy for the tracking task

based on the kinematics. The policy trained by deep reinforcement learning can

directly map the observation input to the action output.

3.5.1 Problem Formulation

Firstly, we define a general robotic trajectory tracking problem. The robotic

system can be described as:

xk+1 = F (xk, uk), k = 0, 1, · · ·
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where xk is the robot state and uk is the system input; F is a mapping charac-

terizing the system dynamics.

If a reference trajectory, xd,k is given, we need to design a deep reinforcement

learning framework to make the position error ek , xd,k − xk approach to zero

with the training process.

Next we introduce the models of two robotic systems: SCARA robot and mobile

robot.

SCARA robot

SCARA robot (Fig. 3.8) is a widely used manipulator suitable for the plane

positioning and vertical assembly. It has three joints, two revolute joints and

one prismatic joint, so there are three joint variables q = [θ1 θ2 d3].

Figure 3.8: SCARA robot

A homogeneous transformation matrix, which is known as the arm matrix, can

be constructed to map the tool coordinate to the base coordinate:

T toolbase = T 1
0 T

2
1 T

3
2 =


cos(θ1 − θ2) sin(θ1 − θ2) 0 l1 cos(θ1) + l2 cos(θ1 − θ2)

sin(θ1 − θ2)− cos(θ1 − θ2) 0 l1 sin(θ1) + l2 sin(θ1 − θ2)

0 0 −1 D − d3

0 0 0 1

 ,

where l1 and l2 are the lengths of the two links; D is the vertical distance between
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the base coordinate frame and the first joint.

p(q) =


l1 cos(θ1) + l2 cos(θ1 − θ2)

l1 sin(θ1) + l2 sin(θ1 − θ2)

D − d3

 , (3.15)

which specifies the end-effector position measured in the base coordinate frame.

The objective is to design a DDPG based learning framework such that the

end-effector of the SCARA robot could move along the given trajectory with

ex,k ≈ 0, ey,k ≈ 0, ez,k ≈ 0.

Mobile robot

Consider a mobile robot (Fig. 3.9) with three wheels, two of which are the

driving fixed standard wheels located at the back of the chassis and one is the

front caster wheel which can make the mobile robot keep balance and doesnt

exert any motion constraint to the mobile robot. Two coordinate frames can be

used to describe the motion of the mobile robot. One is the global coordinate

frame (X, Y ) which is fixed in the world and the other is the local coordinate

frame (Xl, Yl) which is fixed on the mobile robot. The angle between the two

coordinate frames is denoted as θ.

Figure 3.9: Mobile robot

To specify the position of the mobile robot, a point P is chosen on the robot
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chassis as its position referenced point. Point P is positioned by the coordinate

(x, y) in the global frame. To describe the motion of the mobile robot in terms

of the component motions, it is necessary to map the motion along the axes of

the gloabl frame to the motion along the axes of the local frame. This mapping

is expressed as: 
ẋl

ẏl

θ̇l

 =


cos θ sin θ 0

− sin θ cos θ 0

0 0 1



ẋ

ẏ

θ̇

 . (3.16)

By considering the sliding constraint of the fixed standard wheel, ẏl = 0, which

means the wheel can’t slide orthogonal to the wheel plane, then we can get:

−ẋ sin θ + ẏ cos θ = 0. (3.17)

Denoting the forward velocity ẋl of the mobile robot as v and the rotation speed

θ̇ as w, the kinematics of the mobile robot becomes:
ẋ

ẏ

θ̇

 =


cos θ 0

sin θ 0

0 1


v
w

 . (3.18)

The forward velocity and rotation speed of the mobile robot have the following

relationships with the linear velocities of the two wheels:

v =
1

2
(vl + vr) w =

vl − vr
2L

.

If we consider the linear and angular velocity of the two fixed standard wheels,

we can get: vl = ωlR and vr = ωrR. Then we can express the angular velocities

of the two fixed standard wheels in terms of the forward velocity and rotation
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speed of the mobile robot:

ωl =
v + wL

R
(3.19)

ωr =
v − wL
R

.

By considering the acceleration of the mobile robot in its local coordinate frame,

the dynamic model can be expressed as [64]:

 v̇
ẇ

 =

 1
Rm

1
Rm

L
RI

−L
RI

τ1

τ2

 , (3.20)

where m and I are the mass and inertia of the mobile robot, respectively; R is

the radius of the two fixed standard wheels; L is the half of the distance between

the two fixed standard wheels; τ = [τ1 τ2 ]T is the input torque vector from the

motors exerted to the two fixed standard wheels;

The objective is to train the mobile robot to track the given trajectory with

ex,k ≈ 0, ey,k ≈ 0, eθ,k ≈ 0.

3.5.2 Network architecture and training strategies

The architecture of the actor and critic for both the SCARA robot and mobile

robot is shown in Fig. 3.10. We use FC network with two hidden layers for

the actor. The first hidden layer has 300 neurons and the second hidden layer

has 100 neurons. All the hidden layers adopt relu activation function and the

output layer adopts sigmoid activation function multiplied by a scaled vectorC.

We also uses two-hidden-layer FC network for the critic with the same number

of neurons as the actor.

In order to train the robots to track the given trajectories successfully, we in-

troduce two strategies during the training process, random referenced state ini-

tialization and early termination.
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Figure 3.10: Architecture of actor and critic

It is very common to choose a fixed initial state for the agent at the beginning

of each episode. For the trajectory tracking task, a simple way is to initialize

the robot at the starting point of the trajectory. In this way, the agent have

to learn the policy in a sequential approach, firstly learning the actions of the

early states, and then learning the actions of the subsequent states. However,

if the agent doesn’t learn how to reach the early expected states, it has little

possibility to arrive at the later expected states, so the training may have little

effect on the policy improvement. Moreover, the fixed initial state can result

in the exploration problem which is a large challenge of reinforcement learning.

The agent can receive a high reward only when it visits an expected state. Then

the agent can learn that the state is favorable if a high reward is received after

visiting this state. However, it is difficult for the agent to explore to the favor-

able states by only learning from the previous undesirable experiences. These

disadvantages can be mitigated by using the method of random referenced state

initialization. It is easy to get any referenced state for the robotic trajectory

tracking task since the reference state at any time step can be obtained from

the given position and velocity curve. At the beginning of each episode, one

time step is sampled within the designated simulation time steps and the cor-

responding position and velocity can be obtained from the referenced motion

curves. Hence, the robot doesn’t always begin to learn the policy from the

starting state anymore, instead, it could start at any favorable state during an

episode. With this method, the agent can immediately encounter the expected

states at the early stage of training, even though it doesn’t master the policy to
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reach the expected states. Therefore, it can alleviate the exploration problem

of reinforcement learning by reducing the demand for the agent to discover the

promising states by its own.

The training process consists of a certain number of episodes. Usually, each

episode ends either after the maximum time steps, or when the specific termi-

nation condition has been triggered. For the robotic trajectory tracking task,

the training of an episode may terminate when it passes through the last time

step. However, in some initial episodes, the agent may take some unexpected

actions that could cause large tracking errors. Even if the robot continues to be

trained during this episode, it is still difficult for the robot to approach to the

referenced trajectory, instead, it may further deviate away from the referenced

trajectory. If this phenomenon happens, the data collected in this episode may

include many unexpected experiences. Hence, in the early stage of training, the

agent may collect many bad experiences and the neural networks will put a lot

of effort to learn these unexpected experiences, which could impede the subse-

quent learning of the agent. By introducing the early termination, the agent

could cease to be trained in advance during an episode in case of collecting many

undesirable experiences. In our task, we use a counter to record the times of

unexpected states of the robot. When the distance beween the real position

of the robot and referenced position exceeds a designated value at each time

step, the value of counter increases 1. If the value of counter is greater than

the upper limit prescribed by us, early termination will be triggered and the

episode will end in advance. Once the early termination is triggered, the agent

will receive zero reward in the rest of this episode. Early termination could help

to discourage the undesirable behaviors and make the agent collect more useful

data that contributes to the effective learning.
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3.5.3 Trajectory tracking of SCARA robot

In this subsection, we train the SACRA robot described in subsection 3.5.1 to

enable its end-effector to move along a given trajectory by using DDPG with

priority replay memory.

Design of observation and reward function

The input of the actor is the observation vector s and the output of the actor

are the changes of joint variables [∆θ1 ∆θ2 ∆d3]. The observation s at each

time step is designed as:

s = [sin(θ1), cos(θ1), sin(θ2), cos(θ2), x, y, z, ex, ey, ez], (3.21)

where the trigonometric functions of θ1 and θ2 are used since the angles are

periodic; [x, y, z] denotes the end-effector position; [ex, ey, ez] represents the po-

sition errors of the end-effector. We also need to scale some elements of the

observation vector to make all of them have the similar range.

After getting the changes of all the joint positions, the new positions of the

joints can be obtained and the end-effector will move to a new position. In the

real implementation, low-level controllers are needed to connect with the joints.

The positions obtained from the reinforcement learning policy are treated as

the target positions for the PID controllers at all the joints. The outputs of the

PID controllers are the final torques exerted to the joints. The overall control

diagram is shown in Fig. 3.11, where the high-level control is implemented by

deep reinforcement learning and low-level control can be implemented by PID

controllers which also don’t require the dynamic model of the system. If the

reinforcement learning policy directly operates on the torques, it is difficult to

learn a successful control policy due to the complexity. The use of low-level

controllers can abstract away the low-level control details from the reinforce-

ment learning policy, which can increase the learning speed and improve the
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performance for the robotic control tasks.

Figure 3.11: Overall control diagram of SCARA robot

We design a normalized reward function which is an exponential function of the

position errors of the end-effector as expressed in Eq. 3.22. It can be seen that

the reward is in the range of 0 ∼ 1. If there is no error in the position, the

reward can get to the maximum value 1.

r = exp
(
− 2(e2

x + e2
y + e2

z)
)
. (3.22)

Training results of SCARA robot

We firstly choose a set of referenced positions for the three joints and then we

can get the referenced trajectory of the end-effector. At the beginning of each

episode, a referenced position for each joint is chosen and the SCARA robot is

trained from this referenced position.

We train the SCARA robot for 1000 episodes by using DDPG with priority

replay memory. The capacity of the replay memory is 50000. Usually, the

networks begin to be trained after the replay memory is full. In order to start

training as soon as possible, we set that the training starts when 5000 transitions

have been stored in the replay memory. After training, we save the trained

parameters of the neural networks to some files. During the testing period, the

saved parameters are restored from the files, and the SCARA robot moves from

t = 0 by using the saved parameters of the actor.

Fig. 3.12 shows the change of episode reward. It can be seen that the reward

goes up gradually as the training episode increases, which proves the policy of
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the agent is improved gradually with the training process.

Figure 3.12: Episode rewards of SCARA robot

The trajectory tracking result of the SCARA robot is presented in Fig. 3.13. We

observe the real x, y and z position of the end-effector versus time and compare

them with the referenced positions (Fig. 3.14 ∼ Fig. 3.16). We can see that

the real positions only has a little deviation from the referenced ones in three

dimensions.

Figure 3.13: Referenced path and real path Figure 3.14: Referenced and real x position

Figure 3.15: Referenced and real y position Figure 3.16: Referenced and real z position

Fig. 3.17 presents the tracking errors of the end-effector in three dimensions.

All the tracking errors just have small fluctuations around zero, so the SCARA
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robot can achieve the trajectory tracking task by using DDPG with priority

replay memory.

Figure 3.17: Tracking errors in three dimensions

3.5.4 Trajectory tracking of mobile robot

In this subsection, we use DDPG with priority replay memory to train the

mobile robot described in subsection 3.5.1 to track the given trajectories.

Design of observation and reward function

The input of the actor is the observation vector s and the output of the actor

are the forward velocity v and rotation speed w of mobile robot measured in its

local coordinate frame.

The observation s is designed as:

s = [x, y, sin(θ), cos(θ), ẋ, ẏ, θ̇, ex, ey, esin(θ), ecos(θ), eẋ, eẏ, eθ̇],

where [x, y, sin(θ), cos(θ)] represents the real position and orientation of the mo-

bile robot in the global frame and the trigonometric function of the orientation

is used since the angle is periodic; [ẋ, ẏ, θ̇] denotes the real linear velocities and

rotation speed of mobile robot in the global frame; [ex, ey, esin(θ), ecos(θ)] denotes
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the errors of the positions and orientation; [eẋ, eẏ, eθ̇] denotes the errors of the

velocities and rotation speed.

The low-level control of the mobile robot should be based on the angular veloc-

ities of the two driving wheels which can be derived from Eq. 3.19 in the real

application. In our simulation, after getting the forward velocity and rotation

speed of the mobile robot in the local frame, Eq. 3.18 is used to obtain its veloc-

ities and rotation speed in the global frame. Then the positions and orientation

of the mobile robot can be updated as follows if the time interval dt is small

enough.

x← x+ ẋ · dt

y ← y + ẏ · dt

θ ← θ + θ̇ · dt.

The training objective is to make the mobile robot arrive at the given position

with proper orientation at each time step, while its velocities should also satisfy

the referenced values. Hence, the reward function is designed as an exponential

function of the position and velocity errors as expressed in Eq. 3.23.

rp = exp
(
− ap

(
e2
x + e2

y + (esin θ)
2 + (ecos θ)

2
))

(3.23)

rv = exp
(
− av(e2

ẋ + e2
ẏ + e2

θ̇
)
)

r = ωprp + ωvrv.

The total reward consists of two terms, rp related to the position tracking error

and rv related to the velocity tracking error. ωp and ωv are the weights of the two

terms. ap and av are the coefficients of the exponential functions. We choose

ωp = 0.4, ωv = 0.6, ap = 1, av = 2. The actor outputs the velocities which

can influence the accuracy of the positions, so velocity term should have larger

weight and coefficient. The reward is still in the range of 0 ∼ 1. If there is no
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error in both the positions and velocities, the reward can get to the maximum

value 1.

Training result of mobile robot

Firstly, we define a specific curve yr = 2 sin(0.2xr) for the mobile robot to track.

Both x position and y position are the function of time t, and the parametric

equation about time t of the given curve is:

xr = t (3.24)

yr = 2 sin(0.2t).

The corresponding velocity functions with respect to the time t are ẋr = 1 and

ẏr = 0.4 cos(0.2t). The given orientation of the mobile robot can be derived

from the given velocity ẋr and ẏr:

θr = arctan(
dyr
dxr

) = arctan(
dyr
dt
dxr
dt

) = arctan(
ẏr
ẋr

) = arctan
(
0.4 cos(0.2t)

)
, (3.25)

where the range of the referenced orientation is between −π
2
∼ π

2
.

We still use the random referenced state initialization and early termination to

train the mobile robot for 1000 episodes. Fig. 3.18 shows the change of episode

reward and Fig. 3.19 presents the loss change of the actor which is the negative

mean of Q-value of the state-action pairs. Therefore, the Q-value tends to

increase, which conforms to the training objective.

The tracking results of the mobile robot are presented in Fig. 3.20 ∼ Fig. 3.23,

including the x, y position and orientation. Fig. 3.24 presents the tracking errors

of the mobile robot in three dimensions. We can see some obvious deviations

from the referenced positions and orientation.

Next, we train the mobile robot to track a more complicated trajectory. The
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Figure 3.18: Episode rewards Figure 3.19: Actor loss

Figure 3.20: Referenced path and real path Figure 3.21: Referenced and real x position

Figure 3.22: Referenced and real y position Figure 3.23: Referenced and real orientation

Figure 3.24: Tracking errors of position and orientation
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parametric function about time t of the curve is:

xr = sin(
π

8
t) (3.26)

yr = −2 cos(
π

8
t).

so the curve function is x2 + y2

4
= 1, which is a ellipse. The velocity functions of

x and y direction are ẋr = π
8

cos(π
8
t) and ẏr = π

4
sin(π

8
t), respectively. The given

orientation of the mobile robot can be derived from ẋr and ẏr.

θr =



arctan( ẏr
ẋr

), ẋr > 0, ẏr ≥ 0

arctan( ẏr
ẋr

) + 2π ẋr > 0, ẏr < 0

arctan( ẏr
ẋr

) + π ẋr < 0

π
2

ẋr = 0, ẏr ≥ 0

3π
2

ẋr = 0, ẏr < 0

, (3.27)

where θr is between 0 ∼ 2π.

The reward function and hyperparameters are the same as the previous one

except the scaling factors of the actions. The change of episode reward and

actor loss are respectively presented in Fig.3.25 and Fig.3.26.

The tracking results and tracking errors of the mobile robot are shown in Fig.3.27

∼ Fig.3.31. We can see that the mobile robot can track the given trajectory

roughly, so it has space to make some improvements.

Figure 3.25: Episode rewards Figure 3.26: Actor loss
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Figure 3.27: Referenced path and real path Figure 3.28: Referenced and real x position

Figure 3.29: Referenced and real y position Figure 3.30: Referenced and real orientation

Figure 3.31: Tracking errors of position and orientation

The hyperparameters of DDPG with priority replay memory for the robotic

tracking control are shown in Table 3.3.

Although many traditional control methods could achieve good tracking per-

formance in the simulation, most of these control algorithms need the exact

dynamic model of the controlled system. The dynamic models of the manipu-

lator and mobile robot are very comlpex and it is difficult to obtain their exact

dynamic models, so those model-based control algorithms may not have good

performance in the real application. Another promising method to solve the
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Table 3.3: Hyperparameters of DDPG for mobile robot

Hyperparameters Value

Learning rate of actor αµ 0.0001
Learning rate of critic αQ 0.0001

Soft replacement coefficient ε 0.01
Reward discounted factor γ 0.9

Memory capacity C 50000
Batch size bn 32

Priority exponent α 0.6
Initial importance sampling weight exponent β0 0.4

Incremental rate of β 0.001

complex control problems is to introduce model-free deep reinforcement learn-

ing as the high-level controller. The robots can learn the controllers from the

interaction with the environment, so the controllers are updated constantly by

the experiences of the robots to maximize the long-term rewards without consid-

ering any model information. In our simulations, we just consider the kinematics

of the robots when using deep reinforcement learning, which aims to reduce the

complexity of the high-level controllers to improve the learning speed and perfor-

mance. The reinforcement learning controllers just provide the target positions

or velocities of the robots, so low-level controllers are also required to produce

the final torques exerted to the motors. PID controller is most suitable for the

low-level control since it can be model-free and has enough robustness to apply

to the practical system. Therefore, model-free deep reinforcement learning fo-

cuses on the high-level decision making. Trajectory tracking is just a relatively

simple robotic task. The combination of the high-level decision making by deep

reinforcement learning and low-level control can also be applied to solve other

more complicated robotic tasks which are difficult for the traditional control

methods.
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Chapter 4

Continuous control for robot

based on distributed deep

reinforcement learning

Distributed stochastic gradient descent has been widely used in the supervised

learning since it can help to accelerate the training of deep neural network.

It adopts parallel workers, each of which computes the gradients by using its

own mini-batch data sampled from the whole training set. The gradients com-

puted by the workers need to be sent to the parameter server to update the

global parameters. The parameters can be updated either in an asynchronous

or synchronous way.

Deep reinforcement learning can also adopt this distributed framework to up-

date the parameters of networks. Google DeepMind proposed a asynchronous

variant of actor-critic [11], which is known as the asynchronous advantage actor-

critic (A3C), trained on a single multi-core CPU rather than GPU. A3C can be

successfully applied to many continuous and discrete control tasks.

A3C has the problem of gradient delay, which may influence the convergence

of neural network. Hence, we introduce a synchronous version of the advantage
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actor-critic, abbreviated as A2C, to eliminate the gradient delay problem. We

propose a new reward function for the redundant manipulator aiming to opti-

mize the reaching path of the end-effector. We use both A3C and A2C with

two different reward functions to train the redundant manipulator to complete

the multi-goal task. The simulation results show that the new reward function

could optimize the reaching path and A2C could achieve better performance

than A3C. Next we propose a distributed framework of DDPG, where syn-

chronous workers compute the gradients for the global network and collecting

workers only produce the transitions to the shared replay memory with different

policies and exploration noises. Then, we use distributed DDPG to train the

SCARA robot and mobile robot to track the same trajectories. The simulation

results demonstrate that distributed DDPG enables the agent to learn faster

and achieves smaller tracking errors compared with single-worker DDPG.

4.1 Advantage Actor-Critic

In chapter 2, we have introduced policy gradient, which aims to adjust the

probabilities of actions according to their accumulated rewards. However, in

some reinforcement learning problems, the rewards from environment are al-

ways positive, which cause that the accumulated rewards are always positive

regardless of the policy. That is to say, we may increase the probobilities of

all the actions but just reduce the incement amplitude for the actions with bad

performance. Therefore, we can’t decrease the probabilities of bad actions by

using this approach. One simple method to solve this problem is to subtract

a baseline from the long-term return [11]. Traditional policy gradient method

updates the network parameters in the direction of ∇θ log πθ(at|st)Rt, where Rt

is the long term return from time t. By introducing the baseline bt, the policy

gradient becomes ∇θ log πθ(at|st)(Rt − bt). In this way, the coefficient of policy

gradient can be positive if the action is evaluated as a good one by comparing

with the baseline and negative if the action is evaluated as a bad one. At the
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same time, the absolute value of coefficient is decreased, which can enhance the

stability of algorithm. Moreover, adding this baseline will not bias the original

computation, because we can derive:

E[∇θ log πθ(τ)b] =

∫
τ∼πθ(τ)

(
πθ(τ)∇θ log πθ(τ)b

)
dτ =

∫
τ∼πθ(τ)

(
∇θπθ(τ)b

)
dτ

= b

∫
τ∼πθ(τ)

(∇θπθ(τ))dτ = b∇θ

∫
τ∼πθ(τ)

πθ(τ)dτ = b∇θ1 = 0.

(4.1)

After adding a baseline, the policy gradient is represented as:

∇θJ(θ) ≈ 1

N

N∑
i=1

T∑
t=0

[
∇θ log πθ(ai,t|si,t)

( T∑
t′=t

r(si,t′ , ai,t′)− bi,t′
)]
. (4.2)

The above equation uses the trajectory reward as the value, which is unbiased.

However, in the real training process, we can’t complete a lot of interactions since

the training time is limited. Therefore, we can only get finite trajectories, which

can not represent the true expectation of all the trajectories well. Each sequence

obtained from one interaction has some difference with others, resulting in the

difference of corresponding rewards. So inadequate interactions could introduce

relatively large variance for the trajectory rewards.

An important problem of machine learning is the balance between the bias and

variance. As mentioned above, policy gradient has relatively large variance. In

order to stabilize the model, we can reduce the variance by sacrificing the bias

to some extent. An effective method is to use the Actor-Critic algorithm which

uses an independent neural network to evaluate the long-term return of the

trajectory instead of using its real returns. Hence, two neural networks, actor

and critic, are involved. The update of critic aims to minimize the TD-Error:

r(st, at) + V (st+1)− V (st), where V (st) is the value at state st under a specific

policy. This method also enables one-step update because we can estimate the

future rewards at each state to compute the policy gradient instead of going
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through the whole episode to collect the rewards of all the time steps.

The coefficient of the policy gradient can use TD error, which can also be re-

garded as the advantage estimation of performing action at at state st. V (st)

is the estimation of baseline which can be treated as the average value at state

st by considering all the possible actions. r(st, at) + V (st+1) is the action value

of state st after taking action at. So the advantage can measure an action at

under the state st by comparing with the average value of state st. Although

this method could decease the variance and improve the model stability, the

bias is a little large. In order to make a better balance between the bias and

variance, we use multiple-step returns to estimate the advantage and critic loss

by collecting sequential data, which can also speed up the training of critic. The

advantage function is written as [11]:

A(st, at) =
Tn−t−1∑
i=0

γirt+i + γnV (sTn)− V (st). (4.3)

In order to encourage the exploration, the entropy of the policy is introduced

to the objective function of the actor. Entropy can measure the uncertainty of

probability distribution, so we hope the entropy should be as large as possible

to avoid approaching a deterministic policy. The resulting policy gradient is as

follows [11]:

∇θπJ(θπ) ≈ 1

N

N∑
t=1

[
∇θπ log π(at|st; θπ)A(st, at) + β∇θπH

(
π(st; θπ)

)]
, (4.4)

where H is the entropy and β is a hyperparameter that adjusts the strength of

entropy regularization.

The update of critic is to minimize the difference between the evaluated value

V (st) and target value Rt =
∑Tn−t−1

i=0 γirt+i + γnV (sTn). Thus, the loss of critic
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Figure 4.1: A3C and A2C framework

network is represented as follows:

L(θv) ≈
1

N

N∑
t=1

(
Rt − V (st; θv)

)2
. (4.5)

4.1.1 Asynchronous Advantage Actor-Critic

Firstly, we introduce A3C [11], a popular deep reinforcement learning algorithm,

which can achieve good performance in many tasks. Fig. 4.1 shows the frame-

work of A3C and A2C. The only difference between A3C and A2C is the update

method of global network.

A3C adopts asynchronous stochastic gradient descent to update the neural net-

works. It has multiple workers which run in the different threads. Each worker

explores its own environment and computes the gradient based on the collected

transitions. The gradients of each worker are sent to the global networks which

has the same network architectures with the workers, asynchronously. The

global network applies the gradients from the workers to update its parameters.

After that, the worker will obtain the parameters of global network and continue

to explore the environment by using the new policy. Workers may have different

parameters because the global network is constantly updated by the gradients
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of different workers. Furthermore, using gradients from different workers can

reduce the correlation of samples since the collected transitions of one worker is

sequential.

The pseudocode of one worker of A3C used in our simulation is shown in Algo-

rithm 3. There is a local buffer for each worker to store the transitions generated

from the interaction with the environment. When the local buffer has a certain

number of transitions, the target value of each state will be computed according

to the critic and a series of rewards. Then the advantage of each state-action

pair is calculated by Eq. 4.3. With the advanteges, the gradients of actor and

critic are derived by averaging the gradients of the sequential transitions in the

local buffer.

4.1.2 Synchronous Advantage Actor-Critic

For A3C, the parameters of the global networks are updated by the different

workers asynchronously, so it has the problem of gradient delay [65]. When a

worker sends its gradient to the global network, the global parameters may have

been updated by other workers, so this gradient becomes delayed with respect

to the global network. Gradient delay may slow down the convergence speed of

network or cause some unexpected results.

In order to avoid the gradient delay problem, we introduce a synchronous version

of advantage actor-critic, A2C. A2C also has multiple workers to explore the

environment and compute the gradients. The difference is that all the workers

of A2C have the same parameters with the global network. Each worker needs

to calculate the gradients by using the transitions it collects and then sends the

gradients to the global network. After the global network receives the gradients

of all the workers, it uses the average of these gradients to update its param-

eters. Then the updated parameters are synchronized to all the workers and

the workers continue to collect transitions with the new policy. Therefore, the
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Algorithm 3 One worker of A3C

1: Initialize:
Critic V (s; θv) and actor π(s; θπ) of global network
Critic V (s; θ′v) and actor π(s; θ′π) of each worker with
θ′v ← θv and θ′π ← θπ

2: for episode = 1, . . . ,M do
3: Get the initial state s0

4: for t = 1, . . . , T do
5: Sample an action at from the policy π(st; θ

′
π)

6: Preform the action at and then obtain the reward rt and the next
state st+1 from the environment

7: Store st, at and rt to the local buffer
8: if local buffer is full or terminate state then

9: R =

{
0, if terminate state

V (st+1; θ′v) if not terminate state

10: for r ∈ local buffer Rr [rt, rt−1, rt−2, . . .] do
11: R← r + γR
12: Store R to the local buffer Rtarget

13: end for
14: Compute the actor gradient and critic gradient by using the data

in the local buffer:
15: gπ = 1

N

∑N
t=1

[
∇θ′π log π(at|st; θ′π)

(
Rt − V (st)

)
+

β∇θ′πH
(
π(st; θ

′
π)
)]

16: gv = 1
N

∑N
t=1∇θ′v

[(
Rt − V (st; θ

′
v)
)2
]

17: Update the global parameters θπ and θv by using gπ and gv asyn-
chronously

18: Synchronize worker parameters from the global network: θ′v ← θv
and θ′π ← θπ

19: Clean out the local buffer
20: end if
21: st ← st+1

22: end for
23: end for

workers always explore the environments with the latest parameters obtained

from the global network. The gradients of the workers are computed with re-

spect to the global parameters, so A2C doesn’t have the problem of gradient

delay, which can guarantee the convergence of networks.

Usually, A3C has a higher training efficiency than A2C because the worker of

A3C can apply its computed gradient to the global parameters immediately.
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However, the workers of A2C need to wait for each other and will not continue

until all the workers send their gradients to the global network. Hence, A3C

has no barrier when updating the global parameters, which guarantees a higher

training speed.

A3C and A2C are the on-policy reinforcement learning algorithms since they use

the current policy to produce the transitions and compute the gradients. They

don’t need a replay memory with large capacity to store the transitions of a long

period of time. Instead, they only need the local buffers with small capacity

for the workers to store the interactive data with the environment temporarily.

After collecting enough transitions, the worker will calculate the gradients of the

actor and critic loss with respect to its own parameters and then send them to

the global network. Then the local buffers are cleaned out and new transitions

will be added. So on-policy reinforcement learning can help to save the memory

but can’t ensure the data efficiency.

4.1.3 Training results of redundant manipulator

In chapter 3, we have used DDPG with HER and the shaped reward to train a

redundant manipulator to make its end-effector reach any given goal position.

In this section, we will use A3C and A2C to trian the redundant manipulator

to complete the same task.

The input of the actor is the observation and the outputs of the actor are the

means of position changes ∆p = [∆x,∆y,∆z] rather than the deterministic

changes as DDPG. The standard deviations are added separately as the hyper-

parameters. The actions are sampled from the normal distributions with the

means output from the actor and the standard deviations. This approach could

encourage more exploration than the deterministic policy since it could have

some possibilities to sample other actions besides the mean actions.

The elements of the observation may have different magnitudes, so it may be
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difficult for the neural network to learn effectively. One method to solve this

problem is to scale the features by some different constants in order to make

them in the similar ranges. Here, we use a more effective approach, Batch

Normalization, to solve this problem and also speed up the training of neural

network.

Traditional neural networks usually only normalize the input features to make

each feature have zero mean and one variance, which can help to reduce the

difference among the samples. The learning nature of neural network is to learn

the data distribution. If the training data and testing data have different dis-

tributions, the generalization ability of neural network can be largely degraded.

On the other hand, if the distributions of mini-batch samples are different dur-

ing the training process by using stochastic gradient descent, neural network

must learn to adapt to different distributions at each iteration, which can con-

siderably slow down the training speed. The training of neural network is a

complicated process. As long as the parameters of former layers change slightly,

the input distributions of latter layers could have large alterations due to the

accumulation. So the latter layers need to constantly adapt to the parameter

updates of the former layers, which may cause the decrease of learning speed.

Moreover, when the changed parameters of former layers cause the outputs of

latter layers falling into the saturated zone of the activation function, it could

make the learning stop prematurely, which is known as the gradient vanishing

problem. The phenomenon of changing data distribution in hidden layers is

called the internal covariate shift. Batch Normalization [66] is effective to solve

the above-mentioned problem and can also make the learning less affected by

the parameter initialization. The concrete procedure of Batch Normalization is

shown in Fig. 4.2.

Figure 4.2: Batch Normalization
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Fig. 4.2 only presents the Batch Normalization procedure of the first hidden

layer, and the procedures for the following layers are the same as it. Firstly,

the normalized mini-batch input x passes through a linear operation by multi-

plying the weights Wl1 . The biases can be canceled from operation since it can

be offset by subtracting the mean. Instead of passing through the activation

function directly, the output of linear operation also needs to subtract the mean

and divide the standard deviation of the mini-batch data. However, if the data

are normalized to the distribution with zero mean and one standard deviation,

it may destroy the learned features of this layer. To solve this problem, two

parameters γ and β are introduced to scale and shift the normalized values. So

the layer is likely to recover to the original input if γ = σb and β = µb. Fur-

thermore, β and γ are the learning parameters, so their values can be updated

with the training of network. After that, the output goes through the activa-

tion function and then is sent to the next layer. Here, µb = 1
m

∑m
i=1 Wl1xi and

σ2
b = 1

m

∑m
i=1(Wl1xi−µb)2, where m is the mini-batch size. δ is a small positive

number to guarantee the denominator doesn’t equal to zero.

It should be noted that the above method can only be used in the training

process and can’t be used in the testing period since there is only one sample

for every testing. If we still use this method, the mean should be the sample

itself and thus s1 − µb equals to 0. In the testing period, the ideal solution

is to compute µ and σ2 using the whole training set after finishing training.

However, it is not applicable since the training set may be very large. Another

approximated method is to use the moving averages of the means and standard

deviations calculated during the whole training process, which guarantees that

the means and standard deviations approaching the end of the training have

larger weights. In the reinforcement learning, the exploration process which

chooses an action at each step should use the moving average of means and

standard deviations to normalize the input data of each layer since only one

state is input to the actor.

The architecture of actor and critic is shown in Fig. 4.3. For the actor, We use a
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two-hidden-layer FC network with Batch Normalization. Each hidden layer has

200 neurons. C is the scaled vector multiplied to the mean action µ. The real

action is sampled from the normal distribution with the mean µ and standard

deviation σ. The input of critic is the observation s and the output of critic is

the evaluated value of observation, V . We also use two-hidden-layer FC network

for the critic and each hidden layer has 200 neurons.

Figure 4.3: Architecture of actor and critic

We only apply Batch Normalization to the actor and don’t use it to the critic.

Because the output of actor uses tanh activation function which has the satu-

rated zone while the output of critic uses the linear activation function without

saturated zone.

The reward funciton for the redundant manipulator is as follows:

r(st, at) = ‖g − pt‖ − ‖g − pt+1‖, (4.6)

which measures the change of distance between the end-effector and the goal

position. If the distance becomes smaller, it will get a positive reward, or it will

get a negative reward. Moreover, if the end-effector moves out of the feasible

region, it will get a negative reward. The manipulator can get a positive reward

as long as it moves closer to the goal position. However, we don’t consider the

concrete path of the end-effector from the initial position to the target position,

since this reward function only encourages the end-effector to approach to the

goal position regardless of its reaching path.

Here, we propose a new reward function which could help to optimize the reach-
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ing path of the end-effector. The ideal path is the linear path connecting the

starting position and the target position, which is the shortest path. We hope

to design a reward function that could encourage the end-effector to move along

a relatively shorter path. The basic idea of this reward function is to constrain

the moving direction of the end-effector. The moving direction should approx-

imately point to the target position, so the reward received by the agent at

each time step depends on the angle between the actual moving direction of the

end-effector and the target direction, φ, which is calculated as follows:

−→
D tar = [xg − xt, yg − yt, zg − zt]

−→
Dact = [xt+1 − xt, yt+1 − yt, zt+1 − zt]

φ = arccos
( −→D tar

|
−→
D tar|

·
−→
Dact

|
−→
Dact|

)
,

where [xg, yg, zg] is the target position; [xt, yt, zt] and [xt+1, yt+1, zt+1] are the end-

effector position at time t and t + 1, respectively;
−→
D tar is the target direction;

−→
Dact is the actual moving direction; the inner product of their unit vectors is

the cosine of φ.

We set that if φ equals to 0, the reward is 2; if φ equals to π
6
, the reward is 0;

if φ equals to π, the reward is −2. The rewards corresponding to other angles

are obtained by using the linear interpolation. Therefore, the reward function

is expressed as follows:

r =

−
12
π
· φ+ 2, 0 ≤ φ ≤ π

6

− 12
5π
· φ+ 0.4, π

6
< φ ≤ π

(4.7)

In this way, we only give a positive reward when φ is in the range of 0 ∼ 30◦

and negative reward when φ is between 30◦ ∼ 180◦.

Firstly, We apply A3C to train the redundant manipulator for 2000 episodes

by using the two reward functions. Four workers are created to explore the

environment and compute the gradients for the global network. Figure 4.4 shows
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the overall 2000 episode rewards by using the ordinary reward function, which

integrate the episode rewards of all the workers. Each curve with a different

color in Fig. 4.5 represents the episode rewards of one worker. It can be seen

that each worker is trained for about 500 episodes under the total 2000 episodes.

Figure 4.6 and Fig. 4.7 show the overall episode rewards and episode rewards of

different workers respectively by using the path optimization reward.

Figure 4.4: Overall episode rewards Figure 4.5: Episode rewards of different workers

Figure 4.6: Overall episode rewards Figure 4.7: Episode rewards of different workers

The success rate of A3C for every 100 episodes of three random seeds by using

the two reward functions are recorded in Fig. 4.8. We can see that A3C with or-

dinary reward function can achieve a average success rate of more than 70% and

A3C with path optimization reward can get to more than 80% average success

rate. We also evaluate the reaching path by measuring the difference between

the actual moving distance of the end-effector and the linear distance between

the starting position and target position, which is called the extra distance. We

compute the average extra distance of 100 episodes of the three random seeds

by using the two reward functions, which is depicted in Fig. 4.9. We can see

that the average extra distance of the path optimization reward is smaller than
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the ordinary reward, which means the path of end-effector trained by path opti-

mization reward is closer to the ideal path. With the training process, the extra

distances of both reward functions gradually decrease while the extra distance

of the path optimization reward has relatively larger decreasing speed.

Figure 4.8: Success rate Figure 4.9: Average extra distance

Next, we use A2C to train the redundant manipulator to complete the same task.

After all the four workers collect 8 transitions and calculate the gradients, the

global network averages these gradients to update its parameters. The episode

rewards of the two reward functions are presented in Fig. 4.10 ∼ Fig. 4.13

respectively.

Figure 4.10: Overall episode rewards Figure 4.11: Episode rewards of different workers

The success rate of A2C is presented in Fig. 4.14. A2C with the ordinary reward

could reach nearly 80% average success rate and A2C with the path optimization

reward could achieve more than 85% average success rate. The extra distance

by using the path optimization reward is obviously smaller than the ordinary

reward as shown in Fig. 4.15.

We use the saved model with the best results to evaluate the performance of each
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Figure 4.12: Overall episode rewards Figure 4.13: Episode rewards of different workers

Figure 4.14: Success rate Figure 4.15: Average extra distance

method. The agents are tested to reach any given position from a random initial

position for 100 episodes. The testing results are shown in Table 4.1. We can see

that the path optimization reward can not only optimize the reaching path but

also promote the success rate. Moreover, A2C can get a better performance than

A3C, which may be because that the gradient delay problem of A3C influences

the convergence of networks and degrades the performance of agent. We also

note that the training time of A3C and A2C is much shorter than DDPG, so

they can speed up the training of agent by runing multiple workers at the same

time.

Table 4.1: Testing results of A3C and A2C

Methods Success times

A3C with ordinary reward 76
A3C with path optimization reward 84

A2C with ordinary reward 79
A2C with path optimization reward 88

The hyperparameters of A3C and A2C for the redundant manipulator are shown

in Table 4.2.
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Table 4.2: Hyperparameters of A3C for manipulator

Hyperparameters Value

Learning rate of actor απ 0.0001
Learning rate of critic αv 0.0002

Policy entropy coefficient β 0.01
Reward discounted factor γ 0.9

Standard deviation σ [0.8,0.8,0.1]

4.2 Distributed Deep Deterministic Policy Gra-

dient

A3C and A2C are the on-policy reinforcement learning algorithms since their

gradient calculations are based on the current policy. The agent explores the

environment by using the current policy and collects the sequential transitions

which are used to compute the gradients. After the parameters are updated,

these transitions are discarded and new transitions will be collected. Hence,

on-policy reinforcement learning needs more time to collect transitions which

can only be used once. Off-policy reinforcement learning usually has a replay

memory to store the transitions of the past period of time, so the gradient

calculation can use the transitions produced by the previous policies. Therefore,

off-policy reinforcement learning can reuse the transitions and achieve higher

data efficiency.

In chapter 3, we have introduced an off-policy reinforcement learning algorithm,

DDPG. In this section, we propose a distributed framework of DDPG to improve

the performance.

4.2.1 Distributed framework of DDPG

The distributed framework of DDPG is shown in Fig. 4.16. In order to collect

the data faster, we create multiple workers, which run on the multi-processes,

to explore the environment at the same time. Each worker has its own instance
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of environment to generate the transitions. The workers can be divided into the

synchronous workers and the collecting workers. The synchronous workers need

to calculate the gradients for the global network while the collecting workers

only explore the environment to collect the transitions. Each worker has an

actor to choose the action according to its current policy. Each synchronous

worker also has a target critic and a target actor used to calculate the target

Q-value of each transition. There is a shared replay memory that stores the

tranistions from all the workers. When the worker sends one transition to the

replay memory, it also computes the priority of this transition based on its copy

of critic.

Figure 4.16: Framework of distributed deep deterministic policy gradient

In the learning process, each synchronous worker samples a mini-batch of tran-

sitions from the shared replay memory according to the priorities, and then it

needs to calculate the gradients of the actor and critic loss based on the sam-

pled transitions. The computation procedures are the same as DDPG. Instead

of updating the parameters of the synchronous workers directly, the gradients

are sent to the global network to update the global parameters. The global

network only has an actor and a critic since it doesn’t need the target networks

to calculate the losses by itself. The global network needs to calculate the av-

erage of the gradients from all the synchronous workers and apply this average

gradients to update its parameters. Then the updated parameters of the global
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network are synchronized to all the synchronous workers. So the synchronous

workers always explore the environment with the latest parameters of the global

network. After the update of synchronous workers, the priorities of the transi-

tions sampled by each synchronous worker also need to be updated according

to the new network parameters. The collecting workers only explore the envi-

ronment to generate the transitions without sampling the transitions from the

shared replay memory to compute gradients. Furthermore, the collecting work-

ers just obtain the latest parameters from the global network after some time

steps rather than every time step. Therefore, the collecting workers may explore

the environment by using different policies. The pseudocodes of the global net-

work, one synchronous worker and one collecting worker of distributed DDPG

are shown in Algorithm 4, Algorithm 5 and Algorithm 6, respectively.

Algorithm 4 Global network of distributed DDPG

1: Initialize:
Critic Q(s, a|θQ) and actor µ(s|θµ) with parameters θQ and
θµ randomly

2: for episode = 1, . . . ,M do
3: for t = 1, . . . , T do
4: Collect the critic gradients gQi (i = 1, 2, . . . ,m) with respect to θQ of

all the synchronous workers
5: Calculate the average of the critic gradients from all the synchronous

workers, gQ

6: Use the average critic gradient gQ to update the parameters of the
global critic, θQ

7: Collect the actor gradients gµi (i = 1, 2, . . . ,m) with respect to θµ of
all the synchronous workers

8: Calculate the average of the actor gradients from all the synchronous
workers, gµ

9: Use the average actor gradient gµ to update the parameters of the
global actor, θµ

10: end for
11: end for

All the workers of distributed DDPG explore the environment in parallel and

store their transitions in the shared replay memory, so the speed of collecting

data can be faster. We can also increase the capacity of the repay memory to

store more transitions, so the dataset we construct can reflect the information of

the environment better. The collecting workers could explore the environment
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Algorithm 5 Synchronous worker of distributed DDPG

1: Initialize:
Critic Q(s, a|θQ) and actor µ(s|θµ) with parameters θQ and
θµ synced from global networks
Target critic Q(s, a|θQ′) and target actor µ(s|θµ′) with
parameters θQ

′
and θµ

′

A shared replay memory R with capacity C
2: for episode = 1, . . . ,M do
3: Get the initial state s0

4: for t = 1, . . . , T do
5: Choose an action at = µ(st|θµ) + ωt based on the current policy and

exploration noise
6: Perform the action at to its environment instance
7: Obtain the reward rt and the next state st+1 from the environment
8: Store the transition (st, at, rt, st+1) in R
9: compute the priority of transition based on its network parameters
10: Sample N prioritized mini-batch transitions (sn, an, rn, sn+1) (n =

1, . . . , N) from R
11: Update the target networks by using the soft replace:
12: θQ

′ ← εθQ + (1− ε)θQ′

13: θµ
′ ← εθµ + (1− ε)θµ′ (ε� 1)

14: Compute the target Q-value for each transition according to Eq.3.5
15: Compute the gradient of critic loss gQi with respect to θQ:

16: gQi = ∇θQL(θQ) ≈ 1
N

∑N
n=1∇θQ

[(
Q(sn, an|θQ)− yn

)2
]

17: Send the gradient gQi to the global critic network
18: Compute the gradient of actor loss gµi with respect to θµ:
19: gµi = ∇θµJ ≈ 1

N

∑N
n=1

[
∇aQ(s, a|θQ)|s=sn,a=µ(sn|θµ)∇θµµ(s|θµ)|s=sn

]
20: Send the gradient gµi to the global actor network
21: Wait until the global networks finish update
22: Obtain the latest network parameters θQ and θµ from the global

networks
23: Update the priorities of the sampled transitions
24: end for
25: end for

with different policies and exploration noises, which can enhance the diversity

of the transitions in the replay memory. Using multiple workers with varying

policies helps to achieve the better exploration to the environment and discover

more expected actions. It should be noted that the collecting workers are sep-

arate from the global network since they don’t need to wait for the update of

global network. Therefore, they can explore the environments all the time during

the training process. This separation can help to promote the data throughput.
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Algorithm 6 Collecting worker of distributed DDPG

1: Initialize:
Critic Q(s, a|θQ) and actor µ(s|θµ) randomly
A shared replay memory R with capacity C

2: for episode = 1, . . . ,M do
3: Get the initial state s0

4: for t = 1, . . . , T do
5: Choose an action at = µ(st|θµ) + ωt based on the current policy and

exploration noise
6: Implement the action at to its environment instance
7: Obtain the reward rt and the next state st+1 from the environment
8: Store the transition (st, at, rt, st+1) in R
9: Compute the priority of transition based on its network parameters
10: Obtain the latest network parameters θQ and θµ from the global

networks after a certain number of steps
11: end for
12: end for

Since all the synchronous workers generate the transitions with the latest pa-

rameters, it could also guarantee the enough ratio of the transitions produced

by the latest policy in the replay momery. The shared replay memory ensures

that the transitions with high priorities discovered by any worker could benefit

the learning of the global network. The update of global parameters doesn’t

only depend on one worker since it needs the gradients from all the synchronous

workers, which means the global network can exploit more transitions with rel-

atively high priorities at each update step. It can also help to increase the

gradient computation speed by allocating to the different workers. With this

method, the agent can learn faster and more effectively.

4.2.2 Tracking control of robots via distributed DDPG

In this section, we will use distributed DDPG to train the SCARA robot and

mobile robot to track the given trajectories which are the same as those used in

DDPG for comparison.
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Tracking results of SCARA robot

The hyperparameters of distributed DDPG are the same as DDPG except that

the capacity of shared replay memory are extended to 200000 due to the faster

collecting speed. We use multi-process to run the multiple workers at the same

time. A 8-core CPU is used to train the agent, so we could create 8 workers

totally, four of which are the synchronous workers and four are the collecting

workers. Each synchronous worker still samples a mini-batch of 32 transitions

from the shared replay memory to compute the gradients. Therefore, 128 tran-

sitions are sampled by all the four synchronous workers to update the global

networks for one time. The collecting workers just obtain the latest parameters

from the global network every 5 time steps.

We still train the SCARA robot for 1000 episodes. The episode rewards of the

synchronous workers are shown in Fig. 4.17 since only synchronous workers have

the latest parameters of the global network. Fig. 4.18 presents the comparison of

episode rewards between the single-worker DDPG and one synchronous worker

of the distributed DDPG. It can be seen that the agent trained by distributed

DDPG can learn a little faster than DDPG.

Figure 4.17: Episode rewards of synchronous workers Figure 4.18: Comparison of episode rewards

Fig. 4.19 ∼ Fig. 4.23 presents the tracking results and tracking errors of the

SCARA robot. We compare the tracking errors with DDPG as shown in

Fig. 4.24. We also compute the sum of absolute value of the tracking errors

of all the time steps in three dimensions and the results are recorded in Ta-

ble 4.3. So SCARA robot trained by distributed DDPG could complete the
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tracking task with smaller errors in three dimensions than the single-worker

DDPG.

Figure 4.19: Referenced path and real path Figure 4.20: Referenced and real x position

Figure 4.21: Referenced and real y position Figure 4.22: Referenced and real z position

Figure 4.23: Tracking errors in three dimensions Figure 4.24: Comparison of tracking errors

Table 4.3: Tracking errors of SCARA robot in three dimensions

Methods x error y error z error

DDPG 2.585 4.210 5.389
Distributed DDPG 0.988 3.944 2.081
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Tracking results of mobile robot

We still train the mobile robot to follow the two trajectories given in chap-

ter 3 to further prove the effectiveness of the distributed DDPG. Fig. 4.25 and

Fig. 4.26 presents the episode rewards of the synchronous workers and the re-

ward comparison between the single-worker DDPG and distributed DDPG. We

can see more obviously that the agent trained by the distributed DDPG could

learn faster than the single-worker DDPG since its episode reward goes up more

rapidly.

Figure 4.25: Episode rewards of synchronous workers Figure 4.26: Comparison of episode rewards

The tracking results and error comparison of the first trajectory are shown in

Fig. 4.27∼ Fig. 4.32. Table 4.4 gives the summation of absolute value of tracking

errors of all the time steps in three dimensions.

Figure 4.27: Referenced path and real path Figure 4.28: Referenced and real x position

Similarly, the training results of the second trajectory of the mobile robot, in-

cluding the episode rewards and tracking results, are presented in Fig. 4.33 ∼
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Figure 4.29: Referenced and real y position Figure 4.30: Referenced and real orientation

Figure 4.31: Tracking errors Figure 4.32: Comparison of errors

Table 4.4: Tracking errors of first trajectory in three dimensions

Methods x error y error orientation error

DDPG 6.578 3.495 1.471
Distributed DDPG 2.592 2.915 1.242

Fig. 4.40. The summation of absolute value of tracking errors in three dimen-

sions are presented in Table 4.5. From the simulation results of the two tra-

jectories, we can see that the mobile robot trained by distributed DDPG could

track the trajectories with smaller tracking errors. Therefore, by introducing

our proposed distributed framework of DDPG, the robot can learn the track-

ing task faster and achieve smaller tacking errors compared with single-worker

DDPG.

Table 4.5: Tracking errors of second trajectory in three dimensions

Methods x error y error orientation error

DDPG 4.267 2.533 5.265
Distributed DDPG 2.837 2.919 3.802
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Figure 4.33: Episode rewards of synchronous workers Figure 4.34: Comparison of episode rewards

Figure 4.35: Referenced path and real path Figure 4.36: Referenced and real x position

Figure 4.37: Referenced and real y position Figure 4.38: Referenced and real orientation

Figure 4.39: Tracking errors Figure 4.40: Comparison of errors
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Chapter 5

Continuous control for robot

based on Proximal Policy

Optimization

Standard policy gradient method that we have introduced in the previous chap-

ter can only perform one parameter update per data sampling. Hence, OpenAI

proposed a new policy gradient method, proximal policy optimization (PPO)

[13]that enables multiple updates per mini-batch. PPO has some advantages of

trust region policy optimization (TRPO), and is also much simpler to imple-

ment. DeepMind employed PPO but with a slightly different objective func-

tion to train the agents to learn some locomotion behaviours in rich environ-

ments [14].

In this chapter, we adopt a distributed framework of PPO with generalized ad-

vantage estimation (GAE) to train the robots. Firstly, we use distributed PPO

with GAE to train the redundant manipulator and make comparision with the

previous methods. Then we use distributed PPO with GAE to train the mobile

robot to track the given trajectories. In order to enhance the training and sam-

ple efficiency, we propose a two-stage training strategy consisting of supervised
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pre-training and fine-training by distributed PPO. In this way, the mobile robot

can be trained for fewer episodes but still get good performance. Then we in-

troduce the long short-term memory (LSTM), to represent the actor and critic.

During training, the cell state and hidden state of LSTM are stored in the buffers

used for the initialization of each episode to alleviate the problem of inaccurate

intial LSTM state. The simulation results demonstrate that distributed PPO

with LSTM can improve the tracking performance.

5.1 Proximal Policy Optimization

As stated previously, the gradient of expected return is estimated by using the

transitions generated from the current policy in the on-policy reinforcement

learning. The transitions can only be used once, after which a new batch of

transitions needs to be collected based on the updated policy to estimate the

gradients. Therefore, the data efficiency of the on-policy reinforcement learning

is low, which can be ameliorated by introducing the importance sampling that

we have already applied in the priority replay memory (section 3.2).

Considering a function f(x) whose argument x conforms to the distribution

p(x), the expectation of f(x) can be estimated by the mean of f(xi):

Ex∼p(x)[f(x)] ≈ 1

N

N∑
i=1

f(xi),

where xi is sampled from p(x).

If we can’t sample xi from p(x) and can only sample xi from another distribution

q(x), the expectation is expressed as:

Ex∼p(x)[f(x)] =

∫
p(x)f(x)dx =

∫
p(x)

q(x)
q(x)f(x)dx = Ex∼q(x)

[p(x)

q(x)
f(x)

]
,

where p(x)
q(x)

is the importance weight to guarantee unbias. Furthermore, in order
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to make an accurate estimation, the sampling data from q(x) must be enough.

If we consider the variance V arx∼p(x)[f(x)] and V arx∼q(x)

[p(x)
q(x)

f(x)
]
:

V arx∼p(x)[f(x)] = Ex∼p(x)[f(x)2]−
(
Ex∼p(x)[f(x)]

)2
.

V arx∼q(x)

[p(x)

q(x)
f(x)

]
= Ex∼q(x)

[(p(x)

q(x)
f(x)

)2
]
−
(
Ex∼q(x)

[p(x)

q(x)
f(x)

])2

= Ex∼p(x)

[
f(x)2p(x)

q(x)

]
−
(
Ex∼p(x)[f(x)]

)2
,

so their variances are not the same. Only if p(x)
q(x)

approximates to 1, their vari-

ances may not be very different.

By using the importance sampling, we can transform the on-policy to the off-

policy:

∇θJ(θ) = E(st,at)∼πθ
[
A(st, at)∇θ log πθ(at|st)

]
= E(st,at)∼πθ′

[ πθ(st, at)
πθ′(st, at)

Aθ
′
(st, at)∇θ log πθ(at|st)

]
= E(st,at)∼πθ′

[ πθ(at|st)
πθ′(at|st)

pθ(st)

pθ′(st)
Aθ
′
(st, at)∇θ log πθ(at|st)

]
= E(st,at)∼πθ′

[ πθ(at|st)
πθ′(at|st)

Aθ
′
(st, at)∇θ log πθ(at|st)

]
,

where pθ(st)
pθ′ (st)

can be regarded as 1 since the emergence of a state is not dependent

on the policy; πθ is the policy that needs to be updated; πθ′ is the policy which

generates the data used to update the policy πθ.

Since we know ∇xf(x) = f(x)∇x log f(x), we can derive:

∇θ

[ πθ(at|st)
πθ′(at|st)

Aθ
′
(st, at)

]
=
πθ(at|st)
πθ′(at|st)

Aθ
′
(st, at)∇θ log

[ πθ(at|st)
πθ′(at|st)

Aθ
′
(st, at)

]
=
πθ(at|st)
πθ′(at|st)

Aθ
′
(st, at)

(
∇θ log πθ(at|st)+

∇θ logAθ
′
(st, at)−∇θ log πθ′(at|st)

)
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=
πθ(at|st)
πθ′(at|st)

Aθ
′
(st, at)∇θ log πθ(at|st),

So the corresponding objective function whose gradient is the importance sam-

pling gradient is:

J(θ) = E(st,at)∼πθ′
[ πθ(at|st)
πθ′(at|st)

Aθ
′
(st, at)

]
. (5.1)

In this way, the same batch of data generated from the policy πθ′ can be utilized

for multiple times to update the policy πθ, so the data efficiency can be improved

by transforming the on-policy to the off-policy.

If πθ′ is treated as the old policy which is expressed as πθold and πθ is the

current policy to be updated, we hope the probability distributions of the new

policy and old policy should not have large difference to guarantee the stability

of optimization. Trust region policy optimization (TRPO) could provide an

effective approach to this problem, which is defined as follows [12]:

max E(st,at)∼πθold

[ πθ(at|st)
πθold(at|st)

Aθold(st, at)
]
, (5.2)

s.t. E(st,at)∼πθold

[
KL
(
πθold(·|st), πθ(·|st)

)]
6 δ,

where KL divergence is used to measure the difference between the new policy

and old policy based on the transitions from the old policy. Smaller value of

KL divergence means less difference between the new policy and old policy.

Hence, TRPO can not only maximize the objective function but also confine

the amplitude of policy update to guarantee monotonic improvement of the

policy and decrease the fluctuation.

TRPO is solved by using the conjugate gradient method which needs a lot of

computation, resulting in the low operation speed. In addition, the conjugate

gradient method is difficult to implement since it is much more complicated

than the gradient descent.
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In order to utilize stochastic gradient descent to update the policy, the constraint

in Eq. 5.2 should be transformed to a penalty in the objective function. Thus,

the unconstrained optimization problem is: [13]:

max E(st,at)∼πθold

[ πθ(at|st)
πθold(at|st)

Aθold(st, at)− βKL
(
πθold(·|st), πθ(·|st)

)]
, (5.3)

where β is a hyperparameter called adaptive KL penalty coefficient to adjust

the KL constraint.

β can be adjusted adaptively according to the expectation of KL divergence of

the sampled transitions, represented as D [13]:

D = E(st,at)∼πθold

[
KL
(
πθold(·|st), πθ(·|st)

)]
. (5.4)

A threshold Dthre is defined to compare with D and then adjust β:

if D < Dthre/1.5, β ← β/2, which is equivalent to attenuate KL constraint;

if D > 1.5Dthre, β ← 2β, which is equivalent to enhance KL constraint;

The updated β will work in the following optimization steps.

PPO aims to confine the update amplitude of policy, so the probability ratio of

new policy and old policy should approximate to 1. Hence, another objective

function of PPO [13] is proposed:

L(θ) = E(st,at)∼πθold

[
min

(
rt(θ)At, clip(rt(θ), 1− ε, 1 + ε)At

)]
, (5.5)

where rt(θ) = πθ(at|st)
πθold (at|st) is the probability ratio of the current policy to the old

policy; rt(θ) is clipped to 1− ε ∼ 1+ ε to remove the change of policy away from

1, which can ensure that the update of policy doesn’t have large fluctuation.

Then, we choose the minimum of the unclipped term and clipped term so that

the final objective function is a lower bound of the unclipped objective. The

update of policy is to maximize this objecctive function.
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During the update of policy, the starting point is at r = 1 where the new policy

is the same as the old policy. From Eq. 5.5, we can get that when the advantage

is positive, r is clipped at 1 + ε and when the advantage is negative, r is clipped

at 1− ε. Therefore, this objective function can constrain the update amplitude

of policy.

5.2 Generalized Advantage Estimation

In the section 5.1,we focus on the improvement of policy update. In this section,

we will introduce Generalized Advantage Estimation (GAE) [15] which aims to

improve the critic update.

In the policy gradient, if we use the on-policy method to interact with the

environment and evaluate the long-term return Rt =
∑T

t′=t γ
t′−trt′ through the

returns of all the time steps, the algorithm may have large fluctuation due to the

large variance of gradient. If we adopt the Actor-Critic method which adopts

a critic to evaluate the state value, the variance could be reduced but it may

increase bias because of the inaccurate model. Therefore, the critical issue is

how to make a good balance between the bias and variance.

The objective function of PPO contains the advantage A(st, at), which can be

expressed as:

Aπ(st, at) = Qπ(st, at)− V π(st). (5.6)

The advantage can be estimated by the TD error δt = rt + γV π(st+1)− V π(st),

which is an unbias estimation of Aπ(st, at):

Est+1 [δt] = Est+1 [rt + γV π(st+1)− V π(st)] (5.7)

= Est+1 [Q
π(st, at)− V π(st)] = Aπ(st, at)
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Next, we consider the n-step (n = 1, 2, 3, · · · ) advantage estimation, which is

represented as A
(n)
t .

A
(1)
t = δt = rt + γV (st+1)− V (st)

A
(2)
t = δt + γδt+1 = rt + γV (st+1)− V (st) + γ

(
rt+1 + γV (st+2)− V (st+1)

)
= rt + γrt+1 + γ2V (st+2)− V (st).

Then the n-step advantage estimation is expressed as [15]:

A
(n)
t =

n−1∑
k=0

γkδt+k = rt + γrt+1 + γ2rt+2 + . . .+ γn−1rt+n−1 + γnV (st+n)− V (st).

(5.8)

If n→∞, γ∞V (st+∞)→ 0. Then we can get:

A
(∞)
t =

∞∑
k=0

γkδt+k =
∞∑
k=0

γkrt+k − V (st), (5.9)

which becomes the Monte Carlo method since the return of each step is utilized

to estimate the target value.

With the increase of step numbers, the bias of the estimation gradually decreases

while the variance gradually increases. If we could consider all these estimations

at the same time and calculate their weighted average, we can obtain a better

trade-off between the bias and variance, which is the idea of GAE computed as

follows [15]:

AGAEt = (1− λ)(A
(1)
t + λA

(2)
t + λ2A

(3)
t + . . .) (5.10)

= (1− λ)
(
δt + λ(δt + γδt+1) + λ2(δt + γδt+1 + γ2δt+2) + . . .

)
= (1− λ)

(
(1 + λ+ λ2 + . . .)δt + (λ+ λ2 + λ3 + . . .)γδt+1

+ (λ2 + λ3 + λ4 + . . .)γ2δt+2 + . . .
)

(5.11)

= (1− λ)
( 1

1− λ
δt +

λ

1− λ
γδt+1 +

λ2

1− λ
γ2δt+2 + . . .

)
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= δt + (λγ)δt+1 + (λγ)2δt+2 + . . .

=
∞∑
k=0

(λγ)kδt+k,

where another hyperparameter λ is introduced.

When λ = 0, AGAEt = δt = A
(1)
t , it is reduced to the TD error, which has a low

variance but high bias;

When λ = 1, AGAEt =
∑∞

k=0 γ
kδt+k =

∑∞
k=0 γ

krt+k − V (st) = A
(∞)
t , it is equiva-

lent to the Monte Carlo method, which has a low bias but high variance.

Therefore, we could adjust the value of λ to make a better balance between the

bias and variance. Then the advatage At in the objective function of PPO could

be replaced by AGAEt .

In the real application, we can only use a truncated version of GAE since the

interactive sequences are finite. If we collect a sequential transitions with T

time steps, the GAE is reduced to:

AGAEt = δt + (λγ)δt+1 + (λγ)2δt+2 + . . .+ (λγ)T−t−1δT−1. (5.12)

5.3 Distributed framework of PPO

In chapter 4, we have introcuced some distributed frameworks of deep reinforce-

ment learning, which can achieve better performance in various control tasks.

In this section, we propose a distributed framework of PPO, which is shown in

Fig. 5.1.

Multiple workers are created and run on the different threads. Each worker

has an instance of the environment and an actor to choose the action accord-

ing to the current policy and state. The worker explores its own environment

and collects a sequence of transitions which are stored in its local replay buffer.
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Figure 5.1: Distributed framework of PPO

After the worker collects N transitions, it sends these transitions to the global

replay buffer and stops interacting with the environment. If we have K work-

ers, the global replay buffer will have NK transitions at each iteration. Then

the global network will use all the transitions or sample a mini-batch of transi-

tions B ≤ NK from the global replay buffer to construct the objective function

expressed in Eq. 5.3 or 5.5 and compute the gradients to update the global

parameters for some times. The updated parameters of global network will be

synchronized to all the workers, after which the workers continue to interact

with the environment by using the latest policy to collect transitions for the

next iteration. This distributed framework is different from the ones in chap-

ter 4 because the workers only collect transitions for the global network without

computing the gradients.

The pseudocodes of the worker and global network of distributed PPO are shown

in Algorithm 7 and Algorithm 8 respectively. We use the mean of sampled

transitions to approximate the expectation. The actor and critic are updated

for several times by using the transitions from the global replay buffer at each

collection. The target value Rt is required when calculating the critic loss. Rt

is also estimated by the weighted sum of n-step return with hyperparameter λ:

R
(1)
t = rt + γV (st+1),
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R
(2)
t = rt + γrt+1 + γ2V (st+2),

R
(n)
t =

n−1∑
k=0

γkrt+k + γnV (st+n).

Then the estimated target value Rt can be expressed as follows:

Rt(λ) = (1− λ)(R
(1)
t + λR

(2)
t + λ2R

(3)
t + . . .) = (1− λ)

∞∑
n=1

λn−1R
(n)
t . (5.13)

The truncated version of Rt is:

Rt(λ) = (1− λ)
T−t∑
n=1

λn−1R
(n)
t , (5.14)

since R
(T−t)
t =

∑T−t−1
k=0 γkrt+k + γT−tV (sT ), where sT is the final state of the

sequence.

Algorithm 7 Worker of distributed PPO

1: Initialize:
Global replay buffer R

2: for episode = 1, . . . ,M do
3: Get the initial state s0

4: for t = 1, . . . , T do
5: Choose an action at from πθ(·|st) based on the current state st and

policy of global network
6: Implement the action at to its environment instance
7: Get the reward rt and the next state st+1 from the environment
8: Store st, at and rt in its local replay buffer
9: if N transitions are collected or episode ends then
10: Compute the generalized advantages of all the transitions

AGAE1 , AGAE2 , . . . , AGAEN by using Eq. 5.12
11: Send the transitions in the local replay buffer and their estimated

advantages to the global replay buffer R
12: Wait until the global networks complete the parameter update
13: Clear the local replay buffer
14: end if
15: end for
16: end for
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Algorithm 8 Global network of distributed PPO

1: Initialize:
Critic V (s; θv) and actor π(s; θπ)

2: while episode < maximum episode do
3: Wait until the transitions from all the workers are stored in the global

replay buffer R
4: Assign θold with the current policy parameters: πθold ← πθ
5: for i = 1, 2, . . . ,m do
6: Sample a mini-batch of transitions with size B from R randomly
7: Construct the clip objective function by using the sampled transi-

tions:
8: Lclip = 1

B

∑B
t=1

[
min

( πθπ (at|st)
πθold (at|st)At, clip(

πθπ (at|st)
πθold (at|st) , 1− ε, 1 + ε)At

)]
9: Compute the gradient ∇θπLclip and update the parameters of actor
10: end for
11: for j = 1, 2, . . . , n do
12: Sample a mini-batch of transitions with size B from R randomly
13: Construct the critic loss by using the sampled transitions:

14: Lcritic = 1
B

∑B
t=1

(
Rt − Vθv(st)

)2

15: Compute the gradient ∇θvLcritic and update the parameters of critic
16: end for
17: Start the worker threads
18: end while

5.4 Training results of redundant manipulator

In this section, we use distributed PPO with GAE to train the redundant ma-

nipulator to achieve the multi-goal task. The architecture of actor and critic is

same as the one used in A3C and A2C (Fig. 4.3).

We also create four workers running on the four threads and train the redundant

manipulator for 2000 episodes in total by using the ordinary reward and path

optimization reward respectively. Each worker collects 8 transitions and sends

these transitions to the global network. Then the global network will update

its parameters by using the 32 transitions from all the workers for 5 times.

Figure 5.2 ∼ Fig. 5.5 show the the overall episode rewards and episode rewards

of different workers using the two reward functions, respectively.

The success rate of every 100 episodes of the two reward functions are recorded

in Fig. 5.6. After training for 2000 episodes, the redundant manipulator trained
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Figure 5.2: Overall episode rewards Figure 5.3: Episode rewards of workers

Figure 5.4: Overall episode rewards Figure 5.5: Episode rewards of workers

by the ordinary reward could complete the task with a success rate of nearly

80%, and the one trained by the path optimization reward could realize nearly

90% success rate. The extra distance of the two reward functions are depicted

in Fig. 5.7, which again prove that the path optimization reward could optimize

the reaching path of the end-effector.

Figure 5.6: Success rate Figure 5.7: Average extra distance

We still test the agent trained by distributed PPO for 100 episode and the

testing results are recorded in Table 5.1, from which we can see that the agent

trained by distributed PPO could get a little better performance than A2C in

terms of the success rate.
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Table 5.1: Testing results of distributed PPO for the redundant manipulator

Methods Success times

Distributed PPO with ordinary reward 82
Distributed PPO with path optimization reward 91

The hyperparameters of distributed PPO for the redundant manipulator are

shown in Table 5.2.

Table 5.2: Hyperparameters of Distributed PPO for manipulator

Hyperparameters Value

Learning rate of actor απ 0.0001
Learning rate of critic αv 0.0005

Clip parameter ε 0.2
Reward discounted factor γ 0.9

GAE parameter λ 0.95
Standard deviation σ [0.8,0.8,0.1]

5.5 Tracking control of mobile robot based on

distributed PPO

In this section, distributed PPO is employed to train the mobile robot to track

the trajectories. The input of the actor is the observation vector which incorpo-

rates the position and velocity information of the mobile robot. The outputs of

the actor are the means of the forward velocity and rotation speed of the mobile

robot measured in its local frame. The stanadrd deviations are the hyperpa-

rameters to encourage the exploration of agent. The architecture of the actor

and critic is presented in Fig. 5.8. All the hidden layers of actor and critic have

256 neurons.

We add some extra improvements to the training strategies, random referenced

state initialization and early termination, introduced in subsection 3.5.2, in or-

der to achieve better tracking performance. We adopt the piecewise random

referenced state initialization, which means the robot is initialized to the differ-
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Figure 5.8: Architecture of actor and critic

ent parts of the renferenced trajectory during different training stages, since we

hope the robot could start to move from the former part of trajectory in the

later training stage to collect more transitions of previous time steps and further

update the policy to fit the whole trajectory. For the early termination, we re-

duce the upper limit of the counter with the training process in order to collect

fewer unexpected states and actions, since the agent should learn more from the

expected transitions to fine tune the policy at the later stage of training.

We create four workers running on the four threads to collect transitions for the

global network. The mobile robot is trained for totally 3000 episodes. Because

the workers firstly need to collect enough transitions and then the global network

samples a mini-batch of transitions to update its parameters for multiple times,

it is not a one-step update as DDPG. During the training process, each worker

explores the environment and collects the transitions with the latest policy of

the global network. After the worker collects 16 tranistions, it sends these

transitions to the global replay buffer and then stops runing. When all the

workers finish collecting the transitions and sending them to the global replay

buffer, the global network will randomly sample a mini-batch of 32 transitions

from the 64 transitions collected by all the four workers at each update. The

global parameters are updated for 8 times by sampling from the 64 transitions,

after which these transitions will be discarded. And then the workers continue

to explore the environment to collect new transitions with the updated policy.

This distributed framework can increase the collecting speed by running multiple

workers at the same time, and the random sampling can reduce the correlation

of transitions during update to ensure the convergence of networks.
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During 0 ∼ 2000 episode, the mobile robot is initialized at any referenced state

of the whole trajectory and the maximum value of the early termination counter

is 20. During 2000 ∼ 2500 episode, the mobile robot is initialized at the refer-

enced state from 1
4
∼ 1

2
of the trajectory and the maximum value of the early

termination counter is 15. During 2500 ∼ 3000 episode, the mobile robot is

initialized at the referenced state from the first quarter of the trajectory and

maximum value of the early termination counter is 10.

For the first trajectory, the overall episode rewards and episode rewards of dif-

ferent workers are presented in Fig. 5.9 and Fig. 5.10.

Figure 5.9: Overall episode rewards Figure 5.10: Episode rewards of workers

After training for 3000 episodes, we save the parameters of the global network.

In the testing stage, only the means of actions restored from the saved model

are used without the standard deviation. Here, we only present the tracking

errors in three dimensions as shown in in Fig. 5.11.

Figure 5.11: Tracking errors

For the second trajectory, the overall episode rewards and episode rewards of
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different workers are presented in Fig. 5.12 and Fig. 5.13. The tracking errors

are shown in Fig. 5.14.

Figure 5.12: Overall episode rewards Figure 5.13: Episode rewards of workers

Figure 5.14: Tracking errors

From the tracking results of the two trajectories, we can see that distributed

PPO could enable the mobile robot to track the trajectories with small errors,

but the workers may need much more episodes in total to collect the transitions

in order to realize better performance compared with DDPG.

The hyperparameters of distributed PPO for the mobile robot are shown in

Table 5.3.

Table 5.3: Hyperparameters of distributed PPO for mobile robot

Hyperparameters Value

Learning rate of actor απ 0.0001
Learning rate of critic αv 0.0005

Clip parameter ε 0.2
Reward discounted factor γ 0.9

GAE parameter λ 0.95
Standard deviation vector σ [0.1,0.01]
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5.6 Two-stage training strategy

In the last section, we have used distributed PPO to train the mobile robot

to track the given trajectories. However, it needs 3000 training episodes and

exploits a lot of trasitions in order to get a good performance. Aiming to promote

the training and data efficiency, we introduce a two-stage training strategy for

the mobile robot, which consists of the supervised pre-training and fine-training

by distributed PPO. The fine-training by using deep reinforcement learning

based on the pre-trained policy can further improve the policy according to the

actual task objective.

The training process is comprised of two stages. Firstly, supervised learning is

used to pre-train the actor. It is known that each training data of the supervised

learning needs a label. The input of the actor is the observation and the output

is the corresponding action. If we want to use the supervised learning, we need

to know the target action for each observation. However, it may be difficult to

calculate the exact action that could make the agent get to the referenced state

at next time step, especially for some complex control tasks. Thus, we adopt

an action search method which randomly generates some actions within the

prescribed range. Each action is assumed to be performed at the current state

and the next state is estimated by using the known kinematic relationship. After

getting the next state for each action, we can calculate its reward by comparing

with the referenced state. Then we choose the action which has the maximum

reward as the target action for the current state. We need to search sufficient

number of actions so that we could find a good enough action that has high

reward. After collecting a certain number of training data, the actor will be

trained by these data using stochastic gradient descent. After that, we still use

distributed PPO to further train the agent with the initial policy obtained by

the pre-training process. The pre-training process can help the agent to learn

some useful experiences quickly, so the agent doesn’t need to be trained from

scratch by distributed PPO.
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The pre-training process consists of 200 episodes. We still use the random refer-

enced state initialization and early termination during the pre-training process.

At each visited state, 200 random actions are generated. Every action is hypo-

thetically performed to the environment and the next state is estimated through

the kinematics. Then, the action which has the maximum reward is chosen. The

real action taken by the agent is obtained from the current policy and the reward

from this real interaction needs to be compared with the selected maximum re-

ward from the action search. If the maximum reward is greater than the real

reward, the corresponding action will be treated as the target action and the

state-action pair will be collected as one training data, which guarantees the tar-

get action is better than the action from the current policy. The same process

will be repeated in the following visited states of the agent. Therefore, for each

visited state, a target action can be obtained. After collecting 100 training data,

stochastic gradient descent with a mini-batch size of 50 is conducted to update

the parameters of the actor. These 100 training data will be gone through for 5

times and the training data need to be shuffled before each epoch. Then these

training data will be discarded and new data will be collected by using the same

method. The learning rate we use for the gradient descent optimizer is 0.1.

The critic also needs to be updated with the imporvement of policy. After col-

lecting some sequential transitions, the target value of every state is calculated

by using Eq. 5.14. So for each visited state, we could get its target value and

this state-value pair is stored in a replay buffer. After updating the policy, the

update of critic is followed by sampling a mini-batch of 32 pairs randomly from

the replay buffer for 5 times. Then the replay buffer is cleaned out and new

data will be collected based on the new policy.

The pre-training of the actor and critic is only for the global network, which

means the global network should have its own worker to explore the environment

in the main thread while the other workers in the child threads don’t run during

the pre-training process. After pre-training, workers in the child threads start to

explore their environments and collect transitions for the global network. Then
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the actor and critic network are further updated by using distributed PPO. The

simplified pre-training pseudocode is shown in Algorithm 9.

Algorithm 9 Pre-training for the actor and critic

1: Initialize:
Critic V (s; θv) and actor π(s; θπ)

2: for episode = 1, . . . ,M do
3: Get the initial state s0

4: for t = 1, . . . , T do
5: Obtain an action at from the current policy πθ(·|st)
6: Perform the action at and then get the reward rt and the next state
st+1

7: Randomly generate sufficient number of actions within the given
range

8: Perform every action to the state st and then evaluate the next state
st+1 and reward rt

9: Choose the action a′t that obtains the maximum reward rmax
10: if rmax > rt then
11: Treat a′t as the target action at the state st
12: Store (st, a

′
t) to the dataset D

13: end if
14: Calculate the target value Rt of the state st by using Eq. 5.14
15: Store (st, Rt) to the replay R
16: if the size of dataset D gets to the prescribed value then
17: Update the actor by sampling a mini-batch data from D for mul-

tiple times
18: Update the critic by sampling a mini-batch data from R for mul-

tiple times
19: Clean out dataset D and replay R
20: end if
21: end for
22: end for

Firstly, we use this two-stage training strategy to train the mobile robot to

track the first trajectory. The episode rewards of pre-training for the actor are

depicted in Fig. 5.15, where we can see that the reward goes up quickly during

the supervised training period. After 200 episodes, the reward can increase to

a relatively high value.

Fig. 5.16 and Fig. 5.17 shows the overall episode rewards and episode rewards of

different workers trained by distributed PPO. The mobile robot is only trained

for 2000 episodes after the supervised training. The training strategy is similar,
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Figure 5.15: Episode rewards of pre-training for actor

with 1000 episodes starting from any referenced state and 1000 episodes starting

from 1
4
∼ 1

2
and first quarter of the referenced trajectory. We can see that the

initial reward after pre-training is much higher than the previous one without

pre-training, so the training episodes by distributed PPO can be reduced, which

can help to promote the sample and training efficiency. The tracking errors of

the mobile robot in three dimensions are presented in Fig. 5.18.

Figure 5.16: Overall episode rewards Figure 5.17: Episode rewards of workers

Figure 5.18: Tracking errors

Next, we train the mobile robot to track the second trajectory. The episode
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rewards of pre-training for the actor are shown in Fig. 5.19. The episode re-

wards trained by distributed PPO are presented in Fig. 5.20 and Fig. 5.21. The

tracking errors in three dimensions are shown in Fig. 5.22. From these figures,

we can get the same conclusion as the first one.

Figure 5.19: Episode rewards of pre-training for actor

Figure 5.20: Overall episode rewards Figure 5.21: Episode rewards of workers

Figure 5.22: Tracking errors

We compare the tracking errors between the distributed PPO and the two-stage

training strategy(Table 5.4 and Table 5.5). The final results of the two-stage

training strategy are a little better than the distributed PPO.
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Table 5.4: Tracking errors of first trajectory in three dimensions

Methods x error y error orientation error

Distributed PPO 2.998 2.961 1.495
Two-stage training 3.276 2.293 1.147

Table 5.5: Tracking errors of second trajectory in three dimensions

Methods x error y error orientation error

Distributed PPO 3.906 3.683 4.451
Two-stage training 1.857 3.213 3.643

By introducing the supervised pre-training for the mobile robot, we can reduce

the training episodes by distributed PPO and still get good tracking perfor-

mance. Therefore, the two-stage training strategy could help to decrease the

number of interaction steps of the agent to improve the sample and training

efficiency.

5.7 Distributed PPO with LSTM

In the previous sections, we just use fully connected neural network to represent

the actor and critic. In this section, we will introduce the recurrent neural

network (RNN) to the actor and critic for the mobile robot tracking task.

Traditional RNN can be influenced by the short-term memory. If the sequence is

long enough, RNN may have difficulty to transmit the information from the early

time step to the subsequent time step. Moreover, during the backpropagation

through time process, RNN has the problem of gradient vanishing, resulting in

the early stop of learning. Therefore, in our simulation, we utilize the most

popular improved RNN, Long Short-term Memory (LSTM) [67] which could

solve the problem of short-term memory and gradient vanishing. Many works

[11, 21, 35, 68] of deep reinforcement learning use LSTM as the representation

of the actor and critic, especially for some tasks with only partially-observable

states.
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The structure of one LSTM cell is shown in Fig. 5.23. The cell has three gates:

forget gate, input gate and output gate. The internal states of LSTM cell

comprises of the cell state ct and the hidden state ht. The forget gate determines

how much information of the cell state should be discarded. It takes xt and the

hidden state of last time step ht−1 as the input and outputs the value between

0 ∼ 1. 1 denotes complete reservation while 0 denotes complete discard for the

cell state information. The forget gate performs the following calculation [69]:

ft = sigmoid(Wf · [ht−1,xt] + bf ).

The input gate decides on how much new information will be added to the cell

state. The computation procedures are as follows [69]:

it = sigmoid(Wi · [ht−1,xt] + bi),

ĉt = tanh(Wc · [ht−1,xt] + bc),

where ĉt is the candidate cell state.

The new cell state is calculated as follows [69]:

ct = ft ∗ ct−1 + it ∗ ĉt.

The output gate determines the next hidden state. The computation procedures

are as follows [69]:

ot = sigmoid(Wo · [ht−1,xt] + bo),

ht = ot ∗ tanh(ct).

Then the new cell state ct and hidden state ht will be transmitted to the next

time step.
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Figure 5.23: Structure of LSTM cell

The cell state of LSTM could effectively reduce the influence of the short-term

memory. Theoretically, the cell state can carry the relevant information during

the whole sequence process. As the cell state is transmitted over time steps, the

information in the cell state can be added or deleted by the gate mechanism.

These gates are represented by different neural networks and they can learn

what information should be reserved or discarded during the training process.

The architecture of the actor and critic is presented in Fig. 5.24. For both the

actor and critic, the observation is firstly processed by a FC layer and then sent

to the LSTM. The output of LSTM is further processed by a FC layer, after

which we can get the action distribution and value at the specific observation.

The first FC layer of the actor and critic has 256 neurons. The size of LSTM is

also 256, which means the dimension of the cell state and hidden state is 256.

Figure 5.24: Architecture of actor and critic
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Four workers are created to run on the four threads of CPU. Each worker ex-

plores its own environment to collect the transitions. When the worker utilizes

the parameters of the global actor and critic to choose the action and calculate

the value, it needs to keep the cell state and hidden state of LSTM, which will

be input to the LSTM at the next time step. Therefore, the action and value

depend on both the current state and the cell state and hidden state of LSTM

at last time step. Each worker needs to collect a series of sequential transitions.

We set the number of transitions as 10. However, if the episode ends or early

termination is triggered, the number of sequential transitions can be less than

10. The sequential transitions collected by all the workers regarded as a mini-

batch are sent to the global network. One series of sequential transitions from

one worker is treated as a time sequence input to the global actor and critic to

calculate the loss and update the network parameters.

For each sequence, we also need to know the intial cell state and hidden state of

LSTM. Some previous works of deep reinforcement learning using LSTM set the

intial cell state and hidden state as 0. Zero intial state may allow the decorre-

lated sampling of the sequences, which contributes to the robust optimization of

the neural networks, but it may cause the inaccurate state output of LSTM at

the first few time steps. Thus, LSTM may have some difficulties to recover the

meaningful predictions from an inaccurate intial state. Aiming at this problem,

we store the cell state and hidden state of both the actor and critic at each time

step obtained from the interaction process in the buffers for each worker. The

stored states can be updated during the training process. Since we still use the

random referenced state initialization, we need to search the corresponding cell

state and hidden state from the buffers at the starting point of each episode. If

the first state of a sequence is not the starting point of an episode, the initial

LSTM state of that sequence is the LSTM output state of the last time se-

quence. In this way, the initial LSTM state of the starting point at each episode

is not always zero, which could mitigate the problem of inaccurate LSTM intial

state. After collecting a mini-batch of sequences with their intial LSTM states,
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the global network will be updated for 8 times with the sequence of each worker

used twice.

The mobile robot is trained for 3000 episodes by using distributed PPO with

LSTM. The initial position of the mobile robot is randomly chosen from the

referenced trajectory at the former 2000 episodes. In the following 400 episodes,

it is intialized at 1
4
∼ 1

2
of the referenced trajectory and in the next 400 episodes,

it starts from the first quarter of the referenced trajectory. In the last 200

episodes, it starts from t = 0 and the initial LSTM state at t = 0 is zero.

During the testing stage, the mobilt robot is also initialized at t = 0.

For the first trajectory, Fig. 5.25 and Fig. 5.26 show the change of episode

reward. The tracking results are presented in Fig. 5.27 ∼ Fig. 5.30 and the

tracking errors of three dimensions are shown in Fig. 5.31.

Figure 5.25: Overall episode rewards Figure 5.26: Episode rewards of workers

Figure 5.27: Referenced path and real path Figure 5.28: Referenced and real x position

For the second trajectory, the change of episode reward is presented in Fig. 5.32

and Fig. 5.33. The tracking results and errors are shown in Fig. 5.34 ∼ Fig. 5.38.
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Figure 5.29: Referenced and real y position Figure 5.30: Referenced and real orientation

Figure 5.31: Tracking errors

Figure 5.32: Overall episode rewards Figure 5.33: Episode rewards of workers

Figure 5.34: Referenced path and real path Figure 5.35: Referenced and real x position
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Figure 5.36: Referenced and real y position Figure 5.37: Referenced and real orientation

Figure 5.38: Tracking errors

We compare the tracking errors between the distributed PPO with FC networks

and LSTM (Table 5.6 and Table 5.7). We can see that the tracking performance

can be enhanced by introducing LSTM to the actor and critic. LSTM is powerful

to process the time sequence and the transitions produced by the reinforcement

learning agent are sequencial, so LSTM could explore the temporal dependencies

of the sequencial states to make better decision. Furthermore, it can also provide

a better representation for the actor and critic.

Table 5.6: Tracking errors of first trajectory in three dimensions

Methods x error y error orientation error

Distributed PPO 2.998 2.961 1.495
Distributed PPO with LSTM 3.002 1.717 0.942

Table 5.7: Tracking errors of second trajectory in three dimensions

Methods x error y error orientation error

Distributed PPO 3.906 3.683 4.451
Distributed PPO with LSTM 2.374 2.636 3.360
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Chapter 6

Continuous control for the

autonomous vehicle based on

deep reinforcement learning

Autonomous driving has become a very popular research field in recent years

since it has the potential to reduce the traffic accident and relief the traffic

congestion, and it is also energy-efficient and environmentally friendly.

Autonomous driving is a complicated system comprising of several subsystems:

perception subsystem, prediction subsystem and decision-making subsystem.

Perception subsystem fuses the data of multiple sensors such as camera, Lidar,

GPS and IMU to understand the environment. Prediction subsystem make

predictions for the surroundings in a short period. Decision-making subsystem

integrates all the information from the perception and prediction subsystem to

plan an exact trajectory which the vehicle should follow in the coming future.

The most common decision-making architecture for the autonomous driving is

shown in Fig. 6.1 [55, 70]. The highest level is the route planner which plans a

route to the destination for the autonomous vehicle through the road network.

The second level is the behavior planner that plans the local driving behaviors
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while proceeding to the destination and obeying the traffic rules. The third

level is the motion planner which produces a continuous trajectory according

to the strategy from the behavior planner. The last level is the control plan-

ner which generates the execution commonds such as acceleration, brake and

steering based on the trajectory from the motion planner.

Figure 6.1: Decision-making architecture

The above decision-making architecture is complex since each level requires some

specific algorithms. With the development of artifical intelligence, end-to-end

methods has already been used for the autonomous driving. In this chapter,

we will use an end-to-end method to make the autonomous vehicle learn the

driving behaviors directly from the raw sensor data through deep reinforcement

learning. We use DDPG and improved DDPG, which is called TD3, to train

the autonomous vehicle and make comparison between their performance.

6.1 Learn the driving behaviors using DDPG

Firstly we use DDPG introduced in chapter 3 to train the autonomous vehicle

to drive along different roads without being out of the track and colliding with

other vehicles as well as try to overtake other vehicles. We train the autonomous

vehicle in the open racing car simulator (TORCS) [71] which can provide a vivid

3D visualization, a complicated physics engine, and accurate vehicle dynamics

which takes into consideration the traction, aerodynamics, fuel consumption

and so on.
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6.1.1 Architecture of the actor and critic

The autonomous vehicle can obtain the environment information from a number

of sensors that the simulator provides, including its own current state, tracks

and opponents. We just choose the following information from the sensors as

the observation:

(1) θ: angle between the longitudinal axis of our vehicle and the track axis,

which is in the range [−π,+π].

(2) tracks: vector of readings from the 19 range finder sensors; each sensor

returns the distance between our vehicle and the track edges, which is in

the range 0 ∼ 200m.

(3) d: distance between our vehicle and the track axis which is normolized to

−1 ∼ +1; 0 means on the axis; −1 means on the right edge of track; +1

means on the left edge of track; d > 1 or d < −1 means out of the track.

(4) vx: speed of our vehicle along its longitudinal axis.

(5) vy: speed of our vehicle along its transverse axis.

(6) vz: speed of our vehicle along its vertical axis.

(7) opponents: vector of readings from the 36 opponent sensors; each sensor

covers a span of 10◦ and returns the distance with the closest opponent,

which is in the range 0 ∼ 200m.

The total dimension of observation is 60, so it is high-dimensional input.

The outputs of the actor are the steering, acceleration and brake command

which connect to the actuators: steering wheel, gas pedal and brake pedal,

respectively. The steering command is in the range [−1,+1]. −1 denotes fully

turning right and +1 denotes fully turning left. The acceleration command is in
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the range [0, 1]. 0 denotes no gas and 1 denotes full gas. The brake command

is in the range [0, 1]. 0 denotes no brake and 1 denotes full brake.

The architecture of the actor and critic is shown in Fig. 6.2. Both the actor and

critic have two hidden layers with 300 neurons. For the critic, actions are firstly

concatenated with the output of the first hidden layer and then input to the

second hidden layer. We also use Batch Normalization to each layer of the actor

to avoid the actions falling into the saturated zone of the activation function.

Figure 6.2: Architecture of actor and critic

6.1.2 Reward function and training strategy

We hope to design a reward function which can encourage the autonomous

vehicle to drive along the track axis with as fast speed as possible and overtake

other vehicles in the track. Hence, the reward function consists of two terms

as expressed in Eq. 6.1.The first term aims to train the autonomous vehicle to

drive along the track smoothly and the second term is to encourage our vehicle

to overtake other vehicles.

rtotal = r1 + r2, (6.1)

r1 = vx cos θ − vx| sin θ| − vx|d|,

r2 = 2(n− rank),
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where n is the total number of vehicles on the track; rank is the ranking of

our autonomous vehicle among all the vehicles, which can be obtained from

TORCS. r1 try to maximize the velocity of our vehicle along the track axis and

minimize the velocity along the perpendicular direction of the track axis. r1

also encourages our vehicle to drive in the middle of the track by minimizing

the absolute value of d. |d| is multiplied by vx since large velocity can make

the vehicle deviate from the track axis easily. r2 can encourage our vehicle to

overtake other vihicles since higher ranking could get larger reward. There are

totally 10 vehicles on the road.

Moreover, if our vehicle collide with other vehicles or the wall, it will get a

reward of −10. The collision can be detected by the vehicle state demage. If the

current value of demage is larger than the previous value, it means the vehicle

has collided with something. If the vehicle is out of the track (min(tracks) < 0),

it will also get a reward of −10. We use a counter to record the times of being

out of the track for our vehicle. When the counter value is greater than 100,

the episode will terminate early. If the vehicle drives backwards (cos θ < 0),

the agent will get a reward of −10 and the current episode will end in advance.

In addition, if the velocity of our vehicle along the track axis is too small, the

episode will also end early.

Aiming to the exploration and sample efficiency issue of deep reinforcement

learning, we adopt a two-stage training strategy similar to section 5.6, which

consists of pre-training by imitation learning and fine-training by DDPG. Imi-

tation learning can also be regared as the supervised learning, which utilizes the

expert data to update the policy. For each visited state of our vehicle, we can

obtain its target action according to the driving example provided by TORCS.

After collecting 50 training data, the actor will be updated for multiple times by

using these data. Then new training data will be collected with the interaction

process to update the actor for the next iteration. The critic is also updated

by the same method as DDPG during the pre-training precess. After imita-

tion learning stage, the agent is further trained through DDPG to enhance the
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generalization and robustness of the policy. By introducing imitation learning,

the agent can directly learn from the desirable actions, so it doesn’t need to

explore to the expected states by itself, which helps to alleviate the exploration

problem of deep reinforcement learning. Moreover, the agent is not trained

from scratch by deep reinforcement learning, which could significantly reduce

the sample complexity. Fig. 6.3 and Fig. 6.4 show the profile and GUI of the

training road, respectively.

Figure 6.3: Training road profile

Figure 6.4: Training road GUI

In the reinforcement learning training stage, we add some noises to the actions in

order to further increase the explortion. We use the Ornstein-Uhlenbeck process

(Eq.3.8) which has the mean-reverting property to produce noises. The hyper-

parameters of OU process we use for the three actions are shown in Tabel 6.1.

Table 6.1: Hyperparameters of OU process

Action η σ1 σ2

steering 0.8 0 0.2
acceleration 1 0.5 0.1

brake 1 -0.1 0.05

The average rewards of every 20 steps for the two stages are shown in Fig. 6.5.

During the imitation learning stage, the average reward goes up quickly in the

first 2000 steps. In the following 2000 steps, the average reward doesn’t have

obvious increase. Then DDPG is employed to train the actor and critic which

are initialized with the pretrained weights from the imitation learning stage.

The average reward of reinforcement learning stage goes up relatively slowly,
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but it can further improve the driving policy via the reward mechanism by

interacting with the environment.

Figure 6.5: Average reward of every 20 steps

6.1.3 Performance evaluation

After the two-stage training, we save the final model and use it to test the

autonomous vehicle in the different roads. In addition to the training road, we

also test the vehicle in three unseen roads which are shown in Fig. 6.6. These

testing roads are more tortuous or narrower than the training road in order

to evaluate the generalization ability of the agent better. Their corresponding

GUIs are displayed in Fig. 6.7.

Figure 6.6: Three testing roads

Figure 6.7: GUIs of three testing roads
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We test the autonomous vehicle on each road for 20 laps and record the times

of sucess and failure. The failure mode includes the collision with other vehicles

and being out of the track. We also evaluate its overtaking performance by

calculating the average overtaking number of 20 laps for each road. The testing

results and the road width are presented in Table 6.2. We can see that our vehicle

can still drive smoothly on most of the laps of the more complex unseen testing

roads, which demonstrates enough generalization ability of the agent. Because

sometimes the velocities of other vehicles are very fast, it may be difficult for our

vehicle to overtake other vehicles, which results in the unsatisfactory overtaking

performance.

Table 6.2: Testing results of DDPG for autonomous vehicle

Road width(m) success collision out of track average overtaking

Training road 12 18 2 0 2.65
Testing road 1 10 16 2 2 2.55
Testing road 2 12 17 2 1 2.6
Testing road 3 12 18 1 1 2.85

6.2 Learn the driving behaviors using Twin De-

layed DDPG

Even if DDPG could achieve good performance on some tasks, sometimes it

may fail because of the overestimation of Q-value, which can lead to the sub-

optimal policies. In this section, we firstly introduce some improvements on

DDPG. Then we use this improved algorithm which is called TD3 to train the

autonomous vehicle and make comparison with the performance of DDPG.

6.2.1 Twin Delayed DDPG

Twin Delayed DDPG (TD3) [22] is an improved version of DDPG proposed by

the researchers from McGill University. It maily aims to deal with the over-

130



estimation bias of the value function. Overestimation is a obvious problem in

the discrete action space which has the explicit maxmizing operation. While

it can be proved that the value estimate of DDPG is also an overestimation

under some assumptions. Therefore, TD3 adopts a clipped double Q-learning

to reduce the overestimation problem.

TD3 has two critics Q1 and Q2. Each critic has a target critic. It uses the

smaller value of the two target critics to calculate the target value yt [22].

yt = rt + γ(1− d) min
i=1,2

Q′i(st+1, µ
′(st+1)), (6.2)

where Q′1 and Q′2 are the target critics of Q1 and Q2 respectively; d indicates if

it is the last state of the episode; when st+1 is the last state, d = 1; when st+1

is not the last state, d = 0.

Both Q1 and Q2 use yt as the target value to update their parameters. The

actor can be updated only by maximizing Q1.

The next improvement of TD3 is the target policy smoothing. A clipped noise

is added to every dimension of the target action. The target action should also

be clipped to the allowable action range. Thus, the target action is expressed

as follows:

a′(st+1) = clip(µ′(st+1) + ε, al, ah), (6.3)

where ε ∼ clip(N(0, σ),−c, c) is the noise; al and ah are the lower bound and

upper bound of action.

Target policy smoothing can deal with the failure situation of DDPG: if the critic

has inaccurate sharp peaks on some actions, the policy may utilize these peaks

and produce impropor actions. This problem could be mitigated by smoothing

out the Q-function over similar actions, which is the idea of the target policy

smoothing.
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Moreover, TD3 adopts the delayed policy update. Because the policy is updated

according to the Q-value, it is necessary to firstly minimize the estimated error

of the critic before updating the policy. Therefore, the policy shoule only be

updated after a certain number of updates to the critic. This less frequent

update for the policy can utilize the critic value with lower variance, which may

lead to the policy with higher quality.

6.2.2 Performance evaluation

We add the normal distribution noises which have mean of 0 and standard

deviation 0.2 to the target actions µ′(st+1) and the noises are clipped to −0.5 ∼

0.5. The target actions with noises should also be clipped to the range of real

actions. In addition, the actor is only updated once after two updates of critic.

During the imitation learning stage, the actor is updated by the expert experi-

ences and the two critics Q1 and Q2 are updated by the transitions collected from

the environment. Then TD3 is used to further train the policy in the second

stage. Fig. 6.8 presents the average reward comparison of the second training

stage between TD3 and DDPG. We can see that TD3 can get relatively higher

reward than DDPG.

Figure 6.8: Comparison of rewards

Table 6.3 records the testing results of TD3 for the autonomous vehicle in the

same roads as DDPG. Fig. 6.9 presents the comparison of success times between

TD3 and DDPG. We find that TD3 can generally achieve a little higher success
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times than DDPG. We also record the speed of our vehicle during the testing

period and the speed comparison between DDPG and TD3 on one testing road

is shown in Fig. 6.10, from which we can see that the speed of vehicle trained

by TD3 is obviously higher than DDPG. Therefore, in our experiment, TD3 can

achieve better performance than DDPG for the autonomous driving.

Table 6.3: Testing results of TD3 for autonomous vehicle

Road width(m) success collision out of track average overtaking

Training road 12 18 2 0 2.6
Testing road 1 10 17 2 1 2.65
Testing road 2 12 18 1 1 2.9
Testing road 3 12 17 2 1 2.7

Figure 6.9: Success times
Figure 6.10: Speed comparison

By introducing the improvements of TD3, the autonomous vehicle can be trained

to master better driving behaviors. The trained agent has strong generalization

ability since it also has good driving performance in the more complex unseen

environments.
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Chapter 7

Conclusions and future work

This thesis employs model-free deep reinforcement learning algorithms to enable

the robots to complete some tasks, including the multi-goal task, tracking task

and autonomous driving task.

The multi-goal task is to train a redundant manipulator to reach any given

position from a random initial position. The goal position of each episode is

different during the training process. Firstly, we use DDPG combined with

HER and different strategies of choosing the additional goals to train the re-

dundant manipulator. Even if we only use a simple binary reward, it can get

approximately 80% success rate with all the strategies. Then we use DDPG

with a shaped reward to trian the redundant manipulator. The manipulator

can’t complete the task by DDPG with priority replay memory without addi-

tional goals. By referring to the idea of HER, we propose a random and future

strategy combined with the shaped reward to generate additional transitions.

The simulation results demonstrate the random strategy can achieve the best

performance with more than 80% success rate. Therefore, the agent can learn

more effectively by artificially generating some additional transitions with more

diverse goals. Next, we use A3C and A2C to train the redundant manipulator

to complete the multi-goal task. By considering the reaching path of the end-
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effector, we propose a new reward function which aims to constrain the moving

direction of the end-effector to be closer to the ideal direction. The performance

of different algorithms and reward functions are compared, which shows that

A2C could get a better performance than A3C due to the avoidance of gradient

delay and the new reward function can not only optimize the reaching path but

also increase the success rate. Distributed PPO with GAE is also employed to

train the redundant manipulator with the two different reward functions. The

distributed framework which has multiple workers to produce the transitions

for the global network can increase the sample collection speed and the random

sampling can reduce the correlations among the transitions when updating the

global network. GAE is introduced when calculating the advantage of the ob-

jective function of the actor to make a good balance between the variance and

bias. Table 7.1 summarizes the best testing results of all the algorithms, which

presents that distributed PPO could achieve the highest success rate.

Table 7.1: Success times of redundant manipulator over 100 episodes by different algorithms

Algorithms Success times

DDPG 87
A3C 84
A2C 88

Distributed PPO 91

The tracking task is to train the robots to track the given trajectories. Firstly,

we use DDPG with priority replay memory to train a SCARA robot and a mobile

robot to track the trajectories. Two training strategies, random referenced state

initialization and early termination, are introduced to make the robots learn ef-

fectively from the referenced trajectories. After training for enough episodes,

the SCARA robot and mobile robot can learn to move along the referenced tra-

jectories with small errors in three dimensions. Then we propose a distributed

framework of DDPG, which has synchronous workers to generate samples and

compute gradients for the global network and the collecting workers to produce

transitions with different policies and exploration noises for the shared replay

memory. This distributed framework can promote the data throughput and

increase the diversity of the transitions in the replay memory. We use this dis-
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tributed DDPG to train the SCARA robot and mobile robot to track the same

trajectories. The simulation results show that the agent trained by distributed

DDPG could learn faster and achieve smaller tracking errors than the single-

worker DDPG. We also use distributed PPO with GAE to train the mobile

robot to track the trajectories with the improved training strategies. In order

to enhance the training and sample efficiency, we propose a two-stage train-

ing strategy which consists of the supervised pre-training and fine-training by

distributed PPO. The supervised pre-training enables the agent to learn some

useful experiences quickly and therefore reduce the training episodes by dis-

tributed PPO. The final results of the two-stage training is also a little better

than distributed PPO. After that, we introduce LSTM to represent the actor

and critic. Some buffers are adopted to store the cell state and hidden state

of LSTM used for the initialization of each episode to alleviate the problem of

inaccurate initial LSTM states. The simulation results demonstrate that the

tracking performance can be improved by introducing LSTM to the actor and

critic. Table 7.2 and 7.3 summarize the tracking errors of the mobile robot

by different methods, which shows that the tracking performance of distributed

DDPG is a little better than distributed PPO while distributed PPO with LSTM

could achieve the best tracking performance.

Table 7.2: Tracking errors of mobile robot for the first trajectory by different algorithms

Algorithms x error y error orientation error

DDPG 6.578 3.495 1.471
Distributed DDPG 2.592 2.915 1.242
Distributed PPO 2.998 2.961 1.495

Distributed PPO with LSTM 3.002 1.717 0.942

Table 7.3: Tracking errors of mobile robot for the second trajectory by different algorithms

Algorithms x error y error orientation error

DDPG 4.267 2.533 5.265
Distributed DDPG 2.837 2.919 3.802
Distributed PPO 3.906 3.683 4.451

Distributed PPO with LSTM 2.374 2.636 3.360

Finally, we utilize deep reinforcement learning to train the autonomous vehi-

cle to learn the driving behaviors end-to-end. The agnet only takes the raw
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sensor data, including the pose and velocity of the vehicle, distances from the

track edges, and distances from the other vehicles, as the input and directly

outputs the steering, acceleration and brake commond. A reward function is

designed to encourage the autonomous vehicle to drive along the roads smoothly

and overtake other vehicles. Moreover, we propose a two-stage training strat-

egy including the pre-taining by imitation learning and fine-training by deep

reinforcement learning. After the imitation pre-training stage, the autonomous

vehicle is further trained by using DDPG and TD3 in the second training stage,

respectively. We find that the vehicle trained by TD3 can obtain larger speed

and a little higher success rate than DDPG in the testing.

The agents of model-free deep reinforcement learning usually need massive

amounts of interactive data to learn a specific task and the agent trained in one

environment may not generalize to other unseen environments. Meta-learning,

which means learning to learn, is a significant research direction to solve the fast

learning problem of agent. The goal of meta-learning is to train an agent on a va-

riety of tasks, such that it can solve the new tasks by only using a small number

of training samples. In the future work, we can adopt the idea of meta-learning

to train the reinforcement learning agents. The trained meta-agent should have

good generalization ability to adapt to multiple different tasks quickly. Then

the agent doesn’t need to collect a large amount of interactive transitions from

the environment for each specific task, which can greatly improve the sample

efficiency.
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