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This paper proposes a deterministic generative adversarial imitation learning method which allows the 

robot to implement the motion planning task rapidly by learning from the demonstration data without 

reward function. In our method, the deep deterministic policy gradient method is used as the generator 

for learning the action policy on the basis of discriminator, and the demonstration data is input into the 

generator to ensure its stability. Three experiments on the push and pick-and-place tasks are conducted 

in the gym robotic environment. Results show that the learning speed of our method is much faster 

than the stochastic generative adversarial imitation learning method, and it can effectively learn from the 

demonstration data in different states of the task with higher learning stability. The proposed method 

can complete the motion planning task without environmental reward quickly and improve the stability 

of the training process. 

© 2020 Elsevier B.V. All rights reserved. 
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1. Introduction 

With the continuing development of artificial intelligence tech-

nology, deep learning and reinforcement learning has been increas-

ingly used in robot learning field, which allows robots acquire

novel skills to accomplish various tasks, and much work has been

conducted effectively in recent years. Mahler et al. [13–15] propose

a deep learning method of multi-view convolutional neural net-

work (MV-CNN) to complete the robot grasping task. This method

extracts geometric features suitable for grasping from the 3D point

cloud model and calculates the global similarity, and it can finally

implement the prediction of the grasping positions of unknown

objects and improve the stability of robot grasping. Levine et al.

[11] adopt the Guided Policy Search (GPS) method to accomplish

the complex robot control tasks in an end-to-end form, such as

hanging clothes and opening bottle cap. To complete the robot task

quickly, Hester et al. [8] and Vecerík et al. [23] combine the ideal

of learning from Demonstrations (LfD) with reinforcement learning

and fill demonstration data into the experience replay buffer. 

The deep learning and reinforcement learning methods can

effectively solve the problems of the traditional methods for the
� This document is the results of the research projects funded by the National Sci- 

ence Foundation of China ( 61873008 , 61573356 ) and Beijing Natural Science Foun- 

dation ( 4182008 , 4192010 ). 
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obot control tasks, such as sensitivity to physical models, poor

eal-time performance, and poor generalization. However, during

he learning process, deep learning requires a large number of

alibrated sample data, but in general a large amount of negative

ample data cannot be easily obtained for the robot to learn,

herefore the generalization of the method cannot be guaranteed.

einforcement learning does not need sample data and it has good

eneralization ability, and so it can make up for the deficiency of

eep learning. This method has some limitations yet: whether the

obot can obtain the optimal policy depends on the reward func-

ion completely, which means that the reward function should not

nly better reflect the tasks that the robot needs to accomplish,

ut also should be carefully shaped to guide the gradient descent.

owever, it is often difficult to quantitatively evaluate the action

olicy taken by the robot in complex tasks, which will lead to a

ailure in determining the reward function. 

From the human point of view, human often uses imitation

bility to learn new skills, that is, human learns new skills by

bserving the behaviors of other individuals and reacting in the

ame ways. Robots are a kind of bionic systems, and they are

esigned and expected to have the ability of learning new skills

n the way that human beings acquire skills. Imitation learning

an be used to solve the problem of robot learning new tasks

y using a demonstration policy. Abbeel and Ng [1] propose the

pprenticeship learning method which creates the field of inverse

einforcement learning. According to the given demonstration

olicy, the method uses the maximum marginal method to solve

he reward function, in which a hyperplane is found to divide the
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http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2020.01.016&domain=pdf
https://doi.org/10.13039/501100001809
https://doi.org/10.13039/501100005089
mailto:zuoguoyu@bjut.edu.cn
https://doi.org/10.1016/j.neucom.2020.01.016


G. Zuo, K. Chen and J. Lu et al. / Neurocomputing 388 (2020) 60–69 61 

d  

m  

n  

t  

I  

m  

l  

m  

p  

t  

o  

f  

c  

b  

s

 

h  

i  

g  

c  

t  

r  

a  

t  

d  

p  

t  

t  

p  

a  

o  

o  

(  

t  

f  

t  

b  

d  

t  

b  

i  

a  

p  

p  

a  

c  

p  

B  

t  

n  

t  

[  

i  

t  

i  

p  

p  

 

i  

i  

m  

e  

t  

p  

f  

r  

S  

e  

S

2

2

 

a  

m  

e  

T

π

w  

t  

π  

t  

w  

p  

t  

s

∇
w  

Q  

o  

e  

a  

t

 

g  

d  

t  

d

a

∇  

w  

p

 

d  

t  

r  

o  

t  

a

2

 

D  

m  

r  

t  

a  

s  

l

 

w  

t  

a  

e  
emonstration policy and ordinary policy into two categories and

aximize the marginal between them. Xia and El Kamel [25] use

eural networks to replace the artificially specified reward func-

ion base to improve the expression ability of the reward function.

n order to solve the problem of ambiguous solutions in the above

ethods, Ziebart et al. [26] propose an inverse reinforcement

earning method based on the maximum entropy model. The

ethod uses the principle of maximum entropy to obtain the

robability model that satisfies the conditional constraints, and

ransforms the inverse reinforcement learning problem into the

ptimization problem with the maximum entropy. Inverse rein-

orcement learning can solve the problem that the reward function

an not be directly determined by using the demonstration data,

ut there are still some shortcomings such as large computation,

low learning speed, and artificial setting of reward function. 

To complete the robot imitation learning task quickly and with

igh quality, Ho and Ermon [9] propose a generative adversar-

al imitation learning (GAIL) method, which is called stochastic

enerative adversarial imitation learning (SGAIL) in our paper, by

ombining the inverse reinforcement learning with the genera-

ive adversarial network (GAN) [6] . The method takes the deep

einforcement learning method as the generator to generate the

ction policy of robot, and take advantage of the discriminator

o calculate the difference between the generation policy and the

emonstration policy. Through adversarial training, the generation

olicy is increasingly close to the demonstration policy, and finally

he imitation learning task is fulfilled. Stadie et al. [22] improve

he GAIL method in imitating the demonstration policy from the

erspective of the third person. Wang et al. [24] integrate vari-

tional auto-encoder (VAE) with GAIL to improve the robustness

f GAIL. Now, the GAIL method often adopts the methods based

n the stochastic policy, such as trust region policy optimization

TRPO) [19] and the proximal policy optimization (PPO) [7,20] , as

he generator. The method requires a large number of samples

rom the environment, and there is extremely a long training time

o train a complex model for imitation tasks. Some works has

egun to address the problem such as the slow training and large

ata demand of GAIL. Kostrikov et al. [10] used an preprocessing

echnique on the demonstrations to solve the problem of reward

ias to overcome the data inefficiency of GAIL. Another natural

dea is to combine the deterministic policy method with GAIL to

ddress the problem of data inefficiency and instability in training

rocess. However, directly implementing GAIL with deterministic

olicy gradient will make the learning process unstable and the

lgorithm hard to converge. In recent years, some studies which

ombine the deterministic policy with GAIL have noticed this

roblem and tried to improve the stability of deterministic GAIL.

arth-Maron et al. [4] propose a state screening function (SSF)

o reduce the noisy policy, which makes the policy generator

etwork avoid noisy policy updates with the states that are not

ypical of those appeared on the demonstrations. Schroecker et al.

18] design an off-policy learning procedure to stabilize the learn-

ng process of the off-policy generator in GAIL, which depends on

he use of retained past experiences and current experience dur-

ng one gradient update step. Unlike these methods, the method

roposed in our paper improves the stability of the deterministic

olicy based GAIL by introducing the idea of LfD into the generator.

This paper proposes a deterministic generative adversarial

mitation learning method (DGAIL), which adopts the determin-

stic policy and the adversarial training fashion of GAIL. In our

ethod, the discriminator learns a cost function to explain the

xpert behavior and the generator directly learns the policy under

he guidance of discriminator by combining the deterministic

olicy gradient algorithm with LfD. This paper is organized as

ollows: Section 1 introduces the background of our work and the

elated work, and some premilaries are described in Section 2 .
ection 3 details the DGAIL method and the training steps. The

xperiments and their result analyses are conducted in Section 4 .

ection 5 concludes this paper. 

. Premilaries 

.1. Policy gradient 

For the stochastic policy, when the robot faces the state s , the

ction policy adopted by the robot obeys the distribution π . Nor-

al distribution is the most common distribution of policy gradi-

nt method, whose mean and variance are ξ and σ 2 , respectively.

he action policy can be expressed by (1) 

θ (a | s ) = 

1 √ 

2 πσ
exp 

(
− (a − ξ ) 2 

2 σ 2 

)
(1) 

here the mean ξ and variance σ 2 represent the policy distribu-

ion which are the output of neural network with parameter θ ;

θ ( a | s ) is the probability density function for the robot to take ac-

ion a under state s , which is subject to the normal distribution

ith parameter θ . It can be seen from (1) that for the stochastic

olicy, when the robot faces the same state s , the output of ac-

ion by the robot is not exactly the same, so the gradient for the

tochastic action policy can be expressed as (2) 

 θ J(πθ ) = E s ∼ρπ ,a ∼πθ
[ ∇ θ log πθ (a | s ) Q 

π (s, a )] (2) 

here ρπ is the state distribution depends on the policy πθ and

 

π ( s, a ) is the action-value function. When updating the gradient

f the stochastic policy, it is necessary for the robot to sample the

nvironment sufficiently, and then integrate the state distribution

nd action distribution, so that the mean is as close as possible to

he expectation. 

The deterministic policy [12,21] extended the stochastic police

radient framework to deterministic policies and provided that the

eterministic policy gradient theorem is in fact a limiting case of

he stochastic policy gradient theorem, the action policy and gra-

ient are shown in as follows: 

 = μθ (s ) (3) 

 θ J(μθ ) = E s ∼ρμ [ ∇ θμθ (s ) ∇ a Q 

μ(s, a ) | a = μθ
] (4)

here ρμ is the state distribution depends on the deterministic

olicy μθ . 

Compared with the stochastic policy, the deterministic policy

irectly outputs the action a rather than the probability distribu-

ion of the action when the robot faces the state s , so that the

obot outputs exactly the same action when facing the same state

f s . Therefore, when the gradient is updated for the determinis-

ic policy, there is less need in sampling the environment and the

lgorithm is more efficient. 

.2. Deep deterministic policy gradients 

Deep deterministic policy gradient (DDPG) [12] is proposed by

eepMind in 2016 based on deep Q-network (DQN) [16] and deter-

inistic policy gradient (DPG) [21] . It is an off-policy model-free

einforcement learning method. Because it outputs the determinis-

ic action rather than the probability of the selected action, it has

 faster speed than the other reinforcement learning methods, and

o it is widely used in the continuous control task of reinforcement

earning. 

Since the directly implementing Q-learning with neural net-

orks proved to be unstable in many environments, DDPG uses

he Actor-Critic (AC) framework and creates a copy of the actor

nd critic networks for value calculations and network param-

ter updates. The actor network consists of the main network
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μ( s ; θμ) and the target network μ′ (s ; θμ′ 
) , and it uses the soft

target updates rather than directly copying the weights. The main

role of the actor part is to learn the action policy in order to max-

imize the accumulated rewards. In the exploratory phase, in order

to facilitate exploration and obtain the optimal action, the action

a t = μ(s t ; θμ) + N is used as the output of the actor network,

where N is the Ornstein–Uhlenbeck (OU) process. Define the per-

formance objective J ( μ) as the value function, which is obtained

by averaging over the state distribution of the action policy, and

update the actor parameters by the following policy gradient: 

∇ θ J(μθ ) ≈ 1 

N 

∑ ∇ a Q(s, a ; θQ ) | s = s i ,a = μ(s i ) ∇ θμμ(s ; θμ) | s = s i (5)

Based on the idea of double Q-learning in [16] , a copy of the

main network is used as the target network including the target

actor network μ′ (s | g; θμ′ 
) and target critic network Q 

′ (s | g, a ; θQ ′ ) ,
which are used to stabilize the update process of the action value

function and make the network converge stably. The main role of

the critic part is to evaluate the values of the actions which are

taken in the current state, and thereby guide the actor network

to select the optimal action. The loss function of this network is

shown in as follows: 

L = 

1 

N 

∑ 

(y i − Q(s i , a i ; θQ )) 2 (6)

y i = r i + γ Q 

′ (s i +1 , μ
′ (s i +1 ; θμ′ 

) ; θQ ′ ) (7)

2.3. Stochastic generative adversarial imitation learning 

GAN is an unsupervised learning method proposed by Goodfel-

low in 2014. GAN consists of two parts: generator G and discrim-

inator D . The G and D form a dynamic gaming process and finally

reach the Nash equilibrium point. G uses noise Z as input, and the

output approximates the real samples in the training set as much

as possible. The input of D is the real sample or the output of G .

The goal of D is to distinguish the output of G from the real sam-

ple as far as possible. In the training process, the main task of G

is to make D discriminate the output of G as real sample data as

far as possible. The generator parameters θ g can be updated by the

gradient as follows: 

∇ θg 

1 

m 

m ∑ 

i =1 

log (1 − D (G (z (i ) ; θg ) ; θd )) (8)

where Z = { z (1) , z (2) , . . . , z (m ) } is noise data. 

The main task of D is to distinguish the output data of G and

the sample data X accurately, so as to guide G to perform opti-

mization. The discriminator parameters θd can be updated by the

following gradient: 

∇ θd 

1 

m 

m ∑ 

i =1 

[ log D (x (i ) ; θd ) + log (1 − D (G (z (i ) ; θg ) ; θd ))] (9)

where X = { x (1) , x (2) , . . . , x (m ) } is the sample data. 

Based on the idea of GAN, Ho and Ermon [9] propose a gen-

erative adversarial imitation learning (GAIL) method by combining

the inverse reinforcement learning with the generative adversarial

network (GAN) [6] . The SGAIL method uses the stochastic policy

reinforcement learning method as generator G θ and uses a fully

connected network as discriminator D ω , where θ and ω are the

parameters of the generator and the discriminator, respectively. In

this method, the generator is to output the action policy πθ ( a | s ) of

the robot based on the current state s of the robot, and then the

action policy is sampled to get the action a t that the robot should

perform. The discriminator is to determine the action a t in the cur-

rent state s t as a demonstration action or an action policy by the

generator, and output the similarity between the action a t and the
emonstration action. The optimization objective of the discrimi-

ator D ω is to minimize 

ˆ 
 τE 

[ ∇ ω log (D ω (s, a ))] + 

ˆ E τD 
[ ∇ ω log (1 − D ω (s, a ))] (10)

here τE ∼ πθi 
is the state-action pair provided by the generator,

D ~ πD is the state-action pair provided by the demonstration

ata. 

By updating the discriminator, it can better distinguish the

emonstration action and the generation action so that bet-

er guide the generator. The optimization objective of the

iscriminator G θ is to maximize 

ˆ 
 τE 

[ ∇ θ log (D ω i +1 
(s, a ))] (11)

By updating the generator, it outputs the action that can nar-

ow the gap between generative action and demonstration action,

n order to deceive the discriminator. Through adversarial training

f generator G θ and discriminator D ω , the Nash equilibrium point

s finally achieved, the generation action is close to the demon-

tration action, and the imitation learning task of the robot is

ompleted. 

. Deterministic generative adversarial imitation learning 

In this section, we describes a deterministic generative ad-

ersarial imitation learning (DGAIL) method. Different from the

GAIL method, the DGAIL method integrates the deep determin-

stic policy gradient (DDPG) [12] method into the GAIL method.

he purpose of this method is to accelerate the GAIL learning

rocess by using deterministic policy gradients, and learn a reward

unction to evaluate the policy adopted demonstration data. Fig. 1

hows the learning structure of our DGAIL method. 

In this framework, the demonstration experience replay buffer

 and the agent exploration experience replay buffer E are used

o store the expert demonstration data and the agent exploration

ata, respectively. During training, the experiences are obtained

rom the above two replay buffers. Here, we use the DDPG method

s the generator to output the action policy. The discriminator dis-

inguishes whether the input action policy is demonstration pol-

cy or generation policy clearly. In the generator, the actor network

( s | g ; θμ) is used to generate above action policy, and the critic

etwork Q ( s | g, a ; θQ ) is used to assess the value of the output ac-

ion more accurately, so that the action policy generated by the

ctor network converges to the demonstration policy. 

In the discriminator D ( s | g, a ; θD ), the differences are mainly

ompared between the actions taken by the expert and those taken

y the robot at the current time. Since our experimental environ-

ent can not provide the agent with real-time reward signals to

earn effectively, the discriminator is used to learn a reward func-

ion that evaluates whether a state-action pair originates from the

emonstration data or the generator. This learned reward function

an be used to guide the generator to converge to the demonstra-

ion policy. The optimization objective of the discriminator is to

inimize 

 θ ( D θ ) = 

ˆ E τE 
[ log (D (s i | g i , a i ))] + 

ˆ E τD 
[ log (1 − D (s i | g i , a i ))] (12)

here τ E is the state-action pair provided by the generator, τD is

he state-action pair provided by the demonstration data. 

In the generator, the target network calculates the target value

o make the network converge stably. In the case where the main

etwork and the target network are unknown, the network pa-

ameters can be updated by using the TD method in the form of

6) and (7) . Based on the idea of learning from demonstrations, the

emonstration data stored in the replay buffer is used to improve

he learning speed. In particular, in order to ensure the exploratory

bility of robot, set a t = μ(s t | g t ; θμ) + N t , where N t is the Gaus-

ian noise. But for the generator, simply increasing the output
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Fig. 1. Structure diagram of DGAIL. 

D  

m  

i  

h  

D  

n  

t

 

r  

t  

A  

c  

d  

T

L  

y  

r  

 

f  

c  

v  

t  

m  

l  

s  

w  

m  

b  

o  

t  

a  

e  

n  

n  

o

L

w  

fi  

a

 

a  

c  

r  

θ  

r  

o  

A

4

 

[  

v  

s  

e  

p  

t  

S

4

 

M  

p  
 ( s t | g t , a t ; θD ) of the discriminator will cause the robot to pay

ore attention to the action μ( s t | g t ; θμ) in current state s t | g t and

gnore the influence of current actions on the future. As a result, it

as poor generalization ability. In order to alleviate this problem,

GAIL uses the critic network Q ( s | g, a ; θQ ) and the discriminative

etwork D ( s | g, a ; θD ) to guide the generator at the same time, so

hat the output of the generator has better performance. 

For critic network, according to the current state s t | g t of the

obot and the action μ( s t | g t ; θμ) taken by the robot, it predicts

he action value Q ( s t | g t , a t ; θQ ), that is, the action-value function.

t the same time, DGAIL inputs the demonstration data into the

ritic network, and the critic network can use the demonstration

ata for training, and improve the stability of the DGAIL method.

he optimization objective of the critic network is to minimize 

 (Q| s i | g i ,a i ) = 

ˆ E τE ,τD 
[ y i − Q(s i | g i , a i ; θQ )] 2 (13)

 i = r i + γ Q 

′ (s i +1 | g i +1 , μ
′ (s i +1 | g i +1 ; θμ′ 

) ; θQ ′ ) (14)

 i = D (s i | g i , μ(s i | g i ; θμ) ; θD ) (15)

The actor network is updated by maximizing the action value

unction that the critic network outputs. However, for the main

ritic network, we use the target network to calculate the target

alue to prevent the divergence of action value, but the soft

arget updates method will reduce the optimization speed of the

ain network. To solve this problem, based on idea of imitation

earning, we add the − log (D ) alternative [3] of the exploration

tate-action pairs to the loss function of the actor network,

hich is called imitation learning loss (IM Loss) in this paper. By

inimizing the IM Loss, the output policy of actor network will

e closer to the demonstration data. To reduce the fluctuation

f action, we add the regularization item of the output action

o the loss function, which is called action loss in our method,

nd use a set of hyperparameters { ζ 1 , ζ 2 , ζ 3 } to balance the

ffect of the regularization item. Specifically, the discriminative

etwork predicts the reward function D ( s t | g t , a t ; θD ), the critic
etwork outputs the action-value function Q ( s t | g t , a t ; θQ ), and the

ptimization objective of the actor network is to minimize 

 (μ| s i | g i ) = − ζ1 ̂  E τE 
[ Q(s i | g i , μ(s i | g i ; θμ) ; θQ )] 

− ζ2 ̂  E τE 
[ log (D (s i | g i , μ(s i | g i ; θμ) ; θD ))] 

+ ζ3 ̂  E τE 
[ μ(s i | g i ; θμ) − μ̄τE 

] 2 (16) 

here μ̄τE 
is the mean of actions in the state-action pair τ E , the

rst item is the action value loss, the second one is the IM loss

nd the third one is the action loss. 

Through optimization, the actions output by the actor network

re expected to (1) increase the action-value function that the

ritic network outputs, and output more valuable action policy; (2)

educe the difference between the distribution of action μ( s t | g t ;
μ) and the distribution of demonstration data under the cur-

ent state s t | g t ; (3) reduce the fluctuation of the output action

f the actor network to make the output action more smooth.

lgorithm 1 details the training steps for the DGAIL method. 

. Experiments 

This section mainly uses the robotics environment [17] in gym

5] to verify the effect of the DGAIL method. The experimental en-

ironment and the tasks to be completed by the agent and the

tructure and related hyperparameters of the DGAIL method are

laborated in the beginning part of this section. Then the push and

ick-and-place tasks are conducted in the experiment to analyze

he performance and the key factors of the method proposed in

ection 3 through the following experiments. 

• Experiment I: The effectiveness of DGAIL. 
• Experiment II: The imitation effect of DGAIL. 
• Experiment III: The stability of DGAIL. 

.1. Experimental environment 

The Fetch robot, which is in robotics environment, using the

uJoCo physics engine has a 7-DOF arm and a two-finger grip-

er. Fig. 2 illustrates the learning of the push and pick-and-place
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Fig. 2. Experimental tasks: push (a), pick-and-place (b). 

Algorithm 1: Deterministic generative adversarial imitation 

learning method. 

Input : Demonstration data τD ∼ πD 

1 Randomly initialize actor network μ(s | g; θμ) , critic network 

Q(s | g, a ; θQ ) , and discriminative network D (s | g, a ; θD ) , with 

weights θμ, θQ and θD 

2 Initialize target actor network μ′ and target critic network 

Q 

′ , with weights θμ′ ← θμ and θQ ′ ← θQ 

3 Initialize replay buffer R E and R D 
4 Store demonstration data τD in R D 
5 for episode = 1 , . . . , M do 

6 for t = 1 , . . . , T do 

7 Select action a t = μ(s t | g t ; θμ) + N t 

8 Execute a t and observe new state s t+1 , g t+1 

9 Store transition (s t , g t , a t , s t+1 , g t+1 ) in R E 
10 end 

11 Sample a random minibatch of BAT CH _ SIZE transitions 

(s i , g i , a i , s i +1 , g i +1 ) from R E and R D 
12 Calculate the reward r i using (15) 

13 for learning _ num = 1 , . . . , N do 

14 for learning _ num _ d = 0 , . . . , N d do 

15 Update the discriminative network by (12) 

16 end 

17 Update the critic network by (13), (14), (15) 

18 Update the actor network by (16) 

19 end 

20 Update the target network : 

21 θQ ′ ← δθQ + (1 − δ) θQ ′ 

22 θμ′ ← δθμ + (1 − δ) θμ′ 

23 end 
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tasks. For our method, the demonstration trajectories can be col-

lected in different ways, including but not limited to human teach-

ers, demonstration trajectories in the simulation environment, and

the agents that have completed RL-training. In our experiments,
e trained an agent in advance by using traditional DDPG as an

xpert to provide the demonstration trajectories in the simulation

nvironment, and record the state-action pairs through the API

nterface of the MuJoCo physics engine. 

Push task: The fixture of robot is locked and the robot needs to

tilize it to push the block to the target position. In this task, the

uccess rate of demonstration data is 99.555%. 

Pick-and-Place task: The fixture of robot is unlocked, and the

obot needs to clamp the block and place the block to the target

osition. In this task, the success rate of the demonstration data is

8.495%. 

State: The state s t ∈ R 

25 mainly includes the angles and veloci-

ies of all robot joints as well as positions, rotations and velocities

linear and angular) of all objects. 

Goal: The goal g t ∈ R 

3 is the target position that the robot

perates on or moves to, and the position is represented by

hree-dimensional Cartesian coordinates. 

Action: The action a t ∈ R 

4 includes four types of control in-

ormation. The first three control the three-axis speed and direc-

ion of the end of the robot, respectively, and the last controls the

inear velocity and direction of the two-finger gripper. 

Reward: In DGAIL, the robot does not use the reward function

f the environment, but uses (15) to calculate the reward function.

owever, in order to better verify the effect of DGAIL, we uses the

eward function of the environment to evaluate this method, which

s shown as follows: 

 t = 

{
−1 d > 5 cm 

0 d ≤ 5 cm 

here d represents the distance between the current position and

he target position of the object. 

All the experiments in this paper are carried out on the fol-

owing configurations: CPU: AMD Threadripper 1950x; GPU: Nvidia

TX 1080Ti. 

.2. Training details 

Fig. 3 shows the main network used in the DGAIL method.

n order to complete the robot imitation learning task, in this
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Fig. 3. The network structure of DGAIL. 
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ethod, the actor network, the critic network, and the discrimi-

ative network all use low-dimensional data as the network input.

he actor network uses s t | g t ∈ R 

28 as its input in order to output

he action μ( s t | g t ) in the current state s t | g t . The critic network

ses s t | g t | μ(s t | g t ) ∈ R 

32 as its input to output the value Q ( s t | g t ,

( s t | g t )) of action μ( s t | g t ) in the current state s t | g t . The discrimina-

ive network also uses s t | g t | μ(s t | g t ) ∈ R 

32 as its input, and outputs

he difference D ( s t | g t , μ( s t | g t )) between the action μ( s t | g t ) and the

emonstration action in the current state s t | g t . The actor network,

he critic network and the discriminative network all adopt the

ully-connected neural network structure which consists of an in-

ut layer, three hidden layers and an output layer. Rectified Linear

nit ( ReLU ) is used as the activation functions between the layers.

ach of the three hidden layers contain 256 neurons, the output

ayer of the actor network contains 4 neurons, and the output lay-

rs of the critic network and the discriminative network contain 1

euron, respectively. The actor network processes the output using

he activation function tanh due to the action μ(s t | g t ) ∈ [ −1 , 1]

aken by the agent. The discriminative network uses the sigmoid

unction to limit the output D ( s t | g t , μ( s t | g t )) to [0,1]. The output

ayer of the critic network does not use any activation functions. 

In terms of the selection of hyperparameters, DGAIL uses the

dam optimizer to optimize the neural network, where β1 =
 . 9 , β2 = 0 . 99 . The learning rate of the actor network αa and the

ritic network αc is 0.001. The learning rate of the discriminative

etwork αd is 0.002. The mini-batch is 256; The discount factor γ
s 0.98. The update parameters ζ 1 , ζ 2 , ζ 3 of the actor network in

16) are 1, 20 and 1, respectively. 
.3. Experimental analyses 

.3.1. The effectiveness of DGAIL 

In order to verify that DGAIL can effectively use the demonstra-

ion data to learn the reward function and guide the generator to

omplete the task, we use DDPG as the baseline experiment, and

t the same time, we compare our DGAIL method with Deep Deter-

inistic Policy Gradient from Demonstrations (DDPGfD) [23] and

GAIL, respectively. In experiment, DDPG uses the HER mechanism

2] to replay the experience data, and the reward function uses

he sparse reward of the environment. DDPGfD uses the HER

echanism to replay the experience data and the demonstration

ata respectively. The ratio of demonstration data to exploration

ata is 1:1, and the reward function uses the sparse reward of the

nvironment. PPO is used as the generator for SGAIL, and the ar-

ificially set reward function is not used. DGAIL uses random sam-

ling to replay the exploration data and the demonstration data,

espectively, the ratio of demonstration data to exploration data is

:1, and the artificially set reward function is not used. It should

e noticed that, for the model-agnostic reinforcement learning

ask, the methods such as DDPG and DDPGfD use the Monte

arlo method to sample the reward to estimate the state value.

imultaneously, DDPGfD combines the idea of LfD with a host of

ther techniques to improve the training speed and stability of the

lgorithm. However, for the GAIL-based methods, the agent needs

o face the model-agnostic reward-agnostic task. The information

hat can be accessed by agent is only the state-action pairs from

emonstration and exploration data. The discriminator needs to
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Fig. 4. Learning curves of push and pick-and-place tasks. 
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be first updated to determine whether the current policy is the

expert policy, and then the state value function of the generator is

further updated by using the output of discriminator. In this paper,

we only show the training process of DDPGfD as a reference for

the learning methods using both environment reward and demon-

stration data, but do not conduct further comparative analyses

on DDPGfD with our method and the other GAIL-based methods.

In the GAIL-related studies such as [4] and [18] , DDPGfD has not

been mentioned yet, except for the other GAIL-based methods. 

Fig. 4 (a) and (b) shows the learning curves of the push and

pick-and-place tasks, respectively. There are four curves of differ-

ent colors: purple, blue, red and black, which represent the re-

sults of four methods: DDPGfD, DDPG, DGAIL and SGAIL, respec-

tively. The green dashed line represents the success rate of demon-

stration data. The horizontal and vertical coordinates in the fig-

ures are the number of epochs and the success rate of robot in

each epoch. In experiment, each epoch includes 100 episodes, each

episode is 50 steps. In particular, in order to make the success

rate curve smoother, the experiments in this paper has carried out

exponential weighted average processing on the experimental

data: 

˜ S = β ˜ S + (1 − β) S (17)

where, ˜ S represents the exponential weighted average success rate,

S represents the success rate of this epoch, β is the weight coeffi-

cient. Here, β is 0.9. 

In the push task, the success rate of demonstration data is

99.555%, and the results show that DDPGfD achieves 95% success

rate in the 31st epoch, DDPG achieves 95% success rate in the

80th epoch, DGAIL achieves 95% success rate in the 80th epoch,

and the SGAIL method achieves 5% success rate in the 100th

epoch. In the pick-and-place task, the success rate of demonstra-

tion data is 98.495%, DDPGfD achieves 95% success rate in the 36th

epoch, DDPG only achieves 56% success rate in 100th epoch, DGAIL

achieves 95% success rate in the 65th epoch, and SGAIL achieves 6%

success rate in the 100th epoch. 

Through this experiment, we can see that the DGAIL method

can effectively learn the reward function from the demonstration

data and guide the generator to complete the learning tasks.

Through the training of DGAIL, the final success rate of the agent

is only about 2% different from the demonstrations. Meanwhile,

DGAIL performs better in learning speed. It is obvious from the

push task and the pick-and-place task that the learning speed of
GAIL, which does not use the environmental rewards, is basically

etween DDPGfD and DDPG, but it is much faster than the SGAIL

ethod. Moreover, compared with DDPG, the learning speed of

GAIL is less affected by the difficulty of the task. Both in the

ush task and pick-and-place task, the learning effect of DGAIL

iffers slightly, but for DDPG, the change of task difficulty will

ead to great difference in learning effect. 

.3.2. The imitation effect of DGAIL 

In order to prove that the actor loss of our method can effect

mprove the learning effectiveness of the agent, this experiment

ompares the learning results of DGAIL with different actor loss

arameters. Tables 1 and 2 show the learning results of DGAIL

fter 100 training epochs in the push and pick-and-place tasks,

hich are represented by the average values of 500 groups

f tasks. We use the mean square error (MSE) between the

emonstration trajectory and the action trajectory of DGAIL to

epresent the imitation effect of the agent, and the average time

f completing target task is used to express the completion effect

f target task. The trajectory of the robot is determined by the

osition of the end of the manipulator, which is represented by a

hree-dimensional vector, so the MSE distance at each time-step

s calculated as the mean square error of two three-dimensional

ectors. The average time of completing target task is the average

umber of steps required for the robot to complete 500 groups

asks. Fig. 5 shows a comparison between the output trajectories

f the robot and the expert trajectories during the pick-and-place

ask, in which the blue curve is the trajectory of the expert, the

reen curve is the trajectory of the robot, and the red pentagram

epresents the target location where the object is to arrive. 

In experiment, the IM loss can effectively accelerate the learn-

ng speed of the agent and improve the learning effect of the

GAIL method. However, when the weight hyperparameter ζ 2 

ncreases from 20 to 50, the agent will more focuses on the be-

avioral cloning of demonstration data rather than the exploration

f RL, and the completion time will increases. For the parameter

3 , the MSE of our method with action loss is smaller than that

ithout action loss. Therefore, the action loss can effectively re-

uce the fluctuation of the output policy. However, we also can see

hat there is no obvious trend of increasing or decreasing. So, the

esults are relatively insensitive to the hyperparameter settings. 

The results show that the discriminator can learn the demon-

tration action and predict the reward function to guide the
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Table 1 

The learning result of DGAIL with different hyperparameters in the push task. 

ζ 2 of IM loss ζ2 = 50 ζ2 = 20 ζ2 = 10 ζ2 = 5 ζ2 = 1 ζ2 = 0 . 5 ζ2 = 0 

MSE 3.656 2.101 3.652 4.391 2.980 3.515 8.376 

Completion time (steps) 21.371 18.581 20.867 22.463 19.152 21.839 47.756 

ζ 3 of action loss ζ3 = 10 ζ3 = 5 ζ3 = 1 ζ3 = 0 . 5 ζ3 = 0 

MSE 3.405 4.221 2.048 3.260 3.331 

Completion time (steps) 19.531 29.202 17.960 18.359 18.551 

Table 2 

The learning result of DGAIL with different hyperparameters in the pick-and-place task. 

ζ 2 of IM loss ζ2 = 50 ζ2 = 20 ζ2 = 10 ζ2 = 5 ζ2 = 1 ζ2 = 0 . 5 ζ2 = 0 

MSE 2.833 1.741 1.956 2.054 2.428 3.563 8.692 

Completion time (steps) 16.934 13.362 14.365 15.440 15.328 15.591 47.440 

ζ 3 of action loss ζ3 = 10 ζ3 = 5 ζ3 = 1 ζ3 = 0 . 5 ζ3 = 0 

MSE 1.802 2.214 1.614 2.301 2.823 

Completion time (steps) 14.229 14.412 13.081 15.179 17.069 

Fig. 5. Contrast diagram of robot trajectories and expert trajectories. 
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enerator, so the output of the robot is close to the demonstration

ction. Moreover, because of the action loss of actor network, the

otion smoothness of the robot is better than the demonstration

ction as shown in (b) and (e) of Fig. 5 . 

.3.3. The learning result of DGAIL with different random seed 

Compared with the on-policy reinforcement learning methods

uch as PPO and TRPO, DDPG is prone to unstable in the train-

ng process, and the combination of DDPG and GAN will be more

nstable. To alleviate the instability of training process, in DGAIL,

he demonstration data are input into discriminator to obtain the

eward function, and they are also input into the experience re-

lay buffer of the generator, so that DGAIL can learn better from
he demonstration data rather than simply from the exploration

ata. In order to verify the stability of DGAIL, we compare it with

he traditional DDPG method and the DDPG-GAIL with different

andom seeds. In this experiment, DDPG-GAIL and DGAIL use ran-

om sampling to replay the exploration data and the demonstra-

ion data, the ratio between them is 1:1, and the artificially set

eward function is not used. 

Figs. 6 and 7 show the learning results of the push and pick-

nd-place tasks, which represent the learning effect of the robot

ith different methods and random seeds. The black, blue and red

urves show the learning effect of DGAIL, DDPG-GAIL and DDPG,

espectively. The green dashed line represents the success rate of

emonstration data. 
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Fig. 6. Learning curves of the push task with different random seeds. 

Fig. 7. Learning curves of the pick-and-place task with different random seeds. 
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The success rate of demonstration data in push task is 99.56%

with 98.50% in pick-and-place task. For the DDPG-GAIL method,

under the guidance of discriminator, the agent can complete the

push task three times and complate the pick-and-place two times

with four different random seeds. The agent in the DDPG method

can complete both the two tasks with different random seeds,

but the curves show that the learning speed of DDPG is much

lower than our DGAIL method. For both two tasks, DGAIL com-

pletes the tasks under the guidance of the discriminator and ul-

timately achieves a success rate about 96%. All the result curves of

DGAIL method can almost ignore the impact of different random

seeds. 

We can see that, in the face of different states of the tasks,

DGAIL can effectively train from the demonstration data and guide

the generator to complete the task. Compared with DDPG-GAIL,

DGAIL has higher stability. Furthermore, DGAIL can improve the

utilization of demonstration data and makes the demonstration

data play a greater role in robot learning. DGAIL can better inte-

grate GAN with the deterministic policy reinforcement learning

method, especially the deterministic off-policy reinforcement

learning method. 

5. Conclusions 

In order to solve the problem that the SGAIL method needs long

training time for robot, the DGAIL method, which combines DDPG

and GAN, is proposed in this paper. First, the discriminator is used

to learn the reward function from demonstrations, which can guide

the generator to complete the robot grasping task. Then, DDPG is

used as the generator for learning action policy on the basis of

discriminator. In particular, the demonstration data is also input

into the generator to ensure its performance. The experimental

results show that, first of all, the DGAIL method can complete the

robot motion planning task without environmental reward quickly.

In pick-and-place task, the learning speed of DGAIL is about 3

times that of DDPG. Moreover, the difficulty of tasks has less affect

on the learning speed of DGAIL. Secondly, the output trajectory

of DGAIL has high consistency with the expert trajectory. Thirdly,

the DGAIL method improves the stability of the training process.

In the following work, we will extend the full connected network
tructure into the convolution neural network or the LSTM net-

ork, in order to complete more complex tasks, such as end-to-

nd reinforcement learning task or robot complex operation task. 
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