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Abstract Generative adversarial imitation learning (GAIL) directly imitates the behavior of experts

from human demonstration instead of designing explicit reward signals like reinforcement learning.

Meanwhile, GAIL overcomes the defects of traditional imitation learning by using a generative adversary

network framework and shows excellent performance in many fields. However, GAIL directly acts on

immediate rewards, a feature that is reflected in the value function after a period of accumulation.

Thus, when faced with complex practical problems, the learning efficiency of GAIL is often extremely

low and the policy may be slow to learn. One way to solve this problem is to directly guide the action

(policy) in the agents’ learning process, such as the control sharing (CS) method. This paper combines

reinforcement learning and imitation learning and proposes a novel GAIL framework called generative

adversarial imitation learning based on control sharing policy (GACS). GACS learns model constraints

from expert samples and uses adversarial networks to guide learning directly. The actions are produced

by adversarial networks and are used to optimize the policy and effectively improve learning efficiency.

Experiments in the autonomous driving environment and the real-time strategy game breakout show

that GACS has better generalization capabilities, more efficient imitation of the behavior of experts,

and can learn better policies relative to other frameworks.
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1 Introduction

Decision-making problems[1] represent an important type of problem in the field of artificial
intelligence[2]. Those problems pertain to identifying policy to achieve established goals[3], for
example, an intelligent vehicle that must make driving policy to achieve safe, efficient, and
human-like driving. Reinforcement learning (RL) and imitation learning are two of the most
promising methods to solve decision-making problems[4].

RL is a powerful and popular framework that enables learners to deal with complex contin-
uous control tasks[5]. The main idea of RL is to make the agent interact with the environment
continuously. The agent can learn the policy by maximizing the cumulative reward expectation
obtained from the environment. Although RL has achieved great success in agent learning,
traditional RL is based on an unsupervised mode which cannot apply the prior knowledge of
experts[6]. Current expert systems accumulate extensive prior knowledge, and this feature can
provide guidance for agents and accelerate the learning process[7]. To fully utilize prior knowl-
edge, researchers proposed the reward shaping[8] and control sharing[9] methods and applied
expert rules to guide the reward and action in the learning process, respectively. Griffith and
Subramanian, et al.[9] used the Lyapunov function to model the reward in the RL learning pro-
cess and employed external extra reward to improve RL learning efficiency[10]. Knox and Stone
applied the control sharing method TAMER[11] and proved that control sharing can improve
learning efficiency[12]. However, the reward shaping and control sharing techniques are limited
to the existing expert rules and cannot be generalized effectively.

At the other extreme, imitation learning[13] can obtain direct feedback from prior decision
data. More specially, imitation learning can solve decision-making problems by imitating the
samples demonstrated by experts. Generative adversarial imitation learning (GAIL)[14] is a
method of imitative learning and uses the framework of a generative adversarial network to
overcome the shortcomings of traditional imitative learning, such as the computational burden.
GAIL shows excellent performance in large-scale problems and has been widely utilized[15].
Compared with RL, imitating learning represented by adversary network can make full use of
prior knowledge such as expert rules and generate generalized rules which can flexibly cope
with more complex situations[16].

However, GAIL lacks a reward mechanism and cannot directly interact with the environ-
ment. Once the environment changes suddenly, a long period of accumulation is necessary to
reflect the imitation learning, a situation which leads to slow convergence of the policy learn-
ing process[17]. When the environment changes, adapting to the new environment requires an
extensive period and thus slows down the convergence of policy learning process.

This paper combines RL and imitation learning and proposes generative adversarial imi-
tation learning based on control sharing (GACS) which automatically learns model constraint
from expert samples and directly guides action policy in the learning process. Compared with
the reward guide algorithm such as GAIL, this algorithm can directly learn the action policy
from expert samples. To verify the effectiveness of the algorithm, we apply our algorithm in
a driving task environment with varying traffic density and a typical strategy game of Atari.
The algorithm eliminates the complexity of manually establishing expert rules and automati-
cally learns model constraints from offline expert samples to guide the RL algorithm to learn
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the action policy. The experimental results fully confirm that the GACS algorithm has better
learning efficiency and generalization ability, and can learn better policies.

The rest of this paper is arranged as follows. The second section describes research related
work and background issues. In the third section, we describe our GACS method and introduce
how to guide the model free RL implementation to learn more efficiently. The experiment,
results and discussion are given in the fourth section. The conclusion and further work are
discussed in the fifth section.

2 Related Technologies

This section introduces the problem of RL and the concept of reward shaping, control
sharing, and GAIL which are foundations of this paper.

2.1 MDP and RL

RL is a general class of algorithms in the field of machine learning that aims at allowing an
agent to learn how to make sequential decisions in an environment wherein the only feedback
consists of a scalar reward signal[8]. An MDP is a commonly adopted framework for RL problems
and can be defined by a 4-tuple {S,A, r, P}, where S is a discrete or continuous state space; A
is a discrete or continuous action space; and ¯r : S ×A→ R is the reward function, where state
i ∈ S, after performing an action a ∈ A, transforms into state j ∈ S.

The decision-making objective is Formula (1), which is the total expected return function,
where E(·) is a mathematic expectation, γ is the discount factor, and rt is an immediate reward
for performing an action in a state at time t.

RT = E

[
T∑
t=0

γtrt

]
. (1)

RL optimizes the object of the value function or policy to finally realize the control optimization.
Assume that St and At states and actions set at time t. πt is a policy at time t, π = (π0, π1, · · · )
is the MDP action policy set, and the action policy set is a mapping π : S → A. The decision
objective can be maximized with any initial state. The MDP state value function is as follows:

V π(s) = Eπ

[ ∞∑
t=0

γtrt|s0 = s

]
, (2)

where Eπ(·) is the mathematical expectation of policy π. V π(s) is the total expected return
under policy π with a discount on the subsequent state. The value of a state S is defined under
policy π, and V () is the expected return when starting in S and according to the policy π. The
concept of the value function is introduced to optimize a policy. The action value function is
defined as

Qπ(s, a) = Eπ

[ ∞∑
t=0

γtrt|st = s, at = a

]
(3)

Q-learning is inapplicable to high-dimensional state environments. In DQN[18], the Q function
can be approximated by a neural network. The Q function is represented by Q(s, a; θ). The
DQN has two mechanisms for improving learning performance: Replay memory and target net-
work. The state correlations are weakened by uniformly sampling from the replay memory. The
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temporal difference (TD) loss function can be written as y−Q(s, a; θ)2, where y = Q(s′, a′; θ′)+r
and a′ = argmax

a
Q(s′, a; θ). θ represents the current Q function parameter, and θ′ represents

n before the times Q function parameter, which is updated to θ with a fixed frequency. The
DQN can use high-dimensional information as the Q-learning inputs, such as when using pic-
tures as the inputs. In deep Q-learning, the Q function can approximate by neural network,
the Q function represented by Q(s, a; θ) and parameterized by θ. When training, actions are
select from each time step according to an exploration policy, such as an ε− greedy policy that
selects the currently estimated best action arg maxa∈AQ(s′, a|θ′) with probability 1 − ε, and
takes a random exploratory action with ε probability. The deep neural network can be trained
by iteratively minimizing the following loss function:

L(θi) = E
[(
R+ γmax

a′
Q(s′, a′; θi−1)−Q(s, a; θi)

)2]
. (4)

One key technology of DQN is experience replay[19], which is adapted to break the strong
correlations between consecutive state inputs during the training. The experience can be defined
as a tuple et = (st, at, rt, st+1) in computer memory, where st is the state input at time t, at is
the action taken at time t, rt is the received reward at t, and st+1 is the next state transited
from st after taking at. Especially, recent experiences are stored to construct a replay memory
D = e1, · · · , eN , where N is the memory size. Instead of using online data in the original order,
training is performed θ by sampling experiences from the replay memory to update the network
parameters θ.

2.2 The Reward Shaping and Control Sharing

In the reward shaping of RL, external extra reward guidance is used to improve the learning
efficiency, an approach which is indirect. Some studies have extended the reward method to
the partially observable MDP problems[20] and model-based RL[21]. Reward shaping has a
considerable long-term impact on the development of RL. Ofir and Rosman proposed a Bayesian
reward formation framework which uses prior belief that decays with experience to increase
the reward distribution to reward shaping[22]. Another direct method is the control sharing
method, which directly provides suggestions to the agent and controls the actions which the
agent chooses to perform[23]. Yu and Wang, et al. applied the form of human intervention to the
RL of control sharing and verified that the control sharing method was better than the reward
method[24]. The method of control sharing entails taking human experience or expert rules as
a specific action policy and directly acting on agents to obtain the policy. We define the policy
π(s, a) ∈ πa learned by agents using RL and the policy obtained from human prior knowledge
or expert rules as πh(s, a) ∈ πh. We define

∏
(π, πh) ∈ πa as the joint behavior decision of

RL and expert rules. The control sharing policy proposed in this paper is a typical algorithm
based on action policy. Unlike reward shaping, control sharing takes an approach that does not
provide agent advice indirectly but makes agents directly choose an action according to expert
rules or use action policy learned in the process of RL. We define the joint policy as follows:∏

(π, πh) = π(s, a)l ∗ πh(s, a)(l−1), (5)

where l is the Bernoulli random variable which controls the agent to select the action, and
the action policy obtained by RL or by using expert rule. In this study, we use the prior
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knowledge of expert rules to guide the RL. However, in practice, we often obtain very simple
rules. Ascertaining the rules with wide coverage and high income is also difficult. However, we
can collect some excellent samples to guide RL.

2.3 Generative Adversarial Network and Imitation Learning

The Generative adversarial networks (GAN) consists of two networks: A generator network-
G and a discriminator network-D. The two networks compete and learn from each other with
the idea of game theory. The purpose of a generator network is to learn the distribution
of real sample data as far as possible until the real sample data cannot be recognized by a
discriminator network. Conversely, the purpose of the discriminator network is to correctly
distinguish whether the samples are from the realistic samples generated by the generator or
from the real samples from the real world. We train both networks simultaneously, and they
will become increasingly better over time.

The goal of imitation learning is to learn how to perform tasks directly from expert demon-
stration samples without any reward signal r. Generally, imitation learning involves two meth-
ods: 1) behavior cloning (BC), which learns policy by supervised learning, and whose learning
samples entail state action pairs from expert tracks[25]; and 2) apprenticeship learning (AL)[26],
which assumes that the expert policy is optimal under some unknown rewards and learns policy
by restoring rewards and solving planning problems. Given the composite error and covariate
drift, BC has poor generalization properties. By contrast, AL has the advantage of learning the
reward function which can be used to score the trajectories, but AL usually runs at a higher
cost because the reward function must be solved repeatedly in each episode of RL.

GAIL is an apprenticeship learning method based on generative adversarial network. In
the GAIL framework, the agent imitates the behavior of expert policy πE by matching the
generated state action distribution with the expert distribution. The GAIL objective function
is expressed as

min
π

max
D∈(0,1)S×A

Eπ[logD(s, a)] +EπE [log(1−D(s, a))]− λH(π), (6)

where π is the policy that wishes to imitate πE , D is a discriminator classifier which tries
to distinguish state-action pairs from the trajectories generated by π and πE , and H(π) =
Eπ[− log π(s|a)] is the γ-discounted causal entropy of the policy πθ [14]. GAIL and other imita-
tion learning methods have been widely applied and studied. Hilleli, et al. applied imitation
learning to generate a driving policy and used RL to optimize the policy[27]. Codevilla uti-
lized imitation learning in an automatic driving environment and improved its scalability and
limitations[28]. GAIL introduces a generative adversarial network into imitation learning, uses
a generator to generate action, and employs a discriminator to judge whether or not the action
comes from expert policy. In the above research, imitation learning methods train the deci-
sion model by imitating data in the expert field, such that the algorithm does not rely on the
constraints of artificial expert rules to guide the learning of agents.

3 Method

In the real world, good samples are easier to obtain than perfect expert rules. For exam-
ple, in autonomous driving, obtain excellent human driving data is more straightforward than
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obtaining excellent expert rules[29]. Similarly, in the field of games, formulating perfect game
playing strategies is difficult, but we can record the data of excellent players[30].

In this research, we can obtain expert samples and learn a policy. To better guide the ex-
ploration and learning of RL and effectively improve the learning efficiency, we proposed GACS
based on control sharing policy, as shown in Figure 1. Model constraints are automatically
learned from expert samples, and action policies are directly obtained from expert samples.
The idea of GACS is similar to the generative adversarial network, which also consists of a
generator and discriminator. The generator network in this work is composed of deep rein-
forcement learning (DRL)[31], and the discriminator network is composed of a neural network.
Taking the automatic driving environment as an example, the generator network uses DQN
to generate more realistic sample tracks until it deceives the discriminator network, which is
equivalent to two classifiers. After continuous training of the neural network, its recognition
ability is improved, and the real samples and forced true samples are distinguished. The two
compete with each other until an algorthe Nash equilibriumithm is reached. The definition is
as follows:

min
ψ

max
θ
V (θ, ϕ) =E(s,a)∼χE

[logDψ(s, a)] +E(s,a)∼χθ

[log(1−Dψ(s, a))]− λ0C(πθ) + λ1r(πθ) + λH(π),
(7)

where χθ = (s1, a1), (s2, a2), · · · , (sT , aT ) represents the realistic trajectory generated by the
generator, χE is the true track represented by the expert sample, and Dψ is the discriminator
ψ and θ are the parameters of discriminator and generator respectively. πθ indicates the policy
under the current parameter. In our method, we setting λ0 ∈ (0, 1), Dψ(s, a) indicates the
probability which is the discriminator used to judge the probability of state action pairs (s, a)
generated by expert policy. According to the probability, we can deduce the expert policy
in the current state C(πθ) = argmaxπθ

Dψ(s, a), use C(πθ) constraint generator generates
policy directly. In the initial stage of training, since the effect of the generator sample is
much worse than that of the discriminator sample, we can increase the value of λ0 to guide the
generator with higher probability. When the generator sample distribution is close to the expert
distribution, the generator is encouraged to explore more by reducing the value of λ0 to improve
the generalization ability of the model. λ1 > 0 is a hyperparameters, when the performance
of experts is not the best, any policy in discriminator training will also be suboptimal. To
solve this problem, we add reinforcement learning reward function r(πθ) = rsafe + rspeed, for
policy optimization. The following experiments show that by using the guidance generator
to further explore the environment on the basis of expert samples to achieve better results
than expert samples. H(πθ) is the policy casual entropy defined as Eπθ

[− log πθ(a′|s, a) with
hyper-parameter λ.

In GACS, combining control sharing with GAIL, and the control sharing mechanism is
used to replace reward and guidance mechanism. GACS uses the policies learned from expert
samples to guide the agent’s action in the process of confrontation directly. Similar to GAIL,
the training process of game between the policy and reward function of GACS can be divided
into the following four steps: 1) Use the neural network to train Dψ which is allocated to policy
χE as much as possible rewards and policy χθ is as small as possible rewards; 2) Under the
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constraints of the expert sample policy, use the DQN to train χθ, so that it is steadily updated in
the direction of maximizing the gradient of the accumulated reward value, in order to approach
(Equation (7)); 3) repeat 1) and 2), r(πθ) and C(πθ) will be closer to the real reward function
policy, and guide χθ to approach χE . 4) In the end, the policy and reward function reach the
Nash equilibrium. At this time, Dψ can no longer correctly distinguish the source of χθ and
χE , and the χθ generated sample distribution can perfectly fit the sample distribution of χE ,
so no adjustment is needed. The specific process of the algorithm is as follows:

Q

(
st| argπθ

a
(st)

)
← Q

(
st| argπtθ

a
(st)

)

+ α

[
r(st, a, st+1) + γmax

a
Q(st+1|C(πθ))−Q

(
st| arg πθ

a
(st)

)]
.

(8)

Q(st| argπθ
a

(st)) indicates the Q value of reinforcement learning at the current time. The

Q value is updated by using the current Q value: Q(st| arg πθ
a

(st)). Formula (8) uses the

reinforcement learning Q-learning update method. We use the method of strategy to express
its action. We build the discriminator and generator in Line 1. In Lines 3 to 5, we use DRL to
train the generator and output realistic samples into the generation network. From Lines 6 to
12, the real-world expert samples and the realistic samples of the generator are trained against
each other, and the probability of the samples being true samples is expressed as the output.
According to the probability of samples, the algorithm decides the probability of the output
action to guide the agent’s learning.

Figure 1 Generative adversarial imitation learning with control sharing

4 Experimental Evaluation

In the future, we hope our algorithm can be used in real environments, so we try to test the
performance of our algorithm in different environments. We chose the Atari game environment
where most of the reinforcement learning algorithms are tested, and we tested the algorithms in
a simulated highway environment. This shows that our algorithm may be effective in different
tasks, and makes some preparation tests for future applications in real environments.
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Algorithm 1 Generative Adversarial Control Sharing
1: Input: Expert trajectories χE , initial policy and discriminator parameters θ0, ψ0. Given

empty experience buffer B.
2: for i = 0, 1, · · · do
3: for j = 0, 1, · · · do
4: Act on environment: at = maxaQ∗(st, at; θ)
5: Push (s, a, s′) into B
6: end for
7: Sample trajectories χE
8: Update the discriminator parameters from ψi to ψi+1 with the gradient
9: E∼χE [∇ψ log(Dψ(s, a)) + E∼χθ

[∇ψ log(1 −Dψ(s, a))]]
10: Specifically, take a KL-constrained natural gradient step with:
11: E∼χE [∇θ log πθ(a|s)Q(s, a)]− λ0∇θC(πθ) + λ1∇θ(πθ) + λ∇θH(πθ)
12: where Q(s, a) update the parameters of θ by Equation (7) with policy:
13: C(πθ) = arg max

πθ

Dψ(s, a)

14: end for

First, we apply the algorithm to a driving task with changing traffic density. In this task,
the agent chooses a lane change decision adaptively according to the changing state of the
traffic environment, and imitates the driving action of expert samples. Then we extend it to
an Atari game (Breakout). Agents must consider the movement of the ball on the screen and
the destruction of bricks to choose their own skills and take corresponding strategies. For these
two tasks, our algorithm evaluates four baselines: PPO[32], DQN[33], expert rule-based control
sharing policy (CS), rewarding shaping policy (RS) and GAIL. On the basis of expert rules,
the control sharing policy and reward shaping use artificial expert rules as model constraints
to guide the agent’s learning process, a technique which is equivalent to the real-time guidance
of experts in agent learning.

4.1 Autonomous Driving Experiment

We use RL method to solve the cooperative problem of intelligent vehicle. Firstly, the
intelligent vehicle learning problem is defined as RL problem. Then, we describe the state,
action and reward setting of MDP model which using in RL method to train a single intelligent
vehicle. In the driving policy learning method based on RL, each intelligent vehicle on the road
is regarded as an agent, the whole road and vehicle information are regard as a state.

4.1.1 State Setting

In vehicle RL, the state S is the main factor that affects the decision of the vehicles. The
state of each vehicle consists of a ten tuple of (l, v0, vi, di) (i = 1, 2, 3, 4). We use the symbol l
to denote the lane in which the intelligent vehicle is located, with l = 0 denoting the intelligent
vehicle on the driving lane and l = 1 denoting the intelligent vehicle on the overtaking lane. In
this paper, we use index 0 to represent the state of intelligent vehicle, and i (i = 1, 2, 3, 4) to
represent the index of neighboring vehicles around the intelligent vehicle. As shown in Figure
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2, we use index 0 to represent intelligent vehicle, the index 1 to represent the lead vehicle which
is on the driving lane, the index 2 to represent the lag vehicle which is on the driving lane,
the index 3 to represent the lead vehicle which is on the overtaking lane and the index 4 to
represent the lag vehicle which is on the driving lane. The lead vehicle is the nearest vehicle in
front of the intelligent vehicle and is in the same lane. The lag vehicle is the nearest vehicle in
rear of the intelligent vehicle and is in the same lane.

The v0 is the velocity of the intelligent vehicle; and the vi is the velocity of neighboring
vehicles around the intelligent vehicle and the distance di is the distance between neighboring
vehicles around the intelligent vehicle (i = 1, 2, 3, 4). As shown in Figure 2. The v1 is the
velocity of the lead vehicle when the lead vehicle is on the driving lane. The v2 is the velocity
of the lag vehicle when the lag vehicle is on the driving lane. The v3 is the velocity of the lead
vehicle when the lead vehicle is on the overtaking lane. The v4 is the velocity of the lag vehicle
when the lag vehicle is on the overtaking lane. d1 is the distance between the intelligent vehicle
and the lead vehicle when the lead vehicle is on the driving lane. d2 is the distance between
the intelligent vehicle and the lag vehicle when the lag vehicle is on the driving lane. d3 is the
distance between the intelligent vehicle and the lead vehicle when the lead vehicle is on the
overtaking lane. d4 is the distance between the intelligent vehicle and the lag vehicle when the
lag vehicle is on the overtaking lane.

Setting a low dimensional state space can reduce the complexity of the problem and speed
up the learning process, so the state can be reduced from ten dimensions (l, v0, vi, di) to five
dimensions (l, ti), ti is the remnant reaction time (RRT), which indicates the shortest time for a
vehicle to collide with surrounding vehicles. Assuming that the lag vehicle takes a braking action
at TN time to just meet the shortest safety distance (just avoiding a collision), the remaining
reaction time refers to the remaining time of the lag vehicle before TN time. Therefore, we
use the ratio of the remnant reaction distance and the speed of the lag vehicle instead of the
relative speed. We define the symbol t1 for the remnant reaction time of the intelligent vehicle
and neighboring vehicles. We explain ti in detail here. When the lead vehicle on the driving
lane the is the remnant reaction time between the intelligent vehicle and the lead vehicle. When
the lag vehicle on the driving lane the t2 is the remnant reaction time between the intelligent
vehicle and the lead vehicle. When the lead vehicle on the overtaking lane the t3 is the remnant
reaction time between the intelligent vehicle and the lead vehicle. When the lag vehicle on the
overtaking lane the t4 is the remnant reaction time between the intelligent vehicle and the lag
vehicle. In details, t1 = (d1−ds1)/v0, t3 = (d3−ds3)/v0, t2 = (d2−ds2)/v2, t4 = d4−ds4)/v4.

dsi is the shortest safe distance between two vehicles. For example, ds1 is the shortest
safety distance between the intelligent vehicle and the lead vehicle on the driving lane. ds2 is
the shortest safety distance between the intelligent vehicle and the lag vehicle on the driving
lane. The shortest safety distance is the distance difference between the two vehicles when they
decelerate from the current velocity to 0. In more detail, if the distance between two vehicles is
greater than the shortest safe distance, there will be no collision; if it is less than the shortest
safe distance, there will be a collision.

As shown in Figure 3, We use s0 (the distance of intelligent vehicle when it decelerates
from current speed to 0) and s1 (the distance of lead intelligent vehicle when it decelerates
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from current speed to 0) in Figure 3 to calculate ds1. The derivation process is as follows:
ds1 = s0−s1, s0 = v0Δt0 +1/2∗a0Δt20, Δt0 = v′−v0

a0
. Combining ds1 and Δt0 get s0 = (v′0)

2−v20
2∗a0

,
where v0 is current velocity of the intelligent vehicle, the shortest safe distance requires the
distance difference between two vehicles decelerate from current speed to 0 at the same time,
therefore the velocity v′0 value is 0. a0 is the deceleration of intelligent vehicle and the value is
a0 = 6m/s2[34]. Δt0 is the time required for the velocity to from v0 to v′0. Since v′0 is 0, it can
be eliminated in. It is necessary to substitute a negative sign in the calculation of distance by
using deceleration a0, therefore the negative sign can cancel in, and finally we get the distance:
s0 = v2

0/(2 ∗ a0). In the same way, we can get the distance: s1 = s21/(2 ∗ a1). v1 is the velocity
of the lead vehicle. According to [34], the deceleration of the lead vehicle is a1 = 4m/s2 and
use a predefined distance 10 m to represent the reaction distance and the lead vehicle’s length.
Finally, we get the shortest safe distance: ds1 = v2

0/(2a0) − v2
1/(2a1) + 10. Similarly, we can

get ds2 = v2
2/(2a0) − v2

0/(2a1) + 10, where v2 is the velocity of the lag vehicle. The specific
derivation process is the same as ds1, and the other parameters are the same as above. Further,
we can get ds3 = v2

0/(2a0) − v2
3/(2a1) + 10 and ds4 = v2

0/(2a0) −v2
4/(2a1) + 10 use the same

derivation process.
When the decision is not to change lanes and there is a vehicle in front, the vehicle following

velocity is vp, which is the following velocity when the intelligent vehicle in the driving lane or
overtaking lane. The following kind of heuristics can be adopted to realize the vehicle-following

Figure 2 Status representation of No. 0 intelligent vehicle

Figure 3 Schematic diagram of intelligent vehicle driving parameter calculation
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mode l and compute the planned speed: If (d1 − df > 10 m) and (v1 − v0 > 3.6) ⇒ vp =
(v0 + 0.25(d1 − df ) + 1.5(v1 − v0)) m/s, where df = (v2

0/2a1 + 5) m is the vehicle following
distance with a1 = −6m/s2 and 5 m is the vehicle length[25]. The heuristic means that the
vehicle should move faster to catch up with the lead vehicle if their distance is more than 10
m and their relative velocity is more than 3.6 m/s. Other situations can be transformed to
this kind of heuristics similarly. vt is the driving velocity before the next decision. When the
intelligent vehicle in the driving lane, the maximum velocity of the vt is vt = 30 m/s. When
the intelligent vehicle in the overtaking lane, the maximum velocity of the vt is vt = 40 m/s[34].

4.1.2 Action and Reward Setting

When designing the action policy of autonomous driving, we consider two kinds of actions
a = (0, 1), a = 0 indicates that the vehicle is driving in the driving lane, and a = 1 indicates
that the vehicle is driving in the overtaking lane. Combined with the actual driving situation,
we prioritize safety and speed in autonomous driving to improve the traffic efficiency and reduce
the time cost to evaluate the chosen actions. We define the reward function as follows:

r =

⎧⎪⎪⎨
⎪⎪⎩

min(t1, t2), l = 0 and d1 > 3 and d2 > 3,

min(t3, t4), l = 1 and d3 > 3 and d4 > 3,

−40, if collision,

(9)

rspeed =

⎧⎨
⎩vp − vt, if vp > vt,

0, else.
(10)

Equation (8) means that when a vehicle collides, it will be severely punished, indicating
that vehicle safety is the most important priority. When a vehicle is driving in a safe state,
the distance between the vehicle and the lead/lag vehicle is greater than a certain safe range
di > 3. It means that the longer RRT keep in an emergency, the vehicle will obtain the higher
safety. In all other cases, when the distance between the vehicle and the lead/lag vehicle is less
than 3 m, the vehicle will also be punished because the distance between the vehicles is too
short, which can easily lead to collision accidents.

The reward sspeed value means that when the autonomous vehicle chooses a lane, it can
maximize its speed under the premise of ensuring safety. When a vehicle is following at the
planned speed vp, the vehicle will not be punished if the speed vp is controlled to be less than
vt to ensure safety; when the vehicle chooses to overtake another vehicle for faster driving, the
difference between the current actual speed vp and vt is used as the reward of the vehicle to
avoid over-conservative decision making of vehicle selection. Note that our intelligent vehicle
learning environment is a simple highway environment. The specific experimental parameters
are defined in Table 1. Our hyperparametric selection is based on the literature [14], [24] and
[32].

Figure 4 shows the comparison of the cumulative average rewards for the training of DQN,
CS, RS, GAIL and GACS, wherein the horizontal axis is the step (each step represents 10
episodes) and the vertical axis represents the average cumulative reward of the 10 episodes in
each step. Figure 4(a) indicates that the externally guided RL method (RS and CS) guides
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the agent to converge quickly and obtain higher rewards. As can be seen from Figure 4(b), the
DQN algorithm gradually converges after about 800 steps. However, due to expert rules, the
GAIL and GACS methods have already generated the guidance of adversarial samples. The
GAIL converges at about 500 steps, and the GACS converges at about 400 steps. The average
cumulative reward of GACS is obviously better than that of DQN, and the learning efficiency of
the GACS algorithm in the training process is also obviously better than that of GAIL. Further,
as the GACS method adopts the technique of direct action guidance, the training starting point
is higher and this direct guidance can converge faster.

Table 1 Hyperparameters of DQN, GAIL and GACS and road traffic simulation parameters

Hyper parameters value Parameters value

Learning rate 0.1 Starting speed v0 [18/s, 27 ms]

Discount rate 0.95
Overtaking lane speed limit 40 m/s

Driving lane speed limit 30 m/s

Exploration rate 0.1 Maximum acceleration 6m/s2

Exploration Decay 0.9 Minimum deceleration −2m/s2

(a) The reward and convergence speed of

DQN, Rewarding Shaping and Control

Shaping

(b) The reward and convergence speed of DQN,

GAIL and GACS

Figure 4 Performance comparison between the proposed and other algorithms

In addition, we test the overall performance and micro fluidity of traffic density algorithms.
Figure 5 shows the comparison of the average speed, lane change times, and minimum forward
distance according to DQN, GAIL, and GACS when traffic density increases from 5 to 20
vehicles. With the increase of vehicle density, the GACS method has less lane change times
than the DQN method, and although the speed decreases with the increase of traffic density,
GACS still outperforms the DQN and GAIL methods. Furthermore, with the increase of vehicle
density, the DQN method is closer to other vehicles, and GAIL and GACS are farther and safer
than RL. GAIL and GACS have similar speed with the increase of traffic density, but GACS
performs better than GAIL in the shortest distance between vehicles and lane changing times,
a situation which can maintain a larger safety distance and proves that the GACS algorithm
can learn better policy. The experiment fully proves that the result of using control sharing
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algorithm to guide intelligent vehicle lane changing is better than employing the DQN algorithm
without a model. Finally, we compared the time consumed in the training convergence of DQN,
GAIL, and GACS. The externally guided learning methods GAIL and GACS require less time
to converge than the unguided RL method. At the same time, given that GACS directly acts on
the learning action, the time required for convergence is less than that of the indirect learning
method GAIL.

(a) Average velocity at different vehicle densities
(b) Minimum vehicle distance under different

vehicle densities

Figure 5 Micro traffic indicators

4.2 Atari Experiment

We verified the performance of GACS in a Breakout game. As shown in Figure 6, the
breakout is a typical policy game in Atari. In the Breakout game, we use the video image as
the state input of RL. Within the scope of the screen, the player controls a small paddle that
can be moved left and right to control the direction of the ball. When the ball hits the brick
above, the brick is broken and the player is rewarded. When all the bricks are broken, the player
wins. The Atari game environment is a very good test environment, and many RL research
focus on this environment. For example, most of such works do not use image observations,
but several recent investigations have incorporated images into real-world[35–40].

(a) The game starts, and the

agent pops up a ball

(b) The ball files along the path
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(c) Without using the GACS method,

the agent will not move in advance

to predict the position of the ball

(d) When using the GACS method,

the agent experience will move in

advance to predict the position of

the ball

Figure 6 Using GACS method to train agents to play atria game

We also ran GACS on the Arcade Learning Environment benchmark (Breakout) and com-
pared it against the implementations of GAIL and PPO. We used the same policy network
architecture for all three algorithms. To solve the problem of partial observability during train-
ing, we spliced one frame every four consecutive frames. As shown in Figure 6(a), we used every
1000 frames as a step, and each method uses 1000 steps. As no expert rule sample exists in the
Atari game, our GAIL method employs the sample trained by PPO as the counter sample to
learn. Figure 6(b)(c) shows that the three methods can bounce the ball to the specified posi-
tion, but Figure 6(d) shows that our method can move the racket to the right in advance, and
the other two methods do not predict the action in advance. At the same time, we recorded
the convergence sample data of the PPO method as the guidance sample of GACS. Figure
7(a)(b) indicate that the convergence speed of the PPO method is slower than that of GAIL
and GACS. Although GAIL can obtain the same reward value as GACS because the latter is
a direct guidance method, the convergence speed of GAIL is faster than that of GACS.

(a) The convergence curves of GACS, GAIL

and PPO

(b) Training step required for convergence

of GACS, GAIL and PPO methods

Figure 7 The three methods of GACS, GAIL, and PPO train an agent to play the reward

curve of the Atria game and the steps required for convergence
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5 Conclusions

In this paper, we propose a generative adversarial learning method based on control sharing
(GACS). Compared with the model-free method, our technique needs less interaction with the
environment and fewer parameters to be adjusted. The experimental results show that: 1) By
using the existing or manually designed expert rules as the model, the learning efficiency of
the control sharing algorithm significantly outperforms that of a single expert rule decision and
model-free algorithm (DQN). 2) The model based on expert rules needs manual design, a feature
which is usually unrealistic for practical problems. The GACS does not use expert rules and
uses only expert samples as guidance. GACS is further better than the generative adversarial
imitation learning algorithm. Through the practice and verification in an autonomous driving
simulation environment and an Atari game environment, the feasibility of the GACS algorithm
to realize the efficient decision-making of an agent is fully confirmed. The GACS algorithm
can automatically learn model constraints from expert samples and then guide an agent to
explore and learn a model-free algorithm. The proposed framework eliminates the complexity
of establishing expert rules manually and can be used in practical application.
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