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Abstract
Deep reinforcement learning (DRL) has been studied in a variety of challenging decision-making
tasks, e.g., autonomous driving. However, DRL
typically suffers from the action shaking problem, which means that agents can select actions
with big difference even though states only slightly
differ. One of the crucial reasons for this issue is the inappropriate design of the reward in
DRL. In this paper, to address this issue, we propose a novel way to incorporate the smoothness
of actions in the reward. Specifically, we introduce sub-rewards and add multiple constraints
related to these sub-rewards. In addition, we
propose a multi-constraint proximal policy optimization (MCPPO) method to solve the multiconstraint DRL problem. Extensive simulation results show that the proposed MCPPO method has
better action smoothness compared with the traditional proportional-integral-differential (PID) and
mainstream DRL algorithms. The video is available at https://youtu.be/F2jpaSm7YOg.

1

Introduction

Deep reinforcement learning (DRL) has been widely recognized as a promising way to learn optimal policies in a wide
range of practical decision-making and controlling domains,
such as video games [Mnih et al., 2015] and robotic manipulation [Siekmann et al., 2021; Lillicrap et al., 2016]. One
of the most attractive characteristics of DRL is the ability
to learn optimal policies in a model-free manner, even in
complex environments with high-dimensional state and action space.
However, DRL typically suffers from the action shaking
problem, particularly in control problems with continuous actions, which means that agents can select actions with big
difference even though states only slightly differ. Although
the agent can achieve good task-specific rewards in simulations, action shaking may strongly affect the user experience
in many practical interactive applications. Some works [Neunert et al., 2019; Chen et al., 2021] propose to output an
∗
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“act-or-repeat” binary result to decide if the action at the previous step should be repeated to reduce the action shaking by
keeping the last action. However, since the “act-or-repeat”
decision is examined at every step depending on the current
environment state, this results in the loss of action diversity.
Song’s work [Song et al., 2020] adds a regularization term
to the objective function of actor-critic methods to constrain
the difference between neighboring actions to increase action
smoothness in autonomous driving tasks.
More crucially, action shaking has been one of the main
reasons limiting the deployment of DRL agents to real-world
domains such as autonomous driving scenarios, where safety
is the very first requirement [Chen et al., 2021]. The motion
control system of autonomous driving requires high smoothness of action, which is a crucial part of the autonomous driving system. It consists of lateral control and longitudinal control, which are coupled together. Lateral control has a longitudinal braking effect, and longitudinal control affects lateral
acceleration when turning, etc. At present, lateral and longitudinal cooperative control mainly uses traditional control algorithms such as PID control [Bellman, 2015], although PID
controllers have limited scenario generalization and rely on
hyperparameter tuning in different traffic scenarios. DRL has
the ability to respond to complex scenarios compared with
the traditional control algorithms. If the problem of action
shaking in DRL can be solved, it will be of great value for
real-world control tasks in autonomous driving.
Although some excellent works have studied the action
shaking issue, most existing works [Neunert et al., 2019;
Chen et al., 2021] focus on designing the action space of
DRL to solve it. Consequently, the reward in DRL is largely
ignored. However, the reward is a key factor that guides
DRL agents to search the optimal policy. In addition, action
smoothness metrics are often mutually exclusive with task rewards, so it is difficult to achieve the action smoothness objective and other objectives simultaneously.
To fill this gap, we propose a novel framework, multiconstraint deep reinforcement learning, to solve the action
shaking problem. The main contributions of this paper are
as follows:
• We propose a novel way to incorporate the smoothness
of actions in the reward of DRL. Specifically, we introduce sub-rewards and add multiple constraints related to
these sub-rewards in DRL to improve the smoothness of
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continuous motions.
• We propose a multi-constraint proximal policy optimization (MCPPO) method to solve the multi-constraint
DRL problem.
• Extensive simulation results in a wide range of autonomous driving tasks show that our proposed approach
can achieve better action smoothness compared with the
traditional proportional-integral-differential (PID) and
mainstream DRL algorithms.

infeasible solutions sub-optimal. Given CMDP in Eq.(3), the
unconstrained problem is
min maxL(π ?, λ?) = min max[J R(π)−λ(J C(π)−d)], (4)
|C| π
λ∈R
+

|C|

where λ ∈ R+ is the Lagrange multiplier vector. Eq.(4)
is usually solved by the primal-dual algorithms [Boyd and
Vandenberghe, 2014; Chow et al., 2017; Tessler et al., 2019;
Achiam et al., 2017]. The primal problem is denoted by
P ? : π ? = argmax L(π, λ? ).

2

π

Background and Related Work

In this section, we introduce constrained Markov decision
process, followed by constrained reinforcement learning.

And the dual problem is denoted by
D? : λ? = argmin L(π ? , λ).
|C|

2.1

λ∈R+

Constrained Markov Decision Process

Constrained Markov decision process (CMDP) [Altman,
1999] extends MDP [Sutton and Barto, 1998] to incorporate constraints into DRL. We define CMDP as the tuple
< S, A, R, C, d, P, ρ0 , γ, H > where S is the state space,
A is the action space, R : S × A × S → R is the reward function, C = {C i }m
i=1 is a set of cost functions
i
C : S × A × S → R+ , d : R|C| is the vector of constraint thresholds corresponding to every cost function C i ,
P : S × A × S → R∈[0,1] is the state transition probability
distribution, ρ0 : S → R∈[0,1] is the initial state distribution,
γ is the discount factor vector for reward and costs that we
|C|+1
assume γ ∈ R∈[0,1) and H is the episode horizon. The agent
interacts with the CMDP at discrete timesteps by performing its policy π : S × A → R∈[0,1] , generating a trajectory
of states and actions, τ = (s0 , a0 , s1 , a1 , . . . sH , aH ), where
s0 ∼ ρ(s), at ∼ π(·|st ) and st+1 ∼ P(·|st , at ). The objective of a constrained reinforcement learning agent is to find
a policy that maximizes the expected cumulative reward, denoted by
R

J (π) = Eτ ∼ρπ [

H
X

(γ 0 )t R(st , at , st+1 )].

(1)

t=0

Moreover, there is a constraint for every cost function C i ,
i

J C (π) = Eτ ∼ρπ [

H
X

(γ i+1 )t C i (st , at , st+1 )] ≤ di ,

(2)

t=0

where ρπ is the state-action marginals of the trajectory distribution induced by policy π, and di is the desired threshold
used to constrain the cumulative discount cost. Hence, the
optimal policy in CMDP is
π ? = argmax J R (π)
π

s.t.

2.2

C

(3)

J (π) ≤ d.

Constrained Reinforcement Learning

Constrained RL solves the CMDP problem by the Lagrange
multiplier method [Chow et al., 2017; Tessler et al., 2019].
In the Lagrange multiplier method, CMDP is converted into
an equivalent unconstrained problem. In addition to the objective, a penalty term is added for infeasibility, thus making
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(5)

(6)

Some works of CRL focus on how to optimize the dual
variables (λ) to satisfy cost constraint during policy learning, such as constrained policy optimization (CPO) [Achiam
et al., 2017], the PID Lagrangian method [Stooke et
al., 2020], projection-based constrained policy optimization
(PCPO) [Yang et al., 2020], etc. And these constraints are
usually related to safety. The main differences in our work
are that our method is committed to solve the multi-constraint
RL problems. This can be explained in two specific ways.
Firstly, we use cost constraints to define the problem objectives to search policy close to our expectations without requiring constraint satisfaction in the training process. Secondly,
our experiments validate the effectiveness of our approach
to solving multi-constraint reinforcement learning problems
in the autonomous driving control tasks, while most existing
works are based on experiments with single-constraint setting
of cost or sum of costs.
Paternain’s work [Paternain et al., 2019] proves that the
problems in Eq.(4) have zero duality gap ∆ = D? − P ? = 0
under Slater’s conditions. We note that the satisfiability of
Slater’s conditions is highly dependent on our constraint settings. Convergence proofs have relied upon updating the multiplier more slowly than the policy parameters [Tessler et al.,
2019], implying many constraint-violating policy iterations
may occur before the penalty comes into full effect. And
Tessler’s work [Tessler et al., 2019] introduces the fixed Lagrangian multipliers to guide the policy, which is useful for
multi-constraint RL problems. However, constraint satisfaction is required during training in the above work. By contrast, we do Lagrange multipliers adaption during training.

3

Problem Formulation

In this section, we introduce CMDP formulation of an autonomous driving smoothness control problem, including
state space, action space, reward function and constraints.
Autonomous driving tasks occur in environments that require
artificial rewards (no nature reward rte = 0). Figure 1 reveals
the insertion points of the reward and constraint design during
the interaction of an agent with its environment.

3.1

State Space and Action Space

The autonomous driving control task is to control the ego vehicle to drive smoothly under different road conditions. The

Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

澷濣濢濧濨濦濕濝濢濨澔澸濙濧濝濛濢
(࢙࢚ , ࢇ࢚ , ࢙࢚ା )

濇濨濕濨濙澔࢙࢚

濆濙濫濕濦濘澔࢚࢘

濆濙濫濕濦濘澔澸濙濧濝濛濢
࢘ࢋ࢚ + ࡾ(࢙࢚ , ࢇ࢚ , ࢙࢚ା )

࢘ࢋ࢚

where Ha is a list of historical actions of a certain length. The
effect in Eq.(9) is to penalize the action shaking. The comfort
reward Rc is related to acceleration and jerk, both of which
have longitudinal control and lateral control parts
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(10)
Rtc = α6 Racc + α7 Racc + α8 Rj + α9 Rj .
At time step t, the acceleration reward for the dth dimension
action is
t
X
d
∆t
Rtacc = −
|accdi |β ,
(11)
g
1

澵濗濨濝濣濢澔ࢇ࢚

澹濢濪

濂濕濨濩濦濙澔濆濙濫濕濦濘澔࢘ࢋ࢚ା

i=t−int( ∆t )

Figure 1: An agent-environment interaction architecture that introduces reward design and constraint design. In most environments
(e.g., autonomous driving), there are no nature rewards (extrinsic
rewards [Badia et al., 2020], rewards from environment). Rewards
and constraints are artificially designed based on human objectives.

and the jerk reward for the dth dimension action is
t
X
d
∆t
Rtj = −
|accdi − accdi−1 |β ,
g
1

(12)

i=t−int( ∆t )

state space includes the ego vehicle state and some waypoints
state. Please refer to Section A.1 of Appendix1 for details.
The continuous action space includes the longitudinal control about throttle or brake and lateral control about steering.
Please refer to Appendix A.2 for details.

where ∆t is the decision interval, g is the gravitational acceleration (9.8m/s2 ), accdi is the acceleration of the dth action
dimension at time step i and β = 2 is a hyperparameter. Jerk
indicates the degree of acceleration change. The role of acceleration and jerk rewards are to penalize the degree of force
on the ego vehicle. The less the vehicle is subjected to lateral
and longitudinal forces during driving, the better its comfort.

3.2

3.3

Reward

Reward design is critical, and it directly affects the direction
of policy optimization. A trained DRL agent reaches return
convergence, but sometimes the policy does not perform as
we expect, usually due to a reward design that does not accurately reflect our objective.
For the problem of autonomous driving control, we provide
the following reward design
R = Rt + Rs + Ra + Rc ,

(7)

where Rt is the task reward, Rs is the safety reward, Ra is
the reward of action magnitude and Rc is the comfort reward.
Rt and Rs are defined separately for task and safety objectives, which are necessary rewards for autonomous driving,
and are described in Appendix A.3. But both of them have
no explicit incentive to have action smoothly, even reward
hacking [Amodei et al., 2016] for sacrificing smoothness for
higher reward. The action smoothness should be considered
from at least two aspects: action magnitude and comfort. It is
not enough to consider only one. Although there is a correlation between action magnitude and comfort, there are cases
where the ego vehicle is subjected to small forces but large
action magnitude.
The reward of action magnitude has both longitudinal control (a0 ) and lateral control (a1 ) parts
0

1

Rta = α4 Ra + α5 Ra .

(8)

At time step t, the reward of the dth dimension action comd
ponent magnitude Rta is
d
Rta

1

t
X

=
[clip(sign(adi−1 ·adi ),−1,0)(adi−1 −adi )2 ],
i=t−|Ha |

Constraints

Rather than iteratively adjusting the reward weights, we
choose to add constraints to replace the reward weighting adjustment. The reason is that some sub-rewards are related
to constrained objectives. Given an example about keeping
lane reward in our problem, we want the ego vehicle to drive
within the lane, not strictly in the centerline of the lane. More
generally, for example, limiting collisions of an agent, limiting the times of an agent can do certain actions, etc. Generally, it is easy to find the constraints, but it is difficult to
adjust the weights of the rewards about the constraints. So,
it may be a more reasonable way to leave the weight adjustment to the algorithm by constructing constraints directly for
the problem. Constrained RL can adaptively adjust the value
between various costs and reward thus avoiding the work of
adjusting weights.
In our problem, we establish three constraints, including
action magnitude, comfort and safety. Each constraint is
i

J C (π) = Eτ ∼ρπ [

H
1 X i
C ] ≤ di ,
H t=0 t

(13)

which denotes that the average of every cost in C is constrained by threshold d = [0.05, 0.02, 0.12]. We use Eq.(13)
to replace Eq.(2) because it is difficult to determine the
threshold of the cumulative discounted cost in our problem considering the impact of the episode horizon H. The
smoothness of lateral action is important for autonomous
driving, and its shaking is amplified with increasing longitut
P
dinal speed. So, the first cost Ct1 = |H1a |
(a1i−1 −a1i )2
i=t−|Ha |

(9)

https://github.com/GyChou/mcppoElegantRLforCarla.
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is about lateral action magnitude, the second cost Ct2 =
1
−Rtacc is about lateral acceleration. In addition, we design
the third cost Ct3 = −RtLaD to prevent vehicles from off the
lane.
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|C|

where Ml = [Rt , Ct1 , Ct2 , . . . , Ct ] is a vector concatenated
by reward and costs, and V π (st ) is the value function about
reward and costs. Loss function of reward and costs value
prediction is calculated by SmoothL1Loss [Girshick, 2015]:
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Figure 2: The network architecture of our MCPPO.

Multi-constraint Proximal Policy
Optimization

In this section, we describe multi-constraint proximal policy
optimization (MCPPO) to solve the multi-constraint RL problem in Section 3. Compared with standard PPO, MCPPO
has three changes: 1) MCPPO adds several critic networks
for estimating cost values, 2) MCPPO optimizes policy optimization with reward and costs advantage, 3) and MCPPO
optimizes the Lagrange multipliers λ to trade-off reward and
costs values. Figure 2 shows the network policies of MCPPO,
which is trained by the prime-dual method, including finding
optimal policy parameters to solve the primal problem and
finding optimal Lagrange multipliers to solve the dual problem.

4.1

Solve the Primal Problem

For balancing improvements between different directions
based on rewards and multi-cost, we propose a re-scaled objective for solving the primal problem in Eq.(5):
wJ R (θπ ) −

|C|
P

i

λi J C (θπ )

(14)
,
w + sum(λ)
where w = max(1, 2 · sum(λ)) is a design with reward
weight adaption to reduce large change in parameters θπ
when λ is large. We use the PPO [Schulman et al., 2017]
clipped surrogate objective to maximize the advantage of reward and minimize the advantage of costs. We prefer samples
with a small reward advantage
π
θnew
= argmax Eτ ∼ρπ

i=1

θπ

0

0

b , rt(θπ)A
b ), (15)
J R(θπ) = min(clip(rt(θπ), 1−, 1+)A
t
t
which contributes to the stable improvement of policy reward.
And we choose samples with larger costs advantage to stably
reduce the policy costs, denoted by
b i , rt(θπ)A
b i ). (16)
J Ci(θπ) = max(clip(rt(θπ), 1−, 1+)A
t
t
b
rt (θπ ) = πθπθ (a(at |st |st )t ) is the important sampling ratio. A
old
is the vector of advantage estimation about the reward and
b 0 is about the reward and A
b 1:|C| is about the costs.
costs, A
t
t
GAE [Schulman et al., 2016] is used to calculate the advanb by
tage vector A
bt=
A

(Eτ ∼ρπ [SmoothL1(V πi (st ),

i=0

濇濨濕濨濙澔࢙࢚

4

|C|
X

H
X
(γλGAE )l−t [(Ml )+γV π (st+1 )−V π (st )], (17)
l=t
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H
X
(γ i )l−t Mti )]).
l=t

(18)
Eq.(16) is also suitable for the performance of average cost
Eq.(13). It is because the objective in primal problems has
been simplified to minimizing the performance about costs,
and the optimization direction of minimizing the cumulative
discounted cost is the same as that of the average cost. However, the gap between the altered primal problem and the original dual problem needs to be proved.

4.2

Solve the Dual Problem

In solving the dual problem, Lagrangian relaxation techniques are used to process inequality constraints, such as
Eq.(2), which is difficult for adjusting reward weights. The
objective of the dual problem is
λ? = argmin λ(J C − d)+ .
|C|

λ∈R+

(19)

We can tolerate actions that have a small cost but not
enough to violate the constraint, and it is difficult for reward design that inevitably is strapped in weighting between
sub-rewards. About solving the dual problems in Eq.(19),
Stooke’s work [Stooke et al., 2020] shows that PID control
update can stably improve gradient descent on Lagrange multipliers λ thus avoiding the negative impact of unstable training of λ on policy optimization. PID control updates λ as
follows
λk+1 ←(Kp (J C − d) + (λk + Ki (J C − d))+ +
(20)
+ Kd (J C − JpC )+ )+ ,
where J C is the performance of average costs for the current iteration, JpC is that for the last iteration, Kp are coefficients of the proportional term, Ki are coefficients of the
integral term, Kd are coefficients of the derivative term. And
the above three variables have the same size as the number
of constraints |C|. Integral control is equivalent to gradient descent update, which remains necessary for eliminating
steady-state violations at convergence. Proportional control
hastens the response to constraint violations and dampens oscillations. Derivative control allows action to be taken in the
event of a constraint violation, which prevents cost overshoot
and limits the rate of cost increase in the feasible region. The
derivative term is projected as (·)+ so that it acts against increases in cost but does not impede decreases.
Finally, please refer to Appendix B for the details of the
MCPPO pseudo-code.

5

Simulation Results and Discussions

In this section, we first provide the environments, followed
by the simulation results. Then, we discuss the robustness of
the decision interval.
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Action Smoothness
Ms
Mc
PID
0.0060 ± 0.0000 0.6542 ± 0.0000
D3QN 0.0867 ± 0.0368 0.6574 ± 0.0160
Town07
PPO
0.0115 ± 0.0007 0.7110 ± 0.0013
maintainSAC 0.0072 ± 0.0004 0.6868 ± 0.0051
Road V1
MCPPO 0.0036 ± 0.0007 0.7530 ± 0.0054
PID
0.0062 ± 0.0000 0.6550 ± 0.0000
D3QN
Town07
PPO
0.0150 ± 0.0007 0.6944 ± 0.0063
maintainSAC 0.0122 ± 0.0008 0.6746 ± 0.0018
Road V2
MCPPO 0.0058 ± 0.0004 0.7539 ± 0.0038
PID
0.0032 ± 0.0000 0.7670 ± 0.0000
D3QN 0.0319 ± 0.0030 0.7107 ± 0.0121
Town03
PPO
0.0109 ± 0.0005 0.7717 ± 0.0053
urbanSAC 0.0117 ± 0.0022 0.7552 ± 0.0198
Road V1
MCPPO 0.0029 ± 0.0004 0.8251 ± 0.0407
Env

(a) Town07 V1

(b) Town07 V2

(c) Town03 V1

Figure 3: The three driving environments we designed, where (a)
and (b) are in a village scenario, and (c) is in an urban scenario.

5.1

Setups

-

Environments. We design three autonomous driving control scenarios for empirical study shown in Figure 3.
Town07 V1 is a mountain road with continuous curves on
an uneven tarmac surface. Town07 V2 is based on the
Town07 V1 expansion of the country roads with sharp turns,
roundabouts, turns, etc., more challenging. Town03 V1 is
an urban road that contains intersections, roundabouts, forks,
turns, lane changes, etc. All environmental details are provided in Appendix A.
Benchmark Approaches. We compare with benchmark
algorithms, PID control and mainstream DRL algorithms
(mainstream DRLs) such as D3QN [Wang et al., 2016],
PPO [Engstrom et al., 2020], SAC [Haarnoja et al., 2018].
PID control is provided by CARLA [Dosovitskiy et al.,
2017]. mainstream DRLs are our implementation2 based on
ElegantRL [Liu et al., 2021]. All DRLs’ hyperparameters are
provided in Appendix C.1.
Training and Evaluation Setting. We select Top5 policies
in return performance during each DRL training, with each
performing Mep = 8 evaluation rollouts with some other seed
every 4000 interaction steps. We consider the return and costs
above thresholds to select the Top5 policies of MCPPO,
GCRL =

H
X
t=0

Rt −

|C| H
X
X

(Cti − di )+ .

(21)

i=1 t=0

The decision interval ∆t is 0.2s during training, but ∆t is
0.05s and H expanded 4 times during evaluation, which is
for comparison with PID controllers.
Evaluation Metrics. In our evaluation, we focus the performance on real metrics of DRL policies in autonomous driving
tasks, in addition to return performance. This is because the
challenge of designing action-smoothing rewards results in
rewards that fail to evaluate action smoothness. The evaluation of action smoothness includes evaluation of action magnitude Ms and comfort metric Mc . A smaller Ms and a larger
Mc indicate better action smoothness.
PMep R T
• Ms = M1ep i=1
∆steer. ∆steer ∈ (0, 0.6] re0
flects the magnitude in the steering angle of the ego vehicle front wheels.
2

https://github.com/GyChou/mcppoElegantRLforCarla.
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Algo

Return
597.55 ± 0.00
377.05 ± 167.47
680.29 ± 1.01
675.34 ± 2.28
667.27 ± 1.76
3095.55 ± 0.00
-178.23 ± 125.12
3478.01 ± 11.12
3392.62 ± 7.84
3394.03 ± 104.85
3534.39 ± 0.00
3388.71 ± 69.92
3489.13 ± 93.47
3406.74 ± 65.59
3151.83 ± 196.46

The return of D3QN, too low in Town07 V2, indicates that the policies don’t control
the ego vehicle properly, so it’s meaningless to evaluate the action smoothness about
D3QN.

Table 1: Action smoothness and average return performance of PID,
mainstream DRLs and our MCPPO in our three autonomous driving
environments.

PMep R T
1
• Mc = M1ep i=1
. Mc ∈
0 1+accla +acclo +jla +jlo
(0, 1] overall reflects the lateral and longitudinal forces
and force changes of the ego vehicle.

5.2

Results

Training Mainstream DRLs. For the above three environments (Town07 V1, Town07 V2 and Town03 V1), we train
driving policies by D3QN, PPO, SAC and MCPPO. And Appendix C.2 provided the return performance of each DRL
training process. Appendix C.3 provided the Lagrangian multipliers trends and cost curves of the MCPPO training process. In addition, the experiment in Appendix C.3 shows that
reward weight adaption in Eq.(14) is valid.
Comparing MCPPO with PID and Mainstream DRL algorithms. Top5 policies of mainstream DRLs are selected
by return performance, and those of MCPPO are selected by
Eq.(21). The target speed of the PID controller is set equal
to the desired speed of DRL algorithms. Table 1 summarizes the performance of the Top5 policies of each DRL in
three environments. We have three observations. (a) In terms
of action magnitude, MCPPO is overall better than PID and
mainstream DRLs. In details, MCPPO improves by 18.61%
compared with PID on average of three environments, and
improves by 57.71% compared with SAC, which has the best
performance in mainstream DRLs. Mainstream DRL algorithms are overall poor than PID. (b) In terms of comfort,
MCPPO is overall better than PID and mainstream DRLs,
and mainstream DRLs are overall better than PID. Compared
to PPO, having the best performance in mainstream DRLs,
MCPPO improves 7.13% on average. (c) Under the condition that the return performance is close, MCPPO is significantly better than PID and mainstream DRLs in terms of action smoothness.
Figure 4 compares the action smoothness of DRL’s policies with PID controllers at [8, 11]m/s in environment
Town07 V1. Only MCPPO policies have better action magnitude and comfort than PID controllers, while mainstream
DRLs have better comfort but smaller action magnitude than
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(a) Speed
(a) Action magnitude

(b) Action magnitude

(c) Comfort

(b) Comfort

Figure 4: Action smoothness comparison of our MCPPO and
mainstream DRLs with PID controllers at different target speeds
in Town07 V1. In (a), the performances of D3QN policies are
∆Steer > 0.025.

Figure 6: PPO and our MCPPO perform on longitudinal velocity,
lateral action magnitude and comfort, which are evaluated in 10
times of the Town07 01 task under different disturbance intensity
σ.

Performance on longitudinal metrics. Figure 5(b) shows
that the curves of PID, PPO and MCPPO are in the four longitudinal metrics. There is no constraint of longitudinal metrics. MCPPO are better than PPO overall, of which the longitudinal speed changes are smoother, due to the lateral and
longitudinal coupling. PID is the most smooth one in terms
of speed and action magnitude, but has a little more volatility in acceleration and jerk. Note that MCPPO and PPO are
faster to start compared with PID. This further indicates that
our constraints for lateral control have some positive effects
on longitudinal control in terms of action smoothness.

5.4

(a) Lateral metrics

(b) Longitudinal metrics

Figure 5: Detailed performance in Town07 V1. Each horizontal line
interval is the smallest amplitude in PID PPO and MCPPO.

6
PID. It contributes to demonstrate the result (c) obtained from
Table1. It shows that our multi-constraint design is effective and that our proposed MCPPO can effectively solve the
multi-constraint RL problem.

5.3

Comprehensibility

Performance on lateral metrics. Figure 5(a) shows that
PID, PPO and MCPPO have similar curves in the four lateral metrics (i.e., action magnitude, velocity, acceleration and
jerk), and the phase difference is due to the difference in
longitudinal velocity. The constraints in Eq.(13) have a limited effect on amplitudes on lateral metrics. MCPPO has the
smallest amplitudes on the four lateral metrics, and PPO has
smaller amplitudes than PID in acceleration and jerk, but is
closer to PID in speed. This further illustrates the importance
of our constraint design about lateral metrics, which effectively enhances the smoothness of the lateral action.
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Robustness of Decision Interval

In this section, we discuss the advantages of DRLs in terms of
the decision interval ∆t. PID controllers are sensitive to ∆t,
and a slight disturbance in ∆t can cause PID crash. But we
find DRLs have excellent robustness in the decision interval
∆t. We set the decision interval ∆t = 0.05+noise and a disturbance noise ∼ clip(N (0.05, σ), 0.05, 0.2) where σ is disturbance intensity, for evaluating the performance of PPO and
MCPPO against different intensity of ∆t disturbance. Figure 6 shows that as the disturbance increases, policies of PPO
and MCPPO drive normally, with only a slight decrease in
performance in terms of speed and action smoothness, which
is much more robust compared with the collapse of PID.

Conclusions and Future Work

In this paper, we have proposed a novel way to incorporate
the smoothness of actions in the reward of DRL. Specifically,
we introduced sub-rewards and added multiple constraints related to these sub-rewards in DRL to improve the smoothness of continuous motions. For solving the multi-constraint
RL problems, we presented multi-constraint proximal policy optimization (MCPPO). Extensive simulation results in
a wide range of autonomous driving tasks showed that our
proposed MCPPO achieves substantial action smoothness improvement with little sacrifice in task performance, which is
of great importance for real-world scenarios. We also found
that DRLs are very robust against decision interval disturbance. Future work is in progress to apply and develop our
approach to practical applications such as real-world selfdriving cars, and to investigate the extension for off-policy
algorithms.
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