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Abstract— Deep Reinforcement Learning (DRL) has achieved
remarkable success, ranging from complex computer games to
real-world applications, showing the potential for intelligent
agents capable of learning in dynamic environments. However,
its application in real-world scenarios presents challenges,
including the jerky problem, in which jerky trajectories not only
compromise system safety but also increase power consumption
and shorten the service life of robotic and autonomous systems.
To address jerky actions, a method called conditioning for
action policy smoothness (CAPS) was proposed by adding
regularization terms to reduce the action changes. This paper
further proposes a novel method, named Gradient-based CAPS
(Grad-CAPS), that modifies CAPS by reducing the difference
in the gradient of action and then uses displacement nor-
malization to enable the agent to adapt to invariant action
scales. Consequently, our method effectively reduces zigzagging
action sequences while enhancing policy expressiveness and
the adaptability of our method across diverse scenarios and
environments. In the experiments, we integrated Grad-CAPS
with different reinforcement learning algorithms and evaluated
its performance on various robotic-related tasks in DeepMind
Control Suite and OpenAl Gym environments. The results
demonstrate that Grad-CAPS effectively improves performance
while maintaining a comparable level of smoothness compared
to CAPS and Vanilla agents.

I. INTRODUCTION

In recent years, deep reinforcement learning (DRL) has
achieved numerous milestones in many challenging computer
games, ranging from traditional board games like Go, as
demonstrated by AlphaGo [15], to complicated real-time
strategy (RTS) video games such as Starcraft with AlphaStar
[18] and Dota2 with OpenAl Five [13]. DRL has also been
applied to various real-world control tasks, such as robotics
and autonomous systems. This holds the promise of intelli-
gent agents capable of learning to make decisions through
interactions within complex and dynamic environments.

However, applying DRL to real-world applications
presents some challenges, particularly when it results in a
jerky trajectory ([12], [9], [16], [3]). During the training
process, DRL primarily focuses on maximizing accumulated
rewards, typically without enforcing constraints related to
trajectory smoothness. Thus, lack of trajectory smoothness
gives rise to critical issues, especially in autonomous systems
such as robot manipulation or autonomous driving, where
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unpredictable behaviors are likely to be dangerous. Such un-
stable control not only compromises the safety of the system
but also significantly increases power consumption, resulting
in mechanical wear and tear, reducing energy efficiency, and,
consequently, the service life of the robot or vehicle. Tackling
the problem of jerky behaviors emphasizes the importance
of stability and control issues in implementing DRL in real-
world scenarios. This effort enhances system performance
and ensures the safe, reliable, and sustainable operation of
robotic and autonomous systems across various applications.

To address the jerky problem, a straightforward approach
is to use reward engineering. Reward engineering is based on
prior human knowledge about the tasks to design a specific
reward function to penalize unsmooth trajectory ([8], [10],
[4]). However, this approach is task-specific, limiting its
generalizability to apply to other tasks.

Another approach is to use DRL with a hierarchical
network structure. The objective is to optimize the overall
episode reward while simultaneously mitigating control or
action oscillations, as demonstrated in the works of Yu et
al. (2021) [19] and Chen et al. (2021) [5]. Mysore et al.
proposed conditioning for action policy smoothness (CAPS)
for solving jerky actions in low-dimensional input by adding
regularization terms [12]. Based on CAPS, Cao et al. pro-
posed Image-based regularization for action smoothness (I-
RAS) [3], focusing on high-dimensional input scenarios. Fur-
thermore, based on Lipschitz constraints, recent contributions
such as Locally Lipschitz Continuous Constraint (L2C2) [9]
and LipsNet [16] aim to ensure the policy function slowly
changes to obtain the smoothness with small value of K-
Lipschitz constants.

This paper proposes a novel approach to improve policy
smoothness in DRL, named Gradient-based Conditioning for
Policy Action Smoothness (Grad-CAPS). Grad-CAPS has
several advantages compared to prior research. Our method
reduces the difference in the gradient of action, like the
first-order derivative of the policy function, enhancing its
ability to identify and smoothen zigzagging action sequences.
We also introduce displacement normalization to effectively
regularize the action sequences regardless of the action scale
across various scenarios and environments. Our Grad-CAPS
can serve as a new condition to other methods that based on
Lipschitz constraints like CAPS, L2C2, or LipsNet to obtain
smoothness behaviors. As a regularization technique, our



method can be incorporated into existing DRL algorithms.
Overall, our Grad-CAPS leads to smoother behaviors while
maintaining comparable performance to other methods.

The main contributions of this paper are summarized as
follows:

« We propose Grad-CAPS, a method with regularization
on the first-order derivative of the policy function, which
effectively reduces zigzagging trajectories.

We introduce displacement normalization to enable our
method to adapt to invariant action scales and generalize
across diverse environments.

In our experiments, we demonstrate that integrated
Grad-CAPS with different reinforcement learning algo-
rithms clearly outperforms CAPS and other methods
without CAPS on various robotic-related tasks while
preserving both the expressiveness and smoothness of
the policy.

II. BACKGROUNDS
A. Conditioning for Action Policy Smoothness (CAPS)

Mysore et al.[12] proposed a regularization technique to
minimize the action change, resulting in a smoother trajec-
tory. The method is constructed by two regularization terms:
1) temporal smoothness term, and 2) spatial smoothness
term.

The temporal smoothness term Lic.,, is the difference
in action taken on two consecutive states s; and sy4i.
Minimizing the term L), is equivalently to reduce the dif-
ference between chronologically adjacent actions. The spatial
smoothness term L, is the difference between two actions
taken on state s and s’, where s’ is a similar state to s and is
generated by sampling from a normal distribution ® centered
around state s. Cao et al. [3] used domain randomization to
generate s’ when dealing with high-dimensional input. CAPS
minimizes these two regularization terms while maximizing
the original objective of reinforcement learning algorithm J
for a given policy m, formalized as follows.

Let (A, d4) and (S, ds) be two metric spaces, where
both A and S are action and state spaces respectively. The
distance metric d 4 for A is based on the Euclidean distance,
namely, for two actions a; and ao,

)

The distance metric dgs for S is based on the cardinal distance
in an episode, namely, in a sequence of states, {s1, sa, ...},

2

da(ai,az) = [|lar — az|2.

dS(St; St—‘,—k) = ]C

Thus, two consecutive states dg(s¢, s¢+1) is simply one.

An RL method decides an action for a given state s, based
on a policy m. Namely, the action is taken by a = 7(s) in a
deterministic manner, or by sampling on the distribution of
a policy a ~ m(-|s) stochastically. The actions considered
in the above regularization terms for CAPS are derived
deterministically. Thus, 7(s) serves a mapping function from
state s to action a. The objective function of CAPS is to
maximize J** as follows:

J‘I(;APS — J,T _ /\tLtemp — )\sLspata (3)
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Ltemp = d.A(at7 atJrl)a
Lspat = dA(a't7 a':t)

where a, = 7(s;) and s} ~ ®(sy).

The regularization weights A; and \s are used to control the
impact of ey, and Lgpq, respectively.

The experiments for CAPS reported the significant influ-
ence of temporal smoothness on action smoothness compared
to spatial smoothness. So, this paper focuses exclusively on
temporal smoothness and omits spatial smoothness.

B. Lipschitz Constraints

Some of the previous works [12], [3], [9], [16] also
investigated to use the Lipschitz constraint to obtain the
smoothness trajectory. Let us review Lipschitz constraints
as follows.

Definition II.1. (Lipschitz Constraints) Let (X, dx), (Y, dy)
be two metric spaces, where dx and dy denote the distance
metrics on sets X and Y, respectively. A function f: X — Y
is called K-Lipschitz continuous if there exists a real constant
K > 0 such that, Vaq, 29 € X,

dy (f(z1), f(22)) < Kdx(z1,72), (6)

A smaller constant value for K indicates a smoother
function f. While computing the exact values of Lipschitz
constants is proven to be an NP-hard problem [14], many
studies utilize various regularization techniques to approxi-
mate the optimal value of Lipschitz constraints K, thereby
achieving smoother functions.

Temporal smoothness in CAPS can also be viewed from
Lipschitz constraints, where (5, dg) and (A, d4) correspond
to (X,dx) and (Y,dy) respectively, and = serves as f.
Suppose that temporal smoothness satisfies K -Lipschitz con-
tinuity. Thus,

(7

Since d 4(at, at+1) = ||ag — ary1||2 and dg(st, sp41) = 1 as
above, the following holds: ||a; — a;41]]2 < K.

When CAPS minimizes the difference in action for
smoothness, it also implicitly makes the Lipschitz constant
K smaller in general. However, a small K causes the issue of
over-smoothing, namely, leading to a loss of expressiveness,
as reported in the work [9]. For this issue, this paper proposes
a regularization method over the first-order derivative of the
policy function that obtains both smoothness and expressive-
ness of the action trajectory.

Liemp = dalar, ar41) < Kds(st, St+1)-

III. OUR APPROACH

A. Gradient-based Condition for Action Policy Smoothness
(Grad-CAPS)

As discussed in subsection II-A above, CAPS made the
policy excessively smooth by minimizing action changes.
In terms of Lipschitz constraints, CAPS enforces the policy
function 7 with a small K, therefore losing the capability to
handle situations requiring the agent to change actions with



agility. For this issue, this paper proposes a new regular-
ization approach called Gradient-based Condition for Action
Smoothness (Grad-CAPS), which minimizes the differences
of action changes, that is, the first-order derivative of action,
instead of actions.

Before discussing our method, we first define the first-
order Lipschitz constraints over f’, the first-order derivative
of the function f, as below:

Definition IIL.1. (First-order Lipschitz Constraints) Let
(X,dx), (Y,dy) be two metric spaces, as in Definition
IL1. Let f be a function: X — Y, and f’ be a first-order
derivative of f: X — AY. Thus, (AY,day) is a metric
space, where day denotes the distance metric on AY. A
function f is called first-order K-Lipschitz continuous and
f' is K-Lipschitz continuous, if there is a constant K > 0
satisfying the following:

day (f'(x1), f'(z2)) < Kdx (1, 22). (8)

As described above, we introduce a novel temporal
smoothness approach by minimizing the change in the first-
order derivative of action instead of the change in actions.
As in subsection II-A where 7 (s) is defined as a mapping
function from S to A, we define 7/(s) to be a mapping
function from S to AA, the first-order derivative of action
space A, which are action changes between two consecutive
time steps, namely,

€))

Let Aa; denote 7/(s;). Then, Aa; forms a space AA, and
(AA, day) is a metric space, where da 4 is the distance
metric in the space AA based on the Euclidean distance.
Namely, for two action changes Aay; and Aays:

daa(Aarr, Aars) = ||Aay — Aagsl]|

7TI(St) = Qa — A¢_—1.

(10)

Instead, temporal smoothness loss in Grad-CAPS is defined
as:

Ltemp = dA.A(Aatv AatJrl)

= |[(ar — at—1) — (@41 — ar)|l2

(1)

From the viewpoint of first-order Lipschitz constraint, sup-
pose that Grad-CAPS temporal smoothness satisfies the first-
order Lipschitz continuity. Thus,

Liemp = daa(Aay, Aai1) < Kds(se, Se41) (12)

Since dS(St,St+1) is 1 and dA_A(Aat,Aat+1) = ||(at —
at—1)—(at+1—az)||2 from above, the formula now becomes:

[[(ar — ar—1) — (@41 — ar)|]2 < K (13)

In contrast to CAPS, which obtains smoothness by re-
ducing the difference in action, our Grad-CAPS focuses
on minimizing the difference in action change. Fig. 1 il-
lustrates the distinction between CAPS and Grad-CAPS.
Based on our definition, Grad-CAPS leads to improved
regularization for distinguishing zigzagging sequences and
larger effective action sequences compared to CAPS. Fig.
2 illustrates the advantages of Grad-CAPS in recognizing
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Fig. 1: Differences of temporal smoothness loss between
CAPS and Grad-CAPS.

zigzag trajectories over CAPS. We can observe that CAPS
fails to distinguish between a zigzagging sequence and a
sequence of actions with stable changes, whereas our Grad-
CAPS allows for substantially stable changes in action while
penalizing zigzagging patterns. In short, CAPS defines a
smooth trajectory as a slow change in action, while Grad-
CAPS characterizes it as a stable change in action.

B. Displacement Normalization

Theoretically, our Grad-CAPS aims to reduce the differ-
ence in action changes as in (11).

Nonetheless, optimizing the gradient of action change that
satisfies Equation 13 still suffers the issue of over-smoothing
of the policy and a loss of expressiveness, like CAPS, for
the following reason.

To minimize the term Lyc,,,p, the learning system tends to
optimize the model in two ways. First, simply minimize the
difference of consecutive Aa; and Aa;11, as we expected
in Table L.

Second, the system is distracted to minimize all Aa,. For
example, let Ly, in (11) satisfy the first-order K-Lipschitz
constraints, as in Equation 12. For achieving this, one way
is simply to enforce to satisfy K/2-Lipschitz constraints,
instead. Since K/2-Lipschitz constraints are satisfied, we
have the following conditions:

llae — ar—1ll2 < K/2, [lagt1 — arl[2 < K/2
Based on vector triangle inequality, obtain
Liemp = [|(ar — az—1) — (a1 — a¢)||2

<las — ar—1||2 + [|at+1 — at||2
< K/2+K/2 < K.

(14)

That is, we can satisfy the first-order K-Lipschitz con-
straints by satisfying the K /2-Lipschitz constraints. Al-
though this is less over-smoothing, the issue still exists.

To address this problem, we introduce displacement nor-
malization to encourage the network to focus on optimizing
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Fig. 2: Two cases: one with a zigzagging sequence of actions
(left) and the other with a sequence with constant action
changes (right). The upper part shows corresponding car
racing scenarios, and the lower part shows corresponding
losses for CAPS and Grad-CAPS. The cases show that
CAPS fails to distinguish two sequences, while Grad-CAPS
encourages stable action changes and penalizes zigzagging
patterns.

the differences in the gradient of action instead of being
distracted to optimize the differences in action.

We first define the total action displacement ¢, around time
t as below:

6 = Aapp1+Aar = (a1 —ar) +H(ar—ai-1) = app1—ap—1

15)
Then, we divide the temporal smoothness loss in Equation 11
by action displacement d;:

Aat Aat+1

Y

Aat — Aat_H
Ot

=]

Ltemp = dAA( (16)

2
Note that we add a small positive constant € into denominator
D(= é;) to prevent from dividing zero, as follows.

Aat - Aat+1

3 + e a7

Ltemp = H

2

Besides, a small denominator D also lets the whole term go
to a huge number in practice. To solve this problem, we also
apply the tanh function to 1/D to limit the value range to
[—1,1] for stability. Thus our temporal regularization term
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in our Grad-CAPS becomes:

Ltemp = HAat - Aat+1||2 tanh(

(0¢ +€) )

Normalizing the temporal loss function over the displace-
ment enables many advantageous features in our proposed
method. First, Grad-CAPS regularizes the action sequence
regardless of the action scale from different scenarios or
environments. Second, it magnifies the loss of the zigzagging
pattern. The low displacement in the zigzagging sequence
magnifies the gradient loss by dividing the action displace-
ment. Table I shows examples of the benefit of adding
displacement normalization.

(18)

2

Action Sequence Grad-CAPS Loss Grad-CAPS Loss
q without normalization | with normalization
" 15— (=10
+15 L (15 - (_10))2 ( (5 ))2
=4/625 =./25
. - (B-(-2)? (322
=V25 =25
- (15 — 10)2 v (E52)?
+15
=25 — %
+2 V(3 —2)2 \/(%)2
+3
=1 /i
25

TABLE I: Examples of sequences of actions for comparison
of the temporal smoothness losses with and without nor-
malization on different action scales. Grad-CAPS with dis-
placement normalization magnifies the loss of the zigzagging
pattern, demonstrating its ability to handle different action
scales and penalizing the zigzagging pattern.

IV. EXPERIMENT RESULTS
A. Experiment Setup

In the experiment, we compare the performance of the
following agents: (a) Baseline agent, using Vanilla SAC
algorithm. (b) CAPS agent.(c) Grad-CAPS agent (ours),
as described in section III. These agents are tested across
three tasks of varying difficulty levels: trajectory tracking in
subsection IV-B, DeepMind Control Suite in subsection IV-
C, and OpenAl Gym in subsection IV-D.

To evaluate the performance of the agent, we use the fol-
lowing metrics: (a) Average reward: the average accumula-
tive reward achieved by an agent over 10 episodes, evaluated
with the best policy. (b) Action fluctuation: Similar to that
in [9], [16], we also evaluate the smoothness of the policy
with Lo norm of temporal action change, Hat —%-1’ 9
namely, the average of all action changes. A smaller value
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(b) Cosine wave tracking experiment.

Fig. 3: The referenced trajectories: (a) a square wave and
(b) a cosine wave. The CAPS agent tends to over-smooth
the action, leading to a loss of expressiveness in tracking
the reference path. The Grad-CAPS agent performs better in
following the reference path while maintaining smoothness.

of action fluctuation usually refers to smoother behavior.
However, excessive smoothing does not always result in good
performance.

B. Trajectory Tracking

In this section, we aim to assess the fundamental capability
of the agent to generate precise action sequences or patterns,
simulating the moving trajectory in general autonomous
controlling tasks. The objective of this task is to follow the
referenced trajectory accurately.

The trajectory tracking task is designed as follows. The
observation at time ¢ is the current position of the agent pos;
and the generated target point tar;. From pos; and tar;, we
calculate the distance from the agent’s position to the gen-

Method Square Wave T Cosine Wave 1
Baseline -14.3 £ 0.6 -16.6 £ 2.6
CAPS -18.6 £ 0.7 -20.7 £ 2.5
Grad-CAPS -14.3 + 0.5 -14.2 + 1.8
(a) The average reward
Method Square Wave | Cosine Wave |
Baseline 0.15+04 0.29 £ 0.19
CAPS 0.14 + 0.2 0.09 + 0.03
Grad-CAPS 0.14 + 04 0.17 £ 0.12

(b) Action fluctuation.  denotes the excessive smoothness that
causes severe degradation in the agent’s performance.

TABLE II: Results of trajectory tracking shown in Fig. 3.

(a) Grad-CAPS

(b) CAPS

Fig. 4: Temporal loss weight A\p ablation study on wave
tracking experiments.

erated target point denoted as dist;. The state representation
input to the agent is a [2 x 1] dimensional vector, defined
as sy = [disty, pos;]. For a given state representation s;, the
agent is required to predict the next target point tar; 1. The
reward is the negative of the difference between the predicted
point tar, 1 and the next generated target point tary 1, i.e.,
—|[tarsy 1 — targyal.

We design two referenced trajectories: square and cosine
waves, which serve as toy problems. The square wave goal is
to evaluate the expressiveness of the policy, while the cosine
wave is to test the smoothness of the policy. Through these
tests, we analyze the ability of agents to generate actions that
align with specific patterns effectively.

Table II compares the results of different agents for the toy
examples. From the table, Grad-CAPS clearly outperforms
the other two in terms of average rewards. We observe that
excessive regularization of action differences in the CAPS
agent leads to a significant loss in policy expressiveness
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Environments

Algorithms Reacher Cartpole Walker Ball-In-Cup
SAC - Vanilla 977.20 £ 10.30 856.45 £ 0.31 559.11 £ 15.00 976.49 + 22.92
SAC - CAPS 980.56 + 11.87 807.50 £ 6.39 498.37 +£ 86.77 977.55 + 15.27

SAC - Grad-CAPS

982.20 + 11.40

856.60 = 0.39

561.15 + 12.97

979.79 + 16.62

TD3 - Vanilla
TD3 - CAPS

TD3 - Grad-CAPS

936.94 + 6.99
909.34 £+ 3.79
985.10 = 9.30

860.27 = 0.97
849.45 + 0.45
854.99 + 0.32

186.11 + 20.33
555.90 + 12.59
663.10 + 14.70

978.35 £ 12.26
978.18 + 13.02
980.04 + 12.38

DDPG - Vanilla
DDPG - CAPS

DDPG - Grad-CAPS

865.14 + 8.37
928.82 + 9.64
928.26 + 4.24

877.74 £ 0.28
857.94 £ 0.24
880.13 + 0.36

3491 + 14.27
627.72 + 18.10
670.05 + 19.20

971778 + 18.77
974.94 + 14.29
980.21 + 13.16

D4PG - Vanilla
D4PG - CAPS

970.10 = 13.63
982.00 = 10.68

879.77 + 0.65
881.44 + 0.73

752.97 £ 09.92
748.59 + 08.37

987.30 + 13.12
987.60 + 10.36

D4PG - Grad-CAPS  989.10 + 14.85

882.49 + 0.34

779.87 + 05.46 983.30 = 15.49

TABLE III: The average reward on DMControl. The higher value of the average reward shows a better performance.

Algorithms Environments

Reacher Cartpole Walker Ball-In-Cup
SAC - Vanilla 2410 £290 053 £0.03 20.70 £ 0.50 14.10 £ 1.71
SAC - CAPS 6.50 £ 040 0.48 £0.03 274 £ 0.3 1.30 £ 0.13
SAC - Grad-CAPS 6.37 £ 0.28  0.41 + 0.03 490 +0.21 0.60 = 0.27
TD3 - Vanilla 67.38 £ 19.32 097 £ 046 3594 £20.23 46.18 £7.99
TD3 - CAPS 40.39 £19.03 1.61 £0.19 37.04+£0.73  39.29 = 1.00
TD3 - Grad-CAPS 66.20 + 22.15 214 +0.71  33.04 £ 0.74 4359 + 1.17
DDPG - Vanilla 6494 £ 19.11 134 £ 0.70  33.82 £24.29 39.56 £+ 0.96
DDPG - CAPS 95.79 £21.29 8.14 £0.38 31.20 £ 1.02 10.32 £ 7.71
DDPG - Grad-CAPS 5545 +£22.62 2.13+£1.34 3581 +£0.90 2.04 £ 4.46
D4PG - Vanilla 4547 £23.09 156 £0.02 2755 +9.62 18.40 £ 0.74
D4PG - CAPS 3217 £ 05.71 192 +0.05 23.40 + 5.61 18.93 £ 2.57
D4PG - Grad-CAPS 46.14 £31.26 125+ 0.01 2428 +3.74 18.38 + 1.31

TABLE IV: Action fluctuation on DMControl. The values are in units of 10~2 their original values. The lower value of

action fluctuation shows a better smoothness trajectory.

in both tests, though the agent has the least action fluctu-
ation. The baseline agent performs well in the square wave
tracking task; however, in the cosine wave tracking task,
the lack of smoothness regularization results in a zigzagging
trajectory when following the designed trajectory. In contrast,
our regularization method outperforms other methods while
effectively reducing zigzagging in actions and enabling the
agent to stabilize action changes.

Fig. 3 visualizes the predicted trajectory following the
reference path of different agents. From the observation of
both square wave and cosine wave tracking tasks, Grad-
CAPS performs well by following the reference path while
maintaining a reasonably smooth trajectory.

Based on the above task for tracking square and cosine
waves, we further investigate how the regularization weight
Ar affects the performance of Grad-CAPS. (Note that the
regularization weight Ag is ignored in this paper.) In our
experiment, we let Ay vary from 0.05 to 3.0. Fig. 4 shows the
results for different Ar by stacking the waves predicted by
the agents in a 3D space. From this figure, the performance
of our Grad-CAPS agent in wave tracking remains consistent
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regardless of different weights. Thus, the Grad-CAPS agent
demonstrates reliable tracking capabilities. On the other
hand, the CAPS agent exhibits distinct behaviors based on
the weight settings. The CAPS agent performs better as
weights become lower, but it produces more zigzagging
patterns at the same time. On the other hand, higher weights
result in a loss of expressiveness for the CAPS agent,
indicating a decline in its ability to capture and represent the
wave dynamics effectively. Overall, the above highlights the
robustness of our Grad-CAPS agent in wave tracking tasks,
while it is sensitive for the CAPS agent to choose a temporal
weight for the performance. In the rest of our experiments,
we set the A\ = 1 as in [12].

C. DeepMind Control Suite

In this experiment, we evaluated the performance of
our Grad-CAPS with a more complex environment, the
DeepMind Control Suite [17] (referred to as DMControl
in this paper). The DMControl provides a set of well-
designed continuous control tasks involving interactions with
diverse robotic systems, such as manipulating robotic arms



or maintaining balance in dynamic scenarios. Specifically,
we selected four tasks from DMControl as follows:

For Cartpole, we choose Swingup, whose objective is to
swing up and balance a pole attached to a cart. For Reacher,
we choose Easy, whose objective is to control two joint
motors of a robot arm to maneuver the endpoint toward a des-
ignated position without considering the complex dynamic
influences present in other environments. For Ball-In-Cup,
we choose Catch, whose objective is to control an actuated
planar receptacle to swing and catch a ball attached to its
bottom. For Walker, we choose Run, whose objective is to
run forward as fast as possible, which requires the agent to
make more rapid and aggressive action changes.

We compare four different reinforcement learning algo-
rithms, including SAC [7], TD3 [6], DDPG [11], and D4PG
[2], without smoothness terms (denoted as Vanilla) and with
smoothness terms (denoted as CAPS and Grad-CAPS).

The results are presented in Table III and Table IV, show-
ing the average reward and action fluctuation of different
agents in the DMControl environment. The findings indicate
that adding the smoothness term Grad-CAPS generally out-
performs other configurations (Vanilla and CAPS) in terms
of average rewards and smoothness values across different
algorithms and tasks. We also observe that the SAC agent
has a better smoothness value compared to TD3, DDPG, and
D4PG. Grad-CAPS consistently demonstrates improved out-
comes when combined with various reinforcement learning
algorithms and tasks for controlling robot tasks, indicating
its potential for enhancing the performance of the agent
while maintaining comparable smoothness behaviors. This
showcases a promising approach for practical application
in robotic scenarios where the smooth action trajectory of
agents is essential. Demonstration results are provided in the
accompanying video of this paper.

D. OpenAl Gym

In this experiment, we select three tasks from OpenAl
Gym [1]: Half-Cheetah, Humanoid, and Car-Racing. These
tasks are used to evaluate the performances of agents on
challenging high-dimensional robotics control tasks and car
racing in complex dynamic environments. Note that in Car-
Racing we only train and evaluate on a single map.

We implement and compare the SAC agents without and
with smoothness terms. The average rewards and smoothness
values of different methods in the OpenAl Gym environment
are reported in Table V. We observe that CAPS significantly
emphasizes smoothness, resulting in the lowest smoothness
scores in Half-Cheetah and Humanoid. However, focusing
on smoothness reduces its ability to adapt to tasks requiring
action changes, reducing overall performance in task comple-
tion compared to other methods. In contrast, our Grad-CAPS
agent still balances between performance and expressive
action, therefore outperforming in all tasks while maintaining
comparable smooth trajectories to CAPS. Additionally, in
Car-Racing, where achieving smoother actions is crucial
for enhancing performance, our Grad-CAPS agent distinctly
demonstrates better trajectory smoothness as in Fig. 5.
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Method Half-Cheetah  Humanoid  Car Racing
Vanilla 13060 + 123 7530 + 428 917
CAPS 10126 £ 15 7076 £ 212 932
Grad-CAPS 13092 + 97 8014 + 390 942

(a) The average reward on OpenAl Gym environments. The higher
value of the average reward shows a better performance.

Method Half-Cheetah  Humanoid  Car-Racing
Vanilla 6.76 £ 0.02  1.13 £ 0.02 0.35
CAPS 4.11 = 0.02  0.69 = 0.02 0.15
Grad-CAPS  6.08 £ 0.02 0.75 = 0.01 0.08

(b) Action fluctuation on OpenAl Gym environments. The values
are in units of 1072, The lower value of action fluctuation shows
a better smooth trajectory.

TABLE V: Results of SAC agent with different regularization
terms on OpenAl Gym environments.

Action

(a) SAC - Vanilla.

Action

(b) SAC - CAPS.

Action

(c) SAC - GradCAPS

Fig. 5: Steering actions during a track of different agents
in Car Racing environment. Grad-CAPS clearly obtains
smoother steering action compared to other methods.

V. CONCLUSION

In this paper, we addressed the critical issue of jerky
trajectories in DRL and propose Grad-CAPS, a regulariza-
tion method designed to reduce the problem of zigzagging
actions. Grad-CAPS allows the agent to expressively change
the action to adapt to the environment while maintaining
a smooth trajectory, balancing enhanced performance and
smooth behavior execution. We also introduced displacement
normalization for adaptability to action scale, generalizing
the use of our method across a wide range of applications.
Our experiments demonstrate that Grad-CAPS effectively
enhances the performance of agents while maintaining a
comparable level of smoothness compared to other methods
across various reinforcement learning algorithms. This im-
provement is beneficial for reinforcement learning techniques
for autonomous systems where jerky actions can lead to
inefficiencies or safety concerns.
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