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ABSTRACT

In the field of hexapod robot control, the application of central pattern generators (CPG) and deep
reinforcement learning (DRL) is becoming increasingly common. Compared to traditional control
methods that rely on dynamic models, both the CPG and the end-to-end DRL approaches significantly
simplify the complexity of designing control models. However, relying solely on DRL for control also
has its drawbacks, such as slow convergence speed and low exploration efficiency. Moreover, although
the CPG can produce rhythmic gaits, its control strategy is relatively singular, limiting the robot’s ability
to adapt to complex terrains. To overcome these limitations, this study proposes a three-layer DRL
control architecture. The high-level reinforcement learning controller is responsible for learning the
parameters of the middle-level CPG and the low-level mapping functions, while the middle and low
level controllers coordinate the joint movements within and between legs. By integrating the learning
capabilities of DRL with the gait generation characteristics of CPG, this method significantly enhances
the stability and adaptability of hexapod robots in complex terrains. Experimental results show that,
compared to pure DRL approaches, this method significantly improves learning efficiency and control
performance, when dealing with complex terrains, it considerably enhances the robot’s stability and
adaptability compared to pure CPG control.

© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Legged robots, due to their multiple degrees of freedom and
discrete footholds, can flexibly adapt to uneven terrains [1]. Com-
pared to other robots, hexapod robots are widely used in terrain
inspection, disaster relief, and natural disaster detection because
of their higher stability and flexibility [2,3]. However, the redun-
dant degrees of freedom in hexapod robots impose high demands
on control in challenging environments [4]. Enhancing the loco-
motion capabilities of hexapod robots in complex environments
has become a major research focus [5].

Current research methods for legged robots include model-
based motion optimization [6,7], biomimetic approaches [8,9],
and data-driven methods [7,10]. Model-based motion optimiza-
tion utilizes precise descriptions of the robot’s dynamic model
to optimize its motion trajectories and control strategies for spe-
cific tasks and environments. By establishing a dynamic model,
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the movement of each joint can be accurately calculated, which
allows for efficient handling of complex terrains [6]. This method
benefits from theoretical interpretability and efficiency but faces
challenges due to high model complexity, large computational
requirements, and limited adaptability to environmental changes.

In contrast, biomimetic approaches, represented by the central
pattern generator (CPG), can produce stable rhythmic movements
without external signal feedback. Currently, it is common to
establish CPG models using coupled oscillators, with represen-
tative models including the Matsuoka oscillator [11] for neural
oscillations and the Kuramoto [12] and Hopf oscillators [13] for
nonlinear oscillations. Initially applied to the locomotion pattern
generation of fish and amphibious robots [14], CPG was later
used for legged robot motion control, capable of generating low-
dimensional control signals for natural biomimetic gaits [15].
However, CPG can only generate specific movement gaits and
is unable to control robot motion in real time based on envi-
ronmental changes, which limits its further application due to
poor adaptability. To compensate for this flaw, researchers have
used structural design [16] and sensory feedback [17] to achieve
dynamic motion on unstructured terrains. Moreover, a multi-
layer CPG control model based on the semi-central CPG model
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was proposed [18] for rhythmic signal generation, motion pat-
tern determination, and motion trajectory generation to achieve
adaptive walking control on sloped terrains. Furthermore, a tran-
sitional gait based on CPG bottom-layer feedback was planned
using the robot’s supporting leg ankle joint angle in relation to
body pitch, and a slope gait based on CPG mid-layer feedback was
planned according to the relationship between the supporting
knee joint angle and the hexapod’s pitch angles [19].

In the field of robotic control, deep reinforcement learning
(DRL), as a typical data-driven approach, has demonstrated signif-
icant adaptability in effectively dealing with various terrains [20,
21] and external disturbances [22]. By applying sensor data from
the robot itself to train the DRL model and using the model’s
output to directly control the joints, effective control has been
achieved on both flat and rugged terrains [23,24]. However, learn-
ing joint positions directly from external sensor signals faces the
challenge of high dimensionality in the state and action spaces,
making learning and control difficult. This also requires careful
parameter tuning, reward function design, and extensive data
collection. In addition, although recent studies have proposed
methods to directly learn torque [25] or the desired task space
positions [26,27], the problem is that the action signals predicted
and output by the model, such as motor torque or joint angles,
tend to lack smoothness. To overcome these difficulties, a method
(CPG-RL) that uses DRL to optimize CPG parameters has been
proposed. This method leverages bio-inspired algorithms to opti-
mize action generation, making the robot’s movements smoother
and more natural, while improving control accuracy and adapt-
ability in complex environments. Currently, the CPG-RL method
has been widely applied in legged robot motion control [28-
33]. In the field of bipedal robots, researchers have adjusted
the gait generation network to simulate the complex dynamics
of human walking, enabling the robot to maintain balance and
stability under varying ground conditions [28]. Another study
proposed a reinforcement learning method based on CPG, which
optimizes control strategies to enable bipedal robots to achieve
adaptive gaits on complex terrains, improving both stability and
flexibility [29]. In quadruped robots, the CPG-RL method has
significantly enhanced the robot’s adaptability and mobility on
irregular terrains by finely adjusting the timing and force of each
foot’s contact [30]. For hexapod robots, inverse kinematics is used
to convert foot-end positions into desired joint positions, achiev-
ing effective motion on soft sand [32] and rough terrain [33].
Additionally, by training a CPG network composed of six Hopf
oscillators through DRL, motion control on regular terrains has
been realized.

Despite the effectiveness of the CPG-RL method, it still faces
challenges such as increased training difficulty due to the com-
plexity of CPG networks and the large volume of sensor data
complicating the state and action spaces. Furthermore, some tests
have only been conducted on regular terrains, with insufficient
training of robots on complex mixed terrains. This paper fo-
cuses on enhancing the motion capability of hexapod robots
in complex terrains by generating CPG networks and mapping
function-related parameters through reinforcement learning. In
this paper, CPG-RL refers to a generalized motion control ar-
chitecture that combines CPG with RL, whereas CPG_RL is our
method for controlling hexapod robots. The main contributions
of this paper are as follows:

(1) The “decision-coordination-execution” three-level coupled
architecture proposed in this paper enables dynamic pa-
rameter adaptation, flexible control strategies, and a signif-
icant reduction in network complexity through an efficient
hierarchical structure. It addresses the parameter redun-
dancy issue in traditional methods while improving control
stability and adaptability.
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(2) This paper introduces a dual-oscillator time-division mul-
tiplexing strategy, breaking the traditional fully connected
CPG network paradigm for hexapod robots. The mid-level
controller adjusts the phase difference 6 between the two
Hopf oscillators to generate cross-leg coordinated rhythms,
reducing the network parameters by 67% while maintain-
ing rhythm stability and avoiding instability from multi-
oscillator signal conflicts. Additionally, a parameter-
efficient mapping function is proposed for the lower-level
controller to reduce the model’s training burden.

(3) The effectiveness of the control method is validated
through simulation experiments, demonstrating its superi-
ority in terms of learning performance, stability, and adapt-
ability. Comparison experiments on learning performance
and motion control further support this, and physical relo-
cation experiments show excellent motion performance.

2. Method
2.1. Reinforcement learning

In reinforcement learning, at each time step t, the agent selects
an action a; based on the current state s;, transitions to the next
state s;,1 through the state transition probability, and receives
an immediate reward R;. From these interactions, the expected
return G, is calculated, as shown in Eq. (1). Ultimately, the agent
learns the optimal policy through continuous interaction with
the environment to maximize the cumulative future reward. The
optimization process in reinforcement learning forms a Markov
decision process (MDP). In this study, the motion process of the
hexapod robot can be modeled as an MDP, represented as a tuple
{S,A, T,R, y}, where S is the set of all possible states, A is the set
of actions, T(s¢+1]st, a;) is the state transition probability function,
R(s¢, a;) is the reward function, and y € (0, 1] is the discount
factor used to weigh the importance of future rewards.

o0
G = Z V’(Rt+k+1 (M
k=0

where Ry i1 represents the reward obtained at time step t +
k + 1. The goal of reinforcement learning is to find a policy 7 (s)
for MDP that produces a probability distribution over possible
actions, thereby maximizing the expected long-term return. This
is achieved by interacting with the environment and learning
estimators directly from these interactions.

7t = arg mﬂax ]Ea["'ﬂ,SH,]’VPGf (2)

where 7* represents the optimal motion policy of the robot in
the environment.

2.2. CPG network

The CPG network consists of multiple oscillators arranged in
a specific network topology. The selection of oscillators is closely
related to the complexity of the CPG network. Compared to neu-
ral oscillators, nonlinear oscillators have fewer parameters and
simpler dynamic characteristics, which are beneficial for robot
control. Additionally, the Hopf oscillator, a type of nonlinear
oscillator, can converge from any non-zero state in the state space
to a limit cycle, generating stable periodic rhythmic oscillatory
signals. Therefore, we choose the Hopf oscillator as the oscillator
unit for the CPG. Currently, for hexapod robot motion control,
a fully connected network topology consisting of six oscillator
units is typically used. In this study, the tripod gait is chosen as
the basic gait for hexapod robots, and thus two oscillators are
selected to form the CPG network for the hexapod robot. The
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(a) Output of CPG with six oscillators
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Fig. 1. Output of CPG with different numbers of oscillators.

outputs of CPGs with different numbers of oscillators are in Fig.
1. Fig. 1(a) shows the output of CPG with six oscillators, while
Fig. 1(b) presents the output of CPG with two oscillators. From
Fig. 1, we can see that the CPG with six oscillators converges at
200 steps, whereas the CPG with two oscillators has already con-
verged at around 70 steps. Moreover, the CPG with two oscillators
effectively avoids errors in multiple oscillator signals affecting the
robot’s movement while significantly reducing the complexity of
the CPG network and the difficulty of controlling the hexapod
robot. The mathematical model of the CPG network is as follows:

)'(,‘ _ Ol(pL — T,-z) —Wj Xi 0
() =00 e ) ()= (5
2 2 2

I =XtV

Aji = Jj €0s 6;; — X; sin Oj;

(3)

where x and y are the output signals of the oscillator. « is the
convergence rate parameter of the model, p is the square of
the limit cycle radius, w is the oscillation frequency, ws, is the
swing phase frequency, ws is the stance phase frequency, § is
the coupling strength coefficient, and 6; represents the phase
difference between the two oscillators.

2.3. Mapping function

In this study, we define the rising edge of the CPG output sig-
nal as the swing phase, and the falling edge as the stance phase.
Researchers have observed a distinct pattern of leg movement in
hexapod insects during locomotion: during the swing phase, the
hip joint rotates forward first, followed by the knee joint rotating
to lift the leg and then reversing to return the leg to a balanced
position. The ankle joint behaves similarly to the knee joint but
in the opposite direction; that is, when the knee joint rotates
forward, the ankle joint rotates backward, and vice versa. During
the stance phase, the hip joint rotates backward, while the knee
and ankle joints remain stationary. Based on these observations,
previous researchers [34,35] designed a mapping function that
effectively adapts to the motion pattern of insects. However,
this function involves many parameters, making it difficult to
adjust. Therefore, based on this movement pattern, this study
designs a mapping function with relatively fewer parameters. The
mathematical model of this function is shown in Eq. (4), and the
output of mapping function is illustrated in Fig. 2.
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Fig. 2. Output of mapping function.

where ¢4(t) is the angle of the hip joint. ¢,(t) is the angle of the
knee joint. ¢3(t) is the angle of the ankle joint. A is the amplitude
of the hip joint. A, is the amplitude of the knee joint. A3 is the
amplitude of the ankle joint.

2.4. Hierarchical reinforcement learning

The motion control strategy proposed in this paper is based
on hierarchical CPG_RL, and the overall framework, as shown in
Fig. 3, consists of three main components: the high-level rein-
forcement learning decision control layer, the mid-level inter-leg
coordination layer, and the low-level intra-leg joint coordination
layer. At the high-level control, the PPO algorithm [36] is used,
which, based on the state space information S; and environmental
reward R, outputs an action a,. These action parameters include
w, which is passed to the mid-level coordination layer, and A;[1],
A1[2], Az[j], and As[j] (where j = 1,...,6, with A{[1] repre-
senting the right leg’s hip joint amplitude, A;[2] representing the
left leg’s hip joint amplitude, and A,[j] and As[j] representing
the knee joint and ankle joint amplitudes for each leg of the
hexapod robot, respectively), which are passed to the low-level
joint coordination layer. The high-level controller updates the pa-
rameters of the mid-level and low-level controllers at each time
step based on the current state, including the robot’s own state,
the parameters of the controllers at all levels, and the reward
function. This continuous update improves the control decisions,
enabling the high-level controller to make more effective deci-
sions in different environments. The mid-level controller adjusts
the step frequency of the legs using the w parameter passed from
the high-level controller, while ensuring the coordination of the
legs during movement. The mid-level controller not only sends
parameter y to the low-level controller to help it execute specific
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Fig. 3. Framework of hierarchical CPG_RL method. The high-level controller uses the PPO algorithm to learn the parameters of the middle-level controller and the
low-level controller according to the observed spatial information and the reward. The middle-level controller generates the inter-leg control signals and passes them
to the low-level controller, which generates the joint angles of the hexapod robot through the mapping function.

joint movements accurately, but also acts as a bridge between
the high-level and low-level controllers, ensuring smooth infor-
mation flow and coordination between the layers. The low-level
controller relies on the inter-leg coordination signals provided by
the mid-level controller and the step length parameters provided
by the high-level controller to generate precise joint movements.
The performance of the low-level controller directly impacts the
robot’s motion accuracy and stability, which in turn affects the
strategy adjustments made by the high-level controller. The CPG
provides a stable gait and adaptive motion generation, while
reinforcement learning optimizes the global strategy through in-
telligent decision-making. The high-level is responsible for deci-
sion optimization, the mid-level ensures inter-leg coordination,
and the low-level generates specific joint angles. This hierarchi-
cal architecture ensures the robot’s stability, adaptability, and
efficiency across various complex terrains.

2.4.1. State space

All possible state configurations of the robot and environment
are considered as the state space for reinforcement learning.
Previous research [37,38] often relies on extensive environmental
data collected by sensors such as radar and depth cameras, result-
ing in a high-dimensional state space that makes reinforcement
learning difficult to converge. To address this issue, the state
space of reinforcement learning in this study only includes the
robot’s own information and the maximum height of the terrain,
effectively reducing the state space to 59 dimensions. These 59
dimensions include: the position s; and velocity v; of the hexapod
robot’s 18 joints, the robot’s target positional information (x, y, z),
and the CPG network’s parameters A{[1], A1[2], A>[j], and As[j], as
well as max height h in the robot’s environment.

2.4.2. Action space

In this study, the set of all possible actions the hexapod robot
can perform in the environment is considered as the action
space. The main objective of this study is to enhance the robot’s
terrain adaptability by training the CPG network’s parameters.
The action space includes the amplitudes of the hip joint A{[1],

Aq[2], the knee joint A,[i], the ankle joint As[i] in the lower-
level controller, and the frequency w in the mid-level controller.
These parameters, totaling 15 dimensions, allow the hexapod
robot to learn and generate gaits that adapt to various terrains
by adjusting these values.

2.4.3. Reward function

To enhance the motion stability of the hexapod robot in com-
plex terrains, we design several reward components to ensure
that the robot can effectively reach the designated target points
and adapt to various environmental conditions. The details of
the reward function are shown in Table 1 and the total reward
function is as follows.

Ri=owp-th+wg -Ta+wy-Tg+1p+Ts (5)

where z, represents the robot’s current height, wy is the weight
for height reward, and 6 denotes the robot’s direction angle, the
various rewards are calculated to optimize the robot’s perfor-
mance. The vector D indicates the vector representing the point
from the starting point to the target point. The distances d,, and
d; refer to the current and target distances, respectively. Angles
0, and 0y measure the robot’s tilt, while x, and x,, represent the
robot’s current and previous positions. The weights wy, and wy
correspond to the direction, energy, and distance rewards, re-
spectively. Lastly, rp, 1y, 14, 17, s denote the five different reward
functions, each influencing the robot’s learning process.

2.4.4. Termination conditions

Termination conditions are used to determine whether the
robot has completed the task or met the predefined requirements,
ensuring effective operation within reasonable limits. The specific
conditions include:

(1) The task should be immediately terminated when the
robot’s height is below 0.05 m, or when the roll angle or
pitch angle exceeds +Z, as it indicates that the robot has
fallen.
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Table 1

Reward components of total reward function and their weights.
Reward type Reward function Condition Weight
Height Reward ry (z; — 0.11) z: > 0.12 wp
Direction Reward ry W 6>%Z wy
Distance Reward ry e~ (dn—dt) None wq
Stability Reward r; —100 z; < 0.05 or |6y| > X or |6 > Z 1
Forward Reward r¢ -0.3 Xr — Xpr < 0.01 1

(a) Rugged terrain

(b) Stepped terrain

(c) Complex terrain

Fig. 4. Three simulation environment terrains in PyBullet. (a) The rugged terrain. (b) The stepped terrain. (c) The complex terrain.

Table 2

Hyperparameters of PPO.
Parameter Value
Learning rate 1.0x 1074
Batch size 512
Epochs 500000
Gamma 0.99
Lambda 0.95
Clip parameter 0.2
Neural network architecture [256, 256, 256, 256]
Activation function RelLU

(2) The task should be terminated if the number of steps
exceeds 7000, or if the absolute value of the robot’s Y-axis
position exceeds 1.5 m, to improve efficiency and accuracy
and avoid ineffective exploration.

(3) When the robot is within 0.5 m of the target, it is consid-
ered to have reached the goal, and the task is complete.

3. Experiment

To validate the effectiveness of the CPG_RL method in hexa-
pod robot control, this section is organized into the following
four parts: experimental setup, comparison of learning outcomes,
comparison of motion performance, and Sim2real experiments.

3.1. Experimental setup

In this study, Pybullet [39] is used as the simulation platform
to set up the reinforcement learning environment for the hexa-
pod robot. We adapt the OpenAl Gym framework for the rein-
forcement learning environment and compare the PPO, SAC [40],
TD3 [41], and A2C [42] algorithms from the Stable Baselines3
library. To ensure the validity of the comparison experiments,
all experiments are conducted with the same hyperparameters,
as shown in Table 2. Additionally, three simulation environment
terrains in Pybullet showed in Fig. 4 are designed to train the
hexapod robot, which includes rugged terrain, stepped terrain,
and complex terrain (the combination of rugged and stepped
terrain), and their parameters are as follows:

(1) Rugged terrain consists of randomly generated square pro-
trusions of 4 ¢cm? and heights varying between 0 and
6 cm.

(2) Stepped terrain consists of 15 steps, each step is 6 cm in
height, 500 cm in length, and 25 cm in width, with a total
height of 90 cm, length of 500 cm and width of 375 cm.

(3) Complex terrain is the combination of 150 cm width of
rugged terrain and 150 cm width stepped terrain.

3.2. Comparison of learning effectiveness

This experiment validates the learning effectiveness of our
method through two comparative experiments. In terms of learn-
ing efficiency, we evaluate it by comparing the final learning
outcomes of different algorithms and their corresponding learn-
ing time. These experimental results indicate that the CPG_RL
method demonstrates superior learning performance and adapt-
ability on complex terrains.

(1) Comparison of training effectiveness: In this experiment,
we compare the training effectiveness of the hexapod robot
under the control of hierarchical reinforcement learning
(SAC-CPG, A2C-CPG, CPG_RL) across three different envi-
ronment terrains. The results in Fig. 5(a) show that the
CPG_RL method exhibiting the best learning performance,
including faster convergence and a higher task completion
rate.

(2) Comparison of learning outcomes: This experiment com-
pares the CPG’s parameter variations of the hexapod robot
under the control of CPG_RL and CPG. The experimental
results show that the parameter values of the CPG method
remain constant throughout the process, while the CPG_RL
method, which integrates reinforcement learning, dynami-
cally adjusts the parameters according to terrain variations,
demonstrating greater adaptability.

3.3. Comparison of robot’s stability

To evaluate the stability of the CPG_RL method, the hexa-
pod robot is tested on rugged, stepped, and complex terrains,
comparing the performance of CPG control and hierarchical re-
inforcement learning control in reaching the designated target
positions. In terms of control performance, the evaluation metrics
include changes in the robot’s pitch and roll angles during motion,
as well as the trajectory curves of the hexapod robot. In addition,
we conduct a quantitative analysis of the curves in the figures,
measuring stability in terms of the average value, variance, and
peak value of the fluctuations.
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Fig. 5. Comparison of Learning Effectiveness. (a) The leaning reward curve across
different algorithms. (b) The curve of parameter variations under the control of
CPG and CPG_RL.

(1) Rugged terrain: As shown in Fig. 6(a), in terms of pitch
angle, the fluctuations of pitch angles under CPG_RL and
SAC-CPG control are smaller, indicating higher stability,
whereas the pitch angle fluctuations under TD3-CPG and
CPG control are larger. Furthermore, as shown in Fig. 6(b),
the mean value of CPG_RL is significantly lower than that
of other methods, and the variance of CPG_RL and SAC-CPG
is noticeably smaller than that of the other two methods.
As shown in Fig. 6(c), in terms of roll angle, the angle
fluctuations under CPG_RL and SAC-CPG control are rela-
tively stable, with no large fluctuations, while larger peaks
appear under TD3-CPG and CPG control. Fig. 6(d) further
shows that the mean and variance of CPG_RL are noticeably
smaller than those of other methods. In terms of motion
trajectory, as shown in Fig. 6(e), all methods successfully
reach the target point on rugged terrain, with Y-axis devi-
ations kept within 0.5 m, ensuring the completion of the
specific task. Additionally, as shown in Fig. 6(a) and Fig.
6(c), CPG_RL and CPG completed the task with fewer steps,
demonstrating faster speed, with CPG_RL showing smaller
deviation in the Y direction.

(2) Stepped terrain: As shown in Fig. 7(a), the pitch angle
fluctuations are similar across all control methods. How-
ever, from Fig. 7(b), it is evident that the mean values of
SAC-CPG, TD3-CPG, and CPG_RL are roughly the same and
smaller than that of the CPG method, while the variance
of CPG_RL is slightly larger than the other three methods.
As shown in Fig. 7(c), in terms of roll angle, all control
methods exhibit periodic fluctuations, and the amplitudes
are similar. Fig. 7(d) shows that the mean values of all
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algorithms are quite similar, with the variance of CPG and
CPG_RL being noticeably smaller than the other methods.
In terms of motion trajectory, as shown in Fig. 7(e), only
SAC-CPG and CPG_RL can reliably complete the task on the
stepped terrain, while CPG shows a significant deviation
along the Y-axis, and TD3-CPG fails to complete the task.
In Fig. 7(a) and Fig. 7(c), CPG_RL completes the task in
fewer time steps compared to SAC-CPG, and among the
two algorithms that stably complete the task, CPG_RL does
so at the fastest speed. On stepped terrain, due to the
faster movement speed of CPG_RL, larger angle fluctuations
occur, but this does not mean that the robot’s performance
under CPG_RL control is worse.

(3) Complex terrain: In terms of pitch angle on complex ter-
rain, as shown in Fig. 8(a), during the rugged terrain phase,
all methods show small, irregular pitch angle fluctuations.
Upon entering the stepped terrain, the pitch angles un-
der TD3-CPG, SAC-CPG, and CPG_RL control exhibit pe-
riodic fluctuations, indicating that the robot is climbing
the stepped terrain, whereas the pitch angle under CPG
control shows large peaks, indicating task failure. Fig. 8(b)
further shows that the mean and variance of pitch angles
under TD3-CPG, SAC-CPG, and CPG_RL control are similar,
whereas the mean pitch angle under CPG control is larger,
indicating lower stability. As shown in Fig. 8(c), the roll
angle follows a similar pattern to the pitch angle, and Fig.
8(d) shows that the mean values under TD3-CPG, SAC-
CPG, and CPG_RL are almost identical, with CPG control
exhibiting a larger mean value and lower stability, while
the variances of SAC-CPG, CPG_RL, and CPG control are
similar, and TD3-CPG exhibits a larger variance. In terms
of motion trajectory, as shown in Fig. 8(e), SAC-CPG and
CPG_RL are able to reach the target point with Y-axis
deviation within 0.5 m, while under CPG control, significant
deviation occurs when entering the stepped terrain, and
TD3-CPG fails to complete the task. Additionally, as shown
in Fig. 8(a) and Fig. 8(c), CPG_RL completes the task in
fewer steps, demonstrating a higher speed.

Based on the above experimental results, the following con-
clusion can be drawn: the CPG_RL control method significantly
outperforms other control methods in terms of stability. CPG_RL
not only exhibits superior performance in minimizing the ampli-
tude and frequency of pitch and roll angle fluctuations, but also
effectively reduces deviations along the Y-axis, ensuring a more
stable motion trajectory on complex terrains.

3.4. Comparison of robot’s adaptability

To validate the adaptability of the CPG_RL control method,
we conduct 25 rounds of testing on the hexapod robot across
three different terrains using CPG control, CPG-RL control, and
CPG_RL control. The adaptability of the three control methods
is evaluated by calculating the success probability of the robot
reaching distances of 0.5 m, 1 m, 2 m, and 3 m, and the results
are shown in Table 3.

(1) Rugged terrain: The CPG control method achieves a high
probability of completing tasks on rugged terrain. The TD3-
CPG method performs well between 1 and 2 m but shows
a decline in performance at 3 m, although it is still better
than the CPG method. The SAC-CPG method nearly reaches
a 100% success rate, while the CPG_RL method completes
all tasks on rugged terrain with a 100% success rate.
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Table 3
Success rates of different methods across three terrains at different distances.
Terrain Method 0.5 m 1m 2 m 3m
Rugged CPG 96% 96% 88% 60%
TD3-CPG 100% 100% 100% 70%
SAC-CPG 100% 100% 100% 96%
CPG_RL 100% 100% 100% 100%
Stepped CPG 60% 28% 0% 0%
TD3-CPG 100% 84% 0% 0%
SAC-CPG 96% 96% 96% 52%
CPG_RL 100% 100% 100% 100%
Complex CPG 92% 56% 8% 0%
TD3-CPG 100% 100% 12% 0%
SAC-CPG 100% 80% 40% 4%
CPG_RL 100% 100% 100% 100%

(2) Stepped terrain: The CPG control method completes tasks
within 0.5 m on stepped terrain with high probability
but has significantly lower success rates beyond 1 m and
cannot complete tasks beyond 2 m. The TD3-CPG method
performs well within 1 m but also fails to complete tasks
beyond 2 m. The SAC-CPG method completes tasks up to
2 m with nearly a 100% success rate, but for tasks over
3 m, the success rate drops to 52%. The CPG_RL control
method, however, achieves a 100% success rate for all tasks
on stepped terrain.

(3) Complex terrain: The CPG control method has a high suc-
cess probability for tasks within 0.5 m, but its performance
drops significantly beyond 1 m, and it cannot complete
tasks beyond 3 m. The TD3-CPG method performs well
up to 2 m but struggles beyond that distance. The SAC-
CPG method shows good performance beyond 1 m, but its
success rate drops to 40% for tasks over 2 m and to only
4% for tasks over 3 m. The CPG_RL method achieves a 100%
success rate for all tasks on complex terrain.

Based on these results, the following conclusions can be
drawn: The CPG control method, due to its lack of adaptability
to complex terrains, exhibits significant deviations in move-
ment direction, making it difficult to complete tasks reliably. The
TD3-CPG method performs well on rugged terrain but cannot
complete long-distance tasks on stepped terrain due to stalling
when crossing steps, indicating it does not learn effective terrain-
crossing strategies. The SAC-CPG method performs well on rugged
terrain but struggles with long-distance tasks on stepped and
complex terrains, with relatively poor performance. The CPG_RL
control method demonstrates excellent adaptability and stabil-
ity, successfully navigating various complex terrains, indicating
its superior practicality and reliability in diverse and dynamic
environments.

3.5. Sim2real experiments

This study aims to verify the feasibility and effectiveness of
the CPG_RL algorithm on a physical hexapod robot, ensuring that
the algorithm can operate smoothly in real-world environments
while demonstrating superior adaptability and stability. The ex-
periment used a hexapod robot controlled by the ROS operating
system. The key parameters of the hexapod robot are as follows:
total weight of 2.5 kg, hip length of 50 mm, femur length of
80 mm, and tibia length of 130 mm. The joint angle limits are:
hip angle from -7 /6 to 7 /6, femur angle from 0 to 7 /2, and tibia
angle from -7 /3 to 0.

The test terrains shown in Fig. 9 include rugged terrain and
stepped terrain. The rugged terrain is 2.5 m long, consisting of
obstacles of varying heights with a maximum height difference of
6 cm. This design requires the hexapod robot to traverse various
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(b) Movement in stepped terrain

Fig. 9. Physical scene demonstration. (a) Robot motion in rugged terrain. (b)
Robot motion in stepped terrain.

terrain obstacles, effectively evaluating the algorithm’s adaptabil-
ity to complex terrains. The stepped terrain is 1.5 m long and
composed of five wooden boards, each 6 cm in height. This terrain
simulates the stepped terrain used in the simulation environ-
ment, but with a reduced width to better evaluate the algorithm’s
performance in real-world conditions. The experimental results
indicate that the hexapod robot performed exceptionally well on
the stepped terrain, with the CPG_RL control method enabling it
to stably traverse each step. Despite the narrow steps increasing
the difficulty, the robot successfully completed the task without
falling or stalling, demonstrating excellent stability. In the rugged
terrain test, the hexapod robot also performed outstandingly,
consistently crossing obstacles of varying heights and displaying
excellent adaptability and terrain-handling capability. Through-
out the process, the robot’s movement trajectory remained stable
with no significant deviations, fully validating the feasibility and
effectiveness of the CPG_RL algorithm in real-world applications.

4. Conclusion

This study proposes a hierarchical control architecture to en-
hance the adaptability of hexapod robots on complex terrains.
The architecture consists of high-level, mid-level and low-level
controllers. The hierarchical method’s learning efficiency, sta-
bility, and adaptability are evaluated through experiments on
learning and motion performance validation. The results show
that CPG_RL control outperforms traditional CPG control in sev-
eral aspects, particularly in handling various terrains where it
exhibits stronger adaptability and dynamically adjusts its param-
eters based on terrain changes. Moreover, compared to traditional
DRL control, CPG_RL control demonstrates higher learning ef-
ficiency and better learning performance. In terms of motion
performance, CPG_RL control shows superior stability and adapt-
ability compared to CPG control, successfully completing tasks
on a variety of complex terrains. The method is also successfully
transferred to real-world experiments, demonstrating excellent
motion performance. Future research will focus on integrating
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sensors into this method to further improve the adaptability
of hexapod robots in complex terrains. In the future, we plan
to equip physical robots with visual sensors to enhance their
perceptual capabilities, while increasing the terrain complexity to
challenge the robots’ adaptability and stability in more demand-
ing environments, thus driving further experimental validation
and technological optimization.
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