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a b s t r a c t

The ability of bipedal humanoid robots to walk adaptively on varied terrain is a critical challenge
for practical applications, drawing substantial attention from academic and industrial research com-
munities in recent years. Traditional model-based locomotion control methods have high modeling
complexity, especially in complex terrain environments, making locomotion stability difficult to ensure.
Reinforcement learning offers an end-to-end solution for locomotion control in humanoid robots. This
approach typically relies solely on proprioceptive sensing to generate control policies, often resulting
in increased robot body collisions during practical applications. Excessive collisions can damage the
biped robot hardware, and more critically, the absence of multimodal input, such as vision, limits
the robot’s ability to perceive environmental context and adjust its gait trajectory promptly. This
lack of multimodal perception also hampers stability and robustness during tasks. In this paper,
visual information is added to the locomotion control problem of humanoid robot, and a three-
stage multi-objective constraint policy distillation optimization algorithm is innovantly proposed. The
expert policies of different terrains to meet the requirements of gait aesthetics are trained through
reinforcement learning, and these expert policies are distilled into student through policy distillation.
Experimental results demonstrate a significant reduction in collision rates when utilizing a control
policy that integrates multimodal perception, especially in challenging terrains like stairs, thresholds,
and mixed surfaces. This advancement supports the practical deployment of bipedal humanoid robots.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Bipedal humanoid robots have a broad spectrum of potential
applications, including logistics distribution, household services,
and eldercare [1]. Realizing the full potential of these robots
necessitates developing an effective control scheme. This study
rimarily investigates the terrain-adaptive walking capabilities
f bipedal humanoid robots, aiming to minimize collision rates
hrough sim-to-real reinforcement learning—a crucial capability
or such applications. Currently, the prevailing locomotion con-
trol techniques for biped robots are optimization-based methods,
primarily involving hierarchical control based on simplified mod-
els to optimize trajectories and employing feedback lineariza-
tion to monitor them. Over the past decades, researchers have
advanced various model-based locomotion control methodolo-
gies for biped robots. For instance, M. Shafiee-Ashtiani et al.
introduced a comprehensive, resilient bipedal walking control
policy that integrates model predictive control with the motion
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divergence component [2].
Similarly, Ayonga Hereid et al. employed a hybrid zero dy-

namics model to quickly and reliably generate efficient walking
gaits for multi-contact robots [3]. Reduced-order models, such as
the linear inverted pendulum model [4] and the spring-loaded in-
erted pendulum model, have also become prominent in bipedal
ocomotion research. Notably, Agility Robotics’ biped robot Cassie
mploys a locomotion control model based on the SLIP model

[5–7]. Whole-body dynamic models for bipedal robots are typi-
ally high-dimensional and nonlinear, complicating optimization
fforts [8–11].
Recent advancements in deep reinforcement learning have

introduced learning-based methods to develop locomotion con-
trol policies [12–15] that aim to achieve dynamic locomotion
ehaviors. Unlike traditional optimization or heuristic control
ethods, reinforcement learning generates suitable policies by

allowing the agent to interact with its environment, using sensory
nputs and historical data while rewarding or penalizing behavior
during training [16–18]. Most reinforcement learning studies on
locomotion control for bipedal humanoid robots primarily rely on
proprioceptive sensory data alone to formulate control policies.
This approach requires the robot to perceive terrain information
niversity. This is an open access article under the CC BY license
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Fig. 1. Description of the overall hardware system.

via foot-ground collisions. As a result, in complex environments,
ipedal humanoid robots may incur unpredictable damage from
requent terrain collisions. Moreover, this limited perception re-
uces the stability and adaptability of bipedal humanoid robots
n real-world tasks. Without addressing this issue, the practical
pplication of these robots remains restricted. Thus, minimizing
ollision rates between robots and terrains during locomotion is
ssential.
In recent years, researchers have explored enhancing training

effectiveness by incorporating multimodal information, such as
visual data, into the process [19–21]. R. Yang et al. achieved
nd-to-end visual navigation for a quadruped robot using depth
mages, demonstrating vision-based zero-sample transfer on flat,
loping, grassy, and sandy terrain [22]. H. Duan et al. proposed
 vision-based learning approach for enabling biped robots to
alk on complex terrain [23]. Their approach uses elevation
aps for motion control based on external perception, though it
nly addresses foot-raising when the robot encounters elevated
errain. In contrast, our study focuses on more diverse policies,
etermining both foot-raising and stepping actions, which are
ntegrated into a unified model. In the paper, our study integrates
eep reinforcement learning with the proprioceptive sensing ca-

pabilities of a novel full-scale bipedal humanoid robot, Xiao-Man.
 depth camera is incorporated to capture visual data from an
GBD sensor, offering insights into external environmental con-
itions. Xiao-Man is 1.5 meters tall and weighs 45 kg, with a total
f 19 revolute degrees of freedom (DOFs). To address complex
errain challenges such as stairs and thresholds, the multi-expert
olicy distillation method is employed for Xiao-Man’s locomotion
ontrol.
The following sections begin with an introduction to the hard-

are design and policy training framework (Section 2). Section 3
details the methodology for policy training and experimental
alidation. Finally, the conclusions are presented, followed by a
iscussion of potential future research directions (Section 5).

2. System overview

2.1. Hardware system design

The comprehensive hardware system of Xiao-Man is shown
n Fig. 1. The robot’s mechanical architecture consists of a trunk,
2

Fig. 2. Description of the policy training framework.

two arms, and two legs. Each leg contains five joints: three at
the hip (roll, pitch, and yaw), one at the knee, and one at the
ankle. Each arm contains four joints: three at the shoulder and
one at the elbow. The trunk includes a single joint for yaw
rotation. Each robot joint is equipped with an encoder for real-
time position capture, and joint torque is estimated via actuation
current sensing. The trunk integrates an Inertial Measurement
Unit (IMU) to collect real-time body motion data relative to the
center of mass (COM). Additionally, the trunk has a depth camera
angled at 70◦ from the horizontal for terrain observation.

2.2. Policy training framework design

Training of the robot’s external perceptual locomotion model
occurs in three stages, shown in Fig. 2. In Stage 1, a general
olicy model is trained to develop an aesthetically pleasing gait
n flat ground, using shape-shaping rewards [24,25]. In Stage

2, expert policies are trained for common indoor terrains like
stairs and thresholds, employing the Generative Adversarial Im-
itation Learning (GAIL) algorithm to provide a reward function
that emulates the desired gait policy within each expert policy’s
onstraints. Landing area constraints guide the robot to target
areas with larger support surfaces, and sparse speed tracking re-
wards ensure adherence to speed commands. In Stage 3, external
perception noise in real environments is analyzed to construct
a noise model for training, using imitation learning to distill
multiple expert skills into a unified policy.

3. Policy training

3.1. General policy training

The general policy model primarily employs an actor–critic re-
inforcement learning algorithm, specifically Proximal Policy Op-
timization (PPO), to optimize the robot’s proprioceptive data. The
ait optimization problem is initially formulated as a Markov De-
ision Process (MDP), defining the state space, action space, and
reward function. During this training stage, both the actor and
ritic networks use a multilayer perceptron (MLP) architecture.
ractically, the specified command velocity is transmitted to the
obot via remote control.

The state space encompasses the robot’s proprioceptive data,
as shown in Table 1. This data, received in various vectors, specif-
cally includes the positions of the 19 revolute joints on the
bipedal humanoid robot q ∈ R19; the joint velocities q̇ ∈ R19; the
gravity vectors of the robot g ∈ R3; the angular velocities of roll,
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Table 1
State space of the actor–critic network.
Input Vector dimension

Actor Critic

Joint Position 19 19
Joint Velocity 19 19
Gravity Vector 3 3
Angular Velocity 3 3
Linear Velocity 3 3
Linear Velocity Commands 3 3
Past Actions 19 19

pitch and yaw ω ∈ R3; linear velocities v ∈ R3; linear velocity
ommands vcmd ∈ R3; and previous actions at−1 ∈ R19. The
action space delineates the relative variation between the desired
joint position and the reference joint position. qref represents the
default joint position when the bipedal humanoid robot is still
standing; therefore, the relationship between action a and the
desired joint position qd is qd = a + qref.

Reward functions are broadly divided into two categories:
task rewards and auxiliary rewards. The general policy model
primarily relies on the following task reward functions:

rv = 0.5 × e−

vbasexy −vcomxy

2
+ e−

⏐⏐⏐vbasexy −vcomxy

⏐⏐⏐ (1)

rω = 0.5 × e−

ωbase
−ωcom

2
+ e−

⏐⏐⏐ωbase
−ωcom

⏐⏐⏐ (2)

where vbase
xy and vcom

xy denote the linear velocity and linear velocity
ommands, respectively, along the x-axis and the y-axis under
he coordinate system of the base of the robot. ωbase and ωcom

enote the angular velocity and the angular velocity command,
espectively.

Auxiliary rewards support the development of smooth, fluent
gaits, addressing gait optimization and enabling effective transfer
from the simulated environment to the physical robot. Limit-
ing joint torque within a reasonable range enhances hardware
protection. The torque penalty reward is formulated as:

rtorque = − ∥τ∥
2 (3)

rlime = −(min(τ low
lim − τ , 0) + max(τ − τ

high
lim , 0)) (4)

where τ represents the torque command sent to the joint
motor.

Gait regularization was applied to constrain conditions such
as adduction, abduction, inner eight, and outer eight in both legs,
with the corresponding reward function defined as follows:

rreg = e−∥q0∥2
+ e−∥q5∥2

+ e−∥q1−q6∥2 (5)

where, q0 and q5 respectively represent the joint position of the
hip joint of the robot’s left and right legs rotating around the Z-
axis. q1 and q6 represent the joint position of the hip joint of the
robot’s left and right legs rotated about the X-axis, respectively.

Due to actuator bandwidth limitations in the real environ-
ent, control commands with significant jitter can damage the
ardware. Therefore, smooth control commands are generated
hrough a motion smoothing constraint. The corresponding re-
ard function is defined as:

rsmooth = − ∥at − at−1∥
2
− ∥at − 2at−1 + at−2∥

2 (6)

Therefore, the total reward r of the model was the weighted
um of the above values:

r = k1 · rv + · · · + k6 · rsmooth (7)

All hyperparameters are crucial to the performance of the
policy. The highest weights are assigned to task rewards, such
as speed tracking rewards rv . The initial hyperparameter con-
figuration is first trained on flat terrain, followed by fine-tuning
3

Fig. 3. The visualization of the sampling area of the robot’s sole.

Table 2
Parameters of the sampling area.
Radius Number of sampling point

0 1
0.05 6
0.1 8
0.15 10
0.2 12
0.25 14
0.3 16
0.35 18
0.4 20
0.48 24

based on the robot’s locomotion performance in complex terrains.
The hyperparameter configuration varies slightly across different
errains.

3.2. Expert policy training for different terrains

In addition to proprioceptive information, training the expert
policy requires new perceptual data, including the contact state
and force direction of the robot’s sole.

A series of sampling circles with gradient radii are placed at
he center of both soles, with uniformly distributed sampling
oints, as shown in Table 2. The visualization of the sampling

points for one of the robot’s feet is shown in Fig. 3, with the sole’s
coordinate defined as (0,0).

In uneven terrain, it is impractical to require bipedal hu-
manoid robots to traverse at a constant speed, as this limits
their ability to navigate such terrains. To enhance the robot’s
ability to navigate complex indoor terrains, this paper intro-
duces a novel sparse reward to ensure compliance with speed
commands. Although sparse rewards increase training difficulty,
they enable the robot to acquire unexpected and valuable skills.
Many effective gait skills are challenging to achieve through
human-designed intensive rewards. Furthermore, to address the
challenge of low-efficiency sparse reward training, a combination
of intensive and sparse rewards is employed to ensure compli-
nce with speed commands. As training progresses, the weight

of the intensive reward gradually decreases, while the weight of
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the sparse reward increases. The specific expression is as follows:

rv = (1 − ρ) ∗ e−∥vt−vd∥
2
+ ρ ∗ e−

 1
T

∑T
t=0(vt−vd)

2
∗ Iepisode (8)

where ρ ∈ (0, 1) increases with the number of training iterations,
vt represents the velocity component of the robot’s center of
gravity at time t in the fuselage coordinate system of the X-axis
and Y -axis, T represents the time step of the current episode,
Iepisode is the marker of the end of the current episode, and 1
represents the end of the episode.

Due to the differences between the simulation and real envi-
ronments, it cannot be guaranteed that the robot’s methods for
ascending and descending stairs in simulation will be successful
in reality. For instance, if the contact area between the robot’s
feet and the steps is small in the simulation, or if collisions with
significant force do not affect the success rate of stair traversal,
such situations are not reliable in the real environment. There-
fore, simulating gait for ascending and descending stairs is crucial
to obtain a more robust gait with a higher success rate. This paper
roposes a reward function design to constrain the landing area
s follows:

rlanding =

2∑
i=0

( K∑
k=0

⏐⏐⏐hk
i − ĥk

i

⏐⏐⏐ ) ∗ Ifoot (Fi > 0) (9)

where hk
i represents the height in the world coordinate system

orresponding to the kth point on the foot plane of the ith leg,
nd ĥk

i represents the height of the terrain in the same X-axis and
-axis coordinates as the kth point selected in the plane-plane of
he foot of the ith leg.

In addressing the gait optimization challenge for bipedal hu-
manoid robots, relying solely on incrementally increasing re-
wards can require extensive time to adjust and optimize each
reward and its associated weights. Additionally, this tedious opti-
ization may need to be redone if the training task or algorithm
yperparameters change. This paper employs the GAIL algorithm
o train a discriminator network that identifies whether a given
state–action pair originates from an expert policy. The objective
function for optimizing the discriminator network is as follows:

Ldisc (ϑ) = −Ea∼π [lnDϑ (s, a)] − Ea∼πgait [ln(1 − Dϑ (s, a))] (10)

where πgait represents the aesthetic gait trained in Stage 1.
The robot’s gait exhibits non-periodic changes in uneven ter-

ains, while the aesthetic gait strategy from Stage 1 is optimized
olely for flat surfaces. Therefore, the gait imitation rewards are
nly applied to flat terrains. The reward function is defined as
ollows:

rgait = − ln(1 − D(s, a)) ∗ Iplane (11)

where Iplane represents a flag bit used to determine whether the
errain is flat land within a radius of 0.48 m with the sole of
he robot as the center. The primary models trained include the
iscriminator, actor, and critic networks, with individual policy
odels developed for stair and threshold terrains.
During training, the weights of these networks are first ini-

tialized, and data of a fixed batch size is collected through in-
teractions between the actor network and the simulator. The
discriminator network then calculates the gait imitation reward,
while the critic network’s weights are updated via gradient de-
scent. The objective function Ldisc (ϑ) is also optimized using
gradient descent, with iterative updates to the discriminator net-
work’s weights. Training concludes once the specified number of
iterations is reached.

Notably, training a single gait model suitable for all terrains
emains challenging. For instance, the robot should ideally cross
ather than step on thresholds, while on stairs, its foot should
ontact the horizontal rather than the vertical plane. However,
4

Fig. 4. Description of the policy trained in the simulator.

because threshold and single stair terrains are quite similar, train-
ng them jointly can make it difficult for the robot to differentiate
etween the two, thus hindering the generation of an appropriate
ait.

3.3. Policy distillation

In this stage, the expert policies for stairway and threshold ter-
rains trained in Stage 2 are distilled into student models through
Teacher–Student training via imitation learning. In addition to
roprioceptive data, the student model’s input includes external
nvironmental data, divided into terrain elevation information
nd a depth image captured by the trunk-mounted depth camera.
he terrain elevation input is a 20 x 21 grid of discrete elevation

points, uniformly sampled within a rectangular area: 0.75 m and
0.25 m before and after the fuselage coordinate system origin,
0.5 m from each side, with a 0.05 m interval. Each elevation point
as a corresponding validity marker, with 0 indicating an invalid
oint and 1 indicating a valid point. The topographic elevation
nd marker point data are concatenated in additional dimensions,
esulting in a three-dimensional array with dimensions 21 x
1 x 2. The depth image is obtained directly from the depth
amera, with the resolution adjusted through downsampling and
ropping, and only single-frame data from the depth image is
sed.

4. Experiments and results

4.1. Training process

First, an initial simulation model is constructed within the
imulator, as shown in Fig. 4(a), and the robots are trained si-
ultaneously on flat ground to rapidly develop the corresponding
eneral policy. To address complex stair and threshold terrains, a
ew reward function is introduced to optimize the bipedal hu-
anoid robot’s gait in these terrains, with expert policies trained
ithin the simulator, as depicted in Fig. 4(b). A batch size of 4096

x 128 is used. The total number of iterations is 18,400, comprising
15,000 iterations for training and fine-tuning the expert policy
and 3,400 iterations for policy distillation.

In the policy training process, we conduct comparative exper-
iments to investigate the impact of fusing terrain elevation and
depth image information on model training outcomes. Results
show that policies incorporating external environmental infor-
mation generally achieve enhanced locomotion robustness, often
measured by landing constraint reward, throughout the model
iteration process, as illustrated in Fig. 5. Although velocity reward
serves as the primary reward for the task, emphasis is placed
on the landing constraint reward’s role in enabling the robot to
identify safe landing points.



C. Ji, D. Liu, W. Gao et al. Biomimetic Intelligence and Robotics 5 (2025) 100213

c
t

a

r

s
t
t
b
a

m
i
a

n
a

f
s
(
f
t
w
c

c

d

Fig. 5. Result of the comparison of the reward of landing constraint.

4.2. Sim-to-real transfer

The external environmental information utilized in this study
omprises terrain elevation data and depth images. To estimate
errain elevation, the elevation data are combined with the pose
information of the depth camera and the robot, while the depth
image is directly obtained from the depth camera. Deploying
this locomotion control algorithm in real environments requires
addressing issues of incomplete field of view due to depth cam-
era occlusions, ensuring the external perception of the bipedal
humanoid robot is not compromised by the loss of local terrain
and elevation data due to the depth camera’s field of view angle,
measurement range, and occlusions. To address this, terrain ele-
vation information is randomly masked during training. Masking
levels are categorized into 11 increments from 0 to 10, where 0
indicates no masking and 10 represents full masking of terrain
elevation data. Each level increment raises the masking ratio by
10%.

The entirety of each episode remained unchanged. Addition-
lly, this method enables masking of height information with

significant noise or delay through post-processing, based on prior
esearcher knowledge during real-machine deployment. This ap-
proach allows locomotion control with external perception to be
simplified to rely solely on proprioceptive information, reducing
the influence of noise and delay in the terrain elevation map.
However, multimodal perception remains essential. While the
simplification to proprioception may eliminate the robot’s un-
controllable and potentially hazardous behaviors resulting from
external perception noise, it can lead to increased collisions and
balance issues, particularly on complex terrains like stairs. More
critically, the robot may exhibit destructive behaviors rather than
safe navigation. For development, and to maintain alignment be-
tween the policy model and PD controller frequencies, the input
state is configured consistently with the simulation environment,
facilitating the model’s adaptation to the real robot system.

4.3. Experiment of balanced standing on flat ground

The robot stands idle when the input velocity command is
et to zero. To evaluate its self-balancing performance, a 10 N
hrust is applied along the x-axis. This experiment records the
otal joint torque curve, illustrating the transition from initial
alanced standing to sustained self-balance under applied thrust,
s shown in Fig. 6.
In the suspension phase (0 ≤ t ≤ 30 s), the total joint torque is

inimal. In the partial suspension phase (30 ≤ t ≤ 60 s), the robot
s gradually lowered to the ground. The total joint torque shows
n increasing trend and gradually stabilizes by 60 s, mainly due
 s

5

Fig. 6. Description of the robot balanced standing.

Fig. 7. Results of the walking experiments with different foot spacing.

to the gravitational influence on the leg joints. In the full standing
phase (60 ≤ t ≤ 80 s), the robot stands freely without suspension,
maintaining a static state, and the total joint torque remains
early constant. In the self-balancing test phase (80 ≤ t ≤ 100 s),
n instantaneous thrust is applied artificially. Following several

disturbances, the total joint torque returns to the value observed
during static standing. These disturbances occur because external
orce disrupts the robot’s initial equilibrium. The robot must
wiftly adjust its landing position to ensure the center of mass
COM) projection consistently falls within the support polygon
ormed by both feet, leading to an instantaneous increase in joint
orque. The torque curve demonstrates that the robot equipped
ith the trained control policy possesses notable self-balancing
apabilities.

4.4. Experiment of forward walking on flat ground

In anticipation of deploying the vision sensor on the fuselage
in subsequent research, ensuring the fuselage’s stability during
walking is crucial. A gradient experiment was designed in simula-
tion to examine the influence of foot spacing on walking stability,
as shown in Fig. 7.

For walking policy training, the speed was set to 0.4 m/s along
the x-axis, and the trunk’s roll-direction offset was recorded for
comparative analysis. Results indicate that a foot spacing of 25 cm
provides optimal walking stability. A smaller foot spacing in-
reases the likelihood of foot collision during walking, impacting
stability, while a larger spacing compromises gait aesthetics.

The IMU records the robot’s COM deviation from the z-axis
uring walking, and stability is quantitatively assessed using the

X offset curve in quaternions. The X offset curve in quaternions
was tested at different walking speeds, as shown in Fig. 8. Results
reveal that the X offset reaches a minimum at 0.4 m/s, corre-
sponding to a trunk offset of approximately 1.5◦, indicating high
tability.
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Fig. 8. Description of the trunk offset during walking.

Fig. 9. Result of the ablation experiment for multimodal perception.

4.5. Ablation experiment for multimodal perception

In order to verify the effectiveness of the final trained model,
we removed the visual information from the input, so that the
robot could not obtain the terrain information, and compared it
with the final trained model by setting the stairs terrain in the
Issac Sim, as shown in Fig. 9. We chose 100 sets of continuous
ata for comparison between the two models in the training
onvergence stage. Each set of data represents the reward score
f 20 ms in the dimension of internal collision rate. The lower the
core is, the higher the collision rate is. It can be seen that after
removing the visual information, the pass-ability of the robot
n the stairs terrain is significantly reduced, which is mainly
eflected in the improvement of the collision rate. The negative
rdinate indicates that the collision reward is negative, with a
alue no greater than zero.

4.6. Experiment of pass-ability in the terrain of stairs

It is highly valuable for bipedal humanoid robots to iden-
tify step-like terrain using external perception data, allowing
for anticipatory lifting and crossing. Reducing the collision rate
markedly enhances locomotion stability in complex environ-
ments. In the simulator, the robot’s travel speed was set to
0.4 m/s, with a foot spacing of 25 cm, a single walking duration
of 20 s, and continuous single-step terrain traversal. Collisions
occur when an object positioned within 2 cm ahead of the toe
6

Table 3
Parameters of the stairs.
Parameter Value

Height 10 cm
Width 50 cm
Interval 1 m

Fig. 10. Result of pass-ability on the terrain of stairs in the simulator.

Fig. 11. Result of pass-ability on the terrain of stairs.

exceeds foot height. Details of the terrain parameter settings are
presented in Table 3.

This experiment was repeated 50,000 times, revealing that
integrating the external perception policy model reduced the
robot’s collision rate by 91.51%, as shown in Fig. 10. This result
underscores the efficacy of incorporating external environmental
perception in motion control.

The policy model was subsequently deployed and validated on
a physical robot, with results demonstrating the effectiveness of
ombining external perception data for enhanced bipedal control.
The bipedal humanoid robot demonstrated the capability to

erceive stair terrain information and execute adaptive control
utonomously, as depicted in Fig. 11.

4.7. Experiment of pass-ability in the terrain of thresholds

Thresholds are a key terrain that biped humanoid robots must
navigate in domestic environments. In the simulator, the robot’s
ravel speed was set to 0.4 m/s, foot spacing to 25 cm, and a
alking duration of 20 s for continuous traversal over discrete
hreshold terrains. An elevation map centered on the robot was
reated, sampling height points within a 2 cm x 2 cm area ahead
f the robot’s toes. A collision was recorded if any sampled height
oint exceeded the height of the toes. Terrain parameter settings
re detailed in Table 4.
This experiment was repeated 50,000 times, demonstrating

that the external perception policy model integration reduced the
robot’s collision rate by 93.99%, as shown in Fig. 12.



C. Ji, D. Liu, W. Gao et al. Biomimetic Intelligence and Robotics 5 (2025) 100213

v
n
d
d
a

i
m
i
m
i

t

l
c
s
g

b
i
o

M

d

Table 4
Parameters of the thresholds.
Parameter Value

Height 10 cm
Width 10 cm
Interval 1 m

Fig. 12. Result of pass-ability on the terrain of thresholds in the simulator.

Fig. 13. Result of pass-ability on the terrain of thresholds.

The proposed policy model was effectively implemented and
alidated on a physical robot. Results emphasized the effective-
ess of combining the policy model with external perceptual
ata for bipedal humanoid robots. As shown in Fig. 13, the robot
emonstrated the ability to identify threshold terrain information
nd perform adaptive control autonomously.

4.8. Experiment of pass-ability in the terrain of mixed terrains

To assess the generalization performance of the policy model
n real-world scenarios, we conducted a mixed terrain experi-
ent, where the biped humanoid robot was tasked with travers-

ng diverse terrains. Results indicate that the policy model
aintains high pass-ability across varied conditions, demonstrat-

ng robust generalization capabilities, as shown in Fig. 14.

5. Conclusion and future research

This paper introduces a novel learning-based locomotion con-
rol method that integrates multimodal perception for bipedal
7

Fig. 14. Result of pass-ability on the terrain of the mixed terrains.

humanoid robots. By incorporating visual information into the
locomotion control solution, we propose a three-stage, multi-
objective constrained policy distillation optimization algorithm.
Through reinforcement learning, expert policies can be trained
on various terrains to ensure gait adaptability to varied terrains.
These expert policies are distilled into a student model using
policy distillation. Experimental results demonstrate that the col-
ision rate of a control policy that incorporates multimodal per-
eption information is significantly reduced in complex terrains
uch as stairs and thresholds. Concurrently, it also demonstrates
eneralization ability in navigating mixed terrains.
Future work will explore integrating large language models

(LLMs) with reinforcement learning-based locomotion control for
ipedal humanoid robots. Additionally, incorporating embodied
ntelligence technology will enhance autonomous navigation and
peration of robots in complex environments.
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