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Abstract— Legged robots excel in navigating complex ter-
rains, yet learning natural and robust motions in such environ-
ments remains challenging. Inspired by animals’ experience-
based stepwise learning process, we propose a two-stage frame-
work for legged robots to progressively learn naturally robust
movements using a two-step reward method. Initially robots
learn the fundamental gaits on flat terrains with gait-rewards
and generating valuable motion data. Subsequently, leveraging
learned motion experience, they adopt adversarial imitation
learning to tackle challenging terrains with refined movements.
Our method addresses the challenge of acquiring effective
imitation data and facilitates the learning process under various
gait parameters with ease. The effectiveness of this approach
has been validated on both quadruped and hexapod robots,
demonstrating naturally robust gaits in real-world applications.

I. INTRODUCTION

The intersection of biology and robotics has been a fertile
ground [1] and the roboticists aspire to learn from creatures
to design robots and enable them to learn to move. Animal
locomotion learning typically progresses from simple tasks,
like standing or swing legs to more complex movements in
varied terrains. However, in this progressive learning model,
how previously motion experiences influence the learning of
new complex movements, and the logic of this biological
subconscious learning, remains unknown.

In current research, the reinforcement learning method is
pivotal in the locomotion learning of legged robots. Some
researchers [2] [3] [4] [5] focus solely on the environmental
adaptability of robot movement without imposing specific
gait constraints, often resulting in unnatural motion behav-
iors. To ensure natural robot movements, some researchers
[6] [7] [8] [9] establish basic reference trajectories and
employ learning methods to generate compensatory motion
signals for constrained gait movement in complex envi-
ronments. However, different terrains often require distinct
reference trajectories [10], and these trajectories significantly
restrict effective exploration by the robot. Beyond using
reference trajectories, a substantial body of research [11] [12]
also involves setting extensive gait reward functions to induce
robots to learn constrained motions. Nevertheless, the exist-
ing manual setting of reward functions struggles to generate
natural and robust movements in complex environments.

Imitation learning methods make good substitutes for
these complex reward functions [13] [14], effectively al-
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lowing robots to learn a wide variety of behaviors that
would be challenging to manually encode. By leveraging
animal reference motion trajectories, legged robots [14] have
demonstrated the capability to effectively generate complex
dynamic motion gaits. However, these behavioral cloning
methods typically requires large datasets to be effective
due to cumulative errors caused by covariate shift. To ad-
dress these limitations, adversarial imitation learning [15]
incorporates Generative Adversarial Networks (GANs) into
the imitation learning framework. This approach employs a
discriminator to evaluate the similarity between the policy
outputs and reference motions, enhancing the robustness of
behavior cloning. Peng and others have proposed AMP [16]
and ASE [17] as exemplary adversarial imitation learning
methods, which combine adversarial imitation learning with
auxiliary task objectives, enabling agents to imitate behaviors
from large unstructured motion datasets while performing
high-level tasks. However, for a variety of robots, especially
those with unique designs, obtaining effective reference data
and training them to perform efficiently in complex terrains
remains a significant challenge.

In this paper, we introduce a novel bioinspired two-
stage learning framework with two-step reward setting that
leverages prior motion experiences from simple locomotion
tasks, utilizing adversarial imitation learning method to effec-
tively induce naturally robust motion behaviors in complex
terrains. This method has been successfully applied to both
quadruped and hexapod robots, allowing them to achieve
natural and robust gaits in challenging environments. The
main contributions are listed as follows:

1) We introduce a generalized two-stage learning frame-
work with two-step reward that utilizes the prior motion
experience of robots to facilitate efficient mastery of
natural and robust locomotion in complex environments.

2) Specific rewards setting and training for different robots
are developed, demonstrating efficient application and
validation of the proposed methods.

3) Employing a Teacher-Student strategy, these learned
methods are successfully implemented on real robots,
showcasing their capability to execute natural and robust
locomotion in various challenging environments.

II. METHOD

The aim of this study is to develop a locomotion con-
troller for legged robots, designed to perform natural and
robust movement even in complex environments. The overall
methodology is illustrated in Fig. 1, with the algorithm
applied to both quadruped and hexapod robots. Here we
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Fig. 1. Our approach involves a two-phase training process: first, inducing a natural and robust tripod gait on flat terrain using gait-related rewards for
velocity tracking, and second, applying experiences from past motions to guide learning in complex environments. Initially, the robot learns to maintain
tripod gait, foot trajectory, and body state through tailored reward functions. Post-training, it generates motion experiences tailored to specific tasks. In
complex terrains, these experiences guide the training, with a discriminator network identifying task similarities and generating mimic rewards.

primarily focuses on the hexapod robot’s natural and robust
diagonal gait learning in such environments and the choice
of hexapod robot is motivated by its high redundancy, which
ensures stability in complex environments, even amidst par-
tial motor failures, but introduces more exploration space that
poses challenges in defining reward functions.

A. Reinforcement Learning Problem Formulation

The control issue adopts a discrete-time dynamic model.
At each discrete interval, denoted by time step t, the system’s
state is completely characterized by xt. An action at is
executed according to the policy, leading to a progression
to the subsequent state xt+1, which occurs with a proba-
bility defined by P (xt+1 | xt,at), and yields a reward rt.
The objective is to identify the optimal parameters πθ that
optimize the cumulative expected return, taking into account
the decay of future rewards as expressed by the discount
factor γt. This is represented as the maximization of:

J (θ) = Eπθ

[ ∞∑
t=0

γtrt

]
(1)

Observation Space: The observation spaces differ be-
tween stages due to task complexities. For flat terrain gait
learning and velocity tracking, observations xI

t include pro-
prioceptive data op

t (body angular velocity, gravity vector,
joint positions, velocities), velocity commands, and prior
action commands. In complex environments, observations xII

t

expand to include terrain height scan iet and privileged infor-
mation spt like body linear velocity and dynamic parameters
(friction, contact forces, perturbations, collision states). For
deployment training, the policy state, xdeploy

t , is limited to
proprioceptive observations op

t only.
Action Space: The policy action at is an 18-dimensional

vector interpreted as a target joint position offset, which is
added to the time-invariant nominal joint position to specify
the target motor position for each joint. These position targets
would be used to compute desired torques by low-level joint
PD controllers τ = Kp (qd− q)+Kd (q̇d − q̇), in which we
determine the target joint velocity to 0.

Reward Design: Across different stages, there are several
consistent reward function settings: a task-focused reward rgt
and a regularization reward rlt. Additionally, the first stage

focused on gait learning in flat plane, incorporates a specific
gait reward function rgaitt . In the second stage, which centers
on experience-guided natural and robust movement learning,
a distinct reward function ret is implemented. These reward
functions and their scales are listed in Table II-C.

B. Gait-Rewards Induced Learning for Simple Tasks

The primary task of the first stage is to enable a hexapod
robot to perform natural tripod gait to tracking velocity
commands. The hexapod’s design, featuring 18 joints across
six legs, introduces significant redundancy that can disrupt
training, often leading the robot to neglect two legs. Even
when a tripod gait is achieved, the leg trajectories might not
be symmetrical. To address this, we designed gait-rewards
functions inspired from [18] to effectively induce the robot
to produce natural and robust velocity tracking movements.

Gait-Rewards: In this stage, apart from the task-related
reward rgt , and the regularization reward rlt, we established
four types of gait-rewards to regulate the gait. The phase
tracking function utilizes the difference between foot forces
and velocities and the ideal swing-support state to induce a
tripod gait. The Raibert Heuristic function calculates the de-
sired foot position on the ground plane, adjusting the baseline
stance width in line with the desired contact schedule and
body velocity. The foot-swing height tracking function first
computes each foot’s desired contact state based on phase
and timing variables, then calculates a penalty function based
on the target foot height difference to constrain foot motion.

Training: The Stage I policy πstageI
θ comprises a actor net-

work and a critic network, shown in table IV and is directly
trained using the PPO algorithm [19]. During the training
process, we utilize Generalized Advantage Estimation (GAE)
to reduce variance and increase the stability of advantage
estimates by blending rewards from multiple time steps.

Experiences Generation: After training, the controller
enables the robot to execute simple tasks such as moving
forwards and backwards, sidestepping, and turning with a
regular diagonal gait. The actions performed during these
tasks are captured and compiled into multiple 20-second
trajectory experience datasets D, which is then used for
imitation learning in complex environments. Each state in
dataset sAMP

t in R42 includes joint positions, velocity,
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base linear and angular velocities. State transitions from the
dataset D are used as real samples to train the discriminator.

C. Experiences-Reward Induced Learning for Tough Tasks

In the second stage, where complex terrains may cause
sudden gait changes, we address this challenge of effectively
constraining movements through the Adversarial Motion
Priors method, aiming to emulate biological progressive
learning by drawing from previously accumulated motion
experiences to generate more natural and robust movements.
This method employs a GAN network to assess the simi-
larity between current movements and reference experience
trajectories, thereby generating a experiences-reward signal
that ensures the robot’s natural and robust gait.

Experiences-Reward: In this stage, the reward function
is composed of three elements: a task-related reward rgt , a
experience-guided reward ret , and a regularization reward rlt,
combined as rt = rgt + ret + rlt. The experience reward
assesses how closely the agent’s actions mirror those of
the demonstrator, with higher rewards for greater similarity.
Given the superior stability of the tripod gait for hexapods
on uneven terrains, we employ a experience-guided reward
based on adversarial motion priors to encourage our robot to
adopt a tripod gait, mirroring behaviors from a reference
experience dataset D. Adopting the approach from [16],
we introduce a discriminator Dφ, represented by a neural
network with parameters φ, to discern whether a state
transition Ts = (st, st+1) is an authentic sample from D
or a fabricated sample by the policy π. The discriminator’s
training objective is defined as:

argmin
φ

L1 + L2

L1 = ETs∼D

[
(Dφ(Ts)− 1)

2
]
+ ETs∼π

[
(Dφ(Ts) + 1)

2
]

L2 =
αgp

2
Ts∼D

[
∥∇φDφ(Ts)∥2

]
,

(2)

where the first loss function L1 uses a least square GAN
formulation, focusing on reducing the Pearson divergence
between the distribution of the agent’s state transitions and
that of the reference data. This aims to train the discriminator
to effectively identify whether a state transition originates
from the policy π or the reference experience dataset D.
Additionally, we incorporate a gradient penalty in the sec-
ond loss term L2 in Eq. (2) to prevent the discriminator
from assigning non-zero gradients to the real data samples’
manifold. This penalty is vital for ensuring stable training
and effective performance, as demonstrated in [16]. The
coefficient αgp is determined manually(we set αgp=10). The
tripod mimic reward is established based on:

rst [Ts ∼ π] = max
[
0, 1− 0.25 (Dφ(Ts)− 1)

2
]
, (3)

where the experience-reward is scaled to the range [0, 1].
Curriculum Design: Training legged robots for blind

locomotion on varied terrains involves significant challenges
due to uncertain environmental interactions. Drawing on pre-
vious findings that diverse terrain training enhances complex

locomotion skills, we introduce six types of procedurally
generated terrains. Details of terrain types and their difficulty
ranges are provided in Table III. Each terrain type is catego-
rized into ten difficulty levels, with the rough slopes featuring
added noise and the stairs having a consistent width. Given
the initial instability of RL training, we employ a terrain
curriculum [20], gradually introducing more complex terrains
as the robot adapts to current levels, measured by its ability
to maintain high linear velocity tracking rewards.

Domain Randomization To enhance our policy’s robust-
ness and ease its adaptation from simulations to real-world
conditions, we vary several dynamics parameters in each
episode which are outlined in Table II

Network architecture: The stage II policy πstageII
θ con-

tains three parts: a terrain encoder ge, a privileged encoder
gp, and a low-level network. The terrain encoder compresses
terrain information iet ∈ R187 into a 16-dimensional latent
space, while the privileged encoder reduces the privileged
state spt ∈ R42 to an 8-dimensional latent representation.
These encodings, combined with proprioceptive observations
op
t ∈ R60, are processed by the low-level network with a

tanh output layer to produce actions. The discriminator Dφ

is a simpler network with two hidden layers and a linear
output. More details on each layer are shown in Table IV.

Training: We train the stage II policy using PPO [19] with
access to privileged state and terrain information. Training of
the policy and the discriminator occurs in synchronized. The
policy generates state transitions TAMP

s =
(
sAMP
t , sAMP

t+1

)
for the discriminator Dφ to evaluate Dφ(Ts), contributing
to the calculation of the mimic reward ret . This stage’s
policy parameters θ are optimized for maximum return, while
the discriminator’s parameters φ are tuned to distinguish
between real and generated transitions.

D. Deploy Training Based on Teacher-Student Methods

Due to the lack of exteroceptive sensory input in physical
world, the terrains remain only partially observed, rendering
the blind locomotion scenario a Partially Observable Markov
Decision Process (POMDP).To realize the deployment of
trained agent in the real world, we utilize a method known
as privileged learning, as explored by [21]. The ’teacher’
policy, referring to the stage II policy, is distilled through
supervised learning into a ’student’ policy. This ’student’
policy is trained to infer dynamic characteristics from a
sequence of past observations, effectively embodying the
knowledge of II policy.

Network architecture: The student policy is built with
a memory encoder (one LSTM-based RNN) and an MLP,
identical in structure to the teacher’s low-level net. Here, pro-
prioceptive observations opt and previous states (ht−1, ct−1)
are encoded by the RNN into intermediate states mt, and
then processed by a neural network gm to produce the
student’s latent representation lst . To accelerate training,
we initialize the student’s low-level net with the teacher’s
pretrained weights. More layer details are in Table IV.

Training: The student policy is trained to replicate the
teacher’s actions without privileged information spt and iet .
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TABLE I
REWARD TERMS FOR VELOCITY COMMANDS TRACKING TASK, REGULARIZATION (STABILITY, SMOOTHNESS, SAFETY), AND SPECIFIC STAGE.

Stage Term annotation equation scale

For Both

Task rg
Linear velocity tracking exp

(
−∥vdes

t,xy − vt,xy∥2
/
0.15

)
1dt

Angular velocity tracking exp
(
−∥ωdes

t,z − ωt,z∥2
/
0.15

)
0.8dt

Regularization rl

Stability
Linear velocity penalty −v2t,z 2dt

Angular velocity penalty −∥ωt,xy∥2 0.05dt
Body height penalty −∥hz − hdes

z ∥2 0.2dt

Smoothness
Joint torque −∥τ∥2 1e−5dt

Joint acceleration −∥q̈∥2 2.5e−7dt
Action rate −∥at−1 − at∥2 0.01dt

Safety

Collisions −ncollision 0.1dt
Joint torque limits −∥max

(
|τ t| − τ limit, 0

)
∥2 0.01dt

Joint velocity limits −∥max
(
|q̇t| − q̇limit, 0

)
∥2 0.1dt

Contact force penalty −∥max
(
|ft| − f limit, 0

)
∥2 0.02dt

Stage I Gait Rewards rgait

Swing phase tracking(force)
∑

foot
[
1− Ccmd

foot

(
θcmd, t

)]
exp

{
− |f toot |2 /σcf

}
4dt

Stance phase tracking(velocity)
∑

foot
[
Ccmd

foot

(
θcmd , t

)]
exp

{
−

∣∣vfoot
xy

∣∣2 /σcv

}
4dt

Raibert footswing tracking
(
pf
x,y, foot − pf

x,y, foot

(
sdesy

))2
10dt

footswing height tracking
∑

foot

(
hf
z foot − hf,des

z

)2
Cdes

foot

(
θdes, t

)
2dt

Stage II Experiences Reward re Score of discriminator max
[
0, 1− 0.25 (dscoret − 1)2

]
1dt

TABLE II
DYNAMIC PARAMETERS AND THE RANGE OF THEIR RANDOMIZATION

VALUES USED DURING TRAINING.

Parameters Range[Min, Max] Unit

Link Mass [0.8, 1.2]×nominal value Kg
Payload Mass [0, 5] Kg
Payload Position [-0.1, 0.1]relative to base position m
Ground Friction [0.05, 2.75] -
Motor Strength [0.8, 1.2] -
Joint Kp [0.8, 1.2]×80 -
Joint Kd [0.8, 1.2]×1 -
Joint Position [0.5, 1.5]×nominal value rad

TABLE III
TERRAIN TYPES AND THE RANGE OF THEIR LEVEL-PROPERTIES USED

DURING TRAINING.

Types Level-Properties Range[Min, Max] Unit

Slopes (rough/normal) Slope inclination [0, 25] deg
Stairs (up/down) Step Height [0.05, 0.2] m
Waves Wave Amplitude [0.2, 0.5] m
Discrete Steps hstep [0.05, 0.15] m

Training involves imitation and reconstruction losses, the
former for action mimicry and the latter for replicating the
teacher’s latent representations.

III. EXPERIMENTAL SETUP

Simulation: In our training, we simultaneously engaged
4096 agents across 25,000 episodes:5000 episodes for the
Stage I policy, 10,000 episodes for the staget II policy and
10,000 for the student policy, using the IsaacGym [20]. Each
RL episode was capped at 1000 steps, equating to 20 sec-
onds, with early termination possible upon meeting specific
criteria. The policies operated at a control frequency of 50
Hz, with each simulation step representing 0.02 seconds. All
training costs about 20 hours on a NVIDIA RTX 4090 GPU.

Hardware: Our hexapod robot, standing at a height of

TABLE IV
NETWORK ARCHITECTURE FOR TWO STAGES’ POLICY AND STUDENT

POLICY. ALL NETWORKS USE ELU ACTIVATIONS FOR HIDDEN LAYERS.

Module Inputs Hidden Layers Outputs

I Actor (MLP) opt [128, 128, 64] at
I Critic (MLP) opt [128, 256, 128] Vt

II Low-Level (MLP) lt, o
p
t [256, 128, 64] at

II Critic (MLP) xt [512, 256, 128] Vt

Memory (LSTM) opt , ht−1, ct−1 [256, 256, 256] mt

gp (MLP) spt [64, 32] lpt
ge (MLP) iet [256, 128] let
gm (MLP) mt [256, 128] lstudentt
Dφ (MLP) sAMP

t , sAMP
t+1 [1024, 512] dscoret

30 cm and weighing 25.5 kg, features six legs: Right Front
(RF), Right Middle (RM), Right Hind (RH), Left Hind (LH),
Left Middle (LM), and Left Front (LF). To boost stability
and minimize leg collisions, the middle legs on each side are
extended outward by 13.7 cm. The robot is designed with
24 degrees of freedom, of which 18 are actuated, equipped
with three motors per leg. Sensor-wise, it includes joint
position encoders and an Inertial Measurement Unit (IMU).
Our controller runs at 50 Hz on an onboard computer.

IV. RESULTS AND DISCUSSION

A. Ablation Study for Experiences-Reward

To validate the effectiveness of the proposed two-step
reward shaping training framework, we conducted ablation
experiments using a hexapod robot’s velocity tracking task
in complex environments. These experiments included: (a)
using only basic task rewards rgt and regularization rewards
rlt during training; (b) adding gait reward rgaitt to the basic
rewards; (c) incorporating experience-guided reward ret atop
basic rewards, with varying its coefficients to assess its
impact on training. Throughout these experiments, all basic
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reward coefficients remained constant, aligning with the
weights shown in Table II-C. We compared the effectiveness
of different reward functions by analyzing the trend curves
of terrain difficulty changes under various reward settings
within a terrain curriculum, shown in Fig 2. The increase
in terrain difficulty for the robot’s movement only occurs
when it achieves significant rewards, indicating better per-
formance. Therefore, comparing the trend curves of total
terrain difficulty escalation across different reward functions
can effectively reflect their ability to induce efficient motion
sampling. Typically, a faster increase in terrain difficulty
implies more effective reward function settings. The data
shows that with basic reward functions alone, the robot
can learn traversable motions to some extent. However, as
observed in the following section, these motions are quite
unnatural, a consequence of the large search space hindering
the collection of effective actions. Introducing Experience-
Guided rewards accelerates the growth of terrain difficulty,
suggesting more effective learning of reasonable motions.
Additionally, as the coefficient of this reward function in-
creases, overall learning speed grows. However, excessively
high coefficients can reduce learning ability, indicating that
while experience rewards effectively guide effective motion
learning, overly stringent imitation of movements learned on
flat terrain can hinder adaptation to complex environments.
Furthermore, using basic rewards combined with manually
set gait rewards does not adapt well to terrain changes, lim-
iting the robot’s learning of movements and, consequently,
the increase in terrain difficulty.

Fig. 2. The variation in terrain difficulty under different rewards indicates
the robot’s learning speed for effective motions. Each method was tested five
times with the same random seeds. Basic rewards combined with well-scaled
Experiences reward significantly improves learning in complex terrain.

B. Evaluation of the Natural and Robust Locomotion

After training, the most challenging 20cm staircase was
used as a test site to verify the effectiveness of the experience
reward function, with the velocity tracking performances
and gait behaviors showcased in Fig. 3. The robot received
various sine velocity commands (Vx, Vy , Wz) with different
frequencies and amplitudes to assess its velocity tracking
robustness and the naturalness of its gait. Training with added
gait rewards failed to produce effective obstacle-crossing
gaits. Hence, we didn’t present its movement results. Basic
task and regularization rewards generated gaits with velocity
tracking capability, but these were unstable and irregular.
As seen in Fig. 3 (a) (blue curve), the robot could track
velocity commands but with a larger variance. Additionally,
its z-direction speed, joint torques, and velocities were more

Command Trained without IR Trained with IR

(b) Gait of robot on 20cm Stairs

(c) Natural gait trained with IR (d) Unnatural gait trained without IR

(a) Velocity Tracking Performance on 20cm Stairs
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Fig. 3. Comparison of Velocity Tracking Performance and Gait on 20cm
Stairs: Evaluating Robot Control with Policies Trained Using Experiences
Rewards (ER) Versus Without.

Fig. 4. The real hexapod robot, with its trained controller, achieves a natural
tripod gait on soft foam, a sliding cart, and 10cm high stairs, maintaining
robust operation even in scenarios of non-foot-end collisions with external
objects. The red markings indicate contacts.

oscillatory. Foot contact forces, shown in the right chart of
Fig. 3 (b), displayed an irregular gait with legs RH, RF, LH,
LM contacting the ground for extended periods while RM
and LF (yellow circle) barely touched the ground, leading
to unnatural movements captured in Fig. 3 (d). In contrast,
the inclusion of experience reward resulted in a natural and
robust diagonal gait, as shown in Fig. 3 (a) (purple curve),
where the robot tracked velocity commands with minimal
error, even on 20cm high stairs. The robot’s joint torques
and velocities during movement were more stable without
additional rewards. As seen in the left chart of Fig. 3 (b),
legs LF, LH, RM moved in nearly identical phases, with the
remaining diagonal legs similarly synchronized. The robot
autonomously adjusted its step frequency to navigate com-
plex terrains without breaking the tripod gait, as illustrated
in Fig. 3 (c), where legs RF and RH (green labels) moved in
almost identical states, crossing obstacles with a robust gait.

We successfully transferred our trained policy to the

13300



TABLE V
SUCCESS RATES FOR DIFFERENT STEP HEIGHTS

Methods 5cm 10cm 15cm 20cm
MOB 90% 30% 0% 0%
Ours 100% 100% 80% 70%

physical hex robot using a teacher-student strategy, which led
to natural, robust gaits in complex terrains, is shown in Fig
4. We compared our method with the MOB learning method
[18] across staircases of varying heights, conducting ten trials
at each height, and our method consistently achieved a higher
success rate in climbing the stairs.

C. Validation of the Proposed Method’s Universality
To demonstrate the universality of proposed method, we

applied the method to the training of several quadruped
robots, aiming to enable them to exhibit various locomotion
gaits in complex environments. Utilizing the same approach,
we initially induced different regular gaits such as trot,
bound, and pace in a flat terrain through gait rewards.Further,
guided by learning experiences and incentivized by experi-
ential rewards, the robots were taught to adopt appropriate
gaits for varying complex terrains, shown in Fig 5.

Fig. 5. The quadruped robot GO1, utilizing trained controller, achieves
various gaits in complex terrains, displayed from left to right as pace, bound,
and trot, along with the results of transferring the trot gait to a real robot.

V. CONCLUSIONS
In this study, we introduce a bioinspired two-stage learning

framework with two-step reward settings, enabling diverse
legged robots to master naturally robust movements in com-
plex environments. Initially, manual adjustments of reward
functions facilitate natural gait generation on flat terrain.
Subsequently, biological learning principles are employed,
using these initial gaits as baselines for more intricate task
learning. This approach significantly reduces the need for
extensive manual tuning and enhances learning efficiency.
It offers robust universality, allowing similar methodologies
to be applied across various robot types and tasks, thereby
simplifying the development of natural and robust loco-
motion controllers. Future efforts will explore techniques
for simultaneously satisfying multiple gait requirements and
extending this method to a wider array of robotic platforms
to further its applicability and versatility.
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