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Abstract— Reinforcement Learning (RL)-based methods have
significantly improved the locomotion performance of legged
robots. However, these motion policies face significant chal-
lenges when deployed in the real world. Robots operating in
uncertain environments struggle to adapt to payload variations
and external disturbances, resulting in severe degradation
of motion performance. In this work, we propose a novel
Hybrid Force-Position Locomotion Policy (HFPLP) learning
framework, where the action space of the policy is defined
as a combination of target joint positions and feedforward
torques, enabling the robot to respond rapidly to payload
variations and external disturbances. In addition, the proposed
Disturbance-Aware Adaptive Compensation (DAAC) provides
compensation actions in the torque space based on external
disturbance estimation, enhancing the robot’s adaptability to
dynamic environmental changes. We validate our approach
in both simulation and real-world deployment, demonstrating
that it outperforms existing methods in carrying payloads and
resisting disturbances.

I. INTRODUCTION

Compared to wheeled and tracked robots, legged robots
demonstrate advanced adaptability in unstructured environ-
ments, enabling more complex locomotion behaviors such as
walking [1], jumping [2], and climbing [3]. This remarkable
flexibility allows them to navigate narrow and obstacle-dense
terrains more effectively, making them highly suitable for
applications in rescue missions [4] and space exploration
[5]. In recent years, Reinforcement Learning (RL)-based
methods have made significant progress in the field of
motion control of legged robots [6], [7]. Unlike traditional
control methods that rely on precise modeling [8], [9],
RL can automatically acquire highly dynamic motion skills
through extensive simulation training. However, RL-based
motion policies are highly sensitive to payload variations and
external disturbances in the real world, posing significant
challenges for robots operating in complex environments
[10], [11]. Due to the complexity of working environments
and the diversity of tasks, robots inevitably encounter exter-
nal disturbances during the execution of the task [5], [12].
Therefore, enhancing the disturbance rejection capability of
motion policies is essential to ensure the efficient and reliable
operation of robots in practical applications [13], [14].

External disturbances typically act on the robotic system
in the form of forces, leading to changes in system dynamics
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and affecting its stability [15]. However, existing RL-based
motion policies for legged robots primarily use target joint
positions as the action space [1]-[3]. The changes in joint
positions caused by disturbances can only indirectly reflect
the influence of disturbances, but cannot accurately capture
the impact of force and torque changes on system stability
[16]. This inherent delay undermines the real-time respon-
siveness and effectiveness of disturbance rejection [17]. In
contrast, operating in force space provides a more direct rep-
resentation of the sources of disturbances and their influence
on robot dynamics [18]. Inspired by the classical model-
based control framework, which integrates feedforward and
feedback mechanisms to compute target joint torques [8],
[9], we propose a novel learning framework. This framework
incorporates feedforward torques and defines the action space
of the policy as a combination of the target joint positions and
the feedforward torques. Compared to policies that rely on
joint positions [6], feedforward torques directly account for
the impact of robot dynamics and the external environment.
This enables the robot to respond rapidly to payload varia-
tions and external disturbances, improving its adaptability to
dynamic environmental changes [19].

In addition, to improve the robustness of motion policies
under environmental disturbances, existing methods typically
introduce random external forces during training to learn
robust policies applicable to various disturbance conditions
[20], [21]. However, policies trained using this approach lack
the ability to dynamically perceive and actively compen-
sate for unknown disturbances [22]. Furthermore, for the
sake of global optimality, these policies generally exhibit
conservatism, resulting in a significant decrease in motion
performance in undisturbed environments [23]. In contrast,
an effective solution is to use proprioceptive sensory data
to estimate external disturbance information and develop an
adaptive compensation policy that actively adjusts the control
inputs to compensate for the disturbance [24]. This approach
has been extensively studied in the model-based control field,
demonstrating promising performance [25]. However, in
practical applications, model-based approaches face several
challenges, such as the complexity of constructing non-linear
models, high computational cost, and limited scalability
[26]. Therefore, we propose a learning-based approach that
leverages the powerful function approximation capability
of Deep Neural Networks (DNNs) to explicitly estimate
external disturbance and train an adaptive compensation
policy in the joint torque space, enabling real-time perception
and active compensation of unknown disturbances.
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In this paper, we propose a novel Hybrid Force-Position
Locomotion Policy (HFPLP) learning framework to improve
the robustness of legged robots under external disturbances.
By incorporating feedforward torques into the action space,
HFPLP reduces the reliance on the accuracy of the actuator
PD control model [11] and significantly improves its dy-
namic response to payload variations and external impacts.
In addition, we design a Disturbance-Aware Adaptive Com-
pensation (DAAC) mechanism, which explicitly estimates
external disturbance and incorporates an active compensation
policy in the joint torque space to further optimize the robot’s
adaptability to unknown disturbances. Extensive evaluations
on the Unitree Go2 quadruped robot [27] across diverse
rough terrains under concurrent perturbations demonstrate
that our method markedly enhances locomotion robustness
in complex environments.

In summary, the contributions of this work are as follows:

¢ A novel hybrid force-position locomotion policy learn-
ing framework is proposed, which incorporates feed-
forward torque into the action space to improve the
dynamic response of the policy to external disturbances.

o A disturbance-aware adaptive mechanism is designed,
integrating explicit disturbance estimation with active
torque-space compensation to improve robot adaptabil-
ity against unknown disturbances.

« Extensive experimental results on the real robot demon-
strate that our method significantly enhances the robot’s
payload capacity and improves its robustness against
external disturbances in complex environments.

II. RELATED WORK
A. Action Space of RL-based Locomotion Policy

In recent years, methods that use target joint positions as
the action space have been widely applied in the motion
learning of legged robots and have demonstrated outstanding
performance in various tasks [2], [3], [6], [7]. However,
this paradigm is highly dependent on the accuracy of the
actuator model [11]. Discrepancies in PD gains and the
sim-to-real actuator model mismatch significantly impact
real-robot locomotion performance [23], [28]. On the other
hand, researchers have explored policies that use target joint
torques as the action space, which directly output torques to
bypass PD controllers [18], [29]. This approach allows for
a better capture of the dynamic characteristics of the robot
and enhances its robustness to external disturbances [30].
However, the learning process in the torque space typically
suffers from low sample efficiency and does not consis-
tently converge to natural gaits, which limits the practical
application of this method and has prevented its widespread
adoption [31]. In addition, some methods define the action
space of the policy as the adjustment of the parameters of
the model-based controller, combining RL with the model-
based controller to adapt to complex environments and tasks
[32]. Bellegarda et al. [33] develop a policy to regulate the
parameters of Central Pattern Generators (CPGs) to gener-
ate robust quadrupedal locomotion. Miki et al. [1] encode

temporal components in the action space to guide periodic
gaits. The literature [34] introduces an RL-augmented model
predictive control (MPC) framework, where the agent learns
acceleration compensation to enhance the performance of the
MPC. Unlike the above methods, we propose a novel HFPLP
that combines the efficiency of position control in trajectory
generation with the flexibility of force control in disturbance
compensation [19], [35].

B. Robust Locomotion Controller for Legged Robots

Legged robot motion controllers exhibit vulnerabilities
when responding to payload variations and unpredictable
environmental disturbances, significantly limiting their prac-
tical application in complex scenarios [14]. To address
this issue, researchers have proposed various methods to
improve the robustness of motion controllers, aiming to
improve the locomotion performance of legged robots in
complex environments [19]. Classical model-based adaptive
control methods achieve adaptability to system variations
and uncertainties by estimating uncertain parameters in the
robot’s dynamic model online and designing adaptive laws
to adjust the controller parameters accordingly [24]-[26].
Furthermore, Chen et al. [15] propose a framework based on
capturability analysis to synthesize push recovery controllers,
enhancing the robot recovery performance in response to
impact disturbances during dynamic motion. However, these
model-based approaches encounter high computational bur-
dens and potential stability issues in practical applications
[13]. In recent years, RL-based robust policies have attracted
significant attention [21], [22]. Using large-scale training
data and simulation environments, these approaches aim
to learn optimal control policies for robots under varying
disturbance conditions [36]. Hartmann et al. [20] incorporate
weights for disturbance recovery capabilities into the reward
function, successfully training control policies capable of
adapting to external disturbances. Moreover, Robust Adver-
sarial Reinforcement Learning (RARL) has emerged as an
effective method to improve policy robustness, improving
disturbance rejection performance of legged robots on com-
plex terrains [21], [22]. However, the design of disturbance-
related rewards relies heavily on expert knowledge. This
paper implements explicit estimation and adaptive compen-
sation of external disturbances in the force space, further
improving the robot’s adaptability to unknown disturbances.
This approach offers new perspectives and possibilities for
the application of legged robots in complex environments.

III. PRELIMINARIES
A. Reinforcement Learning

Learning-based motion control problems are typically
formulated as a Markov Decision Process (MDP), which
enables robots to learn optimal motion policies through inter-
action with the environment. The MDP is defined by a tuple
(S, A, P, R,~), where S represents the state space, A is the
action space, P(s |s,a) is the state transition probability,
R(s,a) denotes the reward function, and v € [0,1) is the
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Overview of the training framework. We first employ an asymmetric actor-critic architecture to train the HFPLP, enabling it to output target joint

positions and feedforward torques based on proprioception and user commands. These actions are then converted into target joint torques via the motor
controller to achieve robust locomotion. Subsequently, we freeze the parameters of the well-trained HFPLP and train the DAAC with a GM-based neural
disturbance observer from scratch. The DAAC is designed to generate compensation torques in the joint torque space based on disturbance information,

enhancing the robot’s adaptability to external disturbances.

discount factor. The robot’s state s € S encodes proprio-
ceptive information, while the action a € A corresponds
to the control input. The objective of the RL agent is to
learn an optimal policy 7*(a|s) that maximizes the expected
cumulative reward:

J(n)=E, Z'th(st,at) (D
=0

B. Dynamics of Legged Robots

Let ¢ represents the generalized coordinates, the basic
dynamics of the robot can be written as:

MG+Cq+G=8"r+J'F,, )

where M, Cq, G, ST, 7, JT F, are the inertia matrix, Cori-
olis force, gravity force, selection matrix, joint torque input,
contact Jacobian matrix, and contact force, respectively.
When the payload varies or external forces are applied, the
system dynamics deviate from the basic model. To maintain
system stability, it is typically necessary to apply additional
torques to compensate for the effects of unmodeled external
disturbances. The corresponding system dynamics can be
represented as:
Mi+Cq+G=8"(r+Ar)+J'F.+J2,

ext

Fe:z:t7 (3)

where AT represents the compensation torque, F.,; and
J.+ represent the external disturbances acting on the robot’s
body and the corresponding Jacobian matrix. In the RL-based
control framework, the policy 7 receives the state s as input
and outputs an action a, which is then transformed by the
actuators into joint torques 7 to accomplish the specific task.

IV. METHODS

This section provides a detailed description of the con-
struction and training of HFPLP and DAAC. As illustrated
in Fig. 1, the framework employs a two-stage training
approach. In the first stage, the HFPLP is trained using
an asymmetric actor-critic structure, enabling the robot to
simultaneously adjust foot position trajectories and generate

appropriate feedforward forces. In the second stage, the well-
trained HFPLP parameters are frozen and integrated as part
of the environment dynamics. Subsequently, the DAAC is
trained from scratch. This policy employs a Generalized
Momentum(GM)-based neural disturbance observer to per-
ceive external disturbances and outputs compensation torques
in the joint torque space, improving the robot’s adaptability
to external disturbances.

A. Hybrid Force-Position Locomotion Policy

Legged robots are complex underactuated systems that
precisely control the dynamic interaction between the foot
and the environment by applying appropriate joint torques
through joint actuators, achieving stable locomotion tasks.
Classic model-based control methods integrate trajectory
planning with robot dynamics to achieve swing leg trajectory
tracking and stance leg support force optimization [35]. The
robot’s joint actuator model can be expressed as:

7= gy + I K0 — p) + K] — ), ()

where T; ;¢ represents the feedforward torque, J; denotes the
foot Jacobian, K}, and K are proportional and derivative
gains, p;ef and v; °/ indicate the reference foot position
and velocity, p; and wv; represent the actual foot position
and velocity, ¢ € {1,---,n}, n; denotes the number of
legs. Typically, stance legs rely on feedforward torques to
offset gravity and disturbances, while swing legs prioritize
PD tracking of foot positions.

However, as discussed in Section II-A, existing RL-based
motion policies focus primarily on joint positions or joint
torques. These policies couple foot position tracking and
foot force control within a single action space, which limits
the system’s adaptability to environmental disturbances and
results in poor interpretability of the actions output by
motion policies [19]. In this work, we propose a novel
HFPLP that combines the advantages of swing leg trajectory
tracking and stance leg support force optimization. In order
to implement this objective, the action space for HFPLP
policy is formulated as:

angp = a7, 74", (5)
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where q"¢/ represents the target joint position and Trf
represents the feedforward torque. The joint actuator model
corresponding to this action space is:

Thsp = Trs + Kp(@™! — q) — Kqq, (6)

where 7,1, represents the joint torque generated by HFPLP.

B. Disturbance-Aware Adaptive Compensation

In complex environments, legged robots face external
disturbances, such as unexpected foot contact events or pay-
load variations. These disturbances alter system dynamics,
causing actual trajectories to deviate from the desired paths
[19]. In model-based control, the GM-based disturbance
observer is widely employed to estimate external contact
forces. In Eq. (3), the sum of all external forces is represented
as the disturbance vector:

Ta=J! F.+J,

ext

As described in [37], the disturbance estimation 7, after
passing through a discrete-time low-pass filter can be cal-
culated as follows:

. 1- .
fi=fp- 1 (fp+ 87T+ CTq - G),
®)
. L—y)yt _
p— Mg - 127 oy =e M

where z is the z-domain variable, At is the sampling period,
and A is the cutoff frequency of the filter. This method avoids
the direct measurement of acceleration ¢ by employing
summation by parts and generalized momentum p.

In this work, we propose a GM-based neural disturbance
observer to estimate unknown external forces in real time
without a precise model. These disturbances are modeled
as forces at the robot’s Center of Mass (CoM), neglecting
torques from application point offsets. Initially, the proprio-
ceptive history is used to estimate the acceleration vector
[ap,wp] and the foot contact force F.. The acceleration
vector is calculated by differencing the velocity in the
simulation. Subsequently, these estimates, along with cur-
rent proprioceptive observation, are fed into the disturbance
observer to estimate the external disturbance force F;.

In addition, we develop an adaptive compensation policy
to mitigate the impact of disturbance forces on the system.
Benefiting from the HFPLP introduced in Section IV-A,
which exhibits sensitivity to feedforward forces, the adaptive
policy can directly perform disturbance compensation in the
joint torque space. As illustrated in Fig. 1, the parameters of
the well-trained HFPLP are frozen, and the DAAC is learned
from scratch to output the compensation torque ATgqqc. This
compensation torque is then combined with the torque output
from the HFPLP to serve as the joint torque command for
the robot:

Temd = Thip + ATgaqc- 9

C. Training Details

All policies are trained using the Proximal Policy Op-
timization (PPO) algorithm in the Isaac Gym simulation
[6] and zero-shot transferred to the Unitree Go2 quadruped
robot. In the simulation, the magnitude and duration of the
disturbance force are randomly sampled to mimic external
forces in the real world. The 3-dim disturbance is sampled
in ([—100,100] x [—100, 100] x [-100,0]) N, and the dura-
tion time is sampled from [1.0,4.0] s. Additionally, in each
episode, 60 % of the environments are randomly selected to
experience disturbance forces.

1) Learning the HFPLP: The proposed HFPLP uses
proprioception and base velocity command as inputs, and
outputs target joint positions and feedforward torques to
achieve the desired velocity tracking for the legged robot.
The proprioceptive observation o; € R® contains body
angular velocity wy, projected gravity vector g, base velocity
command c¢;, joint positions q;, joint velocities q;, joint
torques 7, and previous action a;_1 jfp. The history length
H = 5. The critic network incorporates additional privileged
information, including base velocity vy, height map h, foot
contact ¢y, foot clearance py, and disturbance forces Fi.;.
The action a ,r, € R?* includes target joint position "¢/
and feedforward torque 7y, which are transformed into the
joint torque by Eq. (6) with K}, = 20 and K4 = 0.5. The
reward functions follow the work of DreamWaQ [7], where
a new reward function (q"¢f — q)? is added to encourage
joint position tracking with a weight of —0.2. Curriculum
learning [38] is used to gradually increase the difficulty of
tasks, allowing the robot to adapt to rough terrain.

2) Learning the DAAC: The disturbance observer is
composed of two concatenated 3-layer MLP with ReLU
activations. The first MLP takes in historical observations
ol € R3* as input and outputs [ay,wy, F.|T € RS,
with hidden layer [256 128 64]. The second MLP receives
[0¢, ap, Wy, F.]T € R¥ as input and outputs F.,; € R3, with
hidden layer [256 128 64]. The observation of the DAAC
Ot,daac € R0 includes proprioception o,, disturbance force
F..+, and action a; 5, ¢. The action a; gaqc € R'? represents
the compensation torque ATg,4, Which is transformed into
the joint torque command by Eq. (9). The reward functions
are consistent with HFPLP training.

V. EXPERIMENTS

To evaluate the locomotion performance and disturbance
adaptation of the proposed method, the state-of-the-art RL-
based locomotion method DreamWaQ [7] is utilized as
the baseline. Comparative experiments and ablation studies
are conducted to demonstrate the improvements over the
baseline. The following are the baseline methods in the
experiment, including ablation studies to demonstrate the
necessity of some submodule of our method:

o DreamWaQ-FT: Fine-tuning the DreamWaQ in envi-
ronments with random disturbances.

o DreamWaQ-DAAC: Learning the DAAC based on the
DreamWaQ.
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o HFPLP-FT: Fine-tuning the HFPLP in environments
with random disturbances.

o HFPLP-DAAC w/o DO: Learning the DAAC without
disturbance observer based on the HFPLP.

o HFPLP-DAAC (Ours): Learning the DAAC based on
the HFPLP.

A. Simulation Results

1) Action Tracking: To demonstrate the advantages of
incorporating feedforward torque in HFPLP, we compare the
joint position tracking curves of DreamWaQ-FT and HFPLP-
DAAC. As shown in Fig. 2, DreamWaQ-FT compensates
for contact forces by adjusting joint position tracking errors
of the stance leg. In contrast, HFPLP-DAAC incorporates
feedforward torque into its actions, significantly improving
joint position tracking accuracy, demonstrating that HFPLP
combines the advantages of swing leg position control and
stance leg force control to effectively provide compensation
torque in the stance phase.

DreamWaQ-FT
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Fig. 2. The joint position tracking of the front right leg during robot
motion at v, = 1m/s. Due to the additional contact forces required by the
stance leg to provide gravity compensation, the baseline exhibits significant
joint position tracking errors. In contrast, our proposed method significantly
improves the tracking accuracy by providing feedforward torques.

2) Disturbance Adaptation: In the simulation, time-
varying disturbance forces are introduced to evaluate the
disturbance adaptation of HFPLP-DAAC. In order to analyze
the response of DAAC to disturbance, the compensation
torques are mapped to foot forces using the foot Jacobian:
F.. = J-TA7. The disturbance forces along the X and
Y axes are applied with magnitudes of 100 N, and their
directions are changed at intervals of 5 s. Fig. 3 illustrates the
applied disturbance forces, the disturbance forces estimated
by the disturbance observer, and the compensation foot
forces generated by the DAAC. It can be observed that the
disturbance observer is able to predict disturbance forces,
and compensation foot forces generated by the DAAC align
with the trends of the disturbance forces. Consequently, the
corresponding ground reaction forces effectively counteract
the impact of the disturbance forces. This is attributed to
the compensation mechanism introduced in the force space,
which enhances the interpretability and transparency of the
DAAC. Additionally, the velocity tracking performance of
the robot under disturbance forces is shown in Fig. 4,
demonstrating that the HFPLP-DAAC can enable the robot
to rapidly recover to the desired motion state when subjected
to significant disturbances.

Force (N)
Force (N)

00 125 150 15 200 00 25 50 15
Time (s)

100 125
Time (s)

150 15 200

Fig. 3. Adaptation of the DAAC to disturbances. The blue line represents
the applied disturbance force, the orange line represents the estimated
force from the disturbance observer, and the green line represents the foot
force generated by the compensation torque of the DAAC through the foot
Jacobian mapping. The DAAC effectively generates compensation torque
based on the disturbance force estimated by the disturbance observer.
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Fig. 4. Velocity tracking curve under external disturbances. The HFPLP-
DAAC demonstrates the ability to rapidly recover from external disturbances
and adapt to the disturbance force to maintain the desired motion state.

B. Ablation Study

To evaluate the impact of different modules on the robot’s
motion performance, ablation experiments are conducted. All
policies are trained under identical environmental setups and
hyper-parameters to ensure fairness in the results. Fig. 5 illus-
trates the learning curves of different policies, demonstrating
that HFPLP-DAAC outperforms the baseline and other abla-
tion versions. The comparison between DreamWaQ-FT and
HFPLP-FT shows that the introduction of feedforward action
space improves the response of the policy to disturbances.
The comparison between HFPLP-FT and HFPLP-DAAC
highlights that the DAAC leverages estimated disturbance in-
formation to output additional compensation torques, thereby
enhancing the overall performance. The performance degra-
dation observed in the absence of the disturbance observer
underscores the importance of explicit disturbance estimation
in improving disturbance responsiveness.

In addition, all policies are deployed on a real robot
to evaluate their performance in the real world. For each
policy, the Absolute Tracking Error (ATE) is calculate un-
der three conditions: nominal condition, loaded condition,
and disturbed condition with pulling disturbance. The robot
follows v, = 1m/s, v, = 1m/s commands sequentially,
and each task is executed 5 times. The experimental setups
for payload and lateral pulling disturbance are shown in
Fig. 6, where the payload is 5 kg and the weight dragged
by the rope is 19 kg. The average pulling force F), exerted
by the rope is approximately 40 /N, measured using the
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Fig. 5. Learning curves of different methods. The curves and shaded
areas represent the mean and standard deviation of rewards across 10
different seeds, respectively. The HFPLP-DAAC outperforms baseline and
other ablation versions on rewards, indicating higher motion performance.

Unitree

=

Fig. 6. Diagram of the real world ablation experiment setup. Left: The
robot carries a 5 kg payload. Right: The robot pulls a 19 kg weight via a
rope to simulate pulling disturbance.

digital dynamometer. Fig. 7 illustrates the ATE under various
environmental conditions. The experimental results demon-
strate that the proposed method exhibits superior disturbance
rejection capabilities compared to other policies.

C. Disturbance Adaptation on Real Robot

1) Robustness to Actuators: The baseline method relies
on the actuator’s PD controller to convert the target joint
position into the desired torques, and differences between
the PD controller in simulation and the real robot will
lead to sim-to-real problem. In contrast, our method reduces
dependence on the PD controller through feedforward torque
control, which better accommodates the actuator discrepan-
cies between simulation and the real robot, improving motion
robustness. Fig. 8 shows the motion performance of policies
trained in simulation with K, = 20, K; = 0.5 transferred
to the real robot with different PD parameters. As illustrated
in the Fig. 8, our method can still maintain motion perfor-
mance under large differences in parameter K, while the
performance of the baseline method drops significantly. This
indicates that our method can avoid tedious PD parameter
tuning and reduce the sim-to-real gap.

2) Heavy Payload Adaptation: To demonstrate the adapt-
ability of the motion policy to varying payloads, we evaluate
the robot’s locomotion performance under different payloads.
The robot tracks a velocity command of v, = 1.0m/s
for a duration of 10 s while carrying various payloads. For
each payload, 5 trials are conducted to calculate the Success
Rate (SR) and ATE. As illustrated in Fig. 9, the baseline
could only handle a maximum payload of 7.5 kg, whereas
our proposed method achieve remarkable performance under
a payload of 20.0kg (133 % uncertainty). To the best of
our knowledge, this is the first demonstration of a learning-

9
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Fig. 7. Comparison of ATE under different disturbance conditions for
various policies. The HFPLP-DAAC significantly improves velocity tracking
performance under load and external force disturbances. Moreover, even
in the absence of disturbances, our method outperforms the baseline,
demonstrating superior sim-to-real performance.

=@= DreamWaQ-FT
020 | g HFPLP-DAAC
¢ Robot failed

0.10 \ ~— /

10 15 20 25 30 35
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Fig. 8. The locomotion performance of the policy trained in simulation with
Kp = 20, K4 = 0.5 when transferred to the real robot with different PD
parameters. Compared to the baseline, HFPLP-DAAC demonstrates adapt-
ability to different K, values, reducing sensitivity to actuator discrepancies
between simulation and real robot.

based approach enabling the real robot to handle a payload
exceeding its own weight, highlighting the state-of-the-art
capability of our method in payload handling. Additionally,
we evaluate the joint position tracking and external force
estimation under dynamically varying payloads. The robot
is commanded to track a velocity of v, = 1.0m/s while the
payloads are gradually increased to [2.5,5.0,7.5,10.0] kg.
As shown in Fig. 10, during dynamic payload changes, joint
position tracking exhibited no significant variation, and the
disturbance observer effectively estimates the external force
magnitude. These results demonstrate that the DAAC can
accurately perceive changes in external forces and provide
effective feedforward compensation torques to maintain the
robot’s locomotion performance.

3) Impact Disturbance Adaptation: We further evaluate
the adaptability of HFPLP-DAAC to impact disturbances.
To ensure a controlled and quantifiable comparison, we
introduce lateral impact disturbances by releasing a weight
from a fixed height, allowing it to swing laterally and collide
with the robot moving at a velocity of v, = 1.0m/s. Each
set of experiments is conducted with 10 trials. We evaluate
the performance of the algorithm using three metrics: SR,
ATE, and Lateral Displacement (LD). Table I shows that
our method significantly improves the ability to resist impact
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Fig. 10.  Joint position tracking and external force estimation under
dynamically varying payloads. The joint position tracking remains consistent
despite changes in the payload, while the disturbance observer accurately
estimates the external force disturbances. These results demonstrate that
the HFPLP-DAAC effectively perceives variations in external forces and
provides appropriate feedforward compensation torques to mitigate the
impact of disturbances.

disturbances. The robot has smaller ATE and LD under larger
impact disturbances, indicating that our method improves the
response to impact disturbances and enables rapid recovery.

4) Analysis of DAAC Policy: We employ t-distributed
Stochastic Neighbor Embedding (t-SNE) to analyze the
actions of the DAAC under various disturbances. In the
experiments, the robot is controlled to move along the
positive and negative directions of the x-axis and y-axis,
respectively. Following the method illustrated in Fig. 6,
the robot is subjected to pulling disturbances in different
directions. As shown in Fig. 11, the actions generated by the
DAAC demonstrate a clear distinction between the effects
of disturbances from different directions. This indicates that
the DAAC effectively integrates disturbance observer to
accurately estimate external forces and provides appropriate
feedforward torque compensation, enabling the robot to
respond effectively to external disturbances.

5) Traversability in Complex Environments: We demon-
strate the locomotion performance of the HFPLP-DAAC
under various challenging terrains and external disturbances.
As shown in Fig. 12, the robot is capable of successfully
traversing unstructured terrains such as sandy surfaces, slip-
pery gravel, variable sponge mats, and stair under payload
conditions, while effectively handling disturbances such as
unexpected collisions and foot slippage. The experimental
results indicate that our approach significantly enhances the
robot’s ability to traverse complex environments with heavy
payloads and improves task execution stability. Further ex-
perimental details can be found in the supplementary video.

TABLE I
COMPARISON OF LOCOMOTION PERFORMANCE UNDER IMPACT

DISTURBANCES
. Metrics
Methods Weights SR (%) ATE (m/5) LD (m)
2.5kg 100 0.54 £0.14 0.39 £0.09
5.0kg 40 0.76 £0.17 0.94 £0.16
DreamWaQ-FT 7.5 kg 0 i -
10.0 kg 0 - -
2.5kg 100 0.23+0.06 0.10+0.03
5.0kg 100 0.35+0.10 0.23+0.04
HFPLP-DAAC 7510 100 04741009 041 +0.07
10.0 kg 80 0.56 +0.12 0.57+0.11
o Positive x-axis
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Fig. 11. The t-SNE visualization of compensation torques generated by the

DAAC. The compensation torques under different directional pulling distur-
bances are clearly distinguishable, demonstrating that the DAAC effectively
perceives the disturbances and generates appropriate compensation torques
to mitigate their effects.

=

Fig. 12. Evaluating the locomotion performance on challenging terrains,
including grass, stairs, gravel, soft sand, pebbles, and deformable sponge
mats. HFPLP-DAAC significantly improves complex terrain traversal capa-
bilities under payload.

VI. CONCLUSION

In this work, we propose the HFPLP, which significantly
improves the dynamic response of legged robots to payload
variations and external force impacts. In addition, benefit-
ing from the sensitivity of HFPLP to the torque space,
we introduce the DAAC in the torque space, further en-
hancing the robot’s adaptability to unknown disturbances.
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Comprehensive validation using the Unitree Go2 quadruped
robot demonstrates that HFPLP-DAAC exhibits superior
locomotion performance under various complex terrains and
disturbance conditions. However, this approach still has
some limitations, such as the lack of theoretical guarantees
and the disturbance model considering only forces applied
to the robot’s CoM. Future work will focus on exploring
more complex disturbance models and further developing
theoretical analysis frameworks to enhance the adaptability
of legged robots to various types of disturbances.
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