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Robust Pedipulation on Quadruped Robots via Gravitational-moment

Minimization

Heechan Shin, Minsung Yoon, Jeil Jeong, and Sung-eui Yoon*

Abstract: This paper presents adaptive locomotion and manipulation (ALaM), a novel approach for quadruped
robots that enables robots to pedipulate with any leg as a manipulator while maintaining balance and locomotion with
the remaining three legs. Unlike previous methods that only utilize a designated leg as a manipulator, ALaM enables
any leg as manipulator based on the task goal position. For this end, we propose a gravitational moment minimization
reward for training pedipulation using the centroid of feet as a pivot point. Experimental results demonstrate that
ALaM achieves better stability during manipulation, reduces tracking error by approximately 50% compared to
state-of-the-art methods, and completes multi-goal tasks more efficiently by dynamically switching manipulation

legs.
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1. INTRODUCTION

Quadruped robots have traditionally focused on loco-
motion tasks, with control strategies evolving from classi-
cal dynamic models to modern reinforcement learning ap-
proaches. Recent advancements have enabled these robots
to perform more complex behaviors beyond just walking
or running. One particularly interesting capability is using
an additional manipulator by attaching it to the back of
the robot. However, attaching additional manipulators to
the robot’s back incurs extra costs and takes up additional
space. Instead, we focused on pedipulation. Pedipulation
involves using one of the existing four legs as a manipu-
lator, which does not require any additional equipment or
money.

In this paper, we introduce adaptive locomotion and
manipulation (ALaM), which is briefly introduced at [1], a
novel method that allows quadruped robots to use any of
their legs as a manipulator while preventing falling with the
remaining three legs. The main contribution is proposing a
reward that minimizes the gravitational moment based on
the centroid of locomotion feet. Through this, we were able
to maintain a robust posture even while the manipulation
leg was moving, and achieve a goal tracking error up to
two times lower than state-of-the-art research.

2. RELATED WORKS

2.1. Reinforcement learning based quadruped locomo-
tion
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Fig. 1. Overall structure of our system. Any leg close to the
task goal can be a manipulation leg. ALaM policies
enable the robot to locomote only with locomotion
legs.

Traditionally, legged-robot control relied on precise dy-
namic models to compute control strategies for responsive
motions. Approaches ranged from the linear inverted pen-
dulum model [2] to trajectory optimization [3] and Model
Predictive Control (MPC) [4,5]. Recently, significant ad-
vancements in learning-based methodologies, particularly
reinforcement learning, have revolutionized locomotion
techniques for legged robots.

Notable research by Hwangbo et al. [6] has enabled
more realistic locomotion simulations by modeling real-
world actuators using neural networks. Rudin et al. [7]
leveraged GPUs to run simulations, allowing the concur-
rent training of thousands of agents. This combination of
realistic simulation and computational efficiency has sig-
nificantly improved reinforcement learning techniques for
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quadruped robot locomotion, inspiring numerous subse-
quent studies.

An example is a study by Kumar et al. [8]. This study
introduces a knowledge distillation technique for privi-
leged information, which is data that are not available in
real world environments, utilizing observation history in-
stead of privileged information. This approach has been
used in several studies, including [9-11], and our work, to
effectively incorporate privileged information into loco-
motion training, bridging the gap between simulation and
real-world performance.

2.2. Legged manipulation

Legged manipulation, which enables quadruped robots
to perform various tasks by integrating a manipulator, is a
subfield within quadruped locomotion research. This ap-
proach allows quadruped robots to navigate diverse terrains
while simultaneously performing specific tasks [12,13]. No-
table contributions in this area include the work of Sleiman
et al. [13] employed task and motion planning to derive
whole-body trajectories. Fu et al. [12] utilized Advantage
Mixing to learn a unified policy covering both locomotion
and manipulation.

However, equipping an external manipulator increases
costs and reduces the robot’s load-carrying capacity be-
cause of its placement on the quadruped’s back. To address
these limitations, our study uses a technique called pedipu-
lation [14], which uses one of the existing legs as a manip-
ulator while using the other three legs for locomotion. This
approach eliminates the need for an additional limb. Al-
though our study also focuses on pedipulation, unlike [14],
our approach allows any leg to be used as a manipulator.

2.3. Pedipulation

Over the past few years, numerous studies have explored
the utilization of quadruped robot legs for task execution
[15-17]. However, these studies primarily focused on per-
forming a single specific task. For instance, Ji ef al. [15]
employed legs to kick a ball. Cheng ef al. [16] separately
trained policies for locomotion and task execution, nonethe-
less, the robot uses only one skill at a time, thereby making
it challenging to perform a task with one leg while walking
simultaneously. In [17], the legs were solely used for drib-
bling. Recently, however, Philip ef al. [14] have tackled
this problem by distinguishing between locomotion legs
and manipulation legs, enabling simultaneous locomotion
and target goal tracking for task execution. In [14], after
predefining locomotion and manipulation legs, the robot
is trained. However, this predefined strategy restricts the
ability of using undefined legs for task goal tracking. To
overcome the predefined strategy, our study uses a tech-
nique named adaptive locomotion which has been studied
in the field of fault-tolerant locomotion to walk with avail-
able legs, allowing any of the four legs to function as a
manipulator.

2.4. Adaptive locomotion

Adaptive locomotion involves maintaining balance and
performing locomotion with the remaining three legs when
one leg becomes inoperable due to malfunctions or other
issues. There are studies [18,19] that consider zero moment
point (ZMP) for maintaining stability. The goal is to en-
sure that the point where all moments applied to the CoM
become zero falls within the support polygon formed by
the contact feet. Recently, Luo et al. [10] studied utilizing
the center of pressure (CoP) for fault-tolerant locomotion.
They achieved balance by aligning the CoP with the center
of mass (CoM) through variable height inverted pendulum
(VHIP) [20] modeling. However, unlike [10], where the
malfunctioning limb remains fixed or moves minimally,
our study involves significant shifts of the CoM as the
manipulation leg moves during task execution. To tackle
this challenge, we propose a method that enables robust
balancing and locomotion while moving one leg.

3. ADAPTIVE LOCOMOTION AND
MANIPULATION

In this section, we describe our pedipulation system
where a quadruped robot uses one leg as a manipulator to
perform tasks while maintaining balance and locomotion
with the remaining three legs. The leg used as a manipulator
is called the manipulation leg, while the other three legs
used for locomotion are called locomotion legs. Unlike
state-of-the-art pedipulation work [14], which can only
use a designated leg as the manipulation leg, our proposed
method allows any leg to be selected as the manipulation
leg based on the given task during execution time. Then,
the remaining three legs automatically become locomotion
legs to perform movement. Additionally, in this paper, we
focus on the goal tracking task, which is fundamental to
pedipulation tasks with the manipulation leg. This means
that the end effector of the manipulation leg tracks the given
task goal while maintaining balance with the locomotion
legs.

This section consists of three main components. The
Overall Structure (Subsection 3.1) explains our reinforce-
ment learning framework that separates locomotion and
manipulation parts for effective pedipulation. The Adaptive
Locomotion (Subsection 3.2) component introduces novel
techniques for maintaining balance using locomotion legs,
introducing gravitational moment reward and feet area re-
ward. Finally, the Adaptive Manipulation (Subsection 3.3)
component presents a method for target goal tracking using
the manipulation leg through the use of a reachability map.

3.1. Overall structure

We divide our approach into two parts (Fig. 2). One part
computes actions for locomotion, while the other calculates
actions for a manipulation leg and base commands. This
division is due to the different purposes of each part. The
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locomotion part generates motions to maintain balance in
response to given base commands and leg states. In con-
trast, the manipulation and base command part generates
actions for approaching to task goal. Combining them in a
single network may introduce competing gradient signals.
Thus, we decouple the policies to reduce ambiguity in the
learning signals. During training, we further isolate gradi-
ents using locomotion action selection (Subsection 3.2.3),
which masks action dimensions assigned to the manipula-
tion leg so they do not backpropagate into the locomotion
policy. In this study, the task is to track the goal using
end-effector of the manipulation leg.

3.1.1 Observations and actions

The policies of our system employ several categories
of inputs, depicted in Fig. 2. The first category comprises
proprioceptive information. Each element represents a spe-
cific aspect of the system’s state, see Table 1. The second
category incorporates encoded privileged information, ex-
pressed as 2’ = Wy (Vi s Plom s R)> Where [, is a privi-
leged encoder and v/, # denotes the linear velocity of cen-
troid of locomotion feet. By considering v, ., we can re-
duce the unnatural behavior reported by Bellegarda et al.
[21]. The term R encapsulates randomized parameters such
as payload, friction, and motor strength. During training,
these parameters are randomized within predefined ranges
to model uncertainty in real-world conditions. At evalua-
tion time, however, fixed parameter values are used, and
the learned policy adapts implicitly without requiring ex-
plicit knowledge of the exact values. This design ensures
robustness while allowing fair experimental comparisons.
We use privileged inputs only during training. At the evalu-
ation time, z' is produced from observable histories. The
third category includes command information, task goal
position G%, leg states ¢, and base velocity command ¢'.

Table 1. The variables used in this paper consist of pro-

prioceptive information, privileged information,
command information, and actions.

Proprioceptive information
gcR? Projected gravity
0 € R? Base angular velocity in base frame (rad/s)
qcR? Joint position (rad)
qeR? Joint velocity (rad/s)
Foot contact indicator (contact: 1)
beR! b = (b, b, bee, bee)”
r_: front, g : rear, g:right, ;: left
rz € R?2 Foqt Position in.base frame, f'g € R is foot
position of manipulation leg in base frame
Privileged information
Veor € R3 Linear velocity of centroid of locomotion feet
Peomp € R3 Center of mass in base frame
R c R Domain randomization parameters. payloade R!,
friction€ R! motor strengthe R!2
Command information
Task goal position in base frame.
Gz eR’ Gj is projected goal in base frame
(Subsection 3.3).
(eR? Leg states indicator £ = (Crg, Lpr, Crry Crr)”
locomotion leg: 1, manipulation leg: 0
Base velocity command ¢ = (v4e*, §des)T
ceR’? v‘f;’ is desired xy-axes linear velocities
G‘dlfvi is yaw angular velocity
Actions
a;,. € R1? Actions used for locomotion
a,, CR3 Actions used for manipulation
a0 ER3 Actions for base command

A detailed explanation of each input is provided in Table 1.
The superscript ¢ denotes the value at time step ¢. For sim-
plicity, we omit the superscript ¢ unless we need to clearly
distinguish between different time steps, such as # — 1.

In this study, we train two distinct policies. The locomo-
tion policy, that generates a locomotion action, a,. € R'?,
corresponding to the twelve degrees of freedom of a
quadrupedal robot’s joints. The target joint positions for
the locomotion legs are & X aj,. + qnir, Where, ¢ is action
scale factor and q,; is initial joint configuration.

The manipulation and base command policy generates
two types of actions: one is for the manipulation leg and
the other one is for the base command. The manipulation
action, a,,,, € R3, is scaled by the action scaler and added
by the previous manipulation joint position. Furthermore,
to match dimensions with the target joint positions, we zero-
pad with function Z(-). Thus, we obtain the target joint
position for the manipulation leg with Z(o x a’,,, +q’.L),
where ¢/} is previous manipulation joint position.

Finally, the target joint position for the PD controller
is computed as qm,ger (0 X ppc + Qinir) D Z (0t x A}, +
q.,..) , where @ is elementwise addition. The final control
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joint torque is determined by: kp X (Qrarger —q) — Kp X q
,where Kp represents the P gain and xp the D gain of the PD
control and we use zero target joint velocity. We employ
kp = 28.0 and xp = 0.7, suggested in [22].

3.1.2 Rewards

The locomotion policy training uses three types of re-
wards: a task reward to ensure the following of the given
command, a balance reward to maintain body equilibrium,
and a auxiliary reward to achieve consistent and smooth
motion. The auxiliary rewards are similar to a normaliza-
tion reward proposed by Arm et al. [14], or a fixed auxiliary
reward, as described by Margolis et al. [23].

In Table 2, we use o7 as 0.25, and o, as 0.02. F is ground
reaction force vector for each foot. v, and 6 are linear
and angular velocity vectors of feet and v"}f1 and 9;" are slip
threshold of the velocity vectors, respectively. qyiarion 1S
number of limit violated joints.

The training of the manipulation and base command pol-
icy also incorporates task rewards and auxiliary rewards.
Similar to the task rewards of the locomotion policy, the
task rewards for the manipulation and base command pol-

Table 2. Rewards for training the locomotion policy.

Locomotion rewards
Task rewards

v,, tracking 6,4 tracking

Wy x e~V —val/on W x ¢~ 1055~ /01

Veor tracking
ws x eIV ~veor /o1

Balance rewards

gravitational moment locomotion feet area
Subsection 3.2.1 Subsection 3.2.2
Auxiliary rewards

Orientation Penalize v,
wa X e 19pichroitll/o2 ws X |v.[?
Penalize 0,01/ pirci Penalize ¢
We X || 8ot pircn | wy % ||
Penalize © Penalize joint power
ws X || 7]| wo X [|¢" - 7]

Action smoothness

wiy X ||aj, —2aj, ! +ai 7|

Feet slip

Action rate
t r—1
Wio X Halnc _aloc H
Soft contact

wiz % [b" - F| wiz X [b - 1([|vy|| >
Vi V116l > 6]
Collision Penalize joint limit

wig X collision Wis X Quiolation

Weights
wi=1 wo=1 wsz=1 wy=1
Ws=- we=-0.05 wy=-8¢~* wg=-5¢~*
Wo=-8¢ 3 wio=-0.04 wi1=-0.04 wip=-2e3
wi3=-0.12 wig=-1 wis=-1

Table 3. Rewards for training the manipulation and base

velocity command policy.

Manipulation and Base Command Rewards
Task rewards

Goal position tracking

wie x e~(IGal)/an

Projected goal position
tracking

see Subsection 3.3

Auxiliary rewards

Action Action rate
Wi % [ wig x [Jal,, —al!|
Action smoothness Penalize v
wig X ||y, —2a) " +a) ?| Wi X ZVg
Penalize 6 Collision
Op: wy x £O2 Wy X collision
Penalize joint limit Penalize q
W23 X Qviolation wag X |||
Penalize ¢
G: wos x || d]]
Weights
wie=1 wi7=-0.04 wig=-0.04 wi9=-0.04
Wwa=-0.01  wy=-5¢° wy=-1 Wwypz=-8¢*
Wos=-8¢2 wos=-1

icy also require tracking the given goal. Higher rewards are
given as the robot gets closer to the task goal and maintains
contact for a longer duration.

In Table 3, a,,. is concatenated vector of a,,,, and a.,,,4.
Quiolation 1S numMber of limit violated joints.

3.2.  Adaptive locomotion
2

3.2.1 Gravitational moment reward

The objective of locomotion policy is to calculate target
joint positions for the locomotion actions, enabling the
robot to follow a given base command while preventing
falling.

In the state-of-the-art work [10], preventing falls is
achieved by minimizing two factors. One is the variable
height inverted pendulum (VHIP) angle, which is an angle
between z-axis of the global frame and a vector from the
center of pressure (CoP) to the center of mass (CoM). The
other one is the acceleration of the angle. While minimizing
the VHIP angle helps the robot not to fall, it only considers
feet that are in contact with the ground for balancing, as
the CoP only can be calculated using the contact feet. How-
ever, it is crucial to recognize that the feet, which are not
currently in contact with the ground, can still contribute
to prevent falling in subsequent timesteps by preparing
future contact feet position. Balancing should be viewed as
a continuous process rather than a series of discrete states.
Furthermore, our findings from Subsection 4.2 revealed
that the adaptive locomotion method considering the VHIP
angle, as proposed by [10], becomes unstable when the
CoM is continuously shifted due to the movement of the
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Fig. 3. This figure illustrates the front right leg being used
as the manipulation leg. Blue circles indicate con-
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projected end-effectors of the locomotion legs onto
the xy plane. The centroid of locomotion feet (CoF)
is marked with a green circle at the centroid of the

polygon.

manipulation leg while pedipulation.

To address these issues, our study proposes a novel
method for preventing falls that incorporates the centroid
of locomotion feet (CoF), thus taking into account the
potential contributions of all locomotion feet, whether in
contact with the ground or not. We can calculate the CoF
using the leg states ¢, where 1 represents a locomotion
leg and O represents a manipulation leg. Thus, the CoF is

1
CoF = o0

state indicator. Since we consider one manipulation leg in
this paper, Y2, #; > 0 is always satisfied.

Consequently, we define a reward for the gravitational
moment at the CoM with respect to the CoF as a pivot
point as wy, x e~ M:l/%, where M, = Txg. FPisa
vector from CoF to CoM, ? is gravity vector, see Fig. 3.
We use wy, = 0.5, 0, = 10.

In this paper, we assume the terrain is flat. On flat terrain
with a known gravity direction, minimizing |[M,| = |7 x
?| about the CoF promotes alignment between 7 and
?, which reduces the horizontal displacement between
the ground projected CoM and CoF (Fig. 3). We therefore
use wy, X e M:l/% a5 a practical surrogate objective under
these conditions. This means, by providing the CoF as
an appropriate CoM position for maintaining balance, the
robot can prevent falling.

Although the CoF calculation considers only the loco-
motion legs because the manipulation leg’s role is not to
contribute to locomotion but to perform goal tracking, since
all robot bodies including the manipulation leg are consid-

Z?ZOKJ)C]?Z;:OEjyj . Where, ¢; is i leg

ered in calculating the CoM, balance can be maintained
by minimizing the gravitational moment at the CoM using
the CoF as a pivot point, even when the manipulation leg
moves freely.

3.2.2 Locomotion feet area reward

To prevent a robot falling in flat terrain, it is helpful
that the CoM ground projection remains within the support
polygon, which is a polygon formed by the contact feet. For
this purpose, Luo et al. [10] assigned penalties proportional
to the maximum distance between the projected CoM and
the edge of the support polygon. Although this method
moves the CoM away from the polygon’s edge, it can have
an unintended effect: the contact points might shift to min-
imize the maximum CoM-to-edge distance, which reduces
the polygon’s area. This reduced area compromises falling,
as it increases the risk of the CoM projection moving out-
side the polygon during pedipulation movements.

Moreover, as mentioned in Subsection 3.2.1, since feet
that are not in contact can still contribute to prevent falling
in subsequent timesteps, we considered the locomotion feet
polygon rather than the support polygon. The locomotion
feet polygon is formed by projecting the end-effectors of
the locomotion legs onto the xy-plane. By including feet
in the polygon calculation even when they are not in con-
tact, we enable non-contacting feet to contribute to prevent
falling. With this strategy, we propose a method that both
expands the polygon’s area and maintains the projected
CoM at a safe distance from the polygon’s edges. Our ap-
proach is to provide a reward for increasing the area of the
triangle, which contains the closest distance to the edge,
formed when connecting the CoF to each vertex of the
locomotion feet polygon. If the triangle has the shortest
height measured from the CoF to its base, the height is
equivalent to the smallest distance from the CoF to the
edge of the locomotion feet polygon. By increasing the
area of this triangle, we can simultaneously increase both
the shortest distance from the CoF to the edges of the
polygon and the overall area of the locomotion feet poly-
gon. Thus, the locomotion feet area reward is defined as:
w4 x min(et/% —1,1) where A represents the area of the
triangle that has shortest height, which is discussed above,
and we use w4 = 0.2, 0, = 0.05. Maximizing the selected
triangle’s area increases the shortest distance from the CoF
to the polygon edges, enlarging a geometric stability mar-
gin against edge crossings during pedipulation.

3.2.3 Locomotion action selection

When implementing a unified locomotion policy for both
normal four-legged locomotion and adaptive locomotion,
it is crucial to ensure that actions for the manipulation leg
do not influence the actions for the locomotion legs. Thus,
we propose a method named locomotion action selection
to address this issue.



6 Heechan Shin, Minsung Yoon, Jeil Jeong, and Sung-eui Yoon

When a quadruped robot performs normal locomotion
using all four legs as locomotion legs, it uses all 12 dimen-
sions of actions, a;,, € R12, output from the locomotion
policy for locomotion. However, when one leg is used as a
manipulation leg, 3 dimensions among the 12-dimensional
actions from the locomotion policy are not used for locomo-
tion. Therefore, if these unused actions are backpropagated,
it would result in the backpropagation of dummy derivative
values, since these values were not actually used in the
locomotion process.

To address this issue, we leverage leg states ¢ that indi-
cate whether each leg is used for locomotion or manipula-
tion to filter out irrelevant information during backpropa-
gation of the locomotion policy training. We apply elemen-
twise multiplication, ® in Fig. 2, between the locomotion
actions a;,. and the leg states ¢ to make the actions and
their derivative corresponding to manipulation legs to be
zero. This gating prevents dummy derivatives from unused
action channels and reduces gradient conflicts between
stance stabilization and manipulation objectives during
backpropagation.

3.3. Adaptive manipulation

Through adaptive locomotion, Subsection 3.2, we
achieve the ability to maintain balance and locomote using
only the locomotion legs. Additionally, we can perform
pedipulation by tracking a target goal using the manipula-
tion leg.

For target goal tracking, the manipulation foot must
reach a given target goal in 3D space. Goal tracking can
be achieved easily by designing a reward that reduces the
distance between the target goal and the end-effector. How-
ever, the challenge lies in where the distance to the goal
does not change uniformly with the robot movement. For
instance, when a quadruped robot moves its entire body
to the target goal, the distance to the goal continuously
decrease maximizing the goal tracking reward. However,
when only the manipulation leg moves while the base posi-
tion remains fixed, the goal tracking reward stops increas-
ing once the manipulation foot has extended maximally
toward the target goal. This issue leads to the robot fixing
its manipulation leg position and moving only its base for
target goal tracking.

To address this problem, we utilize a reachability map
of the manipulation leg. In this work, the reachability map
is approximated as a sphere centered at the hip joint, with
a radius equal to the maximum kinematic extension of the
leg. When a task goal lies outside this spherical region,
it is projected onto the sphere’s boundary to ensure that
the manipulation policy always receives feasible goals.
Through this approach, independent from approaching the
task goal through base velocity commands, we can reduce
the task goal tracking error by moving the manipulation leg.
If we do not use the projected goal, for distant task goals,
the reward changes from moving the base position become

more significant than the reward changes from moving the
manipulation leg. This is because once the manipulation
leg is fully extended toward the task goal, moving only
the manipulation leg cannot increase the reward anymore.
Therefore, by using the projected goal, we can generate
meaningful manipulation leg actions for all goals. Once the
goal comes within range, the manipulation foot executes
the final approach to precisely reach the target. Thus, we
deﬁIAle the projected goal position tracking reward as wg, X
e~ IGs=tsll/o1 \where Gy is projected goal position in base
frame, £ is foot position of manipulation leg in base frame,
and we use wg;, = 5.

4. EXPERIMENTS

In this section, we study the effectiveness of our pro-
posed method by conducting experiments of task goal
tracking for pedipulation. For successful task goal tracking,
three requirements must be met: 1) The robot body must
prevent falling while performing the task, 2) The tracking
error must be low to execute the given task precisely, and
3) The robot is able to perform the given task as quickly as
possible.

In Subsection 4.2, we show how robustly the robot can
control its posture during task execution. In Subsection 4.3,
we demonstrate lower tracking error for randomly sampled
task goals compared to state-of-the-art research, and in
Subsection 4.4, we show that when given consecutive task
goals, our method can perform tasks more quickly and
effectively compared to the state-of-the-art method.

Because pedipulation is an emerging topic that has only
recently attracted broad interest, the number of directly
comparable studies remains limited. Accordingly, we fo-
cus on two representative families: 1. a state-of-the-art
pedipulation method with a fixed manipulation leg [14],
and 2. CoP-based stabilization for adaptive locomotion
[10]. These baselines align with our problem formulation
and provide a fair point of comparison within the scope of
this study.

4.1. System and simulator

This study was conducted using the Unitree Gol robot
[24]. Training was performed in Isaac Gym [25], which
enables massively parallel simulation on GPUs and sig-
nificantly accelerates reinforcement learning. For evalua-
tion, we employed RaiSim [26] because of its more ac-
curate physics engine and its established use as a bench-
mark environment for legged locomotion. Furthermore, by
conducting training and evaluation in different simulation
platforms, we demonstrate that our algorithm performs
robustly across diverse environments. Training was per-
formed in the Isaac Gym, and evaluation was performed in
the RaiSim. A total of 4096 agents were trained in parallel
with an episode duration of 20 seconds. All policies were
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trained using PPO (Proximal Policy Optimization) [27]
and learned through the actor-critic methodology. Both the
actor network and critic network consist of MLPs with
sizes [512, 256, 128], and they receive the same values as
input. All policies were trained for 2000 iterations using
an NVIDIA GeForce 4090 GPU. Domain randomization
was applied only during training to encourage robustness
to variations in payload, friction, and motor strength. For
evaluation, fixed parameters were used to enable consis-
tent comparisons across methods, following established
practices in legged locomotion research [6].

4.2.  Moving manipulation leg while standing

In the first experiment, we tested how well the robot
could maintain balance while moving its manipulation leg
in a standing position. During pedipulation tasks, even
when standing still, the robot’s center of mass (CoM) shifts
as the manipulation leg moves. This shift in CoM can cause
the robot to lose balance and fall. In this experiment, we
set the base command to zero to keep the robot stationary,
then continuously moved the task goal position within
the reachable region to test how robustly the robot could
maintain its posture while moving the manipulation leg.
To achieve robust balance, we proposed a gravitational
moment minimization reward that uses the centroid of
locomotion feet as a pivot point.

Fig. 4 shows the experimental results for four methods.
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Fig. 4. (a) Changes of the center of mass (CoM) position
when moving the manipulation leg while standing.
(b) Distribution of distances between each point on
the trajectory and the origin.

The Naive approach uses the reward from LeggedGym [7]
locomotion learning which is widely used as a locomotion
baseline. While this method doesn’t explicitly include re-
wards for balance control only with three legs, we found
that it learned to balance using three legs to avoid ground
collision during locomotion. ALaM,,, uses our proposed
rewards but uses the center of pressure instead of the cen-
troid of feet as the pivot point for gravitational moment.
FT-net [10], which is the state-of-the-art method in fault-
tolerant locomotion, uses a reward that minimizes the vari-
able height inverted pendulum (VHIP) angle to maintain
balance with three legs when one leg becomes unusable.
As shown in Fig. 4(a), both the Naive and our approach,
ALaM, maintain a standing posture, while ALaM,,, and
FT-net fail to maintain standing and shift their base position
for posture control. This occurs because while our method
attempts to align the CoM with a geometrically fixed point,
centroid of feet CoF, ALaM,,, and FT-net try to align the
CoM with the center of pressure (CoP). Since the CoP can
continuously change even in a standing state according
to the ground reaction force of each foot, these methods
adjust the CoP position in response to CoM changes, losing
balance when the CoM moves outside the support polygon.

As a result, our proposed method was able to maintain
body balance while performing tasks and showed the low-
est CoM position variation among the comparison groups.

4.3. Measuring goal tracking error

To evaluate task goal tracking error of our proposed
method, we measured task goal tracking error for 2,000
random task goal positions within ranges of —5mto 5 m
along both x and y axes, and 0.2m to 0.5 m along the z-axis
from the world frame’s origin. One example is shown in
Fig. 5(a) as red sphere. The measurement was calculated
by averaging the tracking error during 1-second after 14
seconds from the episode start, considering the time needed
to reach far task goals. As a result, we obtained an average
tracking error of 2.12 cm, which is approximately half
of the 4.3cm error reported in [14]. Fig. 5(b) shows the
tracking error for each height. Since the standing height of
the Unitree Gol robot used in the experiment is 0.3 m, we
found that it shows low error rates for task goals up to its
body height, but relatively higher error rates for task goals
around 0.4 m-0.5 m, which are higher than its body.

4.4. Task goal touch

While the previous experiment evaluated the accuracy of
task goal tracking, in this section, we conducted two types
of experiments to verify how quickly and efficiently each
task goal can be tracked when performing consecutively
given tasks: the shuttle run test and the radial reach test.

4.4.1 Shuttle run test

The shuttle run test involves repeatedly touching given
task goals positioned in front of and behind the robot. The
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Fig. 5. Task goal tracking error. Totally, 2000 task goals

are evaluated. Each point represents task goal posi-
tion and the color represents tracking error. Average
tracking error is approximately 2.12 cm.

task goals are located 2m in front and 2m behind the robot,
and the time taken to touch these goals a total of 10 times is
measured. Our method demonstrates the ability to quickly
move back and forth while switching the manipulation leg
according to the position of the given task goal. In contrast,
[14] assigns fixed roles to each leg, either locomotion or

(a) ALaM (ours).

(b) Pedipulate.

manipulation. This means only one specific leg can be used
for manipulation, and it cannot switch between legs. As
a result, the robot must turn its entire body after touching
each task goal. Due to this difference, while the control
group took 42.2 seconds, our method completed the task
in just 28.76 seconds.

4.4.2 Radial reach test

The radial reach test is similar to the shuttle run test but
evaluates reaching performance in all directions. In this
test, task goals are positioned at distances ranging from 1m
to Sm, placed every 30 degrees. The test results are shown
in Fig. 6.

In the radial graph, the color of each cell indicates the
time taken to reach the task goal placed at that position.
Comparing Figs. 4(a) and 4(b), we can see that Fig. 4(a)
shows similar color distributions between front and rear
areas, Fig. 4(b) shows darker colors in the rear compared
to the front. This difference shows that both methods take
similar time for forward task goals, [14] takes longer for
rear task goals. This difference arises because our proposed
method can adaptively select which leg to use as the ma-
nipulator leg based on the relative position of the task goal,
whereas [14] must use a fixed leg as the manipulator.

This distinction becomes even clearer when comparing
Figs. 4(c) and 4(d). These graphs show the trajectories
taken by our method and [14] to reach radial task goals at
5 meters distance. The key points to observe are the shape
and direction of the arrows forming each trajectory. Each
arrow indicates which leg is being used as the manipulation
leg. Our method quickly reaches task goals by selecting
appropriate legs for manipulation based on the task goal’s
direction, while [14] uses the same leg for manipulation
in all cases. Furthermore, the arrow direction indicates the
robot’s facing direction. Considering that all trajectories
move from the center to outward, we can see that the robot
which uses [14] faces the task goal while moving. On

FR —<
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Fig. 6. (a) and (b) are radial graph of the time taken to reach task goals at each position for ALaM (ours) and pedipulate
[14], respectively. (c) and (d) illustrate the trajectory of our method and [14], respectively. Each arrow indicates

which leg was used as the manipulation leg.
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the other hand, with our method, the robot keeps its body
direction for the selected manipulation leg to be close to
the task goal.

4.5. Far away goal

This experiment compares state-of-the-art pedipulation
research [14] with our proposed method, specifically eval-
uating their goal tracking performance when the task goal
position significantly exceeds the distances used during
training. Both methods utilize the task goal position as in-
put to their policies, with a maximum training distance of 2
m. The experiment calculated the success rate by perform-
ing pedipulation up to the task goal placed at 10 meters with
0.5 m intervals. A success was defined as when the end-
effector of the robot’s manipulation leg came within 0.05
m of the task goal. Each task goal was executed 100 times.
Pedipulate [14] generates movements for both manipula-
tion and locomotion legs simultaneously, while our method
employs a two-step approach. This architectural difference
proves crucial for long-distance performance. By generat-
ing base command firstly rather than directly generating
joint action, our method can handle long-distance target
goal. As shown in Fig. 7, pedipulate’s tracking success rate
declines when the task goal extends beyond the maximum
training distance, whereas our method maintains consistent
tracking performance regardless of the task goal distance.

5. CONCLUSIONS

In this paper, we conducted research on task goal track-
ing using a manipulation leg while maintaining balance
when given a task goal for pedipulation, which is to use one
leg of a quadruped robot as a manipulator. For efficient task
goal tracking, three requirements must be met: 1) main-
taining robust balance while performing tasks, 2) reaching
task goals precisely, and 3) approaching task goals quickly
and efficiently. To achieve this, we proposed a gravitational
moment minimization reward that uses the centroid of lo-

Pedipulate —@—
ALaM (Ours) —@—

Success rate (%)

Distance (m)

Distance used at training time

Fig. 7. Task goal tracking success rate based on distance.
Our method, in green, shows no change in success
rate according to distance. In contrast, the success
rate of pedipulate, in purple, decreases beyond 3
meters, where the goal is not used for training.

comotion feet as a pivot point. Unlike center of pressure
(CoP) based balancing [10], our Centroid of locomotion
Feet (CoF) formulation remains stable during pedipulation
despite CoM shifts induced by the manipulation leg. Addi-
tionally, through task goal tracking experiments comparing
with state-of-the-art research [14], which learns to use a
fixed leg as a manipulator for pedipulation, we showed that
our method’s ability to adaptively select manipulation legs
based on goal position enables more precise, faster, and
efficient task execution compared to existing research.

While proposed our gravitational moment reward is con-
ceptually related to CoP-based balancing, the proposed
CoF formulation introduces a distinct extension by defin-
ing stability with respect to the centroid of locomotion
feet rather than only ground contacts. Unlike CoP, which
becomes undefined during reconfiguration or flight, CoF
remains applicable and allows the policy to prepare stable
postures before touchdown. Although we do not provide
arigorous theoretical proof in this work, we demonstrate
through extensive experiments that the CoF formulation
effectively stabilizes adaptive pedipulation. A formal theo-
retical analysis is left as an important direction for future
work.

In future research, we can conduct studies on utilizing
large language model and vision language model to per-
ceive surrounding environments and understand high-level
commands to generate task goals. Since we gained the
ability to track task goals through this research, if we can
generate task goal points or task goal trajectories based
on user requirements, we will be able to perform fully
automated pedipulation in response to high-level demands.
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