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Fig. 1: Humanoid capabilities supported by HUGWBC. First row: HUGWBC allows four standard gaits - walking, jumping, standing,
and hopping - with multiple customizable parameters to adjust the foot and pose behaviors, using one policy for 3 of the 4 gaits. Second
row: HUGWBC supports real-time interventions from external upper-body controllers, enabling loco-manipulation while maintaining precise
control under any locomotive behavior. Third row: Various command combinations enable the robot to perform highly dynamic movements.

Abstract—Locomotion is a fundamental skill for humanoid
robots. However, most existing works make locomotion a single,
tedious, unextendable, and unconstrained movement. This limits
the kinematic capabilities of humanoid robots. In contrast, humans
possess versatile athletic abilities-running, jumping, hopping,
and finely adjusting gait parameters such as frequency and
foot height. In this paper, we investigate solutions to bring
such versatility into humanoid locomotion and thereby propose
HUGWBC: a unified and general humanoid whole-body controller
for versatile locomotion. By designing a general command space in
the aspect of tasks and behaviors, along with advanced techniques
like symmetrical loss and intervention training for learning a
whole-body humanoid controlling policy in simulation, HUGWBC
enables real-world humanoid robots to produce various natural
gaits, including walking, jumping, standing, and hopping, with
customizable parameters such as frequency, foot swing height,
further combined with different body height, waist rotation,
and body pitch. Beyond locomotion, HUGWBC also supports
real-time interventions from external upper-body controllers like
teleoperation, enabling loco-manipulation with precision under
any locomotive behavior. Extensive experiments validate the high
tracking accuracy and robustness of HUGWBC with/without
upper-body intervention for all commands, and we further
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provide an in-depth analysis of how the various commands affect
humanoid movement and offer insights into the relationships
between these commands. To our knowledge, HUGWBC is the
first humanoid whole-body controller that supports such versatile
locomotion behaviors with high robustness and flexibility.

I. INTRODUCTION

Recent progress in humanoid robots has shown impressive
results in achieving complex tasks, and the huge potential
to become a general robot platform [4, 55, 3, 41]. It is
a fundamental skill to support various humanoid motions,
enabling them to navigate environments and perform tasks
with agility and adaptability. However, most current humanoid
locomotion systems, although showing impressive results in
motion-based control [20, 23, 12, 3] and mobile manipula-
tion [29], pay limited attention to producing versatile and
controllable gait styles, leading to single, tedious, unextendable,
and unconstrained movements. Consider humans, we have
versatile athletic abilities, such as running, jumping, and even
hopping. Even when only walking, we can fine-tune our
frequencies, strides, and foot heights. Bringing such versatility
into humanoid locomotion is challenging, but it is the key to
exploring the edge of humanoid robots’ abilities. To resolve
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Fig. 2: Framework of HUGHBC. Illustration with the Unitree H1 robot. a): Visualization of parts of commands. The side view (left)
highlights the linear velocity, foot swing height, and body pitch commands. The top-right view shows the angular velocity and waist yaw
commands, and the bottom-right view shows the body height command. b): Policy inputs/outputs. The policy is provided with commands,
proprioceptive observations, the intervention indicator, and outputs all joints of the robots. ¢): Illustrations of four gaits on the robot
without/with external intervention. By default, the policy controls both the upper-body and the lower-body joints. d): External control
support. Feasible external control signals can be seamlessly integrated into the robot’s behavior without hurting locomotion performance.

the challenge and build a unified and general humanoid
whole-body controller, in this work, we propose HUGWBC,
namely, Humanoid’s Unified and General Whole-Body Control.
HUGWBC is designed for generating versatile locomotion
with dynamic, customizable control, enabling the robot to
perform gaits such as walking, standing, jumping, and hopping.
Furthermore, HUGWBC provides the flexibility to adjust foot
behavior parameters foot swing height and gait frequency, and
allows combining posture parameters such as body height,
waist rotation, and body pitch. To achieve this, HUGWBC
includes a general command space designed for humanoid
locomotion, along with advanced training techniques to learn
versatile gaits within one single policy (except the hopping
gait) using reinforcement learning in simulation, which can be
directly transferred onto real robots.

Positioned as a basic controller for humanoid robots to
perform a wider range of tasks in diverse real-world scenarios,
HuGgWBC introduces intervention training and suppotts real-
time external control signals of the upper body, like teleop-
eration, allowing for highly robust loco-manipulation, while
maintaining precise locomotion control. An overview of the
framework is illustrated in Fig. 2.

In experiments, we show HUGWBC preserves high tracking
accuracy on eight different commands under four different gaits;
we also ablate the improvement in stability and robustness of the
upper body intervention training. We further provide a detailed
analysis of how commands combination works, shedding light
on the intricate relationships between these commands and
how they can be leveraged to optimize movement performance.
Through this work, we aim to significantly broaden the scope
of humanoid locomotion capabilities, pushing the boundaries
of what is possible with current robotic systems.

The key contributions are summarized as follows:

« An extended general command space with advanced training

techniques designed for versatile humanoid locomotion.

o Accurate tracking for eight different commands under four
different gaits, using one policy for 3 of the 4 gaits.

o A basic humanoid controller that supports external upper-
body intervention and enables a wider range of loco-
manipulation tasks.

1I. RELATED WORK
A. Model-Based Humanoid Controller

Controlling humanoid robots has become one of the most
fascinating problems since decades ago, many researchers and
engineers have built complicated systems and tried to solve
them with model-based methods in a perspective of optimal
control (OC) [47, 49, 1, 11, 51, 34, 40]. These works typically
employ trajectory optimization with dynamic models of varying
levels of complexity, such as the linear inverted pendulum
model [24], centroidal dynamics model [37, 50], or full-body
dynamics model [44, 25, 53], to perform online optimization,
or generate periodic motion control through the hybrid zero
dynamics model [7, 48, 21]. However, most of them can only
generate motion based on predefined contact sequences. Even
some have successfully incorporated online optimization to
generate real-time motion sequences and contact schedules
based on instant environmental feedback and user commands
and run on humanoid robots in the real world [16], the
nonlinear dynamics and multi-contact optimization of humanoid
systems demand significant computational resources, making
it challenging to meet real-time performance requirements. A
promising solution is to decouple the whole-body multi-contact
optimization control problem into two subproblems: contact
planning and motion optimization [35, 34, §]. The goal of the
contact planning stage is to generate the desired multi-contact
sequence for rich whole-body motion and gait control, including
the order and position of both hand and foot contacts [39, 25].



The motion optimization phase optimizes the robot motion
trajectory based on the contact sequence. Although decoupling
simplifies the problem, model-based approaches still rely on
several assumptions, including perfect state estimation and
flawless execution of planned movements. However, most
assumptions no longer hold in the real world, and the dynamics
model is not perfect to describe real robot systems, which
results in poor robustness when applied in real environments.

B. Learning-Based Humanoid Controller

Recent advancements in learning-based controllers have
demonstrated the locomotion capability to go through rough
terrains [41, 17], achieving smooth and efficient motions [2].
However, controllers relying on proprioceptive sensing must
predict surrounding terrain through collision detection and
swiftly adapt their motion, presenting significant challenges
for inherently unstable humanoid robotic systems. Some recent
approaches incorporated depth maps or elevation maps into the
policy observations, enabling impressive parkour tasks [56, 28].
Some researchers have utilized chain-contact reward functions
to learn jumping gaits for humanoid robots [55].

Additionally, with the support of teleoperation systems for
humanoid robots [4, 13] and large-scale humanoid motion
datasets [30], researchers have made progress in motion
tracking and learned rich whole-body motion representations for
humanoid robots. Some studies focused on upper body tracking
combined with maintaining balance in the lower body [3]. Some
others explored controlling whole-body joints in one policy,
differing primarily in their control interfaces/command spaces:
He et al. tracked whole-body motion capture keypoints; Fu
et al., Ji et al. track retargeted joint position; He et al. tracked
VR-based head and hands keypoints; He et al. tracked all of
these and propose a universal interface approach. Different from
them, Lu et al. decoupled the control interface, and combined
an IK-based upper-body controller with a learning-based lower-
body controller. The lower-body command space includes the
task command and the pose command as used in this work, and
they introduced the prior knowledge of upper-body movements
to the lower-body policy to help its robustness. However, we
show that without such a component, we can still construct a
robust loco-manipulation controller.

We made several choices in this work: 1) we extend the
command space beyond all of these previous works, by
introducing additional behavior commands that control the
foot and the gait; 2) we employ a learning-based controller to
control whole-body joints (instead of only lower-body as in
Lu et al.) while supporting external controller (with IK or joint
sequences) to take over upper-body joints, since upper-body and
lower-body serves as different requirements. Accurate upper-
body control is useful for tasks that require precision, while
the robot should be robust to arbitrary upper-body intervention
under any behavior.

III. BACKGROUND
A. Humanoid Whole-Body Control

To support various high-level functionalities and allow
the humanoid robot to perform complicated tasks, a basic
whole-body controller is essential. Formally, given a set of
continuous commands C and observations O, our objective is to
develop a control function that maps these inputs to appropriate
control signals. Model-based approaches represent one solution
paradigm, typically decomposing the control function into
planning and tracking modules [15, 35]. The planning module
generates optimal trajectories and contact sequences based
on O and C, while the tracking module translates these into
control laws, specifying joint positions, velocities, and torques.
However, these methods face computational challenges due to
the complex dynamics of humanoid robots and the discrete
nature of whole-body contact points. Learning-based methods
offer an alternative approach by directly learning a policy
function & = (o, ¢) that maps observations O and commands
C to joint-level actions [45]. These actions typically represent
offsets to target joint positions across three categories: upper-
body, lower-body (legs), and hands. The final target position
combines the nominal position with these learned offsets, which
is then tracked using a proportional derivative (PD) controller
with fixed gains.

B. Command Tracking as Reinforcement Learning

To achieve a generalized and powerful whole-body control
behavior for humanoid robots, we learn a policy function by
constructing a command-tracking problem. In detail, we want
the learned policy 7 to control the robots to match the provided
commands c. To this end, we use reinforcement learning (RL),
where we define the reward functions r typically by distances
d or similarities s of the command ¢ and the observed robot
state s. corresponding to that command:

D

Under the formulation of RL, the policy is trained to maximize
the rewards, corresponding to matching these commands.

r(o,a,¢) = —d(e, s.) or r(o,a,c) = s(c, s¢) .

C. Simulation Training and Real-World Transfer

Many recent works, especially those of legged robots, take
advantage of RL training a robust robot-control policy with a
large set of parallel environments in simulation and directly
deploying into the real world [5, 26, 20, 22]. Due to the partial
observability of the real robot, whose onboard sensors can only
provide limited and noisy observations, it is difficult to learn a
deployable policy from them directly. Therefore, researchers
have developed a set of sim-to-real techniques to resolve the
challenge. Among them, one of the most commonly used
techniques is asymmetric training [38, 36], which is proposed
as a one-stage solution for sim-to-real training.

In this paper, we adopt an asymmetric actor-critic (AAC)
framework proposed for quadruped locomotion [6]. In this
framework, the critic network has access to all privileged
information, while the actor network only receives data



available from onboard sensors, with a separate encoder to
estimate the key privileged information (e.g., the linear velocity,
robot’s body height, and robot’s feet swing height). The training
paradigm incorporates the RL objective (including a value
loss £ and a policy loss £P°iY) with an estimation loss
[36, 27, 6] L to train the encoder:

EAAC _ Evalue 4 Apolicyﬁpolicy 4 )\estﬁest (2)

In this work, we take AAC as our default training framework,
but the proposed techniques are not limited to it.

IV. HUGWBC
A. A General Command-Space for Humanoid Locomotion

We define the command space of the humanoid whole-
body controller C = K x B by two sets of commands, the
task commands J and the behavior commands B. The task
commands determine a goal for the robot to reach, typically
for movement, while the behavior commands construct the
specific behavior pattern of the humanoid robots. In this work,
we specify the task command as the target velocity v; € R?
(including the longitudinal and horizontal linear velocities vy 4,
vt and the angular velocity w;) at each time step ¢. As for
the behavior command, we define the behavior command b,
as a vector:

[ft,lt,ht,pt,wtﬂ/)t,¢t,1,¢t,2,¢t,stance )
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where f; € R is the gait frequency and /; € R is the maximum
foot swing height, both of which can be explained as foot
behaviors. Besides, h; € R represents the body height, p; € R
is the body pitch angle, and w,; € R is the waist yaw rotation.
These commands can be regarded as controlling the posture
behavior.

Beyond the commands above, we further introduce distinct
gaits, such as walking, standing, jumping, and hopping. To do
so, we refer to legged gait control [45, 33] and define ¢; €
[0,1), i = 1,2 as two time-varying periodic phase variables
to represent the humanoid gaits, on behalf of two legs (feet).
These two phase variables can either be set as constants, or be
computed by the phase offset ¢/ and the gait frequency f; € R
at each time:

Gry11 = (a1 + fr x dt) |
ber1,2 = (P11 +)

where dt is a discrete time step. When following the compu-
tation of Eq. 4, each ¢, loops in a range of [0, 1), resulting
in repeated phase cycles. ¢gance € [0,1] is the duty cycle,
which divides the gait cycle into two stages: stance (i.e., foot
in contact with the ground) when ¢; < ¢gance, and swinging
(i.e., foot in the air) otherwise. f is the stepping frequency,
determining the wall time of each gait cycle.

Humanoid gait control. We consider four distinct standard
gaits in this project, i.e., walking, jumping, standing, hopping
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"'We note that running can be further derived from the walking gaits via
high-velocity and small duty cycle commands, which promotes the prolonged
flight of both feet.

By constructing the behavior commands above, we can adjust
the phase offset ¢/, the duty cycle @gance, and the phase variable
¢; for each leg to control the humanoid robots in versatile
gaits. In this work, we only consider standard gaits, so we
set the phase offset 1 = 0.5 for walking gaits [45], since the
phase difference between the left and right foot is half a cycle;
Regarding jumping gaits, the phase of the left and right foot
is the same, thus, we set ¢ to 0. As for the standing and the
hopping gaits, a certain foot of the robot is always in two states
of contact or non-contact with the ground, which motivates a
constant ¢; (resulting in constant contact probability of either
0 or 1, and % is not working). In particular, for the standing
gait, we set ¢; = 0.25 for both feet; and for the hopping gait,
¢i; = 0.75 for the flying leg, and ¢; of the other leg steps with
frequency f. The ¢gance determines the time ratio of stance
and swinging during a gait cycle, and a smaller ¢gupce Will
promote longer leg flight time. To represent a smooth switch
between stance and swinging, we introduce the expected contact
probability function C(¢; ;) for leg i € {1,2} at each time
step © as:

C(¢t,z‘) - (I)((Et,i/o')[l - ‘I)(((Z_%,i —0.5)/0)]

L _ 5
F (G D/ @G 1) )]
~ 0.5 x %, sz < ¢stance
Qbi B o ¢’L - ¢stance ’ (6)
0.5 + 0.5 x 71 — ¢Stance y sz Z ¢stance

where ¢; € [0,1] is a homogenized phase variable that maps
the ¢; of the stance and swinging phases to intervals [0, 0.5]
and [0.5, 1] according t0 ¢gance, as computed in Eq. (6). ®(+)
is the cumulative distribution function (CDF) of the standard
normal distribution N (0, 1). The standard deviation o allows
for the relaxation of switching points (¢; = 0, 0.5) to switching
interval (¢; € [~30,30],[0.5—30,0.54 30]) (see Fig. 3 for a
detailed explanation). Intuitively, C'(¢:,;) is the probability of
leg 7 coming into contact with the ground. As one may notice,
when QEM € [0,0.5], the first term of C(¢:;) is dominant;
otherwise, the second term becomes dominant. In this work,
we set a constant Q@ganee = 0.5 for all supported gaits in all
time steps, which means half-time stance/swinging during one
cycle.

We highlight that HUGWBC trained one single policy for
the standing, walking, and jumping gaits, and an independent
policy for the hopping gait.

B. Detailed Observation

In our asymmetric actor-critic framework, the observation
for the critic network o} obtains all information related to

the environment, including proprioceptive observations of",

privileged observations o}, terrain observations 0!, commands
¢t, and an indicator signal I(t). Regarding the actor network, its
available observation o] only contains history of proprioceptive
. L hi . pro pro
observations within last k steps o;* = (0, ,,...,0; ),
commands ¢;, and the indicator signal I(¢). The proprioceptive

ob" € R® consists of angular velocity and gravity projection
















































