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Abstract— Transferring human motion skills to humanoid
robots remains a significant challenge. In this study, we in-
troduce a Wasserstein adversarial imitation learning system,
allowing humanoid robots to replicate natural whole-body
locomotion patterns and execute seamless transitions by mim-
icking human motions. First, we present a unified primitive-
skeleton motion retargeting to mitigate morphological differ-
ences between arbitrary human demonstrators and humanoid
robots. An adversarial critic component is integrated with
Reinforcement Learning (RL) to guide the control policy to
produce behaviors aligned with the data distribution of mixed
reference motions. Additionally, we employ a specific Integral
Probabilistic Metric (IPM), namely the Wasserstein-1 distance
with a novel soft boundary constraint to stabilize the training
process and prevent model collapse. Our system is evaluated on
a full-sized humanoid JAXON in the simulator. The resulting
control policy demonstrates a wide range of locomotion pat-
terns, including standing, push-recovery, squat walking, human-
like straight-leg walking, and dynamic running. Notably, even in
the absence of transition motions in the demonstration dataset,
the robot showcases an emerging ability to transit naturally
between distinct locomotion patterns as desired speed changes.

I. INTRODUCTION

Natural selection has shaped human ability, enabling hu-
mans to perform various locomotion behaviors and adeptly
shift gait patterns in response to speed changes or external
disturbances. Transferring the natural-looking locomotion
and seamless transitions to humanoid robots remains a long-
standing challenge, primarily due to the control complexity
and intricacies of motion design.

While numerous studies based on simplified models [1]
[2] [3] [4] and optimal control [5] [6] have demonstrated
promising performance on structured locomotion paradigms,
the intrinsically under-actuated and nonlinear characteristics
of humanoids complicate the establishment of a unified
model that accurately captures the dynamics across diverse
gait transitions. On the other hand, deep reinforcement
learning (deep RL) semi-automates the complex modeling
process by maximizing the cumulative reward, leading to
its growing popularity in developing advanced locomotion
skills for quadrupedal robots [7] [8], bipedal robots [9]
[10] and even humanoid robots [11] [12]. Nevertheless, RL-
generated motions for high-DOF humanoids often exhibit
undesired whole-body behaviors, including irregular arm
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Fig. 1. Our Wasserstein adversarial imitation learning system enables a full-
sized humanoid to exhibit various human-like natural locomotion behaviors
and achieve seamless transitions as velocity command changes.

swings, aggressive ground impacts, and unnatural gaits.
Typical solutions utilize supplemental footstep planners [13],
heuristic gait reward design [10] or pre-optimized gait and
joint trajectory [14] to induce specific locomotion patterns.
But given our limited understanding of the underlying char-
acteristics that depict the natural behaviors of humans, these
modules frequently employ basic principles like symmetry
and energy minimization [15], resulting in more stereotypical
robotic motions compared to humans.

For acquiring natural motions without the need for la-
borious reward engineering, the adversarial motion prior
(AMP) [16] exploits an additional discriminator that outputs
a style reward to encourage generated motions to resemble
human demonstrations. In practice, discriminators trained
with binary cross entropy (BCE) or least-square (LS) loss
often face unstable training and model collapse, mainly due
to the inadequacy of the metrics used to measure distances
between non-overlapping probability distributions in high-
dimensional spaces. In the closely related domain of gener-
ative adversarial networks (GANs), researchers have intro-
duced several types of integral probability metrics (IPMs)
[17] [18] [19], especially the Wasserstein distance [20]
[21] [22], to address the challenges above. However, the
unbounded Wasserstein distance [23] presents a significant
challenge when trying to balance the style reward with
other task-specific rewards like velocity tracking. Moreover,
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the significant morphological differences between human
demonstrators and humanoid robots, including joint con-
figurations, body proportions, and bone hierarchies, pose
challenges for the direct imitation of human demonstrations.

In this work, we present an adversarial imitation learning
system that enables full-sized humanoids to autonomously
acquire a variety of realistic locomotion behaviors through
imitating human demonstrations. First, we introduce a unified
primitive-skeleton motion retargeting approach to address
morphological differences between arbitrary human demon-
strators and humanoid robots. We exploit the power of
the Wasserstein-1(W-1) distance, incorporating a novel soft
boundary constraint, to ensure stable training dynamics and
prevent the convergence of generated motions to a limited
set of trivial modes. The learned one policy showcases a
diverse array of robust and natural locomotion patterns, en-
compassing standing, push-recovery, squat walking, human-
like straight-leg walking, dynamic running, and seamless
transitions in response to changes in velocity commands,
as shown in Figure 1. In short, our main contributions
are: (i) Proposing an improved adversarial imitating learning
system with Wasserstein critic and soft boundary constraints
to address unstable training and model collapse. (ii) Detailing
a unified primitive-skeleton motion retargeting technique
applicable to arbitrary human skeleton sources and humanoid
models. (iii) Achieving the whole-body natural locomotion
and transitions for humanoids and evaluating the robustness
through sim-to-sim settings in a high-fidelity simulator.

II. RELATED WORKS

RL for bipedal locomotion. Recent advancements in RL-
based control strategies have significantly enhanced bipedal
locomotion [24] [25]. For instance, the bipedal robot Cassie
not only mastered versatile gait patterns through the use
of periodic-parameterized reward functions [10] but also
achieved the Guinness World Record for the fastest 100m
dash using pre-optimized reference running gaits [14]. Jeon
et al. [26] utilized potential-based reward shaping to ensure
faster convergence and more robust humanoid locomotion.
Shi et al. [27] integrated an assistive force curriculum into
the learning process, allowing the acquisition of multiple
agile humanoid motion skills in reference-free settings. In
a more recent study, the full-sized humanoid HRP-5P [28]
showcased robust walking using actuator current feedback,
while Kim et al. [12] demonstrated a torque-based policy to
bridge sim-to-real gaps. DeepMind [29] managed to instill
agile soccer skills in a miniature humanoid via a two-
stage teacher-student distillation and self-play. Additionally,
attention-based transformers [11] have been employed to
achieve more versatile locomotion in the humanoid Digit.

Motion imitation from real-world demonstrations.
Leveraging reference motions from living creatures enables
robots to acquire natural and versatile locomotion skills [30]
[31] that are challenging to define manually. A predominant
imitation strategy involves tracking either reference joint
trajectories [32] [16] [14] or extracted gait features [33] [34].
However, these explicit tracking techniques, often limited

Fig. 2. Binding the humanoid JAXON and the MoCap skeleton involves
merging their bones into a common primitive skeleton.

to separate motion clips, can disrupt smooth transitions
between different locomotion patterns. Drawing inspiration
from generative adversarial imitation learning (GAIL) [35],
Peng et al. introduced AMP [36] and successor ASE [37].
These approaches empower physics-based avatars to carry
out objective tasks while simultaneously imitating the un-
derlying motion styles from extensive unstructured datasets
in an implicit manner. Variants of AMP have been further
employed for learning agile quadrupedal locomotion [23]
[38] [39] and terrain-adaptive skills [40] [41], exemplifying
its efficacy in eliminating the need for intricate reward
function design.

Despite the advancements in other domains, methods
similar to AMP have not been extensively explored for
humanoid robots. To bridge this gap, in this work, we
present a Wasserstein adversarial imitation system with soft
boundary constraints as an enhancement to the existing AMP
techniques. We aim to provide a foundational training algo-
rithm for future deployment on full-sized humanoid robots
in real-world scenarios.

III. MOTION RETARGETING

To transfer reference motion to the robot, certain re-
targeting methods [42], [43] consider both kinematic and
dynamic constraints, requiring accurate dynamic modeling
or complex balance controllers. In this section, we detail
a flexible motion retargeting approach based on the unified
primitive skeleton, emphasizing geometry consistency. The
kinematic and dynamic constraints such as feet contact state
and balance will be satisfied in the reinforcement learning
paradigm in the next section. Our retargeting involves four
key procedures.

Unified primitive skeleton binding. Skeletal structures
of humans and humanoid robots are known to correspond
to homeomorphic graphs [44]. Leveraging this property, we
extract what we term primitive skeleton that encapsulates
the foundational geometric and hierarchical characteristics
shared across various skeletons. In the process of primitive
skeleton binding, we first construct kinematic trees for all
involved skeletons. These trees are subsequently merged into
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a unified primitive skeleton, retaining only a single bone
between two successive key joints. Users manually select
n key joints, offering an intuitive and flexible mechanism
for loose binding between the source and target skeleton
groups. Once binding is complete, we compute the length
ratio S = {sk | k ∈ {1, . . . , n}} for each bone within the
primitive skeleton. An illustrative example of this binding
between the Humanoid JAXON [45] and CMU MoCap [46]
skeleton is presented in Figure 2.

Coordinate transformation. We consider the MoCap
dataset represented by the predefined skeletal kinematic tree
L′ = {l′ij} and the corresponding motion sequence of T
frames M ′

s = {m′
t | t ∈ {1, . . . , T}}, with frame t as m′

t =
(wP ′

r,
w R′

r,
0 R′

1, . . . ,
j−1 R′

j). Here, l′ij is the bone length
between directly connected joints i and j, wP ′

r and wR′
r rep-

resent the root’s position and orientation w.r.t the world coor-
dinate, and j−1R′

j indicates the local orientation of the source
skeleton’s joint j w.r.t its parent joint. Applying iterative
homogeneous transformations along the given kinematic tree
L′, denoted by wP ′

j = H
(
wP ′

r,
w R′

r,
0 R′

1, . . . ,
j−1 R′

j , L
′),

we derive the global position for each joint in the source
skeletons. The relative position vector between adjacent key
joints is computed as r⃗k

′ = wP ′
k − wP ′

k−1. We scale it by
r⃗k = sk · r⃗k′ to get the relative position vector r⃗k in target
robot skeleton. Finally, we sum up the relative position vector
along the kinematic chains and apply a transformation to
get the key joint Cartesian positions w.r.t the root of robot
skeletons as rPk = H

(∑k
i=1 r⃗i

)
. All the end-effector poses

rPe ∈ R3 × SO(3) are incorporated into the final robot
motion frame mt = (wPr,

wRr,
r Pk,

r Pe), here e denotes
wrists, feet and head.

Multi-Objective inverse kinematics. To map the key joint
Cartesian position rPk and end-effector pose rPe to joint
positions θ = (θ1, θ2, . . . , θn), we formulate the whole-body
inverse kinematics as a gradient-based optimization problem
[47] with three goals,

C1 =
∑
k

∥rPk − pk (θ)∥2 ,

C2 =
∑
e

∥rPe − pe (θ)∥2 ,

C3 = ∥θt − θt−1∥2 ,

(1)

where the pk (θ) and pe (θ) are the calculated Cartesian
position and pose for joints and end-effectors during gradient
descent iterations. The main goals consist of the position
goal C1 for all key joints and the pose goal C2 for the end-
effectors including hands, foot soles and head. An additional
minimal displacement goal C3 is introduced to maintain
each joint variable close to the previous motion frames. This
is crucial for the highly redundant humanoids as multiple
solutions might satisfy C1 and C2. The overall objective
function is the weighted sum of each individual goal cost,

C = argminθ

∑
i

κiCi (θ) . (2)

The weights κi are determined as (1, 1, 0.2) heuristically.
The joint position and velocity limitations are incorporated

into the constraints,

θmin ≤ θt ≤ θmax,

θ̇min ≤ θt − θt−1

∆t
≤ θ̇max.

(3)

Post-Processing. We compute root and joint velocities
from sequential frame differences. Linear and Slerp inter-
polation are applied separately for position and orientation
between discrete motion frames. Moreover, an exponential
moving average filter is applied to smooth position and
velocity spikes.

IV. WASSERSTEIN ADVERSARIAL IMITATION

Our Wasserstein adversarial imitation learning framework,
as illustrated in Figure 3, incorporates actor-critic networks, a
Wasserstein critic, and a motor-level Proportional Derivative
(PD) controller. The actor updates the network parameters
using policy gradients derived from both environment re-
wards and the Wasserstein critic. The Wasserstein critic
undergoes adversarial training based on the Wasserstein-
1 distance complemented by a soft boundary loss. When
given a user-defined velocity command, our setup enables
humanoids to follow the velocity, ensuring smooth transitions
in locomotion.

A. Velocity-Conditioned Reinforcement Learning

We formulate the humanoid locomotion control as a
velocity-goal-conditioned [48] Markov decision process,
with the velocity goal v∗ ∼ p(v) ∈ V , state s ∈ S , action
a ∼ π(·|s, v∗) ∈ A, reward r = r(s, a, v∗) and discount
factor γ ∼ (0, 1]. The agent updates the decision policy π
through interactions with the surrounding environments to
maximize the expected discounted return under the condition
of the desired velocity,

J(π) = Ev∗∼p(v),τ∼p(·|π,v∗)

[∑
t

γtr (st, at, v
∗)

]
. (4)

The total reward terms are composed of two compo-
nents:(1) velocity-tracking reward rV , (2) style reward rS ,

rt = µ1r
V + µ2r

S , (5)

where µ1 and µ2 denote the combination weight on each
term. Reward rV encourages the robot to follow the com-
manded CoM velocities, it is designed as the normalized
exponential errors of linear velocity v∗xy and heading velocity
w∗

z separately,

rV =β1 exp

(
−
∥v∗xy − vxy∥2

λl|v∗xy|

)

+ β2 exp

(
−∥w∗

z − wz∥2

λh|w∗
z |

)
,

(6)

β1 and β2 are hyper-parameters to control the importance of
each tracking error. The parameters λl and λh are utilized to
regulate the tracking precision. Smaller values of λl and λh

encourage the humanoid robots to achieve better velocity-
following precision but may make it more difficult for the
policy to receive rewards at the beginning of training.
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Fig. 3. Wasserstein Adversarial Imitation Framework. Given the robot’s proprioceptive state and base velocity commands, the policy network predicts
the joint position targets. A PD controller converts these targets into torques to actuate the robot. Using the reference motion dataset and policy-generated
motion dataset, the Wasserstein critic updates its parameters through the soft-boundary Wasserstein-1 loss during training and predicts the style reward
during roll-out. The style reward rS is combined with the velocity reward rV to guide policy training.

We model the actuation dynamics as a mass-damping
system. A PD controller is employed to map the actions to
desired torques with the target joint velocity always specified
as 0.

B. Wasserstein Critic

In adversarial imitation learning, it is pivotal for the
discriminator to offer an appropriate distance metric between
the generated data distribution Q and the reference data dis-
tribution P . In vanilla GAIL [35], the discriminator employs
BCE loss, which has been shown to equate to minimizing the
Jensen-Shannon Divergence [49]. When there is no overlap
between two high-dimensional data distributions, it can result
in gradient vanishing, severely causing unstable training and
model collapse. IPMs have been proven as excellent distance
measures on probabilities [17],

ΓF (P,Q) := sup
f∈F

∣∣∣∣∫
M

fdP −
∫
M

fdQ
∣∣∣∣ , (7)

where F represents a class of real-valued bounded measur-
able functions on Manifold M. When F = {f : ∥f∥L ≤ 1},
it forms the dual representation of Wasserstein-1 distance
and the typical Wasserstein loss with gradient penalty [20]
becomes

argmin
θ

− Ex∼Pr [Dθ(x)] + Ex̃∼Pg [Dθ(x̃)]

+ λEx̂∼Px̂

[
(∥∇x̂Dθ(x̂)∥2 − 1)

2
]
,

(8)

where Dθ(·) denotes outputs from the Wasserstein critic.
x = Φ

(
sN
)

is the manually selected feature from N con-
secutive motions sN that are sampled from the reference and
generated motion distribution Pr and Pg . x̂ = αx+(1−α)x̃
are samples obtained through random interpolation between
the reference samples x and generated samples x̃.

Soft boundary constraint. The Wasserstein critic network
is used to approximate a cluster of Lipschitz-constrained
functions with a linear combination architecture in the final
layers. As a result, the output value is unbounded and
unbiased [50] [51]. Utilizing original Wasserstein loss (8), we
observed drawbacks stemming from the unbounded values.
At the early training stage, there are significant differences
between generated samples and real data distributions, the
critic’s output for generated samples converges quickly to
large negative values. This renders the style reward rS nearly
zero, causing the policy to fail to learn natural motions. The
unbounded value also introduces large standard deviations
in style reward, which makes the training unstable. To limit
the outputs from the Wasserstein critic, we modify the
Wasserstein loss with a soft boundary constraint,

argmin
θ

− Ex∼Pr
[tanh(ηDθ(x))]

+ Ex̃∼Pg
[tanh(ηDθ(x̃))]

+ λEx̂∼Px̂

[
(max{0, ∥∇x̂Dθ(x̂)∥2 − 1})2

]
,

(9)

Where η is a hyperparameter that controls the range of
boundaries. Smaller η means softer constraints that generate
larger critic values. In practice, η ∼ (0.1, 0.5) is a proper
range for selection. We apply a weaker gradient penalty [52]
to further stabilize the training. Finally, the style reward is
designed as rS = eDθ(x̃).

V. EXPERIMENT

A. Implementation Details
Actor-Critic observation space. The actor and critic

networks share the same observation space. The observation
space Oac ∈ R102 consists of: (i) Base angular velocity
wb ∈ R3 expressed in base local frame. (ii) Velocity com-
mand v∗ ∈ R3, including target linear velocity v∗xy ∈ [0, 5]
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Fig. 4. Snapshots of various natural locomotion behaviors learned by the Humanoid JAXON. As the velocity command increases from 0 m/s to 5 m/s,
the robot exhibits seamless transitions from standing to dynamic running.

m/s and heading velocity w∗
z ∈ [−1, 1] rad/s. (iii) The gravity

vector zb ∈ R3 expressed in base local frame. (iv) Current
joint position θ ∈ R31. (v) Current joint velocity θ̇ ∈ R31.
(vi) Last-step actions at−1 ∈ R31.

Wasserstein-Critic observation space and action space.
The observation space Owc of Wasserstein critic consists of
state-transition pairs Φ

(
sN
)
= (si, . . . , si+N ) ∈ R78×(N+1)

in N preceding time-steps. Each si is represented in the
same style feature space where the style features are care-
fully hand-selected. The motion style feature si ∈ R78 is
composed of: (i) Base height pz ∈ R. (ii) Base linear
velocity vb ∈ R3 expressed in base local frame. (iii) Base
angular velocity wb ∈ R3 expressed in base local frame.
(iv) The gravity vector zb ∈ R3 expressed in base local
frame. (v) Joint position θ ∈ R31. (vi) Joint velocity θ̇ ∈ R31.
(vii) Relative position of feet with base rfeet ∈ R6. The
corresponding action space A ∈ R31 of policy is chosen
as 31 target joint positions within the joint angle limitation.

Reference motion dataset. The reference motion dataset
includes multiple locomotion patterns. Table I depicts the
Statistics details of the whole dataset used for training.
Normal walk and squat walk are retargeted from CMU-
MoCap dataset [46] and SFU-MoCap dataset [53]. The
standstill motion is manually designed and the squat walk
motion is recorded from the existing robot controller [54].

Regularization terms and domain randomization. To
obtain a high-fidelity controller, we impose regularization
penalties for large action jerks, significant joint torque,
and acceleration. We also employ domain randomization on
contact friction, restitution, joint friction, joint inertia, mass
parameters, PD gains, and motor strength to avoid overfitting
the environmental dynamics.

Training details. The actor, critic, and Wasserstein critic

TABLE I
STATISTICS OF REFERENCE DATA

Data Type Duration(s) Velocity(m/s) Selection Probability

Stand 5.1 [0.0, 0.0] 0.15

Squat Walk 8.0 [0.2, 0.6] 0.20

Normal Walk 14.2 [0.9, 2.4] 0.35

Run 15.3 [2.9, 4.8] 0.30

Total 42.6 [0.0, 4.8] 1.00

have the same MLP structures with [1024, 512, 256] hidden
units and ELU activation functions. Policies update via PPO
[55] with a learning rate of l = 3.0e−5 and around 30 hours
of training in Isaac gym [56] with an NVIDIA 3090Ti.

B. Evaluation

Natural locomotion and transition. We examined the
robot’s ability to reproduce a range of natural locomotion
behaviors from the reference dataset and to adapt to velocity
commands. We set the initial desired velocity to 0 m/s and
gradually increased it to 5 m/s with a constant acceleration
of 0.1 m/s2. Figure 4 presents a side view of JAXON robot’s
locomotion behaviors in response to changing velocities. The
results indicate that our control policy not only captures
diverse locomotion patterns from the reference dataset but
also enables smooth transitions not present in the reference
motions. The velocity-tracking curve and the z-direction feet
contact force are shown in Figure 5. The velocity tracking
curve in Figure 5 demonstrates the robot’s capability to
closely follow the desired velocity, reaching speeds of up
to 5 m/s. It’s important to note that this velocity tracking
refers to the average velocity over a gait cycle, as opposed to
instantaneous velocity. As the speed increases, the variance
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Fig. 5. Top: the velocity tracking curve, where the velocity command
increases from 0.0 m/s to 5.0 m/s with a constant acceleration of 0.1 m/s2.
Middle and bottom: the contact forces in the z-direction for the left and
right feet during the transition from standing to running.

Fig. 6. a) Comparison of discriminator (critic) output values. b) Comparison
of style reward values. Using only the Wasserstein-1 loss results in a
wide range and significant fluctuations in both output and style reward,
causing early-stage training failures. While employing the BCE loss keeps
these values within a suitable range, it also leads to considerable relative
fluctuations and susceptibility to model collapse and unstable training. In
contrast, the Wasserstein-1 loss with soft boundary constraint ensures both
the output and style reward remain within an appropriate range and exhibit
minimal fluctuations, leading to a more stable training process. c) An
example of model collapse with BCE loss is that the robot only learned
a tiptoe walking gait close to the standing posture.

in instantaneous velocity also increases. The contact force
increases dramatically with the increase in speed. During the
transition from walking stage f to running stage g, there is
a significant increase in stride frequency and a substantial
decrease in contact time. As the robot transitions into the
running gait pattern, we can observe the presence of the air
phase.

Training stability and model collapse. To assess the
utility of the soft-boundary-constrained Wasserstein loss, we
conducted three separate training sessions, each utilizing
identical hyperparameters and random seeds, but varying
discriminator loss types. As depicted in Figure 6a and 6b, the
contrasts in discriminator (critic) outputs and style rewards

Fig. 7. Sim-to-sim robust test in high-fidelity Choreonoid simulator. a)
Push-recovery: The robot takes one lateral step with its left foot to maintain
balance. b) Stair-climbing: The robot navigates a set of stairs with each step
height of 50mm.

are evident. With the W-1 loss, the critic’s output experiences
significant fluctuations spanning a broad range. This causes
rapid changes in the style reward rS during the initial training
phases, culminating in a failed training attempt. Conversely,
while the discriminator output using the BCE loss remains
between (0,1), it still exhibits considerable relative fluctu-
ation, resulting in volatile changes to the style reward and
destabilizing the training phase. Our novel soft-boundary-
constrained Wasserstein loss effectively constrains the output
value within a more acceptable range and also minimizes the
fluctuation in style reward, thus enhancing training stability.
Beyond stability, the Wasserstein critic delivers improved
assessments of distributional distances, which ultimately
curtails model collapse and aberrant locomotion behaviors.

Sim-to-Sim robust test. The Choreonoid [57], integrated
with real-time-control software Hrpsys, has been widely used
in our previous work [58] [59] [60] and has proven to be
a high-fidelity simulation environment with a small reality
gap. We successfully transferred the policy from Isaac Gym
to Choreonoid to facilitate future sim-to-real experiments.
As depicted in Figure 7, the controller demonstrates extraor-
dinary robustness in push-recovery and blind stair-climbing
tasks.

VI. CONCLUSION

In this work, we present a Wasserstein adversarial im-
itation learning system capable of acquiring a variety of
natural locomotion skills from human demonstration datasets
with diverse motion behaviors. We have detailed a unified
primitive-skeleton motion retargeting method, proficient in
efficiently mapping motions between skeletons with sig-
nificant morphological differences. Our findings highlight
the system’s novel ability to seamlessly transition between
unique locomotion patterns as the desired speed varies, even
though such transition behaviors are conspicuously absent
in the reference dataset. Further experiments validate that
our proposed soft-boundary-constrained Wasserstein-1 loss
significantly stabilizes the training process and reduces the
risk of model collapse. In the further, we aim to transfer this
policy to real-world robots, to achieve versatile, natural, and
dynamic locomotion for humanoids.
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