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“A man walks forward”

“He is running
straight and stopped”

“A man waves his
right hand”

We propose a language-directed humanoid whole-body control framework that translates natural language commands into continuous robot actions

through a Conditional Variational Autoencoder (CVAE). The structured latent space brought by the CVAE enables smooth transitions between diverse and
agile behaviors, as shown in the sequence where the robot seamlessly transitions from walking to running, concluding with a hand-waving motion prompted
by the corresponding text commands. See more experiments at https://youtu.be/9ANOGulqWwc

Abstract—General-purpose humanoid robots are expected to
interact intuitively with humans, enabling seamless integration
into daily life. Natural language provides the most accessible
medium for this purpose. However, translating language into
humanoid whole-body meotion remains a significant challenge,
primarily due to the gap between linguistic understanding
and physical actions. In this work, we present an end-to-end,
language-directed policy for real-world humanoid whole-body
control. Our approach combines reinforcement learning with
policy distillation, allowing a single neural network to interpret
language commands and execute corresponding physical ac-
tions directly. To enhance motion diversity and compositionality,
we incorporate a Conditional Variational Autoencoder (CVAE)
structure. The resulting policy achieves agile and versatile whole-
body behaviors conditioned on language inputs, with smooth
transitions between various motions, enabling adaptation to
linguistic variations and the emergence of novel motions. We
validate the efficacy and generalizability of our method through
extensive simulations and real-world experiments, demonstrating
robust whole-body control. Please see our website at Lang-
WBC.github.io for more information.

1. INTRODUCTION

Humanoid robots hold immense potential for integration
into human environments due to their anthropomorphic design,
particularly in areas such as healthcare, personal assistance,
and interactive services. For such robots to be truly effective,
especially for users with limited technical proficiency such
as the elderly, intuitive interaction modalities are essential.
Natural language stands out as the most accessible and natural
medium for human-robot communication, enabling users to

convey complex instructions effortlessly.

However, translating natural language commands into dy-
namic, agile, and robust whole-body motions for humanoid
robots remains a significant challenge. The fundamental chal-
lenge stems from two interconnected aspects: First, as a motion
generation problem, the system needs to produce diverse and
generalizable movements that accurately reflect the intent of
varied natural language commands. Second, as a real-world
control problem, it must ensure these generated motions are
physically executable while maintaining balance and stability
under environmental uncertainties and disturbances. These two
aspects are tightly coupled — generated motions must be phys-
ically realizable, while the control strategy must be flexible
enough to accommodate the diversity of language-commanded
behaviors. While prior works on language-directed real-world
humanoid control have shown success by decoupling the
problem into kinematic motion generation and whole-body
tracking control [34, 10, 25], this hierarchical approach has
key limitations. The generated motions are often physically
implausible — e.g., lower-body floating in the air or upper-
body exceeding stability margins — forcing the tracking policy
to trade off between accurately tracking these motions and
maintaining balance. Moreover, these methods are restricted
to fixed-duration motions, limiting their ability to handle
disturbances or ensure smooth transitions between motions.

In this work, we introduce LangWBC, a framework that
addresses these dual challenges through a single end-to-end



model, eliminating the inherent conflicts between motion
generation and physical feasibility. This approach enables
humanoid robots to execute agile and diverse whole-body mo-
tions from natural language commands with flexible duration,
smoothly transition between sequential actions, and synthesize
diverse and novel motions through latent space interpolation.

LangWBC uses a two-stage training process. First, a teacher
policy is trained via reinforcement learning to track retargeted
motion capture (MoCap) data, acquiring a rich repertoire
of dynamic and physically plausible behaviors. Then, a stu-
dent policy based on a Conditional Variational Autoencoder
(CVAE) [36] is trained via behavior cloning to learn the
mapping from natural language commands and proprioceptive
history directly to control actions, forming a joint distribution
of language and actions within a structured and unified latent
space.

We demonstrate the capabilities of LangWBC through ex-
tensive simulations and real-world experiments. The robot
successfully executes agile motions, including running and
quickly turning around, as well as expressive motions like
waving and clapping. It also exhibits robustness to distur-
bances, such as recovering from kicks while executing tex-
tual commands. Furthermore, our framework enables smooth
transitions between motion clips and generates novel motions
through interpolation, demonstrating generalization beyond the
training data.

Our key contributions are summarized as follows:

e We propose a novel framework that maps natural lan-
guage commands directly to whole-body robot actions in
a closed-loop control setup, achieving agile and robust
performance suitable for real-world deployment.

e Our method enables the generation of diverse motions,
smooth transitions, and adaptability to a wide range of
textual inputs, including the synthesis of novel behaviors
through latent space interpolation using the CVAE archi-
tecture.

« We validate our approach extensively on a physical
humanoid robot, demonstrating its practical applicability,
robustness to disturbances, and ability to execute complex
whole-body motions from natural language commands.

II. RELATED WORK

This work explores the intersection of learning-based hu-
manoid whole-body control and generative action modeling.
Here, we review prior research in both fields.

A. Learning-based Humanoid Whole-body Control

Learning-based controllers have demonstrated the ability to
perform complex whole-body control for humanoid robots. In
physics-based animation, robots have learned various dynamic
tasks [28, 29, 38, 16], object interactions [43, 24, 7], and even
full-body motions from the AMASS dataset [23, 39, 14].

However, transferring these controllers to real-world hard-
ware faces challenges due to the sim-to-real gap. As a result,
prior work has largely focused on specialized controllers for a

limited set of agile motions on bipedal robots, such as walk-
ing [4, 21, 31, 8, 22], jumping [19, 42], and running [20, 37].
More recent efforts aim to scale up the range of feasible
humanoid motions. For example, [1, 15, 5] incorporate dozens
to a few hundred motions, while [11, 10, 6, 12] focus on a
curated subset of the AMASS dataset. Unlike policies trained
for specific skills, these approaches treat motion generation as
a tracking problem: the policy learns to track kinematic trajec-
tories but does not inherently compose them into downstream
tasks. Instead, an additional high-level planner is required to
execute specific motions at test time. In contrast, our work
directly learns a text-conditioned motion generation policy,
enabling both robust sim-to-real transfer and the ability to
generate and execute diverse motions as a downstream task
within a single framework.

B. Generative Action Modeling

Prior approaches to model actions with a generative model
can be broadly categorized into two approaches: hierarchical
kinematics-based tracking and end-to-end action generation.

1) Hierarchical Kinematics-based Tracking: A common
approach is to use a hierarchical framework, where a high-
level generative model produces diverse kinematic motions
conditioned on inputs such as text [40, 35], keyframes [3],
obstacles [17], etc., while a low-level tracking controller
learns to follow these trajectories. Most prior works adopt
this scheme. For example, OmniH2O [10] uses a pre-trained
fixed-length MDM model [40] for text-conditioned motion
generation, followed by a tracking controller. HumanPlus [6]
uses behavior cloning to learn a high-level policy from human
tele-operation to output target poses for downstream tasks.
Exbody?2 [15] separately trains a CVAE to generate kinematic
motions autoregressively, but lacks text conditioning.

While hierarchical methods have proven effective, they
require complex frameworks and often suffer from artifacts or
physically infeasible motions in generated trajectories, such
as floating bodies, foot sliding, and penetration. To address
these challenges, Robot MDM [34] incorporates a learned Q-
function to refine motion generation and enhance feasibility.
However, this adds additional training overhead.

2) End-to-end Action Generation: An alternative is to
model control actions directly using a generative approach,
eliminating the gap between kinematics generation and track-
ing. While this method offers advantages in continuity and
coherence, it remains under-explored due to its complexity,
particularly in high-dimensional dynamic control.

In robotic manipulation, diffusion-based policies [2, 41]
have demonstrated this approach for quasi-static manipulators.
For legged robots, DiffuseLoco [13] extends it to dynamic con-
trol but is limited to state-based commands and quadrupedal
robots. A more recent work, UH-1 [25], introduces text-to-
action generation but only supports open-loop control, making
it less robust to real-world disturbances. In this work, we
present a fully functional text-conditioned end-to-end gen-
erative controller for humanoid robots. Our model not only
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Fig. 2. The Overview of the Training Framework. The training process includes a motion-tracking teacher training phase and a language-directed student
training phase. We first retarget the MoCap dataset and train a teacher policy via reinforcement learning. Then, a student policy, leveraging a CVAE architecture,
jointly models high-level linguistic instructions and low-level physical actions of the teacher policy in a unified latent space. During deployment, we use the
student policy for zero-shot sim-to-real transfer on hardware, demonstrating diverse behaviors.

enables robust real-world deployment but also generates novel,
unseen motions while generalizing to similar text commands.

III. METHODS

In this section, we present LangWBC, an end-to-end frame-
work that jointly models high-level linguistic instructions and
low-level physical actions, enabling robots to execute complex
whole-body motions directly from language commands.

We begin by training a language-agnostic teacher policy
to learn and track a diverse set of human motions. A CVAE
student policy is then used to align these physically-plausible
motions with language inputs, forming a unified latent space
that captures the joint distribution of language and actions.
This latent space facilitates generalization, smooth interpola-
tion, and seamless behavior transitions. Simultaneously, by
training the CVAE with behavior cloning, we transfer the
privileged teacher policy to the student policy that operates
solely on proprioceptive inputs, enabling zero-shot sim-to-real
transfer using onboard sensors without additional training. An
overview of this framework is illustrated in Fig. 2.

A. Motion-Tracking Teacher Policy

The teacher policy is designed solely as a motion-tracking
policy to track complex human motions without language
understanding. The training process of the teacher policy
involves two stages, motion retargeting and motion tracking.

1) Motion Retargeting: To ensure the MoCap trajectories
are kinematically feasible for the teacher policy to track, we
perform motion retargeting by applying inverse kinematics
(IK) based on the Levenberg—Marquardt (LM) algorithm [26].
We formulate the retargeting as a nonlinear least squares opti-
mization problem that minimizes the position and orientation
errors between the robot and MoCap keypoints, while incor-
porating smoothness constraints to ensure natural transitions
between frames. The optimization is solved using the LM
algorithm with joint limit constraints, yielding kinematically
feasible motions that closely match the original MoCap data.
The detailed formulation and implementation are provided in
Appendix B.

2) Motion Tracking: The primary objective of the teacher
policy is to accurately track the retargeted MoCap trajectories
without language information. Therefore, we employ a simple
neural network architecture consisting of a multi-layer percep-



tron (MLP) with layer sizes of 512, 256, and 128 units.
The teacher policy can be formulated as:

a"tl" _ ﬂ_teacher(st, S;’ef), (1)

where s; € R'7 represents robot states, including both pro-
prioceptive states and privileged information (friction, mass,
external perturbations, and motor properties) available only
in simulation [18], and 5%/ € R!! s the reference motion,
specifically, the future five-frame keypoint positions in body
frame and reference joint positions from the retargeted motion.
The inclusion of privileged information (in s;) enhances the
policy’s ability to master complex dynamic skills by providing
additional context about the environment and the robot’s
physical properties. The definition of each specific input state
can be found in Appendix A. The action output a} & R?7
corresponds to the desired joint positions for the low-level PD
controllers. We apply domain randomization for the teacher
policy, with details provided in Appendix D.

Since MoCap datasets contain highly agile motions that
are difficult to track in the early stages of training, including
the entire datasets often leads to high gradient variance and
slow convergence. To improve training efficiency, we design a
motion curriculum that gradually increases motion complexity,
allowing the policy to adapt progressively to more challenging
motions.

We categorize the motions into two levels of difficulty:

a) Easy motions: static or quasi-static movements, typically
characterized by low-speed motions.

b) Hard motions: agile motions that require more dynamic
whole-body coordination, including actions such as sudden
turns or rapid running.

Training begins with easy motions, and gradually we add
hard motions as tracking performance improves. With this
curriculum, the teacher policy learns a wide range of physical
skills required for executing diverse motions.

The teacher policy is trained using Proximal Policy Opti-
mization (PPO) [33] to minimize the discrepancy between the
robot’s movements and the reference motions. To encourage
symmetry in the learned policy, we also incorporate symmetry-
based data augmentation and an additional symmetry loss.
Specifically, for each state-action pair (s¢, a) ), we generate its
mirrored counterpart (57", a; ™) through left-right reflection.
The augmented training objective is formulated as

‘Cteacher = EPPO + )\symﬁsym; (2

where Agm is a weighting coefficient, and L encourages
consistent policy outputs for mirrored states, i.e.,

Esym _ EstND [Hﬂ_teacher(st)

o M(ﬂ_teacher(sln))”ﬂ . (3)

Here, M(-) denotes the mirroring operation for actions. This
symmetry constraint helps the policy learn more balanced and
natural movements while reducing the sample complexity of
training. The tracking reward formulation is summarized in
Table 1. The teacher policy runs at 50 Hz.

TABLE I
REWARD FUNCTION COMPONENTS FOR TEACHER POLICY

Term Expression Weight
Z linear vel penalty ||vioet|)? —0.2
XY angular vel penalty g |2 —0.05
Joint torque penalty b 7-3 —2x106
Joint acc penalty > 62 —1x1077
Joint action rate penalty > (Aal)? —0.05
Energy cost S| - 0412 —1x107°
Termination penalty Tterminated —200
Joint limit penalty To, 16 in+Ormas] -1
Orientation penalty g |12 —10.0
Feet slide penalty I( Freer > 100N) - > ||vf§;1||2 —0.1
Hip joint deviation > 16hip — Odefaunt| —0.03
Leg joint deviation > 1b1eg — Odetaute] —-0.01
2
Keypoint tracking exp | — M 1.0
2
Joint tracking exp (7W> 1.0
Single stance reward I AREES0.05 tstance 1.5
tstance €[0.1,0.5]
Notations: Iy denotes indicator function, ||-|| is Euclidean norm,

T: joint torque, : joint angle, v: velocity, w: angular velocity,
Feer: ground reaction force, fstance: single-foot stance duration.

B. Language-Directed Student Policy

To enable the robot to interpret and act on natural language
commands, we design a CVAE-based student policy that
encodes textual instructions and physical actions into a unified
latent space, using only language inputs and proprioceptive
readings.

The input of the student policy consists of two parts:

1) Text Caption Embedding: We utilize the CLIP text
encoder [30] to convert the input natural language com-

mand ¢ into a fixed-length embedding vector

’U;em _ fCLIP(CItext) c R512' (4)

This embedding captures the semantic meaning of the
text command.

2) History of Proprioceptive Observations: Instead of
providing the full privileged state used in the teacher
policy, we provide only proprioceptive observations
0: € R% to the student policy, which encapsulate joint
positions, joint velocities, base linear velocities, base
angular velocities, and projected gravity. We input a
sequence of historical observations and actions, sampled
at 10 Hz over a 2-second window, yielding a 20-step
trajectory of input-output pairs.

The encoder processes the concatenated textual and obser-
vational inputs to produce the parameters of a latent Gaussian
distribution, outputting a mean vector p € R'?8 and a diagonal
covariance matrix represented by o € R123. This architecture
models the conditional distribution of robot motions given text
commands through the latent space, where the text embedding
serves as a conditioning signal that shapes the latent distribu-
tion. During training, we sample the latent vector z using the



standard reparameterization trick:

Ht, Ot = wiff?e“‘(oh e Otfzo,viem)a &)
z=p+orOe, € ~N(0I), (6)
ai = 321, 01), (M

where @ denotes element-wise multiplication, St ig the
student encoder, and wg‘eucd‘em denotes the decoder. This repa-
rameterization allows gradients to flow through the sampling
process. The decoder then takes the sampled latent vector z;
along with the latest state observation to output the action.
We use an MLP with layer sizes of 2048, 1024, and 512
units for the encoder, and an MLP with layer sizes of 512,
1024, and 2048 units for the decoder. During inference, we
simply use the mean p; of the encoded distribution as the latent
vector, eliminating the sampling step to ensure deterministic
behavior. The student policy is applied with the same domain
randomization as the teacher.

We employ the Dataset Aggregation (DAgger) algo-
rithm [32] to train the student policy from the teacher pol-
icy with language labels. The training objective follows the
variational lower bound

Logent = [laF — @13 + M. Dxw (o (z1101-20:0, 0 (1)),

(8)
where Dyq, is the KL-Divergence operator, and \g; balances
reconstruction quality in behavior cloning with the structural
regularization of the latent space.

The training process consists of five steps:

1) Data Collection: We simulate 1,024 parallel environ-
ments. At each time step, the student is given the
language command and its history observation.

2) Teacher Action Query: For each state encountered by
the student, the corresponding optimal action is obtained
by querying the teacher policy.

3) Experience Buffer Construction: We insert the col-
lected student’s observations and the teacher’s actions
to a buffer of 1024 x 512 ( 500, 000) state-action pairs.

4) Loss Computation: In the early stage of training, the
student policy results in large accumulated errors that
push the teacher policy out of its training distribution.
To mitigate this, instead of tracking absolute positions,
the student policy tracks displacement relative to past
positions. Let p; be the robot’s root position at time
t, with Ap; = p; — ps_ s Tepresenting its displacement
over interval At, and Aprert = Prer,t — Pref,t—A+ denoting
the reference displacement. The robot’s tracking objec-
tive then becomes minimizing the error between its own
displacement and the reference displacement

min HApt - Apref,if”z- (9)

This mitigates deviations from the reference motion and
preserves the quality of teacher demonstrations.

5) Policy Update: We update the student with the loss in
(8). We use a batch size of 1024 x 64 and a learning
rate of 1 x 1077, with one epoch per iteration. We then
use the student’s actions to step the environment.

Fig. 3.
demonstrates robust stability while executing a hand-waving motion under
external perturbations. When subjected to kicks (top row) and pushes (bottom
row), the robot maintains balance and continues the commanded motion,
showcasing effective disturbance rejection capabilities without interrupting
the primary task.

Robustness to External Disturbances. The humanoid robot

We repeat the iterative process, where the student pro-
gressively learns to replicate the teacher’s behavior while
understanding both language inputs and its own observation
history. The student policy also runs at 50 Hz.

1V. EXPERIMENTS

We conduct extensive experiments to evaluate our frame-
work for language-directed humanoid whole-body control with
a Unitree G1 humanoid robot. We begin with an overview
and demonstrate diverse motions enabled by our approach. We
then analyze the learned latent space and its contribution to
the policy’s generalization to unseen commands, highlight key
features such as smooth transitions and latent interpolation,
and follow up with an ablation study on core design choices.
Finally, we showcase a complex LLM-guided compositional
task, illustrating the full capabilities of LangWBC. We use
Isaac Lab [27] for training.

A. Diverse Humanoid Motions

In order to learn a diverse set of motions, we utilize
the HumanML3D dataset [9] in training the teacher policy,
which provides human MoCap data annotated with textual
descriptions. For deployment, we use an AMD Ryzen 9
CPU for inference. As shown in Fig. 3 and 4, the robot
successfully executes a diverse range of upper- and lower-
body motions in response to natural language commands,
including walking in different directions, turning, performing
hand gestures, and executing more complex whole-body move-
ments, while remaining robust to external perturbations such
as heavy kicks and pushes. For a diverse set of whole-body
motions, we provide more results in Appendix C. Through
these demonstrations, our framework exhibits zero-shot sim-
to-real transfer capabilities, effectively addressing both core
challenges through a unified network — generating diverse,
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Fig. 4. Real World Demonstration. Conditioned on text commands, our framework is able to learn a diverse distribution of whole-body motions in action
generation directly, and can be zero-shot deployed on real-world robots. More results are shown in the accompanying video.

language-aligned motions while maintaining robust control
under real-world conditions and disturbances.

B. Latent Space Analysis

One key advantage of using a CVAE as the student pol-
icy — rather than a simple MLP network as in previous
works [10, 15] — is that it provides a structured latent space.
This structured latent space aligns language inputs and motion
actions to the same latent codes, enabling the model to
learn disentangled representations where each latent variable
captures both semantic meaning and motion dynamics. As a
result, variations in latent space correspond not only to distinct
motion styles and transitions but also to meaningful differences
in language instructions. This allows for better generalization
to unseen commands, smoother motion interpolation, and more
coherent transitions between behaviors.

To verify this property, we apply the t-SNE algorithm to
embed the high-dimensional latent codes of various motions
into a 2D plane. As shown in Fig. 5, we plot nine different
motions from four categories (walking, raising the left or right
hand, and clapping), with each category color-coded.

From the visualization, we see that the latent space has
several interpretable features. First, motions in each category
form distinct clusters, reflecting clear separation by motion
type. Second, there is a striking symmetry: raising the left
hand versus the right hand appears mirrored about the center
of the latent space, near which more symmetric motions (e.g.,
walking or clapping with both hands) are located. Third, all
motions exist in a common region near the origin, which we
interpret as the “standing” latent code — every motion begins
and ends in a standing pose. Overall, this analysis confirms
that the CVAE learns a meaningful latent manifold, which we






























