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Figure 1: Being-MO0.7 at a glance. Being-M0.7 is a latent World-Action Model pretrained on egocentric
videos and human motions with a Mixture of Transformers (MoT) structure, then grounded into humanoid
control through action expert post-training on robot trajectories for diverse loco-manipulation tasks.
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Abstract

Humanoid loco-manipulation requires a humanoid robot to coordinate locomotion,
posture, and dexterous manipulation while reasoning about future scene evolution
and whole-body task progress. However, scalable humanoid learning remains a big
challenge because robot demonstrations are costly to collect and pixel-level future
prediction is computationally expensive. To this end, we present Being-MO0.7,
a latent world-action model that learns a video-motion prior from a mixed-
modality human-centric corpus and adapts it to humanoid robot control. Instead
of rolling out future pixels, Being-MO0.7 predicts future states in a latent space
and couples them with future motion in a compact whole-body representation
shared by humans and humanoid robots. During robot post-training, a lightweight
action expert grounds the pretrained video-motion prior to executable whole-body
commands using limited humanoid demonstrations. Experiments on real-world
Unitree G1 tasks show that Being-M0.7 can coordinate state prediction, motion
generation, humanoid locomotion, and dexterous manipulation across challenging
interaction scenarios.
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1 Introduction

Humanoid loco-manipulation aims to enable a humanoid robot to move through human-centric environments
while performing object-centric tasks with coordinated whole-body motion [1-6]. Unlike fixed-base manipula-
tion, the robot must jointly decide where to move, how to orient its body, how to coordinate its hands and feet,
and how to maintain a stable posture while interacting with the scene. This makes the problem intrinsically
temporal and whole-body: a useful policy should reason not only about the current visual observation, but
also about future scene evolution, body motion, and task progress.

Recent robot foundation models and world-action models have made encouraging progress [7—17], but scaling
them to humanoid loco-manipulation remains challenging. First, humanoid demonstrations are much harder to
scale than fixed-view arm manipulation data. They require synchronized egocentric video, proprioception, and
executable whole-body commands, and are constrained by teleoperation difficulty, safety, hardware availability,
and environment diversity [1-3]. Second, pixel-level future prediction is expensive and can allocate substantial
capacity to appearance details that are only weakly related to control [17, 18]. For humanoid tasks, the
predicted visual trajectory may also be noisy due to fast ego-movement, viewpoint changes, and body-induced
camera jitter. Third, many action modeling pipelines still emphasize upper-body manipulation or locomotion
separately, which can lead to weak coordination between the upper and lower body and limits their suitability
for natural whole-body control [1, 2, 5, 19, 20].

Our approach addresses these three challenges in turn. First, to reduce dependence on expensive robot
demonstrations, we pre-train on scalable human-centric data: egocentric videos [21, 22], paired egocentric
video—motion data [23, 24], and motion sequences [25-29]. Using a unified motion representation aligning
with humanoid embodiment, these sources are able to provide diverse interaction contexts, vision-grounded
kinematics, and broad whole-body motion coverage for downstream usage. Second, to avoid costly and noisy
pixel rollouts, the pretrained model jointly predicts future visual-motion features, focusing its capacity on
control-relevant scene and motion dynamics [13, 14, 30]. Third, to couple locomotion with manipulation, we
introduce a post-training formulation for whole-body control. A future-conditioned action expert adapts the
pretrained prior world-action model to executable robot commands using limited humanoid demonstrations,
enabling coordinated whole-body behavior rather than isolated upper-body actions.

Our contributions are summarized as follows:

e We build a large-scale, more than 10,000-hour mixed-modality pre-training corpus for humanoid loco-
manipulation, covering human egocentric videos, egocentric video-motion pairs, and human motion
sequences. This substantially expands the supervision available to humanoid learning beyond costly
teleoperation.

e We present Being-MO0.7, which, to our knowledge, is the first latent world-action model for humanoid
control and is pre-trained from large-scale vision and motion data jointly. Before being grounded into
robot commands, the model learns visual context, future dynamics, and humanoid kinematic structure
from scalable human-centric data.

e We introduce a unified motion representation shared by human motion and humanoid robot trajectories,
which bridges the morphology gap between humans and humanoid robots, provides richer post-training
supervision than executable commands alone, and exposes additional motion-level feedback paths during
inference for coordinated whole-body control.

o We demonstrate that Being-M0.7 achieves superior quantitative performance against strong baselines on
real-world Unitree G1 tasks, while qualitatively exhibiting coordinated whole-body control across state
prediction, motion generation, locomotion, and manipulation.

2 Related Work

Humanoid Loco-manipulation. Humanoid loco-manipulation aims to enable robots to coordinate whole-
body locomotion and manipulation in human-centered environments, where interaction often requires simul-
taneous navigation, balance maintenance and contact reasoning. Compared with fixed-base manipulation



or pure locomotion, humanoid loco-manipulation is substantially more challenging because the policy must
reason over high-dimensional whole-body actions, dynamic contacts, object geometry, and long-horizon task
progress.

Existing learning-based methods for humanoid loco-manipulation can be broadly grouped into reference-based,
reference-free, and emerging hybrid paradigms [3, 31-36]. Reference-based approaches exploit motion priors
from retargeted human motions, demonstrations, videos, or optimized trajectories to stabilize whole-body
control and produce natural behaviors [37-40]. Representative methods such as ResMimic [39] and HDMI [40]
adapt or extract reference motions for interactive policy learning, while recent systems further leverage
motion generation, privileged teachers, or large-scale simulation for contact-rich whole-body behaviors [41, 42].
Despite their stability and motion naturalness, these methods often depend on predefined trajectories, making
it difficult to adapt to unseen object geometries, changing contacts, or object-specific interaction strategies at
scale.

Reference-free methods instead learn directly from task objectives, proprioception, and perception without
replaying fixed reference motions [31, 43, 44]. This formulation is more suitable for generalizable loco-
manipulation, but remains challenging due to high-dimensional humanoid actions, sparse rewards, unstable
contacts, and long-horizon interactions. To mitigate these difficulties, recent works introduce structured repre-
sentations or auxiliary priors: VisualMimic [45] uses egocentric perception and motion-statistics-constrained
hierarchical control, while LessMimic [31] employs distance-field-based interaction representations to improve
geometric generalization and skill composition. Foundation model approaches further explore egocentric
demonstrations, latent actions, and large-scale pretraining to expand task coverage [4—6]. Overall, the field
is moving from motion-specific controllers toward scalable visuomotor policies that integrate motion priors,
perception, and object-level generalization.

Motion Generation. Large-scale datasets such as AMASS [25], HumanML3D [26], and MotionX [27] have
enabled text-conditioned models to learn diverse human motions with rich semantic annotations. Building
on these resources, T2M-GPT [46] autoregressively generates discrete motion tokens, while diffusion-based
methods such as MDM [47] and MotionDiffuse [48] improve diversity and realism through conditional denoising.
More general motion models, including MotionGPT [49], MotionGPT-2 [50], and the Large Motion Model [51],
further unify multiple motion-language tasks and conditioning modalities. Beyond kinematic plausibility,
PhysDiff [52], ReinDiffuse [53], and RLPF [54] incorporate physics-based projection or reinforcement learning
to improve physical execution, while RobotMDM [55] adapts generated motions to robotic characters through
controller feedback.

Egocentric motion generation complements language-conditioned modeling by grounding body motion in
the observations available to an embodied agent. EgoEgo [56] decomposes egocentric body recovery into
head-motion estimation and conditional full-body generation, whereas EgoAllo [57] uses SLAM-derived head
poses and images to recover body pose, height, and hand motion in a common scene frame. Moving beyond
reconstruction, UniEgoMotion [58] unifies egocentric motion reconstruction, forecasting, and generation with
a head-centric conditional diffusion model. EgoAgent [59] extends motion prediction to an agent model that
jointly represents the current world and predicts future states and actions, while EgoTwin [60] jointly generates
egocentric video and human motion to couple viewpoint-consistent visual dynamics with head-centered body
dynamics. This progression shows that first-person visual context can turn human motion generation from an
isolated kinematic task into observation-grounded predictive modeling of embodied behavior.

Human motion provides scalable supervision for semantic behavior and whole-body coordination, whereas a
humanoid policy must additionally account for embodiment differences, physical feasibility, real-time feedback,
and executable robot commands. Existing motion-generation methods narrow parts of this gap through
physical refinement, robot adaptation, or egocentric prediction, but generally address these components
separately rather than learning from human-centric video and motion before adapting the acquired knowledge
to humanoid execution. Being-MO0.7 follows this trajectory as a prior latent world-action model: it jointly
pre-trains latent visual-state prediction and motion generation on scalable human-centric data, uses a unified
human—humanoid motion representation to bridge morphology, and delegates embodiment-specific command
generation to a lightweight action expert.
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Figure 2: Overview of Being-M0.7 Training Framework. Top-left: We construct the pretraining corpus
from paired video-motion data, video-only data, and motion-only data. Bottom-left: We develop a unified
motion representation shared by humans and humanoid robots, providing richer supervision and feedback for
training and inference. Right: The Being-M0.7 model architecture.

Humanoid Foundation Models. In parallel, humanoid robot learning has increasingly moved toward
foundation models for whole-body control. Compared with fixed-skill policies, these models seek to absorb
heterogeneous supervision from robot trajectories, human videos, language instructions, and simulation, while
retaining an action interface that can drive high-DoF humanoid bodies. GROOT N1 [61]represents a generalist
humanoid VLA model that couples a vision-language module with a diffusion-transformer action module and
trains on heterogeneous robot, human-video, and synthetic data. WholeBodyVLA [5] also follows the VLA
direction, but places more emphasis on learning latent actions from low-cost action-free egocentric videos
and connecting them to a locomotion-oriented controller for large-space loco-manipulation [5]. g similarly
treats egocentric human video as a scalable source of pre-training data, and adopts a staged humanoid
VLA recipe that learns transferable visual-action representations before post-training a flow-based action
expert on high-quality humanoid robot trajectories [4]. From an embodiment perspective, HEX[62] studies
how whole-body manipulation knowledge can transfer across embodiments through humanoid-aligned state
representations and expert modules, highlighting that humanoid foundation models must preserve coordination
across high-DoF bodies rather than only scaling perception and language modules.

World-action models provide a complementary formulation in which learned video generation models supply
structured temporal information for humanoid control. MotionWAM][20] frames real-time humanoid loco-
manipulation as a world-action modeling problem: an egocentric video generation model provides intermediate
denoising features that condition a motion model, allowing a humanoid to act from a single egocentric camera.
This perspective is close to our motivation because it treats human-centric visual experience not merely as
demonstrations, but as a source of predictive structure about future scene and motion evolution. However, our
objective is different from directly constructing a closed-loop humanoid policy. We instead pre-train a prior
latent world-action model, so that the downstream whole-body control policy can make use of temporally
organized motion information learned from human-centric data.

3 Method

In this section, we introduce Being-MO0.7, a latent world-action model that leverages egocentric video and
motion data to learn a prior world-action model, which is then transferred to real-robot humanoid control
via a future-conditioned action expert. We first formulate humanoid loco-manipulation as the combination
of a prior world-action model and a future-conditioned action expert in Section 3.1. We then describe the



construction of the mixed-modality pre-training dataset and the unified motion representation shared by
humans and humanoid robots in Section 3.2. Next, we present the model architecture, including the video-
motion Mixture-of-Transformers (MoT) and the future-conditioned action expert, in Section 3.3. Finally, we
detail the pre-training, robot post-training, and closed-loop inference recipes. An overview of the Being-MO0.7
training framework is shown in Figure 2.

3.1 Problem Formulation

We first consider a prior world-action model for humanoid loco-manipulation from egocentric observations.
Let V denote an egocentric video, Z = £(V) its latent visual representation, M a compact humanoid motion
sequence, and I the task instruction. We treat M as a coarse motion-level action plan in the motion space:
it describes how a humanoid body should move in the future, but does not specify embodiment-specific
executable commands. The prior world-action model therefore predicts future environmental states and coarse
future actions conditioned on the short history and the task instruction.

For a temporal window, we split the sequence into a context interval C = {1,..., K} and a future interval
Q={K+1,...,T}. The prior world-action model is written as

P(Zg, Mg | Zc¢, Mc,1).

This prior world-action model captures both how the environment evolves and how the humanoid body may
move to accomplish the task.

Humanoid loco-manipulation further requires grounding the coarse motion-level plan into embodiment-specific
commands. Let O, denote the robot observation at an action query time ¢, and let a; be the robot action to
be generated. We introduce a future-conditioned [63] action expert that refines the predicted future context

into executable commands:
P(aq | ZQ7MQ7O<17I) .

The complete latent world-action model is obtained by combining the prior world-action model with the
action expert:

P(ZQ7MQ7aq | ZC>MC7LOQ) ~ P(aq | ZQaMQanaI)P(ZQvMQ I ZC,MC7[)' (1)

This decomposition separates lower-frequency world modeling from higher-frequency action generation,
allowing the future representation to be reused across multiple low-latency control updates.

3.2 Data Curation

Dataset Composition We construct the Being-M0.7 pre-training dataset for humanoid loco-manipulation
from a raw collection of more than 10,000 hours of mixed-modality data before filtering and temporal
segmentation, the composition and source breakdown are summarized in Figure 3. Instead of relying solely
on paired video-motion data, our pre-training dataset consists of three complementary streams:
egocentric video-motion pairs, egocentric videos, and human motion sequences, which expands
the available data from thousands to over ten thousand hours. These streams correspond to paired
video-motion, video-only, and motion-only supervision, respectively. We denote the filtered pre-training
dataset as
D =Dypy UDy UDyy,

where Dy s supervises the joint distribution of vision and motion, while Dy, and Dj; constrain the marginal
distributions of vision and motion, respectively.

Latent Visual Representation For the visual modality, all frames are encoded by a DINO [64] encoder:
Z = E(V). These visual latents are used both as the inputs and as the generation targets. Consequently,
the model performs visual-latent-level generation rather than pixel-level video generation. This reduces the
dimensionality of the generation space and biases the visual objective toward semantic state, object layout,
and scene evolution instead of low-level pixel reconstruction, which is the reason we refer to our model as a
latent world-action model.
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Figure 3: Being-MO0.7 data recipe. The pre-training corpus is sourced from external public datasets
including Ego4D [21], Xperience [65], Nymeria [24], Bones-SEED [19], SnapMoGen [28], HumanML3D [26],
and Lafanl [66], as well as internal datasets comprising part of the Being-H0.5 [16] training data, part of the
Being-M0.5 [29, 67] training data, and commercially acquired datasets. Raw sources are filtered, temporally
segmented, and reformatted into three supervision streams—Dy y; for video-motion pairs, Dy for video-only,
and Dy, for motion-only—which jointly supervise the visual-motion joint distribution and their marginals,
respectively.

Unified Motion Representation For motion modality, we convert heterogeneous human motion sources
into a unified head-root representation. Unlike conventional body-centric representations that use the pelvis as
the root, we use the head as the root joint, which better aligns the motion representation with the egocentric
visual stream. During conversion, each sequence is canonicalized, for example by removing the initial heading
and aligning the body with a floor-centered coordinate frame. This standardization reduces dataset-specific
nuisance factors and makes motion statistics more consistent across sources.

We further introduce a unified compact motion representation that keeps only the head, two hands, and
two feet. This representation does not aim to preserve full-body kinematic detail; instead, it retains the key
interaction and contact cues needed for downstream robot control. Because the same representation can
be constructed from both human motion and humanoid robot trajectories, it bridges the morphology gap
between humans and robots. In robot post-training, it provides richer supervision than executable
command labels alone, and during inference it exposes additional motion-level feedback about
robot kinematics, supporting coordinated whole-body control.

3.3 Model Architecture

Being-MO0.7 instantiates the factorization in Equation (1) with a prior world-action model and a lightweight
action expert. The prior world-action model captures P(Zgo, Mg | Z¢, Mc,I), while the action expert models
P(a, | Zg,Mg, Oy, I). The two components interact through a one-way connection: the action expert receives
intermediate representations from the pretrained prior world-action model, but no action information is passed
back to the prior model. In this way, action prediction builds on the prior model’s learned representations
without altering how it processes its inputs.

Crucially, the modality-specific branches of MoT allow the same architecture to learn from paired video—
motion data as well as video-only and motion-only data. This mixed-modality design expands the
avaliable pre-training supervision from the thousand-hour scale of paired data to a corpus of
more than 10,000 hours, while retaining explicit cross-modal interaction whenever both modalities are
present. The motion stream serves as a coarse-grained action supervision: it captures embodiment-agnostic
whole-body intent and kinematic structure, whereas the action expert grounds the prior world-action model



into embodiment-specific robot commands.

Multimodal Input Embedding. Using the visual latents z; and compact motion vectors m; defined
in Section 3.2, we apply separate learned input projections to map the two modalities into the common hidden
dimension of the MoT backbone. Temporal positional embeddings encode their aligned time indices, while
modality-type embeddings distinguish visual and motion inputs. For video-only or motion-only samples,
supervision is applied only to the available modality. The task instruction I is encoded separately by the
frozen DistilBERT [68] and supplied as language-conditioning features.

Video-Motion Mixture of Transformers.

The prior world-action model is implemented as a n @
Mixture-of-Transformers (MoT) [69] with modality-

specific computation and shared multimodal atten-

tion. In each block, latent visual and motion tokens

use separate layer normalizations, query/key/value I
and output projections, and feed-forward networks.

Their projected queries, keys, and values are then \
combined in a shared attention operation, allow- v v

ing every valid latent visual token to exchange

information with motion tokens across time while  Figure 4: The details of the shared multimodal atten-
retaining modality-specific parameterization. Both  tion: V, M, I, and A denote the hidden states of vision,

QkV QK WV
Self Attention

I I
Cross Cross
Attention Attention

streams additionally cross-attend to the instruc-  motion, instruction, and action, respectively. 7 is the
tion features. A sinusoidal embedding of the flow  flow matching timestep. The hidden states are injected
timestep 7 modulates each modality’s attention,  into the action expert in the form of cross attention
language cross-attention, and feed-forward com-  along with robotic observation Oyq.

putation through modality-specific adaptive layer
normalization [70].

The first K video-motion frames are clean context tokens, while tokens in the future interval are corrupted at
the sampled flow timestep. We use a chunk attention mask under which context tokens attend within the
observed history but cannot access the future, whereas all noisy future tokens jointly attend to the full history
and to one another. This non-causal target interaction lets the model denoise the entire future video-motion
chunk in parallel. Finally, modality-specific adaptive normalization and output projections produce velocity
fields in the visual latent space and the continuous motion space, respectively.

Future-Conditioned Action Expert. During post-training, we append a separate flow-based transformer
that realizes the action expert in Section 3.1. When the prior world-action model denoises (25, M})
conditioned on (Z¢, Mc,I), we denote its hidden video-motion sequence before layer [ by H, le (7). The action
expert embeds the noisy action chunk a,, into an initial token sequence Ag and separately embeds the
robot observation Oy. Here, O, consists of the current egocentric image, proprioceptive state and normalized
execution progress. The image is encoded by the same frozen DINO encoder as the visual stream, while
the proprioceptive state is mapped through a learned projection. At expert layer j, action tokens attend to
the concatenation of (i) the hidden video—motion sequence from a corresponding prior layer, (ii) the current
action token states, and (iii) the current robot-observation tokens:

» |
ATt = B; (A;

[ng (T),Ag,oq] ,T) .

Here B; denotes the j-th expert block, ¢; associates expert layer j with a selected layer of the prior world-
action model, and information flows only from the prior world-action model to the expert. Conditioning on
representations from multiple network depths provides the policy with both fine-grained visual and motion
features and high-level future-dynamics representations, while O, retains closed-loop responsiveness at the
robot control rate. Detailed architecture hyperparameters are provided in Appendix A.1.



3.4 Training and Inference Recipes

Pre-Training. We pre-train the prior latent world-action model on a mixture of paired video-motion,
video-only, and motion-only data within a unified objective. Paired samples supervise the conditional joint
generation of future visual latents and motion trajectories, while video-only and motion-only samples provide
marginal supervision for their respective modalities. This design allows heterogeneous data streams to jointly
constrain a single video-motion model without introducing separate unimodal stages.

In particular, motion-only training teaches whole-body kinematic structure and dynamics even in the absence
of visual observations, while paired training aligns this coarse-grained action representation with scene
evolution. This recipe allows robot-free data to contribute both visual context and kinematic structure
before robot command grounding.

The model is trained via a flow matching [71] objective. For each observable future token xg, where zo may
be either a visual latent token or a motion token, we sample Gaussian noise € and a flow matching timestep
7 ~U(0,1), and supervise the velocity field along the linear probability path:

xr = (1 = T)xo + Te, =€ — x0.

The model predicts a task-conditioned velocity wg(x,, 7,1, Z¢, Mc) from the noisy future token z,, task
instruction I, and the context frames (Z¢, M¢). Supervision is applied only to valid target tokens whose
modality is available in the corresponding training sample. We denote the resulting visual and motion flow
matching losses by Ly and L), respectively:

1
Lv=ra 3wl Grom L Z0) — w3, L
Qv teQy

1

- m Z Huéw(mf,t,T,I,Mc)_uiw*H;

teQnr

Each sample activates only the terms associated with its observed modalities: paired samples use both visual
Ly and motion losses £y, video-only samples use only Ly, and motion-only samples use only £3;. Whenever
motion targets are available, we additionally apply geometry-aware regularization

ACgcom = At',raj‘ctraj + A10(3211—\/c1£10(:al-vc1a

which encourages physically consistent global motion and local end-effector dynamics. The definitions of these
auxiliary terms are provided in Appendix A.3.

The overall pre-training objective is
mein ESND\/M [[:V + EM + Egeom] + ESNDV [EV} + ESNDM [ﬁM + Egeom] )

where Dy s, Dy, and Djs denote paired video-motion, video-only, and motion-only data streams.

Post-Training. The pretrained prior world-action model with parameters 6 learns a video-motion generative
model from egocentric data, where predicted motion provides a coarse-grained action space for future behavior.
To adapt this prior world-action model to real-robot control, we attach a lightweight action expert with
parameters ¢ and post-train the combined model on robot trajectories.

We construct the robot motion sequence M from robot odometry and joint states using forward kinematics,
in the same representation used for human motion. Consequently, each robot trajectory supplies not only
executable-action supervision, but also vision and motion targets. These additional training signals
preserve and ground the pretrained video-motion dynamics while the action expert learns embodiment-
specific commands.

During post-training, we sample a video-motion window from a robot trajectory and select an action query time
q within the prediction interval. The video frames are encoded into visual latents, and the prior world-action
model is trained with the same visual and motion flow matching losses used during pre-training. From its



forward pass, we extract hidden states H?(7) from selected layers, which summarize the task-conditioned
video-motion context and are provided to the action expert through a one-way connection.

We adopt an action-chunking strategy [72], where the policy predicts a sequence of consecutive actions at
each query step ¢. Given the ground-truth action chunk a; = ag.q4+4—1, we sample ¢, ~ N (0, I) and construct
a, = (1 —7)ag, + 7€,. The action expert predicts the corresponding flow matching velocity conditioned on the
noisy action chunk, prior hidden context, robot observation Oy:

£4(0,0) = E [[|ug (ar, 7, H'(7),00) — (ea —a)|[3] -

The final post-training objective is

Iélgl EV(Q) + EM(Q) + )\a[/A(97¢)7

where A\, controls the weight of action supervision. Additional post-training details are provided in Ap-
pendix A.4.

Inference. At inference time, the prior world-action model is run periodically to generate a future video-
motion plan from recent observations and task text. Its intermediate hidden states are converted into
policy-side caches and reused across multiple control windows.

In addition to feedback through updated images and proprioception, the unified motion representation
exposes a motion-level feedback path: recent robot kinematics can be compared with and incorporated
into the predicted coarse whole-body plan before the cache is refreshed. The action expert can therefore
respond to deviations in body and end-effector motion without relying on visual feedback alone.

At denoising step n, the action expert predicts the velocity field and updates the action sample as
" = ug (™!, 7, HY, Ocur) a" =a""! — 4"Ar,

where HY denotes the cached prior at step n, and O.,, denotes the current robot observation, respectively.

The action expert generates action chunks at a high frequency by reusing the current KV cache of the prior
model, which is refreshed at a lower frequency with updated robot feedback before its cached context is fully
consumed. This design separates lower-frequency world planning from low-latency action generation, while
keeping the policy grounded in both the current plan produced by the prior world-action model and real-time
robot observations. The detailed inference formulation is provided in Appendix A.5.

4 Experiments

4.1 Experimental Setup
4.1.1 Hardware Setup

Our real-world system is built upon a Unitree G1 humanoid robot for whole-body dexterous teleoperation.
The platform integrates dual 7-DoF arms equipped with Linker Hand O6 dexterous hands for upper-body
manipulation, together with an Intel RealSense D435i RGB camera mounted on the robot head to provide
egocentric visual observations. Policy inference is performed on an external workstation with a single NVIDIA
RTX 4090 GPU. During deployment, a low-level controller communicates with the policy server via ZMQ in a
closed loop and executes the predicted commands on the robot in real time.

4.1.2 VR-Based Whole-Body Teleoperation Pipeline

We collect real-robot demonstrations using a VR-based whole-body teleoperation system. The operator wears
a PICO VR headset, two ankle-mounted PICO trackers, and two handheld controllers to provide full-body
motion. XRoboToolkit [73] estimates the operator’s SMPL pose in real time from the VR device streams,
while SONIC [19] converts the estimated pose into stable 29-DoF whole-body control commands executed
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Figure 5: Overview of the data collection system. During the data collection stage, an operator
uses a VR-based teleoperation system to generate lower-level motion commands, while a pretrained general
whole-body motion tracker controls the humanoid robot to execute the corresponding motions and collect
synchronized real-world trajectories, including egocentric images, proprioceptive observations, and motion
commands.

on the Unitree G1 at 50 Hz. During teleoperation, synchronized robot proprioception, egocentric RGB
observations, motion commands (including hand control signals, and SONIC motion tokens) are recorded to
construct the task-specific post-training dataset. The overview of the proposed system is as shown in Figure 5.

4.2 Real-World Experiments

We evaluate Being-MO0.7 on four real-world tasks: Mirror Toy Grasping, Water-Tank Fish Scooping,
Tabletop Organization, and Obstacle-Avoidance Basket Carrying. We report quantitative comparisons
with the baselines on Mirror Toy Grasping and Water-Tank Fish Scooping, and present qualitative case studies
for all four tasks in Figure 6. Together, these experiments cover visual reasoning under partial observability,
dexterous tool use, long-horizon manipulation, and coordinated locomotion and manipulation. We compare
our method with ¥y [4] and GROOT-N1.6 [61].

Table 1: Quantitative real-world evaluation on Water-Tank Fish Scooping and Mirror Toy Grasping.

Method Mirror (Near) Mirror (Far) Fish Overall
GROOT-N1.6 1/5 0/5 1/5 2/15
Uy 0/5 1/5 2/5 3/15
Being-MO0.7 3/5 1/5 3/5 7/15

Quantitative Evaluation. To make the comparison as fair as possible, we place physical markers at the
predefined robot starting positions and initialize all methods from the same marked positions.

e Mirror Toy Grasping. As shown in Table 1, the robot starts either 0.5 m (Near) or 1 m (Far) from the
workspace. It must approach the table, infer the location of a hidden toy from its mirror reflection, and
grasp the toy. This task evaluates visual reasoning under partial observability together with whole-body
locomotion and manipulation. Being-M0.7 succeeds in 4/10 trials overall, compared with 1/10 for both
GROOT-N1.6 and V.

e Water-Tank Fish Scooping. As shown in Table 1, we evaluate only the manipulation stage: the
robot is initialized standing at the designated position in front of the water tank and uses a handheld
net to acquire a toy fish. This setting does not include the preceding locomotion phase and focuses on
visual feedback, tool use, and coordinated arm control. Being-MO0.7 succeeds in 3/5 trials, outperforming
GRO0T-N1.6 (1/5) and ¥y (2/5).
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Task 1: A person walks forward and uses the reflection in a mirror to grab a hidden doll.

Task 2: A person walks forward and then catches fish with a net.

TR e

- -

| il B g

Figure 6: Representative real-world case studies. We evaluate Being-M0.7 on four challenging whole-body
manipulation tasks that require complementary embodied capabilities. From left to right and top to bottom:
(a) Mirror Toy Grasping: reasoning under partial observability through mirror reflections, (b) Water-Tank
Fish Scooping: tool use under uncertain object dynamics, (¢) Tabletop Organization: long-horizon
multi-stage manipulation, and (d) Obstacle-Avoidance Basket Carrying: coordinated locomotion and
load-aware manipulation with obstacle avoidance. Together, these tasks demonstrate robust closed-loop
coordination between perception, reasoning, locomotion, and dexterous manipulation.

Qualitative Case Studies. In the qualitative setting of Water-Tank Fish Scooping, we demonstrate
the complete whole-body behavior, including approaching the tank, positioning the body for interaction,
and subsequently scooping a toy fish with the net. This setting highlights the integration of locomotion
and tool-based manipulation over an extended trajectory, complementing the quantitative evaluation of the
scooping stage alone. The remaining case studies assess complementary capabilities: Mirror Toy Grasping
examines reflection-based reasoning and dexterous grasping; Tabletop Organization evaluates long-horizon,
multi-stage manipulation; and Obstacle-Avoidance Basket Carrying tests obstacle-aware locomotion and
stable object transportation. Detailed task descriptions are provided in Appendix B.1.

5 Conclusion

We presented Being-MO0.7, a latent world-action model for humanoid loco-manipulation. The key idea is to
learn a video-motion world prior from egocentric data and adapt it to executable humanoid control through
action-level post-training. By modeling future visual states in a latent space and coupling them with compact
motion dynamics, Being-MO0.7 provides a structured planning context for downstream robot action generation
without relying on pixel-level world prediction.

Experiments in real world demonstrate the potential of latent world-action modeling for whole-body loco-
manipulation tasks that require perception, motion prediction, and coordinated control. While the current
system shows promising capabilities, it also points to several directions for future work, including more
sophisticated post-training process, scaling robot post-training data, improving robustness under distribution
shifts, and extending the framework to broader tasks, environments, and humanoid embodiments.
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Appendix

Author List

Core Contributors: Junpeng Yue*, Boyuan Li*, Yuxuan Wang*, Zepeng Wang, Yuhui Fu, Feiyang Xie,
Yu Zhang, Jing Zhang, Jiangxing Wang, Zongqing Lu’ '

Contributors: Weibo Li, Xiaofei Zheng, Yuming Fang

A Implementation Details

A.1 Architecture Hyperparameters

Table 2 reports the model sizes used in our implementation. Prior-layer indices are one-based.

Table 2: Architecture hyperparameters of the video—motion prior and action expert.

Hyperparameter Value
Video—Motion Prior

Transformer layers 30
Hidden width 768
Attention heads 24
Visual FFN expansion ratio 6
Motion FFN expansion ratio 2
Dropout 0.1
Action Expert

Transformer layers 6
Hidden width 384
Attention heads 8
FFN expansion ratio 4
Connected prior layers 1,7, 13, 18, 24, 30
Action chunk length 10
Dropout 0.1

A.2 Hyperparameters

Table 3 summarizes the hyperparameters and settings used in our experiments.

A.3 Geometry-aware Auxiliary Losses

In addition to the flow matching loss, the motion branch uses two geometry-aware auxiliary losses. The
clean-motion estimate can be recovered from the predicted velocity as

mo,t - m‘nt - Tuéw (mT7t7 T,C, C)
Let g(m;) € R? denote the decoded global head/root position, and let £(m;) denote the local end-effector
coordinates.
The global trajectory auxiliary loss is

1 .
£traj = m Z Hg(mo,t) _g(mt)Hz-

teQnr

1*Equal Contribution Corresponding Author
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Table 3: Hyperparameters and training settings.

Hyperparameter Value
General Settings

Sequence length T' 25
Context length K 5

Input resolution 224 x 224
Prior frame rate 5Hz
Action expert frame rate 50Hz
Optimizer AdamW
Weight decay 0.05
Pre-training

Batch size 256 (per GPU)
Learning rate 0.0002
Warmup epochs 10
Gradient clipping 1.0
Post-training

Batch size 128 (per GPU)
Learning rate 0.0001
Warmup steps 1000
Gradient clipping 1.0

The local velocity auxiliary loss constrains frame-to-frame local end-effector motion. Define
Qﬁ:{t‘teg7 bt:17 bt—1:17 TM:1}7

then

Y 1ALl — Al(my)|3

teQs,

Llocal—vcl
QA A 1d,

where Al(m;) = £(my) — €(ms—1) and dy is the dimensionality of the local end-effector coordinates. For the
22D motion representation, £(m;) corresponds to the local positions of the two hands and two feet in the
head/root frame.

A.4 Post-training Details

Action Space. In theory, the action expert is compatible with any kind of low-level robot controllers.
Currently, we only focus on the WBC setting. For this setting, we use SONIC [19]. The action expert predicts
the universal control token required by SONIC along with the dexterous-hand open/close commands.

Robot Observation. The robot observation O, consists of the current egocentric image, proprioceptive
state and normalized execution progress. The proprioceptive state includes joint positions, joint velocities,
and the gravity direction projected into the robot frame, while the egocentric image is encoded using the
same frozen DINO encoder as the visual stream.

Prior-Layer Selection. Because the prior world-action model is deeper than the action expert, the prior
layers connected to the expert are selected approximately uniformly across the prior depth. Each expert layer
is paired with one selected prior layer.

Temporal Configuration. Video and motion sequences are represented at 5 Hz, while robot commands
are executed at 50 Hz. The action expert predicts chunks of length

H, = 20,
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corresponding to a 0.4-second action horizon.

A.5 Inference Details

Both the prior world-action model and the action expert use N = 10 Flow Matching steps with denoising
timesteps
N
{T’ﬂ}n:1 :

During prior denoising, we extract the intermediate representations

{HZG(T”)}Z

from the selected prior layers. These representations are converted into policy-side key-value caches. Following
the notation in the main text, we collectively denote the cached prior context associated with denoising step
n as

HY.

Because the prior world-action model and the action expert use the same denoising schedule, Hg is reused at
the corresponding action denoising timestep 7.

The action expert initializes the action chunk from Gaussian noise,
a’ ~ N(0,1),
and performs N denoising steps. At step n, it predicts
" = ug (a'”_l,Tn7 HY, Ocur) »
where O.,,denote the current robot observation. The action sample is updated as
a” =a"" ! — 4" A1, n=1,...,N.

The final output is the executable action chunk

aN = (at,...,at_,_Hn,_l), Ha = 20.

The cached prior context is refreshed every 3.5 seconds, while the action expert is queried every 0.4 seconds.
Thus, one prior rollout is reused for approximately nine action-expert queries. At every query, the action
expert receives the latest Ocyy, allowing it to perform closed-loop correction while reusing the lower-frequency
prior context. A single action-expert query requires less than 0.01 seconds, and the resulting commands are
executed by the low-level controller at 50 Hz.

B Real World Experiment Details
B.1 Task description

We present detailed descriptions of the four real-world tasks and visualize representative qualitative executions
in Figures 7-10. For the quantitative evaluations on Mirror Toy Grasping and Water-Tank Fish Scooping, we
place physical markers at the predefined robot starting positions and initialize all methods from the same
marked positions to make the comparison as fair as possible.

Mirror Toy Grasping. The robot walks toward a table and approaches a partially enclosed box containing
a toy. Since the toy is initially invisible from the robot’s viewpoint, it must infer the object’s location from its
reflection in a mirror before reaching into the box for grasping. In the quantitative evaluation, the robot starts
either 0.5 m or 1 m from the workspace. This task requires reasoning under partial observability together
with accurate whole-body positioning and dexterous manipulation.
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Water-Tank Fish Scooping. We consider two settings for this task. In the quantitative setting, the robot
is initialized standing at the designated position in front of the water tank, and only the manipulation stage of
scooping a toy fish with a handheld net is evaluated. In the qualitative setting, the robot performs the complete
whole-body sequence, including approaching the tank, positioning its body for interaction, and scooping a toy
fish. Compared with direct grasping, this task requires coordinated tool use while handling water-induced
visual distortion and changing object locations. The two settings respectively assess the scooping stage and
its integration with locomotion in a longer-horizon behavior.

Tabletop Organization. The robot walks toward a table, transfers a baguette between two baskets, then
grasps a rose before leaving the workspace. The task consists of multiple sequential manipulation stages and
evaluates long-horizon planning, scene understanding, and coordinated locomotion-manipulation behaviors.

Obstacle-Avoidance Basket Carrying. The robot carries a basket through an environment containing
multiple obstacles. During navigation, it performs forward walking and lateral stepping while maintaining
balance and avoiding collisions. This task evaluates coordinated locomotion, obstacle avoidance, and stable
object transportation.

f frame 00001 frame_00002 frame_00003 frame_00004 frame_00005
/\ f /\ /\ /\ /\

Figure 8: Complete snapshot of Water-Tank Fish Scooping task.
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Figure 9: Complete
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snapshot of Obstacle-Avoidance Basket Carrying.

frame_00004 frame_00005

frame_00012

frame_00024

Figure 10: Complete snapshot of Tabletop Organization.

21



	Introduction
	Related Work
	Method
	Problem Formulation
	Data Curation
	Model Architecture
	Training and Inference Recipes

	Experiments
	Experimental Setup
	Hardware Setup
	VR-Based Whole-Body Teleoperation Pipeline

	Real-World Experiments

	Conclusion
	Implementation Details
	Architecture Hyperparameters
	Hyperparameters
	Geometry-aware Auxiliary Losses
	Post-training Details
	Inference Details

	Real World Experiment Details
	Task description


