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Figure 1: Introducing λ0 with HUMANVERSE-500. Robot-free egocentric capture yields 500 hours of
whole-body human loco-manipulation data. Three-stage training transfers this experience to λ0 for
humanoid loco-manipulation in simulation and the real world.

Abstract

Humanoid loco-manipulation requires coordinated locomotion, posture, and manipula-
tion, yet collecting robot demonstrations of these behaviors is costly. Human demonstra-
tions offer a scalable alternative, but existing egocentric human supervision often omits
locomotion and posture. We introduce HUMANVERSE, a 500-hour dataset of open-world
human loco-manipulation pairing egocentric video with synchronized body and hand
motion. The data pipeline combines efficient robot-free capture with hardware–software
co-alignment of visual observations and actions. Policies trained on the aligned human
demonstrations transfer to Unitree G1 across whole-body manipulation and long-range
loco-manipulation without target-task robot demonstrations. Building on this pipeline,
we develop λ0, a humanoid foundation model for whole-body loco-manipulation, with
robot-aligned human demonstrations providing supervision for mid-training. Increasing
whole-body human data consistently improves downstream task progress. λ0 achieves
90.0% success on SIMPLE and 62.5% across real-world loco-manipulation tasks. Our
findings establish whole-body human demonstrations as a scalable source of supervision
for humanoid loco-manipulation.

§ Code: https://github.com/LambdaHumanoid/openlambda
Ñ Homepage: https://lambdahumanoid.github.io
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1 Introduction

Learning humanoid loco-manipulation across tasks and environments requires demonstrations that
capture coordinated locomotion, posture, and manipulation (Jiang et al., 2026a; Shi et al., 2026; Wei et al.,
2026b; Hu et al., 2026; Figure AI, 2026a;b). Whole-body teleoperation provides visual observations paired
with robot actions, but requires operators to guide a physical humanoid through each demonstration (Fu
et al., 2025a; He et al., 2025; Luo et al., 2026b; GEAR Team et al., 2025; Li et al., 2026b). This dependence
on robot availability and operation makes broader task and environment coverage costly to obtain (Shi
et al., 2026; Punamiya et al., 2026).

Egocentric video records people’s everyday interactions across tasks and environments without requiring
robot operation (Grauman et al., 2022; Kareer et al., 2025; Hoque et al., 2026; Punamiya et al., 2026;
Figure, 2026). Recent methods recover wrist and hand trajectories from these videos, turning observed
interactions into action supervision for robot learning (Li et al., 2026a; Yang et al., 2026b; Wang et al., 2026a).
Pretraining on these action-labeled videos can improve downstream manipulation (Zheng et al., 2026b;
Punamiya et al., 2026). For humanoid loco-manipulation, however, wrist and hand trajectories alone
omit the locomotion and postural changes that support whole-body interaction (Shi et al., 2026; Zhao
et al., 2026a). Capturing synchronized body and hand motion preserves the demonstrated coordination,
but using it for robot learning also requires accounting for differences in visual observations, body
proportions, kinematics, and execution.

We study whether increasing robot-aligned whole-body human data improves humanoid control when
robot supervision is held fixed. We develop a data pipeline that captures human demonstrations without
a robot and aligns their observations and actions to the downstream humanoid (Sec. 3.4). Matching the
capture camera and viewpoint, together with visual processing, brings human observations closer to the
robot’s visual input. For actions, we preserve the demonstrated interaction targets while accounting for
body proportions, robot kinematics, and controller dynamics to construct robot-compatible state–action
supervision. We evaluate policies trained with this supervision on Unitree G1 in coordinated whole-body
manipulation and long-range loco-manipulation (Sec. 5.1). Using task-specific human demonstrations
without target-task robot demonstrations, the evaluations achieve mean progress of 51.7% and 76.2%,
respectively.

Using this capture setup, we build HUMANVERSE, a 500-hour corpus of human loco-manipulation
spanning open-world scenes and tasks. We record egocentric video and body motion with lightweight
wearable sensors, synchronize the streams, and reconstruct hand motion from video. Collection requires
no robot at the recording site, allowing people to demonstrate tasks directly in everyday environments.

We develop λ0, a whole-body humanoid vision–language–action policy that learns from these demon-
strations (Fig. 1). We train the policy in three stages: egocentric hand-motion pretraining on diverse
datasets, robot-aligned whole-body human mid-training on HUMANVERSE demonstrations, and robot
post-training. We vary the amount of whole-body human data while holding robot demonstrations and
the robot post-training budget fixed.

Increasing whole-body human data reduces validation loss and raises real-world task progress mono-
tonically from 59.9% without whole-body mid-training to 80.4% with the full corpus. Ablations identify
whole-body mid-training as the larger contributor to real-world success among the two human-data
stages. The full λ0 policy achieves 90.0% success on SIMPLE and 62.5% across four real-world loco-
manipulation tasks, improving over the strongest evaluated baselines by 3.9% and 22.5%, respectively.
Human-data training also improves progress on robot-unseen object instances observed in human
demonstrations. Our contributions are:

• We develop a robot-aligned data pipeline and validate both efficient robot-free collection and zero-
shot transfer on Unitree G1 across two representative task families: whole-body manipulation
and long-range loco-manipulation. Transfer uses no target-task robot demonstrations.

• We introduce HUMANVERSE, a 500-hour dataset pairing egocentric video with synchronized
body and hand motion across open-world scenes and tasks.

• We develop λ0 through three-stage training and show that scaling whole-body human super-
vision improves downstream humanoid control under fixed robot supervision, supported by
scaling, ablation, and generalization evaluations.
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2 Related Work

2.1 Generalist Robot Policies

Large-scale robot datasets combine demonstrations across tasks and embodiments, supporting the
development of generalist policies (Dasari et al., 2020; Jang et al., 2022; Walke et al., 2023; Open X-
Embodiment Collaboration, 2024; Brohan et al., 2023; Zitkovich et al., 2023; Khazatsky et al., 2024; Bu et al.,
2025; Zhao et al., 2026b). These policies learn from diverse demonstrations within a shared model (Ghosh
et al., 2024; Kim et al., 2025; Chi et al., 2025), motivating more scalable ways to collect training data.
Advances in teleoperation and portable demonstration interfaces reduce collection effort (Dass et al.,
2023; Qin et al., 2023; Zhao et al., 2023; Fu et al., 2025b; Chi et al., 2024). UMI on Legs extends robot-free
hand-held demonstrations to quadruped manipulation by coupling a task-level manipulation policy with
a simulation-trained whole-body controller (Ha et al., 2024). However, robot-based collection remains
tied to hardware availability and repeated environment resets, while portable interfaces capture motion
within their supported action spaces.

2.2 Learning from Human Videos

Human video datasets capture diverse activities, objects, and environments, providing rich experience
for robot learning (Grauman et al., 2022; Damen et al., 2022; Goyal et al., 2017; Grauman et al., 2024; Wang
et al., 2023b; DeTone et al., 2026; Lightwheel AI, 2026). Learning from it requires connecting observations
to actions. Nymeria pairs synchronized multimodal egocentric recordings with full-body motion across
300 hours of daily activities in the wild (Ma et al., 2024), providing a foundation for studying context-
dependent human motion. Temporal and geometric annotations describe when interactions occur and
how hands and objects move (Liu et al., 2022; Wang et al., 2025; Sener et al., 2022; Ragusa et al., 2021;
Huang et al., 2024; Banerjee et al., 2025), while motion tracking and reconstruction provide human
trajectories for action learning (Hoque et al., 2026; Punamiya et al., 2026; Li et al., 2026a; Zheng et al.,
2026b; Wang et al., 2026a). OpenEgo standardizes hand-pose annotations and temporally localized
action descriptions across egocentric datasets (Jawaid & Xiang, 2025). Complementary approaches learn
visual representations from human videos (Nair et al., 2023; Sontakke et al., 2023; Kumar et al., 2020) or
connect human demonstrations to robot control through imitation and alignment (Mandlekar et al., 2022;
Shao et al., 2020; Bahl et al., 2022; Wang et al., 2023a; Bharadhwaj et al., 2023; Kareer et al., 2025; Lepert
et al., 2025; Yang et al., 2026b). HAT unifies human and humanoid state–action spaces for co-training on
aligned PH2D demonstrations (Qiu et al., 2025), while DexWild combines wearable human interaction
data with robot demonstrations for dexterous manipulation across environments (Tao et al., 2025).
EgoZero learns closed-loop manipulation from smart-glasses demonstrations without robot data using
morphology-agnostic representations (Liu et al., 2025), while HumanEgo uses hand–object interaction
representations to learn robot-data-free policies from short human recordings (Wang et al., 2026b). Beyond
stationary manipulation, EMMA co-trains human full-body mobile manipulation demonstrations with
static robot data, avoiding mobile robot teleoperation and reporting improved performance as human
data increases (Zhu et al., 2025). Building on these results, we study how explicit body–hand supervision
supports coordinated bipedal humanoid interaction under a fixed robot-demonstration budget.

2.3 Humanoid Whole-Body Control

Humanoid whole-body control coordinates locomotion, posture, and manipulation to support complex
physical interactions (Fu et al., 2025a; He et al., 2025; Luo et al., 2026b). Motion retargeting is a key
interface: GMR studies how retargeting artifacts affect downstream tracking (Araujo et al., 2026), and
Human2Humanoid combines morphology-invariant trajectory alignment with physics-aware feasibility
constraints (Huang et al., 2026). Building on this control foundation, humanoid policies learn task-level
behaviors from human experience through latent video actions, geometric pretraining, or joint training
on human and robot demonstrations (Jiang et al., 2026a; Wei et al., 2026b; Shi et al., 2026; Hu et al.,
2026; Bjorck et al., 2025; Luo et al., 2026a). ZeroWBC generates and tracks whole-body motion from
an initial egocentric image and language instruction without robot teleoperation demonstrations (Yang
et al., 2026a); HALOMI couples egocentric demonstration capture with view alignment and controller-
aware reference adaptation for active-perception loco-manipulation (Zhao et al., 2026a). Complementary
simulation-mediated approaches include VideoMimic, which reconstructs human motion and scenes for
contextual control (Allshire et al., 2025), and SUGAR, which physically refines human-video interaction
priors before distilling autonomous policies (Wu et al., 2026). GRAIL instead synthesizes interactions from
3D assets and video priors to train visual policies through simulation (Xie et al., 2026). LEGS combines
procedurally generated demonstrations with photorealistic Gaussian-splatting scene backgrounds to
fine-tune humanoid loco-manipulation VLAs without teleoperation (Kim et al., 2026). Predictive models
and integrated whole-body systems offer complementary ways to connect perception, motion, and
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Figure 2: HUMANVERSE. The wearable capture setup, task and motion distributions, and paired
egocentric video and whole-body motions illustrate the dataset’s scale and diversity.

control (Li et al., 2026b; Symbiosis Robotics, 2026; Figure AI, 2026a; Parada, 2026; Zheng et al., 2026a; Ye
et al., 2026; Gao et al., 2026). Our focus is on collecting synchronized egocentric body–hand experience
in open-world environments, aligning it for robot execution, and measuring the downstream benefit of
scaling this supervision under a fixed robot-demonstration budget.

Supplementary Table 5 compares the human-data interfaces, training strategies, and scaling axes of
related approaches.

3 HumanVerse-500: Scaling Egocentric Whole-Body Data Collection in the Open
World

HUMANVERSE contains 500 hours of egocentric human loco-manipulation, comprising 32,993 episodes
and 87 million pose frames (Fig. 2). The dataset covers 827 task types across diverse objects and scenes,
pairing first-person video with synchronized body and hand motion. We organize the corpus around
scalable acquisition, traceable motion supervision, and conversion to the downstream robot embodiment.
We refer to the resulting training representation as robot-aligned whole-body human data; the 500-hour figure
describes the recorded human corpus before conversion and validity filtering.

3.1 Robot-Free Capture and Collection Efficiency

We choose the GoPro HERO13 for convenient human data collection and equip our downstream robot,
Unitree G1, with the same camera on its head. We align the human camera height with the robot camera
using a neck mount, while a PICO 4 Ultra headset and body trackers capture body motion alongside
the video. We reconstruct hand motion from the same video. Figure 3 summarizes the workflow from
open-world scene and task selection to robot-free capture, data curation, and robot alignment.

Collection protocol. Collectors receive activity-level prompts rather than prescribed joint trajectories,
allowing variation in walking paths, initial posture, object instances, placements, grasp strategies, and
intermediate corrections. Each episode preserves the approach, repositioning, and transitions needed to
complete an interaction, rather than only the final hand motion. Because capture requires no on-site robot,
collectors carry the wearable interface into everyday locations and record open-world activity directly
where it occurs. They are directed toward loco-manipulation activities—carrying, tidying, cleaning, and
operating objects and fixtures—so that episodes stay manipulation-dense while preserving the natural
walking and repositioning between interactions. Original streams are retained with collector and session
identifiers, activity annotations, calibration, and device-health records; on-site checks flag interrupted
recordings, missing modalities, and failed calibration.

Data collection efficiency. Section 5.1 compares collection effort and downstream performance on
whole-body manipulation tasks, complemented by EgoAlign’s collection-time results for long-range
object relocation.
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Figure 3: Robot-free capture, curation, and robot alignment. We select open-world scenes and tasks and
record egocentric video, body motion, and speech with a robot-matched camera viewpoint. Curation
includes synchronization, language/task annotation, body and hand motion reconstruction, observation
alignment, action alignment, and quality inspection. Capture hardware and processing jointly support
hardware–software co-alignment to the downstream robot. Modality thumbnails are schematic.

3.2 Dataset Scope and Coverage

The three stages use distinct data sources. Stage I draws on the seven heterogeneous egocentric datasets
listed in the main paper. These public sources are not counted as part of HUMANVERSE. HUMANVERSE
denotes only the 500-hour synchronized egocentric whole-body corpus used in Stage II. Robot demon-
strations are used only in Stage III and are excluded from both the HUMANVERSE duration and its scaling
subsets. This separation distinguishes human-data scaling in Stage II from robot supervision in Stage III.

HUMANVERSE captures everyday activities across diverse open-world settings—including homes, retail
and supermarket spaces, industrial sites, offices, and outdoor areas—covering cleaning, cooking, personal
care, laundry, table setting, and large-object transport. These activities involve objects of different sizes
and require varied combinations of locomotion, posture changes, and hand–object interaction. For
example, interacting with objects at different heights involves bending or reaching, while transporting
objects couples walking with sustained grasping. Continuous recordings capture transitions between
interactions and body–hand coordination throughout each task. Figure 2 summarizes the task, scene,
object, and motion distributions, while Supplementary Table 4 compares the dataset’s capture setup and
motion coverage with existing egocentric datasets.

Qualitative task diversity. Figure 4 presents 60 egocentric frames illustrating everyday tasks, scenes,
and manipulated objects. Each tile depicts one moment from a capture session. These examples illustrate
qualitative diversity and do not estimate dataset-wide task frequencies.

Figure 4: Representative examples from HUMANVERSE. Sixty first-person frames are arranged in a
12× 5 gallery to illustrate diversity in tasks, scenes, objects, and hand–object interactions.

3.3 Human Motion Reconstruction and Annotation

Temporal synchronization and language annotation. The GoPro and PICO run on independent clocks.
We assign each episode a time offset under the convention tpico = tgopro + ∆ and refine a capture-time
prior by cross-correlating GoPro gyroscope measurements with tracker-derived body angular velocity.
After applying this offset, video and body pose are resampled onto a common timeline over their
overlapping interval, with synchronization quality retained as an explicit diagnostic. Spoken instructions
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on the GoPro audio track are transcribed into episode-level language/task labels. The records retain
stable frame indices for reconstruction and alignment.

Body and hand motion. We reconstruct a synchronized human motion sequence from wearable body
tracking and egocentric video. The PICO system (PICO, n.d.) supplies timestamped 24-joint body
kinematics, while Dyn-HaMR (Yu et al., 2025) estimates 21 joints per hand using camera motion from
ViPE (Huang et al., 2025). Coordinate transforms register these trajectories to the synchronized video
frames. These body and hand trajectories provide the reference for robot alignment in Sec. 3.4.

Coordinate representations. We retain the camera trajectory and available camera-to-world and body-
frame transforms. Hand trajectories are stored both in current-camera coordinates for reprojection and
in an episode-fixed frame anchored at the first valid camera pose to preserve displacement over time.
Finger geometry is represented in wrist-local, palm-aligned, scale-normalized coordinates. These records
support the query-time camera coordinates and relative wrist targets defined in Sec. 4.1.

Annotation records. Each derived motion sequence retains source-frame indices, coordinate transforms,
conversion versions, per-track visibility, and estimator confidence. Raw recordings remain the canonical
source. Separate body and hand validity masks preserve usable body motion when hands are missing or
occluded, without filling missing poses by temporal interpolation. The body stream consists of wearable-
device kinematics; the hand trajectories are reconstructed from RGB. Appendix D.1 describes their quality
checks and data splits.

Figure 5 shows 16 examples pairing egocentric frames with their reconstructed motions.

3.4 Robot-Aligned Data Pipeline

Our robot-aligned data pipeline combines robot-free capture with hardware–software co-alignment
to the downstream embodiment (Fig. 3). Capture hardware and processing are designed together:
matched cameras and capture height reduce viewpoint differences, observation alignment addresses
visual appearance, and action alignment constructs compatible robot states and executable motion targets.
The two alignment dimensions are detailed below.

Action Alignment. We convert reconstructed human motion into G1 state–action supervision while
retaining the demonstrated end-effector targets (Fig. 6). Human-reference alignment first adapts SMPL
poses to robot body proportions. Robot-reference alignment then corrects residual end-effector errors
using G1’s kinematic model. The resulting reference is encoded into SONIC motion tokens (Luo et al.,
2026b), which dynamics-aware optimization refines using execution feedback. Targets from the original
human sequence (Sec. 3.3) are registered in local coordinates and kept fixed across stages.

Human-reference alignment. Starting from the reconstructed SMPL sequence, we uniformly scale a copy
of the human body to G1 height while retaining its joint angles and relative body proportions. The

Figure 5: Synchronized human motion and egocentric observations. Top: egocentric RGB frames.
Bottom: corresponding SMPL body meshes with MANO hand motion and illustrative camera frusta.
Camera frusta schematically illustrate viewing direction.
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Figure 6: Human-to-humanoid action alignment. (1) Human-reference alignment adapts SMPL poses;
(2) robot-reference alignment corrects robot joint trajectories. Both use kinematic corrections, followed
by (3) dynamics-aware optimization of motion tokens using execution feedback. Human end-effector
targets are retained throughout; poses and overlays are schematic.

demonstrated hand targets remain fixed in the interaction frame, so scaling can lower the hand below
its intended contact position. The hand offset exposed by the scaled body guides bounded corrections
to the original, unscaled SMPL pose through selected collar, shoulder, and elbow joints. Regularization
limits the correction magnitude and its temporal variation, while root travel, lower-body motion, spine
trajectories, and wrist-local rotations retain their recorded values. We correct the SMPL pose sequence,
encode it, and execute the motion in simulation:

q̃ = q + ∆q, b0 = S(Eh(q̃)) . (1)

Here, q and q̃ denote the original and corrected SMPL pose sequences, and ∆q contains the corrections to
the selected upper-body joints. SONIC’s human-motion encoder Eh converts the corrected human motion
into motion tokens. The simulation operator S executes these tokens in MuJoCo through the frozen
SONIC decoder in closed loop, returning the actual robot joint trajectory b0. This trajectory initializes
robot-reference alignment with G1’s actual geometry.

Robot-reference alignment. We refine the simulated joint trajectory using constrained whole-body inverse
kinematics (IK) with G1’s actual kinematic model. The optimization reduces task-relevant end-effector
errors while respecting joint and correction bounds, limiting deviations from b0, and preserving temporal
smoothness:

bref = IK(b0, p), z0 = Er(bref). (2)

Here, bref is the corrected kinematic reference trajectory, and p denotes the fixed human end-effector
targets registered in compatible local coordinates. The targets specify task-dependent end-effector
positions and orientations where available. SONIC’s robot-motion encoder Er converts bref into motion
tokens z0, which initialize dynamics-aware optimization to address errors during controller execution.

Dynamics-aware optimization. We replay z0 and optimize motion tokens to reduce the discrepancy between
realized end effectors and the fixed human targets. At iteration k, a rollout provides endpoint residuals
rk and controller observation history sk. With this history held fixed, the frozen SONIC decoder maps
candidate tokens to changes in joint commands. A local kinematic Jacobian and a learned response model
predict how those changes affect executed endpoints; token optimization seeks a predicted response that
compensates for rk, with regularization limiting the update. Gradients pass through the fixed decoder
and response model, while each candidate is evaluated in a fresh simulation rollout. Candidate selection
retains earlier solutions, including the initialization, and the selected sequence undergoes independent
replay to check endpoint tracking and stability.

Aligned state–action supervision. The accepted replay pairs the selected body-motion tokens with the
robot states realized under the same controller history. Finger motion from Sec. 3.3 is retargeted to
the bilateral BrainCo Revo2 hands (BrainCo, n.d.). The tokens are encoded from the temporal motion
sequence, preserving its evolution throughout the demonstration. We associate the body tokens, hand
commands, and realized states with the source video frames and retain their validity masks, yielding
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the human-derived Stage-II supervision (Sec. 4.2). Supervision is contributed only by episodes that pass
acceptance and independent replay after dynamics-aware optimization; failed conversions and invalid
targets are masked out rather than imputed, so HUMANVERSE’s recorded duration upper-bounds rather
than equals the usable supervision.

Observation Alignment. We reduce the visual gap between human demonstrations and robot de-
ployment through robot-arm rendering and training-time image augmentation (Chen et al., 2026). The
shared camera setup and matched camera height reduce the initial viewpoint difference. We use SAM2 to
segment human forearms and wrist-mounted PICO trackers, remove them with DiffuEraser, and render
G1 arms from the aligned robot joint positions. Translation, rotation, and uniform scale are adjusted
to match the human wrists and forearms before the rendered arms are composited onto the inpainted
backgrounds, retaining the surrounding scene and demonstrated interaction. During training, random
resized crops, small rotations, and photometric jitter account for residual viewpoint and appearance
differences caused by human and robot motion. The processed frames remain paired with the aligned
state–action supervision. At deployment, the policy takes robot camera images directly.

Data quality and splits. We partition HUMANVERSE by recording session before extracting temporal
windows and draw nested scaling subsets only from the frozen general-purpose training partition.
Task-specific human demonstrations for downstream post-training remain separate from this corpus, and
human-data selection does not consult the robot evaluation manifest. Appendix D.1 details the quality
checks, validity masking, and split protocol.

4 λ0: Learning Humanoid Control from Human Experience

We develop λ0 with a shared vision–language–action architecture and domain-specific interfaces to
transfer human experience to humanoid control. Training proceeds through egocentric hand-motion
pretraining, robot-aligned whole-body human mid-training, and robot post-training (Fig. 7). The robot-
compatible human supervision constructed in Sec. 3.4 connects the dataset to Stage II: it supplies
whole-body motion targets in the downstream embodiment’s format before native robot adaptation in
Stage III.

4.1 Policy Architecture and Action Interfaces

Architecture and inputs. λ0 combines a Qwen3.5-2B (Qwen Team, 2026) vision–language backbone
with a generative action expert. In Stages II and III, the policy takes an egocentric image, a language
instruction, and the current state. For G1, the 44-dimensional state contains 29 body-joint positions, six
hand commands per side, and three projected-gravity components. Following π0.5 (Black et al., 2025), we
discretize the state and append it to the instruction. The backbone supplies layer-wise features to the
action expert.

Action outputs and domain interfaces. The action expert predicts a 50-step action chunk; for G1, each
step contains a 64-dimensional SONIC motion latent and two 6-dimensional Revo2 hand commands,
totaling 76 dimensions. Stage I instead predicts future discrete bilateral hand-state tokens using only
the backbone. The action expert is introduced in Stage II and shared with Stage III. Human-derived
mid-training data and native G1 post-training data use the same state–action format (Appendix B.1)
but distinct domain identifiers and input/output projections. Following X-VLA (Zheng et al., 2025),
domain-specific projections and learned soft prompts support cross-domain transfer.

4.2 Three-Stage Training

Our training pipeline uses three data sources: public egocentric hand–object datasets (DE) for pretraining
on egocentric videos and hand poses, HUMANVERSE (DW) for mid-training on whole-body human
motion, and robot demonstrations (DR) for robot post-training.

Stage I predicts future hand-state tokens in the vision–language backbone. Stages II and III use the
masked velocity-field loss Lq defined in Sec. 4.3, with different data sources and active action interfaces.
Let ϕ(1) denote the Stage-I backbone parameters and θ(k) the action-policy parameters learned in Stages
II and III. Stage II initializes its backbone from the Stage-I EMA checkpoint and introduces the action
expert. Stage III initializes from the Stage-II EMA checkpoint.
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Figure 7: Three-stage training of λ0. The policy learns interaction from egocentric data, whole-body
coordination from HUMANVERSE, and downstream control from real-robot data.

Stage I: egocentric hand-motion pretraining. We initialize the vision–language backbone from a vision–
language checkpoint and train it to predict a future sequence of discrete bilateral hand-state tokens from
egocentric observations, the current hand state, and language (Fig. 7(a)). No action expert is trained in this
stage. Training uses EgoDex, EgoVerse, HO-Cap, HOI4D, HoloAssist, HOT3D, and VITRA-1M (Hoque
et al., 2026; Punamiya et al., 2026; Wang et al., 2025; Liu et al., 2022; Wang et al., 2023b; Banerjee et al., 2025;
Li et al., 2026a), with hand-pose supervision from either native ground-truth annotations or pseudo-labels
generated by open-source methods. Let SE denote these seven data sources. We sample datasets in
proportion to the square root of their usable frame counts Nd to increase the relative contribution of
smaller sources:

p1(d) =
√

Nd

∑d′∈SE

√
Nd′

, ϕ(1) = arg min
ϕ

Ed∼p1, τ∼Dd

[
LE

token(τ; ϕ)
]

. (3)

Here LE
token is the future hand-state token prediction loss. Each continuous bilateral hand state has 138

dimensions before discretization: 3D wrist position, 6D wrist rotation, and 20× 3 local hand-keypoint
coordinates per hand.

Stage II: robot-aligned whole-body human mid-training. During mid-training, HUMANVERSE demon-
strations are converted into the G1 state–action format (Fig. 7(b)). The robot-aligned data pipeline
combines robot-free capture with hardware–software co-alignment to the downstream whole-body
embodiment. Observation alignment combines matched camera configuration and viewpoint with
visual processing; action alignment converts human motion into robot-compatible states and action
targets through reference correction and execution refinement. Stage II learns from this aligned interface
before robot post-training. The pipeline separates human-data acquisition from the target embodiment;
here its concrete realization uses the G1 observation and action spaces. This uses the body-motion
and hand-command conversion in Sec. 3.4; the supervision remains human-derived rather than native
robot experience. Each 76-dimensional action comprises a 64-dimensional SONIC motion token and
two 6-dimensional Revo2 hand commands. Human-derived and native robot data use distinct domain
identifiers and separate input and output projections for scale differences. Denoting the conversion by
ΦR and the human-domain loss by LH , we initialize the backbone from Stage I, introduce the action
expert and human-data projections, and optimize

θ(2) = arg min
θ: ϕ←EMA(ϕ(1))

Eτ∼ΦR(DW )[LH(τ; θ)]. (4)

We update the backbone, action expert, and human-data projections during this stage.

Stage III: robot post-training. We post-train the policy on robot demonstrations to adapt the motion
and interaction patterns learned in the preceding stages to downstream tasks and executable robot control
(Fig. 7(c)). The post-training objective is

θ(3) = arg min
θ←EMA(θ(2))

Eτ∼DR [L
R(τ; θ)]. (5)

We jointly optimize the model, embodiment conditioning, and active interfaces.
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4.3 Training Objective and Deployment

Masked velocity-field objective for Stages II and III. Stages II and III use flow matching following
π0.5 (Black et al., 2025). Our loss Lq averages squared prediction error over valid target entries, excluding
missing annotations and any provided action prefix. Inference uses 10 Euler steps from Gaussian noise to
actions, keeping any provided action prefix fixed.

Deployment. At deployment, λ0 uses G1’s egocentric image, language instruction, and proprioceptive
state with the robot-domain identifier and projections (Fig. 7(c)). The predicted 64-dimensional motion
token drives the SONIC whole-body controller, and the two 6-dimensional hand commands drive the
Revo2 hands. Deployment requires no human motion streams.

5 Experiments on Humanoid: Alignment, Scale, and Transfer

We first validate aligned human supervision across whole-body manipulation and long-range loco-
manipulation (Sec. 5.1), then evaluate λ0’s three-stage recipe under the task and scoring protocols
below. We organize the evaluation around three questions: whether human supervision advances
humanoid capabilities, how its scale and training stages shape learning, and whether these learning gains
translate into better control and generalization. We ask: Q1. Can human supervision advance humanoid
loco-manipulation? (Sec. 5.2); Q2. How do the scale and training stages of human supervision shape humanoid
learning? (Sec. 5.3); Q3. Can human data improve control and generalization? (Sec. 5.4).

5.1 Effectiveness and Efficiency of Robot-Aligned Human Data

We assess robot-aligned human supervision along two dimensions: the behaviors it enables without
target-task robot demonstrations, and the collection effort needed to learn them. EgoHumanoid-V2 (Chen
et al., 2026) and EgoAlign (Jiang et al., 2026b) provide complementary evidence across whole-body
manipulation and long-range loco-manipulation.

EgoHumanoid-V2 (Chen et al., 2026) EgoAlign (Jiang et al., 2026b)
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Figure 8: Task progress from aligned human demonstrations. Scores include partial completion; long-
range results average seen and unseen target locations. N/R indicates missing before-alignment scores.

Effectiveness across task families. Figure 8 covers four whole-body tasks and three long-range tasks,
with mean progress of 51.7% and 76.2%, respectively. Paired whole-body comparisons show the benefit
of alignment, while long-range evaluations cover relocation, navigation, and foot interaction at seen and
unseen target locations. These results motivate the subsequent training and scaling studies.

Performance relative to collection effort. Figure 9 shows competitive robot performance with sub-
stantially lower human-data collection costs. In EgoHumanoid-V2 (Chen et al., 2026), averaging Close
Laptop and Pull Curtain, human collection reduces mean labor per demonstration by 76.4%; policies
trained on 200 human demonstrations reach a mean task score of 53.3%, compared with 60.0% from 50
robot demonstrations. For long-range object relocation, EgoAlign (Jiang et al., 2026b) reduces labor per
demonstration by 90.4% (25 versus 260 person-seconds, with one person for human capture and two for
teleoperation), including resets.

5.2 Q1: Can Human Supervision Advance Humanoid Loco-Manipulation?

We evaluate whether the human-supervised training recipe improves humanoid loco-manipulation
across simulation and real-world tasks by comparing λ0 with established policy baselines.
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Figure 9: Task performance and collection labor with human or robot supervision. Equal-weight
means over Close Laptop and Pull Curtain. Left: task scores versus demonstrations per task, evaluated
over 20 trials per policy. Right: person-seconds per demonstration, including capture, amortized setup,
calibration, troubleshooting, and resets, with one person for human capture and two for teleoperation.

Figure 10: Real-world data collection and evaluation. (a) Egocentric teleoperation collects whole-body
demonstrations. (b) Four loco-manipulation tasks evaluate task success. (c) Robot-seen and robot-unseen
objects are used for standard task and generalization evaluation, respectively.

Hardware. A PICO 4 Ultra with five trackers captures body motion, which SONIC converts into Unitree
G1 control signals (Fig. 10(a)). We use HexaCercle M11 gloves to capture hand poses robustly under
occlusion and map the captured finger motion to control the BrainCo Revo2 hands. A head-mounted
GoPro provides egocentric RGB, synchronized with whole-body demonstrations on G1’s computer.

Evaluation. We evaluate six core SIMPLE tasks (Wei et al., 2026a) at Levels 0–2 with ten rollouts per
task–level pair, and four real-world tasks shown in Fig. 10(b), with ten frozen initial configurations per
task and policy. Fixed initial conditions support consistent policy comparisons. We report task success
and progress to capture full and partial completion. Progress sums fixed milestone scores, normalized
to 100 per task and averaged equally across tasks. Standard trials use robot-seen objects in Fig. 10(c).
Generalization uses objects seen only in human demonstrations.

Baselines. Simulation baselines come from the public SIMPLE leaderboard (Wei et al., 2026a). Public
entries retain their source protocols. We evaluate StarVLA and λ0 ourselves. Real-world baselines
include π0.5 (Black et al., 2025), GR00T N1.6 (GEAR Team et al., 2025), Ψ0 (Wei et al., 2026b), and
StarVLA (StarVLA Community, 2026). All methods use identical initial configurations and scoring
criteria for consistent comparisons.

Real-world evaluation. Table 1 reports the highest average success rate (62.5%) and weighted progress
(80.4%) for λ0, exceeding the strongest external baselines by 22.5% and 25.8%, respectively. It achieves
the highest success count on all four tasks, with the largest progress gain on bottle disposal (51.0%), and
keeps progress above 75% on every task. Chair placement separates the two metrics: λ0 completes 6/10
trials to StarVLA’s 3/10 yet trails on progress (77.0% versus 82.5%).

Simulation evaluation. Table 2 reports 90.0% overall success for λ0, exceeding StarVLA and Ψ0 by 3.9%
and 4.4%, respectively. It leads StarVLA at every level (90.0%, 93.3%, and 86.7% at Levels 0–2), though

12



Table 1: Real-world task performance. We report success rates over ten trials and weighted progress (%)
for each task. Averages weight the four tasks equally.
Method Bottle Disposal Toy Storage Box Transport Chair Placement Average

π0.5 (Black et al., 2025) 2/10 28.0 5/10 64.5 5/10 58.0 4/10 65.5 16/40 54.0
GR00T N1.6 (GEAR Team et al., 2025) 0/10 10.0 1/10 19.0 0/10 10.0 2/10 46.0 3/40 21.3
Ψ0 (Wei et al., 2026b) 1/10 26.5 2/10 30.0 1/10 37.5 0/10 33.0 4/40 31.8
StarVLA (StarVLA Community, 2026) 0/10 10.0 5/10 55.0 3/10 71.0 3/10 82.5 11/40 54.6

λ0 (Ours) 5/10 79.0 7/10 81.0 7/10 84.5 6/10 77.0 25/40 80.4

Table 2: SIMPLE task performance. Success rates (%) at Levels 0–2 with ten trials per task–level pair.
Average is computed per level. Overall averages all 18 task–level pairs.
Model XMovePick BendPick Handover Mobile P&P Grasp XMoveBendPick Average Overall

H-RDT (Bi et al., 2026) 0/0/20 0/0/10 0/10/0 0/0/0 0/0/0 0/0/0 0.0/1.7/5.0 2.2
InternVLA-M1 (Chen et al., 2025) 0/0/0 50/50/0 0/0/0 0/0/0 0/0/0 30/50/70 13.3/16.7/11.7 13.9
EgoVLA (Yang et al., 2026b) 0/10/20 70/50/80 0/40/30 0/0/0 100/100/70 30/50/40 33.3/41.7/40.0 38.3
Diffusion Policy (Chi et al., 2025) 30/30/20 100/80/60 30/20/40 40/0/0 80/90/80 0/0/0 46.7/36.7/33.3 38.9
GR00T N1.6 (GEAR Team et al., 2025) 100/100/70 70/70/60 10/30/30 0/0/0 90/90/70 40/40/10 51.7/55.0/40.0 48.9
π0.5 (Black et al., 2025) 70/50/10 100/100/80 50/40/50 30/30/30 100/100/80 0/0/0 58.3/53.3/41.7 51.1
DreamZero (Ye et al., 2026) 100/100/100 90/90/80 70/80/90 50/30/30 90/100/70 0/0/10 66.7/66.7/63.3 65.6
ACT (Zhao et al., 2023) 100/100/50 100/90/90 70/70/100 50/50/50 100/100/80 90/100/100 85.0/85.0/78.3 82.8
Ψ0 (Wei et al., 2026b) 100/100/60 100/100/100 70/70/100 70/50/60 100/100/80 100/90/90 90.0/85.0/81.7 85.6
StarVLA (StarVLA Community, 2026) 100/90/90 70/90/70 80/80/100 90/80/80 90/100/70 70/100/100 83.3/90.0/85.0 86.1

λ0 (Ours) 100/100/80 100/100/100 90/100/100 90/70/70 100/90/80 60/100/90 90.0/93.3/86.7 90.0

the margin narrows to 1.7% at Level 2. It reaches 100% on BendPick at all levels and on Handover at
Levels 1 and 2; Mobile P&P is the weakest case, trailing StarVLA at Levels 1 and 2 (70% versus 80%).

5.3 Q2: How Do the Scale and Training Stages of Human Supervision Shape Humanoid Learning?

We examine how the amount and staging of human supervision affect learning. Controlled Stage-II
scaling experiments measure validation loss and training dynamics, while stage ablations assess the
contribution of each human-data stage to downstream performance.

Validation-loss scaling. To isolate human-data scale in Stage II, we train the same 2B model for 100k
updates on nested 5%, 10%, 25%, 50%, and 100% subsets with a fixed seed and optimization schedule.
Every 1k updates, we evaluate two fixed, session-disjoint holdouts: clean contains sessions with upper-
quartile whole-body and bilateral-hand annotation validity, while representative is stratified by data source
and annotation validity to reflect the full data distribution. Following EgoScale (Zheng et al., 2026b), we
analyze training dynamics and minimum loss at each scale.
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Figure 11: Human-data scaling of validation loss. (a) Training curves on representative and clean
holdouts at five data fractions. (b) Minimum validation loss versus data scale with descriptive log-linear
fits over the measured range. Minima are selected independently on each holdout.

Training dynamics. Fig. 11(a) shows later validation-loss minima at larger data scales. At 5% and
10%, representative loss reaches its minimum at 6k and 12k updates, then finishes 24.7% and 19.0%
higher. On clean, the increases are 27.6% and 18.1%. At 50% and 100%, final losses remain within 1.4%
of the minima on representative and 0.9% on clean. At 50%, the minima occur at 37k/58k updates on
representative/clean. At 100%, they occur at 99k/98k. The 25% run forms an intermediate regime: both
holdouts reach their minima near 22k updates and finish only 6.4–6.5% higher. Larger datasets thus
support longer training before validation loss rises, while smaller subsets benefit from earlier checkpoint
selection. Comparing only final checkpoints would confound the effect of data scale with late-stage
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degradation.

Scaling trend. Fig. 11(b) compares minimum validation losses across data scales. From 5% to 100%,
loss falls by 35.5% on representative and 40.6% on clean. Fitting L̂h(D) = ah + bh ln D gives R2 =
0.9868/0.9901 and per-doubling reductions of 0.000900/0.000877 for representative/clean. Clean has
lower loss throughout, while slope magnitudes differ by only 2.7%, indicating similar scaling responses
despite their different annotation-validity distributions. These single-run fits describe the measured
range without establishing cross-seed reproducibility or extrapolation.

Training-stage ablations under fixed robot supervision. Table 3 ablates the two human-data stages.
SIMPLE success is 90.0% with the full recipe, 87.8% without Stage I, 82.3% without Stage II, and 79.4%
without both. Real-world success/progress is 62.5%/80.4% for the full recipe, 50.0%/75.9% without Stage
I, 22.5%/59.9% without Stage II, and 15.0%/54.0% without both. Removing Stage II reduces real-world
success far more than removing Stage I (40.0% versus 12.5%): whole-body mid-training contributes more
than the interaction priors from egocentric hand data.

Table 3: Training-stage ablations with fixed robot supervision. Filled/open circles indicate in-
cluded/removed data. Metrics report SIMPLE success and real-world averages across four tasks.

Variant S1 S2 Robot SIMPLE (%) Real-world (%)

L0 L1 L2 Overall Success Progress

w/o human-data pretraining ◦ ◦ • 83.3 83.3 71.7 79.4 15.0 54.0
w/o Stage II mid-training • ◦ • 83.6 86.7 76.7 82.3 22.5 59.9
w/o Stage I pretraining ◦ • • 88.0 91.7 83.7 87.8 50.0 75.9
λ0 (Full Recipe) • • • 90.0 93.3 86.7 90.0 62.5 80.4

5.4 Q3: Can Human Data Improve Control and Generalization?

We test whether human-data training translates into better downstream control and generalization. We
measure task progress as Stage-II data increases, then evaluate human-guided transfer to instances absent
from robot demonstrations.

Downstream task-progress scaling. Fig. 12 reports
task progress of 59.9%, 64.2%, 67.3%, 72.1%, 76.4%, and
80.4% at 0%, 5%, 10%, 25%, 50%, and 100% Stage-II data,
respectively. The endpoints match the no-Stage-II and
full-recipe results in Table 3. We fix Stage-I initializa-
tion, model capacity, robot demonstrations, Stage-III
update budget, and evaluation configurations. Nonzero
fractions share Stage-II update budgets and checkpoint
selection. Progress increases monotonically across these
fractions, gaining 20.5% from no Stage II to the full cor-
pus.
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Figure 12: Average real-world task progress
versus Stage-II human-data fraction.

Generalization with human demonstrations. To assess generalization, we evaluate whether human
demonstrations improve performance on object instances absent from robot demonstrations across the
four real-world tasks. For each method, we train a policy using robot demonstrations of object instances
A and human demonstrations of A and B. Thus, B is observed in human demonstrations but absent
from robot demonstrations. Seen ( ) and Human-guided ( ) evaluate this same policy on A and
B, respectively. Robot-only ( ) evaluates a robot-only variant on B under matched initializations and
scoring; unlike Sec. 5.1, it uses robot demonstrations of other objects within the same task.

λ0 achieves the highest mean Human-guided progress at 55.8%, compared with 46.5% for the strongest
baseline, π0.5 (Fig. 13). Compared with its Robot-only variant, λ0 improves progress on all four tasks,
increasing the average from 48.4% to 55.8%, a gain of 7.4%. These results support human-data training as
a means of improving performance on robot-unseen, human-observed object instances, although perfor-
mance remains below the Seen setting. The comparison measures the combined benefit of human-data
training; it does not isolate the contribution of human B demonstrations from human A demonstrations
or earlier human pretraining, nor does it vary human-data scale.
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respectively. Robot-only evaluates a policy trained without human data, using robot demonstrations of
A, on B. B is absent from robot demonstrations in both training recipes; it is human-observed only in the
joint-data recipe.
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6 Conclusion

We presented λ0, a whole-body humanoid vision–language–action policy that transfers human experience
through three-stage training. We introduced HUMANVERSE, a 500-hour dataset of diverse open-world
human activities with synchronized egocentric video, body motion, and hand motion. We document
collection throughput and data-quality controls, while our human-data validation achieves 51.7% and
76.2% progress on whole-body manipulation and long-range loco-manipulation, respectively, without
target-task robot demonstrations. For λ0, robot-compatible supervision derived from HUMANVERSE
supports robot-aligned whole-body human mid-training before native robot adaptation. Experiments
on SIMPLE and four real-world tasks demonstrated improved performance on loco-manipulation tasks,
including evaluations with robot-unseen, human-observed object instances. Controlled experiments
revealed consistent benefits from scaling whole-body human data and highlighted the contribution
of whole-body mid-training. These findings support scalable human activity as rich supervision for
humanoid control.
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Appendix

We provide a project website and an overview video to accompany the paper. Dataset construction is
presented in Sec. 3, policy architecture and action interfaces in Sec. 4.1, and evaluation settings and results
in Sec. 5. The supplementary material below provides data-quality and split-validation details, additional
training formalism and implementation details, baseline implementations, and validation-scaling analysis
details.

A Dataset and Related-Work Comparisons

Dataset scope, motion reconstruction, and robot alignment are described in Sec. 3. The following
comparisons summarize the data interfaces and experimental questions of related resources and methods.

A.1 Egocentric Dataset Comparison

Table 4 compares capture setups, motion coverage, and documented humanoid interfaces.

Table 4: Egocentric human-data resources and documented training interfaces. Body and hand coverage
refers to supervision, not what appears in RGB. NR: not reported in the cited source. This does not imply
incompatibility.

Resource Hours Body / hands SMPL Humanoid interface Capture setup

EgoDex
(Hoque et al., 2026)

829 Upper body and
articulated hands

NR NR in dataset release Apple Vision Pro

HOT3D
(Banerjee et al., 2025)

13.9 Hands and objects
without full-body
coverage

NR NR Aria / Quest 3 with
external tracking

NymeriaPlus
(DeTone et al., 2026)

NRa Full body, finger
motion NR

Provided NR Aria, wristbands, XSens

EgoHumanoid
(Shi et al., 2026)

NR Full body and
articulated hands

NR G1: wrist targets +
locomotion
commands

PICO + trackers, ZED X
Mini

EgoScale
(Zheng et al., 2026b)

20,854 Wrist and hand
action supervision

NR G1 transfer via wrist
/ hand interface

Multiple human-data
sources

Index
(Figure, 2026)

NR Pose schema NR NR Figure / Helix, G1
NR

Distributed creator
recordings

EgoSuite-Open100K
(Lightwheel AI, 2026)

10kb Hands, full body
in body subsets

NR NR (LeRobot is a
storage format)

Head camera, wrist
views in Pro

HUMANVERSE
(Ours)

500 Tracked full body
and reconstructed
hands

Compatible SONIC body tokens
and G1 training
views

Portable PICO + GoPro

aNymeriaPlus upgrades the 300+ h Nymeria corpus. Its retained duration after sequence filtering is not separately specified here. bThe
August 26, 2026 announcement reports 10k h initially available out of 100k h planned, including 12k h of planned full-body subsets. These
planned hours are not counted as released full-body data. SMPL compatibility and a demonstrated robot interface are distinct. Our body
stream is device-derived kinematics, not optical motion-capture ground truth. Hand geometry is reconstructed offline. Capture hardware is
listed without an unverified cost ranking.

A.2 Related-Method Comparison

Table 5 compares the human supervision, training strategies, and controlled scaling axes of related
approaches.
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Table 5: Problem-level comparison with the closest humanoid VLA and world-action studies. “Gen-
eral” denotes human data not collected for the downstream evaluation tasks. “Task-targeted” denotes
demonstrations whose task or object coverage is selected for the downstream study. This table compares
experimental questions rather than reported scores.
Method Human signal Role in training Controlled scale Primary question

WholeBodyVLA
(Jiang et al., 2026a) 300 h action-free egocentric

video
latent locomotion pre-training,
robot manipulation latents, and
teleop grounding

0–100% video × teleop trajec-
tories

Can visual latent actions reduce
loco-manipulation teleoperation?

EgoHumanoid
(Shi et al., 2026) same-task RGB and wearable

motion
direct human–robot co-training
after view/action alignment

0–300 human demonstrations
and sampling ratio

Can task-matched human data im-
prove scene generalization?

Ψ0
(Wei et al., 2026b) 829 h wrist/fingertip-labeled

EgoDex video
task-space VLM pre-training
before robot joint-action learn-
ing

full EgoDex versus 10% Which staged data recipe yields
an effective humanoid foundation
model?

OpenHLM
(Hu et al., 2026) task-targeted stationary HuMI

motion
heterogeneous co-training after
whole-body VLA adaptation

whole-body teleop count and
data-source choice

Which interfaces and data sources
yield a whole-body-native VLA?

ω-0
(Li et al., 2026b) public human video and

whole-body motion (ARCTIC,
Xperience-10M, Motion-X)

action-token VLM pre-training
and SONIC replay for predic-
tive action-latent learning

human-data volume scaling
not reported; data-source and
model ablations

Can latent visual foresight im-
prove concurrent whole-body
loco-manipulation?

λ0 500 h synchronized RGB, full-
body motion, and bilateral
hands

human-data mid-training fol-
lowed by robot post-training

0–100% Stage-II human data
with a fixed robot budget

What scales with explicit whole-
body human experience under
fixed grounding?

B Action Interfaces and Training Details

The interfaces below specify the hand-state tokens used in Stage I and the G1-compatible supervision
used in Stages II and III. Architecture and training details complement Sec. 4.

B.1 State–Action Definitions

Egocentric hand-state token interface. For hand χ ∈ {L, R}, let pχ
t ∈ R3 and Rχ

t ∈ SO(3) denote the
wrist pose, let ρ6(R) ∈ R6 be its continuous 6D representation, and let gχ

t ∈ R60 contain the 20 non-wrist
joints in a wrist-local, palm-aligned, scale-normalized frame. The current hand state is

ht =
[
pL

t , ρ6(RL
t ), gL

t , pR
t , ρ6(RR

t ), gR
t

]
∈ R138. (6)

We follow the state discretization of π0.5 (Black et al., 2025): each normalized scalar is assigned to one of
256 uniform bins over [−1, 1], and the bin indices are serialized as text and passed through the vision–
language tokenizer. We apply this rule to the current hand state in the input and to each hand state in the
future sequence used as the Stage-I prediction target. Stage I predicts future hand-state tokens without
an action expert or continuous action head.

G1-compatible whole-body interface. Let zt ∈ R64 be the motion token produced by the frozen SONIC
encoder. For converted human data, a closed-loop free-base G1 rollout provides 29 body-joint positions
and projected gravity gproj

t ∈ R3, while hand retargeting provides six normalized Revo2 commands per
side. Its interface is

sR
t =

[
q1:29

t , uL
t , uR

t , gproj
t

]
∈ R44,

aR
t+h =

[
zt+h, uL

t+h, uR
t+h

]
∈ R76.

(7)

Native G1 post-training data use the same state–action format, with distinct domain identifiers and
separate input and output projections. Other embodiments, including SIMPLE, retain their native state
and actuator blocks. Variable-width states and actions are padded only at collation time. Masks remove
padding, episode boundaries, failed conversions, and invisible hands from supervision.

B.2 Model Architecture

Backbone and action expert. The Qwen3.5-2B backbone supplies projected features to corresponding
layers of the shared action expert. Domain-specific input projections encode noisy actions and sinusoidal
noise embeddings, while output projections predict action-space velocities. Following X-VLA (Zheng
et al., 2025), we use embodiment-conditioned soft prompts; our configuration uses 32 prompt tokens and
a learned embodiment bias.
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Action prediction. Stages II and III use flow matching following π0.5 (Black et al., 2025). The loss
averages squared velocity error over valid scalar targets, excluding missing annotations, padding, and
action prefixes, without action-block reweighting. For real-time chunking (RTC), half of the training
samples have no prefix; the remainder use up to eight valid prefix steps, kept noise-free and excluded
from the loss. Each observation uses four independent noise realizations during mid-training and
post-training. Stage I predicts discrete hand-state tokens within the backbone.

B.3 Training Configuration

Table 6 summarizes the default 2B training schedule. The EMA is updated after each optimizer step with
decay 0.999; the Stage-I backbone EMA initializes Stage II, and the Stage-II policy EMA initializes Stage
III.

Table 6: Default training schedule for the 2B model. Stages II and III predict 50-step action chunks.
Stage Optimizer updates Updated modules

I 200k Vision–language backbone
II 100k Backbone, action expert, human-data projections
III 50k Backbone, action expert, robot interfaces and conditioning

Stage I uses a global batch size of 1024, a base learning rate of 10−5, and a 0.1 learning-rate multiplier on
the vision–language backbone. Data sources and square-root sampling are defined in Sec. 4.2. VITRA-1M
additionally indexes activity from Ego4D, EPIC-KITCHENS, Ego-Exo4D, and Something-Something
V2 (Grauman et al., 2022; Damen et al., 2022; Grauman et al., 2024; Goyal et al., 2017). Stage-II supervision
is constructed offline using the frozen SONIC controller in a G1 MuJoCo environment and bilateral hand
retargeting. Stage III uses native robot demonstrations, with the same state–action format but distinct
domain identifiers and projections.

C Evaluation Protocols

C.1 Baseline Implementations

We adapt the four baselines to the G1 interface in Eq. 7, using absolute actions sampled at 50 Hz and a
50-frame future buffer. Dataset-specific normalization uses training statistics. Each baseline retains its
upstream training implementation and checkpoint format.

GR00T N1.6. We use the official Eagle vision–language backbone and N1.6 flow action expert with its
128-dimensional action-expert capacity. The action projector is reinitialized when its dimensions change.
Training uses a 50-step action horizon, learning rate 10−4, and effective batch size 64. We initialize from
the official pretrained GR00T N1.6 weights.

Ψ0. We use Qwen3-VL-2B with the official Ψ0 flow action expert and SonicTrainer, with a 30-frame
real-SONIC action chunk and RTC enabled with maximum delay 8. The VLM is frozen, the action expert
is adapted with learning rate 10−4, 1,000 warm-up steps, cosine decay, and the released vision–language
and action-expert checkpoints.

π0.5. We use the openpi JAX implementation with the official pretrained π0.5 parameters, an effective
batch size of 32, and the native action-sampling code.

StarVLA. We use Qwen3-VL-4B with the QwenPI-v3 layerwise flow-matching action model, a 50-step
action horizon, four noise realizations per observation, and ten inference steps. The released configuration
uses learning rates 10−5 for the VLM and 10−4 for the action model, cosine decay, gradient clipping at 1,
and a 50k-step budget. The action expert is randomly initialized unless a checkpoint is supplied.

C.2 Simulation Evaluation

We evaluate the six core SIMPLE leaderboard tasks reported in Table 2. Each task has ten rollouts at
each of Levels 0, 1, and 2. An entry a/b/c in Table 2 denotes success rates in percent at these three levels.
For successful-trial count nk,l on task k at level l, the main-table metrics are Sl = 100 ∑6

k=1 nk,l/60 and
Soverall = (S0 + S1 + S2)/3. λ0 uses single-task training. StarVLA and λ0 entries are from our evaluations.
Public baseline entries retain their source protocols.
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The λ0 summary selects the best recorded configuration separately for each task, rather than a shared
checkpoint and inference setting. All six SIMPLE tasks use the velocity-field action head. The six tasks
sum to 162 successes in 180 trials. Configuration selection was not established here as validation-only.
These numbers should not be interpreted as a fixed-configuration comparison. The Full Recipe row in
Table 3 uses the same task-wise summary. Matched checkpoint and inference selection across ablations
remains to be verified.

Public baseline counts follow the official leaderboard accessed September 13, 2026, including its updated
ACT results. Mobile P&P corresponds to locomotion pick between tables.

C.3 Real-World Evaluation and Scoring

Evaluation setup. Each policy is evaluated on ten fixed initial configurations per task, with shared
objects, target regions, instructions, timeouts, and success criteria. Configuration order is randomized
per policy; trial videos and state logs retain identifiers, while manual adjudicators are blinded to model
identity. We report success counts and mean progress over the ten trials, averaging equally across tasks
without pooling training seeds or reporting seed-based confidence intervals. This protocol applies to the
baseline comparisons and training-stage ablations in Tables 1 and 3.

Progress and autonomous success. Progress sums the points for completed stages in Table 7, totaling
100 per task; each stage is scored independently of preceding stages, with the same weights across
methods and data scales. Contact alone does not count as a stable grasp, and lifting requires clearance
from the supporting surface. For bottle disposal, approach requires the hand to enter the grasp region,
arrival requires a pose suitable for pedal operation and disposal, and pedal contact scores only if the lid
opens enough to admit the bottle. The five-point stability stage requires three seconds of unsupported
standing without unintended collision. Full-task success is recorded separately and requires the table’s
terminal condition to hold for three seconds. Human contact with the robot, object, or environment after
execution begins disqualifies autonomous success; assisted continuations are reported separately, and
safety and intervention are logged for every task.

Table 7: Operational definitions for the real-world evaluation. Progress is the sum of point values for
completed stages (shown in parentheses, totaling 100 per task). Terminal success additionally requires
the task-specific predicate to remain satisfied for three seconds.

Task Scored task stages (points) Terminal success predicate

Bottle disposal 1. Approach the bottle (10)
2. Grasp stably (15)
3. Lift clear of the table (15)
4. Arrive at the bin (15)
5. Press the pedal to open the lid (20)
6. Release the bottle into the bin (20)
7. Remain stable after disposal (5)

Bottle fully inside the trash can
and robot standing without con-
tact assistance

Single-hand toy storage 1. Approach the toy (10)
2. Establish contact (15)
3. Grasp stably (20)
4. Lift clear of the table (15)
5. Transport above the box (15)
6. Place inside the box (20)
7. Release with the toy remaining inside (5)

Toy fully inside the box, released,
and not displaced during hand
withdrawal

Bimanual parts-box
transport

1. Approach the box (10)
2. Establish bilateral contact (15)
3. Establish a stable grasp (20)
4. Lift clear of the table (15)
5. Transport above the target surface (20)
6. Place on the target surface (15)
7. Release with the box remaining stable (5)

Box inside the target region, both
hands released, and no contained
parts spilled

Chair placement 1. Approach the chair (10)
2. Turn and align with the chair (15)
3. Establish bilateral contact (10)
4. Grasp stably and initiate pushing (20)
5. Push continuously toward the table (20)
6. Complete insertion under the table (20)
7. Release and stop safely (5)

Chair footprint, position, and
yaw satisfy pre-registered under-
table tolerances, with the robot
released and stable
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D Human-Data Scaling and Ablation

D.1 Data Quality and Scaling Protocol

Data quality. A frozen manifest tracks each episode from capture through reconstruction and robot
conversion. It records the participant, session, environment, activity, duration, frame count, body-
tracking coverage, per-hand visibility, coordinate metadata, conversion version, and train or validation
assignment.

Structural checks require monotonic timestamps, overlapping video and tracking intervals, declared
coordinate conventions, consistent stream lengths, and finite unmasked values. Geometric checks re-
project reconstructed hands into RGB; a synchronized viewer supports manual inspection of images,
camera-frame and episode-frame hand trajectories, and body motion. Reprojection error, estimator
confidence, tracking coverage, and conversion failures remain explicit diagnostic fields. The predefined
data contract determines inclusion: invalid target dimensions are masked, while conversion failures are
recorded. These checks assess data integrity; synchronized visualizations provide qualitative reconstruc-
tion diagnostics. Dataset summaries report duration, episode count, participant and environment counts,
activity distribution, bilateral-hand visibility, tracking coverage, and conversion failure rate.

Data splits and validation. We partition HUMANVERSE by recording session before extracting temporal
windows, so all windows from an episode inherit the same split. Task-specific human demonstrations
collected for downstream post-training remain separate from the general-purpose mid-training corpus.
Session, object-instance, and evaluation-configuration identifiers track experimental separation; human-
data selection does not consult the robot evaluation manifest.

Clean contains held-out sessions whose frame-weighted validity ratios for both SONIC whole-body and
bilateral hand annotations reach their respective upper-quartile thresholds in the original split. Here,
clean refers to annotation validity rather than appearance or task difficulty. Representative is stratified
by data source and quartile bins of the two validity ratios. The sets contain 1,008 and 513 episodes,
respectively, each from 44 capture sessions. Their sessions are mutually disjoint and excluded from
training; both sets remain fixed across data fractions.

Scaling protocol. The human-data scaling axis is expressed as a fraction of the frozen HUMANVERSE
training partition, with validation sessions excluded before subset construction. The 0%, 5%, 10%, 25%,
50%, and 100% conditions define the evaluation grid for Fig. 12. Nonzero subsets are nested, sampled at
the episode level, and stratified by activity and recording session before chunk extraction. The Stage-I
checkpoint, robot post-training set, Stage-III update budget, validation sets, and evaluation manifest
remain fixed. The primary compute-matched comparison uses the same number of Stage-II optimizer
updates for every nonzero fraction; the 0% reference omits Stage II.

Fig. 11 reports the 2B model at the five nonzero fractions, each trained for 100k updates with seed 43.
Total validation loss is evaluated every 1k updates with validation seed 20260813.

Following EgoScale (Zheng et al., 2026b), we analyze validation dynamics and minimum loss separately.
Each holdout’s minimum is selected independently over the full 0–100k-update window, so the selected
steps may differ. We fit L̂(D) = a + b ln D by unweighted ordinary least squares to the five measured
minima, where D ∈ {5, 10, 25, 50, 100} is the training-data percentage. Each fraction has one run, without
across-seed error bars. Fits describe only the observed range; their R2 values measure in-sample fit,
without establishing cross-seed reproducibility, equal slopes, or extrapolation accuracy. Similar absolute
improvements need not imply similar relative improvements. Closed-loop robot performance is evaluated
separately from these offline prediction metrics.

D.2 Training-Stage Ablations

The study varies the inclusion of Stage-I pretraining and Stage-II mid-training while retaining vision–
language initialization and Stage III in every variant. The w/o human-data pretraining condition omits
both stages; the other two ablations omit Stage I or Stage II individually. Architecture and action
representations are unchanged. Table 3 reports these variants and the full recipe on the four real-world
tasks, with ten trials per task and progress averaged equally across tasks. SIMPLE configuration-selection
limitations are described in Appendix C.2.
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D.3 Generalization

The protocol covers all four real-world tasks. Let DR
A denote robot demonstrations of object instance

A, and let DH
A and DH

B denote human demonstrations of A and B. No robot demonstrations of B are
used. A joint-data policy is trained with DR

A ∪ DH
A ∪ DH

B . A robot-only comparison uses DR
A without

human-data training. Seen evaluates the joint-data policy on A, Human-guided evaluates that same policy
on B, and Robot-only evaluates this robot-only policy on B. The Robot-only condition therefore measures
object-instance generalization within a demonstrated task using a policy trained without human data,
distinct from the target-task-robot-free setting in Sec. 5.1.

The Human-guided and Robot-only conditions use the same B instances and evaluation configurations,
holding the instruction, scene, target region, initial robot configuration, and success predicate fixed.
Robot A data are shared across the two training recipes. Success and weighted progress follow the paired
real-world protocol. This comparison tests the combined benefit of human-data training. It does not
isolate the contribution of human B demonstrations from human A demonstrations or earlier human
pretraining. Fig. 13 reports mean weighted progress over 10 trials per task, method, and condition (600
trials). The Seen values come from the generalization evaluation, whereas Table 1 uses the standard-task
evaluation records. These results are reported separately. Its solid checked and dashed object icons
indicate presence and absence in robot demonstrations only. B is human-observed for Human-guided
but unobserved in the robot-only recipe.
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