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Figure 1. This paper investigates large-scale pre-training and post-training with egocentric human data. We curate a large-scale Physical
Human-humanoid$ Dataset, dubbed PH®D, to train a base model to model egocentric human-humanoid behavior. Empirically, we show
that Human, achieves several interesting properties, including strong language following of instructions unseen in robot data, few-shot

execution, and improved on-task performance.

Abstract

Egocentric videos are a valuable and scalable data source
to learn manipulation policies. However, due to significant
data heterogeneity, most existing approaches utilize human
data for simple pre-training, which does not unlock its full
potential. This paper first provides a scalable recipe for
collecting and using egocentric data by categorizing human
data into two categories: in-the-wild and on-task alongside
with systematic analysis on how to use the data. We first
curate a dataset, PH° D, which contains over 1,000 hours
of diverse in-the-wild egocentric data and over 20 hours
of on-task data directly aligned to the target manipulation
tasks. This enables learning a large egocentric language-
conditioned flow matching policy, Humany. With domain
adaptation techniques, Humany minimizes the gap between

humans and humanoids. Empirically, we show Human
achieves several novel properties from scaling human data,
including language following of instructions from only hu-
man data, few-shot learning, and improved robustness using
on-task data.

1. Introduction

The robot manipulation community has recently witnessed
great progress in learning from real robot demonstrations [4,
9, 23, 26, 31, 61]. Behind the curtain are novel algo-
rithms [23] and large-scale robot data [9, 38], which en-
able dexterous and long-horizon tasks [4]. However, ex-
isting foundational manipulation policies still lack robust
real-world generalizability compared to their counterparts
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in LLM [1] or self-driving [46] that are trained on much space [42], this enables learning of a large egocentric
larger-scale data. language-conditioned ow matching policy, Humgan In

In search of a novel data source to fuel model train- addition to scaling up egocentric training data, we perform
ing, researchers have turned to cross-embodiment learnsystematic study to reveal that'me data mixing leads to
ing from different robots [9, 25, 38], and, more recently, hidden states that discriminate robot and human inputs.
to human data [3, 18, 19, 33]. Intuitively, humans are Humary adopts domain adaptation technique to improve
naturally the most prominent physical embodiment com- hidden states to fully utilize human training data.
pared to other morphologies that can easily manipulate We evaluate Humaon a real Unitree H1 humanoid and
daily objects. Thus, learning from human data has beena Unitree G1 humanoid equipped with 5- ngered dexter-
studied for over a decade. Modular methods learn affor- ous hands. Empirically, the pre-training and post-training
dance [2, 35, 51] and plan robot manipulation in a model- for Humany achieve several novel properties, including lan-
based fashion [29, 40, 54]. More recently, advances in com-guage following of instructions that are unseen in the robot
puter vision have enabled precise nger keypoint tracking training data and few-shot learning, which is validated by
to generate human data with action labels. Recent meth-Systematic ablation studies. In particular, we studied a task,
ods [24, 27, 30, 32, 37, 40, 42, 56] have shown that suchfast food worker, where data can be collected at a low
high-quality data can be directly used for end-to-end train- marginal cost from real food-industry worker. We show
ing, which has the potential to be easily scaled up. how the on-task data collected for this practical scenario

However, the vast amount of human data also leads tolMProves policy robustness drastically.
signi cant data heterogeneity. Existing human datasets are N sum, our contributions are,
very diverse - ranging from daily activities such as walking * A large-scale human-humanoid dataset®BHthat pro-
and dancing [18], long-horizon kitchen activities [13], and ~ Vides data recipe for pre-training and post-training an
even sitcoms [51]. To address such heterogeneity (or mis- €gocentric model. We plan to open-source the dataset.
alignment between embodiments), some methods proposé A base egocentric manipulation model, Humanhich is
new algorithms to use intermediate representations such as augmented with the domain adaptation technique and ap-
object pose [29] or affordance [2] to learn from these in- plicable to many egocentric bimanual embodiments. The
the-wild datasets. On the other hand, recent end-to-end ap- Weights will be open-sourced.
proaches [7, 32, 56] have resolved to scaling up pre-training® EXtensive experimental results with demonstrations of
with human data, and then ne-tuning with robot data. This ~ language following and few-shot learning on real hu-
approach is usually sub-optimal due to catastrophic forget- manoid robots.
ting [16, 20] from simple ne-tuning with highly heteroge-
neous data. 2 Related WOI‘k

On the other hand, recent methods [24, 42, 44, 49, 55]| arge-scale Manipulation Models. Recent advances in
have also focused on collecting on-task human data. In- yisjon-language-action (VLA) models have shown promis-
stead of recording casual activities, on-task data collec-jng progress in robotic manipulation tasks, with a growing
tion focuses on curating human demonstrations on the sam@mphasis on models' robustness and generalization. Build-
tasks that robots will be working on (e.g., recorded by ac- jng upon early efforts in learning from real-robot demon-
tual human workers). Compared to in-the-wild data, on- strations [12, 60], recent methods [4, 9, 23, 25, 31, 45, 63]
task data are more task-oriented, in-domain, and segmentegypored how to scale up robot manipulation policy training
well. These factors ensure good alignment to the target deyith more data. The advances happened both in the mod-
ployment distribution, which has been empirically shown gjing regime and the data regime. In the context of model-
to enable direct co-training of mixed humans and robot jhg V| As extend vision-language models (VLMs) or large-
data [24, 42, 44, 55] to mitigate catastrophic forgetting from |anguage models (LLMs) with action decoders to make use
pre-training. of pre-trained knowledge infused in VLMs. More recently,

The goal of this paper is to show that it is important to Intelligence et al. [23] also proposed a new paradigm to
use both in-the-wild and on-task data to unlock the full po- make the training process more data-ef cient. On the other
tential of human data: in-the-wild data is easy to collect and hand, data is important for scaling up the manipulation
diverse, but it may be only suitable for bootstrapping a basemodel. Notably, many large manipulation models [9, 31]
model. In contrast, on-task data is more well-aligned with rely on cross-embodiment learning [38], where a model de-
the target distribution but often smaller in magnitude. signs its architecture speci cally to work with data from

To this end, we investigate the boundary between thesemultiple robot embodiments. However, even with cross-
two paradigms. Our insight is to use in-the-wild data embodiment learning, the magnitude of available data is
and on-task data for pre-training and post-training. With still signi cantly smaller compared to counterparts in lan-
language annotations and a uni ed human-centric action guage or vision models. Current manipulation models are



data-hungry for more generalizability. in the uni ed latent space [50]. However, scaling data in

Learning from Human Videos. Learning robot policies  the same state-action space remains the most explainable
from human videos has been an active research directionand effective way [42, 45]. For egocentric manipulation,
driven by the availability of large-scale human data. Early this paper advocates the human representation for learning,
efforts [34, 36, 43] focused on leveraging human videos as humans are the most prevalent embodiment and are the
to pre-train visual representations that are better suited forsources of biological inspiration for bimanual robot designs.
downstream manipulation policy learning; or to leverage  To this end, this paper de nes a uni ed human-centric
human videos to learn intermediate representations such astate-action space. We then implement a software suite of
affordance [2]. Beyond pre-training on visual tasks for im- robot IK/FK (Inverse Kinematics and Forward Kinematics),
proved initializations, other works [2, 5, 6, 48, 53, 54] at- and hand retargeting algorithms to differentiably convert
tempt to use human data directly for downstream tasks sucthuman and humanoid data from/to our uni ed space. Fi-
as point tracking [6, 28, 53], and high-level planner [48], nally, we curate and process data from multiple sources into
which are then used to guide robot action prediction. a uni ed format for training.

End-to-end Learning Manipulation Policies from Hu- Uni ed human-centric state-action space. Follow-

man. An increasing number of works have started t0 in- jng human activities datasets [22, 33, 52] and Human-
vestigate scaling manipulation in an end-to-end manner byHymanoid co-learning [42]. We design the state-action
leveraging human demonstrations [7, 24, 30, 39, 42, 44,gpace to have the following elements.

57, 64]. They either use diverse in-the-wild data for pre-
training [7, 30, 32, 56] or on-task data for co-training. No-
tably, Bi et al. [7], Li et al. [30], Luo et al. [32] have shown
pre-training with human data leads to improved generaliz-
ability; Lepert et al. [27] apply modular vision modules to
edit human videos to match robot videos to reduce visual
gaps. Concurrently, EMMA [64] learns a mobile manipula-
tion policy using human data. However, there has yet to be
an attempt to explore both in-the-wild data and on-task data,
to cover both pre-training and post-training stages. This pa-
per aims to bridge such a gap by prescribing a recipe for data
curation, an end-to-end large egocentric manipulation base
model, and algorithmic advances to improve the model.

* Theada 2 SE(3). We parameterize head poses as the
base transformation with rotation and translation. Com-
pared to previous work [42], this further encodes transla-
tion to support potential applications such as whole-body
loco-manipulation. Current egocentric human data is usu-
ally collected by wearable devices mounted on operators'
head. Hence the localization frame is usually modeled as
world-head transformation.
Tiwist ; Trurist 2 SE(3). The wrist poses are mod-
eled as relative to the head pose. Though there is in-
evitable physical difference (e.g., height) among different
data collectors, such a difference can be neglected as the
training data scales.
3. Method * Pinger ;Prnger 2R3° :we model nger motions as

- Metho ngertip keypoints, as all well-established optimization-
This paper discusses models and data recipes for pre- based nger retargeting algorithms [11, 21, 41] directly
training and post-training a base model for egocentric ma- Use ngertip keypoints with scaling factors.
nipulation, as well as analysis of design decisions made to® Digripper ;D Rrgripper 2 R: optionally, for bimanual
create the recipes. Sec. 3.1 describes the curation process fobots equipped with parallel grippers, we map gripper
for a large human-humanoid dataset. Sec. 3.2 discusses the distance to human thumb-index ngertip distance. Note
design choices for the base model, including data mixture that Pringer is suf cient for computing Dyripper -
and domain adaptation. Retargeting Software Suite. To make it easy for us
. . and the research community to explore the human-centric
3.1. PHD: Physical Humans-Humanoids Dataset  g¢ate-action space for egocentric manipulation, we imple-
Many human datasets [14, 22, 33, 42, 52, 58] and egocenment an IK/FK and retargeting software suite based on
tric robot datasets [15, 62] exist. Naturally, the formats Pinocchio [10]. Our suite converts the robot joint positions
of the human dataset are similar - most existing datasetsrom/to human-centric space (Fig. 3 visualizes same human
focus on tracking head, wrists, and ngers poses. How- action retargeted to different humanoids in the accompa-
ever, humanoid hardwares, or robot hardware in general, ardying MuJoCo [47] simulator in our suite). Therefore, as
far from convergence. Therefore, these publicly available long as a released humanoid manipulation dataset provides
egocentric robot datasets are vastly different - kinematics,joint readings, it can be used for training. We hope to faci-
DoFs, and mechanical con gurations can differ. The differ- tate large-scale egocentric learning on humanoid robot. The
ence in state-action space in each dataset hinders scaling upode and assets will be open-sourced.
the training size. Aggregating In-the-wild datasets for Pre-training.

To tackle this, existing methods attempted to design Building on our retargeting framework, we use
physically explainable state-action space [31] or operateEgoDex [22], Fourier ActionNet [15], and PH2D [42]



Figure 2. Method overview. Our approach follows a two-stage training recipe: (1) pre-training on large-scale in-the-wild human and
robot data that are mapped into a uni ed human-centric state-action space; and (2) on-task post-training using task-aligned human and
robot demonstrations. To bridge the embodiment gap, We employ a domain-adversarial discriminator that takes SigLIP visual features and
action-state embeddings as input and predicts whether a sample is from human or robot data. Through gradient reversal, this encourages
the policy's encoders to produce embodiment-invariant representations, enabling effective transfer between human and robot observations.

Meta Aria Glass. Both Vision Pro and Meta Aria glass
provide head poses, wrist poses and dense ngertip key-
point predictions. The human dataset also includes 2D key-
point projection, as we hope our released data can also help
other approaches such as generative inpainting [27, 59].
The robot dataset are collected using Apple Vision Pro
with OpenTV [11]. Visualizations and projections of these
Figure 3. Our retargeting software suite supports retargeting dif- datasets can be found in the supplementary material.

ferent humanoids from/to the human-centric representation. Fig- . . .
ure demonstrates retargeting from the same human action to dif-3'2' Human,: Foundational Egocentric Base Model

ferent humanoids in MuJoCo [47]. The code will be released. 3.2.1. Architecture

While the pre-training and post-training recipes proposed
in this paper are model-agnostic, we adopt a language-
conditioned ow matching model [9]. Specically, a
SigLIP-based vision module extracts visual tokens v 2
RLC | where L is the number of patches and C is the em-
bedding dimension. The SigLIP encoder provides strong
alignment between visual inputs and text, enabling down-
stream instruction grounding. Visual tokens are then com-
bined with text embeddings n 2 R® to form a joint
multi-modal representation, which is further processed in
the transformer blocks to propagate cross-modal context.

To use the human-centric representation, we use
lightweight MLPs to encode input states and the output
actions. For the input states, the physically interpretable
human-centric state is projected to a pose latent x 2. R
We denote the latent tokens produced by the backbone
transformer as

for pre-training. Note that with our software suite, our

method also applies to future and concurrent dataset [62].

* EgoDex [22] contains 800+ hours of skill-rich human
demonstrations, which were collected using multiple Ap-
ple Vision Pros. It contains 6dof head pose, wrist pose,
and nger keypoints.

« The ActionNet dataset [15] contains over 100 hours of
humanoid demonstrations - most of which were done on
the Fourier GR1T1 robot embodiment equipped with bi-
manual Fourier 5- ngered 6-DoF dexterous hands.

e The PH2D [42] dataset contains human and humanoid
demonstrations of various tasks. Similar to EgoDex [22],
PH2D also collected human data with Apple Vision Pro,
which can be processed in a similar manner. The hu-
manoid data (collected on Unitree H1 with 5- ngered In-
spire hands) are also processed by our software suite.

Data for Post-training. To ensure high-quality hand z = Transformers(v;n;x); z 2 R°; (1)
poses in our on-task datasets, we use commercial-grade

data collection devices, including Apple Vision Pro and the which integrate information across modalities. Unless oth-



data is presented in Fig. 4a. Note that due to the overwhelm-
ing amount of human data in pre-training, we manually ad-

just the training data sampler ratio to balance and stabilize
the training process.

3.2.3. Post-training on Human and Robot Data

During post-training, we focus exclusively on human and
robot data collected for the task of interest. The goal is
to re ne the policy's language grounding and visuomotor
control to match the distribution of real-world tasks, where
data can be collected by actual human workers performing
these real-world tasks. Thanks to our uni ed action space
design, the training procedure follows Eq. (2) precisely.
Data mixing recipe. The distribution of post-training
data is presented in Fig. 4b. Compared to pre-training, our
post-training dataset has considerably more robot data. Em-
pirically, we found that sampling slightly more often (e.g.,
70%) from the human data helps preserve semantics in hu-
man data better. This nding is somewhat consistent with
Tao et al. [44], which used an 8:2 sampling ratio to sample
Figure 4. Data distributions and sampling factors for pre-training human data more often.
and post-training. In summary, our pre-training and post-training process
enables various interesting properties, including (1) lan-
erwise noted, we use the pre-trained checkpoint released b@uage following of instructions unseen in robot data; (2)
Black et al. [9] to initialize the model pre-training. Note that few-shot robot data learning with as few as 1 demonstra-
since the human-centric representations introduce largeition; and (3) improved robustness across related tasks.
vgctorsiz_es_and different interpretati_ons of eaph (_element al3 5 4 Domain Adaptation: Blurring the Line between
different indices, we swap out the original projection mod-
ules with different dimensions and random initialization.

(a) Data size ratio and sampling factor for pre-training data.

(b) Data size ratio and sampling factor for post-training data.

Embodiments

Ideally, our model should be embodiment-agnostic and pro-

3.2.2. Pre-training on Human and Robot Data cess all egocentric data from a human-centric perspective.
We rst pretrain the base model using over 1,000+ hours However, though we use image augmentation and human-
of mixed data from EgoDex [22], ActionNet [15], and centric representation with forward kinematics to provide
PH2D [42], covering rich egocentric human and robot ma- regularization, the model can still learn to distinguish differ-
nipulation scenarios. During this stage, the objective is ent embodiments, resulting in over tting to a speci ¢ con-
to learn a uni ed vision-language—action prior that models guration.
human-like behaviors across different embodiments. To verify this, we rst pre-

More concretely, let a 2 R be the target action, the train and post-train the model us-
model is trained with a ow-matching objective in an end- ing vanilla denoising objective

to-end manner: Eq. (2). Then, we perform a
h i simple linear probing study. We
Lem = E kf (z;a;t) (@ uk 3 ; (2)  train a simple MLP taking inter-

mediate visual tokens and propri-

where the Gaussian noise vector u N (0gl), time step oceptive tokens as inputs. The
t U(0;1), and interpolated action @ = (1 t)u+ta. The training objective for the MLP isFigure 5. Confusion matrix
f oW (z;a;1) represents the predicted ow vector, which a binary classi cation problemgbtained by linear probing
points from the noisy sample towards the target. This pre-where it tries to predict if a set oftermediate features from
training stage equips the base model with broad visuomotorconcatenated visual and propriy2nilla model.
priors from the vast amount of human videos. In addition, ceptive tokens belongs to human
it aligns the VLM originally trained on image-text data to data or robot data. The results are shown in Fig. 5. Surpris-
model human behavior. The shared embodiment space proingly, on a held-out validation set, the simple MLP achieves
vides a strong regularization for post-training, enabling ef- 100% success rate - suggesting that the model “cheats' by
fective transfer between human and robot manipulation.  implicitly biasing features to recognize if the input is hu-

Data mixing recipe. The distribution of the pre-training man or robot. (More technical details are given in the sup-



plementary material). To discourage the model from over- size. The weights are initialized with pre-trained check-
tting to speci ¢ visual cues or proprioceptive cues, we in- point [9]. For post-training, we ne-tune the trained base
troduce a discriminator network [17]. Speci cally, the net- model on a single H100 GPU for 30k steps using 10 batch
work is tasked to classify the type of embodiment. Follow- size. This demonstrates one potential application of our
ing Ganin et al. [17], the network is modeled as a MLP that base model to democratize egocentric manipulation train-
takes in intermediate features with Gradient Reversal Layering with just a single GPU.
(GRL) [17] to discourage successful classi cation. Robot Platforms. For data collection and policy de-
More speci cally, the GRL is trained to differentiate be- ployment, we use a Unitree H1 and a Unitree G1 humanoid
tween the feature encoding of human data and those of robotobot. Most of the data was collected on the G1 robot. Thus,
data. We concatenate the visual tokens v from SigLIP en-unless otherwise stated, the data and experiments are done
coder with the projected pose latent x along the token di- on the G1 robot. Both robots are equipped with Inspire 5-
mension, and pass them though a attention head to obtain angered dexterous hands.

feature vector: Baselines. We compare with 4 baseline models.[9]
c is a language-conditioned ow matching model trained on
m = Attn Concatenate(v;x); m2R>:  (3) many robot embodiments, which is also the initialization we

use before pre-training. GROOT N1 [8] is another language-
conditioned VLA using diffusion transformers. HAT [42]
trains specialist policies and is thus unsuitable for pre-
training or tasks that require language conditioning. Finally,
Humany w/o human follows the same training procedure,
but without any human data in both stages.

Experimental Protocol. We experiment with 4 differ-
ent humanoid manipulation tasks with in-distribution (1.D.)
and Out-Of-Distribution (O.0.D.) settings. The I.D. setting
tests the learned skills with language, scenes, and objects
that approximately resemble corresponding sequences in
the robot training demonstrations. The O.0.D. setting tests
con gurations that are unseen in the robot training data, but
may present in human data.

The tasks are illustrated in Fig. 6. Objects used in these
tasks are visualized in the supplementary material. Speci -
cally,

The feature vector m is then passed through the discrimina-
tor MLP D that predicts the input's embodiment type. The
discriminator is trained with binary cross-entropy loss:

Lo(j)=E logD (my) E log(1 D (my)) ;

(4)
where nm, and m denote feature vectors obtained from
human and robot data,respectively. With a GRL inserted be-
tween feature vectors and discriminator [the optimiza-
tion is adversarial: D minimizes Lp , while the backbone

policy encoders f maximizes it:

max min Lp(; ) ®)

In other words, the GRL encouraging the upstream pol-
icy encoder to produce features that are invariant to the
human-robot domain distinction. This adversarial setup * Single object grasping is a sanity check task. The robot
promotes feature alignment across data domains and em- is placed in front of a table with an object and a container.
bodiments, enabling more effective transfer of manipulation ~ The robot is tasked to pick up the object, and place it into
behaviors between human demonstrations and robot. the container. OOD setting: the robot is presented with

Final Loss. Combining both ow matching L2 loss and objects unseen in the robot training data, different table

the domain adaptation loss, the nal training loss is given heig.hts,'and operate ih novel scenes. '
by Multi object grasping is an extension of the single ob-

Lowa =Lemw+ L o(j); (6) j_ect_grasplng, Whe_re we add distractor obje_cts. As shown

_ _ in Fig. 6, the robot is tasked to grasp the object. The robot

where is a hyperparameter balancing the scale of ow  must follow the language instruction and distinguish the
matching loss and discriminator loss. During the training,  object from distractors. OOD setting: the robot is pre-

we set =0.1. sented with target objects and distractors unseen in the
) robot training data, different table heights, and operate in
4. Experiments novel scenes.

Burger assembly is intended to mimic a real-world task,
where a worker at a fast food restaurant or at a food pro-
Implementation Details. For raw human-humanoid data,  cessing facility assembles a burger based on language in-
we use timestamps to synchronize episodes and process structions. The task is long-horizon, which involves mul-
the states and actions into the human-centric representation tiple steps from using tongs to pick up ingredients spec-
with 240x320 images. To obtain the base Hugarodel, i ed by language, and putting the top bread. In addi-
we train on 8 H200 GPUs for 100k steps using 160 batch tion, collecting on-task human data for this application

4.1. Experimental Setup



Figure 6. We task the robot to perform several manipulation tasks to evaluate few-shot learning, language instruction following, and
robustness using on-task human data. Videos in the supplementary. (Top to bottom: burger assembly, pouring, and multi-object grasping).

Method Single Object Grasping Multi Object Grasping| Burger assembly] Pouring
I.D. 0.0.D I.D. 0.0.D I.D. 0.0.D 1.D.
0 19/20 19/20 25/30 16/30 5/12 3/12 0/20
GROOT N1 18/20 13/20 6/30 8/30 4/12 3/12 0/20
HAT w/ human 17/20 15/20 - - - - 2/20
Human w/o human| 18/20 18/20 23/30 15/30 7/12 2/12 2/20
Human (Ours) 20/20 19/20 29/30 30/30 8/12 7/12 5/20

Table 1. Baseline comparison results. Our method achieves the best performance among all baselines across the four manipulation tasks,
under both I.D. and O.0.D. settings. We also show that training with large-scale human data improves model performance.

can be hypothetically done by having the actual workers pability to follow language instructions unseen in the robot
use wearable devices. OOD setting: the robot is pre- training data. One major weakness of existing VLAs is that
sented with ingredients unseen in the robot training datathey are bad at following language instructions unseen in
(e.g., Mozzarella cheese) and operate in novel scenes wittthe training data. For instance, in the multi-object grasping
different table heights. setting, both ¢ and GROOT N1 fail to grasp unseen objects
» Pouring shows the few-shot learning capability of our - o would randomly grasp 1 out of the 2 objects, resulting
model. Compared to previous tasks that have hundredsn approximately 50% success rate.
of robot sequences per task, we use only 1 robot training  On the other hand, Humaris robust at following the
demonstration in the bimanual pouring task, to demon- |anguage presented only in the human data. In the multi-

strate how Humanenables few-shot robot learning. object grasping experiment, the robot is capable of grasp-

4.2. Evaluation ing unseen objects robustly with variations of distractors
) ] and scenes. In the burger assembly task, the robot needs

4.2.1. Main Experiment to use tongs to pick up different ingredients speci ed by the

Zero-shot language following capability from human model. Again, human data enables the model to use tools to
data. The most interesting nding is Humaremerges ca-  pick up Mozzarella cheese, which is an ingredient seen only
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