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Figure 1. We present Ego-Pi, a framework for cross-embodiment learning from human and humanoid data that adapts
gripper-based VLAs for dexterous humanoid control. We investigate how human data can teach robots high-level task
semantics, including sorting logic, skill composition, and rule-based ordering.

Abstract

Robotics faces a fundamental challenge of data
scarcity. Unlike language or vision research, there
is no internet-scale dataset for robotic manipula-
tion. A promising path forward is to leverage ego-
centric human data, which can be collected more
easily, with greater breadth, and at a larger scale.
Towards this end, we investigate key design choices
for learning across human and humanoid embod-
iments equipped with dexterous five-finger hands,
using the π0.5 model as a foundation. Our results
show that human data enables robots to learn new
semantics and compose existing skills into novel
behaviors without corresponding robot data.

1. Introduction

Robotics faces a data scarcity problem. Unlike text
or images, there is no existing internet-scale dataset

of robot interactions because it requires physical
hardware operating in the real world. A promis-
ing way to overcome this limitation is to leverage
human data. This idea is becoming increasingly
viable as robots become more anthropomorphic,
equipped with arms and dexterous hands that re-
semble human morphology. In parallel, the rise of
ego-centric devices such as the Apple Vision Pro
and Meta Ray-Ban glasses, of which 2 million units
sold recently [13], has made large-scale collection
of human demonstrations more practical than ever.
Together, these developments suggest a new oppor-
tunity to scale robot learning by co-training on ego-
centric human data.

Towards this goal, we study how to co-train hu-
man and robot data effectively using a pre-trained
vision–language–action (VLA) model. Specif-
ically, we investigate whether humanoid robots
can inherit task semantics and skills that are only
present in human data. For instance, we ex-
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plore whether robots can learn the concept of sort-
ing, skill composition, and rule-based ordering by
co-training on such human demonstrations (Fig.
1). This form of cross-embodiment task-semantic
transfer has not been explored in-depth in prior
studies on human–robot co-training, which pri-
marily focus on using human data to improve in-
distribution performance or to generalize to novel
scenes while performing the same tasks [6, 8, 9,
11, 14].

Towards this end, we introduce Ego-Pi (Fig.
1), a framework for adapting pre-trained VLAs
to high-dimensional, ego-centric human and hu-
manoid robot data. Ego-Pi addresses a key
limitation of existing VLAs: most are devel-
oped for gripper-based robots with relatively low-
dimensional actions, making them poorly suited
for dexterous bimanual control. To overcome this
limitation, we use a token interleaving strategy
that distributes bimanual actions across two tokens,
expanding action capacity without changing the
pretrained action head. Since inverse-kinematics-
based retargeting is unreliable for high-degree-of-
freedom hands, we further propose a robot-centric
alignment method that directly maps human hand
poses into the robot’s joint space. Finally, we incor-
porate auxiliary losses, such as subtask generation,
to enable stronger task-semantic transfer.

In our experiments, we show that Ego-Pi can re-
liably learn task semantics only present in human
data. For instance, a policy can be steered to sort
tomatoes by color, chain existing skills sequentially
to perform a boxing task, and learn to perform rule-
based packaging, all with success rates of 90% or
higher. We also show that for harder forms of task
transfer, such as skill composition, subtask genera-
tion as an auxiliary loss is a key ingredient for un-
locking good performance. We also find that hu-
man data does not require the same set of visual
inputs as robot data, since we only rely on a single
third-person camera to record human demos, while
the robot demos consist of additional wrist images.

2. Related Work
Robotics research has increasingly explored how
human data can help address the limited scale of

robot demonstrations. Recent work has used ego-
centric devices such as Aria glasses [3] and Apple
Vision Pro to extract hand kinematics from human
videos. These reconstructed trajectories, together
with the accompanying visual observations, pro-
vide a rich source of human demonstrations that
can be combined with robot data to improve pol-
icy performance and generalization.

Several approaches have studied this idea across
different robot embodiments. EgoMimic [6]
showed that co-training human demonstrations
with robot data improves performance, although
their robot uses a simple gripper rather than dex-
terous hands. PH2D [11] reported similar benefits
on a platform equipped with robot fingers, but their
models are trained from scratch and therefore do
not benefit from the broader generalization capabil-
ities of foundation models. EgoVLA [4] addressed
this limitation by fine-tuning a foundation model
on egocentric human data, but they did not evaluate
their approach in the real world.

Another line of work seeks to convert human
demonstrations directly into robot demonstrations
by masking out the human embodiment and over-
laying a rendered robot model, as in Masquer-
ade [8] and Mirage [1]. These pipelines involve
many stages and are computationally expensive.
Also, the rendered overlays are not occlusion-
aware and can obscure the manipulated objects.
While these approaches show that human data can
improve policy robustness in cluttered scenes, they
have not demonstrated the more advanced forms of
task-semantic transfer that are the central focus of
this paper.

More recently, concurrent work from Physical
Intelligence [7] demonstrated advanced forms of
generalization in an egg sorting task, where the
robot is trained to sort eggs by color while the hu-
man demonstrations specify the sorting rule. How-
ever, their method relies on gripper-based robots,
and overall task performance remains relatively
low. Another concurrent work, EgoScale [15], ex-
plored teaching robots novel tasks using human
data together with a single robot demonstration.
In contrast, in our setting we assume access to
no robot demonstrations for the target novel task,
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Figure 2. (Left) VLA Architecture: The VLM processes human or robot images to generate bimanual actions inter-
leaved across two tokens per step (left and right hands). This strategy accommodates high-dimensional dexterous control
without altering the pretrained action projection layer of the π0.5 base model. (Right) Experimental Setup: Galaxea
R1 Pro robot teleoperated using Manus gloves and Quest controllers for finger and wrist tracking.
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Figure 3. We draw skeleton lines on both the robot and
human hands to show how the fingers correspond be-
tween them. Each finger is given a unique color that stays
the same across both hands. We render the skeleton in a
depth-aware, finger-wise manner: fingers that are farther
from the camera are drawn behind those that are closer.

although that task remains closely related to the
robot’s existing skills.

3. Ego-Pi

3.1. Preliminaries
We base our model on the flow-matching vision-
language-action (VLA) architecture π0.5 [5],
which extends pre-trained vision-language mod-
els (VLMs) for robot control. VLAs map multi-
modal inputs at time t, consisting of a language
instruction ℓt, images from an ego-centric camera
Iego
t , left wrist camera IL

t , and right wrist cam-

era IR
t , together with the proprioceptive state st,

to subtask language output ℓ̂t (optional) and short-
horizon continuous actions at:t+H . Earlier VLA
formulations used autoregressive next-token pre-
diction for actions, but π0.5 adds a flow-matching
action head that enables efficient real-time infer-
ence. The model is trained via imitation learning
to match expert actions using the following objec-
tive:

L = Eτ,ω

[∣∣∣∣ω − at:t+H − fθ(a
τ,ω
t:t+H , ot, ℓt)

∣∣∣∣2]
(1)

where τ ∈ [0, 1] is the flow-time index and ω ∼
N (0, I) is Gaussian noise. The interpolated action
aτ,ωt:t+H = τat:t+H + (1 − τ)ω represents a par-
tially denoised version of the ground-truth action,
and fθ(·) predicts the corresponding flow velocity
field via the action head. The observation tuple is
defined as ot = (Iego

t , IL
t , I

R
t , st), which aggregates

all sensory inputs.

3.2. Aligning human and robot actions
To effectively transfer behaviors between human
and robot embodiments, it is essential to align their
policy action representations. In prior works on
hand control [2, 4, 11] , a common approach to
modeling hand actions involves predicting the wrist
position and orientation together with the positions
of the five fingertips. For robotic systems, this
representation must then be translated into desired
joint angles to control the robot hand. This conver-



sion is typically performed through inverse kine-
matics or an optimization-based method [2, 10]
that regresses joint configurations matching the tar-
get fingertip positions.

However, for high-dimensional robot hands,
such as the Tesollo hand which is one of the hands
used in our setup (20 active joints), these meth-
ods often produce self-colliding or unnatural hand
poses. To address this issue, we adopt a robot-
centric action representation. Specifically, we first
convert human hand keypoints, consisting of 20
keypoints across the hand following the MANO
convention [12], into per-link joint angles, and then
map these angles to the robot joint space. This
mapping is necessary because the robot hand dif-
fers from the human hand in its kinematic structure
and proportions. Details of this mapping process
are provided in Supplemental Material.

For the robot hand, we directly use its na-
tive joint angles as the action representation, since
the human hand configuration has already been
mapped to the robot joint space. In summary, the
policy hand actions are defined as

a = { p, r, q } ∈ R29, (2)

where p ∈ R3 denotes the wrist position, r ∈ R6

represents the wrist orientation in the 6D rotation
format [16], and q ∈ R20 corresponds to the 20
joint angles of the robot hand. For Inspire hands,
which is another robot hand we utilize in our exper-
iments, there are only six controllable joints, thus
q ∈ R6.

3.3. Adapting gripper-based VLAs for hand
control

Most vision-language-action (VLA) models, in-
cluding π0.5, are trained on robots equipped with
parallel-jaw grippers, which have relatively low-
dimensional action spaces compared to dexterous
robot hands. Specifically, the maximum allowed
action dimension of π0.5 is 32, while our dexter-
ous hand consists of 29 dimensions per hand, total-
ing 58 dimensions for both hands (Sec. 3.2). The
dexterous hand dimensions clearly exceed the 32-
dimensional capacity of the original π0.5 model.

A straightforward approach would be to increase
the output dimension of the final projection layer
in the π0.5 action expert. However, in our experi-
ments, this led to higher training losses, likely be-
cause it disrupted the original pretrained weights.

To avoid modifying the pretrained weights, we
propose an interleaved action sequence formulation
for bimanual action prediction, where the left hand
and right hand actions are distributed across two
action tokens. To illustrate this, let each action at
time t be

at = {aLt , aRt }, (3)

where L and R denote the left and right hand
respectively. The standard formulation predicts an
action sequence of horizon H:

at:t+H = { at, at+1, . . . , at+H }. (4)

However, as mentioned above, this approach
cannot work because our hand dimensions do not
fit within the allowed action dimension of the π0.5

model. With our proposed interleaving approach,
the model emits the left and right actions as sep-
arate tokens. In other words, the 58 action di-
mensions of the dexterous hands are distributed
across two 32-dimensional action tokens of the π0.5

model. Under a fixed action horizon, this allows
only H/2 bimanual timesteps to be represented:

at:t+H/2 = { aLt , aRt , . . . , aLt+H/2, a
R
t+H/2 }.

(5)
This interleaving approach preserves the pre-

trained architecture and its parameters. Although
it reduces the effective horizon from H to H/2, it
enables the model to converge well.

3.4. Visual alignment of human and robot
actions

While human and robot hands both have five fin-
gers, their visual appearances differ substantially.
To make their visual structure comparable, we
overlay guiding skeleton lines on the images before
feeding them into the model, as illustrated in Fig.
3. Each finger is assigned a unique color, allow-
ing the model to explicitly understand how fingers
from one embodiment correspond to those of the



other. The guiding lines are drawn in an occlusion-
aware manner so that fingers closer to the camera
occlude those farther away. This drawing scheme
preserves the interpretability of the hand. Without
color coding and occlusion-aware plotting, it be-
comes difficult to discern which lines correspond
to which fingers.

4. Implementation Details
For the robot setup, we use the Galaxea R1 Pro
from Galaxea Dynamics, equipped with a ZED
mini mounted on the robot head. Each end-effector
is fitted with a Tesollo or Inspire hand, featuring 20
joints or 6 joints per hand, respectively. Ardurocam
wrist cameras are mounted on each wrist, providing
a 160° field-of-view. Note that only the robot uses
wrist cameras and no wrist cameras are used when
collecting human data.

For teleoperation, we utilize Quest controllers
mounted on Manus gloves. The Quest controllers
track the 6D pose of the operator’s wrists relative to
the headset. The robot reproduces the correspond-
ing wrist poses relative to its head using inverse
kinematics and PD control. Manus gloves capture
the operator’s finger joint angles, which are mapped
to the robot’s hand joints to enable dexterous con-
trol. Both the Manus gloves and Quest controllers
record motion data at 100 Hz. For human data col-
lection, we use Zed mini camera mounted on a ta-
ble, and we utilize the same Manus glove and Quest
controller setup for human hand tracking.

During co-training, the ratio between human
and robot data is kept at 50% in a given batch. In
practice we found that the policy is not highly sen-
sitive to this ratio. Since human data lacks wrist
images, and we wanted to enforce consistent im-
age input across embodiments, the humanoid wrist
images were dropped-out 40% of the time.

Further implementation details are noted in the
Supplementary Material section.

5. Experiments
We study whether co-training with human data en-
ables the transfer of high-level task semantics ab-
sent from robot data. To evaluate this, we design

our experiments around the following questions:
1. How well can simple co-training with human

data teach high-level semantics, specifically in
tasks that require learning a novel sorting rule,
skill composition, and rule-based ordering?

2. How do additional design choices, such as
subtask generation or visual augmentation for
cross-embodiment alignment, help?

3. How does the choice of the robot hand make
a difference in effectively transferring task se-
mantics?

4. How critical is the role of wrist cameras in pol-
icy performance?
We design three tasks to systematically evaluate

these questions (Fig. 4): tomato sorting by color,
boxing, block sorting by color, and packaging.

Tomato sorting by color In tomato sorting, we
teach the robot the basic skill of placing tomatoes
into a single bowl, while human demonstrations in-
troduce the higher-level concept of sorting toma-
toes by color into two bowls. By co-training on
both sources of data, we evaluate whether the robot
can sort tomatoes correctly when presented with
two bowls.

Boxing task In the boxing task, we teach the
robot two separate skills: opening a box and pick-
ing and placing a block. Human demonstrations
then show the direct composition of these skills
by opening the box and placing the block inside,
thereby boxing. This task evaluates whether co-
training enables the robot to compose previously
learned skills into a new multi-step behavior.

Packaging In the packaging task, we teach the
robot two separate skills: placing a small box inside
a larger box, and placing a bear doll inside the box.
Human demonstrations then show the packing rule,
which requires the small box to be placed first in-
side the box and then the bear doll. The idea is that
the box is a more rigid and heavier object, there-
fore it should belong at the bottom. By co-training
on both sources of data, we evaluate whether the
robot can learn the correct packing order.
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Figure 4. Benchmark Tasks. Evaluation tasks for high-level task-semantic transfer. (Top) Tomato Sorting: Robot
data teaches single-bowl placement, while human data introduces multi-bowl sorting. (Middle) Skill Composition:
Robot data teaches isolated box-opening and object-placing, while human data teaches sequencing them to place a block
inside the box. (Bottom) Rule-Based Ordering: Robot data covers generic item placement, while human data teaches
a specific ordering rule during placement (box first, then doll).

6. Results

Q1: How well can simple co-training with hu-
man data teach high-level semantics? Simple
co-training worked well for the tomato sorting and
packaging tasks, achieving 92% and 90% success
rates, respectively. However, it did not perform

well on the boxing task. The boxing task requires
opening the box before placing the block inside. In
practice, the co-trained policy often reached for the
block first and attempted to place it on top of the
closed box. The policy also sometimes attempted
to open the box and pick up the block simultane-
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Figure 5. Performance across the three tasks. Co-training with human data is highly effective for the tomato sorting
and packaging tasks. For the boxing task, subtask prediction is necessary to achieve high performance. Compared to
Tesollo hands, Inspire hands achieve superior performance, likely due to their closer size to human hands. All results
are reported using the Inspire hand unless otherwise noted.

ously, leading to collisions between the hands. This
failure pattern was consistent across both Inspire
and Tesollo hands.

In comparison, policies trained solely on robot
data performed poorly across all three tasks. For
tomato sorting, the success rate dropped to 40%,
and the policy placed tomatoes randomly into the
bowls, often simply targeting the closest one. For
the packaging task, the success rate dropped to
10%; the policy frequently reached for the teddy
bear first rather than the smaller box, or awkwardly
reached between the two objects instead of clearly
targeting a single one. Collisions with the box were
also frequently observed. For the boxing task, the
success rate dropped to 20%. Its behavior was simi-
lar to the co-trained policy, where the robot reached
for the box and the block at the same time, or at-
tempted to place the block inside before the box
was even opened.

Q2: How do additional design choices, such as
subtask generation or visual augmentation for
cross-embodiment alignment, help? In addition
to simple co-training with human data, we ex-
plored using subtask prediction and skeleton over-
lays to improve model performance. Subtask pre-
diction involves labeling the dataset with subtasks
and training the VLM component of the VLA to

output a subtask string, which serves as an inter-
mediate step before predicting actions via the flow-
matching head. The intuition is that by predicting
the subtask first, the policy will ”think” before act-
ing.

Between the two methods, subtask prediction
was the more effective addition, particularly for
unlocking high performance in the boxing task.
Specifically, incorporating subtask prediction al-
lowed the policy to achieve a 93% success rate,
compared to the 27% success rate of simple co-
training. Utilizing skeleton overlays, however,
had little impact on improving policy performance.
When we applied both subtask prediction and
skeleton overlays to the tomato sorting task, we ob-
served no quantitative or qualitative improvements
in performance.

One explanation for why the boxing task re-
quired subtask prediction to achieve a high success
rate is that it requires greater cognitive understand-
ing of the scene. For the tomato sorting and pack-
aging tasks, the policy can simply focus on picking
and placing objects into the correct locations. How-
ever, the boxing task requires a specific prerequisite
condition to be met (i.e., the box being open) before
an object is placed inside, making it a more com-
plex scenario. Furthermore, the boxing task is the
only bimanual task of the three, requiring careful



coordination of both arms that is more effectively
managed through subtask prediction.

Q3: How does the choice of the robot hand make
a difference on effectively transferring task se-
mantics? We compared the Tesollo and Inspire
hands in the boxing and packaging tasks. In the
packaging task, the Tesollo and Inspire hands per-
formed at a similar level based on qualitative eval-
uations. However, when applied to the boxing
task, the Tesollo hand struggled to achieve high
performance. Similar to the results with the In-
spire hand, simple co-training did not work on the
Tesollo hand. Even when subtask predictions were
applied, the Tesollo hand achieved a 67% task suc-
cess rate. Subtask prediction worked well in that
the Tesollo hand would always attempt to open the
box first instead of reaching for the block, which
was a clear improvement. However, it struggled to
transition smoothly to the next subtask of placing
the block inside the box. Only when the left hand
was positioned near a specific location did the next
subtask trigger, suggesting that the Tesollo hand
policy might be unusually sensitive to the kine-
matic state input. Considering that the Tesollo hand
is much larger than a human hand and the Inspire
hand is closer to the human form factor, the visual
differences between the two may also play a role in
downstream performance.

Q4: How critical is the role of wrist cameras in
policy performance? Recall that the human em-
bodiment is trained without wrist cameras and to
possibly cope with this difference, the robot wrist
cameras are dropped out 40% of the time during
training. Considering that human data only con-
tains third-person images, it may be possible that
the policy may pay less attention to the wrist im-
ages. At test time, however, when wrist cameras
are dropped-out, the policy performance noticeably
degrades, indicating that the robot policy is indeed
relying on wrist cameras for its performance. For
instance, during tomato sorting, if wrist cameras
are not provided, the robot struggles to land a stable
grasp on the tomato.

7. Conclusion and Limitations

In this work, we demonstrated that teaching high-
level task semantics through human data is feasi-
ble. We introduced a practical recipe to achieve
this, including action interleaving to preserve pre-
trained weights, action alignment between human
and robot hands, and subtask prediction for opti-
mal results. Together, these components enable
the acquisition of novel skills and behaviors that
exist only in human data, specifically allowing a
humanoid robot to learn novel sorting logic, skill
composition, and rule-based ordering with a suc-
cess rate of 90% or higher.

Our work has a few limitations. We ex-
plored relatively short-horizon, simple pick-and-
place-oriented tasks in a fixed-camera scenario.
Future work should evaluate the proposed ideas
in more challenging scenarios, specifically long-
horizon, dexterous manipulation tasks that require
mobile manipulation. Additionally, human data
should ideally teach robots low-level skills beyond
high-level task semantics. In this work, we as-
sumed that the robot was already capable of the
necessary low-level skills, using human data pri-
marily as a way to stitch these existing behaviors
together in novel ways. Unlocking direct low-level
skill transfer remains an open challenge that should
be investigated further.
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Figure 6. Hand labelled with joint angle locations

8. Joint Mapping between Human and
Robot Hands

Let q ∈ R20 be the human hand joint angles mea-
sured by the Manus glove (Fig. 6), and let qrobot ∈
R20 be the corresponding robot joint angles (e.g.,
Tesollo hand).

We map each human joint angle to its robot
counterpart using a per-joint offset δi and a scaling
factor fi:

qrobot,i =
(
qi + δi

)
fi, i ∈ {1, . . . , 20}. (6)

Here, δi is an additive offset and fi is a multi-
plicative scaling factor. The specific per-joint val-
ues used in our implementation are listed below.

deg2rad = (pi/180)

q_robot[0] = (38.5 - q[1]) * 0.7 * deg2rad
q_robot[1] = (q[0] + 36.0) * 1.2 * deg2rad
q_robot[2] = (q[2] + 10.0) * 1.2 * deg2rad
q_robot[3] = (q[3] + 5.0) * 1.2 * deg2rad

q_robot[4] = q[4] * 1.0 * deg2rad
q_robot[5] = q[5] * 1.1 * deg2rad
q_robot[6] = q[6] * 1.1 * deg2rad

q_robot[7] = q[7] * 1.0 * deg2rad

q_robot[8] = q[8] * 1.0 * deg2rad
q_robot[9] = q[9] * 1.0 * deg2rad
q_robot[10] = q[10] * 1.0 * deg2rad
q_robot[11] = q[11] * 1.0 * deg2rad

q_robot[12] = q[12] * 1.0 * deg2rad
q_robot[13] = q[13] * 1.0 * deg2rad
q_robot[14] = q[14] * 1.0 * deg2rad
q_robot[15] = q[15] * 1.0 * deg2rad

if q[17] > 55 and q[18] > 25:
q_robot[16] = abs(q[16]) * 2.0 * 1.0

* deg2rad
else:

q_robot[16] = abs(q[16]) / 1.5 * 1.0 *
deg2rad

q_robot[17] = q[16] * 1.0 * deg2rad
q_robot[18] = q[17] * 1.0 * deg2rad
q_robot[19] = q[19] * 1.0 * deg2rad

In order to map human hand joint angles pro-
vided by HaMeR to robot hand joints, we perform
a similar projection with different offsets and scal-
ing factors, as shown below:

q_robot[0] = q[0]
q_robot[1] = q[1]
q_robot[2] = q[2]
q_robot[3] = q[3]

q_robot[4] = (q[4] - 0.12) * 1.0
q_robot[5] = q[5]
q_robot[6] = (q[6] + 0.18) * 1.1
q_robot[7] = (q[7] + 0.18) * 1.1

q_robot[8] = q[8]
q_robot[9] = q[9]
q_robot[10] = (q[10] + 0.18) * 1.1
q_robot[11] = (q[11] + 0.18) * 1.1

q_robot[12] = (q[12] + 0.09) * 1.0
q_robot[13] = q[13]
q_robot[14] = (q[14]) * 0.9
q_robot[15] = q[15]

q_robot[16] = (q[16]) * -1.1
q_robot[17] = (q[17] + 0.24) * 1.0
q_robot[18] = (q[18]) * 1.2
q_robot[19] = (q[19]) * 1.3



9. Model Details
The hyperparameters for fine-tuning the π0.5 policy
are shown in Table 1.

Table 1. Hyperparameters for π0.5 fine-tuning.

Hyperparameter Value

Optimizer AdamW
β1 0.9
β2 0.95
Weight Decay 0
Gradient Clip Norm 1.0
LR Schedule Cosine
Warmup Ratio 0.001
Batch Size 128
Training Steps 5000 - 10,000
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