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EGOX: EGOCENTRIC CROSS-EMBODIMENT MANIPU-
LATION WITH EMBODIMENT DREAMING
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ABSTRACT

Scaling robot manipulation requires learning from demonstrations collected
across humans and heterogeneous robots. These sources cover diverse objects,
scenes, tasks, and interaction strategies, but gaps in sensing, kinematics, mo-
tion patterns, and action spaces make it difficult to train a shared policy ef-
fectively. We introduce EgoX, an egocentric cross-embodiment framework for
robot manipulation. Its central design is to share manipulation structure at the
level of semantically corresponding modalities, while preserving embodiment-
specific sensing and control interfaces. EgoX stores human and robot demon-
strations as unified egocentric observation-action trajectories, pretrains a Modu-
larized Cross-Embodiment Transformer with Embodiment Dreaming (MXT+) on
the mixture, and fine-tunes it on target-embodiment demonstrations. MXT+ com-
bines embodiment-specific modality tokenizers and action experts with a shared
Transformer trunk. An auxiliary embodiment dreaming objective predicts fu-
ture embodiment latents from egocentric visual and proprioceptive features, us-
ing exponential-moving-average copies of the modality encoders; this training-
only branch encourages the trunk to encode embodiment-specific temporal struc-
ture without adding deployment-time computation. Across 13 task–embodiment
pairs spanning five tasks and six robot embodiments, cross-embodiment pretrain-
ing consistently improves normalized task progress over target-embodiment train-
ing from scratch, with particularly strong gains under out-of-distribution evalu-
ation. Broader pretraining mixtures further strengthen transfer, while embod-
iment dreaming improves contact-rich tool-use performance and reduces mean
cross-embodiment latent-geometry distance by 38.52%. Anonymous website:
https://egox-embodiment.github.io.
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Figure 1: Overview of EgoX. EgoX learns from highly diverse embodiments, including humans, legged
and wheeled humanoids, a quadrupedal manipulator, tabletop arms, and a simulated humanoid, with dexter-
ous hands, grippers, and tools as end-effectors. It first pretrains on egocentric demonstrations from humans
and robots (top left), then fine-tunes on demonstrations from the target embodiment (bottom left). Its model,
MXT+, routes each embodiment’s observations through modality tokenizers into a shared Transformer and
decodes actions with embodiment-specific action experts, while a training-only dreaming expert predicts fu-
ture embodiment latents (center). The resulting policies perform manipulation across embodiments and long-
horizon loco-manipulation on a humanoid (right, top and middle). We find that cross-embodiment pretraining
and embodiment dreaming improves task progress score over various settings (right, bottom).
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1 INTRODUCTION

Large-scale pretraining has driven rapid progress in natural language processing (Devlin et al., 2019;
Brown et al., 2020) and computer vision (Radford et al., 2021; Dosovitskiy et al., 2021). Physical
interaction data, however, is far less homogeneous and structured than text or images, and scaling
robot manipulation requires broader embodied data than can be collected separately for every robot
and task. Cross-embodiment robot learning can reuse demonstrations collected across different bod-
ies, sensors, and action spaces (O’Neill et al., 2024; Octo Model Team et al., 2024; Kim et al., 2025;
Doshi et al., 2025; Wang et al., 2024; Gemini Robotics Team et al., 2025a), while egocentric human
data captures diverse physical experience in real-world settings beyond robot deployment environ-
ments (Kareer et al., 2025; Niu et al., 2025; Qiu et al., 2025; Zheng et al., 2026). Simulation offers
a further source: large-scale simulated data can support policy pretraining or even zero-shot trans-
fer (Deshpande et al., 2026; NVIDIA et al., 2025), and simulated demonstrations, including digital
cousins of real tasks, can be co-trained with real-world data (Maddukuri et al., 2025; Lin et al.,
2026b). However, combining these sources for low-level manipulation remains difficult because hu-
mans, robots, and simulated agents differ in morphology, end-effectors, proprioception, viewpoints,
action semantics, and motion dynamics.

Recent work has examined scaling laws and data composition for robot manipulation (Lin et al.,
2025; 2026a; TRI LBM Team et al., 2025), but how to scale effectively with data from diverse
embodiments remains an open question. We view this as a representation and interface problem,
not only a data-volume problem: humans, simulated agents, and real robots each provide distinct
observations, actions, and temporal constraints. EgoX therefore treats them as embodiments on
equal footing and asks how a policy can share manipulation structure while retaining the interfaces
needed for each body.

We introduce EgoX, an egocentric cross-embodiment framework built around a single methodolog-
ical premise: transfer should occur through semantically-corresponding modalities, while sens-
ing and control interfaces remain embodiment-specific. The framework has three components.
First, EgoX organizes human and robot demonstrations in a unified observation-action represen-
tation, expressing poses in an embodiment-centric reference frame and grouping heterogeneous
signals into anatomically- or functionally-relevant modalities. Second, MXT+, a Modularized
Cross-Embodiment Transformer, places embodiment-specific modality tokenizers and action ex-
perts around a shared Transformer trunk, allowing heterogeneous embodiments to update a com-
mon representation without forcing their raw observations or action spaces to match. Third, MXT+
uses embodiment dreaming, an auxiliary objective that predicts future embodiment latents from
the current shared representation. This training-only branch encourages the trunk to encode how
each embodiment’s visual and proprioceptive state evolves, without requiring pixel reconstruction
or deployment-time computation.

We evaluate EgoX on five long-horizon and dexterous manipulation tasks, Kitchen-Bread,
Kitchen-Cleanup, Sort, Insert, and Scoop, across six robot embodiments: G1-Dex5,
xArm7-Dex4, G1-Sim-Dex3, LocoMan-Dex2, R1Lite-Gripper, Z1-Tool. Human
demonstrations provide an additional pretraining source. Our experiments compare ACT (Zhao
et al., 2023), π0.5 (Black et al., 2025a), and MXT+ variants across all tasks, and ablate the pre-
training mixture, embodiment dreaming objective, and various architectural MXT+ design choices.
The results show that cross-embodiment pretraining improves downstream task performance, that
embodiment diversity matters, and that embodiment dreaming provides an additional transfer signal
via the learned embodiment latent representations. In summary, our contributions are:

1. A unified, modality-structured egocentric representation for cross-embodiment robot
manipulation. Our framework, EgoX, places human, real-robot, and simulated demonstra-
tions in a common observation-action format while retaining embodiment-specific sensing,
action-semantics, and validity masks.

2. MXT+, A modular cross-embodiment Transformer with embodiment dreaming.
MXT+ places embodiment-specific tokenizers and action experts around a shared trunk
and predicts future embodiment latents as an auxiliary training objective, to model each
embodiment’s transition dynamics, with no dreaming computation at deployment time.

3. A systematic study of cross-embodiment transfer. Experiments across five tasks and
six robot embodiments show that cross-embodiment pretraining benefits downstream robot
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Figure 2: MXT+ architecture and EgoX embodiments. Top: embodiment-specific modality tokenizers
map each embodiment’s observations (egocentric images, embodiment proprioception, and wrist, end-effector-
link, and torso poses) into tokens that a shared Transformer encoder-decoder trunk fuses across embodi-
ments. Embodiment action experts decode the trunk output into embodiment-specific action chunks, while
embodiment-dreaming experts predict future embodiment latents supervised by EMA copies of the correspond-
ing modality tokenizers. Bottom: the embodiments used in EgoX, from left to right: Human-Dex5, G1-Dex5,
xArm7-Dex4, G1-Sim-Dex3, LocoMan-Dex2, R1Lite-Gripper, and Z1-Tool. Each panel marks
the unified egocentric frame Fego in which wrist and end-effector poses and actions are expressed, together
with its wrist frames. Left and right end-effectors are shown in purple and orange, matching the modality col-
ors above, alongside a close-up of each end-effector and its end-effector-link keypoints.

manipulation, that broader embodiment mixtures improve transfer, and that embodiment
dreaming improves the learned embodiment latent representations and provides further
gains on task performance.

We discuss related work in Appendix A.1.

2 EGOX: EGOCENTRIC CROSS-EMBODIMENT MANIPULATION

EgoX makes three key design decisions to enable effective learning across diverse embodiments.
First, we represent the heterogeneous data in a unified structure based on shared modalities within
the unified egocentric frame (Sec. 2.1). To handle diverse sensing and control interfaces with differ-
ent robots while facilitating positive transfer, EgoX leverages MXT+ (Fig. 2), where embodiment-
specific tokenizers map observations into tokens and the transformer backbone can learn from a
semantically aligned representation of diverse embodiments (Sec. 2.2). Finally, the auxiliary ob-
jective of embodiment dreaming encourages the transformer to learn each embodiment’s dynamics
(Sec. 2.3). EgoX uses a two-stage training pipeline: pretraining on mixed cross-embodiment data,
and finetuning on the target embodiment task (Sec. 2.4).

2.1 EGOCENTRIC CROSS-EMBODIMENT DATA REPRESENTATION

Although embodiments differ substantially as whole bodies, many of their parts play corresponding
roles. We exploit this by decomposing each embodiment into anatomically or functionally cor-
responding modalities and aligning them in a unified egocentric frame. Formally, EgoX collects
demonstrations from a set of embodiments E that includes both humans and robots. For each em-
bodiment e ∈ E , the dataset

De =
{︁
τei
}︁Ne

i=1
, τei =

(︁
oe
i,t, a

e
i,t

)︁T e
i

t=1
, (1)

contains Ne trajectories. Trajectory τei has length T e
i . The terms oe

i,t and ae
i,t are the observations

and actions at time step t. Both are tuples of named modalities, defined below. When the trajectory
is clear from context, we omit the index i.
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Unified egocentric frame. To retain a consistent egocentric spatial interpretation, EgoX follows a
unified egocentric frame Fego (as shown in Fig. 2) attached to the egocentric main camera frame
or the rigid body carrying the main camera, and expresses wrist and end-effector poses relative to
it. At reset, the x-axis points forward toward the workspace, the y-axis points left, and the z-axis
points upward. Poses streamed from teleoperation, sensing, or control interfaces are converted into
this frame before data saving and model inference.

Observations and action targets. EgoX represents data from different embodiments in a unified
schema of images, and proprioceptive states and actions of shared modalities. As depiced in Fig. 2,
each demonstration is represented with the same observation-action dictionary structure:

oe
t := {Ie

main,t, x
e
torso,t, x

e
L/R wrist,t, p

e
L/R ee link,t, . . .}, (2)

ae
t := {x

e,target
torso,t , x

e,target
L/R wrist,t, p

e,target
L/R ee link,t, . . .}. (3)

Across embodiments, observations include egocentric main-camera images Ie
main,t, torso pose pro-

prioception xe
torso,t, wrist pose proprioception xe

L/R wrist,t, and end-effector link pose propriocep-
tion pe

L/R ee,t. There may also be additional embodiment-specific streams such as wrist-camera
images, robot joint states, and force feedback. Action targets are represented in the same modular
format, including torso pose commands xe,target

torso,t , end-effector pose commands xe,target
L/R wrist,t, end-

effector link pose commands pe,target
L/R ee,t, and when available, velocity commands.

The end-effector link poses pe
L/R ee link,t are task-relevant 3D keypoints on each end-effector, ex-

pressed in its local frame, such as the fingertips of human and robot hands and the contact points
of grippers and tools (bottom of Fig. 2). Because they describe end-effector geometry rather than
actuator joint coordinates, hands, grippers, and tools with different kinematics are expressed in
comparable geometric terms. In this unified format, human and robot demonstrations alike become
egocentric trajectories that pair visual observations with torso, wrist, and end-effector-link motion.

Shared modality vocabulary. LetM =Mobs ∪Mact be the modality vocabulary shared by all
embodiments, indexed bym: each entry of oe

t and ae
t above, with L and R counted separately, is one

modality, written oe,m
t or ae,m

t . Not every embodiment provides every modality, soMe
obs ⊆Mobs

and Me
act ⊆ Mact denote the modalities available for embodiment e. Missing modalities are

handled with mask tokens and loss masking, so token sequences remain semantically aligned across
embodiments (Appendix A.2).

2.2 MODULARIZED CROSS-EMBODIMENT TRANSFORMER

To learn from heterogeneous human and robot demonstrations, EgoX uses MXT+, a Modularized
Cross-Embodiment Transformer with Embodiment Dreaming. Building on the modular tokenization
and action decoding of MXT (Niu et al., 2025), MXT+ separates embodiment-specific sensing and
control interfaces from a shared policy backbone: observations are mapped to modality tokens,
fused by a shared encoder-decoder Transformer trunk, and decoded into action chunks and future
embodiment latents (Sec. 2.3) by modular experts.

Architecture overview. For each embodiment e ∈ E , the MXT+ policy is the composition

πe = Ψe ◦Gθ ◦ Φe, Φe = {ϕem}m∈Me
obs
, Ψe = {ψe

m}m∈Me
act
, (4)

where ϕem is the tokenizer of observation modality m, ψe
m is the action expert of action modality

m, and Gθ is the shared trunk. The tokenizers Φe and experts Ψe form the paired input and output
interfaces of embodiment e and are instantiated only for the modalities that e provides. Because all
modalities come from the shared vocabularyM and missing ones are filled with mask tokens, Gθ

receives the same modality layout from every embodiment. Cross-embodiment transfer therefore
happens in the shared trunk, while Φe and Ψe absorb differences in sensing and control. Given an
observation oe

t = (oe,m
t )m∈Me

obs
, the policy predicts an action chunk, i.e., the next H action targets

of every available action modality:

Âe
t = πe

(︁
oe
t

)︁
=

(︁
Âe,m

t

)︁
m∈Me

act
, Âe,m

t =
(︁
âe,m
t+k

)︁H−1

k=0
∈ RH×dm , (5)

where dm is the dimension of action modality m. Appendix A.3 provides details on each module.
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2.3 EMBODIMENT DREAMING

Behavioral cloning supervises the policy only through demonstrated actions; it does not require
the policy to anticipate how the embodiment’s own state evolves. MXT+ therefore adds embodi-
ment dreaming, an auxiliary objective in which the policy predicts future embodiment latents, i.e.,
compact representations of selected future observation modalities of the active embodiment. This
encourages the shared trunk to capture embodiment-specific dynamics. At the same time, supervis-
ing in latent space lets the trunk predict future embodied state at the feature level, including visual
and joint configurations, without reconstructing high-dimensional observations such as images.

Embodiment latent. For embodiment e, letMe
dream ⊆ Me

obs be the observation modalities used
as dreaming sources: the egocentric image, robot joint configuration, and end-effector joint configu-
ration, whichever of them e provides. Robot joint configurations are not part of the action space, but
they carry embodiment-specific state that is informative about body dynamics. An embodiment tok-
enizer ϕedream adds a positional embedding to the tokens of each modality inMe

dream and aggregates
them directly into a single latent vector, without pooling over multiple output tokens. The dreaming
target at a future offset k is computed by exponential-moving-average (EMA) teacher copies of the
policy’s modality tokenizers ϕem (Sec. 2.2) and of ϕedream, marked by a bar:

ye
t+k = sg

[︂
ϕ̄edream

(︂[︁
ϕ̄em

(︁
oe,m
t+k

)︁ ]︁
m∈Me

dream

)︂]︂
, (6)

where sg[·] is the stop-gradient operator. As in the JEPA model family (Assran et al., 2025), the
stop-gradient prevents the dreaming loss from updating the target, and the EMA update in Eq. (9)
makes the target evolve slowly.

Dreaming expert. A dreaming expert ψe
dream reads the same trunk output as the action experts and

predicts the embodiment latents at a set of future offsets K:(︁
ŷe
t+k

)︁
k∈K =

(︁
ψe
dream ◦Gθ ◦ Φe

)︁(︁
oe
t

)︁
. (7)

Dreaming targets are sampled from future observations by the same data pipeline as action chunks.

Latent prediction loss. The predicted latents are supervised with a cosine alignment loss and an
optional magnitude loss:

Le
dream =

1

|K|
∑︂
k∈K

[︂
1− cos

(︁
ŷe
t+k, y

e
t+k

)︁
+ β ellsmooth-L1

(︁
∥ŷe

t+k∥2, ∥ye
t+k∥2

)︁]︂
, (8)

where β ≥ 0 weights the magnitude term.

EMA target update. Each teacher ϕ̄ in Eq. (6) tracks its student ϕ, i.e., ϕedream and ϕem for m ∈
Me

dream. After each optimizer step,

ϕ̄← α ϕ̄+ (1− α)ϕ, α ∈ (0, 1), (9)

where ϕ and ϕ̄ denote module parameters.

2.4 CROSS-EMBODIMENT PRETRAINING AND TARGET FINETUNING

EgoX first pretrains MXT+ on a mixture of human and robot embodiments with action prediction
and embodiment dreaming, and then finetunes it on demonstrations of the target embodiment.

Training objective. For a time step t of a trajectory of embodiment e, the action loss is the chunked
behavioral cloning loss over the available action modalities,

Le
act =

∑︂
m∈Me

act

λem
H

H−1∑︂
k=0

⃦⃦
âe,m
t+k − ae,m

t+k

⃦⃦
1
, (10)

where λem weights action modality m. Because the sum runs overMe
act, action modalities that e

does not provide are excluded. In both Eq. (10) and Eq. (8), chunk steps and dreaming offsets beyond
the end of the trajectory are padded and excluded from the average. The objective for embodiment
e on a dataset D is

Le(D) = ED
[︁
Le
act + λedream Le

dream

]︁
, (11)
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where ED averages over time steps t of all trajectories in D, and λedream ≥ 0 weights embodiment
dreaming.

Pretraining. Let Epre ⊆ E be the pretraining embodiments, including humans and multiple robots.
Each batch mixes samples from one or more embodiment datasets, and MXT+ minimizes

Lpre =
∑︂

e∈Epre

Le(De). (12)

The shared trunk Gθ receives gradients from all embodiments, whereas the embodiment-specific
modules of e are updated only by De.

Finetuning. Given a target embodiment e⋆ and a target-task dataset Dtask
e⋆ , EgoX initializes MXT+

from the pretrained checkpoint and minimizes

Lft = Le⋆
(︁
Dtask

e⋆
)︁
, (13)

where setting λe
⋆

dream = 0 disables dreaming during finetuning. When the target task has little data,
the pretrained trunk provides a manipulation prior learned from human and other-robot demonstra-
tions, and the embodiment-specific modules adapt the shared representation to the target robot’s
sensors and action interface. Unlike single-source human-to-robot pretraining, EgoX does not rely
on a single source or target embodiment; it co-trains on a broad embodiment mixture and then
specializes to the target deployment.

Inference. At deployment, only the policy πe⋆ = Ψe⋆ ◦ Gθ ◦ Φe⋆ is executed: it predicts action
chunks Âe⋆

t from egocentric observations for low-level control. The embodiment tokenizer ϕe
⋆

dream,
the dreaming expert ψe⋆

dream, and the EMA teachers are used only during training. Algorithm 1 in
Appendix A.4 summarizes the training procedure.

3 EXPERIMENTS AND RESULTS

3.1 EXPERIMENTAL SETUP

Tasks. We evaluate EgoX on five diverse manipulation tasks covering long-horizon locomotive
manipulation, semantic object selection, precise alignment, tool use, and contact-rich interaction.
In Kitchen-Bread (Sauce Spreading), the robot retrieves sauce containers from a fridge or
tabletop, picks up a spreading tool, dips it into the sauce, and spreads the sauce onto bread. In
Kitchen-Cleanup (Tool Organization), the robot picks up tools from a tabletop and places them
into a container, with the tools and container initialized around a plate fixed at the center of a des-
ignated tabletop region. In Sort (Block Sorting), the robot sorts blocks into containers of the
corresponding colors. In Insert (T-shaped Block Insertion), the robot picks up a T-shaped block,
aligns it with its base, and inserts it. In Scoop (Cat Litter Scooping), the robot uses a grasped or
fixed scoop to collect cat litter positioned inside a litter box, empties it into a bin, and returns the
scoop to the edge of the litter box.

Embodiments. Our evaluation covers six robot embodiments (five physical robots and one simu-
lated humanoid) that differ in morphologies, mobility, handedness, and end-effectors. G1-Dex5,
a bimanual Unitree G1 humanoid equipped with five-finger Inspire RH56F1 dexterous hands.
xArm7-Dex4, a tabletop xArm7 equipped with a four-finger LEAP Hand (Shaw et al., 2023);
G1-Sim-Dex3 is a simulated Unitree G1 equipped with three-finger Dex3-1 dexterous hands.
LocoMan-Dex2 (Lin et al., 2024) is a quadruped with two-finger grippers mounted on its front
legs, evaluated in unimanual mode. R1Lite-Gripper, a Galaxea R1 Lite wheeled bimanual
mobile manipulator with parallel-jaw grippers. Z1-Tool, a tabletop Unitree Z1 arm with a fixed,
non-actuated scoop. Egocentric human demonstrations (Human-Dex5 Pro) provide an additional
embodiment for cross-embodiment pretraining. Together, these platforms span dexterous hands,
grippers, and fixed tools across diverse robot morphologies and mobility configurations.

Baselines and training settings. We compare MXT+ with ACT (Zhao et al., 2023) and π0.5 (Black
et al., 2025a), and evaluate MXT+ both with and without cross-embodiment pretraining. ACT is
trained directly on demonstrations from the target embodiment and task. MXT+ without pretrain-
ing is likewise trained from scratch on target-embodiment demonstrations, using the same modular
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Figure 3: Main results. Normalized task progress score of ACT, π0.5, MXT+ without pretraining, and MXT+
with cross-embodiment pretraining on 13 task–embodiment pairs spanning five tasks (Kitchen-Bread,
Kitchen-Cleanup, Sort, Insert, Scoop) and six embodiments (five physical robots and the simu-
lated G1-Sim-Dex3). Each panel reports ID and OOD performance.

tokenizers, shared Transformer trunk, and action experts as the pretrained variant. MXT+ with pre-
training is first trained on a mixture of egocentric demonstrations from humans, physical robots, and
simulated robots, and then fine-tuned on the target embodiment and task following Section 2.4. The
comparison between these two MXT+ variants evaluates the benefit of cross-embodiment pretrain-
ing without changing the downstream policy architecture, while ACT and π0.5 serve as baselines
representing Transformer-based imitation learning and pretrained VLA models finetuned on target-
embodiment demonstrations, respectively. We additionally study the sources of transfer through
pretraining-mixture and model ablations. Specifically, we vary the embodiments included in pre-
training to examine the effects of embodiment diversity and composition, compare models with and
without embodiment dreaming and assess the contribution of the modular design.

Evaluation settings and metrics. For each task and embodiment, we assess policies un-
der in-distribution (ID) and out-of-distribution (OOD) conditions, defined relative to the target-
embodiment training demonstrations. ID settings use objects, initial configurations, and environ-
mental conditions similar to those encountered during target training, while OOD settings introduce
task-specific held-out variations, such as novel object instances, appearances, poses, or scene con-
figurations. Each real-world task–embodiment pair is evaluated over 20 trials (13 ID and 7 OOD),
and each simulated pair over 50 trials (32 ID and 18 OOD). We report the average normalized
task progress score, which credits partial completion of intermediate task stages and normalizes the
accumulated progress by the task’s maximum score.

3.2 EXPERIMENTAL EVALUATION

Our evaluation aims to address the following questions: (1) Does egocentric cross-embodiment pre-
training improve downstream dexterous manipulation compared to training from scratch on target-
embodiment data? (2) How do the diversity and composition of pretraining embodiments affect
real-robot performance? (3) Does embodiment dreaming improve cross-embodiment learning? (4)
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Does Latent Geometry Become More Similar Across Embodiments? (5) Does modular design en-
hance the cross-embodiment transfer?

Does egocentric cross-embodiment pretraining outperform training from scratch? We examine
whether egocentric cross-embodiment pretraining improves downstream policy learning compared
with training the same policy architecture from scratch on target-embodiment demonstrations. In
Fig. 3, cross-embodiment pretraining consistently improves the task progress score of MXT+.

Under ID evaluation, cross-embodiment pretraining yields particularly large gains on G1-Dex5
Sort, LocoMan-Dex2 Scoop, and xArm7-Dex4 Scoop. The benefit becomes even
more pronounced under OOD evaluation, with substantial improvements on G1-Dex5
Kitchen-Bread, G1-Dex5 Insert, and Z1-Tool Scoop, where pretrained MXT+ sub-
stantially closes the gap to or exceeds the performance of other baselines.

Overall, these results suggest that cross-embodiment pretraining on mixed human-robot demon-
strations exposes the policy to a broader range of visual, geometric, and interaction patterns than
target-task demonstrations alone, contributing to improved downstream generalization.

Does pretraining benefit from embodiment diversity? We next study how the composition
of the pretraining mixture affects downstream performance. As shown in Fig. 4, we compare
four settings: no pretraining, human-only pretraining, human plus other-robot pretraining, and
full cross-embodiment pretraining. Human-only pretraining uses egocentric human demonstra-
tions; human plus other-robot pretraining additionally incorporates demonstrations from robot
embodiments other than the target robot; and full cross-embodiment pretraining further includes
demonstrations from the target embodiment on non-target tasks. All variants are fine-tuned
on the same target-embodiment, target-task demonstrations. We evaluate this ablation across
both real-robot and simulation settings, covering Sort and Insert on R1 Lite-Gripper,
G1-Dex5 and xArm7-Dex4, as well as Kitchen-Bread and Kitchen-Cleanup on simu-
lated G1-Sim-Dex3.
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Figure 4: Pretraining data composition and embodiment dreaming ablations. Left and middle: task
progress scores under ID and OOD evaluation as we vary the pretraining mixture: no pretraining,
human-only, human plus robot, and full cross-embodiment. Right: task progress scores with and
without embodiment dreaming across tasks and embodiments.

Human-only pretraining can improve performance over no pretraining on several task–embodiment
pairs, suggesting that egocentric human demonstrations can provide large-scale transferable manip-
ulation priors despite the embodiment gap. Adding demonstrations from other robot embodiments
can provide further gains in some settings, although the effect varies across tasks and evaluation con-
ditions. Overall, incorporating a broader range of embodiments into the pretraining mixture tends to
improve performance, with full cross-embodiment pretraining showing the strongest overall trend,
particularly under OOD evaluation. More broadly, cross-embodiment transfer can become more
consistent and yield stronger gains as the diversity of tasks and embodiments increases, highlighting
the value of broad and diverse pretraining data.

Does embodiment dreaming improve cross-embodiment learning? Finally, we study the effect
of embodiment dreaming by comparing MXT+ with MXT, its counterpart without the embodiment-
dreaming objective. We evaluate this ablation across five embodiments and seven task–embodiment
settings, including Scoop on four embodiments (G1-Dex5, xArm7-Dex4, LocoMan-Dex2,
and Z1-Tool), Insert on G1-Dex5, and both Kitchen-Bread and Kitchen-Cleanup
on G1-Sim-Dex3. The gains are observed across different tasks and embodiments, with particu-
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larly pronounced improvements on G1-Dex5, suggesting that embodiment dreaming provides an
additional learning signal beyond action prediction, improving downstream manipulation perfor-
mance. These results provide evidence that embodiment dreaming canimprove representations for
cross-embodiment learning, facilitating knowledge transfer across substantially different kinemat-
ics, viewpoints, and action spaces.

Does Latent Geometry Become More Similar Across Embodiments? We compute Gro-
mov–Wasserstein (GW) distances between embodiment-specific distributions of shared-trunk latent
representations extracted from Scoop demonstrations.

G1

G1

xArm

xArm

Z1

Z1

Locoman

Locoman

Human

Human

-24.8% -46.6% -34.5% -22.5%

-18.3% -29.7% -31.9% -30.8%

-6.2% -8.0% -55.6% -59.9%

-9.7% -8.3% +31.7% -36.7%

-32.3% -31.2% -42.3% -38.5%

Figure 5: GW change across embodiment
pairs. Pretraining: red, lower triangle;
Embodiment dreaming: blue, upper triangle.

Each embodiment’s demonstrations are encoded by
its corresponding checkpoint, with matched samples
across conditions. GW uses median-normalized within-
distribution Euclidean distances in the original latent
space. We report percentage changes in GW relative to
each baseline, with negative values indicating greater
geometric similarity. We compare MXT+ with and
without cross-embodiment pretraining. To assess em-
bodiment dreaming, we compare MXT with MXT+,
both pretrained and finetuned. Fig. 5 shows that pre-
training lowers GW for 9 of 10 embodiment pairs and
reduces mean GW across the pairs by 21.30%. MXT+
yields lower GW than MXT for all 10 pairs, reducing
mean GW across the pairs by 38.52%. These find-
ings suggest more similar internal distance structures
among embodiment-specific latent representations for
the same manipulation task.

Does modular design enhance the cross-embodiment transfer? We next examine the role
of our modular architecture by comparing MXT+ with a coarse variant that merges modality-
specific inputs and actions. Fig. 6 evaluates both variants with and without cross-embodiment
pretraining on Z1-Tool Scoop, G1-Sim-Dex3 Kitchen-Bread, and G1-Sim-Dex3
Kitchen-Cleanup. The modular design consistently outperforms the coarse variant, with partic-
ularly pronounced gains for the higher-dimensional G1-Sim-Dex3, indicating that modality-specific
interfaces benefit both downstream learning and cross-embodiment transfer.

0.0 0.2 0.4 0.6 0.8 1.0
Task Progress Score

Z1-Tool
Scoop

G1-Sim-Dex3
Kitchen-Bread

G1-Sim-Dex3
Kitchen-Cleanup 0

MXT+ (w/o pretrain)
MXT+ (w/ pretrain)

MXT+ (w/o pretrain) (coarse)
MXT+ (w/ pretrain) (coarse)

Figure 6: Coarse ablation. MXT+ task
progress scores with/without the coarse vari-
ant and pretraining.

The benefit of modularity is especially clear on
Kitchen-Cleanup: after pretraining, the coarse vari-
ant achieves zero task progress, while modular MXT+
retains substantial performance. The first step of this
task requires a 3D velocity command for locomotion, a
small but critical modality within G1’s 51-dimensional
action space. Treating all actions as a single coarse rep-
resentation can hinder learning this modality, whereas the
modular design provides dedicated experts for each ac-
tion modality. Overall, these results show that modular-
ity is crucial for both downstream performance and ef-
fective cross-embodiment transfer, particularly for high-
dimensional embodiments with diverse modalities.

4 CONCLUSION

We presented EgoX, an egocentric cross-embodiment framework that represents human, real-robot,
and simulated demonstrations in a unified, modality-structured format and trains MXT+, a Modular-
ized Cross-Embodiment Transformer with Embodiment Dreaming. Embodiment-specific tokenizers
and action experts preserve each embodiment’s sensing and control interfaces around a shared trunk,
and embodiment dreaming trains this trunk to predict future embodiment latents, modeling each
body’s dynamics at no inference cost. Across five tasks and six embodiments, cross-embodiment
pretraining improves downstream manipulation, broader embodiment mixtures improve transfer,
and embodiment dreaming yields further gains, especially on contact-rich tool use.
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A APPENDIX

A.1 RELATED WORK

Cross-Embodiment Learning for Robotic Manipulation. Cross-embodiment robot learning aims
to train policies that benefit from data collected on different bodies, sensors, and control interfaces.
Large robot datasets and generalist policies demonstrate the value of scaling policy learning across
tasks and robot embodiments (O’Neill et al., 2024; Kim et al., 2025; Black et al., 2025b;a; Gemini
Robotics Team et al., 2025b), and recent work extends such pretraining to include human data (Luo
et al., 2026a; NVIDIA et al., 2025). Prior methods handle embodiment heterogeneity with shared-
trunk policies that use embodiment-specific tokenizers or action heads (Doshi et al., 2025; Niu et al.,
2025; Wang et al., 2024), with a single embodiment-conditioned action head (Li et al., 2026b), or
with image editing that aligns robot appearance across embodiments (Chen et al., 2024; Lepert et al.,
2025). Existing methods either cover a relatively narrow range of embodiments and end-effectors
or preserve heterogeneity by giving each embodiment a separate interface, leaving the extent of
modality-level sharing unclear. In contrast, EgoX covers highly heterogeneous embodiments and
end-effectors: it is evaluated on humanoid, wheeled bimanual, tabletop-arm, quadrupedal, and sim-
ulated platforms, with three- to five-fingered dexterous hands, two-finger and parallel-jaw grippers,
and a tool. MXT+ combines embodiment-specific interfaces with modality-level sharing through
modular tokenizers and action experts, and adds embodiment dreaming as a training signal through
the prediction of future embodiment latents.

Robot Learning from Egocentric Data. Egocentric human data offers a scalable source of manip-
ulation experience spanning diverse tasks, objects, and environments. Recent advances in wearable
devices, such as XR headsets and smart glasses, have improved the quality and scale of such data
(Chen et al., 2025; Hoque et al., 2026; Punamiya et al., 2026). Human videos have been used to
learn transferable priors through visual, affordance, and latent-action objectives (Nair et al., 2023;
Srirama et al., 2024; Ye et al., 2025; Bu et al., 2025; Zhang et al., 2026). Other methods use human
demonstrations directly for policy learning, through domain adaptation (Punamiya et al., 2025), pre-
training or co-training (Kareer et al., 2025; Yuan et al., 2025; Yang et al., 2025; Zheng et al., 2026;
Shi et al., 2026; Zhu et al., 2026; Bi et al., 2026; Wei et al., 2026a), and transfer without additional
target-robot demonstrations (Xu et al., 2026). Much of this literature emphasizes transferring human
experience to target robot embodiments, while EgoX focuses on collecting and jointly learning from
egocentric demonstrations across human and heterogeneous robot embodiments, and investigates
how this shared training benefits manipulation across diverse platforms.

World Action Models and Embodiment Modeling. World models learn to predict how the world
evolves under actions (Assran et al., 2025; Goswami et al., 2025; Gao et al., 2026). World action
models couple such prediction with policy learning by jointly predicting actions and future observa-
tions, with targets including pixels, pretrained visual features, and 3D motion flow (Li et al., 2026a),
embeddings from frozen or separately pretrained encoders (Zheng et al., 2025; Luo et al., 2026b),
and future tactile signals or tactile latents (Niu et al., 2026; Lou et al., 2026). These works show
that predicting future observations provides a useful training signal for policy learning. Other meth-
ods model the embodiment itself, either by predicting its dynamics or kinematics (Fu et al., 2025;
Patel & Song, 2025), or by encoding its structure through body graphs, canonical morphology rep-
resentations, or embodiment-specific functional components in action generation (Sferrazza et al.,
2025; Wei et al., 2026b; Li et al., 2026b). EgoX combines the ingredients of world action models
and embodiment modeling through embodiment dreaming: alongside actions, MXT+ predicts fu-
ture embodiment latents from egocentric visual features, robot joint configurations, and end-effector
joint configurations using exponential-moving-average copies of its own modality encoders. The ob-
jective helps the shared trunk learn embodiment-aware dynamics while leaving the deployment-time
action policy unchanged.

A.2 HANDLING MISSING MODALITIES

Not every embodiment provides every modality in the shared vocabularyM (Sec. 2.1); for example,
single-arm embodiments have no left wrist or left end-effector link. EgoX handles such gaps so that
token sequences remain semantically aligned across embodiments. For each embodiment e, the
modality indicator

δem = I [m is available for e ] ∈ {0, 1} (14)
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defines the available observation modalities Me
obs = {m ∈ Mobs : δem = 1}, and Me

act is de-
fined analogously. Unavailable observation modalities are replaced by learnable mask tokens (Ap-
pendix A.3), so the shared trunk always receives the same modality layout, and unavailable action
modalities are excluded from the action loss (Sec. 2.4).

A.3 DETAILS ON MXT+

Modality tokenizers. Each tokenizer ϕem maps modality m to a fixed number Lm of d-dimensional
tokens. Modalities are defined at an anatomical or functional level, e.g., egocentric vision, body
pose, end-effector pose, end-effector joint pose, and end-effector keypoints, so embodiments with
different morphologies expose compatible interfaces whenever they share a modality. Image
modalities are encoded by a visual backbone fvis shared across all embodiments, followed by an
embodiment-specific cross-attention aggregator gem, so that ϕem = gem ◦ fvis. State modalities are
encoded by lightweight MLPs followed by cross-attention aggregation. Unavailable modalities are
replaced by mask tokens (Appendix A.2), and the tokens of all modalities are concatenated in a fixed
modality order:

Ze
t =

[︁
Ze,m

t

]︁
m∈Mobs

∈ RL×d, L =
∑︁

m∈Mobs
Lm. (15)

Tokenizing per modality preserves each modality’s semantic identity and avoids mixing heteroge-
neous signals too early. The trunk therefore always consumes the same token interface, while the
tokenizers absorb embodiment-specific differences in dimensionality, camera availability, and kine-
matic parameterization.

Shared Transformer trunk. The trunkGθ is an encoder-decoder Transformer. The encoder applies
self-attention over Ze

t , and the decoder cross-attends from Nq learnable query tokens Q ∈ RNq×d

to the encoder outputs:
U e

t = Gθ

(︁
Ze

t ; Q
)︁
∈ RNq×d. (16)

Because every embodiment is presented through the same token interface, Gθ is trained on all em-
bodiments without requiring their raw observations or actions to share a dimensionality. The trunk
is therefore the main conduit for cross-embodiment transfer, while the tokenizers and experts retain
the embodiment-specific details needed for execution.

Modular action experts. For each available action modality m ∈ Me
act, the action expert decodes

the corresponding action chunk from the trunk output:

Âe,m
t = ψe

m

(︁
U e

t

)︁
∈ RH×dm . (17)

Action modalities are drawn from the shared vocabularyMact, so anatomically or functionally cor-
responding outputs occupy the same modality across embodiments. For example, the end-effector
pose of a single-arm robot corresponds to the right end-effector pose of a bimanual embodiment.
The experts remain embodiment-specific to handle differences in dimensionality, control semantics,
and validity masks, while the structure shared across embodiments is learned by the trunk.

A.4 TRAINING ALGORITHM

Algorithm 1 details the full EgoX training procedure, including cross-embodiment pretraining, tar-
get finetuning, embodiment dreaming, and the EMA target update.

A.5 EMBODIMENT AND HARDWARE DETAILS

EgoX is evaluated on five physical robot embodiments spanning substantially different morpholo-
gies, mobility configurations, and manipulation interfaces, as shown in Fig. 7. The platforms in-
clude a bimanual humanoid with dexterous hands (G1-DEX5), a wheeled bimanual mobile ma-
nipulator with parallel-jaw grippers (R1LITE-GRIPPER), a tabletop manipulator with a dexterous
hand (XARM7-DEX4), a fixed-base arm equipped with a non-actuated tool (Z1-TOOL), and a
quadrupedal manipulator with a two-finger gripper (LOCOMAN-DEX2).

Across all embodiments, EgoX represents manipulation actions using a shared set of semantically
corresponding geometric action modalities. These include end-effector pose targets and, when avail-
able, task-relevant end-effector keypoint targets. For dexterous hands and grippers, the keypoints
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Algorithm 1 EgoX pretraining and finetuning with embodiment dreaming
Input: Datasets {De}e∈Epre

, target dataset Dtask
e⋆

Input: Action horizon H , dreaming offsets K, EMA decay α
Output: Target policy πe⋆ = Ψe⋆ ◦Gθ ◦ Φe⋆

1: Initialize tokenizers, trunk Gθ, action experts, and dreaming experts
2: Initialize each teacher ϕ̄ as a copy of its student ϕ
3: for each pretraining step do
4: Sample a batch from {De}e∈Epre

5: Predict action chunks Âe
t and embodiment latents ŷe

t+k
6: Compute dreaming targets ye

t+k with Eq. (6)
7: Compute Lpre with Eq. (12) and update students by gradient descent
8: Update teachers with Eq. (9)
9: end for

10: Initialize MXT+ from the pretrained checkpoint
11: for each finetuning step do
12: Sample a batch from Dtask

e⋆

13: Compute Lft with Eq. (13) and update students by gradient descent
14: Update teachers with Eq. (9) if λe

⋆

dream > 0
15: end for
16: return πe⋆

correspond to fingertips, while embodiments that do not provide such structure can use only the
applicable subset of action modalities. The predicted geometric targets are mapped to each embod-
iment’s native control space through embodiment-specific retargeting and low-level control inter-
faces.

G1-Dex5. G1-DEX5 is a Unitree G1 humanoid equipped with two Inspire RH56F1 five-finger
dexterous hands. EgoX can predict body pose, left/right end-effector pose targets together with five
fingertip targets for each hand and optional velocity command for whole robot. These geometric
targets of hand and e are retargeted to the corresponding arm and hand control spaces for execution.
For locomotion and whole-body stabilization, we use the low-level whole-body controller from
Humanoid Touch Dream (Niu et al., 2026), which is kept fixed throughout our experiments.

R1Lite-Gripper. R1LITE-GRIPPER is a Galaxea R1 Lite wheeled bimanual mobile manipulator
equipped with parallel-jaw grippers. EgoX predicts left/right end-effector pose targets together with
two fingertip targets for each gripper and optional velocity command. These geometric targets are

A
G1-DEX5

B
R1LITE-GRIPPER

E
LOCOMAN-DEX2

C
XARM7-DEX4

D
Z1-TOOL

Figure 7: Physical robot embodiments used in EgoX.
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Table 1: Embodiment-specific interfaces used in EgoX. EgoX represents manipulation actions
using semantically corresponding geometric modalities while allowing each embodiment to expose
only the modalities applicable to its morphology. EEF denotes end effector.

Embodiment Side
Robot

Joint Dim.
EEF

Joint Dim.
Body

Action
EEF Pose

Action
Fingertip
Targets

G1-DEX5 Bimanual 29 6 + 6 Yes L/R 5 / hand
R1LITE-GRIPPER Bimanual 15 1 + 1 No L/R 2 / gripper
XARM7-DEX4 Right 7 16 No Right 4
LOCOMAN-DEX2 Right 18 1 Yes Right 2
Z1-TOOL Right 6 – No Right –

“Robot Joint Dim.” and “EEF Joint Dim.” denote the native proprioceptive dimensions used by each em-
bodiment. EgoX predicts geometric EEF-pose and, when applicable, fingertip targets, which are subsequently
mapped to each embodiment’s native control space.

mapped to the native arm and gripper control spaces of the R1 Lite for execution. Mobile-base
commands are handled through the embodiment-specific locomotion interface.

xArm7-Dex4. XARM7-DEX4 consists of an xArm7 tabletop manipulator equipped with a four-
finger LEAP Hand (Shaw et al., 2023). EgoX predicts an end-effector pose target together with
four fingertip targets. These geometric targets are retargeted to the xArm7 arm and LEAP Hand
control spaces for execution. Since the platform has a fixed base, it does not use a locomotion action
modality.

Z1-Tool. Z1-TOOL is a Unitree Z1 tabletop manipulator equipped with a fixed, non-actuated
scoop. For this embodiment, EgoX predicts only the end-effector pose target, which is executed
by the underlying arm controller. Since the scoop is rigidly attached to the arm and has no actuated
joints, this embodiment does not use a separate end-effector keypoint or actuation modality.

LocoMan-Dex2. LOCOMAN-DEX2 is a quadrupedal manipulation platform with two-finger grip-
pers mounted on its front legs (Lin et al., 2024). We evaluate the platform in a unimanual config-
uration. EgoX predicts an end-effector pose target together with two fingertip targets for the active
gripper. These geometric targets are mapped to the native control space of the active manipulation
limb for execution.

A.6 DATASET AND DATA COLLECTION

Dataset overview. EgoX is trained on a heterogeneous collection of egocentric manipulation
demonstrations spanning human, physical-robot, and simulated embodiments. In total, the dataset
contains 4,851 trajectories corresponding to 34.38 hours of interaction. Table 2 summarizes the
dataset composition for each embodiment, while Fig. 8 visualizes the task distribution across em-
bodiments.

Table 2: Dataset statistics. Number of training and validation trajectories and total interaction
duration for each embodiment used in EgoX.
Embodiment Domain Tasks Train Val. Total Hours

HUMAN-DEX5 Human Insert, Kitchen, Scoop, Sort 2,198 198 2,396 9.26
G1-DEX5 Real Insert, Kitchen, Scoop, Sort 622 88 710 6.70
XARM7-DEX4 Real Insert, Scoop, Sort 398 39 437 3.64
G1-SIM-DEX3 Sim Kitchen, Kitchen-Spreader 691 58 749 7.51
LOCOMAN-DEX2 Real Scoop 34 3 37 0.35
R1LITE-GRIPPER Real Insert, Kitchen, Sort 398 40 438 6.36
Z1-TOOL Real Scoop 77 7 84 0.56

Total – – 4,418 433 4,851 34.38
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Figure 8: Composition of the EgoX dataset across embodiments and tasks. Each bar represents the total
number of trajectories collected for one embodiment, with stacked segments indicating the corresponding task
composition. Numbers above the bars denote the total number of trajectories for each embodiment.

Data composition. The dataset is deliberately heterogeneous in both embodiment and task compo-
sition. Human demonstrations constitute the largest source, with 2,396 trajectories (49.4% of the full
dataset), while demonstrations collected on physical robots contribute 1,706 trajectories (35.2%).
The remaining 749 trajectories (15.4%) are collected with the simulated G1 embodiment. Among
the robot embodiments, G1-DEX5 and G1-SIM-DEX3 provide the largest individual datasets, with
710 and 749 trajectories, respectively, while the remaining platforms provide smaller but morpho-
logically diverse sources of manipulation experience.

Importantly, the dataset is not constructed by replicating the same task set across every embodiment.
Instead, different embodiments contribute different subsets of tasks according to their morphology
and manipulation capabilities. Cross-embodiment overlap therefore arises through semantically cor-
responding observation and action modalities rather than requiring identical tasks or actuator-level
action spaces across all platforms.

Table 3: Task progress scoring used for evaluation. Intermediate stages receive partial credit,
while completing all stages yields a normalized task progress score of 1.
Task Stage scoring Smax

SCOOP Grasp scoop: 1; approach target material: 1; scoop and lift material: 2;
deposit into target bin: 1. For Z1-TOOL, the scoop is fixed to the arm
and the grasp stage is omitted.

5 / 4 (Z1)

SORT Three objects are evaluated independently. For each object: pick: 1;
approach a bin: 3 if the bin color matches the object and 1 otherwise;
place into a bin: 3 if the bin color matches the object and 1 otherwise.

21

INSERT Approach the T-shaped block: 1; grasp the block: 2; insertion: 2 for
successful insertion, 1 for a near-successful insertion, and 0 otherwise.

5

KITCHEN-BREAD For R1LITE-GRIPPER and G1-SIM-DEX3: pick sauce container,
locomote to workspace, place container, pick spreading tool, dip into
sauce, spread onto bread, and place the tool back; each stage receives 1
point. For G1-DEX5, retrieval additionally includes opening the
refrigerator, grasping the container, and closing the refrigerator.

7 / 9 (G1)

KITCHEN-CLEANUP Grasp the tool: 2. Place the tool intothe container: 2. 4

A.7 TASK AND EVALUATION PROTOCOL

We evaluate each policy using a stage-based task progress score that provides partial credit for
intermediate task completion. For an episode with accumulated stage score s and task-specific
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maximum score Smax, we report the normalized task progress score as P = s/Smax. Table 3
summarizes the stage definitions used for each task.

A.8 SIMULATION DETAILS

Simulation setup. We simulate G1-Sim-Dex3, a Unitree G1 humanoid with three-finger Dex3
hands, in a kitchen environment built in Isaac Sim and Isaac Lab. In Kitchen-Bread, the robot
retrieves a sauce can from the refrigerator, carries it to the worktop, and spreads its contents onto
bread; the shorter Kitchen-Cleanup task requires picking up the spreader and placing it in a
container. Objects interact through rigid-body contact, while sauce transfer is rendered visually
without fluid simulation. Demonstrations are collected by teleoperation with PICO controllers, and
the egocentric head-camera and wrist-camera images are rendered offline with RTX. Physics runs at
200Hz and the locomotion controller at 50Hz.

Randomization. At reset, we randomize the robot and object positions, object sizes, aisle width,
and worktop height, keep the spreader supported by the plate, and check each sampled layout for
clearance. We also vary the bread shape and the positions of background objects and furniture.
During offline rendering, we randomize object and room materials, lighting, camera poses and fields
of view, and image properties such as color, noise, blur, and compression. These visual changes
leave the recorded motions and action labels unchanged. Each rendered episode uses a fixed visual
configuration, with noise varying across frames, and the dataset also retains variants close to the
original appearance.

Evaluation. Each task is evaluated on 50 fixed trials: 32 ID and 18 OOD. OOD trials use real-
world-inspired or cross-task appearances, and Kitchen-Bread OOD trials also include unseen
plate–spreader layouts. Trial cases were refined through pilot evaluations and then fixed for all
methods. Kitchen-Bread and Kitchen-Cleanup trials last 90 and 45 simulated seconds,
respectively. Actions are executed at 30Hz, with 45 actions executed before each new prediction.
Kitchen-Bread success requires spreading sauce onto the bread and, at the end of the trial, a
released spreader settled on a support. Kitchen-Cleanup success requires grasping the spreader
and placing it inside the container, released and supported, at any point during the trial. We score
nine prerequisite-dependent stages for Kitchen-Bread and four for Kitchen-Cleanup, plus
one point for success, giving maximum scores of 10 and 5; normalizing by these maxima gives the
task progress score reported in Sec. 3.
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XARM-DEX4

G1-DEX5

G1-DEX3

LOCOMAN-DEX2

Z1-TOOL

R1LITE-GRIPPER

Figure 9: Overview of tasks for each embodiment. From top to bottom: G1-DEX5, XARM7-DEX4, G1-
DEX3, LOCOMAN-DEX2. Z1-TOOL, and R1LITE-GRIPPER.
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