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Abstract

Robot foundation models (RFMs), including vision-language-action (VLA) policies, are often
read through a familiar scaling story: more data, larger models, and broader benchmarks.
Robotics adds a practical follow-up: when a shared model reaches a new body, what work
lets it act there? This survey asks what travels across robot bodies and what has to be
realized on the target robot. We call the mismatch between reusable structure and target-
specific execution the embodiment gap. The gap identifies which structures become reusable,
where body-specific work remains, and what evidence should accompany cross-embodiment
success claims. We organize this lens around three scaling directions—semantic meaning and
perception, physical robot data and interfaces, and embodiment correspondence—and use it
to define a reporting agenda for target-body residuals. The goal is to make cross-embodiment
progress easier to compare, reproduce, and build on, while encouraging systems that leave
new robots with less target-specific work, clearer failure attribution, and safer recovery.

1 Introduction

Robot learning has begun to borrow the shape of recent progress in language and vision: train large models
on heterogeneous data, and expect useful generalization to emerge. Robot foundation models, especially VLA
policies and generalist robot policies, are the most visible expression of this borrowing. Language, perception,
trajectories, teleoperation, and pretraining now act as reusable resources for embodied control; RT-X, Octo,
OpenVLA, RoboCat, and the 7y family are representative examples (Octo Model Team et al., 2024; Kim et al.,
2025¢; Open X-Embodiment Collaboration et al., 2023; Khazatsky et al., 2024; Zhao et al., 2023; Brohan
et al., 2023b;a; Driess et al., 2023; Bousmalis et al., 2024; Black et al., 2024; Physical Intelligence et al., 2025).
Robots, however, must act through bodies: a plan, affordance, object-motion cue, latent action, or policy
backbone may travel across robots, but it becomes behavior only when it meets a particular morphology,
sensor suite, controller, contact regime, and safety envelope. We call this distance between transferable
structure and physical realization the embodiment gap.

The reporting problem is simple but consequential. Two systems can report the same final success rate while
requiring very different work on the target robot: one may need a small number of demonstrations and a
calibrated controller, while another may need extensive fine-tuning, repeated real-robot trials, manual resets,
or safety interventions. The question is therefore not only whether a robot eventually succeeds, but what had
to happen on that robot before success became possible. We call that remaining work residual adaptation
burden.

The recent debate over scaling robot data and models motivates the same diagnostic question. Goldberg
argues that robotics lacks the naturally available observation-action pairs that enabled internet-scale learning
in language and vision (Goldberg, 2025); a related Science Robotics debate frames the role of data, models,
and engineering as open rather than settled (Amato et al., 2025). For this survey, the central question is:
what transfers across bodies, and what remains on the target robot?

We answer with a lens and a reporting view. The lens separates shareability level, or what kind of structure
transfers, from dominant residual locus, or where target-side work mainly remains. It also organizes three

The authors used GPT-5.5 for language polishing and for drafting Figure 1. The authors verified all outputs and take full
responsibility for the ideas, claims, citations, figures, and final manuscript.



Under review as submission to TMLR

overlapping scaling directions: semantic scale, physical-data scale, and embodiment correspondence scale.
The reporting view asks papers to expose the target-body pathway behind success: target data, updates,
setup, robot operation, safety events, recovery, and failure attribution.

Recent surveys have mapped foundation models in robotics (Firoozi et al., 2025; Hu et al., 2023), VLA and
action-tokenization work (Zhong et al., 2025; Kawaharazuka et al., 2025; Motoda et al., 2025), video-to-control
learning (McCarthy et al., 2025; Zheng et al., 2026b), data and benchmark resources (Wang et al., 2026),
evaluation taxonomies (Gao et al., 2025), and embodied-AIl mapping (Raychaudhuri and Chang, 2025).
These surveys map the landscape; this survey asks a different question: not which capability, module, or
benchmark is present, but what shared structure transfers across bodies and what target-body burden remains.
Methodologically, this paper is a lens-driven scoping survey rather than an exhaustive systematic review.
We focus on manipulation-oriented RFMs, especially VLA policies and generalist robot policies, and on
mechanisms that connect shared structures to concrete target robots: model backbones, data, interfaces,
correspondence mechanisms, morphology-aware models, contact-rich grounding methods, and evaluation
practices. Appendix A details the search, inclusion protocol, boundary cases, and status policy for recent
preprints and OpenReview submissions.

This survey makes three contributions. First, it defines the embodiment gap as the distance between reusable
structure and target-body realization. Second, it organizes recent robot-foundation-model work by shareability
level, residual locus, and three scaling directions without treating those directions as disjoint taxonomies.
Third, it turns the lens into a reporting agenda for target-body residuals, including burden profiles, adaptation
curves, and failure attribution.

The rest of the paper is organized as follows. Section 2 defines the embodiment gap and residual adaptation
burden. Section 3 introduces the two-axis lens and the three scaling directions. Sections 4-6 examine semantic
scale, physical-data scale, and embodiment correspondence scale. Section 7 develops target-body residual
reporting. Section 8 discusses embodiment-gap-aware scaling, and Section 9 concludes. Appendix A gives
scope notes, Appendix B summarizes adjacent concepts, Appendix C reports placement rationales, and
Appendix D gives extended reporting checklists.

2 The Embodiment Gap in Robot Foundation Models

Robot foundation models, including VLA policies and generalist robot policies, are built on the promise that
structure can be reused across tasks, environments, datasets, and robot bodies. Task knowledge, perceptual
cues, object-motion structure, action interfaces, and policy backbones can all make a new robot less alone. The
last step, however, still happens through a particular machine: reusable structure has to become executable
under the physical and operational conditions of the target robot.

We use the term embodiment gap for the distance between shared structure and target-body realization.
The concept does not name every distribution shift in robot learning. It refers to the gap that appears
when structure transferred across bodies must be re-grounded in a target robot’s morphology, sensing,
control, contact, and safety conditions. We use embodiment in an extended robot-learning sense: the
body-sensor-controller-contact stack through which a policy becomes executable.

2.1 Shared structure is not directly executable

We use shared structure as an umbrella term for the part of a robot-foundation-model system intended to
transfer across robot bodies. It may be task-level, such as a goal or plan; perceptual, such as an object or
affordance cue; interaction-centric, such as object flow or point tracks; or closer to execution, such as a latent
action, skill, action token, or morphology-aware policy component. The distance to execution changes across
these representations: a task plan travels easily but says little about contact, while an end-effector trajectory
is closer to execution but depends on kinematics and control.

The other side of the gap is target-body realization: the point at which shared structure becomes executable
under the robot’s concrete conditions. A language model may choose the right subtask, a vision model may
identify the right object, and a policy backbone may output a plausible action representation; the cup is
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still picked up by a particular gripper, with a particular controller, under particular contact conditions. The
instruction “pick up the cup” may remain semantically stable across suction, parallel-jaw, dexterous-hand,
and mobile-manipulator setups, while grasps, collision risks, stability margins, and recovery options change
with the body. Figure 1 gives the schematic version of this distinction.
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Figure 1: The embodiment gap. Shared structure can travel across bodies, but execution requires target-body
realization through the selected robot’s sensing, action, control, morphology, contact, and safety conditions.

2.2 Relation to adjacent gaps

The embodiment gap overlaps with familiar notions in robot learning, but its focus is narrower. Domain
shift concerns changes in visual statistics, environments, object appearances, tasks, or observation conditions
(Csurka, 2017); these shifts may occur without changing the robot body. A sim-to-real gap concerns differences
between simulated and real physical processes, including contact, dynamics, noise, latency, and unmodeled
effects (Zhao et al., 2020; Tobin et al., 2017). Sim-to-real and embodiment shifts can meet in human-to-robot
transfer (Lum et al., 2025), but sim-to-real transfer can also occur for a fixed body.

General transfer learning asks how knowledge acquired in one domain, task, or setting can be reused in
another (Taylor and Stone, 2009; Pan and Yang, 2010). Cross-embodiment robot learning is one form
of transfer; the embodiment-gap lens focuses on how shared structure maps to the target robot’s action
possibilities, physical constraints, and operational risks. Likewise, action-space mismatch is an important
manifestation of the gap, but not the whole gap: even a nominally shared action interface can imply different
reachability, contact stability, sensing uncertainty, and recovery requirements.

A shared Cartesian end-effector command illustrates the boundary: the nominal action interface may match
while a suction cup, parallel-jaw gripper, dexterous hand, or mobile manipulator realizes the same displacement
through different reachability, compliance, tactile sensing, contact stability, and recovery options. Body
differences define action possibilities, so the design question is which differences should be shared, standardized,
transformed, or left for target-body adaptation.

2.3 Residual adaptation burden

Even after shared structure has been transferred, some work often remains on the target robot. We call this
residual adaptation burden: the target-side data, model changes, setup, real-robot operation, and recovery
needed before the transferred structure can be used successfully. Many robot systems deliberately leave work
to a controller, action decoder, adapter, calibration step, or safety layer. This can be a good design choice
when the residual is small, stable, and visible; it becomes difficult to compare when the residual is hidden. In
this survey, we use five burden-profile items: target-data burden, model-update burden, calibration/setup
burden, real-robot operation burden, and safety/intervention/recovery burden. These items form a reporting
profile, not a universal scalar metric: success rate tells us whether the target robot eventually completed the
task, while residual adaptation burden tells us what had to be paid on that robot before success became
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possible. The embodiment gap is visible in the relation between the two: what was shared, how it was
realized, and what remained.

3 Shareability Levels, Residual Loci, and Scaling Directions

We use a two-axis lens to compare how shared structure returns to the body. The first axis, shareability
level, asks what kind of structure is intended to transfer across bodies. The second, dominant residual locus,
asks where target-side work most visibly remains. The full burden is multi-dimensional and is reported later
through the report card and case-study profiles; the two-axis lens shows where a system places the boundary
between shared structure and target-body realization.

3.1 A two-axis lens: what transfers and where residuals remain

The shareability level describes how far the shared structure is from target-body execution. Highly abstract
structures are easier to share but leave more grounding to the target robot; execution-proximal structures
can reduce some residuals but are more sensitive to morphology, sensing, control, and contact. We use
five working levels, drawing on foundation-model surveys, VLA /action-tokenization work, video-to-control
studies, and evaluation taxonomies: semantic/task, perceptual/affordance, object-interaction, action/skill,
and morphology-conditioned or execution-proximal sharing (Firoozi et al., 2025; Zhong et al., 2025; McCarthy
et al., 2025; Gao et al., 2025).

At the semantic/task level, systems share goals, instructions, plans, or commonsense knowledge. At the
perceptual/affordance level, they share visual or spatial cues such as object representations, affordance maps,
or video-derived subgoals. At the object-interaction level, the shared structure describes how the manipulated
object or scene should change, for example through object flow, point tracks, tool-centered motion, or object
pose trajectories. At the action or skill level, systems share latent actions, skill embeddings, action tokens,
action decoders, or manipulation primitives. At the morphology-conditioned level, systems condition policies
or action generation on body structure itself, as in body graphs, kinematic tokens, morphology embeddings,
or body-specific prompts (Sferrazza et al., 2024; Patel and Song, 2025; Zheng et al., 2026a; Suzuki et al.,
2026; Zhang et al., 2026).

Boundary cases are assigned by the representation’s primary commitment. Affordance maps remain near
perceptual/affordance when they localize possible interaction; object flow and point tracks move toward
object-interaction when they specify scene change (Xu et al., 2025; Bharadhwaj et al., 2024); action motifs sit
near the object-interaction—action boundary when they encode action-oriented abstractions (Zhi et al., 2026).
A single system may combine several levels, so the level in Figure 2 indicates the dominant shared structure
for the cross-embodiment claim.

The second axis is a dominant residual locus, not a residual amount. Target-side burden includes target
data, model updates, calibration, controller alignment, contact grounding, real-robot operation, safety, and
recovery; these cannot be collapsed into one reliable score. The vertical axis instead records where the
remaining work mainly appears: skill/API grounding, calibration and action-interface alignment, contact-,
force-, and tactile execution, or recovery, safety, and closed-loop robustness. Section 7 and Tables 1-2 provide
the multi-dimensional reporting view.

3.2 From the emphasis map to three scaling directions

Figure 2 summarizes representative systems by dominant shareability level and residual locus. The map is a
qualitative design-space view, not a taxonomy score or a burden ranking: moving rightward brings the shared
structure closer to execution, while moving downward marks a different locus of target-body realization.
Placements follow two coding rules—primary shared representation and most visible target-body residual-with
row-level rationale in Appendix C; Section 7 reports burden profiles separately.
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Figure 2: A two-axis emphasis map under the embodiment-gap lens. The horizontal axis indicates the
dominant shareability level of the structure transferred across bodies; the vertical axis indicates the dominant
locus at which target-side residual work remains. Coordinates indicate qualitative emphases rather than
scalar residual amounts. The translucent overlays denote overlapping scaling directions; Appendix C gives
placement rationales.

The map is most useful when read through contrasts. SayCan, RT-2/PaLM-E, CLIPort/PerAct, and RT-
Affordance/RoboPoint/VoxPoser, for example, share goals, visual cues, or affordances, but their target-body
residuals remain in skill availability, API grounding, calibration, and feasible execution. RT-X/OXE, Octo,
OpenVLA, BridgeData/RoboNet/RLDS, and DROID/LeRobot/RoboMIND occupy the middle of the map:
shared data and action schemas make trajectories and interfaces trainable across bodies, but do not remove
controller binding, target data, setup, or evaluation burden. Track2Act, flow-based methods, MOTIF, and
latent-action methods move the shared structure closer to object motion or action abstraction. The lower-right
methods—Body Transformer, GET-Zero, X-VLA /RodriNet, TactAlign, Tactile-VLA, and ForceMimic—make
morphology, contact, or force part of the representation itself. The lesson is that sharing more structure
changes where the residual sits, and these contrasts motivate the three scaling directions used in Sections 4—6.
By cross-embodiment scaling, we mean making more structure travel across bodies while the remaining
target-body work becomes smaller, safer, better localized, or easier to report. Level names the granularity
of shared structure; scale names a research direction that expands what can be shared and connected to
target bodies. Figure 3 summarizes the three directions as overlapping design-and-reporting axes: semantic
scale routes reusable meaning and perception through foundation models; physical-data scale makes robot
trajectories and interfaces reusable and traceable; embodiment correspondence scale learns cross-body relations
among robot-task realizations.
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Figure 3: Three scaling directions under the embodiment-gap lens. Semantic scale expands reusable meaning
and perception; physical-data scale makes robot trajectories and interfaces reusable and traceable; embodiment
correspondence scale learns relations across bodies through object motion, latent actions, body conditioning,
and contact cues. The directions are overlapping design-and-reporting axes.

4 Semantic Scale: High-Level Shared Structure and Execution Residuals

Semantic-scale methods reuse task meaning, language, perception, and video-derived cues, but leave feasibility,
contact, and recovery to the target robot. At the semantic/task level, what is shared is not a low-level action
but a high-level description of what should happen. SayCan is a representative example (Ahn et al., 2023).
Other LLM planning interfaces, including Code as Policies, ProgPrompt, and LLM+P, expose the same
boundary between semantic structure and executable robot behavior (Liang et al., 2023; Singh et al., 2023;
Liu et al., 2023a). A language model may propose actions, programs, or plans, but target feasibility still
depends on available skills, planners, execution, and safety.

Perceptual and affordance methods move semantic scale closer to execution. CLIPort combines semantic
what information from language-image pretraining with spatial where information for language-conditioned
manipulation (Shridhar et al., 2022); PerAct predicts actions over a 3D voxel representation (Shridhar et al.,
2023). R3M, RT-Affordance, RoboPoint, and VoxPoser provide reusable visual or spatial cues that constrain
robot behavior (Nair et al., 2023; Nasiriany et al., 2024a; Yuan et al., 2025; Huang et al., 2023). Perception
Stitching makes a related separation between transferable visual encoders and downstream visuomotor
execution (Jian et al., 2024), while ActionEQA shows failures shifting from high-level perception toward
geometric and physical reasoning as semantic instructions become lower-level actions (Bao et al., 2026).

Video and world-model cues add temporal structure. Visual foresight, video prediction, affordance/value-map
methods, and human or egocentric video imitation can narrow what the target robot should attempt (Nasiriany
et al., 2024a; Ebert et al., 2018; Hu et al., 2024; Wu et al., 2023; Yuan et al., 2025; Guo et al., 2025; Huang
et al., 2023; Wang et al., 2023; Kareer et al., 2024; Hoque et al., 2025). They still do not settle the target-body
questions of reachability, contact, and recovery.

Recent robot foundation models, including VLA policies and generalist robot policies, combine semantic
scale with physical-data scale. RT-2, PaLM-E, RT-X, Octo, OpenVLA, RoboCat, and the 7 family train
large policy backbones on robot data, often using pretrained vision-language models and multi-robot datasets
(Octo Model Team et al., 2024; Kim et al., 2025¢; Open X-Embodiment Collaboration et al., 2023; Khazatsky
et al., 2024; Zhao et al., 2023; Brohan et al., 2023b;a; Driess et al., 2023; Bousmalis et al., 2024; Black et al.,
2024; Physical Intelligence et al., 2025). From the embodiment-gap perspective, the key question is where the
shared backbone ends and target-body realization begins; tuning and VLA fine-tuning studies make that
residual especially visible (Zhang et al., 2025b; Kim et al., 2025b).
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5 Physical-Data Scale: Shared Robot Experience and Traceable Residuals

Physical-data scale shifts the focus from reusable meaning to the robot experience through which meaning is
grounded: how that experience is collected, formatted, normalized, and made traceable across embodiments. A
robot trajectory is produced by a particular body, sensor setup, teleoperation interface, controller, workspace,
and task protocol, so the central tension is simple: common format is not common physical meaning.

Large robot datasets and data infrastructures have changed how generalist robot policies are trained. RoboNet,
BridgeData V2, Open X-Embodiment / RT-X, DROID, RLDS, LeRobot, RoboMIND, OXE-AugE, and
RoboWheel treat robot experience as a shared learning resource (Open X-Embodiment Collaboration et al.,
2023; Khazatsky et al., 2024; Ramos et al., 2021; Cadéne et al., 2026; Walke et al., 2023; Dasari et al.,
2020; Wu et al., 2025; Ji et al., 2025; Zhang et al., 2025¢). From the embodiment-gap perspective, their key
contribution is traceability: useful cross-embodiment data record not only actions, but also the robot, sensors,
action space, controller assumptions, calibration, and success/failure criteria behind those actions. Collection
interfaces shape what human operation becomes as robot-learning data: ALOHA-style systems provide
low-cost bimanual teleoperation for fine-grained manipulation (Zhao et al., 2023; Fu et al., 2025; ALOHA
2 Team et al., 2024), DROID pushes toward large-scale in-the-wild manipulation data with standardized
procedures and metadata (Khazatsky et al., 2024), and UMI, OPEN TEACH, and AnyTeleop show how
interface design affects the resulting embodiment residuals (Chi et al., 2024; Iyer et al., 2025; Qin et al., 2023).

Schemas and normalizations make heterogeneous data trainable, but not automatically executable. RLDS
represents datasets as episodes and steps (Ramos et al., 2021); Open X-Embodiment integrates datasets under
common conventions (Open X-Embodiment Collaboration et al., 2023); LeRobot connects dataset formats
with training and deployment tools (Cadéne et al., 2026). Object-centric coordinates, end-effector poses,
SE(3) transformations, task frames, and equivariant representations can make behavior more comparable
across robots (Wang et al., 2019; Pan et al., 2023; Liu et al., 2023c; Zhang et al., 2025d; Yang et al., 2023a),
but a geometrically valid displacement may still be physically difficult for a particular target robot.

Interfaces and benchmarks allocate residuals. Frameworks such as PyRobot, Robot Control Stack, robosuite,
RoboHive, and LeRobot define reusable control, simulation, benchmarking, or deployment boundaries
(Cadeéne et al., 2026; Murali et al., 2019; Jiilg et al., 2026; Zhu et al., 2020; Kumar et al., 2023). Benchmarks
such as LIBERO, RLBench, CALVIN, RoboCasa, FurnitureBench, AnyBody, AutoEval, and trustworthy
manipulation evaluation make task, embodiment, and evaluation assumptions more explicit (Liu et al., 2023b;
James et al., 2020; Mees et al., 2022; Nasiriany et al., 2024b; Heo et al., 2023; Parakh et al., 2025; Zhou et al.,
2025; Liu et al., 2026). They become most informative when they state the bodies involved, adaptation rules,
setup assumptions, evaluation rollouts, and any reset or safety burden.

6 Embodiment Correspondence Scale: Reducing Residuals Through Cross-Body
Correspondence

Embodiment correspondence scale revisits some of the systems above from a third angle: what relation can be
carried from one body to another, and where that relation still has to be grounded. Task stages, affordances,
object motion, latent actions, body graphs, paired demonstrations, force, and touch can each give a model a
relation that survives some body changes while leaving other work to the target robot.

High-level correspondence matches task stages, intentions, affordances, or visual alignment rather than
low-level actions. XSkill and UniSkill learn skill representations that are meaningful across embodiments
(Xu et al., 2023; Kim et al., 2025a). Human-video affordance and intention-alignment methods share where
interaction should happen rather than how the demonstrator moved (Nasiriany et al., 2024a; Bahl et al.,
2023; Srirama et al., 2024; Chen et al., 2026). Mirage, SHADOW, and RoVi-Aug reduce visual embodiment
mismatch through augmentation and masking (Chen et al., 2024; Lepert et al., 2025; Chen et al., 2025b).
These methods narrow the realization problem, but grasping, force, control, and recovery remain target-body
dependent.

Intermediate correspondence uses scene change as a bridge from video or source-domain demonstrations to
robot manipulation. Object-flow, object-centric motion, pose-trajectory, and tool-centered methods share
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how the object or scene should move (Xu et al., 2025; Zhi et al., 2025; Chen et al., 2025¢; Yin et al., 2025;
Hsu et al., 2025; Chen et al., 2025a). Track2Act predicts point tracks, turns them into object and end-effector
targets, and then learns a target-body residual policy (Bharadhwaj et al., 2024). In this reading, the shared
structure is object motion; the residual is closed-loop contact, grasp recovery, and real-robot operation.

Video/world-model methods can also act as correspondence channels when scene-evolution prediction is
coupled to action generation. VPP and FlowDreamer use predictive visual or flow-based world-model
representations (Hu et al., 2024; Guo et al., 2025); Cosmos Policy adapts a pretrained video-to-world model
into a robot policy (Kim et al., 2026); DreamZero, introduced by Ye et al. as a World Action Model
(WAM), reports a video-diffusion approach that models future world states together with actions and studies
cross-embodiment transfer from video-only demonstrations with few-shot adaptation (Ye et al., 2026). These
methods move video/world prediction toward executable policies, while residuals remain in action-interface
alignment, contact, force, safety, and recovery.

Latent-action and action-motif methods address correspondence from the action side. Rather than directly
sharing low-level robot commands, they learn intermediate action spaces that capture task progress or action
intent (Bauer et al., 2025; Ye et al., 2025; Bu et al., 2025; Zha et al., 2026; Huang et al., 2026a). MOTIF
learns action motifs from heterogeneous robot data for few-shot cross-embodiment transfer (Zhi et al., 2026).
These methods move closer to execution without assuming that all bodies share one action space.

A more execution-proximal route makes body structure an explicit model input. Body Transformer, GET-
Zero, X-VLA, morphology-aware Transformers, and RodriNet use sensor-actuator graphs, body prompts,
topology-aware attention, joint attributes, or kinematic priors to condition policy computation on the target
body (Sferrazza et al., 2024; Patel and Song, 2025; Zheng et al., 2026a; Suzuki et al., 2026; Zhang et al.,
2026). Related hardware- and morphology-conditioned policy work shows the same design logic across control
settings (Chen et al., 2018; Wang et al., 2018; Gupta et al., 2022; Hu et al., 2022; Xiong et al., 2023; Wei
et al., 2024; Xiong et al., 2024; Przystupa et al., 2025; Wang et al., 2024b; Wu et al., 2026). Kinematic
priors can reduce part of the target-body residual, while geometry, touch, force, contact-rich execution, and
closed-loop recovery remain the next realization questions.

Contact-rich manipulation also depends on force and tactile signals, which change the kind of structure that
can be shared. TactAlign and UniTacHand align tactile observations across embodiments, while Feel the
Force and ForceMimic transfer force- or contact-relevant evidence from human or robot-free demonstrations
(Wi et al., 2026; Zhang et al., 2025a; Adeniji et al., 2025; Liu et al., 2024). Tactile-VLA and TaF-VLA
suggest that touch and force can become policy inputs or correspondence signals (Huang et al., 2025; 2026b),
and tactile-perception work shows that touch can compensate for cross-embodiment capability differences
(van den Bogert et al., 2024). The shared structure can include contact evidence alongside visual goals,
trajectories, and action abstractions, while the remaining residual shifts toward sensor calibration, contact
stability, safety, and recovery.

Correspondence data provide another route. UMI uses a handheld gripper and policy interface to collect
in-the-wild human demonstrations that can transfer to robot policies (Chi et al., 2024). DexCap connects
human hand motion to dexterous robot-hand learning through a portable motion-capture system and
DexIL, its imitation-learning pipeline for training robot-hand skills from that mocap data (Wang et al.,
2024a). Human2Robot, Data Analogies, Polybot, and Scaling Cross-Embodied Learning use paired or
multi-embodiment data to help models learn what is preserved and what changes across bodies (Xie et al.,
2025; Yang et al., 2026; 2023b; Doshi et al., 2024).

7 Reporting Target-Body Residuals: From Success Rates to Adaptation Burden

After organizing mechanisms, the next step is to report the target-body evidence behind cross-embodiment
claims. This section proceeds through four layers—report card, burden profile, EACs, and failure attribution—
that turn success rate into a traceable target-body pathway. Table 1 gives the minimum report card and
separates adaptation operations from evaluation rollouts: the former are target-body burden, while the latter
are performance evidence.



Under review as submission to TMLR

Table 1: Minimum report card for cross-embodiment reporting.

Item

Report

Purpose

Source embodiment

Target embodiment

Shared structure

Updated components
Target-data burden
Model-update burden
Calibration/setup burden
Real-robot operation burden

Safety/intervention/recovery
burden

Evaluation rollouts

Failure attribution

Robots; sensors; controllers

Body; sensors; workspace

Plans; representations; skills

Heads; adapters; decoders; controllers
Demos; adaptation rollouts; recovery data
Frozen / adapter / LoRA / full FT
Frames; cameras; gripper; control rate
Adaptation trials; resets; robot-hours;
re-executions

Stops; unsafe contacts; interventions;
recovery

Held-out episodes; tasks; seeds; success
criteria

Semantic / data / correspondence /

Origin of transfer
Realization context
What transfers

What changes

Target experience
Update cost
Deployment prep
Pre-eval physical cost

Physical risk and recovery
cost

Performance evidence

Where residual arises

execution

The report card structures the five burden-profile items from Section 2.3 together with context, evaluation
evidence, and failure attribution. It complements success rate by making the pathway behind that success
inspectable. Appendix D gives a worked OpenVLA example showing what can be reconstructed from public
reporting and which target-body burdens remain N/R, while Table 2 applies the same profile as an illustrative
reporting audit for representative cross-embodiment claims; its final column records which parts of the
target-body pathway are exposed. In these profiles, N/R is a reporting-visibility marker.

Table 2: Compact case study: applying the burden profile to representative cross-embodiment claims (Open
X-Embodiment Collaboration et al., 2023; Octo Model Team et al., 2024; Kim et al., 2025¢;b; Zhang et al.,
2025b; Bousmalis et al., 2024; Black et al., 2024; Physical Intelligence et al., 2025; Bharadhwaj et al., 2024;
Zhi et al., 2026; Sferrazza et al., 2024; Patel and Song, 2025; Zheng et al., 2026a; Zhang et al., 2026; Wi et al.,
2026; Huang et al., 2025). Contact-related observations are reported under safety/intervention/recovery
when they affect physical risk, intervention, or recovery. N/R denotes information that we could not identify
in the main paper and associated public supplementary material at the time of writing; it is used as a
reporting-visibility marker.

System Shared structure and Target data / Setup / Safety / Target-body

target-body connection model update operation intervention / pathway exposed
recovery

RT-X / OXE Multi-robot data — Large mixed data; Data/control Reset /safety often Robot count and
robot-specific actions shared policy conventions N/R adaptation cost differ

Octo Generalist policy — target Target Controller Intervention/ Target binding remains
interface data/adaptation alignment recovery N/R

OpenVLA 7B VLA + action tokens 10-150 demos; full Controller freq. Recovery qualitative; Decoder/control-rate
— FT/LoRA FT or LoRA partly reported counts N/R residuals

RoboCat / mo RoboCat: 100-1000

examples; mg: FT

Generalist backbone —
robot/task adaptation

data
Track2Act Point tracks/object 400 Spot teleop;
motion — residual policy residual BC
MOTIF Action motifs — few-shot 1-50 shots;
transfer motif-conditioned
Body Body graph — Low/zero target
Transformer / body-conditioned policy  data;
GET-Zero frozen/generated
X-VLA / Body prompts/kinematic Target adaptation
RodriNet priors — action varies
computation
TactAlign / Touch/force grounding — Sensor/task data;
Tactile-VLA  tactile/VLA channel tactile modules

Setup N/R

Depth/
transform fitting

Setup mostly
N/R
Morphology
specification

Body metadata;
calibration N/R

Sensor place-
ment/calibration

Safety/reset N/R

Failure modes
reported; counts
N/R
Operation/safety
N/R
Contact/recovery
outside model

Touch/force/recovery
remain

Contact explicit;
safety counts N/R

Zero-shot/FT regimes
mixed

Residual policy still
needed

Operation cost to
report

Kinematics and contact
separate

Body-aware residuals
remain

Contact evidence adds
sensor burden
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Across the nine rows in Table 2, seven include an N/R marker in the safety/intervention/recovery column,
and three explicitly mark setup or calibration metadata as N/R or mostly N/R. More broadly, operation cost
is usually reported indirectly rather than as robot-hours, resets, or intervention counts. The N/R entries are
useful markers of the next reporting frontier: they show which parts of the target-body pathway are already
easy to reconstruct and which parts future papers can make routine, including calibration time, adaptation
trials, intervention counts, reset burden, recovery evidence, and safety events.

7.1 Burden profiles and Embodiment Adaptation Curves

A burden profile records what the target robot still had to do before evaluation, preserving differences
among adaptation forms: a method with little target data may need careful calibration, and a method
with high success may still require frequent intervention. Appendix D, Table 7 gives the extended format.
Embodiment Adaptation Curves (EACs) then plot task capability against a fixed target-body burden, such
as demonstrations, adaptation rollouts, robot-hours, interventions, resets, or safety events. When a study
reports performance across several budgets, the result can be reconstructed as a dense EAC; MOTIF is a
suitable example because it reports few-shot cross-embodiment transfer across several demonstration budgets
(Zhi et al., 2026). When a study reports only terminal conditions, the appropriate representation is an
endpoint or arrow; Track2Act illustrates this endpoint evidence through open-loop and residual-policy results
(Bharadhwaj et al., 2024).

Figure 4 illustrates the difference. Panel (a) is a conceptual monotonicity hypothesis, panel (b) reconstructs
MOTIF’s few-shot results with and without motif guidance, and panel (c) shows Track2Act endpoint evidence
under Mild (MG), Standard (G), Combinatorial (CG), and Type (T'G) Generalization categories.

100 (a) Conceptual EAC 100 (b) MOTIF dense EAC 100 (c) Track2Act endpoints
—&— MOTIF (Full) generalization
—&- w/o motif guidance ® MG
® G
® cG
80 TG
S
< ®70
g 3
Z ® S
= = ; 60 1 ®60
a 7 =1 ®s5
aQ o o
© o
3 S @
~ 2 0
] — S 404 40
S 2 = )
[%] n 30
= [ ]
© 25
=i
20 20
— strong correspondence reported few-shot transfer results reported endpoints only
— = moderate correspondence
-+ weak correspondence
0 0 0
low high 135 10 50 open-loop residual policy
(open-loop) (adapted) target demonstrations / shots (400 trajectories)
target-body burden target-robot execution mode

Figure 4: Embodiment Adaptation Curves. EACs plot task capability or safety-related performance against
a reported target-body burden, such as demonstrations, robot trials, or interventions. Panel (a) is schematic;
panels (b) and (c) visualize reported values or endpoints from the cited works. Dense EACs, illustrated
by MOTTF (Zhi et al., 2026), show performance across several budgets. Endpoint evidence, illustrated by
Track2Act (Bharadhwaj et al., 2024), is shown as before/after arrows; in panel (c), each arrow compares
reported endpoint conditions within the same Track2Act generalization category. MG/G/CG/TG denote
Track2Act’s Mild (MG), Standard (G), Combinatorial (CG), and Type (TG) Generalization categories, and
the horizontal axis denotes the reported target-robot execution mode.

7.2 Failure attribution
Failure attribution closes the reporting loop by linking observed breakdowns back to the target-body pathway.

We use four attribution layers: semantic-scale failures, physical-data-scale failures, embodiment-correspondence
failures, and target-embodiment execution failures. A useful attribution record names the observed failure,
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the system output immediately before failure, and the first interface at which that output no longer supported
feasible target-body execution; unobserved causes are marked N/R.

For example, if a model predicts the correct object flow but the target gripper slips during execution, the
primary attribution may be target-embodiment execution and the secondary attribution may be embodiment
correspondence. If an affordance point lies outside the target robot’s reachable workspace, the primary
attribution may be embodiment correspondence and the secondary attribution may be target execution. If a
VLA policy fails because the action representation does not match the controller frequency or action decoder,
the primary attribution may be physical-data scale.

Morphology-aware architectures illustrate the distinction. A system such as RodriNet can reduce residuals
associated with articulated kinematics, but failures may still arise from geometry, touch, force, contact-rich
execution, or recovery. Tactile- or force-aligned methods try to move contact residuals from hidden execution
failures into explicit correspondence signals, making them more available for adaptation-aware reporting.

8 Toward Embodiment-Gap-Aware Scaling

Once reporting tools make the target-body pathway visible, embodiment-gap-aware scaling asks whether
new bodies require less residual work, safer adaptation, and clearer evidence. It turns the lens into a
three-part agenda: robot data should make embodied experience traceable; models and interfaces should make
correspondence executable; and evaluation should make adaptation, safety, and recovery visible. Existing
datasets, interfaces, correspondence mechanisms, benchmarks, and evaluation protocols already expose parts
of this pathway (Open X-Embodiment Collaboration et al., 2023; Khazatsky et al., 2024; Cadéne et al., 2026;
Bharadhwaj et al., 2024; Zhi et al., 2026; Sferrazza et al., 2024; Liu et al., 2023b; Parakh et al., 2025; Zhou
et al., 2025). The next step is to ask, whenever a new body is added, whether the remaining work becomes
smaller, safer, better localized, and easier to explain.

Data and traceability. The next data opportunity is traceability as much as scale. A robot trajectory
should record the embodiment context that produced its observations and actions: body, sensors, action
interface, controller, setup, failures, and recovery. With that information, multi-robot data can support
not only training, but also interpretation of why target-body transfer succeeds or fails. For manipulation,
correspondence-rich data should record robot motion together with object-state change, contact, task stage,
failure cause, and recovery; dataset design should be guided by the residuals a model is expected to reduce,
and data standardization should make embodiment differences visible rather than hide them.

Executable correspondence. Models and interfaces should make cross-body relations executable rather
than implicit. Object-centered motion, point tracks, latent actions, skill motifs, and language-action units can
reduce the gap between high-level task structure and robot-specific commands. Body-aware architectures can
condition policies on the structure of the target robot, and tactile or force signals can become correspondence
signals rather than merely low-level feedback. Embodiment-gap-aware model design should state what is
shared, what is body-conditioned, what is target-specific, and what is safety-critical; residual adaptation can
be a design feature when it is small, stable, well isolated, and easy to report, but making that placement
explicit helps others reproduce the pathway by which the robot learned to act.

Evaluation, deployment, and safety. Evaluation should specify the adaptation contract: the bodies
involved, the components that may change, the target data and setup allowed before evaluation, and the
safety or recovery evidence to be reported. These details define the conditions under which the generalization
claim holds. Deployment makes safety central because target-body adaptation happens in the physical world:
a policy that reaches high success with fewer unsafe contacts, manual resets, or human interventions teaches
a stronger lesson about reusable control, and safety/intervention/recovery burden is therefore one of the
residuals that determines whether a cross-embodiment system is practically useful.

Open problems. Once target-body residuals are visible, three practical research problems become easier to
organize. First, standardizing residuals without flattening them. Target demonstrations and fine-tuning steps
are relatively easy to count, while calibration difficulty, reset burden, safety risk, and recovery complexity
are richer to describe. RLDS, Open X-Embodiment, DROID, and LeRobot already standardize parts of the
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data and training pipeline; the next step is to extend reporting standards toward target-side calibration,
intervention, recovery, and safety burden.

Second, comparing residuals across bodies and protocols. A small residual on a simple gripper may not be
comparable to a small residual on a dexterous hand or mobile manipulator. Benchmarks such as LIBERO,
RLBench, CALVIN, RoboCasa, FurnitureBench, and AnyBody provide task and embodiment contexts, and
future benchmark reporting can make target-body adaptation cost more directly comparable by recording
body differences and adaptation contracts alongside task success.

Third, tracking residuals over time, including safety and recovery. Residual adaptation burden can shrink
through continual learning, fleet learning, better calibration tools, improved interfaces, or repeated deployments.
EACs become more informative when they record not only success against demonstrations, but also unsafe
exploration, frequent resets, interventions, execution quality, and recovery cost. Together, these problems
turn residual adaptation burden from an implicit deployment cost into an explicit object of study: which
residuals are shrinking, which are becoming safer, and which are being deliberately localized in reusable parts
of the system.

9 Conclusion

This survey asked what transfers across robot bodies and what has to be realized on the target robot. The
embodiment-gap lens gives that question a vocabulary: shareability levels name the structure that travels,
dominant residual loci name where target-side work appears, and the three scaling directions show how
reusable meaning, traceable robot data, and cross-body correspondence move toward behavior.

The concrete implication is reporting. Success rate becomes most useful when paired with the pathway that
produced it: target data, model updates, calibration and setup, real-robot operation, safety events, recovery,
and failure attribution. Report cards, burden profiles, and EACs make that pathway visible, so two systems
with the same final success rate can still teach different lessons about target-body adaptation.

Embodiment-gap-aware scaling asks whether larger models, broader data, and stronger correspondence
mechanisms leave new robots with less target-specific work, clearer failure attribution, and safer recovery.
Vision can be reused. Language can be reused. Policy backbones can be reused. The gripper, the controller,
the moment of contact, and the recovery after a failed trial show what robotics adds to the scaling conversation.
The embodiment gap is the part of robot learning that keeps the robot in the story.
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A Scope, Literature Selection, and Boundary Cases

A.1 Scope of the survey

This survey focuses primarily on manipulation-oriented RFMs, especially VLA policies and generalist robot
policies, because manipulation makes the embodiment gap especially visible: reaching, grasping, contact,
end-effectors, sensors, controllers, and resets all shape whether a shared representation becomes executable.
The lens can extend to locomotion or navigation, but the residuals there often emphasize terrain, dynamics,
localization, and long-horizon autonomy rather than object contact and grasp realization. We therefore use
manipulation as the main setting and discuss adjacent embodied-Al work only where it clarifies reporting or
evaluation.

We include VLA backbones and generalist policies, together with the data, interface, correspondence,
morphology-aware, tactile/force, and evaluation mechanisms that clarify target-body realization. Dataset,
benchmark, and interface papers are included when they determine what cross-body information is visible:
robot metadata, action schema, controller assumptions, adaptation operations, evaluation protocol, or
safety /recovery evidence.

A.2 Literature selection strategy

The literature set is constructed as a lens-driven scoping survey. We assembled the corpus from recent
surveys, venue proceedings, OpenReview records, arXiv records, dataset and benchmark documentation,
and targeted searches around the following query families: robot foundation models; vision-language-action
policies; generalist robot policies; multi-embodiment or cross-embodiment robot learning; robot data engines
and schemas; teleoperation datasets; retargeting and cross-body correspondence; object flow, point tracks,
and latent actions; morphology-conditioned control; tactile/force grounding; and robot-policy evaluation.
The main coverage window is work available up to early 2026, with earlier papers included when they define
an important mechanism used by recent systems.

Works were included when they satisfied at least one of four roles: they introduce a widely used robot
foundation model or generalist robot policy; define cross-embodiment data, interfaces, schemas, or benchmarks;
propose a distinct correspondence mechanism between bodies, objects, actions, or sensors; or expose evaluation
evidence about target-body residuals. We excluded papers whose main contribution was outside embodied
control, papers that did not affect transfer or target-body realization, and works used only as generic
background unless they clarified an adjacent concept. Recent surveys are used as coverage checks to avoid
turning this paper into a general robot-foundation-model catalog. The main text emphasizes representative
systems and mechanisms rather than every paper in the corpus; Figure 2 uses 21 grouped placements to keep
the map readable, and Appendix C gives the coding rule and placement rationale for each group. Recent
preprints and OpenReview submissions are retained when they clarify emerging mechanisms or fast-moving
empirical practice, but we distinguish their status from accepted or published work and do not use them as
the sole evidence for the main conceptual claims. Core claims are anchored whenever possible in published,
accepted, or widely used systems, datasets, and benchmarks; emerging work is used primarily to show where
the field is moving. Table 2 applies the burden profile to nine compact case-study rows.

A.3 Boundary cases and inclusion decisions
Table 3 summarizes boundary cases and inclusion decisions used to keep the survey scope explicit.

Table 3: Boundary cases and inclusion decisions.

Boundary case Why boundary Treatment

Body Transformer Body-structured policy, not VLA Action/skill sharing with body
conditioning

GET-Zero Body graph-conditioned policy generation Morphology-conditioned mechanism

RodriNet Kinematic prior, not RFM Architecture-level mechanism

Tactile/force methods Contact signals, not always VLA Execution-proximal grounding

Common APIs Planning or control interface Treated by role
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Boundary case ‘Why boundary Treatment

Object flow / point tracks Visual cue or correspondence Treated by target connection
Latent actions Action abstraction Action/skill correspondence
Evaluation frameworks Not models Reveal residuals

B Adjacent Concepts and Terminology

Table 4 summarizes adjacent concepts and how they relate to the embodiment gap.

Table 4: Adjacent concepts and relation to the embodiment gap.

Concept Main concern Relation to embodiment gap
Domain shift Observation/environment shift May occur without body change
Sim-to-real gap Simulation-real mismatch Overlaps under real-body deployment
Transfer learning Reuse across settings Broader than embodiment realization
Action-space mismatch Different action interfaces Important but narrower

Embodiment gap Shared structure — target realization Focus of this survey

Embodied cognition, ecological psychology, affordance theory, morphological computation, and developmental
robotics ground action possibilities in body-environment relations (Wilson, 2002; Gibson, 1979; Pfeifer and
Bongard, 2007; Jamone et al., 2018; Miiller and Hoffmann, 2017; Chemero, 2003; Lungarella et al., 2003; Zech
et al., 2017; Pfeifer et al., 2007). We use these traditions only as conceptual grounding for an engineering
reading of action possibilities, not as a comprehensive review of embodied cognition.

C Extended Shareability and Residual-Locus Lens

Table 5 gives the extended definitions used for the shareability levels in Section 3.

Table 5: Shareability levels.

Shareability level Shared structure Target-body link Typical residual
Semantic / task Goals; plans Skills; APIs Feasibility
Perceptual / affordance Features; affordances Grasp/motion generation Calibration; reachability
Object-interaction Flow; tracks Retargeting; contact Timing; force
planning

Action / skill Latent actions; tokens Decoders; adapters Controller alignment
Morphology-conditioned Body graphs; kinematic Body-conditioned policy Tactile; recovery

tokens

The boundary between levels is decided by the representation’s primary commitment. Affordance maps
primarily localize possible interaction and therefore sit near perceptual/affordance. Object flow and point
tracks primarily specify scene change and therefore sit near object-interaction. If the same method also learns
a residual policy or action decoder, that second component is treated as the target-body connection rather
than as the shared structure itself.

The two-axis map follows a fixed qualitative coding rule. The primary shareability level is the structure most
central to the cross-embodiment claim. The dominant residual locus is the target-side work most visibly
left after that structure is transferred. When a system combines multiple levels, the placement follows its
distinctive contribution rather than all of its components; in such cases, the table notes the body-conditioned
or residual component in the rationale. For dataset and infrastructure groups, the shareability entry names
the reusable data or interface resource and the plotted coordinate approximates the representation level
that resource makes reusable. The translucent scale overlays are therefore overlapping emphasis regions,
not exclusive classes, and the map should not be read as a scalar ranking. Table 6 gives the corresponding
placement rationale for Figure 2.
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Table 6: Canonical placement rationale for the two-axis emphasis map.

System / Primary Dominant residual Scale overlay Placement rationale

mechanism shareability locus

SayCan Semantic / task Skill/API grounding Semantic Language-level task structure is shared; feasibility and
available skills remain target-specific.

RT-2 / PaLM-E Semantic / task Skill/API grounding Semantic Web-scale semantic and visual-language priors are
central; executable action still depends on the robot
stack.

CLIPort / PerAct Perceptual / Calibration / Semantic Visual and spatial affordance structure is shared;

RT-Affordance /
RoboPoint /
VoxPoser

VPP / FlowDreamer

DROID / LeRobot /
RoboMIND

RT-X / OXE

Octo

OpenVLA

BridgeData /
RoboNet / RLDS

Track2Act
MOTIF

Cosmos Policy /
DreamZero (WAM)

Flow-based methods

RoboCat / mg / mo.5

UMI / ALOHA

XSkill / UniSkill

Body Transformer

GET-Zero

X-VLA / RodriNet

TactAlign /
Tactile-VLA /
ForceMimic

affordance

Perceptual /
affordance

Perceptual-object
interaction

Physical-data
infrastructure /
robot-experience
schema
Object-interaction—
action

Action / skill

Action / skill

Physical-data
infrastructure /
trajectory-action
schema
Object-interaction

Object-interaction—
action
Object-interaction—
action

Object-interaction

Action / skill

Action / skill

Action / skill

Action/skill—
morphology-
conditioned

Morphology-
conditioned

Morphology-
conditioned

Action/skill +
tactile/force
grounding

action-interface
alignment
Calibration /
action-interface
alignment
Calibration—contact

Skill/API
grounding—calibration /
action-interface
alignment
Calibration /
action-interface
alignment
Calibration /
action-interface
alignment
Calibration /
action-interface
alignment
Calibration /
action-interface
alignment

Contact / force / tactile
execution

Contact / force / tactile
execution
Contact / force / tactile
execution

Contact / force / tactile
execution

Contact / force / tactile
execution

Contact / force / tactile
execution

Contact / force / tactile
execution
Contact / force / tactile
execution

Contact / force / tactile
execution

Contact / force / tactile
execution

Contact / force / tactile
execution

Semantic—physical-
data overlap

Semantic—physical-
data or
correspondence
overlap
Physical-data

Physical-data

Physical-data

Physical-data

Physical-data

Correspondence
Correspondence
Physical-data—
correspondence
overlap

Correspondence

Physical-data—
correspondence
overlap
Correspondence

Correspondence

Correspondence

Correspondence

Correspondence

Correspondence

motion generation and calibration remain.

Spatial or affordance cues constrain action, but
target-body grounding remains necessary.

Video prediction and RGB-D world models provide
predictive visual or flow-based representations of
scene evolution; target-body action grounding, timing,
contact, and control remain.

Reusable robot experience, schemas, metadata, and
tooling are the main shared resource; physical
meaning and embodiment interfaces remain
target-specific.

Multi-robot data and common action conventions
support transfer, while embodiment interfaces remain
target-specific.

A generalist policy is reused across tasks and robots,
but target interfaces and adaptation remain central.

The VLA backbone and action generation are shared;
target data, action decoding, and controller alignment
remain.

Dataset infrastructure and episode schemas support
reusable training and action-schema sharing, but do
not by themselves fix embodiment-specific physical
meaning.

Point tracks act as object-motion correspondence;
residual policy learning and contact execution remain
on the target body.

Action motifs carry cross-body structure, while
few-shot target execution still bears residual work.
World-action models connect video/world dynamics to
action generation, future-state prediction, and
planning. DreamZero, the WAM introduced in (Ye
et al., 2026), reports cross-embodiment transfer from
video-only demonstrations and few-shot adaptation,
but target-body residuals remain in action-interface
alignment, contact, force, safety, and recovery.
Object or scene flow specifies desired change, while
timing, contact, force, and target-body closed-loop
realization remain.

Generalist policies share action-level structure but still
rely on target adaptation and execution robustness.

UMI emphasizes correspondence-oriented
demonstration interfaces, whereas ALOHA is
primarily a physical-data collection platform; both
expose skill-data pathways while contact-rich
execution remains body-specific.

Shared skill abstractions are central, but target
execution details remain.

Sensor-actuator graph computation makes body
structure explicit within policy learning, while
contact, force, tactile execution, safety, and recovery
remain target-body residuals.

A robot-body graph conditions policy generation
directly, so the plotted point sits farther toward
morphology-conditioned sharing; contact, force, tactile
execution, safety, and recovery remain outside the
shared representation.

Body-specific prompting or kinematic priors make
embodiment explicit, while contact and deployment
residuals remain.

Tactile and force signals make execution residuals
observable and partially transferable, but the primary
shared structure is not morphology itself; robust
deployment, safety, and recovery remain target-body
residuals.

D Extended Reporting Checklists

Table 7 expands the report-card items into a checklist for future papers.
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Table 7: Extended burden checklist.

Burden item

Suggested detalils

Target-data burden

Model-update burden
Calibration/setup burden
Real-robot operation burden
Safety/intervention/recovery burden
Evaluation evidence

Failure attribution

Demos; rollouts; failure/recovery data
Frozen parts; adapters/LoRA; decoder/full FT

Cameras; frames; gripp:

er; control rate; workspace

Robot hours; resets; re-executions

Stops; unsafe contacts;

manual/autonomous recovery

Rollouts; tasks; seeds; success criteria
Primary and secondary layer

Adaptation operations and evaluation rollouts should be separated. Adaptation operations are target-robot
trials, resets, or data used to improve or configure the system. Evaluation rollouts are performance evidence.
Evaluation rollouts should not be inferred as adaptation burden, although they may contribute to real-robot

operation burden.

Worked report-card example.

the time of writing.

Table 8 applies the report-card format

to OpenVLA as a partial worked
example, and Table 9 gives example failure-attribution readings for common target-body breakdowns. The
OpenVLA example does not re-evaluate the system; it shows what can be reconstructed from public reporting
and which reporting fields future work can make routine under the embodiment-gap lens. N/R denotes
information that we could not identify in the main paper and associated public supplementary material at

Table 8: Worked report-card example for OpenVLA.

Item Reconstructed report Reading

under the embodiment-gap lens

Source embodiment Open X-Embodiment pretraining and reported Origin of

out-of-box settings on source robots

Target embodiment Franka target fine-tuning setting
Shared structure 7B VLA backbone; tokenized actions What tra
Updated components Full fine-tuning or LoRA adaptation
Target-data burden 10-150 demonstrations per Franka task; seven
tasks
Model-update burden Full FT or LoRA; LoRA rank 32 trains a small

fraction of parameters
Calibration/setup burden Controller frequencies partly reported; calibration Setup res
metadata N/R

Real-robot operation Reported evaluation rollouts; adaptation trials,

burden resets, and robot-hours N/R

Safety /intervention/ Qualitative recovery examples; stops and Safety an
recovery burden interventions N/R frontiers

Evaluation evidence Reported task rollouts and success rates

Failure attribution Not systematically reported Residual

reporting

the shared VLA backbone and

action-token interface
Target-body realization context

nsfers across settings

What changes for the target body
Target experience required for adaptation

Update cost is visible

idual partly visible

Physical operation cost is a reporting frontier

d recovery burden are reporting

Performance evidence is visible

source is ready for systematic

Table 9: Example failure-attribution readings.

Observed failure

Primary attribution

Secondary attribution

Correct object flow, but the gripper slips Target-embodiment execution
Affordance point outside the reachable workspace Embodiment correspondence
Action token mismatches controller frequency Physical-data scale

Correct task plan, unavailable skill

Semantic scale

Embodiment correspondence
Target-embodiment execution
Target-embodiment execution
Skill/API grounding
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