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Abstract. Robotic embodiment encompasses the sensing, kinematics,
dynamics, geometry, actuation, and control through which an agent phys-
ically interacts with the world. These properties vary across robots and
change over time. We argue that general embodied intelligence requires
learning that accumulates across these differences. Prevailing methods
that engineer correspondences to bridge embodiment differences offer im-
mediate practical gains, but their assumptions limit the scope of trans-
fer in the long run. Instead, a more general approach should discover
representations that support transfer to a larger range of embodiments
as experience grows. We propose embodiment diversity as a promising
axis of scaling, and identify broad learned priors as a complementary
ingredient. We call for evaluations that better characterize embodiment
gaps and transfer performance. More broadly, cross-embodiment learn-
ing connects the practical challenge of learning from heterogeneous robot
experience with a broader scientific pursuit inspired by nature—physical
intelligence that adapts and co-evolves with its embodiments to gain
agency over its behavior and physical forms.
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Experience Beyond One Embodiment

Robotics has long sought machines capable of autonomously performing physical
tasks in diverse environments. Traditionally, perception, planning, and control
have provided computational foundations for specifying behavior through models
and algorithms [29, 38, 49]. Machine learning offers a complementary approach,
acquiring sensorimotor mappings from data and enabling capabilities difficult
to specify manually [2, 24, 28, 30]. Extending these successes to broadly capa-
ble robots depends on the experience available for learning. A widely discussed
obstacle is the scarcity of robot data [3, 17].

Learning systems generally improve from two sources of experience: data
generated by other agents, often humans, and data generated through their own
interactions with an environment. The former can bootstrap the latter. Lan-
guage models, for example, pre-train on human-generated text and subsequently
improve specific capabilities, such as programming, through reinforcement learn-
ing [4, 39]; AlphaGo combined learning from human games with self-play [45].
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Robot learning can draw on both sources in principle, but its experience is medi-
ated by embodiment—the configuration of sensing, morphology, kinematics, dy-
namics, actuation, and low-level control through which an agent interacts with
the world. Embodiment determines what a robot can perceive and do, which
strategies it can realize, and how its interactions are manifested as data. Unlike
language models that see the same languages from different texts, robot policies
see distinct sensorimotor “vocabularies” given by different embodiments.

This heterogeneity is intrinsic to embodied agents. Different goals and envi-
ronments demand different physical interactions, which favor different embod-
iments. Embodiment variation occurs along two axes: across populations and
over time. Across populations, biological evolution has produced diverse em-
bodiments adapted to different ecological niches and ways of life [18, 36]. For
robot design, factories, homes, disaster sites, and extraterrestrial environments
impose different requirements on geometry, mobility, precision, strength, compli-
ance, and sensing [26]. Even within the same design, variation persists because of
manufacturing tolerances, payloads, calibration, sensors, and controller configu-
rations. Across time, actuators wear, sensors drift, controllers are recalibrated,
and successive hardware generations are redesigned manually or computation-
ally [18,19,57]. Thus, a general learning system needs to span both populations
and generations of embodiments. Intelligence is the persistent entity in this con-
tinual learning process that spans changing physical entities.

From Engineered Alignment to Learned Representations

A common strategy for learning and transfer across embodiments is to engineer
correspondences. At the hardware level, standardizing gripper designs aligns
handheld data collection devices with the target end effector [9,13,54], and low-
cost leader arms reproduce the target robot’s kinematics for joint-space teleop-
eration [15,58]. Anthropomorphic hands and humanoids exploit structural simi-
larities with humans to facilitate motion retargeting [14,20,22,51]. At the level of
model representations, image goals and flow predictions describe desired visual
or geometric changes that can be shared across embodiments [21,31,42,53]. In-
teraction intent and contact provide interfaces for relating physical interactions
across embodiments [43,50,52], and end-effector actions abstract away joint-level
differences [9, 21, 55]. These approaches establish shared interfaces with human
knowledge to facilitate learning and transfer.

Many of these approaches rely on human-designed priors whose assump-
tions about tasks and environments can become long-term bottlenecks. An end-
effector action space assumes that specifying end-effector motion is sufficient for
task completion, which becomes limiting when tasks demand whole-body coordi-
nation or particular dynamic responses. Contact-based correspondence presumes
that the target embodiment can reproduce the relevant contacts within its geo-
metric, kinematic, and dynamic constraints. When these assumptions fail, suc-
cessful execution may require a different interaction strategy that the prescribed
interface cannot express. Humanoid designs draw on humans as an existence
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proof of broad physical capability, but the diversity of embodiments in nature
suggests that the human form need not be best suited to every physical task and
environment [18, 36]. These human-designed priors enable short-term progress,
but their assumptions can constrain the improvement that we would like to see
from increasing experience and computation.

The more fundamental question is whether we can build systems that dis-
cover the general representations needed for transfer through learning. A recur-
ring pattern in artificial intelligence research is that representations learned with
increasing data and computation can surpass human-designed priors [48]. Com-
puter vision moved from hand-designed features toward representations learned
by neural networks [27, 37]. Chess systems combined search with policies and
value functions learned through self-play, reducing reliance on manually de-
signed game features [46]. Analogously, cross-embodiment learning may discover
abstractions ranging from embodiment-agnostic understanding to embodiment-
specific predictions.

Such abstractions might capture task semantics (the intended outcomes of
a command), spatial relations (the relative positions and orientations of objects
and the agent), physical interactions (the consequences of actions), and control
(joint coordination that realizes desired behavior). These categories describe one
possible organization, and prior work explicitly models some of them. Learned
representations need not follow this hierarchy and may instead encode invari-
ances or relations that vary systematically with embodiment, such as latent
action representations that associate different motor commands across embodi-
ments with similar physical effects. The goal is for accumulating experience to
improve these representations, broaden transfer, and reduce adaptation costs on
new embodiments. The scientific question is what ingredients can support this
cumulative improvement.

What Enables Cumulative Transfer?

Broader pretraining can make subsequent experience more useful. Human demon-
strations produce greater gains after broad robot pretraining [23], while scal-
ing pretraining on human video improves performance after robot-specific fine-
tuning [12]. These findings suggest that the value of new data depends partly on
the learner’s prior representations. Humans offer an intuitive analogy: a pilot’s
understanding of an aircraft helps connect simulated experience to the controls,
dynamics, and consequences of physical flight. Broad learned priors may simi-
larly help robots interpret experience acquired through other embodiments and
ground it in their own sensorimotor interfaces.

Embodiment diversity is a plausible source of such priors and should be
treated as a primary axis of scaling alongside tasks and environments. Broader
task pretraining can improve adaptation to new tasks [5], while data collected
across environments supports generalization beyond the settings in which it was
collected [25]. Experience across embodiments may similarly reveal common in-
teraction structure and how successful behavior changes with physical capabil-
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ities. Early results support this direction. Training across diverse end effectors
enables adaptation to new hands and tools [16], while simulation-based training
supports zero-shot transfer to unseen embodiments in locomotion and dexterous
manipulation [1, 41]. In locomotion, increasing embodiment diversity has also
produced broader generalization than increasing data on fixed embodiments [1].
Establishing how far these gains extend requires systematic variation in embod-
iment alongside tasks and environments.

Obtaining such experience poses practical challenges. Collecting diverse real-
world embodiment data requires constructing, maintaining, and calibrating dif-
ferent physical systems, as well as collecting expert demonstrations on each.
Simulation offers a practical platform for synthesizing diverse embodiments,
varying their properties systematically, and studying transfer at scale. Gener-
ating embodiments requires mechanically feasible morphologies with compati-
ble dynamics and actuation properties, together with controller settings that
produce a range of closed-loop responses. Covering the range of embodiments
encountered in practice therefore requires an understanding of the dependencies
among geometry, mass distribution, actuator capabilities, and control. Generat-
ing demonstrations presents another challenge: planning can be computationally
expensive, while reinforcement learning may require substantial reward engineer-
ing. Furthermore, simulated experience must improve learning and performance
on real robots. Bridging the simulation-to-reality gap remains an open challenge,
but recent results with visuomotor policies trained on simulated data show signs
of promise [11].

Training policies across a much larger population of embodiments raises fun-
damental questions about model architecture. Existing datasets typically con-
tain on the order of 102 embodiments, but systematic variation could expand
this number by orders of magnitude. How should a model learn jointly from
distinct observation and action spaces? What information about embodiment
should be supplied explicitly, and what can be inferred through interaction?
Models that rely on visual observations to identify embodiment may struggle as
diversity grows, since visually similar robots can differ in dynamics and controller
response. This motivates architectures that incorporate explicit robot descrip-
tions [1, 6, 41] or infer embodiment properties from interaction history through
in-context learning [32,35]. Richer cross-embodiment datasets would enable sys-
tematic investigation of these designs.

How to Evaluate Transfer?

Scientific progress in cross-embodiment learning requires clearer evaluation of
transfer. Calling a target robot “unseen” says little about the difficulty of gener-
alization. Studies should specify how it differs from the training population, the
control interface used, and the assumptions made about the task. They should
also report what embodiment information and interaction data are available at
test time, distinguishing zero-shot generalization from few-shot adaptation.
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Task and embodiment are distinct but connected axes of generalization. Ex-
perience on a robot performing other tasks may already reveal its sensing, dy-
namics, and control responses. A policy can combine this experience with task
information from other robots to solve a held-out task–embodiment combina-
tion [42]. Evaluation should distinguish this setting from transfer to an entirely
unseen embodiment where no data is ever collected. Determining which “cal-
ibration experiences” on a new robot most improve performance across other
tasks is itself an important research question.

Evaluation should also distinguish the behavioral changes required for trans-
fer. Motion-level transfer preserves task-space motion or contact patterns by
adapting joint-level execution. Strategy-level transfer requires a different way of
achieving the same goal. For example, shaking may unfold a garment effectively
with one embodiment but exceed another robot’s dynamic capabilities, making
slower, sequential unfolding more appropriate. This requires a policy to relate
the task’s intended outcome to the robot’s capabilities and select a feasible in-
teraction strategy. Preserving a motion and discovering an alternative strategy
therefore test different transfer capabilities.

Simulation offers a practical platform for these evaluations. Existing work
demonstrates its value for scalable policy evaluation [33, 56], and dedicated
benchmarks have begun to assess generalization across morphologies [40]. Pro-
cedural generation could extend these efforts to diverse, mechanically plausible
embodiments with systematic variation in sensing, morphology, dynamics, actu-
ation, and control. Controlled comparisons would help accurately characterize a
policy’s transfer behaviors, isolating which differences a policy accommodates,
where transfer fails, and how these limits change as training experience grows.

Towards Adaptive and Self-Evolving Robots

Cross-embodiment learning and transfer create broad possibilities for robotics.
In nature, physical capabilities develop through adaptation within a lifetime and
evolution across generations. Learning that accumulates across changing embod-
iments could connect these processes in artificial systems, allowing intelligence
to increasingly shape the physical means through which it acts.

One route toward this vision is computational robot design. Computational
co-design already optimizes physical form and control together, from simulated
evolution [47] and automatically designed and fabricated machines [34] to joint
optimization of morphology and policy [7,8,19,44]. A central bottleneck is that
evaluating each candidate embodiment requires establishing what it can achieve
under an appropriate controller. Efficient cross-embodiment transfer could re-
duce this cost, enabling broader searches over morphology, sensing, and actua-
tion for more demanding tasks. Designs could then be evaluated both for their
immediate performance and for how readily they support learning new capabil-
ities.

Computational robot design could become a part of the co-evolution process
of embodiment and policy. Better policies could make previously difficult de-
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signs viable, and better designs could make new behaviors easier to learn. Com-
putational studies inspired by biological evolution already show that evolved
morphologies can facilitate learning and adaptation to new tasks [18]. Cross-
embodiment transfer could carry learned capabilities across successive designs,
allowing each generation to build on experience acquired by earlier ones. New
embodiments would, in turn, expose the learner to interactions and capabilities
unavailable on previous platforms. Policy learning and embodiment design could
thereby improve together, producing forms and behaviors better suited to the
tasks and environments we care about.

Within an agent’s lifetime, embodiment could also become a means of adap-
tation. Biology offers a concrete precedent in red knots, which reversibly change
their gizzard size in response to changes in diet [10]. Artificial agents could ad-
just their physical configurations to changing demands by selecting tools, repo-
sitioning sensors, or reconfiguring limbs to gain reach, stability, or access. Cross-
embodiment control could help them exploit these changes without learning each
configuration from scratch. Selecting and modifying an embodiment would then
become part of how an agent pursues its goals.

The practical challenge of reusing experience across robots thus leads to a
broader scientific pursuit. Cross-embodiment learning could provide a foundation
for physical intelligence that persists as its embodiments change and gains agency
over those changes. Nature offers a precedent for the diversity of capabilities
that adaptation and evolution can produce. The ambition of intelligence across
embodiments is to build artificial agents that continually expand both what
they can physically achieve and the physical means through which they can
accomplish goals.
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57. Zhao, A., Xu, J., Konaković-Luković, M., Hughes, J., Spielberg, A., Rus, D., Ma-
tusik, W.: RoboGrammar: Graph Grammar for Terrain-Optimized Robot Design.
ACM Transactions on Graphics 39(6), 188:1–188:16 (2020). DOI 10.1145/3414685.
3417831. URL https://doi.org/10.1145/3414685.3417831

58. Zhao, T.Z., Kumar, V., Levine, S., Finn, C.: Learning fine-grained bimanual ma-
nipulation with low-cost hardware. Robotics: Science and Systems (2023)


