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Abstract

Generalist robot intelligence is often framed as a policy-scaling problem: collect
more robot demonstrations, train larger Vision-Language-Action (VLA) models,
and expect broader generalisation. In this position paper, we argue that this framing
is incomplete. The central bottleneck is not only policy learning, but the absence of
mechanisms that convert the world’s abundant unstructured behavioural data into
grounded robot supervision. Human motion, internet video, simulation rollouts, and
interactive demonstrations contain rich information about tasks, goals, contacts,
failures, and physical constraints, yet most of this information is not directly
usable by robot policies because it lacks embodiment-specific action labels, task
semantics, and reward structure. We identify four missing components for the next
generation of robotics: data interfaces for autolabelling unstructured behaviour,
embodiment interfaces for retargeting human motion to robot actions, world-model
interfaces for physics-grounded 3D reasoning, and reward interfaces for inferring
task progress and success from video and language. We survey recent progress in
robot foundation models, cross-embodiment datasets, learning from video, world
models, and reward modelling, and propose a research agenda for building robotics
systems that can learn not only from robot demonstrations, but from the broader
physical world.

1 Introduction

Robotics is entering its foundation-model moment, but it does not yet have its internet. Large-scale
vision-language-action models, cross-embodiment datasets, learned simulators, and interactive world
models have made it increasingly plausible that robots will eventually acquire broad, reusable physical
skills rather than being programmed task by task. Yet the path to generalist robotics remains far
less clear than the path that enabled progress in language and vision. Text and images are abundant,
naturally digitised, and densely associated with human-generated supervision. Physical interaction is
different: the world contains vast amounts of behavioural data, but most of it is not directly usable
by robots. Human demonstrations, internet videos, factory workflows, household activities, and
simulation rollouts often reveal what task is being attempted, how objects move, when contact occurs,
and whether an outcome succeeds or fails. However, they rarely provide the embodiment-specific
action labels, force signals, task semantics, or reward structure required to train robot policies. The
central bottleneck for future robotics is therefore not only how to scale policies, but how to convert
unstructured physical experience into grounded robot supervision.
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Recent progress has begun to address this bottleneck by scaling robot datasets, pooling experience
across embodiments, and training generalist vision-language-action policies. These efforts are
important: they show that robot behaviour can improve when models are exposed to more tasks, more
environments, and more bodies. However, they also reveal a deeper limitation. Most current pipelines
still depend on explicitly collected robot demonstrations, manually specified tasks, curated datasets,
or embodiment-specific action spaces. This makes progress expensive and difficult to scale. A robot
dataset is not like a text corpus: every trajectory must be physically executable, every action is tied to
a particular body, and every failure may damage hardware, objects, or the environment. As a result,
the amount of usable robot supervision remains tiny compared with the amount of physical behaviour
already present in the world. The key question is therefore not only how to collect more robot data,
but how to make broader sources of physical experience usable for robot learning.

In this posmon paper, we survey the rapidly growmg body of work that attempts to widen the sources
of supervision for robot learning, including vision- language -action models trained on heterogeneous
robot trajectories, methods that extract behavioural priors from human and internet-scale video,
action-conditioned world models for imagined robot experience, and simulation-based pipelines for
generating counterfactual interaction data. Rather than organising this progress only by data source or
algorithmic family, we argue that a more useful organising principle is the robotics learning pipeline
itself. Today’s pipeline is largely robot-data-centric: collect robot demonstrations, attach task or
language labels, train a policy, evaluate on hardware, and repeat. We argue that the future pipeline
must instead be grounding-centric: start from broad physical experience, e.g., human motion, internet
video, robot interaction, simulation, tactile sensing, and language and pass it through grounding
mechanisms that produce robot-usable actions, contacts, object states, task phases, goals, and rewards.
The central question for the field is therefore not simply which model architecture to train, but which
mechanisms are needed to make the world’s physical experience learnable by robots. Importantly,
our argument is not that VLA models are unimportant. Rather, VLAs should be understood as one
layer in a larger physical-intelligence stack: a policy interface that depends on upstream grounding of
data, embodiment, dynamics, rewards, and deployment feedback.

We therefore organise the survey not merely by model family, dataset, or algorithmic trend, but by the
supervision bottleneck each line of work exposes. Robot-native datasets show how far policy learning
can scale when actions and task labels are already available. Video-based methods show that the
world contains abundant behavioural evidence, but weak grounding. Simulation and world models
show how experience can be generated, but only when physical consequences are preserved. This
organisation leads to our central claim: the missing layer in robotics is not another policy architecture
alone, but a set of components that transform physical experience into robot-usable supervision.

We argue that the central question for the field is not simply which model architecture to train, but
which mechanisms are needed to make the world’s physical experience learnable by robots. We
argue that this requires four missing pillars: a physical data engine for embodied autolabelling,
task-preserving retargeting across embodiments, physics-grounded world models for consequence
prediction, and task-conditioned reward grounding through deployment loops. These pillars provide
the organising principle for the remainder of the paper: we first survey how current robot-learning
systems expose the grounding bottleneck, and then outline the components needed to move from
physical experience to physical intelligence.

2 Robot-Native Supervision: Progress and Scaling Limits

Much of contemporary robot learning remains organised around robot-native supervision. A robot is
placed in an environment, demonstrations or interaction trajectories are collected, and the resulting
observations are paired with embodiment-specific actions, task labels, language instructions, or
success signals. This paradigm has enabled substantial progress in imitation learning, reinforcement
learning, and vision-language-action modelling, especially as datasets have expanded across tasks,
environments, and robot embodiments. At the same time, the field is already searching for ways
to move beyond this regime: simulation is used to generate scalable experience, real-to-sim-to-real
methods aim to amplify scarce real data, human and internet videos are used to learn behavioural
priors, and world models are trained to support prediction, planning, and counterfactual reasoning.
Our point is therefore not that robotics is limited to one pipeline, but that much of today’s usable
supervision still becomes useful only after it has been grounded into robot-native quantities. The



central scaling limit is this grounding step: how do we turn broader physical experience into actions,
contacts, object states, task phases, goals, and rewards that a robot can learn from?

2.1 The Robot-Native Regime

By robot-native supervision, we mean physical experience that is already represented in the coordinate
system of a robot-learning problem. In the standard case, this consists of trajectories collected from a
particular embodiment, where robot observations are paired with robot actions and, in some cases,
language instructions, task labels, rewards, or success indicators. The observations may include
camera images, proprioceptive states, end-effector poses, tactile readings, force-torque measurements,
or other sensor streams; the actions may correspond to joint commands, end-effector displacements,
gripper states, velocity commands, or higher-level skill primitives. This form of data is powerful
because it directly matches the supervised or reinforcement-learning objective: a model can imitate
the demonstrated action, optimise the provided reward, or condition behaviour on the associated task
description. In other words, the data is useful because it has already been grounded into a particular
robot body, action space, sensor suite, and task definition.

This regime has enabled a series of increasingly ambitious efforts to scale robot learning through
larger and more diverse robot datasets. Early multi-robot datasets such as RoboNet demonstrated the
value of sharing robotic experience across platforms, containing 15 million video frames from seven
robot platforms and supporting both video-prediction and inverse-model learning [Dasari et al., | 2019].
More recent datasets have expanded the scale and diversity of robot-native supervision: BridgeData
V2 [Walke et al., [2023]] provides roughly sixty thousand manipulation trajectories across twenty-
four environments on a low-cost robot platform, while DROID contains approximately seventy-six
thousand demonstration trajectories, or 350 hours of interaction data, collected across hundreds of
scenes and dozens of tasks by geographically distributed data collectors [Khazatsky et al., [2024].
RH20T further broadens this trend by collecting over 110,000 contact-rich manipulation sequences
with visual, force, audio, and action information, together with corresponding human demonstration
videos, making it especially relevant for studying multimodal grounding in manipulation [Fang et al.|
2023||. These datasets make clear that robot-learning performance improves when models are exposed
to more tasks, objects, environments, and embodiments. They also show that data diversity is not a
detail but a central requirement for generalisation beyond a single laboratory setup.

In parallel, robot-native trajectories have become the substrate for increasingly generalist robot
policies. BC-Z studied how scaling real-robot imitation data across more than one hundred tasks
can enable zero-shot generalisation to unseen manipulation tasks, including conditioning policies on
language or videos of humans performing the task [Jang et al.,2022]]. RT-1 showed that a transformer
policy trained on approximately 130,000 real-robot episodes collected across thirteen robots and
more than 700 tasks could produce broad language-conditioned manipulation behaviour [Brohan
et al} 2022]]. RT-2 extended this direction by co-training vision-language models on web-scale
vision-language data and robot trajectories, representing robot actions as tokens so that semantic
knowledge from internet-scale pretraining could be transferred into robotic control [Zitkovich et al.|
2023]]. SayCan [Ahn et al., |2022] and PaLM-E [Driess et al., [2023]] similarly illustrate how large
language or multimodal models can contribute to semantic reasoning and planning, but still require
grounding through robot affordances, embodied observations, or learned low-level skills.

The same trend appears in cross-embodiment and open-source generalist policy efforts. Open
X-Embodiment and RT-X pooled more than one million real robot trajectories from 22 robot em-
bodiments by aggregating datasets from many research laboratories into a common format, making
cross-embodiment training a practical research direction [[O’Neill et al.| [2024]. Octo then showed that
an open-source generalist policy can be pretrained on 800,000 trajectories from Open X-Embodiment
and adapted to new observation and action spaces [[Team et al., 2024, while RoboCat [Bousmalis
et al.|, [2023|] explored a self-improving generalist manipulation agent trained on action-labelled
experience across multiple robots and tasks. Systems such as Dobb-E further push robot learning
into less curated settings by collecting household demonstrations and adapting policies for new home
tasks, highlighting both the promise and the messiness of real-world deployment [Shafiullah et al.,
2023|]. Taken together, these works mark a major shift from single-task, single-robot learning toward
broader robot foundation models. Yet they also reinforce the central premise of this section: the most
effective supervision still largely arrives as robot-grounded trajectories, where actions, observations,
task descriptions, and success signals have already been made legible to a robot-learning algorithm.



A complementary line of work has improved the policy-learning machinery applied to robot-native
trajectories. Diffusion Policy, for example, formulates visuomotor control as conditional denoising
over action sequences, showing that diffusion models can represent multimodal action distributions
and produce strong manipulation policies from demonstration data [|Chi et al.,[2025[]. ALOHA [Fu
et al.} 2024, |[Zhao et al.,[2024]] and Action Chunking with Transformers [[George and Farimanil, 2023]
Bharadhwaj et al.| [2024] [Zhang] [2025]] similarly show that carefully designed low-cost teleopera-
tion systems, combined with sequence-level imitation learning, can acquire fine-grained bimanual
manipulation skills from real-world demonstrations

Those developments have contributed to a rapid expansion of vision-language-action models, i.e.,
models that map observations and textual descriptions to robotic actions. Early systems such as
Gato [Reed et al.||2022] helped establish the idea that a single transformer-style agent could operate
across modalities and domains, including real robot control. At the same time, SayCan [Ahn
et al.,[2022]] and PaLM-E [Driess et al., |2023|] showed how large language or multimodal models
could support embodied reasoning, planning, and affordance-aware skill selection, provided they
were grounded through robot skills, observations, or low-level policies. RT-2 then made the VLA
framing more explicit by co-training web-scale vision-language models with robot trajectories and
representing robot actions as tokens, allowing semantic knowledge from internet-scale pretraining
to be transferred into robotic control [Zitkovich et al.| 2023]]. Related systems explored different
forms of multimodal task specification and VLM adaptation: VIMA formulates robot manipulation
as multimodal prompting over interleaved text and visual tokens, while RoboFlamingo adapts open
vision-language foundation models for language-conditioned robotic manipulation [Jiang et al.,
2023]]. Moreover, OpenVLA is a representative open-source example: it trains a 7B-parameter
VLA on approximately 970,000 real-world robot demonstrations from Open X-Embodiment, taking
images and language instructions as input and producing robot actions as output [Kim et al., [2024]].
Physical Intelligence’s 7y similarly frames generalist robot control as a vision-language-action
problem, using a flow-matching architecture built on top of a pretrained vision-language model to
inherit internet-scale semantic knowledge while producing continuous robot actions [Black et al.,
2024]. A related line of work focuses on the action-generation mechanism itself: CogACT separates
the vision-language reasoning component from a specialised action module and studies diffusion
action transformers for action-sequence modelling, while RoboMamba explores state-space-model
architectures for efficient vision-language-action reasoning and manipulation [Li et al., 2024, [Liu
et al 2024a]]. Furthermore, FAST and related action-tokenisation methods address a complementary
bottleneck: how high-frequency continuous robot actions should be compressed or tokenised so that
they can be modelled efficiently by VLA architectures [Moodley et al., 2024} [Zhong et al., 2025,
Pertsch et al.| 2025} |Liu et al.,|2025a) |[Dong et al., [2026].

Other recent models have focused on more specialised ingredients needed for scalable VLA control:
Spatial VLA incorporates explicit spatial representations for robot manipulation and is trained on
approximately 1.1 million real robot episodes, while RDT-1B [Liu et al.| 2024b] uses a diffusion-
transformer architecture for bimanual manipulation and is pretrained on more than one million
multi-robot episodes [Zhang et al., 2024, |Qu et al., 2025b) |Patratskiy et al., 2025, [Feng et al., 2025].
This spatial focus is also reflected in 3D-VLA, which argues that robot foundation models should
move beyond 2D visual inputs by linking 3D perception, embodied reasoning, action prediction,
and generative world modelling [Qu et al.}2025a]]. Related spatially grounded VLA efforts include
3DS-VLA, which uses 3D spatial constraints and point-cloud information for manipulation [Li
et al.,[2025b]]; GeoVLA, which integrates depth-derived point clouds through a point encoder and a
3D-enhanced action expert [Sun et al., [ 2025]]; GraphCoT-VLA, which introduces a 3D pose-object
graph and structured chain-of-thought reasoning for ambiguous manipulation instructions [Huang
et al.| [2026a]); and Avi, which reframes robotic action generation as a problem of 3D perception
and language-grounded spatial reasoning rather than only low-level policy learning [Song and Le,
2025]]. Another emerging concept for endowing robot policies with strong spatial-physical priors
is to build policies on top of video generation backbones. One such paradigm is the World -Action
Model (WAM), which predicts video frames as well as action chunks. DreamZero |Ye et al.|[2026]]
and Unified Video Action (UVA) Model Li et al.|[2026]] are both prime examples.

More recent humanoid-focused systems extend the VLA paradigm from tabletop manipulation
toward whole-body and dexterous control. NVIDIA Isaac GROOT N1 explicitly targets generalist
humanoid robots and is described as a dual-system VLA: a vision-language module interprets
the scene and instruction, while a diffusion-transformer action module generates real-time motor



commands for humanoid control [Bjorck et al.,[2025]]. Importantly, GROOT N1 is trained on a mixture
of egocentric human videos, real and simulated robot trajectories, and synthetic data, making it a
useful example of the broader data mixture now being explored for humanoid robotics. Gemini
Robotics follows a similar foundation-model direction, presenting a generalist VLA built on Gemini
that can directly control robots from visual observations and language instructions, with later on-
device variants reported to support deployment without constant internet connectivity and adaptation
to other platforms such as Apptronik’s Apollo and Franka FR3 [Team et al.| [2025]]. Figure’s Helix
is another humanoid-focused VLA system, presented as a model that unifies perception, language
understanding, and learned control for full upper-body humanoid manipulation, including wrists,
torso, head, and fingers [Figure Al 2025]. Beyond these frontier model releases, recent research has
begun to study humanoid-specific VLA structure more directly. LeVERB proposes a hierarchical VLA
framework for humanoid whole-body control, learning a latent action vocabulary from synthetically
rendered kinematic demonstrations and using a reinforcement-learned whole-body controller to
execute dynamics-level commands [Xue et al.}[2025]]. WholeBody VLA similarly targets closed-loop
humanoid loco-manipulation, learning unified latent actions from action-free egocentric videos and
combining them with a locomotion-oriented control policy [Jiang et al.l |2025]. HuMI addresses
the data-collection bottleneck from a different angle, using portable robot-free demonstrations to
learn whole-body humanoid manipulation skills and reporting improved data-collection efficiency
compared with teleoperation [Nai et al.| [2026]. HEX focuses on cross-embodiment whole-body
manipulation, introducing humanoid-aligned state representations and expert modules to improve
coordinated control on full-sized bipedal robots [Bai et al.,|2026]. Industry systems such as Skild
Brain also frame humanoid and general-purpose robot control as an omni-bodied foundation-model
problem trained from simulation, human action videos, and real-world robot feedback [Skild All
2025].

The breadth of this literature shows how far robot learning has moved beyond single-task, single-
platform imitation. Yet the underlying supervision regime remains largely robot-native. The strongest
results still depend on experience that has already been expressed as observations paired with actions,
tasks, rewards, demonstrations, or success labels. This is precisely why these systems work, but it
also identifies the scaling bottleneck: most of the physical behaviour available in the world does not
arrive with explicit robot actions.

Takeaway. Robot-native supervision has enabled the most impressive progress in generalist robot
policies. However, its strength is also its limitation: the data has already been expressed in the
coordinate system of robot learning. Actions, task labels, embodiment constraints, and success
signals are either collected directly or curated afterwards. This makes VLA scaling powerful, but still
dependent on supervision that has already been grounded.

2.2 Learning from Weakly Grounded Physical Observations

To enable true scalability, a growing body of work asks whether robot learning can benefit from
physical observation that is not natively action-labelled. This direction is motivated by a simple
asymmetry: robot action-labelled trajectories are expensive to collect, but videos of humans and
physical interactions are abundant. Human videos contain information about object affordances, task
structure, contact events, temporal progress, and failure recovery, even when they do not specify the
motor commands that a robot should execute. The central question is whether such passive physical
observations can be converted into useful learning signals for robot policies.

A useful way to formalise the problem is to distinguish between observed physical change and
executable robot action. A video provides an observation sequence: 01,1 = (01, ...,0T), but not
the robot action sequence: a;.1 = (a1, ..., aT). Robot-native imitation learning assumes access to
pairs (o4, a;), while learning from human or internet videos usually provides only 01.T, sometimes
with language L;.T, captions, or weak task metadata. The latent variables are therefore action-like
representations z;.1 that explain transitions from o; to o;11 such that: z; ~ g(-|o¢, 0441,L¢, Lesq).
Generally, those latent variables are not yet tied to any particular robot embodiment. The hope is
that such latent actions capture task-relevant changes in the world, e.g., moving, grasping, opening,
placing, inserting, aligning, and can later be mapped to embodiment-specific robot actions. This
makes latent-action learning a natural bridge between passive video and robot-native control.



Representation Learners. Several representation-learning works can be viewed as indirect steps
in this direction. R3M pretrains visual representations on the Ego4D human video dataset using
time-contrastive learning, video-language alignment, and sparsity regularisation, then uses the frozen
representation for downstream robot manipulation policies [Nair et al.| [2022]]. VIP learns visual
representations from human videos by using temporal distance as a proxy for task progress, producing
features that can support robotic reinforcement learning and imitation [Ma et al., [2022]]. MVP
studies masked visual pretraining for robot manipulation, while VC-1 evaluates a range of pretrained
visual representations across robotic tasks and argues for large-scale visual pretraining as a reusable
perceptual substrate for embodied control [Radosavovic et al., 2023, [Majumdar et al.| 2023|]. These
methods do not directly recover robot actions from video, but they show that passive human or
internet-scale visual experience can improve the perceptual and task-relevant features used by robot
policies. R3M, in particular, explicitly studies how human video pretraining can enable data-efficient
manipulation learning. However, these representation-learning methods mostly do not fully resolve
the correspondence problem: how an observed physical change in human or internet video becomes a
reward, subgoal, latent action, or executable control signal for a particular robot.

Earlier work on imitation from observation and cross-embodiment learning exposed the same weak-
grounding problem in a more explicit form. Time-Contrastive Networks learned viewpoint-invariant
representations from unlabeled multi-view videos and used the resulting embeddings for robotic
imitation and reward learning, including imitation from human demonstrations without explicit action
correspondence [Sermanet et al.| [2018]]. AVID addressed the human-to-robot appearance gap by
translating human demonstration videos into robot-domain visual instructions, which were then
used as rewards for model-based reinforcement learning [[Smith et al.l 2020]. XIRL formulated
the problem as cross-embodiment inverse reinforcement learning, learning vision-based rewards
from videos of agents with different bodies, actions, and end-effector dynamics [Zakka et al.| 2021].
Similarly, DVD learned generalisable reward functions from a mixture of in-the-wild human videos
and a small amount of robot data, using functional similarity between human and robot behaviour as
the supervision signal [[Chen et al.,2021]]. Together, these works show that the core obstacle is not
merely the absence of robot actions, but the broader correspondence problem: how to align observed
physical progress with what a different robot body can perceive, value, and execute.

Latent-Action Approaches. More recent latent-action approaches attack the missing-action-label
problem more directly. Latent Action Pretraining (LAPA) proposes an unsupervised method for
pretraining VLA models without ground-truth robot action labels [[Ye et al., 2024]. It first learns
a discrete latent action space from video transitions using a VQ-VAE-style objective, then trains a
latent VLA model to predict these latent actions from observations and task descriptions, before
fine-tuning on smaller robot datasets to map latent actions to executable robot actions. This is
particularly relevant to our thesis because LAPA treats internet-scale video not merely as semantic
or perceptual pretraining data, but as a source of action-like structure. In other words, it takes the
first steps to ask whether the physical changes visible in the video can be compressed into a reusable
action vocabulary before being grounded into a particular robot body. A related line of work learns
action-like abstractions from heterogeneous embodiments and viewpoints. UniVLA, for example,
derives task-centric latent actions in an unsupervised manner, allowing the model to leverage data
from arbitrary embodiments and camera perspectives without requiring action labels [Bu et al.|
2025]). Strictly speaking, however, such latent variables are better understood as transition codes or
physical-change descriptors until they are grounded in a specific robot embodiment. They become
robot actions only when an embodiment-conditioned decoder can map them to commands that, when
executed, reproduce the intended physical change.

Task-Progress Signals. Another branch uses video-language models to infer task progress, rewards,
and success from passive observation. Rather than asking videos to provide actions, these methods
ask videos to provide supervision over what matters. PROGRESSOR learns a task-agnostic reward
function from unlabelled videos and uses self-supervised refinement to provide dense rewards for
goal-conditioned policy learning [Ayalew et al.| [2025]]. Adapt2Reward transfers video-language
models into language-conditioned reward functions using limited robot video data [Yang et al.|
2024b]. ReWiND trains a reward model to predict video progress rewards from image or rollout
embeddings and language instructions, using video rewinding and misaligned video-language pairs
as negative supervision [Zhang et al.| 2025a]]. TimeRewarder derives progress signals from passive
videos, including both robot demonstrations and human videos, by modelling temporal distances



between frame pairs [Liu et al., 2025b]]. Stage-Aware Reward Model (SARM) uses dense subtask
labels to help supervised a reward model to determine fine-grained task progress|Chen et al.|[2026].
These works are crucial because they suggest that passive video may be useful not only for perceptual
pretraining or latent actions, but also for grounding task progress and reward.

This literature reveals a useful taxonomy of weak physical supervision. Passive videos can provide at
least four kinds of signal. First, they can provide visual representations, as in R3M, VIP, MVP, and
VC-1. Second, they can provide latent action codes, as in LAPA and UniVLA. Third, they can provide
task-progress and reward signals, as in PROGRESSOR, Adapt2Reward, ReWiND, TimeRewarder,
and SARM. Fourth, they can provide behavioural priors about object use, affordances, contact, and
temporal task structure. Recent surveys on learning from human or internet video emphasise this
same opportunity while highlighting the unresolved challenges: videos lack robot actions, viewpoints
and embodiments differ, physical contact and forces are often unobserved, and human strategies may
not be directly executable by a robot [Eze and Crick, 2025| [Feng et al., 2026].

However, weak physical supervision does not remove the need for grounding; it relocates it. A latent
action learned from videos is not yet a robot command. A progress signal inferred from temporal order
is not necessarily a reward for a new embodiment. A visual representation trained on human videos
may encode objects and affordances, but not the contact dynamics or force constraints needed for
manipulation. Thus, the central challenge is not simply to pretrain on more video. It is to determine
which variables should be extracted from video, how those variables should be grounded into robot
morphology and control, and how errors in this grounding affect downstream policy learning. In this
sense, learning from action-free video is one of the clearest examples of the broader thesis of this
paper: the world contains abundant physical experience, but robotics still lacks reliable mechanisms
for transforming that experience into robot-usable supervision.

Takeaway. Passive video can provide representations, progress signals, latent actions, and behavioural
priors. But these signals are not yet robot supervision. A latent action is not a command; a progress
signal is not necessarily a reward; and a human strategy may not be executable by a robot. Video
expands the source of physical experience, but it also makes the grounding problem unavoidable.

2.3 Generating Physical Experience

A second response to the cost of robot-native supervision is not to infer labels from existing obser-
vations, but to generate additional physical experience. If robot trajectories are expensive because
they must be enacted on hardware, then simulation, synthetic demonstration generation, and learned
world models offer a complementary route: they can expose policies to more tasks, objects, initial
conditions, failures, and counterfactual outcomes than would be practical to collect directly in the real
world. This shifts the data-scaling question from “How many robot trajectories can we collect?” to
“How faithfully can we generate experience that preserves the physical structure needed for control?”
In this view, simulation and world models are not merely data factories; they are mechanisms for
expanding the reachable distribution of physical interactions. Their value depends on whether the
generated experience captures the quantities that matter for downstream learning: geometry, object
state, contact, dynamics, embodiment constraints, task progress, and success or failure.

The Simulation Route. A first route to generating physical experience is simulation. Simulation
environments and benchmarks provide controllable worlds in which tasks, objects, layouts, initial
states, and demonstrations can be generated at a scale that would be difficult to reproduce on hardware.
RLBench is an early and influential example, providing 100 hand-designed manipulation tasks, multi-
modal observations, language descriptions, and an effectively unlimited supply of demonstrations
generated through motion planning [James et al., 2019]. Meta-World [Yu et al.l|2020] similarly helped
standardise multi-task and meta-reinforcement learning for robotic manipulation, while ManiSkill
focuses on generalisable manipulation from 3D visual inputs in a full-physics simulator with diverse
object geometries [Mu et al.,|2021]. CALVIN extends this direction toward long-horizon language-
conditioned manipulation, asking agents to compose many behaviours from language instructions
in simulated environments [Mees et al., [2022]]. LIBERO further studies lifelong robot learning,
knowledge transfer, and task-ordering effects across 130 language-conditioned manipulation tasks
[Liu et al.;2023]]. Together, these environments have been crucial because they make robot learning
reproducible, scalable, and comparable across methods. Yet they also illustrate a recurring assump-



tion: the simulator designer has already specified the relevant state, action space, task definitions,
object assets, and success conditions.

The Data Generation Route. A second route is to use simulation not only as an evaluation
environment, but as a data-generation engine. MimicGen is a particularly important example: it
automatically synthesises large-scale demonstration datasets in a simulator from a small number
of human demonstrations by adapting demonstration segments to new object poses and contexts,
generating more than 50,000 demonstrations from fewer than 200 seed demonstrations across 18
tasks [Mandlekar et al., 2023]]. RoboCasa scales this idea toward everyday household manipulation
by providing a large-scale simulated kitchen environment for training generalist robots, and its
authors report clear scaling trends from using synthetically generated robot data for imitation learning
[Nasiriany et al.| | 2024]]. RoboCasa365 pushes this further with 365 everyday household tasks, 2,500
kitchen scenes, and over 2,000 hours of robot interaction data, including both human demonstrations
and synthetic demonstrations generated with MimicGen [Nasiriany et al.,2026]. RoboGen takes a
more automated route, using foundation and generative models to construct tasks, scenes, and training
data in simulation so that robots can acquire diverse skills at scale [Wang et al., 2024]]. These systems
are important because they shift robot data collection from “manually collect every trajectory” to
“collect a small amount of seed experience, then generate variations.” The open question is whether
those variations preserve the physical details that matter for real control, especially contacts, object
stability, friction, deformation, and failure modes.

The Real-to-Sim-to-Real Route. Instead of relying on a hand-built simulator, these methods attempt
to reconstruct or approximate a real environment, use simulation to expand or robustify learning, and
then return the resulting policy to the physical world. RialTo is a representative example: it constructs
digital-twin simulation environments from small amounts of real-world data and uses reinforcement
learning in simulation to robustify imitation policies before real-world deployment [Torne et al.,
2024]. More recent work has begun to use 3D Gaussian Splatting and related reconstruction methods
to make digital twins more visually faithful and easier to build from real observations. RL-GSBridge
introduces a 3D-Gaussian-Splatting-based real-to-sim-to-real reinforcement-learning framework for
robotic manipulation, using reconstructed scenes to support zero-shot sim-to-real transfer for vision-
based control [Wu et al.,[2025]. Real-is-Sim similarly uses a dynamic digital twin based on Embodied
Gaussians throughout data collection, training, policy evaluation, and deployment, aiming to reduce
the gap between offline policy evaluation and real-world success [[Abou-Chakra et al., [2025]]. Related
real-to-sim evaluation work constructs soft-body digital twins from real-world videos and renders
robots, objects, and environments with photorealistic fidelity using 3D Gaussian Splatting, showing
that simulated rollouts can correlate with real policy performance on deformable manipulation tasks
such as plush packing and rope routing [Zhang et al.,|2025b]. RoboGSim also follows this direction,
presenting an interactive real2sim2real Gaussian-splatting platform for demonstration synthesis,
novel-scene and novel-object data scaling, and closed-loop policy evaluation [Li et al., 2025c]]. For
robot navigation tasks in particular, policies trained in 3D Gaussian Splatting simulators have been
shown to transfer zero-shot to real world deployment. SOUS VIDE and SINGER are examples
of such approaches using an imitation learning paradigm Low et al. [2025]], Adang et al.| [2026]],
while GRaD-Nav and GRaD-Nav++ train with RL and exploit end-to-end differentiability of 3DGS
rendering |Chen et al.|[2025bla].

This direction builds on a broader sim-to-real literature that has long studied how generated experience
can transfer to physical robots despite imperfect simulators. Domain randomisation is one of the
dominant strategies: rather than fitting a single simulator, it trains policies over a distribution
of simulated dynamics or visual parameters, so that the real world appears as a single variation
within the training distribution [Muratore et al.,|2022]]. Those ideas have also been used in legged
robotics: learning agile and dynamic motor skills for ANYmal showed that neural policies trained in
simulation can transfer to a real quadruped, while later massively parallel reinforcement-learning
work showed that locomotion policies can be trained in minutes in simulation and transferred to real
robots [Hwangbo et al.| 2019, Rudin et al., [2022]. Domain randomisation in simulation can also
be combined with online latent parameter adaptation to better facilitate the sim-to-real transfer, for
example, using the Rapid Motor Adaptation (RMA) approach for legged locomotion |Kumar et al.
[2021]], and further adapted to manipulation tasks in[Wang et al.|[2026a]. These works are not always
“real-to-sim-to-real” in this sense. Still, they are essential context because they show why simulation
became attractive in the first place: it generates experience cheaply, safely, and at scale, but only
transfers when the simulator captures or randomises the physical factors that matter.



The World-Modelling Route. A fourth route is to replace or augment explicit simulation with
learned world models. The idea has a long history: rather than learning only a reactive policy, an agent
can learn an internal predictive model of how the environment changes under its actions and then use
that model for planning, imagination, or policy improvement. Schmidhuber’s early work on “making
the world differentiable” already proposed reinforcement learning and planning with recurrent neural
networks, including a controller and a learned world model that predicts environmental dynamics
This view was later popularised in deep learning by Ha and Schmidhuber’s World Models, which
trained a generative recurrent model of the environment and then learned compact policies from
the model’s latent representations, including policies trained inside the model’s own “dreamed”
rollouts before being transferred back to the real environment [Ha and Schmidhuber, |2018alb]. In
modern reinforcement learning, PlaNet and Dreamer made this idea practical at scale by learning
compact latent dynamics from pixels and improving policies through imagined futures; DreamerV3
later showed that a single world-model algorithm can solve a wide range of control tasks with
fixed hyperparameters, while DayDreamer demonstrated that Dreamer-style world models can be
learned directly on physical robots for locomotion, manipulation, and navigation without relying on a
hand-built simulation [Hafner et al.,|2019bllal, 2020, [Wu et al., 2022, Hafner et al., [2025]].

In robotics, this tradition is being extended from latent dynamics for control toward models that
can generate or predict physically meaningful experience. RoboDreamer learns compositional
video world models for robot imagination by factorising video generation according to language-
derived primitives, allowing it to synthesise plans for unseen combinations of objects and actions
[Zhou et al., |2024]]. UniSim asks whether a universal interactive simulator can be learned from
diverse datasets, combining information from images, robotics data, and navigation data to simulate
the visual outcomes of high-level instructions and low-level controls; it also shows that policies
trained in the learned simulator can transfer to real-world deployment in some settings [Yang et al.,
20244]. DeepMind’s Genie extends this line toward generative interactive environments trained from
unlabelled internet videos, introducing a spatiotemporal tokeniser, an autoregressive dynamics model,
and a learned latent action model that enables frame-by-frame control without ground-truth action
labels [Bruce et al.|[2024]. These systems are exciting because they blur the boundary between video
generation, simulation, and robot learning: generated experience is no longer just passive video, but
potentially an action-conditioned environment in which agents can plan or train.

However, robotics places stricter demands on world models than visual plausibility alone. A useful
robot world model must preserve the variables that matter for action: 3D geometry, object permanence,
contact, material properties, constraints, forces, and the consequences of robot motion. This has
motivated a growing line of 3D, object-centric, and physics-grounded world models. Object-centric
world models such as FOCUS argue that manipulation requires representing objects and their
interactions explicitly, enabling more efficient exploration of robot-object dynamics [Ferraro et al.,
2023]]. Related language-guided object-centric world models predict future states in compact object-
centric representation spaces rather than only generating pixels, improving efficiency for visuo-linguo-
motor control [Jeong et al.,[2025]]. PointWorld scales this idea to 3D by unifying state and action
in a shared spatial domain and predicting full-scene 3D point flow from RGB-D observations and
robot actions [Huang et al.| 2026b]|. ParticleFormer similarly learns a transformer-based 3D point-
cloud world model for multi-object, multi-material manipulation, predicting dynamics directly from
real-world robot perception data and supporting downstream manipulation through model-predictive
control [Huang et all [2025]]. These methods are especially relevant because they move world
modelling away from generic image prediction and toward spatially grounded, action-conditioned
dynamics.

When developing world models for robot imagination, planning, data generation, or evaluation,
it is critical to assess the confidence of a world model prediction. Learned world models, as all
learned models, are subject to errors and hallucinations when queried outside the distribution of their
training data. For a robot using a world model for planning, this can lead to a viscous cycle, where a
hallucination leads to a poor control choice, leading the world model further away from its training
distribution invoking further hallucinations, which further degenerate control effectiveness. Therefore,
for robotics in particular, world models need to have a calibrated estimate of the certainty of their
own predictions. Early work on this topic includes Mei et al.|[2025]], which learns a latent uncertainty
quantification with a VAE approach, statistically calibrated to yield interpretable uncertainties. Latent
uncertainties can then be passed to the pixel level for visualisation of uncertain regions of the predicted
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image. The authors of [Li et al.|[2025a] further show the importance of uncertainty quantification for
a world model used as an environment for training reinforcement learning policies. In|Ward et al.
[2026] the authors show a world model with calibrated uncertainty in the latent space can be used to
detect runtime errors in a VLA manipulation policy. Uncertainty quantification for world models
is still a young area, but we anticipate work on this topic to grow as world models become more
integrated into robot autonomy stacks.

Another way to prevent erroneous world model predictions is to structure a world model as a
combination of a neural scene representation with physical simulation. This can be viewed as a
modern, 3D neural-scene version of a much older model-based robot-learning idea: learn or construct
a predictive model of the world, then use it for planning, policy optimisation, or data-efficient
control. Classical robot-learning work already emphasised this model-based view [Kober et al.,
2013|] and discussed the importance of models, data efficiency, exploration, and safe real-world
learning in robotics. PILCO [Deisenroth and Rasmussen, [2011]] and its variants [Polymenakos
et al.| [2019, |Cowen-Rivers et al.| |2022] are another canonical example, using probabilistic Gaussian-
process dynamics models to perform data-efficient policy search with uncertainty-aware long-term
predictions.

A more structured version of this model-based view attempts to ground learned dynamics directly in
physical laws or relational structure, rather than treating the transition model as an unconstrained
black box. Deep Lagrangian Networks impose the structure of Lagrangian mechanics on neural
models of robot dynamics, learning physically plausible inertia, Coriolis, gravitational, and control-
dependent terms for model-based control [Lutter et al.,[2019]]. Hamiltonian Neural Networks learn a
Hamiltonian function and use Hamilton’s equations to produce energy-aware dynamics [Greydanus
et al., 2019], while Lagrangian Neural Networks parameterise a Lagrangian and derive equations of
motion through the Euler-Lagrange equations [[Cranmer et al., | 2020]]. Related geometric dynamics
models, such as Symplectic ODE-Net, enforce Hamiltonian or symplectic structure to improve
long-horizon physical prediction [Zhong et al.,2019]. A complementary family represents the world
as interacting objects, particles, or relations: Interaction Networks introduced graph-based reasoning
over objects and relations for physical prediction [Battaglia et al., 2016]], Neural Physics Engines
model physical systems through learned object-centric interactions [Chang et al.,[2017]], and Graph
Networks as Learnable Physics Engines showed that graph networks can simulate complex physical
systems and generalise across different numbers and configurations of objects [[Sanchez-Gonzalez
et al.,2018]]. Later graph-network simulators scaled this idea to particle-based fluids, rigid materials,
and deformable systems [Sanchez-Gonzalez et al., [ 2020]]. These works are important because they
show that a robot world model can be grounded not only by more data, but also by inductive biases
that encode energy, geometry, object relations, constraints, and interaction structure.

Of course, the contemporary versions of those ideas increasingly use learned visual and geometric
representations as the substrate of the world model. LeCun’s “A Path Towards Autonomous Machine
Intelligence” argues that autonomous agents need predictive world models for planning under
uncertainty, and the JEPA family operationalises this vision by predicting in abstract representation
spaces rather than directly reconstructing pixels [LeCun et al.,2022]]. I-JEPA introduced image-based
joint-embedding predictive learning, while V-JEPA extended this to video by predicting masked parts
of videos in representation space rather than pixel space [Assran et al.|[2023]]. V-JEPA 2 is especially
relevant here because it combines internet-scale video with a small amount of robot interaction data
and reports prediction, planning, and zero-shot robot control capabilities, making it one of the clearest
recent links between JEPA-style world models and embodied control [[Assran et al., [2025]].

A further recent strand combines neural scene representations with physical simulation, aiming to
build world models that are both visually grounded and physically actionable. Physically Embodied
Gaussian Splatting proposes a dual Gaussian-particle representation that couples visual rendering with
particle-based physical prediction and online correction based on observations, enabling the model
to reason about present and future physical states while staying synchronised with the real world
[Xie et al., 2024]. Gaussian World Models similarly use 3D Gaussian Splatting as a dynamic world
representation for robotic manipulation, supporting action-conditioned 3D video prediction, imitation-
learning representations, and model-based reinforcement learning [Lu et al.|, |2025]]. ContactGaussian-
WM pushes this direction toward contact-rich manipulation by learning a physics-grounded rigid-body
world model from sparse contact-rich videos, combining a unified Gaussian representation for visual
appearance and collision geometry with differentiable contact dynamics and closed-form physical
reasoning; it reports applications to data synthesis and real-time model-predictive control [Wang et al.
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2026b]. Physics-informed world models for non-prehensile or deformable manipulation similarly
attempt to inject physical structure into learned prediction rather than relying on unconstrained video
generation, for example, by combining differentiable physics, visual observations, and physics-aware
randomisation for robust sim-to-real manipulation [of PIN-WM, 2025]. These approaches make
explicit what many video world models leave implicit: for robot planning, the generated future must
obey enough geometry, contact, dynamics, and physical constraints to be useful for control.

Taken together, these strands suggest that world models for robotics should not be evaluated only
by how realistic their generated observations appear. Their central purpose is to make physical
experience counterfactual. A robot should be able to ask what would happen if it pushed at a different
point, grasped with a different orientation, opened a drawer further, inserted an object at a slightly
different angle, or stopped applying force. In a robot-native dataset, only the executed trajectory is
observed; in a world model, the agent can imagine alternatives. But this advantage is meaningful
only if the imagined futures preserve the variables that determine success and failure: object state,
geometry, contact, force, stability, material response, embodiment constraints, and task progress. A
visually plausible prediction that ignores contact, mass, friction, or physical feasibility may help
representation learning, but it is not yet a reliable substrate for robot control. Thus, learned world
models sharpen rather than solve the grounding problem: they promise scalable generated experience,
but only if the generated experience is physically grounded and actionable.

Takeaway. Generated experience is useful only when it preserves the physical variables that determine
control. A visually plausible rollout that ignores contact, force, friction, or stability is not yet reliable
robot supervision. The value of simulation and world models is therefore not visual realism alone,
but physically grounded counterfactual experience.

3 The Missing Components for Physical Intelligence

The survey above suggests that the next step in robotics is not simply to train larger policies, collect
more demonstrations, or build more visually realistic simulators. These directions are necessary,
but incomplete. What is missing is a set of components that transform broad physical experience
into grounded, deployable robot intelligence. Today, robot learning often begins once the relevant
variables have already been specified: observations, actions, task labels, rewards, success metrics, and
embodiment constraints. Future physical-intelligence systems must instead recover these variables
from weaker, messier, and more diverse sources of experience: human motion, internet video,
wearable sensing, tactile streams, robot rollouts, simulation, language, and failure traces. In this sense,
the central challenge is: how should a robot-learning system be organised so that the world itself
becomes a source of supervision? We argue that such a system requires four missing components.
First, it needs a physical data engine that can ingest heterogeneous experience and convert it into
structured signals such as object states, contact events, task phases, latent actions, and success or
failure labels. Second, it needs task-preserving retargeting, so that human behaviour and inferred
skills can be translated into executable actions across different robot embodiments. Third, it needs
physics-grounded world models that predict not only plausible future observations, but the physical
consequences of action: geometry, contact, force, stability, constraints, and material response. Fourth,
it needs a self-improving deployment loop, where each robot deployment produces new data, new
failures, and new corrections that compound into broader competence rather than remaining isolated
engineering effort. The proposed stack should therefore be understood as closed-loop rather than
purely feed-forward. Rather than treating deployment only as evaluation, a physical-intelligence
system should turn real rollouts, failures, and human corrections into structured supervision. Once
grounded into contacts, object-state changes, reward errors, or failure modes, these traces can update
the policy, reward model, world model, or retargeting model, allowing robots to improve on the actual
tasks they face.

We believe that the next foundation model for robotics will not be only a VLA or a world-model. It will
be a pipeline that grounds physical experience into actions, rewards, world models, and deployment
feedback.

3.1 Physical Data Engines and Embodied Autolabelling

The first missing component is a physical data engine: a system that turns heterogeneous physical
experience into structured learning signals for robots. Today, much of robot learning begins after
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Figure 1: Next generation robotics will come from advances that go well beyond scaling vision
language action (VLA) models.

data has already been made convenient for the policy: observations are paired with robot actions,
demonstrations are segmented into tasks, success conditions are specified, and rewards are either
hand-designed or manually labelled. This assumption is powerful, but it does not scale to the broader
physical world. Human motion, internet video, wearable sensing, tactile streams, factory workflows,
failures, and deployment traces all contain useful information about physical interaction, but they do
not arrive as clean robot-training examples. A physical data engine is the missing layer that converts
this messy experience into the variables that robot learning actually requires: object states, contacts,
task phases, latent actions, goals, rewards, and success or failure labels.

The key idea is that physical experience should not be treated as raw video or unstructured logs. It
should be treated as partially labelled interaction data. A person performing a task reveals more
than pixels: their motion indicates intent, their hands reveal contact, object movement reveals causal
structure, pauses and corrections reveal uncertainty, and the final configuration reveals something
about success. Similarly, a failed robot rollout is not merely a bad trajectory; it is evidence about
what the policy misunderstood, which contact was missed, which object state was unstable, or which
subgoal was not achieved. Even a failure is an opportunity to learn a new skill, as long as it is properly
labeled. Perhaps an object was mistakenly dropped due to a poor grasp. In a future task, dropping
an object may be an essential skill. Labeling and storing detailed sub-task episodes, even failures,
can build a diverse skill set to be utilized later. The role of the data engine is to recover these hidden
labels automatically or semi-automatically, turning physical behaviour into supervision.

This motivates the notion of embodied autolabelling. By embodied autolabelling, we mean the
process of using physical sensing, temporal structure, and world knowledge to infer robot-relevant
labels from behaviour without requiring manual annotation at every step. These labels may include
when a task begins and ends, which object is being manipulated, where contact occurs, what state
change is intended, whether progress is being made, and whether the outcome counts as success.
Unlike ordinary video labelling, embodied autolabelling is not only semantic. It must be physically
grounded: it should recover labels that are useful for control, such as grasp events, force-relevant
contacts, object-centric state transitions, constraints, affordances, and failure modes.

Wearable sensing makes this problem especially interesting. A motion-capture or sensorimotor suit
can provide structured signals that ordinary video lacks: body pose, hand trajectories, timing, contact
events, tactile cues, force-related proxies, and possibly object interaction traces. This changes the role
of human demonstrations. Instead of treating a human demonstration as only a video to imitate, we
can treat it as a source of physically structured supervision. The human performs the task once, but
the system extracts many labels: task phase boundaries, hand-object contacts, object state changes,
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intent, corrections, and candidate skill segments. These labels can then be used to train perception
models, reward models, retargeting systems, world models, or robot policies. In this sense, embodied
sensing is not merely a teleoperation interface; it is a labelling instrument for the physical world.

Human videos and data from wearable sensing suits also serve a dual purpose. This data can teach
robots about solving tasks, but it can also teach robots about humans themselves: how humans move,
use their bodies and their environment, and interact with each other. Robot intelligence should include
a natural and collaborative working model of human behavior. These sources of human data should
be harnessed for training human-aware, human-compliant policies, and human collaborative policies.

The central challenge is that these labels are not independent. Task phase, contact, object state, action,
and reward are coupled. A contact event matters because it changes an object state; an object state
matters because it defines progress toward a task; a reward matters only relative to an inferred goal;
and a robot action is useful only if it preserves the task-relevant structure of the human behaviour. A
physical data engine must therefore integrate perception, tracking, temporal segmentation, contact
inference, language grounding, and physical reasoning into a common representation. The goal is
not to build a larger dataset in the ordinary sense, but to build a system that continuously transforms
physical experience into reusable robot supervision.

Raw Experiences are Heterogeneous and Asynchronous. We start from a raw episode of physical
experience. This episode may come from a robot rollout, human demonstration, wearable sensing
system, internet video, simulation, or deployment trace. Crucially, the different streams may not be
synchronised or sampled at the same frequency. We represent those by the following:

X = {(Uia Ti(v))zrila (mj7 T_j(m) )fgla (hkv TI?)?;U (Tlv Tl(r))’izllv L}

Here, (v;, TZ-(U)) denotes video frames with timestamps, (m s TJ’”) motion-capture, wearable, or body-

pose measurements with timestamps, (A, T,Eh)) tactile, force, contact, or hand-sensor readings with

timestamps, (77, Tl(r)) raw robot logs, if available, e.g., proprioception, deployment metadata, and

L language associated with the episode, such as an instruction, caption, task description, or human
correction.

Of course, not every episode contains all modalities. Internet video may contain only video and weak
captions. A wearable-suit episode may contain video, pose, tactile, and language. A robot rollout
may contain observations, actions, proprioception, and success/failure metadata. But, in its most
general form, we say x € X, where X is the space of heterogeneous physical episodes.

Because the streams are asynchronous, the first hidden object is an alignment between raw obser-
vations and a common physical timeline. Let { € {1,..., Z} denote a latent event timeline. This
does not have to be the same as the video rate or the robot control rate. It could be continuous time, a
discretised timeline, or an event-based sequence. We introduce an alignment variable: .4, such that
A: {Ti(v), 7(m) T,ih), Tl(r)} —{1,...,Z}.In words, A tells us which video frames, motion measure-
ments, tactile events, robot logs, and language references correspond to the same underlying physical
event. For example, it could be the case that: video-frames: 30-55, motion-readings: 102-180,
and a tactile-spike @: 1.8 seconds, all map to the latent event of ( = 2 : contact-begins.
In this sense, temporal alignment is not a preprocessing detail. It is, in fact, part of the embodied
autolabelling problem.

This immediately exposes the first interesting learning problem. Given a heterogeneous episode
x, we want to infer a sequence of latent physical events ( = 1, ..., Z, and for each event recover
the variables that would make the episode useful for robot learning. We denote the latent structure
associated with event ¢ by:
Z¢ = [szch(ﬁCqu?rC]v

where s¢ is an object-centric physical state, ¢ is a contact or interaction label, ¢ is a task phase, u¢
is a latent physical action or transition code, and r¢ is a task-conditioned progress or reward signal.
At the episode level, we also infer a goal g and an outcome label y, such as success, failure, partial
success, or unsafe execution. Thus, the full hidden explanation of an episode is: z = [z1.z, 8, ¥].
The physical data engine can therefore be viewed as an inference model, gg(z, .4|x) which maps
raw asynchronous multimodal experience into an aligned sequence of robot-relevant physical events.
Importantly, gg is not merely a perception model. It must jointly solve temporal alignment, event
segmentation, object-state estimation, contact inference, phase recognition, latent-action discovery,
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reward grounding, and outcome prediction. In other words, the physical data engine tries to answer:
what happened, when did it happen, which objects were involved, what physical change occurred,
what task was being pursued, and whether that change constituted progress or failure.

To illustrate, consider a human wearing a sensing suit while placing a cup on a tray. The raw episode
may contain video frames, body-pose measurements, hand trajectories, tactile spikes, and a language
instruction. The inferred event sequence might be:

¢ =1:reach-to-cup, ( =2:contact-begins, ( =3:grasp...

For each event, the engine should infer not only a semantic label, but a physical description: the
cup pose, the hand-object contact, the relevant task phase, the latent transition being performed,
and whether progress toward the goal is increasing. This is the distinction between ordinary video
understanding and embodied autolabelling. A captioning model may say “a person places a cup on a
tray”’; a physical data engine should recover the sequence of physical events that could be retargeted,
simulated, rewarded, or used to train a robot policy.

A central open question is therefore how to learn the mapping: x — (z1.z,8,y,.4), when most
episodes provide only partial supervision. Some robot episodes contain actions but weak task labels.
Some videos contain task semantics but no actions. Some wearable demonstrations contain motion
and contact proxies but no robot embodiment. Some simulations provide full state but imperfect
realism. A useful physical data engine must combine these sources by treating them as different
views of the same underlying physical structure.

3.2 Task-preserving Retargeting across Embodiments

Inferring a structured event sequence from physical experience does not by itself produce a robot
policy. A human demonstration, internet video, or wearable-sensor trace may reveal what happened
physically — which object moved, where contact occurred, which task phase was executed, and
whether progress was made — but it still does not specify how a particular robot should act.

This is the embodiment gap. A human hand, parallel-jaw gripper, dexterous hand, mobile manipulator,
quadruped, and humanoid all have different kinematics, dynamics, sensors, action spaces, contact
surfaces, and failure modes. Therefore, the central question is not how to copy human motion, but
how to preserve the task-relevant physical effect of that motion when executed by a different body.
We call this task-preserving retargeting: the problem of mapping latent physical actions or human
demonstrations into executable robot actions while preserving the intended effect on the world.

Let u; denote the latent physical action inferred for event ¢, and let s¢ denote the corresponding
object-centric state. For a robot embodiment e, retargeting seeks an executable action or skill:

a(cemb(’died) = fy(u¢,s¢, embodiment) such that the resulting robot-induced transition preserves the

goal-relevant physical change Ag(s, aéemb(’died)) ~ Ag(s¢,uc). Here, Ag denotes the task-relevant

effect under goal g: drawer displacement for opening, object pose for placing, relative alignment for
insertion, containment for packing, or contact state for grasping. This formulation makes clear why
pose matching is insufficient. The correct retargeting target is not the human joint trajectory, but the
physical transformation that matters for the task.

Retargeting can preserve different invariants. At the weakest level, it preserves pose: mapping
human hand or arm motion to a robot end-effector trajectory. At a stronger level, it preserves contact:
ensuring that the robot touches the relevant object surfaces at the relevant moments. Stronger still, it
preserves object-state transitions: ensuring that the drawer opens, the cup is lifted, or the peg becomes
aligned. The strongest form preserves intent or skill: the robot may use a different motion entirely, but
accomplishes the same task under the same constraints. Generalist robotics will require retargeting to
move up this hierarchy, from pose-preserving imitation to task-effect-preserving translation.

This view also clarifies why wearable sensing and embodied autolabelling are valuable. A suit
or sensor-rich demonstration does not need to provide the final robot action directly. Instead, it
can expose the intermediate variables required for task-preserving retargeting: hand-object contact,
force-relevant events, object-state changes, task phase boundaries, and latent physical actions. These
variables are more transferable than raw human joint angles and more informative than video captions.
They form the bridge between human physical experience and robot-executable behaviour.
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3.3 Beyond Physics-Grounded World Models for Consequence Predictions

Inferring physical events and retargeting them across embodiments still leaves one central problem: a
robot must reason about consequences. A candidate action is useful only if the robot can anticipate
what it will do to the world. Will the object move or slip? Will contact be established or lost? Will the
drawer open or jam? Will the cup remain stable after release? Will the cloth deform in the intended
direction? These are not merely visual questions. They require reasoning about geometry, contact,
forces, constraints, material properties, and task progress. For this reason, the next generation of
robot-learning systems requires physics-grounded world models: predictive models that estimate not
only what the world may look like after an action, but what physically changes and why.

The role of a physics-grounded world model is therefore different from that of a generic video
generator. A video model may produce plausible future frames, but a robot needs actionable
predictions. It must know whether an action produces the desired object-state transition, whether a
grasp is stable, whether a collision will occur, whether an insertion will fail because of misalignment,
or whether an object will fall after being released. Thus, a robot world model should operate over
structured physical variables whenever possible: object poses, spatial relations, contacts, constraints,
velocities, forces, deformable states, and physical properties such as friction, mass, stiffness, or
compliance. These variables are precisely the quantities that determine whether an imagined action
can become a successful real-world behaviour.

We can write this role abstractly as consequence prediction. Given an object-centric state s¢, a goal g,

and either a latent physical action u¢, or an embodiment-specific robot action aéemb()died), the world

model predicts the next physical state:

SC+1 ~ pw('|5C7uC7 g)
For a specific robot embodiment, this would amount to:

Sc1 ~ Puwlt]se, aéemb(’dled) ,embodiement, g).
The first form supports task-level reasoning: what physical transition should occur if the intended
action is “pull”, “lift”, “insert”, or “place”? The second supports embodiment-specific planning: what
will happen if this particular robot, with this morphology and controller, executes this action from
this state? In both cases, the model should predict more than pixels. It should predict the physical
variables that matter for control and reward.

This gives the world model a central role in the proposed stack. It can be used before action execution
to evaluate candidate retargeted actions, during planning to search over alternatives, after failures to
explain what went wrong, and during training to generate counterfactual experience. For example, if
a human demonstration suggests the latent action “pull drawer outward”, a retargeting model may
propose several robot motions. A physics-grounded world model can evaluate which motion is likely
to establish the correct contact, apply force along the right direction, avoid collision, and produce
the desired drawer displacement. Similarly, if a robot fails to insert a peg, the world model can help
distinguish whether the failure came from poor alignment, insufficient force, unstable grasp, object
geometry, or a wrong task phase.

The most important point is that consequence prediction should be task-conditioned. A world model
does not need to predict every detail of the future equally well. It needs to predict the aspects of the
future that are relevant to the task. For opening a drawer, drawer displacement and handle contact
matter more than the exact background texture. For pouring, liquid state and container pose matter
more than the appearance of the table. For folding cloth, deformable geometry and contact points
matter more than pixel-perfect video reconstruction. This suggests that the objective of a robot world
model should be aligned with downstream control, not only with visual reconstruction. The question
is not “does the future look realistic?” but “does the prediction preserve the physical consequences
that determine success or failure?”

This also clarifies why physics grounding matters. Purely learned predictors can exploit visual
regularities without understanding the underlying constraints. They may generate futures in which
objects interpenetrate, contacts occur without force, rigid objects deform unrealistically, or effects
appear without plausible causes. Physics-grounded models reduce these failure modes by injecting
structure: object permanence, geometric consistency, conservation laws, differentiable contact,
learned or explicit material parameters, action-conditioned dynamics, and uncertainty estimates. The
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goal is not necessarily to build a perfect simulator. Rather, it is to learn a predictive model that is
accurate where control needs accuracy and uncertain where the system lacks evidence.

In this view, world models are not separate from embodied autolabelling and retargeting. They
complete the loop. The physical data engine infers what happened; retargeting proposes how a robot
could reproduce the relevant physical effect; the world model predicts what would happen if the
robot tried. These three components can improve one another. Autolabelled contact and object-state
transitions provide supervision for the world model. The world model can detect inconsistent labels
or impossible transitions. Retargeting can use world-model rollouts to choose actions that preserve
task effects. Deployment failures can then be fed back into the data engine as new examples of what
the model failed to predict.

The open challenge is to decide what representation such a world model should use. Pixel-space
prediction offers broad coverage but weak physical abstraction. Object-centric models expose entities
and relations but require reliable perception and tracking. 3D representations such as point clouds,
meshes, neural fields, or Gaussian splats provide geometry but may still struggle with contact, force,
and material response. Mechanics-based models encode physical laws but can be brittle when the
environment is unknown or deformable. The most promising direction may be hybrid: learned
models that combine 3D scene representations, object-centric structure, physics-inspired constraints,
and data-driven residual dynamics. Such models would not merely imagine the future; they would
provide physically meaningful counterfactuals for robot learning.

Physics-grounded world models therefore address a missing component in the path from physical
experience to physical intelligence. They turn data into counterfactuals. Without them, a robot can
only imitate what it has seen or execute what it has been commanded. With them, it can ask what
would happen under alternative actions, bodies, contacts, and goals. But this promise depends on
grounding: imagined futures are useful for robotics only when they preserve the physical structure
that makes actions succeed or fail.

3.4 Self-Improving Deployment Loops

After a robot executes an action, the central question is no longer only what happened, but whether
what happened was useful. A world model may predict that a cup will move, a drawer will open,
or an object will fall; a retargeting system may produce a physically feasible action; and a policy
may execute that action in the real world. But learning from the result requires a task-conditioned
interpretation of the outcome. Did the action make progress? Did it solve the intended task? Did
it fail because of perception, contact, force, timing, planning, or embodiment mismatch? Was the
final state good or bad relative to the goal? These questions cannot be answered by a generic state
evaluator. They require reward grounding: the ability to assign progress, success, and failure relative
to the task being attempted.

This is why robotic reward models should be task-conditioned. A physical state is not intrinsically
successful or unsuccessful. The same state can mean different things depending on the goal: a cup
resting on a table is success for “put the cup down”, failure for “pick up the cup”, and irrelevant for
“open the drawer”. We can express this by writing reward as: 1, (s¢, g, @), where s is the inferred
physical state at event (, g is the task or goal, and ¢, is the task phase. In this view, reward is not
merely a scalar attached to a state. It is an interpretation of physical progress under a goal. A good
reward model should estimate whether the relevant contact occurred, whether the object moved in the
intended way, whether the system entered a recoverable or unrecoverable failure mode, and whether
the final configuration satisfies the task.

This perspective also connects reward learning to video and language understanding. Many tasks can
be recognised from the temporal structure of a demonstration or rollout: approaching, contacting,
manipulating, releasing, verifying, recovering. Videos often reveal not only what task is being
attempted, but also what progress and failure look like. Language can provide the task hypothesis;
video and state estimates can provide evidence; human feedback can resolve ambiguity. Thus, reward
grounding can be seen as task-conditioned physical interpretation: given a goal and an observed
trajectory, infer which events count as progress, which count as failure, and which final states count
as success. This is different from generic preference modelling. The reward must be tied to object
states, contacts, constraints, and task phases.
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This reward-grounding problem is what makes self-improving deployment possible. In a deployed
robot system, every rollout should become more than a pass/fail record. It should become a labelled
physical episode. A successful rollout provides examples of robust task completion. A failed rollout
provides information about missing contact, wrong object state, unstable grasp, poor alignment,
unsafe motion, or reward misinterpretation. A human correction provides a high-value supervision
signal: it reveals not only that the robot was wrong, but often how the task should have proceeded. If
these outcomes are fed back into the physical data engine, the system can update its reward model,
retargeting model, world model, and policy.

The resulting loop is: deploy policy — observe outcome — infer task-conditioned progress / success
/ failure — explain failure or correction — add grounded supervision to the data engine — update
reward model, world model, retargeting, and policy — redeploy. This is the key difference between a
robot that merely executes a trained policy and a robot-learning system that compounds over time.
Without reward grounding, deployment traces are difficult to use: a failure is just a failed video,
and a success is just an episode that happened to work. With task-conditioned reward grounding,
deployment traces become structured supervision. The system can ask: which subgoal failed, which
contact was missing, which object state was wrong, and what alternative action would have improved
the outcome?

A self-improving deployment loop therefore requires three capabilities. First, it must monitor
execution and detect meaningful events: contacts, state changes, subgoal completion, anomalies,
and safety violations. Second, it must evaluate those events relative to the task, producing progress,
reward, and failure labels. Third, it must route the resulting supervision to the right component: policy
updates when the action was poor, world-model updates when the consequence prediction was wrong,
retargeting updates when the physical effect was not preserved, and reward-model updates when
success or failure was misclassified. This component-level credit assignment is essential. Otherwise,
the system may know that a rollout failed but not what should change.

This closes the pipeline introduced in the paper. A physical data engine turns heterogeneous expe-
rience into latent physical events. Task-preserving retargeting maps those events to robot actions.
Physics-grounded world models predict the consequences of those actions. Task-conditioned reward
grounding interprets the outcomes. Deployment then supplies new episodes that re-enter the same
pipeline. The long-term goal is a compounding physical-intelligence system: one in which every
demonstration, video, simulation rollout, robot failure, and human correction becomes structured
supervision for the next generation of robot behaviour.

4 Conclusions

This position paper has argued that the next stage of generalist robotics should not be framed only as
a policy-scaling problem. Vision-language-action models, large robot datasets, simulation pipelines,
and learned world models are all important parts of the emerging robotics stack. However, they do
not by themselves solve the central bottleneck: how to convert the world’s broad, messy, and weakly
labelled physical experience into supervision that a robot can actually use.

The key limitation is not simply a shortage of data. The world already contains enormous amounts of
physical behaviour: humans manipulating objects, tools being used, factories operating, homes being
organised, robots succeeding and failing, and simulations generating counterfactual interactions.
The difficulty is that this experience does not arrive in the coordinate system of robot learning. It
usually lacks robot actions, embodiment-specific constraints, task-phase labels, contact annotations,
reward signals, and success or failure explanations. The missing problem is therefore grounding:
transforming physical experience into robot-usable variables such as object states, contacts, latent
actions, task phases, goals, rewards, and physically meaningful counterfactuals.

This perspective suggests that VL As should be understood as one layer in a larger physical-intelligence
stack. They provide a powerful policy interface between perception, language, and action, but their
effectiveness depends on upstream and downstream mechanisms that make physical experience
learnable. A robot-learning system must be able to autolabel heterogeneous behaviour, retarget
task-relevant physical effects across embodiments, predict the consequences of candidate actions, and
interpret deployment outcomes relative to the task being attempted. Without these components, larger
policies may improve performance on curated robot-native datasets, but they will remain limited by
the amount of experience that has already been manually or implicitly grounded for them.
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This also suggests a different set of evaluation questions for generalist robotics. Instead of asking
only whether a larger policy solves more tasks, we should ask whether a system can convert weaker
sources of physical experience into useful supervision. Can it infer contacts, object-state changes,
and task phases from human behaviour? Can it retarget a demonstrated physical effect to a new
embodiment without merely copying pose? Can its world model predict the consequences that matter
for success and failure, rather than only generating plausible future frames? Can its reward model
distinguish progress, failure, recovery, and success relative to the current goal? Can deployment
failures update the right component of the stack: the policy, the reward model, the world model, or
the retargeting mechanism? These questions define the grounding agenda for robotics beyond VLA
scaling.

The broader implication is that the next foundation model for robotics may not be a single monolithic
model. It may instead be a compounding system: a physical data engine that turns heterogeneous
experience into structured supervision; an embodiment interface that maps task-relevant effects
to robot actions; a physics-grounded world model that generates actionable counterfactuals; and
a task-conditioned deployment loop that converts successes, failures, and corrections into future
improvement. In such a system, every human demonstration, internet video, simulation rollout, tactile
trace, robot failure, and human correction becomes part of a growing supervision engine for physical
intelligence.

Robots, therefore, need more than VLAs. They need the architectural pillars that make physical
experience usable. Progress in robotics will depend not only on scaling policies but on building the
grounding mechanisms that connect the world’s behavioural data to robot actions, rewards, models,
and continual deployment. The central challenge for the field is to move from robot-native datasets to
world-scale physical supervision, and from isolated policies to systems that learn from the physical
world itself.
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