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Abstract

Physical Al aims to extend artificial intelligence from digital reasoning to perception, prediction,
simulation, planning, and action in the physical world. While recent progress has advanced through
vision-language models, vision-language-action models, world models, policy learning, and embodied
agents, existing discussions are often organized from robotics-centric, vision-centric, or cyber-physical
perspectives. This survey instead studies Physical Al through the lens of LLM-based world knowledge. We
argue that LLMs encode implicit semantic, commonsense, procedural, and causal priors through large-
scale pretraining, making them useful high-level sources for physical reasoning, multimodal grounding,
action grounding, and embodied decision making. However, language-mediated knowledge is
sparse and lossy for dense physical states, such as geometry, motion, contact, force, high-frequency
dynamics, and long-horizon temporal evolution. VLMs and MLLMs ground LLM-derived priors
into perception, but often expose physical understanding through language outputs. VLAs connect
perception and language to executable actions, yet typically lack predictive models of how the world
evolves under actions. This motivates a roadmap from LLM-based world knowledge to multimodal
grounding, action grounding, world modeling, policy learning, and embodied deployment. We
review how these components provide perceptual, actionable, predictive, and simulative substrates
for Physical Al, and discuss open challenges in grounding, world modeling, closed-loop evaluation,
safety, and generalization. A curated repository of related papers and resources is available at https:
/ / github.com/Hai-chao-Zhang/Awesome-Physical-Al.

Keywords: physical Al; ChatGPT; large language models; LLM-based world knowledge; world
models; multimodal large language models; vision-language-action models; embodied agents; em-
bodied Al robotics; physical reasoning; multimodal grounding; policy learning; sim-to-real transfer;
closed-loop evaluation

1. Introduction

Large language models (LLMs), including frontier systems such as GPT-4 [1], Gemini [2], and
Claude [3], have evolved from text generators into general-purpose reasoning engines capable of
instruction following, task decomposition, tool use, planning, and agentic interaction [4,5]. A central
reason for this transition is that large-scale pretraining allows LLMs to encode broad forms of world
knowledge: semantic knowledge about objects and events, commonsense knowledge about everyday
situations, procedural knowledge about how tasks are performed, and causal knowledge about likely
consequences of actions [6-9]. Although this knowledge is implicit and language-mediated, it provides
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useful high-level priors for systems that must reason about, interact with, and eventually act in the
physical world.

However, LLM-based world knowledge alone is insufficient for Physical Al. The physical world is
dense, continuous, temporal, and governed by geometry, dynamics, contact, force, uncertainty, and
embodiment-specific constraints. Language is an effective abstraction interface, but it is too sparse and
lossy to represent physical states such as trajectories, velocities, contacts, deformations, occlusions,
high-frequency dynamics, and long-horizon temporal evolution. For the NLP community, the central
question is not whether robots can act, but how language-derived semantic, commonsense, procedural,
and causal priors should be represented, grounded, verified, and coupled with predictive models
when language becomes an interface to physical agency.

Vision-language models (VLMs) and multimodal large language models (MLLMs) provide a
first step in this grounding process. By connecting language with images, videos, regions, objects,
spatial relations, and affordances, they allow LLM-derived world knowledge to become situated in
perceptual observations [2,10-13]. For Physical Al, this grounding is crucial: an agent must not only
know that a glass is fragile or that a handle affords pulling, but also determine whether the relevant
object is present, where it is, and whether the current configuration makes an action feasible. Yet many
VLMs still express physical understanding primarily through language outputs [14], making them
effective for high-level description but limited for dense physical prediction [15], continuous control,
and action-conditioned future modeling.

Vision-Language-Action (VLA) models move one step further, from perception and description
toward executable behavior. By mapping visual observations and language instructions to actions,
VLAs provide an action-facing interface between multimodal reasoning and embodied control [16-19].
Nevertheless, VLAs alone are not sufficient for general Physical Al Their action representations are
often embodiment-specific, their robot data are limited compared with web-scale language and vision
corpora, and their generalization across tasks, environments, and robot bodies remains fragile. More
importantly, although VLAs connect perception and language to action, they typically do not provide
an internal predictive model of how the physical world evolves under actions.

This motivates the role of world models. In contrast to LLM-based world knowledge, which
captures what is semantically, procedurally, or causally plausible, world models aim to predict or
simulate what will happen next under physical dynamics [20,21]. They mark a transition beyond purely
LLM-centric backbones: instead of only relying on language-encoded priors, world models directly
learn predictive and simulative knowledge from videos, trajectories, and embodied interactions. Video
world models provide visual imagination and future prediction; latent world models learn compact
predictive representations for planning and control; and interactive or action-conditioned world
models allow agents to reason about counterfactual futures before acting. Thus, LLMs and world
models are complementary: LLMs provide high-level knowledge about what typically happens and
what actions may be meaningful, whereas world models estimate what is likely to happen next.

1.1. Definition, Roadmap, Scope, and Relation to Existing Surveys.

In this survey, we study Physical Al through the lens of LLM-based world knowledge. From a
language-centered perspective, we define Physical Al as Al systems that ground language-based
semantic, commonsense, procedural, and causal knowledge into multimodal perception, physical
prediction, simulation, planning, policy learning, and embodied action. We include work that helps
transform language-derived world knowledge into perception, action, prediction, planning, or embod-
ied deployment, rather than attempting to cover all robotics, control, simulation, or video generation.
This scope distinguishes our survey from existing perspectives on physical Al. Compared with robotics-
centric surveys, our organizing variable is the interface between language-mediated priors and physical
agency; compared with vision-centric surveys, our focus is not perception or generation alone but
action-conditioned prediction and deployment; compared with VLA surveys, our roadmap separates
action grounding from predictive world modeling. As shown in Figure 1, we organize recent progress
from LLM world knowledge to multimodal grounding, action grounding, world modeling, policy
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learning, and embodied deployment, followed by open challenges in sim-to-real transfer, closed-loop
evaluation, safety, reproducibility, and frontier systems.
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Figure 1. A roadmap from LLM-based world knowledge to Physical AI. LLMs provide semantic, commonsense,
procedural, and causal priors, but these language-mediated priors must be grounded into multimodal perception,
executable action, predictive world models, policy learning, and closed-loop embodied deployment. The organi-
zation is functional rather than chronological; examples are representative anchors.

1.2. Contributions.

To the best of our knowledge, this is the first world-knowledge-centered roadmap survey of
Physical Al. Unlike robotics-centric, vision-centric, VLA-centric, or world-model-centric surveys,
we organize recent progress around how LLM-derived world priors are grounded into perception,
action, predictive world modeling, policy learning, and embodied deployment. This survey makes the
following four contributions:

1. A world-knowledge-centered formulation of Physical AI. We provide, to the best of our knowl-
edge, the first survey formulation of Physical Al in the current foundation-model era from the
perspective of LLM-based world knowledge and world-model-based predictive knowledge. This
formulation views Physical Al as systems that transform world priors into perception, prediction,
simulation, planning, policy learning, and real-world action.

2. Alanguage-centered organization of recent advances. We organize recent progress around the
interfaces through which language-mediated priors become perceptual, actionable, predictive,
and deployable physical intelligence, rather than treating Physical Al only as a robotics, vision,
or cyber-physical systems problem.

3. Aroadmap from world knowledge to embodied agency. We provide a layered roadmap from
LLM-based world knowledge to multimodal grounding, action grounding, world modeling,
policy learning, and embodied deployment, clarifying how these components jointly support
Physical Al

4. A deployment-oriented discussion of open challenges. We identify key gaps toward deployable
Physical Al including dense physical representation, language-to-action grounding, long-horizon
world modeling, sim-to-real transfer, closed-loop evaluation, safety, reproducibility, and frontier
systems.

2. LLM-Based World Knowledge for Physical Al

LLM-based world knowledge refers to language-mediated world priors stored as parametric regular-
ities in large language models [6,7]. Prompts and context expose these priors as task hypotheses about
objects, goals, actions, procedures, and constraints for Physical Al [4,5].

2.1. World Knowledge as Coupled Priors.

World knowledge is better treated as a set of coupled priors than as a monolithic store: semantic
knowledge grounds object categories and references; commonsense knowledge supplies default
assumptions and safety constraints; procedural knowledge decomposes tasks; causal knowledge
suggests outcomes and risks; spatial knowledge supports layout and manipulation preconditions; and
affordance knowledge links objects or parts to possible interactions [22-24]. In grounded Physical
Al systems, spatial and affordance priors are often operationalized by models that connect linguistic
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relations to perceptual structure: recent spatial VLMs map relations such as “inside” or “aligned with”
to metric or 3D structure [25-27]. Affordance-oriented work similarly identifies which objects, parts,
or regions support a requested action [28-30].

2.2. Parametric World Knowledge in LLMs.

LLMs encode factual associations, procedural patterns, commonsense defaults, and task con-
straints through large-scale pretraining on corpora that repeatedly describe object functions, task
procedures, safety constraints, and likely outcomes [4,6,7,31]. Because these descriptions recur across
documents, they become parametric regularities whose strength tracks pretraining exposure [8,9].
Recent recall and materialization studies further probe which factual priors can be surfaced from
LLMs [32,33]. Embodied planning work provides a task-level diagnostic: LLMs can often retrieve
plausible steps, object uses, and constraints for situated tasks [34-36].

2.3. LLMs as Priors and Controllers in Physical AL

LLMs contribute to Physical Al in four main ways. For task planning, SayCan [37] grounds LLM-
generated step sequences with learned affordance values to filter physically infeasible actions, and
Inner Monologue [38] enables closed-loop replanning by feeding back environmental observations as
language [39]. Moving from prose to code, skill generation approaches such as Code as Policies [40] and
ProgPrompt [41] prompt LLMs to produce executable robot programs, while Voyager [42] uses LLMs
to iteratively build open-ended skill libraries. At the level of goal and reward specification, VoxPoser [43]
composes spatial value maps from language instructions, reducing manual reward engineering. Finally,
as agentic orchestrators, LLMs coordinate tools and sub-modules across multi-step tasks [35,36], acting
as closed-loop decision engines rather than one-shot planners. Together, these uses establish LLMs
as the semantic and procedural scaffolding of Physical Al pipelines—a foundation whose limits are
examined next.

2.4. Limits of Language-Only Physical Reasoning.

The systems reviewed above reveal a common pattern: LLMs are effective at proposing goals,
plans, and constraints, but their outputs become more reliable when paired with grounding, verifi-
cation, or action interfaces [35,37,38]. The core limitation is the abstraction gap between language
and physics. Language compresses continuous physical states into sparse descriptions and often
omits pose, velocity, contact, deformation, uncertainty, and embodiment constraints. In this sense,
LLM-based priors remain linguistic: they may suggest that glass is fragile or that a handle can be
grasped, but they do not estimate geometry, contact, force, friction, or future trajectories [44,45]. LLMs
can therefore hallucinate objects, propose infeasible plans, or assume that actions succeed. Recent
planning analyses, including LLM-modulo studies and PlanBench updates, sharpen this point by
showing that language-only models remain unreliable without external models or verifiers [46,47].
Physical reasoning benchmarks further expose weaknesses in dynamics, vision-grounded physics, and
tool use [48,49]. These limitations motivate the remainder of this survey, which progressively addresses
perceptual grounding, action grounding, and predictive world modeling. LLMs are therefore useful
interfaces and coordinators, but they form a crucial yet insufficient layer of Physical Al.

3. Grounding World Knowledge into Perception

To act in the physical world, an Al system must connect language-based world knowledge to
perceptual observations. VLMs and MLLMs are the first major bridge in this transition: they align
language with images, videos, regions, objects, and scenes [10,12,50,51]. Language-only knowledge is
underspecified with respect to the current world state: an LLM may know that glass is fragile or that a
handle affords pulling, but an embodied system must determine whether the relevant object is present,
where it is, and whether the current configuration makes that prior actionable. Thus, perception makes
world knowledge situated, task-relevant, and actionable.
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3.1. Vision-Language and Multimodal Models.

The development of VLMs can be viewed as a progression from image-text representation align-
ment to multimodal instruction following. Contrastive and cross-modal pretraining made language an
open-vocabulary interface for visual concepts, allowing models to retrieve, classify, and reason over
images beyond fixed label spaces [50,52,53]. More recent MLLMs connect visual encoders to large lan-
guage backbones through cross-attention, query transformers, projection layers, or instruction tuning,
enabling few-shot visual reasoning, visual dialogue, and open-ended image understanding [11,54,55].
For Physical Al their importance is that instructions, observations, and task context can be interpreted
through a shared language interface. A VLM can identify task-relevant objects and connect them to
commonsense priors, making it useful as a high-level perceptual reasoner in open-world environments.
Yet this grounding remains mostly semantic rather than physical: VLMs do not automatically recover
metric state, physical parameters, or control-relevant uncertainty [56-59].

3.2. Spatial, Temporal, and Affordance Grounding.

Physical Al requires grounding beyond object categories: agents must localize objects, resolve
spatial relations, and infer action affordances. Recent MLLMs provide stronger grounded outputs
through region, mask, and point supervision [60,61], unified detection-grounding-segmentation [62],
and explicit pointing supervision [63]. For robotics, recent work extends grounding toward robotics-
relevant spatial reasoning and language-conditioned affordance prediction [25,27,64]. These works
improve perceptual grounding, but Physical Al still requires metric state, reachability, uncertainty, and
embodiment-specific constraints. Temporal grounding moves perception from static recognition to
event localization and state change. Recent video MLLMSs explicitly model timestamps and grounded
moments, including TimeChat [65], VTG-LLM [66], Grounded-VideoLLM [67], VQToken [68], and
TimeSuite [69]; VideoGLaMM further extends grounding to pixel-level video regions [70]. However,
temporal grounding is still not physical dynamics: Video-MME and PhysBench show that long-video
understanding and physical-world reasoning remain difficult for current MLLMs [71,72]. Affordance
grounding connects perception to possible actions. Recent work uses VLM/LLM priors to predict
interaction regions, 3D affordances, or language-conditioned affordance points, as in AffordanceLLM,
PAVLM, Palm, and RoboPoint [26,28,73,74]. These models make perception more action-relevant, but
feasibility still depends on embodiment, geometry, reachability, & low-level control.

3.3. The Language Bottleneck for Dense Physical States.

A major limitation of VLMs is that physical understanding is often mediated through language
rather than dense state estimation. Text can describe a scene, but it does not encode pose, depth, motion,
contact, uncertainty, or action-conditioned dynamics. Recent evaluations show this gap: BLINK probes
low-level visual perception [75], Video-MME tests long-horizon temporal understanding [76], and
PhysBench, QuantiPhy, and MASS-Bench evaluate physical reasoning, quantitative physics, and
motion-aware spatiotemporal grounding [72,77,78]. Thus, VLMs are better treated as perceptual
grounding layers, not complete physical world models.

4. Grounding World Knowledge into Action

Grounding world knowledge into perception allows an agent to understand what is happening in
a scene, but Physical Al additionally requires deciding what to do next. Vision-Language-Action (VLA)
models address this step by mapping visual observations, embodiment states, and language goals
into action outputs. By connecting semantic understanding with actionable control, VLAs provide a
key bridge between foundation-model reasoning and physical-world interaction. This section first
reviews action space design and policy learning, followed by language-grounded VLA policies, hybrid
reasoning-to-action frameworks, and emerging directions toward reliable Physical Al systems.
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4.1. Action Spaces and Policy Learning.

The action space defines how a Physical Al system acts. Depending on the embodiment and
task, actions can be represented as poses, joint states, gripper commands, contact targets, waypoints,
trajectories, action chunks, or high-level skills. This action representation determines how pretrained
world knowledge becomes executable behavior: high-level skills align better with language and
planning, while low-level commands provide precise but embodiment-specific control.

Recent VLA systems instantiate this spectrum through several action interfaces. One line dis-
cretizes robot actions into tokens, enabling autoregressive prediction with transformer-based VLM
backbones, as in RT-2 [17] and OpenVLA [18]; FAST further improves this direction by tokenizing
high-frequency action sequences in frequency space, and can be combined with models such as 7
to form efficient autoregressive VLA policies [79]. A second line predicts continuous action chunks
or trajectories, following action-chunking and diffusion or flow-based visuomotor policies such as
ACT [80], 7ro [19], g5 [81], DexVLA [82], and RDT-1B [83]. A third line spatially structures the action
interface beyond raw motor commands. Spatial VLA [84] represents actions with adaptive 3D action
grids, grounding candidate motions in egocentric coordinates. 3D-VLA [85] uses 3D interaction tokens
to predict task-relevant targets or motion primitives in scene space. Such spatial action representations
expose geometry to the policy and can improve transfer across objects, scenes, and embodiments.

4.2. Grounding Language in Action.

Early VLAs asked whether a VLM could act by treating actions like language. PaLM-E showed
that embodied multimodal representations can support robot reasoning and planning [16]. RT-2
made the link to control explicit by co-fine-tuning a pretrained VLM on web-scale vision-language
tasks and robot trajectories, representing robot actions as text-like tokens, and de-tokenizing outputs
back into commands [17]. This matters because semantic and commonsense priors learned from
Internet-scale data can be aligned with physical action data. Scaling this recipe requires broader data
and transferable policy interfaces. Open X-Embodiment and RT-X standardize data across many
robot embodiments [86]. Octo learns an open generalist policy from heterogeneous data [87], and
OpenVLA trains on large-scale real robot demonstrations [18]. These models take image observations,
proprioception, and language instructions as input, and output action tokens. They align well with
language-model training, but remain data-dependent and limited in physical resolution, especially for
high-frequency motion, contact timing, force control, and recovery.

4.3. Reasoning to Action.

Recent systems increasingly use hybrid VLA architectures that separate world knowledge and
reasoning from motion generation. A VLM grounds instructions, object semantics, spatial relations,
task history, and commonsense priors, while a specialized policy converts this reasoning into high-
frequency actions under embodiment constraints. This shifts VLA from action-as-language toward a
reasoning-to-control interface for Physical Al 77p combines a pretrained VLM with a flow-matching
action expert [19], and 775 adds heterogeneous co-training over robot data, web data, and semantic
prediction tasks [81]. DexVLA uses a VLM with a diffusion expert [82], RDT-1B scales diffusion for
bimanual manipulation [83], and GROOT N1 combines vision-language reasoning with a diffusion
transformer action generator for humanoids [88]. TinyVLA [89], SmolVLA [90], Xiaomi-Robotics-0 [91],
and StarVLA-« [92] show that efficiency and real-time execution are also part of the roadmap. The
trend is also moving beyond offline imitation. 71, uses reinforcement learning from real deployments
with experience and corrective interventions [93], while MEM adds video and text memory for longer-
horizon behavior and adaptation from history [94].

4.4. Physical Al Roadmap.

VLA models provide an action-facing layer for Physical Al, but action prediction alone is not
sufficient. Even when VLAs use visual-language reasoning to interpret goals, objects, spatial relations,
and task history, this reasoning is still coarse and semantic rather than grounded in physical dynamics.
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One potential direction is to connect multimodal LLM world knowledge with physical prediction
and control through world models. These models can capture factors that are difficult to describe
in language, such as friction, compliance, contact geometry, force, uncertainty, and timing, enabling
physically grounded planning, control, and recovery beyond direct data-driven imitation.

5. World Models for Physical Al

The previous sections describe how LLMs provide high-level world knowledge, how VLMs
ground such knowledge into perception, and how VLAs connect perception and language to executable
actions. However, VLA models alone are insufficient for general Physical Al. Even when they align
language, observations, and actions, they typically lack an internal predictive model of how the
physical world evolves under actions. This limitation motivates a transition from using LLMs as
semantic priors toward learning world models that directly acquire predictive and simulative knowledge
from videos, trajectories, and embodied interactions.

We use world model to refer to a model that predicts or simulates future observations, latent
states, rewards, values, or action consequences from current states and possible actions. This definition
distinguishes world models from LLM-based world knowledge. LLMs encode semantic, commonsense,
procedural, and causal priors about what usually happens and what actions may be meaningful; world
models estimate what is likely to happen next under physical dynamics. In short, LLMs provide
knowledge about the world, whereas world models provide predictive mechanisms for acting in the
world. This idea has a long history in model-based learning and control: early neural world models
learned compressed spatiotemporal representations for agents [20], latent dynamics models such as
PlaNet and Dreamer learned to plan and act through latent imagination [95-97], and MuZero showed
that decision-centric models can support planning by predicting value, reward, and policy-relevant
quantities without explicitly reconstructing observations [98]. For Physical Al, recent world models
can be organized by their prediction target and interaction interface. A more detailed taxonomy with
additional representative works is provided in Appendix A 4.

5.1. Video-Space World Models.

Video-space world models generate or predict future visual observations, providing an intuitive
interface for visual imagination, synthetic data generation, and future scene simulation. Representative
examples include generative driving and real-world simulators such as GAIA-1 and UniSim, as well
as interactive environment models such as Genie [99-101]. Cosmos further frames world foundation
models as general-purpose world models that can be adapted to Physical Al applications such as
robotics, autonomous driving, and synthetic data generation [56]. However, photorealistic video
generation alone is not sufficient for Physical Al. A useful video-space world model must also support
temporal consistency, controllability, action conditioning, and physically plausible dynamics.

5.2. Latent World Models.

Latent world models predict future states in representation space rather than reconstructing
pixels. This is important because dense video generation can be computationally expensive and
may allocate capacity to visual details that are irrelevant to control. Latent models instead focus
on task-relevant dynamics, making them attractive for efficient planning, policy learning, and long-
horizon imagination. Beyond latent dynamics in model-based reinforcement learning, JEPA-style
predictive architectures argue for learning world models directly in representation space [21,102,103].
Recent V-JEPA 2 further connects self-supervised video representation learning with robot planning by
post-training an action-conditioned latent world model from robot trajectories [104].

5.3. Interactive and Action-Conditioned World Models.

Interactive and action-conditioned world models are the most directly relevant to Physical Al
because embodied agents must evaluate counterfactual futures before acting. Rather than passively
predicting what may happen next, these models estimate what would happen if a particular action
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were taken. This capability supports planning, policy learning, simulation-based training, safety
evaluation, and recovery. It also clarifies why world models are complementary to VLAs: VLAs
provide an action-facing interface, while world models provide the predictive substrate needed to
evaluate actions before execution. The long-term challenge is therefore to connect LLM-derived world
knowledge, multimodal grounding, VLA-style action interfaces, and world-model-based prediction
into embodied agents that can act reliably in real or interactive environments.

6. From Models to Physical AI Systems

The roadmap from LLM based world knowledge to Physical Al ultimately requires systems that
can act in real or interactive environments. While earlier sections focus on representation, reasoning,
world modeling, and VLA models, this section shifts the focus from model capability to system
deployment.

6.1. Embodied Agents.

Embodied agents connect high level task understanding with physical execution. A typical
system may parse an instruction, infer task structure, ground objects and states, choose actions and
trajectories, execute them through policies or controllers, and verify whether the expected outcome has
been achieved [37,105-113]. This differs from a pure VLA formulation because the action model is only
one component of the full system. System performance also depends on state estimation, execution
interfaces, controller behavior, and online verification. Many embodied agents therefore use modular
interfaces between reasoning and control. High level modules may operate over language, symbolic
states, object relations, keypoint constraints, value maps, or robot programs, while low level modules
execute motion primitives, grasp planners, visuomotor policies, or controllers [40,43,114,115]. This
modularity can make long horizon behavior easier to specify and diagnose, but it also raises interface
design questions. The system must decide what information should be passed between modules, how
uncertainty should be handled, and when the agent should replan instead of continuing execution.

6.2. Deployment and System Integration.

A central challenge in Physical Al is the gap between offline evaluation and interactive deploy-
ment. Offline evaluation measures whether a model matches reference labels on fixed data, whereas
deployment tests whether these predictions can drive closed-loop progress in the physical world.
Open-loop accuracy can hide compounding errors, poor recovery, and sensitivity to state deviations,
so robust deployment requires systems to observe the environment, execute actions, verify outcomes,
and update plans when reality differs from expectation. Recent work explores this direction through
real-world agent platforms [105], open-vocabulary planning and grounded decoding [116], LLM/VLM-
based robot decision frameworks [117], and deployment-oriented action reasoning models [115,118].
Another key design choice is the interface between learned models and robot controllers. Frontier
models may produce language plans, symbolic predicates, object constraints, value maps, or robot
code, while robots execute controller references. An effective interface should be expressive enough to
support diverse tasks while remaining constrained enough for stable execution. This motivates sys-
tems that connect learned perception and reasoning to symbolic world models [119], task-and-motion
planning [120], optimization and constraint-based motion generation [43,106,114], and robot-program
or policy-level execution interfaces [121,122].

6.3. Benchmarks and Evaluation.

Evaluation remains a central challenge for Physical Al Static language and vision benchmarks
measure recognition, reasoning, or prediction under fixed inputs, whereas Physical Al requires evalua-
tion under interaction, where actions change future observations and outcomes. Benchmarks should
therefore test whether systems can ground knowledge into perception, planning, execution, and
recovery, rather than only answer questions or predict actions offline. Existing efforts study embodied
task execution in simulation and household environments [123-126], embodied reasoning and agent

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202606.0173.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 June 2026 d0i:10.20944/preprints202606.0173.v1

9 of 29

evaluation [127,128], and embodied spatial intelligence with closed perception-action loops [129].
Closed-loop execution is especially important because open-loop prediction cannot fully capture
compounding error, contact dynamics, safety failures, physical constraints, or recovery behavior.
Benchmarks should evaluate task completion, failure modes, intervention counts, robustness to per-
turbations, and generalization across objects, scenes, instructions, initial states, and embodiments.
Recent efforts support cross-task policy learning [130-132], deployment-oriented action evaluation
[118], perception-action loop evaluation [129], physical reasoning [133], large-scale simulation and
household evaluation [134-137], and automated task and data generation for sim-to-real policy learn-
ing [138]. However, real-robot evaluation remains necessary because implementation details can
substantially affect performance. Overall, progress in Physical Al requires system-centric evaluation,
where systems are compared by what they can reliably do in the world, not only by what they can
predict from static inputs.

7. Challenges and Future Directions

Despite rapid progress, current systems remain far from general Physical Al. We summarize four
challenges along the roadmap , with additional discussion in Appendix A.8.

7.1. From Implicit World Knowledge to Dense Physical Grounding.

LLMs encode broad but implicit and language-mediated world knowledge, which is difficult to
convert into metric physical states [6,7]. Future systems must ground semantic, procedural, and causal
priors into geometry, motion, contact, force, uncertainty, and temporal dynamics.

7.2. From Multimodal Grounding to Physical Perception.

VLMs and MLLMs ground language into images and videos, but semantic descriptions alone are
insufficient for Physical AI[12,50]. They must move toward spatial, temporal, affordance-aware, and
quantitative physical perception that supports action and prediction.

7.3. From VLAs to Generalist Embodied Policies.

VLAs connect perception and language to actions, yet remain limited by embodiment-specific
action spaces, scarce robot data, and brittle cross-task generalization [17,18]. Future work should
develop scalable action representations, cross-embodiment transfer, and policies augmented with
memory, world models, or agentic components.

7.4. From World Models to Deployable Physical Al

Video generation is not necessarily world modeling: Physical Al requires action-conditioned,
temporally consistent, controllable, and physically plausible prediction [20,56,139]. World models must
also balance efficiency and fidelity, since pixel-space simulators are costly while latent models often
need task heads, decoders, or policy interfaces for action. Deployment further requires sim-to-real
transfer, robustness to noise and latency, safety, closed-loop recovery, and reproducible evaluation [128].

8. Conclusion

This survey reframes Physical Al through the lens of LLM-based world knowledge, moving
beyond purely robotics-centric, vision-centric, or cyber-physical views. We organize recent progress as
aroadmap from language-derived priors to multimodal grounding, action grounding, world modeling,
policy learning, and embodied agents. This perspective clarifies the complementary roles of LLMs and
world models: LLMs provide semantic, commonsense, procedural, and causal priors, while world
models provide predictive and simulative mechanisms for physical dynamics. By connecting language,
multimodality, VLAs, world models, and embodied systems, this roadmap highlights the interfaces
needed for more general Physical AL
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9. Limitations

This survey focuses on a language-centered roadmap from LLM-based world knowledge to
Physical Al It is therefore not an exhaustive survey of all robotics, control, simulation, tactile sensing,
audio perception, or cyber-physical systems. We emphasize LLMs, VLMs/MLLMs, VLAs, world
models, and embodied agents because they form the main pathway from language-derived world
knowledge to physical Al Other important physical modalities, such as tactile sensing, force feedback,
audio, material properties, mass estimation, and fluid or deformable-object dynamics, are discussed
only when they directly relate to the roadmap. A broader Physical Al survey could extend this work
by covering these modalities and domain-specific robotic systems in greater depth.

10. Broader Impact

The definition of Physical Al has evolved with the progress of artificial intelligence. Earlier discus-
sions often framed Physical Al through specific tasks, modalities, or systems, such as computer vision,
robotics, embodied agents, autonomous driving, or cyber-physical systems. While these perspectives
are important, they can make Physical Al appear as a collection of downstream applications rather than
a unified research problem. This survey provides a complementary perspective by organizing Physical
Al around LLM-based world knowledge: the implicit semantic, commonsense, procedural, and causal
priors encoded in large language models, and their grounding into perception, action, prediction,
simulation, and embodied deployment.

The broader impact of this work is therefore mainly conceptual and organizational. By treating
world knowledge as a central lens, the survey helps identify the underlying mechanisms that connect
recent advances in LLMs, VLMs/MLLMs, VLAs, world models, policy learning, and embodied agents.
This perspective clarifies why language models are useful for Physical Al, why language-mediated
knowledge is insufficient for dense physical states, and why world models and closed-loop evaluation
are necessary for moving from reasoning to reliable action in the physical world. We hope this roadmap
can help researchers compare existing approaches, locate missing components, and develop future
Physical Al systems that are more grounded, predictive, generalizable, and deployable.

At the same time, Physical Al may affect safety-critical domains, including robotics, autonomous
driving, embodied assistants, industrial automation, and human-robot interaction. Misgrounded
language priors, hallucinated plans, physically inconsistent world models, brittle action policies, or
insufficient closed-loop evaluation may lead to unsafe behavior in real or simulated environments. For
this reason, our survey emphasizes limitations and open challenges such as dense physical grounding,
language-to-action reliability, physical consistency, sim-to-real transfer, safety, reproducibility, and
transparent evaluation of closed or partially disclosed frontier systems. This work does not release new
models, datasets, robot policies, controllers, or deployment systems; its impact is limited to taxonomy,
analysis, and research guidance.

Appendix A. Supplementary Material

This appendix expands the roadmap and taxonomy used in the main paper. The main text focuses
on the conceptual transition from LLM-based world knowledge to Physical Al under the page limit,
while this appendix provides the additional context needed to make the roadmap verifiable and
less table-only. In particular, we clarify the boundaries of the survey, contrast our organizing lens
with existing survey perspectives, expand the taxonomy of roadmap stages, provide a more detailed
world-model taxonomy, summarize evaluation protocols, list representative frontier systems, and
discuss failure modes that motivate the challenges in the main paper.

The supplementary material is designed to serve two purposes. First, it makes explicit what is
included and excluded in our survey. Since Physical Al overlaps with robotics, control, simulation,
embodied Al, cyber-physical systems, multimodal learning, and model-based reinforcement learning,
an unrestricted survey would be too broad and would obscure our central contribution. We therefore
define the scope around the pathway from LLM-based world knowledge to grounded perception,
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grounded action, predictive world modeling, policy learning, and embodied deployment. Second, it
provides additional references and categorizations that are not central enough to fit into the eight-page
main paper but are useful for readers who want to trace the roadmap in more detail.

Across all tables, we use the same organizing principle: each component is described by its
representational interface, its role in Physical Al, and its limitations. This makes the appendix com-
plementary to the main paper rather than a separate literature catalogue. The tables are not intended
to rank methods or claim that the listed systems are exhaustive. Instead, they provide representative
anchors for the conceptual categories used throughout the survey.

Appendix A.1. Survey Scope and Boundary

Our survey is not intended to be an exhaustive review of all robotics, control, simulation, or
cyber-physical systems. Instead, it studies Physical Al through the roadmap from LLM-based world
knowledge to multimodal grounding, action grounding, world modeling, policy learning, and em-
bodied deployment. This distinction is important because the term Physical Al is increasingly used
across different communities with different assumptions: robotics work often emphasizes embodiment
and control, vision work often emphasizes physical perception and generation, cyber-physical work
often emphasizes deployment and sensing infrastructure, while language-centered work emphasizes
reasoning, grounding, and agentic coordination.

The scope of this survey is therefore defined by whether a line of work contributes to the ground-
ing of world knowledge into physical perception, prediction, planning, and action. For example, we
include VLMs and MLLMs when they support spatial, temporal, or affordance grounding, but we do
not attempt to cover all image captioning or visual question answering systems. Similarly, we include
world models when they support prediction, simulation, planning, or policy learning for Physical Al,
but we do not attempt to cover all video generation or all model-based reinforcement learning. This
scope boundary is intended to reduce ambiguity for readers and reviewers: the paper is a roadmap
survey centered on LLM-derived world knowledge, not a comprehensive encyclopedia of all physical
intelligence.

Table A1 summarizes the intended scope. The middle column lists the categories we treat as part of
the roadmap, while the right column identifies neighboring areas that are related but not exhaustively
reviewed. This boundary also explains why some classical robotics, control, hardware, tactile sensing,
and simulation topics are discussed only when they directly interact with foundation-model-based
grounding or predictive modeling.
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Table Al. Scope boundary of this survey. We organize Physical Al as a roadmap from LLM-based world
knowledge to grounded perception, action, world modeling, and embodied deployment, rather than as an

exhaustive survey of all robotics or physical intelligence.

Roadmap Component

Included in This Survey

Not Exhaustively Covered

LLM-based world knowledge

Semantic, commonsense, procedural,
causal, spatial, and affordance priors
encoded in LLMs [6-9,140]

General factual recall, knowledge
editing, or memory analysis
unrelated to physical reasoning

Multimodal grounding

VLMs/MLLMs that ground
language-derived knowledge into
images, videos, regions, objects,
spatial relations, and

affordances [2,10-12,50]

Generic captioning, VQA, or
multimodal dialogue not tied to
physical grounding or interaction

Action grounding

VLA models, action representations,
policy learning, and
language-conditioned embodied
control [16-19,81]

Classical robot control, motion
planning, or manipulation methods
without foundation-model
grounding

World models

Video, latent, interactive, and
action-conditioned models that
support prediction, simulation,
planning, or policy

All video generation, all simulators,
or all model-based RL methods
outside the Physical Al roadmap

learning [20,56,95,96,98]

Systems that close the loop between
perception, planning, execution,
recovery, and

evaluation [88,107,108,141]

Hardware-specific robot engineering,
robot design, and domain-specific
control stacks

Embodied systems

The table should be read as a boundary rather than a separation. Many excluded areas remain
important to Physical Al, but they are not the organizing focus of this paper. For instance, low-level
manipulation control and hardware design are indispensable for deployment, yet our discussion
emphasizes how foundation models and world models interface with such systems. Likewise, video
generation is relevant when it becomes temporally consistent, controllable, and action-conditioned,
but generic video synthesis is not equivalent to physical world modeling.

Appendix A.2. Comparison with Existing Survey Perspectives

Existing survey perspectives cover important parts of the Physical Al landscape, but they usually
begin from different assumptions. Broad Physical Al or PAI surveys often define the field from cyber-
physical systems, robotics, sensing, and industrial deployment. Vision-centric generative Physical
Al surveys emphasize physically grounded visual generation, physics-aware simulation, and visual
understanding. VLA and robot foundation model studies focus on action spaces, robot policies,
demonstrations, and embodiment-specific control. World-model-centered studies emphasize dynamics
prediction, latent imagination, model-based planning, and simulation.

Our survey is complementary to these lines, but it starts from a different question: how can
world knowledge encoded in LLMs be progressively grounded into perception, action, prediction,
and deployment? This LLM-centered lens matters because many recent Physical Al systems use
language models not merely as text interfaces, but as sources of semantic priors, task decompositions,
commonsense constraints, tool orchestration, and agentic reasoning. At the same time, LLMs cannot
model dense physical dynamics by themselves, which motivates the later transition toward VLA
models and world models.

Table A2 clarifies this distinction. The goal of the comparison is not to claim that prior surveys
are incomplete in their own scope. Rather, it shows that their organizing axes differ from ours. By
making LLM-based world knowledge explicit, our survey connects the NLP and multimodal reasoning
literature to Physical Al in a way that is not captured by purely robotics-centric, vision-centric, or
world-model-only discussions.
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Table A2. Comparison with existing perspectives. Our survey is distinguished by using LLM-based world
knowledge as the organizing lens and connecting it to multimodal grounding, VLA-style action interfaces, world
models, policy learning, and deployable Physical Al systems.

Perspective Main Focus LLM World VLA A.C tion World Models Closed
Knowledge Grounding Systems
Concepts,
Broad Physical  applications,
AL/ PAI industrial Limited Partial Limited Partial
surveys [142, systems, and
143] cyber-physical
perspectives
Physics-aware
generation,
.. . visual
Vision-centric simulation. and
Generative physically ’ Limited Limited Partial Partial
Physical AI [57] grounded
computer
vision
VLA / robot Robot policies,
foundation action represen-
model tations, and Partial Strong Limited Partial
studies [18,144, embodied
145] control
Prediction,
World-model- latent .
centered dynamics, .. . .
studies [20,56, mode%—based Limited Partial Strong Partial
96,98] planning,
! simulation, and
policy learning
Roadmap from
LLM-based
Ours world Strong Strong Strong Strong
knowledge to
Physical Al

The comparison also motivates why a roadmap structure is more appropriate than a flat taxonomy.
A flat taxonomy would list LLMs, VLMs, VLAs, world models, and agents as independent families.
Our view instead treats them as progressively more physically grounded interfaces: language priors
are grounded into perception, perception and language are grounded into action, and action must
ultimately be supported by predictive models and closed-loop deployment.

Appendix A.3. Extended Roadmap Taxonomy

The roadmap in the main paper compresses a large amount of literature into a small number
of stages. Table A3 expands this roadmap by identifying the dominant representation at each stage,
its role in Physical Al and representative works. The table is intended to make explicit the hidden
continuity between fields that are often discussed separately: NLP world knowledge, multimodal
representation learning, robot action modeling, model-based prediction, policy learning, and embodied
deployment.

A key design choice in this taxonomy is to organize methods by the interface through which
knowledge becomes physically useful. LLM-based world knowledge is primarily textual and paramet-
ric. Multimodal grounding introduces visual and spatial representations. Action grounding introduces
action tokens, trajectories, chunks, skills, and continuous controls. World modeling introduces future
states, latent dynamics, rewards, values, or action-conditioned transitions. Policy learning then con-
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verts these representations into executable behavior, and embodied deployment tests whether the full
stack can operate under feedback, noise, and real-world constraints.

This taxonomy also explains why no single model family currently solves Physical Al. LLMs pro-
vide broad priors but not dense physical state. VLMs and MLLMs ground perception but often remain
language-mediated. VLAs provide an action-facing interface but struggle with cross-embodiment
generalization and long-horizon prediction. World models provide predictive and simulative mecha-
nisms but must still be connected to semantic goals, action interfaces, and reliable policies. Physical Al
therefore emerges from the composition of these layers rather than from any one layer alone.

Table A3. Extended taxonomy of the roadmap from LLM-based world knowledge to Physical AL

Stage Main Representation Role in Physical AI Representative Works
Provides semantic,
LLM-based world Textual and parametric COMMONSENSE, LAMA, closed-book QA,
knowledge knowledge procedural, causal, factual recall, procedural
spatial, and affordance knowledge [6-8,140]
priors
Grounds world
Image /video-language knowledge into objects, CLIP, Flamingo, BLIP-2,
Multimodal grounding ro r%zsen tations guag scenes, spatial relations, =~ LLaVA,
P temporal events, and Gemini [2,10-12,50]
affordances
Action tokens, Maps perception and PaLM-E, RT-2,

Action grounding

trajectories, chunks,
skills, or continuous
controls

language instructions to
executable actions

OpenVLA, 7,
o5 [16-19,81]

World modeling

Future pixels, latent
states, rewards, values,
or action-conditioned
transitions

Predicts and simulates
possible futures for
planning, policy
learning, and
counterfactual reasoning

World Models, Dreamer,
MuZero, Genie, Cosmos,
V-JEPA [20,56,96,98,101,
103]

Policy learning

Learned policies, action
experts, diffusion/flow
policies, or controllers

Converts perception,
reasoning, and
prediction into behavior

ACT, FAST, RDT-1B,
GROOT N1 [79,80,83,88]

Embodied deployment

Closed-loop systems
with sensing, planning,
execution, verification,
and recovery

Tests whether models
can reliably act in real or
interactive environments

Gemini Robotics,
RoboCasa, LIBERO,
EmbodiedBench [107,
108,128,130,135]

The representative works in the last column are selected as anchors rather than exhaustive lists.

Many systems occupy multiple stages: for instance, a VLA system may combine multimodal ground-
ing, action tokenization, policy learning, and real-world evaluation. We place each representative
work according to its most salient role in the roadmap, while acknowledging that frontier systems
increasingly blur these boundaries.

Appendix A.4. Extended Taxonomy of World Models

World models are used differently across reinforcement learning, video generation, robotics,
autonomous driving, and Physical Al. In model-based reinforcement learning, a world model often
refers to a learned transition or reward model used for planning. In video generation, the term
is increasingly used for models that generate plausible future frames or interactive visual environ-
ments. In robotics and embodied Al, a world model should support action-conditioned prediction,
counterfactual reasoning, recovery, and policy learning. These meanings overlap but are not identical.

To avoid treating all generative video models or all model-based policies as the same type of
world model, Table A4 organizes world models by prediction target and function in the Physical Al
roadmap. This organization is important for the main paper’s argument: world models are the stage
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where Physical Al begins to move beyond language-mediated priors and toward directly learned

predictive or simulative knowledge about physical dynamics.

Table A4. Extended taxonomy of world models for Physical Al The categories are organized by prediction target

and their function in the roadmap from LLM-based world knowledge to embodied action.

Category

Prediction Target

Role in Physical AI

Representative Works

Classical / model-based
RL world models

Future states, rewards,
values, or policy-relevant
quantities

Planning, latent
imagination, decision
making, and policy
improvement

World Models, PlaNet,
Dreamer, DreamerV3,
MuZero [20,95-98]

Video-space world
models

Future pixels, frames, or
video tokens

Visual imagination,
future scene prediction,
synthetic data, and
simulated experience

GAIA-1, UniSim, Genie,
Cosmos [56,99-101]

Latent /
representation-space
world models

Future latent states,
embeddings, or masked
spatiotemporal
representations

Efficient long-horizon
prediction, compact
planning, and
control-relevant
representation learning

PlaNet, Dreamer, I-JEPA,
V-JEPA, V-JEPA
2[95,96,102-104]

Interactive /
action-conditioned
world models

Future observations or
latent states conditioned
on candidate actions

Counterfactual
reasoning,
simulation-based policy
learning, safety

MuZero, UniSim, Genie,
GAIA-1, V-JEPA 2,
Cosmos [56,98-101,104]

evaluation, and recovery

Adaptable substrate for
robotics, autonomous
driving, embodied
agents, and synthetic
data

Cosmos, Genie-style
models, V-JEPA-style
models [56,101,103,104]

General-purpose
predictive or generative
world representations

World foundation
models for Physical Al

Appendix A.4.1. Classical and Decision-Centric World Models.

Classical world models are rooted in model-based reinforcement learning and planning. They
learn transition, reward, value, or policy-relevant predictions that allow agents to plan before acting.
World Models, PlaNet, Dreamer, DreamerV3, and MuZero establish this foundation by showing
that agents can learn compact internal models and use them for imagination, planning, and policy
improvement [20,95-98]. For Physical Al, this line provides the decision-making substrate: agents
should not only react to observations, but also evaluate possible futures.

Appendix A.4.2. Video-Space World Models.

Video-space world models predict future visual observations. They are attractive for Physical
Al because videos expose motion, temporal evolution, scene changes, and possible future outcomes.
GAIA-1 models autonomous-driving futures from video, text, and action inputs [99]; UniSim learns
an interactive real-world simulator from heterogeneous data and uses it for policy training [100];
Genie learns generative interactive environments from unlabelled videos [101]; and Cosmos positions
world foundation models as adaptable world models for Physical AI [56]. The main limitation is that
visual realism does not guarantee physical correctness. A generated rollout may look plausible while
violating object permanence, contact constraints, controllability, or causal consistency.

Appendix A.4.3. Latent and Representation-Space World Models.

Latent world models predict in compact representation spaces rather than pixel space. This makes
them more efficient for planning and control because they can focus on task-relevant dynamics instead
of reconstructing every visual detail. JEPA-style models further argue that predictive modeling should
happen in representation space rather than through full generative reconstruction [21,102,103]. V-JEPA
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2 extends this idea to video-scale learning and post-trains an action-conditioned latent world model for
robot planning [104]. For Physical Al, latent prediction is especially useful when the agent needs fast
rollouts, uncertainty-aware planning, or long-horizon reasoning under limited computational budget.

Appendix A.4.4. Interactive and Action-Conditioned World Models.

Physical Al requires models that respond to actions, not only models that passively predict
future frames. Interactive and action-conditioned world models estimate counterfactual futures under
candidate actions, enabling planning, safety checking, policy learning, and recovery. This requirement
separates physical world models from generic video generators: a Physical Al world model should be
controllable, temporally consistent, action-conditioned, and useful for closed-loop decision making.
Such models also make it possible to evaluate actions before executing them in the real world, reducing
reliance on costly or unsafe trial-and-error deployment.

Appendix A.4.5. Relation to LLM-Based World Knowledge.

LLM-based world knowledge and world models are complementary. LLMs provide semantic,
commonsense, procedural, and causal priors; world models provide predictive and simulative mecha-
nisms for physical dynamics. The former tells an agent what actions may be meaningful; the latter
estimates what is likely to happen if the agent acts. This complementarity explains why world models
occupy a central position in the roadmap from LLM-based world knowledge to deployable Physical
Al In practice, future systems may combine LLMs for high-level goals, instructions, and commonsense
constraints with world models for action-conditioned rollout, physical feasibility checking, and policy
optimization.

Appendix A.5. Benchmarks and Evaluation Protocols

Evaluation is a central difficulty for Physical Al because the roadmap spans several different
kinds of competence. Static language benchmarks can test whether a model encodes commonsense
or procedural knowledge, but they cannot determine whether that knowledge is grounded in a
physical state. Vision-language benchmarks can test perception and grounding, but they often stop at
recognition or description. VLA benchmarks can test whether actions are predicted from observations
and instructions, but open-loop action accuracy does not fully capture closed-loop execution. World-
model benchmarks can test prediction, but prediction quality must ultimately be judged by whether it
supports planning and control.

Table A5 summarizes evaluation protocols along the roadmap. The key shift is from static
recognition or offline prediction to closed-loop task completion, robustness, recovery, and cross-
embodiment generalization. This is aligned with the main paper’s argument that Physical Al should
be evaluated by what a system can reliably do in the world, not only by what it can answer or predict
from fixed inputs.
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Table A5. Evaluation protocols along the roadmap. Physical Al evaluation should shift from static recognition or

offline prediction to closed-loop task completion, robustness, safety, recovery, and cross-embodiment generaliza-

tion.

Benchmark / Evaluation

Roadmap Stage Type What to Evaluate Representative Works
Physical commonsense, uwszgzzreiﬁfcenmde
LLM world knowledee tool understanding, commonsense ’ PHYBench, PhySense,
& factual/procedural ’ PhysToolBench [44,45,49]
knowledge procedural, and causal
priors
Whether
Spatial, temporal, fr?fvt? 5’; _jei;wfgun ded BLINK, Video-MME,
VLM/MLLM grounding affordance, and physical BeIS & PhysBench, QuantiPhy,

reasoning benchmarks

into perception, spatial
relations, and physical
states

MASS-Bench [72,75-78]

VLA / action grounding

Robot manipulation,
navigation, and
action-prediction
benchmarks

Whether models can
map instructions and
observations to
executable actions

RT-2, OpenVLA,
LIBERO, LIBERO-
Pro [17,18,130,132]

Video prediction, latent

prediction, V\}flhztﬁ:lrl mol(iilssﬂf))lreedlct World Models, Dreamer,
World models action-conditioned PhY; yPp / Genie, Cosmos, V-JEPA
. . . controllable, temporally
simulation, planning . 2 [20,56,96,101,104]
. consistent futures
evaluation
Whether systems BEHAVIOR, EAL
complete tasks, recover EmbodiedBench
Closed-loop simulated or ~ from errors, and mbodiedbench,
Embodied agents ’ RoboSuite,

real-world tasks

generalize across
environments and
embodiments

RoboCasa [123,127,128,
134,135]

Closed frontier systems

Black-box or
product-level evaluation

Capability, reliability,
reproducibility, safety,
and transparency under
limited disclosure

Gemini Robotics, Gemini
Robotics 1.5, GROOT N1,
mt-series systems [19,81,
88,107,108,141]

A useful evaluation suite should therefore include both stage-specific and system-level metrics.

Stage-specific metrics diagnose where a system fails: factual or physical commonsense, perceptual
grounding, action prediction, world-model rollout, or closed-loop execution. System-level metrics
evaluate whether these components work together under deployment constraints. For example, a
strong VLA may still fail if its actions accumulate error, if its world model produces visually plausible
but physically inconsistent futures, or if its controller cannot recover from perturbations. This is
why task success, intervention count, robustness, safety, and recovery should be reported alongside
conventional accuracy or prediction metrics.

Appendix A.6. Frontier Systems and Closed Models

Many influential Physical Al systems are released as frontier products, platforms, or partially
documented technical reports rather than fully open academic artifacts. This creates a gap between
real-world usage and academic evaluation. Closed or partially disclosed systems may demonstrate
important capabilities, shape the terminology of the field, and influence user expectations, but their
training data, architecture details, evaluation protocols, and failure cases are often unavailable.

Table A6 summarizes representative examples and their roles in the roadmap. We include them
not as endorsements or as exhaustive comparisons, but because they represent the kinds of systems
that motivate black-box evaluation, product-level benchmarking, and reproducibility discussions. In a
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survey of Physical Al, ignoring such systems would leave out a major part of the current landscape;
however, treating them like fully open academic models would also be misleading. We therefore
categorize them by role and openness.

Table A6. Representative frontier systems and closed or partially disclosed models. These systems motivate
product-level and black-box evaluation protocols in addition to conventional academic benchmarks.

Openness / Citation

System Category Type

Role in the Roadmap

High-level world
knowledge, planning,
tool use, and task
decomposition

Closed / technical report
LLM / agentic assistant ~ or product
documentation

GPT-4 / ChatGPT-style
agents [1]

Reasoning, tool use,

Claude-style coding, and agentic

LLM / agentic assistant Closed / product

assistants [3] documentation orchestration
Gemini Robotics and . . Closed or partially Multlmodal reasoning,
L. . Robotics foundation . ; embodied control, and
Gemini Robotics disclosed / technical
model real-world robot
1.5[107,108] report . .
interaction
World modeling,
World foundation model  Partially open / synthetic data,
Cosmos [56] . ! .
platform technical report simulation, autonomous
driving, and robotics
Generalist humanoid
GROOT N1 [88] Humanoid foundation Partla.lly open / policies and . .
model technical report cross-embodiment action
learning
Action grounding,
TT-series Generalist VLA / robot  Partially disclosed / OE sgggiozggon olic
systems [19,81,141] foundation models technical reports & s polcy

learning, and embodied
deployment

The main challenge posed by closed systems is not only that they are difficult to reproduce. It is
also that they may combine several roadmap stages into a single product-level stack, making ablation
and attribution difficult. A system may appear to have strong physical reasoning because of its LLM
prior, its perception module, its action policy, its retrieval system, its simulator, or its human-feedback
pipeline. Without transparent interfaces and standardized black-box tests, it is difficult to identify
which component contributes to success or failure. This motivates evaluation protocols that separate
capability testing, robustness testing, safety testing, and reproducibility reporting.

Appendix A.7. Failure Modes Along the Roadmap

The roadmap is useful not only because it organizes progress, but also because it localizes failures.
A Physical Al system may fail at the level of world knowledge, perception, action, prediction, policy
learning, deployment, or evaluation. These failures are qualitatively different. An LLM hallucination
produces a plausible but ungrounded plan; a VLM grounding failure misidentifies the state of the
world; a VLA failure maps a correct goal to the wrong action; a world-model failure predicts an
implausible future; and a deployment failure can arise from sensing, latency, calibration, or controller
mismatch.

Table A7 summarizes representative failure modes. These failures motivate our deployment-
oriented discussion of challenges in the main paper. The table also clarifies why Physical Al cannot be
evaluated by a single benchmark: each roadmap stage requires different diagnostics, and end-to-end
task success alone may hide the source of failure.
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Table A7. Representative failure modes along the roadmap from LLM-based world knowledge to Physical Al

Component Typical Failure Mode Why It Matters for Physical Al
Hallucinated or ungrounded physical The model may propose plausible
LLMs knowledge; overconfident plans; language plans that violate geometry,

d0i:10.20944/preprints202606.0173.v1

missing metric state contact, force, or object-state constraints

The model may identify objects but fail
to estimate pose, depth, uncertainty,
reachability, or action-conditioned
dynamics

Correct semantic description but weak

VLMs / MLLMs dense grounding

The same instruction may require

Poor cross-embodiment generalization; . . .
different grasps, trajectories, or control

VLAs data-dependent policies; brittle strategies across robots and
recovery .
environments
Photorealistic generation may still
World models Visually plausible but physically violate object permanence, contact,

inconsistent futures gravity, controllability, or causal

dynamics

A model may predict correct actions
under dataset states but fail under
compounding errors or real-time
perturbations

Policy learning Offline success but closed-loop failure

Physical performance depends on the
full system stack, not only model
accuracy

Sensor, calibration, latency, controller, or

Embodied systems hardware failures

Strong product-level systems can shape
the field while being difficult to
benchmark, ablate, or compare fairly

Limited reproducibility and incomplete

Closed frontier systems .
disclosure

The failure-mode view also suggests a practical debugging strategy. If a system fails before action,
the issue may lie in world knowledge or perceptual grounding. If it fails during action, the issue may
lie in action representation, embodiment transfer, or controller design. If it fails after several steps, the
issue may lie in world modeling, compounding error, memory, or recovery. If it succeeds in simulation
but fails in the real world, the issue may lie in sim-to-real transfer, sensing, calibration, latency, or
hidden deployment assumptions. This decomposition turns the roadmap into an evaluation tool rather
than just a taxonomy.

Appendix A.8. Extended Discussion of Challenges and Future Directions

The main paper summarizes the challenges along the roadmap with a small number of represen-
tative citations. Here we provide a more detailed discussion of the evidence behind each challenge
and connect it to related work. The central point is that each stage in the roadmap exposes a different
interface mismatch: LLMs expose world knowledge through sparse language; VLMs ground language
into perception but often remain semantic; VLAs output actions but are tied to embodiment-specific
action spaces; world models provide prediction but must be controllable and physically faithful;
deployed systems must integrate all components under closed-loop constraints.

Appendix A.8.1. Implicit World Knowledge and Dense Physical Grounding.

LLM-based world knowledge is broad, but it is not an explicit symbolic database. It is stored
as parametric regularities and exposed through prompting, context, plans, programs, or tool calls.
Knowledge-probing and closed-book QA studies show that language models can store factual and
relational knowledge in parameters [6,7], while later studies analyze long-tail factual acquisition,
factual recall, and pretraining dynamics [8,9,32]. Materialization and mechanistic analyses further
show that parts of such knowledge can be extracted or traced through model computations [33,146,147].
For Physical Al, however, these priors must be converted into dense physical variables such as pose,
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reachability, contact, force, friction, uncertainty, and temporal dynamics. Procedural knowledge
and task-level planning provide useful priors [34,35,37-41,140], but they remain insufficient without
perceptual grounding and physical verification.

Appendix A.8.2. Multimodal Grounding and Physically Faithful Perception.

VLMs and MLLMs provide the first major bridge from language-mediated priors to perceptual
observations. Contrastive and multimodal pretraining align images or videos with language [2,10-
12,50], enabling models to connect objects, scenes, and instructions to visual inputs. However, Physical
Al requires more than captioning or visual QA. It requires spatial grounding, temporal grounding,
affordance estimation, quantitative reasoning, and dense frame-level understanding. Recent bench-
marks and evaluations expose gaps in low-level visual perception, long-video understanding, physical
reasoning, quantitative physics, and motion-aware spatiotemporal grounding [72,75-78]. Related
work on dense physical perception and intermediate-feature grounding suggests that VLM representa-
tions may be reused for downstream Physical Al tasks, but their outputs must be transformed into
action-relevant or prediction-relevant representations [14,15,144,148].

Appendix A.8.3. VLA Generalization and Action-Interface Bottlenecks.

VLA models connect visual observations and language instructions to action outputs, making
them a key interface between multimodal reasoning and embodied control. Representative systems
such as PaLM-E, RT-2, OpenVLA, and the 7t-series demonstrate the promise of transferring web-scale
or foundation-model knowledge into robotic action [16-19,81]. Nevertheless, VLA policies face three
persistent bottlenecks. First, action spaces vary across embodiments, including action tokens, end-
effector poses, trajectories, action chunks, and continuous controls. Second, robot data remain much
smaller and more heterogeneous than language or vision data. Third, imitation-trained policies can be
brittle under distribution shift and may lack recovery behavior. Recent work on VLA learning, action
abstraction, and generalist robot policies explores scalable action representations, data mixtures, and
richer policy architectures [79,80,83,88,141,144,145]. A promising direction is to augment VLA policies
with memory, LLM agents, or world models so that policies do not only map observations to actions,
but also reason over goals, histories, and possible futures.

Appendix A.8.4. World Models Beyond Video Generation.

World models provide the predictive and simulative substrate that VLAs often lack. Classical and
decision-centric world models learn transition, reward, value, or policy-relevant quantities for planning
and policy improvement [20,95-98]. Video-space world models generate or predict future visual
observations and can support visual imagination, synthetic data, and interactive simulation [56,99-
101]. Latent and JEPA-style world models instead predict in representation space, trading pixel-
level reconstruction for efficiency and planning-relevant abstraction [21,102-104]. This distinction is
important: photorealistic generation does not guarantee physical correctness, while latent prediction
may be efficient but difficult to interpret or use directly without task heads, decoders, or policy
interfaces. For Physical Al, a useful world model should be temporally consistent, action-conditioned,
controllable, physically plausible, and useful for planning or closed-loop decision making. Recent
work on physically grounded world-model evaluation and language-guided latent prediction provides
early steps toward this goal [139,148].

Appendix A.8.5. Deployment and System-Level Evaluation.

Even strong models can fail when deployed as Physical Al systems. World models and simula-
tors can support training and planning, but real-world deployment introduces sensor noise, latency,
calibration errors, embodiment mismatch, sim-to-real transfer, safety constraints, and recovery require-
ments. Robotics and embodied benchmarks such as LIBERO, RoboCasa, BEHAVIOR, RoboSuite, and
EmbodiedBench evaluate different parts of this system-level challenge [123,128,130,134,135]. Frontier
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systems such as Gemini Robotics, GRO0T N1, and 7r-series models further show that Physical Al is
becoming a product-level systems category, but many such systems are closed or only partially dis-
closed [19,81,88,107,108,141]. Future evaluation should therefore report closed-loop task completion,
recovery, intervention counts, robustness, safety, reproducibility, and cross-embodiment generalization
rather than relying only on static model-level metrics.

Table A8. Extended analysis of challenges and future directions along the roadmap. The main paper summarizes
these challenges with a small number of representative citations; this table provides additional evidence and

connects each challenge to the corresponding interface mismatch.

Challenge Interface Mismatch Future Direction RePresentatlve
Evidence
LLM priors are Extract, align, and Knowledge probing,

Implicit world

language-mediated and

ground semantic,
procedural, and causal

factual recall, procedural

knowledge difficult to convert into . . knowledge, language
metric physical state priors into dense planning [6-8,37,140]
physical representations T
VLMs often output Move toward spatial, VLM/MLLM grounding
semantic descriptions temporal, affordance, and physical reasoning
Physical perception quantitative, and

rather than dense
physical state

action-relevant
grounding

benchmarks [12,50,72,75-
77]

Generalist VLA policies

Actions are
embodiment-specific and
robot data are limited

Develop scalable action
representations,
cross-embodiment
transfer, and policies
augmented with memory
or world models

PalLM-E, RT-2,
OpenVLA, r-series,
FAST, GROOT

N1 [16-19,79,88]

Predictive world

Video realism does not
imply physical
correctness; latent

Build action-conditioned,
controllable, efficient,

Dreamer, MuZero, Genie,
UniSim, Cosmos,

modeling models may require task and physically plausible  V-JEPA [56,96,98,100,101,
. world models 103]
heads or policy interfaces
Model-level accuracy. Evaluate 1ptegrated LIBERO, RoboCasa,
does not capture sensing, systems with closed-loop EmbodiedBench. Gemini
Deployment control, latency, recovery, task completion, Robotics. GRO OT/

safety, or sim-to-real
robustness

recovery, safety, and
reproducibility

N1 [88,107,128,130,135]

Appendix A.9. Terminology

We use several terms throughout the survey whose meanings vary across communities. Table A9
records the definitions used in this paper. These definitions are intentionally functional: they describe
the role each concept plays in the roadmap rather than attempting to settle all terminology debates in
Physical Al, robotics, or model-based learning.

In particular, we distinguish world knowledge from world models. World knowledge refers to implicit
priors about objects, actions, environments, and likely consequences, often encoded in the parameters
of LLMs and exposed through prompting or agentic reasoning. A world model, by contrast, is a
predictive or simulative mechanism that estimates how observations, latent states, rewards, values, or
action consequences evolve. This distinction is central to our argument: LLMs help an agent reason
about what is meaningful or plausible, while world models help estimate what is likely to happen
under physical dynamics.
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Table A9. Terminology used throughout the survey.

Term Definition in This Survey

Semantic, commonsense, procedural, causal, spatial, and affordance priors

World knowledge about objects, agents, actions, environments, and likely consequences.

Language-mediated world priors stored as parametric regularities in LLMs

LLM-based world knowledge and exposed through prompting, context, or agentic reasoning.

A predictive or simulative model that estimates future observations, latent
World model states, rewards, values, or action consequences from current states and
possible actions.

A model that maps visual observations, language instructions, and
VLA model sometimes embodiment states into executable actions or action-relevant
representations.

Al systems that ground world knowledge into multimodal perception,
Physical Al physical prediction, simulation, planning, policy learning, and real-world or
interactive action.
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