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Abstract. Vision-language models (VLMs), world foundation models
(WFMs), and vision-language—action (VLA) systems are rapidly con-
verging toward Physical Al: systems that must perceive, predict, reason,
and act under physical constraints. Existing surveys typically treat these
threads separately, emphasizing multimodal perception, predictive world
modeling, or embodied control in isolation. This survey instead examines
their interface through a capability-centric and verification-aware lens.
We organize the Physical Al landscape along two axes: reasoning depth,
from pattern recognition to multi-step planning and verification, and
physical grounding, from static web media to embodied interaction, pre-
dictive rollouts, and closed-loop control. This framing yields four model
families: perception-centric VLMs, reasoning-centric VLMs, WFMs, and
physically grounded reasoning VLMs. Across these families, we analyze
how data sources, learning paradigms, system interfaces, and evaluation
protocols shape capabilities for dynamics prediction, feasibility assess-
ment, long-horizon planning, and process-level validity. We further use
Predict—Reason—Act as an organizing lens for emerging design patterns.
The survey identifies key gaps in current systems and benchmarks, ar-
guing that reliable Physical Al requires not only stronger perception,
reasoning, or action policies, but tighter coupling among them and ex-
plicit verification of physical validity.

Keywords: Physical Al - Vision—Language Models - World Foundation Models
- Embodied Reasoning - Verification

1 Introduction

VLMs have become central to modern Al, with strong performance on im-
age recognition, visual question answering, document understanding, and mul-
timodal instruction following. Yet deploying multimodal models in physical set-
tings such as robotics, autonomous driving, embodied navigation, and simulation
requires more than static perception: agents must reason over time, anticipate
action consequences, evaluate physical feasibility, and revise decisions under un-
certainty. These demands expose a gap between standard VLM benchmarks and
reliable physical decision making.

In parallel, WFMs learn environment dynamics from large-scale data, while
embodied agents and VLA systems demonstrate closed-loop control. These
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threads are usually surveyed separately: VLM surveys emphasize perception and
static reasoning, world-model surveys emphasize dynamics without language-
grounded reasoning, and embodied-agent surveys emphasize execution. As a
result, physical feasibility, process-level validity, and verification are rarely
treated as shared evaluation targets. Recent unified systems such as Cosmos
3 |35] reinforce this convergence by combining multimodal generation, reasoning,
world simulation, and action-oriented modeling.

We adopt a capability-centered perspective on Physical Al: systems that per-
ceive, reason, predict, and act while respecting physical dynamics, constraints,
and causal structure. We organize the literature along two axes, reasoning depth
and physical grounding, to clarify why progress along one dimension does not
guarantee robustness in physical settings and to synthesize perception-centric
VLMs, reasoning-centric VLMs, WFMs, and more tightly integrated systems.

Scope and methodology. We cover recent work (primarily 2020-2026) connecting
VLMs, reasoning-centric multimodal models, WFMs, VLAs, embodied agents,
simulators, and benchmarks for physical grounding, dynamics prediction, fea-
sibility, and process-level validity. Earlier foundational work is included when
it remains central. We exclude language-only reasoning, low-level control with-
out multimodal reasoning, and classical planning/control unless directly con-
nected to modern Physical Al. Representative works are chosen to span capabil-
ity regimes, training signals, and evaluation protocols rather than to exhaustively
catalog every model.

2 Why a New Survey?

As shown in Table[] recent surveys have made substantial progress in organizing
related parts of this landscape, including VLMs, world models, VLAs, embodied
agents, and robot learning. However, these threads are often treated as separate
subfields. VLM surveys typically emphasize multimodal perception, instruction
following, and static or short-context reasoning. World-model surveys focus on
predictive dynamics and latent environment simulation, often without treating
language-grounded reasoning or action feasibility as central concerns. VLA and
embodied-agent surveys emphasize policy learning, control, and task comple-
tion, but often leave process-level reasoning validity and physical verification
underdeveloped.

This separation obscures a central issue for Physical Al: robust physical-
world intelligence depends not only on strong perception, strong reasoning, or
strong dynamics modeling in isolation, but on the interface between them. A
system may reason fluently without being physically grounded, predict plausible
futures without understanding goals or constraints, or execute actions without
exposing whether its intermediate reasoning is causally and physically valid.
Existing surveys therefore leave open a cross-cutting question: how should we
understand systems that jointly combine reasoning depth, physical grounding,
and verification?
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Table 1: Comparison with Existing Surveys.

S1 [10], S2 [30], S3 [52], S4 [18], S5 [53], S6 [49], S7 [26]. The symbols indicate
coverage strength: O = not covered or only briefly mentioned, © = partially covered,
and @ = substantially covered. S1-S7 are selected as recent surveys from the closest
adjacent areas: world models, embodied AI, robotic manipulation, VLMs, multimodal

reasoning, VLAs, and autonomous driving.

S1 S2 S3 S4 S5 S6 S7 Ours
Perception e 6 o o o o o [
Reasoning O O e © o o o [
Dynamics Modeling ®e & o O O O o0 [ ]
Physical Feasibility O e o0 O O O © (]
Long-Horizon Planning O e ¢ O © O e [ ]
Process-Level Validity o o O O e O o0 [ J
System Integration (Predict-Reason-Act) © © @ O © @ @ ()
Verification o o o o o O © [ ]

This survey addresses that gap by providing a capability-centric and verification- os1

aware synthesis of Physical AI. Rather than organizing the field only by archi-
tecture or application domain, we analyze how perception, reasoning, prediction,
feasibility assessment, and action are coupled. Our two-axis landscape, reasoning
depth x physical grounding, is designed to make this interface explicit, while
the Predict—Reason—Act lens, defined in Section [3.2] connects VLMs, WFMs,
VLAs, and physically grounded reasoning systems into a unified design space.
Key differentiators. Our synthesis is capability-first and verification-aware:
it provides a unified reasoning-depth x physical-grounding landscape, elevates
feasibility and process-level validity as first-class requirements, analyzes how
reasoning and world models are coupled in practice, and identifies measurable
challenges for moving from semantic grounding to verifiable Physical Al

3 Physical AI: Definition and Landscape

Physical Al refers to systems that perceive, reason, predict, and act in physi-
cal environments while respecting dynamics, constraints, and causal structure.
Unlike static VLMs, such systems must anticipate action consequences and op-
erate under temporal and safety constraints. We analyze Physical AI through a
two-axis landscape defined by reasoning depth and physical grounding.

3.1 Reasoning Depth and Physical Grounding

We organize Physical Al along two axes: reasoning depth and physical grounding,
as illustrated in Figure
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The Physical Al Landscape

Reasoning Depth

Physical Grounding

Fig. 1: Landscape of Physical Al systems by reasoning depth and physical grounding,
highlighting complementary strengths across model families rather than a single dom-
inant paradigm. Coordinates are qualitative placements using the anchored rubric in
Table E}

— Reasoning depth measures multi-step inference and task decomposition,
from shallow pattern recognition to explicit reasoning trained via chain-of-
thought supervision [46] or reinforcement learning . Depth alone does not
guarantee physical validity.

— Physical grounding measures coupling to physical state, actions, and dy-
namics, from static web-scale media (no interventions or state transitions) to
embodied trajectories, controllable simulators, or learned world models that
enable action-conditioned prediction, counterfactual rollouts, and feasibility
checks.

These axes separate common model regimes: PC-VLMs (low depth/grounding),
R-VLMs (higher depth, weak grounding), WFMs (strong grounding, implicit
reasoning), and PG-VLMs (high depth and grounding). This view motivates the
capability and design-space analysis that follows.

Scoring protocol. To position models within the diagnostic landscape of Figure[T]
we assign each system a score on two orthogonal dimensions: reasoning depth
and physical grounding. These scores are not intended as absolute measures of
model quality. Instead, they characterize the relative capabilities most relevant
to Physical Al
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Reasoning-Centric VLMs (R-VLMs) Qwen3-VL, IntemVL-3.5, GPT-5

Model Families

World Foundation Models (WFMs) Genesis, DreamerV3, Genie, Cosmos 3

Physically Grounded Reasoning VLMs (PG-VLMs) C“"‘“’T:Sg;lo';am‘a“ ol

Web-Scale Media

Temporal Perception Data LLaVA OneVision, V-JEPA 2
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Action-Conditioned Interaction Data

Data Sources &

Cosmos Reason 1, WLA, PaLM-E

Simulated and Model- d Data CARLA, Issac,Genesis, Cosmos 3

)
)
)
J
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\
)
)
l

Instructional, Safety, and Diagnostic Data LLaVA OneVision, RoboBrain 2.0

Physical Al Design Learning

Paradigms

Self-Supervised Prediction DreamerV3, PlaNet, V-JEPA 2, Cosmos 3

[ Physical Al

Supervised Fine-Tuning (SFT) LLaVA, PaLM-E

Reasoning Supervision and Preference Learning RLHF, DPO, WLA

Environment and World-Model-Based Reward Learning Genesis, Cosmos 3

Static Perception & Documents MMBench, MMMU, DocVQA

Multimodal Reasoning

Video & Temporal Reasoning Video-MME, Video-MMMU, MLVU

Evaluation Axes

‘Spatio-Temporal Grounding RefCOCOg, Charades-STA

Embodied Control Cosmos Reasonl

Process-Level Validity & Safety HallusionBench

I

\
\
\
J
\
MathVista, LogicVista ‘
\
\
)
l

Missing Process-Level Evaluation

Physical Feasibility Verification

(Open Challenges &
Opportunities

Counterfactual Consistency

Long-Horizon Robustness ]

Safety & Auditabilty

Fig. 2: Overview of the Physical AI design space. The taxonomy maps where physi-
cal capability enters a system: model families define computational roles, data sources
provide physical signals, learning paradigms transform signals into behavior, and eval-
uation axes validate resulting capabilities.

Reasoning depth reflects explicit multi-step inference and structured interme-
diate reasoning: pattern recognizers score lower, while systems using CoT, task
decomposition, search, planning, process supervision, reinforcement learning, or
verification score higher. Physical grounding reflects coupling to physical state,
actions, dynamics, simulators, embodied interaction, or predictive world models.
Static image-text systems score low; systems with action-conditioned trajecto-
ries, counterfactual rollouts, or closed-loop embodied control score higher. Scores
are based on reported training objectives, supervision, architecture, reasoning in-
terfaces, and environment interaction rather than benchmark performance alone.

When a system spans multiple bands, we place it according to the strongest
capability central to the method rather than an auxiliary demonstration.
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Table 2: Anchored scoring rubric for Figure |1} Scores indicate relative capability
bands rather than precise absolute measurements.

Score Reasoning depth Physical grounding

1-2 Pattern recognition, retrieval, or Static image-text or document
shallow perception with little ex- data with no temporal, action, or
plicit inference. environment signal.

34 Basic visual or temporal reason- Passive video or weak tempo-
ing, usually outcome-only and ral supervision without action-
weakly structured. conditioned dynamics.

5-6 Multi-step reasoning, decomposi- Predictive video, latent dynam-
tion, or planning interfaces with ics, or embodied data that mod-
limited external validation. els physical evolution but weakly

supports intervention.

7-8 Structured reasoning with search, Action-conditioned rollouts, sim-
planning, process supervision, or ulators, world models, or embod-
verifier-style checks. ied feedback for feasibility assess-

ment.

9-10 Closed-loop reasoning with ex- Interactive, counterfactual, or
plicit validation, correction, or closed-loop embodied control
policy-level decision making. with rollout-based evaluation and

physical constraints.

Ezample placements. CLIP [41] anchors the lower-left region: it supports recog-
nition and retrieval but lacks multi-step reasoning, action conditioning, learned
dynamics, or environment feedback. DreamerV3 [23| anchors the world-model
region: latent dynamics and imagination rollouts give it high grounding, while
the absence of language-native task decomposition or explicit verification keeps
reasoning depth moderate. The axes therefore capture complementary capabili-
ties rather than a single notion of model strength.

3.2 The Predict—Reason—Act Loop

We use Predict—-Reason—Act as an organizing lens, not a fixed architecture. Pre-
dict models future states, action-conditioned rollouts, or counterfactual scene
evolutions using a simulator, world model, or predictive video model. Reason
infers goals, constraints, causal relations, feasibility, and candidate plans from
observations and predicted futures. Act selects, executes, or revises actions. Re-
cent World-Language-Action models |[45] make this coupling explicit by jointly
predicting future states, language-level subtasks, and executable actions.

This lens connects Figure [[s axes: prediction and environment feedback in-
crease grounding, while structured inference, constraint reasoning, and plan revi-
sion increase reasoning depth. It differs from sense—plan—act because prediction
explicitly models possible futures and action consequences, and it differs from
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pure VLM reasoning because plans are checked against predicted physical con-
sequences before action.

4 Capability-Centric Analysis

We analyze Physical Al through capabilities: perception, multi-step reasoning,
dynamics prediction, feasibility assessment, planning, and process-level validity.
Robust behavior requires these capabilities to be jointly present and coherently
integrated; failures often come from missing interfaces rather than weak compo-
nents in isolation.

4.1 Perceptual Grounding and Visual Abstraction

Perceptual grounding transforms sensory inputs into visual abstractions for
recognition, localization, grounding, OCR, and long-context image or video
understanding. It is typically realized through large vision encoders trained
with self-supervised or contrastive objectives and aligned with language models,
yielding PC-VLM backbones such as CLIP |41] and LLaVA [31]. However, static
or weakly grounded objectives remain brittle under occlusion, noise, viewpoint
shift, and temporal aliasing; perception benchmarks therefore do not guarantee
intuitive physics, counterfactual reasoning, or action-conditioned prediction.

4.2 Multi-Step Reasoning and Chain-of-Thought

Multi-step reasoning enables task decomposition, evidence integration, and co-
herent inference. In VLMs it is often instantiated as CoT, where models gener-
ate intermediate steps before a final output. Systems such as GPT-4V [38| and
Qwen3-VL |2| extend this pattern to images and videos. CoT improves inter-
pretability and provides an optimization interface for supervision, self-training,
or preference learning |40,47], but it does not ensure physical grounding: traces
are rarely validated against simulators, rollouts, or environment feedback. Phys-
ical Al therefore requires reasoning steps to be constrained or verified by pre-
dictive dynamics.

4.3 Dynamics Modeling and Predictive World Representation

Dynamics modeling predicts how environments evolve under natural dynamics
and actions, capturing motion, persistence, interactions, and transitions. WFMs
learn this capability from long temporal sequences, extending model-based RL
ideas to video and sensor logs. V-JEPA 2 [20] connects self-supervised video
learning with prediction and robot planning, while open-loop generators such as
Sora [39] show visual dynamics but often lack explicit state or action representa-
tions. Robustness under distribution shift and long horizons still requires tighter
coupling to reasoning and feasibility verification.
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4.4 Physical Feasibility and Affordance Reasoning

Physical feasibility asks whether a proposed action can be executed safely given
object properties, embodiment, and environmental constraints. It filters plans
that violate physical laws, safety constraints, or task requirements. SayCan [1]
explicitly constrained language proposals using skill affordances, while modern
VLA systems such as OpenVLA [27] often absorb affordances through demon-
strations. These signals generalize poorly under distribution shift, and bench-
marks often conflate feasibility with perception, planning, and control, motivat-
ing feasibility as a first-class verifiable capability.

4.5 Long-Horizon Planning

Long-horizon planning requires decomposing goals, maintaining state, and
adapting under partial observability. VLMs can propose abstract plans, while
world models provide rollouts for lookahead. VLA policies such as RT-1, Open-
VLA, Octo, mg, and GROOT N1 [5)[727137/44] map observations and instructions
to executable robot actions, but plans remain brittle when language-generated
subgoals are weakly grounded, generative models lack action semantics, or
action-conditioned models accumulate error. Progress requires evaluations that
isolate planning structure, recovery, and replanning rather than only final task
success.

4.6 Process-Level Validity, Safety, and Auditability

Process-level validity asks whether intermediate traces and plans are causally
grounded, physically consistent, and safe, not merely whether the final output
is plausible. This is critical when intermediate errors compound into unsafe be-
havior. Current VLM agents rely on opaque states and free-form plans; struc-
tured reasoning states, world-model verifiers, and neuro-symbolic checkers offer
promising hooks, but are not yet standardized in training or benchmarks.

5 Physical AI Design Space

We analyze Physical Al through four design axes: model families, capturing
architectural roles; data sources and environments, determining physical signals;
learning paradigms, governing how signals become behavior; and evaluation azes,
specifying how capabilities are validated (Figure . The taxonomy is not a
hierarchy of quality but a map of where physical capability enters a system
and where it can fail. For example, a reasoning-centric VLM trained only on
image—text data may excel at static reasoning but fail under action-conditioned
dynamics, while a world model may predict plausible futures but lack goal-
conditioned planning unless coupled to a reasoning module.
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5.1 Model Families as Architectural Strategies

We first organize systems by their dominant role in the Predict—Reason—Act
loop. The grouping is analytical rather than exclusive: many systems combine
roles, but their dominant design reveals which capability they provide directly
and which they borrow from other components.

5.2 Perception-centric VLMs.

PC-VLMs couple strong visual encoders with language models to represent im-
ages, documents, and short videos. CLIP-style models [41]|, LLaVA [31], and
Gemini-Vision [16] excel at recognition, grounding, OCR, and spatial layout un-
derstanding, typically through visual pretraining, multimodal alignment, and in-
struction tuning. In Physical Al they provide perceptual abstractions, but weak
dynamics and action grounding limit intuitive physics, feasibility reasoning, and
long-horizon prediction.

5.3 Reasoning-centric VLMs.

R-~-VLMs emphasize multi-step inference, symbolic abstraction, and task decom-
position over multimodal inputs. Systems such as GPT-4V |38], Gemini-Pro [16],
PaLM-E [13], Qwen3-VL [2], and LLaVA-family models [31] primarily imple-
ment the Reason stage by interpreting goals and generating plans or tool calls.
Their core trade-off is strong task decomposition with weak physical validation:
without action—effect supervision, environment dynamics, or predictive rollouts,
reasoning remains largely unconstrained by feasibility.

5.4 World Foundation Models.

WFMs learn environment dynamics from videos, embodied trajectories, or sim-
ulated rollouts. Dreamer [21], PlaNet [22|, V-JEPA-style models [3}[20], and
domain-specific dynamics learners implement the Predict stage through rollouts,
forecasting, and consistency checks. Their core trade-off is strong prediction with
weak goal-conditioned reasoning and instruction following; they are most useful
when coupled with reasoning modules that propose actions for evaluation.

5.5 Physically Grounded Reasoning VLMs

PG-VLMs couple multimodal reasoning with predictive dynamics, structured
state, or learned world-model interfaces so intermediate steps can be checked
against plausible futures. Cosmos-Reasonl [36], Cosmos 3 [35], World-Language-
Action models [45], RoboBrain 2.0 [8], and Qwen3-VL [2] illustrate this pattern.
Cosmos 3 is especially aligned with our convergence thesis because it treats gen-
eration, reasoning, world simulation, and action-conditioned modeling as parts
of a unified Physical Al backbone. The trade-off is improved integration but
immature interfaces, sparse verification protocols, and limited closed-loop evi-
dence.
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5.6 Data Sources and Environments: Where the Signal Comes From

Data regimes determine which physical signals a system can learn and therefore
which capabilities among perception, reasoning, prediction, and planning can
emerge.

Static Semantic Multimodal Data. Web-scale image—text corpora [43)],
documents, and instructional images underpin PC-VLMs and R-VLMSs, but the
absence of temporal continuity and action—effect structure limits dynamics, fea-
sibility, and long-horizon behavior.

Temporal Perception Data. Passive video [29] exposes motion and tem-
poral coherence, supporting WFMs and temporal VLMs, but lack of action con-
ditioning restricts causal reasoning and planning.

Action-Conditioned Interaction Data. Robotics and driving logs pair
observations with actions and state transitions [7,9,136], directly supervising
dynamics, affordances, and feasibility, but remain costly and limited in coverage.

Simulated and Model-Generated Data. Simulators such as CARLA and
Genesis [12,/17] provide controllable dynamics for intervention, feasibility checks,
and safety testing. Learned world models generate rollouts for scalable imagina-
tion and rare-event synthesis. Simulators offer stronger guarantees but limited
realism; model-generated data trades fidelity for coverage.

Instructional, Safety, and Diagnostic Data. Instruction data [29|, rule-
annotated scenarios, counterfactual queries, and safety-critical edge cases target
constraint satisfaction, failure detection, and robustness.

5.7 Learning Paradigms: How the Model Learns

Physical Al capabilities depend on how physical structure is induced dur-
ing learning. Current systems combine representation learning, supervised
or distilled alignment, reasoning supervision, preference optimization, and
environment-grounded feedback.

Representation and Predictive Learning. Self-supervised objectives un-
derpin VLMs and WFMs. Contrastive and masked objectives such as CLIP,
SigLIP, and MAE [24,/41}/51] yield semantic and spatial representations, while
predictive objectives over sequences support dynamics, forecasting, and rollout-
based reasoning.

Supervised and Distilled Alignment. SFT and distillation align pre-
trained representations with task-specific perception, reasoning, or control |25|
31]. They transfer semantics, action mappings, reasoning behaviors, or policies,
but do not by themselves guarantee long-horizon consistency or physical feasi-
bility.

Reasoning Supervision and Preference Optimization. CoT supervi-
sion trains on intermediate traces rather than final answers, while preference
optimization refines outputs using comparative judgments [42]. These methods
improve coherence and alignment but require physical verification signals to op-
timize feasibility.
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Environment- and World-Model-Based Reward Learning. Environ-
ment feedback uses simulators or learned world models to score plans or interme-
diate steps for feasibility, safety, or outcomes. It offers a path beyond preference
alignment, but remains difficult to scale and standardize.

5.8 Evaluation Axes: How We Judge Physical AI Systems

Evaluation remains fragmented: benchmarks often isolate perception, reasoning,
or prediction while rarely testing their interaction. We argue for loop-level diag-
nosis of Predict—Reason—Act systems that separately measures prediction validity
(physical and temporal constraints), reasoning validity (goals, constraints, causal
claims), feasibility validity (executable actions for the embodiment and scene),
and recovery validity (revision after failed predictions or actions). This decompo-
sition attributes failures to perception, dynamics, reasoning, action grounding,
or verification rather than only final task failure.

Static Perception and Grounding. Benchmarks such as MMBench [33]
and DocVQA [34] form the backbone of PC-VLM evaluation, but do not probe
temporal consistency, physical causality, or interaction-dependent behavior.

Static Multimodal Reasoning. Static reasoning benchmarks such as
MMMU [50] measure multi-step inference and compositional reasoning, but
remain outcome-oriented and do not assess causal validity, physical feasibility,
or intermediate robustness.

Temporal Understanding versus Predictive Dynamics. Video-MME [14]
evaluates temporal ordering over observed sequences, whereas Physion, IntPhys
2, MVP, and PAI-Bench [4,/6,/28,55] probe physical prediction and causal inter-
actions. The gap is that temporal reasoning over observations does not imply
counterfactual or action-conditioned dynamics.

Spatial grounding and spatio-temporal localization. RefCOCO /g and
Charades-STA [15,/48] test region or action localization, while RoboRefer and
RefSpatial-Bench [54] probe embodied spatial reasoning. These evaluations re-
main mostly offline and rarely assess feasibility.

Embodied Planning and Execution. Embodied and simulator bench-
marks use task completion, reward, or safety violations as end-to-end signals.
Cosmos-Reasonl and FOMER [11,)36] further probe video-conditioned common-
sense and step-by-step embodied reasoning, but still conflate perception, predic-
tion, planning, and control.

Process-Level Faithfulness and Safety. HallusionBench [19] assesses hal-
lucination and instruction faithfulness, while ERIQ and GenieReasoner [32| be-
gin to isolate the reasoning—execution bridge. Process-level physical verification,
however, remains far from standardized.

6 Challenges and Outlook for Physical Al

Despite rapid progress in multimodal perception and reasoning, current Physi-
cal Al systems remain brittle in settings that require long-horizon interaction,
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counterfactual generalization, and safety-critical decision making. A central un-
resolved challenge is the transition from semantic grounding to physical ground-
ing: while perception- and reasoning-centric VLMs perform well on static un-
derstanding, their inferences are often driven by language-native priors rather
than dynamics-aware constraints, leading to physically implausible plans under
intervention. Addressing this gap is tightly coupled to data regimes: web-scale
multimodal corpora provide semantic breadth but weak physical signal, motivat-
ing greater reliance on embodied interaction data and simulated environments
that expose models to rare and long-tail safety-critical events. Progress on this
challenge should be visible not only as higher benchmark accuracy, but as im-
proved counterfactual prediction, physical violation detection, and transfer under
distribution shift.

A second major bottleneck is process-level validity. Current training and eval-
uation protocols remain largely outcome-based, rewarding plausible final answers
while ignoring the physical validity, faithfulness, and causal necessity of interme-
diate reasoning steps. This misalignment motivates process-aware optimization
and evaluation, where intermediate representations such as state abstractions,
plans, or constraints are explicitly validated against physical evidence, feasibility
constraints, or predictive rollouts. A meaningful advance would therefore show
intermediate reasoning traces that can be checked against simulators, learned
world models, or human-annotated causal constraints, not just more fluent ex-
planations.

Long-horizon planning under uncertainty presents a further challenge. WFMs
provide predictive substrates but accumulate error under distribution shift, while
reasoning- centric VLMs generate multi-step plans without guarantees of exe-
cutability. Robust autonomy requires closing the loop between proposal and val-
idation, coupling plan generation with uncertainty-aware prediction, feasibility
checks, and online revision using simulators or learned world models. Progress
should be measured by lower compounding error, better recovery after failed
actions, and robust transfer across scenes and embodiments.

Taken together, these challenges point toward a convergent trajectory for
Physical AI: the integration of PC-VLMs, reasoning-centric models, and WFMs
into coherent Predict—Reason—Act systems with stable interfaces and verifiable
decision processes. Such integration should be evaluated through ablations that
reveal which module or interface contributes to reliability, rather than through
aggregate success rates alone. By reframing the field around capabilities, data,
learning, and evaluation choices rather than architectures alone, this survey high-
lights the path toward physically grounded, process-aware, and deployable Al
systems.
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