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PPI: A Co-Evolution Framework for
Parallel Physical Intelligence

Xinyuan Zhang, Jiaxi Liu, Siheng Yi, and Hui Zhang

Abstract—Physical artificial intelligence (AI) is becoming an
important paradigm for embodied intelligence, where agents
must reason, imagine, and act under real-world physical
constraints. However, current physical reasoning model (PRM)
and physical generation model (PGM) may still produce physi-
cally inconsistent judgments, scenes, and motions, exposing the
lack of a verifiable truth anchor for reliable physical intelligence.
Existing simulation-based methods can provide local physical
supervision, but their limited coverage makes them insufficient
for open and evolving physical environments. To address this
bottleneck, this letter proposes parallel physical intelligence (PPI),
a truth-anchored co-evolution framework based on parallel intel-
ligence and the artificial systems, computational experiments, and
parallel execution (ACP) methodology. PPI introduces the physi-
cal fidelity anchor (PFA) to calibrate both PRM and PGM, while
enabling PRM and PGM to co-evolve through mutual data
augmentation and physical plausibility feedback. During parallel
execution, embodied agents and disembodied agents interact
through a virtual-real closed loop, where real-world failures and
novel physical phenomena update the PFA and trigger subse-
quent co-evolution. This provides a scalable and adaptive path-
way for physically grounded embodied intelligence in complex
environments.

1. INTRODUCTION

hysical artificial intelligence (AI) has emerged as a

next-generation Al paradigm that grounds intelli-

gence in physical systems [1, 2]. Unlike conventional
Al models mainly optimized for symbolic or semantic tasks,
physical Al requires the integration of physical perception,
causal reasoning, and embodied interaction under real-world
constraints [3]. Such capability is essential for autonomous
driving [4], unmanned aerial vehicle (UAV) navigation [5],
robotic manipulation [6], and surgical intervention [7], where
agents must infer physical properties, predict dynamics, and
act safely in uncertain environments. Nevertheless, current Al
systems often generate semantically plausible but physically
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inconsistent results, making physical grounding a key bottle-
neck for reliable embodied intelligence.

Current efforts toward physical intelligence mainly proceed
through two model-centric directions: multimodal large
language model (MLLM)-based physical reasoning and diffu-
sion-based physical generation. MLLM-based physical
reasoning has shown preliminary physical commonsense, but
it is not explicitly grounded in mechanical laws and therefore
remains unreliable in robust physical perception, forecasting,
and causal reasoning [8, 9]. Diffusion-based physical genera-
tion can synthesize realistic scenes and motions, but it remains
difficult to guarantee the physical consistency required for
reliable reasoning and embodied decision-making [10, 11].
Physics simulators provide controllable physical ground truth,
yet their coverage is constrained by predefined object models,
interaction rules, and parameter ranges. However, these
components are often studied as separate modules rather than
organized into a unified physical intelligence framework. The
absence of a unified truth anchor and closed-loop collabora-
tion mechanism makes it difficult to cross-calibrate reasoning,
generation, and simulation, thereby constraining the further
evolution of physical intelligence.

Addressing this limitation requires a system-level organiza-
tion of physical reasoning, physical generation, and physical
simulation, rather than the independent enhancement of each
component. Parallel intelligence (PI), together with the artifi-
cial systems, computational experiments, and parallel execu-
tion (ACP) methodology, provides a suitable theoretical basis
for such organization by integrating virtual modeling, compu-
tational exploration, and real-world feedback into a closed
loop [12]. Following this principle, we propose parallel physi-
cal intelligence (PPI), a truth-anchored co-evolution frame-
work in which the artificial system is formulated as a physical
fidelity anchor (PFA). The PFA is not intended to fully repli-
cate the physical world as a digital twin; instead, it functions
as a task-schema-based physical data engine that generates
executable physical cases, produces physical and observa-
tional rollouts, and provides verified labels and diagnoses for
key interaction laws and constraints. These PFA-grounded
cases calibrate the physical reasoning model (PRM) and the
physical generation model (PGM) at the model-training level,
rather than merely correcting outputs after inference. After
calibration, PRM and PGM further co-evolve in computa-
tional experiments: PGM expands the physical hypothesis
space by generating diverse and counterfactual rollout candi-
dates, while PRM evaluates physical plausibility, causal conti-
nuity, and constraint satisfaction to provide diagnostic feed-
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back for generation. High-impact, uncertain, or disputed cases
are routed back to the PFA for verification, thereby preserv-
ing a verifiable truth anchor. During parallel execution, PPI
serves as a physical intelligence layer over existing planners
or controllers, where PGM provides future imagination, PRM
provides physical judgment, and real-world failures or novel
physical phenomena update the PFA to trigger the next round
of co-evolution. Accordingly, PPI provides a scalable and
adaptive pathway for physically grounded embodied intelli-
gence in open physical environments.

The main contributions of this letter are as follows:

(1) We propose PPI, a PRM-PGM-PFA architecture that
formulates PFA as a physical data engine for truth-anchored
physical intelligence.

(2) We design a PFA-driven calibration and PRM-PGM co-
evolution mechanism for jointly improving physical reason-
ing and physical generation.

(3) We establish a virtual-real closed-loop deployment
paradigm that updates PFA through embodied feedback for
continual physical intelligence evolution.

II. PRELIMINARY

A. Physical Reasoning Models

Physical reasoning models, often built upon or coupled with
vision-language models (VLMs)/MLLMs, aim to infer task-
relevant physical factors from visual or multimodal observa-
tions. These factors can be organized into static and dynamic
categories. Static physical reasoning concerns relatively time-
invariant properties and constraints, including object-level
physical properties [13], affordance structures [14, 15],
geometric-spatial relations [16, 17], and embodiment-condi-
tioned feasibility [18, 19]. Dynamic physical reasoning, in
contrast, concerns temporally evolving physical processes,
including motion dynamics [20, 21], collision outcomes [22],
quantitative kinematic variables [23], continuum or interac-
tion process evolution [24, 25], and causal reasoning [26].

To mitigate these limitations, existing studies introduce
physical grounding into PRMs through data construction,
inference-time augmentation, and representation design. Phys-
ically annotated training resources have been developed to
improve object-property understanding, spatial reasoning,
affordance recognition, and embodiment-conditioned feasibil-
ity estimation [13, 14, 17, 19]. External grounding signals
have also been incorporated during reasoning or planning,
including specialized visual experts, skill-level value func-
tions, three-dimensional (3D) value maps, and simulator-in-
the-loop parameter estimation for constraining physical
reasoning and action selection [15, 18]. In addition, represen-
tation-level methods embed physical priors into the percep-
tion-reasoning interface, such as reachability maps, spatial-
temporal cues, and motion-aware dynamics [19-21].

B. Physical Generative Models

Physical generative models, often built upon diffusion-
based video generation models or world models, aim to
synthesize or predict task-relevant physical scene evolution
from visual, linguistic, or action-conditioned inputs. Repre-
sentative large-scale models such as Sora, Genie, and related

video and world foundation models demonstrate the potential
of generative modeling for dynamic physical environments
[27, 28]. However, recent benchmarks indicate that current
video and world generative models still struggle with physi-
cal commonsense [29, 30], physical-law consistency in
contact dynamics and conservation principles [10, 31], and
instruction-conditioned or action-conditioned consistency
[31], even when their outputs are visually plausible.

Recent efforts have improved the physical reliability of
visual generative world models through several complemen-
tary strategies. Some methods adapt pretrained video genera-
tors with physics-aware post-training or embodied-domain
fine-tuning [32, 33]. Others modify the generative representa-
tion or conditioning interface by introducing action prediction,
physical latent variables, velocity masks, or force-control
signals for object-level dynamics and interactions [34-37]. A
third line learns generative physics modules that predict physi-
cally grounded trajectories before video synthesis [38]. In
parallel, simulation-centered pipelines combine perception,
material or structure estimation, physical simulation, and
rendering to produce physics-compliant video or four-dimen-
sional (4D) content [39-41].

Taken together, PRMs and PGMs reveal a shared bottle-
neck: both require physically grounded supervision, but in
different forms. PRMs need verified physical labels and
causal outcomes for reliable reasoning, whereas PGMs need
physically consistent trajectories and constraint signals for
reliable generation. Existing methods improve either reason-
ing or generation through annotations, external grounding,
architectural priors, or simulation-aided refinement, but these
signals are often fragmented and not organized into a unified
calibration loop. Therefore, the key challenge is not merely to
impose mechanical laws on individual models, but to estab-
lish a unified physical data lifecycle that continuously gener-
ates, verifies, filters, reuses, and updates physically valid
reasoning and generation cases across training, inference, and
deployment.

C. Physical Simulation as a Truth Anchor

Physical simulation provides controllable environments and
executable supervision for anchoring physical reasoning and
generation. Classical engines such as MuJoCo [42], Isaac Lab
[43], and Brax [44] support rigid-body dynamics, contact
modeling, actuator simulation, and scalable policy training,
while differentiable simulators such as DiffTaichi [45] and
ChainQueen [46] further allow gradients to be propagated
through physical dynamics. Recent studies show that explicit
physical constraints and simulation feedback can improve
local reasoning and world modeling: PhysVLM [19] incorpo-
rates robotic reachability constraints into embodied visual
reasoning, LLMPhy [25] couples LLM program synthesis
with simulator-in-the-loop estimation of latent physical
parameters for zero-shot multi-body reasoning, and physics-
informed world models [47] or physics-integrated representa-
tions [39] introduce differentiable dynamics or Newtonian
physical simulation to improve dynamic prediction and gener-
ative motion modeling. However, these efforts remain task-
specific and fragmented, while simulators themselves are
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constrained by fixed interfaces, predefined physical models,
and manually designed parameterizations, limiting their
generalization to unmodeled physical effects and open-ended
real-world phenomena. This motivates the PFA perspective
adopted in the proposed framework, where simulation is not
regarded as a complete replacement for the physical world,
but as a physical fidelity anchor that provides hard physical
supervision for jointly calibrating PRMs and PGMs within its
valid domain.

D. PI and the ACP Method

Parallel intelligence, grounded in the ACP method of artifi-
cial systems, computational experiments, and parallel execu-
tion, provides a methodological foundation for organizing
complex intelligent systems through virtual-real feedback and
co-evolution [12, 48]. In ACP, artificial systems abstract task-
relevant counterparts of actual systems, computational experi-
ments explore and optimize candidate models or policies in
controllable virtual spaces, and parallel execution links virtual
and real systems through continuous feedback and iterative
deployment [49]. Compared with digital twins that emphasize
strict one-to-one replication, PI focuses on key mappings,
dynamic feedback, and virtual-real co-evolution.

Recent Pl-based frameworks instantiate ACP for different
purposes. Parallel deep foundation model (PDFM) supports
continuous foundation-model evolution through front-end and
shadow models [50]; PRALLM applies PI to public-private-
personal knowledge integration through a parallel retrieval-
augmented generation (RAG)-agent-LLM architecture [51];
and PiVLA reconstructs VLA training and deployment
through artificial scenarios, disembodied agents, real scenar-
ios, and embodied agents [52]. The distinction of PPI lies in

Artificial physical space
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the role assigned to the artificial system. Rather than using the
artificial system mainly for model lifecycle evolution, knowl-
edge integration, or VLA policy exploration and deployment,
PPI constructs it as a physical fidelity anchor, making task-
relevant physical validity the central criterion of virtual-real
co-evolution. In this sense, PPI complements existing PI
frameworks by providing a physical grounding layer for reli-
able embodied intelligence.

III.

The overall architecture of the proposed PPI framework is
shown in Fig. 1. PPI organizes physical reasoning, physical
world generation, and physical simulation into a truth-
anchored virtual-real co-evolution process. In the artificial
physical space, the PFA is instantiated as a schema-guided
physical data engine that generates physical source data for
model-level calibration. The generated source data are
converted into reasoning supervision for PRM and rollout
supervision for PGM. In computational experiments, PRM
and PGM are further refined through a bidirectional training-
data exchange loop, where PGM provides generated rollouts
and hard cases for PRM, while PRM provides plausibility
judgments, diagnoses, and preference signals for PGM.
During parallel execution, embodied agents deploy the current
physical intelligence layer, and real-world logs, failures, and
novel physical effects are fed back to update the PFA.

Following the ACP methodology, PPI instantiates parallel
intelligence through three coupled processes. The artificial
system is constructed as a PFA-based artificial physical
system, which does not aim to fully replicate the real world
but preserves task-relevant physical laws, interaction
constraints, dynamic properties, and evaluation rules. Within
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Fig. 1 Overall architecture of the proposed PPI framework. The PFA serves as a schema-guided physical data engine in the artificial physical space, providing

reasoning supervision for PRM and world-model rollout supervision for PGM. PRM and PGM are refined through bidirectional co-evolution, while deploy-

ment feedback from embodied physical systems updates the artificial physical space through the ACP loop.
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this artificial physical system, computational experiments are
performed by disembodied agents: PFA-generated cases first
calibrate PRM and PGM, and then PRM and PGM co-evolve
through bidirectional data augmentation, plausibility evalua-
tion, and hard-case verification.

Parallel execution connects the artificial physical system
with embodied physical systems. During deployment, PPI
serves as a physical intelligence layer over existing planners
or controllers, where PGM provides action-conditioned future
imagination and PRM provides physical feasibility and risk
judgment. Real-world failures, rare events, and prediction-
execution discrepancies are fed back to update the PFA,
thereby triggering the next round of calibration and co-evolu-
tion. In this way, PPI realizes a closed-loop parallel physical
intelligence process across artificial construction, computa-
tional experimentation, and embodied execution.

A. PFA as a Physical Data Engine

PFA starts from a task schema space Q7. Each schema
specifies the task goal, embodiment setting, state and parame-
ter space, action space, constraint and evaluation rules, and the
corresponding simulator-renderer backend. Concrete physical
cases are generated by sampling

Ti~Qg, xoi~Px(IT),

where 77 is a concrete task setting, xo; is the initial physical
condition, and «; is a candidate action. The initial-condition
generator Py can be implemented by task templates, domain
randomization, real-log replay, or hard-case resampling, while
the action generator P4 can be implemented by action primi-
tives, planners, controllers, scripted policies, real executed
actions, or hard-case actions.

For each generated triplet, PFA constructs an executable
physical case and rolls it out through a task-specific simulator-
renderer backend

a; ~ Po(C|T i, x0,0),

h .
T, = (Tf y,‘r?bs) = SimRenderg; (x4, a;),

where T fhy denotes the physical trajectory, including states,
forces, contacts, and event records, while T ?bs denotes the
visual or multimodal observation trajectory, such as rendered
frames, depth maps, segmentation masks, or sensor sequences.
A physical evaluator then checks the physical trajectory
against the constraints in 7;

(vi»d;) = Evalg; (*"),

where y; is the constraint or outcome label and d; is the fail-
ure diagnosis.

B. PFA-Driven Physical Calibration

Let Dppa denote the PFA-grounded source dataset, includ-
ing executable physical cases, verified rollouts, outcome
labels, and failure diagnoses. Based on Dppa, PFA-driven
calibration is performed at the model-training level rather than
through post-hoc output correction. The PFA source cases are
not tied to a specific optimization algorithm. Instead, they
provide physically grounded data that can be reformatted
according to the training interface of PRM or PGM.

For PRM, the source cases are converted into physical
reasoning data

hys hys\\N
E’Y rPY)}

Derm =1{(q; ~ 17 " Ny
where qfhys is a reasoning query constructed from the task
setting, initial condition, candidate action, and physical roll-
out, and rf s contains the corresponding outcome judgment,
constraint diagnosis, and causal explanation. This data view
supports model-level training of PRM through supervised or
instruction tuning, physical representation injection, or
reward-based post-training. These interfaces are consistent
with recent efforts on physical visual question answering
(VQA) and kinematic instruction tuning [14, 53], explicit
physical representation encoders [19, 54], and physical Al
supervised fine-tuning (SFT)/reinforcement learning (RL)
[55]. Thus, the role of PFA is to supply verified physical
reasoning supervision, allowing PRM to internalize task-rele-
vant physical constraints rather than depending on external
checking.

For PGM, the same source cases are used from a world-
model perspective. Given (77,xo,,a;), PGM learns to model
the conditional rollout distribution

i) b
P T | Thy Xo,0,a0),

h .
where T? Y represents the physical rollout and 7 ?bs represents

the corresponding visual or multimodal observation rollout.
The physical rollout provides dynamics-level supervision,
while the observation rollout ensures that the generated future
remains visually and sensorially consistent with the underly-
ing physical evolution. This formulation is compatible with
generative physics training on simulator trajectories [56],
physics-aware video or world-model fine-tuning [32, 57], and
post-training with physical preferences or verifiable rewards
[58-60]. Therefore, PFA calibrates PGM not by filtering
generated outputs alone, but by providing physical-observa-
tional rollout data for training a physically grounded world
model.

C. Bidirectional Co-Evolution of PRM and PGM

After PFA-driven calibration, PRM and PGM are further
refined through a bidirectional training-data exchange loop.
This loop does not replace the PFA. Instead, it extends the
finite coverage of PFA-generated cases by allowing PGM to
construct imagination-based reasoning cases for PRM and
allowing PRM to construct judgment-based training signals
for PGM. In this process, PFA remains the verifiable anchor
that prevents the two models from reinforcing physically
inconsistent assumptions.

In the PGM-to-PRM direction, the generative world model
augments PRM training by producing diverse and counterfac-
tual physical futures. Given a task setting, an initial condition,
and a candidate action, PGM can synthesize multiple possible
rollouts under different appearances, viewpoints, disturbances,
object states, or temporal variations

N ~phy A
#ix = (317,290 ~ PGM(T7, X0, @i, 20),

Aph . N
where T Eky denotes the generated physical rollout and 7, 225
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denotes the corresponding observation rollout. These gener-
ated futures are not treated as physical ground truth. Instead,
they are used as candidate reasoning cases for comparison,
uncertainty mining, and hard-case construction. For example,
PGM can generate counterfactual futures that differ in action,
temporal order, contact mode, or environmental condition,
thereby exposing PRM to rare and ambiguous physical cases
that are difficult to exhaustively collect from the real world or
enumerate within the current PFA.

In the PRM-to-PGM direction, the physical reasoning
model turns generated futures into physically meaningful
training signals for PGM refinement. Given a PGM-generated
rollout, PRM evaluates its physical plausibility, causal conti-
nuity, action-outcome consistency, and constraint satisfaction

i di s Pik) = PRM(T7, X0,0- > Fi0),

where 9;; denotes the judged physical outcome, cfi,k denotes
the diagnosed failure mode, and 7;; denotes the physical plau-
sibility score. These reasoning-level outputs can be organized
as soft supervision for PGM training, including positive and
negative rollouts, preference rankings, reward shaping signals,
and hard-case prompts. In this way, PRM guides PGM from
visually plausible generation toward physically consistent and
observation-consistent world generation.

The two directions form a reciprocal model-training
process. PGM increases the diversity and difficulty of PRM’s
reasoning cases, while PRM converts generated futures into
diagnostic and preference-based feedback for PGM. To avoid
self-confirming hallucinations, high-impact, uncertain, or
repeatedly disputed cases are selected for PFA-based verifica-
tion. Verified hard cases can then be used to update the PFA
schema space, initial-condition generator, action generator, or
evaluation rules. Therefore, PRM-PGM co-evolution scales
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physical exploration through training-data augmentation and
feedback construction, while PFA preserves the truth anchor
of the overall PPI framework.

D. Deployment and Closed-Loop Evolution

The PFA-calibrated PRM and PGM are connected to
embodied execution through parallel deployment. Let m index
the virtual-real evolution round, and let R¢(m> and Gy be the
deployed PRM and PGM calibrated on Dg&. PPI does not
replace the existing action interface or low-level controller.
Instead, it serves as a physical intelligence layer, where PGM
provides future imagination, PRM provides physical judg-
ment, and PFA maintains truth-anchored feedback for contin-
ual evolution. The detailed workflow of PPI, including PFA-
driven calibration, PRM-PGM co-evolution, and closed-loop
deployment, is summarized in Fig. 2.

At execution step ¢, the embodied agent obtains a task-rele-
vant state estimate £;, and the existing planner or controller
proposes candidate actions A; = {a,,k}le. For each candidate,
PGM generates an action-conditioned physical future hypoth-
esis

e = (B0 200) = Gy (T i),
and PRM evaluates it as

Grderdier Gr.) = Ry (T s @y 210
where ¢;; summarizes feasibility, risk, causal consistency,
and task-constraint satisfaction. The selected action is
obtained by

k* = argkmax U(‘It,k»}A’t,k)7 S't'7 p(%,k) < €,

and is executed through the low-level interface to produce a
real trace
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Fig. 2 Detailed workflow of the proposed PPI framework. (a) PFA-driven physical calibration for rollout generation, outcome diagnosis, and model-level train-

ing. (b) Bidirectional co-evolution through PGM-based case augmentation and PRM-based feedback refinement. (c¢) Closed-loop deployment with real-world

feedback for task-space and PFA update.
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r r s
7; = Exece(T,, &, arj).

After execution, a monitor extracts the real outcome and
diagnosis
Of»dp) = Mong (7).
Failure cases, rare events, near-violations, high-uncertainty
samples, and prediction-execution discrepancies are selected
as hard feedback ™. Instead of directly updating PRM or

PGM with raw experience, PPI routes such feedback back to
the PFA data engine

"D = Updatepg, (7, H™),

where ¥ = (Qg, Px, P4,SimRender,Eval). The updated PFA
generates new executable physical cases ng\: D and the PFA
dataset is updated by

Diia’ = Dy UChen -

New PRM and PGM training views are then derived from
D},";;”, triggering the next PRM-PGM co-evolution round.

In this way, the real side executes tasks with the currently
validated physical intelligence layer, while the artificial side
asynchronously converts real-world failures and corner cases
into new PFA-grounded calibration data. This separation also
improves computational scalability: online deployment only
requires the front-end PRM-PGM layer for action-condi-
tioned imagination, physical judgment, and execution support,
whereas the heavier PFA expansion, hard-case verification,
and PRM-PGM recalibration are performed asynchronously in
the artificial physical space. Therefore, as tasks, agents, and
feedback cases increase, PPI scales through back-end physi-
cal data expansion and computational experiments without
increasing the real-time burden of embodied execution or
requiring complete world replication and exhaustive real-
world trials.

IV. APPLICATION

PPI can be instantiated in different embodied domains by
specifying a domain-dependent task schema Qr, including
task goals, physical states, candidate actions, constraints, eval-
uation rules, and simulator-renderer backends. The PFA then
converts these schemas into executable physical cases for
PRM and PGM calibration, computational experiments
support PRM-PGM co-evolution, and parallel execution feeds
real failures or prediction-execution discrepancies back to the
PFA. The following examples illustrate three representative
physical bottlenecks: constrained motion in open environ-
ments, contact-rich object interaction, and safety-critical inter-
vention under deformable dynamics. They also highlight the
practical advantages of PPI: physical validity is explicitly
anchored by the PFA, risky trial-and-error is shifted to paral-
lelizable virtual experiments, and real-world failures are
converted into PFA-updating cases for continual adaptation.

A. PPI for Autonomous Mobility and Navigation

In autonomous mobility and navigation, Qr;“’b can describe
road or airspace topology, vehicle or UAV dynamics, terrain
conditions, obstacle distributions, weather disturbances,
energy limits, and safety constraints. The PFA is instantiated

as an artificial mobility system that generates executable state-
transition and constraint-evaluation cases for route planning
and motion prediction. Based on these cases, PRM is cali-
brated to judge reachability, stability, collision risk, energy
feasibility, and causal consistency, while PGM is calibrated to
generate PFA-grounded candidate route futures under differ-
ent disturbances, occlusions, or traffic interactions. During
parallel execution, embodied vehicles or UAVs use the
current physical intelligence layer for candidate-action evalua-
tion, whereas deviations, near misses, and unmodeled aerody-
namic or ground-contact effects are routed back to the PFA. In
this way, PPI supports robust navigation by combining virtual
stress testing with real-world feedback, while reducing depen-
dence on risky exhaustive trials.

B. PPI for Contact-Rich Robotic Manipulation

For contact-rich manipulation, Q7*" can encode object
geometry, material properties, surface friction, robot kinemat-
ics, end-effector type, manipulation goals, contact constraints,
force limits, and task success criteria. The PFA is instantiated
as an artificial contact system that produces physically
grounded interaction trajectories, force/contact outcomes, slip-
page events, deformation states, and constraint evaluations.
These cases calibrate PRM for stability judgment, affordance
reasoning, failure diagnosis, and causal explanation, while
providing PGM with PFA-grounded references for generating
dynamically plausible contact evolution. In computational
experiments, PGM expands object poses, contact modes, tool
configurations, perturbations, and failure-like futures, and
PRM evaluates their physical plausibility and returns diagnos-
tic feedback. During real execution, unexpected slippage,
jamming, breakage, or excessive force is absorbed into the
PFA for the next co-evolution round, supporting safer and
more adaptive handling of long-tail contact conditions.

C. PPI for Safety-Critical Surgical Intervention

Surgical intervention is a conservative instantiation of PPI,
because small physical deviations may cause anatomical
boundary violation, tissue trauma, instrument interference, or
procedural failure. In this domain, Q3" can specify anatomi-
cal geometry, patient-specific tissue properties, instrument
kinematics, procedural stages, forbidden regions, contact-
force limits, deformation constraints, and safety rules. The
PFA is instantiated as an artificial intervention system that
provides physically grounded reference cases for instrument-
tissue interaction, deformation response, and boundary-risk
evaluation. PGM generates counterfactual tool paths, tissue-
response sequences, occlusion changes, and patient-specific
rare cases, while PRM evaluates contact feasibility, penetra-
tion risk, collision risk, boundary violation, causal continuity,
and procedural constraint satisfaction. During parallel execu-
tion, PPI should be used as a physical intelligence layer for
decision support and risk gating rather than as an autonomous
replacement for surgical control. Intraoperative observations,
near-failure events, and unexpected tissue responses are
routed back to the PFA, ensuring that subsequent PRM-PGM
evolution remains grounded in updated anatomical and physi-
cal constraints.
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V. CONCLUSIONS

This letter proposes PPI, a truth-anchored parallel frame-
work for organizing physical reasoning, physical generation,
and physical simulation toward reliable embodied intelli-
gence. By introducing PFA and coupling PRM with PGM
under PFA-driven calibration, PPI enables bidirectional co-
evolution in computational experiments and closes the ACP
loop through real-world feedback that updates the PFA for
subsequent training.

Future work will focus on the practical deployment and
experimental validation of PPI in autonomous mobility,
contact-rich manipulation, and safety-critical surgical inter-
vention. By instantiating domain-specific PFAs and connect-
ing PRM-PGM modules with real embodied control inter-
faces, we will evaluate the closed-loop virtual-real evolution
of PPI under real execution feedback and further optimize its
physical validity, safety, runtime efficiency, and scalability.
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