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   Abstract—The  vision-language-action  (VLA)  paradigm  is
gradually  becoming  the  core  path  of  embodied  intelligence.
However,  its  training  and  validation,  which  rely  on  simulation
environments, face serious sim2real challenges, such as navigation
deviations  in  drones  caused  by  wind  speed  differences  between
simulation  and  real-world  environments.  Existing  iterative
methods  based  on  digital  twins  can  alleviate  the  problem  of
virtual-real  alignment  to  some  extent.  However,  their  high
dependence  on  twin  consistency  limits  their  adaptability  and
scalability  in  complex  environments.  To  break  through  this
bottleneck,  the  PiVLA  framework  is  proposed  in  this  letter  to
reconstruct  the  VLA  paradigm  with  parallel  intelligence.
Furthermore,  we  introduce  the  parallel  deep  foundation  model
(PDFM) and, based on it,  propose model parallel control (MPC)
and the parallel  interaction protocol  (PIP),  establishing a unified
interaction  mechanism  for  disembodied  agents  and  embodied
agents.  This  provides a scalable and robust  solution for complex
tasks involving embodied intelligence.
  

I.  Introduction

W ith  the  continuous  evolution  of  large  language
models  (LLMs)  and  multimodal  large  language
models  (MLLMs),  vision-language-action  (VLA)

has gradually become the core topic of embodied intelligence
research.  The  goal  of  VLA  is  to  closely  align  visual
perception  with  language  reasoning  and  further  transform
them  into  executable  action  strategies, thereby  forming  an
end-to-end “perception-reasoning-execution” closed  loop.
Constrained by cost and scalability, a large number of studies
tend  to  obtain  training  data  and  complete  inference
verification  in  simulation  environments [1].  However,  solely
relying  on  simulation  brings  significant  sim2real  challenges.
First,  the  visual  modality  has  differences  with  the  real  world
in  rendering  quality  and  semantic  distribution.  Second,
complex  factors  such  as  dynamics,  energy  consumption,  and
latency in the real physical world are complex to be accurately

replicated  on  the  simulation  side,  leading  to  a  significant
decline in transfer performance and robustness [2].

To alleviate this problem, researchers propose the “real-sim-
real” iterative  paradigm,  achieving  closed-loop  optimization
through  back-and-forth  correction  between  reality  and
simulation [3].  For  example,  works  such  as  RialTo [4],
ManiSkill3 [5],  and  DexSim2Real2 [6] utilize  digital  twins
(DTs)  to  establish  one-to-one  mappings  between  simulation
and  reality,  improving  the  virtual-real  alignment  to  a  certain
extent. However, such methods usually require the simulation
environment to almost strictly replicate the real system, which
not  only  has  high  modeling  costs,  but  also  is  challenging  to
cover  all  the  uncertainties  in  complex environments,  limiting
its adaptability and scalability in VLA scenarios.

Parallel  intelligence  (PI)  and  artificial  systems,
computational  experiments,  and  parallel  execution  (ACP)
method,  which  were  proposed  more  than  twenty  years  ago,
provided  a  natural  theoretical  fit  to  address  this  problem [7].
The  core  idea  lies  in:  not  pursuing  strict  copying  of  the
physical  world,  but  flexibly  constructing  artificial  systems
according  to  the  needs  of  the  actual  embodied  systems;  then
systematically  exploring  the  potential  policy  space  through
computational  experiments;  and  finally  achieving  dynamic
interaction and evolutionary iteration between virtual and real
systems  relying  on  parallel  execution.  In  contrast,  DT
approaches emphasize high-fidelity replication and strict twin
consistency, whereas PI focuses on key mapping and dynamic
optimization,  thereby  demonstrating  stronger  robustness  and
generalization in complex and uncertain environments. Based
on  this  idea,  we  propose  PiVLA,  aiming  to  reconstruct  the
VLA  paradigm  with  parallel  intelligence  and  establish a
sustainable,  co-evolving,  and  embodied  intelligence
framework across virtual and real domains.

The main contributions of this letter are as follows:
(1)  We  construct  the  PiVLA  framework  based  on  parallel

intelligence, redefining the real-sim-real research paradigm of
vision-language-action.

(2)  We  propose  the  interaction  paradigm  for  disembodied
agents  and  embodied  agents  for  the  first  time,  building  a
unified  bridge  between  agentic  systems  in  cyberspace  and
embodied agent systems in the physical world.

(3)  With the support  of  the parallel  deep foundation model
(PDFM),  we  introduce  model  parallel  control  (MPC)  and
parallel  interaction  protocol  (PIP),  providing  scalable
mechanisms and theoretical support for control and interaction
between virtual and real agents.  
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II.  Preliminary
  

A.  PI and the ACP Method
PI has emerged as a paradigm for addressing the limitations

of  traditional  models  and  heuristic  rules  in  managing  the
uncertainty and complexity of modern socio-technical systems
[7].  Built  upon the ACP framework, PI integrates virtual  and
real  systems into a  dynamic feedback loop:  artificial  systems
serve  as  computational  surrogates  of  reality,  computational
experiments enable systematic exploration and optimization of
strategies,  and  parallel  execution  closes  the  loop  through
bidirectional  interaction  between  virtual  models  and  real-
world  operations.  Unlike  digital  twins  that  primarily  focus
on  high-fidelity  replication,  PI  incorporates  descriptive,
predictive,  and  prescriptive  intelligence  into  a  unified
mechanism,  encapsulated  by  the  principle  of “learning,
simulating,  and  optimizing  virtually  before  applying  to
reality”.  Over  the  past  two  decades,  PI  has  been  extended  to
diverse  domains,  such  as  computer  vision [8] and  drug
discovery [9],  demonstrating  its  value  as  a  reusable
methodological  framework  for  adaptive  governance  and
sustained  system  evolution  through  iterative  virtual-real
system interaction.  

B.  Advance in Vision-Language-Action
VLA  establishes  a  unified  decision-making  framework

across  vision,  language,  and  action,  enabling  agents  to
comprehend  multimodal  inputs  and  accomplish  complex
tasks.  Compared  with  the  traditional  perception-planning-
control pipeline, VLA emphasizes end-to-end fusion and task-
driven  execution,  facilitating  the  transition  of  robots  from
structured  scenarios  to  general  environments [10].  As  a
pivotal  direction in embodied intelligence research,  VLA has
evolved  from  modular  to  end-to-end  paradigms,  with
representative  works  such  as  RT-2 [11] and  OpenVLA [12]
advancing  multimodal  integration.  Current  researches  focus
on improving  generalization  in  complex  interactions.  Models
such  as  LoHoVLA [13] and  TraceVLA [14] optimize
performance  through  task  decomposition,  future  prediction,
and  trajectory  modeling.  In  contrast,  SwitchVLA [15] and
OTTER [16] enhance  task  switching  and  visual  feature
selection  capabilities.  Nevertheless,  challenges  remain  in
ensuring  dynamic  consistency  and  long-term  reasoning.  The
integration  of  world  models  (WMs)  provides  predictive
support  for  physical  consistency,  thereby  reinforcing  the
interaction  capabilities  of  VLA  systems  in  real-world
environments [17].  

C.  PDFM and World Model
PDFM [18] proposes a parallel intelligence framework that

integrates  analogical  imagination  and  embodied  cognition,
establishing  a  co-evolution  mechanism  between  the  data
world  and  the  real  world  to  enable  adaptive  deployment  and
continual optimization of foundation models. The architecture
comprises  a  front-end execution model  and a  shadow model,
encompassing the unified stages of pre-training, post-training,
and  deployment-stage  distillation.  It  supports  co-evolution

through  both  training-time  interaction  and  inference-time
interaction mechanisms.

WMs  simulate  future  states  and  behavioral  outcomes  to
provide predictive support for path planning, policy rehearsal,
and  long-horizon  task  modeling.  They  are  widely  applied
in  navigation,  interaction,  and  embodied  intelligence [1, 19].
For  instance,  NWM [20] enhances  path  prediction
generalization  through  conditional  video  generation.
TWISTER [21] leverages  Transformers  and  contrastive
prediction  to  improve  long-term  modeling.  EVA [22]
introduces  the  reflection  of  generation  (RoG)  strategy  to
enhance  robustness  in  video  prediction.  WMs  provide  the
predictive  foundation  for  PDFM  by  modeling  environmental
dynamics  and  supporting  the  handling  of  physical  world
constraints.  When  combined  with  PDFM’s  analogical
reasoning  and  multimodal  alignment  mechanisms,  these
modeling capabilities  significantly  enhance  the  cognitive  and
adaptive performance of models in dynamic environments.  

D.  Agent Protocol
In  recent  years,  several  protocols  have  been  introduced  to

support  interoperability  between  intelligent  agents  and  large
models,  marking  a  shift  from  general  communication
mechanisms  to  domain-specific  safeguards [23].  The  model
context  protocol  (MCP),  proposed  by  Anthropic,  provides  a
JSON-RPC interface linking models with tools, databases, and
application  programming  interfaces  (APIs),  enabling  a
context-execution-feedback  loop  similar  to  the  language
server  protocol  (LSP).  MCP  has  been  applied  in  retrieval-
augmented  generation  (RAG),  code  execution,  and  database
querying [24, 25].  Google’s  agent-to-agent  (A2A)  protocol
[26] enables  heterogeneous  agents  to  discover  capabilities
and  coordinate  tasks  through  standardized “Agentcard”,
supporting  applications  such  as  multi-robot  coordination  and
cross-platform  assistants.  The  agent  communication  protocol
(ACP) [27] focuses  on  asynchronous  and  multimodal
messaging for real-time dialogue and collaboration.  

III.  PiVLA Framework

The  overall  theoretical  framework  of  PiVLA  is  shown  in
Fig.  1.  For  general  or  open-domain  problems  (large
problems), it is necessary to rely on large models to handle the
high  degree  of  uncertainty.  However,  these  large  models  are
not  optimized  for  specific  VLA  scenarios  and  often  lack
domain  depth  and  adaptability.  Therefore,  under  the  support
of  parallel  intelligence,  it  is  necessary  to  transform  external
large  models  into  PDFM  that  can  support  the  cyclic
interaction  and  continuous  learning  between  virtual  and  real
systems.  In  the  context  of  VLA,  this  model  framework  is
concretely  embodied  as  PiVLA,  which  is  used  to  address
domain-specific  problems  and  thus  achieve  effective
adaptation to VLA tasks. Furthermore, at the task level, task-
specific problems (small problems) often need to be grounded
in concrete application scenarios. PiVLA can be continuously
optimized  and  iterated,  gradually  evolving  into  edge/end
models  that  meet  the  requirements  of  VLA  tasks,  thereby
supporting  the  real-world  deployment  and  application  of
deeply embodied intelligent agents.
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Based  on  this,  PiVLA  takes  parallel  intelligence  as  its
theoretical  core  and  constructs  corresponding  artificial  and
embodied  intelligent  systems  through  the  modeling  and
abstraction  of  the  requirements  of  actual  and  embodied
intelligent  systems.  With  the  mechanism  of “human-in-the-
loop” understanding-adjustment-feedback  and  modeling-
learning-training,  PiVLA  organically  integrates  extensive
computational  experiments,  analysis,  and  evaluation
processes,  and  explores  the  potential  solution  space  of
complex  problems  through  virtual-real  parallel  execution.
Thus,  this  framework not  only  supports  reliable  management
and  control  of  complex  systems,  but  also  enables  the
continuous  evolution  of  embodied  agents  in  the  real  world
during long-term operation.

The specific implementation framework of PiVLA is shown
in Fig.  2,  which  focuses  on  the  training  and  deployment
process  of  VLA  and  can  essentially  be  understood  as  the
engineering  expansion  of  the  ACP  method  in  the  field of
embodied  intelligence.  Specifically,  modeling  and
representation  (A)  are  first  completed  in  artificial  scenarios,
followed  by  computational  experiments  generating  and
validating executable strategies (C). Finally, parallel execution
is  carried  out  in  both  the  artificial  and  real  scenarios,  with

feedback  flowing  back  to  the  artificial  scenarios  (P),  thereby
forming  a  continuously  iterative  closed  loop.  Based  on  this
cyclic  mechanism,  PiVLA  can  continuously  optimize  the
performance  and  adaptability  of  VLA  systems  in  virtual-real
combined  environments.  The  following  sections  further
introduce  its  key  components,  interaction  modes,  and
implementation processes.  

A.  Artificial System in PiVLA
The  iterative  mode  of “real-simulation-real” adopted  in

VLA  is  essentially  a  concrete  manifestation  of  virtual-real
parallel  interaction.  In  the  PiVLA  framework,  artificial
scenarios  together  with  disembodied  agents  constitute
artificial  systems,  while  the  corresponding real  scenarios  and
embodied  agents  form  actual  systems.  The  construction  of
artificial  scenarios  needs  to  be  based  on  the  requirements  of
actual systems. Their forms can include DT, virtual simulation
environments,  and  software-defined  environments.  In  the
context  of  VLA,  artificial  scenarios  usually  cover  three
aspects: (1) the three-dimensional representation of embodied
entities  and  their  action  spaces,  (2)  the  physical  properties
involved in interactions, and (3) the constraints of the relevant
environments  and  behaviors.  It  should  be  particularly
emphasized that artificial scenarios are not equivalent to DTs.
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Their goal is not to strictly replicate reality, but to ensure that
the  key  representations  within  them  have  corresponding
mappings in real systems, thereby serving as the fundamental
condition for parallel execution and virtual-real interaction.  

B.  PDFM
PiVLA  relies  on  PDFM  as  the “embodied  brain” of  the

system,  jointly  supporting  the  operation  of  artificial  systems
and  actual  systems,  and  enabling  parallel  transmission  and
processing from scene-level visual perception to agent control.
Specifically,  PDFM  consists  of  a  frontend  large  model,  a
shadow large model, and a WM. The frontend large model is
deployed  at  the  edge  or  terminal,  directly  acting  on  the
physical  world  to  ensure  the  real-time  and  interactive  nature
of  task  execution.  The  shadow  large  model  resides  in  the
cloud,  responsible  for  exploration,  generalization,  and
inference  in  virtual  space.  During  training,  the  frontend  and
shadow  large  models  achieve  capability  enhancement  and
continuous optimization through multi-level interactions at the
data  layer,  feature  layer,  and  gradient  layer.  Simulation  data
and  AI-generated  content  (AIGC)  data  generated  in  artificial
scenarios are mainly used for the pre-training, fine-tuning, and
distillation  of  the  shadow  large  model.  Environmental  data
and  human-machine  interaction  data  collected  by  sensors  in
real  scenarios  drive  the  updates  of  the  frontend  large  model.
During inference, visual sequence information from scenarios
is  simultaneously  input  into  both  the  frontend  and  shadow
models  to  form  real-time  perception  and  interaction.  Among
these,  the  shadow  model  further  enhances  the  input  quality
and  reasoning  effectiveness  of  the  frontend  model  through
information augmentation and knowledge augmentation.

In  this  process,  a  dual-mode  mechanism  of  retrieval-
augmented  generation [28] and  search-augmented  generation
and  extension  (SAGE) [29] is  introduced  to  enhance  the
capability  of  PDFM.  The  frontend  large  model  integrates
RAG,  enhancing  understanding  and  response  to  real-world
scenarios  through  external  knowledge  retrieval  and  context
augmentation,  thereby  ensuring  the  real-time  and  reliable
nature  of  inference  results.  The  shadow  large  model  adopts
SAGE,  whose  core  mechanism  goes  beyond  one-time
retrieval,  constructing a cyclic process of “search-generation-
extension-feedback”,  supplemented  by  caching  and  multi-
level  knowledge  management  to  support  cross-task
consistency  and  long-term  optimization.  In  this  way,  SAGE
enables  deeper  inference  and  information  completion  in
artificial  scenarios,  effectively  compensating  for  the
shortcomings  of  PDFM  in  factual  consistency  and  complex
constraint modeling.

However,  PDFM  constructed  based  on  LLM/MLLM  is
difficult to directly handle dynamic constraints in the physical
world,  such  as  dynamics,  friction,  energy  consumption,
latency,  and  uncertainty.  To  address  this,  PiVLA  introduces
the  WM  as  a  supplement.  WM  models  environmental
dynamics  and  predicts  future  states  to  provide  dynamic
consistency  support  for  interactions  with  the  physical  world.
Relying  on  real-time  collected  visual  sequences,  the  system,
supported  by  the  video  generation  diffusion  models,  can
predict  the  evolutionary  trend  of  the  environment  at  future

moments,  thereby  correcting  the  planning  and  decision-
making of  LLM/MLLM. At  the  same time,  diffusion models
can  implicitly  embed  physical  laws  during  the  generation
process,  thus  maintaining  dynamical  consistency  in  the
explicit prediction results.  

C.  Agentic System, MPC, and PIP
Since PDFM itself still mainly functions as a passive model,

typically  relying  on “human-in-the-loop” prompts  and
supervision,  VLA,  in  specific  scenarios,  requires  agents  to
possess active interaction and exploration capabilities. To this
end,  PiVLA  introduces  agentic  systems  to  support  more
autonomous  decision-making  and  collaboration.  To  connect
PDFM  with  both  disembodied  agents  and  embodied  agents,
it  is  necessary  to  establish  standardized  interaction  and
collaboration  mechanisms  at  the  upper  level.  First,  action
interfaces  are  needed  to  transform  high-level  semantic
intentions into executable plans or instructions,  which can be
realized  through  tool/function  calls.  Second,  transmission
protocols are required to ensure reliable interaction of actions
and  feedback,  such  as  model  context  protocol  for  tool
invocation,  agent-to-agent  for  multi-agent  collaboration,  and
ACP  (referring  to  the  agent  communication  protocol)  for
connecting  agents,  applications,  and  human  users.  However,
these  protocols  alone  are  insufficient  to  support  parallel
operation across  both virtual  and real  domains,  and a  control
mechanism  is  required  to  ensure  dynamic  consistency  and
coordination between the two.

Based  on  this,  we  propose  the  MPC  as  a  novel  control
mechanism.  Unlike  traditional  model  predictive  control,
which  performs  finite-horizon  prediction  and  optimization
only  in  real  systems,  MPC  emphasizes  bidirectional  parallel
regulation between virtual artificial systems and real physical
systems.  The  frontend  model  undertakes  real-time  control
under  low-latency  and  safety  constraints  in  real-world
environments.  In  contrast,  the  shadow  model  carries  out
counterfactual  reasoning  and  multi-branch  policy  evaluation
in  artificial  systems.  The  two  remain  coordinated  through
consistency  constraints  and  risk  gating.  In  this  way,  the
controller  can  continuously  optimize  through  computational
experiments  in  the  virtual  domain  while  ensuring  stable
execution  and  constraint  satisfaction  in  the  real  domain,
thereby  achieving  parallel  operation  of  disembodied  agents
and embodied agents.

Within  the  PiVLA  framework,  we  propose  the  PIP  to
regulate  the  collaboration  between  disembodied  agents  and
embodied agents across virtual and real domains. The core of
PIP  lies  in  establishing  standardized  channels  between  the
frontend  controller  and  the  shadow  controller,  unifying  data
flow  (observations  and  uncertainties),  knowledge  flow
(augmentation  and  inference  results),  and  control  flow
(parameter  scheduling  and  risk  gating).  The  frontend
controller  is  deployed  in  real-world  scenarios,  relying  on  the
frontend large model to achieve real-time execution under low
latency and safety constraints. The shadow controller operates
in  artificial  scenarios,  driven  by  shadow  large  models  to
perform  counterfactual  reasoning,  multi-branch  evaluation,
and  long-term  policy  learning.  Through  PIP,  the  frontend
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controller can transmit state and uncertainty information to the
shadow  controller  during  inference  and  receive  suggestions
for  knowledge  augmentation  and  parameter  scheduling  in
return,  thus  enabling  dynamic  correction.  Meanwhile,
trajectories  and  failure  cases  after  execution  are  fed  back  to
the  shadow  controller,  supporting  relearning  and  distillation.
In  this  way,  PIP  not  only  achieves  real-time  linkage  and
dynamic  consistency  constraints  between  the  frontend  and
shadow  controllers,  but  also  provides  a  general
communication  and  interaction  mechanism  for  the  parallel
operation  of  disembodied  agents  and  embodied  agents,
thereby  promoting  long-term  optimization  and  cross-task
generalization of complex embodied tasks while ensuring low
latency and safety.  

D.  Computational Experiment and Parallel Execution
The stage  of  computational  experiments  is  mainly  oriented

toward  disembodied  agents.  At  this  stage,  researchers  design
experimental scenarios according to the requirements of actual
systems,  and  through  human-in-the-loop  interactions,  specify
initial  conditions  such  as  the  number  of  agents,  resource
distribution,  and  network  topology  using  natural  language.
Subsequently,  the  experiments  are  executed  in  artificial
scenarios  via  APIs  or  scripts,  and  their  results  not  only
provide  the  basis  for  strategy  generation  and  evaluation  but
also  guide  new  experimental  designs  in  turn.  In  this  way,
dynamic  simulation,  closed-loop  feedback,  and  continuous
evolution  are  achieved,  gradually  approaching  the  action
policy space of agents. For example, in an embodied grasping
VLA  task,  disembodied  agents  can  perform  large-scale
simulations  of  grasping  actions  in  artificial  scenarios,
exploring  optimal  grasping  trajectories  and  action  sequences
through  continuous  trial-and-error  and  policy  updates.  These
candidate  strategies  obtained  on  the  virtual  side  are  then
filtered  through  consistency  constraints  and  mapped  to  the
operations of real robotic arms, thereby effectively shortening
the real training cycle and improving the safety and robustness
of policies.

In  the  PiVLA  framework,  parallel  execution  is  manifested
in  multiple  ways.  The  most  essential  form  is  that  the
computational  experiment  results  of  disembodied  agents  in
artificial  scenarios  are  synchronously  mapped  to  the  real
systems  through  MPC.  Meanwhile,  artificial  and  real
scenarios  achieve  real-time  perception  and  data  exchange
through sensors and the Internet of Things (IoT) technologies,
ensuring  alignment  and  updating  of  states  across  the  virtual
and real  domains.  Furthermore,  the frontend large model and
the shadow large model that support the agents also maintain
continuous  co-evolution  during  parallel  execution:  the
frontend model ensures low-latency execution and satisfaction
of  physical  constraints,  while  the  shadow  model  undertakes
counterfactual inference and long-term optimization. The two
iteratively  update  within  the  virtual-real  closed  loop,  thereby
achieving cross-scenario adaptability and lifelong learning.  

IV.  Application

This section presents the potential applications of PiVLA in
typical  scenarios  of  embodied  intelligence,  including
autonomous  UAV  navigation,  robotic  manipulation  in

autonomous self-driving laboratories (SDLs), and intervention
tasks  in  surgical  robots.  These  scenarios  correspond  to  the
construction  and  execution  of  navigation,  grasping,  and
intervention  policy  spaces,  respectively.  It  should  be  noted
that  these  cases  only  serve  as  illustrative  applications  of  the
framework,  intended  to  demonstrate  the  adaptability  and
scalability of PiVLA, rather than experimental evaluations on
specific systems.  

A.   Vision-Language-Navigation  (VLN)  in  Autonomous  UAV
System

In  autonomous  UAV  systems,  VLN  is  one  of  the  most
representative  tasks  of  embodied  intelligence.  PiVLA
constructs  the navigation policy space through computational
experiments  to  explore  path  planning  and  instruction  parsing
strategies  in  complex  environments.  As  shown  in Fig.  3(a),
disembodied  UAV  agents  conduct  large-scale  policy
simulation  and  robustness  evaluation  in  artificial  scenarios.
Subsequently,  through  the  parallel  control  mechanisms  of
MPC  and  PIP,  the  selected  trajectory  templates,  sub-goals,
and  constraint  parameters  are  transmitted  to  the  embodied
UAV agents, forming a virtual-real closed loop together with
sensor  feedback.  Throughout  this  process,  PDFM  provides
consistency  support  and  online  correction  for  perception,
reasoning,  and  world  modeling,  and  is  expected  to  enhance
the reliability of low-altitude navigation.  

B.  Autonomous Robotic Manipulation for SDL
In  self-driving  laboratory  scenarios,  robotic  manipulation

tasks  impose  extremely  high  requirements  on  precision,
repeatability,  and dynamic  adaptability.  PiVLA generates  the
grasping  policy  space  during  computational  experiments,
encompassing  grasping  and  manipulation  schemes  for
multiple  objects,  poses,  and  constraints.  As  shown  in Fig.
3(b),  disembodied  robotic  arm  agents  complete  large-scale
action inference and policy optimization in artificial scenarios.
Subsequently, grasping poses, trajectory/velocity profiles, and
force-control  parameters  are  delivered  to  embodied  robotic
arms through MPC and PIP. At the same time, real execution
data  and  failure  cases  are  fed  back  to  support  relearning  and
policy refinement.  

C.   Vision-Language-Guided  (VLG)  Intervention  in  Robotic
Surgery

In  surgical  robot  applications,  the  VLG  intervention  tasks
impose  stringent  requirements  on  safety,  dynamic
responsiveness,  and  real-time  decision-making.  PiVLA
constructs  the  intervention  policy  space  through
computational  experiments,  covering  key  aspects  such  as
intervention  path  planning,  instrument  coordination,  and
safety boundary settings. As shown in Fig. 3(c), disembodied
surgical  robot  agents  perform  counterfactual  inference  and
multi-path  risk  evaluation  in  artificial  scenarios.  After
undergoing risk gating and consistency constraints in the PIP
channel  via  MPC,  the  selected  intervention  strategies  and
control  parameters  are  delivered  in  parallel  to  embodied
surgical  robots,  with  intraoperative  feedback flowing back to
support continuous correction.  
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V.  Conclusion

This letter proposes the PiVLA framework based on parallel
intelligence to address the core challenges of VLA in sim2real
transfer.  By  introducing  PDFM  and  constructing  MPC  and
PIP  on  the  basis  it,  we  establish  a  unified  interaction
mechanism  for  non-embodied  agents  and  embodied  agents,
providing  a  robust  and  scalable  solution  for  complex
embodied tasks. Future research will progressively enable the
practical  application  analysis  and  experimental  evaluation  of
PiVLA  in  the  aforementioned  illustrative  scenarios,  and
further  extend  its  potential  to  cross-scenario,  multi-task,  and
collective  intelligence  settings,  driving  the  continuous
evolution of embodied intelligence.  
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