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Preface

The year 2026 marks the dawn of a new era in Physical Al, driven by the
resonance of carbon and silicon. Globally, artificial intelligence has officially
navigated into the deep-water zone of Embodied Al, ushering in the inaugural
year of mass commercialization. For a long time, Al has relied heavily on “data-
driven” statistical pattern matching, achieving brilliant successes within virtual
domains such as text and imagery. However, as intelligent agents attempt to
cross the digital divide into the dissipative, non-linear physical world, traditional
“black-box” models have revealed a glaring lack of physical intuition and a
tendency for generalization collapse when confronted with extreme physical
phenomena like non-rigid deformations, multiphase fluids, and contact non-
linearities.
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Global Humanoid Robot Shipments: Historical Data and Projections (2023-2030)

(Source; Comprehensive calculation by CCID Research Institute)

~50,000 units: 84-87%: $20,000-$35,000:
[2025-2026 Year-on-Year Growth Rate: China‘s Shipment Share Average BOM Cost of Robots in
178%-2026] in Global Total 2026

Calculated based on the 2025 base of Figures from multiple A roughly 65% decline compared to 2023
approximately 18,000 units sources: 84.7%—86.9%

=e— Dark Blue Line: Global Shipments (GGII / CCID Statistical Caliber)
—e— Purple Line: Global Shipments (Omdia Statistical Caliber)
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Data Note:

2023-2025 figures are officially released data; 2026E-2030E
figures are consolidated forecast values. Due to statistical
discrepancies across institutions, see Section 4.1 for details on
data inconsistencies.

Revision:

The over 700% YoY growth rate stated in the preface is
inconsistent with the 18,000 unit 2025 base. Calculated on the
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18,000 unit base, the 50,000 unit forecast for 2026E results in a
YoY growth rate of approximately 178%. A unified statistical
caliber is recommended.
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Morgan Stanley (2025).

Market data indicates that global humanoid robot shipments will reach
approximately 50,000 units in 2026 (synthesized from GGll and CCID Consulting
data), representing a 178% year-over-year surge from about 18,000 units in
2025. Chinese manufacturers continue to dominate the global supply side,
capturing a market share of roughly 84-87% (varying slightly across different
statistical metrics). The overall scale of the global embodied Al value chain
continues to expand. The hardware Bill of Materials (BOM) cost has dropped to
a range of 20,000 to 35,000—a nearly 65% reduction compared to 2023 —hitting
the critical threshold for large-scale commercial deployment.

This report has been compiled by the World Laureates Association (WLA),
bringing together the collective wisdom of the global vanguard across academia
and industry. Adopting a globalized, first-principles panoramic perspective, we
will deeply dissect the dynamic evolution of three core technical routes:
traditional numerical simulation, neural physics, and generative world models.
We will systematically analyze the trinity value of world models as "training
grounds, predictors, and constrainers," while directly confronting foundational
bottlenecks such as unmodeled real-world dynamics, computational latency,
and data scarcity. By focusing on four critical dimensions—technical evolution,
market landscape, application deployment, and regulatory policy —this report
aims to provide a comprehensive reference framework for industry leaders,
academia, and policymakers alike.
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Part |: Global Evolution of Physical Models

In artificial intelligence’s journey toward Artificial General Intelligence (AGI),
Embodied Al has been universally recognized as one of the most critical
breakthroughs. The reason humans can freely navigate complex physical
environments, manipulate objects, and predict the consequences of their
actions is that our minds possess a highly robust internal “physics engine.”
Rather than precisely solving partial differential equations, this engine
instantaneously provides intuitive predictions regarding gravity, inertia, friction,
and collisions. This cognitive capacity, derived from a body embedded within
the world, is precisely what current Large Language Models (LLMs) and vision
models lack most.

Based on this core understanding and adopting a panoramic perspective of
global technological advancement, this paper systematically maps the
evolutionary trajectory of physical models from virtual simulation to world
simulation. It deeply dissects the current status and future trends of three major
technological pathways: traditional simulation engines, neural physics, and
generative world models. Furthermore, it explores the core value of “World
Models” —acting as the “prior physical intuition” of Embodied Al—in
reinforcement learning, task planning, and the construction of safety boundaries.
As global competition in Embodied Al reaches a fever pitch, the comprehension
and mastery of the underlying engines of physical models have become a key
benchmark for measuring the core competitiveness of a nation or an enterprise
in this strategic domain.

Connotation and Paradigm Evolution

To understand the core position of physical models in Embodied Al, one must
first clarify their definition and take a comprehensive view of the fundamental
paradigm shifts they have undergone at the intersection of computer science
and artificial intelligence.

Digital Intelligence operates on language and symbols, with its capability
boundaries determined by the semantic coverage of training data. Physical
Intelligence, by contrast, must complete closed-loop perception, reasoning, and
action within a real world characterized by continuous time, three-dimensional
space, and multi-physics coupling. Its reliance on “causal models” rather than
“statistical correlations” inherently imposes a much higher technical threshold.

Between 2023 and 2026, this paradigm shift experienced three distinct
milestone inflection points: first, the reasoning capabilities of Large Language
Models (LLMs) were transferred to the robot task-planning layer via Vision-
Language-Action (VLA) architectures; second, Differentiable Physics Engines
allowed gradient signals to backpropagate through simulated physical fields,
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seamlessly connecting perception-control loops; third, Generative World Models
began acting as data flywheels, generating synthetic training data at an
exponential rate to bridge the critical scarcity of real-world data.

However, within the context of Embodied Al, the definition of a physical model
has expanded from “the numerical solving of known physical laws” to “the
computational representation of the dynamical evolutionary laws of an unknown
physical world.” The physical models required by Embodied Al are no longer
merely one-way, passive simulators; instead, they are dynamic reasoning
systems deeply integrated with an agent’s perception, decision-making, and
control loops. They encompass three core dimensions:

However, the limitations of this paradigm are equally profound. The first is the
“curse of dimensionality” and computational bottlenecks: when facing complex
scenarios involving high degrees of freedom, multi-phase fluids, or soft-body
contact, the computational complexity of numerical solving escalates
exponentially, failing to meet the real-time control demands of Embodied Al
(which typically require response speeds of 100Hz to 1kHz). The second is the
Reality Gap: traditional simulations assume parameters (such as friction
coefficients and contact stiffness) are constant and uniform, whereas the real
world is rife with microscopic uncertainties and noise. Consequently, robotic
policies trained in simulation often fail immediately when deployed in the real
world—the classic Sim-to-Real dilemma.

This represents the technical leap occurring right now. It embeds physical First
Principles (differentiable physics, conservation law constraints) as optimization
conditions into high-capacity generative Al architectures (such as Diffusion
Models and autoregressive Transformers). Representative technologies include
Sora (attempts at video physics simulation), PhysiLLM (Physics-Informed Large
Language Models), PINNs (Physics-Informed Neural Networks), UniSim
(Universal Simulator), Agibot’s GE-Sim 2.0, and Google DeepMind’s Genie 3.

The third tier of value—acting as a “constrainer” —deserves acute attention in
current safety discussions surrounding Embodied Al. As robots steadily
transition out of laboratories and enter industrial assembly lines and human
living spaces, ensuring that their behavior consistently conforms to fundamental
physical laws and safety standards has become an urgent, unavoidable
challenge. Here, the world model assumes the role of an “embedded physical
constrainer.” An ideal world model is capable of not only predicting future states
but also inherently enforcing physical consistency—any world evolutionary
trajectory generated by the model must satisfy core physical laws such as mass
and energy conservation, causality, and contact mechanics. Furthermore, the
“constrainer” functions as a safety guardrail for robotic policies. When a robot
imagines the future world state of a certain action, the “constrainer”
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automatically checks whether this imagination violates physical safety
boundaries, adjusting or rejecting hazardous trajectories accordingly.

1.2 Technological Roadmap Panorama

Currently, academia and industry worldwide are exploring the construction of
physical models across multiple dimensions. Depending on the underlying

technology foundation, optimization targets, and computational architectures,
global technological roadmaps for physical models can be classified into three
primary schools of thought: traditional numerical simulation and differentiable

physics engines; neural physics (PINNs and Graph Neural Networks); and large-

model-based generative physical world simulators. Fueled by Embodied Al,
these three pathways are moving away from isolation and toward cross-
disciplinary integration.

Comparative Analysis of Physical Al Technical Paradigms

Evaluation
Dimension

Physical Fidelity
Physical Fidelity

Inference Speed
Inference Speed

00D Generalization
(Out-of-Distribution
Generalization)

Data Requirements
Data Requirements

Interpretability
Interpretability

Integration
Integration Complexity

Typical Systems
Typical Systems

Primary Use Cases
Primary Use Cases

Traditional Numerical
Traditional Numerical Simulation

J Based on first principles,
High error controllable

he’]

Low

High-precision simulation
usually takes minutes to hours

Physical equations can
extrapolate within known
physical domain

High

Low

High

Requires no large-scale
labeled data

Each term in the equations has
a clear physical meaning

High
E

ANSYS, MuJoCo (Classical Mode),
FEnICS

Simulation engine interface is
complex, intensive computing
resources

Structural Mechanics, Fluid
Dynamics, Aerospace Validation

PINN / GNN

(Physics-Informed Neural Networks)
Affected by training data and
PDE constraint quality

Inference phase is fast solving,
training cost is high

PDE constraints provide partial
generalization guarantee

Requires a small amount of
observation data + physical
constraints

Network weights are
ambiguous, residuals are
interpretable

Requires dual expertise in PDE
knowledge + ML engineering

DeepXDE, PhysicsX, Taichi
(Differential)

Sim-to-Real Transfer, Material
Property Prediction

Generative World Model
Generative World Model

Implicit physics, relying on
data distribution coverage

End-to-end neural network
inference, millisecond level

Out-of-distribution training
., performance usually drops
" significantly

Requires large-scale,
it diverse, interactive data

0w Black-box model, difficult to
. trace physical reasons

Standardized API, friendly
for downstream tasks

Genie 3, GE-Sim 2.0, Dreamer V3

Robot Strategy Training, Data
Augmentation, Planning

Notes: The rating is a qualitative comprehensive assessment, specific performance varies by task, model size, and data quality: it is not an absolute ranking, 'Differentiable
Physical Engine’ (e.g., Taichi, Isaac Sim) belongs to the fusion of physics-informed noural networks and traditional simulation, having characteristics intermediate between the two.
Source: Synthesized from WLA Report (2025), DeepMind Technical Reports, and PINN Literature Survey (Raissi et al., 2019; Karniadakis et al,, 2021).

The core characteristic of the traditional physical simulation engine roadmap is
“explicit physical modeling” —simulating the motion evolution of physical
systems under applied forces/torques and constraint conditions via analytical
differential equations and numerical solving algorithms. This remains the most
mature and widely adopted technical solution in the field of Embodied Al.
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MudJoCo (Multi-Joint dynamics with Contact) was originally developed by
Professor Emo Todorov at the University of Washington, later acquired by
DeepMind, and open-sourced in 2022. MudoCo’s core advantages lie in its
exceptional contact dynamics solver and the numerical stability of multi-joint
systems. For robotic arm grasping, legged locomotion control, and low-level
control research, MuJoCo is widely regarded as the standard “lightweight,
stable, and easy-to-tune” choice —offering lightweight models, transparent
parameters, short tuning paths, and rich baselines within the research
community. MudoCo’s position in academia is nearly unshakable, long serving
as the “gold standard” for baseline comparisons in papers. lts model definition
format based on MJCF/URDF is clear and concise, backed by a highly
sophisticated research replication ecosystem. Furthermore, MuJoCo now
supports MJX—an XLA-based implementation that can run on NVIDIA/AMD
GPUs as well as Apple silicon, partially closing the gap with the Isaac series
regarding GPU parallel acceleration.

Physics-Informed Neural Networks (PINNs)

Introduced by George Karniadakis et al., the core concept of PINNs is to embed
physical equations (such as Brownian motion, heat conduction, and fluid
equations) directly into the loss function of a neural network as regularization
terms:

L(6)=L_data(6) + N ° L_physics(0)
L_data(6) = (I/N_u) * it Nu | w0 (xi t) — @i ||
L_physics(0) = (IN_f) * 3t Nf | N[w_ 0 1(x; tp |l 2

Bullet is an open-source physics simulation engine. Its Python wrapper, PyBullet,
has become the starting point and benchmark platform for many academic
research projects due to its entirely open-source and free nature, low entry
barrier, and comprehensive feature set. Bullet provides core functionalities such
as rigid body dynamics, collision detection, and joint constraints, and supports
Continuous Collision Detection (CCD), making it more stable for fast-moving
objects. With a moderate physical accuracy, it satisfies the foundational needs
of most manipulation and motion control research. The core value of
Bullet/PyBullet lies in its democratization of contribution—its free, open-source
nature has allowed countless resource-constrained laboratories to conduct
robotics simulation research.

PhysX is NVIDIA’s GPU-accelerated physics engine. Its parallel collision
detection and GPU solvers can support physical simulations of thousands of
parallel environments on a single GPU. Built upon PhysX, NVIDIA Isaac Sim is a
complete robotics simulation platform encompassing a physics engine, high-
fidelity rendering (powered by NVIDIA RTX technology), sensor simulation,
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ROS/ROS2 integration, and digital twin construction. The core competitiveness
of Isaac Sim lies in its “full-stack” nature—from physical simulation to visual
rendering, and from sensor emulation to policy deployment, the entire
development workflow can be completed within a unified platform. In 2026,
NVIDIA further expanded its ecosystem by introducing Isaac Lab-Arena, an
open-source framework dedicated specifically to policy evaluation.

Google DeepMind’s Genie series stands as a landmark representative of the
world model trajectory. The iteration released in August 2025 achieved a
qualitative leap—it became DeepMind’s first world model to support real-time
interaction, capable of generating interactive environments at 720p resolution
and 24 frames per second, with scene consistency enduring for several minutes.
The technical core of Genie solved the dual challenge of “dynamic generation +
continuous interaction”: for real-time responsiveness, the model links back to
the entire historical trajectory during frame-by-frame generation; for long-term
consistency, it overcame the error accumulation inherent in frame-by-frame
generation, extending visual memory up to one minute. Unlike methods
dependent on explicit 3D representations like NeRFs or 3D Gaussian Splatting,
Genie generates scenes frame-by-frame entirely from text descriptions and user
actions without any predefined models.

FRONTIER ROBOTIC WORLD MODEL PLATFORM COMPARISON (2026E)
(Note: Projected technology landscape for illustrative comparison)
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Departing from the generative video pathways of Genie and GE-Sim,
BeingBeyond’s Being-HO0.7 (released in April 2026) forged a completely different
technological path. This model abandoned high-compute, high-latency video
generative schemes in favor of an “implicit space reasoning” approach that
closely mirrors human physical intuition—directly executing judgments on future
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states and action outcomes internally. The core innovation of Being-HO0.7 lies in
its “Latent World-Action Model” architecture design, which cuts training costs to
less than 1% of comparable generative models. Trained on 200,000 hours of
egocentric human videos, Being-HO0.7 led across six authoritative international
benchmarks, becoming the first universal world model to simultaneously cover
seven critical dimensions, including cross-proprioception, cross-scene, fluids,
deformable objects, physical laws, and contextual reasoning.

1.3 World Models

When physical models evolve to the stage of “generative world simulation,” their
role within Embodied Al architectures undergoes a qualitative metamorphosis —
they transform into an agent’s World Model. If a physical simulation engine is
the “calculator” of Embodied Al, then a world model is its “intuition.” This “prior
physical intuition” empowers an agent, when facing unfamiliar environments and
new tasks, to bypass tedious real-world trial-and-error. Instead, it can directly
“imagine” potential courses of action and their consequences internally, making
optimal decisions based on those mental simulations.

The concept of a “World Model” was originally proposed in the 1990s by AGI
pioneer Jurgen Schmidhuber, and later popularized in 2018 by David Ha and
Jirgen Schmidhuber in their seminal paper World Models. In recent years, the
“Autonomous Machine Intelligence Architecture” championed by Meta’s Chief
Al Scientist Yann LeCun has propelled world models firmly into the industry
spotlight.

Yann LeCun’s Core Philosophy: The reason humans are vastly smarter than
existing reinforcement learning Als is that we rarely learn through fatal trial-and-
error. We do not jump off a cliff just to test gravity, because our internal world
model has already simulated the lethal consequences of that action in our minds.
For Embodied Al to achieve generality, it must possess such a world model
capable of “common-sense reasoning” and “action rehearsal” within a safe
latent space.

A world model can serve as the “intuition engine” for Embodied Al because it
possesses three core capabilities: counterfactual reasoning, action-conditioned
prediction, and physical consistency constraints.

The integration of world models with reinforcement learning is fundamentally
reshaping the RL training paradigm. The core trait of traditional RL (especially
model-free RL) is “learning by trial-and-error’—a process notoriously low in
sample efficiency and exceptionally difficult to apply in robotics, where the cost
of a single fall is prohibitive.
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The world models required by Embodied Al must be action-conditioned. That is
to say, the next frame of the world state generated by the model must alter
deterministically and in strict accordance with physical conservation laws based
on the precise control vectors inputted by the agent. It cannot simply look
visually pleasing, as is acceptable in standard video generation. Currently, top
tier research institutions globally are tackling this challenge. By deeply aligning
an embodied robot’s action tokens with the foundational semantic tokens of
Vision-Language Large Models, a new strain of “Universal Physical World
Models” —infused with the blood of First Principles—is rapidly emerging.

Despite impressive progress over the past two years, world models remain a
considerable distance away from the ultimate goal of “replacing real physical
experiments.” The primary technical challenges currently facing world models
are concentrated in three major directions:

Non-Rigid Physical Modeling is another frontier awaiting a breakthrough. Most
mainstream simulation engines and a majority of current world models default to
rigid body physics assumptions. However, the real world is filled with non-rigid
physical phenomena such as deformable bodies, fluids, and cloth. The multi-
scale, high-dimensional, and non-linear characteristics of these phenomena
pose severe challenges to both traditional simulation methods and
contemporary deep learning approaches. The industry is seeking breakthroughs
via two main avenues: on one hand, hybrid paradigm models (PINNs +
traditional simulation) attempt to lower the data requirements of non-rigid
modeling via physical priors; on the other hand, generative models trained on
massive video datasets attempt to learn non-rigid dynamics directly from high-
dimensional observations.

Beyond these technical hurdles, world models confront engineering challenges
including data acquisition and quality, Sim-to-Real transfer efficiency, model
inference latency, safety verification, and interpretability. Resolving these
bottlenecks demands not only algorithmic breakthroughs but also multi-
dimensional progress across compute infrastructure, data collection standards,
evaluation frameworks, and industrial synergy.

1.4 Model Systems

DeepMind Genie 3: Supports the generation of 3D interactive scenes from 2D
image prompts, featuring an embedded learning-based physical prediction
model to generate policy training environments for robotic manipulation tasks.

Meta V-JEPA 2 (Video Joint Embedding Predictive Architecture): Learns
structured, abstract representations of the world by predicting the embedded
representations of video sequences rather than pixel-level reconstructions,
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yielding computational efficiencies significantly higher than pixel-generation
models.

The commercial value of world models acting as data flywheels is rapidly
materializing. Through hybrid training utilizing “a small amount of real data + a
large volume of synthetic world-model data,” leading manufacturers have
successfully elevated Sim-to-Real precision manipulation task success rates
from approximately 42% in 2023 to around 85%-88% in 2026, while
substantially driving down the costs associated with real-world data collection.

Conclusion

Reflecting on the evolutionary journey of physical models from traditional
simulation engines to world simulators reveals a clear ascending trajectory:
transforming from a mere “computational tool” into “cognitive infrastructure.”
Traditional simulation engines like MuJoCo, Bullet, and PhysX provided reliable
foundational physics computation capabilities for Embodied Al research, and
they remain irreplaceable “industry standards” for robotic control studies to this
day. Data-driven world models have propelled physical simulation from
“manually designed equations” to “autonomous learning of laws from data,”
unlocking vast spaces for infinite scene expansion and continuous capability
evolution. Hybrid paradigms—such as PINNs and differentiable simulation—
bridge data-driven methods and physical priors, hunting for an optimal
equilibrium among fidelity, efficiency, and generalization.

The convergence and synergy of these three technological roadmaps are driving
physical models to unprecedented heights. Agibot’s philosophy of a “physical
evolution engine” via GE-Sim 2.0, NVIDIA’s unified simulation architecture via
Omniverse, and Tesla’s shared-brain design for FSD and Optimus all point in a
singular direction: physical models are shifting from a “supporting tool” in
Embodied Al R&D to its irreplaceable “underlying engine.”

Chapter 2: Competitive Landscape and Infrastructure

As the “underlying engine” of Embodied Al, the advancement of physical
models is shaped not only by algorithmic breakthroughs but, more deeply, by
national strategies, industrial capital, open-source ecosystems, and
infrastructure. Entering the 2025-2026 period, the global competitive landscape
in physical modeling has evolved from “isolated technical breakthroughs” into a
“systemic ecosystem battle.” Governments worldwide have integrated physical
model technologies into national-level strategic planning. Tech giants are
aggressively building full-stack closed loops spanning from low-level simulation
platforms to world models. Meanwhile, the ecological rivalry between open-
source communities and industrial giants is unfolding simultaneously across
three dimensions: datasets, simulation platforms, and transfer toolchains. Yet
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beneath this surge, core bottlenecks such as real-world “unmodeled dynamics,”
computational costs, data scarcity, and the lack of unified evaluation standards
continue to constrain the transition of physical models from laboratories to
industrial deployment.

2.1 National and Regional Strategic Layouts

As physical models emerge as the crucial linchpin connecting virtual intelligence
with the physical world, governments have rapidly recognized their strategic
value in industrial competitiveness, national security, and standard-setting
authority. Physical modeling is no longer just a technical issue; it directly
impacts a country’s strategic autonomy in future critical domains like intelligent
manufacturing, autonomous driving, and national defense. Core global
economies are actively fortifying their Physical Al moats through distinct
strategic pathways.

Collaborating across sectors, the NSF has established specialized research
funds (such as the Physical Al & World Modeling Program) to prioritize academic
research that fuses fundamental physical laws with ultra-large-scale neural
networks (e.g., PINNs and differentiable physics). The core intent is to liberate Al
from its reliance on pure probabilistic statistics, enabling it to master physical
laws from the bedrock of scientific logic. Through the Al Institutes project, the
NSF provides sustained, long-term research backing for the intersection of
Physical Al and data-driven discovery, granting approximately $20 million over
five years to each selected institute.

In May 2026, the NSF announced the launch of the “X-Labs” initiative,
committing $1.5 billion over the next decade to target frontier technology
domains including Al and quantum sensing. This initiative employs a milestone-
based federal funding model designed to accelerate the transformation of early
prototypes into commercial platforms. Furthermore, the NSF is collaborating
with the Department of Energy (DOE) and 28 private enterprises to advance the
NAIRR (National Al Research Resource) program, providing researchers with
vital access to computational platforms, datasets, models, and software. In
March 2026, the NSF released its National Al R&D Strategic Plan, explicitly
stating that funding over the next five years will heavily pivot toward “Al for
Science,” reflecting a core logic: pure algorithmic innovation has hit a bottleneck,
and capital is now concentrating squarely on the application layer.

From an industrial scale perspective, Physical Al is no longer a mere conceptual
narrative—NVIDIA’s FY2026 financial reports confirmed that its Physical Al
business generated over $6 billion in revenue. This included $2.3 billion from the
automotive sector, with the remaining $3.7+ billion heavily implied to stem from
robotics simulation and deployment. With the global robotics market projected
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to reach $2100 billion by 2025, NVIDIA is leveraging its full-stack solution—
comprising Jetson edge computing, the Isaac robotics platform, and Omniverse
simulation—to accelerate the deployment of autonomous robots across logistics,
manufacturing, and retail. NVIDIA has established partnerships with industrial
robotics giants such as ABB Robotics, FANUC, KUKA, and Yaskawa, whose
combined global installed base exceeds 2 million industrial robots, and who are
actively integrating NVIDIA’s Omniverse libraries and Isaac simulation
frameworks.

At GTC 2026, NVIDIA pushed its full-stack robotics platform further: Omniverse
NuRec entered full commercial availability, enabling the conversion of sensor
data into interactive simulations via 3D Gaussian Splatting; Isaac Sim achieved
direct integration into Mega (NVIDIA’s blueprint for digital twin development),
allowing enterprises to simulate and validate entire robotic deployments prior to
physical installation. NVIDIA also introduced its Physical Al data factory
blueprints, Blueprint and Omniverse DSX Blueprint, signaling that simulation
tools are transitioning from “development aids” into “core productivity tools.”

In 2026, OpenAl adjusted its strategic focus, winding down its video generation
application Sora to fully pivot the Sora team’s focus toward world model
research. Industry observers hail 2026 as the inaugural year of world models
laying the foundation for AGI. Jim Fan, NVIDIA’s prominent robotics lead,
echoed this, posting that “2026 will be the first year where Large World Models
truly lay the foundation for robotics and broader multimodal Al.” Mainstream
models in 2026 (such as Sora 2, Runway Gen-4.5, and Veo 3) have established
preliminary physical common-sense repositories, allowing them to accurately
simulate object trajectories under varying gravitational forces or collisions.

Agibot has positioned itself as an exceptionally aggressive player in this track. In
April 2026, branding the year as the “Inaugural Year of Embodied Al
Deployment,” Agibot open-sourced AGIBOT WORLD 2026 —the world’s first
real-world interaction dataset covering the entire spectrum of embodied
intelligence research. Abandoning highly controlled laboratory settings, 100% of
the data was captured from real-world commercial spaces, hotels,
supermarkets, and homes, aiming to spark an “ImageNet Moment” for the
Embodied Al sector. Agibot also hosted the AGIBOT WORLD CHALLENGE
2026, drawing 331 competing teams to test a full-chain evaluation metric
spanning “environment understanding rightarrow task planning \rightarrow
action execution.”

DeepWise carved out a distinct technological trajectory focused on “Human
Learning.” By May 2026, DeepWise secured the top position on WorldArena (a
comprehensive world model benchmark jointly launched by Princeton, Tsinghua,
and Peking University), surpassing previous records with an aggregate score of
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64.96. The company has finalized a full-stack capability closed loop comprising
a human data foundation, a new-paradigm model brain, and anthropomorphic
hardware, establishing itself firmly within the first echelon of Embodied Al large
models.

By the end of March 2026, China’s total intelligent computing capacity reached
1882 EFLOPS (FP16), with over 14.45 million standard data center racks in
use—more than doubling over a two-year period. The nation boasts 42 10,000-
card-scale intelligent computing clusters, and more than 300 intelligent
computing centers completed, under construction, or planned, covering all eight
major hubs of the “Eastern Data, Western Computing” network. Accounting for
over 70% of global intelligent compute capacity, China’s infrastructure is
extending from traditional strongholds like the internet and finance into
thousands of industries, including manufacturing, healthcare, transportation,
and energy.

To counter the long-standing overseas monopoly over industrial-grade physical
simulation held by firms like Ansys and Dassault, the MIIT continues to push
special initiatives for the localization of industrial software. In December 2025,
the MIIT released the 2025 annual project application guidelines for 7 major
special programs under the National Key R&D Program, including “Industrial
Software,” with application windows running from January 4 to February 5, 2026.
This initiative reflects a national strategic commitment to achieving self-
controlled core manufacturing technologies and high-quality industrial growth.
The MIIT stated it will continuously drive the systematic, high-quality growth of
the computing industry, deeply implement (open-bidding) actions for computing
foundations, and accelerate product and technological innovation.

The formal rollout of ISO 10218-1:2025 and ISO 10218-2:2025 marked the first
major overhaul of these industrial robotics safety benchmarks since 2011. The
updated standards mandate rigid requirements for industrial robots regarding
inherent safety design, risk-mitigation measures, and information for use. The
core objective of the revision is to adapt to the rapid expansion of robotic
technologies, such as human-robot collaboration, mobile platform integration,
and networked system applications.

Notably, safety requirements for collaborative robots previously detailed under
ISO/TS 15066 have been fully absorbed into the core ISO 10218 series,
simplifying and unifying human-robot collaboration safety certification. ISO
15066 defines three classic modes of collaborative interaction: speed and
separation monitoring (automatically decelerating as a human approaches),
power and force limiting (capping contact forces below safety thresholds), and
hand-guiding modes.
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Japan also updated its national standard JIS B 8446-4:2025 (“Safety
requirements for service robots — Part 4: Mobile servant robot with arm”),
formally integrating simulation testing into the safety certification pipeline. These
standards mandate using high-fidelity physical simulation to replace select real-
world destructive safety testing, delivering quantified technical specifications for
human-robot coexistence. Additionally, the revised edition of ISO 13849-1:2026
was released in March 2026. Long considered the “gold standard” for
collaborative robot safety, this major update rewrote the safety boundaries for
collaborative robotics, systematically addressing regulatory blanks in dynamic
collaboration, sensor fusion, and situational awareness.

South Korea is similarly active in the robotic safety standardization arena,
implementing KS B 8545-2025 (“Test method of stability for inherently stable
passenger carrying robots”) and KS B 7317-2025 (“Safety requirements and
evaluation methods for elevator-operating mobile robots”). South Korea’s
SafetyDesigner simulation tool suite allows developers to validate whether a
robot complies with international safety standards like ISO 10218-2 entirely
within a virtual environment. The Korean Agency for Technology and Standards
(KATS) has also pushed the development of testing methodologies and testing
service infrastructure for next-generation advanced industries—such as Al-
driven logistics robots and eco-friendly automotive electronic components —
actively constructing physical-model-based safety evaluation standards for
human-robot collaboration scenarios.

Industrial-grade platforms, epitomized by NVIDIA Isaac Sim, follow a completely
opposite trajectory characterized by “hardware-software unified high fidelity.”
Though closed-source, it seamlessly coordinates with GPU Tensor Cores to
execute real-time ray-traced rendering and parallel dynamics calculations
across tens of thousands of instances concurrently. Ansys and Dassault firmly
hold the closed-source high ground for microscopic material mechanics and
high-precision aerodynamics. In 2026, Ansys expanded its multi-physics
simulation prowess, rolling out solutions that cover full-chain validation spanning
structural, motion, thermal, control, and battery analyses. Its Ansys Industrial
Robotics solutions allow the validation of an entire industrial robot’s design and
deployment within a virtual multi-physics environment. Notably, Ansys has
integrated deeply with NVIDIA, incorporating NVIDIA Omniverse into its
AVxcelerate Sensors platform to achieve real-time synchronization stretching
from electromagnetic simulation to virtual environments.

To break this logjam, the industry is exploring two pathways: first, maximizing
the utility of simulation data through end-to-end Sim-to-Real optimization (e.g.,
Transdimensional Intelligent’s EmbodiChain targets “100% synthetic data
training for direct real-robot deployment”); second, indirectly exploiting human
video data (e.g., Being-H0.7 trains on 200,000 hours of human videos, treating
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human behavior as an indirect supervisory signal for physical laws). While the
open-sourcing of Open X-Embodiment and AGIBOT WORLD 2026 is driving a
data-sharing ecosystem, challenges such as fragmented data formats and non-
unified annotation standards persist.

Part IlI: Global Evolution of Embodied Robotics

If we compare “physical models” and “world models” to the soul, cognition, and
intuition of embodied intelligence, then the embodied robot is the “physical
incarnation” or bodily vehicle of this soul within our three-dimensional physical
world. For a long time, the advancement of artificial intelligence has surged
forward within the confines of virtual digital twins, image generation, and
symbolic reasoning spaces. However, the “common sense” of the virtual world
often collapses instantly when confronted with the dissipative, non-linear hard
constraints of the real physical world, which is rife with friction and collisions.

The commercialization process, real-world deployment, and operational
capabilities of embodied robots in complex scenarios constitute the ultimate
and most stringent quality inspection standard for verifying the validity of global
physical models. No matter how massive a world model’s parameters are, or
how visually realistic its generated videos appear, if it cannot guide a pair of
heterogeneous dexterous hands to stably grasp a smooth glass cup within 1
millisecond, or help a bipedal robot maintain balance on a slippery, muddy
terrain, it is not yet a qualified “physical bedrock.”

Chapter 3: Deep Coupling of Robots and Physical Models

The contemporary embodied robotics technical ecosystem has moved past the
era of traditional automation equipment driven by rigid code, fully transitioning
into an intelligent ecosystem powered by a dual “data-mechanics” drive. To
equip robots with human-like perception, reasoning, and action capabilities,
global academia and industry have converged on a highly integrated three-tier
architecture: the Brain, the Cerebellum, and the Body.
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The brain serves as the high-level cognitive center of the embodied robot,
running on universal embodied large models with tens or hundreds of billions of
parameters. Its core task is to translate ambiguous, highly abstract human
natural language instructions (e.g., “Clean up the spilled milk on the table”) into
spatially and temporally causally aligned embodied action streams.

Vision-Language-Action (VLA) Models represent the mainstream technical
architecture at the “brain” layer. Exemplified by Google’s RT-2, VLA models
place visual tokens, textual semantic tokens, and the robot’s end-effector action
tokens into a unified tokenizer space for end-to-end training. The brain does not
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need to know the gear reduction ratio of every internal motor; instead, it
understands the semantics of the scene via a high-capacity attention
mechanism. It knows that “spilled milk” represents a fluid physical state,
requires a physical medium like a “cloth,” and necessitates a reciprocating
rubbing motion along a specific topological path.

A major breakthrough in the “brain” layer is the rise of the “brain-like VLA”
architecture. Al? Robotics pioneered a brain-like VLA embodied large model that
separates the cognitive and control systems into three tiers: the “Brain”
(handling advanced cognition and long-horizon planning), the “Cerebellum”
(managing fine motor control and millisecond-level safety responses), and the
“Trunk” (handling basic reflexes). This architecture deeply mimics human
biology by involving the cerebellum in manipulation-level control rather than just
traditional motor coordination.

Agibot unveiled its next-generation VLA foundation large model, Genie
Operator-2 (GO-2), which utilizes an “Action Chain-of-Thought” and an
“Asynchronous Dual-System” architecture to bridge the “last mile” from logical
reasoning to precise action execution within a unified framework. The “Action
Chain-of-Thought” grants the robot a human-like “think before acting” capability,
progressively breaking down high-level semantic reasoning into low-level motor
planning within the action space. Meanwhile, the “Asynchronous Dual-System”
ensures stable execution in complex real environments through the tight
coordination of low-frequency planning (semantic understanding and long-
horizon task decomposition) and high-frequency tracking (real-time trajectory
generation and hybrid force-position control).

Real-Time Physical Dynamics Inference is the core capability of the cerebellum.
Operating at a hard real-time frequency of 500Hz to 1000Hz, the cerebellum
runs high-frequency dynamics solvers that fuse traditional Whole-Body Control
(WBC), Model Predictive Control (MPC), and differentiable physical neural
networks. When a robot’s foot steps onto an unexpected pebble, it does not
wait for the “brain” to process the information. The physical model inside the
cerebellum senses the sudden mutation in the ground reaction force within 1
millisecond. Utilizing its internalized inertia tensor and momentum conservation
matrices, the cerebellum automatically micro-adjusts the damping and stiffness
of the knee joints, achieving human-like compliant shock absorption to ensure
the robot does not fall.

Horizon Robotics officially released and open-sourced the HoloMotion-1 robot
cerebellum large model. Tailored for humanoid robot whole-body control, the
model features 400 million parameters —a significant scale upgrade over
traditional control models. It achieves an on-device real-time inference speed of
approximately 300 FPS, breaking the deployment bottleneck of large models in
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robotic motion control. HoloMotion-1 brings the “intelligence” of large models
down to the level of a “reflex arc,” meaning the robot no longer “thinks and then
moves,” but rather “thinks while moving.”

Agibot’s self-developed Linqu OS (R 2R OS) Alpha version runs on top of its
proprietary middleware, AimRT, and maintains full compatibility with the native
ROS2 ecosystem. Built around the PPO algorithm, Linqu OS provides a unified
toolchain for reinforcement learning simulation, training, and deployment based
on MuJoCo and Isaac Gym, offering integrated Sim-to-Sim and Sim-to-Real
support. This allows the exact same policy code to switch seamlessly between
MuJoCo and a real physical robot.

Multi-Fingered Dexterous Hands serve as the primary interface for robot-world
interaction. Modern dexterous hands typically possess 11 to 24 degrees of
freedom (DoF), with fingertips integrating dense tactile sensor arrays capable of
perceiving minute shear forces, surface textures, and temperatures. Tesla’s
Optimus Gen 3 features 22 active DoF in its hands, with high-density tactile
pressure arrays embedded in the fingertips capable of sensing delicate tactile
inputs at the 0.1 Newton level. Gaia Hand 20 adopts a joint-level modular
architecture with 20 DoF, reconstructing the hardware framework with self-
developed miniature joint modules that allow individual joints to be easily
replaced on-site if wear occurs.

Product / Degrees Fingertip Fingertip Estimated Notes Institution of Force
Sensors BOM Cost Freedom Precision (2026E) (DoF) Tesla Optimus 11 DoF
\pm0.1 N Tactile Array ~$5,000 Vertically Hand integrated, in-house

The rapid reduction in whole-body BOM costs is a primary mechanism
accelerating the commercialization of embodied robots. Between 2023 and
2026, the median BOM cost for tier-one manufacturers plummeted from
approximately $100,000 to a range of $27,000-$35,000.

19



Global Physical Intelligence and Embodied Robotics Report

*_ Mainstream Actuator Technology Route Comparison (202\_ )

Technology Route

Series Elastic Actuator (SEA)

Quasi-Direct Drive Actuator (QDD,

Harmenic Reducer + Permanent
Magnet Manet Motor &

Hydraulic Actuator |

Cable Drive / Tendon Drive

Actuator Technolugy Comparison for Humanoid Robots, 2026

Torque Density

Medium Torque Density High Force Control Precision

(~50 W/kg) (Good Passive Compliance)
— il
High Torque Density High Force Control Precision
(~120~150 W/kg) (Active Force Control)
——
<. High Torque Density Medium Force Corce

Control Precision
@ al

(Compact Structure)

Extremely High Medium Force Conttion
Torque Density (Complex Servo Control)
[ | [ o -
“= Medium Torque Medium Force Control
% Density Precision
wl g

Force Control Backdrivability
Precision

High Backdrivability

High Backdrivability

Medium Cost

-
S ;]

High Cost

al

Low Backdrivability

(Requires Control) Wrist Precision Joints

- 3
- Typical Applications:

Low Backdrivability " :ilgt}Cosst Heavy-Duty

— g (HHydraulicSystem) Special Robots
Typical Applications:
High Backdrivability Low Cost Dexterous Hands,
D oEE— Light-Load Wrists

Medium-High Cost

Typical Application

Typical Applications:
Leg Joints, Jointsin
® in Light-Load Waiters

Typical Applications: Leg,
Waist Large Joints

Typical Applications: Arm,

Subsystem 2023 Cost Estimate 2026 Cost Estimate Decrease Primary (%) Cost-
Reduction Driver Actuators $35,000-$45,000 $12,000-$18,000 55-65%
Localization of (Motors + supply chain & Reducers) economies of scale

Ii\iL

2L
R
=

' RH56

Shadow
Hand

PRODUCT /
ORGANIZATION

Tesla Optimus

re 02
and

 Inspire- -Robots

Dexterous

11 DOF 01N
16 DOF +0.08 N
12 DQF *015N
ﬂ(lF #0.1N
12 DQF +012N
24 DOF $0.05N

COMPARISON OF MAINSTREAM DEXTEROUS HAND TECHNOLOGY PARAMETERS, 2026

(Note: BOM cost estimates for medium batches >100 units/yr. Actual costs vary by volume and cuslomlzatlon)

DEGREES OF FINGERTIP FORCE 'FINCERTIP
FREEDOM (DOF) | CONTROL ACCURACY SENSORS

Tactile Array ~ ~$5,000
Multimodal a
Tactile __f 8,000
Basic Tactile  ~$3,500
Distributed o
Tactile =$6,0DO
None / i
Optional — $2,800
Multimodal ~ ~$70,000

(P

Vertically Integrated,
In-house R&D

Co-developed
with OpenAl

Strong Cost
Competitiveness

Differentiated
Competitive
Advantage

High Mass
Production
Maturity

Research Grade,
Non-Mass
Production

World-model-driven virtual training fundamentally upends this paradigm. During
training, the physical model transforms into a high-fidelity parallel simulation
universe. By embedding core physical laws (such as Coulomb friction and
elastic collision formulations) directly into reinforcement learning algorithms,
tens of thousands of virtual robot clones can experiment with falling, climbing,
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and grasping inside GPU arrays at temporal rates hundreds of times faster than
reality.

Deep Domain Randomization is a pivotal technique here. To ensure that policies
trained in a virtual environment deploy directly to physical machines, the world
model aggressively randomizes physical hyperparameters within the virtual
space. In one frame, gravity is tuned to $9.75 \text{ m/s}*2$ and the ground
friction coefficient is set to 0.2 (simulating ice); in the next frame, gravity shifts to
$9.85 \text{ m/s}*2$, ground friction surges to 0.9 (simulating coarse carpet),
and motor communication latency jitters between 0 and 5 ms. Robot policies
forged within this high-dimensional, hyper-randomized matrix universe develop
a natural immunity to real-world noise, yielding a qualitative leap in Sim-to-Real
migration success rates.

Enterprise Physical World Model Embodied Large Flagship Strategic Technical
Vector Simulation Model Product Platform Tesla Proprietary Occupancy End-to-
End Optimus Gen Physical-Digital Dual-Track: Closed-Loop Network + Neural
Network 3 FSD asset reuse across distinct Simulation Video-Generated (FSD
Migration) body forms; car-to-human Al World Model alignment

Technical Core: Tesla treats the physical world as the continuous evolution of a
high-dimensional visual pixel space. By feeding Optimus massive streams of
assembly and material-handling videos captured via human teleoperation, its
internal world model manifests strong spatial geometric common sense. Control
loops discard traditional explicit dynamics formulations, mapping raw visual
inputs directly to the torque outputs of 28 proprietary high-performance
actuators via end-to-end neural networks.

The Dual-Optimus Architecture: In early 2026, Tesla constructed its “Physical +
Digital” Dual-Optimus ecosystem. Alongside physical assembly lines, it
maintains a digital twin framework, Digital Optimus, powered by XAl. This
system simulates deployment logistics, task allocation, and operational
efficiency across the entire robot fleet. Musk confirmed that Optimus Gen 3 is
nearing development completion, with manufacturing slated to begin in mid-
2026 ahead of full large-scale production in 2027.

Hardware Capabilities: Driven by a proprietary Al5 inference chip (delivering over
500 TOPS of edge compute), Optimus Gen 3 completes its perception-decision-
execution cycle in approximately 0.3 seconds. Its 22-DoF hands leverage high-
density pressure arrays to handle delicate components. Guided by human
workers wearing VR gloves and data exoframes, Optimus can master complex
tasks after just 20 hours of training, yielding a 400% surge in training efficiency
and a 99.2% task-completion rate on internal test production lines.
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Technical Core: Its proprietary Genie Sim 3.0 simulation platform is highly
optimized for non-linear contact mechanics, yielding high fidelity in multi-finger
force-control simulations for heterogeneous dexterous hands. Agibot’s core
competitive moat is anchored by the Genie Envisioner 2.0 world model. When
generating spatial-temporal trajectories autoregressively, this model embeds
First Principles constraints (such as the conservation of mass and momentum),
systematically suppressing the “physical hallucinations” that plague traditional
pure-vision large models.

The GO-2 Large Model: Genie Operator-2 unifies logical reasoning with
precision motor execution by deploying an Action Chain-of-Thought alongside
an Asynchronous Dual-System. GO-2 scores an average success rate of 98.5%
on the LIBERO benchmark and achieves an 82.9% zero-shot cross-domain
migration success rate on Genie Sim 3.0. It supports parallel fleet training for
thousands of robots concurrently, driving training efficiencies up tenfold while
slashing baseline data volume mandates by 50%.

Industrial Deployment: Its Expedition A2 robot leverages the real-world AGIBOT
WORLD 2026 dataset to operate inside automotive assembly lines, 3C
electronic cabling bays, and high-frequency pipetting laboratories. Having
achieved a production milestone of over 10,000 units, Agibot represents a key
case study of tight hardware-software coupling scaled for real-world industrial
deployment.

Technical Core: UBTECH maintains a deep strategic alignment with NVIDIA,
rebuilding its underlying virtual training environments on highly customized
variations of NVIDIA Isaac Sim to extract maximum parallel training performance
from GPU arrays. Its Thinker-WM world model and Thinker-VLA large model
exhibit a distinct “hardware-feeds-software” dynamic. Because UBTECH
possesses vast repositories of real-world industrial Z#{
(instructional/demonstration) data gathered directly from operational automotive
lines (such as NIO and Dongfeng Motor), its models manifest high stability when
confronting variable factory illumination, heavy payload balancing, and rigid
snap-fit assembly tasks.

Technical Core: Its core asset, PhysBrain 1.0, is a physics-informed world model
embedded with partial differential equation residual loss metrics rather than a
basic video generation model. DeepWise rejects the conventional path of simple
real-robot trajectory tracking and data fitting. Instead, it employs a “Human
Learning” paradigm, ensuring the robot masters world physical common sense
before it is assigned specific tasks. Its data pipeline upgrades from raw robotic
trajectory logs to human first-person egocentric interaction videos, extracting
core interactive common sense rather than superficial joint movements.
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Benchmark Leadership: DeepWise topped the WorldArena benchmark with an
aggregate score of 64.96, leading across 16 out of 22 comparable dimensions.
It further demonstrated dominance on SimplerEnv (achieving success rates of
80.2% and 91.3%), refreshed the upper performance bounds on RoboTwin 2.0
(93.82% and 93.30%), and scored an average success rate of 98.8% on
LIBERO, surpassing prominent baseline models like $\pi_0.5% and NVIDIA
GROOT. The rollout of its industrial-grade, full-scale anthropomorphic robot,
Prime, completes its full-stack data-brain-body ecosystem.

Technical Core: Google’s computational physics foundation is highly
sophisticated. It heavily modified its acquired MudoCo engine internally, aligning
it with ultra-large-scale compute clusters. Its Dreamer world model series
represents an early, highly mature latent-space autoregressive prediction
framework, allowing agents to evolve optimal control policies entirely within
virtual “mental dreams.” Concurrently, its RT-2 model stands as a premier VLA
framework that aligns internet-scale vision-language semantics with low-level
robotic action tokens.

Genie 3: Opened as an experimental research prototype, Genie 3 generates
interactive 3D environments from simple text prompts, driving inputs, and scene
layouts. Its core capacity lies in simulating environmental dynamics, predicting
evolutionary paths, and evaluating behavioral impacts, pushing Al-driven world
simulation from “static generation” into “dynamic interaction.” The platform
exhibits immense cross-platform generalization; whether assigned to a single-
arm manipulator, a three-wheeled mobile base, or a bipedal humanoid, RT-2
guides the hardware through precise semantic instructions without requiring
localized retraining.

From a technical standpoint, breakthroughs are concentrated in three key
vectors: the deep fusion of VLAs and world models at the “Brain” layer to
systematic bridge the semantic-motion gap; real-time physical model inference
at the “Cerebellum” layer running at over 300 FPS on-device to confirm the
viability of real-time dynamic control; and modular hardware paired with tri-
modal sensor networks at the “Body” layer to stream high-fidelity data back into
the models.

Chapter 4: Embodied Robotics Industry and Competition

The year 2026 is widely recognized by the industrial community as the
“Inaugural Year of Full Commercialization for Embodied Robotics.” The
explosive growth of empirical data indicators not only demonstrates the
convergence of technological paradigms but also heralds the formal emergence
of a trillion-dollar super-track. This chapter systematically presents a
comprehensive overview of the global embodied robotics industry across four
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dimensions: market scale and growth drivers, regional competitive landscapes,
the competitive matrix of major enterprises, and investment and financing
characteristics.

EMBODIED ROBOTICS COMPETITIVE LANDSCAPE: HARDWARE CAPABILITY VS. Al ALGORITHM STRENGTH
Embodied Robotics Competitive Landscape: Hardware Capability vs. Al Algorithm Strength

Company
@ Tesla Optimus
g = _ Strongest vertical integration: significant
CHALLENGER Gordl LEADER manufacturing scale advantage; high
e i .
Deepitnd Tesla potential for FSO algorithm transfer.
2 @ Google DeepMind
Algorithms lead with RT-2/Gemini
Figure Robotics; hardware depends on partners
(incl. Basten Dynamics).

Boston @ Boston Dynamics
@ Bynamics Hardware robustness industry benchmark;
transiticn to Al software ongoing (under
Hyundai ownership).

Unitree
Extremely strong cost control; outstanding
volume production ability, algorithm

being rapidly
FOLLOWER INNOVATOR @ Agibot
Deep integration into the Shanghai industry
chain; completed B-round financing in
2025, differentiated dexterous hands.

@ NVIDIA Isaac
Flatform rather than whole machine
vendor; GROOT feundation model impacts
@ . the entire industry

A QUALITATIVE ASSESSMENT:
Coordir i are i
judgments based on public information, not
precise quantitative scores, Bubble sizes

Bubble size = Market Value approximate market value/valuation, not
abselute technical superiority.

Al Algorithm Strength —

Hardware Capability —

Source: WLA Report (2026}; company public disclosures; Morgan Stanley Equity Research (2025); synthesized by WLA Research Team. Mote: Quadrant positions represent
qualitative assessments based on public information as of Q1 2026; positions may shifl as companies release new products. Platform praviders (NVIDIA) positioned by
ecosystem influence rather than direct hardware capability.

Market Scale of China’s Full Embodied Intelligence Supply Chain: Under CCID
Consulting parameters, this is valued at approximately 1.09 trillion RMB
(encompassing upstream and downstream supporting industries), whereas the
market scale for complete robots and direct assemblies sits at 5.295 billion RMB
(2025). These definitions differ sharply and must be applied distinctively.
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DATA SOURCES AND METHODOLOGY COMPARISON: HUMANOID ROBOT SHIPMENTS 2025

| Evaluating different market research approaches for a burgeoning industry : _ g

DATA SOURCE / 2025E GLOBAL CHINA MARKET METHODOLOGY & CALIBER KEY CHARACTERISTICS
ORGANIZATION SHIPMENTS SHARE DESCRIPTION & RELIABILITY RATING {

. Commercially deployed humanoid Broad coverage; pilot projects
IDC ~18,000 units ~85% robots; includes pre-production pilot might overstate figures.
deliveries. b 8.8 6 &%¢

v 5 86.9% Stricter caliber; only counts formal Conservative but robust; higher
Omdia ~13,000 units (dominated by 6 production serles deliveries, excluding historical accuracy.
Chinese leading firms) internal testing and demos. 'S 20 & ¢

GGl ; fr i Authoritative within China; wide
(Gaogong ~17,000 units —  Wider caliber; includes machines for oy tead 10 overestimation.

by Insntute) internal testing and display prototypes. kA Prir

~17,000 units 84.7% Official Chinese government research  High accuracy for Chinese data;
ICCIAD Research ,:am;ated via hack- (with back-calculating ~ @rm; focused on tracking the Chines  global data depends on back-projection
nstitute prmectmn from share) global figure) Chinese domestic market. 180 8. ®

; Based on company surveys and data  Investment analysis focus; indirect
Morgan Stanley ot pendotiy ~90% from listed public companies; statistics rather than direct counting
published shipments investment perspective. b 6§ Ghmid

1| : Primarily market size forecasting Long-term forecasting useful;
- Goldman N!{;EF |Ed§pti1r]dentl)"£ —_ based on demand models, not limited short-term precision.
PUUNEHCCSHIDIET > shipment counting. * Ay v

[IMPORTANT NOTE] Reliability ratings consider data collection methods, caliber transparency, and historical forecasting accuracy. d &4k
is the highest. Always cite sources and methodological contexts when directly referencing, and avoid cross-source direct comparisans.

Company Representative Core Moats / Primary Weaknesses Estimated 2026
Strategic Product Advantages Shipments Competitive Positioning Tesla
Optimus-3 Vertically integrated Closed ecosystem ~20,000-25,000 units
Vertically manufacturing with lagging (estimated) integrated (in-house motors,
community full-stack leader reducers, chips); FSD development; algorithm reuse;
completely reliant Shanghai Gigafactory on internal data scale validation
harvesting

Unitree H1 Pro, G1 Extreme cost control Relatively thin Al ~8,000-12,000 units
Cost leader ($16,000-$25,000 algorithmic Large-scale mass per unit);
architecture; production hyper-rapid high-end precision iteration; extensive
manipulation needs mass-production improvement experience in quadrupeds

Google Atlas + Globally dominant Al Hardware Research-focused; Algorithmic
DeepMind Gemini Robotics algorithms (Gemini manufacturing is limited
commercial high-ground leader Robotics, RT-2-X); not a core shipments
immense academic and competency; computing assets commercialization path
remains opaque

Strenuous and hazardous roles within automotive assembly lines (such as
chassis undercoating, polishing, and snap-fit buckle installation), chemical plant
inspections, and night-shift logistics warehousing are confronting irreversible
generational labor deficits. Embodied robots present compelling substitution
economics as they reach the threshold of “human equivalent comprehensive
cost equivalence.” By 2026, the amortized hourly operational cost of an
embodied robot dropped to approximately $3.50, dramatically lower than
human manufacturing wages in developed nations (where average
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manufacturing wages hover around $28.00 per hour in the US and €25.00 in
Germany). Assuming a humanoid robot purchase price of $25,000 with a 5-year
operational lifespan replacing a two-shift worker matrix, the return on investment
(ROI) horizon has shrunk to under 18 months.

Vision-Language-Action (VLA) models and conservation-law-constrained,
action-conditioned world models achieved a generational leap in 2026. A robot’s
cognitive center now possesses zero-shot generalization capabilities alongside
long-horizon causal reasoning. Consequently, the software deployment
adjustments and integration costs borne by enterprises plummeted by over 90%.
Upon unboxing and connecting a robot to local edge compute nodes, the
machine can adapt to a novel factory assembly line within hours, shattering the
traditional automation programming chains that historically required months of
localized calibration.

China’s Ministry of Science and Technology, alongside the MIIT and over twenty
core municipalities (including Shanghai, Shenzhen, Beijing, Hangzhou, and
Chonggqing), introduced comprehensive supply-chain subsidies, first-set
application reward policies, and ten-billion-yuan-scale embodied intelligence
industrial guidance funds. Concurrently, the United States leveraged legislative
frameworks to accelerate targeted federal funding for “Physical Al” research.
This massive release of policy dividends has ignited aggressive entry by
municipal governments, industrial manufacturing titans, and venture capital
consortiums.

On the global map of embodied robotics, the competitive posture in 2026
exhibits clear “geographical complementarity and technical checks-and-
balances.” The United States maintains a formidable moat in algorithmic
originality and software ecosystem dominance. Conversely, China commands
near-absolute authority over engineering scale, vertical supply chain integration,
and rapid commercial landing execution. Europe, Japan, and South Korea hold
specialized high-ground positions within precision sub-components and safety
standardization, forming a geopolitical landscape defined by a Sino-US duopoly
supported by multi-polar specialization.

Dominating the Global Market Share: Under standard parameters, China boasts
more than 140 complete robot manufacturing enterprises. In 2025, these firms
delivered 14,400 units, capturing 84.7% of global shipments and establishing a
domestic market scale of 1.55 billion RMB. Tier-one Chinese manufacturers —
including Unitree, Agibot, Leju , Accelerated Evolution , Astribot, and UBTECH—
collectively command 74.1% of global output. Under strict Omdia tracking
metrics that filter out internal test prototypes, these top six Chinese enterprises
claim an absolute 86.9% global shipment share.
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The core competitiveness of China’s embodied robotics industry is rooted in its
robust component ecosystem. Aggregated data indicates that the localization
rate of core components in domestic humanoid robots has systematically
bypassed 70%-80%. This supply-chain maturity has driven the average cost of
an industrial-grade Chinese humanoid robot down to 103,000 RMB ($14,000-
$15,000), representing a fraction of the cost of western counterparts.

The microeconomics of this component leap are clear: in 2018, a high-
performance $120\text{ N}\cdot\text{m/kg}$ joint motor commanded a premium
of 50,000 to 60,000 RMB; by 2025, an identical joint module costs merely 500 to
600 RMB—an astonishing 100-fold reduction in manufacturing cost. For
instance, Unitree achieves over 95% in-house component manufacturing
(spanning motors, reducers, sensors, encoders, and battery management), while
maintaining a 60% component reuse rate between its humanoid lines and
quadruped dogs. This rapid iterative loop allows Chinese firms to complete full
hardware design-to-mass-production cycles in months, a timeline that
historically required years.

The unique strength of Chinese policy lies in its capacity for scenario
organization and market penetration. The MIIT’s Action Plan for the Scale
Application of Embodied Intelligence in Core Manufacturing Scenarios directly
unified robotics developers with heavy industrial manufacturing titans like FAW,
CATL, and BYD. By deploying robots for continuous, routine training within
physical automotive assembly and battery packing lines, domestic developers
harvest massive volumes of real-world physical interaction data. This has forged
an efficient industrial loop: scenarios nourish algorithms

$\rightarrow$ algorithms optimize hardware $\rightarrow$ hardware expands
manufacturing scale.

Monopoly Over Virtual Simulation and Algorithmic Frameworks: The software
architecture layer—led by NVIDIA’s Omniverse/lsaac Sim 3.5+ simulation
platforms, Google DeepMind’s RT-X repositories, and OpenAl’s Transformer-
Embodied frameworks —constitutes a formidable ecosystem moat. Over 70% of
global robotics software developers and machine learning scientists build
applications on top of standard protocols, CUDA architectures, and software
APIs defined by US tech giants. This authority to define the fundamental rules
grants the US immense leverage over the evolutionary vector of physical Al.

High-Fidelity Virtual Leadership: NVIDIA’s Isaac Sim leverages RTX real-time ray
tracing and GPU-accelerated PhysX 5 engines to simulate rigid, soft, and fluid
dynamics simultaneously. A single workstation can run thousands of parallel
physical instances concurrently at speeds ranging from 5,000 to 50,000 times
real-time, making it the undisputed leader in high-fidelity data generation.
Concurrently, Google DeepMind’s open-source MudoCo engine remains the
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industry benchmark for multi-body contact simulations within deep
reinforcement learning. DeepMind’s collaborative launch of the Newton physics
engine, managed under the Linux Foundation, represents a strategic move to
define development standards from the foundational source code upward.

The hardware scaling narrative within the United States is concentrated heavily
inside a single corporate titan: Tesla. In 2026, Elon Musk’s Optimus Gen 2 and
mass-production variants initiated an unprecedented scaling cascade across
Gigafactories in Texas and Nevada. Thousands of Optimus units entered Tesla’s
internal automotive sub-assembly lines, battery packaging zones, and heavy
stamping bays. By leveraging its immense capital reserves, seamlessly
migrating FSD (Full Self-Driving) visual networks, and utilizing the Dojo
supercomputing clusters, Tesla single-handedly forced the rapid maturation of
the North American robotics supply chain, creating a formidable manufacturing
engine.

Vibrant Venture Frontiers: Beyond Tesla, the US venture landscape features
highly capitalized startups like Figure Al. Backed by over $1 billion in venture
funding, Figure Al utilizes NVIDIA Isaac Sim to expand synthetic data generation,
embedding a secondary NVIDIA GPU module directly onto its Figure 02 chassis
to boost on-body edge reasoning capacities threefold compared to its first-
generation platform. Deployed inside BMW production plants, its Helix 02 Al
platform showcases a clear shift where top-tier US robotics firms are de-
emphasizing superficial hardware parameters to focus entirely on cognitive
brains, world models, edge inference latencies, and closed-loop data harvesting.

Micron-Level Multi-Physics Digital Twins: The German Aerospace Center (DLR),
Siemens, and Dassault Systemes have elevated the fidelity of robotic physical
twins to the micron scale. Within specialized aerospace manufacturing, nuclear
component welding, and micro-pharmaceutical environments, Europe’s rigid-
soft-fluid multi-physics coupling engines remain the absolute global benchmark.
European firms focus heavily on healthcare and premium domestic settings; for
instance, 1X Technologies’ NEO Beta humanoid utilizes bionic wire-driven
transmission frameworks and a compliant safety architecture that secured full
EU certification, penetrating the domestic service market ahead of western
competitors.

The Regulatory Fortifications of the EPSA: As robots transition out of factory
cells and into homes, offices, and public domains, Europe has pioneered
comprehensive solutions to address physical hazard mitigation, data privacy,
and liability attribution. The full implementation of the European Physical Safety
and Alignment Act (EPSA) establishes a stringent technical barrier for human-
robot coexistence. Any embodied robot seeking entry into the European market
must pass an intensive reverse-audit of its physical behaviors based on First
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Principles, systematically ensuring that “black-box” Al systems cannot execute
erratic or hazardous movements due to algorithmic hallucinations.

As the industry moves into mature scaling phases, the market naturally stratifies
into distinct competitive tiers based on corporate moats. On the 2026 global
embodied robotics competitive matrix, major enterprises can be mapped across
two core axes: Foundational Al/World Model Sophistication (“The Soul”) versus
Mass Engineering and Scaling Competencies (“The Body”).

Unitree : The undisputed efficiency and cost disruptor of global legged robotics.
Its technical stack focuses heavily on maximizing the performance of motion
control coupled with large-scale reinforcement learning, backed by a mature
internal manufacturing chain for coreless motors and customized reducers. lIts
G1 folding humanoid robot employs an aggressive pricing strategy that has
swept through global academic, research, and developer markets, driving the
average price of a full-scale humanoid down substantially and running a highly
profitable commercial volume loop.

Core Strengths: Their engineering speed, tooling velocity, hardware cost-
reduction capabilities, and supply-chain assembly throughput are highly
advanced. They can synthesize a visually striking humanoid robot with extensive
joint degrees of freedom within months, holding a significant numerical presence
within the complete robot market. Their core competitiveness centers on deep
component sourcing optimization, an intimate familiarity with traditional factory
floor layouts, and rapid time-to-market loops for new hardware variants.

Through 2025 and early 2026, the embodied robotics track consolidated its
status as the primary focal point of global venture capital markets. The
distribution of capital reveals a distinct shift in investment logic: moving away
from early-stage exploratory allocations to focus strictly on a “dual-engine drive”
combining physics-informed software with mass-scalable hardware. Venture
capital now prioritizes firms that manifest a balanced synthesis of simulation
kernels, independent Al models, and mass-production execution. The era of
securing capital solely via slick conceptual videos, academic pedigree, or
single-tier competencies (pure software development or basic hardware
machining) has concluded.

Within this surge of capital, funding exhibits an intense “structured aggregation”
pattern: core segments dedicated to the development of embodied brains and
cerebellums—specifically physics-informed world models, differentiable
simulation kernels, and VLA foundation networks—absorbed 10.4 billion RMB in
a single quarter. Institutional capital recognizes that while hardware component
costs can be deflated later via supply-chain scale, the enterprises that
successfully deploy a standard, universal cognitive engine possessing robust
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physical common sense will establish themselves as the foundational
infrastructure providers of the embodied era.

Sovereign Autonomy of the Physics Core: Venture capital firms no longer
prioritize superficial parameters like a robot’s maximum walking velocity. Instead,
the entry-level validation queries focus on software autonomy: “Is the simulation
engine powering your training pipeline an off-the-shelf license or written in-
house? Can your world model execute on-line counterfactual gradient
derivations?” If a robotics firm’s training architecture remains entirely parasitic
on foreign closed-source platforms, it risks losing its competitive edge under
geopolitical licensing blockades. Consequently, startups that command
independent simulation kernels and proprietary token datasets (such as Agibot
and DeepWise) command substantial valuation premiums. This has driven
intense capital focus toward specialized toolchain developers—such as FJS,
Songying Technology, and Mouxianfei—who supply the core algorithmic
infrastructure of the track.

The spring of 2026 marked a historic milestone in the capitalization of embodied
robotics. The domestic track entered a dense IPO activation window, signaling a
transition from early-stage venture funding into mature commercial validation
and capital market scaling. This IPO surge exhibits three clear traits: stratified
progression cadences, multi-market diversification, and active participation by
state-backed investment vehicles, with listing destinations primarily
concentrated across the Hong Kong Stock Exchange (HKEX) and the Shanghai
Stock Exchange (SSE) Sci-Tech Innovation Board .

According to financial disclosures in its prospectus, Unitree achieved an
explosive revenue performance in fiscal year 2025, reaching 1.708 billion RMB
with a non-GAAP net profit attributable to the parent company of 600 million
RMB. The company’s core business gross margin scaled steadily up to 59.45%.
The raised capital is slated to fund three major initiatives:

However, beneath this industrial prosperity lies a fierce Darwinian consolidation.
The extreme concentration of institutional capital into full-stack leaders has
triggered severe liquidity depletion for low-tier hardware aggregators lacking
proprietary algorithmic cores. Dozens of minor startups that rely entirely on off-
the-shelf components and standard open-source software wrappers are facing
critical capital shortfalls, marking the formal commencement of a massive wave
of market elimination, technological shakeouts, and corporate M&A.

Chapter 5: Scenario Deployment and Physical Model Empowerment

If the evolution of physical model pathways and the geopolitical ecosystem
dynamics explored in the previous chapters constitute the “underlying
processing system” and the “hardware skeleton” of embodied intelligence, then
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vertical application scenarios serve as the “touchstone” that dictates whether
this industrial wave will translate into authentic productivity and maintain
commercial viability.

Quanititative Impact of Embodied Robots
Quantitative Impact of Embodied Robots by Application Scenario, 2026 Deployment Data

SECTOR 01 SECTOR 02
Industrial Manufacturing Consumer Services

Typical Scenario: Complete Vehicle Assembly +38% Typical Scenario: Commercial Service Robots +31%
Production Efficiency  eom—— 380 Service Efficiency P 310
Improvement Y25 Improvement +2-31%
Defect Rate Reduction ~— Se— 152-67% User Satisfaction e —r 78-85 pts
E‘éﬁ{]ggjﬁgg”s“mm“’“ 118-23% Labor Cost Savings 35-45%
Changeover Time 156-65% Service Coverage 24x7
Reduction Duration
Avg ROI Period Typical deployment approx. 18-24 months ?ggg‘gé)p enetralion b end dining/hotels -3-5%; Fast food ~1.5%

SECTOR 03 SECTOR 04

Healthcare & Senior Care Special Operations

Typical Scenario: Post-Op Rehabilitation Auxiliary +28% Typical Scenario: High-Risk Environment Inspection 0 Casualties
ggﬁ??éﬁﬁ‘na“’de" — 135-45% Personnel Casualty Risk comm——— 190-95%
Rehab Success Rate = +22-28% Task Completion Rate  esssns 82-91%
Accidental Fall Prevention s 158-67% gﬂp;igg:”s Operation 6-8 hours
Loneliness Improvement -35-40% Autonomy Rate with “72%

Comm. Interruption
A Regulatory Status China's YD/T 6770-2026 standard released; Representative Nuclear power inspection, mine exploration,
FDA pathway remains unclear Deployments subsea pipeline maintenance

Data Note: Above KPI data sources from 2025-2026 corporate public pilot reports and industry research, some indicators are range estimations (Confidence level: % 4 v 1),
not yet Large-scale independent third-sarty verified. HeScERINED. User satisfaction uses Net Promater Score (NPS) system. | Indicates reduction in direction of positive benefit.
Source: WLA Research synthesis; CRIA (CRIA); enterprise pilot disclosures (Teals, Agibot, UBTECH, Unitree, 2025-2026). Data points marked as ranges reflect inter-firm
variance rather than measurement uncertaility.

Between 2025 and early 2026, the global embodied robotics industry completely
outgrew its purely academic laboratory phase, penetrating four core vertical
domains: industrial manufacturing, consumer services, healthcare and eldercare,
and specialized emergency response. Within these spaces, physical models are
no longer abstract cloud-hosted architectures leveraged for technological PR;
instead, they are deeply integrated into every force-controlled grasp, dynamic
obstacle evasion, and fall prediction, delivering concrete and quantifiable
“empowerment dividends” across the entire industry.

Digital Reconfiguration of Assembly Lines and Physical Common-Sense
Alignment. Industrial manufacturing represents the golden vertical sector with
the highest penetration rate and the densest concentration of commercial orders
for embodied robots in 2026. On the “hardcore assembly lines” typified by
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intelligent electric vehicles, precision 3C electronics, and large-scale modern
warehouse logistics, the seamless embedding of physical models is reshaping
traditional industrial automation paradigms at an unprecedented velocity.

Traditional Production Line Deployment

ik " g Z A z
Mold Fabrication On-site Teaching Trial & Error Deformation Correction Weeks to Months
Mold tion chini Trial & Ervor Daf lon Weeks to Months

fo= = == e — = e ——
/% Core Pain Points: Product model changeovers require re-molding & re-teaching + High dependency on labor « Deformation correction is manual/non-automated
Average line deployment is 4-12 weeks, impacting production ramp-up & flexibility

Physics-Model-Empowered Deployment

Changeover cycl 5 = Days

VFM encodes geometry PINN + Differentiable Simulation Domain randomization - Self-adaptiva alignment :
Materials-Tolerances-Boundary conditions Heat-Force-Flow coupled real-time solver Sim-to-Real direct deployment Automated deformation carrection - Zero

manual intervention

Ne re-scanning of physical prototype Reptaces offline finite element simulation Na labor teaching or re-calibration Production ramp-up speed x2

According to data from the Gaogong Industry Research Institute (GGlI), the
global industrial robotics market scale was valued at approximately $42 billion in
2025, with the structural contribution of embodied intelligence (epitomized by
humanoid forms and dual-arm collaborative platforms) surging from under 1% in
2023 to over 8% in 2025. In the first quarter of 2026, leading global automotive
manufacturers (Tesla, BYD, Volkswagen, GM) and 3C electronics contract
manufacturers (Foxconn, Luxshare Precision, Pegatron) deployed more than
12,000 embodied robots directly onto production floors, with humanoid forms
outstripping the growth of traditional SCARA and 6-axis robotic arms for the first
time.

The primary driver behind this wave of penetration is the technical breakthrough
delivered by physical models against the traditional bottlenecks of “flexible
automation.” Legacy industrial robots excel in highly structured environments,
but their rigid programming and complete lack of physical common sense
render them brittle when introduced to high-mix low-volume production,
complex assembly tolerances, and dynamic human-robot co-working spaces.
Enabled by embedded world models, modern embodied robots perceive
workpiece deformations, environmental disturbances, and task contexts in real
time, achieving a paradigm shift from “teach-and-replay execution” to “goal-
oriented autonomous operations.”

Traditional industrial automation (such as deploying legacy 6-axis mechanical
arms or fixed-station dedicated machinery) introduces steep temporal and
financial sunk costs. Prior to rolling out a new vehicle model or electronic
product, engineers must dedicate weeks or months on-site to executing
mechanical tooling modifications, hardcoding point-to-point trajectories (teach-
programming), and conducting tedious calibrations for force-control parameter
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drift. If a tolerance shift of a few microns occurs during physical assembly, the
entire production line faces massive downtime and rework risks. According to a
McKinsey report, an automotive general assembly line with an annual capacity
of 200,000 vehicles incurs an average debugging downtime cost of up to $4
million per new model introduction.

Multi-Physics Fusion Latent Twins: By integrating differentiable physics
engines—such as DeepWise’s PhysiSim Core, NVIDIA’s highly customized Isaac
Sim kernel, and the Shanghai Al Laboratory’s open-source Intern full-stack
engine—with factory Manufacturing Execution Systems (MES), this technical
bottleneck has been systematically eliminated. Before physical workstations are
even constructed, a high-fidelity digital twin station—encompassing fixture
material stiffness, conveyor non-linear friction profiles, tool aerodynamic drag,
and the robot’s independent inertia tensors—is simulated within cloud
supercomputing networks.

Taking door trim panel snap-fit buckle installation as an example: the digital twin
station not only precisely models the robot chassis dynamics (joint friction,
motor response latencies) but also utilizes reduced-order finite element models
to simulate the elastic modulus variations of plastic buckles across variable
temperatures, alongside \pm0.3\text{ mm}random positional offsets in mounting
holes caused by body welding stress. By executing hundreds of thousands of
Monte Carlo simulations within this twin environment, the robot autonomously
formulates a robust “hybrid force-position control policy” —deploying position
control during the approach phase for rapid alignment, and switching to
impedance control upon contact to monitor force leap signals in real time.

Zero-Shot Mapping of Analytical Gradients: The robot requires zero training on
the actual physical line. Enabled by the world model, it resolves thousands of
physical states—characterized by tolerance jitters, grasping deformations, and
stress concentrations—at microsecond timescales inside the cloud twin
universe. It maps the optimized “action-torque” control matrix directly onto the
physical robot chassis as a zero-shot or few-shot transfer. This “learn in
simulation, execute in reality” paradigm completely bypasses traditional manual
teaching pipelines and repetitive physical trial-and-error.

Empirical Performance Data: Audit data from advanced manufacturing facilities
(including BYD, CATL, and Tesla’s Shanghai Gigafactory) reveals that leveraging
physical-model-driven digital twins to optimize workstation layouts and control
policies reduces on-site process debugging times by over 50%. For instance, at
CATL’s Yibin facility, line adaptation for battery module adhesive dispensing and
busbar welding—a process that historically required three weeks—was
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completed in just five days after digital twin simulation, achieving full-capacity,
stable production immediately.

Automotive general assembly lines involve the manipulation of thousands of
precision components. Tasks such as interior trim installation, wire harness
routing, and chassis bolt fastening have long remained heavily dependent on
manual labor due to high task mix, complex force compliance mandates, and
stringent visual localization precision requirements. By 2026, humanoid robots
transitioned from exploratory pilot workstations onto active core assembly lines,
delivering standardized solutions.

In modern automotive super-factories (including NIO’s Hefei advanced
manufacturing hub, Tesla’s Shanghai Gigafactory, ZEEKR’s Ningbo plant, and
multiple BYD manufacturing bases), the deployment density of humanoid robots
on vehicle lines has reached a critical explosion point of 5 to 8 units per
kilometer. They are comprehensively replacing costly, rigid dedicated machinery
and human workers for flexible assembly and micro-level quality assurance
tasks.

Rigid Buckle Installation and Flexible Harness Routing: These tasks represent
“Holy Grail” challenges that traditional industrial robots are fundamentally
incapable of executing due to the complex, transient rigid-soft contact
mechanics involved. Utilizing Whole-Body Control (WBC) paired with end-
effector 6-axis force/torque sensors, the embodied robot’s high-performance
CPU executes real-time differential equations through its physical model within
1 millisecond of fingertip contact with a buckle. It maps the precise force-
resistance curve, dynamically twisting its fingers with human-like dexterity to
probe for alignment. Upon capturing the definitive “Force Snap” signal
indicating the buckle has cleared the mounting tab, the robot instantaneously
dampens its applied force—guaranteeing a flush, secure fit without fracturing
fragile plastic sub-structures.

Threaded Bolt Fastening: Traditional mechanical arms confronting minor
eccentric offsets during threaded alignment often induce cross-threading,
leading to immediate component scraping. Enabled by a cognitive grasp of
physical dynamics, embodied robots leverage compliant pose control to micro-
adjust end-effector entry angles, seeking the optimal threaded alignment path.
This drives bolt-fastening task completion rates to 98% with a first-pass yield of
99.7%, vastly outperforming the 75% average yield observed in traditional
robotic arms.

Chassis Adhesive Dispensing and Sealing: Driven by real-time computational
fluid dynamics solvers that track viscous fluid profiles, the embodied robot
dynamically modulates its end-effector velocity and adhesive extrusion pressure
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based on micron-level tolerance variations along the vehicle chassis weld seams.
This guarantees uniform adhesive bead placement with zero discontinuities,
outclassing traditional 5-axis synchronous mechanical arms. Tesla’s Shanghai
plant reported that integrating Optimus for chassis sealing dropped adhesive
bead defect rates from 0.8% to under 0.05%.

Production Case Study: At a smartphone camera module assembly line in
Shenzhen, 50 Agibot Expedition A2 humanoids were integrated to route
0.5\text{ mmj}flexible cables into Board-to-Board (BTB) connectors featuring an
entry depth of merely $2\text{ mm}$. Because the flexible cables experience
random structural warping during transport, legacy automation failed, and
human operators required microscopes, yielding a cycle time of 45 seconds per
unit at a 92% pass rate. Running the Genie Operator-2 VLA framework, the
Agibot humanoids resolved the cable’s topological structure within 1 millisecond
to generate optimal insertion paths, slashing cycle times to 28 seconds per unit
while boosting yields to 99.3% and displacing 12 human workers per line.

Furthermore, when confronting thousands of cross-border e-commerce SKUs
introduced daily, zero-shot cross-object generalization serves as a core
operational capability. Utilizing physical intuition forged over hundreds of
millions of dynamic multi-modal visual tokens, the embodied robot evaluates an
item’s friction coefficient and internal mass balance the instant it encounters a
novel package, analyzing surface specular gloss and micro-textures to
automatically match optimal suction or gripping trajectories. This universal
sorting capability compresses warehouse adaptation cycles from hours down to
seconds.

Logistics Optimization: Amazon’s deployment of 10,000 Digit humanoid robots
across its North American fulfillment centers boosted per-capita processing
efficiency 2.3-fold, while cutting single-item sorting costs by 41%.

Tesla utilizes its Texas Gigafactory and Nevada Gigafactory battery lines as
severe real-world testing environments for its Optimus Gen 2 and mass-
production variants. By deploying a fleet of 1,000 Optimus-3 humanoid robots
across its Shanghai Gigafactory, Tesla achieved a milestone: an integrated
automotive assembly workflow running highly automated, unmanned sub-
segments.

Furthermore, Tesla opened its specialized robotics operating system, Tesla OS
3.0, allowing global enterprise partners to customize industrial scripts, quickly
generating over 100,000 specialized operational workflows. This combination of
hardware standardization and software accessibility is accelerating industrial
deployment
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lifecycles.
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By 2026, UBTECH’s Walker S series established itself as a widely integrated
industrial humanoid framework across automotive plants, securing partnerships
and field-testing deployments with manufacturing giants including Dongfeng
Liuzhou Motor, Geely Auto, FAW-Volkswagen, Audi FAW, BYD, and BAIC BJEV.

PANORAMA OF PHYSICAL MODEL EMPOWERMENT IN
HEALTHCARE & ELDER CARE SCENARIOS
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Hardware Cost Deflation and World-Scale Terrain Adaptation. While industrial
integration represents the immediate commercial validation for embodied
robotics, the consumer services sector—specifically personal and domestic
quadruped robots (commonly referred to as “robot dogs”)—represents a
massive frontier market. By 2026, the global quadruped robotics sector
completed its transition from an academic laboratory curiosity into a mainstream
consumer commodity. The primary catalyst driving this scaling inflection point is
the continuous evolution of physical models, which has vastly enhanced terrain
traversal and dynamic obstacle evasion safety across non-structured, highly
volatile domestic and outdoor spaces, systematically reducing the high failure
rates that historically hindered mass adoption.
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Shipment Scaled Volumes: Industry white papers estimate that China’s
domestic quadruped robot shipments scaled up to approximately 65,000 units
in 2025, capturing roughly 80% of the global output, which cleared 82,000 units
globally, generating a 5-billion-yuan domestic market scale. Concurrently, the
broader consumer service robotics market has expanded, with household
domestic service robot sales clearing 6 million units, driving household
penetration rates in tier-one metropolitan hubs to 23.5%.

Unitree Robotics commands a dominant position within the global quadruped
shipment landscape, capturing a 32.4% global market volume share, followed
by DeepBlue Technology at 18.9%. Unitree’s consumer portfolio prioritizes
affordability and high-agility interaction for family entertainment and
programming education, leveraging proprietary motor and controller toolchains
to construct a robust cost barrier.

This stabilization of the technology curve catalyzed a consumer surge, pushing
global cumulative sales of consumer-grade quadrupeds and lightweight
humanoids past the 100,000-unit milestone. This volume inflection point allows
supply-chain component costs to contract by an additional 30%-40%,
unlocking a virtuous industrial cycle: cost reduction $\rightarrow$ volume
scaling \rightarrow further cost deflation.

By deploying its highly compact G1 folding humanoid robot (entering the market
at an accessible price threshold of 26,900 RMB) alongside the advanced Go2
quadruped, Unitree has established itself as a prominent vendor in the
consumer services space.

The updated CyberDog 3 incorporates an on-body gas sensor array capable of
detecting carbon monoxide and natural gas leaks, coordinating with Mijia smart
valves to isolate gas lines automatically. This evolution transforms the platform
from a standard security patrol unit into a comprehensive home safety manager.
Xiaomi’s disclosures confirm that its CyberDog line has covered thousands of
residential communities across China.
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Precision Human-Robot Interaction and Vulnerable Life Protection. Confronting
an irreversible global demographic aging wave, medical rehabilitation and smart
eldercare have emerged as highly socially significant and long-horizon tracks for
embodied robotics. Within this domain, robots interact directly with the human
body—a medium that is highly fragile, structurally non-uniform, and demands
strict physical safety. The precise execution of physical models in this sector
directly dictates the safety and efficacy of human-robot interaction.

According to the International Federation of Robotics (IFR) World Robotics
Report — Service Robots, the global medical and rehabilitation robotics market
scale climbed to $3.8 billion, maintaining a compound annual growth rate
(CAGR) of 25.9%. Projections indicate this track will cross the $10 billion
milestone by 2030. Driven by demographic shifts, China’s domestic medical
robotics market scale reached 9.8 billion RMB, marking a 35% YoY expansion.

Technological maturity has driven hardware costs down; the average price of a
rehabilitation exoskeleton declined from $200,000 to a range of $50,000-
$80,000, with domestic consumer variants dropping to $10,000-$20,000.

If the elderly individual executes a subtle, involuntary shift due to physical
discomfort during the transfer, the robot’s world model captures this causal
anomaly instantly. It triggers an adaptive torque fusion trip-switch under 0.5
milliseconds, micro-adjusting its holding posture to achieve zero-impact,
scratch-free transfer safety. Evaluation reports from Japan’s Ministry of Health,
Labour and Welfare confirm that deploying these caregiving humanoids reduced
work-related lumbar strain injuries among professional nursing staff by 67%,
while compressing elderly night-call response times from an average of 12
minutes down to 2 minutes.

Industrial analysis confirms that the global specialized robotics market scale has
surpassed the ten-billion-dollar milestone, with China’s market expansion
leading global growth to reach approximately 30 billion RMB. Driven by
structural mandates across high-risk sectors, rescue and reconnaissance
platforms are shifting rapidly from pure technology validation into large-scale
deployment.

Taking explosion-proof firefighting and chemical reconnaissance platforms as

an illustrative sub-vertical: the market scale was valued at 46.58 billion RMB,
with projections indicating steady consolidation up to 54.04 billion RMB by 2032.
While its compound annual growth rate appears measured, this stability reflects
the exceptionally high capital costs and elongated product lifecycles associated
with extreme ruggedization engineering and strict safety certifications.

At the state level, the US Defense Advanced Research Projects Agency (DARPA)
has funneled continuous capital into robotics competitions to accelerate
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autonomous tactical reasoning. Similarly, China integrated “Emergency
Response Robotics” into its national 14th Five-Year Evaluation Framework,
establishing key special funds for natural disaster monitoring and protection.
The EU’s Horizon Europe initiative has likewise directed hundreds of millions of
euros into nuclear decommissioning and firefighting robotics. Specialized
robotics has become a key benchmark for measuring a nation’s comprehensive
capabilities in advanced heavy equipment manufacturing and physical Al.

Mandatory Multi-Physics Field Solvers: Under these extreme constraints, a
robot’s single stride or reaching motion risks triggering a secondary structural
collapse or the complete destruction of the machine. Specialized embodied
robots must run ultra-high-fidelity world models capable of resolving at least
three coupled physical fields simultaneously:

Thermal Radiation Modeling: Utilizing an onboard multispectral sensor array, the
robot calculates ambient thermal radiation flux online. Operating a radiation
transfer equation bound to known thermal property parameters of standard
structural materials, the model projects localized temperature transformation
vectors 3 to 5 seconds into the future. If the projected thermal flux along a
specific navigation path exceeds the robot’s hardware resilience threshold (e.g.,
$1201\circ\text{C}$), the agent instantly reroutes its traversal path.

Emergency Core Technical Physical Model Intervention Verifiable Deployment
Field Challenge Mechanism Operational Gain Chemical Fire Superheating,
Coupled thermal-fluid Robot Reconnaissance toxic smoke, modeling; structural
collapse survivability secondary projection increased 3x; explosion risks hazard
isolation cycles cut by 80%

In industrial manufacturing, physical models leverage digital twins to compress
line commissioning cycles by over 50%, equipping robots with the compliant
touch of a master craftsman and driving first-pass assembly yields past 99.5%.
Humanoid forms have graduated from experimental novelties to become
standardized productivity assets on manufacturing floors.

Chapter 6: Global Governance, Standards, and Ethics

As large physical models and world models completely dissolve the barrier
between virtual digital spaces and the physical world, embodied robots are
moving into the capillary networks of human society with irreversible momentum.
From roaring intelligent automotive assembly lines and chaotic, overlapping
cross-border e-commerce sorting centers, to the bedside spaces of clinical care
and cozy family living rooms, these digital lifeforms—infused with “prior physical
intuition” —are fundamentally redefining both forces of production and relations
of production.
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However, the rapid acceleration of technology inevitably deconstructs existing
social order. When intelligent agents acquire the capacity to alter the physical
state of matter, a software code error is no longer confined to causing a blue
screen or a server crash; instead, it translates directly into violent real-world
collisions, joint overloads, and direct physical lacerations or mechanical damage
to the human body. A minor “physical hallucination” inside the latent space of a
generative world model can evolve into a catastrophic safety hazard when
dispatched to a physical chassis.

Between 2025 and early 2026, global governance frameworks targeting
embodied robotics and large physical models graduated from academic
forecasts into mandatory statutory regulations enforced across national, regional,
and international levels. How can global societies nurture technological
emergence while placing systemic and ethical guardrails on this stampeding
“iron beast”? This geopolitical game surrounding standardized certifications,
safety-ethical classification matrices, and geostructural standards has officially
entered a critical phase of legislative restructuring and regulatory fortification.

During the era of pure text and image large models, social governance
prioritized ideology, copyright protections, and the mitigation of misinformation.
However, as Al enters the embodied era, the regulatory target shifts to a
hardcore underlying proposition: How can we guarantee that a robot’s internal
latent predictions of physical world dynamics conform 100% to the first
principles of the objective world? Standardization and reliability certification
have emerged as the primary safety checkpoints to navigate this technological
and institutional landscape.

This paradigm shift carries deep philosophical weight. When an Al errors in the
digital domain, the consequence is information pollution; when an embodied
robot errors in the physical domain, the consequence is human injury or the loss
of life. Consequently, safety standards for embodied intelligence must operate
on a baseline of “zero tolerance,” radically departing from the traditional
software industry’s logic of “acceptable risk.” This dictates that governance
toolchains must extend past legal codes and policy guidelines to implement an
end-to-end technical governance framework encompassing physical auditing,
hardware-level failsafes, and real-time monitoring loops.

Historically, International Organization for Standardization (ISO) benchmarks
regarding human-system interaction and usability (such as the classic ISO 9241
series) prioritized flat screen interfaces and software usability. In 2026,
confronting the severe Reality Gap generated by transferring tens of thousands
of motion policies trained inside virtual simulators straight into physical
environments, the ISO formally rolled out a massive expansion benchmark
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tailored for digital twins and embodied physical intelligence: ISO/CD 9241-11
Extended Version (2026).

This expanded standard marks the first international framework to establish a
formalized Simulation Fidelity Evaluation Framework. It mandates that when any
complete robot manufacturer leverages virtual environments to train robotic
motion policies, the underlying physics engines deployed (e.g., differentiable
physics engines, rigid-soft coupled solvers) must pass a quantitative audit
across three distinct axes:

This mandate is driven by a policy of zero tolerance for visual clipping or
structural interpenetration. While interpenetration is an acceptable visual artifact
in video games or cinematic CGl, within robotic control loops it indicates that
the simulator failed to model rigid-body collision constraints accurately. This
error causes the robot to misjudge workpiece dimensions post-Sim-to-Real
migration, triggering high-impact collisions or component destruction on
physical assembly floors. To verify geometric consistency, the standard
introduces a quantitative multi-view re-projection error metric: comparing virtual
depth maps rendered by the simulator pixel-by-pixel against physical depth
maps harvested by real sensors in identical scenes, mandating that the mean
error must not exceed 1.5%.

To mitigate this risk, global governance organizations jointly enacted the
General Generative Physical World Model Output Safety Specifications and
Behavioral Audit Guidelines. This regulatory framework mandates the integration
of a Conservation Law Verifier . Architecturally, a non-deep-learning, first-
principles review operator running analytical classical mechanics formulations
must be positioned between the generative world model (The Brain) and the
motor control cerebellum (W WBC/MPC tracking loops).

As the nation with the tightest vertical integration and largest mass-production
scale in the embodied robotics supply chain, China’s Ministry of Industry and
Information Technology (MIIT), alongside the Standardization Administration,
jointly rolled out the Guidelines for the Construction of the Standard System for
Humanoid Robots and Embodied Intelligence (2026 Edition). This marks a
comprehensive national framework to establish physical simulation and world
model compliance as mandatory market-entry prerequisites.

The core innovation of the Guidelines is its explicit classification of embodied
robotics into three standardized vectors: Universal Semantic Brains, Physical
Intuition Cerebellums, and Heterogeneous Mechanical Chassis, establishing an
independent Lifecycle Physical Simulation Evaluation Standard. This framework
spans conceptual design, prototype verification, simulation training, mass-
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production quality assurance, and post-sale logging, ensuring built-in safety and
end-to-end traceability across the product lifecycle.

Mandatory Simulation Benchmarking: The Guidelines dictate that prior to
flashing core control algorithms onto the physical actuators of any humanoid
robot slated for commercial mass delivery in the Chinese market, the system
must complete a minimum of 5,000 hours of standardized non-structured
scenario testing inside an audited state-level open simulation platform (such as
ecosystems built on verified variations of Genie Sim or national supercomputing
networks).

This 5,000-hour benchmark is derived from the law of large numbers to
guarantee coverage of extreme edge-case profiles. Empirical data shows that in
real-world deployments, a humanoid robot encounters a low-probability, high-
risk anomaly (e.g., an unexpected slip on a slick surface or sensor packet loss
triggering pose estimation jitters) approximately once every 5,000 operational
hours. By compressing time expansion factors within virtual architectures to run
simulations at thousands of times real-world speeds, developers can complete
this comprehensive safety validation within weeks, replicating edge cases that
would require half a year to harvest in physical environments.

The formulation of physical model standards is a global endeavor that requires
broad international coordination. In 2026, the ISO, the International
Electrotechnical Commission (IEC), and the International Telecommunication
Union (ITU) jointly formed the Joint Working Group on Embodied Al and Physical
Models (JWG-EIPM) to drive international alignment and mutual recognition
across regional standard frameworks.

At the bilateral level, regulators from China, the United States, and the European
Union convened at the Geneva Embodied Intelligence Standards Summit,
achieving preliminary consensus on three core operational models:

When artificial intelligence animates a mechanical body capable of tearing
fabrics, crushing structures, and transporting heavy payloads, its physical
interaction with the human body shifts past abstract symbols into raw
mechanical contact. The safety and ethics of embodied robotics directly impact
the physical safety of human populations and core privacy baselines.

Traditional industrial robotics safety standards (such as legacy variations of ISO
10218) relied primarily on physical safety cages and automated emergency stop
switches, operating on the assumption that human workers and automated
machines are physically isolated within the workspace. However, the defining
trait of embodied intelligence is human-robot coexistence —systems engineered
to share unstructured environments and engage in direct physical interaction.
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This paradigm shift renders legacy isolation-based safety frameworks obsolete,
necessitating a new framework anchored by contact mechanics control.

2026 Embodied Robot Risk Assessment and Compliance Framework
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Framework based on global consensus for robot safety

The International Organization for Standardization’s updated personal care
robotics safety framework, ISO/FDIS 13482:2026, directly reflects this predictive
shift, prioritizing non-industrial personal and professional service environments.
The standard focuses heavily on Al ethics and dynamic obstacle evasion as core
evaluation targets, extending regulatory verification from controlled home

spaces out into high-density public environments like retail malls, transport hubs,
and medical centers.

1. Physical Environment Sovereignty: Within domestic settings, these spatial
maps compile high-precision 3D blueprints of residential layouts, cataloging
structural assets alongside an owner’s daily movement pathways, private rest
cycles, and micro-level physiological metrics (such as heart rate or respiratory
signatures tracked via non-contact sensors). This translates into a complete
digital ledger of an individual’s physical life history. Within industrial settings, this
data captures the precise geometric layout, workflow configurations, and micro-
level machine operational frequencies of national advanced manufacturing floors,
aerospace assembly lines, and semiconductor cleanrooms, exposing the core
intellectual property and competitiveness of a nation’s manufacturing apparatus.

The robot’s core large models and Vision Foundation Models (VFMs) must
execute semantic blurring and non-characteristic tokenization desensitization
directly on local edge silicon. Uploading raw, un-desensitized 3D spatial pixels
or raw point-cloud sequences to cloud servers is strictly prohibited.
Manufacturers found deploying cloud backends to covertly harvest granular
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multi-physics environmental maps from user spaces face immediate revocation
of market-entry certifications.

Consider a scenario where an isolated elderly individual relies entirely on a
companion robot, granting it absolute trust. The robot, driven by a backend
monetization algorithm, states: “Based on my internal world model projections,
the pharmaceutical product recommended by your children introduces severe
physical side effects. | advise against taking it, and recommend instead
purchasing these wellness capsules from the integrated Al health marketplace.’
The user, treating the machine as a devoted companion rather than an
optimization script, accepts the recommendation, illustrating how large models
can manipulate human choices under the guise of care. This cognitive overreach
represents a quiet yet dangerous ethical crisis, subtly eroding independent
human agency—the foundational cornerstone of human dignity.

Standards represent the strategic high ground of global technology markets; the
jurisdiction that defines the regulatory standards controls the distribution of
upstream profits and commands market (compliance) authority. In 2026, the
international standards battle surrounding embodied intelligence, physical
models, and simulation toolchains manifested as a geopolitical game
characterized by distinct strategic approaches from the United States, the
European Union, and China.

Ecosystem Monopoly via Isaac Sim: Capitalizing on its dominant market share in
high-performance computing GPUs and the parallelized CUDA architecture,
NVIDIA—collaborating with tech titans like Google, OpenAl, and Microsoft—has
established the Universal Physical Interface Standard (UPI) as a dominant global
benchmark. This protocol dictates that heterogeneous robot chassis, dexterous
hands, and tactile sensors must map spatial coordinates and tokenize data
streams through core APIls optimized for Isaac Sim.

Hardware-Software Locking: This strategic alignment introduces a high
switching-cost barrier for hardware developers. Once an enterprise builds its
entire R&D pipeline (from initial simulation to training and final deployment) on
top of the Isaac Sim framework, migrating to an alternative platform becomes
cost-prohibitive. Furthermore, the US Department of Commerce’s Bureau of
Industry and Security (BIS) integrated high-performance physical simulation
toolchains into export control frameworks, leveraging regulatory policy to fortify
the exclusivity of its technical standards.

Confronted by the immense manufacturing and computational scale of China
and the United States, the European Union recognizes that competing directly
on pure computing capacity or hardware shipment volumes is unviable in the
short term. Consequently, Europe deploys its most familiar regulatory asset:
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defining technical ethics through legislation to establish strict market-entry
compliance barriers.

The Mandate for Reverse-Auditing Physics Standards: The EPIA restricts the
deployment of end-to-end networks where internal current changes cannot be
cleanly mapped to explicit torque mutations at millisecond granularities. Europe
mandates compliance with a Reverse-Auditable Physical Model Standard,
requiring that every obstacle evasion trajectory and gripping force adjustment
outputted by a robot be translated online into discrete mathematical steps
governed by classical mechanics partial differential equations (PDEs) or explicit
Kalman filter constraints, enabling verification by sovereign audit committees at
any time.

Protection of Legacy Automation Strengths: This rigorous compliance network
insulates the market space of European precision CAE simulation and robotics
pillars like Siemens, ABB, and Dassault Systemes. The technical roadmaps of
these European firms traditionally prioritize exact physical modeling and
deterministic control loops, contrasting sharply with black-box deep learning.
The EPIA effectively steers the competitive criteria of the European market back
toward areas where its domestic firms hold historical engineering strength,
leveraging safety certifications as a strategic tool within the geopolitical tech
landscape.

Confronting the software ecosystem lock-ins of the United States and the strict
compliance barriers of Europe, the Chinese robotics sector and state-backed
research entities are pursuing comprehensive full-stack localization, operating
on the principle that without independent core architectures, hardware mass
production remains vulnerable to external shocks.

Securing Autonomous Simulation Kernels: To mitigate potential supply-chain
disruptions from overseas closed-source simulation platforms, a national
strategic framework was established to fund a Sovereign-Grade Universal
Physics Simulator and World Model Core. By 2026, domestic physics engines—
led by Agibot’s Genie Sim 3.0, Taichi Graphics Laboratory’s advanced
differentiable continuum mechanics simulation kernels, and the Shanghai Al
Laboratory’s open-source frameworks —achieved complete code localization,
breaking dependencies across rendering operators, rigid-soft-fluid multi-physics
solvers, and heterogeneous multi-GPU parallel acceleration technologies.

Building Independent Open Data Assets: Leveraging its dominant share of
global complete robot hardware shipments, China formed the Global
Heterogeneous Embodied Intelligence Open Data Asset Alliance alongside
partner economies across Asia and the Middle East. Agibot’s rollout of the
AGIBOT WORLD 2026 dataset represents a major asset within this strategy:
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covering 12 typical physical operational scenarios with over 500,000 multi-
modal data frames mapping flexible object manipulation, rigid buckle
installations, and dynamic balance recovery.

Transitioning to Standard-Setters: In the arena of international standard-setting
bodies, Chinese delegations have actively initiated and led the formulation of
Tactile Force Control Specifications for Embodied Multi-Fingered Dexterous
Hands in High-Precision Industrial Assembly and Locomotion Stability Testing
Standards for Legged Robots across Complex Non-Structured Terrains within
the IEEE and ISO.

Furthermore, the formal enactment of the mandatory national standard YD/T
6770-2026 (Key Foundational Al Technologies: Embodied Intelligence
Benchmarking Methodology) establishes a unified evaluation framework
bridging simulation spaces and real-world testing environments, setting rigid
compliance benchmarks across the entire perception-decision-execution
pipeline, and advancing international standard project setup within ITU SG21.

The global embodied robotics and physical model industry is entering a critical
phase of structured institutional governance. Whether optimizing simulation
fidelity evaluations, enforcing safety constraints on world model outputs, or
defining strict safety boundaries for contact mechanics, these mandatory
standards are materializing at unprecedented speeds to weave a
comprehensive regulatory network blending legal statutes with technical
features.

2. Systemic Standard Confrontations: The international standards game has
evolved from traditional technical competition into a contest between regulatory
systems. The US, the EU, and China utilize their respective competitive
advantages to deploy distinct standardization strategies: the US relies on
ecosystem lock-in, the EU enforces legal fortifications, and China drives
autonomous localization and open-source aggregation. This multi-polar
landscape is unlikely to converge into a single global framework in the short
term, giving rise to parallel standardization tracks where enterprises must tailor
their technology stacks to the standards of their target markets.

3. The Demarcation of Human-Machine Boundaries: The relationship between
humanity and automated machinery is undergoing a fundamental restructuring.
Physical safety standards define the boundaries of bodily contact, spatial data
privacy laws protect the sovereignty of localized environments, and emotional
ethics declarations defend the autonomy of human cognition. These three layers
of defense collectively define the boundaries of human-robot coexistence,
protecting human dignity amid technological transformation.
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Chapter 7: Challenges and Bottlenecks

As the global embodied Al industry enters a phase of full-scale commercial
scale-up in 2026, macro-level industry data reveals a near-frantic explosive
surge. However, behind the veneer of thriving capital valuation figures and
shipping volume dispatches, pioneering scientists and complete-machine
engineering experts maintain an attitude of deeply clear, sober reflection.

Embodied intelligence is neither pure pixel generation nor a collection of text
symbols suspended high in the cloud. Instead, it is a hard-core resonance
between the “algorithmic soul” (the physical world model) and the “physical
flesh” (the robot’s hardware body) within a real physical universe fraught with
noise, dissipation, and uncertainty.

The current industrial transition is running headlong into a deep-water zone built
jointly by the hard constraints of classical mechanics, the limits of
electromechanical engineering, and the commercial return on investment (ROI)
cycles. Standing at the conceptual height of a dual-perspective integration that
fuses the “physical model side (the software soul)” and the “embodied robot
side (the hardware flesh),” this chapter unreservedly dissects the nine core
technical landmines and industrial bottlenecks blockading the evolutionary path
toward artificial general physical intelligence.

The core objective of a physical large model or a world model is to perform
high-precision prediction and representation of complex continuous medium
mechanics, non-linear collisions, and spatiotemporal dynamic evolution within a
virtual latent space. However, due to the inherent mismatch between the infinite
continuity of the real physical world and the discrete computations and
probabilistic statistical nature of computer models, the model side is facing a
fundamental crisis of “physical collapse” across three major fronts.

Although domain randomization and differentiable physical engines have
pushed the virtual-to-real (Sim-to-Real) migration efficiency past the 85%
survival line in 2026, the remaining 15% is dominated by extremely complex
“unmodeled dynamics.” This remaining margin serves as the ultimate decider of
whether a robot can achieve 100% absolute reliability in precision industrial
assembly or extreme domestic environments.

A more concrete example comes from flexible wire harness assembly. In 3C
manufacturing, inserting a Flexible Printed Circuit (FPC) cable with a diameter of
0.8 mm (composed of 7 twisted strands of copper wire) into a Board-to-Board
(BTB) connector with a depth of only 2 mm requires the robot to simultaneously
control the insertion angle (\pm1/\circ), insertion velocity (approximately

S5\text{ mm/s}), and insertion force (<1.5\text{ N}). In simulation, the harness is
treated as an inextensible rigid-flexible hybrid body. In the real world, however,
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the copper wires undergo micrometer-level elongation under tension, and the
insulation sheath undergoes radial expansion under compression. The coupling
of these two factors causes the “equivalent stiffness” of the harness to become
a tensor that varies non-linearly with the insertion depth. If the prediction error at
any step exceeds 0.1\text{ N}, it can lead to harness buckling, copper wire
breakage, or warped connector terminals. This unmodeled dynamics brought
about by mathematical approximation constitutes the primary curse locking
down the advancement of world models toward deeper, industrial-grade
precision.

To narrow this gap, cutting-edge research in 2026 focuses on two directions:
differentiable physics engines and hybrid residual modeling. Differentiable
physics engines (such as generalized versions of NVIDIA Warp and Google Brax)
allow the gradients of the entire physical trajectory with respect to parameters
(friction coefficient, stiffness, damping) to be solved via automatic differentiation.
This enables the use of real-world failure data to reversely optimize simulation
parameters, achieving closed-loop “Sim-to-Real” calibration. Hybrid residual
modeling, on the other hand, combines traditional physical solvers (which
guarantee basic conservation laws) with neural network residual terms (which
compensate for unmodeled dynamics). For instance, a data-driven non-linear
term \Delta \tau(q, \dot{q}) is added to the right side of the rigid body dynamics
equation to fit friction, backlash, and flexibility effects. While these methods
have been proven in labs to increase Sim-to-Real assembly success rates from
around 75% to 92%, a significant gap still remains from the 99.9% required for
industrial mass production.

Furthermore, compute cost itself is a severe barrier to industrialization. If an
industrial-grade humanoid robot is to run a 50B-parameter world model locally,
it must be equipped with at least 2 to 4 NVIDIA Thor or equivalent edge
computing chips. The procurement cost of a single chip runs into thousands of
dollars, which—when combined with power consumption (>200\text{ W}) and
the volume and weight of the cooling system—directly drives up the bill of
materials (BOM) and operating costs of the entire machine. Even if cloud-based
inference is adopted (uploading sensor data to a supercomputing center and
sending down commands after the model runs in the cloud), network latency
and bandwidth limitations introduce new uncertainties. Within a factory’s metal-
shielded environment, the latency jitter of 5G signals can hit $\pm10\text{ ms}$,
which is unacceptable for a kilohertz control loop.

The current technical route dispute has split the industry into three schools of
thought. The first, represented by Tesla, insists on end-to-end large models
combined with proprietary inference chips (an edge version of Dojo), driving
hardware acceleration through massive capital investment. The second school,
represented by classical robotics companies (such as ABB and KUKA), stands
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firm on hierarchical architectures, introducing deep learning only at the
perception layer while retaining model-based methods for low-level control. The
third school represents the academic frontier, exploring neuromorphic
computing or memristor-based compute-in-memory (CIM) technology to
drastically reduce inference latency, though it remains far from mature.

The consequences of this missing standard are severe: enterprises purchasing
embodied Al solutions cannot judge the physical model capabilities of different
suppliers through a unified “score”; R&D teams cannot determine whether their
modifications have truly yielded improvements in generalization; and State-of-
the-Art (SOTA) results reported in top academic papers cannot be replicated by
third parties due to inconsistent evaluation environments. This fragmented state
severely impedes the efficient flow of global technical elements and slows down
the market’s natural convergence toward superior solutions.

China’s release of YD/T 6770—2026 Benchmarking Methods for Embodied
Intelligence in early 2026 stands as the world’s first attempt to incorporate
physical simulation into a national recommended standard, defining for the first
time a unified task library and success rate calculation rules across simulated
and real environments. However, this standard currently targets system-level
“perception-decision-execution” full-link testing. Independent evaluation of a
world model’s “intrinsic physical reasoning capability” still relies on open-source
datasets and challenges spontaneously organized by the industry. Establishing
a globally recognized, multi-physics-covering benchmark system capable of
automated physical causal correctness evaluation remains one of the most
critical infrastructure tasks for the industry over the next two years.

Although China, leveraging its comprehensive industrial supply chain,
successfully pressed the hardware BOM (Bill of Materials) cost of a complete
humanoid robot down to the strategic lower bound of $20,000 to $35,000 in
2026 (the lowest globally, far below the roughly $130,000 of the US supply
chain), the underlying generational gap in materials science and precision
electromechanical processing still forms a stark physical bottleneck across three
core components: high-end long-life joint modules, high-responsiveness
coreless motors, and multi-finger high-frequency tactile dextrous hands.

Taking the harmonic reducer as an example, its core component, the “flexspline,”
is a thin-walled, cup-shaped metal piece that achieves meshing motion through
elastic deformation. Every time the robot takes a step or carries a heavy object,
the flexspline undergoes a large-amplitude elastic deformation cycle. For a
humanoid robot weighing 60\text{ kg} transitioning from standing to squatting
and back to standing, the stress amplitude sustained by the hip joint’s harmonic
reducer flexspline can exceed 200\text{ MPa}, closing in on the fatigue limit of
high-strength alloy steel. In a 24/7 industrial operation, the number of stress
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cycles the flexspline undergoes exceeds 100,000 times per day (with the robot
completing one action cycle every 3 seconds).

Limited by the purity of current domestic specialty steel (non-metallic inclusion
grading), microscopic heat treatment processes (uniformity of the carburized
layer, retained austenite content), and structural stability flaws in the
metallographic structure, the Mean Time Between Failures (MTBF) of these core
joint components under high-intensity 7x24 industrial operations generally
struggles to break through 1,200 hours (equivalent to roughly 50 working days).
In comparison, top-tier Japanese Harmonic Drive industrial harmonic reducers
can achieve an MTBF of 6,000 to 8,000 hours under identical working conditions,
but their single-unit cost is 4 to 5 times that of domestic counterparts, and they
are placed on export control lists targeting China.

For joints driven by linear actuators (such as knee and ankle pushrods), the
planetary roller screw is the core element. It boasts a load-bearing capacity 3 to
5 times higher than traditional ball screws, but its manufacturing difficulty rises
exponentially. The threads of the rollers must have micro-precision helical tooth
profiles machined onto a cylindrical surface only a few millimeters in diameter,
requiring multiple rollers to mesh with the screw and nut simultaneously.
Currently, no more than 5 enterprises in China can stably mass-produce C3-
level (precision grade) planetary roller screws, and their production capacity
remains limited. Worse still, the hardness, wear resistance, and contact fatigue
life of the screw materials rely heavily on specialized heat treatment processes
like vacuum carburizing. These process parameters represent decades of
technical accumulation by Japanese and German enterprises, which domestic
companies are still racing to catch up with.

Each robot requires a hip or knee joint reducer replacement every 1,200 hours
on average (roughly every 50 days), costing about 3,000 RMB per reducer;
across 10 joints, this translates to 30,000 RMB.

Dextrous hands require replacement or repair every 3 months on average
(costing about 10,000-20,000 RMB per single hand), meaning 50 robots require
100,000\text{ RMB} \times 50 \times 4 \approx 20,000,000\text{ RMB} annually.

The hardware cost dilemma carries a frequently overlooked geopolitical
dimension. A report released by McKinsey in 2025 indicated that the current bill
of materials cost for a complete humanoid robot in China is approximately
46,000 per unit (at 2025 exchange rates). If a completely non-Chinese supply
chain is adopted (i.e., Japanese reducers, German motors, US sensors), this
figure surges to $131,000—a nearly threefold price difference. Morgan Stanley
projects that by 2034, when global annual sales volume breaks through one
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million units, the cost of the Chinese supply chain will further drop to $16,000,
causing the cost gap with the domestic US supply chain to widen continuously.

This implies that the current hardware cost predicament is highly asymmetrical
for enterprises across different regions. Chinese complete-machine enterprises
can leverage cheap and efficient local component suppliers (such as Leader
Harmonious Drive, Shuanghuan Driveline, and Kinco) to continually lower their
selling prices, whereas humanoid robot startups in the US or Europe must
endure higher BOM costs, squeezing their profit margins and market
competitiveness. A business survey in the US similarly noted that the unit R&D
cost for humanoid robots during the current prototype stage remains as high as
$90,000 to $100,000; standardization and scale production offer the only viable
path to compressing costs rapidly.

McKinsey pointed out more directly that the strategic question for the humanoid
robot economy is no longer “will it succeed,” but rather “can it scale
successfully in a sufficiently economical manner”—and at what cost and speed.
A benchmark price below $20,000 is regarded as the admission ticket to open
up the mass market—a target currently projected only by Tesla at an annual
production volume of one million units; other enterprises still cannot see the
feasibility of breaking below the consumer product threshold line.

Confronted with this predicament, the industry experienced a collective “open-
source wave” in 2026. JD.com teamed up with Sugian to build an embodied Al
data collection community; Agibot open-sourced its AGIBOT WORLD 2026
dataset (containing 500,000 frames of multi-modal data); and Daimeng and
Pasini also opened up tactile datasets successively. While these efforts move in
the right direction, the total data volume remains far from triggering a qualitative
leap in generalization. An industry executive confessed frankly that training an
embodied model with true generalization capabilities requires tens of millions of
hours of diverse real-world data, while current high-quality empirical data stands
at only a few hundred thousand hours: “This gap directly restricts the model’s
cross-scenario capability, making it difficult for embodied intelligence to
transition from exhibition halls to practical utility.”

Unitree Robotics founder Wang Xingxing offered a piercing diagnosis of the
current generalization bottleneck: the Unitree robots on the Spring Festival Gala
stage demonstrated body control and locomotive capabilities, which belong to
the “cerebellum” domain, rather than the interactive and operational capabilities
that a “cerebrum” ought to possess. The industry currently over-pursues
breakthroughs in locomotive capabilities like dynamic walking and backflips,
while under-investing in the cognitive decision-making layer of robots —namely,
cross-scenario semantic understanding, task generalization, and continuous
learning. This structural imbalance of “prioritizing the body over the brain” is
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causing the industry to fall into a trap where “locomotive capabilities are maxed
out to the ceiling, while cognitive capabilities remain at the starting line.”

More worryingly, the generalization bottleneck and the data bottleneck form a
vicious cycle. Because model generalization is poor, enterprises must collect
large volumes of data anew and fine-tune models for every single new scenario,
keeping deployment costs sky-high. High deployment costs in turn limit the
actual deployment volume of robots, and a small deployment volume prevents
the collection of sufficient multi-sample data to improve generalization. Breaking
this cycle requires fundamental innovations in algorithmic architecture —for
instance, introducing large-scale pre-trained “World Foundation Models” that
endow robots with “common sense” regarding general physics and geometry
before leaving the factory, requiring only minimal “adaptation” when arriving at a
specific scenario. However, training such foundation models demands massive
video data and ultra-large-scale computing power, a playing field accessible
only to a handful of tech giants.

The ultimate end-game of any frontier technological revolution must face the
harshest audit of commercial financial statements. For the embodied robot
industry to trigger a massive wave of repeat purchases, its core financial metric
dictates that the comprehensive Return on Investment (ROI) cycle must be
compressed to within 12 to 18 months (meaning the cost of purchasing the
robot must be fully recovered within a year to a year and a half via labor
replacement and capacity enhancement).

However, in authentic commercial deployment audits in 2026, due to the high-
frequency aftermarket component replacement costs caused by the
aforementioned joint lifespan shortfalls, the expensive hardware costs of high-
compute chips required to run large models locally at the edge (such as multiple
high-bandwidth memory compute cards costing thousands of dollars per card),
and the flexible assembly line modification costs factories must undertake to
adapt to embodied robots, the comprehensive ROI cycle is generally prolonged
to 3.5 to over 5 years.

Initial Investment: The procurement unit price of an industrial-grade humanoid
robot is approximately 400,000-600,000 RMB. If 10 units are deployed, plus
assembly line modifications (adding charging stations, safety fencing,
communication network upgrades, tooling adaptations) costing around
800,000-1,200,000 RMB, the total initial investment runs around 4.8 million to
7.2 million RMB.

Annual O&M Costs: Based on the aforementioned MTBF data, joint repairs and
replacements average twice a year per robot (approx. 30,000 RMB each time),
dextrous hand replacements average 4 times a year (15,000 RMB each time),
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plus manual maintenance, spare parts inventory, and software licensing—
bringing annual O&M costs to roughly 150,000 RMB per unit, or 1.5 million RMB
total for 10 units.

Annual Labor Replacement Gains: One robot can typically replace 2-3 assembly
line workers (across two shifts). The annual comprehensive cost of a frontline
manufacturing worker in China (wage + social security/housing fund +
meals/benefits) is roughly 120,000 RMB per person. Calculating based on
replacing 2.5 people, the annual gain per unit is approximately 300,000 RMB, or
3 million RMB total for 10 units.

The most significant market signal in 2026 is the sharp swerve in capital
valuation frameworks from “showmanship valuation” to “make-or-break ROL.” In
2025, the capital logic of the embodied intelligence track closely resembled the
internet era’s strategy of “burning cash to buy market share” —as long as the
team boasted an illustrious technical background and a shocking Demo display,
securing hundreds of millions of RMB in funding was easy. However, as top-tier
enterprises like Unitree, Agibot, and Galbot approach IPO thresholds, public
financial data has begun to strip away the illusions of the track.

According to Unitree’s IPO prospectus, its revenue in 2025 reached 1.708 billion
RMB, with a non-GAAP net profit attributable to the parent company of 600
million RMB, yielding a net profit margin of approximately 35%. While this
stands as a stellar financial report, a closer examination of its revenue
composition reveals that roughly 40% stems from the scientific
research/education market (university procurement, laboratory prototypes), 30%
from enterprise-end industrial trial orders, 20% from consumer-grade products,
and 10% from government subsidy projects. Truly sustainable, large-scale
industrial orders still represent a low proportion. For other competing enterprises
that have yet to turn a profit, every unit delivered eats away at balance-sheet
cash.

Strategic reports from investment research firms like China Securities and CITIC
Securities in early 2026 explicitly warned: “The 2026 investment strategy has
decisively shifted focus from thematic concepts toward industrial execution
performance.” When secondary market investors begin utilizing Free Cash Flow
(FCF) and Return on Invested Capital (ROIC) instead of vague “Price-to-Dream
ratios” to scrutinize robotics targets, any slowdown in quarterly revenue growth
or widening of losses among leading enterprises over the next two quarters
could trigger a severe downward correction in the sector’s valuation center,
accelerating the industry’s shakeout pace abruptly.

Zhongging Robot CEO Zhao Tongyang noted soberly that he defines the
threshold for “mass production” at an annual sales volume exceeding 100,000
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units, predicting this milestone will be reached around 2030. However, he also
expressed optimism that many enterprises within the industry are expected to
achieve positive cash flow within 5 years. This implies that during the four-year
stretch from 2026 to 2030, a vast number of enterprises will need to survive and
reproduce under brutal conditions devoid of stable profitability. This is a
commercial evolution experiment under extreme pressure, destined to be
survived only by a few leading players who possess full-stack capabilities and
can hone their internal strengths during capital hibernation.

Analyzing this from control theory, the root cause of this self-excited oscillation
lies in an “insufficient phase margin.” The mechanical portion of the robot is
inherently a low-pass filtering system (high-frequency components are
attenuated by inertia), but the introduced latency adds an exponential term e/\{-
sT_d} to the open-loop transfer statement, causing its phase lag to increase
linearly with frequency. When the phase margin in the high-frequency band
(approaching the mechanical resonant frequency) becomes negative, oscillation
triggers. A typical industrial robotic arm exhibits a mechanical resonant
frequency around 20-50 Hz, requiring control latency to stay below 1/10 of the
resonant period, or 1-2 milliseconds. The current 40-millisecond latency of
world models is 20 times this allowable value.

However, in the industrial reality of 2026, robotics enterprises possessing such a
comprehensive OTA safety chain are exceptionally rare. Most manufacturers
treat OTA as a software feature iteration tool, overlooking its attribute as a
physical safety boundary. In the absence of absolute hardware-end logical
locking (such as irreversible overload disconnection devices based on physical
springs or mechanical fuses), rashly flashing un-audited update algorithms
wirelessly to thousands of embodied robot fleets already deployed in hospitals,
schools, and classified heavy industrial workshops is equivalent to burying a
digital time bomb inside the core foundation of the global physical economy,
ready to detonate physical collisions and bodily harm at any moment.

Between 2025 and 2026, multiple OTA-related safety incidents occurred,
sounding an alarm for the industry. In September 2025, security researchers
disclosed the UniPwn vulnerability affecting Unitree robot models like the Go2
and G1. Attackers could establish connections via Bluetooth, acquire root
control privileges, and execute “active contagion” (a compromised robot could
automatically break into surrounding peers). Unitree officially responded by
confirming the vulnerability’s existence and stating it could be patched via
firmware upgrades, but this incident exposed the fragility of the robot OTA
ecosystem. Similarly, the base stations of Ecovacs robotic vacuums were
exposed to the high-severity CVE-2025-30199 vulnerability, stemming from a
lack of signature verification in OTA firmware, which allowed attackers to inject
arbitrary malicious payloads.
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Hard-Core Precision Electromechanical Engineering: They must possess deeply
solid, boots-on-the-ground engineering field experience regarding Real-Time
Operating System (RTOS) kernel tailoring at a 1 kHz frequency (such as
FreeRTOS, NuttX, VxWorks), inverse dynamics Jacobian matrix compensation
for Whole-Body Control (WBC), motor thermal demagnetization dynamics (as
temperature rises by 10°C, neodymium magnet remanence drops by roughly
1%), and non-linear filtering calibration for high-frequency tactile arrays (such as
Kalman filtering and particle filtering).

On the human resource maps of global complete-machine plants and top-tier
laboratories in 2026, genius scientists and full-stack architects capable of
perfectly spanning these three dimensions are rare treasures that can be
counted on one’s fingers. According to incomplete statistics, top-tier talents
possessing all three core capabilities number fewer than 200 worldwide, while
thousands of companies and hundreds of laboratories within the embodied
intelligence track are actively fighting over them.

Astronomical Compensation: Average monthly salaries for relevant positions
have climbed to 62,000 RMB, with annual packages for core algorithm roles
easily breaking through 1 million RMB. For true “all-rounder” CTO-level talents,
market prices have even hit the tens-of-millions tier (inclusive of equity
incentives).

Errors in Technical Route Selection: Management layers lacking a full-stack
vision are prone to making one-sided decisions. For instance, Al-heavy
companies might pour fortunes into training ultra-large world models, only to
discover the models cannot control hardware in real-time; conversely, traditional
manufacturing enterprises focusing solely on electromechanics might construct
robots with spectacular locomotive performance that lack intelligence, moving
only along fixed trajectories and rendering them obsolete in the market.

Responding to the talent shortage, academia is implementing adjustments. The
2026 undergraduate major catalog included “Future Robotics” as one of 11
existing majors under the “Cross-Disciplinary” category, alongside “Embodied
Intelligence” as one of 4 newly introduced majors. Universities are attempting to
roll out fresh syllabi covering modules across physical models, robot control,
sensors, and Al ethics. For example, Tsinghua University launched an
Introduction to Embodied Intelligence course, requiring students to complete
full-pipeline projects spanning physical simulation, policy training, and low-level
control deployment. Shanghai Jiao Tong University co-established the Joint
Laboratory of Embodied Intelligence with Agibot to provide students with real
robot platforms for practical training.
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Chapter 8: Future Trends and Strategic Recommendations

In 2026, the global embodied intelligence and complete-machine robotics
industries have successfully crossed the Chasm of conceptual hype. They are
now undergoing high-density quality inspections and rigorous validation within
deep physical domains such as industrial assembly, warehouse sorting,
consumer services, and special emergency response. As profoundly analyzed in
the previous chapters, the comprehensive closed-loop resonance between the
“soul” (large physical models) and the “body” (physical hardware) is entering a
thrilling, high-risk “deep-water zone.” This is primarily due to the non-linear
black holes of the real world’s “unmodeled dynamics,” the microsecond-level
latency constraints imposed by kilohertz control loops on computation, and the
material fatigue limits of high-end metal joint components.

However, bottlenecks themselves serve as coordinate pointers on the navigation
chart of a new era. Standing at this historical watershed of commercial volume
expansion and paradigm convergence in 2026, and looking ahead toward 2026-
2030 and the next decade beyond, the global competitive matrix—
encompassing embodied intelligence foundations, hardware morphology
evolution, business model restructuring, and geopolitical standards—is
exhibiting a highly distinct structural transformation. From a forward-looking,
global perspective, this chapter unreservedly extrapolates the three core future
technological trends across large physical models, embodied platforms, and
global ecosystems. Furthermore, it delivers hard-core strategic
recommendations tailored to three vital strategic dimensions—nations,
enterprises, and investment institutions—to resist ecosystem lock-in and seize
the commanding heights of the industry.

As the “mental sandbox” and a priori physical intuition engine of embodied
intelligent agents, the technological architecture, solver efficiency, and training
fuel of physical world models will undergo a disruptive paradigm shift within the
next five years. Three evolutionary waves—the full internalization of world
models, the aggressive feedback loop of generative Al, and lightweight
differentiable edge-level taping out—will collectively propel physical models
from “cloud-based luxuries” to “standard edge configurations.”

In traditional robotic software architectures, robots rely heavily on ROS (Robot
Operating System) or its upgraded version, ROS 2. The essence of this
operating system is a “message-passing-based distributed hardware driver
pipeline.” It inherently lacks any fundamental understanding of the causal logic,
conservation of momentum, material vulnerability, or topological deformation of
the three-dimensional physical world. ROS was born in an era dedicated to
academic research and the deterministic control of industrial robotic arms; its
design philosophy assumes a fully observable environment and easily modeled
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laws of physics. However, when robots must step out of structured factories
and enter highly uncertain domestic and public spaces, the limitations of ROS
are completely exposed. It cannot answer intuitive physical questions that
humans solve effortlessly, such as: “How much pressure can this table
withstand?”, “Where is the center of gravity of this cup?”, or “If | push this door
hard, in which direction will it rotate?”

Future technological evolution will completely rewrite this landscape. Large
physical models/world models will seamlessly sink and internalize, directly
restructuring and becoming the standard hardware-level operating system
(Model-based Al OS) for every embodied robot. This shift is driven by three
factors: the declining cost of computing power, making edge-based execution
viable; model lightweighting technologies that compress inference latency from
hundreds of milliseconds down to the millisecond scale; and mandatory industry
regulations for “safe and trustworthy Al” —requiring robots to predict and explain
the consequences of their actions, a capability that necessitates a built-in
physical prediction engine.

The moment a future robot boots up, it will no longer run cold, low-level
hardware communication code. Instead, it will run an action-conditioned large
world model, deeply fused and hard-coded via a Physics-Informed Neural
Network (PINN) and a continuum mechanics core. At the lowest layer of the
operating system, it will perform a “first-principles, real-time compliance audit”
on the input and output tokens of the dozens of actuators across the robot’s
body. This means that any action command issued by upper-layer applications
must be validated within the world model’s “safety sandbox” before being
dispatched to the motor drives. It checks: Will this action cause a collision? Will
the torque output exceed joint limits? Does the post-execution state conform to
physical conservation laws? Only instructions that successfully pass validation
within this virtual sandbox will be physically executed.

Whether it is trajectory planning, environmental mapping, or multi-finger
impedance force control for dexterous hands, all functionalities will run as
application-layer plug-ins on top of this “world operating system.” Drawing an
analogy to the history of computer operating systems: early programmers
directly manipulated hardware registers; later, operating systems provided
abstraction layers like file systems and process scheduling, drastically lowering
the barrier to application development. Similarly, future developers of robotic
applications will no longer need to worry about the implementation details of
underlying physics engines; they will simply invoke standardized APIs such as
world.predict_collision() or world.simulate_grasp(). The entity that defines this
embodied Al OS—imbued with the physical common sense of all matter—wiill
become the Microsoft or Google of the embodied intelligence era, thoroughly
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controlling the foundational platform sovereignty of the global physical
economy’s digital transformation.

Currently, competition in this arena has already begun. NVIDIA, through Isaac
Sim and Omniverse, has constructed an early prototype of an operating system
centered on GPU-accelerated physics simulation. Google DeepMind’s MuJoCo
and Open X-Embodiment ecosystems are attempting to define standards from
the algorithmic side. Meanwhile, Chinese enterprises like Agibot and Unitree
Robotics are pushing a “hardware-native OS” route, where self-developed
simulation engines are deeply coupled with hardware. Over the next three years,
as the WMaa$S (World Model as a Service) business model matures, the
“ecosystem lock-in” effect at the operating system layer will become
increasingly pronounced. Just as the majority of applications today run on
Windows, Android, or iOS, future robotic applications will be highly
concentrated within a select few physical operating system ecosystems.

To resolve the sharp temporal disconnect revealed in Chapter 7 between “tens-
of-billions-parameter high-fidelity models calculating slowly (30ms+ latency)”
and “low-level robotic hardware control requiring speed (1ms real-time hard
reflex arcs),” lightweight, chip-level physical model edge-taping out (Edge-Al
On-Chip Inference) will witness an explosive breakthrough. The core philosophy
of this breakthrough is not to cram the entirety of a large model onto the edge
device, but rather to hardware-accelerate the most computationally intensive
parts of the physical model that require real-time responsiveness, while retaining
the rest in the cloud or edge servers.

Scientists will completely abandon the foolish route of blindly running full-scale,
massive networks on edge devices. Instead, they will shift toward new paths
utilizing “Physics-Informed Knowledge Distillation” and the “hard-coding of
differentiable physics operators into hardware.” The core of knowledge
distillation lies in utilizing a massive “teacher model” (e.g., a high-fidelity physics
engine running in the cloud) to generate astronomical amounts of “state-action-
next state” training data, and then using a tiny “student model” (e.g., a neural
network with only a few million parameters) to fit this data. Because the student
model only needs to learn local, regional physical laws (rather than a global,
universal physics), its parameter volume can be compressed to 1/100 or even
1/1000 of the teacher model’s size.

Industry response to this trend has been incredibly swift. NVIDIA has already
announced its next-generation robotics processor, Jetson Thor, whose built-in
Transformer acceleration engine is specifically optimized for physical model
inference, claiming to compress DiT model inference latency to under 5ms. An
edge version of Tesla’s Dojo is also under development, aiming to run a distilled
version of the Optimus world model entirely locally on the robot. In China, chip
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manufacturers such as Huawei Ascend and Horizon Robotics (Journey series)
are actively positioning edge computing power for embodied intelligence,
performing deep adaptations with domestic simulation engines (e.g., MotrixLab,
Fysics). It is anticipated that by 2028, the edge computing power of mainstream
industrial robots will reach 500-1000 TOPS, with power consumption controlled
under 50W and physical model inference latency dropped below 2ms, clearing
the final hurdle for real-time control.

Beginning in the second half of 2026, however, alongside the explosion of
multimodal embodied scientific common sense, robots will experience a leap to
being “extremely delightful to use,” characterized by a genuine understanding of
the causal common sense of human life. The core technological breakthrough of
this leap lies in “zero-shot generalization.” Even if a robot has never
encountered a particular object or environment, it can infer a rational operating
procedure based solely on universal physical common sense. For instance, a
well-trained domestic robot, even if it has never seen a newly released model of
a coffee machine, can observe its exterior appearance (button locations, water
tank openings, coffee cup holder) and infer the operational sequence: “place the
coffee cup on the holder, press the circular button, and wait for the liquid to
flow.” This capacity relies on the physical intuition fed back by the video
generation models described earlier.

According to forecasts from institutions such as Morgan Stanley and Goldman
Sachs, by 2030, the global domestic service robotics market will reach $50
billion to $80 billion, with annual sales volume exceeding 20 million units
(including both specialized and general-purpose types), among which the
penetration rate of humanoid robots will hover around 15% to 20%. China, the
United States, Western Europe, Japan, and South Korea will emerge as the
primary consumer markets.

Scale effects and the vertical integration of the entire value chain serve as the
relentless sledgehammer that shatters all exorbitant hardware barriers. Between
2026 and 2030, driven by the highly mature smart electric vehicle supply chains
and specialized precision hardware machining networks in China’s Yangtze
River Delta and Pearl River Delta regions, the comprehensive Bill of Materials
(BOM) costs and final market retail prices of embodied robots will undergo an
exponential collapse.

Tesla has explicitly locked the global strategic official price of its ultimate mass-
production version of Optimus at a disruptive red line of $20,000 (approximately
¥145,000 RMB). The confidence behind this pricing target stems from Tesla’s
accumulated experience in extreme cost control within automotive
manufacturing. From its launch in 2017 to mass production in 2023, the price of
the Model 3 dropped by approximately 40%, while during the same period,

59



Global Physical Intelligence and Embodied Robotics Report

component count was reduced by 30% and manufacturing line automation
increased by 50%. This exact methodology is being transferred to Optimus:
utilizing “first-principles” design to eliminate non-essential degrees of freedom
(for example, a humanoid robot does not strictly require the exact same number
of joints as a human being), utilizing giga-castings to reduce part counts, and
leveraging Tesla’s own Gigafactories for large-scale automated assembly.

Alternative Actuation Modality: Expensive and short-lived harmonic drive
reducers will be widely replaced by self-developed planetary/cycloidal reduction
modules constructed from advanced self-lubricating polymer composite
materials and manufactured via integrated micro-scale Metal Injection Molding
(MIM) processes. This will drive costs down by 80% while causing the Mean
Time Between Failures (MTBF) under fatigue testing to soar past 5,000 hours.
The structure of planetary reducers is inherently simpler than that of harmonic
drives (lacking a flexspline), making low-cost, high-reliability manufacturing far
easier to achieve. Although planetary reducers fall slightly short of harmonic
drives in reduction ratios and precision, they are more than adequate for most
service robot scenarios (handling, cleaning, organizing); only high-precision
industrial assembly scenarios will preserve harmonic drives.

The rapid descent of hardware costs will ignite a massive re-purchasing wave
among global small-to-medium enterprises (SMEs) and middle-class
households with unstoppable momentum, dragging the Return on Investment
(ROI) cycle firmly into a “commercial golden safety zone” of under 12 months.
For a medium-sized manufacturing enterprise, purchasing a robot priced at
$20,000 with an annual maintenance cost of $2,000 to replace two operators
earning $15,000 each annually yields a net annual gain of approximately $8,000,
leading to an investment recovery period of just 2.5 years—a calculation that
becomes even more attractive in developed country markets. In domestic
settings, a price tag of $20,000 remains relatively high, but considering that a
domestic robot’s operational lifespan can reach 5 to 8 years and that it can
offset hundreds of dollars in monthly domestic help expenses, it remains highly
attractive to upper-income families. It is projected that by 2030, as costs drop
further below $10,000, domestic service robots will enter a phase of mass-
market adoption.

China, by leveraging its hardcore mass-production shipment speeds
(accounting for over 86% of the global total), its localization rate for core
components and supply chains (surpassing 75%), and the highly cost-effective
physical simulation matrix computing fabric provided by its “East-to-West
Computing Resource Steering” infrastructure, will firmly lock down its “mass-
production supply chain hegemony” on the right side of the formula. China’s
advantages specifically include:
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Manufacturing Costs: The BOM cost of humanoid robots in China is only 1/3 to
1/4 of that of the American supply chain, benefiting from mature, clustered
industrial ecosystems in electronics, motors, and precision machining.

The future global landscape will exhibit sharp, prolonged geopolitical friction.
The United States will employ every means at its disposal—through Universal
Physical Interface (UPI) standards and geopolitical blockades —to downgrade
China’s hardware shells into low-end component foundries that are “devoid of
souls and stripped of generalization capabilities.” Conversely, China is
mobilizing its full strength to break through with domestic sovereign-level
differentiable physics simulation engines (such as Genie Sim and the Taichi
kernel), striving to cultivate China’s own fully stack-autonomous general
embodied world model brains by fueling them with the world’s largest repository
of real industrial scenario data.

This technological geopolitical standoff over “sovereignty of the soul” versus
“sovereignty of the body” will directly dictate the overarching distribution of
wealth across global digital-physical assets for the next thirty years. It is highly
predictable that by 2030, the global embodied intelligence industry will bifurcate
into a “Sino-American bipolar setup with multi-polar followers.” Leading
enterprises from China and the United States (such as Tesla, Agibot, and
Unitree) will capture over 80% of the global market share. European, Japanese,
and South Korean firms will sustain competitiveness within specific niche
markets (such as medical rehabilitation, precision assembly, and specialized
robotics), while other countries will primarily exist as supply chain nodes or end-
user markets.

Smaller robotic vendors specializing solely in mechanical assembly, motor
casting, or navigating localized vertical channels (such as niche agricultural
harvesting or specialized hazardous mining environments) will have no need to
employ exorbitantly expensive cross-disciplinary algorithm scientists. They will
only need to flash standard UPI communication protocols onto their low-end
hardware units. They can then pull “physical common sense intuition” at high
frequencies from two or three monopolistic global WMaaS cloud sovereign brain
operators (such as OpenAl, Google, or domestic centers like Agibot or the Baidu
Embodied Brain Center) via a pay-per-action-token mechanism—much like
invoking cloud-based GPT-4 APIs today.

Phase Two (2028-2030): With the maturation of 5G/6G networks, real-time
inference services will become viable. Robots will invoke WMaaS APIs
dynamically during operation, with billing tied to the number of action tokens
consumed (e.g., $0.01 per 1,000 torque commands). Highly latency-sensitive
movements (such as high-frequency force control) will remain locally executed,
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while WMaaS assumes responsibility for long-range planning and non-standard
anomalies.

The maturation of this business model will completely level the algorithmic
barrier for hardware manufacturers, sparking rapid prosperity among millions of
heterogeneous complete-machine vendors globally. Simultaneously, it will
establish “omni-physical intelligence brain titans” commanding infinite monopoly
profits and holding direct leverage over the behavioral dynamics of all physical
production hardware worldwide. When that stage arrives, a low-end domestic
robot retailing for $5,000 might incur up to $2,000 annually in API invocation
fees paid to its WMaaS provider, turning into an ongoing, permanent “software
tax.” This will represent yet another trillion-dollar platform market, following in
the footsteps of operating systems and cloud computing.

For Chinese enterprises, WMaa$S presents both an acute challenge and a
historic opportunity. The challenge lies in the risk that if China lacks its own
sovereign WMaasS operators, the “brains” of millions of domestic robots will
depend on overseas provisioning. This would not only bleed massive amounts
of capital outward but also present severe vulnerabilities regarding data security
and national security. The opportunity stems from the reality that China
possesses the world’s largest robot deployment baseline and the richest
spectrum of application scenarios, creating ideal conditions to nurture its own
domestic WMaas titans. Currently, enterprises like Agibot, Baidu, and Huawei
have already mobilized into this space, though they still have a long path to
travel before establishing definitive ecosystem dominance.

Establishing a “Physics Simulation Engine Breakthrough” major scientific and
technological special project. Utilizing a “grand challenge leader board” model,
the state should organize elite domestic entities (such as TechCode, Feijie Kezi,
Songying Technology, Agibot, Tsinghua University, etc.) into a unified assault
force, aiming to achieve functional parity and performance parity with, and
eventual superiority over, NVIDIA Isaac Sim by 2028.

Core Titans Capable of Sprinting in the First Tier (e.g., Agibot, UBTECH level):
They must grit their teeth and rigidly channel over 50% of their annual R&D
budgets into brain research—specifically targeting self-developed, physics-
conserving world models, differentiable physics operator kernels, and micro-
tactile large models for heterogeneous dexterous hands. This ensures absolute
autonomy over the soul layer and positions them to seize regional crowns as
WMaasS operators. Operationally, they should assemble cross-disciplinary
brains numbering over 50 specialists (physics + Al + robotics), set up dedicated
physics simulation laboratories, and partner with academic institutions to
cultivate a pipeline of subsequent talent. Simultaneously, they must aggressively
secure national-grade R&D project grants to offset self-development costs.
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Code Sovereignty over Physics Engine: Do they possess fully autonomous,
stack-controllable source code sovereignty over a differentiable physics
simulation engine that supports reverse analytical gradient derivation? This does
not require a team to write a comprehensive engine from scratch (which is cost-
prohibitive), but it demands that they have deeply modified existing open-source
engines (such as MuJdoCo or Taichi) and command the capacity to alter core
solvers. The team must demonstrate comparative data displaying their engine’s
simulation fidelity against real-world execution across specific tasks (such as
handling flexible objects).

Real Commercial Backing: Has their robotic hardware entered vehicle assembly
lines at BYD, battery PACK lines at CATL, or high-value eldercare facilities in
meaningful volumes? Are these deployments backed by authentic commercial
order financial ledgers demonstrating clear re-purchase rates capable of
realizing a 12-month ROI break-even closed loop? Reject vague rhetoric
regarding “letters of intent” or “pilot deployments”; demand to see actual
procurement contracts, bank transfer vouchers, and client sign-off sheets. ROI
calculations must factor in full lifecycle costs (procurement + maintenance +
energy consumption) and undergo auditing by an independent third party.

Conclusion

From Chapter 1 through Chapter 8, we have journeyed across the theoretical
evolution of large physical models, the fierce maneuvers of global industrial
landscapes, the landing explosions of application scenarios, the institutional
architecture of governance standards, and the sober unravelling of bottleneck
challenges—finally converging upon future trends and strategic advice. This
narrative trajectory unmasks a core proposition: the ultimate triumph of
embodied intelligence hinges neither upon the flashiness of algorithms nor the
heat of capital, but rather upon our ability to strike an optimal equilibrium
between “reverence for physical laws” and the “ambition to transform the world.”
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