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Abstract: As a critical and rapidly evolving domain within artificial intelligence, Embodied Al represents the convergence
of computer vision, natural language processing, and robotics, aiming to create intelligent agents capable of perceiving,
reasoning, and acting within the physical world. However, despite the transformative success of Large Language Models
(LLMs) in the digital realm, Embodied Al faces unprecedented and multifaceted challenges that hinder the direct replica-

tion of the “large-scale pre-training plus scaling law” paradigm. These challenges include extreme data heterogeneity
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across different robot morphologies, strong physical constraints that demand safety and precision, and the prohibitively
expensive interaction costs associated with collecting real-world robotic data. Consequently, simply scaling up model
parameters without addressing these domain-specific hurdles has proven insufficient for achieving general-purpose robotic
intelligence. This paper comprehensively reviews the frontier technical evolution of Embodied Al, offering a systematie
analysis across four critical dimensions: data, models, systems, and evaluation, to chart a path toward more robust and
generalized embodied agents. In terms of data, we propose a“Data Pyramid” structure designed to maximize data efficiency
and transferability. This hierarchical framework advocates for the foundational use of massive, low-cost simulation data and
internet-scale video datasets at the bottom layer to build broad physical commonsense and visual representations ; the utili-
zation of human interaction data (such as ego-centric videos and teleoperation logs) in the middle layer to facilitate behav-
ioral mapping and intent understanding; and the strategic application of a small, high-quality amount of real-world robot
data at the top layer for fine-tuning and final skill deployment, thereby bridging the reality gap. Regarding models, the
paper critically discusses the current state of mainstream Vision-Language-Action (VLA) models, highlighting that while
they excel at semantic understanding, they encounter significant scaling bottlenecks in continuous control and fine-grained
manipulation. To overcome this, we identify “World Models” as a pivotal new direction for embodied pre-training. By
learning to simulate environmental dynamics, predict future states, and understand causal relationships without explicit
supervision, world models promise to endow agents with deeper physical intuition and superior generalization capabilities
in unseen environments. In terms of systems, we observe a paradigm shift where the architecture is evolving from mono-
lithic, single end-to-end models toward an Operating System-like “Hierarchical Architecture. ™ This evolution achieves the
necessary decoupling of high-level semantic planning—powered by the reasoning capabilities of LLMs—and low-level
motion control, which ensures precise execution and hardware compliance. This modular approach not only improves sys-
tem robustness but also facilitates easier debugging and component upgrades. Finally, the paper examines the critical
issues within current evaluation systems, specifically focusing on the challenges of authenticity in simulation benchmarks
and the lack of reproducibility in real-world experiments. We argue that the field suffers from fragmented metrics that fail to
capture the complexity of open-world interaction. In conclusion, we provide a forward-looking perspective on the inevitable
integration of locomotion and manipulation—moving beyond stationary arms to mobile manipulators—and anticipate the
arrival of the “ImageNet moment” for Embodied AI, where standardized datasets and benchmarks will catalyze a Cambrian
explosion of robotic capabilities, ultimately bridging the gap between digital intelligence and physical reality.

Key words: Embodied Al; Data Pyramid; World Models; VLA Models; Hierarchical Control Architecture; Embodied
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Pillar 1: Scaling Up Data

Data Source Scalability Realism

Diversity

The path forward is not to pick one source, but to combine th

“} Use synthetic data for pre-training and learning basic physical priors.

1 Use human video data to learn a broad semantic understanding of tasks and interactions.

| Use teleoperation data to ground the model in the robot's specific embodiment for a set of core skills.

1 Use robot self-experience for fine-tuning, adapting to new situations, and surpassing human demonstrators.
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