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ABSTRACT: Endowing embodied intelligent robots with dexterous manipulation capabilities is paramount for
executing complex, open-ended tasks. These capabilities are foundational to advancing true robotic autonomy, thereby
facilitating precision assembly, seamless collaborative operations, and highly specialized maneuvers across diverse
industrial and service sectors. Focusing on dynamic, unstructured environments where conventional programmed
behaviors prove inadequate, this paper presents a systematic, quantitatively driven review of training methodologies
and generation techniques for manipulation skill models within the domain of embodied artificial intelligence (AI).
To provide rigorous trend validation, this study conducts a comprehensive bibliometric analysis and quantitative
literature evaluation. By empirically mapping research distributions and methodological shifts across recent scholarly
works, we substantiate our identification of mainstream research trajectories and developmental paradigms. This
data-backed approach ensures the delineated landscape accurately reflects the consensus of the broader academic
community, effectively mitigating subjective bias. Leveraging this validated framework, we rigorously analyze the
core technical challenges currently hindering widespread deployment. These multifaceted challenges encompass
high-dimensional nonlinear motion control, algorithmic sample inefficiencies, suboptimal reward formulations, the
inherent semantic-to-physical alignment gap, and the computational constraints dictating large-scale applications.
Furthermore, this review comprehensively examines key enabling technologies engineered to circumvent these barriers.
Specifically, we systematically detail recent breakthroughs in motion control optimization, the evolution of advanced
learning paradigms, complex task planning strategies, and synchronized multi-agent cooperative control frameworks.
By critically evaluating these advancements, synthesizing the comparative efficacy of existing methodologies, and
dissecting real-world deployment bottlenecks, this review establishes a robust theoretical foundation. Ultimately, it
identifies practical, empirically supported pathways for future research to accelerate the transition of dexterous robotic
manipulation from constrained laboratories to complex real-world applications.

KEYWORDS: Embodied intelligent robots; motion control; advanced learning methods; complex task planning;
mult-agent collaboration
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1 Introduction

As a critical interface for deep interaction between artificial intelligence and the physical world,
embodied intelligent robots (EIRs) are physically situated systems capable of autonomous environmental
perception, task cognition, and action execution [1,2]. Unlike traditional industrial robots confined to
repetitive operations in structured settings, these systems actively adapt to dynamic environments to
autonomously accomplish diverse tasks. This adaptability enables their deployment across complex, real-
world scenarios, including domestic service, industrial maintenance, and emergency rescue. Consequently,
they are driving a paradigm shift in the robotics industry, transitioning from traditional passive command
execution to proactive perception and dynamic task adaptation.

Operating through a comprehensive perception-decision-control closed loop, embodied intelligent
robots achieve an autonomous mapping from environmental inputs to physical actions. These systems utilize
diverse sensors to extract multidimensional physical data, enabling robust environmental and task cognition.
Based on this cognitive input and defined objectives, the robot formulates optimal motion trajectories
and operational sequences, which actuators subsequently translate into physical movements. Concurrently,
continuous real-time feedback during execution facilitates the dynamic refinement of decision-making and
control strategies, ensuring cohesive and precise task completion.

-

Driven by advancements in multimodal perception [3], deep reinforcement learning, and founda-
tion model-based planning [4], embodied intelligent robots now demonstrate preliminary proficiency in
autonomous interaction and foundational task execution within unstructured environments.

The evolution of embodied robotics began in 1948 with Grey Walter’s analog “electronic tortoises,” which
pioneered basic machine-environment interaction via simple photo-tactic behaviors (Fig. 1). By the 1970s,
milestones such as Stanford’s Shakey [5] and Waseda’s WABOT-1 introduced symbolic logic planning and
full-scale humanoid architectures, respectively. The late 1980s saw a shift toward Rodney Brooks’s behaviorist
paradigm of “intelligence without representation,” paving the way for platforms like Honda’s ASIMO [6]
to establish kinematic standards for bipedal locomotion in 2000. Subsequent systems—including iCub [7],
PR2, and Boston Dynamics’ hydraulic Atlas—significantly advanced cognitive developmental robotics,
ROS standardization, and highly dynamic mobility. Entering the 2020s, the integration of foundation
models (e.g., Google RT-2) and advanced humanoid platforms (e.g., Tesla Optimus) has expanded the
capacity for semantic understanding, addressing previous limitations in perception and task generalization.
Since 2024, the emergence of platforms such as Fig. 1, 1X NEO, and the fully electric Atlas indicates a
progressive transition from controlled laboratory settings to real-world application scenarios. Driven by end-
to-end learning architectures, current embodied Al research focuses on enhancing generalizability, scalable
deployment, and integration into unstructured human environments.

The deployment of embodied intelligent robots, characterized by advanced autonomy and sophisticated
manipulation capabilities, has rapidly proliferated across industrial manufacturing [8], healthcare [9], and
specialized operations [10] (Fig. 2). Catalyzed by the advent of the Industry 5.0 paradigm, contemporary
manufacturing and service sectors are undergoing a profound transition: from the efficiency-centric, rigid
automation characteristic of Industry 4.0, toward a resilient, sustainable, and fundamentally human-centric
model of human-robot symbiosis [8]. This transformative paradigm mandates highly agile systems capable
of facilitating mass personalization and dynamically adapting to pervasive environmental uncertainties.
Within this vision, embodied agents must transcend passive, deterministic execution. To effectively share
unstructured workspaces and autonomously assume physically demanding or hazardous duties—thereby
emancipating human operators for cognitive and value-added roles—these systems require near-human
levels of dexterous manipulation and cognitive plasticity. Consequently, they are increasingly tasked
with executing high-precision, contact-rich operations, encompassing complex assembly [11], fine-grained
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manipulation [12], and close-proximity collaboration alongside human counterparts [13]. However, con-
ventional skill synthesis frameworks exhibit acute vulnerabilities regarding adaptability, precision, and
operational efficiency when confronted with the stochastic dynamics of real-world environments and the
stringent safety constraints of human-centric operations. Addressing these critical bottlenecks through
advanced training methodologies and novel policy generation techniques has thus emerged as a paramount
research priority. Surmounting these limitations is essential for transitioning robotic capabilities from
deterministic automation to resilient, dynamically adaptive intelligence.

Figure 03, 1X NEO
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Figure 1: The evolutionary trajectory of embodied intelligent robotics.
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Figure 2: General system architecture and positioning of manipulation skill models.

Global robotics competition has decisively shifted from hardware-centric design to underlying Al
technologies. While traditional giants (e.g., ABB, FANUC) adapt their deterministic automation expertise
to embodied Al, emerging pioneers are driving breakthroughs through heterogeneous paradigms. For
instance, Tesla Optimus pursues generalized physical Al via vision-only, end-to-end neural networks,
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whereas Figure Al leverages multimodal foundation models for advanced reasoning and task planning.
Concurrently, Chinese enterprises are rapidly maturing proprietary ecosystems, companies like Unitree
utilize large-scale reinforcement learning and Sim-to-Real transfer to optimize bipedal control, while Agibot
pioneers standardized robotic operating systems and data architectures (e.g., Dexterous OS). Collectively,
these industry-wide advancements underscore a rapid acceleration toward highly capable manipulation
skill models.

Advanced manipulation models require the fusion of efficient motion control, task planning, intel-
ligent learning, and multi-agent coordination mechanisms. This convergence is essential for delivering
stable, precise, and generalizable performance in unstructured environments, highlighting that empowering
embodied robots with human-like fine manipulation skills and dynamic adaptability remains a critical
research challenge.

In response to these challenges, embodied Al research has established a multidimensional, cross-
hierarchical technological framework. This review systematically examines this framework through four
core directions: motion control optimization to ensure execution precision, intelligent learning methods to
enhance generalization, complex task planning to resolve long-horizon decision-making bottlenecks, and
multi-agent collaboration to expand operational boundaries. Drawing on recent global advancements, we
thoroughly investigate methodological innovations, mechanism optimizations, and engineering applications
across these domains. By analyzing current technical bottlenecks and potential breakthrough trajecto-
ries, this paper outlines future trends for dexterous manipulation skill models, ultimately providing a
comprehensive reference for ongoing research and engineering practice.

To ensure methodological rigor and transparency, the literature selection process was conducted in strict
adherence to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines.
During the initial identification phase, a systematic search was executed across three prominent academic
databases. Following a stringent pipeline involving deduplication, content screening, and comprehensive
full-text eligibility evaluation, a total of 107 relevant publications were formally curated and incorporated
into the core analytical scope of this review. As illustrated in Fig. 3. PRISMA checklists are available in the
Supplementary Materials.

In this review, two authors independently screened titles and abstracts, then reviewed full texts of
the remaining papers, resolving disagreements through discussion. Data extraction was also performed
independently by two authors using a standardized form, focusing on robotic platforms, algorithmic
frameworks, and application scenarios; missing data were not sought from the original investigators. No
automation tools were used in either screening or extraction. Studies were qualitatively grouped based on
the core robotic tasks they addressed (e.g., perception, path planning, control). The technical characteristics,
advantages, and limitations of the methods were organized into comparative tables, and conceptual diagrams
were created to visually illustrate their relationships.

A limitation of our review process is that the literature search was mostly English-language publications,
potentially excluding relevant non-English literature or industry technical reports.

During the preparation of this work, the authors used Al tools solely for the purpose of language
polishing, grammar correction, and improving the readability of the manuscript. No Al tools were used for
literature summarization, data analysis, figure generation, or drafting the core scientific content of the paper.
After using these tools, the authors reviewed and edited the content as necessary and take full responsibility
for the accuracy and integrity of the final publication.
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Figure 3: PRISMA flow diagram of the study selection process.

2 Motion Control Optimization for Embodied Robots

Motion control optimization is fundamental to achieving dexterous and fine manipulation. Through
algorithmic innovation, sensorimotor integration, and refined reward mechanisms, this field advances
robotic precision, stability, and environmental adaptability. Its ultimate goal is to enable autonomous exe-
cution under complex constraints, whereby robots generate optimal control commands to fulfill predefined
tasks with high efficiency and adaptability.

2.1 Classical Control Methods

Classical control remains fundamental to robotic motion control, providing a robust and empirically
validated theoretical framework for addressing deterministic control problems. Pivotal methodologies such
as Proportional-Integral-Derivative (PID) control [14], Nyquist’s frequency response analysis [15], and Evans’
root locus method [16] collectively define the analytical arsenal of classical control theory. Notably, the root
locus method remains actively utilised in contemporary biomechanical and mobile robotic applications, such
as human gait analysis [17].

For conventional tasks such as manipulator trajectory tracking and mobile robot path planning, classical
control methods yield consistently stable performance. In the frequency domain, for example, researchers
have applied the Frequency Response Function (FRF) to predict the multimodal dynamics of milling robots,
effectively mitigating stability issues during variable posture machining [18]. Furthermore, the classical PID
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architecture remains foundational in mobile robotics; notably, Karthik et al. [19] developed a dual-mode PID
controller that enables high-precision, encoder less navigation in warehousing environments. Additionally,
the root locus method continues to serve as a crucial tool for analyzing closed-loop pole distributions
to ensure robustness in complex setups like human-robot collaboration. Ultimately, these applications
underscore the enduring efficacy of classical techniques, particularly for Single-Input Single-Output (SISO)
Linear Time-Invariant (LTT) systems and specific nonlinear extensions.

2.2 Modern Control Methods

Addressing the limitations of classical control in complex environments, modern methods—anchored
in state-space modeling [20-22]—provide a comprehensive framework tailored for Multiple-Input Multiple-
Output (MIMO), nonlinear, and time-varying systems. This paradigm tackles specific operational challenges
through targeted strategies: Kalman filtering [23,24] for precise state estimation, Model Predictive Control
(MPC) for constrained time-domain optimization and sliding mode and adaptive control to mitigate
nonlinearities and parameter uncertainties. This precise characterization of system dynamics offers signif-
icant advantages in demanding applications, such as collaborative robot interaction, flexible manipulator
control [25], and mobile robot decision-making [26]. Ultimately, by transcending the assumptions of Linear
Time-Invariant (LTI) systems, modern control lays a robust foundation for advancing robotics toward
higher-dimensional complexity and intelligence.

Table 1 summarizes the evolution of motion control optimization for tracked robots. Early research
primarily targeted travers ability over specific terrains by formulating fundamental geometric, kinematic, and
dynamic models. For structured scenarios like stairs, several studies [27-29] proposed sequential dynamic
models relying on manual operational frameworks. These methods plan flipper articulation by conforming
to the terrain envelope and derive optimal postures from energy stability margins. However, these models
remain strictly limited to simple, uniform terrains. When deployed in complex, real-world environments
with superimposed obstacles or dynamic terrain variations, such approaches frequently prove inadequate
and are highly susceptible to control failure.

Table 1: History of motion control optimization for tracked robots.

Evoluti
vo Sli ::;):ary Core Methodology Key Mechanisms Advantages Limitations
Established foundational Poor environmental
Early Kinematic & Sequential motion travers ability theory.  adaptability. Prone to
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crossing. simple terrains.
. CNN-based feature Accur'ately models vulnerable to visual
Deep Reinforcement . non-linear contact .
Recent Learning (DRL) & extraction & DDPG. dvnamics. Enhances noise, low sample
Advances [30] & Re-al-world Y ) efficiency during

adaptability to complex
terrains.

Visual Perception

da-ta-driven algorithms early exploration.

Significantly reduces

Low-Cost Pymunk simulation . Addresses critical
. . . training thresholds. .
State-of-the- Simulation & environment. . . bottlenecks in cost
o s . . achieves superior .
Art [31-33 Discrete-Space Discrete-space obstacle-crossing speed and training
Algorithms AT-D3QN algorithm &P efficiency.

and stability.
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Addressing the adaptability bottlenecks of analytical models, recent machine learning advancements
have catalyzed a shift toward learning-based control. Early end-to-end Deep Reinforcement Learning
(DRL) frameworks [30] combined Convolutional Neural Networks (CNNs) for visual extraction with the
Deep Deterministic Policy Gradient (DDPG) algorithm for policy optimization. Despite their pioneering
nature, these methods suffered from high sample complexity, prohibitive computational costs, and control
instabilities caused by visual perturbations. Subsequent research improved stability via reward shaping [31,32]
and enhanced terrain adaptability by integrating real-world data into Q-learning [33]. Nevertheless, these
approaches remain constrained by sub-optimal sample efficiency and limited generalization across diverse
scenarios, leaving the full potential of learning-based algorithms unrealized.

Recent breakthroughs feature the development of a cost-effective Pymunk simulation environment [34]
alongside the AT-D3QN autonomous control algorithm, tailored specifically for discrete action spaces. This
approach not only facilitates highly efficient obstacle traversal but also significantly outperforms manual
teleoperation in both speed and stability. Consequently, it effectively mitigates the economic barriers that
have historically hindered the real-world deployment of such systems.

In the realm of legged locomotion (Fig. 4), researchers have formulated targeted solutions for scenario-
specific challenges. To address the complexities of highly dynamic motion retargeting, for instance, Grandia
et al. [35] introduced a generalized framework based on differentiable optimal control. This bi-level
optimization scheme parameterizes the system to reconcile discrepancies between source inputs and robot
dynamics. Specifically, the inner loop leverages Model Predictive Control (MPC) for optimal trajectory
generation, while the outer loop minimizes tracking errors to refine these parameters. Furthermore, by
integrating projection techniques with Matrix Riccati equations to resolve complex constraints, this approach
successfully balances physical feasibility with perturbation robustness, thereby establishing a practical
paradigm for multi-constrained dynamic control.

Differentiable Optimal Control Framework (Challenge: High-Dynamic Retargeting)

®
Bilevel Optimization Constraint Handling -d
- (Inner: MPC Optimal Trajectory, » (Projection + Matrix
Outer: Parameter Refinement) Riccati Equation) General Feasible Path
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Figure 4: Legged robots evolution of control strategies from trajectory planning to contact mechanisms.

To address the inherent speed-stability trade-off in wheeled-legged robots, Bjelonic et al. [36] intro-
duced a hierarchical online trajectory optimization framework. This approach decouples motion planning
into base posture optimization and wheel trajectory generation, explicitly accounting for both stance and
flight phases. By integrating a Whole-Body Controller (WBC), the system achieves 400 Hz closed-loop
control, successfully facilitating agile maneuvers across complex terrains.
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At the fundamental level of contact mechanics, Carius et al. [37] introduced a contact-implicit trajectory
optimization method to relax the conventional no-slip assumption. By directly embedding frictional contact
models into the system dynamics, this approach enables autonomous transitions between contact and slip
states without relying on predefined gait sequences. Powered by efficient solvers, this real-time optimization
yields trajectories suitable for direct hardware deployment, thereby significantly enhancing locomotion
robustness in complex environments.

2.3 Motion Control Optimization for Embodied Intelligence

Whereas modern control focuses on optimizing performance indices subject to multivariable con-
straints, embodied AI tightly couples perception and decision-making. Its primary goal is to achieve broad
task generalization and profound semantic understanding in complex environments. Driven by generative
Al and large-scale simulations, the field is shifting from rule-based to learning-based paradigms. Ultimately,
by leveraging massive datasets, this approach endows robots with human-like operational capabilities,
facilitating autonomous interaction within the physical world.

Traditional imitation learning heavily relies on Mean Squared Error (MSE) for action regression,
fundamentally failing to capture multimodal distributions. Consequently, when an agent confronts equally
viable alternatives—such as turning left or right—MSE averages these modes, producing an interpolated
trajectory that inevitably triggers collisions or deadlocks. To circum-vent this, Diffusion Policy introduces
the generative denoising paradigm into robot control, formulating action generation as an iterative process
that synthesizes coherent action sequences from pure Gaussian noise.

This denoising paradigm empowers embodied agents to resolve complex tasks featuring multiple
viable solutions. Diffusion Policy not only precisely models non-Gaussian, multimodal action distributions
enabling the robot to commit to a single execution mode, but also ensures temporal consistency by predicting
future action sequences. Consequently, it effectively mitigates the high-frequency jitter typically associated
with standard neural network policies.

Advancing this paradigm, Ren et al. [38] introduced Diffusion Policy Policy Optimization (DPPO),
effectively integrating diffusion models with reinforcement learning. By eschewing uninformed isotropic
noise, DPPO leverages the representational capacity of diffusion models to drive structured exploration.
Consequently, in long-horizon, sparse-reward assembly tasks, this framework exhibits more robust training
convergence and superior Sim-to-Real transferability than conventional Gaussian policies.

Although Diffusion Policy effectively resolves temporal consistency and multimodality in action gener-
ation, achieving general-purpose intelligent control necessitates that embodied agents comprehend complex
semantic instructions and perform long-horizon planning. This requirement has catalyzed a profound
convergence between foundation models and low-level control systems.

Vision-Language-Action (VLA) models [39], exemplified by systems like Google’s RT-2 and NVIDIA’s
GROOT [40], represent a significant shift in cross-modal representation learning. Architecturally, these
frameworks map high-dimensional visual inputs and natural language instructions into a shared latent
space, subsequently discretizing continuous robotic actions into text-like tokens. By unifying these modal-
ities within a single Transformer objective, Vision-Language-Action (VLA) models establish a centralized
“robotic brain” capable of exploiting internet-scale pre-training. This paradigm significantly enhances
semantic reasoning and zero-shot manipulation of novel objects, pushing the generalization boundaries of
robotic control.

Despite these architectural advancements, the practical deployment of VLA models is severely con-
strained by critical bottlenecks. From a dataset perspective, while VLAs benefit from abundant internet-scale
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text and images, high-quality and diverse robotic action data remains intrinsically scarce. This “embodiment
data gap” restricts the model’s ability to ground semantic knowledge into precise physical dynamics.
Furthermore, the massive parameterization inherent to these foundation models introduces substantial
inference latency. The autoregressive nature of token generation in large Transformers precludes the high-
frequency control loops (typically > 500 Hz) required for dynamic stability, rendering direct, real-time
reactive control computationally prohibitive on current edge hardware.

To mitigate logical inconsistencies in long-horizon tasks, contemporary research has integrated Chain-
of-Thought (CoT) reasoning [41] into the embodied control loop, transitioning from black-box action
regression to explicit cognitive inference. To circumvent the aforementioned inference bottlenecks, current
architectural trends widely adopt a hierarchical decoupling paradigm [42]. In this structure, the VLA model
serves as a low-frequency, high-level planner to orchestrate task objectives or keyframes, while a lower-
level, high-frequency execution policy—such as a Whole-Body Controller (WBC) or a lightweight diffusion
model—handles reactive continuous control.

While this hierarchical framework represents a promising approach to bridging foundation models with
traditional control, it remains fraught with systemic vulnerabilities in robustness, latency, and safety. The
asynchronous operation between the low-frequency planner and high-frequency executor often introduces
latency-induced instabilities in dynamic environments. Moreover, the abstraction of task objectives creates
a “semantic-to-control gap,” where high-level plans may fail to account for fine-grained geometric or
dynamic constraints, leading to cascading execution errors. Most critically, the inherent unpredictability—
such as hallucinations of large-parameter planners poses severe safety risks when translated into physical
torque commands. Therefore, achieving deterministic stability and seamless, safe integration across these
hierarchical layers remains a profound challenge in current research, rather than a resolved reconciliation.

Due to their anthropomorphic design, humanoid robots offer distinct morphological advantages over
quadrupedal and wheel-legged platforms in navigating human-centric environments and executing versatile
tasks. However, they also confront formidable challenges arising from high-dimensional nonlinearity and
under-actuated dynamics, necessitating a transition in control strategies from model-driven to data-driven
paradigms. Within the model-based framework, the integration of Model Predictive Control (MPC) [43]
and Whole-Body Control (WBC) [44] has become the mainstream, effectively ensuring dynamic stability
by incorporating angular momentum constraints and contact force optimization, yet, this approach is often
hampered by modeling inaccuracies in unstructured terrains. In contrast, leveraging large-scale parallel
simulation [45] and domain randomization [46] has not only bypassed the computational complexities
of contact dynamics to achieve robust locomotion, but also catalyzed the emergence of integrated mobile
manipulation—coupling lower-body locomotion with upper-body dexterous execution. This synergy estab-
lishes a critical technical foundation for autonomous embodied agents to achieve truly versatile operations
in complex, real-world scenarios.

In conclusion, the evolution of robotic motion control optimization indicates that advancing embodied
intelligence to higher levels of autonomy requires transcending isolated technical domains to foster a
tripartite synergy between theory, engineering, and application scenarios. Future efforts must prioritize nar-
rowing the sim-to-real gap by ensuring the hardware-aware adaptation of algorithms to physical constraints.
Furthermore, the development of modular, hardware-agnostic optimization frameworks will be essential to
mitigate R&D overhead and facilitate seamless adaptation across heterogeneous robotic platforms.
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3 Skill Training and Learning Methodologies for Embodied Al
3.1 Core Reinforcement Learning Methodologies for Skill Synthesis

The integration of Reinforcement Learning (RL) into embodied robotics represents a methodological
shift from deterministic, pre-programmed control to data-driven decision-making. As illustrated in Fig. 5,
RL optimizes control policies through continuous environmental interaction [47,48] and iterative trial-
and-error exploration [49]. By reducing the reliance on explicit heuristic rules and precise analytical
models, RL provides a viable framework for managing high-dimensional and nonlinear motion dynamics.
However, while RL enables the synthesis of complex behaviors, its practical deployment in physical systems
is frequently hindered by critical limitations, including severe sample inefficiency, the complexity of reward
engineering, and the sim-to-real gap. Consequently, achieving robust and generalized adaptation in dynamic,
non-stationary environments remains a persistent challenge.

EMBODIED AI & RLVISIONS REAL-WOELD CHALLENGES

o Y i

Breaking Predefined Rules, Limiting Depth and
Adapting to Unknown Environments Breadth of Application

Figure 5: Reinforcement learning for embodied intelligent robots: vision and real-world challenges.

Despite its theoretical promise, the deployment of Reinforcement Learning (RL) in embodied systems
is impeded by several fundamental bottlenecks. Foremost, extreme sample inefficiency renders the training
process computationally prohibitive, often requiring millions of environmental interactions to synthesize
even elementary skills. Furthermore, formulating reward functions that perfectly balance task maximization
with implicit physical constraints remains a notoriously intractable engineering challenge. Additionally, the
inherent stochasticity of physical environments introduces severe safety risks during the trial-and-error
exploration phase. Ultimately, the sim-to-real gap acts as the primary barrier to real-world deployment,
frequently causing policies optimized in simulation to fail in practice. Together, these deep-seated impedi-
ments severely constrain the scalability of RL in practical, high-stakes domains, such as large-scale industrial
manufacturing [50] and hazardous operations.

To overcome these practical bottlenecks, targeted algorithmic innovations in Reinforcement Learning
(RL) have emerged as a critical focal point across academia and industry. This paradigm shift neces-
sitates algorithmic advancements that simultaneously enhance sample efficiency, refine reward shaping
mechanisms, and embed robust safety constraints directly into the control architecture. Concurrently, the
formidable technical hurdles of bridging the sim-to-real gap must be surmounted. Ultimately, only through
synergistic breakthroughs in theory and engineering—coupled with pioneering applications in high-value
scenarios like dexterous manipulation and dynamic environmental adaptation—can the evolution of RL in
embodied agents be genuinely propelled forward.
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3.1.1 Additive Linear Reward Summation

Embodied agents acquire skills through continuous environmental interaction, extracting generalized
competencies to execute complex tasks [51,52]. However, as environmental dynamics and the kinematic
complexity of these systems escalate, the difficulty of policy optimization grows exponentially, necessitating
explicit constraints to guide the learning process. Relying on the principle of cumulative reward maximiza-
tion [53,54], Reinforcement Learning (RL) typically formulates these operational constraints as constituent
terms within the reward function. While this approach has demonstrated efficacy in demanding domains like
legged locomotion and dexterous fine manipulation, it harbors a fundamental flaw. Conventional RL frame-
works generally rely on a rudimentary linear scalarization of reward components. This formulation compels
the agent to optimize competing objectives simultaneously, frequently inducing gradient interference and
severe policy oscillation, which substantially degrade overall learning efficiency [55].

3.1.2 Hybrid Dynamic Policy Gradient Method

To resolve the core challenge of multi-objective conflicts, researchers have progressed from static
decoupling to dynamic architectural optimization. The Hybrid Reward Architecture (HRA) [56] employs a
“divide-and-conquer” strategy: by decomposing the reward function and mapping each reward component
to a dedicated value function, it suppresses cross-objective interference and markedly improves learning
efficiency. Building upon this, subsequent work introduced the Hybrid Dynamic Policy Gradient (HDPG)
method. Built as an extension of the Deep Deterministic Policy Gradient (DDPG) algorithm [57], HDPG
produces a vectorized value output Q (s, a) as formulated in Eq. (1):

Q(s,a) =[Qi(s5,a),Q:(s,a),...,Qx (s,a)]" 1)

where K is the number of reward components, and each corresponds to a specific physical constraint reward.
This method maintains decoupled Q values, thereby enabling the calculation of gradient suggestions from
each sub-objective regarding the action. Let the parameters of the Actor network be 6” and those of the
Critic network be §2. The gradient contribution k of each sub-objective VJ; can be derived via the chain
rule, as shown in Eq. (2):

Vi (97[) = ESNp" 9 (2)
9 = [VaQi (5, al0]) laza(s) - Vorm (s]67)] (3)

To enhance policy optimization, a dynamic priority mechanism is implemented by introducing the
dynamic weight vector my, as formulated in Eq. (3), which modulates the contribution of each reward
branch. Unlike predefined hyperparameters, these weights m are adaptively determined on-the-fly, based
on empirical statistics accumulated during the training process. The resulting hybrid gradients are then
expressed as shown in Eqs. (4) and (5).

K(yk + e"f)

my = o (4)
25-(:1 (M] + e j)
K
Vor] = Z miV ]k (5)
k=1

This mechanism aims to steer embodied agents toward mastering fundamental skills before progres-
sively tackling high-complexity challenges, thereby manifesting a curriculum-based, incremental learning
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effect akin to human cognition. Nevertheless, such approaches encounter inherent bottlenecks; specifically,
the dynamic weighting rules rely heavily on hand-crafted heuristics and lack sufficient autonomy. This
reliance ultimately compromises the algorithm’s robustness and generalization when deployed in novel or
unstructured environments.

3.1.3 Automated Hybrid Reward Scheduling Framework

To transcend the constraints inherent in manual heuristic design, recent frontier studies have begun
investigating the potential of Large Language Models (LLMs) to facilitate automated rule synthesis. A pivotal
advancement in this domain is the Automated Hybrid Reward Scheduling (AHRS) framework [58], which
instantiates this automated approach. The conceptual architecture is illustrated in Fig. 6.
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Figure 6: Schematic diagram of the automated hybrid reward scheduling (AHRS) framework challenges.
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Physical Interaction Layer

The framework begins by decomposing the total reward function R into K distinct physical components
r¢. Consequently, the aggregate reward ¢ at time step r, is formulated as a weighted linear combination of
these constituent elements:

K
ry = Zwt(k) -rfk) (6)
k=1

Here, wfk) represents the relative weight ascribed to the k-th reward component within the current

operational phase. Leveraging this decomposition, the framework instantiates a multi-branch value network
architecture, where the state-action value function Q (s;, as; 0) is approximated as a linear combination of
the individual value functions derived from each respective branch:

K
Q(sp,ai0) = ngk) Qi (51> ar0k) (7)
k=1

Subsequently, the framework introduces a Large Language Model (LLM) to serve as a sophisticated
orchestration engine. By harnessing the LLM’s formidable semantic comprehension and logical reasoning
capabilities, the system can autonomously retrieve optimal strategies from the rule buffer S; based on
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the formalized training state description B. This process culminates in the adaptive computation of the
importance weight vector w; across all reward components:

w; = LLM (S;, B, P) (8)

In this context, P functions as the guiding prompt. via this orchestration, the LLM directs the
optimization trajectory of the policy 7 across the parameter space ¢ to maximize the objective function.
The proposed framework effectively bridges the gap between manual heuristic design and the intelligent,
autonomous synthesis of weighting rules. Consequently, this significantly bolsters both the autonomy and
the generalization proficiency of embodied agents during the acquisition of complex skills.

In the field of reinforcement learning for bipedal robots, researchers have proposed various tailored
solutions through architectural innovation and policy optimization to address core bottlenecks across diverse
scenarios, such as complex skill acquisition, path tracking, and gait generation.

3.1.4 Hierarchical Control and Curriculum Learning Strategies

Addressing the coupled challenges of complex skill acquisition and the sim-to-real gap, Haarnoja
et al. [59] proposed a two-stage Deep Reinforcement Learning (DRL) pipeline. Incorporating policy distil-
lation, domain randomization, and external force perturbations, this approach enabled the robust transfer
of agile locomotion skills to the OP3 robot. For wheeled-bipedal platforms, Zhu et al. [60] devised a three-
tier hierarchical control architecture coupling the Deep Deterministic Policy Gradient (DDPG) algorithm
with conventional PID controllers. This hybrid paradigm obviates exhaustive manual tuning, substantially
augmenting the path-tracking robustness of the Intelligent Ground Operations Robot (IGOR) robot.

Beyond architectural optimizations, decoupling policy learning from predefined reference trajectories
remains a pivotal frontier in locomotion research. Addressing this, Siekmann et al. [61] devised a periodic
reward composition framework. By formulating a phase-conditioned reward function and synergizing
Proximal Policy Optimization (PPO) with dynamics randomization, this approach synthesizes diverse gaits
devoid of explicit kinematic priors. Ultimately, this paradigm endows the Cassie biped with the capacity for
seamless multi-gait transitions and robust zero-shot transferability to unstructured outdoor terrains.

Advancing the stability and sample efficiency of omnidirectional locomotion, Rodriguez and
Behnke [62] introduced a curriculum-driven Deep Reinforcement Learning (DRL) framework (Fig. 7). By
orchestrating a velocity scheduler to progressively escalate task complexity, this method utilizes nominal
postural priors to guide the optimization trajectory. To preclude unsafe explorations, a Beta distribution
policy strictly bounds the action space. Coupled with a composite reward function—targeting velocity
tracking and postural regularization—and stochastic noise injection, this systematic paradigm empowered
the NimbRo-OP2X biped to synthesize robust multidirectional gaits. Consequently, the learned poli-
cies exhibited exceptional perturbation resilience, ensuring seamless sim-to-real deployment on physical
hardware.

For a systematic evaluation of the three representative reward paradigms, Table 2 comprehensively
characterizes traditional linear scalarization, hybrid architectural decoupling (HDPG), and LLM-
driven automated scheduling (AHRS) in terms of their core design, computational complexity, and
performance boundaries.
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Table 2: Evolution of reward mechanisms in reinforcement learning for embodied AL
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3.2 Core Methods for Intelligent Training

In embodied AI research, while advanced control architectures and Reinforcement Learning (RL)
paradigms establish robust algorithmic frameworks for skill acquisition, procuring high-fidelity training data
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and constructing generalizable perceptual representations remain the primary bottlenecks impeding cross-
task generalization. Conventional training pipelines consistently suffer from extreme sample inefliciency,
cost-prohibitive physical interactions, and a fundamental deficit in semantic reasoning. To circumvent
these limitations, the community is converging on two complementary trajectories. First, Augmented
Reality (AR) and Virtual Reality (VR) technologies are leveraged to engineer immersive, human-in-the-
loop (HITL) training environments, injecting human cognitive priors to resolve the intractable challenges
of demonstrating and guiding complex tasks. Second, large-scale visual pre-training models are utilized
to distill universal physical priors and semantic features from massive multimodal datasets, endowing
embodied agents with a robust perceptual foundation for compositional generalization. Consequently, this
section systematically reviews recent advancements across these two pivotal dimensions: AR/VR-assisted
skill acquisition and visual pre-training methodologies.

3.2.1 Skill Acquisition via Augmented and Virtual Reality Training

Integrating Augmented Reality (AR) and Virtual Reality (VR) establishes a high-bandwidth interface
that tightly couples human cognition with robotic execution [63]. By fusing three-dimensional virtual
entities with physical or simulated environments, these modalities are revolutionizing the data acquisition
and skill learning pipelines for embodied agents. Current VR deployment in robotics demonstrates a
stratified landscape: in surgical robotics [64-67] and human-robot interaction (HRI) [68], it enhances
operational precision and intuitive collaboration; whereas in motion planning and swarm robotics [69,70],
it circumvents the bottlenecks of complex programming and the sensory limitations of micro-robots.
Nevertheless, broad adoption remains hindered by ubiquitous engineering challenges, notably acute system
complexity, communication latency, and inherent Field of View (FoV) constraints.

To systematically embed human cognitive priors into policy learning, Learning from Demonstration
(LfD) has emerged as a pivotal frontier. As illustrated in Fig. 8, an MIT team [71] devised a VR-teleoperated
apprenticeship framework combining self-supervised exploration with active learning. During grasping
tasks, the system autonomously executes policies, exclusively querying human intervention for high-fidelity
demonstrations when confidence deteriorates or consecutive failures occur. Integrated with 3D CNN-
based grasp prediction, this active querying mechanism drastically curtails the dependency on continuous
human oversight, facilitating scalable data acquisition via a centralized multi-robot monitoring interface.
Furthermore, to overcome the interactive bottlenecks of traditional simulators, the iGibson 2.0 platform
introduces multidimensional enhancements. It incorporates extended, visually rendered physical states
(e.g., temperature and humidity) and employs logical predicate deduction to semanticize environments
and automate task generation. Crucially, its native VR interface facilitates direct human demonstration of
long-horizon tasks. This synergy of semantic physics and VR-guided teleoperation significantly enriches
the dimensionality of imitation learning datasets, thereby augmenting the agent’s proficiency in executing
logic-driven, multi-step domestic tasks.

While Virtual Reality (VR) is maturely deployed across simulated environments, the efficacy of
Augmented Reality (AR) for in-situ robotic training remains bottlenecked by camera localization precision
and display hardware fidelity. Overcoming these limitations necessitates integrating AI-driven Simultaneous
Localization and Mapping (SLAM) algorithms to construct Mixed Reality (MR) frameworks with high-
fidelity virtual-physical registration. Ultimately, such paradigms will enable robust augmented training and
seamless human-robot interaction directly within unstructured physical domains.
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Figure 8: Schematic diagram of VR-assisted robot intelligent training system.

3.2.2 Visual Pre-Training Methodologies

Visual pre-training in embodied AI fundamentally aims to circumvent the severe sample inefficiency
intrinsic to tabula rasa learning. By exploiting massive multimodal datasets from diverse domains—
including public repositories, simulations, and physical interactions, this paradigm extracts generalizable
visual representations through unsupervised [72], self-supervised [73], or weakly supervised [74] frame-
works. The core rationale is to embed universal perceptual priors—encompassing object morphology,
spatial topologies, and foundational semantics—before exposing the agent to task-specific manipulations.
Ultimately, this yields a high-fidelity feature initialization, establishing a robust scaffold for downstream
capability transfer in critical operations like object recognition, grasp planning, and spatial navigation.

To efficiently translate generalizable visual representations into executable manipulation skills, recent
research has systematically advanced along two primary axes: model transfer strategies and data source
diversification. As Table 3 illustrates, Google Brain pioneered the “learning to see before learning to act”
paradigm. By repurposing parameters from passive visual tasks via full-architecture transfer, this strategy
mitigates the exploration inefficiencies inherent in de novo backbone initialization. Furthermore, to embed
dynamic human behavioral priors, the R3M model [75] shifts the pre-training corpus from static imagery
to Ego4D egocentric videos. While temporal contrastive learning enables this encoder to extract sequential
features and boost few-shot performance by over 20%, its overall utility remains bottlenecked by single-
frame representational limits and a lack of deep integration with downstream Reinforcement Learning
(RL) architectures.

Table 3: Comparison table of core robot vision pre-training models.

Core Strategy & Performance &

Model/Team . Key Technical Mechanism Main Limitations
Innovation Advantages
Full parame’Fer re-use: Fully Improved sample Lacks utilization of
transferring both the . .
. . - efficiency: Success rate dynamic temporal
Google Brain Full-architecture = backbone and prediction L . . .
. in simulated grasping information; based
Team transfer strategy  heads prevents the training . o
. . . increased from 71% to solely on static visual
inefficiency of partial
86%. features.
transfer.

(Continued)
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Table 3 (continued)
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(VLMs). (CoT) planning.

The emergence of Large Multimodal Models (LMMs), exemplified by Google DeepMind’s RT-2 [76], has
fundamentally extended the frontier of embodied pre-training beyond purely visual domains. Built upon a
Vision-Language Model (VLM) backbone, RT-2 employs action tokenization to represent robotic kinematics
as discrete tokens, enabling the cofine-tuning of internet-scale vision-language corpora with robotic demon-
stration data. This perception-reasoning-action integration endows agents with the capacity for complex
semantic instruction following, symbolic reasoning, and Chain-of-Thought (CoT) planning. Despite current
challenges—such as prohibitive computational overhead and limitations in fine-grained physical skill
generalization—RT-2's manifestation of high-level reasoning marks a pivotal shift: transitioning embodied
pre-training from task-specific policy learning toward open-vocabulary and cross-domain generalization.

4 Task Planning Strategies for Embodied Agents in Complex Scenarios

Modern applications of embodied agents are increasingly challenged by unstructured environments and
dynamic interactions, where traditional trajectory generation no longer suffices. Consequently, the research
focus has pivoted from low-level execution toward cognitive-level in-tent comprehension and integrated
Task and Motion Planning (TAMP). This evolution bifurcates into two critical imperatives: first, in human-
robot collaboration, agents must transition from passive obstacle avoidance to reactive planning that enables
proactive synergy; second, in long-horizon tasks, the core challenge lies in bridging the gap between discrete
symbolic logic and continuous geometric motion—a prerequisite for achieving high-level autonomy in
embodied intelligence.

4.1 Human-Robot Collaboration and Reactive Planning

As depicted in Fig. 9, reactive planning in Human-Robot Collaboration (HRC) is fundamentally
governed by the dual imperatives of safety and efficiency—a mandate that dictates both the algorithmic
architecture and its functional adaptation to dynamic contexts. From a technical perspective, this paradigm
integrates multi-modal sensor fusion—incorporating vision [77,78], haptics [79,80], and LiDAR [81]—
with lightweight inference engines to facilitate the real-time decoding of human intent. Moving beyond
rudimentary “reactive avoidance,” this framework enables proactive adaptation via localized environmental
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pre-modeling. Its core strength lies in bypassing computationally expensive global replanning, thereby
ensuring millisecond-level latency in response to stochastic environmental contingencies.
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Figure 9: Evolutionary path of proactive human-robot collaboration.

Transitioning from collaborative paradigms to algorithmic execution, Li et al. [82] introduced the
Proactive Human-Robot Collaboration (PHRC) model for cognitive manufacturing, specifically addressing
the demands of large-scale personalized production. This paradigm lever-ages digital twins, Augmented
Reality (AR), and spatiotemporal trajectory forecasting to evolve the human-robot relationship from mere
coexistence toward symbiotic collaboration, thereby mitigating behavioral stochasticity and enhancing
system flexibility. To operationalize this proactive ethos within trajectory synthesis, Flowers et al. [83]
developed the Spatio-Temporal Avoidance Planning (STAP) framework. By transcending the limitations
of static obstacle avoidance, STAP integrates spatiotemporal occupancy mapping with dynamic velocity
modulation to enable the precise anticipation of human motion. While computational latency remains
a hurdle for real-time deployment, the framework underscores the critical necessity of spatiotemporal
prediction in optimizing collaborative fluency.

Regarding specialized process-level applications, Oshin et al. [84] developed a sophisticated col-
laborative framework for composite material lay-up. The system innovatively synthesizes generative and
discriminative Long Short-Term Memory (LSTM) models to accurately forecast human actions, sub-
sequently casting task planning as a Partially Observable Markov Decision Process (POMDP). This
mathematical formulation enables dual-arm robots to derive optimal execution policies under perceptual
uncertainty, achieving a highly efficient coupling between robotic automation and manual labor in complex
industrial workflows.

While existing reactive planning strategies have demonstrated preliminary success in dynamic-
static obstacle avoidance, they remain constrained by the inherent trade-oft between high-concurrency
multimodal processing and real-time decision-making throughput. Despite the influx of spatiotemporal
forecasting and deep learning, reconciling high-fidelity prediction with reduced algorithmic complexity
remains a critical hurdle for industrial-scale deployment. Current methodologies predominantly stagnate at
the geometric level of trajectory prediction, lacking a profound grasp of deep semantic intent. Future research
must prioritize the development of light-weight edge-computing frameworks and explore the integration of
Large Language Models (LLMs) to facilitate semantic reasoning. This will facilitate a necessary paradigm
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shift in embodied AI—moving from action-level anticipation to task-level cognition—to achieve a robust
fusion of safety and efficiency in unstructured environments.

4.2 Path Planning for Long-Horizon and Complicated Tasks

Task and Motion Planning (TAMP) acts as a pivotal nexus bridging high-level logical reasoning
with low-level physical actuation, thereby enabling embodied agents to achieve sophisticated autonomy.
Its core utility lies in the systematic deconstruction of abstract goals into collision-free, executable action
sequences within complex environments. Facilitated by the emergence of multi-task learning [85], TAMP
methodologies are undergoing a paradigm shift—transitioning from conventional hierarchical decoupling
toward a unified integration of symbolic logic and continuous geometry. This evolution propels robotic
capabilities beyond rigid automated execution toward adaptive, intelligent decision-making.

To tackle the tight coupling between discrete logical reasoning and continuous motion execution,
algorithmic approaches have transitioned from conventional decoupled pipelines to holistic joint opti-
mization strategies. Notably, frameworks like the Graph of Convex Sets (GCS) and Hierarchical Temporal
Logic (HTL) [86,87] formulate multi-robot allocation, symbolic reasoning, and trajectory synthesis as a
unified shortest-path problem on a product graph. By mapping heterogeneous constraints into a tractable
mathematical space, this integrated approach ensures theoretical completeness and global optimality.

Complementing algorithmic optimizations, the integration of Large Language Models (LLMs) catalyzes
a cognitive paradigm shift in TAMP, furnishing embodied systems with semantic comprehension and closed-
loop reasoning. While traditional TAMP is fundamentally bottlenecked by rigid, hand-crafted heuristics
and a deficit in physical common sense, state-of-the-art frameworks like LLM [88] repurpose LLMs as
potent heuristic engines. Beyond merely synthesizing high-level task skeletons, these architectures exhibit
critical Motion Failure Reasoning (MFR), directly translating geometric collision feedback into autonomous,
semantic-level replanning. Concurrently, deep learning-driven planning domain inference [89] automates
the extraction of environmental causal models from human demonstrations, effectively decoupling system
performance from expert-engineered priors.

To facilitate a structured comparison of the representative TAMP methodologies surveyed
above, Table 4 synthesizes their core technical mechanisms, standard performance metrics, principal
strengths, and key limitations.

Table 4: Comparison of key mechanisms and performance of mainstream TAMP methods.
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Paradigm Metrics
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Table 4 (continued)
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To counter inevitable perceptual noise and environmental dynamics, Partially Grounded Planning
(PGP) introduces a highly resilient paradigm [90]. By deferring concrete geometric computations until
execution—where abstract plans are directly reconciled with real-time sensory data—PGP significantly
enhances system robustness. Concurrently, psychology informed TAMP algorithms now enable real-time
human intent inference and dynamic role modulation [91]. Together, these advancements propel embodied
agents from sequestered automation cells into unstructured, symbiotic environments.

In applied domains, recent literature highlights both critical milestones and persistent bottlenecks. For
high-precision assembly, Huang et al. [92] developed Choreo, leveraging hierarchical and semi-constrained
Cartesian planning to execute spatial truss assembly. While computationally efficient, full autonomy remains
hindered by its reliance on manual task decomposition and the absence of automated backtracking. Address-
ing dynamic environments, Bernardo et al. [93] proposed a closed-loop semantic reasoning framework
bridging perceptual detection with collision-free trajectory generation. Despite robust logical capabilities,
the system requires further refinement to manage severe state uncertainty and integrate mobile bases. Finally,
in large-scale multi-agent coordination, Yan and Julius [94] introduced a decentralized branch-and-bound
algorithm utilizing mixed-integer programming to balance computational loads. Although this approach
substantially accelerates solving speeds, striking an optimal trade-off between communication overhead and
the optimality loss inherent in approximate solvers remains a pivotal hurdle for real-world deployment.

5 Cooperative Control in Embodied Agents

Decentralized multi-agent coordination has emerged as a prominent approach for deploying embodied
robots in dynamic, large-scale environments, effectively mitigating the computational bottlenecks often
associated with purely centralized architectures. While conventional centralized control relying on a global
planner—provides strong guarantees of global optimality, its scalability is frequently constrained by expo-
nential computational complexity and vulnerability to single points of failure as the agent population
expands. However, rather than a complete paradigm shift toward pure decentralization, contemporary
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research and practical deployments increasingly favor hybrid or hierarchical frameworks. These archi-
tectures synthesize the strengths of both paradigms: they leverage centralized high-level orchestration
for global coherence and task allocation, while delegating low-level reactive execution to decentralized,
autonomous agents. This balanced topology ensures robust real-time performance without sacrificing global
optimization.

Within these hierarchical structures, the decentralized execution layer decouples real-time function-
ality from the global node, endowing individual agents with localized autonomous decision-making. By
leveraging local perception, constrained peer-to-peer communication, and independent reasoning, agents
can rapidly execute dynamic trajectory synthesis and localized conflict resolution. While purely decen-
tralized interactions may struggle to guarantee strict global optimality, they excel in generating resilient,
emergent responses to environmental perturbations. Consequently, the inherent scalability and adaptability
of decentralized mechanisms render them an indispensable component—rather than a standalone definitive
solution—for navigating highly uncertain, large-scale mission spaces.

As depicted in Fig. 10, the paradigm of decentralized multi-agent coordination has progressively
advanced from low-level perceptual interactions to large-scale swarm planning and high-level decision-
making. Addressing initial bottlenecks in intent inference and bandwidth, Wu et al. [95] introduced “spatial
intent” By transmitting 2D key points via Double Deep Q-Networks (DDQN), their approach aligns action
intentions and ensures robust sim-to-real transfer under severe communication constraints. Scaling up
to complex Multi-Agent Path Finding (MAPF), Sartoretti et al. [96] proposed the PRIMAL framework.
Hybridizing reinforcement and imitation learning, PRIMAL achieves millisecond-level, collision-free plan-
ning for up to a thousand agents without explicit communication, effectively shattering the computational
limits of centralized processing. Further advancing integrated task and path optimization, Chen et al. [97]
developed DTPP. By leveraging the Max-Sum algorithm and Mixed Observability Markov Decision Pro-
cesses (MOMDPs) to embed cost-benefit analysis into dynamic task allocation, DTPP elevates multi-agent
synergy from rudimentary collision avoidance to the maximization of net team utility.
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Figure 10: Evolutionary roadmap of multi-agent decentralized collaboration technology.

Building upon the foundational concept of spatial intent for multi-agent coordination, integrating
Graph Neural Networks (GNNs) and Transformers has propelled multi-agent systems from rudimentary
collision avoidance to profound semantic comprehension. Frameworks like DGNN-GA [98] and advanced
GNNs [99] effectively resolve robustness bottlenecks in large-scale dynamic allocation under volatile
communication, while COMAT [100] achieves flexible combinatorial generalization across heterogeneous
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teams. Further augmentations equip these architectures to manage complex temporal logic and resolve traffic
deadlocks [101,102], alongside leveraging generative Al and semantic communication to sustain coordination
under ultra-low bandwidths [103]. Collectively, these breakthroughs yield decentralized, intelligent swarms
equipped to navigate extreme environments, interpret natural language directives, and strictly adhere to
logical constraints.

Decentralized multi-agent coordination has evolved from fundamental collision avoidance to advanced
semantic cognition. Looking ahead, the fusion of embodied foundation models with world models offers
a pathway to liberate these systems from task-specific constraints. However, realizing generalized swarm
intelligence in open-world environments requires overcoming specific technical bottlenecks. Future research
must prioritize:

(1) robust uncertainty handling to manage noisy multi-modal perception and stochastic environmen-
tal perturbations.

(2) efficient real-time inference to resolve the latency inherent in deploying large-parameter models across
edge devices for high-frequency control.

(3) precise semantic grounding to seamlessly translate high-level natural language reasoning into physi-
cally executable, low-level kinematic actions.

Ultimately, resolving these concrete challenges to achieve deep alignment between swarm dynamics and
human intent will unlock the transformative potential of embodied agents in large-scale ecosystems.

6 Discussion and Future Perspectives

Modeling manipulation skills for embodied agents has emerged as a frontier domain at the nexus of
robotics, artificial intelligence, and control theory. Recent literature has driven substantial progress across
four core technical pillars: motion control optimization, intelligent training methods, complex task planning,
and multi-agent collaboration. However, current models still fall critically short of the dynamic, high-fidelity
physical interaction demanded by unstructured real-world environments. Synthesizing the established state-
of-the-art, this section critically examines prevailing bottlenecks and outlines future trajectories to advance
the field.

6.1 Existing Limitations

(1) Inadequate Mapping Between Complex Physical Interactions and Environmental Perception.

Despite breakthroughs in rigid-body simulation, the Sim-to-Real gap remains a formidable obstacle for
scenarios involving complex friction, soft-body deformation, and fluid interactions. The complexity of the
physical world is fundamentally irreducible; simulators constrained by idealized models often fail to capture
the micro-characteristics of unstructured environments. For instance, the stochastic twisting of flexible
cables under gravitational and contact forces is notoriously difficult to replicate in simulation. Furthermore,
a critical disconnect persists between high-level semantic planning and low-level geometric constraints.
While LLM-driven planners exhibit sophisticated reasoning, their lack of intuitive physical grounding
frequently results in “physically infeasible” long-horizon plans [104] that overlook kinematic limits or
collision volumes. Crucially, vulnerabilities caused by “LLM hallucinations” where models confidently
generate logically plausible but physically incorrect actions—introduce systemic safety risks during physical
human-robot interactions. When ungrounded semantic plans are directly translated into execution, they
severely compromise the reliability of the system in dynamic, collaborative spaces.
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(2) Performance Trade-offs Between Generalization and Precision in Embodied Foundation Models.

Current research trajectories reveal a critical paradox: the pursuit of model universality often
compromises task-specific accuracy and execution reliability. While foundation models, such as Open
X-Embodiment [105], have significantly enhanced generalization across unseen scenarios, this versatility
typically comes at the cost of diminished precision in specialized tasks. Such large-scale models are prone
to learning the “mean distribution” of manipulation data, thereby marginalizing the stringent accuracy
requirements of niche domains. Consequently, they frequently underperform in tasks demanding sub-
millimeter force-feedback control or high-fidelity motion precision [106]. In the context of real-world
deployment, this broad statistical generalization fails to satisfy the deterministic rigor required for safe,
fine-grained manipulation, leading to unpredictable failure modes.

(3) Computational Overhead and Latency Constraints in Engineering Deployment.

The widespread application of embodied Al is currently stifled by stringent physical constraints and
real-time processing bottlenecks inherent in advanced algorithms. Specifically, the massive computational
footprint of Transformer architectures and high-dimensional dynamic forecasting often clashes with the
computational overhead limits on edge hardware. In dynamic scenarios necessitating millisecond-level
responsiveness, the inferential latency of large-scale models fails to meet the strict latency requirements
for real-time reactive control, frequently resulting in delayed actuation [107] or hazardous collision events.
Furthermore, deploying these compute-intensive frameworks on battery-powered agents leads to excessive
power dissipation, drastically curtailing operational endurance and system reliability. Such limitations
collectively undermine the commercial viability and safe, large-scale deployment of embodied intelligent
systems in unconstrained real-world environments.

6.2 Future Perspectives
(I) Physics-Informed Cross-Modal World Models:

To transcend current perceptual limitations, future embodied agents must evolve toward unified, cross-
modal world models that synergistically integrate visual, tactile, auditory, and proprioceptive streams. By
leveraging Physics-Informed Neural Networks (PINNs) and Koopman operator theory, physical conser-
vation laws can be embedded directly into neural network loss functions, enabling agents to internalize
and extrapolate fundamental physical principles. This structural fusion facilitates zero-shot causal reasoning
and predictive modeling in novel or partially observable environments, thereby fundamentally fortifying
algorithmic robustness against real-world stochasticity.

(2)  Generative Simulation-Driven Pre-training and Lifelong Learning Loops:

To address the persistent challenges of data scarcity and Sim-to-Real distributional shifts, future
technical architectures will pivot toward a hybrid paradigm that couples generative simulation pre-training
with real-world adaptive fine-tuning. Leveraging generative Al, high-fidelity simulators can autonomously
synthesize infinite virtual environments, specifically targeting the “long-tail” distribution to provide exhaus-
tive datasets. More importantly, embodied agents must integrate lifelong learning mechanisms to sustain a
continuous data-collection cycle during operational deployment. By extracting insights from task failures
and iteratively updating policy networks, agents can achieve self-directed capability evolution and consistent
performance enhancement in unconstrained environments.
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(3) Cloud-Edge-End Synergy and Human-Centric Value Alignment:

Future system architectures will likely adopt 5G/6G-enabled semantic communication to facilitate
seamless cloud-edge-end orchestration, effectively reconciling the inherent conflict between high compu-
tational intensity and real-time execution. Ultimately, the development of embodied AI must pivot back to
the human element. Future research should transcend objective metrics, such as task completion rates, to
prioritize deep human-robot value alignment. This shift necessitates that agents not only infer implicit human
intentions but also treat human safety and comfort as invariant constraints during physical interactions,
thereby fostering a harmonious co-existence within large-scale, complex societal ecosystems.

7 Conclusion

This paper provides a comprehensive review of the development and implementation of manipulation
skill models for embodied intelligent robots. By systematically evaluating the advancements in motion
control, intelligent training, task planning, and multi-agent collaboration, we have highlighted the trans-
formative potential of blending deep learning with control theory. Although persistent challenges remain
regarding the Sim-to-Real gap, precision-generalization trade-offs, and computational latency on edge
hardware, emerging paradigms such as physics-informed world models, generative pre-training, and cloud-
edge synergy offer promising pathways forward. Ultimately, bridging these gaps will not only enhance the
operational autonomy and robustness of embodied agents in unstructured environments but also ensure
their seamless and safe integration into human-centric societal ecosystems.
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