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The power battery disassembly scenario is characterized by high heterogeneity, strong uncertainty, and a
largely unstructured environment, which poses severe bottlenecks for conventional automation and simple
intelligent approaches in real industrial processes. To address the challenges of safety, reliability, and gener-
alization in such complex settings, this paper proposes a trustworthy NeuroSymbolic embodied intelligence
system for power battery disassembly. The system is built upon a dual-system (System 1 + System 2) hybrid
control framework, forming a Disassembly NeuroSymbolic World Model. The Deliberative System leverages
large language models (LLMs) to enable long-horizon task reasoning, multi-robot collaboration planning,
and knowledge-driven, interpretable decision-making. In contrast, the Reactive System employs a kinematics
informed neural network to accelerate motion computation, achieving trustworthy end-to-end perception and
fast, reactive control. Meanwhile, the system incorporates both mobile and stationary embodied hardware
units, namely the Mobile Autonomous Unit (MAU) and the Stationary Autonomous Unit (SAU), to establish
a scalable disassembly execution platform. By deeply integrating symbolic planning with data-driven models,
the proposed world model supports multimodal cross-validation and continual learning, thereby realizing an
industrial-grade, “usable and trustworthy” closed-loop perception-reasoning—execution framework. Extensive
experimental results demonstrate the safety, robustness, and generalization capability of the proposed approach
in complex and open disassembly environments, providing a viable technical pathway toward trustworthy and
deployable intelligent solutions for industry.

1. Introduction

The rapid global growth of electric vehicles has been accompanied
by a continuous increase in the number of waste power batteries reach-
ing end of life [1,2]. The enormous installed base of vehicles, together
with the mandatory retirement of power batteries within approxi-
mately eight years depending on their state of health (SOH) [3], poses
significant challenges to the disassembly and green manufacturing
industries. Current power battery disassembly processes remain largely
manual, exposing operators directly to severe safety hazards, including
fires and explosions triggered by thermal runaway and mechanical

abuse (e.g., dropping, crushing, and puncturing) [4]. Moreover, non-
standardized operations and disassembly procedures further exacerbate
heavy metal contamination and hazardous gas emissions.

Automation technologies and robot preprogramming methods en-
counter substantial bottlenecks when applied to power battery disas-
sembly [5]. Unlike highly standardized forward manufacturing with
stable takt times, battery disassembly is inherently a strongly uncertain
scenario. Variations in vehicle models, generations, and suppliers lead
to highly heterogeneous layouts of fasteners, sealing structures, and
high-voltage wiring [1]. In addition, differences in battery health condi-
tions and accident-induced deformations introduce further unknowns,
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rendering conventional offline programming and rigid process pipelines
ineffective [6]. Although forward-looking approaches such as knowl-
edge graphs and flexible production lines have been explored, they
remain some distance away from practical industrial deployment [7].

The recent surge in artificial intelligence research has opened new
perspectives for addressing these challenges [6]. Our previous work
has focused on power battery disassembly processes and the con-
cept of flexible mixed-model production lines [8], as well as explo-
rations and validations at the level of embodied intelligence technolo-
gies [9], laying a solid foundation for the present study. However,
systems that rely solely on end-to-end control are prone to critical
failures caused by large-model “hallucinations”, which can lead to
severe consequences in industrial settings. We therefore argue that,
in response to the current challenges faced by the disassembly in-
dustry, there is an urgent need for usable and trustworthy embodied
disassembly agents [10]. Such agents must operate in open and un-
structured workstations while providing verifiable safety boundaries,
real-time closed-loop perception-reasoning—execution, and support for
multi-robot collaboration.

To this end, we develop a trustworthy? embodied intelligence
system equipped with a Disassembly NeuroSymbolic World Model.®
NeuroSymbolic AI [11,12] effectively combine the complementary
strengths of knowledge-driven and data-driven paradigms [11,13],
enabling a dual-system (System 1 + System 2) hybrid control archi-
tecture [14]. We design a complete embodied robotic hardware system
to support this framework. The Deliberative System employs large lan-
guage models to perform autonomous reasoning and planning for long-
horizon tasks, while enabling multi-robot collaboration. The Reactive
System accelerates motion planning through an end-to-end kinemat-
ics informed neural network. By jointly leveraging knowledge-data
co-driving mechanisms and symbolic planning, the proposed embod-
ied system achieves industrial-grade trustworthiness while exhibiting
strong generalization capability.

The remainder of this paper is organized as follows. Section 2
reviews related work on disassembly and state-of-the-art embodied
intelligence. Section 3 introduces the architecture of the trustworthy
embodied intelligence system based on the Disassembly NeuroSymbolic
World Model. Technical details of the dual-system (brain—cerebellum)
hybrid control paradigm are presented in Section 4. Section 5 reports
a series of experiments conducted to validate the proposed system.
Finally, Section 6 concludes the paper and outlines directions for future
work.

2. Literature review

This section reviews the relevant literature, organized into five key
research areas closely related to this study. We first survey the current
state of the art in power battery disassembly technologies. The second
and third subsections discuss the implementation of embodied intel-
ligence robot control architectures. The fourth subsection introduces
task and motion planning as well as multi-robot collaboration. Finally,
the last subsection reviews physics-informed neural networks and their
applications in embodied intelligence.

2 Here, trustworthiness is a primary design objective: beyond reliability,
which measures success frequency, trustworthiness reflects whether an embod-
ied intelligence system can operate safely, transparently, and be responsibly
integrated into industrial environments despite non-zero failure rates.

3 In this work, we define a world model as a structured internal represen-
tation that encodes task-level states, symbolic relations, and their transitions,
enabling long-horizon reasoning and decision-making for embodied robotic
disassembly. Unlike generative world models that focus on continuous
dynamics prediction.
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2.1. State of the art in power battery disassembly

For large-scale disassembly of electric vehicle battery packs, exten-
sive research has focused on replacing manual labor with automated
equipment or offline-programmed robots [5,15]. Automated disassem-
bly platforms based on industrial robotic arms [16] have demonstrated
empirical progress in operations such as screw removal and cover de-
tachment. Semi-automated collaborative platforms or predefined cog-
nitive robotic systems can further ensure relatively high disassem-
bly efficiency [17,18]. In addition, some studies have attempted to
adopt standardized production-line methodologies, such as template-
matching-based tool recommendation [19] and reusable unscrewing
systems [16]. However, the generalization capability and robustness
of such approaches remain limited, and the diversity of disassembly
targets poses significant challenges for real-world deployment.

In recent years, an increasing number of studies have incorpo-
rated industrial vision into robotic disassembly processes for task plan-
ning [20] or visual servoing [21], thereby enabling a certain degree of
flexible disassembly. Learning-based disassembly systems have further
improved overall efficiency [5]. For example, robot end-effector con-
trol with online localization and dynamic correction [22], as well as
compliant control based on visual-force fusion [23], have been shown
to enhance robots’ ability to cope with deformable workpieces under
uncertainty. Comprehensive surveys have illustrated how the entire
workflow of battery disassembly can be integrated with advanced
methods such as machine learning [6]. Nevertheless, current end-to-
end approaches still suffer from hallucination issues [10], which hinder
their practical adoption on industrial production lines. As a result,
there remains a lack of truly trustworthy embodied intelligence systems
capable of autonomously disassembling waste power batteries.

Beyond system-level approaches, substantial research efforts have
also focused on disassembly actuator design [8,24], human-robot
collaborative disassembly [25,26], and battery design for disassem-
bly [27], collectively driving the maturation of power battery disas-
sembly technologies.

2.2. Explicit and implicit robot control technologies in industrial applica-
tions

Robotic systems that are widely deployed and relatively mature in
industrial settings predominantly adopt explicit model-based control
strategies [28,29]. Built upon accurate mathematical models of robot
kinematics and dynamics [30], such approaches-including impedance
control [31]-have demonstrated outstanding performance in highly
structured and repetitive industrial environments. However, these meth-
ods rely on the assumption that both the system model and the
environment are precisely known, and they are inherently sensitive to
modeling errors. When strong nonlinear variations arise in the system
or the environment, the models must be continuously updated, which
significantly limits adaptability [29,32].

In contrast, implicit control systems are driven by perception based
feedback and generate control policies through neural networks, im-
itation learning, reinforcement learning, or fuzzy logic [23,33]. These
approaches are capable of handling complex nonlinear scenarios and of-
ten exhibit greater flexibility and resilience for certain tasks [33,34]. In
recent years, the vision-language-action(VLA) paradigm has emerged
as a popular end-to-end framework [35-37], offering strong robustness
against disturbances. Nevertheless, end-to-end methods that directly
output low-level control commands remain fundamentally “black-box”
in nature. Their stability typically requires massive amounts of training
data, and the hallucination problem remains difficult to eliminate [10,
37,38].



Y. Peng et al.
2.3. Hybrid control for embodied intelligence

To address these limitations, recent advances in embodied intel-
ligence have increasingly shifted from purely end-to-end learning to-
ward two-layer robot control architectures, a conceptual framework
inspired by Daniel’s dual-system theory [14,38]. In this paradigm,
the Deliberative System (slow thinking) is responsible for perception,
understanding, and task-level decision making at a high semantic level,
while the Reactive System (fast thinking) handles real-time motion
control at the level of low-level trajectories or motor commands. A
key aspect of this approach is the use of intermediate output tokens as
an interface bridging the high-level and low-level layers. These tokens
represent action primitives that induce changes in the robot itself or
in the environment. Prominent humanoid robotics systems, such as
Helix [39], = [40], and GROOT [41], adopt this architectural paradigm.
However, training intermediate-layer tokens that are well aligned in
both temporal scale and semantic meaning requires enormous amounts
of data, and the resulting lack of interpretability further hampers
industrial adoption.

Another mainstream direction is the construction of NeuroSymbolic
frameworks [11,12,42]. In this paradigm, end-to-end policies are as-
signed to System-1 to enable rapid action mapping, while high-level
planning, composition, and reasoning based on symbolic knowledge,
logic, or large language models are handled by System-2 [43-45].
This division allows the learning process to be constrained by a small
set of domain-specific symbolic rules, thereby significantly enhancing
trustworthiness and interpretability—key requirements for industrial-
grade embodied intelligence [9,13,42]. Recent studies in robotics have
demonstrated that the integration of symbolic models and neural net-
works provides both interpretability and scalability [46]. A princi-
pled combination of LLMs with PDDL-compatible symbolic reasoning
has been shown to overcome limitations of traditional symbolic plan-
ners and improve planning capability [47]. Beyond planning, [48]
integrates symbolic goal representations with learning in open-world
environments, enabling continual adaptation to novel situations. Fur-
thermore, the survey on NeuroSymbolic reinforcement learning and
planning [49] emphasizes that combining neural and symbolic compo-
nents enhances interpretability, transparency, and the ability to manage
system complexity.

Defining action primitives through symbolic logic rather than in-
termediate tokens endows them with explicit semantic meaning. As a
result, perception outcomes, planning logic, and execution strategies
can be directly aligned within a unified, interpretable semantic space,
enabling real-time verification and continual learning. In this study, we
adopt this framework to construct a Disassembly NeuroSymbolic World
Model for power battery disassembly.

2.4. TAMP and multi-robot collaboration

One of the primary ways embodied agents address complex real-
world long-horizon tasks is through task and motion planning
(TAMP) [50-52]. Model-based or prior-policy-driven TAMP approaches
have seen extensive and mature adoption in industrial applications [53,
54]. Beyond single-robot settings, Multi-robot Collaboration has at-
tracted increasing attention [55,56], encompassing research on global
optimality under limited resources [57], multi-robot collision avoid-
ance, and flow-aware scheduling [55,58]. With the introduction of
learning-based methods, notable progress has been achieved in multi-
arm collaborative planning using graph neural networks and reinforce-
ment learning [51,59], as well as in TAMP frameworks powered by
LLMs and multimodal models [60,61]. The intrinsic complexity of long-
horizon tasks and multi-robot collaboration places stringent require-
ments on the trustworthiness and interpretability of control systems,
for which hybrid embodied control architectures offer a promising
solution.
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2.5. Physics-informed neural networks (PINNs)

Physics-informed neural networks(PINNs) have emerged as a promi-
nent direction in recent machine learning research and have also
provided valuable insights for embodied intelligence [62,63]. Within
a NeuroSymbolic framework, action primitives are defined through
clearly specified semantics and serve as explicit interfaces. Conse-
quently, the underlying end-to-end control logic should likewise incor-
porate knowledge guidance to improve data efficiency. In this context,
adopting physics-informed neural network principles for training em-
bodied action primitives becomes essential. This approach enables
end-to-end neural networks to move beyond pure data-driven fitting by
embedding prior physical knowledge, thereby substantially improving
both data efficiency and prediction accuracy [64,65]. For embodied
agents, challenges such as limited data availability and long-tail spar-
sity [66,67] often lead to poor convergence or weak generalization in
robot action policies learned via deep learning or reinforcement learn-
ing [68]. To mitigate these issues, prior studies have integrated physical
priors with robot embodiment, applying physics-informed concepts to
dynamics modeling [69], robotic manipulation [70], and kinematic
configuration sampling [71]. In this work, we similarly train kinemat-
ics informed neural networks(KINNs) within the Reactive System to
address the sampling of constrained solution spaces for robotic mo-
tion [72,73]. Compared with PINNs, which primarily focus on partial
differential equations, KINNs shift the emphasis toward the intrinsic
properties of robotic systems, such as complex analytical kinematic
solutions and Jacobian structures. This is achieved through differen-
tiable programming techniques [74,75], which significantly enhance
both the inference speed and the trustworthiness of robot action policy
networks.

In summary, the above review outlines the key technologies re-
quired to construct a trustworthy embodied intelligence system for
power battery disassembly. The main contributions of this paper are
as follows:

1. To address the challenges faced in power battery disassembly,
we develop a trustworthy embodied system equipped with a Dis-
assembly NeuroSymbolic World Model, following a dual-system
hybrid control paradigm based on NeuroSymbolic artificial in-
telligence. In addition, embodied hardware units, including a
Mobile Autonomous Unit (MAU) and a Stationary Autonomous
Unit (SAU), are specifically designed.

. For the Deliberative System, trustworthy long-horizon multi-

robot collaboration is enabled by a multi-agent planning ar-

chitecture, consisting of heuristic symbolic search, white-box
symbolic checking, and rule-constrained task assignment carried
out by dedicated agents.

For the Reactive System, kinematics informed neural

networks(KINNs) are designed to embed kinematic constraints

into the manipulation process, supporting fast reactive control.

Furthermore, the dual-system architecture incorporates mul-

timodal cross-validation and continual learning mechanisms,

which further enhance the trustworthiness of the embodied
system.

. Extensive experimental evaluations demonstrate that the pro-
posed embodied system achieves industrial-grade trustworthi-
ness through the synergy of knowledge driven and data driven
approaches. Moreover, the Disassembly NeuroSymbolic World
Model exhibits strong generalization capability, as it funda-
mentally focuses on understanding and learning disassembly
skills.

3. Overview of the disassembly NeuroSymbolic world model frame-
work and embodied system design

This section introduces the overall framework of the industrial
embodied system for power battery disassembly(Fig. 1), covering both
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Fig. 1. An overview of the proposed embodied system framework is illustrated from (b) to (f). (a) The cloud layer performs semantic-level task decomposition
based on prior knowledge, producing long-horizon tasks as inputs to the embodied system. (b) The Disassembly NeuroSymbolic World Model, defines the neural
predicates, state space, robot action primitives with policies, and state transitions. (¢) Multi-robot collaboration is employed to accomplish the planning logic for
long-horizon tasks. (d) The Deliberative System, where multi-agent heuristic search is performed while guaranteeing full trustworthiness. (e) The Reactive System,
which focuses on execution policies for action primitives. (f) The embodied hardware design, consisting of mobile workstations and stationary workstations.

the embodied algorithmic layer and the embodied hardware layer.
In addition, rigorous mathematical and symbolic definitions are pro-
vided for key concepts such as the world model and the dual-system
architecture.

3.1. Disassembly NeuroSymbolic world model

The disassembly processes of power batteries are relatively ma-
ture [76,77] and can be broadly divided into preprocessing (informa-
tion registration, battery discharge, and removal of thermal conductive
media), voltage reduction disassembly (disconnecting high-voltage har-
nesses and busbars), and core component disassembly (signal cables,
fasteners, and modules) [8]. Designing dedicated robot end-effectors
for each specific disassembly process would inevitably increase system
complexity and lead to a reliance on preprogrammed solutions. There-
fore, to enhance the generalization capability of the disassembly system
and expand its applicability across scenarios, the design of both the
Disassembly NeuroSymbolic World Model and the embodied hardware
follows the principles below [78]:

250

Principle 1: From the fundamental principles of object connectivity,
disassembly targets can be categorized into detachable connections and
non-detachable connections according to the disassembly process.
Principle 2: The Disassembly NeuroSymbolic World Model and the cor-
responding end-effector designs should be defined based on connection
properties, rather than on differences in battery pack models or types.

Accordingly, for power batteries, detachable connections include
fasteners, wire harnesses, and modules, whereas non-detachable com-
ponents include severely corroded or deformed fasteners and welded
joints. Since screws are a type of fastener that are widely present in
locations such as the top cover and internal modules, accounting for
more than 40% of the total disassembly workload [77,79], this study
uses rusted screws that cannot be removed through conventional means
as an illustrative long-horizon task to explain the working principles of
the entire system.

Fig. 1(b) presents the modeling of the Disassembly NeuroSymbolic
World Model. For embodied robotic systems, real-time perception of
the environment is a fundamental prerequisite for autonomous plan-
ning. NeuroSymbolic techniques employ neural predicates to map en-
vironmental states into a symbolic space. Each neural predicate ¢; is
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an independent end-to-end network that maps sensor observations o,
(e.g., vision and force sensing) to a confidence value:

9i(0,:0;) € [0,1] (€8]

By applying a confidence threshold r;, each neural predicate is
discretized into a symbolic state o,.

o, =NP(o)={p; | p;(0) 2 7,},0, €27 2

For example, Near_screw denotes the relative state between a vi-
sually detected target screw and the end-effector, while Disassembled
represents the disassembly status of a specific screw. Multiple neu-
ral predicates jointly define discrete symbolic states, which together
constitute the real-time perceived state space X of the embodied agent.

Different robots are equipped with different end-effectors and there-
fore possess different executable skills. To account for this hetero-
geneity, we design action primitives as Planning Domain Definition
Language(PDDL)-defined options, abstracted from the sub-actions com-
monly used by human engineers during disassembly. Each primitive «
in the global action primitive set A is defined as:

3

Each action primitive is characterized by a name, a set of pa-
rameters, execution preconditions, expected effects, and an associated
control policy z,(u|w). The policy generates joint-level control com-
mands u, driving the world state X to satisfy Eff(«) within the minimum
expected time. Consequently, each action primitive is paired with
a dedicated control policy, which can be learned via reinforcement
learning, VLA models (Section 2.3), or PINN techniques (Section 2.5).
This modular design greatly facilitates the extensibility of the overall
world model and constitutes the essence of the Reactive System in the
dual-system architecture.

Accordingly, the Disassembly NeuroSymbolic World Model can be
formally represented as:

a = (name, param, Pre(a), Eff(a), 7, )

M=(®, =, A, Ty) “

Where @ = {¢,,...,;} denotes the set of neural predicates, ¥ =
27 denotes the symbolic state space, A denotes the set of action
primitives, and Ty : £ x A — X’ denotes the symbolic-level state
transition function. The Disassembly NeuroSymbolic World Model in-
tegrates knowledge-driven symbolic representations of human disas-
sembly expertise with data-driven end-to-end perception networks and
control policies. It therefore provides the foundational framework for
perception, planning, execution, verification, and learning within the
embodied system.

3.2. Dual-system framework

This work focuses on constructing a truly trustworthy, industrial-
grade embodied intelligence system capable of completing long-horizon
tasks during the disassembly process. Accordingly, semantic-level coarse
task decomposition for disassembly (Fig. 1(a)) is treated as a prerequi-
site. The cloud computing center performs this decomposition based on
a knowledge graph and disassembly process knowledge, and dispatches
the resulting tasks to the embodied system as inputs.

Deliberative System (Fig. 1(d))

Each long-horizon task is encapsulated within the Disassembly Neu-
roSymbolic World Model and is associated with a symbolic-space goal
state g. Planning in the Deliberative System aims to search for a
valid sequence of action primitives such that the resulting symbolic
state satisfies the target predicate set g. This planning process can be
formulated as finding:

Plan = (ay, ...

where {

,0),

Pre(a,) C 6, AgCo ()
i

o, =Tg(oi_1, )
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1: Force/Torque Sensors. 2: DC Motor. 3: Electromagnet. 4: RGBD Camera. 5: Quick-
connect Mechanism. 6: Adaptive Spring Rods. 7: Extension Rods. 8: Sleeve Installation Joint.

(b)

1: Cutting Disc/Cutting Blade. 2: Stepper Motor(feed). 3: Adaptive Spring Rods.
4: DC Motor(rotate). 5: Force/Torque Sensors. 6: RGBD Camera.

Fig. 2. Self-designed end effector. (a) Active—passive compliant screw disas-
sembly end-effector. (b) Active-passive compliant cutting tool.

Prior to executing each action, the current state o,_; must satisfy
the corresponding preconditions. After execution, the symbolic state
is updated according to the state transition function T} to reflect the
expected effects. We adopt a Trusted Multi-Agent Planning framework
as the planner, which is described in detail in Section 4.1.1. Planning in
the Deliberative System is performed online: before each planned action
primitive is dispatched for execution, the planner verifies consistency
between the predicted state and the real-time sensor observations, and
re-plans optimally whenever discrepancies are detected.

Multi-robot Collaboration (Fig. 1(c))

Once the optimal sequence of action primitives is obtained through

task planning, coordination is performed via Collaboration Rules before
dispatching the primitives. The decision to execute actions using a
single robot or multiple robots is made autonomously by the system
and depends on the action primitive libraries available to different
robots. The detailed implementation of this process is presented in
Section 4.1.2.
Reactive System (Fig. 1(e)) After each action primitive is assigned to
the appropriate robot, the Reactive System executes it at the primitive
level. Specifically, for each action primitive a, the Reactive System opti-
mizes its control policy 7, (u|w) as defined in Eq. (3). This optimization
can be formulated as the search for an optimal execution policy:

7y =argmin E [Z c(na)] (6)

The cost function ¢ incorporates factors such as execution time,
energy consumption, and collision penalties. Constraints in the Reactive
System ensure that symbolic-level effects are achieved while maintain-
ing fast and stable execution. The more efficient the policy z,, the
smoother the operation of the Reactive System, thereby reducing the
need for frequent re-planning. For instance, when multiple task-level
and motion-level constraints are simultaneously imposed on a motion
planner, configuration sampling in the robot’s solution space is typi-
cally required to satisfy kinematic constraints while avoiding collisions,
singularities, and unreachable configurations. Compared with sample-
based solvers, control policies guided by prior physical knowledge can
significantly improve both efficiency and accuracy (Section 4.2.2).

In summary, the Dual-System Framework relies on action primitives
as the standardized interface between the Deliberative and Reactive
Systems. After each primitive is executed by KINNs-based low-level
control, the symbolic state in the World Model is updated according
to PDDL rules and compared with neural predicate-based perception.
This state-level verification forms a closed-loop checking mechanism,
enabling real-time replanning when inconsistencies are detected.
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Fig. 3. The Deliberative System adopts a trustworthy multi-agent planning framework, in which the entire planning process is accomplished by three agents.
The Heuristic Search Agent performs efficient search in the symbolic space to avoid exhaustive enumeration. The Symbol Checking Agent serves as a critical
guarantee of trustworthiness by performing rapid validation using a PDDL checker. The Task Assignment Agent is responsible for coordinating complex scenarios

involving multi-robot collaboration.

3.3. Embodied hardware design

In accordance with the aforementioned connection types and the
requirements of embodied agents, we design two types of workstations
(Fig. 1(f)). The MAU consists of an autonomous mobile manipulator.
It is introduced to provide flexible scheduling within the multi-robot
collaborative disassembly system, thereby accelerating the overall effi-
ciency of the disassembly process. The SAU, in contrast, is a workstation
composed of fixed robotic manipulators.

Following the same design principles, we develop dedicated end-
effectors for both the MAU and SAU. As shown in Fig. 2(a), a hybrid
active—passive compliant screw disassembly end-effector is designed for
detachable connections, specifically threaded joints. A quick-change
sleeve interface is integrated, supporting up to 20 different sleeve
types for rapid replacement. Fig. 2(b) illustrates a hybrid active—passive
compliant cutting tool, designed for non-detachable connections such
as severely corroded screws. Both end-effectors are mounted on 6-DOF
robotic manipulators and integrate vision and force sensing, enabling
active compliance according to the action primitive policies. Passive
safety compliance is achieved through a mechanically integrated axial
telescopic flexible spring structure.

4. Technical details

This section delves into the technical details and implementation
principles of the proposed Deliberative System with trustworthy multi-
agent planning, the multi-robot collaboration planning framework for
long-horizon tasks, and the Reactive System control strategies based on
kinematics informed neural networks.
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4.1. Deliberative system: Multi-robot collaboration for long-horizon tasks

4.1.1. Trustworthy multi-agent planning

The proposed trustworthy multi-agent planning framework imple-
ments heuristic search driven by multiple LLM-based agents and offers
the following advantages:

1. The entire planning process selects an optimal sequence of ac-
tion primitives in the symbolic space, constituting white-box
planning and effectively avoiding hallucination issues commonly
associated with conventional LLM-based approaches.

. Heuristic search is employed to circumvent the combinatorial
explosion of the search space caused by symbolic enumeration
in optimal planning.

. A strict symbolic checker ensures industrial-grade trustworthi-
ness.

Fig. 3 illustrates the overall architecture of the Deliberative System.
The planner takes as inputs the Disassembly NeuroSymbolic World
Model (Section 3.1), real-time sensor signals, and prompt engineering.
Symbolic representations of the current state and the goal state are pro-
vided to the Heuristic Search Agent. Leveraging in-context learning and
structured prompts, the heuristic search proceeds in three stages: (i)
predicting the next candidate action primitive, (ii) evaluating whether
the preconditions of the action primitive are satisfied, and (iii) assessing
whether the expected effects drive the symbolic state toward the goal.
This process iterates rapidly until a potentially optimal action sequence
is identified. Additionally, the three-step search methodology enhances
the interpretability of the LLM, rendering the entire search process
human-readable and enabling traceability of the query.

The heuristic search exploits the prior knowledge encoded in the
LLM while adhering to symbolic criteria to produce an initial plan. The
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Fig. 5. The action flow for a screw disassembly task. Based on the planned se-
quence of action primitives, the Deliberative System autonomously determines
whether the task should be completed by a single robot or through multi-robot
collaboration.

essence of this framework lies in leveraging foundational models and
high-quality prompts encompassing successful cases to stimulate the
model’s in-context learning capabilities. This approach delivers heuris-
tic, rapid search results when the search space becomes prohibitively
large. The search agent’s architecture remains fixed; adaptation across
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multiple scenarios or tasks requires no modification to the model itself,
instead relying on symbolic-level alterations to the world model. This
design further enhances the system’s scalability and transferability.

A key guarantee of trustworthiness is provided in the symbolic space
by the Symbol Checking Agent. Based on the symbolic-level transition
function Ty : X X A — X’ defined in the Disassembly NeuroSymbolic
World Model, we implement a PDDL checker with an API interface
accessible to the Symbol Checking Agent. If validation fails, the Heuris-
tic Search Agent is re-invoked to continue searching and to return
the corresponding failure reasons. Upon successful validation, a fully
trustworthy sequence of action primitives is obtained and passed to
the Task Assignment Agent, which determines whether the task should
be executed by a single robot or through multi-robot collaboration.
This requires the agents to dispatch actions according to rules such as
the Action-to-Robot Mapping Function, which will be detailed in the
following subsection.

4.1.2. Multi-robot task planning

For the Deliberative System, our objective is to enable autonomous
real-time planning for a single manipulator while allowing the resulting
plans to be directly applicable to multi-robot tasks. This requires a clear
decoupling between NeuroSymbolic planning and task dispatching,
with multi-robot collaboration handled independently by the Task As-
signment Agent. Accordingly, we establish a multi-robot collaboration
system and its associated coordination logic (Fig. 3, Task Assignment
Agent). The core procedure is outlined as follows.
Robot Action Primitives Competency Library

R={r,... A, CA(reR), f:A->R 7

We first construct a competency library of action primitives based
on the available end-effectors. A denote the global set of action primi-
tives, and A, C A represent the subset that robot r can actually execute.
The function f is a lookup-based Action-to-Robot Mapping Function
that assigns each action primitive to a specific robot according to the
dynamically maintained competency libraries of the end-effectors. For
example, the MAU is equipped with the end-effector shown in Fig.
2(a) and therefore supports the action primitive Disassemble. The SAU,

T}
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equipped with the end-effector shown in Fig. 2(b), supports the action
primitive Cut.
Planning Stage

®

During planning, the Heuristic Search Agent does not distinguish
between robots. Given the initial symbolic state o, and the goal g, the
Deliberative planner outputs an action sequence IT without specifying
which robot will execute each action. The executor for each action
primitive «, is determined at execution time via the mapping function
f.

Action-to-Robot Mapping Function

I =ay,...,ag) = Planner(c, g, A)

9

Here, p, denotes “which robot executes the kth action”. Multi-robot
task dispatching is therefore determined during this stage, based on the
real-time updates of the robot action primitives competency libraries.
Collaboration Boundary

Based on the above formulation, we can explicitly define the Col-
laboration Boundary among robots:

B={k|ﬂk7éﬂk_1}

Let B denote the set of indices at which robot switching occurs.
For each k € B, a coordination segment C, (e.g., pose sharing or
collision-avoidance motion) is inserted:

pr = f(a), p={p1,....pK)

2<k<K) (10)

IT* ={ay, ..., o1, Cps a, ...) (1D

This mechanism ensures that whenever the “baton” is handed over
to another robot, a short coordination sequence is automatically in-
serted. This allows the previous robot to communicate its pose and
target information to the next robot (enabling local viewpoint sharing)
or to move aside to avoid collisions.
Execution-Monitoring-Replanning

Done, () = [Eff(a) € o] 12)

During execution, information collected from multiple sensors is
continuously mapped into symbolic states via neural predicates, as
defined in Eq. (2). The robot p, executing the current action «, operates
according to the corresponding action primitive (either a predefined
policy or a real-time adaptive policy) while continuously verifying
consistency between expected and observed outcomes. If the precon-
ditions of the next action are no longer satisfied, the remaining plan is
immediately discarded and the planner is re-invoked. After replanning,
the action-to-robot mapping and collaboration boundary planning are
recomputed accordingly:

—Pre(ay,) C o, (13)
= Il =Planner(s,, g, A)
Safety restraints To prevent inter-robot collisions, let g/ denote the
end-effector pose of robot r, and let 5 be a predefined safety distance.
The following Safety Constraints are imposed:

VrEr, g —q > 6 a4

When inserting a coordination segment C,, the above constraint is
enforced as a hard constraint within the local trajectory optimization.
Task Assignment Implementation Task allocation is performed at the
action primitive level. Each primitive is assigned at runtime through the
Action-to-Robot Mapping Function based on the predefined capability
library. The mapping process is centralized, while execution is fully
decentralized: each robot executes its assigned primitive locally using
its own motion controller and policy.

The system adopts an event-driven coordination scheme over a
local network. Only primitive-level completion signals and symbolic
state updates are exchanged between robots and the Task Assignment
Agent. Since motion control is executed locally and primitives are
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coarse-grained, communication latency has negligible impact on ex-
ecution stability. Synchronization is enforced by verifying primitive
completion before releasing dependent actions, forming a deterministic
coordination cycle.

In summary, the executor of each action is specified by the Action-
to-Robot Mapping Function (Eq. (7)), the timing of information sharing
and collision avoidance is defined by the collaboration boundary (Eq.
(10)), and replanning is triggered by the symbolic monitoring condition
(Eq. (13)).

4.1.3. PDDL action definitions for multi-robot long-horizon tasks

This subsection continues to use the long-horizon task of rusted
screw disassembly as an illustrative example to further detail the PDDL
action definitions. Based on differences in end-effector capabilities, we
design distinct robot action primitives competency libraries (Fig. 4).
This process incorporates practical experience from skilled disassembly
workers, encoding continuous actions and potential contingencies into
the symbolic space via neural predicates. Notably, after the execution of
Recognize and before Insert, the neural predicate rarget_rust evaluates
whether the screw is rusted or otherwise non-detachable. If the screw
is in a normal condition, it is autonomously disassembled by a single
robot, even in the presence of obstacles or when sleeve replacement
is required. This is because the MAU’s action primitives competency
library contains the complete set of primitives required for detachable
connections, enabling real-time autonomous planning of appropriate
disassembly sequences. If a non-detachable connection is detected,
replanning is triggered online based on the current state. The resulting
action sequence containing the Cur primitive activates the multi-robot
task assignment mechanism shown in Fig. 3.

Accordingly, the potential single-robot and multi-robot reasoning
processes for this long-horizon task are illustrated in Fig. 5. Neu-
ral predicate checks preceding each action primitive perform high-
frequency validation of state consistency. Under extreme environmental
conditions or disturbances, replanning allows action primitive exe-
cution to be repeated multiple times. Leveraging multimodal sensor
information, this replanning process not only ensures trustworthy exe-
cution but also continuously accumulates data for continuous learning.
These aspects are further discussed in Section 4.3.

4.2. Reactive system: Efficient manipulation driven by KINNs

4.2.1. The manipulation challenge

The Deliberative System focuses on high-level task planning, which
is a key capability for hybrid-control embodied systems to handle the
structural diversity and variability inherent in power battery disas-
sembly. In contrast, the Reactive System addresses low-level motion
execution, particularly manipulation-related challenges arising during
the disassembly process. In complex robotic manipulation tasks, the
system must simultaneously satisfy high-level semantic constraints at
the task layer and physical feasibility constraints at the motion layer.
The former typically encodes the intended interaction between the
robot and the environment, such as target positions, contact directions,
or grasp poses, while the latter concerns low-level execution limits,
including kinematic singularities, joint limits, and inter-link collision
constraints. As these multi-level constraints accumulate, the robot’s
feasible configuration space is progressively compressed into a high-
dimensional, continuous, and constrained differential manifold. The
resulting complexity renders conventional global search or simulation-
based planning methods inefficient. Fundamentally, this problem con-
cerns the alignment between planning outputs generated by the Delib-
erative System and executable control signals in the Reactive System.
When multiple constraints are imposed simultaneously, the key ques-
tion becomes how to efficiently compute configurations that enable
effective manipulation. In this context, the Reactive System is embodied
in the control policy z,(u | w) associated with each action primitive, as
defined in Eq. (3).
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To realize an end-to-end Reactive System without relying on solver-
based planning in simulation, we formulate the problem as follows.
During manipulation, after the convergence of multi-level constraints,
the system faces a configuration-space sampling problem. These con-
straints are categorized into two types: (i) a goal manifold, defined by
task intent (e.g., alignment with disassembly points or end-effector pose
consistency), and (ii) a feasibility envelope, determined by the interac-
tion between the robot embodiment and the environment, including
joint limits and the existence of kinematic solutions. Accordingly, the
final feasible configuration space is modeled as the intersection of these
two constraint sets:

S(w) = Mgog(w) 0N Efeas(W) (15)
——

goal manifold feasibility envelope

Where w denotes the environment or task state. Here, S(w) rep-
resents the effective configuration space after multi-level constraint
convergence; Moo, (w) denotes the goal manifold encoding task-level
semantic objectives (e.g., pose and position requirements); and Eg,s(w)
denotes the feasibility envelope capturing kinematic constraints such
as joint limits, self-collision avoidance, and singularity avoidance. This
formulation can be illustrated using a specific action primitive. Con-
sider the Insert primitive shown in Fig. 4, which requires the robotic
arm to approach a screw and fit the sleeve onto it. This process
involves two primary constraints: the sleeve pose must match the screw
pose, and the robot kinematics must admit a valid solution at the
insertion location. Under these constraints, the robot’s configuration
space is compressed, and the resulting constrained differential manifold
constitutes S(w).

As the robot’s degrees of freedom(DOF) increase, configuration
sampling becomes increasingly challenging. This is particularly true for
the MAU, which combines a mobile base with 3-DOF and a manipulator
with 6-DOF. In such cases, we adopt the principles of PINNs by em-
bedding robotic kinematics directly into end-to-end network training.
This enables efficient and trustworthy Reactive System control under
complex, multi-constraint configuration spaces. It is important to em-
phasize that, under the rigorous problem formulation described above,
the Reactive System addresses low-level kinematic solving rather than
trajectory-level motion planning. KINNs does not involve path search
algorithms (e.g., RRT-based planners). Instead, it directly maps task-
level pose and multi-level constraints to feasible configurations on a
constrained kinematic manifold.

4.2.2. KINNs encoder—decoder architecture

The goal of the Reactive System is to accelerate the execution
of each action primitive by directly outputting trustworthy kinematic
configurations through an end-to-end network. To this end, we design
a PINN-style encoder-decoder architecture, as illustrated in Fig. 6. The
encoder predicts joint configurations based on the desired end-effector
pose, while the decoder is implemented as a forward kinematics module
via differential programming, enforcing physical consistency during
training.

Unlike conventional PINNs, which are primarily designed to solve
partial differential equations by enforcing physics residual constraints,
the proposed KINN embeds the complete analytical kinematic chain
(DH-based kinematics and its differentiable structure) directly into the
computational graph. The network is structurally constrained by exact
kinematic mappings during optimization. Therefore, KINN is not a
PDE solver, but a knowledge-embedded kinematic learning framework
tailored for high-DOF robotic systems.

Specifically, the Reactive System must account for both MAU and
SAU execution. Accordingly, a control-side flag is included in the
training input to distinguish between robot types. For the Whole-Body
Control (WBC) Predictor (Encoder), the input consists of the desired
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end-effector pose and the control-side indicator, reflecting ideal task-
level constraints. The encoder directly outputs the corresponding joint
configuration:

0 = Eyx,.flag) = {

Where x, = [p;, ¢,] € R denotes the desired end-effector pose
(position p, and RPY orientation ¢,), flag € {0, 1} indicates the robot
type, and E, is the WBC Predictor (encoder network) producing the
joint configuration 6.

Neural network training often requires large datasets with ground-
truth labels, and learning is driven by minimizing discrepancies be-
tween predictions and labels. This tightly couples prediction accuracy
to dataset scale and quality. Moreover, from differential geometry, con-
strained manifolds (Eq. (15)) remain continuous, implying that discrete
datasets cannot adequately cover the entire solution space, leading to
long-tail sparsity issues. Our approach instead enables the end-to-end
network to learn robot physical constraints rather than dataset-specific
mappings. The encoder is implemented as a multi-layer perceptron
(MLP), which is sufficient since the primary complexity lies in the
subsequent differentiable kinematics module. After the WBC Predictor
outputs joint configurations, we introduce a Differential Kinematics
Calculator (Decoder) implemented via differential programming [74,
751, ensuring continuity of the computational graph. Specifically, for-
ward kinematics and the associated Jacobian are embedded as differen-
tiable operations, allowing gradients to propagate through all kinematic
transformations:

[ql,.‘.,qﬁ]T, flag = 0,

(16)
[41: - G5 Xer veo we|'s flag=1,

)% = ka(G) (17)

Where F;, denotes the forward kinematics decoder and % = [p, ¢]
is the predicted end-effector pose. Prior physical knowledge is em-
bedded in this stage, guiding the network to respect motion-level
constraints. The decoder output is evaluated using the loss function:

L=p-psI*+Ald—,l 18)

The loss function £ quantifies the discrepancy between the pre-
dicted pose and the target. The coefficient A balances positional and
postural errors, which are first normalized to comparable magnitudes.
In practice, 4 is selected within a stable range via hyperparameter
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search (Ray Tune [80]), and empirical results indicate low sensitivity
within this range. Backpropagation is then executed to complete a
training iteration. Owing to differential programming techniques, the
computational graph remains coherent throughout, enabling gradient
propagation via the chain rule.

4.2.3. Extensibility and future reactive system designs

Fig. 6 illustrates the core principles of the KINNs encoder—decoder
architecture. Forward kinematics constraints suffice for certain action
primitives, such as Recognize and Insert, which are implemented in
this work. Importantly, the framework is highly extensible: different
complex constraints can be accommodated by modifying the decoder’s
differential programming formulation.

Accordingly, additional Reactive System strategies are deployed.
For example, when optimizing the MAU chassis pose during motion,
the ideal configuration should both enable arm-level disassembly and
maintain a safe distance from the target object. Beyond WBC, we design
a decoupled control (DC) strategy, which is applied to primitives such
as Move for MAU. This involves two modifications: (i) the Predictor
Encoder outputs planar chassis position and yaw {x,, ., .}, and
(ii) the forward kinematics decoder Fy;, is replaced by an inverse
kinematics decoder I;, to ensure the existence of kinematic solutions.
The corresponding loss function is redefined to reflect base collision
avoidance and inverse kinematic solvability constraints. Experimental
of WBC and DC are presented in the next section. Compared with ran-
dom sampling, neural network-based inverse kinematics learning, and
deep reinforcement learning methods, the proposed knowledge-guided
KINNs encoder—decoder architecture achieves substantially higher data
efficiency and accuracy. Unlike purely data-driven approaches that
approximate joint-task mappings from embodied datasets, KINNs are
structurally constrained by differentiable, gradient-based modular kine-
matic computations embedded in the training process. As validated in
Section 5.2, this knowledge-guided formulation leads to consistently
improved performance under high-DOF configuration spaces. Notably,
training does not depend on the quality of embodied datasets; instead,
deterministic kinematic structure provides stable supervision, thereby
enhancing both generalization capability and the trustworthiness of the
Reactive System.

In future Reactive System designs, additional constraints will be
incorporated. Differential programming and tailored loss definitions
will enable implicit alignment of richer physical knowledge within the
NeuroSymbolic architecture. This approach allows end-to-end Reactive
networks to genuinely learn complex constraints rather than merely
fitting relationships present in supervised datasets. We will further
extend the design to a broader range of disassembly action primi-
tives, enhancing the generalization capability of trustworthy Reactive
Systems across diverse scenarios.

4.3. Multimodal cross-validation and continual learning

In the Deliberative System, the Symbol Check Agent (Fig. 3) serves
as a key mechanism for ensuring reliability at the task-planning level.
In addition, we introduce a complementary trustworthiness guarantee
at the primitive execution level. This design stems from the inherent
redundancy and robustness embedded in both the action primitive
definitions and the PDDL state-space formulation. As illustrated in
Fig. 5, two action primitives are defined for estimating the pose of
the object to be disassembled: Aim_V and Aim_F. In practical robotic
execution, reliance on a single perceptual modality is often insufficient
to cope with disturbances in complex environments. Sensor noise can
induce fluctuations in perception results, thereby degrading the overall
stability and accuracy of task execution. To maintain reliable decision-
making in dynamic scenarios, we design a vision—force cross-validation
mechanism [81], which exploits the complementary nature of heteroge-
neous sensory modalities to continuously correct perceptual deviations.
Specifically, the visual module processes RGB-D inputs acquired from
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cameras, while the force-sensing module extracts force signal variations
generated during exploratory contact. By fusing and interacting across
these two modalities, the system continuously updates its neuro predi-
cates. The real-time information from both modules is further provided
to the action primitives Aim_V and Aim_F as pose estimation inputs.

A representative example is illustrated as follows. Consider a single
robot performing a screw disassembly task (Fig. 5). Given the initial
state and the goal state, the multi-agent trustworthy planner produces
an optimal action primitive sequence:

{Move, Aim_V , Recognition, Insert, Disassemble}

Each action primitive in the sequence is dispatched sequentially, and its
corresponding preconditions are verified prior to execution according
to the definitions in Fig. 4. If the action primitive Aim_V suffers
from perceptual errors due to environmental disturbances, the system
detects a failed sleeve fitting before executing Disassemble. In this
case, the neuro predicate Clamped evaluates to False, which triggers
replanning. Since the state predicate pattern remains True at this stage,
the replanning result becomes:

{Aim_F, Insert, Disassemble}

Thereby activating a force-dominant action primitive for pose estima-
tion. This cross-validation process is repeatedly executed until all neuro
predicates are satisfied under ideal conditions.

During the cross-validation process, all sensory and decision data
are logged and retained for continual learning. For tasks that are
ultimately successful but require replanning, we further introduce a
backward correction mechanism. For example, when visual perception
fails and the task is instead completed through force-based execution,
the neuro predicate rarget_aim along the visual decision pathway is
flagged as unreliable. This is because its inaccuracy or misclassification
leads the system to proceed with subsequent action primitives, such
as Insert, under incorrect assumptions. Accordingly, during backward
correction, the historical inputs associated with target_aim are relabeled
with opposite annotations, indicating that the neural network should
have classified these states as misaligned. Such data are continuously
accumulated during execution and, once a sufficient volume is reached,
are used to update the corresponding neuro predicates. This itera-
tive refinement progressively enhances their abstraction capability and
improves robustness to environmental variations.

Furthermore, system trustworthiness can be quantitatively defined,
as each aforementioned module and component contributes to the
overall reliability of the system. To quantitatively characterize system
trustworthiness, we introduce the Rule Coverage Ratio (RCR) and the
Runtime Rule Compliance Rate (RRCR) (see Appendix B), both defined
based on Checkable Prior Rule Set (CPRS) (see Appendix A). All task-
critical operations in battery disassembly are governed by 24 checkable
prior rules encoded in PDDL and neural predicates, resulting in an RCR
of 100%. Across more than 200 real-world trials, the RRCR also reached
100%, demonstrating complete logical compliance during execution.
Unlike end-to-end policy-based approaches, our framework supports
explicit runtime verification at every task-critical checkpoint.

5. Experimental verification

To validate the proposed embodied robotic disassembly system
and its associated techniques, this section presents comprehensive
algorithm-level experiments and reports their deployment on a real-
world power battery disassembly production line. As shown in Fig.
7, our industrial power battery disassembly line consists of multiple
workstations. The figure illustrates a representative workstation sce-
nario in which multiple robots collaborate to complete the disassembly
task. The system mainly comprises four components: a disassembly
workstation, waste power batteries, a MAU, and a SAU. For both the
MAU and SAU, we employ UR10e robotic manipulators (6-DoF) with
a payload capacity of 12.5 kg and a working radius of 1300 mm.
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Table 1

Robotic workstation controller parameters (edge computing device).
Hardware/software SAU MAU
CPU Intel i7-12700 Intel i7-11700
GPU GeForce RTX 3060 Ti Mesa Intel Graphics
RAM 64G 16G
Operating System Ubuntu 22.04.5 LTS Ubuntu 22.04.5 LTS
Robot Operating System ROS Noetic ROS Noetic
Al Framework Pytorch Pytorch

actuator

Cutting
actuator

Fig. 7. Hardware platform for experiments: industrial power battery disassem-
bly line.

The MAU is mounted on a MiR-100 mobile base, forming a mobile
manipulator. Both UR10e manipulators are equipped with ATI six-
axis force/torque sensors at the flange as part of the end-effector
assembly, providing real-time force feedback during disassembly. The
end-effectors are selected as shown in Fig. 2 and are further equipped
with Intel RealSense D405/D415 RGB-D cameras. Based on the func-
tional configurations of the end-effectors, the resulting robot action
primitive capability library is illustrated in Fig. 4.

For the MAU and SAU, we select appropriate edge computing de-
vices as the supervisory controllers at each workstation and deploy the
complete embodied system on them. Detailed hardware and software
specifications of the computing platforms are summarized in Table 1.

5.1. Multi-agent trustworthy planning in the deliberative system

To evaluate the proposed multi-agent trustworthy planning frame-
work, we adopt GPT-4 as the backbone model for the agents and
construct the Deliberative System of the Disassembly NeuroSymbolic
World Model, targeting the detachable connections of power battery
fasteners. In this experimental setting, ablation studies are conducted
to systematically verify that the introduced multi-agent design is non-
redundant and efficient. Among the agents, the Symbol Check Agent
and the Task Assignment Agent share similar roles, as both rely on
invoking external PDDL checkers or symbolic mapping functions to
accomplish their tasks. Consequently, the specific prompt formulations
and linguistic quality of these agents have limited impact on the over-
all planning accuracy. Instead, they serve as critical industrial-grade
safeguards at the symbolic level, reinforcing system trustworthiness
and closing the planning loop. In contrast, the prompt design and
reasoning quality of the Heuristic Search Agent require particular atten-
tion. Although heuristic search alleviates the inefficiency of exhaustive
symbolic search or brute-force enumeration, it also constitutes the
primary source of potential hallucinations at the task-planning level.
Low-quality outputs from the Heuristic Search Agent may propagate
erroneous information to downstream agents, resulting in repeated
iterations and degraded planning performance.

In the Heuristic Search Agent, the prompt is structured into six
major components, among which the description, specification, and
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Fig. 8. Comparison of success rate and efficiency across methods.

problem formulation of action primitives are indispensable. To analyze
the contributions of the remaining components, we conducted 150
randomly sampled single-step planning trials for each configuration.
Furthermore, we designed 200 random reasoning tasks that allow
multi-agent systems to perform multiple iterations. The experimental
results are summarized in Table 2. For the heuristic search process,
character descriptions and scene descriptions do not significantly pro-
mote the generation of feasible action sequences. In contrast, the
inclusion of priori examples enables the agent to achieve a single-
shot reasoning success rate of 58.5%. For the Deliberative System
with multi-agent collaboration, introducing symbolic-level verification
increases the success rate to 99.6%. This is because, although PDDL
provides strict guarantees in the symbolic space, omitting the Task
Assignment Agent neglects the safeguards required for Multi-robot Col-
laboration. When all agents participate jointly in the reasoning process,
the Deliberative System attains a 100% accuracy rate, yielding trust-
worthy and transparent optimal action sequences at the task-planning
level.

5.2. Motion planning in the reactive system

To evaluate the accuracy and efficiency of the Reactive System
under prior-knowledge guidance, we conducted experiments across
three control scenarios, each compared against five different methods:
whole-body control for a 9-DoF MAU (9DoF-WBC), decoupled control
for a 9-DoF MAU (9DoF-DC), and whole-body control for a 6-DoF
SAU (6DoF-WBC). For computing motion configurations under multiple
constraints, we evaluated random sampling (RS), random sampling
with Jacobian iteration (RS + Jacobian), artificial neural networks
(ANN), deep deterministic policy gradient (DDPG), and the proposed
method (Ours). For the ANN baseline, 50,000 analytical DH-based
kinematic solutions from diverse scenarios were collected and used
to train the network for 3000 epochs until convergence. For DDPG,
deterministic kinematic solvers were employed as a resampling strat-
egy within the corresponding control dimensions. The replay buffer
initially contained 30,000 samples and was augmented with 512 newly
resampled data points per iteration. All sampling-based methods were
configured with termination tolerances and maximum iteration limits,
while all learning-based methods were optimized using Ray Tune [80]
over five learning rates and four batch sizes to identify the best-
performing configurations. The quantitative results are presented in
Fig. 8.

Due to its purely random nature, the RS method achieves a maxi-
mum accuracy of only 4.84%, with an average total computation time
per speculation exceeding the 10,000 ms timeout threshold. Incorpo-
rating Jacobian iteration improves the accuracy to 36.61%, with an
average computation time of 6726.17 ms. In comparison, ANN learns
kinematic mappings from data, and DDPG leverages deep reinforce-
ment learning to approximate deterministic policies by maximizing
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Table 2
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Success rate and ablation experiments for key components in multi-agent task planning.

Heuristic search agent

Priori example Character description

Scene description

Symbol check agent Task assignment agent Success rate

AN

N
|

Single Inference v

AN N
[BENEN
<!

30.1%
37.2%
22.1%
58.5%
24.2%
53.9%
50.3%

Multiple Iterations

AN NN

68.4%
99.6%
53.6%
100.0%

N

AN

cumulative rewards, achieving accuracies of 60.49% and 90.47%, re-
spectively. Notably, the proposed method attains accuracies of 98.36%
and 99.45% in the 9DoF-WBC and 6DoF-WBC settings, respectively,
while also exhibiting the fastest inference time of 184.76 ms.

Deep analysis of the experimental data reveals that the 6DoF setting
achieves the highest success rate across all methods, whereas the 9DoF-
WBC setting exhibits relatively lower performance. This is primarily
due to the dramatic expansion of the solution space introduced by
higher DoF, while WBC is inherently more difficult to predict in terms
of ideal configurations compared to DC strategies. From sampling-based
approaches to learning-based methods, the overall success rate shows
a consistent upward trend, reflecting the progressive incorporation of
more effective algorithmic components. Specifically, Jacobian-based
methods introduce numerical computation, ANN methods incorporate
mappings derived from real data, DDPG introduces reward-penalty
mechanisms for policy optimization, and our proposed method fur-
ther integrates explicit physical constraints. In contrast, improvements
in efficiency are reflected in the continuous reduction of inference
time. In particular, end-to-end methods demonstrate significantly faster
performance compared with numerical iterative approaches.

These results demonstrate that knowledge-injected Reactive System
learning enables the network to internalize deterministic physical prin-
ciples, rather than merely capturing latent correlations from datasets.
Consequently, the method achieves substantially higher accuracy and
remains robust to out-of-distribution scenarios. Moreover, owing to
its more compact network architecture and improved precision, the
average inference time per query is further reduced.

5.3. Cross-validation and continual learning

To validate the effectiveness of the vision—force cross-validation
framework, we conducted experiments on the disassembly of cover
screws from power battery packs. In each trial, the objective was to
successfully remove a single screw. The system leverages vision—force
cross-validation to obtain more reliable neuro predicates and percep-
tion estimates. During the experiments, the system dynamically updates
both the neuro predicates and the screw pose estimation based on visual
and force sensory feedback. To emulate real-world uncertainty, dis-
turbances such as illumination variations were introduced. Replanning
is triggered whenever an action fails. If the number of replanning at-
tempts exceeds a predefined threshold, the task is considered a failure.
For tasks that eventually succeed but require replanning, the system
generates new samples through cross-modal correction (e.g., using
force feedback to rectify visual errors) and neuro predicate backtrack-
ing, and stores them in a data pool. Once a sufficient number of
samples has been accumulated, incremental training is triggered to
further improve perception stability.

The results, summarized in Table 3, demonstrate that vision—force
cross-validation significantly enhances system robustness in dynamic
environments. Visual perception is particularly sensitive to environ-
mental factors such as lighting changes, and inaccurate screw pose pre-
dictions were the primary cause of task failures and frequent replanning
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Table 3
Under the cross-validation mechanism, the collected data are continuously
utilized for continual learning.

Iteration Number of tasks Success rate (%) Avg. replans per task
0 131 81.68 3.389
1 162 89.51 2.648
2 62 100 1.984
3 39 100 1.128

in early experiments. In contrast, force perception is more stable during
contact interactions and can provide reliable compensation when visual
perception degrades. Moreover, vision—force cross-validation supplies
high-quality training samples for continual learning, facilitating long-
term self-improvement of the system. As continual learning progresses
and the system iteratively updates, the task success rate improves
from 81.68% to 100%, while the average number of replanning events
steadily decreases. Thus, cross-validation not only enhances immediate
perceptual robustness but also establishes a stable data foundation for
continual learning. Quantitative ablation results (Appendix C) show
that vision-force fusion improves the initial task success rate from
72.39% (vision only) and 70.51% (force only) to 81.68%, demonstrat-
ing a clear complementary effect. Moreover, as shown in Appendix C,
both the vision and force networks exhibit monotonic error reduction
during incremental training, indicating stable convergence of model
parameter updates in continual learning.

5.4. Real-world experiments

After extensive algorithmic validation, the proposed industrial-
grade trustworthy embodied system was deployed on a real power bat-
tery disassembly production line. We designed both single-robot tasks
and multi-robot collaboration tasks (Fig. 9). Single-robot tasks include
large-scale autonomous disassembly, disassembly under scheduling
constraints, disassembly with obstacle interference, and disassembly
involving multiple types of screws requiring sleeve changes. Multi-
robot collaboration tasks focus on the removal of rusted or worn
screws. These complex long-horizon tasks comprehensively evaluate
the system’s real-time perception, planning, execution, and verification
capabilities.

The empirical samples consist of multiple wasted power battery
packs collected from real industrial recycling scenarios. These bat-
tery packs exhibit heterogeneous physical conditions, including bolt
rust, outer nut edge wear, and inconsistent illumination reflections
caused by metallic surfaces. Notably, severely rusted or worn bolts
may lose their detachable mechanical characteristics and cannot be
removed through standard unscrewing operations. Such cases corre-
spond directly to the non-detachable long-horizon experimental tasks
considered in our system. As illustrated in Fig. 10, a long-horizon
task example shows the action sequence and state transitions gener-
ated through real-time multi-agent planning. In addition to material
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Fig. 9. Real-Robot Deployment Results. The experiments were conducted on real robotic platforms under both single-robot autonomous disassembly tasks and

multi-robot collaboration tasks.
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Fig. 10. A representative Long-horizon task example involves cooperation between the SAU and the MAU to remove a worn screw. Compared with standard

disassembly planning, this process additionally requires operations such as cutting.

degradation, the experiments also include physical disturbance factors
such as obstacle interference, dynamic lighting variations affecting
visual neural predicates, and occasional policy failures leading to action
execution deviations. These conditions further validate the Real-time
Status Checking and online replanning capabilities of the NeuroSym-
bolic framework, enabling the robotic system to maintain robustness
under realistic industrial perturbations.

Experimental results indicate that the success rate of single-robot
tasks reaches 98.75%, while multi-robot collaboration tasks achieve a
success rate of 98.5%. This high level of performance stems from the
fact that the Disassembly NeuroSymbolic World Model fundamentally
learns disassembly skills rather than overfitting to specific battery
pack models. Consequently, the system exhibits strong generalization
capability, enabling the embodied system to flexibly plan and complete
disassembly tasks in real time by leveraging prior knowledge and
available tools.

6. Conclusion and future work

This work addresses the core challenges in power battery disas-
sembly, including high uncertainty, significant structural variability,
and the frequent failure of traditional automation. We propose and
implement an industrially deployable, trustworthy NeuroSymbolic em-
bodied intelligence system. By leveraging NeuroSymbolic artificial in-
telligence, the system establishes a dual-system hybrid control architec-
ture, in which the Deliberative System enables knowledge-driven long-
horizon autonomous reasoning and multi-robot collaboration planning,
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while the Reactive System achieves efficient, fast, and verifiable low-
level control based on kinematic priors. The coordinated interaction
between the two systems ensures both reliability and real-time perfor-
mance. In addition, we design both mobile and stationary embodied
execution units, providing flexible physical carriers for complex disas-
sembly tasks. Through a dual strategy driven by knowledge and data,
together with symbolic planning, cross-modal verification, and contin-
ual learning mechanisms, the Disassembly NeuroSymbolic World Model
enables stable, safe, and interpretable operational workflows in open
and unstructured disassembly scenarios. This work lays a solid foun-
dation for large-scale intelligent disassembly in the battery recycling
industry and provides a demonstrative pathway for the trustworthy
deployment of embodied intelligence in industrial environments.

Looking forward, several directions merit further improvement and
investigation:

1. Enhancing multi-robot collaboration efficiency, extending from
single-station, centralized planning to multi-station, efficient hi-
erarchical planning for flexible disassembly production lines.

. Further strengthening and extending the Reactive System, evolv-
ing from kinematics based neural networks under complex con-
straints to a library of embodied skill learning, and incorporat-
ing additional high-frequency sensors (e.g., tactile sensing and
force control) to enable the Reactive System to acquire richer
disassembly skills.

. Advancing the multimodal cross-validation and continual learn-
ing framework, moving beyond engineering-level modeling to-
ward a more comprehensive, scalable reasoning, execution, ver-
ification, learning pipeline.
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Appendix A. Rule-based checkpoints for trustworthy disassembly

To formally characterize system trustworthiness, we explicitly enu-
merate task-critical prior rules governing battery disassembly. These
rules, distilled by skilled human engineers, constitute a set of a pri-
ori principles governing the smooth execution of disassembly within
automated or intelligent systems. Each rule corresponds to a verifiable
checkpoint, implemented either through neural predicates within the
World Model or distinct system modules within the Deliberative Sys-
tem. All action primitives in our PDDL-based NeuroSymbolic planner
are associated with these rules via preconditions and effects, ensuring
that no task-critical transition can bypass verification.

These rules collectively define the Checkable Prior Rule Set (CPRS)
in Fig. A.11, which serves as the structural foundation for quantifying
trustworthiness. Furthermore, the relationship between the specific
modules involved in this study and system trustworthiness can be
clearly characterized, with different modules collectively forming the
key checkpoints for trustworthiness verification.

Appendix B. Quantitative definition of trustworthiness

B.1. Rule coverage ratio (RCR)

We define trustworthiness as the ability of the system to explicitly
represent and verify task-critical prior rules during execution.
Let:

Nuerifiable

N,

critical

RCR =

where N, denotes the total number of task-critical prior rules.
Noerifiavie denotes the number of rules explicitly encoded and verifiable
at runtime.

In our system:

Ncritical = 24’ Nuerifiable =24
Thus:
RCR =100%

All task-critical transitions are governed by neural predicates or
runtime validation modules. In contrast, end-to-end policy-based or
black-box reinforcement learning methods do not explicitly encode
intermediate rule checkpoints, yielding:

RCRpyp = 0%

since no internal decision structure is inspectable.
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Table C.4
Task success rate under different perception modalities (Iteration 0).

Perception mode (Iteration 0) Task success rate (%)

Vision Only 72.39
Force Only 70.51
Vision + Force (Cross-Validation) 81.68

Table C.5

Pose estimation error of the vision network under incremental training.
Training Pos. RMSE Pos. MAE Ori. RMSE Ori. MAE
samples (mm) (mm) (deg) (deg)
1000 (Iter 0) 8.78 7.34 5.39 2.52
2000 3.81 3.19 3.60 2.14
3000 2.53 2.10 2.68 1.68
4000 1.71 1.43 212 1.30
5000 1.19 0.99 1.13 0.87

B.2. Runtime rule compliance rate (RRCR)

We further define execution-level reliability:

RRCR = Npassed

Nchecked

where N j,.4.q denotes total rule checks during execution. N ;.q
denotes successfully validated checks. Over extensive industrial trials,
all 24 rule types were verified in runtime execution without bypass,
yielding near-perfect compliance.

Appendix C. Quantitative analysis of vision-force fusion and con-
tinual learning

This appendix provides a quantitative analysis addressing two key
aspects: (1) the performance improvement introduced by vision-force
fusion, and (2) the convergence characteristics of model parameter
updates during continual learning.

C.1. Quantitative evaluation of vision-force fusion

To isolate the contribution of cross-modal fusion, we report the task
success rate under three perception settings at Iteration 0 (i.e., before
continual learning is triggered). In this stage, both the vision network
(MobileNetV3-based) and the force network (LSTM-based) are trained
using the initial dataset only. Regarding evaluation metrics, we employ
Root Mean Square Error (RMSE) and Mean Absolute Error (MAE).

As shown in Table C.4, vision-force fusion improves the initial
task success rate by +9.29% compared to vision-only perception and
+11.17% compared to force-only perception. This demonstrates a clear
complementary effect between the two modalities. Vision provides
global geometric estimation but is sensitive to environmental distur-
bances (e.g., illumination changes), whereas force feedback offers sta-
ble local contact information during interaction. Their cross-validation
mechanism therefore enhances robustness and reduces failure cases
caused by single-modality uncertainty.

C.2. Convergence characteristics of continual learning

We further analyze the convergence behavior of both perception
networks during incremental training. Continual learning is triggered
when sufficient corrected samples are accumulated through cross-
modal correction and neuro-predicate backtracking. The training dataset
gradually expands to better match real deployment conditions.
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m Rule Description Verified By

1 The coarse pose of the target must be known before task initiation.

2 Coarse motion must be executed in local coordinate frame (eye-in-hand).

3 Target detection must follow coarse positioning.

4 Fine positioning should prioritize vision.

5 Force-based exploration should be triggered if vision fails.

6 Precise pose must be known before disassembly attribute judgment.

7 Disassembly object attributes must be recognized (detachable/non-detachable).
8 Rusted or mechanically damaged bolts are categorized as non-detachable.

9 For detachable connections, sleeve must match screw type.

10 If sleeve mismatches, replanning with replacement is required.

11 Similar familiar scenes allow quick disassembly logic.

12 Before insertion, obstacle clearance must be verified.

13 After cutting, detachability must be re-evaluated.

14 Post-disassembly state must update to disassembled==true.

15 Fine pose estimation must precede insertion in detachable connections.

16 Vision-force logs must be preserved and cross-validated.

17 Task assignment must consider robot-specific capabilities.

18 Multi-robot coordination and collision avoidance must be considered

19 non-detachable connections require pose sharing among robots.

20 LLM outputs must be constrained by symbolic verification.

21  Action sequence must adapt based on neural predicate states (heuristic search).
22 Planning must reference prior successful experience.

23 Post-action state must match expected symbolic effects.

24 For execution robots, the target point should satisfy physical principles such as

(Neural predicate)have_coarse_pose
(Neural predicate)near_screw
(Neural predicate)above_screw
(Neural predicate)pattern
(Neural predicate)pattern
(Neural predicate)target_aim
(Neural predicate)complete_recognize
(Neural predicate)target_rust
(Neural predicate)target_match
(Neural predicate)exist_sleeve
(Neural predicate)familiar_scenes
(Neural predicate)target_clear
(Neural predicate)target_rust
(Neural predicate)disassembled
Multimodal fusion + Kalman filter
Multimodal Cross-Validation
Task Assignment Agent
Task Assignment Agent
Task Assignment Agent
Symbol Check Agent
Heuristic Search Agent
Heuristic Search Agent

Real-time Status Checking

KINNs

kinematic reachability, solvable inverse kinematics, and collision-free conditions.

Fig. A.11. Checkable Prior Rule Set (CPRS) governing trustworthy battery disassembly.

Table C.6
Pose estimation error of the force network under incremental training.

Pos. RMSE (mm) Ori. RMSE (deg)

Training samples

880 (Iter 0) 0.785 0.323
2760 0.595 0.287
2640 0.481 0.276
3520 0.442 0.271
4400 0.433 0.268

C.2.1. Vision network (MobileNetV3-based)

Table C.5 shows that both position and orientation errors decrease
monotonically as the dataset expands. The position RMSE decreases
from 8.78 mm to 1.19 mm (an 86.4% reduction), while the orientation
RMSE decreases from 5.39° to 1.13° (a 79.0% reduction). The pro-
gressively flattening improvement trend indicates stable convergence
of parameter updates without oscillatory behavior.

C.2.2. Force network (LSTM-based)

As shown in Table C.6, the force network also exhibits consistent er-
ror reduction during incremental training. The position RMSE decreases
from 0.785 mm to 0.433 mm (approximately 44% reduction), while
orientation RMSE decreases from 0.323° to 0.268° (approximately 17%
reduction). The improvement trend becomes gradually saturated as the
dataset approaches 4000 samples, suggesting that the model converges
toward a stable solution.
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C.3. Summary

The quantitative results in this appendix demonstrate that:

1. Vision-force fusion provides a clear and measurable improve-
ment in task success rate compared to single-modality percep-
tion.

2. Both perception networks exhibit monotonic error reduction and
stable convergence during continual learning.

3. The cross-validation mechanism not only enhances immediate
robustness but also supplies high-quality correction samples that
facilitate long-term performance improvement.

These results provide explicit quantitative evidence supporting the

robustness and convergence properties of the proposed framework.
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