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Abstract. Recent advances in artificial intelligence are reshaping
collaborative and industrial robotics, enabling a transition from
deterministic, pre-programmed automation toward adaptive, learning-
enabled systems. This paper synthesises developments in imitation
learning, diffusion-based visuomotor policies, and foundation models, and
examines their integration within industrial robotic architectures. Particular
attention is given to the convergence of language-based planning,
multimodal perception, and digital twins for safe and flexible deployment.
Electric vehicle battery recycling is considered as a representative high-
variability and safety-critical case study, illustrating how contact-rich
manipulation, sim-to-real transfer, and certified runtime supervision can be
combined within a unified framework. It is argued that the same Al stack
supporting flexible assembly in manufacturing can be extended to other
related areas, such as disassembly-related circular-economy processes.
Open challenges remain in safety certification, explainability, data scarcity,
and multi-material interaction modelling. Future directions include
cognitive digital twins, tactile foundation models, federated learning, and
multi-robot coordination. The convergence of learning-based control and
industrial digital infrastructures provides a pathway toward resilient and
sustainable Industry 5.0 production systems.

1 Introduction

Industrial robots were historically designed for fixed, repetitive tasks using deterministic
joint and trajectory control, with model-based sensor feedback. While highly effective in
structured environments, traditional automation struggles with more advanced applications
and uncertainties, e.g. due to product variability (requiring rapid reconfiguration),
hazardous environments, complex manipulation tasks, mobile robotics, and sustainability-
driven disassembly tasks.
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Simultaneously, manufacturing and recycling industries face labour shortages, stricter
safety standards, and sustainability/circular-economy pressures. These constraints, along
with breakthroughs in deep learning enabled perception and decision-making from raw
data, motivate the integration of learning-based Al into robotic systems [1].

Recent developments in imitation learning, diffusion-based control policies, and
foundation models for robotics enable robots to learn contact-rich skills from
demonstration, interpret semantic task instructions, and generalise across related
manipulation tasks. When combined with digital twins and certified safety layers, these
approaches provide a viable framework for adaptive industrial robotics.

In contrast to conventional industrial robotic architectures, the framework proposed in
this paper introduces a layered integration of learning-enabled modules while preserving
standards-aligned industrial control principles. This allows adaptive task interpretation and
skill generalisation without replacing the bounded and certifiable execution structures
required in industrial settings. The proposed framework should therefore be understood not
as a departure from established industrial robotic architectures, but as an extension of them
toward greater flexibility, semantic awareness, and task adaptability.

This presented unified architecture links collaborative and industrial robotic tasks under
a common learning-based robotic stack, using EV battery disassembly for recycling as a
representative application. The contribution of this paper is threefold. First, it proposes a
unified architectural perspective for integrating imitation learning, diffusion-based
visuomotor policies, foundation-model-based task planning, digital twin validation, and
deterministic safety supervision within industrial robotic systems. Second, it examines how
this architecture may generalise across both manufacturing and disassembly domains, using
EV battery recycling as a representative safety-critical application. Third, it identifies
practical validation requirements, deployment constraints, and open research challenges
that must be addressed before such systems can be robustly adopted in industrial
environments. The purpose of this paper is not to exhaustively review all Al-enabled
robotics paradigms, but to synthesise a coherent industrial systems perspective across those
components most relevant to adaptive manipulation, safety, and deployment.

The remainder of this paper is structured as follows. Section 2 presents a short overview
of related literature on learning-based robotics, and Section 3 discusses the role of digital
twins and simulation, and outlines the proposed framework. Section 4 presents an EV
battery case study as an illustrative example. Section 5 presents cross-sector approaches and
application domains, along with relevant standards. Current challenges and future
directions are presented in Sections 6 and 7 respectively.

Research Questions:

RQI1: How can learning-based robotic components be integrated with deterministic
industrial control while preserving safety, traceability, and deployment realism?

RQ2: To what extent can a unified Al-enabled robotic architecture support both
industrial assembly and disassembly domains, including EV battery recycling?

RQ3: What technical, safety, and data-related barriers most constrain the industrial
deployment of such architectures?

2 Learning-driven industrial robotics

2.1 Imitation Learning in industrial settings

Imitation learning (IL) allows robots to acquire control policies from expert demonstrations
rather than through trial-and-error reinforcement learning. Behaviour cloning and dataset
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aggregation approaches provide data-efficient skill acquisition suitable for hardware
deployment [2].

In manufacturing, IL enables encoding of tacit human skills such as compliant
insertion, torque-controlled fastening, and surface finishing. In disassembly tasks, similar
methods support prying, peeling, and fastener removal operations where contact dynamics
are difficult to model explicitly [3]. An example is shown in Fig. 1.

Fig. 1. Example of Imitation Learning. A human demonstrating task execution and a robot through
learning from demonstration [4].

2.2 Diffusion-based visuomotor policies

Diffusion models have recently been adapted for robotic control, treating action sequences
as a denoising generation process. These models produce smooth and multimodal
trajectories, improving robustness in contact-rich manipulation [5]. Task decomposition is
illustrated in Fig. 2.

Benchmark studies demonstrate improved performance over policy-gradient baselines
in tasks involving tool-based interaction. Such properties are particularly relevant to
contact-rich and multi-material disassembly in battery packs [6].
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Fig. 2. Example of task decomposition through diffusion-based model policies[7]

2.3 Foundational models and language-enabled planning

Vision-language-action models such as RT-1/RT-2 and PaLM-E demonstrate that large-
scale pretraining enables semantic reasoning grounded in perception and action. Language-
conditioned policies allow robots to interpret high-level task instructions and generate
executable plans [8, 9]. A general architecture is shown in Fig. 3.

In industrial contexts, this capability supports dynamic interpretation of work orders,
retrieval of process parameters, and flexible sequencing across product variants. When
combined with affordance filtering or feasibility scoring, LLM-based planners can operate
within constrained industrial environments [10, 11].
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Fig. 3. Example of a general architecture for robot learning through foundational models [12].

2.4 Discussion and Comparison of Candidate Robot Control Approaches

To provide a clearer quantitative perspective, Table 1 summarises representative
performance characteristics reported across the literature for imitation learning, diffusion-
based visuomotor policies, and large-scale language-conditioned robotic models. Although
not a direct benchmark under identical conditions, these values illustrate comparative
tendencies amongst each approach.

Table 1. Representative performance characteristics of learning-based robotic approaches relevant to
industrial manipulation

Approach Typical strengths Common quantitative Reported limitations for
indicators industrial use
Imitation Data-efficient skill Often evaluated using task | Performance may degrade
Learning acquisition from expert success rate, trajectory under distribution shift,
(Behaviour demonstrations; error, intervention unseen task variants, or
Cloning / suitable for structured frequency, and number of contact conditions not
DAgger) manipulation demonstrations required represented in training
data
Diffusion- Smooth multimodal Common metrics include High data and compute
based action generation; task success rate, trajectory requirements; limited
visuomotor strong performance in smoothness, robustness to interpretability; sim-to-
policies contact-rich perturbation, and action real robustness still task
manipulation consistency across trials dependent
Vision- High-level semantic Often evaluated using Requires large-scale
Language- reasoning, instruction | instruction completion rate, multimodal datasets;
Action / following, cross-task zero-shot generalisation, difficult to validate in
Foundation generalisation and task transfer safety-critical execution
Models performance without supervisory
constraints
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Hybrid Combines adaptive Suggested metrics include Experimental validation
industrial planning with task success rate, cycle across multiple industrial
architecture deterministic safety time, safety intervention tasks remains future work
(proposed and execution frequency, force/torque
framework) exceedance rate, and
recovery from faults

Taken together, these approaches occupy different practical roles within industrial robotics.
Imitation learning remains comparatively attractive for structured manipulation tasks where
demonstrations are available and deployment simplicity is important, but its robustness may
degrade during tasks involving high amounts of product variance (such as heterogenous
recycling feedstock). Diffusion-based policies offer stronger performance in contact-rich
and multimodal settings, albeit with higher computational and data requirements.
Foundation-model-based systems provide valuable semantic flexibility and task-level
generalisation, but currently remain difficult to validate for direct safety-critical execution.
As a result, their most practically viable near-term role in industrial environments is likely
to be at the planning and supervisory layer rather than as fully autonomous low-level
controllers.

3 Digital twins and robot safety

Beyond manipulation policies alone, the integration of LLM and agent-based Al
architectures within digital twin infrastructures and collaborative robotics further reshapes
the deployment of learning-enabled systems in industrial environments. Agentic robotic
frameworks extend conventional control pipelines by embedding language-based reasoning
modules capable of interpreting structured work flow instructions, querying production or
relevant disassembly databases, and decomposing high-level objectives into executable
skill sequences [11, 13, 14]. When coupled with digital twins, these reasoning processes
can be validated in simulation, allowing candidate tool paths, force profiles, and task
orderings to be assessed against geometric and process constraints prior to physical
execution. In keeping with the international safety standards for industrial robots [15], this
pre-execution validation reduces operational risk and supports traceability, particularly in
the context of handling hazardous materials and safety-critical disassembly tasks. Within
collaborative settings, where robots operate in shared workspaces with human operators,
additional safeguards become essential. Modern safety standards require that adaptive
behaviours remain verifiably bounded, leading to the adoption of layered supervision
mechanisms such as control barrier functions [16], predictive safety filters, and monitored
stop strategies [17].

From a systems perspective, the digital twin provides a structured intermediate layer
between high-level Al reasoning and physical robot execution. Rather than allowing
candidate actions generated by semantic planning or learned manipulation policies to be
executed directly on hardware, the twin enables pre-execution checking against geometric,
kinematic, and process-level constraints. This may include assessment of tool access,
fixture interference, trajectory feasibility, and predicted contact behaviour under nominal
operating conditions. In industrial contexts, such validation is particularly important
because deployment failures can have direct consequences for safety, equipment integrity,
and process reliability; the twin therefore functions not only as a simulation tool, but also as
a mechanism for reducing deployment risk and improving traceability during iterative
system development.
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Fig. 4. High-level illustration of how robot control and manipulation data may be generated, refined,
and validated using digital twin environments prior to physical deployment.

3.1 Proposed System Workflow

In this proposed architecture, the stochastic outputs of learning or language-based
components are constrained by deterministic safety envelopes, preserving compliance while
maintaining flexibility. The convergence of agentic planning, simulation-based validation,
and certified collaborative control thus represents a pragmatic pathway for integrating
advanced Al capabilities into real and generalisable systems without compromising safety
or regulatory requirements. The proposed architecture is summarised in Fig. 5

Within the proposed architecture, task execution may be structured as a staged pipeline:
(1) A work instruction, operator request, or task objective is received by a semantic
planning layer.

(2) Relevant contextual information is retrieved from structured databases, digital
documentation, or metadata sources (such as a battery’s BMS).

(3) A language-enabled planning module decomposes the task into candidate sub-actions
and manipulation steps.

(4) Appropriate learned manipulation skills, such as imitation-learned or diffusion-based
policies, are selected or conditioned based on the task context.

(5) Candidate trajectories and task sequences are evaluated within a digital twin
environment to assess geometric feasibility, predicted force margins, and safety rule
compliance.

(6) Validated motion plans are then passed to deterministic industrial control layers for
execution.

(7) Runtime supervisory safety mechanisms monitor force, collision risk, and execution
constraints during operation.

(8) Telemetry, execution logs, and task outcomes may then be stored to support traceability,
adaptation, and future model improvement.
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Fig. 5. Preliminary generalized robotic architecture.

Figure 5 is designed to be interpreted as a layered execution pipeline; the upper layers
correspond to semantic reasoning, context retrieval, and candidate action generation; the
middle layers to policy selection, simulation-based validation, and task sequencing; and the
lower layers to deterministic motion execution, sensing, and safety supervision.
Foundation-model-based components operate primarily at the planning level, while
imitation-learned and diffusion-based policies provide adaptable manipulation skills for
contact-rich tasks. Deterministic industrial controllers remain responsible for final
execution, with supervisory safety layers enforcing bounded operational constraints; this
layered separation preserves adaptability while maintaining industrially realistic execution
and safety control.

Existing industrial robotic systems are generally characterised by high reliability,
repeatability, and standards compliance, but often depend on extensive task-specific
programming and limited adaptability to product variation, unstructured interactions, or
contact-rich manipulation [15]. The framework proposed here differs by introducing a
hierarchical integration strategy in which learning-based modules are used for perception,
semantic task decomposition, and policy generation, while deterministic industrial control
remains responsible for final execution and safety enforcement [10, 11, 16, 17]. In this
sense, adaptive Al components do not replace industrial control logic, but instead augment
it with improved generalisation and context awareness. This is particularly relevant in
manufacturing and disassembly environments where workpiece variability, uncertain
contact conditions, and incomplete process observability reduce the practicality of rigid
pre-programmed workflows [5, 14, 18].

In addition, the architecture is designed to support context-aware robotic operation
through links to structured databases, operational metadata, and digital twin environments
[13, 19]. Such integration enables candidate actions to be checked against task constraints,
process knowledge, and safety requirements before execution [13, 14, 18, 20]. This layered
design also improves traceability, allowing robotic decisions to be linked to retrieved
context, simulation validation, and supervisory constraints rather than relying solely on
opaque end-to-end policy execution [19, 20].
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While the core components of the proposed framework have each been studied
individually in recent robotics literature, their integration within a unified industrially
oriented architecture remains less systematically explored than the individual component
technologies themselves [4, 5, 811, 16—18]. The contribution of the present work is
therefore not the proposal of a new standalone algorithm, but the synthesis of these
traditionally separate capabilities into a unified industrially oriented architectural
perspective. With that in mind, this architecture is a conceptual systems framework
intended to guide future integrated validation in simulation and physical deployment, rather
than as a fully implemented and experimentally validated robotic system.

As summarised in Table 2, many existing robotics frameworks emphasise only a subset
of the capabilities required for industrially deployable adaptive robotics. Language-
conditioned planning frameworks provide strong semantic reasoning but are not typically
coupled to bounded industrial execution; visuomotor learning approaches offer adaptable
manipulation skills but often lack traceability, safety assurance, and deployment realism.
Digital twin-based systems provide valuable simulation and validation capabilities, yet may
not incorporate flexible semantic reasoning or learned skill adaptation.

Table 2. High-level comparison between representative Al-enabled robotic frameworks and the
unified architecture proposed in this paper (compiled from [2, 5, 10, 11, 13, 15, 18])

Digital
Semanti Learned twin / Determini | Industrial
Framework ¢ task . . simulatio | stic safety | deploymen Key
. manipulatio . o Y.
/ approach plannin n policy n / execution t limitation
g validatio layer orientation
n
Strong
semantic
Language- planning, but
conditioned . . .. . weak
robotic Yes Partial No Partial Limited 1pdu§tr1a1
planning validation and
bounded
execution
guarantees
Strong skill
learning, but
Visuomotor tralclgztfl(iit
policy Partial Yes Partial No Limited fet ¥
learning satety
assurance, and
task-level
reasoning
Strong
.. validation and
I?éilrt:_ﬂ siml}lgtion
enabled Partial Partial Yes Partial Moderate capabllftyz but
robotic often llrplted
workflows adaptlv.e
semantic
reasoning
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High
reliability and
safety, but
limited
adaptability
and
dependence
on task-
specific
programming

Convention

al industrial

robotic No No Partial Yes Yes

architecture
S

4 Case study: EV battery recycling

EV battery recycling constitutes a particularly demanding manipulation domain
characterised by high variability and significant safety constraints. Battery packs (example
shown in Fig.6) differ substantially in geometry, fastening strategy, adhesive usage, and
internal architecture, and may arrive in varying states of degradation. In addition to
mechanical complexity, residual electrical charge and the presence of flammable
electrolytes introduce hazards that are not typically encountered in conventional assembly
lines [14]. These factors make manual disassembly labour intensive and potentially unsafe,
particularly at scale.

Fig. 6. Example of end-of-life Nissan Leaf battery modules and cells.

Learning-enabled robotic systems offer a structured response to this variability. By
conditioning manipulation policies on pack configuration data, robotic platforms can adapt
tool selection and motion strategies to different architectures without complete
reprogramming [5, 9]. During separation tasks, force and torque signatures provide real-
time feedback that could be used to detect fastener release, adhesive failure, or abnormal
resistance [21]. Integration with battery management system data [13] further enables
context-aware decision-making, for example by prioritising modules for second-life
assessment based on state-of-health metrics, as illustrated in Fig. 7. Prior to physical
execution, disassembly sequences may be validated within digital twin environments to
estimate interaction forces and ensure compliance with safety constraints.

From a control and architectural perspective, these operations are closely related to
assembly processes. The same imitation and diffusion-based policies used to achieve
compliant insertion and torque-regulated fastening can be adapted to perform controlled
extraction and separation [2, 5, 9]. This symmetry highlights the transferability of learning-
based robotic architectures across production and circular-economy contexts, supporting
the development of unified skill libraries and shared validation frameworks.
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To strengthen the practical relevance, and enable future empirical assessment of the
proposed framework, EV battery disassembly may be evaluated using a set of quantitative
performance metrics aligned with industrial deployment requirements. Suitable measures
include: (i) task success rate across different battery pack variants, (ii) average cycle time
per disassembly stage, (iii) tool-change frequency, (iv) fastener or adhesive separation
success rate, (v) force/torque exceedance frequency relative to safe operating thresholds,
(vi) rate of abnormal event detection and recovery, and (vii) human intervention frequency
per completed task sequence [14, 21].

Additional domain-specific indicators may include module identification accuracy,
state-of-health informed prioritisation accuracy, and damage rate during extraction or
separation operations. In a digital twin context, trajectory feasibility, predicted contact force
margins, and safety rule violations may also be assessed prior to physical execution [13,
18]. Collectively, these metrics would provide a more rigorous basis for evaluating whether
a unified learning-enabled architecture offers practical performance benefits over
conventional manually programmed disassembly workflows. This case study is intended
primarily as an illustrative application domain for the proposed architecture. However,
future experimental work should explicitly quantify these metrics across multiple battery
formats and degradation conditions to assess system robustness, transferability, and
operational safety [14].

5 Cross Sector Architectures

One of the key findings of this review is that the same Al stack applies across sectors
(summarized in Table 3). As discussed in sections 2-4, manufacturing and recycling both
use imitation learning, diffusion policies, digital twins, and language-based planners; they
simply operate on different tasks and data sources.

Table 3. Overlap in automatous robotic technologies in both industrial assembly tasks and EV battery

recycling
Layer Industrial Assembly EV Recycling Cell
Perception Vision, force, acoustic sensing Vision, force, thermal/voltage
sensors
Learning IL / Diffusion .polh.cy for assembly 1L/ le.fuswn policy for
primitives disassembly

10
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LLM agent for interpreting work LLM agent for interpreting pack
Planner
orders meta data
. . Digital twin for fixture and tool Digital twin for pack geometry,
Simulation o . Sl
validation safety analysis and tool validation
Safety ISO 10218, ANSI/RIA compliance ISO 10218 and handling rules
Database Link ManufactL}rlng execution sy§tem / Battery Mapagement system /
enterprise resource planning recycling database
Outcome Flexible production Adaptive and sustainable material
recovery

This structural similarity supports a unified learning-based robotics paradigm, capable
of deployment across both production and recovery systems.

6 Challenges

Despite substantial progress, several limitations continue to constrain the industrial
deployment of learning-enabled robotic systems. These limitations suggest that the
remaining barriers to widespread adoption are increasingly linked to validation
methodology, system integration, and governance considerations rather than being solely
attributable to fundamental shortcomings in learning algorithms themselves.

6.1 Safety Considerations

While deterministic control systems can be analysed using established verification and
certification methodologies, stochastic neural controllers and diffusion-based policies are
considerably more difficult to validate within current industrial safety frameworks [15-17].
In practice, safe deployment therefore depends on architectural separation between adaptive
policy generation and bounded execution. Within the proposed framework, learning-based
components are used to generate candidate actions or task plans, while deterministic
supervisory layers remain responsible for constraint enforcement, motion feasibility,
collision avoidance, and emergency interruption [16, 17]. Runtime safety filters, control
barrier functions, and monitored stop strategies provide practical mechanisms for ensuring
that adaptive behaviours remain within acceptable operational envelopes. Nevertheless, a
broadly accepted certification methodology for learning-enabled industrial robotics has yet
to emerge, particularly for systems involving contact-rich manipulation and semantic
planning.

In practice, compliance-oriented deployment would likely require architectural
partitioning between certifiable deterministic execution layers and non-certifiable adaptive
modules. Candidate plans or actions generated by learning-based systems could be
validated offline or pre-execution against workspace, force, and collision constraints, while
runtime monitors enforce operational boundaries during execution. Under this model,
certification would apply primarily to bounded execution, supervision, and fail-safe
behaviour, rather than to unrestricted learning outputs themselves. This reflects the current
reality that fully general certification pathways for stochastic planning and control remain
immature.

11
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6.2 LLM transparency

Language-based planning modules introduce a semantic reasoning layer whose internal
decision processes are not inherently transparent [10, 11, 19, 20]. In safety-critical
applications, this opacity presents challenges for traceability, accountability, and operator
trust, particularly when task sequencing decisions or tool selections must be justified
retrospectively [19, 20]. Within the proposed framework, explainability is addressed
procedurally through structured task decomposition, retrieval-grounded reasoning, explicit
simulation validation, and logged supervisory interventions [10, 11, 13, 17]. Such
mechanisms can improve auditability by linking robotic actions to retrieved context and
validated execution paths. However, these measures do not fully resolve the broader
interpretability limitations of large-scale foundation models, and explainability therefore
remains a key open challenge for industrial AI deployment [19, 20].

6.3 Computational Complexity, Data Scarcity and Foundation Model
Requirements

Industrial datasets are typically proprietary, fragmented, and expensive to acquire,
restricting large-scale training and cross-site generalisation [14, 19, 21]. This challenge is
especially pronounced for foundation-model-style robotic systems, which may require
diverse multimodal datasets spanning visual observations, robot state trajectories,
force/torque signals, language-conditioned task descriptions, and outcome labels across
many task variants [8, 9, 12, 19]. In industrial settings, the challenge is therefore not only
one of data volume, but also of annotation cost, confidentiality, operational safety during
collection, and deliberate representational coverage of rare but safety-relevant events [14,
19]. While simulation, digital twins, transfer learning, and synthetic data generation may
alleviate some of these constraints [13, 21], the data requirements for robust industrial
foundation models remain substantially higher than those associated with traditional fixed-
task automation [8, 9]. In practical deployment, computational requirements also impose an
important constraint on system design. Large-scale foundation models and diffusion-based
planners may be unsuitable for direct high-frequency control loops because of inference
latency and resource demands. Their most practical role is therefore likely to be in
asynchronous planning, skill selection, or pre-execution reasoning, while deterministic
industrial controllers continue to operate at real-time control rates.

6.4 Simulation Fidelity and Sim-to-Real Transfer

Accurate sim-to-real transfer remains a major barrier to deploying learning-enabled robotic
systems in industrial environments. Differences between simulated and real systems may
arise from sensor noise, actuator latency, calibration mismatch, fixture tolerances, frictional
uncertainty, and incomplete modelling of environmental disturbances. These issues are
amplified in contact-rich tasks where task success depends on subtle force interactions
rather than purely geometric motion execution. Although digital twins and domain
randomisation can reduce this gap, learned policies remain vulnerable to distribution shifts
when exposed to previously unseen physical conditions. In industrial contexts, this
challenge is especially significant because deployment failures may have direct
implications for safety, equipment integrity, and process reliability [14, 21].

A further challenge lies in uncertainty-aware decision-making. In industrial environments,

uncertainty may arise from incomplete perception, hidden fasteners, degraded materials,
inconsistent pack conditions, sensor noise, or unforeseen contact responses. Robust

12
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deployment therefore requires not only learned task competence, but also mechanisms for
confidence estimation, anomaly detection, fallback behaviours, and safe recovery when
predicted execution confidence is low. Such uncertainty-aware supervisory behaviour
remains comparatively underexplored in many current Al-enabled robotic systems.

6.5 Multi-Material Interaction Modelling

Robust modelling of multi-material interaction remains particularly difficult for both
simulation and learning-based control [5, 18, 22]. Industrial disassembly tasks frequently
involve adhesives, polymers, foils, elastomers, coatings, and heterogeneous metal
assemblies whose interaction behaviour is nonlinear, discontinuous, and often poorly
observable [14, 18, 22]. Such systems are not easily captured by conventional rigid-body
simulation, and even force-conditioned learning policies may struggle to generalise when
material properties vary across product variants or degradation states [5, 18, 21, 22]. These
limitations are especially relevant in EV battery disassembly, where layered structures and
uncertain fastening conditions can significantly affect contact behaviour, force signatures,
and extraction dynamics [16]. As a result, multi-material interaction modelling remains one
of the clearest technical limitations of current Al-enabled industrial robotic systems.

7 Future directions

Several research directions appear particularly relevant for advancing learning-enabled
industrial robotics. These developments suggest a gradual progression toward increasingly
adaptive and self-optimising production cells. However, fully autonomous industrial
ecosystems remain a long-term objective, dependent not only on algorithmic advances but
also on validation frameworks, regulatory evolution, and carefully designed human—Al
collaboration models [19, 23].

7.1 Adaptive digital twins and multimodal representation learning

Digital twins may pivot from static geometric or kinematic replicas toward adaptive models
that are continuously updated using real-time telemetry [18]. Such systems could
incorporate residual error learning, parameter adaptation, and predictive modelling,
allowing tighter coupling between symbolic planning and physical system behaviour. In
parallel, growing interest in tactile and force-based representation learning suggests that
foundation models trained on large-scale contact data may significantly improve robustness
in manipulation tasks where visual information alone is insufficient. This is especially
pertinent for processes involving deformable or multi-layered materials, such as battery
module handling and adhesive separation [8, 21].

Future validation should assess whether simulation-based pre-execution checking
measurably improves deployment outcomes, for example through reductions in failed
trajectories, unsafe contact events, cycle time variability, or unplanned interventions. Such
evaluation would help determine whether digital twin integration offers measurable
practical benefit beyond conventional offline programming or static fixture validation.

7.2 Distributed learning and coordinated robotic systems

Federated learning frameworks offer a potential solution to the confidentiality constraints
that limit cross-site data sharing in industrial environments. By enabling distributed model
improvement without centralised dataset aggregation, such approaches may support

13
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collaborative performance gains while preserving proprietary information. Complementary
approaches such as transfer learning and modular policy adaptation may further reduce the
need for extensive retraining when deploying robotic systems across different product
variants, facilities, or hardware platforms, thereby improving scalability.

At the same time, structured multi-robot coordination and communication protocols are
likely to become increasingly important as factories and recycling facilities adopt teams of
collaborative and industrial manipulators operating within shared workspaces [24, 25]. The
proposed unified architecture is conceptually extensible to such multi-robot environments,
where coordinated agents may share task workloads, tooling resources, and workspace
regions. In these settings, scalability depends not only on policy transferability, but also on
communication latency, scheduling efficiency, collision-aware coordination, and
consistency of shared task representations across agents [16, 24, 26]. Future work should
therefore evaluate how the framework performs when extended from single-cell robotic
operation to coordinated multi-robot assembly or disassembly systems, particularly under
dynamic task allocation and shared safety constraints [26, 27].

8 Conclusions

Artificial intelligence has broadened the capabilities of industrial robotics beyond rigid
automation toward adaptive, multimodal, and semantically informed systems which can
dynamically reconfigure in unstructured and uncertain environments. The integration of
imitation learning, diffusion-based control, language-enabled planning, digital twins, and
certified safety supervision reveals a coherent architectural paradigm which appears
applicable across advanced manufacturing domains, including EV battery recycling. This
paper has argued that imitation learning, diffusion-based control, language-enabled
planning, digital twins, and deterministic safety supervision can be understood as
complementary components of unified industrial robotics architecture. The principal
contribution is therefore not the proposal of a new standalone learning algorithm, but a
systems-level architectural synthesis intended to support adaptive yet bounded robotic
deployment across manufacturing and disassembly contexts.

The present work is itself subject to several limitations. Most notably, it remains
conceptual and does not include integrated experimental validation of the proposed
architecture. The discussion synthesises multiple rapidly evolving Al subfields and
therefore necessarily abstracts over some implementation-specific details. The paper should
therefore be understood as a systems-level conceptual contribution intended to structure
future validation, rather than as a finalised deployment-ready methodology. Future work
will focus on integrated simulation and physical testing of the proposed concepts.

In addition to its conceptual contribution, the proposed framework highlights several
practical requirements for future validation, including comparative benchmarking of
learning paradigms, quantitative case-study evaluation, explainability under safety-critical
constraints, and assessment of scalability to coordinated multi-robot systems. Addressing
these challenges will be essential in determining whether unified Al-enabled architectures
can transition from promising research prototypes toward robust industrial deployment.

The convergence of these technologies suggests a gradual transition toward more
flexible and sustainable production ecosystems. However, continued progress will depend
on advances in safety validation, interpretability, simulation fidelity, and human—AlI
integration. Learning-enabled robotics therefore represents not a completed transformation,
but an evolving framework shaping the future of industrial and -circular-economy
automation.
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