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Abstract
Physical supply chains increasingly rely on artificial intelligence, autonomous
mobile robots, computer vision, edge sensors, and digital twins, yet many decision
systems still reason over abstract data tables rather than over the physical state in
which execution takes place. This paper develops a contextual reasoning
framework for embodied supply chain agents that connects physical state
perception, reinforcement learning policy design, and collaborative execution
across warehousing, sorting, and last-mile delivery. The proposed framework
defines the agent state as a multimodal representation of spatial congestion, shelf
load, equipment utilization, order urgency, task risk, and inter-agent dependency.
A reward architecture is then formulated to balance fulfillment time, execution
accuracy, resource utilization, safety, and policy stability. To demonstrate analytic
value, the study constructs an illustrative multi-agent simulation of a three-link
supply chain operation involving storage robots, sorting arms, and delivery
vehicles. Compared with static rule dispatching, collaborative contextual
reinforcement learning reduces average fulfillment time by 30.7%, late-order rate
by 51.1%, and near-miss events by 62.1% under the stated scenario assumptions.
The analysis shows that contextual reasoning improves not merely prediction
accuracy but also the coupling between digital decisions and physical execution.
The contribution of the paper is a policy-oriented analytics model that translates
embodied supply chain intelligence into implementable reinforcement learning
structures, evaluation indicators, and deployment guidelines for AI-enabled
adaptive operations.
Keywords: embodied intelligence; supply chain agents; reinforcement learning;
contextual reasoning; multi-agent systems; physical state perception; collaborative
execution; AI analytics

I. INTRODUCTION

Supply chains have become distributed physical-digital systems in which decisions generated by algorithms must be
executed by people, machines, vehicles, shelves, sensors, and robots. A demand forecast, a dispatch rule, or an inventory
recommendation has no operational value until it is translated into a physical action that respects congestion, equipment
limits, handling risk, labor availability, and delivery time windows. This observation is simple, but it exposes a limitation
in a large share of intelligent supply chain research. The supply chain is often represented as a set of data tables: orders,
inventory records, transport times, supplier scores, and demand histories. Artificial intelligence models then optimize
these tables by forecasting, classifying, or ranking them. Such models have contributed to demand planning, inventory
management, and route optimization, but they often ignore the embodied nature of execution, where decisions are
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constrained by spatial layout, sensor uncertainty, force interaction, machine posture, and dynamic collaboration among
heterogeneous agents (Ivanov, 2020).

The emerging idea of embodied intelligence offers a useful correction. In embodied intelligence, an agent does not merely
compute over a symbolic description of the environment. It learns from interaction with the physical world, interprets context
from sensory input, and adapts its action policy through feedback. In a supply chain setting, the agent may be a warehouse
robot choosing a path through narrow aisles, a sorting arm adjusting grasping force for fragile products, a delivery vehicle
revising a route under traffic uncertainty, or an orchestration service coordinating multiple machines under shared capacity
constraints. Intelligence is therefore not located only inside an algorithm. It is distributed across perception, reasoning, actuation,
and feedback (Kober et al., 2013).

Recent work on embodied intelligent supply chains increasingly treats supply chain intelligence as a layered physical-
digital capability rather than as a detached forecasting module. This article narrows that broader view to one unresolved
analytical question: how can contextual reasoning be formulated as a reinforcement learning policy that receives physical state
perception and produces collaborative execution across supply chain agents? The emphasis on policy structure is consistent
with management analytics research that treats decision value as a measurable and operationally embedded capability (Lu,
2021).

This question is practically important because the gap between planning and execution remains a major source of
operational inefficiency. A routing model may recommend a path that is theoretically shortest but physically congested. A
warehouse picking algorithm may maximize order batching but increase damage risk when fragile items are handled under
high arm load. A dispatch rule may use average travel time while ignoring that the next vehicle has low battery and the
unloading dock is blocked. These examples show why contextual reasoning must encode the physical state of the system rather
than treating execution as a frictionless downstream step (Tao et al., 2018).

Reinforcement learning is especially relevant because it frames decision-making as sequential interaction. An agent
observes a state, chooses an action, receives a reward, and updates its policy. The approach fits adaptive supply chains because
operational consequences are delayed, interdependent, and scenario specific. However, direct application of reinforcement
learning to supply chains is not enough. A generic reward function that rewards speed may create unsafe behavior; a policy
trained on historical averages may fail under disruption; and a single-agent formulation may improve a local node while shifting
congestion to another node. The central argument of this paper is that reinforcement learning for embodied supply chain agents
should be contextual, collaborative, and physically grounded (Mnih et al., 2015).

The paper contributes to the Journal of AI Analytics and Applications in three ways. First, it defines a contextual state
representation that integrates physical, operational, and collaborative variables into a reinforcement learning-ready form.
Second, it designs a reward architecture that balances efficiency, accuracy, utilization, safety, and policy stability rather than
reducing supply chain performance to a single time or cost metric. Third, it provides an illustrative data analysis using a
multi-agent simulation to compare static rules, digital-only learning, contextual single-agent learning, and collaborative
contextual learning. The results are not presented as universal empirical claims; they are intended to demonstrate how the
proposed framework can be operationalized, measured, and refined.

The literature on supply chain integration shows that information systems create value only when they connect planning
routines with operational execution routines (Gunasekaran and Ngai, 2004). Earlier work on artificial intelligence in supply
chain management already identified planning, forecasting, and logistics decision support as promising domains for intelligent
systems (Min, 2010). Recent reviews of artificial intelligence applications confirm that supply chain AI has moved from isolated
prediction models toward integrated decision systems (Pournader et al., 2021). Industry 4.0 research further shows that
intelligent operations depend on the convergence of sensors, connectivity, analytics, and cyber-physical coordination (Lu, 2025).

Big-data capability research suggests that analytics value is realized through dynamic capability rather than through data
volume alone (Wamba et al., 2017). The state-of-the-art analysis of artificial intelligence clarifies why learning models must
be linked to application context to avoid purely technical abstraction (Zhang and Lu, 2021). Predictive analytics research in
supply chains demonstrates that operational performance improves when data-driven models are embedded in organizational
processes (Gunasekaran et al., 2017). Operations analytics research also indicates that big-data methods reshape decision
horizons, uncertainty handling, and managerial accountability (Choi et al., 2018). A broader survey of artificial intelligence
also shows that model evolution, application embedding, and future trends should be evaluated together rather than separated
into technical silos (Lu, 2019a).
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II. THEORETICAL BACKGROUND
Three research streams support the proposed model: embodied intelligence, reinforcement learning, and AI-enabled supply

chain analytics. Embodied intelligence emphasizes that cognition is shaped by the agent's body, sensors, actions, and
environmental constraints. In robotics, this principle has long motivated research on adaptive grasping, locomotion,
manipulation, and sensorimotor control. The same logic applies to supply chains when orders, packages, pallets, vehicles, arms,
and workers interact inside physical spaces. A supply chain agent that only sees a demand table is disembodied. A supply chain
agent that sees aisle congestion, shelf height, robotic posture, product fragility, and service urgency is capable of contextual
reasoning (Kober et al., 2013).

AI-enabled supply chain analytics has made strong progress in forecasting, maintenance, quality inspection, routing, and
risk assessment. Deep learning models support demand prediction from complex time-series signals, graph models represent
inter-firm and transport networks, and optimization heuristics support scheduling under resource constraints. Digital twins add
a synchronized representation of physical assets and process states, thereby creating a bridge between sensor data and decision
models (Tao et al., 2018). Yet the presence of a digital twin does not automatically produce embodied intelligence. A twin may
provide visualization without policy learning, or it may mirror physical assets without allowing execution feedback to alter
decision logic. The proposed framework treats the twin not as an end in itself but as one component of a contextual reasoning
loop.

Reinforcement learning extends traditional analytics by emphasizing action and feedback. The Markov decision process
provides the basic structure: state, action, transition, reward, and discounting. Deep reinforcement learning made it possible to
learn policies from high-dimensional inputs, while policy-gradient and actor-critic methods expanded the range of continuous
and hybrid control tasks (Mnih et al., 2015). In supply chains, reinforcement learning has been explored for inventory control,
dynamic pricing, routing, scheduling, and order fulfillment. However, many applications remain either highly abstract or locally
optimized. They often assume simplified states and action spaces that do not fully reflect physical execution constraints.

Multi-agent reinforcement learning adds another layer of relevance. Supply chains are rarely controlled by a single agent.
A warehouse robot, a sorting robot, a yard vehicle, and a last-mile delivery van each have a local policy, but their actions
interact. A robot that moves too slowly may increase sorting congestion; a sorting decision may affect vehicle departure; a
vehicle rerouting decision may change loading priorities. Multi-agent learning therefore provides vocabulary for coordination,
negotiation, and emergent behavior under shared objectives (Lowe et al., 2017). In an embodied supply chain, collaboration is
not merely data sharing. It is the adjustment of physical actions in response to the perceived and expected actions of other
agents.

Contextual reasoning is the bridge among these streams. In the present paper, contextual reasoning means the ability of
an agent to interpret an observed physical state, embed it into a decision-relevant representation, evaluate the action
consequences under current constraints, and coordinate execution with other agents. The concept differs from conventional
optimization in two respects. First, it treats the environment as dynamic and partially observable rather than fixed. Second, it
treats execution feedback as a source of policy improvement rather than a post-hoc performance report. This makes
contextual reasoning well suited to operations where demand, congestion, equipment condition, and human-machine
interaction change during execution.

The proposed model is also aligned with analytics maturity in smart manufacturing and logistics. Basic analytics describe
what happened, diagnostic analytics explains why it happened, predictive analytics estimate what may happen, and
prescriptive analytics recommends what to do. Embodied contextual reasoning adds a fifth layer: adaptive execution
analytics. It asks whether the recommended action remains feasible and beneficial now of physical execution. This added
layer is essential in warehouse and logistics systems where time delays of even a few minutes can invalidate a decision.

Management analytics provides a useful bridge between computational optimization and organizational decision value
because it treats the decision itself as the unit of analysis (Lu, 2021). Deep reinforcement learning for inventory control
demonstrates that sequential decision models are relevant to supply chains but require careful design of state, action, and reward
spaces (Boute et al., 2022). Disruption simulation research shows that adaptive policies must be evaluated under unstable
network conditions rather than only under steady-state demand (Ivanov, 2020). Ripple-effect studies further reveal that local
events can propagate across supply chain nodes in ways that static optimization misses (Dolgui et al., 2018).

Supply chain survivability research argues that resilience should include viability under intertwined network conditions,
which aligns with the collaborative perspective used here (Ivanov and Dolgui, 2020). Blockchain and supply chain management
studies show that trusted digital coordination can improve cross-firm information sharing, although physical execution remains
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a separate challenge (Queiroz et al., 2020). Blockchain-in-Industry 4.0 research broadens the governance perspective by
connecting manufacturing processes with distributed information infrastructures (Chen et al., 2024). Cyber-physical Industry
4.0 research explains why supply chain agents should be treated as embedded components of sensing, computation, and
actuation loops (Lu, 2017a).

III. CONTEXTUAL STATE REPRESENTATION FOR EMBODIED AGENTS
The first design challenge is the definition of state. A reinforcement learning policy is only as useful as the state it

observes. In many supply chain models, the state includes inventory levels, demand forecasts, backlog, and processing times.
These variables are necessary but insufficient for embodied agents. The state must also capture what the agent can physically
do now, what constraints shape safe action, and how the agent's behavior will influence other nodes. For this reason, the
proposed state representation contains five groups of variables: physical scene variables, equipment variables, order variables,
collaborative variables, and uncertainty variables.

Physical scene variables describe the spatial and environmental condition of execution. Examples include aisle
occupancy, dock queue length, shelf load, pallet position, obstacle density, road congestion, lighting quality, and temperature
deviation. Equipment variables describe the agent's own capability at the moment of decision, such as battery level, robotic
arm load, actuator temperature, gripper confidence, sensor health, and communication latency. Order variables include
priority, deadline, fragility, volume, weight, and service class. Collaborative variables encode the expected actions or states of
other agents, including nearby robot trajectories, sorting line load, vehicle departure plans, and shared resource reservations.
Uncertainty variables record confidence scores from perception and prediction models.

Figure 1 visualizes the proposed context field without using directional arrows. The purpose of the figure is to emphasize
that contextual reasoning is not a linear pipeline at the state-definition level. The physical state field, context memory, and
policy space coexist as structured representations that the agent must bind together before action selection. A policy that only
sees the physical field may react myopically. A policy that only sees context memory may be slow to respond to disruption.
A policy that only sees the feasible action space may ignore why some actions are safer or more collaborative than others.
The contextual state therefore serves as the representational foundation for embodied policy learning.

Figure 1. Contextual state field for embodied supply chain agents.

The state representation can be written in compact form as st = xt
p, xt

e, xt
o, xt

c, xt
u , where x_t^p denotes physical scene

features, xt
edenotes equipment features, xt

odenotes order features, xt
cdenotes collaborative features, and xt

udenotes uncertainty
features. This expression is intentionally simple. The goal is not to create a heavy mathematical model but to make the
information boundary of the policy explicit. Each component can be populated from different sources, including lidar,
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computer vision, force sensors, warehouse management systems, transport management systems, edge devices, and digital
twin event logs.

A second issue is temporal context. A snapshot of congestion is less informative than a trajectory of congestion. A shelf-
load reading is more useful when compared with previous readings and expected replenishment activity. The framework
therefore uses a rolling state window. Short-term windows capture immediate execution risk, while longer windows capture
demand pulses, recurring congestion, and equipment drift. Recurrent neural networks, temporal convolution, or attention-based
encoders can compress these sequences into a policy input. For transparency, the model should retain interpretable state
channels even when deep encoders are used (Vaswani et al., 2017).

A third issue is partial observability. Supply chain agents rarely see the whole system. A delivery vehicle may not know
the internal status of the sorting line; a warehouse robot may not know whether a downstream dock will be blocked in ten
minutes. The proposed framework addresses this limitation through shared context memory. Each agent publishes a compact
state message to a local coordination service. The shared memory does not need to expose all raw data. It only needs to
expose task-relevant variables such as predicted time of arrival, capacity commitment, risk level, and exception status. This
design reduces communication burden while supporting coordinated action.

State design also affects fairness and robustness. If priority variables dominate the state, the policy may consistently
favor high-value orders and delay ordinary orders. If safety variables are omitted, the policy may learn risky shortcuts. If
uncertainty variables are ignored, the policy may overreact to noisy perception. The proposed representation therefore treats
uncertainty and safety as first-class state components, not afterthoughts. This is important because embodied agents operate
near physical objects, people, and infrastructure.

IoT security research shows that sensor-rich environments require integrity, authentication, and resilient communication
before physical-state data can support reliable decisions (Xu et al., 2021). Research on IoT cybersecurity clarifies that connected
devices expand both visibility and attack surfaces in operational systems (Lu and Xu, 2019). Industry 4.0 technology reviews
show that interoperability, automation, and cloud-edge coordination are necessary foundations for physical-digital state
representation (Lu, 2017b). Blockchain research contributes a complementary view of traceability, auditability, and data
integrity across distributed decision environments (Lu, 2019b).

Q-learning established the value of updating action values through experience rather than relying on fixed rules (Watkins
and Dayan, 1992). Temporal-difference learning introduced a practical mechanism for learning from delayed outcomes, which
is central to logistics execution feedback (Sutton, 1988). Policy-gradient learning explains how action-selection policies can be
optimized directly when the action space is complex or stochastic (Williams, 1992). The classic reinforcement learning survey
provides the conceptual vocabulary for states, actions, rewards, and exploration used in the proposed framework (Kaelbling et
al., 1996).

Table I. Contextual state components for embodied supply chain agents.
State Component Representative Variables Data Sources Reasoning Value

Physical scene
Aisle occupancy, shelf load, dock
queue, obstacle density, road
congestion

Lidar, cameras, RFID, GPS, facility
sensors

Determines whether a planned action
is spatially and temporally feasible

Equipment condition
Battery, gripper confidence, arm load,
actuator temperature, communication
latency

Robot telemetry, edge gateways,
maintenance logs

Prevents assignment of actions that
exceed current machine capability

Order requirements Priority, deadline, fragility, weight,
volume, service class

WMS, OMS, TMS, customer service
records

Links physical execution with
contractual and customer-facing
obligations

Collaborative context
Nearby robot trajectory, downstream
load, vehicle capacity, resource
reservation

Shared context memory, digital twin
event logs

Supports coordination rather than
isolated local optimization

Uncertainty and risk Sensor confidence, forecast variance,
anomaly score, policy confidence

Perception models, forecasting
models, safety monitors

Allows the policy to reduce autonomy
or request confirmation under low
confidence

IV. REINFORCEMENT LEARNING POLICY DESIGN
The second challenge of design is the formulation of the policy. A contextual policy maps the embodied state to an action

that can be executed in the physical system. The action may be discreet, such as selecting a dispatch queue or choosing among
predefined routes. It may be continuous, such as adjusting grasping force or robot speed. It may also be hybrid, such as choosing
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a delivery priority and then setting a path parameter. The framework therefore does not assume one algorithm for all tasks.
Deep Q-learning is suitable for discrete decisions, proximal policy optimization is useful for stable policy-gradient learning,
and actor-critic methods are appropriate for continuous or hybrid control (Mnih et al., 2015).

For an embodied supply chain agent, the policy objective should not be defined only by local speed. A warehouse robot
that minimizes its travel time may cause congestion in a shared aisle. A sorting arm that maximizes throughput may increase
damage on fragile items. A vehicle that minimizes distance may miss a time window if the unloading dock is unavailable.
The reward function must therefore integrate multiple dimensions of operational value. This paper defines the reward as a
weighted combination of efficiency, accuracy, utilization, safety, collaboration, and stability. A compact expression is given
below:

Rₜ = w₁Eₜ + w₂Aₜ + w₃Uₜ + w₄Sₜ + w₅Cₜ + w₆Bₜ, ∑ᵢ wᵢ = 1.
In this expression, Eₜ measures efficiency improvement, Aₜ measures execution accuracy, Uₜ measures resource

utilization, Sₜ measures safety compliance, Cₜ measures collaborative contribution, and Bₜ measures policy stability. The
weights are not fixed universally. A pharmaceutical cold-chain operation may assign higher weight to accuracy and safety; a
high-volume e-commerce warehouse may emphasize efficiency and utilization; a human-robot collaborative workspace may
increase the safety component. The reward design should therefore be governed by the operational context rather than copied
across sites.

The policy can be optimized by maximizing expected discounted reward over a finite horizon. The operational meaning
is straightforward: the agent should select actions that perform well now without creating negative consequences later. For
example, an action that clears a local queue quickly may be penalized if it causes downstream overload. Similarly, a route
that shortens distance may be penalized if it increases near-miss risk or battery depletion. This delayed structure is one reason
reinforcement learning is attractive for embodied supply chain operations.

Figure 2 presents the policy learning cycle. It starts with multimodal perception, converts sensor and system data into
state encodings, produces a contextual policy, translates the selected action into collaborative execution, and receives reward
and feedback. The feedback is not limited to success or failure. It includes fulfillment time, damage, energy, idle time, human
override, collision warning, rework, and synchronization delay. These execution outcomes update both the policy model and
the context representation. The cycle makes the policy sensitive to the physical consequences of its own decisions.

The action space should be designed with operational safeguards. In physical supply chains, unconstrained exploration is
unacceptable. A robot should not test unsafe speed, collision-prone paths, or excessive gripper force on real goods. The
framework therefore uses constrained exploration. Unsafe actions are filtered by a rule-based safety layer, and uncertain high-
impact actions require human confirmation during early deployment. Digital twins and simulation environments are used to
train and test policies before physical rollout. This approach is consistent with safe reinforcement learning, where policy
improvement is pursued under constraints on risk and feasibility (Achiam et al., 2017).

A further design issue is collaboration. In a multi-agent supply chain, each agent has local observations and actions, but
the objective is system-level performance. The framework uses centralized-training and decentralized-execution logic. During
training, the policy has access to richer joint-state information from the simulation or digital twin. During execution, each agent
acts on its local state and shares context messages. This arrangement allows the system to learn coordination patterns while
preserving real-time responsiveness. It also reduces the communication burden that would arise if every agent needed complete
system information at every step (Lowe et al., 2017).

Deep Q-networks showed that reinforcement learning can process high-dimensional inputs when representation learning
and control are coupled (Mnih et al., 2015). Double Q-learning improved value estimation by addressing overestimation bias,
which is relevant when supply chain rewards are noisy (Van Hasselt et al., 2016). Robotics reinforcement learning research
shows that physical action policies must account for embodiment, contact, sensing error, and safety (Kober et al., 2013). A
broad deep reinforcement learning survey confirms that algorithm selection should reflect observation type, action continuity,
and data efficiency (Arulkumaran et al., 2017).

Continuous-control research is useful for embodied supply chain agents because robotic speed, grasping force, and vehicle
acceleration are often continuous rather than discrete decisions (Lillicrap et al., 2016). Trust-region methods indicate that stable
policy improvement is important when unsafe policy jumps could disrupt physical execution (Schulman et al., 2015). Proximal
policy optimization provides a practical policy-gradient approach for balancing learning progress and updating stability
(Schulman et al., 2017). Visuomotor learning demonstrates that perception and control can be trained jointly when sensory
inputs are close to the execution surface (Levine et al., 2016).
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Meta-learning is relevant to supply chain adaptation because local facilities may need fast policy adjustment after demand
shocks or equipment changes (Finn et al., 2017). Maximum-entropy reinforcement learning highlights the value of exploration
under uncertainty while maintaining stable expected behavior (Haarnoja et al., 2018). Twin-delayed actor-critic methods
address function-approximation error in continuous control, which is useful for equipment-intensive supply chain tasks
(Fujimoto et al., 2018). Multi-agent actor-critic methods provide a foundation for learning coordination among heterogeneous
warehouse, sorting, and transport agents (Lowe et al., 2017).

Table II. Reward architecture for contextual reinforcement learning policies.
Reward Element Positive Signal Penalty Signal Operational Rationale

Efficiency Shorter fulfillment time; faster queue
clearance Late completion; excessive waiting Encourages timely execution without

assuming speed is the only goal

Execution accuracy Correct item, correct location, stable
grasping

Damage, mis-sort, rework, failed
handoff

Connect policy reward to physical
quality of action

Resource utilization Balanced robot, arm, vehicle, and
dock use Idle capacity or overload Prevents local decisions from creating

downstream bottlenecks

Safety Safe separation, low force risk, low
near-miss probability

Collision warning, risky path,
excessive speed

Makes physical safety a core
optimization target

Collaboration Synchronized transfer and
downstream readiness Queue transfer and capacity conflict Rewards system-level coordination

among agents

Stability Small policy oscillation under similar
states

Frequent reversal or excessive re-
planning

Improves trust and reduces
operational disturbance

Figure 2. Reinforcement learning cycle from physical state perception to collaborative execution.

V. ILLUSTRATIVE ANALYTICS DESIGN AND DATA SETUP
To demonstrate how the framework can be evaluated, the paper constructs an illustrative analytics design based on a

three-link supply chain operation. The scenario includes an inbound storage zone, a sorting and packing zone, and a last-mile
dispatch zone. The agent population includes eight autonomous mobile robots, three robotic sorting arms, two human
exception-handling stations, and six delivery vehicles. The scenario is intentionally moderate in scale so that the policy logic
remains interpretable. It represents the kind of warehouse-delivery operation found in regional e-commerce fulfillment, spare-
parts distribution, or urban retail replenishment.

The simulation horizon contains 5,760 decision epochs, corresponding to thirty operating days with eight hours per day
and a decision interval of two and a half minutes. Each epoch records order arrivals, shelf load, aisle congestion, robot battery
status, sorting line utilization, arm load, product fragility, vehicle capacity, dock queue length, and delivery time-window
pressure. Disruptions are injected as road congestion spikes, temporary robot downtime, unexpected fragile-product clusters,
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and dock blockage events. The data generated are not claimed to represent a specific company. They provide a controlled test
bed for comparing policy behavior under consistent assumptions.

Four policy configurations are compared. The first is static rule dispatching, where orders are prioritized by deadline and
robots follow shortest feasible paths. The second is a digital-only policy that learns from order and inventory data but does
not include physical context channels. The third is contextual single-agent reinforcement learning, in which each node learns
from physical state variables but optimizes locally. The fourth is collaborative contextual reinforcement learning, in which
agents learn under shared context memory and system-level reward. This comparison isolates the incremental value of
physical state perception and collaborative execution.

Multi-agent reinforcement learning theory shows that shared objectives and local observations create coordination
challenges that differ from single-agent control (Zhang et al., 2021). Value-factorization research illustrates how a joint team
objective can be decomposed into agent-level utilities for cooperative decision making (Rashid et al., 2018). Counterfactual
policy-gradient methods show how multi-agent learning can evaluate an individual agent's contribution to a collective outcome
(Foerster et al., 2018). Large-scale multi-agent game research demonstrates that coordinated learning systems can discover
nontrivial strategies from interaction trajectories (Vinyals et al., 2019).

Deep search and neural learning in complex games illustrate how learned policies can combine perception, value estimation,
and sequential planning (Silver et al., 2016). Self-play without human examples demonstrates how feedback loops can produce
improved policy behavior when the objective and environment are well formalized (Silver et al., 2017). Kalman filtering
remains a foundational approach for transforming noisy dynamic measurements into estimated state representations (Kalman,
1960). Evidence-theoretic reasoning offers a formal way to represent uncertainty when multiple sensor streams provide
incomplete or conflicting information (Dempster, 1967).

Table III summarizes the main variables and scenario assumptions used in the illustrative analysis. The variables were
selected to correspond to the state components developed earlier. Physical scene variables capture where execution occurs;
equipment variables capture what agents can do; order variables capture service obligations; collaborative variables capture
inter-agent dependency; uncertainty variables capture data reliability and operational risk. This structure makes the simulation
data directly traceable to the proposed state representation rather than a generic logistics model.

Table III. Scenario variables and descriptive assumptions for the illustrative simulation.
Variable Group Example Variables Range or Distribution Operational Meaning

Demand and orders Order arrivals, priority, deadline
pressure

Poisson arrivals with peak multipliers;
priority classes 1-3

Creates fluctuating workload and
time-window pressure

Warehouse scene Shelf load, aisle occupancy, obstacle
density

0-1 normalized state channels updated
every epoch

Represents the physical context of
storage and picking

Sorting execution Arm load, fragile-item share, mis-sort
risk

Arm utilization 0-100%; fragile
cluster events injected

Captures physical handling
constraints and damage exposure

Transport state Vehicle capacity, road congestion,
dock queue

Capacity units 20-80; congestion
index 0-1

Links internal fulfillment to last-mile
dispatch feasibility

Uncertainty Sensor confidence, communication
latency, forecast variance

Confidence 0.75-0.99; latency 30-260
ms

Determines whether autonomous
execution should be bounded or
escalated

VI. RESULTS AND INTERPRETATION
The comparative results show a clear performance gradient. Static rule dispatching performs adequately under stable

demand but degrades when disruptions occur. The digital-only policy improves some efficiency metrics because it learns
from order patterns, but it remains weak under physical congestion and equipment variation. Contextual reinforcement
learning improves fulfillment time, damage reduction, and idle-rate control because the agent observes shelf load, congestion,
battery, and fragility. Collaborative contextual reinforcement learning performs best because it coordinates actions across
storage, sorting, and dispatch rather than optimizing each node in isolation.

Table IV reports the policy comparison. Collaborative contextual reinforcement learning reduces average fulfillment time
from 38.7 minutes to 26.8 minutes. It reduces late-order rate from 18.2% to 8.9%, damage rate from 6.3 to 3.0 events per
thousand orders, and equipment idle rate from 28.5% to 13.9%. Energy per hundred orders falls from 74.6 to 66.1 normalized
units. Near-miss events also decline, suggesting that the policy does not achieve speed by sacrificing safety. These results
indicate that physically grounded contextual reasoning can improve multiple dimensions simultaneously when reward design
is balanced.
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Figure 3 converts the table into percentage improvements over static rules. The improvement is largest for near-miss
reduction and late-order reduction, followed by damage-rate and idle-rate improvements. Fulfillment time also improves
substantially. Energy reduction is smaller because the scenario includes fixed energy consumption associated with baseline
facility operation. This pattern is realistic: learning policies often have more room to improve coordination and timing than to
reduce all energy use in the short term.

The training dynamics provide additional insight. Figure 4 compares generic reinforcement learning, contextual
reinforcement learning, and collaborative contextual reinforcement learning over 210 training episodes. Generic
reinforcement learning improves slowly because its state representation lacks physical and collaborative features. Contextual
reinforcement learning converges faster because the policy can associate execution outcomes with meaningful state channels.
Collaborative contextual reinforcement learning reaches the highest reward and stabilizes earlier because agents learn system-
level coordination rather than repeated local corrections.

A simple correlation analysis was also conducted on the simulated episodes. Physical-state volatility, measured as a
composite of congestion variance, shelf-load change, and dock queue variability, has a positive association with late-order
rate under static rules (r = 0.64). The association weakens under contextual single-agent reinforcement learning (r = 0.37) and
becomes lower under collaborative contextual reinforcement learning (r = 0.22). This pattern suggests that contextual policies
reduce the sensitivity of operational performance to physical-state volatility. In practical terms, the system becomes less
fragile when disruptions occur.

Reward sensitivity was evaluated by varying the relative weight assigned to safety and efficiency. When the efficiency
weight is raised too aggressively, average fulfillment time improves slightly but near-miss events rise. When the safety
weight is too high, near-miss events fall but late orders increase. The balanced configuration used in Table IV provides the
most stable trade-off. This finding is important for deployment because it shows that the reward function is not a neutral
technical detail. It encodes managerial priorities, risk tolerance, and ethical commitments. A poorly designed reward function
may produce technically successful but operationally undesirable behavior.

The results also reveal the value of collaboration. Contextual single-agent learning reduces fulfillment time and damage,
but it still allows queue transfer between zones. For example, storage robots may move orders quickly to the sorting area
before sorting arms are ready. Collaborative contextual learning performs better because the reward penalizes downstream
overload and rewards synchronization. This confirms the central argument of the paper: embodied supply chain intelligence
must reason from physical perception to collaborative execution, not from isolated local optimization to fragmented action.

Long short-termmemory networks provide a foundation for learning temporal dependencies in congestion, equipment drift,
and workload sequences (Hochreiter and Schmidhuber, 1997). Deep learning research explains why multi-layer representations
can transform raw sensor and operational data into decision-ready features (LeCun et al., 2015). Attention mechanisms are
useful for contextual reasoning because they allow a policy to weigh different state channels under changing operational
conditions (Vaswani et al., 2017). Residual networks support robust visual feature extraction in settings where physical objects,
shelves, and packaging conditions vary across time (He et al., 2016).

Graph convolutional learning provides a natural modeling basis for supply chains because nodes, links, and flow
dependencies form structured networks (Kipf and Welling, 2017). Graph neural network surveys show that message passing is
relevant when agent decisions depend on neighboring nodes and shared infrastructure (Wu et al., 2020). Model-explanation
methods clarify how learned policies can be inspected when operational users need to understand the drivers of a
recommendation (Lundberg and Lee, 2017). Local explanation methods also support trust by showing which observed features
influenced a specific decision instance (Ribeiro et al., 2016).

Table IV. Comparative performance of policy configurations under the illustrative scenario.
Policy Configuration Fulfillment Time (min) Late Orders (%) Damage Rate / 1000 Orders Interpretation

Static rule dispatching 38.7 18.2 6.3
Baseline policy; reacts to
deadlines but lacks physical
context and collaboration

Digital-only learning policy 33.4 14.7 5.1

Learns demand and order
patterns but remains weak
under congestion and
equipment variation

Contextual single-agent RL 29.1 10.8 3.4
Uses physical state perception
to improve local decisions and
reduce execution errors

Collaborative contextual RL 26.8 8.9 3.0 Coordinates storage, sorting,
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and dispatch through shared
context and system-level
reward

Figure 3. Policy performance improvements over static rule dispatching.

Figure 4. Training convergence under generic, contextual, and collaborative reinforcement learning.

VII. DISCUSSION: FROM POLICY LEARNING TO SUPPLY CHAIN ADAPTABILITY
The findings have several theoretical implications. First, they reposition reinforcement learning in supply chains from an

optimization technique to a mechanism of physical-digital coupling. The policy is not only selecting a better action; it is
learning how physical context changes the meaning of action. Path adjustment is not simply a route choice. It is a response to
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aisle congestion, robot posture, order urgency, and downstream capacity. A priority adjustment is not only a scheduling
decision. It is a negotiation among time windows, resource constraints, and collaborative effects.

Second, the framework clarifies the role of perception in AI analytics. Many analytics models treat data as already given.
Embodied reasoning asks how the data are sensed, cleaned, synchronized, and trusted. If tactile feedback is unreliable,
fragile-product handling decisions become risky. If dock congestion is observed too late, dispatch policies become reactive. If
battery status is omitted, the policy may assign infeasible routes. The quality of contextual reasoning is therefore bounded by
the quality of embodied perception.

Third, the paper extends the idea of adaptive collaboration. Collaboration is often defined as information sharing among
supply chain partners. In an embodied agent system, collaboration is also behavioral. Agents coordinate by adjusting
movement, timing, speed, load, and task allocation. Such coordination cannot be captured by purchase orders or inventory
messages alone. It requires shared context, policy alignment, and execution feedback. The multi-agent interpretation
developed here therefore deepens the understanding of collaboration from data exchange to embodied co-action.

The framework also has managerial implications. Managers should not deploy reinforcement learning as a black-box
add-on to warehouse or transport systems. The first step is to define what the policy is allowed to observe, what actions it can
take, what safety constraints cannot be violated, and what reward trade-offs reflect organizational goals. The second step is to
build a simulation or digital twin environment where the policy can be trained under disruption scenarios. The third step is to
deploy the policy gradually, beginning with advisory recommendations, then moving to supervised execution, and finally to
bound autonomy for low-risk tasks.

An important practical implication concerns measurement. Traditional logistics metrics, such as average fulfillment time
or transportation cost, are insufficient to evaluate embodied policies. A policy may reduce time while increasing damage,
instability, or human override. The evaluation system should therefore include at least five classes of indicators: efficiency,
accuracy, resource utilization, safety, and adaptability. Adaptability can be measured by recovery time after disruption,
sensitivity of performance to state volatility, and number of episodes required for policy re-stabilization after a scenario
change.

The framework also encourages more responsible AI governance. Because reinforcement learning policies optimize what
they are rewarded for, reward design should be reviewed by operations managers, safety engineers, and frontline users. Human
override data should not be treated as an inconvenience. It is a valuable signal that the policy may be misaligned with tacit
operational knowledge. In addition, explainability tools should show which context variables influenced the recommended
action. This is particularly important in human-machine collaborative spaces where trust affects adoption (Lundberg and Lee,
2017).

AI safety research warns that apparently efficient policies may produce harmful side effects when objectives are
underspecified (Amodei et al., 2016). Constrained policy optimization formalizes the need to improve rewards while respecting
safety or feasibility limits (Achiam et al., 2017). Autonomous-driving reinforcement learning surveys show that real-time
physical autonomy depends on perception quality, environment complexity, and risk-aware control (Kiran et al., 2021).
Machine health monitoring research shows that deep learning can convert machine signals into diagnostic knowledge for
maintenance-aware execution policies (Zhao et al., 2019).

Predictive-maintenance reviews show that machine learning value depends on failure definitions, data quality, and
evaluation design rather than model complexity alone (Carvalho et al., 2019). Automotive predictive-maintenance work
highlights the deployment challenges that arise when model predictions must be converted into service actions (Theissler et al.,
2021). Cyber-physical manufacturing architecture research provides a useful analogy for supply chain agents that integrate
sensors, analytics, and actuation (Lee et al., 2015). Cyber-physical systems research also emphasizes that manufacturing
intelligence is distributed across machines, control systems, humans, and data infrastructures (Monostori et al., 2016).

Intelligent manufacturing reviews show that smart resources sense, communicate, and adapt inside networked production
environments (Zhong et al., 2017). Machine-learning research in manufacturing demonstrates that performance gains require
careful matching among data structure, model choice, and engineering context (Wuest et al., 2016). Digital twin-driven smart
manufacturing research directly supports the argument that virtual models should be coupled to physical execution and feedback
(Lu et al., 2020). Recent quantum-industrial information integration research also indicates that future operational systems may
require new computing paradigms for high-dimensional optimization (Lu et al., 2023).

VIII. IMPLEMENTATION PATH AND GOVERNANCE CONSIDERATIONS
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A realistic implementation path begins with instrumentation. Sensors must provide reliable signals for the state variables
that matter. This does not mean that every object needs to be fully instrumented. It means that the policy's decision variables
should be observable with sufficient precision and latency. For example, shelf load, aisle occupancy, robot battery, sorting
arm load, and dock queue length may be more valuable than a visually rich but decision-irrelevant 3D representation.
Instrumentation should therefore be guided by policy requirements rather than by technology enthusiasm.

The second stage is data alignment. Multimodal perception data have different sampling rates, noise levels, and
semantics. Visual data may arrive as frames, tactile data as force readings, warehouse events as discrete messages, and
transport updates as GPS trajectories. A contextual policy needs synchronized state vectors. Edge preprocessing, timestamp
alignment, anomaly filtering, and uncertainty scoring are therefore core components of the reasoning architecture. Without
these components, reinforcement learning may learn from inconsistent or misleading state signals.

The third stage is simulation and digital-twin validation. Direct exploration in a live warehouse or delivery network is
risky. The policy should first be trained against historical scenarios and synthetic disruptions. It should then be evaluated in a
digital twin or sandbox environment that approximates physical constraints. Scenario stress testing should include demand
spikes, equipment failures, communication delays, road disruption, and human intervention. Only after the policy satisfies
safety, stability, and interpretability criteria should it be allowed to recommend actions in live operations.

The fourth stage is progressive autonomy. In early deployment, the policy should operate as a decision-support tool.
Operators receive recommendations and explanations, and their acceptance or rejection becomes feedback. Once the policy
demonstrates stable performance, it can execute low-risk actions automatically, such as queue re-ranking or minor path
revision. High-risk actions, such as changing handling rules for fragile goods or rerouting urgent medical products, should
remain under human review. This staged approach reduces implementation resistance and prevents premature automation.

Governance also requires monitoring model drift. Supply chain environments change as product mix, facility layout,
robot condition, labor practices, and demand patterns change. A policy that performs well in one quarter may deteriorate
later. Drift monitoring should track not only prediction accuracy but also reward distribution, override frequency, safety
alerts, and state coverage. When the policy encounters states outside its training distribution, it should reduce autonomy and
request human confirmation. This behavior is essential for safe deployment.

Cybersecurity and privacy must be considered because embodied policies rely on integrated data streams. Sensor
tampering, false location signals, or unauthorized access to dispatch rules can produce physical disruption. The architecture
should include authentication, role-based access, encrypted communication, and audit logs. When cross-organization data
sharing is required, only compact context messages should be shared unless broader disclosure is justified. The goal is to
provide enough information for collaboration without exposing unnecessary operational detail.

Digital twin enabling-technology research identifies data integration, simulation, analytics, and connectivity as core
building blocks of physical-digital systems (Fuller et al., 2020). Systematic reviews of digital twins emphasize that a twin
should be characterized by synchronization, purpose, fidelity, and interaction capability rather than by visualization alone
(Jones et al., 2020). Manufacturing case studies show that digital twins require a clear conceptual framework before they can
become operational decision tools (Onaji et al., 2022). Complex-systems research on digital twins explains why physical
feedback is essential for mitigating undesirable emergent behavior (Grieves and Vickers, 2017).

Categorical reviews of manufacturing digital twins distinguish digital models, digital shadows, and true twins, a distinction
that is important for embodied supply chain agents (Kritzinger et al., 2018). Digital twin-driven product design and service
research shows how big data can connect engineering models with lifecycle operations (Tao et al., 2018). Industrial digital twin
research identifies state synchronization and industrial informatics as central to turning physical assets into decision-capable
systems (Tao et al., 2019). Research on CPS-based production systems shows that digital twins can play roles in monitoring,
prediction, optimization, and control (Negri et al., 2017).

Digital twin enabling tools include sensors, data fusion, simulation, communication protocols, and analytics models that
align with the implementation path proposed in this paper (Qi et al., 2021). Surveys of digital twin definitions show that design
implications must be made explicit when a twin is used for decision automation (Barricelli et al., 2019). Digital twin challenge
analysis shows that value creation depends on interoperability, uncertainty management, and computational feasibility
(Rasheed et al., 2020). Design-and-production engineering research shows that digital twins should be shaped by the decision
context rather than by generic modeling ambition (Schleich et al., 2017).

The comparison between digital twins and big data clarifies that smart manufacturing requires both high-volume data and
physically meaningful synchronization (Qi and Tao, 2018). Autonomy-oriented digital twin research shows that future
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manufacturing systems require reciprocal links between virtual estimation and physical action (Rosen et al., 2015). The
simulation aspect of digital twins is particularly relevant to reinforcement learning because policy exploration should occur
first in safe virtual environments (Boschert and Rosen, 2016). Geometry-assurance research illustrates how real-time physical
feedback can support individualized production control (Soderberg et al., 2017). Deep learning for smart manufacturing shows
that perception, diagnosis, and optimization can be combined into operational intelligence pipelines (Wang et al., 2018).

IX. LIMITATIONS AND FUTURE RESEARCH
This study has limitations. The data analysis is illustrative, and simulation based. Although the scenario is designed to

reflect plausible warehouse, sorting, and delivery operations, it does not replace field validation. Future studies should test the
framework using real execution data from autonomous mobile robots, robotic arms, warehouse management systems, and
transport management platforms. Such studies should report not only average performance but also variability, rare-event
behavior, human override, and post-deployment drift.

The model also simplifies several operational complexities. The action space is constrained, the agent population is
moderate, and the reward weights are fixed within each experiment. Real supply chains may involve larger networks,
heterogeneous robot brands, multiple companies, unionized labor rules, regulatory constraints, and changing service
contracts. Future work can extend the model to hierarchical reinforcement learning, where strategic policies set high-level
objectives and local policies handle execution. This would better match the multi-level nature of supply chain management.

Another future direction is causal reinforcement learning. A policy may learn that certain states are associated with late
orders without understanding the causal mechanism. Causal structure can improve transferability and reduce spurious
learning. For example, if dock blockage causes late departure, the policy should address dock synchronization rather than
merely increasing robot speed. Combining causal graphs with embodied state representation may therefore improve
interpretability and robustness.

Foundation models also open new opportunities. Large language models and multimodal models could translate human
instructions, maintenance logs, exception reports, and visual scenes into structured context messages. They could also assist
operators by explaining why a policy recommends an action. However, such models must be grounded in verified operational
data and constrained by safety rules. In embodied supply chains, fluent explanation without physical validity would be
dangerous. Future research should therefore examine how language-based reasoning can be coupled with reinforcement
learning and digital twins under strict verification.

Finally, future work should examine organizational adoption. Policy performance alone does not determine success.
Operators must trust the system, managers must understand trade-offs, and IT teams must maintain the data pipeline.
Research on human-AI collaboration, algorithmic accountability, and supply chain governance should therefore be integrated
with technical reinforcement learning studies. Embodied intelligence is not only a computational challenge; it is an
organizational transformation.

X. CONCLUSION
This paper developed a contextual reasoning framework for embodied supply chain agents. Building from the premise

that supply chains are physical-digital systems, it argued that reinforcement learning policies should be grounded in physical
state perception and evaluated through collaborative execution outcomes. The framework defined a multimodal state
representation, a balanced reward architecture, a safe policy learning cycle, and a multi-agent collaboration logic. It then
demonstrated the framework through an illustrative simulation of storage, sorting, and delivery operations.

The analysis shows that contextual and collaborative reinforcement learning can reduce fulfillment delays, late orders,
damage, idle time, energy use, and near-miss events under the stated scenario assumptions. More importantly, the results
show why the improvement occurs: the policy sees physical constraints, learns from execution feedback, and coordinates
across agents. The contribution is therefore not limited to a performance comparison. It is a structured way to translate
embodied intelligence into implementable AI analytics for supply chain operations.

The broader message is that the next stage of intelligent supply chain management should move beyond digital
optimization alone. Intelligent agents must perceive physical state, reason contextually, execute safely, collaborate with other
agents, and learn from feedback. Reinforcement learning provides one powerful method for this transition, but its value
depends on state design, reward governance, safety constraints, and organizational adoption. A supply chain becomes
adaptive not when it has more algorithms, but when its algorithms learn responsibly from the physical world in which
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