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Abstract

Humanoid robots are emerging as flexible robotic resources for autonomous manufacturing
systems, where different types of tasks must be assigned to suitable robots while shared
production resources are coordinated effectively. However, realistic manufacturing environ-
ments involve dynamic task arrivals, event-driven priority changes, heterogeneous robot
capabilities, and shared-resource contention. In addition, digital twin-based scheduling
may rely on state information that is delayed or uncertain, which can reduce the relia-
bility of scheduling decisions. To address this issue, this paper extends the previously
proposed deep reinforcement learning-based concurrency control (DRLCC) framework
for robustness-aware scheduling and shared-resource control of a multi-functional hu-
manoid robot team. The extended framework integrates capability-aware task assignment,
feasibility-based action masking, and priority ceiling protocol (PCP)-based shared-resource
coordination under delayed and uncertain digital twin observations. The framework is
evaluated in a humanoid-based autonomous manufacturing scenario using performance
indicators including task completion, urgent-task delay, resource contention, humanoid
utilization, and robustness degradation under imperfect state feedback. Compared with the
greedy ceiling-based baseline, DRLCC reduces high-priority task delay by approximately
10.9%, priority inversions by 42.1%, average waiting time by 73.8%, average block count by
74.0%, and temporary infeasible events by 73.5%, while maintaining comparable humanoid
utilization. The robustness analysis further shows that overall task-completion perfor-
mance remains stable under imperfect digital twin feedback, although coordination-level
metrics are more sensitive to observation uncertainty and delay. These results suggest
that the extended DRLCC framework can support robustness-aware humanoid robot team
scheduling in autonomous manufacturing environments where digital twin observations
are delayed or uncertain.

Keywords: autonomous manufacturing; multi-functional humanoid robots; digital twin;
deep reinforcement learning; capability-aware scheduling; shared-resource coordination;
robustness-aware scheduling

1. Introduction
Autonomous manufacturing systems are increasingly moving toward flexible, adap-

tive, and human-centered production environments, where robotic resources are expected
to support multiple types of operations rather than execute only fixed and repetitive tasks.
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In this context, humanoid robots have attracted growing research attention because their
human-like morphology may allow them to operate in workspaces, tools, and assembly
settings originally designed for human workers [1]. Related studies on human–robot collab-
oration also highlight the increasing role of robotic systems in manufacturing applications
such as assembly, inspection, and production support [2]. However, introducing multifunc-
tional humanoid robots into autonomous manufacturing introduces a new coordination
challenge: tasks must be assigned to humanoids with suitable capabilities, while shared
production resources are used safely and efficiently. In this study, physical AI refers to
learning-based decision-making for embodied humanoid robots that interact with tasks,
resources, and operational constraints in a physical manufacturing environment.

In humanoid-based autonomous manufacturing, scheduling is not limited to selecting
the next task for execution; it also requires matching each task with a humanoid that has
the required functional capability. Dynamic manufacturing environments may involve
urgent job arrivals, changing priorities, resource disturbances, and uncertain execution con-
ditions, which make static scheduling rules less suitable for real-time decision-making [3].
Heterogeneous robot teams further increase this complexity because robots may differ
in mobility, manipulation ability, payload capacity, sensing functions, and task-specific
skills [4]. Therefore, an effective scheduling framework for multi-functional humanoid
teams should jointly consider task priority, humanoid capability, resource availability, and
shared-resource conflicts.

Digital twins provide an important foundation for data-driven and real-time manufac-
turing scheduling by linking the physical production system with its virtual representation,
and they have been widely discussed as key enablers for smart manufacturing and digi-
tal twin shop-floor integration [5,6]. Prior studies have used digital twin frameworks to
support production scheduling under uncertainty [7] and to combine digital twin environ-
ments with deep reinforcement learning for dynamic workshop scheduling [8]. However,
in practical autonomous manufacturing systems, digital twin feedback may not always
represent the exact current physical state because sensing, communication, synchronization,
and estimation processes can introduce delay or noise. As a result, a scheduling policy
that performs well with perfect state information may become less reliable when decisions
are made using imperfect digital twin observations. Figure 1 summarizes the problem set-
ting considered in this study, including the humanoid-based manufacturing environment,
shared production resources, and imperfect digital twin observations used for scheduling.

Although prior studies have advanced reinforcement learning-based scheduling [3],
digital twin-enabled production control [7,8], heterogeneous robot allocation [4], and
feasibility-aware decision-making [9], the combined problem considered in this paper
remains insufficiently explored. In particular, there is still a need to examine how a
learning-based scheduling framework can coordinate multi-functional humanoid robot
teams while considering capability constraints, shared-resource conflicts, and imperfect
digital twin observations.

This paper builds on the previously proposed Deep Reinforcement Learning-based
Concurrency Control (DRLCC) framework [10], which integrates a Proximal Policy Op-
timization (PPO)-based adaptive scheduling layer [11] with a dynamic Priority Ceiling
Protocol (PCP) layer [12] for resource coordination in federated digital twin manufacturing
systems. The original DRLCC framework mainly focuses on priority-aware scheduling,
shared-resource control, and priority-inversion mitigation by combining reinforcement
learning with PCP-based concurrency logic [10]. In contrast, the present study does not
treat priority inversion as the primary contribution. Instead, it extends DRLCC to a more
realistic humanoid-based autonomous manufacturing scenario, where multi-functional
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humanoid robots have different task capabilities and scheduling decisions may be made
using delayed or uncertain digital twin state information.

Figure 1. Problem setting for humanoid-based autonomous manufacturing under imperfect digital
twin information. The scenario includes multi-functional humanoids, shared lanes, task-specific
work areas, and imperfect digital twin observations used for scheduling.

Compared with the previous DRLCC framework, the novelty of this study is not lim-
ited to changing the training data or application scenario. The present work reformulates
DRLCC for a humanoid-based autonomous manufacturing setting by introducing hetero-
geneous humanoid capability profiles, task-dependent feasibility constraints, capability-
aware action masking, and robustness evaluation under delayed and uncertain digital
twin observations. In the previous formulation, the main focus was priority-aware concur-
rency control and priority-inversion mitigation in a federated digital twin manufacturing
environment. In contrast, the present study focuses on whether a PPO–PCP scheduling ar-
chitecture can support reliable task-level coordination of multi-functional humanoid robot
teams when the scheduling state is imperfect. Therefore, the contribution lies in extending
DRLCC from general shared-resource scheduling to robustness-aware humanoid-team
coordination under capability, resource, and digital twin uncertainty constraints.

The main aim of this paper is to examine whether the previously proposed DRLCC
framework can be extended to robustly coordinate multi-functional humanoid robot teams
under imperfect digital twin information. The main contributions are fourfold. First,
the study reformulates the DRLCC framework for humanoid-based autonomous manu-
facturing by modeling multi-functional humanoid robots with different task-execution
capabilities. Second, it introduces capability-aware task assignment and feasibility-based
action masking to prevent invalid humanoid-task selections during PPO-based scheduling.
Third, it evaluates DRLCC under imperfect digital twin information by injecting delayed
and uncertain state observations into the scheduling process. Fourth, it analyzes the ex-
tended framework using performance indicators related to task completion, urgent-task
delay, shared-resource contention, humanoid utilization, and robustness degradation.

This study focuses on task-level scheduling, humanoid-task assignment, and shared-
resource coordination; low-level bipedal locomotion, whole-body motion planning, and
motion-control execution are outside the scope of the present work.
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2. Related Work
2.1. Humanoid Robots and Human–Robot Collaboration

Humanoid robots and human–robot collaboration are becoming increasingly relevant
in manufacturing as industries move toward more flexible, adaptive, and human-centered
production systems. Malik et al. [1] discussed how intelligent humanoid robots can be
integrated into manufacturing assembly cells, particularly to support labor-intensive tasks
and address worker skill limitations while maintaining human–robot collaboration safety.
Dhanda et al. [2] reviewed human–robot collaboration in manufacturing and identified
assembly, inspection, and production support as key application areas. In Industry 5.0.,
Zafar et al. [13] further showed that collaborative robotics, digital twins, and intelligent
support technologies are closely connected in smart manufacturing. These studies show
the growing importance of humanoid and collaborative robots, but they mainly focus on
robot integration, collaboration, and enabling technologies.

2.2. Heterogeneous Multi-Robot Task Allocation

Heterogeneous multi-robot task allocation is also relevant to this study because multi-
functional humanoids may have different abilities for delivery, inspection, kitting, assembly,
maintenance, and urgent-support tasks. Dai et al. [4] proposed a reinforcement learning-
based framework for heterogeneous multi-robot task allocation and scheduling. Lamon
et al. [14] studied capability-aware role allocation for industrial assembly tasks by con-
sidering agent characteristics and task requirements. Notomista et al. [15] introduced
a resilient and energy-aware task-allocation framework for heterogeneous multi-robot
systems, while Zhang et al. [16] addressed dynamic and prioritized task scheduling using
deep reinforcement learning. These studies show that robot heterogeneity, task priority,
and capability-aware allocation are important for multi-robot coordination.

2.3. Reinforcement Learning for Manufacturing Scheduling

Reinforcement learning has become an important approach for dynamic manufactur-
ing scheduling because it can learn adaptive decision policies through interaction with
changing production environments. Ngwu et al. [3] reviewed reinforcement learning-based
methods for dynamic job-shop scheduling and highlighted their potential for handling
complex, uncertain, and continuously changing manufacturing conditions. Zhang et al. [17]
proposed a deep reinforcement learning method for learning priority dispatching rules in
job-shop scheduling using a graph neural network representation of the scheduling state.
Luo [18] addressed dynamic flexible job-shop scheduling with new job insertions, showing
the relevance of learning-based scheduling when jobs arrive dynamically. Wang et al. [19]
further studied dynamic job-shop scheduling in smart manufacturing and adopted a PPO-
based deep reinforcement learning approach to adapt scheduling decisions under uncertain
shop-floor conditions. These studies demonstrate the potential of reinforcement learning
for adaptive manufacturing scheduling, but most of them focus on job–machine scheduling
or dispatching decisions.

2.4. Digital Twins for Production Scheduling

Digital twins are widely used in smart manufacturing to connect physical production
systems with virtual models and decision-support tools. Kritzinger et al. [5] clarified the
different levels of digital representation in manufacturing, including digital models, digital
shadows, and digital twins. Tao and Zhang [6] introduced the Digital Twin Shop-Floor
concept, which links physical shop-floor resources, virtual models, services, and digital twin
data. For scheduling applications, Negri et al. [7] proposed a field-synchronized digital twin
framework for production scheduling under uncertainty, while Geng et al. [8] combined
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digital twin-based scheduling with multi-agent deep reinforcement learning. Macchi
et al. [20] also discussed the role of digital twins in production scheduling and control.
Although these studies show that digital twins can support scheduling, synchronization,
and decision-making, fewer works explicitly evaluate how scheduling performance changes
when digital twin information is delayed, uncertain, or incomplete.

2.5. Feasibility Constraints and Shared-Resource Control

Feasibility constraints are essential in reinforcement learning-based scheduling be-
cause some actions may be invalid in a given system state. In humanoid-based manufac-
turing, this means that a task should only be assigned to a humanoid with the required
capability, and shared resources should be accessed in a controlled manner. Huang and On-
tañón [9] studied invalid action masking in policy-gradient algorithms, while Hou et al. [21]
further examined practical masking methods for preventing impossible or unavailable
actions. Building on the same PPO backbone as the original DRLCC framework [10], the
present study applies feasibility-aware action selection to prevent invalid assignments
of humanoid tasks. For shared-resource coordination, Sha et al. [12] introduced priority
inheritance and priority ceiling protocols to manage priority inversion in real-time sys-
tems. These studies provide useful foundations for feasibility-aware decision-making and
resource coordination.

2.6. Research Gap Summary

Overall, these studies show important progress in humanoid and collaborative robotics
for manufacturing, reinforcement learning-based scheduling, digital twin-enabled produc-
tion scheduling, heterogeneous multi-robot task allocation, invalid action masking, and
PCP-based resource synchronization. However, these areas are often studied separately.
Existing works do not fully address the combined problem of multi-functional humanoid
capability constraints, dynamic priority-aware scheduling, PCP-based shared-resource co-
ordination, and robustness under delayed or uncertain digital twin observations. Therefore,
this study extends the previously proposed DRLCC framework to examine whether it can
reliably coordinate a heterogeneous humanoid robot team in autonomous manufacturing
when scheduling decisions are made using imperfect digital twin information.

3. Materials and Methods
3.1. Problem Formulation

This study considers the problem of scheduling a heterogeneous team of multi-
functional humanoid robots in an autonomous manufacturing environment with dynamic
job arrivals, shared-resource contention, and imperfect digital twin feedback. The schedul-
ing problem is formulated as a Markov decision process (MDP), defined by the tuple

M = (S, A, R, P, γ) (1)

where S denotes the state space, A denotes the discrete action space, R denotes the reward
function, P denotes the transition dynamics governed by the discrete-event simulation
environment, and γ ∈ [0, 1] is the discount factor.

At each decision step t, the scheduling agent receives an observed digital twin state
ŝt ∈ S, selects an action at ∈ A, and receives a scalar reward rt = R(ŝt, at). The observed
state ŝt may differ from the true physical state st because of digital twin delay or observation
uncertainty. In this study, the action corresponds to selecting a humanoid robot for the
current task:

at = hi, hi ∈ H (2)
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where H = {h1, h2, . . . , h6} is the set of available humanoid robots. Since the current task
is selected from the priority-aware task queue before humanoid assignment, the policy
output represents the humanoid-selection decision for that task.

The objective of the scheduler is to learn a policy πθ(a| ŝt) that maximizes the expected
cumulative discounted return:

J(θ) = Eπθ

[
T

∑
t=0

γtrt

]
(3)

while satisfying humanoid-task feasibility and shared-resource control requirements. Un-
like the original DRLCC framework, which mainly focused on priority-aware concurrency
control, the present formulation extends the scheduling problem to a multi-functional
humanoid robot team operating under imperfect digital twin information.

3.2. Manufacturing Environment and System Model

The simulation environment represents a single-zone autonomous manufacturing
system in which multiple humanoid robots execute dynamically arriving jobs while sharing
limited production resources. The purpose of this environment is not to reproduce an entire
factory, but to provide a controlled proof-of-concept setting for evaluating capability-aware
scheduling, PCP-based shared-resource control, and robustness under imperfect digital
twin observations.

The manufacturing scenario is designed as a task-level abstraction rather than a model
of one specific factory or sector. The considered task types, including delivery, kitting,
inspection, assembly, maintenance, and urgent support, represent common manufacturing
support operations that may appear in different industrial sectors. Therefore, the frame-
work is intended to be transferable at the scheduling and shared-resource coordination
level. However, sector-specific deployment would require calibration of task-arrival pat-
terns, task durations, humanoid capability profiles, payload limits, resource layouts, and
digital twin uncertainty models using real production data from the target factory.

The system consists of three main elements: jobs, humanoid robots, and shared
production resources. Jobs arrive dynamically and contain task-specific requirements.
Humanoid robots differ in their task-execution capabilities, payload capacities, battery
states, and availability. Shared resources represent physical areas or stations that cannot be
accessed by multiple robots simultaneously without control.

3.2.1. Job Model

Jobs arrive dynamically during the simulation according to a Poisson arrival process.
Let J = {j1, j2, . . . , jN} denote the set of jobs generated within one simulation episode. Each
job j is characterized by the following attributes:

• Priority level: pj ∈ {0, 1, 2}, where 0, 1, and 2 represent low-, medium-, and
high-priority jobs, respectively. The priority level is sampled with probabilities
{0.4, 0.3, 0.3}.

• Task sequence: each job consists of nj ∈ {1, 2, 3} subtasks drawn uniformly at random.
The duration of each subtask is sampled from a Gamma distribution with shape k = 2
and scale θ = 1, giving a mean duration of 2.0 time units.

• Task type: Tj ∈ {delivery, kitting, assembly, inspection, maintenance}, drawn uni-
formly at random and fixed for all subtasks of the job.

• Load weight: wj ∼ U (50, 200), representing the physical payload requirement of
the job.

https://doi.org/10.3390/app16157388
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Jobs are maintained in a priority-aware queue and processed through separate schedul-
ing coroutines. A job is considered complete when all of its subtasks have been executed.
The simulation horizon is set to Tsim = 2000 time units.

The task structure considered in this study includes both sequential and interleaved
characteristics. Within each job, subtasks are executed sequentially because a job is com-
pleted only after all of its subtasks have been processed. However, at the system level,
multiple jobs arrive dynamically and are processed through separate scheduling corou-
tines; therefore, tasks from different jobs can be interleaved in the shared manufacturing
environment. This interleaving creates competition for humanoid availability and shared
production resources. The proposed DRLCC framework does not require all tasks to follow
one fixed global sequence. Instead, it requires that each task has a defined task type, prior-
ity level, load requirement, and associated shared-resource requirement so that feasibility
checking, capability-aware humanoid assignment, and PCP-based shared-resource coordi-
nation can be applied. The main job-generation and simulation parameters are summarized
in Table 1.

Table 1. Job-generation and simulation parameters used in the humanoid-based autonomous manu-
facturing environment.

Parameter Description Value

λ Job-arrival rate 0.4

ρ1, ρ2, ρ3 Low-, medium-, and high-priority probabilities 0.4, 0.3, 0.3

α Gamma shape parameter 2

β Gamma scale parameter 1

Tsim Simulation horizon 2000

nj Number of subtasks per job 1–3

wj Job load-weight range 50–200

3.2.2. Humanoid Robot Model

The manufacturing environment includes N = 6 heterogeneous humanoid robots

H = {h 1, h2, h3, h4, h5, h6} (4)

Each humanoid robot hi is characterized by the following attributes:

• Capability set: Ci representing the task types that humanoid hi is qualified to perform.
• Payload capacity: Wi, representing the maximum load weight that humanoid hi

can handle.
• Battery level: bi ∈ [0, 1], initialized to 1.0 at the beginning of each episode. The

battery level decreases during task execution and increases when the humanoid enters
charging mode.

• Execution status: each humanoid is either idle, executing a task, or charging.
• Dynamic ceiling: ci, representing the priority ceiling value used by the PCP-based

shared-resource coordination mechanism.

Table 2 defines the capability assignment for the humanoid robot team. Humanoid
h4 acts as the all-rounder capable of executing all six task types, while the remaining
humanoids have specialized subsets of capabilities.

https://doi.org/10.3390/app16157388
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Table 2. Capability assignment for the heterogeneous humanoid robot team.

Humanoid Capabilities

H1 Delivery, kitting

H2 Inspection, urgent support

H3 Maintenance, delivery

H4 Delivery, kitting, inspection, maintenance, urgent support, assembly

H5 Kitting, inspection

H6 Delivery, maintenance, urgent support, assembly

3.2.3. Shared Resources

The manufacturing environment includes a set of shared production resources that
must be accessed exclusively during task execution. These resources represent physical
areas or stations in the manufacturing zone where simultaneous access by multiple hu-
manoids may cause resource contention. The shared resources considered in this study are
shared lanes, the tool station, the inspection area, and the assembly station.

Each task type is associated with one required shared resource, as summarized in
Table 3. Delivery and urgent-support tasks require access to the shared lanes, kitting and
maintenance tasks require the tool station, inspection tasks require the inspection area, and
assembly tasks require the assembly station.

Table 3. Mapping between task types and required shared production resources.

Task Type Required Shared Resource

Delivery Shared lanes

Kitting Tool station

Inspection Inspection area

Assembly Assembly station

Maintenance Tool station

Urgent support Shared lanes

Because multiple humanoids may request the same shared resource during execution,
resource contention can occur. Therefore, after the scheduler selects a humanoid for a task,
access to the required resource is regulated by the PCP-based shared-resource coordination
module described in Section 3.4.5.

3.3. Digital Twin Observation and State Management Module

The digital twin observation and state-management module provides the state infor-
mation used by the extended DRLCC scheduler. At each decision step t, the scheduler
receives an observed digital twin state ŝt, which represents humanoid status, task-queue
information, resource occupancy, and priority-related conditions. The observed state may
differ from the true physical system state st because of observation uncertainty, synchro-
nization delay, or both. To evaluate robustness, four feedback conditions are considered:
ideal, uncertain, delayed, and delayed–uncertain observations.

3.3.1. Observation Uncertainty

Observation uncertainty represents the difference between the actual physical state
and the digital twin state available to the scheduler. In this study, uncertainty is applied to
the observed state using a proportional Gaussian perturbation:

https://doi.org/10.3390/app16157388
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ŝt,i = st,i + ϵt,i (5)

ϵt,i ∼ N
(

0, (η | st,i |)2
)

(6)

where st,i is the i-th feature of the true system state, ŝt,i is the corresponding observed
digital twin feature, ϵt,i is the uncertainty term, and η = 0.03 is the uncertainty level.

For humanoid-level observations, battery level and payload capacity are also repre-
sented as uncertain digital twin estimates. These estimated values are used during feasi-
bility checking and post-selection verification to evaluate whether the scheduler remains
reliable when the digital twin state does not perfectly match the physical system state.

3.3.2. Delayed Observation

Observation delay represents the case where the scheduler receives an older digital
twin state instead of the current physical state. To model this condition, a delay buffer is
maintained for the state vector. At decision step t, the observed state is given by

ŝt = st−d (7)

where d is the delay length. In the simulation, d = 2, meaning that the scheduler receives
the state from two decision steps earlier. A fixed scheduling latency of 50 ms is also applied
between state observation and action execution, representing the delay associated with
digital twin query and decision dispatch.

3.3.3. Digital Twin Observation Condition

Based on the uncertainty and delay models, four digital twin observation conditions
are considered. The ideal-feedback condition uses the current system state and serves as
the reference case. The uncertain-feedback condition applies observation uncertainty to the
current state. The delayed-feedback condition uses a previous state without uncertainty.
The delayed–uncertain-feedback condition combines both effects by applying uncertainty
to delayed state information. The four observation conditions used to evaluate scheduling
robustness are summarized in Table 4.

Table 4. Digital twin observation conditions used for robustness evaluation.

Condition State Used by Scheduler Purpose

Ideal feedback Current system state Reference condition

Uncertain feedback Current state with observation uncertainty Tests sensitivity to uncertain state information

Delayed feedback Previously observed system state Tests sensitivity to synchronization delay

Delayed–uncertain feedback Delayed state with observation uncertainty Tests robustness under combined digital twin
imperfection

The uncertainty and delay settings used in this study are intended to represent com-
mon digital twin imperfections rather than reproduce one specific factory dataset. In
practical digital twin-based manufacturing systems, scheduling information may differ
from the physical state because of sensor noise, communication latency, synchronization
delay, state-estimation error, or incomplete updates from physical resources. Therefore, pro-
portional Gaussian perturbation is used to model uncertainty in continuous state features,
while the delay buffer and fixed scheduling latency model outdated state feedback and
decision-dispatch delay. These settings provide a controlled way to evaluate whether the
scheduling policy remains reliable when the digital twin state is imperfect. However, they
do not guarantee exact equivalence with every real factory environment. The values should
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be calibrated using field data in a deployment scenario. Thus, the present simulation
should be interpreted as a proof-of-concept robustness evaluation, and real-data calibration
is identified as an important requirement for future industrial validation.

3.4. Proposed Robustness-Aware DRLCC Framework
3.4.1. Framework Overview

This study extends the previously proposed deep reinforcement learning-based con-
currency control (DRLCC) [10] framework into a robustness-aware scheduling and shared-
resource coordination framework for a multi-functional humanoid robot team. The original
DRLCC framework combined a PPO-based adaptive scheduling layer with a PCP-based
concurrency control layer to support priority-aware scheduling and shared-resource coor-
dination. In this study, the framework is reformulated for a humanoid-based autonomous
manufacturing scenario in which multiple humanoid robots have different task-execution
capabilities and must coordinate access to shared production resources under imperfect
digital twin observations.

As shown in Figure 2, the proposed framework consists of the physical manufacturing
environment and four main functional modules: the manufacturing context prepara-
tion module, the digital twin observation and state-management module, the extended
DRLCC scheduling module, and the PCP-based shared-resource coordination module.
The manufacturing context preparation module defines task types, humanoid capability
profiles, shared-resource requirements, and task priorities. The digital twin observation
and state-management module provides the observed scheduling state, which may include
observation uncertainty, synchronization delay, or both. Based on this observed state, the
extended DRLCC scheduling module selects feasible humanoid-task assignments using
PPO-based scheduling and capability-aware action masking. The selected assignment is
then passed to the PCP-based shared-resource coordination module, which grants or blocks
access to shared resources according to priority ceiling logic.

 

Figure 2. Overview of the proposed robustness-aware DRLCC framework for humanoid-based
autonomous manufacturing under imperfect digital twin information. The framework integrates
digital twin observation modeling, PPO-based scheduling, capability-aware action masking, and
PCP-based shared-resource coordination.

3.4.2. State Representation

At each decision step t, the extended DRLCC scheduler receives the observed digital
twin state ŝt. The state representation includes humanoid-level features and task-queue-
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level features. For each of the six humanoid robots, four features are included: occupancy
status, current job priority, battery level, and PCP ceiling value. These humanoid-level
features contribute 6 × 4 = 24 dimensions.

The remaining eight dimensions describe the task queue, including queue length,
priority counts, and waiting-time statistics. Therefore, the complete observed state vector
is represented as:

ŝt ∈ R32 (8)

Before being passed to the PPO policy network, the state vector is normalized to
improve training stability. The same state representation is used under ideal, uncertain,
delayed, and delayed–uncertain digital twin feedback conditions.

3.4.3. Action Space and Capability-Aware Masking

The scheduling action corresponds to selecting one humanoid robot for the current
task. Since the task is already selected from the priority-aware queue, the PPO policy only
determines which humanoid should execute that task. Therefore, the discrete action space
is defined as:

A = {1, 2, . . . , | H |} (9)

where each action index represents one humanoid robot in the team. The selected action
forms the task–humanoid assignment (j, hi), where task j is assigned to a humanoid hi.

Before action selection, infeasible humanoids are removed using capability-aware
action masking. For a task j, the feasible humanoid set is defined as:

Fj =
{

hi ∈ H | τj ∈ Ci, Wi ≥ wj, bi ≥ bmin, hi is available
}

(10)

where τj is the task type, Ci is the capability set of a humanoid hi, Wi is the payload capacity,
wj is the task load weight, bi is the battery level, and bmin is the minimum battery threshold.

The binary action mask is then defined as

mi =

{
1, if hi ∈ Fj,
0, otherwise

(11)

The mask is applied to the PPO action logits before the softmax operation, so infeasible
humanoids receive near-zero selection probability. If no feasible humanoid is available, the
task remains waiting, and the corresponding waiting or contention metrics are updated.

3.4.4. Robust Post-Selection Feasibility Verification

After the PPO policy selects a humanoid, a post-selection feasibility check is per-
formed before the assignment is committed for execution. This step is required because
delayed or uncertain digital twin observations may not fully match the current physical
system state. The selected humanoid-task assignment is accepted only if the humanoid is
available, has the required task capability, satisfies the payload and battery constraints, and
remains feasible under the current system state. Otherwise, the assignment is rejected, the
task remains in the waiting queue, and the corresponding infeasible-assignment metric
is updated.

3.4.5. PCP-Based Shared-Resource Coordination

Following the PCP-based resource-control logic used in the original DRLCC frame-
work [10] and the priority ceiling protocol introduced by Sha et al. [12], the PCP-based
shared-resource coordination module determines whether the required resource can be
accessed safely after the extended DRLCC scheduler selects a humanoid-task assignment.
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In the proposed framework, the PPO policy selects a suitable humanoid, while the PCP
regulates access to shared production resources, such as shared lanes, the tool station, the
inspection area, and the assembly station. This separation prevents the learning-based
scheduler from directly controlling low-level resource-locking decisions.

Each humanoid maintains a dynamic priority ceiling based on the highest-priority
waiting task for which it is a feasible candidate. The ceiling values are updated at each
scheduling step and are used to decide whether a selected assignment can proceed without
causing unsafe resource contention or priority-related conflicts.

If the required resource is available and the PCP condition is satisfied, the task is
allowed to execute and the resource remains locked until task completion. Otherwise,
the assignment is temporarily blocked, and the corresponding blocking, contention, or
priority-inversion metrics are updated. In this way, PCP acts as a deterministic safety layer
within the extended DRLCC framework, while the PPO scheduler focuses on adaptive
humanoid-task assignment under imperfect digital twin observations.

3.4.6. Reward Feedback and Policy Update

After task execution, blocking, or assignment rejection, the environment returns a
reward signal to guide the PPO-based scheduler. The reward function is designed to en-
courage successful task completion and high-priority task responsiveness while penalizing
waiting time, repeated blocking, priority inversion, and infeasible assignments.

The reward components used in the extended DRLCC scheduler are summarized
in Table 5. Positive rewards are assigned for successful task completion, with higher
emphasis on urgent or high-priority jobs. Negative rewards are assigned when a task expe-
riences excessive waiting, resource blocking, priority inversion, or temporary infeasibility.
The resulting transition is stored and later used to update the actor–critic policy during
PPO training.

Table 5. Reward components used in the extended DRLCC scheduler.

Reward Component Purpose

Task-completion reward Rewards successful task completion

Urgent-task reward Gives higher reward to high-priority jobs

Waiting-time penalty Penalizes priority-weighted task waiting time

Blocking penalty Penalizes repeated blocking during
shared-resource access

Priority-inversion penalty Penalizes priority-related scheduling conflicts

Infeasible-assignment penalty Penalizes invalid or unavailable humanoid-task
assignments

The overall scheduling and shared-resource coordination procedure, adapted from the
PPO–PCP structure of the original DRLCC framework [10], is summarized in Algorithm 1.

The PPO-specific training configuration used to optimize the scheduling policy is
described in Section 3.5.
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Algorithm 1 Robustness-aware DRLCC scheduling and shared-resource coordination
procedure.

Require: Episodes E, jobs J, seed set S, delay length d, uncertainty level η

Ensure: Trained policies {π∗
θ,s}s ∈ S and per-seed experimental logs

1: procedure EXTENDEDDRLCCTRAINING (E, J, S, d, η)

2: for s ∈ S do
3: Set random seed s
4: Initialize PPO actor–critic networks (πθ , V∅)

5: Initialize PPO memory M and metric buffer B
6: for e = 1 to E do
7: Initialize environment, humanoids, queue, and resources
8: Define humanoid capability sets
9: Initialize PCP-based resource controller
10: Initialize digital twin buffer and episode metrics
11: while unfinished tasks remain do
12: Obtain true system state st

13: Generate observed digital twin state ŝt using d and η

14: Select current task j from the waiting queue
15: Construct capability-aware action mask mt

16: if no feasible humanoid is available then
17: Update waiting and contention metrics
18: Continue to next decision step
19: end if
20: Select feasible humanoid hi ∼ πθ(.|ŝt, mt)

21: Form assignment at = (j, hi)

22: Check shared-resource access using PCP rules
23: if access is granted then
24: Execute task and update system states
25: else
26: Block assignment and update contention metrics
27: end if
28: Compute reward rt

29: Observe next digital twin state ŝt + 1
30: Store transition ŝt, at, rt, ŝt + 1, mt in M
31: if PPO update condition is satisfied then
32: Update actor–critic parameters (θ,∅) using PPO
33: Clear PPO memory M
34: end if
35: end while
36: Record performance and robustness metrics
37: Append episode metrics to B
38: end for
39: Save B and best trained policy π∗

θ,s
40: end for
41: return

{
π∗

θ,s

}
s ∈ S

42: end procedure
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3.5. PPO Training Procedure

The scheduling policy is trained using proximal policy optimization (PPO) [11], fol-
lowing the actor–critic training structure adopted in the original DRLCC framework [10].
The policy network selects one humanoid from the feasible action set, while the value
network estimates the state value for policy improvement. Both networks use two fully
connected hidden layers with 256 units and ReLU activation. During training and inference,
the capability-aware action mask is applied to the policy logits before action selection so
that infeasible humanoids receive near-zero selection probability.

The actor and critic networks are optimized using Adam with a learning rate of
1 × 10−4. Generalized advantage estimation is used with λ = 0.95, the discount factor
is set to γ = 0.95, the PPO clipping threshold is set to 0.1, and the policy is updated
for six epochs with a mini-batch size of 32. The main PPO training hyperparameters are
summarized in Table 6.

Table 6. PPO training hyperparameters.

Parameter Value Parameter Value

Discount factor, γ 0.95 Hidden layers 2

GAE parameter, λ 0.95 Entropy coefficient 0.01

Learning rate 1 × 10−4 Hidden units per layer 256

PPO clipping threshold 0.1 Activation function ReLU

Mini-batch size 32 Optimizer Adam

Update epochs 6 Gradient clipping 0.5

3.6. Simulation Environment and Experimental Configuration

All experiments are implemented in a discrete-event simulation environment. At
the beginning of each episode, the humanoid states, job queue, shared resources, digital
twin delay buffer, and performance counters are initialized. During simulation, jobs arrive
dynamically according to the job-generation model described in Section 3.2.1. For each
scheduling decision, the extended DRLCC scheduler selects a feasible humanoid-task
assignment, the PCP-based coordination module checks shared-resource access, and the
digital twin state is updated after task execution, blocking, or assignment rejection.

Each episode runs for a simulation horizon of Tsim = 2000 time units. The experiments
are repeated using six random seeds to account for stochastic variation in job arrivals, task
durations, humanoid states, and scheduling decisions. For each training run, the policy
is trained for 500 episodes, and the final 50 episodes are used to compute the reported
performance metrics. This final-window averaging is used to evaluate the converged
scheduling behavior rather than early-stage exploration performance.

3.7. Baseline Methods

To evaluate the effectiveness of the proposed robustness-aware DRLCC framework, its
performance is compared against three non-learning baselines and two additional learning-
based baselines. The non-learning baselines are selected to represent different levels of
scheduling capability: random feasible assignment tests the effect of basic capability filter-
ing; greedy battery-based assignment represents a simple readiness-oriented heuristic; and
greedy ceiling-based assignment represents a rule-based method that considers priority ceil-
ings and resource awareness. To further address learning-based comparison, DQN + PCP
and A2C + PCP baselines are also evaluated.

The random feasible assignment method selects one humanoid randomly from the
feasible candidate set. The greedy battery-based method selects the feasible humanoid with
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the highest available battery level. The greedy ceiling-based method selects a feasible hu-
manoid using priority ceiling and shared-resource feasibility information. The DQN + PCP
and A2C + PCP baselines use the same PCP-based shared-resource coordination logic as
DRLCC, but replace the PPO learning backbone with DQN-based and A2C-based poli-
cies. The proposed extended DRLCC method uses PPO-based masked scheduling with
PCP-based shared-resource coordination. All methods are evaluated under the same job-
generation process, humanoid capability constraints, shared-resource model, and digital
twin feedback conditions.

The purpose of the baseline comparison is to evaluate whether the proposed PPO–PCP
scheduling framework improves task-level humanoid assignment and shared-resource
coordination compared with rule-based scheduling policies and alternative DRL backbones
under the same capability, priority, and digital twin feedback constraints. PPO was adopted
as the learning backbone because this study extends the previously proposed PPO-based
DRLCC framework and because PPO provides a stable policy-gradient structure for discrete
humanoid-selection decisions with feasibility masking. The purpose of this study is not
to claim that PPO is universally superior to all DRL algorithms, but to evaluate whether
the DRLCC (PPO–PCP) architecture can be extended to robustness-aware humanoid-team
coordination under imperfect digital twin information. Broader hyperparameter-tuned
benchmarking of DRL backbones remains an important direction for the future. The
baseline methods used for performance comparison are summarized in Table 7.

Table 7. Baseline methods used for performance comparison.

Method Description

Random feasible assignment Randomly selects one humanoid from the
feasible candidate set

Greedy battery-based assignment Selects the feasible humanoid with the highest
available battery

Greedy ceiling-based assignment Selects a feasible humanoid using priority
ceiling/resource-awareness

DQN + PCP Uses DQN-based humanoid selection with
PCP-based shared-resource coordination

A2C + PCP Uses A2C-based humanoid selection with
PCP-based shared-resource coordination

Proposed extended DRLCC Uses PPO-based masked scheduling with
PCP-based shared-resource control

3.8. Evaluation Metrics and Robustness Analysis

The proposed framework is evaluated using metrics for task-completion efficiency,
urgent-task responsiveness, shared-resource coordination, humanoid utilization, and ro-
bustness to imperfect digital twin feedback. These metrics are selected to examine whether
the extended DRLCC framework can maintain reliable scheduling and coordination perfor-
mance when the observed digital twin state is delayed, uncertain, or both.

The main evaluation metrics are summarized in Table 8. Makespan measures the over-
all time required to complete the workload. Urgent-task delay evaluates the responsiveness
of the scheduler to high-priority jobs. Priority inversion count measures priority-related
scheduling conflicts. Average waiting time and average block count evaluate queue delay
and shared-resource blocking behavior. Temporary infeasible events measure invalid or
unavailable assignment attempts, while humanoid utilization measures the active usage of
the humanoid team during execution.
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Table 8. Evaluation metrics used for performance and robustness analysis.

Metric Purpose

Makespan Measures overall task-completion efficiency

Urgent-task delay Measures responsiveness to high-priority tasks

Priority inversion count Measures priority-related scheduling conflicts

Average waiting time Measures queue delay before assignment

Average block count Measures repeated blocking during execution

Temporary infeasible events Measures invalid or unavailable assignment
attempts

Humanoid utilization Measures robot usage during execution

Robustness degradation Measures performance change under imperfect
feedback

To quantify robustness, the performance under each imperfect digital twin feedback
condition is compared with the clean-feedback condition. For lower-is-better metrics,
robustness degradation is calculated as:

DM =
Mimperfect − Mideal

Mideal
× 100% (12)

For higher-is-better metrics, such as humanoid utilization, degradation is calculated as:

DM =
Mideal − Mimperfect

Mideal
× 100% (13)

Here, Mideal denotes the metric value under ideal digital twin feedback, and Mimper f ect

denotes the corresponding value under uncertain, delayed, or delayed–uncertain feedback.
A smaller degradation value indicates that the scheduling framework is less sensitive to
imperfect digital twin observations.

4. Results and Discussion
This section evaluates the proposed robustness-aware DRLCC framework using two

main experiments and an additional learning-based baseline comparison. First, DRLCC
is compared with non-learning baseline methods under delayed–uncertain digital twin
feedback. Second, DQN + PCP and A2C + PCP are evaluated as additional learning-based
baselines under the same delayed–uncertain digital twin feedback condition. Third, an
ablation analysis evaluates the effect of digital twin uncertainty, delay, and their combined
influence on scheduling and shared-resource coordination.

4.1. Comparison with Non-Learning Baselines

To evaluate the effectiveness of the proposed extended DRLCC framework, its perfor-
mance was compared with three non-learning baseline methods: random feasible assign-
ment, greedy battery-based assignment, and greedy ceiling-based assignment. All methods
were evaluated using the same job-generation process, humanoid capability constraints,
shared-resource configuration, and delayed–uncertain digital twin feedback condition.

Table 9 presents the baseline comparison results. The proposed DRLCC scheduler
achieves the lowest makespan among the methods compared while maintaining hu-
manoid utilization comparable to that of the baseline policies. This indicates that the
learned scheduling policy improves task flow without relying on excessive utilization of
specific humanoids.
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Table 9. Baseline comparison under delayed–uncertain digital twin feedback.

Method Makespan Urgent-Task
Delay

Priority
Inversions

Avg. Wait
Time

Avg. Block
Count

Infeasible
Events

Humanoid
Utilization

DRLCC 253.73 ± 4.8 4.41 ± 0.04 4.05 ± 0.38 0.16 ± 0.01 0.32 ± 0.02 32.66 ± 2.74 0.26 ± 0.004

Random Feasible
with no RL 256.33 ± 4.9 5.79 ± 0.03 19.93 ± 0.93 1.20 ± 0.05 2.40 ± 0.10 248.2 ± 10.90 0.26 ± 0.007

Greedy Battery 257.28 ± 4.6 4.91 ± 0.07 7.35 ± 0.57 0.62 ± 0.01 1.25 ± 0.03 125.4 ± 2.98 0.26 ± 0.004

Greedy Ceiling 257.12 ± 4.4 4.95 ± 0.07 6.99 ± 0.32 0.61 ± 0.01 1.23 ± 0.03 123.2 ± 3.50 0.26 ± 0.005

Note: Bold values indicate the best performance among the compared methods.

As shown in Table 9, DRLCC achieves the lowest makespan and maintains humanoid
utilization comparable to the baseline methods. Compared with the greedy ceiling-based
baseline, DRLCC reduces high-priority task delay from 4.95 to 4.41, priority inversions
from 6.99 to 4.05, average waiting time from 0.61 to 0.16, average block count from 1.23 to
0.32, and temporary infeasible events from 123.2 to 32.66. These results show that DRLCC
improves coordination-level performance under delayed–uncertain digital twin feedback.

The random feasible baseline performs worst in priority inversions, waiting time,
blocking, and infeasible events, indicating that capability filtering alone is insufficient. The
greedy battery-based and greedy ceiling-based methods improve over random assignment,
but they remain less effective than DRLCC because they rely on fixed rule-based decisions.
Overall, the results indicate that PPO-based adaptive scheduling with capability-aware
masking and PCP-based resource coordination provides more reliable humanoid-task
assignment under imperfect digital twin observations.

Figure 3 visually supports the baseline comparison reported in Table 9. While the
makespan values remain relatively close across methods, DRLCC shows a clearer advantage
in coordination-sensitive metrics, including average waiting time, average block count, and
temporary infeasible events. This indicates that the main benefit of the proposed framework
is not only faster task completion but also more reliable humanoid-task assignment and
shared-resource coordination under delayed–uncertain digital twin feedback.

(a) (b) 

  
(c) (d) 

Figure 3. Baseline comparison under delayed–uncertain digital twin feedback: (a) makespan,
(b) average waiting time, (c) average block count, and (d) temporary infeasible events. Error bars
indicate standard deviation across random seeds.
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To further compare the proposed method with learning-based scheduling baselines,
DQN + PCP and A2C + PCP were evaluated under the same delayed–uncertain digital twin
feedback condition. These baselines use the same PCP-based shared-resource coordination
logic but replace the PPO learning backbone with DQN-based and A2C-based policies,
respectively. As shown in Table 10, A2C + PCP achieves slightly lower makespan and
urgent-task delay, while the proposed DRLCC achieves fewer priority inversions, lower
average waiting time, lower average block count, fewer temporary infeasible events, and
slightly higher humanoid utilization. These results indicate that DRLCC provides a stronger
balance for priority-aware and coordination-sensitive scheduling metrics, while remaining
competitive with alternative DRL baselines.

Table 10. Learning-based baseline comparison under delayed–uncertain digital twin feedback.

Method Makespan Urgent-Task
Delay

Priority
Inversions

Avg. Wait
Time

Avg. Block
Count

Temporary
Infeasible Events

Humanoid
Utilization

DRLCC 253.739 ± 4.817 4.410 ± 0.045 4.057 ± 0.381 0.163 ± 0.014 0.327 ± 0.027 32.667 ± 2.742 0.265 ± 0.004

DQN + PCP 255.172 ± 3.832 4.378 ± 0.079 4.123 ± 0.265 0.176 ± 0.014 0.354 ± 0.028 35.400 ± 2.802 0.264 ± 0.003

A2C + PCP 253.513 ± 4.753 4.353 ± 0.054 4.183 ± 0.459 0.174 ± 0.013 0.348 ± 0.025 34.830 ± 2.540 0.263 ± 0.005

4.2. Robustness of DRLCC Under Digital Twin Delay and Uncertainty

To evaluate the robustness of the proposed extended DRLCC framework, the trained
scheduler was tested under four digital twin feedback conditions: ideal feedback, uncertain
feedback, delayed feedback, and delayed–uncertain feedback. Ideal feedback is used as
the reference condition, where the scheduler receives the current system state without
observation disturbance. The remaining conditions evaluate the effect of observation
uncertainty, synchronization delay, and their combined influence on scheduling and shared-
resource coordination.

As shown in Table 11, DRLCC maintains stable production-level performance across
the four feedback conditions. Makespan and humanoid utilization remain close to the
ideal-feedback case, indicating that imperfect digital twin feedback does not significantly
disrupt the overall task-completion flow.

Table 11. Performance of DRLCC under different digital twin feedback conditions.

Observation
Condition Makespan Urgent-Task

Delay
Priority

Inversions
Avg. Wait

Time
Avg. Block

Count

Temporary
Infeasible

Events

Humanoid
Utilization

Ideal
feedback 253.37 ± 4.7 4.26 ± 0.05 4.15 ± 0.40 0.15 ± 0.008 0.30 ± 0.01 30.58 ± 1.73 0.265 ± 0.005

Uncertain
feedback 253.46 ± 4.6 4.39 ± 0.05 4.37 ± 0.70 0.17 ± 0.011 0.35 ± 0.02 35.13 ± 2.25 0.265 ± 0.005

Delayed
feedback 253.25 ± 4.7 4.33 ± 0.06 4.07 ± 0.64 0.14 ± 0.01 0.29 ± 0.02 29.50 ± 2.03 0.265 ± 0.005

Delayed–
uncertain
feedback

255.10 ± 4.83 4.41 ± 0.04 4.05 ± 0.38 0.16 ± 0.01 0.32 ± 0.02 32.66 ± 2.74 0.264 ± 0.004

Figure 4 further shows that production-level performance remains stable, while
coordination-sensitive metrics change more noticeably under imperfect feedback. Uncer-
tain feedback increases waiting time, blocking, and temporary infeasible events compared
with ideal feedback, whereas delayed feedback alone causes only limited changes. These
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results suggest that the proposed framework is more robust to short observation delays
than to uncertainty in the observed digital twin state.

 
(a) (b) 

 
(c) (d) 

Figure 4. DRLCC performance under different digital twin feedback conditions: (a) makespan,
(b) urgent-task delay, (c) average waiting time, and (d) temporary infeasible events. Error bars
indicate standard deviation across random seeds.

4.3. Robustness Degradation and Coordination Analysis

To further quantify the effect of imperfect digital twin feedback, robustness degra-
dation was calculated by comparing each imperfect-feedback condition with the ideal-
feedback condition. This analysis shows how much each metric changes when the scheduler
receives uncertain, delayed, or delayed–uncertain observations.

As shown in Table 12, makespan degradation remains very small across all imperfect-
feedback conditions, indicating that DRLCC preserves overall task-completion performance
even when the digital twin observation is imperfect. Delayed feedback alone produces
almost no degradation in most metrics, suggesting that the scheduler can tolerate a short
observation delay when the state information remains accurate.

Table 12. Robustness degradation of DRLCC under imperfect digital twin feedback relative to
clean feedback.

Twin Condition Makespan
Degradation

HP Delay
Degradation

Priority Inversion
Degradation

Wait Time
Degradation

Block Count
Degradation

Infeasible Event
Degradation

Uncertain 0.03% 3.04% 5.21% 14.98% 14.85% 14.85%

Delayed 0.00% 1.57% 0.00% 0.00% 0.00% 0.00%

Delayed–uncertain 0.14% 3.44% 0.00% 6.85% 6.80% 6.80%

In contrast, uncertain feedback produces clearer degradation in coordination-related
metrics, including high-priority task delay, average waiting time, average block count, and
temporary infeasible events. The delayed–uncertain condition also causes degradation,
but the increase remains limited in this experiment. This suggests that the post-selection
feasibility verification and PCP-based shared-resource coordination help reduce the effect
of combined delay and uncertainty.
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Overall, the degradation analysis shows that the extended DRLCC framework is
robust at the production level, while coordination-level metrics remain more sensitive to
imperfect digital twin information.

4.4. Discussion

The results indicate that the proposed robustness-aware DRLCC framework is ef-
fective for humanoid robot team scheduling under imperfect digital twin feedback. The
baseline comparison shows that DRLCC improves coordination-related metrics compared
with random feasible assignment and greedy rule-based methods, particularly in waiting
time, blocking frequency, and temporary infeasible events. This suggests that PPO-based
adaptive scheduling provides better assignment decisions than fixed heuristic policies
when the observed digital twin state is delayed or uncertain.

The robustness analysis further shows that production-level metrics, especially
makespan and humanoid utilization, remain stable across different digital twin feedback
conditions. However, coordination-level metrics are more sensitive to imperfect observa-
tions. This means that delayed or uncertain digital twin information may not prevent task
completion, but it can still affect assignment quality, resource blocking, and priority-related
coordination behavior.

The additional learning-based comparison further shows that DQN + PCP and
A2C + PCP achieve performance close to the proposed PPO-based DRLCC, confirming that
DRL-based scheduling with PCP coordination is effective under delayed–uncertain digital
twin feedback. However, DRLCC provides a stronger balance in coordination-sensitive
metrics, including priority inversions, average waiting time, average block count, tem-
porary infeasible events, and humanoid utilization. A broader hyperparameter-tuned
benchmark across additional DRL backbones, digital twin conditions, and manufacturing
layouts remains an important direction for the future.

These findings support the use of feasibility-based action masking, post-selection
verification, and PCP-based shared-resource coordination as safety layers around the
learning-based scheduler. The PPO policy improves adaptive humanoid-task assignment,
while the feasibility and PCP layers reduce invalid or unsafe execution decisions when
digital twin observations do not fully match the current physical state. The main simula-
tion assumptions, corresponding real manufacturing considerations, and implications for
deployment are summarized in Table 13.

This analysis clarifies that the present results should be interpreted as a controlled
simulation-based validation of task-level scheduling and shared-resource coordination
rather than as a complete real-world humanoid deployment study. The current frame-
work evaluates whether the DRLCC policy remains stable when capability constraints,
shared-resource contention, and imperfect digital twin feedback are present. For industrial
deployment, the simulation parameters should be calibrated using real production logs,
measured digital twin synchronization errors, sensor uncertainty, network latency, and
humanoid execution data. Therefore, the proposed framework provides a proof-of-concept
foundation, while real-data calibration and physical or high-fidelity digital twin validation
remain necessary future steps.

The present study is limited to a controlled simulation environment with a single-zone
manufacturing scenario and predefined humanoid capability profiles. Future work should
evaluate the framework in larger multi-zone manufacturing systems, include more realistic
humanoid motion and task-execution constraints, and investigate adaptive methods for
estimating and compensating digital twin delay and uncertainty.
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Table 13. Simulation-to-real gap analysis for industrial deployment.

Simulation Assumption Real Manufacturing Consideration Implication for Deployment

Single-zone manufacturing
environment

Real factories may contain multiple
zones, routing paths, work cells, and
cross-zone dependencies

The framework should be validated
in larger multi-zone layouts before
deployment

Predefined humanoid capability
profiles

Real humanoid capabilities may
change because of tool condition,
payload variation, battery status,
calibration error, or task difficulty

Capability profiles should be
updated using real execution data

Synthetic job arrivals and task
durations

Real production orders may follow
shift schedules, urgent insertions,
machine availability, and demand
fluctuations

Job-generation parameters should be
calibrated using factory logs

Proportional Gaussian observation
uncertainty

Real digital twin errors may be
non-Gaussian, sensor-specific, or
caused by missing/incomplete
updates

Noise models should be replaced or
calibrated using measured sensor
and digital twin data

Fixed delay buffer and 50 ms
scheduling latency

Real delays may vary depending on
network load, database update
frequency, sensor synchronization,
and controller response time

Delay compensation should be
adaptive and validated under
measured communication latency

Task-level scheduling focus

Real humanoid deployment also
requires locomotion, motion
planning, manipulation, safety
monitoring, and low-level control

The proposed scheduler should be
integrated with robot execution and
safety-control layers

5. Conclusions
This paper presented a robustness-aware extension of the DRLCC framework for

scheduling and shared-resource coordination of a multi-functional humanoid robot team
under imperfect digital twin information. The framework integrates PPO-based humanoid
selection, capability-aware action masking, post-selection feasibility verification, and PCP-
based shared-resource coordination. The baseline comparison showed that DRLCC im-
proves coordination-level performance compared with random feasible and greedy rule-
based methods under delayed–uncertain digital twin feedback. The robustness analysis
showed that makespan and humanoid utilization remain stable across different digital twin
feedback conditions, while coordination-level metrics are more sensitive to uncertainty and
delay. Future work will extend the framework to larger multi-zone manufacturing environ-
ments, more realistic humanoid execution models, and adaptive methods for compensating
digital twin delay and uncertainty.

Future work may also integrate the proposed task-level DRLCC scheduler with low-
level adaptive interaction-control methods. For example, impedance learning for human-
guided robots in contact with unknown environments has shown that robot impedance
parameters can be adapted to support stable physical interaction during contact-rich
tasks [22]. Such methods are complementary to the present framework. While the proposed
DRLCC scheduler determines which humanoid should execute a task and how shared
resources should be coordinated, impedance-learning-based control could improve the
execution reliability of the selected humanoid during contact-intensive manufacturing
operations such as assembly, maintenance, or tool handling. Therefore, integrating task-
level scheduling with adaptive impedance control is a promising direction for improving
the practical performance of humanoid robots in real manufacturing environments.
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