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Abstract—Most learning-based schedulers for job shop
problems assume static workforce performance. However,
dynamic dual-resource job shops must navigate stochastic
disturbances and time-varying task durations due to human
factors. This study proposes a human-centered Deep
Reinforcement Learning framework, DD4LQN, for dynamic
flexible job shop scheduling under operator learning and
forgetting dynamics. The environment integrates a disturbance-
aware scenario generator, bounded logistic learning-forgetting
dynamics, and deterministic Dual Pair Ranking to ensure
auditable decisions. The training used a plan that included
ENTRY and EXIT greedy evaluations and a Quote-then-Commit
process. Tests over ten weeks showed that DD4LQN-EXIT did
better than other scheduling methods. Empirical evaluations over
a ten-week horizon demonstrate that DD4LQN-EXIT got the
average schedule reward of 0.5843. It was better than Earliest Due
Date (EDD) and Shortest Processing Time (SPT) by 17% and
14%, respectively. It also completed jobs and had fewer risky
orders. Even though Shortest Processing Time had delays on
average, it completed fewer jobs because it focused on short tasks.
Additionally, an exploratory ablation across the same scenarios
demonstrated that Dual Pair Rank and learning—forgetting
dynamics come up with better results. Furthermore,
representation diagnostics on the 227,717-parameter network
confirm structural stability, with layer matrices retaining up to
98.2% of maximum effective rank without capacity collapse.

Keywords—Deep reinforcement learning; dynamic flexible job
shop; dual-resource scheduling; human-centered manufacturing;
learning and forgetting

1. INTRODUCTION

Scheduling production, or Job Shop Scheduling (JSS), is
one of the core issues in production planning, where Job Shop
Scheduling with flexible resources (FJSS) or Flexible Job Shop
Scheduling (FJSP) assigns precedence-constrained tasks to
available resources to minimize makespan, lateness, or even
resource utilization [1]. FISP has been a challenging problem
in the field of scheduling, since it is NP-hard [2], even harder
than regular JSS [3], because every task can be assigned to more
than one machine [4], thus increasing the search space even
more [5]. Even for JSS, most methods are not able to find a
satisfactory solution for problems of medium to large sizes [6].
The classical problems related to Job Shop Scheduling (JSS)
and its flexible variation (FJSS) have been tackled in the past

decades by numerous mathematical models, as well as by a
wide variety of heuristic and meta-heuristic techniques that aim
to find a solution to production planning problems, by assigning
the tasks to the resources to minimize some performance
measures such as makespan, lateness, or even the amount of
resources which are used for executing the tasks, in
environments where the number of resources is finite and where
each task has a set of precedents that must be satisfied before
the task can be executed [7]. For a long time, a large set of
models [8], heuristics [2], and also of complete and incomplete
search techniques for solving Flexible Job Shop Scheduling
Problems (FJSP) have been studied, since allowing different
machines for one task is considered to be one of the most
challenging issues for FJSS problems, since FJSS is NP-hard in
general [2] and even many techniques that find solutions for
such problems in reasonable running times, have limitations
when they are applied to instances of FJSS Problem of large
dimensions [9]. Another critical challenge that has not been
fully addressed in the FJSS domain is related to dual-resource
(M&R and H&R) assignment, especially when it comes to
modeling and handling the human factor variability while jobs
are being executed. Although the variability of the human factor
has been recently highlighted in production management
literature, the majority of studies have been modeling human
resources as static resources, while in reality, human execution
times follow a dynamic distribution that is influenced by
various factors, including the operator's competencies, skill
levels, and prior experiences [10]. In fact, there are only a few
studies in the field that have modeled human performance, and
those have been using simplistic models and have not been
incorporating learning and forgetting phenomena that have
been proven to play critical roles in operators' performance over
time. While there is an increasing interest in modeling human
competencies and their variability in order to enhance
production performance and improve production operations in
Industry 4.0 and 5.0 environments, more research is clearly
needed to fully address this critical challenge and to effectively
integrate human factors in production settings [11]. This work
tackles the issues of dynamic production in order to deal with
disturbances by proposing a DRL paradigm for the dynamic
dual-resource scheduling (JFDRS) to stabilize the deterministic
decisions of a job shop with two types of resources: machines
and humans. To model the human resources, this work
explicitly models human performance using a learning-
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forgetting operator model that is fed to the DD4LQN (Dynamic
Deep Four Layers Q-Network) by an environment specifying
the Dual Pair-Rank that is produced by a weekly scenario
generator that is given a disruption-aware shop floor.

The study is organized as follows. Section II presents a clear
review of related work concerning DRL-based production
scheduling and the human factors involved in shop-floor
management. The third section elaborates on the disturbance-
aware scenario generator, the Bounded Logistic Learning and
Forgetting (BLLF) modelization, the Dual Pair-Rank (DPR)
modelization, as well as the hierarchical reward structure.
Section IV focuses on the DD4LQN training protocol and the
network architecture; it also gives in detail the framework
results while assessing its performance in comparison with SPT
and EDD scheduling techniques. Finally, Section VI
summarizes the main contributions of the study, discusses the
limitations of the work, and outlines future research avenues.

II.  RELATED WORK AND RESEARCH GAPS

A. Deep Reinforcement Learning for Job Shop and Flexible
Job Shop Scheduling

Deep reinforcement learning (DRL) scheduling is
commonly formulated based on a Markov decision process
(MDP), in which an agent selects actions to maximize
cumulative reward [12], [13]. When transition-relevant
workforce memory is not included in the agent observation,
however, the controller operates under partial observability.
Recently, learned dispatch heuristics are being replaced by deep
value-based policies and by more structured state-action space
representations [14], [15]. However, for these problems of
scheduling abstract resources in abstract environments,
abstraction, incentives, and instances have a huge impact on the
performance of operation control. However, for these abstract
representations of manufacturing environments, operation
control is too complex and hard to manage[16]. In order to
increase the stability of training in DRL models for scheduling,
a target network, a replay buffer, Double DQN, prioritized
replay, and distributional RL are applied in order to deal with
delayed rewards, poor generalization, and a lack of
interpretability of learned controllers. However, these methods
for increasing the stability of training have a lot of serious
drawbacks, such as a high computational cost of training [17].
In addition, a major open research question for assessment and
tie management in DRL for scheduling remains: how to
guarantee environment-level determinism to guarantee
repeatable and auditable dispatching in the presence of
disturbances in shop states and in arrival times of events in a
scheduling environment [18].

B. Dynamic Scheduling Under Disturbances

Dynamic JSS/FISP schedules take into account machine
failures, new task arrivals, and processing time variance.
Scheduling in cyber-physical systems is adaptive but has to be
feasible after interruptions [19], [20]. In recent DRL approaches,
ranking or rule selection is implemented at event points, but
feasibility is often not ensured [21]. Stochasticity,
implementation issues, and hardware characteristics strongly
affect DRL outputs[12], [22]. In scheduling situations, learning
targets are already unstable due to non-determinism of tie-
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breaking, state-altering evaluation, and post-selection duration
re-computation. Thus, there is a severe gap for disturbance-
aware scheduling to guarantee repeatable and auditable
dispatching. This can only be achieved by imposing
determinism on the scheduling environment [23]. For that
purpose, the respective status records have to be treated as hard
constraints, so-called scheduling constraints, and have to be
provided with an authoritative status record and auditable
outcome labels.

C. Human-Centric Scheduling with Learning and Forgetting

However, human factors are not yet sufficiently modeled in
scheduling [10]. Skills for Industry 4.0/5.0 should enable
employees to deal with job changes and to work in a repetitive
and, to some extent, also interrupted manner [11], [24]. The
classical  learning-forgetting-curves (LFCs) are  still
interpretable; however, in many cases they are restricted by re-
assignment, by decay thresholds, and by warm-up procedures
[25], [26]. In many cases, human dynamics are not, or only
poorly, calibrated and are left to the RL loop or are not
integrated at all in human-machine scheduling, as it has been
requested several times [4], [27].

IIl. MODELIZATION AND ENVIRONMENT DEFINITION

A. Problem Formulation and Event-Driven Time Assumptions

Building upon the previously detailed limitations, the
environment is designed as a dynamic dual-resource FJSP,
requiring the duration of tasks along with machine and operator
availability to complete them based on their precedence
constraints. The model tackles three main limitations that had
not been addressed by previous research on FISP: 1) unrealistic
treatment of operators as static resources, 2) Lack of audibility
of infeasibility due to disruptions, and 3) environment-level
non-determinism leading to unstable DRL targets. These hard
constraints are verified by means of authoritative status logs
and by the next-free proxies, i.e., a human operator executes
decisions under continuous event-driven time, (stochastic)
weekly demand, (stipulated) due dates, and operator/machine
unavailability. For cross-week continuity and interpretable skill
progression, human execution is constrained to an ABS-time
representation of learning-forgetting dynamics, i.e., a
(stipulated) week starts at an ABS-time (absolute begin time)
and ends at a forget-time. Four hypotheses are to be evaluated
by the experiments: 1) ABS-time memory leads to more
coherent human-state transitions over weeks than week-reset
memory, (H1); 2) Dual Pair Rank is controllable and efficient
for meeting hard deadlines in a dual-resource environment,
(H2); 3) Result labels and logs of authoritative status are
audible for a human operator for infeasibility caused by
disruptions, (H3); and 4) a Quote-then-Commit framework with
deterministic Quote and a specified then-commit rule and tie-
breaking rule stabilizes the DD4LQN environment, (H4).

B. Weekly Scenario Generator and Continuous-Time
Simulation

To train the DRL agent in an environment that is as realistic
as possible but at the same time under control, it is important to
isolate the weekly stochastic realizations from the master data.
In this way, in order to avoid an artificial drift but at the same
time ensure to keep the cross-week continuity. The master-data
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layer of the environment describes a fixed shop with 20
machines and 12 operators, as well as a product catalog that
consists of an occasional pool (P16—P20) and a known pool
(P1-P15); see Fig. 1. The operators are described by their initial
experience, their warm-up units, as well as by their forgetting
thresholds. In this way, the skill of the operators can be
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transferred from one week to another. Each product goes
through a fixed number of 3 to 5 tasks. Each task has a set of
eligible machines as well as a set of standard processing times
for these machines. A product also has a deadline for each
weekly scenario that includes the external constraints of the
client.

e * B
/(A) GLOBAL MASTER DATA — Static Catalog and Operator Profiles
Product Catalog — Two Pools Operator Pool — Human-Centric Parameters
KNOWN POOL OCCASIONAL POOL LA O L T L I L
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((B) Week 1 — ABS mterval [0, 3,360 min]
Orders From the 13-Product Weekly Set

LOCAL week time

Week 1 Nominal Workload (KPI Grid) (Benchmark Controls: PASS)
Nominal Workload ~ Machine Load Machine Load  Unavalion Load ~ Machine Load

; 36.6% 13.7% 20.3% 12.4%
resource-min resource-min resource-min resource-min
Machine Load ~ Machine Load ~ Machine Load  Unavailare Load Benchmark |
18.7% 10.7% 6.6% 0.2% Controls: PASS |

\_ resource-min resource-min resource-min

Quantity Deadline ABS/LOCAL Quantity Quantity Deadline
P7 and P18 28/35 3,360 P2 and P18 ABS 6,720 / LOCAL 3,360
Resource-Status Timelines Staggering close Resource-Status Timelines
0 0,716 716,056 1056,1417 1417,2714 2741 3360 0 0373 1363 2701 3360
M1[ ide [ busy [ idle | busy | ide | busy | | state | M1 [busy] idle [ busy | idle |
0 0,36 36.178 178,639 639,1308  1308,19171917,2717 Contnulty 0 0,1276 1437 3228 3360
O3[ ide [busy] idle [unavailable| idle [ busy [ idle | 03] idle [ busy | idle [ unavailable |

(C) Week 2 — ABS interval [3,360, 6,720 min]
Orders From the 12-Product Weekly Set

LOCAL week time
[Benchmark Controls: PASS
Machine Load

Week 2 Nominal Workload (KPI Grid)

Nominal Workload ~ Machine Load Machine Load  Unavalloa Load

] 34.1% 14.7% 20.0%. 13.7%.
resource-min resource-min resource-min resource-min
Machine Load Machine Load ~ Machine Load  Unavailare Load Benchmark
10,875 14.3% 6.2% 0.6% Controls: PASS

\_ resource-min resource-min resource-min

Workload controls: operator load 55-65%; maximum fixed-machine load <80%; maximum equal-share proxy 60-85%. Because the same workload simultaneously requires one

machine and one operator, operator load =

Fig. 1.

As presented in Fig. 1, the generator randomly generates an
order mix of 8-10 regular products and 1-5 irregular products
on a weekly basis over 3360 minutes. The batch sizes are
between 25 and 40 units. The local windows are defined for idle,
busy, maintenance, absent, and unavailable times of machines
and operators. The due dates are generated on an ABS timeline
spanning weeks or more, and then mapped to the local week
timeline in order to calculate feasibility and rewards. The test
instances use 22,228-26,067 resource-minutes every week to
analyze 11-14 products and 44-53 tasks. The 20 machines
(67,200 min) and 12 operators (40,320 min) result in an
operator-to-machine load ratio of 1.67 since each operation
requires both a machine and an operator at the same time.
Therefore, system restrictions are driven by operator load
(55.1-64.7%) rather than machine load (33.1-38.8%). Limited
flexibility (1.39—1.73 machines/operation) results in 84.8% of
localized bottlenecks. This 20-machine setup incorporates
practical dual-resource, due-date, and human-performance
limitations while offering a scale context similar to traditional
FJSP benchmarks of Brandimarte [28] and Hurink [29] work.
The current generator does not include sequence-dependent
setup, repair rules, transport, and multi-operator activities.

C. Logistic Learning—Forgetting Performance Model

More accurate models of learning and forgetting are
required. Although traditional learning-forgetting models, such
as those proposed by Wright [30] and Ebbinghaus [42], are

(20/12) x machine load = 1.67x. Reported loads are nominal capacity descriptors, not realized utilization.

Weekly scenario generator and continuous-time simulation logic.

simple to understand and follow, they treat learning and
forgetting as separate processes, failing to capture constrained,
non-linear learning trajectories affected by the warmup and
interruption effects. Others, such as ODE-based models [31]
unify the two learning processes, yet are less transparent and
are difficult to calibrate for the type of disturbance analysis in
question. Alternatively, learning processes have been modeled
using data-driven techniques such as LSTM networks [32] and
Model-Agnostic Meta-Learning (MAML) [33]. However, as
black-box models, they are very adaptive but require a lot of
data to learn from. There are also more complete cognitive
models of human learning, such as the Adaptive Control of
Thought—Rational (ACT-R) cognitive architecture [32]. Yet,
such models are also too complex and thus not suitable for
industrial, widespread application. Finally, Distributed
Reinforcement Learning (DRL) has been applied for worker-
aware scheduling and task allocation; however, as in the case of
learning, the performance evolution of such systems is also
difficult to understand [34].

To represent the evolution of operator performance across
repeated task assignments, this study adopts bounded learning
and forgetting mechanisms [4], [35]. For every unit processed
by operator O on task t, performance is computed according to

Eq. (1):

P(O ,T)n+1

Pmax—P(o ,T)"
So(n—-Mo 1)

=P(o,D)" +

(1)

1+exp[—
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where, P(o,7)" is the operator's performance after n
processed units, Mo, is the learning midpoint related to the
operator—task pair, Pmax is the upper performance constraint,
and So is the operator learning rate. The updated performance
falls within [P0, Pmax]. As a result, performance continuously
improves toward Pmax with repeated execution, and each unit's
effective processing time is calculated by dividing its standard
time by the associated performance level.

The model attempts to maintain operator-task memory
throughout subsequent weeks, allowing the same operator to be
reassigned to the same work. The absolute idle duration is
computed as the difference between the start time of the new
assignment and the prior absolute completion time.

Only when this duration is superior to the task-operator
specific threshold So,t does forgetting become active. Eq. (2)
determines the performance at the initial stage of the new

(a) Bounded logistic learning

A

Performance approaches P,y
Pmax S R - o o s a2

Saturation phase
Slower gains near Prax

Learning acceleration
Performance gains increase

Learning midpoint (M, ;)
Maximum learning rate

=x

Warm-up phase
Slow initial learning

n=0

Operator-task performance, P, .(n)

\ 4

n=M,
Processed units, n

Pmax_PO

Poz(n) = Prax — W

(¢))
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assignment:

P(o,7)Last_pmin
1+exp[ — Fo(At—So ,7)

P(o,t,At)5%"t = Pmin + )

where, Fo is the forgetting curve, Pmin is the lower
performance bound, At is the absolute idle duration, and P(o,t
)Last the performance attained following the previous task
execution.

As a result, performance is maintained prior to the
forgetting threshold and then monotonically declines toward
Pmin as inactivity increases. Instead of starting from the
operator's initial experience level, learning resumes from this
retained performance after reassignment. Fig. 2 illustrates the
resulting bounded learning and threshold-activated forgetting
dynamics.

(b) Threshold-activated logistic forgetting
A

Retention — no forgetting 1 Az > Sy«

At< 8,1 Forgetting active
Previous
execution

performance level )
Fastest decline

Slower decline
toward Py,

Operator-task performance, P, ,(At)

Pmin “““““““““““““““““““““““““““““““
At=0 At=S,: ® -
Absolute idle duration, At
o i if At < Soz
Po(At) = X @

P 2
y o S
Pain + 1 sy 1A o

Upon reassignment, learning resumes from retained performance.

Fig. 2. Operator—task performance dynamics under repeated execution and interruption: (a) logistic learning toward the upper performance bound and (b)
retention followed by logistic forgetting toward the lower performance bound.

As illustrated in Fig. 2 the bounded learning and forgetting
curves reflect task-specific operator performance under
repeated execution and protracted inactivity. By incorporating
these human-performance dynamics into the RL scheduling
loop, the proposed model compensates for workforce skill
evolution when making production-planning decisions.

The BLLF model provides an explicit synthetic framework
to evaluate the robustness of DRL policies against variability in
human performance. The qualitative mechanisms (e.g.,
threshold-activated decay and bounded retention) are consistent
with empirical ergonomics literature of Baily [36] Nembhard
[37] and Hoedt [38] contributions but the particular numerical
parameter ranges (P(o ,t) €[0.60, 0.85], So € [0.20, 0.35], Fo
€ [0.35, 0.60]) are artificial scenarios. For starters, the study's
findings are based on artificial, simplified conditions rather
than real-world testing. Future validation is still needed for

empirical calibration utilizing shop-floor cycle-time records
(e.g., Lago Alvarez, 2025 [39]).

D. Machine-Operator Dual Pair Ranking

The study considers a dynamic dual-resource job shop in
which every operation requires one eligible machine and one
eligible operator. Machine and operator unavailability, different
release times, and time-dependent human processing times
make pair assignment a multi-criteria decision. For a
dispatchable task Tij at decision time t, a candidate ¢ = (Tij, t,
m, o) is retained only when machine m and operator o are
simultaneously feasible and its quoted completion time lies
within the planning horizon H. Dual Pair Rank then converts
the feasible pair attributes into one deterministic cost so that the
selected pair is stable and reproducible. Although DD4LQN
selects the product identifier, Dual Pair Rank performs the
subsequent machine-operator assignment for the current
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operation. This separation implies that the learned policy and
resource-pairing must be evaluated as distinct components of
the system.

1) Deterministic scalarization for pair ranking: For each
feasible candidate, Dual Pair Rank combines five bounded
costs: Machine Rank MR(c), Operator Rank OR(c), deadline-
risk cost URG(c), normalized earliest-start cost EST N(c), and
normalized predicted-underperformance cost UP_N(c). Lower
values are preferred.

Vol. 17, No. 8, 2026

[1P(3) = oM MP(x) + @0 OP(y) + oy YPI'(x) + ot EXTx(y) +
on YIIn(Y) )

where, ' wi = 1 and wi > 0 are satisfied by the weight
vector w = (wWwm, Wo, Wu, Wg, wp) = (0.25, 0.30, 0.20, 0.15, 0.10).
A lower score PR(c) implies a more advantageous candidate
assignment because each component corresponds to a cost
metric. Table I presents operational definitions and significance
of each criterion.

TABLE L PARAMETERIZATION, OPERATIONAL DEFINITIONS, AND SIGNIFICANCE OF DUAL PAIR RANK COMPONENTS
Criteria Wi Operational Definition Domain Significance
Prevents machine overload and bottlenecks by Keeps machine workloads evenly distributed around the shop
Machine Rank (MR) 0.25 | evaluating a machine's past workload and future queue floor by preventing the system from overloading popular
to determine how busy it is. machines and accumulating work [40].
. By accounting for skill loss and warm-up time, it avoids
Takes into account operator slowdowns, memory loss depending solely on the best employees and promotes equitable
Operator Rank (OR) 0.30 | during idle periods, and warm-up delays when P & sorely on | St employ! na p q
.2 . . operator rotation while maintaining a rapid pace of work [41],
estimating the time and effort required by an operator. [42]
Determines how close a task is to its due date, which Accelerates critical tasks as their due dates approach, but limits
Emergency (URG) 0.20 | results in advancing critical tasks and preventing past- past-due tasks to prevent them from disrupting or taking over
due tasks from totally breaking the system's logic. the decision-making process [43], [44].

. . Selects earlier possibilities to save needless waiting Eliminates needless waiting and prevents the system from
Earliest Start Time . . S . L .
(ESTy) 0.15 | time by comparing acceptable start timings to start a selecting a late start time just because the worker or machine

task. score appears to be high [45], [46].
Penalizes worker-machine pairings that are abnormally | Eliminates incredibly sluggish worker-machine combinations
Underperformance . L e o . . . . . .
0.10 | slow in order to prevent selecting incredibly inefficient | without applying excessive penalties or double counting
Penalty (UPx) .
combinations. operator slowdowns.

Table I shows that by integrating workforce priorities,
deadline buffers, and efficiency protections into an elementary
[0, 1] cost score, PR(c)'s design achieves a balance between
shop-floor stability, human performance, and timetable
timeliness. The approach keeps machine usage balanced while
avoiding overworking the best operators and preventing
burnout. It also aims to prevent late orders from breaking the
decision logic and introduces small safeguards to prevent
pointless waiting time and avoid poor resource pairings.

2) Weight derivation and limits of the justification:
Although the literature currently supports these five criteria, it
does not impose particular numerical weights. The weight
vector {w} =(0.25, 0.30, 0.20, 0.15, 0.10) was formalized using
the Revised Simos rank-order process [47] to guarantee strict
scientific repeatability. The process produces non-normalized
scores of 1.0, 1.5, 2.0, 2.5, and 3.0 that normalize straight to
their final values using an importance ratio z = 3 and become
0.10, 0.15, 0.20, 0.25, and 0.30, respectively dividing by their
sum of 10 yields across the ordered criteria (UPN < ESTN <
URG < MR < OR): Because operator performance varies
depending on task experience, idle time, forgetfulness, and
warm-up, OR is given the highest weight [41], [42]. This
decision is also in line with the workload benchmark, where
nominal machine load (33.1%-38.8%) is less than nominal
operator load (55.1%-64.7%). Because machine eligibility
might concentrate workload and cause local delays, MR comes
in second [40]. Remaining deadline slack is safeguarded by
URG [43], [44]. Although ESTy avoids unnecessary delays, it
somewhat overlaps with URG [45], [46]. UPy is a low-weight

precaution as OR and QED already exhibit the anticipated
slowness.

3) Determinism and auditability: At each decision step, the
scheduler reads task descriptors (QSD, quantity, and week-
local deadline), dual-resource availability, and ABS-time
operator memory. It quotes QED without mutating operator
state, rejects candidates that violate the horizon or availability
logs, computes PR(c), and commits the lowest-cost feasible
pair. The technique ensures that the same decision is taken each
and every time when scores are tied by zeroing out identical
numbers and using a predetermined backup checklist.

4) Case identification and interpretability in stochastic
manufacturing settings: The following code block outlines the
rule set to dispatch an eligible product-task, producing either a
committed assignment or an informative outcome label to
enable auditability:

e Rule 1: If job, routing, or standard time for the task is
missing, then the instance is ill-posed and should be
flagged as such.

e Rule 2: Quotations for the job (deterministic quotations
for stateless tasks) are to be assessed by the dispatching
process.

e Rule 3: Declare the step unfeasible when no candidate
meets the planning horizon of the step.

e Rule 4: Record blocking disturbance. Remove tasks that
are blocked by tasks within non-working log-intervals
of the same task of different jobs of the same product.
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e Rule 5: Record the Dual Pair Rank for the viable
candidates.

e Rule 6: The score, start time, end time, machine ID, and
operator ID of the chosen Dual Pair are determined in a
deterministic way to resolve any remaining open issues
for the pair selection process and thereby also for the
step execution process.

e Rule 7: There is an ABS-time idle gap for forgetting to
be applied.

e Rule 8: Commit without recalculating using the saved
quote.

e Rule 9: Log any exceptions that have occurred during
the commit step and cancel them.

The decision time, job ID, considered candidates, deadline
and slack, size of the considered set, selected machine-operator
pair, quoted duration for the selected pair, outcome labels for
the considered pair(s), tie-breaking information, and
information about any forgetting that occurs at commit time are
recorded for reproducibility

E. Reward Configuration

The suggested Dynamic Deep 4-layer Q-Network for
Dynamic Job Shop Scheduling (DD4LQN-DJSS) relies on a
robust reward design to guide the RL agent in identifying the
best schedules for a given setting. A hierarchical incentive
scheme will enable the agent to evaluate tasks’ execution
quality, product compliance with deadlines, and overall
schedule performance. The industrial context of a flexible job
shop is modeled as a dual-resource flexible job shop where each
activity is assumed to require an eligible machine as well as an
available operator. For this model, a human-centric gap is
addressed via a dynamic performance formulation in order to
capture its variability. The skill improvement and degradation
of the operators are modeled by a Bounded Logistic Learning

and Forgetting (BLLF) model, presented in the previous section.

This formulation presents the advantage of being compatible
with the use of RL-based training in a dynamic DJSS setting.

1) Problem definition and constraints

a) Sets and indices: For a given job shop, let m € M be
the set of machines, and k€ K be the set of operators. For a
given product/jobs j € J, let Tij< 0Oij be the set of ordered tasks
(or operations). The weekly horizon is denoted by H. For a
given task (or operation) Tij € Oij, the set of eligible machines
is denoted by M{i,j} € M, and the set of eligible operators is
denoted by K {i,j} € K.

b) Parameters: The model contains several parameters
that can be used. The due date of a job Dj can be used as a
reward shaping parameter, and the batch size qj of a job can
also be used. The nominal unit processing time of a task Tij is
denoted by stdij, and a stabilizer £>0 can also be added to keep
the reward function stable. Lastly, a dimensionless operator k
performance level for an operation Tij on a machine M at time
t (minutes) foraunit1 € {1...,qj} is denoted by Perf (k,i,j,t,1,m).

¢) Decision variables: Assigning tasks to machine-
operator pairs is denoted by xijmk; execution of tasks within a
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given time horizon is denoted by uij; starting and completion
times are denoted by Sij and Cij, respectively. Incomplete jobs
are denoted by Ij, and completion time and tardiness are
denoted by Cj and Tj, respectively. Machine and operator
ordering constraints are modeled by disjunctive variables.

2) Flexible Job Shop constraints and resource capacity
Flexible Job Shop and resource capacity constraints impose:

e FEach executed operation is assigned to exactly one
eligible machine-operator pair;

e Route precedence compliance within each job;

e Completion Time = Start Time + Effective Processing
Time of task at hand;

e No overlap on both machines and operators through
disjunctive sequencing;

e Horizon feasibility.

For the purpose of penalizing partial products, Ij=1 and Cj
are set to H for any job that is not completed in full by its
corresponding decision variables.

3) Reward design: task shaping, product shaping, and
schedule-level objective

a) Task-level reward: Eq. (4) presents the task-level
reward for a task (i,j) that has been executed. It shows the
Quantity of Effective Duration (QED) that has been achieved
in comparison to the nominal workload (QSD) for the task (i ),
which is defined as QSD = (stdij * qj), and Effective Duration
for a unit as stdij divided by operator unit performanceij. Add
up the Effective Duration of all units to get the QED for a task.

Rij = quij 4)

QSD+E

Late and early completion of tasks are penalized and
rewarded, respectively. There is no task reward for unscheduled
tasks. The task reward is managed at the product level.

b) Unified product reward: Let’s establish 4j, 1, and yj
as the fractions of early-completed, late-completed, and
unscheduled workload using nominal workloads as weights.
A+ wjtvj =1 Lateness and earliness for a given task are defined
in Eq. (5) below:

_ Dj—Cj
- max(g,Dj)

)

where, Aj"and Aj" represent the normalized lateness and
normalized earliness, as follows: Aj” = min (0, Aj) and Aj" =
max (0, Aj). Given that Rij is the mean task reward for task (i,j),
the unified product reward is defined as follows in Eq. (6):

Pnpoﬁ@z Pﬂup + (1 + K.|_q)).®@+ + (] + K [q)).@q) - waX@q) (6)

Notes: 1) The last term vanishes and yj=0 if the product is
finished. 2) If incomplete, yj>0 induces the explicit
unscheduled-workload penalty, but Cj=H implies Aj becomes
the conservative end-of-week due-date term.

¢) Schedule reward with tardiness: To make sure the
total tardiness is taken into account by the agent, Eq. (7) is
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modified to the schedule reward, where T is the total tardiness

(for all the products) and Rprod is the mean product reward.
H

BT = ive )
Eq. (8) below shows the ultimate schedule reward:
Poynes = Plrpos + Bo (8)

In summary, our model uses a hierarchical reward structure
to force the DD4LQN scheduler to optimize global due-date
satisfaction, product completion quality, and local execution
quality in order to achieve a single hierarchical goal.

F. Internal Simulator State and Partial Observation

Operator forgetting and learning are influenced by previous
task assignments. As a result, the simulator keeps the data from
the past that may influence the subsequent change. At the
moment of choice t, the entire internal state is presented in Eq.
9:

Xt = (Tt Jo My, O, He, Q) (9)

The components are as follows: O, the corresponding
operator information; H,  operator-task  proficiency,
accumulated learning exposure, last absolute completion time,
and elapsed idle time; Q, pending events and remaining
disruption information; J,, product progress, current operations,
quantities, deadlines, completion times, and feasibility flags;
and M,, machine status, next-free time, current assignment, and
remaining availability calendar.

The entire simulator transition -presented in Eq. 10- meets
the following since x; contains all dynamic variables that are
used to calculate the next event, effective duration, resource
assignment, reward, and operator-memory update:

P(Xeyq | X000 Qo:t) = P(Xpqq | X ar) (10)

The Dynamic Deep Four-Layer Q-Network (DD4LQN)
does not observe x, directly. Its compact observation is
presented in Eq. (11):

o = @(x) = [btorbéw:gt] (1)

In this case, operator-availability indications are in b,
machine-availability indicators are in bM, and product-
operation progress is in g.. The same output can have varying
effective lengths depending on the operator's history. DD4LQN
product selection is a partially observable Markov decision
process (POMDP), although the simulator is still Markovian in
x.. Only the product identifier is chosen by DD4LQN. The
machine-operator pair is assigned using the rule-based Dual
Pair Rank using all of the simulator data.

IV. DRL AGENT AND TRAINING PROTOCOL

A. Action Space and Environment-Step Semantics

The scheduling system is not end-to-end learnt, but rather
hybrid. DD4LQN chooses a product from the compact
observation o, described in Section III-F at each decision epoch.
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The environment maintains the entire internal state x; for
machine-operator assignment, operator-memory updates,
duration computation, and feasibility checking. The suggested
DDA4LQN scheduler is a decision-making process that is event-
driven. The Al selects a product ID from a predetermined
universe (P1-P20) at each decision point. It identifies the
dispatchable job of the product (the subsequent unscheduled
activity in compliance with priority restrictions) and chooses
the dispatch focus without assigning any machines or operators.
The environment keeps moving to the remaining products if the
chosen one is already finished or flagged. Additionally, the
environment processes completion events to maintain an
ongoing weekly timetable. For every dispatchable task
assignment attempt, the agent first determines the earliest start
time by assessing the viability of each (machine, operator)
candidate; DD4LQN does not choose the machine-operator
pairing. The candidate interval must respect the weekly horizon
as well as the status-log window (machine and/or operator
unavailability). Dual Pair Ranking is used as tie break to select
the most accurate pairing for a given task, leading to operator
task and machine memory calendars being updated after
completion. Learning-forgetting updates are only updated at the
commit stage to maintain consistent action labels.

The quoted duration is subsequently booked by Quote-then-
Commit, which also modifies the operator-task memory,
machine calendar, and operator calendar. As a result, the rule-
based approach is used for the resource allocation and
feasibility check, while the learnt contribution is restricted to
the product-level dispatch priority. Thus, the incremental effect
of the learned component is evaluated against EDD and SPT
product-selection rules while keeping the same scenario, Dual
Pair Rank, learning-forgetting model, Quote-then-Commit rule,
and tie-breaking convention.

B. DD4LQON Network Architecture

A fixed-size observation vector comprising 1) machine-
availability indicators, 2) operator-availability indicators, and 3)
fixed product-operation progress windows is sent to DD4LQN.
The Q-function is approximated using a grouped feature
encoder in a Dynamic Deep 4-Layer Q-Network (DD4LQN).
These blocks are processed by distinct operator, machine, and
product observation encoders before shared trunk layers
combine their outputs. In order to prevent conflict at the first
level of representation, this grouping makes sure that job
progression and resource availability are caused by various
physical factors. An advantage stream and an observation-value
stream are created by the dueling head from the Q-values. This
enables the network to determine the baseline attractiveness of
the compact observation as well as the proportionate benefit of
each product activity. This is particularly useful for dispatching,
where the learning signal is often driven by fine ranking of
actions rather than absolute value, and several actions may be
similarly bad under congestion. Fig. 3 outlines the entire
architecture to link learning and execution explicitly — at both
the policy level and the workforce level.
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Fig. 3. DD4LQN Architecture and weekly protocol: (a) architecture, environment, ranking, reward, (b) weekly ENTRY/EXIT curriculum and ABS learning
continuity.

The compact DD4LQN observation o, provided to the
neural network from the entire internal simulator state X
utilized by the environment is shown in Fig. 3.

Moreover, Fig. 3 illustrates two interconnected learning
loops: a micro loop that lies beneath the ABS-time learning-
forgetting continuity during the weekly ENTRY/EXIT
evaluations, and a macro-RL loop based on replay memory,
minibatch learning, and a target network. The training employs
a replay buffer containing 10,000 transitions, prioritized replay,
minibatches of 32 samples, y=0.99, lr=10—4, SmoothL1 loss,
and has the target network refreshed every 50 episodes [17],
[48]. The curriculum includes ten weekly scenarios, each
consisting of 1000 episodes, and the greedy ENTRY/EXIT
assessments (with € = 0) are used to distinguish between within-
week adaptation and cross-week transfer.

V. EXPERIMENTAL SETUP AND RESULTS

A. Reporting Protocol and Logged Indicators

Week 1 is considered the cold-start reference, while week
10 is the late-curriculum reference; the comparison between the
two aims to make the learning path comprehensible. Reporting
includes numerical representation of schedule viability and

resource allocation. This link is established through product-
and schedule levels rewards trajectories, ENTRY/EXIT KPI
tables, and machine and operator Gantt charts. Reporting
includes product tardiness, flagged products, completion rate,
sample efficiency (E90), and convergence stability (CV
(last20)). These metrics are meant to evaluate training stability,
feasibility robustness, adaptation quality and due-date
management.

B. Statistical Evaluation Unit

To evaluate algorithmic variability independently of the
stochastic environment, every configuration was assessed five
times each week (K=5) to determine the degree of variation in
each policy's outcomes. During these five rounds, the weekly
scenario did not vary, guaranteeing a fair comparison of the
policies.

Using the fixed seed 123, ten consecutive weekly scenarios
were produced, and the same weekly demand, resource
availability, and operating conditions were used to evaluate
every policy. The mean (p) and standard deviation (o) were
computed from the five evaluation runs for each week. The
outcomes across the ten weekly means are then summarized in
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the cross-week tables. The calculations of p and o are defined
by Eq. (10) and (11), respectively:

K i—
p==SEXwi (10);0= /—21(’”;‘1 ZEN)

Here, Xw,i is the KPI obtained during rollout i of week w
(e.g., total tardiness, mean completion rate).

1) Cold-start learning behavior: Week 1: Week 1 is used
as the baseline for the agent's behavior during the early stages
of exploration when the value targets are unstable. The reward
trajectory varies greatly from one episode to the next, exhibiting
a weak ENTRY baseline and frequent oscillations, as shown in

Fig. 4.
Reward Evolution (FINAL) — Week 1

0.4

=
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Final schedule reward

— Final schedule reward
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Fig. 4. Week 1 reward evolution.

Fig. 4 indicates that Week 1 emphasizes learning and
exploration rather than using an existing scheduling policy.

Vol. 17, No. 8, 2026

Table II shows the benchmark KPIs under greedy evaluation
(e=0) before and after training to measure this initial behavior.
It provides a presentation of the schedule reward, the total
tardiness, the number of flagged items, the completion, and the
convergence stability CV (last20), as well as the sample
efficiency E90.

TABLE II. BENCHMARK KPI SUMMARY FOR WEEK 1
KPI ENTRY (€=0) EXIT (£€=0)

sstfil;ed“le reward (mean & -0,8925+0,1948 | 0,1194 +0,1699
Total tardiness (mean = std) | 384,0+£192,0 96,0 £192,0
Flagged products (mean + 9.40+ 1,02 540+ 1,02
std)
Completion rate 0,22 0,57
Sti‘lblllty CV (last 20 2415
episodes)
Sample efficiency E90 668
(Episodes)

Overall tardiness decreases from 384+192 to 96192, while
scheduling reward rises from —0.89254+0.1948 at ENTRY to
0.1194+0.1699 at EXIT, indicating a clear within-week learning
effect. While flagged products drop from 9.40+1.02 to
5.40£1.02, the completion rate rises from 0.22 to 0.57. However,
the convergence indicators remain poor (CV (last20) =2.415,
E90=668), suggesting that Week 1 still struggles with early-
stage learning instability rather than consolidated policy
maturity.

Fig. 5 shows the ideal ABS-time Week 1 product-machine
schedule (R=0. 5194).

Machine Gantt (ABS) - Week 1
Best FINAL schedule reward: 0.5194
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Fig. 5. Product-machine GANTT for week 1.
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Since the assignment is highly dependent on both operator
and machine availability, Fig. 6 displays the ideal ABS-Time
product-operator Gantt for week 1, enabling structural

Vol. 17, No. 8, 2026

interpretation beyond scalar reward values. This representation
is vital to get the full picture of the operator and machine
availability checks.

Operator Gantt (ABS) - Week 1
Best FINAL schedule reward: 0.5194
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=]

ABS time (minutes)

Fig. 6. Product-operator GANTT for week 1.

Fig. 5 and 6 present a structural description of the optimal
Week 1 schedule. Feasibility losses are depicted in the product-
machine Gantt, indicating dense processing blocks with idle
spans due to operators’ unavailability. The product-operator
Gantt completes the schedule scope by indicating machine-
operator cooperation. The best schedule indicates a small
percentage of uncompleted products.

This constatation imposes a verification of product reward;
Fig. 7 shows whether the product reward is distributed or
concentrated on a small number of higher ones.

Product Rewards (NEW hierarchical)

108
066
I 054

o

0.28 0.27

0.23

Reward

& g
Products

P FAREE 4 @ & LA R

Fig. 7. Week 1 best schedule product rewards.

Fig. 7 illustrates a bimodal distribution of product rewards.
High-performing products such as P13 = 1.41 and P17 = 1.08

2000 2500 3000

demonstrate successful end-to-end routing, while unfinished
items receive severe rewards (P15 = —0. 32, P19 = -1, P18 =

-1).

When combined, Table II and Fig. 5 and 6 show that EXIT
gains are a sign of broader completion improvements.

2) Late-curriculum learning behavior: Week 10: Under
disrupted dual-resource conditions, the schedule reward
trajectory in Fig. 8 is the first sign that the agent goes from
week-specific adaptation to a certain setting to steady
convergence and reliable cross-week transfer. The late-
curriculum benchmark is Week 10 present a smoother pattern
of the schedule reward evolution that remains concentrated at a
much higher mean level. This presents an improvement from
the extremely erratic low-level curve displayed in Week 1.

Reward Evolution (FINAL) — Week 10

1.0
50 IR
H B b L
: |
3 06
bl
0
=y
%
= 044
c
E

12T= Final schedule reward

~— Moving avg (10)

T

T T T T
0 400 600 800 1000

Episode

200

Fig. 8. Week 10 reward evolution.
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This figure clearly illustrates a shift from exploration-driven

instability to policy-driven patterns.

To get a full picture, our analysis includes the Week 10
ENTRY/EXIT benchmark KPIs under greedy evaluation (e=0)

summarized in Table III.

(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 8, 2026

evidenced by the ENTRY schedule reward, which is already
0.6520 £ 0.1925 (higher that week 1 schedule reward by the
ENTRY: -0,8925 + 0,1948) and rises significantly to 0.9521 +
0.1031at EXIT (higher that week 1 schedule reward by the
EXIT: 0,1194 + 0,1699). The completion rate rises from 0.71
to 0.82 (higher than week 1 values, which went from 0.22 to
0.57). The total tardiness goes from an ENTRY value of 288.0

TABLEIIL — BENCHMARK KPLSUMMARY FOR WEEK 10 + 235.2 to an EXIT value of 96.0 £ 192.0, compared to a
decrease in tardiness for week 1 from 384+192 to 96+192.
K ENTRYED) EXITE0) Furthermore, products that are flagged decrease from 3.80 +
Schedule reward (mean + 06520 £0.1925 | 09521 +0.1031 0.75 to 2.40 + 0.49, compared to Week 1 flagged product
std) evolution 9.40+1.02 to 5.40+1.02.These observations remain
Total tardiness (mean = std) | 288.0 +235.2 96.0 + 192.0 consistent with the much lower convergence variance reported
Flagged products (mean = for Week 10 (CV(lastZQ)=0.188, E90=9) compared with the
std) 3.80+0.75 2.40 + 0.49 Week 1 previously displayed value (CV(last20)=2. 415,

E90=668).

Completion rate 0.71 0.82

Similarly, Fig. 9 shows the ideal ABS-time Week 10
Stability CV (last 20 0.188 product-machine schedule (R=1. 0782). To complete the visual
episodes) - display in accordance with dual resource availability. To
(Sl?;';:")lg:s)fﬁmency E90 9 complete the visual display in accordance with dual resource

Week 10 begins with a stronger foundation than Week 1, as

availability, Fig. 10 displays the ideal ABS-Time product-
operator Gantt for week 10.

Machine Gantt (ABS) - Week 10
Best FINAL schedule reward: 1.0782
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Fig. 9. Product-machine GANTT for week 10.
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Operator Gantt (ABS) - Week 10
Best FINAL schedule reward: 1.0782
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Fig. 10. Products-operator GANTT for week 10.

Fig. 9 displays a more rational machine-capacity allocation
than in Week 1; in the best schedule displayed, all 11 items are
completed on time, which is in line with Table III's results. The
complementary operator-side perspective in Fig. 10 confirms
that this result is achieved through practical machine-operator
coordination rather than hidden overload or conflicts. The
product reward of the 10" week distribution is depicted in Fig.
11, just like in week 1.

Product Rewards (NEW hierarchical)
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Fig. 11. Week 10 best schedule product rewards.

With several products grouped around reward values going
from 0.52 to 1.22, with the exception of P15=-0,05 and P19=-
1, the distribution in the figure is consistently favorable. This is
a major improvement over the bimodal Week 1 pattern, where
incomplete items faced severe penalties and a small number of

products received strong positive rewards. As a result, Fig. 11
demonstrates that by Week 10, the policy improves feasibility
and reward quality across the entire weekly mix rather than just
the most basic products.

C. Cross-Week Benchmark Comparison: DD4LON-EXIT,
EDD, and SPT

We performed a post-hoc comparison between the trained
DD4LQN policy and two common dispatching rules: Earliest
Due Date (EDD) and Shortest Processing Time (SPT). While
maintaining the same downstream scheduling processes, the
experiment isolates decision-making at the product level. Each
policy chose the subsequent product to be processed at each
decision event:

e DDALQN-EXIT: Applied the Deep Q-Learning policy
that had been trained.

e EDD: The active product with the earliest local deadline
was chosen.

e SPT: The product with the shortest nominal processing
time was chosen.

Everything else in the system was maintained strictly the
same across five test runs in order to maintain test fairness. The
rules for selecting machine-worker pairs, managing breaks,
monitoring worker skill loss, establishing deadlines, breaking
ties, and computing scores were the same for each choice, and
their weekly performance is displayed in Fig. 12.
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Fig. 12. Weekly performance of DD4LQN-EXIT, EDD, and SPT under identical downstream scheduling conditions. Each data point reflects the mean of five
evaluation rollouts.

Fig. 12 shows that DD4LQN-EXIT outperforms baseline
heuristics in terms of performance stability and balance

throughout 10-week scenarios across all four evaluation metrics.

SPT prioritizes short jobs to reduce tardiness during low-
demand weeks, but under high workloads, it experiences
important losses. On the other hand, during interruption events,
EDD faces significant reward declines and significant tardiness
spikes (exceeding 900 minutes in Weeks 8 and 9). By limiting
overall tardiness, continuously reducing risk-flagged items
(~5.5 in volatile Week 1 compared to >7 for EDD and SPT),
and sustaining superior completion rates under high-workload
conditions (~57% versus <40%), DD4LQN-EXIT reduces
these failure modes.

Thus, robust multi-objective schedule stability is ensured by
learnt product selection, which eliminates localized trade-off
extremes. Table IV offers a thorough quantitative comparison
of all rollouts by summarizing the whole ten-week aggregate
metrics.

TABLEIV. CONTROLLED TEN-WEEK COMPARISON OF PRODUCT-
SELECTION POLICIES
DD4LQN-

KPI EXIT EDD SPT
Schedule 0.5843 + 0.4995 = 0.5126+
(higher) 0.2963 0.4173 0.4201
Total
tardiness, min 305.0 +289.7 523.5+364.3 261.3+2432
(lower)

Flagged
products 3.56+1.23 3.74£2.00 3.88+2.05
(lower)

Completion
rate, %
(higher)

DD4LQN-EXIT had the best multi-objective balance over
the course of the ten-week test. It increased completion by 1.77
percentage points, decreased mean tardiness by 41.7%, and
outperformed EDD by 17.0% in schedule reward. DD4LQN-
EXIT increased schedule reward by 14.0%, reduced risk-
flagged goods by 8.2%, and increased completion by 2.55
percentage points in comparison to SPT. Although SPT
produced the lowest average delay (261.3 vs. 305.0),
incomplete orders are not included in this statistic. Prioritizing
short, simple tasks leads to a lower total completion rate
(68.72%), which is the reason for SPT's lower tardiness. In the
end, learnt product selection provides the most consistent
overall performance under dynamic shop conditions and avoids
the failure modes of single-rule heuristics.

71.27+10.13 69.50 + 16.78 68.72 +17.18

D. Exploratory Component Ablation Study

Table V uses the same ten frozen weekly scenarios created
with seed 123 to compare the whole framework (whole) with
three runtime ablations. Demand, due dates, disruptions, and
resource availability are all held constant while five matching
rollouts are averaged for each weekly value. DD4LQN solely
chooses the product. Resource allocation is still determined by
established standards. The earliest possible pair is chosen in the
absence of Dual Pair Rank (NO_DPR). Duration is computed
at commitment in the absence of Quote-then-Commit
(NO_QTC). Operator performance is unchanged in the absence
of Learning—Forgetting (NO_BLLF).
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TABLE V. CONTROLLED ABLATION OF THE PROPOSED FRAMEWORK
. . . Schedule reward, Completion rate, Tardiness, min Flagged products
Configuration Controlled modification mean (A) % (A) (A) @A)

FULL All components active 0.584 (reference) 71.27 (reference) 305.02 (reference) 3.56 (reference)

Replace Dual Pair Rank with a hc o - N
NO_DPR deterministic feasible-pair rule 0.437 (=25.2%) 66.83 (—4.44 pp) 315.40 (+3.4%) 4.08 (+0.52)

Recompute duration at N o
NO_QTC commitment 0.584 (0.0%) 71.27 (0.00 pp) 305.02 (0.0%) 3.56 (0.00)
NO_BLLF g‘:}l;lt:fl’fra“’r performance ~0.051 (—108.8%) | 53.09 (~18.18 pp) 485.44 (+59.2%) | 5.80 (+2.24)

Note: FULL serves as the benchmark for changes. In
contrast to lesser tardiness and fewer flagged products, higher
rewards and completion are desirable.

Table V shows that NO_DPR decreased completion overall
and decreased reward each week. This outcome distinguishes
the two scheduling levels: Dual Pair Rank enhances the
succeeding machine-operator assignment, whereas DD4LQN
gives the product precedence. The biggest degradation was
produced by NO LLF, demonstrating the significance of
operator-performance history. Since NO_QTC did not result in
a change in KPIs, its observed contribution was duration
consistency and auditability.

E. Weight Interpretation and Policy Representation

A thorough examination of the final DD4LQN model
checkpoint (227, 717 parameters across 28 tensors) verifies that
the neural network topology is robust, well-conditioned, and
free of representation collapse. Important findings include:

e Balanced Weight Distribution: All layer parameter
means are close to zero (-0.0094 to 0.0006). The time
encoder exhibits a greater raw weight variation (0.2385)
than the machine (0.0904), operator (0.0950), and
product (0.0554) encoders; nevertheless, this is solely
dependent on the amount of the input.

e Normalized Variance: All feature encoders' weight
variance closely aligns between 0.554 and 0.604 when
scaled by input dimensions (fan-in), matching typical
initialization baselines. Both the dueling output streams
and the core network trunk retain consistent, small
weight spreads (0.0362—-0.0378).

e High Representation Capacity: Layer matrices show that
the network preserves rich feature diversity instead of
collapsing into redundant patterns, retaining between
77.2% and 98.2% of their maximum possible rank.

Although they address parameter geometry rather than
training dynamics or feature significance, these structural tests
verify appropriate network health and capacity use.

VI. CONCLUSION AND FUTURE WORK

This study introduced a human-aware Deep Reinforcement
Learning framework (DD4LQN) to solve scheduling problems
in dual-resource flexible job shops with unpredictable events.
By using Bounded Logistic Learning and Forgetting (BLLF)
patterns and Dual Pair Ranking (DPR) tasks, the approach
connects performance with automated decisions. Over ten
weeks, our framework showed overall better performance than

traditional dispatching rules (EDD and SPT). DD4LQN-EXIT
achieves the highest schedule reward, minimizes risk-flagged
products, and maximizes job completion rates during high-
workload periods. Even though SPT had the shortest average
delay, it did so by focusing on short tasks and not completing
as many jobs. EDD exhibited severe tardiness peaks and reward
losses during dynamic disruptions. The proposed framework
successfully avoided these extreme failure modes, proving that
learned product selection delivers robust multi-objective
schedule stability under dynamic shop-floor conditions. The
exploratory ablation study associated learning-forgetting
dynamics and Dual Pair Rank with improved scheduling
outcomes in the tested scenarios, but Quote-then-Commit did
not result in any change in KPIs, and hierarchical reward
shaping did not demonstrate any independent advantage over
the retrained simple-reward policy.

With these good results, some problems still exist. First, the
learning and forgetting rates for workers were made using
situations instead of real data from factories. Second, the
current setup does not include real-life issues like setup times
between tasks, delays in moving materials, machine repairs,
and working with more than one person. Finally, even though
the way tasks are ranked makes decisions clear and easy to
check, the policy was tested as one part of the system and not
as a solution for all parts.

Future work will focus on addressing these limitations to
ensure a larger scope of this framework application. The first
step is to use data from factories to make the learning and
forgetting rates more accurate. Furthermore, the manufacturing
limitations will be expanded in future simulations to include
logistical routing, setup times, and intricate multi-worker
processes. Finally, investigating the transition from the existing
reinforcement learning architecture to a multi-agent
architecture will be considered.
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