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ABSTRACT

Cross-method comparisons in manufacturing scheduling of-
ten suffer from mismatched protocols, inconsistent seed handling,
and incomplete failure reporting, obscuring whether differences
reflect controllers or benchmarking artifacts. This paper presents
an aligned Phase-I benchmark comparing a shortest-processing-
time (SPT) dispatching baseline with two proximal policy opti-
mization (PPO)-trained controllers: a centralized joint-decision
controller and a decentralized self-organizing multi-agent rein-
forcement learning (SO-MARL) controller. Under a controlled
2×2 heterogeneity–volatility scenario matrix, the protocol en-
forces a common training budget, predeclared checkpoint screen-
ing, deterministic final evaluation, and explicit admissibility la-
bels for valid, partial, and invalid outcomes with failure reasons.
Results show regime-dependent controller ranking: no method
dominates all four scenarios. In the main fixed-instance com-
parison, Centralized PPO remains admissible across all four
scenarios, whereas SO-MARL is competitive in three regimes but
inadmissible under simultaneous high heterogeneity and high
volatility. Diagnostic retuning probes show that the tested static
SO-MARL settings remain regime-sensitive; bounded supplemen-
tal checks over three instance seeds and eight training seeds per
core learned controller show continued SO-MARL scenario sen-
sitivity and full Centralized PPO admissibility within that inven-
tory. Together, these results establish a Phase-I benchmark cen-
tered on aligned evaluation, admissibility-aware reporting, and
boundary finding across heterogeneity and volatility regimes.

Keywords: manufacturing scheduling, self-organizing
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1. INTRODUCTION

Manufacturing control in high-mix and personalized pro-
duction must adapt to heterogeneous resource capabilities and
time-varying disturbances [1, 2]. Under such conditions, cross-
method conclusions can be unreliable when protocols, seed han-
dling, and failure reporting are not aligned. In particular, many
existing comparisons report only successful episodes or best-case
performance, quietly excluding failed or non-terminating runs —
yet for manufacturing deployment, operational reliability matters
as much as average performance. The job shop scheduling prob-
lem (JSSP) is a classical combinatorial optimization problem in
manufacturing systems [3], and multi-agent architectures have
been widely explored for distributed manufacturing scheduling
and control [4].

Against this background, this paper presents an aligned
benchmark comparison of a fixed-mode shortest-processing-
time (SPT) rule baseline, Centralized PPO, and self-organizing
multi-agent reinforcement learning (SO-MARL) under a com-
mon evaluation protocol. To keep the main comparison con-
trolled, the primary benchmark uses one fixed benchmark in-
stance (seed101) and one selected training run per learning-based
controller/scenario pair; Appendix B separately reports bounded
supplemental robustness checks over benchmark-instance seeds
101, 202, and 303 and eight training seeds per core learned con-
troller. The Phase-I scope is focused on the SO-MARL controller
and benchmark protocol; higher-level adaptive mechanisms are
reserved for future study. The study therefore contributes a
scoped protocol for comparing controller behavior under aligned
heterogeneity–volatility regimes and explicit admissibility report-
ing.

The contributions are threefold. First, an aligned bench-
mark protocol is established for comparing rule-based, central-
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FIGURE 1: Benchmark shop-floor layout and routing structure. Jobs enter through the input buffer, are transported by automated guided
vehicles (AGVs) among heterogeneous machines M1–M8 across operations O1–O4, and exit through the output buffer after final processing.
The benchmark therefore extends a classical job shop scheduling problem into a buffered, AGV-coupled, heterogeneous manufacturing
scheduling problem with machine-side mode decisions and transport-side coordination.

ized reinforcement learning (RL), and self-organizing multi-agent
reinforcement learning (MARL) controllers under a controlled
2×2 heterogeneity–volatility scenario matrix, with common stop
rules, predeclared checkpoint-screening procedures, and deter-
ministic evaluation — elements that are commonly absent in ex-
isting manufacturing scheduling comparisons. Second, this pro-
tocol is instantiated as a reproducible controlled comparison un-
der this setup, supplemented by bounded robustness checks over
benchmark-instance seeds 101, 202, and 303 and eight training
seeds for each core learned controller. The evidence reveals that
controller ranking is regime-dependent within the tested setting:
no method dominates across all four heterogeneity–volatility con-
ditions, and diagnostic configuration probes indicate that the
tested static SO-MARL configurations remain regime-sensitive,
motivating future study of adaptive mechanism layers. Third,
admissibility is made an explicit part of benchmark evaluation:
makespan and passing rate are reported together with episode-
level termination validity and failure modes, retaining partial and
invalid outcomes rather than filtering out unsuccessful runs — a
reporting discipline that is important for manufacturing control
benchmarking but commonly absent in the literature.

2. RELATED WORK
Rule-based dispatching and scheduling methods remain core

manufacturing baselines because they are interpretable, compu-
tationally light, and easy to deploy in practice. Their practical
value makes them an essential reference point for any benchmark
that evaluates robustness under changing shop-floor conditions.

Reinforcement learning (RL) and deep reinforcement learn-
ing (DRL) approaches, including centralized, joint, and multi-
agent formulations, have been studied to improve adaptation be-
yond fixed dispatching priorities in production scheduling and
control [5–10]. These methods can improve system-level per-

formance. For instance, Gui et al. [5] applied multi-agent deep
deterministic policy gradient (MADDPG) to dynamic flexible
job-shop scheduling to minimize tardiness, while Qin et al. [6]
developed a multi-agent dueling DRL approach targeting mass-
personalization scheduling. Waseem and Chang [9] addressed
flexible manufacturing via Nash-MADDPG, and Li et al. [10]
combined attention mechanisms with physics-guided dynamics
for multi-stage process control. Despite these advances, their
outcomes are often sensitive to training dynamics, checkpoint
selection, and evaluation protocol choices.

Self-organizing, distributed, and multi-agent reinforcement
learning (MARL)-style control frameworks have been introduced
to support decentralized coordination across heterogeneous re-
sources [11–16]. In manufacturing settings, these approaches are
promising because they align with local decision contexts. Li et
al. [11] combined self-organizing resource matching with multi-
agent DRL for manufacturing scheduling. Qin and Lu [12] pro-
posed a Self-Organizing Manufacturing Network (SOMN) with
self-configuration and self-healing functions as a paradigm for
mass personalization. Park and Tran [13] demonstrated decentral-
ized disturbance adaptation through a swarm of cognitive agents.
However, these approaches suffer from the curse of dimension-
ality, heavy communication overhead, and unstable convergence
in large heterogeneous agent societies [15, 16]. Benchmark evi-
dence that compares them directly against rule-based and central-
ized RL baselines under aligned heterogeneity–volatility regimes
remains limited.

Beyond control methods, the benchmarking methodology
itself is relevant. Classical job shop scheduling benchmarks
such as the Taillard instance set [17] and the DMU instance
set [18] provide standardized problem instances for comparing
optimization algorithms, but generally assume static determin-
istic instance definitions. RL-oriented environments such as
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JobShopLab [19] extend job-shop scheduling toward simulation-
based reinforcement-learning evaluation with practical shop-floor
constraints such as transport logistics, buffers, setup times, ma-
chine disruptions, and stochastic processing conditions. How-
ever, they do not by themselves define a controlled benchmark
protocol for separately varying resource-team heterogeneity and
release/task-map volatility, nor do they require admissibility-
aware reporting of invalid or partially terminating learned-control
outcomes. Building on this environment, the present work adapts
the simulation setting into an aligned stress-test protocol with a
controlled 2×2 heterogeneity–volatility scenario matrix, common
training budgets, predeclared checkpoint-selection rules, fixed
evaluation seeds, and explicit failure reporting. The contribu-
tion is therefore a benchmark protocol and reporting contract
for comparing rule-based, centralized RL, and self-organizing
MARL controllers under aligned operating regimes.

3. BENCHMARK SETUP
3.1. Scenario Matrix

Figure 1 illustrates the benchmark shop-floor layout, includ-
ing heterogeneous machines M1–M8, AGV transport, and in-
put/output buffers. This benchmark uses a 2 × 2 heterogeneity–
volatility matrix with explicit scenario mapping: S00 = low het-
erogeneity/low volatility, S01 = low heterogeneity/high volatility,
S10 = high heterogeneity/low volatility, and S11 = high hetero-
geneity/high volatility. This structure provides aligned coverage
of the four operating-regime corners, with S11 representing si-
multaneous high heterogeneity and high volatility.

3.2. Scenario Parameterization
Structural heterogeneity is defined over resource-team role

counts as

𝐻 = −
𝐹∑︂
𝑟=1

𝑝𝑟 ln 𝑝𝑟 , 𝑝𝑟 =
𝑛𝑟

𝑁
, 𝐻̄ =

𝐻

ln 𝐹
(1)

where 𝑟 indexes resource roles in {O1,O2,O3,O4,AGV}, 𝑛𝑟
is the number of resources assigned to role 𝑟, 𝑁 =

∑︁
𝑟 𝑛𝑟 , and

𝐹 = 5. Resources are grouped by functional role: machine-
side roles are distinguished by operation capability over O1–O4,
while AGVs form a separate homogeneous transport role. The
AGV role is held fixed at four vehicles in both heterogeneity set-
tings, but it is included because the benchmark is an AGV-coupled
manufacturing system rather than a machine-only job shop. In
this benchmark, low and high heterogeneity are relative scenario
levels of the resource-team role distribution, not universal thresh-
olds. The low-heterogeneity setting concentrates machine-side
capability on O1 with counts (5, 1, 1, 1), making most operation
types depend on a small number of eligible machines. The high-
heterogeneity setting uses a more balanced machine-side role
distribution, (2, 2, 2, 2), so the structural resource-team entropy
is higher. The corresponding entropy values are summarized in
Table 1.

Volatility is computed from the per-step normalized task-
graph change plotted in Figure 2:

Δ𝐺𝑡 =
|𝐺 (𝑡) − 𝐺 (𝑡 − 1) |

𝑁𝐺 (𝑡) , 𝑉vol =
1
𝑇

𝑇∑︂
𝑡=1

Δ𝐺𝑡 . (2)

TABLE 1: Resource-team role counts used to compute the low- and
high-heterogeneity scenarios. O1–O4 counts indicate how many
machines can perform each operation type; AGV is a separate ho-
mogeneous transport role fixed at four vehicles and included in the
structural entropy calculation.

Setting O1 O2 O3 O4 AGV 𝐻 𝐻̄

Low heterogeneity 5 1 1 1 4 1.35 0.84
High heterogeneity 2 2 2 2 4 1.56 0.97

Here 𝐺 (𝑡) denotes the task graph at phase/time step 𝑡, |𝐺 (𝑡) −
𝐺 (𝑡 − 1) | is the amount of task-map editing between consecutive
task graphs, and 𝑁𝐺 (𝑡) is the task-graph vertex count used for
normalization. Thus, the plotted vertical trace is Δ𝐺𝑡 , while the
𝑉vol value shown in each Figure 2 panel title is the time average
of that trace.

In the present benchmark, volatility is operationalized
through a combined release-time and task-map-change profile.
The release-time component controls how quickly jobs enter the
system, while the task-map-change component controls how of-
ten the task graph changes across phases. Low volatility therefore
represents a milder operating regime with lower release pressure
and fewer graph edits; high volatility represents a more disturbed
regime with higher release pressure and more frequent graph ed-
its. In the low-volatility setting, the job-release intensity parame-
ter is 0.25, task-map edit probabilities by phase are [0.04, 0.064,
0.088, 0.112, 0.136, 0.16], and the realized seed101 volatility
value is 𝑉vol = 0.0014. In the high-volatility setting, the job-
release intensity parameter is 0.75, task-map edit probabilities
are [0.30, 0.39, 0.48, 0.57, 0.66, 0.75], and the realized seed101
volatility value is 𝑉vol = 0.0042.

3.3. Benchmark Environment and Resource Model
The benchmark environment adapts the JobShopLab sim-

ulation framework [19], a reinforcement-learning-oriented job
shop scheduling environment. It retains the environment’s
buffered production and transport abstractions while adding the
study-specific heterogeneity–volatility scenario design and mode-
dependent processing/error behavior. Jobs are represented as or-
dered sequences of operations, where each operation is labeled
by an operation type (O1–O4) and an associated processing time.
Each job route has length 2–4. For a job 𝑗 , the fixed benchmark
instance records an ordered operation-type route, the correspond-
ing operation-time vector, and a release time. The exact primary-
instance job list is deterministically generated and remains fixed
across compared methods. Machines are not fully interchange-
able; instead, each machine is defined by a capability set over
operation types.

The heterogeneity axis is therefore realized through the
resource-team role distribution: machine-side roles vary across
O1–O4, while the AGV transport role remains fixed and ho-
mogeneous. The volatility axis is realized through release-time
dynamics and task-map edits. The job pool remains fixed within
each seed. All benchmark instances use 100 jobs, 8 machines, 4
homogeneous AGVs, and four operation types (O1–O4).

AGV transportation is modeled at the node-to-node service
level using a fixed transport-time matrix, a common abstraction
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FIGURE 2: Representative realized volatility traces for the low- and high-volatility settings under seed101. The plotted vertical bars show
the per-step normalized graph change ∆Gt ; the dashed horizontal line and the value Vvol shown in each panel title report the time-average
volatility level for that setting.

used in AGV system studies [20], over the input buffer, output
buffer, and machine-side service nodes. When an AGV is as-
signed a transport task, the travel duration is obtained directly
from this matrix. The present benchmark does not explicitly
model route choice, collision avoidance, or arc-level traffic in-
teraction; these effects are abstracted into the fixed node-to-node
transport-time representation. The exact matrix is documented
in Appendix A.

Within each seed, the job pool is held fixed and the defect-
generation model is also held fixed across scenarios. Each
machine-processing action uses one of three preset processing
modes: M0 (slowest, lowest-error), M1 (nominal), and M2
(fastest, highest-error). These modes define a fixed speed-error
trade-off. In this benchmark, all machines share the same three
selectable processing modes (M0, M1, and M2), and the asso-
ciated time-scale and error-rate parameters are identical across
machines. The exact mode definitions are listed below.

Mode Interpretation time scale error rate
M0 slow / lowest-error 1.2 1.0%
M1 nominal 1.0 1.8%
M2 fast / highest-error 0.8 3.0%

Quality is not modeled as a continuous score in this bench-
mark. Instead, each job carries a binary defect status. Once any
processing step triggers an error, that job is permanently marked
defective and cannot pass final inspection. Accordingly, a job
passes final inspection if and only if no processing error occurs
over its full route. Thus, job-level passing performance is deter-
mined by the accumulation of operation-level error events over

the full route rather than by a continuous quality score. The preset
modes therefore induce a speed-error trade-off at the operation
level and a speed-passing-rate trade-off at the job level.

Because the same defect-generation rule and the same mode
set are used across all scenarios, the heterogeneity-volatility
comparison does not confound machine-capability changes with
changes in the defect model. For rule-based boundary references,
fixing SPT dispatch and fixing the mode to M0, M1, or M2 yields
SPT-M0, SPT-M1, and SPT-M2, respectively.

3.4. Evidence Scope
In this paper, the primary benchmark denotes the con-

trolled seed101 instance used for the main controller com-
parison: one selected training run for each learning-based
controller/scenario pair and five deterministic final-evaluation
episodes at the deployment-selected checkpoint. Appendix B
reports bounded supplemental sensitivity checks over benchmark-
instance seeds 101, 202, and 303 and eight training seeds for each
core learned controller; these checks test sensitivity to instance
and training seeds but are not pooled with the primary benchmark
outcomes.

Benchmark scope and simplifications. The following scope
choices are deliberate simplifications adopted to isolate the
controller-comparison question from confounding infrastructure-
level factors.
• First, AGV transportation is modeled at the node-to-node

service level using a fixed transport-time matrix rather than
through explicit path planning, collision avoidance, or arc-level
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traffic simulation.
• Second, the main controller comparison fixes the job pool

within the primary instance. Appendix B adds bounded sen-
sitivity checks over seeds 101, 202, and 303, but this remains
a limited instance-seed check rather than a broad instance-
generation study.

• Third, all machines share the same three selectable processing
modes (M0, M1, M2) with identical time-scale and error-rate
parameters, removing machine-specific mode heterogeneity as
a confound.

• Lastly, the benchmark uses 100 jobs, 8 machines, and 4 ho-
mogeneous AGVs across all scenarios; only the machine-side
role distribution and the release-time/task-map volatility pro-
file change between scenarios.

These choices are appropriate for a Phase-I benchmark fo-
cused on controller comparison under controlled conditions.

With the benchmark construction and evidence scope de-
fined, the next section introduces the three compared control
paradigms under this common setup.

4. COMPARED METHODS
This benchmark compares three aligned control paradigms:

a fixed-mode SPT rule baseline family, Centralized PPO, and
SO-MARL. The rule-based family uses shortest-processing-time
dispatch together with a globally fixed processing mode at each
machine-processing action. This yields three fixed-mode vari-
ants: SPT-M0, SPT-M1, and SPT-M2, corresponding to the
slowest/lowest-error, nominal, and fastest/highest-error modes,
respectively. Because these baselines do not adapt mode selection
online, they serve as simple operating-policy references that ex-
pose the speed-error / passing-rate boundary induced by the preset
mode settings. In the core fixed-configuration fair comparison,
the primary rule-based baseline is SPT-M2, because M2 uses the
fastest processing mode, making it the most efficiency-oriented
rule-based reference against the learning-based controllers.

As shown in Figure 3, SPT-M0 and SPT-M1 also expose
the full speed–passing-rate envelope of fixed-mode dispatch-
ing: SPT-M0 anchors the high-passing-rate / high-makespan
end, SPT-M2 anchors the high-speed / low-passing-rate end,
and SPT-M1 lies between them. Together, the three fixed-mode
points define the rule-based speed–passing-rate envelope against
which the learning-based controllers are assessed. Centralized
PPO serves as the centralized learning-based controller, and SO-
MARL serves as the self-organizing multi-agent controller.

Both learning-based controllers are trained with PPO [21]
using the Stable-Baselines3 library [22] on the adapted bench-
mark environment. The comparison therefore keeps the learning-
algorithm family common while contrasting two controller or-
ganizations: centralized joint decision making and decentralized
self-organizing decision decomposition. Full observation, action,
reward, and hyperparameter details are deferred to Appendix A.

Centralized PPO uses a single global policy over the joint de-
cision context and selects from a global TopK+Mode action inter-
face. SO-MARL uses a decentralized dual-PPO decomposition
with separate machine-side and AGV-side policy modules, with
parameter sharing within homogeneous machine and AGV agent

classes. The machine-side policy uses the same candidate-by-
mode action encoding as Centralized PPO, whereas the AGV-side
policy selects among local transport candidates without mode se-
lection. The environment wrapper filters infeasible joint-action
combinations before execution so that independently proposed
local actions remain consistent with the manufacturing state.

Accordingly, the reported comparison should be interpreted
as controller-family benchmark evidence under a shared eval-
uation protocol: a single global PPO controller is compared
with a decentralized dual-policy PPO controller. It is not a fully
architecture-isolated ablation; an interface-matched ablation with
aligned observation, reward, and decision interfaces is left for fu-
ture work.

5. EXPERIMENTAL PROTOCOL AND METRICS
The main controller comparison is kept aligned by using the

same primary benchmark instance for all compared methods, so
job sets, release-time dynamics, and task-map volatility traces are
identical across controllers. Each scenario and learning-based
controller is reported from a single training run with a fixed
training seed (𝑠𝑒𝑒𝑑train = 101). All learning-based runs use the
same stop rule: training terminates at 300k environment steps,
and a checkpoint is recorded every five episodes. Rule-based
baselines require no training and are evaluated directly under the
same deterministic reporting pipeline. Supplemental sensitivity
checks over benchmark-instance seeds 101, 202, and 303 and
eight training seeds for each core learned controller are reported
separately in Appendix B and are not pooled with the primary
five-episode final-evaluation statistics. As discussed in Section
4, SPT-M2 serves as the primary rule-based baseline; SPT-M0
and SPT-M1 are retained as auxiliary boundary references.

Checkpoint handling is aligned across learning-based con-
trollers. Periodic checkpoints are screened into a candidate set
(size ≤ 5) to account for the fact that makespan and passing
rate need not improve monotonically together. Each candidate
checkpoint is evaluated under a fixed five-seed evaluation proto-
col (five fixed evaluation seeds and a fixed evaluation budget).
A single deployment-selected checkpoint is then resolved by a
predeclared trade-off rule that prefers lower makespan and higher
passing rate. Specifically, candidates are first ranked by lowest
makespan, and ties are broken by selecting the highest passing
rate. The reported final result for each method/scenario pair is the
deterministic five-episode outcome at the deployment-selected
checkpoint: makespan as mean value and passing rate as mean ±
standard deviation.

Admissibility and validity are defined at the final-evaluation
episode level. A result is considered valid for primary cross-
method comparison only if all 5/5 fixed final-evaluation episodes
terminate successfully within the fixed evaluation budget. Results
with partial termination (1–4/5 terminated episodes) or fully in-
valid final evaluation (0/5 terminated episodes) are not admissible
for fair score comparison; they are retained and reported with ex-
plicit failure reasons rather than omitted.

For learning-based controllers, training uses a mixed shaped
reward aligned with the benchmark objectives. At a high level, the
reward combines terminal efficiency and passing-performance
terms with shared step-level efficiency shaping and small local
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shaping terms for machine-side and AGV-side behavior. Full
observation, action, and reward details for SO-MARL are docu-
mented in Appendix A.

The reporting contract includes five quantities: (1) makespan
— the episode completion time; (2) passing rate — the fraction of
jobs passing final inspection; (3) termination rate — the fraction
of evaluation episodes terminating within budget; (4) compara-
bility status — a binary gate for admissibility; and (5) failure
reason — recorded when a run is not admissible. Reward curves
and checkpoint traces are treated as supplementary diagnostics
rather than primary benchmark outcomes.

As defined in Section 3.3, each job carries a binary defect
status determined by the accumulation of operation-level error
events. Under the fixed benchmark instance and determinis-
tic policy execution, evaluation seeds affect only these stochas-
tic defect realizations, not scheduling trajectories. Accordingly,
makespan is deterministic across evaluation episodes, while pass-
ing rate varies and is reported as mean ± standard deviation.

TABLE 2: Admissibility matrix across the four heterogeneity–
volatility regimes (k/5 = terminated episodes out of five; shading
is visual only).

S00 S01 S10 S11
SPT-M0 5/5 5/5 5/5 5/5
SPT-M1 5/5 5/5 5/5 5/5
SPT-M2 5/5 5/5 5/5 5/5
Centralized PPO 5/5 5/5 5/5 5/5
SO-MARL 5/5 5/5 5/5 0/5
SO-MARL U01 5/5 0/5 5/5 5/5
SO-MARL U02 0/5 5/5 5/5 5/5

6. RESULTS
This section reports benchmark outcomes under the five-

episode evaluation protocol defined in Section 5. Exact numeri-
cal values, admissibility summaries, and supplemental sensitiv-
ity checks are provided in Appendix B. Benchmark outcomes
are interpreted jointly through performance and final-evaluation
termination admissibility.

Admissibility-aware efficiency–passing-rate trade-off
Figure 3 provides the main efficiency–passing-rate view for

the controlled comparison. The core fixed-configuration fair
comparison is between SPT-M2, Centralized PPO, and SO-
MARL. Additional SPT-M0/SPT-M1 points are shown as aux-
iliary rule-based boundary references. Lower makespan is better
and higher passing rate is better; therefore, the preferred region
is the upper-left.

Figure 3 also includes two diagnostic SO-MARL configu-
ration probes — SO-MARL U01 and SO-MARL U02 — eval-
uated under the same reporting protocol (exact hyperparame-
ter differences are listed in Table A2 in Appendix A). These
probes examine whether modest static hyperparameter changes
improve cross-regime admissibility; they are not part of the core
fixed-configuration fair controller-to-controller comparison. As
reported in Table 2, neither diagnostic variant is uniformly ad-
missible: each improves some regimes but fails in others. These

results support the narrower conclusion that the tested static SO-
MARL configurations are regime-sensitive and that modest static
retuning does not provide a uniformly admissible controller across
the four regimes.

Across the four regimes, the core fixed-configuration com-
parison shows a regime-dependent trade-off rather than a univer-
sal winner. On S00, Centralized PPO achieves a slightly lower
makespan (2947.4 vs. 3018.0) while matching SO-MARL’s pass-
ing rate (0.950). On S01, SO-MARL outperforms Centralized
PPO on both metrics, achieving a lower makespan (2977.0 vs.
3013.2) and a higher passing rate (0.948 vs. 0.912). On S10,
SO-MARL offers the strongest trade-off among core comparison
points, achieving the lowest makespan (2327.0) and the highest
passing rate (0.950) among the three core methods. On S11, the
selected SO-MARL checkpoint is inadmissible (0/5 termination)
and therefore excluded from fair score comparison.

From a manufacturing deployment perspective, these trade-
offs carry concrete operational implications. A controller that
achieves lower makespan at the cost of reduced passing rate ef-
fectively trades throughput for higher defect rates — a trade-off
whose acceptability depends on product criticality and rework
costs. More importantly, an inadmissible controller — one that
fails to terminate reliably — corresponds to a potential produc-
tion stall on the shop floor. Admissibility is therefore treated as a
prerequisite for controller selection throughout this benchmark.

Admissibility and comparable outcomes
Following the admissibility protocol defined in Section 5, Ta-

ble 2 summarizes termination outcomes for all controllers across
the four regimes. Full reporting-contract details, including status
labels and failure reasons for non-admissible entries, are provided
in Appendix B. Taken together, Figure 3 and Table 2 show that
controller ranking is regime-dependent and that the tested static
SO-MARL configurations expose different reliability boundaries
rather than one uniformly admissible setting in the main compar-
ison. In practice, controller choice should be guided by operating
regime and performance priority: under S10 (high heterogene-
ity, low volatility), SO-MARL achieves the best makespan with-
out sacrificing passing rate; Centralized PPO remains admissible
across all four regimes, providing a reliable fallback under this re-
porting contract; and where maximum passing rate is paramount,
SPT-M0 provides a deterministic upper bound.

Appendix Tables B.3 and B.4 report supplemental sensitivity
checks over benchmark-instance seeds 101, 202, and 303. The
admissibility heat table aggregates final-evaluation termination
counts across all included instances and, for learned controllers,
eight training seeds per instance/scenario; SPT baselines con-
tribute deterministic final-evaluation episodes only. The supple-
mental checks reinforce the scope boundary: Centralized PPO
remains fully admissible across the expanded learned-controller
inventory (120/120 per scenario), while SO-MARL remains
scenario-sensitive, with lower admissibility in S00 (75/120) and
S01 (60/120) than in S10 and S11 (105/120). The perfor-
mance heat table shows that ranking remains metric- and regime-
dependent, so these checks provide robustness context rather than
a pooled replacement for the main seed101 outcomes.

6 Copyright ©2026 by ASME



2200 2400 2600 2800 3000 3200
0.90

0.91

0.92

0.93

0.94

0.95

0.96

0.97 S00  H=low, V=low

2200 2400 2600 2800 3000 3200
0.90

0.91

0.92

0.93

0.94

0.95

0.96

0.97 S01  H=low, V=high

2200 2400 2600 2800 3000 3200
0.90

0.91

0.92

0.93

0.94

0.95

0.96

0.97 S10  H=high, V=low

2200 2400 2600 2800 3000 3200
0.90

0.91

0.92

0.93

0.94

0.95

0.96

0.97 S11  H=high, V=high

Makespan

Pa
ss

in
g 

Ra
te

SPT-M0 SPT-M1 SPT-M2 Centralized PPO SO-MARL SO-MARL U01 SO-MARL U02

FIGURE 3: 2×2 efficiency–passing-rate trade-off on the fixed benchmark instance (seed101). Core fair comparison: SPT-M2, Centralized
PPO, and SO-MARL. SPT-M0 and SPT-M1 are auxiliary rule-based boundary references; SO-MARL U01 and SO-MARL U02 are diagnostic
configuration probes. All are reported under the same reporting protocol. Lower makespan and higher passing rate are preferred (upper-
left).

Diagnostic configuration sensitivity and training
diagnostics

Figure 4 shows supplementary single-run training diagnos-
tics for SO-MARL U02 across the four scenarios. U02 is selected
as the illustrative case because it is the only configuration that
achieves admissibility on S11 while failing on S00, making its
cross-regime convergence contrast the most visually informative.
Each curve is plotted as a moving average over a fixed window,
and the shaded band indicates the moving standard deviation
within the same window. These curves are not used as primary
benchmark outcomes and are not interpreted as cross-method
comparable quantities.

7. DISCUSSION
The evidence reveals a method-sensitive landscape under

aligned settings. In the main comparison, there is no universal
winner: ranking changes with operating regime and metric em-
phasis. Centralized PPO remains consistently admissible but not
uniformly superior; it does not dominate all scenarios. Within the
core comparison, SO-MARL is competitive on three scenarios,
yet the selected checkpoint does not provide a valid final outcome
on S11. Controller assessment should therefore be interpreted

jointly through makespan, passing rate, and final-evaluation ter-
mination validity. The S11 failure of that checkpoint is consistent
with the expectation that, under simultaneous high heterogeneity
and high volatility, the joint action space expands while environ-
ment non-stationarity increases, making it difficult for a static
SO-MARL policy to converge to a valid operating regime within
the fixed 300k-step budget. The supplemental heat tables in Ap-
pendix B qualify this point: across benchmark-instance seeds
101, 202, and 303 and eight training seeds, SO-MARL has valid
outcomes in S11 for many learned runs but remains scenario-
sensitive overall, with lower admissibility in S00 and S01 than in
S10 and S11; Centralized PPO remains fully admissible across
the supplemental learned-controller inventory. In SmartSOM ter-
minology, the SO-MARL controller evaluated here is the base,
mechanism-free configuration: it does not include higher-level
mechanisms such as Task Constraint (TC), Social Learning (SL),
or Organizational Learning (OL). Within the broader SmartSOM
agenda, these results motivate testing such mechanisms as fu-
ture regime-aware extensions, but that hypothesis remains to be
evaluated directly.

The supplementary training diagnostics for SO-MARL U02
(Figure 4) further illustrate the regime-dependent nature of con-
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FIGURE 4: Supplementary single-run training diagnostics for SO-MARL U02 across the four scenarios. Lines denote moving-average returns
(window = 100 episodes) and shaded regions denote ±1 standard deviation within the same window. This figure is diagnostic only and is
not a primary benchmark-outcome figure.

vergence: although U02 achieves admissible outcomes on S11,
its plotted return trace shows visibly different convergence behav-
ior across scenarios, with S00 exhibiting the least stable pattern
— consistent with U02’s 0/5 admissibility failure on that regime.
This reinforces the finding that convergence difficulty shifts across
regimes rather than concentrating on a single hardest case, and
that the tested static diagnostic configurations do not uniformly
resolve all four regimes.

Several regime-specific patterns merit further discussion.
First, on S10 (high heterogeneity, low volatility), Centralized PPO
yields a higher makespan (2497.0) than both SPT-M2 (2386.0)
and SO-MARL (2327.0), and a lower passing rate (0.918) than
SO-MARL (0.950), while remaining comparable to SPT-M2
(0.916) in passing rate. One possible interpretation is that
under high heterogeneity with stable task structure, decentral-
ized machine-level decision-making can exploit local capability
matching more effectively than a centralized policy that must
jointly optimize over a larger decision space. Second, among
the selected checkpoints, SO-MARL achieves a consistently high
passing rate (0.948–0.950) across S00, S01, and S10, whereas
Centralized PPO’s passing rate varies more widely across regimes
(from 0.912 on S01 to 0.956 on S11). This pattern suggests
that the decentralized machine-side policy may implicitly learn
a conservative mode-selection strategy that favors lower-error
processing modes, though confirming this hypothesis would re-
quire per-step mode-usage analysis that is beyond the scope of the
present benchmark study. Third, among the diagnostic variants,
SO-MARL U02 achieves the lowest makespan on S11 (2262.0)

but at the cost of the lowest passing rate (0.912) among admissi-
ble entries, illustrating that aggressive efficiency tuning amplifies
the speed–passing-rate trade-off under simultaneous high hetero-
geneity and high volatility.

The diagnostic configuration matrix in Table 2 sharpens this
point by showing that the three SO-MARL configurations fail
in different regimes: the main SO-MARL checkpoint fails on
S11, SO-MARL U01 fails on S01, and SO-MARL U02 fails on
S00. This pattern is more informative than a simple winner–loser
comparison because it points to regime-aware adaptation rather
than reliance on one fixed static setting.

The present study therefore functions as a Phase-I boundary-
finding benchmark: it identifies where the evaluated decentral-
ized controller remains reliable and where additional adaptive
mechanisms should be tested.

8. LIMITATIONS
The present study has several limitations that should be con-

sidered when interpreting the results. First, the primary bench-
mark is based on seed101, so the main controller comparison
remains fixed-instance evidence rather than broad instance-to-
instance generalization. Appendix B adds bounded supplemental
sensitivity checks over benchmark-instance seeds 101, 202, and
303, with eight training seeds for each core learned controller
and deterministic SPT evaluations. These checks mitigate the
single-instance and single-training-seed concerns and show qual-
itatively similar regime-dependent behavior, but they are still
bounded robustness checks rather than broad generalization evi-
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dence. Second, as discussed in Section 4, Centralized PPO and
SO-MARL share the PPO algorithm family but differ in con-
troller organization and action-interface scope. The comparison
should therefore be interpreted as controller-family benchmark
evidence rather than a fully architecture-isolated ablation; an
interface-matched ablation with aligned observation, reward, and
decision interfaces is deferred to future work. Third, the analysis
is benchmark-level rather than mechanism-level: explaining why
specific controllers succeed or fail under different heterogeneity–
volatility regimes will require additional trajectory, mode-usage,
and interface-ablation studies. Finally, SmartSOM variants en-
hanced with TC, SL, or OL are not evaluated here. The diagnos-
tic SO-MARL probes are included as configuration-sensitivity
checks, not as part of the core fair comparison.

9. CONCLUSION
This paper presented an aligned Phase-I benchmark study

for comparing fixed-mode SPT dispatching, Centralized PPO,
and SO-MARL under a controlled 2×2 heterogeneity–volatility
scenario matrix. The benchmark shows regime-dependent con-
troller behavior: no method dominates all four scenarios, Cen-
tralized PPO provides the most consistent admissibility, and the
tested SO-MARL configurations expose regime-specific reliabil-
ity boundaries. Together, the main comparison and supplemental
sensitivity checks support the paper’s central contribution: a
reproducible protocol for admissibility-aware boundary finding
under aligned manufacturing-control regimes.

The contributions are threefold:
• First, it established an aligned benchmark protocol for compar-

ing rule-based control, Centralized PPO, and SO-MARL un-
der a controlled 2×2 heterogeneity–volatility scenario matrix.
By aligning the stop rule, checkpointing schedule, candidate-
checkpoint selection rule, and deterministic evaluation proce-
dure, the study provides a disciplined basis for cross-method
comparison.

• Second, it instantiated that protocol in a reproducible con-
trolled comparison and added bounded supplemental sensitiv-
ity checks over benchmark-instance seeds 101, 202, and 303
with eight training seeds for each core learned controller.

• Third, it made admissibility an explicit part of benchmark eval-
uation by reporting makespan and passing rate together with
episode-level termination validity and failure modes. By re-
taining partial and invalid runs with explicit failure reasons,
the study supports a more rigorous assessment of manufactur-
ing controllers in terms of both performance and operational
feasibility.

Taken together, the main and supplemental results support
the view that aligned benchmarking is necessary for drawing cred-
ible cross-method conclusions in smart manufacturing control,
especially when both efficiency and product-quality outcomes
matter. The evidence should be interpreted within the Phase-I
scope summarized in the Limitations.

A natural next step is to extend this benchmark in three
directions: (1) larger-scale multi-instance and multi-seed evalua-
tion beyond the bounded supplemental checks reported here, (2)
an interface-matched ablation study with aligned observation, re-
ward, and decision interfaces across centralized and decentralized

controllers to isolate the effect of control paradigm from interface
design, and (3) explicit testing of SmartSOM variants enhanced
with TC, SL, and OL for regime-aware adaptation. In that sense,
the study should be viewed as a Phase-I benchmark foundation
for a broader research program on self-organizing manufacturing
control.
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APPENDIX A. PROTOCOL DETAILS AND
REPRODUCIBILITY SETTINGS

A.1 Training and checkpoint protocol
• Primary benchmark instance seed: seed101.
• Primary benchmark training seed for each learning-

based controller: 𝑠𝑒𝑒𝑑train = 101 (single run per
method/scenario).

• Supplemental sensitivity checks: benchmark-instance
seeds 101, 202, and 303, with training seeds 11, 22, 33, 44,
55, 66, 77, and 88 for each core learned controller (Cen-
tralized PPO and SO-MARL) on each scenario/instance
pair. Rule-based SPT baselines require no training and are
evaluated deterministically on the same three benchmark-
instance seeds.

• Stop rule: training terminates at 300k environment steps.
• Checkpoint frequency: one checkpoint every 5 episodes.
• Candidate set size: up to 5 checkpoints per run.
• SO-MARL configurations: SO-MARL, SO-MARL U01,

and SO-MARL U02. All use the same training budget and
checkpoint-selection protocol.

A.2 Candidate checkpoint formation
For each training seed, periodic training records are used

to form a candidate checkpoint set. At each evaluation event,
a checkpoint is admitted into the retained set only if it is valid
for comparison (i.e., all five fixed final-evaluation episodes ter-
minate successfully). The retained set is then pruned to at most
five checkpoints by the same lexicographic order used for final
deployment selection: makespan ascending, then passing rate
descending. No manual selection is used. If no valid checkpoint
exists for a given method/scenario pair, the retained set is empty
and the entry is reported as inadmissible with no score.

A.3 Final deterministic evaluation and validity labels
• Deterministic evaluation seed list (fixed): {10000000,

10000001, 10000002, 10000003, 10000004}.
• Fixed final-evaluation budget: 4000.
• Each deployment-selected checkpoint is evaluated once on

the same five fixed seeds under this fixed budget; the re-
ported final result is this deterministic five-episode out-
come.

• valid (admissible): 5/5 fixed final-evaluation episodes ter-
minate successfully.

• partial: 1–4/5 fixed final-evaluation episodes terminate
successfully.

• invalid: 0/5 fixed final-evaluation episodes terminate suc-
cessfully.

• Partial and invalid outcomes are excluded from primary
score comparison but retained in failure reporting.

A.4 AGV transport-time matrix
Table A1 provides the fixed AGV transport-time matrix de-

scribed in Section 3.3.

10 Copyright ©2026 by ASME

https://github.com/proto-lab-ro/jobshoplab
https://github.com/proto-lab-ro/jobshoplab


TABLE A1: Fixed AGV transport-time matrix

Node IB OB M1 M2 M3 M4 M5 M6 M7 M8
IB 0 24 6 10 12 16 18 22 24 28
OB 24 0 22 26 16 20 10 14 4 8
M1 6 22 0 4 6 10 12 16 18 22
M2 10 26 4 0 10 6 16 12 22 18
M3 12 16 6 10 0 4 6 10 12 16
M4 16 20 10 6 4 0 10 6 16 12
M5 18 10 12 16 6 10 0 4 6 10
M6 22 14 16 12 10 6 4 0 10 6
M7 24 4 18 22 12 16 6 10 0 4
M8 28 8 22 18 16 12 10 6 4 0

Rows and columns correspond to the input buffer, output buffer,
and machine service nodes. Each entry gives the deterministic
AGV travel time between node i and node j .

A.5 Implementation details
The implementation uses the same simulator configuration,

job set, release-time dynamics, and task-map volatility trace for
all compared methods in the primary benchmark. Additional
implementation settings are summarized in the accompanying
appendix tables. Centralized PPO used Stable-Baselines3 PPO
with Adam (lr = 1 × 10−4, batch_size = 64, ent_coef = 0.01,
n_steps = 2048, gamma = 0.99, gae_lambda = 0.95, 10 PPO
epochs), together with a global TopK+Mode interface (top_k
= 8, num_modes = 3) and a total training budget of 300,000
timesteps. SO-MARL used two SB3 PPO modules with Adam
and parameter sharing within homogeneous machine and AGV
agent classes (lr = 3e-4, batch_size = 64, ent_coef = 0.0, gamma
= 0.99, gae_lambda = 0.95, 10 PPO epochs, rollout_steps = 64),
with machine-side local top_k = 8 and AGV-side local top_k =
4, under the common training budget of 300,000 environment
steps. The diagnostic SO-MARL variants differ from the base
configuration only in the hyperparameters listed in Table A2. All
other settings are identical to the base configuration described
above.

TABLE A2: SO-MARL configuration variants.

Config lr ent_coef no_progress_step_limit
SO-MARL 3 × 10−4 0.0 400
SO-MARL U01 5 × 10−4 0.0 600
SO-MARL U02 3 × 10−4 0.005 600

A.6 SO-MARL policy decomposition and reward design
This subsection documents the implementation-facing policy

decomposition and reward design for SO-MARL. The intent is to
make policy ownership, decision interfaces, and reward semantics
explicit for reproducibility and review.

Machine-side observation. The machine-side PPO
receives a dictionary observation. The fields are: job_running
(𝐽), job_executed_on_machine (𝐽 × 𝑀), job_progression (𝐽),
machine_running (𝑀), machine_progression (𝑀),
available_jobs (𝐽), current_time (1), global_time (1),
current_transition (3), local_state, machine_prebuffer_len (1),

machine_postbuffer_len (1), machine_prebuffer_head_job (1),
machine_postbuffer_head_job (1), machine_current_job (1),
machine_remaining_time (1), global_input_buffer_fill (1),
global_output_buffer_fill (1), starving_machine_ratio (1),
candidate_mask (𝐾𝑚), candidate_job (𝐾𝑚),
candidate_remaining_ops (𝐾𝑚), and
candidate_next_op_duration (𝐾𝑚).

Binary status features remain 0/1. Time-like quantities
are normalized by max_allowed_time, and buffer lengths are
normalized by buffer capacity. Job identifiers are encoded as
job_id/num_jobs, with −1 used for padding or missing val-
ues. candidate_remaining_ops is normalized by max_ops_per_
job, and candidate_next_op_duration is normalized by max_
operation_duration. The current_transition field encodes three
normalized scalars: component_index/num_components, job_
index/num_jobs, and component_type_code. The component-
type code uses 𝑚 = 0, 𝑡 = 0.33, and 𝑏 = 0.66.

Machine-side action. The machine-side PPO uses the same
candidate-by-mode flattened action encoding as Centralized PPO.
A candidate list of up to 𝐾𝑚 = 8 base candidates is formed
from currently valid local machine-side transitions, and the ac-
tion space is Discrete(𝐾𝑚 × num_modes + 1) = Discrete(25),
where num_modes = 3. Action 0 denotes no-op. For actions
1–24, the action index is decoded as: candidate_slot = (action −
1)//num_modes, mode_index = (action−1)%num_modes. This
jointly selects which candidate transition to execute and which
processing mode to use.

Machine-side feasibility handling. Only the first 𝐾𝑚 = 8
currently valid transitions for that machine are exposed as base
candidates. If no machine-side candidate exists, the training
loop forces action 0 and does not add that agent’s sample to
PPO for that step. Because the action space is fixed-size, the
decoded candidate_slot is further wrapped by candidate_slot mod
len(candidates) to map to one current valid candidate.

AGV-side observation. The AGV-side PPO receives job_
running (𝐽), job_executed_on_machine (𝐽×𝑀), job_progression
(𝐽), machine_running (𝑀), machine_progression (𝑀), available_
jobs (𝐽), current_time (1), global_time (1), current_transition
(3), local_state, has_payload (1), agv_current_job (1), agv_
remaining_time (1), global_input_buffer_fill (1), global_output_
buffer_fill (1), starving_machine_ratio (1), candidate_mask
(𝐾𝑎), candidate_job (𝐾𝑎), candidate_remaining_ops (𝐾𝑎), and
candidate_next_op_duration (𝐾𝑎). The same normalization rules
as the machine side are used. AGV local state is encoded categor-
ically, and payload/current-job information is exposed explicitly.

AGV-side action. The AGV-side PPO uses Discrete(𝐾𝑎+1)
with 𝐾𝑎 = 4 by default, i.e., Discrete(5). Action 0 denotes no-op.
Actions 1–4 select one currently valid AGV transport candidate.

AGV-side feasibility handling. Only valid local AGV tran-
sitions are surfaced to the policy. After both policies act, the wrap-
per keeps at most one transition per job and greedily pre-validates
joint transitions on a temporary state to prune inconsistent multi-
agent combinations before stepping the base environment.
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Parameter sharing / policy ownership. All machine
agents share one PPO module (machine-side policy), and all
AGV agents share another PPO module (AGV-side policy).
Parameters are therefore shared within homogeneous agent
classes, but machine-side and AGV-side policies remain distinct
modules. The machine-side policy owns machine dispatch deci-
sions, whereas the AGV-side policy owns transport-assignment
and transport-execution decisions. There is no third joint
coordinator policy.

Reward definition. For learning-based controllers, the
training signal uses a shaped reward aligned with benchmark
objectives.

At every step, all agents receive a shared shaping term
𝑟shared = 0.1 (Δ𝑁done/𝑁ops − Δ𝑡/𝑇max), where Δ𝑁done is the in-
crease in completed operations and Δ𝑡 is the event-time advance.

Each machine agent receives a local penalty when its post-
buffer stays non-empty beyond a grace period. The trigger con-
dition is: the postbuffer contains jobs and the accumulated wait
exceeds 2 time units. The applied penalty on that step is−0.01Δ𝑡.

An AGV receives +0.05 when it was carrying a job before
the step, unloads it in the current step, and that delivery fills the
prebuffer of a machine that was starving in the previous state.

The SO-MARL wrapper adds an extra −0.1 to all agents if
wrapper-level no-progress truncation fires. In the present bench-
mark configuration, the trigger is 400 consecutive wrapper steps
without any increase in completed operations.

The training loop includes an explicit invalid-joint-action
fallback penalty parameter, but the SO-MARL runs reported in
this benchmark leave it at the default 0.0. Therefore, invalid
joint actions cause reset/truncation handling without an additional
nonzero penalty.

The following reward weights are identical across S00, S01,
S10, and S11: sparse_bias = 1.0, dense_bias = 0.001, truncation_
bias = −1.0, quality_weight = 1.0, machine_wait_penalty = 0.01,
and machine_wait_grace_time = 2. The same configuration
sets agv_starving_delivery_bonus = 0.05, global_shared_weight
= 0.1, no_progress_step_limit = 400, no_progress_truncation_
penalty = −0.1, and invalid_joint_action_penalty = 0.0. These
weights were chosen so that terminal objectives (makespan and
passing rate) dominate the reward signal, while step-level shaping
terms remain at least an order of magnitude smaller to provide
learning guidance without overriding the terminal objectives.

The reward structure and policy decomposition are identical
across S00, S01, S10, and S11. What changes across scenarios
are the compiled instance-derived normalization constants and
the feasible candidate sets. In the present benchmark instance,
S00 and S10 compile to num_jobs = 100, num_operations = 283,
max_allowed_time = 8171, and lower_bound = 2377; S01 and
S11 compile to num_jobs = 100, num_operations = 291, max_
allowed_time = 8393, and lower_bound = 2494. Shared instance-
scaling constants across all four scenarios are num_machines = 8,
num_agvs = 4, max_ops_per_job = 4, max_operation_duration =
50, num_components = 12, machine candidate cap 𝐾𝑚 = 8, and
AGV candidate cap 𝐾𝑎 = 4.

Accordingly, reward weights and policy structure are fixed
across the four benchmark scenarios; only instance-derived scal-

ing constants and feasible candidate sets vary with the compiled
scenario instance.

A.7 Benchmark instance specification
Each job 𝑗 in the fixed benchmark instance is represented

as (route𝑗 , p𝑗 , 𝑟𝑗 ), where route𝑗 is the ordered operation-type se-
quence, p𝑗 is the operation-time vector along that route, and 𝑟𝑗 is
the release time. The instance is deterministically generated from
seed101 and contains 100 jobs. For space reasons, the full per-job
listing is not reproduced in the manuscript. A representative job
may be written as 𝑗 = ( [O1,O2,O4,O3], [𝑝1, 𝑝2, 𝑝3, 𝑝4], 𝑟𝑗 ).
The complete seed101 job list is provided in the supplementary
material for reproduction.

APPENDIX B. EXACT NUMERICAL RESULTS AND
FINAL-EVALUATION ADMISSIBILITY

TABLE B.1: Exact numerical results on the fixed benchmark in-
stance (seed101). For learned-controller rows, the seed column
reports the training seed.

SCN Method Train Seed MSPAN Pass Rate Final Eval
S00 SPT-M0 N/A 3084.0 0.962 ± 0.018 5/5
S00 SPT-M1 N/A 2993.0 0.950 ± 0.016 5/5
S00 SPT-M2 N/A 2996.0 0.916 ± 0.038 5/5
S00 Centralized PPO 101 2947.4 0.950 ± 0.019 5/5
S00 SO-MARL 101 3018.0 0.950 ± 0.016 5/5
S00 SO-MARL U01 101 2886.0 0.956 ± 0.012 5/5
S00 SO-MARL U02 101 N/A N/A 0/5
S01 SPT-M0 N/A 3196.0 0.962 ± 0.018 5/5
S01 SPT-M1 N/A 3071.0 0.946 ± 0.015 5/5
S01 SPT-M2 N/A 2963.0 0.916 ± 0.038 5/5
S01 Centralized PPO 101 3013.2 0.912 ± 0.040 5/5
S01 SO-MARL 101 2977.0 0.948 ± 0.016 5/5
S01 SO-MARL U01 101 N/A N/A 0/5
S01 SO-MARL U02 101 2854.0 0.948 ± 0.016 5/5
S10 SPT-M0 N/A 2478.0 0.964 ± 0.018 5/5
S10 SPT-M1 N/A 2340.0 0.950 ± 0.016 5/5
S10 SPT-M2 N/A 2386.0 0.916 ± 0.038 5/5
S10 Centralized PPO 101 2497.0 0.918 ± 0.041 5/5
S10 SO-MARL 101 2327.0 0.950 ± 0.016 5/5
S10 SO-MARL U01 101 2419.0 0.948 ± 0.019 5/5
S10 SO-MARL U02 101 2391.0 0.926 ± 0.034 5/5
S11 SPT-M0 N/A 2622.0 0.962 ± 0.018 5/5
S11 SPT-M1 N/A 2578.0 0.946 ± 0.015 5/5
S11 SPT-M2 N/A 2331.0 0.914 ± 0.040 5/5
S11 Centralized PPO 101 2480.2 0.956 ± 0.023 5/5
S11 SO-MARL 101 N/A N/A 0/5
S11 SO-MARL U01 101 2375.0 0.946 ± 0.019 5/5
S11 SO-MARL U02 101 2262.0 0.912 ± 0.038 5/5
Passing rate is reported as mean ± sample standard deviation over five fixed

final-evaluation seeds.
Final eval is reported as the number of terminated episodes out of five fixed

final-evaluation seeds (k/5).
Header legend: SCN = scenario, MSPAN = makespan, Pass rate = passing rate,

and Final Eval = final terminated episodes out of 5.

TABLE B.2: Failure reporting for non-admissible entries
Method SCN Final Eval Status Failure Mode
SO-MARL S11 0/5 invalid no-progress truncation†
SO-MARL U01 S01 0/5 invalid no-progress truncation‡
SO-MARL U02 S00 0/5 invalid no-progress truncation‡

† Base configuration with no_progress_step_limit = 400.
‡ Diagnostic configuration with no_progress_step_limit = 600.

All three entries were invalid because all five deterministic final-evaluation episodes were
truncated by the no-progress rule before successful termination.

12 Copyright ©2026 by ASME



TABLE B.3: Supplemental three-instance final-evaluation admissibility heat table. This robustness check is reported separately from the
primary seed101 results in Table B.1. SPT rows aggregate three deterministic benchmark-instance evaluations (3 instance seeds × 5 final-
evaluation episodes = 15). Learned-controller rows aggregate three benchmark instances, eight training seeds per instance/scenario, and
five final-evaluation episodes per training seed (3 × 8 × 5 = 120). Invalid or truncated learned-controller runs remain visible in the admissibility
count.

S00 S01 S10 S11

SPT-M0 15/15 15/15 15/15 15/15

SPT-M1 15/15 15/15 15/15 15/15

SPT-M2 15/15 15/15 15/15 15/15

Centralized PPO 120/120 120/120 120/120 120/120

SO-MARL 75/120 60/120 105/120 105/120

TABLE B.4: Supplemental three-instance performance heat table. Makespan and passing rate are reported as mean ± standard deviation
over the same three benchmark-instance sensitivity inventory. Learned-controller metric summaries use valid trained policies, while invalid
or truncated policies are retained in the admissibility accounting in Table B.3. Cell colors rank methods within each scenario and metric only.

S00 S01 S10 S11

MSPAN

SPT-M0 3033.0
± 47.9

3281.0
± 146.4

2545.7
± 60.4

2619.0
± 11.8

SPT-M1 2990.3
± 42.1

3046.7
± 21.8

2402.7
± 89.4

2554.0
± 47.8

SPT-M2 2968.3
± 30.9

3048.3
± 75.6

2335.7
± 45.3

2321.3
± 24.0

Centralized PPO 3036.8
± 15.1

3035.9
± 36.8

2711.1
± 5.3

2770.0
± 52.0

SO-MARL 3059.5
± 70.9

3234.6
± 178.3

2384.8
± 22.2

2466.6
± 58.7

Pass Rate

SPT-M0 0.963
± 0.001

0.961
± 0.001

0.963
± 0.001

0.961
± 0.001

SPT-M1 0.951
± 0.001

0.946
± 0.002

0.951
± 0.001

0.947
± 0.002

SPT-M2 0.917
± 0.001

0.915
± 0.002

0.917
± 0.001

0.913
± 0.004

Centralized PPO 0.934
± 0.007

0.926
± 0.001

0.943
± 0.003

0.934
± 0.007

SO-MARL 0.939
± 0.011

0.940
± 0.014

0.936
± 0.001

0.939
± 0.008
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