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ABSTRACT

Industrial maintenance systems increasingly involve multiple
interacting assets and shared resources, making it challeng-
ing to balance reliability and operational cost using a single
decision framework. While recent work has focused on rein-
forcement learning (RL) for maintenance scheduling, direct
comparisons with planning approaches under identical set-
tings remain limited. In this work, we empirically compare
planning and RL for multi-asset bearing maintenance using
run-to-failure data. We examine how these methods behave
when balancing preventive maintenance against tolerable fail-
ures across a range of failure penalty scenarios. We observed
a consistent behavioral difference driven by objective formu-
lation. Planning enforces reliability as a hard constraint and
produces zero-failure policies whose total cost is largely in-
sensitive to the magnitude of failure penalties. RL agents op-
timize expected cost and often trade off preventive mainte-
nance against occasional failures as penalties vary, resulting
in lower costs under low-penalty regimes but persistent non-
zero failures even when penalties are high. We also inves-
tigate lightweight constraint mechanisms, including reward
shaping and action masking, to encourage RL’s reliability.
From a practical perspective, planning may be more suitable
when strict reliability is required and deployment horizons
are short, whereas RL may provide cost-efficient policies
when limited failures are acceptable and long-run operational
efficiency is prioritized. Overall, this study clarifies the trade-
offs between reliability and cost in multi-asset maintenance,
highlights the challenges of enforcing zero-failure behavior
in RL, and suggests that planning and RL are complemen-
tary approaches whose applicability depends on operational
objectives. Beyond these findings, the controlled benchmark
protocol itself that unifies environment, cost model, and eval-
uation across paradigms, offers a reusable template for com-
paring decision-making approaches in other maintenance set-
tings.

Lee et al. This is an open-access article distributed under the terms of the
Creative Commons Attribution 3.0 United States License, which permits un-
restricted use, distribution, and reproduction in any medium, provided the
original author and source are credited.

1. INTRODUCTION

Industrial equipment increasingly operates in fleets where
multiple assets degrade simultaneously and share mainte-
nance resources such as technicians, tools, and scheduled
downtime windows (O’Neil, Khatab, & Diallo, 2025). For
example, in wind farms, taking one turbine offline for mainte-
nance can require reallocating crews and coordinating down-
time across nearby units, directly affecting the availability
and risk exposure of the remaining turbines. Similar coor-
dination challenges arise in rotating machinery, where mul-
tiple bearings degrade along independent run-to-failure tra-
jectories but must be serviced by a shared maintenance team.
In such settings, decisions are inherently coupled, and main-
tenance planning becomes a fleet-level scheduling problem
rather than a collection of independent asset-level decisions.

Two broad classes of approaches have been applied to this
class of problem. Planning methods formulate the schedul-
ing task explicitly, searching over a joint fleet state with a
defined objective and, optionally with hard constraints on
failures or downtime. Reinforcement learning (RL) meth-
ods instead learn a scheduling policy through interaction, en-
coding the problem as a Markov decision process and opti-
mizing a discounted sum of rewards. These methods have
recently gained popularity in part because they can natu-
rally handle uncertainty in degradation dynamics and deci-
sion outcomes without requiring an explicit model of all sys-
tem transitions (Siraskar, Kumar, Patil, Bongale, & Kotecha,
2023). Both approaches have demonstrated value in mainte-
nance and related sequential decision-making contexts. How-
ever, controlled comparisons between planning and RL un-
der a shared environment and cost structure remain rare,
even in adjacent scheduling domains; with one exception be-
ing a study of unit commitment for power plant scheduling,
where mixed-integer programming was shown to consistently
produce lower-cost, more reliable schedules than RL under
matched conditions (O’Malley, de Mars, Badesa, & Strbac,
2022).

While both approaches have similarities, the comparison is
nontrivial because they do not solve the same problem. A
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planning method with a hard zero-failure constraint will al-
ways produce a zero-failure schedule if one is feasible, mak-
ing the magnitude of the failure penalty irrelevant to its de-
cisions. RL paradigms, by contrast, commonly treat failure
as a soft cost that it may accept if the discounted benefit of
prevention is smaller than the cost of maintenance. This dif-
ference in objective formulation can produce systematically
different policies even when both methods have access to the
same state information.

This paper presents a systematic empirical comparison of
planning and RL for an instance of multi-asset maintenance
scheduling using a run-to-failure bearing dataset. In this pa-
per, we make the following contributions:

* A controlled empirical benchmark that places planning
and RL under a unified environment, cost structure, and
evaluation protocol for multi-asset maintenance schedul-
ing, providing both a direct comparison between the
two paradigms and a reusable template for evaluating
decision-making approaches in other maintenance and
PHM settings.

e A characterization of a formulation-driven behavioral
gap: planning enforces failure avoidance as a hard con-
straint and is invariant to the failure penalty magnitude,
while RL optimizes a discounted soft cost and exhibits a
structural bias toward zero-maintenance when asset life-
times exceed the effective discount horizon.

* An assessment of lightweight reliability mechanisms
showing that reward shaping for RL has negligible ef-
fect on failure behavior, action masking reduces failures
more substantially but at significant cost overhead, but
neither closes the reliability gap to planning.

2. RELATED WORK
2.1. Planning for Maintenance Scheduling

Condition-based maintenance (CBM) and predictive mainte-
nance (PdM) use health state estimates to schedule interven-
tions before failures occur (Sakib & Wuest, 2018). For multi-
asset systems, scheduling involves allocating shared mainte-
nance resources across assets with heterogeneous degrada-
tion states, which introduces dependencies that single-asset
policies cannot account for (Petchrompo & Parlikad, 2019).
Rule-based policies such as fixed-interval replacement and
state-threshold triggering are common in practice due to their
simplicity, but they do not adapt to the joint fleet state and
may over- or under-maintain individual assets.

Model predictive control (MPC)-type rolling-horizon plan-
ning approaches have also been applied to maintenance
scheduling (Y. Zhang, Xiao, & Bi, 2025). These methods for-
mulate the scheduling task as a sequential decision problem
over an explicit state space, enabling joint optimization across
all assets. A common execution strategy is receding-horizon

control, where only the first action of the planned sequence
is executed and the plan is recomputed at each step from the
updated state. Nonetheless, the computational cost of online
re-planning is a practical limitation at scale.

2.2. RL for Maintenance Scheduling

RL has received increasing attention for maintenance
scheduling because it can learn cost-minimizing policies
from interaction without requiring an explicit system model
(Ong, Wang, Niyato, & Friedrichs, 2021; Feng & Li, 2022;
Siraskar et al., 2023). Extensions to multi-asset settings with
shared crew or budget constraints are increasingly being
investigated, though systematic comparisons with plan-
ning baselines under the same environment remain scarce
(C. Zhang, Li, & Coit, 2022). A recurring challenge in apply-
ing RL to maintenance is reward sparsity: the consequence
of deferring maintenance (a failure) may not materialize for
hundreds or thousands of steps, making credit assignment dif-
ficult (Pignatelli et al., n.d.). This challenge is compounded
in multi-asset settings where the crew constraint creates
additional dependencies between action consequences.

Several approaches address the problem of enforcing reliabil-
ity constraints in learned policies. Reward shaping amplifies
penalty terms during training to steer the policy toward con-
straint satisfaction, without modifying the policy architecture
or evaluation protocol (Hu et al., 2020). Action masking pre-
vents the selection of actions violating a hand-crafted safety
rule, reducing the feasible action space at training and deploy-
ment time (Hou et al., 2023). Constrained Markov decision
processes (CMDPs) provide a principled framework for en-
forcing inequality constraints on expected cumulative costs,
with Lagrangian relaxation as a standard solution method
(Altman, 2021), with recent work extending these guarantees
to safe exploration during training and to stochastic stopping-
time settings (Wachi & Sui, 2020; Mazumdar, Wisniewski,
& Bujorianu, 2024), and to constrained POMDP formula-
tions for inspection and maintenance planning specifically
(Andriotis & Papakonstantinou, 2021). Shielding approaches
impose a formal safety monitor between the agent and en-
vironment, overriding unsafe actions at runtime based on a
specification (Alshiekh et al., 2018). In this work we evaluate
reward shaping and action masking as lightweight approaches
and leave CMDP and shielding as future studies.

Beyond CMDPs and shielding, other formulations aim to re-
duce the gap between RL’s objective and reliability-oriented
planning. Average-reward RL optimizes long-run average
cost instead of geometrically discounted return, which avoids
the discount-horizon mismatch discussed in Section 6.4 ; sim-
ilar horizon-related biases in discounted RL have been docu-
mented in other long-horizon sequential decision-making do-
mains (Yang, Yang, & Shen, 2024). Risk-sensitive RL in-
stead incorporates an explicit risk measure, such as condi-
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tional value-at-risk or exponential utility, into the training ob-
jective or as a constraint, offering another route to bias poli-
cies away from rare but costly failure events (Prashanth & Fu,
2022). We do not evaluate these formulations here but view
them, alongside CMDPs, as promising directions for narrow-
ing the reliability gap observed between planning and RL in
this study.

3. PROBLEM FORMULATION
3.1. Multi-Bearing System

We consider a fleet of N bearings operating in parallel, each
following an independent degradation trajectory toward fail-
ure. To concretize this, we illustrate the typical pipeline in
Fig. 1(a), where raw sensor signals, shown in Fig. 1(b) are
typically processed into estimated RULs or discrete health
indicators. Based on the observed readings, a maintenance
schedule is generated either manually, via a fixed rule, or
through a planning or RL algorithm in this work. A single
maintenance crew is shared across all bearings, so at most
one bearing can be serviced per time step. When a bearing
receives maintenance it is restored either to new-equivalent
condition or an estimated new life. All other bearings con-
tinue to degrade normally during a maintenance step.

Let s; = (h},...,hY) denote the fleet state at time ¢, where
hi is the health or remaining useful life of bearing i. Let
a; € {0,1,..., N} denote the action, where a; = 0 corre-
sponds to no maintenance and a, = ¢ indicates that bearing ¢
is serviced. The system evolves according to

i g(hy), ifa; #1
t+1 — {y . . (1)
0> ifa, =1

where g(-) denotes the degradation dynamics and Bf) is the
post-maintenance state, which may correspond to a new or
estimated lifetime. The goal of the multi-asset maintenance
problem is to come up with an optimal plan to maintain the
bearings, while incurring minimum cost and failures, subject
to the constraint of crew availability.

3.2. Mapping to Discrete Health Indicator

A common practice in maintenance scheduling is to map raw
sensor data to discrete health indicators to simplify the meth-
ods. In this work, we explore two variants, where the plan-
ning and RL algorithm either observes the estimated continu-
ous RUL or a discrete state of the system.

To map raw sensor data to discrete states, we do the follow-
ing: For each bearing, we compute a composite health in-
dicator from horizontal and vertical vibration accelerometer
signals. At each 10-second recording window, the root mean
square (RMS) amplitude is computed over the 2560 available

samples for each channel. The composite health indicator is
then defined as:

HI(t) = \/RMS(t)2 + RMS,, ()2 2)

where RMS;, and RMS,, denote the horizontal and vertical
channel amplitudes, respectively. A moving average is ap-
plied to suppress measurement noise. The health state of
each bearing is then discretized into one of four categories:
healthy, degrading, critical, or failed, using ground truth re-
maining useful life labels: a bearing is healthy if it retains
more than 75% of its initial lifetime, degrading between 25%
and 75%, critical below 25%, and failed at zero remaining
life.

3.3. Cost Model

We define the operational cost of an episode with 7" steps as:

C = Z {cop-Nact(t) + ¢m - 1[ag # noop] + cr- Neait(¢) | (3)
t=1

where c,, = 1.0 is the per-step operating cost per active bear-
ing, ¢,y = 25.0 is the fixed cost of a maintenance action, cg
is the failure penalty (varied across experiments), Ny () is
the count of non-failed bearings that are actively operating at
step ¢, excluding the bearing, if any, currently under mainte-
nance: a bearing being serviced is treated as down for that
step and does not accrue operating cost, Ny, (t) is the count
of bearings that newly fail at step ¢, and a; is the action taken
at step t. The failure cost ¢¢ is the primary free parameter rep-
resenting an operator’s risk tolerance: a low value permits oc-
casional failures in exchange for lower maintenance expendi-
ture, while a high value reflects a safety-critical regime where
failures are strongly penalized. All other cost parameters are
fixed across all experiments. This cost parameter is used as
the objective in both planning and RL experiments.

3.4. Action Space and Scheduling Constraint

At each step, the planning / RL algorithm selects an action
from A = {no-op, maintain By, ..., maintain By}, where
N = number of bearings. The no-op action advances the
system one step without intervention. A maintenance action
assigns the crew to service the selected bearing for one step
while all other bearings continue to operate. The crew con-
straint means that only one bearing can be maintained per
step, and a bearing whose maintenance is deferred while in
the failed state incurs no operating cost.
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Figure 1. (a) Pipeline from raw vibration signals to health indicators to maintenance decisions. (b) Raw horizontal (blue) and
vertical (red) accelerometer signals for a bearing at early stages (row 1), mid-life (row 2), and near-failure stages (row 3). (c)
Composite RMS health indicator trajectories for all six bearings, each following a distinct degradation profile before failure.

3.5. Post-Maintenance Dynamics

We evaluate two models of post-maintenance bearing lifetime
that are observed by the planning and RL algorithms. Under
oracle dynamics, servicing bearing B; resets its trajectory to
step zero of its original recorded run, so the bearing follows
the same degradation sequence as its initial life. This creates a
deterministic setting in which future degradation is perfectly
repeatable, eliminating uncertainty in post-maintenance be-
havior and providing a controlled test of scheduling perfor-
mance. Under estimated dynamics, the post-maintenance
lifetime is instead sampled from a log-normal distribution fit-
ted to the observed lifetimes of all six bearings. This intro-
duces stochasticity and model mismatch between expected
and realized bearing lifetime, more closely reflecting prac-
tical deployment conditions where the future behavior of a
repaired component is uncertain.

4. METHODS
4.1. Planning: Dijkstra Search

In this work, we use Dijkstra’s algorithm (Dijkstra, 1959) as
a representative planning approach. Maintenance schedul-
ing is formulated as a finite-horizon shortest-path problem
over a discrete joint state space. Each state is a tuple s =
(t, *1,..., 7N, f1,-.., [N), Where t is the current step, 7; is
the remaining life of bearing ¢ (capped at H + 1 to maintain
tractability), and f; € {0, 1} indicates whether bearing ¢ has
failed.

A hard zero-failure constraint is imposed by assigning infinite
cost to any state in which a bearing failure occurs. The plan-
ner searches for the minimum-cost action sequence over the
next H steps that avoids all failures using uniform cost search.
Only the first action is executed, then the plan is recomputed
from the new state in a receding-horizon manner. Because
failure is enforced as a hard constraint rather than a weighted
objective, the planner’s decisions are independent of the fail-

ure cost parameter ¢¢: any zero-failure schedule is preferred
over any schedule with failures regardless of its magnitude.
This property is central to the comparison in Section 6.1.

When a bearing is maintained, its remaining life resets to the
capped value and it does not age during that step, following
the same downtime convention introduced in Section 3.3. As
the search expands, only the lowest-cost path found to each
state is retained, and any remaining ties are resolved through
a fixed ordering over the state representation. We rely solely
on the remaining-life cap described above to keep the search
space tractable, without introducing further pruning across
bearings. Expansion stops as soon as a horizon-length trace
with zero failures is reached, which uniform-cost search guar-
antees to be optimal, and the planner reports infeasibility if no
such trace exists within the horizon.

4.2. Deep Reinforcement Learning

We consider two widely used RL approaches: a value-based
method, Deep Q-learning (DQN) (Mnih et al., 2015), and a
policy-based method, Proximal Policy Optimization (PPO)
(Schulman, Wolski, Dhariwal, Radford, & Klimov, 2017).

Deep Q-Learning: DQN approximates the action-value
function Qg (s, a) using a neural network. During training,
actions are selected using an e-greedy policy with decaying
exploration, while evaluation uses greedy action selection.
The network is trained by minimizing the squared temporal-
difference error:

£(0) = E[(r + ymax Qa(s',a') ~ Qols. )’ @)

where r is the immediate reward (negative of the step cost
from Eq. 3), -y is the discount factor, s’ is the next state, and
(g is a periodically updated target network used to stabilize
training.
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We define the observation space as a continuous representa-
tion, where each bearing contributes its normalized remaining
useful life ; / R; and a binary failure flag.

Proximal Policy Optimization: PPO directly optimizes a
stochastic policy mp(a | s) using the clipped surrogate ob-
jective:

LOUP(g) — E, [min(ﬂt/ita clip(p;,1 —e,1+¢) At)} (5)

where p; = mg(at | st)/mo,,(ar | st) is the probability ratio
between successive policies and A, is the generalized advan-
tage estimate. An entropy bonus is included to encourage ex-
ploration. PPO operates on-policy, collecting trajectories un-
der the current policy before performing updates. The same
observation space used for DQN is also used for PPO.

4.2.1. Constraint Mechanisms

To encourage zero-failure behavior in RL agents, we inves-
tigate two commonly used approaches: reward shaping and
action masking.

Reward shaping multiplies the failure cost term in the reward
signal by a penalty amplifier M during training only. Evalu-
ation always uses the original cost parameters for a fair com-
parison. The goal is to produce a policy that avoids failures
even at lower deployment penalties.

The action mask forbids the no-op action at any step where at
least one non-failed bearing has a normalized remaining life
below a threshold 4:

mask noop if Ji: (r;/R; <) A(f;i =0) (6)

When the mask is active, the agent must select a maintenance
action, though the choice of which bearing to maintain re-
mains unconstrained. We use § = 0.25 throughout, meaning
the mask activates when any non-failed bearing has less than
25% of its estimated remaining life. The mask is applied dur-
ing both training and evaluation.

4.3. Rule-Based Baselines

We include a rule-based baseline as reference. The threshold
policy maintains the bearing that has most recently crossed
a degradation threshold, scheduling maintenance as soon as
the crew becomes available. When multiple bearings sat-
isfy the threshold condition simultaneously, priority goes to
the one with the smallest RUL; any residual tie is broken by
fixed bearing order. The baseline is designed to avoid failures
under oracle dynamics by scheduling maintenance conserva-
tively. It requires no training and incurs negligible inference
cost.

5. EXPERIMENTAL SETUP

This section describes the experimental configuration used to
evaluate all methods under a common environment and cost
structure. Reproduction code is available at the linked repos-
: 1

itory.

5.1. Dataset and Environment

We use a run-to-failure bearing dataset (Nectoux et al., 2012)
as the basis for our experimental environment. This dataset is
widely used for remaining useful life estimation and has sup-
ported both physics-based and data-driven prognostic meth-
ods (Dhungana, Rykkje, & Lundervold, 2025).

We use the training portion of the data, which contains six
run-to-failure bearing trajectories. The six bearings have life-
times of 515, 797, 871, 911, 1637, and 2803 recording win-
dows, where each window corresponds to a 10-second inter-
val. This yields total lifetimes ranging from ~ 86 to 467 min-
utes. A single episode simulates all six bearings operating in
parallel using the transition dynamics of bearing degradation
as described in Section 3.1. At each time step, at most one
bearing can be serviced, reflecting a shared maintenance re-
source constraint. Episodes run for 8000 steps, exceeding the
maximum observed lifetime to ensure that failures occur in
the absence of maintenance.

We also conducted our experiments using the two types of
post-maintenance dynamics as described in Section 3.5 - the
oracle dynamics and estimated dynamics - to evaluate perfor-
mance under both idealized and uncertain conditions.

The failure penalty is varied across ¢y ={100, 500, 1000,
5000, 10000}, spanning regimes where failure is relatively
inexpensive to highly penalized compared to the maintenance
cost of 25. All other cost parameters are held fixed, with
cop = 1.0 and ¢,;, = 25.0.

5.2. Planning and Heuristic Protocol

For planning using Dijkstra, we use a finite horizon of H =
20, which balances computational cost with sufficient looka-
head over future degradation.

For heuristic, the threshold policy applies maintenance when
a bearing reaches the critical health state or worse. When
multiple bearings satisfy the threshold condition, priority is
given to the one closest to failure.

All methods operate under the constraint that at most one
bearing can be serviced at each time step. Planning and
heuristic baseline policies are deterministic, and therefore we
only report a single run for each configuration.

https://github.com/xylhal/PHM_PlanningVsRL
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5.3. RL Training and Evaluation Protocol

RL agents are trained for 1500 episodes (DQN) and 1000
episodes (PPO) across three independent random seeds
({0,1,2}, applied to Python, NumPy, and PyTorch RNGs,
and also to the stochastic post-maintenance sampling under
estimated dynamics). Unless otherwise stated, experiments
use a discount factor of v = 0.99. The default state represen-
tation is continuous, consisting of the normalized remaining
life and failure indicator for each bearing, resulting in a state
dimension of 2N for N bearings. We also evaluate a discrete
variant where each bearing is represented by a health-state
index, giving a state dimension of N. The action space is
discrete, with one action corresponding to no maintenance
and one action per bearing. Actions attempting to service
already failed bearings are masked during selection.

Both DQN and PPO use a two-layer fully connected neural
network with 64 hidden units per layer and ReLLU activations,
followed by a linear output layer. The reward is defined as the
negative step cost, directly corresponding to Eq. 3. DQN uses
an experience replay buffer of size 50000, mini-batch size 64,
learning rate 3 x 10, and target network updates every 500
gradient steps. Gradient updates are performed every 16 envi-
ronment steps, with exploration following an e-greedy sched-
ule decaying from 1.0 to 0.05. PPO uses generalized advan-
tage estimation (A = 0.95), clipping parameter 0.2, entropy
coefficient 0.01, mini-batch size 64, roll-out length 1024, and
4 gradient epochs per update. Both methods are optimized
using Adam with learning rate 3 x 10~%, and PPO gradients
are clipped to a maximum norm of 0.5.

During training, checkpoints are saved every 200 episodes
and evaluated over 5 episodes using greedy action selection.
The checkpoint with the lowest mean evaluation cost is se-
lected as the final model. Final performance is then evaluated
over 10 episodes, reporting the mean and standard deviation
across seeds.

For reward shaping experiments, the failure penalty during
training is multiplied by M = 10 while evaluation uses the
original reward function. We also evaluate an action-masking
variant as described in Eq. 6. All hyperparameters above
were selected based on standard literature defaults (Adam,
PPO’s clipping and GAE parameters), while a small number
of choices, such as learning rate and DQN’s update frequency,
were set manually for this environment.

6. RESULTS
6.1. Main Comparison

Table 1 reports the overall comparison of heuristic, plan-
ning, and RL methods across different c; values and un-
der both oracle and estimated post-maintenance dynamics.
Across all experiments, heuristic (threshold) and planning
(Dijkstra) methods strictly avoid failures, while RL methods

2.5
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Figure 2. Pareto tradeoff between cost and failures across all
methods and failure penalties ¢y, where marker size o< ¢y and
filled = oracle dynamics, hollow = estimated dynamics. Plan-
ning and heuristic are anchored at zero failures; RL methods
cluster in the high-failure, low-cost region regardless of cy,
reflecting the hard-constraint vs. soft-cost formulation gap.

may trade off failures to reduce total cost. This difference
follows directly from the formulation: heuristic and planning
approaches enforce failure avoidance as a hard constraint,
whereas RL optimizes a cost-based objective in which fail-
ures remain permissible. Hence, both heuristic and planning
methods are effectively independent of ¢y, while RL perfor-
mance varies as a function of operating and failure costs. This
distinction is important from a practitioner perspective, as it
reflects whether failure avoidance is treated as a strict require-
ment or as part of a cost trade-off.

Comparing heuristic and planning approaches, Dijkstra is
consistently more cost-effective than the threshold policy.
This highlights the benefit of explicitly searching over future
system evolution, even within a constrained planning horizon,
although practical deployment considerations such as compu-
tational cost are discussed later in Section 6.2.

Comparing the RL methods, DQN achieves lower total cost
than PPO across most configurations. However, this cost ad-
vantage is accompanied by a tendency toward higher failure
counts, suggesting that DQN may converge to policies that
under-utilize maintenance. While DQN exhibits near-zero
variance across random seeds, this likely reflects convergence
to a simple or degenerate policy rather than robustness. In
contrast, PPO shows higher variability across seeds and gen-
erally fewer failures, though its sensitivity to the failure cost
parameter is less consistent and varies across settings.

When comparing oracle and estimated dynamics, the rela-
tive ranking of methods remains largely unchanged, indicat-
ing that our observations are robust to uncertainty in post-
maintenance behavior. Dijkstra maintains zero failures under
both dynamics, with only a small reduction in cost under esti-
mated dynamics due to occasional longer sampled lifetimes.
RL methods exhibit similar qualitative behavior in both set-
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tings, suggesting that the observed trade-offs are not sensitive
to the specific choice of post-maintenance model.

Overall, the results show a clear trade-off between cost and
reliability. Planning and heuristic methods can guarantee zero
failures but incur higher cost, while RL methods can achieve
substantially lower cost in low failure-penalty regimes by al-
lowing failures. As the failure penalty increases, planning
becomes increasingly favorable, eventually dominating RL in
both cost and reliability. This pareto trade-off is illustrated in
Fig. 2.

6.2. Planning Cost and Runtime

Table 2 reports training and inference runtimes for all meth-
ods. All experiments were conducted on a workstation with a
6-core Intel Xeon-class CPU and 32GB RAM, ensuring a fair
comparison of planning and policy-based computation under
CPU-bound conditions. Dijkstra incurs substantially higher
inference cost, requiring ~90 minutes per episode due to re-
peated re-planning over the full horizon. This cost is domi-
nated by repeated search over the joint fleet state at every de-
cision step. In contrast, heuristics and RL policies have neg-
ligible inference overhead, with heuristics requiring 28 sec-
onds and with DQN and PPO requiring ~ 9 and 10 seconds
per episode, respectively.

The key distinction lies in how computation is distributed. Di-
jkstra performs online optimization at every step, while RL
shifts this cost to a one-time training phase (=~ 40-68 min-
utes in our experiments). Consequently, RL policies provide
a substantially lower deployment-time computational burden,
making them more suitable for long-running or repeatedly de-
ployed systems where inference cost dominates.

This observation also complements earlier observations
where Dijkstra was shown to be consistently more cost-
effective than the Threshold heuristic in terms of total cost.
While that result highlights the benefit of explicit planning
over rule-based heuristics, the present analysis shows that this
improvement comes at a significant computational cost. In
practice, this introduces a trade-off between decision quality
(planning) and runtime efficiency (learned policies), particu-
larly in settings where frequent re-planning is required.

6.3. Constraint mechanisms

We further investigate the effect of constraint mechanisms for
RL agents in Table 3, specifically focusing on reward shaping
and action masking. The goal of this analysis is to understand
whether explicit modifications to the training signal or action
space can improve failure avoidance compared to vanilla, un-
constrained RL strategies.

Across both DQN and PPO, reward shaping does not con-
sistently alter the underlying failure behavior; DQN’s perfor-
mance remains largely unchanged while PPO shows moder-

ate and inconsistent shifts in the cost—failure trade-off across
settings. This suggests that scaling the failure penalty alone
is insufficient to reliably enforce safety-oriented behavior in
this environment.

In contrast, action masking leads to a more pronounced re-
duction in failures across both algorithms, particularly for
PPO, where the mask can substantially reduce failure occur-
rences in some configurations. However, this improvement
comes at the cost of significantly increased total cost, reflect-
ing a more conservative, i.e., frequent, maintenance policy
rather than an improved scheduling strategy.

Overall, the results indicate that action-space constraints are
more effective than reward-based modifications in influenc-
ing failure behavior, but neither mechanism is sufficient to
consistently match the zero-failure performance of planning
and heuristic across all settings. This reinforces the observa-
tion that reliability constraints are difficult to enforce implic-
itly through standard RL formulations without explicit struc-
tural restrictions on decision-making.

6.4. Further analysis of DQN failures

Next, we conduct an ablation study on DQN to investigate
why it achieves lower overall cost than PPO despite exhibit-
ing higher failure rates and minimal variance across random
seeds. In particular, we aim to understand why DQN appears
largely insensitive to the value of ¢y and what type of policy it
ultimately learns. To do so, we repeat the experiments using
both continuous and discrete state representations, as well as
a larger discount factor (y = 0.999).

Inspection of the learned policies shows that, across almost
all configurations in Table 4, DQN converges to a near zero-
maintenance policy, leading to highly consistent behavior
across seeds. In contrast, PPO does not exhibit the same de-
gree of collapse and instead maintains more stochastic and
comparatively failure-averse behavior. This pattern is ob-
served for both continuous and discrete state representations.
Furthermore, increasing ~ from 0.99 to 0.999 produces lit-
tle qualitative change, with DQN continuing to converge to
essentially the same policy in most settings.

We posit that this behavior arises from a discount-horizon
mismatch in the problem formulation. In typical RL formu-
lations that optimize for a discounted cumulative reward, fu-
ture failure penalties are geometrically attenuated by ~¢, ef-
fectively yielding a planning horizon on the order of ﬁ
steps. In our setting, bearing failures typically occur far be-
yond this effective horizon, causing the discounted value of
preventing failure to become negligible relative to the im-
mediate cost of maintenance. Consequently, the optimiza-
tion objective structurally favors policies that avoid short-
term maintenance costs even at the expense of long-term fail-
ures. We emphasize that this discount-horizon argument is
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Table 1. Main results for planning, heuristic, and vanilla RL methods across all failure penalty levels. Cost is the mean total
episode cost; Failures is the mean number of bearing failures per episode. Standard deviation across three seeds is shown for
RL methods. Dijkstra and Threshold are deterministic (no standard deviation).

Method cf = 100 cf = 500 cf = 1000 cs = 5000 ¢ = 10000

Cost Failures Cost Failures Cost Failures Cost Failures Cost Failures
Oracle dynamics
Threshold | 231336 0.0 231336 0.0 231336 0.0 231336 0.0 231336 0.0
Dijkstra 49176 0.0 49176 0.0 49176 0.0 49176 0.0 49176 0.0
DON 8134 £0 6.0+ 0.0 | 10534 +£0 6.0+ 0.0 | 13534 +0 6.0+ 0.0 | 37534 +0 6.0 +0.0 | 66856 =959 5.7 +0.5
PPO 15918 2561 52404 | 32973 £3751 3.4+ 0.4 | 25330 4721 5.1 0.8 | 47427 £3293 2.6 £ 1.4 | 54780 + 2542 1.2+0.8
Estimated dynamics
Threshold | 231336 0.0 231336 0.0 231336 0.0 231336 0.0 231336 0.0
Dijkstra 48936 0.0 48936 0.0 48936 0.0 48936 0.0 48936 0.0
DON 8134 £ 0 6.0+ 0.0 | 10534 +£0 6.0+ 0.0 | 13534 +0 6.0+ 0.0 | 37534 +0 6.0+ 0.0 | 67676 =201 52+1.1
PPO 11708 £ 1773 6.0 £ 0.0 | 29375 £ 2893 4.1 £ 0.7 | 22570 42494 5.3 +0.3 | 45786 £ 4681 4.4+ 0.8 | 66738 + 1749 3.8 +0.9

Table 2. Training and inference runtimes for all methods.

Method Training Inference (per episode)
Threshold — 28's
Dijkstra — ~90 min
DQN ~40 min 9s
PPO ~68 min 10s

a plausible heuristic explanation rather than a formal proof,
though a similar observation has been independently docu-
mented in other sequential decision-making domains (Yang et
al., 2024). However, other factors, including reward scaling,
exploration schedule, function approximation error, target-
network update frequency, replay-buffer composition, and the
relative magnitude of maintenance and failure costs, may also
contribute to DQN’s observed policy collapse. Formally dis-
entangling these effects is left to future work.

Increasing v extends the effective horizon in principle, but
does not fully resolve this mismatch in practice. Even at
v = 0.999, late-stage failures remain heavily discounted rel-
ative to maintenance costs, and the optimization landscape
continues to favor non-intervention policies. As a result,
DQN exhibits qualitatively similar behavior across discount
factors and state representations, although some variance be-
gins to emerge at the highest failure cost (cy = 10000).

Taken together, these results suggest that DQN’s superior
cost performance does not stem from improved maintenance
scheduling, but rather from convergence to a degenerate yet
stable zero-maintenance policy. This also explains the negli-
gible variance across seeds: once the policy reaches this at-
tractor region, exploration no longer meaningfully alters the
learned behavior.

6.5. Discussion and broader impact

Building on the preceding sections, we reflect on the broader
implications of these results. This study is not intended to in-
troduce a novel method, but to use a controlled bearing main-
tenance setting to expose the practical challenges of apply-

ing advanced decision-making approaches in PHM. A central
objective is to highlight the complexity of choosing between
RL and planning-based methods for predictive maintenance,
where each approach operates under different assumptions
and incurs different trade-offs in computation, reliability, and
total operational cost.

A key takeaway is that planning and RL are effectively solv-
ing different problems. Planning enforces reliability as a hard
constraint, while RL treats failures as a soft penalty. Under
long horizons, discounting weakens the impact of delayed
failures, which can bias RL toward short-term cost minimiza-
tion rather than long-term reliability. As a result, lower cost
in RL does not necessarily imply better decisions, but often
reflects a fundamentally different objective formulation.

We emphasize that this asymmetry is a deliberate feature of
our experimental design rather than an incidental limitation.
By holding the environment, cost model, and evaluation pro-
tocol fixed while allowing the reliability requirement itself to
differ across paradigms, we isolate the effect of objective for-
mulation on the resulting policies. Consequently, Dijkstra’s
zero-failure performance should be read as a direct conse-
quence of its imposed hard constraint rather than as an emer-
gent empirical advantage of planning over RL in general. A
matched-objective comparison, for instance a constrained RL
formulation evaluated against a finite-penalty planner, would
be needed to isolate any residual differences attributable to
the algorithms themselves rather than to their objectives; we
view this as an important direction for future work.

Several limitations should be noted. The study is conducted
on a fixed dataset and a fixed-horizon setting, using a rela-
tively small fleet of six bearings drawn from a single run-to-
failure dataset, and the observed behaviors may change un-
der different data distributions, system scales, or operating
horizons. Both planning and RL agents are also assumed to
observe accurate remaining-useful-life estimates or discrete
health states derived from ground-truth failure times. Real
deployments operate on uncertain RUL estimates produced
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Table 3. DQN and PPO performance with constraint mechanisms: reward shaping and safety mask, under oracle and estimated
dynamics.

Method cf = 100 cf = 500 ¢ = 1000 cf = 5000 cf = 10000

Cost Fail Cost Fail Cost Fail Cost Fail Cost Fail
Oracle dynamics
DQN shaped | 8134 £0 6.0£0.0 | 10534+ 0 6.0£0.0 | 13534+ 0 6.0£0.0| 37534+ 0 6.0£0.0| 65744 £ 1373 47+£12
DQN masked | 33703 £ 0 5.0+£0.0 | 35703 +0 5.0£0.0 | 40928 + 3853 5.0£0.0 | 58577 £529 4.7+ 0.5 | 83458 £ 361 43+09
PPO shaped | 20710 & 5377 5.1 +0.8 | 30087 + 4023 4.1 0.2 | 28033 £ 3620 3.9+ 0.7 | 47048 £ 6364 22 +2.1 | 55429 £4298 15+1.7
PPO masked | 56810 + 8411 2.0 4+ 1.6 | 56979 &+ 8237 2.2+ 0.8 | 54924 + 1549 2.3 +0.9 | 58846 £2265 0.0+ 0.0 | 73921 £ 15265 1.1+14
Estimated dynamics
DQN shaped | 8134 +0 6.0+ 0.0 10534 +0 6.0£0.0 | 13534+ 0 6.0£0.0| 37534+ 0 6.0+ 0.0 | 67534+ 0 6.0 £ 0.0
DOQN masked | 37317 + 7734 4.8 +£0.2 | 36135+ 3102 4.9+ 0.1 | 40570 £ 3418 5.0 £ 0.0 | 60956 + 3883 4.1 +0.7 | 83913 £5322 3.5+0.2
PPO shaped | 17770 £2751 5.3 4+0.3 | 21585 +3433 5.1 4+0.3 | 17697 43448 5.6+ 0.5 | 39737 £858 5.3+ 0.3 | 65265 +3810 4.5+ 0.5
PPO masked | 52595 £3628 1.7 1.3 | 53469 9318 1.5+ 1.2 | 51516 4356 2.7+ 1.8 | 62374 £ 1219 1.8+ 0.9 | 65448 8061 1.2+ 1.0

Table 4. Ablation study: Effect of discount factor on DQN with continuous and discrete observations under oracle dynamics.

Method cf = 100 cf = 500 cf = 1000 cf = 5000 cf = 10000

Cost Fail Cost Fail Cost Fail Cost Fail Cost Fail
Oracle dynamics
DQNcont. v =0.99 | 8134+0 6.04+0.0|10534+0 60=£0.0]13534+0 6.0+£0.0|37534+0 6.0+0.0|66856+959 57+05
DQNcont. v =0.999 | 8134+ 0 6.0£0.0 | 105340 6.040.0| 13534+0 6.0£0.0 375340 6.0+0.0|66795+578 53+0.5
DQN disc. v = 0.99 8134 4+0 60+00|10534+0 6.04+0.0|135344+0 6.0+0.0|37534+0 6.0+0.0|65895+1159 53+0.5
DQN disc. v =0.999 | 8134 +0 6.0+0.0 | 10534 +0 6.0+0.0 | 13534 +£0 6.0+0.0|37534+0 6.0£0.0|67534+0 6.0 £ 0.0

by a prognostics model, and performance under such estima-
tion noise remains to be characterized. In addition, RL results
are sensitive to training dynamics, evaluation protocols, and
reward design, and reported performance may reflect locally
optimal policies instead of globally optimal solutions. RL
results are also averaged over only three random seeds with-
out formal statistical significance testing, and some reported
differences, particularly for PPO under reward shaping and
action masking, fall within one standard deviation. We also
did not explore more advanced constrained RL formulations,
which could enforce reliability requirements more directly,
such as CMDPs, average-reward RL, or risk-sensitive RL.
Furthermore, we did not exhaust the range of planning ap-
proaches, as our study considers only a Dijkstra-based plan-
ning method. More sophisticated planning algorithms may
offer different cost-reliability trade-offs or improved compu-
tational efficiency. Evaluating alternative planning methods
alongside more advanced RL formulations remains an impor-
tant direction for future work.

7. CONCLUSION

This study highlights distinct formulation differences be-
tween planning and RL for multi-asset maintenance: plan-
ning enforces reliability as a hard constraint, while vanilla RL
optimizes a discounted expected cost that may tolerate fail-
ures. DQN consistently collapses to a zero-maintenance pol-
icy due to a mismatch between its discount horizon and the
longer asset lifetimes, making failure prevention negligible
relative to immediate maintenance costs. PPO partially mit-
igates this issue but only achieves near-zero failure behavior
with additional constraint mechanisms. Notably, both heuris-

tic and planning policies achieve zero failures, though plan-
ning achieves a much lower operational cost, at the expense of
significantly higher computational time. Overall, the results
suggest that planning and RL are complementary: planning
suits strict reliability requirements, while RL is better when
limited failures are acceptable and long-term efficiency mat-
ters. Future work should explore constrained MDPs, scaling
behavior, and hybrid planning—RL approaches.
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