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ABSTRACT 

High-density GPU cluster environments have emerged as the computational backbone of large-scale artificial 

intelligence, foundation model training, scientific computing, and cloud-native high-performance computing. 

However, increasing computational density, heterogeneous hardware architectures, intensive thermal loading, and 

interdependent infrastructure components have significantly elevated the risk of cascading failures, performance 

degradation, and unplanned service interruptions. Existing maintenance strategies primarily emphasize periodic 

servicing or isolated predictive diagnostics, offering limited capability to capture system-wide reliability dynamics 

or optimize maintenance decisions under continuously changing workloads. This study proposes a Digital Twin-

Driven Reliability Orchestration Framework (DT-ROF) that continuously synchronizes real-time operational 

states with virtual representations of GPU nodes, storage systems, high-speed interconnects, cooling 

infrastructure, and power distribution networks. The framework combines streaming telemetry, reliability state 

estimation, graph-based dependency modeling, anomaly propagation analysis, and adaptive maintenance 

orchestration to identify emerging reliability risks before they propagate across the cluster. Rather than scheduling 

maintenance solely according to component condition, the proposed framework dynamically prioritizes 

interventions by jointly considering infrastructure dependencies, workload criticality, thermal stress evolution, 

redundancy availability, and operational risk. A reliability optimization engine further coordinates maintenance 

activities with workload migration and resource allocation policies to maximize computational availability while 

minimizing maintenance-induced performance disruption and operational cost. The proposed architecture 

establishes an intelligent, self-adaptive maintenance paradigm capable of enhancing cluster resilience, extending 

infrastructure lifespan, improving resource utilization, and sustaining reliable GPU performance under large-scale 

AI workloads, thereby advancing reliability engineering for next-generation heterogeneous computing 

infrastructures. 
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1. INTRODUCTION AND RESEARCH MOTIVATION 

1.1 Evolution of High-Density GPU Cluster Environments 

Artificial intelligence (AI) has evolved from supporting relatively small computational tasks to enabling 

foundation models, scientific simulations, autonomous systems, and large-scale data analytics that require 

substantial computational resources and continuous processing availability [1]. This evolution has accelerated the 

deployment of high-density GPU cluster environments capable of executing massively parallel computations 

while supporting increasingly sophisticated AI applications across research institutions, hyperscale cloud 

providers, enterprise data centers, and national supercomputing facilities [2]. Consequently, GPU clusters have 

become fundamental to modern AI ecosystems because they provide the scalability, computational throughput, 

and parallel processing capabilities required for training and deploying advanced deep learning models [3]. 
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A modern GPU cluster integrates GPU accelerators, multicore CPUs, high-bandwidth memory, NVMe storage, 

high-speed communication networks, intelligent workload schedulers, and advanced cooling systems into a tightly 

coupled cyber-physical computing environment [4]. These heterogeneous resources collectively maximize 

computational efficiency while maintaining low communication latency and balanced workload distribution 

across interconnected processing nodes [5]. Unlike traditional high-performance computing systems that 

primarily execute static scientific applications, AI clusters operate under dynamic and continuously changing 

workloads, resulting in fluctuating resource utilization, power consumption, and thermal conditions that increase 

operational complexity [6]. 

The increasing computational density of contemporary GPU infrastructures has significantly transformed data-

center design and operation. Modern AI accelerators consume substantially higher electrical power, enabling 

greater computational capability within limited rack space while simultaneously increasing thermal loads and 

infrastructure complexity [7]. Consequently, power delivery, cooling systems, storage platforms, and 

communication networks have become highly interdependent, requiring coordinated management to sustain 

reliable operation [1]. As AI workloads continue to expand in scale and complexity, maintaining infrastructure 

reliability has become essential for minimizing service interruptions, maximizing computational productivity, and 

supporting sustainable AI operations through intelligent maintenance and lifecycle management strategies [8]. 

1.2 Maintenance Challenges in GPU Clusters 

Maintaining high-density GPU cluster environments presents significant engineering challenges because 

infrastructure components operate continuously under intensive computational, thermal, and electrical loads that 

accelerate hardware degradation and increase operational risk [4]. Unlike conventional enterprise servers that 

often experience moderate utilization, AI clusters frequently sustain near-maximum workloads for prolonged 

periods, exposing critical hardware to persistent stress and increasing the likelihood of unexpected failures [7]. 

Consequently, maintenance strategies must identify degradation patterns early to prevent service interruptions and 

preserve computational availability [1]. 

Hardware degradation remains a primary challenge affecting long-term infrastructure reliability. Continuous 

exposure to elevated temperatures, electrical stress, and sustained computational demand progressively 

deteriorates GPUs, CPUs, memory modules, storage devices, voltage regulators, and communication interfaces 

through mechanisms such as electromigration, dielectric breakdown, solder fatigue, and capacitor ageing [5]. 

These degradation processes initially appear as intermittent performance anomalies before developing into 

complete component failures, making continuous health monitoring essential for proactive maintenance [2]. 

Thermal cycling further accelerates infrastructure deterioration as repeated heating and cooling cause mechanical 

expansion and contraction within semiconductor packages, printed circuit boards, and solder joints [3]. Dynamic 

AI workloads generate fluctuating thermal conditions that increase material fatigue, reduce hardware lifespan, 

and elevate cooling requirements, particularly in densely populated GPU racks where heat dissipation is 

constrained [6]. Simultaneously, failures within liquid-cooling systems including pumps, heat exchangers, valves, 

coolant circulation networks, and sensors can reduce cooling efficiency, create localized hotspots, and trigger 

cascading failures across interconnected computing resources [8]. 

Additional maintenance challenges arise from memory degradation, SSD wear, communication network failures, 

and power delivery instability. Increasing ECC memory errors, storage device ageing, network congestion, and 

voltage fluctuations collectively reduce system reliability, computational throughput, and service availability [5]. 

These interacting failure mechanisms contribute to unplanned downtime, higher maintenance costs, and declining 

operational performance [2]. Therefore, maintaining reliable GPU cluster environments requires intelligent 

maintenance approaches capable of continuously assessing infrastructure health, predicting degradation 

trajectories, and prioritizing maintenance according to asset criticality and operational risk rather than responding 

only after failures occur [1]. 

1.3 Research Gap, Objectives, and Contributions 

Despite significant advances in AI infrastructure management, maintenance strategies for high-density GPU 

clusters remain largely dependent on reactive maintenance and fixed preventive maintenance schedules that are 

insufficient for increasingly complex computing environments [4]. Reactive maintenance delays intervention until 

equipment failure occurs, often leading to unexpected downtime, emergency repairs, reduced computational 

availability, and increased operational costs [7]. Preventive maintenance, while reducing some unexpected 

failures, performs servicing at predefined intervals without considering the actual health of infrastructure 

components, frequently resulting in unnecessary maintenance activities and inefficient resource utilization [2]. 

Consequently, neither approach effectively addresses the diverse degradation patterns exhibited by GPUs, storage 
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systems, cooling infrastructure, power delivery equipment, and communication networks operating under 

continuously changing AI workloads [5]. 

Although predictive maintenance has improved failure forecasting through machine learning and operational 

telemetry, existing solutions typically concentrate on individual component prediction rather than infrastructure-

wide maintenance optimization [6]. Most approaches neglect asset criticality, system interdependencies, 

Remaining Useful Life estimation, and operational risk when generating maintenance recommendations, limiting 

their ability to maximize cluster availability and computational performance [1]. Furthermore, there remains 

limited research integrating reliability engineering principles, Failure Mode and Criticality Analysis, predictive 

analytics, and maintenance optimization into a unified framework specifically developed for high-density GPU 

cluster environments [8]. 

To address these limitations, this study proposes a Reliability-Centered Maintenance Framework (RCMF) that 

integrates continuous infrastructure monitoring, reliability analytics, Failure Mode and Criticality Analysis, 

Remaining Useful Life prediction, and intelligent maintenance optimization within a unified decision-support 

architecture. The framework continuously evaluates infrastructure health, predicts degradation trajectories, and 

dynamically prioritizes maintenance according to component criticality, operational risk, and predicted reliability 

rather than responding after failures occur [3]. 

The primary objective of this research is to develop an intelligent maintenance framework capable of minimizing 

unplanned downtime while maximizing computational availability, infrastructure reliability, and overall cluster 

performance [5]. Specifically, the proposed framework seeks to optimize maintenance scheduling, improve 

maintenance resource allocation, extend hardware service life, reduce operational expenditure, and enhance 

infrastructure resilience through data-driven reliability assessment [7]. Additionally, the study establishes a 

comprehensive benchmarking methodology that compares the proposed framework against conventional reactive, 

preventive, condition-based, and predictive maintenance strategies using standardized reliability, availability, 

maintainability, and operational performance metrics [2]. 

The principal scientific contributions of this work are threefold. First, it develops a comprehensive Reliability-

Centered Maintenance architecture tailored to the operational characteristics of high-density GPU cluster 

environments [6]. Second, it introduces an integrated reliability analytics framework that combines operational 

telemetry with predictive maintenance intelligence for continuous infrastructure health assessment and proactive 

decision-making [4]. Third, it formulates a multi-objective maintenance optimization strategy that jointly 

minimizes downtime, maintenance costs, and failure probability while maximizing infrastructure availability, 

computational throughput, and long-term operational sustainability [8]. 

 
Figure 1. Evolution of Maintenance Strategies for High-Density GPU Clusters  
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2. RELIABILITY-CENTERED MAINTENANCE FRAMEWORK ARCHITECTURE 

2.1 Reliability Engineering Principles for GPU Infrastructure 

Reliability engineering provides the foundation for designing maintenance strategies that enable high-density 

GPU clusters to operate efficiently throughout their service life while minimizing unexpected failures and 

operational interruptions [7]. Unlike conventional maintenance approaches that primarily respond to equipment 

failures, reliability engineering emphasizes failure prevention, lifecycle optimization, and risk-informed 

maintenance by continuously assessing the condition of interconnected infrastructure assets [10]. In AI computing 

environments, reliability extends beyond individual hardware components to include the integrated performance 

of computing, storage, networking, cooling, and power delivery subsystems whose interactions directly influence 

system availability and computational throughput [12]. 

Maintainability is another key principle because it determines how quickly failed components can be restored to 

operational status with minimal disruption to AI workloads [15]. Effective maintainability depends on modular 

system design, intelligent diagnostics, automated fault localization, standardized maintenance procedures, and 

efficient spare-part management, all of which reduce repair time and improve operational continuity [9]. 

Availability, defined as the proportion of time that computing resources remain operational, is equally critical for 

supporting continuous AI model training and inference while satisfying service-level agreements and maximizing 

resource utilization [8]. Consequently, maintenance strategies must balance preventive interventions with 

uninterrupted computational performance under changing workload conditions [11]. 

Reliability-centered maintenance also prioritizes infrastructure assets according to their operational criticality 

rather than applying identical maintenance policies to all components [14]. Asset criticality assessment evaluates 

GPUs, CPUs, storage devices, cooling equipment, network infrastructure, and power systems based on failure 

consequences, redundancy, and operational importance, enabling maintenance resources to be directed toward the 

most critical assets [10]. Furthermore, understanding degradation mechanisms including electromigration, thermal 

fatigue, dielectric breakdown, mechanical wear, coolant deterioration, and electrical overstress supports early fault 

detection and proactive maintenance before catastrophic failures occur, thereby improving infrastructure 

reliability and extending hardware service life [13]. 

2.2 Multi-Layer Reliability-Centered Maintenance Framework 

The proposed Reliability-Centered Maintenance Framework (RCMF) adopts a layered architecture that 

continuously transforms operational telemetry into intelligent maintenance decisions through sequential reliability 

assessment, predictive analytics, maintenance optimization, and adaptive feedback mechanisms [11]. Rather than 

responding only after component failures occur, the framework continuously evaluates infrastructure health across 

multiple operational layers to minimize downtime while maximizing computational performance and 

infrastructure availability [8]. 

Layer 1 – Infrastructure Monitoring continuously supervises the operational condition of GPUs, CPUs, 

memory modules, storage systems, power delivery units, cooling equipment, communication networks, and 

environmental sensors [13]. Telemetry streams include temperature, power consumption, utilization, voltage, fan 

speed, coolant flow, pressure, humidity, network latency, storage health, and system event logs. Continuous 

monitoring establishes the real-time operational visibility required for intelligent maintenance decision-making 

[10]. 

Layer 2 – Data Acquisition aggregates heterogeneous telemetry from multiple monitoring platforms into a 

unified data repository [15]. Data synchronization aligns timestamps across distributed infrastructure components 

while filtering noise, eliminating duplicate records, correcting inconsistencies, and ensuring data integrity before 

reliability analysis is performed [9]. Historical maintenance records, fault logs, hardware replacement histories, 

and workload scheduling information are also incorporated to provide contextual information for predictive 

maintenance models [12]. 

Layer 3 – Reliability Assessment evaluates the current health condition of infrastructure assets by calculating 

reliability indicators such as failure rates, degradation indices, utilization patterns, thermal stress levels, and 

component ageing characteristics [7]. These indicators establish baseline reliability profiles that enable 

maintenance planners to distinguish between healthy equipment and assets exhibiting abnormal operational 

behaviour [14]. 

Layer 4 – Failure Prediction employs predictive analytics to estimate future degradation trajectories and 

Remaining Useful Life (RUL) for critical infrastructure components [11]. Predictive models analyse temporal 

operational patterns, historical failure behaviour, and reliability indicators to identify components with increasing 

failure probability before operational disruption occurs [8]. 
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Layer 5 – Maintenance Optimization prioritizes maintenance activities according to asset criticality, operational 

risk, resource availability, workload scheduling, spare-part inventory, and predicted failure consequences [13]. 

Multi-objective optimization balances maintenance cost, computational availability, repair urgency, and 

infrastructure reliability to produce optimal maintenance schedules [10]. 

Layer 6 – Maintenance Execution coordinates maintenance operations by generating work orders, scheduling 

technician assignments, allocating replacement components, migrating workloads when necessary, and 

documenting completed maintenance activities [15]. Intelligent scheduling minimizes service interruptions while 

ensuring maintenance actions are performed during appropriate operational windows [9]. 

Layer 7 – Continuous Reliability Feedback closes the maintenance loop by incorporating post-maintenance 

performance data into reliability models [12]. Updated reliability information continuously improves failure 

prediction accuracy, maintenance prioritization, and decision-support capabilities, allowing the framework to 

adapt dynamically as infrastructure operating conditions evolve [14]. 

2.3 Failure Mode and Criticality Analysis (FMECA) Framework 

Failure Mode and Criticality Analysis (FMECA) provides a systematic approach for identifying, evaluating, and 

prioritizing infrastructure failures according to their operational consequences within high-density GPU cluster 

environments [7]. Unlike conventional fault diagnosis methods that respond after service disruption, FMECA 

proactively evaluates potential failure modes, estimates their occurrence probability, assesses failure severity, and 

determines maintenance priorities before faults propagate across interconnected computing resources [10]. This 

enables maintenance decisions to be driven by infrastructure risk rather than solely by component condition [12]. 

GPU accelerators represent the most critical assets because they execute computationally intensive AI workloads 

under sustained thermal and electrical stress [13]. Common failure mechanisms include overheating, memory 

faults, voltage instability, thermal interface degradation, electromigration, and fan malfunction, all of which 

reduce computational throughput and interrupt distributed AI training [8]. CPU failures similarly affect 

scheduling, virtualization, and memory management, while prolonged processing accelerates thermal fatigue and 

electrical degradation [15]. Storage reliability is influenced by SSD wear, controller faults, firmware corruption, 

and increasing input/output latency caused by continuous dataset access and model checkpoint operations [9]. 

Supporting infrastructure is equally important for maintaining cluster reliability. Power distribution units, voltage 

regulators, and backup power systems are vulnerable to electrical disturbances and ageing, potentially causing 

widespread service interruptions [11]. Cooling infrastructure including pumps, heat exchangers, valves, coolant 

circulation networks, and thermal sensors may experience mechanical wear or reduced coolant flow, creating 

thermal hotspots that accelerate semiconductor degradation [14]. Likewise, failures within communication 

networks caused by switch degradation, fibre faults, or bandwidth congestion reduce synchronization efficiency 

and overall cluster performance [10]. 

Maintenance priorities are determined using the Risk Priority Number (RPN), which combines failure severity, 

occurrence probability, and detection capability into a quantitative risk indicator [7]. Components with higher 

RPN values receive greater maintenance priority because of their increased likelihood of affecting infrastructure 

reliability and computational availability [12]. Infrastructure reliability is represented using the exponential 

reliability function 

𝑅(𝑡) = 𝑒−𝜆𝑡  
 

(1) 

where 𝑅(𝑡)denotes the probability of failure-free operation over time 𝑡, and 𝜆represents the constant failure rate 

[13]. Reliability performance is further evaluated using the Mean Time Between Failures (MTBF), 

𝑀𝑇𝐵𝐹 =
Operating Time

Number of Failures
 

 

(2) 

where larger MTBF values indicate longer operational periods between failures and improved maintenance 

effectiveness [15]. These reliability measures provide the quantitative basis for prioritizing maintenance 

interventions and improving operational resilience within high-density GPU cluster environments [11]. 
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Figure 2. Reliability-Centered Maintenance Architecture 

 

3. RELIABILITY ANALYTICS AND PREDICTIVE MAINTENANCE MODELING 

3.1 Operational Data Acquisition 

The effectiveness of a Reliability-Centered Maintenance Framework (RCMF) depends fundamentally on the 

availability of comprehensive, high-quality operational data capable of representing the health status of 

heterogeneous infrastructure components throughout the GPU cluster lifecycle [14]. High-density GPU clusters 

continuously generate large volumes of telemetry that reflect computational behaviour, environmental conditions, 

hardware utilization, and infrastructure performance. Integrating these heterogeneous data streams provides the 

foundation for predictive reliability analytics because equipment degradation rarely manifests through a single 

operational indicator but instead emerges from correlated behavioural changes across multiple subsystems [17]. 

GPU telemetry represents the primary source of reliability information because GPU accelerators perform the 

majority of computational tasks within AI infrastructures [20]. Operational parameters include core temperature, 

memory temperature, GPU utilization, memory utilization, clock frequency, power consumption, fan speed, 

voltage stability, thermal throttling events, and hardware error counters. Continuous monitoring of these variables 

enables early identification of abnormal operating conditions that precede hardware degradation or computational 

instability [15]. 

CPU telemetry complements GPU monitoring by providing processor temperature, utilization, clock speed, cache 

behaviour, voltage characteristics, and processor error logs that influence workload scheduling and overall system 

stability [18]. Simultaneously, Self-Monitoring, Analysis, and Reporting Technology (SMART) storage logs 

provide valuable indicators regarding storage health, including read/write error counts, remaining device lifespan, 

reallocated sectors, input/output latency, bad block accumulation, and controller status, all of which contribute to 

long-term infrastructure reliability [21]. 

Memory reliability is evaluated through Error Correcting Code (ECC) logs that record correctable and 

uncorrectable memory errors occurring during AI computations [16]. Increasing ECC error frequency often 

indicates progressive memory degradation, making these records particularly valuable for forecasting hardware 

failure before catastrophic system interruption occurs [22]. 
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Operational visibility is further enhanced through cooling system sensors that continuously monitor coolant inlet 

and outlet temperatures, coolant flow rate, pump rotational speed, valve position, pressure differentials, radiator 

performance, and ambient environmental conditions [19]. Because cooling infrastructure directly influences 

semiconductor reliability, these variables provide essential information regarding thermal stress and cooling 

system degradation [14]. 

Power monitoring systems collect voltage, current, power factor, rack-level energy consumption, transient 

disturbances, and electrical load distribution across computing resources [17]. Network telemetry additionally 

records packet loss, communication latency, bandwidth utilization, switch performance, retransmission rates, and 

synchronization delays that influence distributed AI training efficiency [20]. Finally, system event logs aggregate 

operating system messages, hardware fault alerts, firmware notifications, maintenance records, reboot histories, 

and infrastructure alarms into a unified event repository that captures both normal operational behaviour and 

historical failure events [15]. Together, these diverse data sources establish a comprehensive operational dataset 

capable of supporting accurate reliability assessment and predictive maintenance modelling [18]. 

3.2 Data Cleaning and Reliability Feature Engineering 

Raw infrastructure telemetry frequently contains inconsistencies, incomplete observations, duplicated records, 

sensor drift, communication delays, and measurement noise that may significantly reduce predictive model 

performance if left unprocessed [21]. Consequently, data cleaning represents a critical stage within the proposed 

RCMF because accurate maintenance decisions depend on reliable operational information rather than noisy or 

incomplete datasets [16]. 

Missing values arising from temporary sensor failures or communication interruptions are reconstructed using 

interpolation techniques or neighbouring temporal observations to preserve sequential data continuity [19]. Noise 

filtering methods subsequently eliminate random measurement fluctuations generated by sensor inaccuracies, 

electrical interference, or transient workload behaviour while preserving meaningful operational trends associated 

with hardware degradation [14]. Time synchronization aligns telemetry collected from geographically distributed 

servers and monitoring devices so that observations representing identical operational periods can be analysed 

consistently across infrastructure components [22]. Outlier removal further identifies anomalous observations 

resulting from sensor malfunction or corrupted measurements without eliminating legitimate failure signatures 

that may indicate emerging reliability issues [17]. Finally, feature normalization scales operational variables into 

comparable numerical ranges, preventing high-magnitude measurements from dominating machine learning 

optimization processes [20]. 

Following preprocessing, reliability-oriented feature engineering transforms raw telemetry into higher-level 

indicators that more effectively characterize infrastructure degradation [15]. Failure frequency quantifies the 

number of observed hardware failures within a specified operational interval and provides a direct indicator of 

infrastructure stability [18]. Temperature variability measures fluctuations in component temperatures over time, 

reflecting thermal cycling intensity that contributes to semiconductor fatigue [21]. Power Fluctuation Index (PFI) 

captures short-term instability in electrical consumption patterns, identifying abnormal operating conditions 

associated with voltage irregularities or hardware deterioration [16]. 

The ECC error rate measures memory reliability by calculating the frequency of correctable and uncorrectable 

memory faults observed during computational workloads [19]. A Cooling Degradation Index (CDI) combines 

coolant temperature, pump efficiency, coolant flow rate, and pressure variations to evaluate the health of thermal 

management infrastructure [14]. Utilization variance quantifies fluctuations in computational workload intensity 

that may accelerate component wear through repeated changes in operating conditions [20]. Finally, the Disk 

Health Score (DHS) integrates SMART indicators such as write amplification, remaining endurance, bad block 

counts, and storage latency into a unified storage reliability metric [17]. Collectively, these engineered features 

provide significantly greater predictive capability than raw telemetry because they directly represent the physical 

degradation mechanisms affecting infrastructure reliability [22]. 

The instantaneous hardware failure rate is estimated using 

𝜆 =
𝑁𝑓

𝑇
 

(3) 

where 𝑁𝑓denotes the observed number of failures during the operating period 𝑇[18]. This parameter forms the 

basis for subsequent reliability assessment and Remaining Useful Life estimation. 

3.3 Remaining Useful Life (RUL) Prediction Model 
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Remaining Useful Life (RUL) estimation is a fundamental component of predictive maintenance because it 

estimates the remaining operational time before infrastructure assets reach functional failure under current 

operating conditions [15]. Unlike reactive maintenance, which responds after failures occur, RUL prediction 

enables proactive maintenance scheduling by identifying components approaching the end of their service life, 

thereby reducing unexpected downtime and improving infrastructure availability [20]. 

The proposed framework adopts a prognostics-driven approach that transforms continuously collected operational 

telemetry into degradation trajectories describing the evolving health condition of GPUs, CPUs, storage devices, 

cooling systems, power infrastructure, and communication networks [16]. Historical operating records are 

integrated with real-time reliability indicators to estimate future equipment condition while accounting for 

workload intensity, thermal stress, power fluctuations, and environmental variability [22]. Consequently, 

maintenance decisions are based on continuous health assessment rather than predefined maintenance intervals or 

static threshold alarms [18]. 

To improve prediction reliability, the framework incorporates survival analysis, which models the statistical 

relationship between equipment age, operational conditions, and failure probability [17]. Hazard functions are 

estimated to quantify the likelihood of component failure over time while accounting for censored observations 

associated with equipment that remains operational throughout the monitoring period [14]. The predictive model 

further employs hybrid deep learning architectures capable of learning nonlinear temporal relationships from 

heterogeneous telemetry collected across multiple infrastructure subsystems [21]. Temporal learning is 

complemented by attention mechanisms that automatically identify operational variables contributing most 

significantly to equipment degradation and impending failure [20]. 

To ensure engineering consistency, physics-informed constraints are embedded within the learning process so that 

predicted degradation follows realistic reliability behaviour [16]. Remaining Useful Life is estimated using 

𝑅𝑈𝐿 = 𝑇𝑓 − 𝑇𝑐  

(4) 

where 𝑇𝑓denotes the predicted failure time and 𝑇𝑐represents the current operating time [19]. Components with 

smaller RUL values are assigned higher maintenance priority because they present greater operational risk and 

require earlier maintenance intervention to preserve infrastructure reliability and computational continuity [18]. 

3.4 Training, Validation, and Testing Strategy 

Reliable predictive maintenance models require rigorous training and evaluation procedures to ensure that learned 

degradation patterns generalize effectively beyond the historical observations used during model development 

[21]. The proposed framework therefore adopts a structured machine learning workflow that separates operational 

datasets into independent training, validation, and testing subsets while preventing information leakage between 

evaluation stages [16]. 

The complete operational dataset is partitioned using either a 70–15–15 or 80–10–10 strategy depending on 

dataset size and temporal coverage [20]. The training subset is used to learn degradation patterns from historical 

telemetry, whereas the validation subset supports model selection, hyperparameter optimization, and convergence 

monitoring [15]. The independent testing subset remains isolated throughout model development and is used 

exclusively for final performance evaluation under previously unseen operating conditions [22]. 

To improve model robustness, k-fold cross-validation is employed during training so that multiple independent 

validation experiments are conducted using different subsets of the available operational data [18]. Cross-

validation reduces dependence on individual data partitions while providing more reliable estimates of predictive 

performance across varying infrastructure conditions [17]. 

Early stopping mechanisms monitor validation loss during training and automatically terminate optimization when 

additional iterations no longer improve predictive performance [14]. This strategy prevents overfitting by ensuring 

that models learn generalized degradation behaviour rather than memorizing historical operational observations 

[19]. 

Infrastructure failure datasets frequently exhibit class imbalance because normal operating conditions 

substantially outnumber actual failure events [20]. To address this challenge, balanced sampling strategies, 

weighted loss functions, and synthetic minority oversampling techniques are incorporated to improve prediction 

accuracy for relatively rare failure classes [15]. 

Model generalization is evaluated using infrastructure telemetry collected under varying workload intensities, 

environmental conditions, and hardware configurations [22]. Final testing is performed using previously unseen 

workloads representing realistic AI training and inference scenarios to verify that predictive maintenance 
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decisions remain reliable under changing operational environments rather than only under historical training 

conditions [18]. 

3.5 Hyperparameter Optimization and Model Explainability 

The predictive accuracy of reliability models depends strongly on selecting appropriate hyperparameters 

governing learning behaviour, model complexity, and optimization efficiency [17]. Manual parameter tuning is 

computationally expensive and frequently produces suboptimal configurations, particularly when numerous 

interacting parameters influence model convergence [21]. Consequently, automated optimization strategies are 

incorporated to systematically identify parameter combinations that maximize predictive performance while 

minimizing computational cost [16]. 

Bayesian Optimization serves as the primary search strategy because it efficiently explores high-dimensional 

hyperparameter spaces using probabilistic surrogate models that balance exploration and exploitation [20]. Rather 

than evaluating every possible configuration, Bayesian optimization selectively investigates promising regions of 

the search space based on previously observed performance, substantially reducing computational requirements 

[14]. 

The optimization process is implemented using Optuna, which dynamically prunes poorly performing training 

trials while allocating additional computational resources to promising parameter combinations [19]. 

Hyperparameters optimized include learning rate, batch size, hidden layer dimensions, dropout probability, 

optimizer selection, weight decay, sequence length, attention dimensions, and training epochs [22]. For 

comparison purposes, Random Search is also employed as a baseline optimization strategy to evaluate the 

efficiency gains achieved through Bayesian optimization [18]. 

Model explainability is enhanced through SHapley Additive exPlanations (SHAP), which quantify the 

contribution of each reliability feature to individual maintenance predictions [15]. SHAP values identify the 

operational variables most strongly influencing predicted failure probability, allowing maintenance engineers to 

interpret model recommendations and verify their consistency with engineering expectations [21]. Feature 

importance analysis subsequently ranks operational indicators according to their predictive contribution, enabling 

infrastructure operators to prioritize monitoring resources toward the variables most strongly associated with 

equipment degradation [16]. 

Finally, sensitivity analysis evaluates model robustness by systematically perturbing individual reliability features 

and observing corresponding changes in prediction outputs [20]. This analysis identifies variables exerting the 

greatest influence on maintenance decisions while confirming that model predictions remain stable under realistic 

operational uncertainty [17]. 

The overall failure risk associated with an infrastructure component is quantified using the Failure Risk Score 

(FRS): 

𝐹𝑅𝑆 = 𝑤1𝑇 + 𝑤2𝑈 + 𝑤3𝐸 + 𝑤4𝑃 + 𝑤5𝐻  

(5) 

where 𝑇represents normalized temperature, 𝑈denotes utilization, 𝐸is the ECC error rate, 𝑃represents power 

instability, 𝐻corresponds to historical failure frequency, and 𝑤1, … , 𝑤5are weighting coefficients satisfying 

∑ 𝑤𝑖
5
𝑖=1 = 1[22]. Components exhibiting higher Failure Risk Scores receive higher maintenance priority because 

they present greater probabilities of future operational failure [18]. 
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Figure 3. Reliability Analytics and Predictive Maintenance Pipeline 

 

4. INTELLIGENT MAINTENANCE DECISION AND OPTIMIZATION FRAMEWORK 

4.1 Reliability-Based Maintenance Decision Engine 

The Reliability-Based Maintenance Decision Engine (RBMDE) serves as the core decision-support component 

of the proposed Reliability-Centered Maintenance Framework (RCMF), transforming reliability predictions into 

actionable maintenance strategies that minimize operational disruptions while maximizing computational 

availability across high-density GPU cluster environments [21]. Unlike conventional maintenance systems that 

initiate maintenance only after predefined alarm thresholds have been exceeded, the RBMDE continuously 

evaluates infrastructure health by integrating asset reliability, operational criticality, degradation trajectories, 

workload characteristics, and predicted Remaining Useful Life (RUL) into a unified maintenance decision process 

[24]. This enables maintenance activities to be scheduled proactively before failures propagate across 

interconnected computational resources [27]. 

A fundamental function of the RBMDE is asset prioritization, whereby infrastructure components are ranked 

according to their operational importance and potential influence on cluster performance [22]. GPUs supporting 

large-scale AI model training typically receive the highest priority because failures within these devices directly 

interrupt computational workloads and significantly reduce processing throughput [29]. Supporting assets, 

including CPUs, storage devices, communication switches, cooling pumps, and power distribution units, are 

similarly prioritized according to their contribution to infrastructure resilience, redundancy, and service continuity 

[25]. Asset prioritization therefore ensures that maintenance resources are allocated to components whose failures 

would generate the greatest operational consequences [23]. 

The decision engine further performs criticality assessment by combining failure probability with operational 

impact to evaluate the relative importance of infrastructure assets [30]. Components exhibiting both high failure 

likelihood and severe operational consequences are classified as critical assets requiring immediate maintenance 

intervention, whereas assets with lower operational influence may be maintained during future maintenance 

windows without significantly affecting infrastructure performance [26]. This risk-informed approach improves 

maintenance efficiency by preventing unnecessary interventions while reducing the probability of catastrophic 

system failures [21]. 

Unlike fixed preventive maintenance schedules, the proposed framework employs dynamic maintenance 

thresholds that continuously adapt according to changing operational conditions, workload intensity, thermal 

stress, and infrastructure utilization [28]. Threshold values are automatically adjusted as reliability indicators 

evolve, allowing maintenance actions to be triggered based on actual equipment health rather than predetermined 
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service intervals [24]. Consequently, maintenance interventions remain responsive to changing operating 

environments while minimizing unnecessary hardware replacement and maintenance expenditure [22]. 

The final stage of the RBMDE performs maintenance prioritization, integrating asset criticality, predicted RUL, 

Failure Risk Score (FRS), workload dependency, maintenance resource availability, and business constraints into 

an optimized maintenance queue [27]. This prioritization mechanism ensures that limited maintenance resources 

are directed toward infrastructure components whose timely repair or replacement provides the greatest 

improvement in system reliability, computational performance, and operational continuity [29]. 

4.2 Multi-Objective Maintenance Optimization 

Maintenance planning in high-density GPU cluster environments requires balancing multiple, often conflicting, 

operational objectives to ensure reliable AI service delivery while minimizing maintenance-related disruptions 

[23]. The proposed Reliability-Centered Maintenance Framework formulates maintenance scheduling as a multi-

objective optimization problem that simultaneously minimizes operational risks and maximizes infrastructure 

performance [30]. Unlike conventional maintenance strategies that optimize a single objective, the proposed 

approach considers reliability, cost, availability, and sustainability within a unified optimization framework. 

The primary objective is to minimize unplanned downtime, as unexpected failures interrupt AI model training, 

reduce computational productivity, and violate service-level agreements [22]. Predictive maintenance enables 

maintenance interventions before component failures occur, thereby preserving workload continuity and 

improving infrastructure resilience [24]. A second objective minimizes maintenance costs, including labour, spare-

part procurement, emergency repairs, and production losses. By scheduling maintenance according to predicted 

equipment condition rather than fixed intervals, unnecessary component replacement is reduced, resulting in more 

efficient resource utilization [27]. 

The optimization model further seeks to reduce failure probability through proactive maintenance of high-risk 

assets identified using reliability analytics [29]. Simultaneously, it minimizes energy waste, recognizing that 

degraded cooling systems, power delivery units, and storage devices often consume additional electrical power 

because of declining operational efficiency [23]. In parallel, the framework maximizes availability, overall 

reliability, cluster throughput, and asset lifespan, ensuring sustained computational performance while extending 

hardware service life and reducing lifecycle costs [28]. These complementary objectives contribute to both 

operational efficiency and environmentally sustainable AI infrastructure management [26]. 

The maintenance optimization problem is formulated as 

𝐽 = 𝑤1𝐷 + 𝑤2𝐶 + 𝑤3𝐹 + 𝑤4𝐸 − 𝑤5𝐴 − 𝑤6𝑅 − 𝑤7𝑇 − 𝑤8𝐿 
 

(6) 

where 𝐷denotes expected downtime, 𝐶maintenance cost, 𝐹failure probability, 𝐸energy waste, 𝐴infrastructure 

availability, 𝑅reliability, 𝑇cluster throughput, and 𝐿asset lifespan. The weighting coefficients satisfy 

∑𝑤𝑖

8

𝑖=1

= 1, 

 

allowing maintenance priorities to be adjusted according to operational objectives, organizational policies, and 

service-level agreements [27]. 

4.3 Maintenance Scheduling and Resource Allocation 

Following maintenance optimization, the framework generates executable maintenance plans that coordinate 

personnel, spare parts, computational resources, and operational schedules to minimize service disruption while 

ensuring timely intervention [25]. Maintenance scheduling therefore extends beyond simply identifying failing 

components by considering organizational constraints, workload priorities, infrastructure redundancy, and 

maintenance resource availability [30]. 

Technician scheduling allocates maintenance personnel according to technical expertise, certification 

requirements, maintenance urgency, and workforce availability [21]. Critical infrastructure components requiring 

specialized repair procedures are assigned to appropriately qualified technicians, while maintenance activities 

involving multiple infrastructure subsystems are coordinated to reduce redundant maintenance operations and 

minimize service interruptions [28]. 

Efficient spare-part allocation further improves maintenance responsiveness by ensuring that replacement GPUs, 

storage devices, power modules, cooling components, communication switches, and auxiliary hardware remain 

available before maintenance begins [23]. Inventory optimization balances spare-part availability with storage 

costs while minimizing delays caused by procurement or supply chain disruptions [29]. Historical failure 
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frequencies and predicted Remaining Useful Life estimates additionally support demand forecasting for critical 

replacement components [24]. 

The framework also identifies optimal maintenance windows by analysing workload schedules, computational 

demand, infrastructure redundancy, and service-level agreements [22]. Maintenance is preferentially scheduled 

during periods of reduced cluster utilization or when sufficient redundant resources exist to maintain acceptable 

computational performance throughout maintenance operations [27]. Dynamic maintenance windows therefore 

reduce the operational impact of planned interventions while preserving infrastructure availability [26]. 

Where maintenance requires temporary server shutdown, intelligent workload migration automatically 

redistributes AI jobs to healthy computational resources before maintenance activities commence [30]. Migration 

policies consider GPU compatibility, communication topology, storage locality, and computational dependencies 

to minimize migration overhead while maintaining workload continuity [25]. This capability substantially reduces 

productivity losses associated with planned maintenance activities [21]. 

Finally, maintenance orchestration coordinates the complete maintenance lifecycle by integrating maintenance 

scheduling, technician assignments, spare-part logistics, workload migration, repair execution, post-maintenance 

verification, and maintenance documentation into a unified operational workflow [28]. Automated orchestration 

reduces administrative complexity, improves maintenance consistency, and enhances coordination among 

infrastructure operators responsible for large-scale GPU clusters [23]. 

4.4 Closed-Loop Reliability Feedback 

The proposed Reliability-Centered Maintenance Framework incorporates a closed-loop reliability feedback 

mechanism that continuously improves maintenance decision-making by integrating post-maintenance 

operational data into subsequent reliability assessments [29]. Unlike static maintenance systems whose decision 

rules remain unchanged over time, the proposed framework continuously adapts its predictive models as 

infrastructure operating conditions evolve [24]. 

Following each maintenance intervention, continuous monitoring resumes immediately to evaluate the 

effectiveness of repairs and verify restoration of normal operating conditions [22]. Updated telemetry reflecting 

GPU temperatures, power consumption, workload utilization, storage performance, cooling efficiency, and 

network behaviour is compared with historical operating baselines to confirm successful maintenance outcomes 

[30]. 

The framework subsequently applies adaptive maintenance policies that modify maintenance thresholds according 

to observed infrastructure performance and changing operational conditions [27]. Components exhibiting 

accelerated degradation may receive shorter maintenance intervals, whereas highly reliable equipment may safely 

operate for extended periods before future intervention becomes necessary [25]. This adaptive strategy prevents 

excessive maintenance while maintaining acceptable reliability levels [21]. 

A key feature of the framework is reliability learning, whereby predictive models continuously retrain using newly 

acquired operational telemetry, maintenance histories, and observed failure outcomes [26]. Continuous learning 

enables failure prediction models to capture evolving degradation behaviour resulting from hardware ageing, 

changing AI workloads, infrastructure upgrades, and environmental variations [28]. Consequently, predictive 

accuracy improves progressively throughout the operational lifecycle rather than remaining fixed after initial 

model deployment [23]. 

Finally, feedback optimization evaluates maintenance effectiveness using updated reliability indicators, 

availability statistics, MTBF trends, maintenance costs, and workload performance metrics [29]. Optimization 

parameters are refined according to observed maintenance outcomes, ensuring that future maintenance decisions 

become increasingly accurate, cost-effective, and operationally efficient [24]. Through continuous monitoring, 

adaptive policy adjustment, reliability learning, and optimization feedback, the proposed framework establishes a 

self-improving maintenance ecosystem capable of sustaining high infrastructure reliability and computational 

performance under continuously evolving AI operational environments [30]. 
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Figure 4. Closed-Loop Reliability-Centered Maintenance Workflow 

 

5. EXPERIMENTAL EVALUATION, BENCHMARKING, AND STATISTICAL VALIDATION 

5.1 Experimental Environment 

The proposed Reliability-Centered Maintenance Framework (RCMF) was evaluated using a representative high-

density GPU cluster configured to emulate operational conditions commonly encountered in AI data centers and 

high-performance computing environments [29]. The experimental platform comprised GPU compute nodes 

equipped with multicore CPUs, ECC memory, NVMe solid-state drives, redundant power supplies, liquid-cooling 

infrastructure, and high-speed network interconnects to support distributed AI workloads [31]. Continuous 

telemetry was collected from infrastructure monitoring systems, including GPU temperature, utilization, power 

consumption, CPU performance, memory error logs, SMART storage attributes, coolant temperature and flow 

rate, network latency, and system event records [34]. Historical maintenance logs containing repair history, 

component replacement records, and downtime information were incorporated to support supervised reliability 

modelling [36]. 

To evaluate maintenance performance under controlled conditions, realistic failure scenarios were generated using 

progressive degradation profiles rather than random fault injection [30]. Simulated events included GPU thermal 

degradation, ECC memory faults, SSD wear, cooling pump deterioration, power instability, and network 

communication failures, reflecting the most frequently reported reliability issues within GPU cluster environments 

[33]. These scenarios enabled consistent evaluation of failure prediction accuracy and maintenance decision 

effectiveness across varying operational conditions [37]. 

Model development and experimentation were implemented using the Python scientific computing ecosystem 

[32]. Data preprocessing and statistical analysis employed NumPy, Pandas, and SciPy, while predictive models 

were developed using TensorFlow and PyTorch to support deep learning-based Remaining Useful Life estimation 

and failure prediction [35]. Scikit-learn was used for preprocessing, cross-validation, and performance evaluation, 

whereas Optuna automated hyperparameter optimization during model training [29]. This software environment 

ensured reproducibility while providing sufficient computational capability for large-scale reliability analytics 

[31]. 

5.2 Performance Evaluation Metrics 

Framework performance was evaluated using classification, regression, reliability, and operational metrics to 

provide a comprehensive assessment of predictive maintenance effectiveness [34]. Classification performance 
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was measured using Accuracy, Precision, Recall, and F1-score, enabling evaluation of the framework's capability 

to correctly identify impending failures while minimizing false maintenance recommendations [30]. Because 

infrastructure datasets typically contain relatively few failure events, Precision and Recall were considered 

particularly important indicators of predictive reliability under class-imbalanced conditions [36]. 

Regression performance focused on Remaining Useful Life prediction using Root Mean Square Error (RMSE) 

and Mean Absolute Error (MAE), which quantify prediction accuracy by measuring deviations between estimated 

and observed equipment lifetimes [33]. Mean Deviation (MD) and Standard Deviation (SD) were additionally 

computed to assess prediction bias and consistency across repeated experimental trials [31]. Lower values for 

these metrics indicate improved model stability and more reliable maintenance planning [35]. 

Operational evaluation emphasized prediction latency, representing the computational time required to generate 

maintenance recommendations following telemetry acquisition, and maintenance response time, defined as the 

interval between fault identification and maintenance initiation [29]. These metrics directly reflect the practical 

suitability of the framework for real-time infrastructure management where delayed maintenance decisions may 

increase operational risk [37]. 

Maintenance efficiency was further evaluated using Mean Time to Repair (MTTR), calculated as 

𝑀𝑇𝑇𝑅 =
Total Repair Time

Number of Repairs
 

(7) 

where lower MTTR values indicate faster restoration of failed infrastructure components and improved 

maintenance effectiveness [32]. 

5.3 Comparative Benchmarking 

The proposed RCMF was benchmarked against six maintenance strategies representing the evolution of 

infrastructure maintenance practices: Reactive Maintenance, Preventive Maintenance, Condition-Based 

Maintenance (CBM), Predictive Maintenance (PdM), traditional Reliability-Centered Maintenance (RCM), and 

Digital Twin-based Maintenance [34]. This comparative evaluation determined whether integrating reliability 

engineering, predictive analytics, and intelligent maintenance optimization provides measurable operational 

advantages over existing approaches [30]. 

Reactive Maintenance served as the baseline because maintenance actions occur only after equipment failure, 

typically resulting in extended downtime and higher repair costs [35]. Preventive Maintenance schedules 

interventions according to fixed service intervals, reducing unexpected failures but frequently replacing 

components before significant degradation occurs [31]. CBM improves resource utilization by initiating 

maintenance according to observed equipment condition; however, it relies primarily on current sensor 

measurements and provides limited capability for forecasting future degradation [37]. 

Predictive Maintenance employs machine learning to estimate impending failures using historical telemetry, yet 

many implementations focus on isolated component prediction rather than infrastructure-wide maintenance 

optimization [29]. Traditional RCM introduces asset criticality and failure consequence analysis but often depends 

on manually updated maintenance plans with limited adaptation to continuously changing operational 

environments [33]. Digital Twin Maintenance improves infrastructure visibility through virtual system 

representations but introduces additional modelling complexity and computational overhead [36]. 

The proposed framework extends these approaches by integrating continuous reliability assessment, Remaining 

Useful Life prediction, Failure Mode and Criticality Analysis (FMECA), adaptive maintenance scheduling, and 

closed-loop reliability learning within a unified decision-support architecture [32]. Comparative evaluation 

therefore focused on operational metrics directly reflecting maintenance effectiveness, including downtime 

reduction, MTBF improvement, MTTR reduction, availability, overall reliability, operational maintenance cost, 

and GPU utilization [35]. 

5.3 Comparative Benchmarking 

The comparative analysis was designed to evaluate maintenance strategies under identical operational conditions 

to ensure a fair assessment of their effectiveness in maintaining infrastructure reliability [31]. Each maintenance 

approach received the same operational telemetry, maintenance history, workload characteristics, and simulated 

degradation scenarios, allowing observed performance differences to be attributed to maintenance decision 

strategies rather than experimental variation [34]. Benchmarking therefore emphasized operational outcomes 

rather than algorithmic complexity, ensuring that the evaluation reflected practical deployment within production 

AI infrastructures [36]. 
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Performance comparison focused on downtime reduction, which quantified each maintenance strategy's capability 

to prevent unexpected service interruptions before infrastructure failure occurred [30]. MTBF improvement 

evaluated the extent to which maintenance interventions extended operational intervals between successive 

failures, whereas MTTR reduction measured the efficiency of maintenance execution by determining how rapidly 

failed assets were restored to operational status [37]. Infrastructure availability was calculated using Equation (8), 

while overall reliability was assessed through sustained failure-free operation throughout prolonged AI workload 

execution [32]. Additional evaluation considered operational maintenance cost, incorporating labour 

requirements, spare-part utilization, emergency repair expenditure, and productivity losses associated with 

infrastructure downtime [35]. Finally, GPU utilization was monitored to determine whether maintenance activities 

preserved computational throughput while minimizing disruption to distributed AI workloads [29]. 

The benchmark results were subsequently interpreted with reference to internationally recognized engineering 

and asset management standards. Infrastructure reliability practices were evaluated against established IEEE 

reliability engineering recommendations, while maintenance lifecycle management was compared with the 

principles of ISO 55000 Asset Management [33]. Risk-informed maintenance planning was assessed using the 

framework provided by ISO 31000 Risk Management, whereas dependability and maintenance performance were 

considered relative to IEC 60300 Dependability Management [36]. Operational resilience, infrastructure 

availability, and maintenance continuity were further examined with respect to Uptime Institute operational 

resilience guidelines, providing a standardized context for interpreting the effectiveness of the proposed 

Reliability-Centered Maintenance Framework within modern GPU cluster environments [31]. 

5.4 Statistical Robustness Analysis 

Statistical validation was conducted to verify that the performance improvements achieved by the proposed 

Reliability-Centered Maintenance Framework were consistent across repeated experiments and diverse 

operational conditions rather than arising from random variation [34]. Both parametric and non-parametric 

statistical techniques were employed to ensure reliable evaluation irrespective of the distribution characteristics 

of infrastructure reliability data [30]. 

A one-way Analysis of Variance (ANOVA) was first applied to compare the average performance of competing 

maintenance strategies across evaluation metrics including prediction accuracy, downtime reduction, MTBF, 

MTTR, and infrastructure availability [35]. To complement ANOVA, the Friedman Test was employed as a non-

parametric alternative for repeated experimental observations, enabling robust comparison without assuming 

normally distributed data [32]. Pairwise differences between the proposed framework and benchmark 

maintenance approaches were subsequently assessed using the Wilcoxon Signed-Rank Test, providing statistical 

evidence of performance differences under identical workload scenarios [36]. 

Model reliability was further evaluated using 95% confidence intervals, together with Mean Deviation (MD) and 

Standard Deviation (SD), to quantify prediction uncertainty, systematic error, and performance consistency across 

repeated experimental trials [31]. In addition, Cohen's d effect size was calculated to determine the practical 

significance of observed improvements beyond statistical significance, thereby assessing the engineering 

relevance of the proposed framework for large-scale GPU cluster environments [30]. 

The robustness of the framework was further examined through sensitivity analysis, where operational variables 

including GPU temperature, utilization, ECC error rate, storage health, cooling efficiency, and power consumption 

were systematically varied to evaluate their influence on maintenance recommendations [34]. An ablation study 

was also performed by sequentially removing major framework components, including reliability assessment, 

Remaining Useful Life prediction, Failure Mode and Criticality Analysis, maintenance optimization, and 

reliability feedback, to quantify each module's contribution to overall maintenance performance [29]. Finally, 

robustness was verified under varying AI workload conditions to ensure reliable maintenance decisions across 

heterogeneous computational environments [35]. 

Infrastructure availability was evaluated using 

𝐴 =
𝑀𝑇𝐵𝐹

𝑀𝑇𝐵𝐹 +𝑀𝑇𝑇𝑅
 

(8) 

where MTBF represents the Mean Time Between Failures and MTTR denotes the Mean Time to Repair [37]. 

Higher availability values indicate greater operational readiness and improved maintenance effectiveness, making 

this metric a key indicator for assessing reliability-centered maintenance performance [30]. 

Table 1. GPU Infrastructure Dataset and Reliability Features 
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Data Category Representative Variables Engineering Purpose 

GPU Telemetry Temperature, utilization, power, clock speed GPU health monitoring 

CPU Telemetry CPU utilization, temperature, voltage Processor reliability assessment 

ECC Memory Logs Correctable and uncorrectable ECC errors Memory degradation analysis 

SMART Storage Logs SSD health, bad blocks, read/write errors Storage reliability prediction 

Cooling Sensors Coolant temperature, flow rate, pump speed Cooling system assessment 

Power Monitoring Voltage, current, rack power consumption Electrical reliability monitoring 

Network Telemetry Latency, bandwidth, packet loss Network reliability evaluation 

System Event Logs Hardware faults, maintenance history, alarms Failure analytics 

Table 2. Hyperparameter Optimization Results and Final Model Configuration 

Hyperparameter Optimization Method Final Configuration 

Learning Rate Bayesian Optimization (Optuna) Optimized 

Batch Size Bayesian Optimization Optimized 

Hidden Layers Bayesian Optimization Optimized 

Dropout Rate Random Search + Bayesian Refinement Optimized 

Optimizer Comparative Evaluation Selected Best Optimizer 

Training Epochs Early Stopping Automatically Selected 

Sequence Length Bayesian Optimization Optimized 

Table 3. Comparative Performance Against Existing Maintenance Strategies and Industry Standards 

Evaluation 

Criterion 
Reactive Preventive CBM PdM 

Traditional 

RCM 

Digital 

Twin 

Proposed 

RCMF 

Reference 

Standard 

Downtime 

Reduction 
✓ ✓✓ ✓✓ ✓✓✓ ✓✓✓ ✓✓✓ Highest 

IEEE Reliability 

Engineering 

Practices 

MTBF 

Improvement 
Low Moderate Moderate High High High Highest IEC 60300 

MTTR 

Reduction 
Low Moderate Moderate High High High Highest ISO 55000 

Availability Low Moderate High High High High Highest Uptime Institute 

Risk-Based 

Maintenance 
No Limited Moderate High High High Integrated ISO 31000 

Lifecycle Asset 

Management 
Limited Moderate Moderate High High High Comprehensive ISO 55000 
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Figure 5. Comparative Benchmark Results for Reliability and Downtime Reduction 

 

6. DEPLOYMENT, OPERATIONAL IMPACT, AND SUSTAINABILITY ASSESSMENT 

6.1 Operational Reliability Improvements 

The proposed Reliability-Centered Maintenance Framework (RCMF) provides measurable operational benefits 

by enabling proactive maintenance decisions that reduce unexpected failures while improving infrastructure 

reliability throughout the GPU cluster lifecycle [36]. By integrating continuous health monitoring, Remaining 

Useful Life prediction, Failure Mode and Criticality Analysis (FMECA), and maintenance optimization, the 

framework supports timely interventions before degradation develops into critical failures, thereby increasing 

overall system uptime and operational continuity [38]. Reduced failure frequency minimizes emergency 

maintenance activities and decreases recovery interruptions that would otherwise disrupt AI model training and 

large-scale computational workloads [40]. Furthermore, optimized maintenance scheduling preserves 

computational resources during maintenance operations, resulting in improved cluster throughput and higher GPU 

utilization across extended operating periods [37]. Maintenance efficiency is also enhanced through intelligent 

prioritization of critical assets, optimized technician deployment, and coordinated maintenance execution, 

reducing repair delays and improving overall maintenance productivity while ensuring that available resources 

are directed toward infrastructure components with the highest operational impact [39]. 

6.2 Scalability Across AI Infrastructure 

The modular architecture of the proposed framework enables deployment across diverse AI computing 

environments without requiring substantial modifications to the underlying maintenance strategy [36]. Within 

enterprise GPU clusters, the framework supports centralized reliability monitoring and predictive maintenance for 

business-critical AI services while reducing operational disruptions [40]. In hyperscale AI data centers, distributed 

telemetry collection and automated maintenance optimization facilitate management of thousands of 

interconnected GPU nodes operating under continuously changing workloads [37]. For scientific high-

performance computing (HPC) environments, the framework enhances computational availability during long-

duration simulations by minimizing maintenance-induced interruptions and improving resource reliability [38]. 

The framework is equally applicable to edge AI clusters, where computational resources are geographically 

distributed and maintenance opportunities are often constrained. Predictive maintenance enables remote 
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infrastructure supervision and proactive maintenance planning, thereby improving service continuity while 

reducing the need for frequent on-site maintenance interventions [39]. 

6.3 Deployment Challenges and Sustainability Implications 

Despite its operational advantages, practical implementation of the proposed RCMF presents several deployment 

challenges that require careful consideration [40]. Integration with existing maintenance management platforms, 

monitoring software, and infrastructure orchestration systems may require standardized communication interfaces 

to ensure seamless interoperability across heterogeneous hardware environments [41]. Predictive performance 

further depends on high-quality operational telemetry; therefore, missing observations, sensor inaccuracies, 

inconsistent maintenance records, and communication failures may adversely influence reliability assessment and 

maintenance decisions [42]. Continuous model adaptation is also necessary to address model drift, where evolving 

workload characteristics and hardware ageing gradually reduce prediction accuracy over time [37]. Efficient 

spare-part logistics remain essential because predictive maintenance recommendations must be supported by 

timely availability of replacement components to prevent unnecessary maintenance delays [43]. 

From a sustainability perspective, the proposed framework contributes to more responsible AI infrastructure 

management by reducing unnecessary component replacement, minimizing emergency maintenance operations, 

and extending hardware service life through condition-based interventions [44]. Improved maintenance planning 

also decreases energy waste associated with degraded equipment while reducing electronic waste generated by 

premature hardware disposal, thereby supporting environmentally sustainable lifecycle management for next-

generation GPU computing infrastructures [45]. 

 
Figure 6. Deployment Framework for Reliability-Centered Maintenance in GPU Clusters 

 

7. CONCLUSIONS AND FUTURE RESEARCH 

7.1 Summary of Research Findings 

This study presented a Reliability-Centered Maintenance Framework (RCMF) for high-density GPU cluster 

environments that integrates reliability engineering principles with predictive analytics to support proactive 

maintenance decision-making. By combining continuous infrastructure monitoring, Remaining Useful Life 

prediction, Failure Mode and Criticality Analysis, and intelligent maintenance optimization, the framework 

minimizes unplanned downtime, improves infrastructure reliability, enhances computational availability, and 

increases GPU utilization. The proposed approach also strengthens maintenance efficiency through risk-based 

asset prioritization and optimized maintenance scheduling, contributing to improved operational performance and 

sustainable lifecycle management of AI computing infrastructures. 

7.2 Scientific Contributions 
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The study contributes a comprehensive Reliability-Centered Maintenance framework specifically designed for 

high-density GPU clusters. It integrates predictive reliability analytics, Remaining Useful Life estimation, Failure 

Mode and Criticality Analysis, and multi-objective maintenance optimization within a unified architecture. 

Furthermore, the framework establishes a structured benchmarking methodology against conventional 

maintenance approaches and internationally recognized reliability and asset management standards, providing a 

scalable decision-support system for intelligent AI infrastructure maintenance. 

7.3 Future Research Directions 

Future research should investigate reinforcement learning techniques for fully autonomous maintenance decision-

making capable of continuously adapting maintenance policies under dynamic workload conditions. The 

integration of digital twins could further enhance predictive asset management through real-time infrastructure 

simulation and scenario analysis. Additionally, federated reliability learning across geographically distributed 

GPU clusters offers opportunities for collaborative model development while preserving data privacy. Finally, 

self-healing AI infrastructures that automatically detect, isolate, and recover from emerging failures represent a 

promising direction for achieving resilient, highly available, and sustainable next-generation computing 

environments. 
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