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Abstract: Complex structural systems often exhibit hierarchical multi-site responses, interacting failure modes,
and heterogeneous physical mechanisms, which challenge the construction of probabilistic models under limited
data. Existing surrogate-based reliability methods predominantly rely on pointwise regression and simplified
independence assumptions, leading to inaccurate tail characterization and insufficient modeling of cross-site and
cross-mode dependencies. This study develops a generative data-physics (GenDP) fusion framework that
integrates an outer-layer physics-data hierarchical collaboration and an inner-layer generative data-physics fusion
mechanism. Herein, physical consistency conditions are embedded into Transformer, Diffusion and variational
autoencoders type generative models to approximate physically consistent conditional distributions under limited
data, while a physics-constrained conditional sampling strategy and Copula dependency reconstruction further
enable hierarchical-to-system reliability propagation with realistic dependency representation. An aeroengine
compressor blade-disc system is regarded as a case to demonstrate the effectiveness of the proposed method.
Results show that the representative Diffusion-based Model with physics-informed enhancement (DFM-I1I)
maintains reliability calculation accuracy above 97% under small-sample conditions, achieves a computational
speed-up of approximately 138>168x compared with direct Monte Carlo simulation, and exhibits strong
robustness across varying sample sizes, with system-level accuracy variation confined within 2% (e.g., 96%-98%).
Methods comparison reveal that the proposed GenDP fusion framework provides a scalable, physically coherent,
and dependency-sensitive pathway for reliability assessment of complex hierarchical structural systems.
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1. Introduction

Modern engineered systems such as aeroengine compressors, turbine stages, and wind turbine rotors increasingly
operate under coupled multi-physics loading environments that combine aerodynamic, thermal, and structural effects
[1-3]. Components located at different sites of a system, for example blade roots, disc cores, and casing interfaces,
often experience similar boundary conditions but distinct local stress and strain states. These conditions induce multiple
interacting failure mechanisms, including low-cycle fatigue, high-cycle fatigue, creep, and combined-cycle damage
[4-5]. As a result, failures at one site or in one mode rarely occur in isolation. Instead, they propagate through correlated
responses and shared load paths across the system [6-7]. In such settings, the reliability of a single site or a single
failure mode no longer provides a sufficient description of structural safety. A hierarchical perspective that respects the
physical organization of sites, modes, responses, and lifetimes becomes essential for realistic reliability evaluation.

High-fidelity physics-based models [8-9] provide important insight into these complex behaviors. Combined fluid
and structural simulations can resolve local stress and strain fields at critical locations and can link operating
parameters to lifetime responses [10-12]. However, these models are computationally expensive and the number of
feasible simulations is often severely limited. In fact, uncertainties in loads parameters [13-15], material properties
[16-18], and life model parameters [19-21] induce stochastic variability in structural responses and fatigue lifetimes,
thereby making accurate reliability assessment challenging. These sources of uncertainty have been extensively studied
within the framework of uncertainty quantification, and a variety of modeling and propagation techniques have been
developed to characterize their effects. For example, through physics-informed Gaussian process modeling and
convolutional dimension-reduction techniques [22-23]. Although their reliable propagation through high-fidelity
physics-based models remains computationally prohibitive, rendering even widely used methods such as direct Monte
Carlo simulation [24-26] impractical in this context. Analytical or semi-analytical reliability methods can reduce cost,
but they usually require strong assumptions on the limit state function, probability distributions, or linearization around
nominal conditions [27-29]. These simplifications may not hold for multi-site, multi-mode systems where responses
exhibit strong nonlinearities and non-Gaussian traits. Surrogate modeling [30-32] has therefore become a widely used
strategy to alleviate computational cost in reliability analysis. Polynomial chaos expansions [33-35], Kriging [36-38],
Gaussian processes [39-41], support vector regression [42-44], and artificial neural network [45-47] based regressors
can approximate the mapping from uncertain inputs to responses or lifetimes with significantly reduced computational
effort. Most of these approaches, however, are designed as pointwise regression models. They focus on predicting mean

responses or deterministic outputs at given input realizations [48-49]. In reliability evaluation, the tails of the response



or lifetime distributions often dominate failure probabilities. Pointwise surrogates can approximate central tendencies
but may fail to capture the detailed distributional shapes, tail behavior, and cross-response correlations required for
accurate failure probability estimation. In many existing studies, independence assumptions are further imposed
between sites or modes to simplify modeling, which tends to underestimate failure probabilities in dependent systems.
Recent developments in physics-informed [50-51] and modular surrogate modeling [52-53] attempt to address
some of these limitations. Physics-informed surrogates embed physical knowledge in different ways, for example
through physics-based loss functions [54], physics-augmented training data [55], or physics driven model architectures
[56]. These designs improve consistency with underlying mechanics and enhance interpretability, particularly when
data are sparse. Modular or hierarchical modeling frameworks decompose complex systems into sub-modules and then
aggregate their outputs to obtain system level quantities. Such strategies align with the physical structure of many
engineering systems and improve scalability, in contrast to hierarchical Markov reliability modeling, which relies on
discrete state transitions under the Markovian assumption. Despite these advances, most existing methods still operate
at one of two levels only. They either focus on adding physical constraints at the surrogate level without reorganizing
the system into a physically meaningful hierarchy, or they construct modular architectures while still relying on
conventional regression type surrogates inside each module. In both cases, the treatment of multi-site and multi-mode
dependency remains limited and the surrogate outputs mostly retain a deterministic character, in the sense that for a
given input realization, the model produces a single point estimate (typically corresponding to the conditional mean or
a most-likely response). However, deterministic point estimates are inherently insufficient for reliability analysis, where
failure probabilities are dominated by the tails of response and lifetime distributions rather than their mean behavior. To
overcome the limitations of deterministic point estimates, generative models such as transformer [57-58], diffusion
[59-60] and variational autoencoders [61-62] offer an intrinsic capability to learn conditional probability distributions
rather than deterministic mappings. By directly modeling distributions, generative models enable explicit representation
of joint response distributions, complex tail behaviors, and interdependencies among multiple responses, providing a
probabilistic modeling paradigm that is fundamentally more suitable for reliability analysis. However, standard deep
generative models introduce new challenges when applied to engineering reliability problems. These models are
typically data-hungry and prone to overfitting when trained on the limited datasets characteristic of high-fidelity
simulations. Moreover, unconstrained generative models may generate physically infeasible samples, and their large
hyperparameter spaces can lead to unstable training under small-sample conditions. Consequently, current applications
of generative models require careful integration of physical guidance and stabilization mechanisms to ensure robustness

and physical consistency. Consequently, current applications of generative models in reliability analysis are still scarce.



Existing attempts mostly treat them as black-box data generators and rarely integrate them with physical constraints,
hierarchical system structure, or dependency modeling in a coherent reliability framework.

To the best of the authors’ knowledge, three critical challenges remain open for hierarchical reliability assessment
of dependent systems under limited data: (1) Lacking a unified framework for hierarchical response-lifetime
reconstruction: existing studies, including independent surrogate modeling, global surrogate modeling, either fail to
capture the dependency relationships among multiple failure modes and sites or cannot simultaneously satisfy accuracy
and efficiency requirements. (2) Failing to enforce physical knowledge in probabilistic predictions: current
surrogate and generative models typically constrain only pointwise outputs, making it difficult to guarantee physically
plausible responses & lifetimes and often resulting in frequent and sometimes severe violations of stress limits, lifetime
trends, and fatigue relationships. (3) Missing a systematic mechanism for dependency-aware propagation: existing
approaches cannot reliably propagate physics-constrained generative outputs across sites and modes, leading to biased
or overly optimistic system-level reliability estimates when nonlinear dependencies are strong.

To address these challenges, this study develops a generative data-physics (GenDP) fusion framework for
hierarchical reliability assessment of dependent systems. The framework couples physics-based hierarchical
decomposition with physics-informed generative distribution modeling in a consistent manner. At the hierarchical level,
the system is decomposed into sites, failure modes, response quantities, and lifetime measures. This decomposition
formulates the modeling tasks into physically interpretable units and clarifies how multi-site and multi-mode lifetimes
should be assembled. At the surrogate level, generative models are trained to learn the full conditional distributions of
responses and lifetimes given uncertain inputs, while hybrid data-physics loss functions enforce stress limits,
monotonic trends, and so forth. A physics consistent conditional sampling strategy concentrates generated samples in
physically admissible and near-failure regions, and a Copula based dependency model reconstructs cross-site and
cross-mode dependence at the system level. The proposed GenDP fusion framework is demonstrated on a multi-site
aeroengine compressor blade-disc system. The case study shows that the framework yields stable distribution modeling
under limited data, reproduces dependency structures across blade root and disc core sites, and produces hierarchical
and system reliability estimates that are consistent with physical expectations. Comparative results against classical
regression surrogates confirm improvements in both distribution fidelity and computational efficiency.

The main novelty and contributions of this paper can be summarized in three aspects: (i) a physics hierarchical
reliability framework is established, in which multi-site, multi-mode failure processes are represented through a layered
structure linking inputs, responses, and lifetimes. This framework enables consideration of dependency relationships

among different failure modes and failure sites, and enables reliability assessment for each failure mode and each



failure site of complex systems. (ii) a physics-informed generative surrogate modeling approach is proposed.
Transformer, Diffusion, or VAE type generative models are trained under hybrid data-physics losses and physics
consistent sampling, so that the learned conditional distributions and the generated samples satisfy mechanical
admissibility, fatigue relationships, and near-failure emphasis even when only small simulation datasets are available.
(iii) a dependency aware hierarchical to system reliability propagation scheme is developed. Furtherly, the large batches
of physics consistent generative samples are combined with Copula dependency reconstruction to obtain component
level and system level failure probabilities that account for nonlinear cross-site and cross-mode correlations.

The remainder of this paper is organized as follows. Section 2 introduces the generative data-physics fusion
concept and presents the mathematical formulations. Section 3 establishes the GenDP-based hierarchical reliability
framework. Section 4 establishes the GenDP models for an aeroengine compressor. Section 5 presents dependent
reliability & sensitivity evaluation, and method comparisons. Section 6 summarizes the main findings of this study.

2. Generative data-physics fusion approach

This section elaborates on the generative data-physics fusion approach, encompassing the concept, and

mathematical derivations of physics-dominated outer fusion and data-dominated inner fusion.
2.1. Generative data-physics fusion concept

Reliability assessment of multi-site, multi-mode structural systems exhibits the complex characteristics of
hierarchical physical structures and probabilistic modeling, particularly when simulation and/or experiment data are
limited. To address this problem, a generative data-physics (GenDP) fusion concept is proposed in this paper. As
illustrated in Fig. 1, the GenDP fusion concept presents a dual-layer mechanism that tightly couples physics-based
hierarchical decomposition (outer layer) and data-informed generative modeling (inner layer). The framework thereby
forms a unified, structured pathway from physical modeling to reliability evaluation.

The GenDP fusion concept relies on two interacting layers. The outer layer establishes the physical structure. Here,
the engineering system is decomposed into units, subsystems, and the overall system, according to realistic load
transfer paths, spatial dependencies, and failure-mode distinctions. This hierarchy sets clear boundaries for modeling
tasks and dictates how responses and lifetimes propagate through different structural levels. As a result, the outer layer
provides a physics-based organizational backbone that constrains and guides the modeling process. The inner layer
complements this physical structure by introducing generative modeling methods, such as Transformer, Diffusion, or
Variational Autoencoder (VAE). These methods learn conditional probability distributions of structural responses and

lifetimes. In contrast to conventional surrogate models, the GenDP models explicitly embed physics-informed



constraints. These constraints include stress admissibility, fatigue-life monotonicity, and structural feasibility. The inner
layer thus captures probabilistic uncertainty and tail behavior in a manner consistent with physical principles. Rather
than purely data-driven predictions, the inner layer achieves data-physics fusion informed by explicit physical
requirements. Crucially, the outer and inner layers do not operate separately but interact continuously in a feedback
loop. The physical decomposition in the outer layer directly shapes the generative distributions learned by the inner
layer. Conversely, the generative distributions produced by the inner layer inform the outer layer's reliability and
sensitivity analyses. This dual-direction interaction is the essence of GenDP fusion. It ensures physically consistent
reconstruction of response and lifetime distributions, even when data availability is limited. This integrated generative

data-physics fusion concept can be summarized by, i.e.,
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physics-dominated outer fusion data-dominated inner fusion (GenAl) hierarchical reliability evaluation

The GenDP approach is thus distinct from traditional surrogate methods, as it does not simply impose physics as
penalty terms or rely solely on statistical inference. Instead, GenDP aligns modeling structures with physical
hierarchies and simultaneously expands uncertainty modeling capabilities. This integrated concept provides the

theoretical foundation for the mathematical formulations and the computational strategies in Section 2.2.
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Fig. 1 The generative data-physics fusion concept



2.2. Mathematical derivations of GenDP approach

The mathematical formulation of the proposed generative data-physics (GenDP) fusion approach integrates
hierarchical physical modeling, small-batch simulations, and generative surrogate modeling into a unified framework,
as illustrated in Fig. 2. The method establishes a coherent mathematical pipeline connecting input uncertainties with
multi-site fatigue responses and lifetimes. Initially, a set of multidimensional inputs propagates through coupled
stress-strain relations and damage mechanisms, resulting in multi-mode fatigue responses and lifetimes at critical
structural sites. This physics-based forward process defines fundamental structural relationships that the generative
surrogate must accurately represent. Upon obtaining the small-batch dataset, modeling progresses through three
coupled stages: physics-informed conditional sampling, generative modeling with hybrid data-physics losses, and
Bayesian optimization for surrogate hyperparameter tuning. Specifically, the conditional sampling stage incorporates
feasibility conditions, emphasizes near-failure scenarios, and leverages uncertainty-based sampling to create an
informative data subset. In the generative modeling stage, the Transformer, Diffusion, or VAE architectures
approximate the full conditional distributions of structural responses and lifetimes, embedding physical constraints such
as admissible stress thresholds, fatigue monotonicity conditions, and structural feasibility criteria. To ensure robust
training, Bayesian optimization adaptively selects optimal hyperparameters, enhancing the generative model’s stability
and predictive accuracy. Together, these procedures constitute the inner layer of GenDP, in which data-driven
distribution modeling is consistently shaped by hierarchical physical constraints.

The resulting generative surrogate produces large-scale sample sets, facilitating probabilistic characterization and
correlation quantification across structural sites and fatigue modes. These generative outputs subsequently support the
structured reliability assessment and sensitivity analysis. In sum, this methodological framework can be detailed
through two main complementary aspects: (i) the outer-layer physics-data hierarchical collaboration (Section 2.2.1),

and (ii) the inner-layer generative data-physics fusion mechanism (Section 2.2.2).

2.2.1. Physics-dominated outer data-physics fusion

The outer layer of the GenDP fusion framework defines the physics-dominated pathway through which
uncertainties in the inputs propagate to multi-site and multi-mode fatigue lifetimes. As illustrated in Fig. 2, this layer
contains two structurally consistent streams: a forward physics-based propagation, which provides a small but reliable
dataset derived from thermo-mechanical simulations, and a probabilistic reconstruction stream where the trained
generative model produces large-scale samples consistent with the original physical mapping. The coherence between

these two streams ensures that generative modeling strictly follows the hierarchical physical structure of the system.
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Fig. 2 Mathematical modeling streamline of generative data-physics fusion

(1) Physics-dominated single-sample propagation
For a given realization of uncertain inputs, the forward mapping begins with
T
X= (X1 Xi2r Xy Xenzr Xor X2) 2
where X1, X2 denote the load-type inputs; xm1, Xm2 the material-type inputs; Xo1, Xo2 the fatigue-model inputs.

For any realization of inputs, the physics-based response operator evaluates the each-site each-mode responses:

S =T (%), me{LCF, HCF,CCF} ©)

s, m m

where y*F indicates the strain-stress response at site s, mode m; T.%"(+) denotes the physics-based operator that maps

s, m
the input vector x to the corresponding site-mode response.

The fatigue damage index for each site-mode pair Dsm is expressed as

Ds,m= hs,m(ys, m)' Ns,m= gs,m(Ds,m’ X) (4)

where hsm(+) indicates the fatigue damage operator depending on material fatigue parameters; Nsm the lifetime at site s,
mode m; gsm(-) the general LCF/HCF/CCF operator that incorporates strain-based, stress-based, and mode-dependent

fatigue mechanisms. The overall physics-based propagation can thus be summarized compactly as
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where { N} denotes the lifetimes computed entirely from physics-based models.

Based on these physics-consistent samples, the inner-layer fusion mechanism introduced in Section 2.2.2 can train
the generative surrogate model that captures the underlying physical relationships and extends them to large-scale
probabilistic sampling. This enables the distribution-level amplification of multi-site responses and lifetimes while
preserving the hierarchical physical structural characteristics.

(2) Data-dominated large-sample propagation

Once the generative surrogate has learned the physics-derived mapping, the distributional form of the responses

and lifetimes is obtained as

resp.(j) _ resp
s,m pe s,m

X(J))’ NS(,JI'T?I ~ pa(Ns,m

resp,(j) (i)
P, x () (6)

where ps(y|x) denotes generative model-based conditional distribution of responses; ps(NJy, X) the conditional lifetime
distribution. For data-dominated large-sample propagation, independent samples are generated by repeating (6) for
=1, ..., Mwith M > n, and n is the training sample size.

The corresponding large-batch propagation can be written as

j Po(YIX) (y\sresp.(i Po(NIy,X) o j
X(J) 0 y p.(1) 0 Ns(,Jn)l (7)

The built propagation ensuring that the large-sample outputs inherit the structure of the underlying physics

mapping while providing scalable distributions for subsequent hierarchical reliability assessment.
2.2.2. Data-dominated inner data-physics fusion

The inner layer of the GenDP fusion framework formulates how physics-informed constraints, data-driven
generative modeling, and adaptive hyperparameter optimization interact to construct distribution-consistent surrogates
under limited data. This layer contains three tightly connected components: conditional sampling, generative modeling
with hybrid data-physics losses, and Bayesian optimization, ensuring that the generative surrogate maintains physical
consistency while amplifying the small-batch physics-derived samples into large-scale probabilistic datasets.

(1) Physics-consistent conditional sampling

To construct an informative sampling pool from the initial distribution po(x), the physics-driven constraints are

introduced. The conditional sampling density is formulated as

Peona (X) o€ Po(X) 1Cphys(x)wnf(x)wuq(x) 8)



where po(x) indicates the baseline input distribution; Cpnys the physical feasibility domain; wq(X) the near-failure weight;

Wyq(X) the model-based uncertainty weight. Herein, 1Cphy5(x) enforces physical admissibility with respect to stress limits,

material bounds, and feasible operating conditions; wai(X) emphasizes samples close to the physics-evaluated limit-state
surface; and wyq(x) promotes samples with high predictive uncertainty.

The near-failure weighting is defined through an exponential proximity rule, i.e.,

W, () = exp| ~Amin[gZ" ()] | wiy(x) = 0y (X} Hu(X) ©

where S denotes the near-failure sensitivity coefficient controlling the emphasis on low-margin regions; y regulates the

weighting of model-uncertainty measures; g (x) represents the physics-evaluated limit-state function; o}, (x) the

predictive variance; H,(x) the entropy derived from an initial model with parameters 6. Here, § appears as the

parameter that determines the steepness of the exponential proximity weighting.

The resulting conditional sampling pool takes the form as follows,
S :{x(‘) ~PedX) i =1, ..., npoo,} (10)

where S indicates the conditional sampling pool; npeor the pool size. The built sampling pool is conducive to yielding a
physically consistent and statistically enriched dataset for generative modeling.
(2) Generative modeling with hybrid data-physics losses
The generative model approximates the joint distribution of responses and lifetimes while incorporating physical

constraints. The mapping is expressed by latent transformation, decoding, and lifetime reconstruction:

z=f,(x,¢), y=0,(z,x), N=Kk,(y,z, x) (11)
where fs, go, ke are the encoder, response decoder, and lifetime decoder, respectively; ¢ the latent noise; z the latent

variable. The training is guided by hybrid loss combines data consistency, distribution alignment, and physics regularity

L(H) = Lerr+ ﬂ’dist Ldist+ ﬂ’ L (12)

phys —phys
where Lerr €nsures sample-wise agreement with the physics-derived dataset; Lqist aligns the generative distribution with
empirical statistics through KL- or Wasserstein-type measures; and Lpnys encodes the physical constraints required by
the fatigue behaviour. Specifically, it incorporates allowable stress limits, enforces monotonic degradation of lifetime
with respect to stress responses or rotational speed w, and ensures consistency with fatigue-law predictions. These
constraints are expressed through the penalty terms ®,, ®mono, and diire in Eq. (13), which jointly enforce physical

admissibility of the reconstructed responses and lifetimes.
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where the three penalty components enforce allowable stress bounds, prohibit non-physical lifetime trends, and align

reconstructed lifetimes with physics-based lifetime operators. The surrogate distribution is obtained by minimizing

g* = argminL(0) (14)
17

where 6* indicates the optimized generative model parameters, the obtained parameters ensuring that the learned
distributions remain both statistically representative and physically admissible.

(3) Bayesian optimization for hyperparameter selection

Model hyperparameters @ (i.e., latent dimension, depth, noise schedule) are being searching through Bayesian

optimization to enhance training stability and predictive accuracy

g*=argmax a(@|D,S) (15)
4

where D denotes the training dataset containing paired input-response samples; S represents the hyperparameter search
space within which Bayesian optimization is performed; a(:) indicates an acquisition function, by incorporating the

validation loss, lifetime-distribution variance, and physics-violation metrics, it can be represented by
a(@) = _Lval(e) - a)lVaI’[Ng] — @, Rp\)lt?)lls(e) (16)

where Lya(6) denotes the validation loss; Var[Ng] the variance of generated lifetime; vaha;s the physics penalties on

validation set; wi, w. are non-negative weighting coefficient, so that hyperparameters with stronger physical and

statistical performance receive higher scores. Hyperparameter updates proceed iteratively as
0., =0+ A0(a(d)) (17)

where 6; is the hyperparameters at iteration t; A6(-) the Bayesian optimization update step. It will proceed until
convergence criteria are satisfied, thereby leading to a stable and physically aligned generative model.
3. Hierarchical reliability framework with GenDP fusion

The proposed hierarchical reliability framework establishes a structured pathway for propagating uncertainties
from the physics-based decomposition of the system to distribution-level reliability evaluation. As shown in Fig. 3, the
framework couples physical modeling with generative data expansion, enabling a consistent transition from limited
small-batch simulations to large-scale probabilistic characterization. The seven steps form a coherent pipeline in which
the physics-based hierarchy defines how information flows across structural levels, and the generative surrogate

provides scalable uncertainty representations for reliability and sensitivity evaluation.



Step 1: Physical decomposition. The hierarchical system is decomposed into site, mode, and response levels,
where each level corresponds to specific failure, damage, and coupling physics. This decomposition establishes
physically interpretable modeling units and determines how site-mode responses and lifetimes are organized.

Step 2: Physical analysis. Coupled fluid, structural, and fatigue analyses are performed to generate physically
reliable responses. The simulations provide stresses, strains, and initial lifetime quantities at critical locations, forming
the mechanistic basis for subsequent data-driven modeling.

Step 3: Small batch of samples. A small-batch dataset is constructed by filtering original samples through
physical feasibility conditions such as stress limits and material admissibility. This reduced pool captures the essential
physics while preserving the variability required for learning.

Step 4: Generative modeling. Transformer-, diffusion-, and VVAE-type generative surrogates are trained to
approximate the conditional distributions of responses and lifetimes under the hybrid data-physics losses. The
generative model reconstructs full probability distributions required for reliability estimation.

Step 5: Bayesian optimization. Hyperparameters controlling model depth, latent dimension, and noise schedules
are selected using Bayesian optimization approach. The acquisition function in BO algorithm is promising to balance
the data fidelity, distribution alignment, and physics-violation penalties.

Step 6: Large batch of samples. With optimized parameters, the generative surrogate model is used to produce a
large batch of samples, enabling distribution reconstruction and correlation quantification across sites and modes.

Step 7: Hierarchical evaluation. The large-batch samples are propagated through the limit-state functions to
evaluate the hierarchical reliability and the associated sensitivities. Here, the cross-site and cross-mode dependencies
are reconstructed using a Copula representation, which provides the joint structure required for aggregating hierarchical
failure events. This dependency-aware formulation enables the calculation of both hierarchical reliability Rpier With

sensitivity S

hier

and system reliability Resem With sensitivity SI via Egs. (18-21). Hierarchical reliability is

evaluated at the site/mode level, while system reliability refers to the aggregation over all sites and modes.
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Fig. 3 Essential procedures of the hierarchical reliability framework

4. Generative modeling for aero-engine compressors

In this section, an aeroengine compressor exhibiting dependent composite-cycle failure characteristics is selected
as a practical example to illustrate the capability and robustness of the developed generative data-physics fusion
approach. The compressor consists of titanium superalloy [63-64] numerical experiments are conducted using a

standard desktop computer configured with a 3.6 GHz Intel® Core™ i7-9700K processor and 16 GB of RAM.
4.1. Fluid-mechanic co-simulation

To generate physically reliable small-batch samples for the generative data-physics fusion framework, a coupled
fluid-mechanic co-simulation is carried out for a representative compressor blade-disc sector. The analysis follows the
typical aeroengine flow path, in which the upstream compressor region provides highly non-uniform aerodynamic

loading to both rotor and stator components. As illustrated in Fig. 4(a-b), a two-sector configuration containing one



rotor blade and one stator passage is extracted from the full annulus, enabling efficient computation while preserving
the essential flow and structural features. The fluid domain is constructed using refined hexahedral meshes near the

blade surfaces and the inter-row region, whereas the structural domain of the blade and disc is modeled using a

cyclic-symmetry finite-element representation, as shown in Fig. 4(e).
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The aerodynamic field is resolved using steady RANS solutions, with the inlet total pressure and temperature
prescribed based on representative compressor operating conditions. Fig. 4(c-d) show the resulting flow patterns, where
the pressure ranges from approximately 0.5x10° to 2.25x10° Pa, and the local Mach number varies between 0 and 1.6
across the rotor-stator interface. Correspondingly, the flow velocity spans from 128 to 492 m/s, and the temperature

distribution ranges from 242 to 364 K. These gradients produce spatially varying aerodynamic forces that are



transferred to the structural domain through a fluid structure interaction (FSI) coupling surface. The structural responses
are evaluated under the mapped aerodynamic pressure, with cyclic-symmetry boundary conditions applied to represent
the full annulus environment. The distributions of low-cycle fatigue (LCF) strain, LCF stress, and high-cycle fatigue
(HCF) stress are shown in Fig. 4(f). Herein, the LCF strain reaches 5.22>10-3 m/m at the blade root and 5.17>10-*m/m
at the disc core. The LCF stress attains 528 MPa at the blade root and 589 MPa in the disc core. For the HCF case, the
stress level is 67 MPa at the blade root and 33 MPa at the disc core. The corresponding fatigue lifetimes are
summarized as follows: the LCF lifetimes at site | and site 11 are approximately 2.32x10% and 2.05>10* cycles, the HCF
lifetimes at site | and site 1l are approximately 5.03x<10° and 7.77x10° cycles, and the combined-cycle fatigue (CCF)
lifetimes at site | and site 11 are approximately 5.81x10° and 8.84x<103 cycles. These lifetime values serve as physically

grounded reference points for guiding the subsequent conditional sampling and dataset establishment.

4.2. Hierarchical dataset establishment

To support the proposed generative data-physics fusion framework, a hierarchical dataset was constructed with
input uncertainties defined based on engineering material handbook [63-64] data for typical aeroengine materials,
representative cruise operating conditions and FSI-derived boundary fluctuations, and published fatigue test statistics,
to characterize the propagation of uncertainties from operating conditions, material properties, and fatigue parameters
to multi-site responses and lifetimes. Table 1 summarizes the statistical properties of the selected inputs, including
aerodynamic and thermodynamic quantities (P, Po, T), material parameters (p, E, u, &), and rotational speed w. These
variables follow Gaussian distributions reflecting realistic compressor variability; for example, P, ranges from 0.967 to
1.048x10° Pa with a standard deviation of 0.017>10° Pa, and temperature spans 270.3-298.3 K with a mean of 287.1 K.
The rotational speed fluctuates within -1978 to -1811 rad/s, the negative sign only indicates the direction of rotation and
does not affect the calculation of stress amplitude and lifespan. Fatigue parameters were also included to represent
material scatter, where the strength index b and ductility index ¢ are modeled as Gaussian variables, while the
coefficients of and &f follow Gaussian and lognormal distributions, respectively. Before constructing the training subset,
a two-stage physics-oriented filtering procedure was applied to remove samples that were physically inadmissible or
numerically unstable. First, all inputs generated by Latin hypercube sampling (LHS) were screened using a feasibility
domain Cpnys, eliminating cases violating operational bounds such as P;>1.05x10° Pa, T>300 K, or material constraints
such as E>120 GPa and p<4000 kg/md. Second, after the fluid-structural simulations, a viability checks discarded
samples exhibiting non-physical responses, including excessive LCF stresses (>650 MPa), unrealistically large LCF
strains (>7.0x<10 m/m). This physically consistent filtering ensured that the retained dataset captured feasible

operating states and mechanically reliable responses.



The output space follows the hierarchical configuration of the blade-disc system. For each realization, LCF and
HCF responses were recorded at site | (blade root) and site Il (disc core). The LCF strain at site | varies between
4.71x10° m/m and 5.85x10° m/m, with stresses between 481-569 MPa, while site 11 responses fall within comparable
intervals. HCF stresses reach up to 92.1 MPa at site | and 76.1 MPa at site Il. Based on these responses, fatigue
lifetimes were evaluated using standard LCF, HCF, and CCF formulations. The resulting lifetime variables follow
lognormal distributions. At site I, the mean LCF lifetime is 3.116x10* cycles, with a standard deviation of 0.920x<10*
cycles; the corresponding HCF lifetime has a mean of 4.553%10° cycles and a standard deviation of 2.978x10° cycles,
while the mean CCF lifetime is 0.543%10* cycles with a standard deviation of 0.298x10* cycles. At site Il, the mean
LCF lifetime is 2.700x10* cycles with a standard deviation of 0.777x<10* cycles; the HCF lifetime has a mean of
1.076106 cycles and a standard deviation of 1.281x10° cycles; and the mean CCF lifetime is 0.995x10* cycles with a
standard deviation of 0.617>10* cycles. The resulting dataset forms a physically interpretable, hierarchically structured

input-output space that underpins the subsequent generative modeling and reliability assessment.

Table 1 Statistical characteristics of input variables and output responses for compressor blade-disc

Variables Symbol Unit Distribution Min Max Mean Std. Kurtosis  Skewness
Inlet total pressure P 105Pa Gaussian 0.967 1.048 1.013 0.017 -0.014 -0.339
Outlet pressure Po 10%Pa Gaussian 1.286 1.409 1.359 0.026 -0.364 -0.092
Regular velocity v rev/min Gaussian -18723 -17141 -18042 337.8 -0.034 0.363
Temperature T K Gaussian 270.3 298.3 287.1 5.701 0.109 -0.261
Density p kg/m?3 Gaussian 4262 4597 4437 78.05 -0.593 -0.142
Young's Modulus E GPa Gaussian 107 120 114 2.69 -0.118 -0.275
Poisson's Ratio 7 - Gaussian 0.330 0.360 0.343 0.006 0.317 0.249
Heat expansion o 10 /°C Gaussian 8.73 9.52 9.12 0.184 -0.711 0.097
Rotational speed w rad/s Gaussian -1978 -1811 -1885 34.15 -0.050 -0.046
Fatigue strength index b - Gaussian -0.147 -0.133 -0.140 0.003 0.048 0.295
Fatigue ductility index c - Gaussian -1.012 -0.910 -0.963 0.018 0.035 -0.029
Fatigue strength parameter ot MPa Gaussian 1644 1810 1724 36 -0.197 -0.137
Fatigue ductility parameter ef' - Lognormal 1.074 1.177 1.125 0.021 0.296* -0.166*
Ultimate Stress Olim MPa Gaussian 926 1017 974 19.07 -0.180 0.020
LCF stress site | ot MPa Gaussian 481 569 526 21.99 -0.780 0.024
LCF strain site | el 103m/m  Gaussian 471 5.85 5.21 0.25 -0.513 0.255
HCF stress site | o' MPa Gaussian 69.2 921 81.5 4.763 -0.167 -0.099
LCF stress site 1 a" MPa Gaussian 535 634 587 2471 -0.779 0.011
LCF strain site 11 e 103m/m  Gaussian 471 5.80 5.17 0.25 -0.553 0.267
HCF stress site 1 o' MPa Gaussian 54.4 76.1 66.2 4.618 -0.176 -0.429
LCF life site | N 10*cycles  Lognormal 1.514 5.856 3.116 0.920 1.015* 0.984*
HCEF life site | N 105cycles  Lognormal 0.977 13.58 4.553 2.978 0.471* 1.028*
CCF life site | N! 10%cycles Lognormal  0.136 1.377 0.543 0.298 -0.077* 0.752*
LCF life site Il N 10%cycles Lognormal — 1.343 5.099 2.700 0.777 0.798* 0.918*
HCF life site I N 108cycles Lognormal  0.115 8.119 1.076 1.281 13.12* 3.202*
CCF life site Il N 10%cycles  Lognormal 0.210 2.857 0.995 0.617 0.478* 0.927*

* These values of Kurtosis and Skewness are calculated by transforming the Lognormal distribution to Normal distribution. It is noted that



for variables that are physically non-negative, the corresponding Gaussian priors are truncated at zero. v is specified in the fluid domain and
w is specified in the structural domain, the two quantities are physically consistent and derived from the same operating condition.

4.3. Generative meta-modeling

The generative meta-modeling stage develops physics-informed surrogate models capable of representing the
conditional distributions under limited simulation data. Each output variable, including output responses &°, ¢°., o°H
and the associated lifetimes N°., NS, NSy at sites | and Il, is approximated using a Transformer-, Diffusion-, or
VAE-based generative architecture. The models are trained on the small-batch dataset obtained from the FSI
simulations, which capture representative operating ranges for rotational speed, pressures, temperature, stress
amplitudes, and strain levels.

(a) Model architecture and hyperparameter configuration

To ensure the transparency and reproducibility of the GenDP framework for distribution-level reliability
assessment, this subsection details the network topology and hyperparameter configurations of the adopted generative
meta-models. In view of the strongly coupled multi-physics responses of the aeroengine compressor, three conditional
generative models (VAE-II, TFM-II, and DFM-I1I) are adopted to reconstruct the full conditional distributions of
responses and lifetimes from limited simulation data. In terms of network topology, all three generative models share a
unified three-stage architecture consisting of an input embedding layer, a core generative module, and an output
decoding layer. The input embedding layer maps multi-source physical parameters into a latent feature space, the core
generative module learns the nonlinear dependencies between inputs and multi-response outputs, and the decoding
layer projects latent representations back to the physical response space. GELU activation functions are employed in all
hidden layers to facilitate smooth gradient propagation and stable training under complex nonlinear conditions. For
model training, all generative models are optimized using the AdamW optimizer. Physical consistency constraints,
including stress feasibility and lifetime monotonicity, are imposed as soft penalty terms within a hybrid loss function.
This design allows effective exploration of the global stochastic distribution while preserving physical plausibility.

Within the overall optimization framework, network parameters are updated through gradient-based optimization
in the inner loop, while key architectural and training hyperparameters are determined by Bayesian optimization in the
outer loop. A total of 50 Bayesian optimization trials combined with three-fold cross-validation are conducted to
systematically explore the network depth, learning rate scheduling strategy, and noise scheduling parameters. The

resulting configurations and corresponding search spaces are summarized in Table 2.



Table 2 Generative modeling architecture and hyperparameter configurations

Category Parameter VAE-II Search space TFM-II Search space DFM-II Search space VAE-II TFM-II DFM-II
Hidden size {128, 256} {64, 128} {128, 256} 128 128 128
Network depth Enc {{22’,3:3}/ Dec {2,34} {2,34} %15033/ 2 2
Attention heads — {4, 8} — — 4 —
FFN size — {128, 256, 384} — — 128 —
Architecture Latent size {4, 8,12} — — 12 — —
Dropout rate (0.0, 0.15) (0.0, 0.15) (0.0, 0.15) 0.044  0.055  0.028
Hidden activation — — — GELU GELU GELU
Output activation — — — Linear  Linear  Linear
Time embedding — — Fixed (64) - - 64
Learning rate (5e-4, 3e-3) (5e-4, 3e-3) (8e-4, 3e-3) 13e3 13e3 12e-3
Weight decay (1e-6, 5e-4) (1e-6, 5e-4) (1e-6, 3e-4) 13e4 13e4 20e5
Batch size {32, 64} {32, 64} {32, 64} 64 64 32
Max epochs (800, 2000) (800, 2000) (800, 2000) 1629 1511 1090
Early stopping (60, 140) (60, 140) (60, 140) 63 63 59
patience
Training Diffusion steps — — (60, 150) — — 148
Inference samples — — Fixed — — 20
KL weight 0.2,1.5) — — 0.68 — —
Random seed Fixed Fixed Fixed 42 42 42
Stress (le-4, 5e-2) (1le-4, 5e-2) (le-4, 5e-2) 8e-3 6e-3 le-2
Monotonicity (le-4, 5e-2) (le-4, 5e-2) (le-4, 5e-2) 5e-3 4e-3 7e-3
Fatigue-consistency (1e-4, 5e-2) (1e-4, 5e-2) (1le-4, 5e-2) 3e-3 2e-3 4e-3
HPO BO trials — — — 50 50 50
Validation CV folds — — — 3 3 3
Parentheses (5 ) denote continuous search intervals; braces { } indicate discrete candidate sets; “— indicates parameters not applicable

to the corresponding model; HPO indicates hyperparameter optimization. Parameters marked as fixed are held constant during Bayesian
optimization and are not subject to tuning.

(b) Modeling accuracy validation and generalization assessment

To maintain physical interpretability and numerical robustness, the generative models are trained under a hybrid
loss that combines data reconstruction, distribution alignment, and explicit physics-informed constraint terms. The
physics constraints operate uniformly across all fatigue modes (LCF, HCF, CCF) and both structural failure sites,
ensuring global consistency across the hierarchical output space. First, a stress-admissibility constraint is imposed to
suppress outputs exceeding material limits; predictions surpassing the allowable range aim are penalized, which
prevents the model from producing unrealistic stress states regardless of site or fatigue mode. Second, a monotonic
lifetime constraint enforces the expected trend that lifetime decreases with increasing rotational speed w and increasing
stress amplitude. These physical constraints are applied consistently to all training process, ensuring the generative
model preserves the fundamental physical rules across both sites.

As demonstrated by the Taylor diagrams in Fig. 5, the DFM-II models achieve high correlation coefficients
(0.92-0.99) and low RMSD values across all ten response & lifetime variables. The three-fold cross-validation results

in Fig. 5(a-f) further show that the proposed method exhibits stable performance across different data partitions, with



consistently high R? values and an overall average of approximately 0.982, as well as only minor variations among
folds. In comparison with other methods, the proposed approach achieves the highest R? while maintaining a low and
stable RMSE, indicating robust generalization rather than overfitting to specific training samples. Therefore, the
DFM-I11 model is selected as the representative model for the subsequent assessment tasks. As revealed in Fig. 6, the
response surfaces further confirm the DFM-II model’s ability to reproduce monotonic, nonlinear, and lognormal-type
behaviors consistently across multiple sites and fatigue modes. Overall, the data-physics loss-informed generative
model provides a coherent and distribution-consistent approximation of multi-site and multi-mode fatigue failure

behavior, offering a stable foundation for the subsequent hierarchical reliability assessment.
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5. Hierarchical reliability assessment of the compressor system

This section presents the reliability assessment of the compressor system, emphasizing hierarchical failure

dependencies, to demonstrate the effectiveness of the proposed GenDP fusion methodology.
5.1. Response & lifetime prediction

Based on the physics-informed generative models, the probabilistic predictions of site-level responses and fatigue
lifetimes are obtained. Fig. 7 and Fig. 8 jointly provide an overview of the input uncertainty sources and their
propagation through the response and lifetime distributions. Fig. 7 illustrates the stochastic variations in load-related
parameters (Pi, Po, v, T, w), material properties (p, E, a, ), and fatigue parameters (b, c, o, &f'). These uncertainties
serve as drivers for the generative sampling process.

Fig. 8 (a-b) present the predicted stress and strain responses at sites | and I1. For site I, the LCF stress o' spans
approximately 4.8x10? to 6.2x10°> MPa, with a mean value of 5.28x10?> MPa and a standard deviation of 22.68 MPa.
The corresponding LCF strain 'L fluctuates within the range of 4.8x<10- to 6.3x10"°* m/m, with a mean value of
5.23x10° m/m and a standard deviation of 2.45x10* m/m. The HCF stress ¢'n displays a broader spread with values
ranging from 70 to 100 MPa, with a mean value of 81.1 MPa and a standard deviation of 5.62 MPa. For site Il, the LCF

stress ¢''L shows a similar distribution, spanning approximately 5.3x10? to 7.0x<10? MPa, with a mean value 5.89x10?



MPa and a standard deviation 25.56 MPa. The corresponding LCF strain &'"_ varies within 4.5x103 to 6.3x10° m/m,
exhibiting a mean value of 5.19x10° m/m and a standard deviation of 2.46x10* m/m. The HCF stress ¢''y spans
approximately 50 to 90 MPa, with a mean value of 65.68 MPa and a standard deviation of 5.78 MPa. These
probabilistic distribution results confirm that the generative models maintain stable variance characteristics consistent
with the small-sample reference behavior.

Fig.8 (c) and (e) show the lifetime predictions in terms of LCF, HCF, and combined-cycle fatigue (CCF). For site
I, the CCF life N'c exhibits a right-skewed pattern, consistent with a lognormal distribution commonly observed in
fatigue life predictions, with P5 = 9.0x10° cycle, P50 = 1.8x10* cycle, and P95 = 3.5x10* cycle. Moreover, the
corresponding CCF life maintains a similar trend, demonstrating the model’s ability to reproduce heavy-tail behavior.
For site 11, the CCF life N''c ranges from approximately 1.0x<10* cycle (P5) to 3.9x10* cycle (P95), with a median of
about 2.1x10* cycle. Fig.8 (d) provides an aggregated view of the normalized statistical levels of lifetimes with respect
to different uncertainty groups, including load fluctuations, material variability, and model uncertainty. The values
concentrate around 0.45-0.55 for most variables, indicating a balanced distribution of operating conditions and material

properties within their respective ranges.
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Fig. 7 Probabilistic distributions for Input variables

Fig. 8(f) further illustrates the joint dependency structure between the governing fatigue parameters by means of
correlation modeling. Based on the AIC and BIC comparisons, the t copula provides the most suitable fit and is
therefore adopted for dependency reconstruction. The smooth and continuous contour patterns indicate that the

generated samples capture the coupled variability and nonlinear dependence among fatigue-related variables. This



observation is consistent with the underlying physical correlation structure embedded in the fatigue process. Overall,
the generative predictions provide a coherent representation of response variability and lifetime dispersion, serving as

suitable inputs for subsequent system-level reliability and sensitivity assessment.
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5.2. Correlation quantification

The correlation structure between input variables and hierarchical fatigue responses is examined to clarify the
dependence patterns that govern the unit- and system-level behavior. Fig. 9 summarizes the pairwise associations for
low-cycle fatigue (LCF), high-cycle fatigue (HCF), and combined-cycle fatigue (CCF) lifetimes at sites | and Il. The
graphs in Figs. 9 (a-f) visualize the correlation networks for each lifetime response. Variables associated with load

fluctuations (Py, Po, v, T, w), material properties (p, E, a, 1), and fatigue parameters (b, c, o7, &f') form distinct clusters,



and their connections to output lifetimes provide a clear indication of sensitivity distribution.
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Fig. 9 provides an integrated view of the relationship structures between uncertainty variables and fatigue
lifetimes, together with the corresponding lifetime dispersion characteristics. Subplots (a), (c), and (e) present the LCF,
HCEF, and CCF lives at site I, while subplots (b), (d), and (f) show the corresponding results at site 1I. In each case, the
left panels depict relationship networks, where blue and green edges indicate positive and negative relationships,
respectively, and edge weight reflects the relative strength of the relationship. Load-related parameters, including
inlet/outlet pressures and rotational speed, exhibit relatively strong relationships with the lifetime responses at both

sites, whereas parameters such as temperature show moderate influence. The right panels display circular scatter plots



of the predicted lifetimes, illustrating the dispersion behavior under combined uncertainty effects. Compared with LCF,
the HCF lifetimes exhibit noticeably wider spreads, reaching the order of 108 cycles, while the LCF lifetimes remain
more concentrated around the order of 10*cycles. For the CCF cases shown in subplots (e) and (f), failure points are
highlighted by red pentagrams, and the allowable CCF lives specified as [N!¢c] =4488 cycles for site | and [N'l¢] = 4420
cycles for site 11, indicating consistent failure thresholds across the two structural locations. The bottom panels (g) and
(h) summarize the overall distributions of the input uncertainty variables and output lifetime responses, providing an

aggregated view of their statistical spread across different uncertainty groups.

5.3. Hierarchical reliability & sensitivity evaluation

The hierarchical reliability characteristics of the compressor are evaluated using the generative distribution outputs
and their propagation through the fatigue models. Fig. 10(a-b) first presents the cumulative distribution functions of the
predicted damage metrics for LCF and HCF at sites | and Il. For site | (Fig. 10(a)), the LCF damage D'. gradually
increases with cycle counts from 1102 to 6103, showing a continuous rightward shift of the CDF curves. The same
trend is observed for HCF damage D'y, although the increments are more moderate, reflecting the higher-cycle nature
of the HCF process. Site Il responses (Fig. 10(b)) exhibit similar monotonic behavior, with damage levels generally
lower than those at site | due to reduced local stress concentration. These results indicate that the generative models are
able to reproduce physically consistent damage accumulation across different cycle ranges.

Fig. 10(c-d) compares the reliability responses of LCF, HCF, and CCF lives for sites | and Il, together with the
combined system-level behavior. For both sites, the CCF reliability curve lies below the corresponding LCF- and
HCF-dominated responses, indicating that the combined-cycle fatigue reliability is governed by the concurrent action
of low- and high-cycle damage mechanisms and is therefore more conservative. The influence of inter-site dependence
on the combined reliability response is further reflected by the comparison between independent and dependent
assumptions: the independent case yields a higher combined reliability, whereas accounting for inter-site correlation
leads to a further downward shift of the reliability curve and thus a more conservative estimate. Overall, the results
highlight the integrated effects of multi-site interaction and multi-mode fatigue coupling on the system-level fatigue
reliability. Fig. 10(d) is the overall system reliability, from which a design-relevant reliability level of 0.9987

corresponds to a fatigue life of approximately 3944 cycles.
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Fig. 10 Reliability and sensitivity for hierarchical structural system. (a) fatigue damage at site I; (b) fatigue damage at site I1;
(c) reliability under each-site and multi-site; (d) reliability with failure correlation; (e) response sensitivity at site I;
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Sensitivity analyses for strain, stress, and all lifetime responses are shown in Fig. 10(e-h). For site | strain (Fig.
10(e)), rotational speed w accounts for approximately 30%, followed by outlet pressure Po at 20%, temperature T at
19%, and inlet pressure P, at 9%, while Material variables E and p contribute around 7-3%. Stress sensitivities at site |
indicate dominant contributions from w (44%), T (18%), and Po (25%). HCF stress sensitivities emphasize fatigue
strength of (21%) and ductility parameter &' (18%), consistent with high-cycle response characteristics. Lifetime
sensitivities (Figs. 10(f-h)) present broader distributions, LCF lifetime N'. is mainly driven by w (27%), o' (14%), and
¢ (13%), followed by T (12%). HCF lifetimes emphasize of (15%) and &' (10%) along with moderate contributions
from load variables (9-7%). CCF sensitivity patterns show mixed influence, with w reaching 21-23% at both sites, and

fatigue parameters (of') accounting for 10-17%. Overall, the hierarchical reliability and sensitivity outcomes highlight



the roles of load fluctuation, material variability, and fatigue parameter scatter across structural sites. The dependent
reliability model yields more realistic reliability decay trends, and the sensitivity distributions provide interpretable

guidance for targeted uncertainty reduction and design refinement.

5.4. Comparisons & discussions

The performance of the developed surrogates is evaluated by comparing their computational efficiency and
predictive accuracy against several reference models. For clarity in the comparison, the variants enhanced through the
data-physics fusion strategy are denoted by “-IL,” and their corresponding data-driven versions by “-1.” The generative
surrogates tested in this study, alongside the traditional regression models, including SVR-I, GPR-1, and NNR-I,
provide a representative set of approaches for examining large-scale fatigue behavior. Fig. 11 reports the comparative
results for site I, site 11, and the multisite system across different sample sizes. It is noted that the sample sizes ranging
from 100 to 10,000 refer to the number of Monte Carlo (MC) samples used to construct the reference reliability
estimates, rather than the training data size of surrogate models. The modeling performance of the proposed approach
has already been demonstrated in Fig. 5, and the MC-based analysis here is used solely to assess the reliability
estimation behavior under increasingly accurate reference solutions.

Fig. 11(a-d) reports the computational efficiency of each surrogate relative to the direct Monte Carlo simulation
benchmark. For site | (Fig. 11(a)), the DFM-II model demonstrates consistently high acceleration factors, achieving
efficiency gains in the range of 138-168>depending on the sampling size. In contrast, traditional regression surrogates
such as SVR-I and GPR-I exhibit more modest improvements, typically around 80-120x. Similar observations are
found at site Il (Fig. 11(b)), where the efficiency of DFM-II surpasses 150 at the largest sampling level, while baseline
models remain below 130x For the multisite reliability assessment (Fig. 11(c)), the advantage of the fusion-based
generative surrogate becomes more evident, benefiting from its ability to generate coherent multi-output samples at
negligible cost. Fig. 11(d) shows the absolute execution time, where DFM-II maintains substantially shorter runtime
compared to other models across all sampling levels, reaffirming its computing scalability.

Fig. 11(e-h) presents the reliability accuracy compared with Monte Carlo reference results. For site | (Fig. 11(e)),
the DFM-II model consistently reaches accuracy levels above 97%, even at relatively small sample sizes. SVR-1 and
GPR-I remain within a similar but slightly lower band (92-96%), whereas VAE-I displays larger fluctuations. The
accuracy trends at Site 1l (Fig. 11(f)) show a similar structure, with DFM-Il maintaining 96-98% accuracy and
conventional surrogates showing broader variability. The system reliability results (Fig. 11(g)) confirm that DFM-I1I
preserves accuracy above 97% across all sampling scales, which is essential for dependent reliability evaluation. Finally,

Fig. 11(h) compares the actual reliability values estimated by different methods. The DFM-I11 predictions match closely



with the Monte Carlo baseline, whereas other models yield slightly biased estimates in high-sensitivity regions. In Fig.
11(e-h) prediction performance is evaluated using a relative accuracy metric, defined as Accrei=1-|Rsm-Rmcl/Rmc, where
Rsm denotes the reliability estimate obtained from the surrogate model and Ruc represents the MC-based result. This
metric reflects the deviation of surrogate predictions relative to the MC reference. Fig. 11(i-k) reports the absolute error
of the reliability estimates, defined as eans=|Rsm-Rmc|, which provides a direct measure of the discrepancy on a common
probability scale between surrogate-based and MC-based reliability estimates. The results show that reliability
estimation accuracy improves with increasing Monte Carlo sample sizes, with the proposed method achieving the
highest overall accuracy. The inset bar charts further demonstrate that the “-II” models yield substantial accuracy
improvements over their “-I” counterparts across all model families. Fig. 11(I) summarizes the efficiency improvement

factor under the multi-site setting.
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Fig. 11 Method comparisons under different simulation accuracy & efficiency. (a) simulation efficiency under site I; (b) simulation
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Overall, these comparisons demonstrate three consistent observations. Firstly, the proposed generative
data-physics fusion surrogate achieves substantial computational savings without compromising precision, allowing
large-scale reliability estimation under strict computational budgets. Secondly, the accuracy advantage becomes more
pronounced for hierarchical and multisite reliability problems, owing to the generative model’s ability to maintain joint
distribution features across sites. Thirdly, the stability across sample sizes indicates reliable extrapolation behavior
under limited data, which is critical for real engineering systems where obtaining large simulation datasets is often
infeasible. These findings verify that the proposed approach provides a balanced and effective tool for hierarchical

reliability assessment while delivering both high computing efficiency and high predictive accuracy.

6. Conclusions

This study establishes a generative data-physics (GenDP) fusion framework for hierarchical reliability assessment
of complex dependent systems. The proposed GenDP fusion framework integrates physics-based hierarchical
decomposition with physics-informed generative modeling, forming a coherent pathway that transforms small-batch
simulation data into distribution-level representations suitable for large-scale hierarchical reliability evaluation. A
representative aeroengine compressor system is employed to validate the proposed framework. The main findings of
this study are summarized as follows:

(1) The proposed GenDP fusion framework organizes multi-site and multi-mode failure processes through a
hierarchical-generative structure, where the hierarchical layer provides physically interpretable decomposition and the
generative layer learns full conditional distributions of responses and lifetimes, thereby preserving both physical
interpretability and distributional representation.

(2) By embedding stress limits, monotonicity requirements, and fatigue-law consistency into Transformer-,
Diffusion-, and VAE-based generative models, the proposed approach overcomes the pointwise limitations of
conventional surrogates. The resulting data-physics-aligned distributions support accurate tail-sensitive reliability
estimation without relying on high-volume simulation or restrictive assumptions.

(3) A physics-constrained sampling strategy directs data generation toward physically admissible and near-failure
regions, and a Copula dependency formulation reconstructs cross-site and cross-mode correlations. This enables a
consistent hierarchical-to-system reliability propagation process, ensuring that component-level uncertainties translate
realistically into system-level behaviors.

(4) The aeroengine compressor case study demonstrates the effectiveness of the proposed framework. Quantitative

comparisons against direct Monte Carlo simulations demonstrate a computational speed-up of 138>168> while



maintaining reliability calculation accuracy above 97%. Furthermore, the framework exhibits robust performance, with
accuracy fluctuations restricted to within a 2% margin (96%-98%) across varying sample sizes, confirming its stability
and potential for broader engineering applications.

Future research will explore extensions toward time-variant reliability, multi-physics ageing processes, hybrid
generative physics operators for digital-twin updating, and integration with real-time monitoring data, aiming to further

enhance data efficiency and system-level predictive reliability in complex engineering environments.
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