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Abstract

Hidden degenerations in industrial time series often pre-
cede observable failures, they remain undetected by stan-
dard monitoring systems until anomalies become apparent.
This gap between microscopic degradation and macroscopic
observation renders conventional predictors inherently reac-
tive, as they rely on correlations in sensor data rather than
uncovering the underlying, physics-consistent degradation
states. Crucially, the microscopic mechanisms governing sys-
tem evolution depend on macroscopic state variables—whose
measurements are expectations over microscopic proba-
bility distributions—so purely data-driven “top-down” or
purely physics-guided “bottom-up” approaches cannot fore-
cast degeneration-entangled industrial faults. To address
these challenges, we propose a Physics-Guided Bidirec-
tional Inference Framework that represents hidden micro-
scopic states from macroscopic measurements. Our approach
uniquely combines: (1) bottom-up physics-based simulation
using Continuum Damage Mechanics to model micro-scale
damage evolution under environmental stressors, and (2) top-
down probabilistic inference via maximum entropy formal-
ism to estimate latent microstate distributions from sparse
sensor data. This bidirectional mechanism enables early fail-
ure prediction by bridging observable measurements with un-
observable degeneration. Validation on real-world railway in-
frastruc datasets demonstrates significant improvements in
early fault prediction compared to state-of-the-art baselines.
Our method establishes a new paradigm for safety-critical in-
dustrial applications requiring reliable prediction of hidden
degeneration processes.

Code — https://github.com/benjaminlbj38-eng/PIBI

Introduction
Industrial time series, capturing vital process information,
can be leveraged through analysis and forecasting to fa-
cilitate downstream production operations—such as plant
scheduling and fault prediction (Sha et al. 2024). Owing to
the stringent demands for reliability and continuity in indus-
trial processes, fault prediction has garnered significant at-
tention from both industry and academia (Chen et al. 2023b;
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Figure 1: Fault degeneration under micro–macro asymme-
try. The figure illustrates a common failure scenario in in-
dustrial systems, where micro degeneration (red line) ac-
cumulates silently before any observable changes (eg. track
gauge) appear in macro-scale sensor readings.

Lohia et al. 2024). Faults predominantly stem from the grad-
ual degradation of production equipment—a process inher-
ently unobservable and influenced by operational environ-
ments (Xia et al. 2024; Lu et al. 2024). Current monitoring
approaches, however, capture only the final stages of this
process, missing the crucial early phases where preventive
action remains possible (Benkabou et al. 2025; Ho, Karami,
and Armanfard 2025). The fundamental challenge thus be-
comes detecting and modeling these hidden degeneration
dynamics that precede visible failure indicators.

The hidden nature of early-stage degeneration creates a
critical blind spot in fault prediction. In Fig. 1, micro-level
degeneration (red curve) accelerates exponentially while
macro-scale sensor readings remain deceptively stable until
approaching failure thresholds. Traditional detection meth-
ods identify deviations only after the critical window has
passed—when degeneration has already progressed beyond
preventive intervention. The temporal gap between actual
degeneration onset and sensor-detectable anomalies renders
most predictive models inherently reactive rather than truly
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preventive. Bridging this micro-macro disconnect requires
approaches that can infer hidden degeneration states from
available observations before they manifest as detectable
anomalies.

Most existing fault prediction pipelines remain purely
data driven (Zhang et al. 2025). Multivariate histories are
fed into autoencoders, graph neural networks, and remain-
ing useful life predictors to map past macroscopic signals to
future failures (Fang et al. 2025). Implicitly, these models
rest on two assumptions: (A) observability sufficiency—all
precursors of failure are encoded in the measured streams;
and (B) statistical continuity—the mapping from signals to
degeneration is smooth and learnable from historical data.
However, these assumptions are not always valid. Many
damage mechanisms remain undetectable until a threshold
is crossed, resulting in abrupt, discontinuous changes. More-
over, heterogeneous operating conditions can shift the un-
derlying mapping, further undermining observability (Chen
et al. 2025). Consequently, data-driven models tend to excel
at identifying late-stage anomalies but fail to reconstruct the
hidden progression of micro-damage (Harte et al. 2024).

Physics-constrained learning seeks to address the limi-
tations of purely data-driven models by embedding phys-
ical laws within network architectures. Existing physics-
constrained time series methods fall into two strands. The
first locks governing ODE/PDE residuals into the training
objective, yielding physics-informed networks (Chen, Liu,
and Sun 2025; Zeng et al. 2025). While effective, these hard
constraints become brittle when sensor noise, or parameter
drift violate the residual tolerance, often forcing the opti-
miser toward degenerate minima. The second strand wraps
a high-fidelity numerical simulator around a data-driven sur-
rogate and calibrates parameters with observations (Tian
et al. 2025; Liao et al. 2023). Such twin-model approaches
demand an accurate, differentiable simulator, hampering de-
ployment under tight latency or data budgets. Fundamen-
tally, both approaches leverage physics only to constrain
predictions, rather than establishing a bidirectional mapping
that infers micro-level degradation from measurements.

To address these limitations, we propose a Physics Guided
Micro–Macro Inference (PIBI) framework tailored to asym-
metric observability in engineering degeneration. From the
bottom up, a degeneration simulator based on Continuum
Damage Mechanics (CDM) models the evolution of mi-
crostate variables under temperature fluctuations, load cy-
cles, and other environmental stressors, thereby enabling
forward simulations across diverse operating conditions.
From the top down, a maximum entropy inference mod-
ule treats the simulator as a prior and updates the latent
microstate distributions using macroscopic measurements,
thereby producing condition-aware, uncertainty-calibrated
early warnings. The two directions interact bidirection-
ally: simulated trajectories regularize the inference network,
while inferred posteriors adapt simulator parameters to as-
set specific heterogeneity, thereby bridging the micro–macro
gap. Empirically, the framework captures nonlinear damage
accumulation, incorporates environmental factors, and de-
livers earlier, more reliable alerts than purely data driven or
rigid physics only baselines when validated on real railway

infrastructure degeneration datasets. Our contributions can
be summarized in three key aspects:
• We formalize a new class of degeneration prediction

problems characterized by asymmetric observability be-
tween micro and macro scales, expose fundamental lim-
itations in both data-driven and physics-informed ap-
proaches;

• We develop a novel bidirectional inference architecture
that synergistically combines bottom-up physics-based
degeneration simulation with top-down probabilistic mi-
crostate reconstruction, enabling condition-aware fault
prediction.

• Extensive experiments conducted on real-world datasets
show the effectiveness of PIBI compared with various
state-of-the-art methods.

Related Work
Deep Learning in Fault Prediction
Recent studies on fault prediction have primarily focused
on deep learning architectures that directly extract correla-
tions from sensor data. SARAD detects anomalies by learn-
ing spatial inter-feature associations with a Transformer and
identifying association descent patterns via autoencoding
(Dai et al. 2024). Contrastive learning method enhances
fault pattern discrimination in multivariate time series by en-
forcing temporal stability and sensor-wise relational consis-
tency through graph-aware augmentation (Wang et al. 2024;
Zhang et al. 2025). Hierarchical classification approach im-
proves anomaly-sensitive representation by modeling time
series as tokenized categories, capturing high-entropy pat-
terns across granularity levels (Sun et al. 2025). Collectively,
deep learning methods improve detection accuracy and ro-
bustness but still assume that the most informative precur-
sors are observable (Chen et al. 2023a). These studies rarely
address the challenges posed by the short onset windows that
characterize abrupt industrial degradation.

In contrast, our framework treats the observed macro-
scale signals as delayed, lossy projections of rapidly evolv-
ing micro-states. By coupling a bottom-up degeneration
simulator grounded in continuous damage mechanics with
a top-down maximum-entropy inference layer, we explic-
itly infer the most plausible hidden damage distributions be-
fore macroscopic anomalies surface. This bi-directional de-
sign allows condition-aware early warning, provides inter-
pretable physical pathways for each alarm.

Physics-Guided Modeling for Sequences
Physics-guided machine learning has increasingly been ad-
vocated to improve fidelity and generalization in scientific
modeling, yet many approaches still target isolated pro-
cesses and simplified regimes. Dual-branch architectures
such as Air-DualODE emphasize the gap between explicit
equations and latent neural representations, leveraging Neu-
ral ODEs to separate physical and residual dynamics, yet
they leave unresolved the reconstruction of unobserved in-
ternal states from sparse outputs (Tian et al. 2025). Graph-
based encoders such as PhyMPGN (Zeng et al. 2025) em-
bed numerical integrators and Laplace–Beltrami operators
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Figure 2: The framework of the proposed PIBI

to respect PDE structure, addressing mesh irregularity but
relying on plentiful training data for each geometry. PINP
(Chen, Liu, and Sun 2025) discretizes coupled equations di-
rectly into the architecture to gain long-horizon extrapola-
tion, underscoring the benefit of hard physics constraints but
focusing on fully observed physical fields. In industrial diag-
nostics, physics-informed CNNs mitigate noise and improve
interpretability with filter designs derived from Fourier-
domain priors, yet they remain feature extractors rather than
latent-state reconstructors under non-symmetric observabil-
ity. The open challenge is thus not only to “inject physics”
but to reconcile multi-scale, partially observed dynamics
where micro-level drivers are never directly measured, en-
vironments are non-stationary, and priors must coexist with
principled uncertainty handling.

Our Physics-Guided Micro–Macro Inference closes this
gap by unifying a forward CDM-based simulator (micro
→ macro) with a backward, entropy-principled estimator
(macro → micro). The simulator captures nonlinear ac-
cumulation, environmental accelerants, and structural id-
iosyncrasies; the inference module, constrained by the same
physics, yields distributions over latent damage consistent
with sparse, delayed observations. This reciprocity trans-
forms physics from a post hoc regularizer into an operational
bridge between scales, enabling earlier, more reliable, and
explainable warnings in safety-critical industrial settings.

Methodology
Model Architecture Overview
Fig. 2 illustrates the proposed PIBI’s dual-stream architec-
ture. A bottom-up Continuum Damage Mechanics (CDM)
simulator forward-integrates latent micro-damage x(t) un-
der load, temperature and humidity, projecting the result
onto measurable macro indicators X(t). In parallel, a top-
down maximum-entropy network treats the simulator as a
Bayesian prior, inverting sparse sensor windows to obtain

posteriors over x(t) and asset-specific material parameters.
The two streams share latent samples, physics-consistent
moment constraints, and a multi-task objective combin-
ing binary-cross-entropy with a dual-scale consistency loss
that aligns simulated and observed trajectories. End-to-
end differentiation closes a bidirectional loop, yielding mi-
cro–macro trajectories, calibrated uncertainty, and earlier
fault alarms than data-only or one-way physics-informed
baselines.

Problem Formulation
We consider an industrial infrastructure system composed
of S spatial segments (e.g., kilometer units along a rail-
way track), each continuously monitored by a set of D
sensors over time. For each segment s ∈ {1, . . . , S},
we collect a multivariate historical time series Xs =
{ms

1,m
s
2, . . . ,m

s
t} ∈ Rt×D, where t is the number of

time steps and ms
t ∈ RD contains physical measurements

such as geometry, vibration, and alignment at time t. Our
goal is to predict whether segment s will exhibit structural
damage within the future horizon τ , based on the historical
sensor readings from a fixed look-back window of length
w. The early warning target is defined as a binary label
y
(t+τ)
s ∈ {0, 1}, where y=1 denotes the damage in the fu-

ture timing t + τ . Formally, the task is to learn a classifier:
fθ : Rw×D → {0, 1}. Notably, in contrast to standard mul-
tivariate time series classification (MTSC), our problem in-
volves predicting future events rather than assigning class
labels to observed sequences. For clarity, in what follows,
we fix a specific region s and omit the corresponding spatial
subscript.

General Notation
Our framework operates on four core physical concepts that
capture the complete degeneration process:
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Micro-scale Damage State: x(t) ∈ [0, 1] represents the
micro state at time t, where x(t) = 1 indicates no damage
and x(t) = 0 denotes complete failure. This variable is the
fundamental damage parameter in CDM theory, capturing
the nonlinear degeneration of a material’s internal stiffness
and strength. Although the damage state is not directly ob-
servable, it dictates the entire future trajectory of material
degeneration.

Macro-scale Indicators: X(t) = (X1, X2, . . . , Xd) en-
compasses track geometry parameters (alignment, gauge)
and other condition indicators recorded by inspection sys-
tems. These measurements reflect the cumulative manifes-
tation of underlying damage processes but provide indirect
evidence of the true health state. Environmental Variables:
E(t) = [T (t), P (t), L(t)] captures external environmen-
tal conditions that influence degeneration kinetics: - T (t):
ambient temperature (°C) affecting corrosion-fatigue pro-
cesses. P (t): cumulative rainfall (mm) influencing moisture-
related degeneration. L(t): operational load intensity repre-
senting traffic-induced stress cycles.

Physics-Based Transition Function: The
f(xt,Xt, T (t), P (t), L(t)) models the damage evolu-
tion mechanism based on established physics principles,
transforming theoretical damage accumulation into quan-
tifiable degeneration rates.

Failure Prediction Target: S(t) represents the cumulative
failure count over specified time horizons, serving as the pre-
diction objective for maintenance planning.

Maximum Entropy Micro-State Inference
Purpose. Given a macro–level observation X(t) ∈ RD

and environmental variables E(t) = [T (t), Prain(t), L(t)],
we seek the least–biased distribution of the latent micro-
damage variable x ∈ [0, 1]. Theoretically, the posterior
probability does not have to be uniquely identifiable. There-
fore, we explore a more practical question, whether the pos-
terior variance is small enough to support reliable decision
making under the available sampling density. We adopt the
maximum-entropy form.

p(x |X(t), E(t)) =
1

Z
exp

[
−λ1(t)x

−λ2(t) f
(
x,X(t), E(t)

)]
,

(1)

where Z is the partition function, x is the micro-damage
score and f(·) is the CDM-based degeneration kernel, and
λ1,2 are Lagrange multipliers enforcing the constraints.

Moment constraints. Ideally, the Lagrange multipliers
λ1,2(t) are determined by the coupled constraints:

Ep[x] = x̂(t), Ep[f(·)] = r̂(t), (2)

where x̂(t) is the macro–to–micro estimate produced by
a Transformer-based inference network that consumes the
most recent window

{
X(t − τ :t), E(t − τ :t)

}
and out-

puts a scalar health estimate. r̂(t) = f
(
x̂(t), X(t), E(t)

)
is

the physics-consistent average degeneration rate obtained by

evaluating the same kernel f at x̂(t). Instead of enforcing
Ep[f(x)] = r̂(t) as a strict equality, we adopt the modeling
approximation Ep[f(x)] ≈ f(Ep[x]) and softly regularize
the residuals through a penalty term:

Lmom = µ1

(
Ep[x]− x̂

)2
+ µ2

(
Ep[f(x)]− r̂

)2
, (3)

where µ1, µ2 are small coefficients (empirically 10−2 ∼
10−1). This ensures numerical stability without requiring in-
ner Newton iterations.

Physics-Consistent Forward Simulation
Purpose. This module propagates each micro-damage
sample forward in time and projects it back to observable
macro indicators.

Micro-level time stepping. From (1) we draw M i.i.d.
samples

{
x
(m)
t

}M

m=1
and propagate each according to the

CDM kernel:

x
(m)
t+∆ = x

(m)
t −

∫ t+∆

s=t

f
(
x(m)
s , Xs, Es

)
ds , (4)

where the integration variable is indicated by s. We adopt
a single-step fourth-order Runge–Kutta scheme for numer-
ical stability. To ensure xt ∈ [0, 1] during integration, we
reparameterize x = σ(η) = 1/(1 + e−η) and integrate
η̇ = −f(σ(η), X,E)/[σ(η)(1− σ(η))]. This logit transfor-
mation guarantees boundedness while keeping the dynamics
differentiable.

Macro projection. Updated micro states are aggregated
via a differentiable operator G : [0, 1]→ RD, which projects
the ensemble-averaged micro damage x̄ onto a physics-
guided stress-gradient constructed from an analytic kernel
plus a two-layer residual MLP calibrated during training.

dXj

dt
= Gj

(
x̄, X,E

)
, j = 1, . . . , D,

x̄ := 1
M

M∑
m=1

x(m)

G(x,X,E) = Kγ ∗ x+ MLPθ([x,X,E]),

(5)

where Kγ(r) = exp(−γr2) is a Gaussian kernel and MLPθ

has two hidden layers of 64 units with ReLU activations.
The convolution Kγ ∗ x captures spatial smoothing, while
the residual term models nonlinear corrections.

Dual-scale consistency loss. Simulated macro trajectories
X̃

(m)
t+∆ = Xt +∆G

(
x
(m)
t , Xt, Et

)
are aligned with real ob-

servations by

Lcons =
1

M

∑
m

∥∥∥X̃(m)
t+∆ −Xt+∆

∥∥∥2
2

(6)

gradients propagate to all parameters in Eqs. (1)–(6),
thereby closing the micro–macro training loop.
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Physics-Guided Damage Evolution Mechanism
CDM-Based Kinetics. Following Continuum Damage
Mechanics (Voyiadjis and Kattan 2025), the micro-damage
state x ∈ [0, 1] deteriorates under mechanical stress and en-
vironmental accelerants:

dx

dt
= −f(x,X,E(t)) (7)

where X(t) denotes the current macro-level indicators. The
degeneration kernel f is factorised into three multiplicative
constituents that reflect material degeneration, mechanical
solicitation and environmental acceleration, respectively:

f(x,X,E) = α(x)nσeff(X, L)ϕenv(E). (8)

Material-degeneration term: the factor (x)n captures the
classical CDM observation that once damage initiates, sub-
sequent degradation accelerates with the remaining intact
fraction (x). Mechanical-stress term: σeff(X, L) represents
the stress that blends geometry-derived stresses from X with
the external load L(t). In the general case we set

σeff(X,E) = β1 ∥X̃∥2 + β2 L̃(t), (9)

where β1 and β2 are coefficients that are learned together
with the network weights. The quantities (X̃, L̃) are normal-
ized by their nominal reference scales (Xref, Lref) to ensure
unit consistency. For the railway-rail degeneration predic-
tion, the |X∥2 is incorporating rail-specific geometric vari-
ables (track alignment, gauge, etc). Alternative infrastruc-
tures can be seamlessly integrated without modifying the
core framework.

Environmental-acceleration term
Theorem 1. (Arrhenius Kinetics Law) For thermally ac-
tivated processes, the reaction rate follows an exponential
temperature dependence: k(T ) = A exp(−Ea/RT ), where
k(T ) is the rate constant, A is the pre-exponential factor,
Ea is the activation energy, R is the gas constant, and T is
absolute temperature (Celina et al. 2019).

The Arrhenius-type factor

ϕenv(E) = exp

[
− Q

R(T + 273.15)

]
(1 + RH+ Prain)

(10)
modulates the intrinsic kinetics by temperature T (through
the activation energy Q and the gas constant R and by
moisture variables, RH refers to the average relative hu-
midity, and Prain denotes the accumulated rainfall. All
scalar physicochemical coefficients lnα, lnn, lnQ, β1, β2

are instantiated as parameters. Specifically, each kinetic
coefficient is treated as a latent random variable with an
informative prior (see Table 2), and is learned jointly
with network weights via reparameterised gradients. During
back-propagation, gradients flow through Eqs.7–10, ensur-
ing that the learned kinetics remain physically plausible.

Failure Prediction and Risk Quantification
Failure forecasting is framed as a probabilistic classification
problem over a user-defined horizon H = K∆. At test time

we draw M Monte-Carlo micro-trajectories
{
x
(m)
t+k∆

}K

k=0
using the Runge–Kutta integrator. Each trajectory is aggre-
gated into macro responses X̃(m)

t+k∆ = G
(
x
(m)
t+k∆

)
. A failure

indicator is then computed per step by

F
(m)
t+k∆ = 1

{
min

s∈{t,t+∆,...,t+k∆}
x(m)
s ≤ xc

}
(11)

where xc is material-specific safety limits established by do-
main rules. The step-wise failure probability results from the
Monte-Carlo frequency

pt+k∆ =
1

M

M∑
m=1

F
(m)
t+k∆, k = 1, . . . ,K, (12)

and the cumulative risk of experiencing at least one failure
within the horizon equals rt→t+H = 1−

∏K
k=1 (1− pt+k∆).

During training, the ground-truth label yt+k∆ ∈ {0, 1} indi-
cates whether a defect is verified at time t+ k∆. We super-
vise the predictive distribution with a binary-cross-entropy
term

LBCE = − 1

K

K∑
k=1

[
yt+k∆ log pt+k∆

+ (1− yt+k∆) log (1− pt+k∆)
] (13)

The kinetic coefficients (α, β, n) are treated as random
parameters with informative log-normal priors p(θ) =
LN(µθ, σ

2
θ). During training we perform MAP estimation

by adding the log-prior term:

Ltotal = LBCE + Lcons. (14)

This preserves the intended physical regularization with-
out introducing variational inference overhead. By ground-
ing pt+k∆ in physically consistent micro-trajectories rather
than relying on a standalone classifier—the framework gains
intrinsic interpretability: analysts can trace each high-risk
forecast back to its underlying stress pathways and environ-
mental drivers.

Experiment
Experimental Settings
Datasets. We evaluate our approach on two real-world
structural monitoring datasets. The first is a long-term
heavy-haul railway dataset collected monthly from 2018 to
2025 over a 581 km freight corridor in China, encompass-
ing geometric, load, gradient, and environmental variables.
The second is the KW51 (Maes and Lombaert 2021) bridge
dataset from Belgium, comprising high-frequency vibration
and strain signals recorded over 15 months across pre−,
during−, and post-retrofit stages. Both datasets reflect di-
verse degeneration patterns under real operational and envi-
ronmental conditions. The final dataset contains no personal
or sensitive information.
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Methods
Heavy-haul Railway Tracks

F1-score Precision Recall MCC Accuracy ROC-AUC PR-AUC G-mean

AttnPINN (Adv. Eng. Informatics 2023) 67.83±0.91 80.54±0.62 63.21±0.57 68.01±0.44 86.18±0.88 80.07±0.35 70.84±0.37 76.21±0.31
PINP (ICLR 2025) 63.47±1.02 77.92±0.73 58.03±0.66 64.15±0.51 84.97±1.05 78.32±0.49 68.45±0.46 72.04±0.42

Air-DualODE (ICLR 2025) 66.19±0.84 79.81±0.59 61.47±0.55 66.93±0.40 86.92±0.81 79.64±0.38 70.12±0.35 74.98±0.36
PhyMPGN (ICLR 2025) 65.87±0.78 79.43±0.57 61.02±0.53 67.16±0.39 86.56±0.79 81.01±0.33 71.10±0.29 77.02±0.27

TS-GAC (AAAI 2024) 60.41±1.21 74.36±0.95 59.28±0.82 66.92±0.68 83.91±1.14 76.25±0.61 66.17±0.55 69.77±0.51
SARAD (NeurIPS 2024) 62.54±0.97 76.12±0.71 67.73±0.64 63.48±0.47 84.22±0.93 78.91±0.41 69.03±0.44 73.61±0.39

MENTORPDM (KDD 2025) 64.73±0.89 78.85±0.66 60.51±0.59 65.42±0.45 85.11±0.87 79.22±0.36 71.92±0.32 74.36±0.34
HCAN (AAAI 2025) 67.18±1.05 75.07±0.82 56.43±0.74 61.02±0.57 84.06±0.99 77.38±0.53 66.88±0.48 70.52±0.45

PIBI 70.21±0.68 82.32±0.45 66.04±0.43 71.42±0.32 87.47±0.96 82.21±0.27 71.68±0.23 76.95±0.28

KW51
F1-score Precision Recall MCC Accuracy ROC-AUC PR-AUC G-mean

AttnPINN (Adv. Eng. Informatics 2023) 82.83±0.63 89.52±0.67 77.13±0.61 79.04±0.46 95.21±0.69 91.12±0.29 82.03±0.34 85.86±0.28
PINP (ICLR 2025) 80.64±0.72 87.29±0.74 74.91±0.66 76.18±0.52 94.63±0.77 89.96±0.35 80.54±0.39 84.69±0.31

Air-DualODE (ICLR 2025) 83.07±0.59 89.23±0.65 78.41±0.60 79.77±0.44 96.86±0.68 92.03±0.27 82.72±0.33 86.53±0.27
PhyMPGN (ICLR 2025) 84.01±0.57 90.01±0.63 81.02±0.58 81.51±0.42 95.92±0.70 92.39±0.26 83.88±0.32 88.02±0.24

TS-GAC (AAAI 2024) 78.46±0.81 86.09±0.79 74.24±0.73 73.41±0.57 93.76±0.88 89.37±0.41 79.75±0.45 83.12±0.36
SARAD (NeurIPS 2024) 81.72±0.66 88.78±0.70 75.52±0.63 77.91±0.48 95.04±0.73 91.44±0.30 83.02±0.36 85.23±0.29

MENTORPDM (KDD 2025) 83.57±0.61 87.01±0.66 78.01±0.60 80.19±0.45 95.78±0.71 92.01±0.27 85.41±0.28 86.92±0.25
HCAN (AAAI 2025) 79.81±0.75 90.22±0.76 76.47±0.69 75.06±0.53 94.12±0.80 90.47±0.37 81.04±0.41 84.01±0.33

PIBI 86.32±0.55 91.46±0.61 82.27±0.58 82.93±0.41 96.12±0.72 93.21±0.24 84.66±0.31 87.20±0.26

Table 1: Comparisons with State-of-the-Art methods on two datasets under eight evaluation metrics (%). The best experimental
results are highlighted in bold, while the second-best results are underlined.

Symbol Description Prior

α Damage-rate scale logN (µ−8, σ=0.5)
n Damage exponent N (2.0, 0.22)
m Fatigue exponent N (3.0, 0.22)

Q Activation energy N (1.2× 105, 104
2

)
β1 Geometry stress coeff. logN (µ−1, σ=0.3)
β2 Load stress coeff. logN (µ−1, σ=0.5)
σc Ultimate stress fixed 350 MPa

Table 2: Kinetic coefficients and priors.

Baselines. We compare our model against two cat-
egories of recently advanced and highly relevant ap-
proaches. To highlight our performance, we select four
physics-informed methods and four time series analy-
sis methods: Physics-informed methods: AttnPINN (Liao
et al. 2023), PINP (Chen, Liu, and Sun 2025), Air-DualODE
(Tian et al. 2025), PhyMPGN (Zeng et al. 2025). Time se-
ries analysis methods: TS-GAC (Wang et al. 2024), SARAD
(Dai et al. 2024), MENTORPDM (Zhang et al. 2025),
HCAN (Sun et al. 2025).

Experiments details. Following prior studies, we adopt
ADAM (Kingma and Ba 2015) as the default op-
timizer for all experiments. We evaluate models us-
ing F1 score, precision, recall, MCC, accuracy, and
G-mean (threshold-dependent metrics), which jointly cap-
ture complementary aspects of performance—including
positive-class detection, false-alarm control, and balanced
consideration of both classes. Among these, MCC and
G-mean are particularly robust, as they incorporate all

four cells of the confusion matrix. In addition, we report
ROC-AUC and PR-AUC as threshold-independent ranking
metrics.

The initial learning rate is selected via grid search from{
5× 10−3, 10−3, 5× 10−4, 10−4, 5× 10−5, 10−5

}
,tuned

separately for each dataset. All runs begin with the same
prior hyper-parameters (Table 2). The experiments were
repeated five times with fixed random seeds, and we
reported the average performance. HCAN was implemented
by PyTorch and trained on a single NVIDIA RTX 4090
24GB GPU.

Main Results
On the long-span, monthly-sampled railway dataset, our
physics-guided bidirectional inference achieves the best
performance on five out of eight metrics. Compared to
the strongest baseline (AttnPINN, PhyMPGN) our method
raises F1 from 67.83 to 70.21 (+3.5% relative) and MCC
from 68.01 to 71.42 (+5.0%), while also delivering the high-
est ROC-AUC (82.21) and Accuracy (87.47). The gain stems
from explicitly reconstructing latent micro-damage distribu-
tions from sparse macroscopic measurements: the physics
prior constrains the degeneration in poorly observed inter-
vals, and the maximum-entropy top-down inference pre-
vents overconfident false alarms, yielding the highest Preci-
sion (82.32). Interestingly, our Recall (66.04) is second-best
to SARAD (67.73), revealing a principled precision–recall
trade-off induced by conservative, physics-consistent thresh-
olds. Consistently, our PR-AUC ranks second (71.68 vs.
71.92), and the G-mean is slightly below the best physics-
informed competitor (76.95 vs. 77.02), indicating that under
severe class imbalance our model prioritizes precision and

23209



Method F1 Precision Recall MCC Acc. ROC-AUC PR-AUC

Ours 70.21 ± 0.08 82.32 ± 0.16 66.04 ± 0.09 71.42 ± 0.14 87.47 ± 0.17 82.21 ± 0.05 71.68 ± 0.07
w/o CDM physics 65.35 ± 0.14 78.51 ± 0.10 59.42 ± 0.15 64.12 ± 0.13 82.40 ± 0.07 74.10 ± 0.18 65.75 ± 0.16
w/o MaxEnt 67.81 ± 0.11 80.45 ± 0.07 61.20 ± 0.12 68.05 ± 0.09 85.10 ± 0.06 80.31 ± 0.11 69.72 ± 0.08
w/o Env. term 68.90 ± 0.10 81.72 ± 0.07 62.80 ± 0.11 69.70 ± 0.08 86.35 ± 0.06 79.40 ± 0.05 68.35 ± 0.09

Table 3: Ablation study results on Heavy-haul Railway Tracks dataset. Mean ± standard deviation over five runs. The best
experimental results are highlighted in bold, while the second-best results are underlined.

calibration over aggressive recall.
On the high-frequency bridge dataset (KW51), richer ob-

servability sharpens the probabilistic posterior, allowing our
model to simultaneously keep the physics prior as a regular-
izer. We attain the best F1 (86.32), Precision (91.46), MCC
(82.93), and ROC-AUC (93.21), improving F1 by +2.31 ab-
solute over the best baseline (PhyMPGN). Accuracy (96.12),
PR-AUC (84.66), and G-mean (87.20) are second-best, re-
flecting a deliberate threshold that slightly increases false
positives to maximize early recall (82.27). PhyMPGN at-
tains the highest G-mean, suggesting it maintains a higher
true negative rate, whereas MentorPDM—benefiting from
the dense sampling—edges on PR-AUC.

These results confirm that our bidirectional mechanism
generalizes across sampling regimes: when data are scarce it
relies on physics to stabilize inference; when data are dense
it leverages physics to regularize and avoid overfitting, still
delivering the best overall discrimination.

Ablation Study
Removing any component degrades performance, but the
largest drop appears when the CDM constraint is removed
(F1 6.9% on Heavy-haul), together with noticeable de-
creases in ROC-AUC and MCC. This indicates that purely
data-driven method cannot capture the nonlinear progression
of rail damage, and the physics prior is essential to keep the
trajectory of micro-states physically plausible. Discarding
the maximum-entropy inference yields a moderate decline
(F1 3.4%). Removing the Env. term leads to a smaller yet
consistent degeneration, particularly on Heavy-haul where
temperature–humidity variability is higher, confirming that
thermo-corrosion effects modulate the damage rate.

Robustness Evaluation
To evaluate the robustness of PIBI under sparse detec-
tion scenarios, this section adopts the KW51 dataset as
the benchmark and systematically increases its sampling
interval ∆t ∈ {Raw, 1, 3, 7, 15, 30} days. For each ∆t,
we compare PIBI, Data-based (HCAN), and Physics-based
(PhyMPGN) models under the same training protocol.

Fig. 3(a) reports the Consistency Gap (CG)—a standard-
ized forward-backward discrepancy that quantifies the cycle
from observation to latent degraded representation and back,
by computing the normalized reconstruction difference. CG
grows with ∆t; however, PIBI demonstrates the smallest in-
crease, confirming that the bidirectional physics constraints
reconstruct the degeneration process of the observed enti-
ties. Fig. 3(b) illustrates that PR-AUC consistently declines

Figure 3: Robustness to Sparse Sampling (∆t) on KW51.

as ∆t increases, yet PIBI exhibits the slowest degeneration.
In Fig. 3(c), data-driven approaches incur a rapid surge

in false alarms, whereas PIBI maintains better control over
False Alarm Rate (FAR).

Collectively, these results demonstrate that as temporal
resolution decreases, PIBI not only preserves higher clas-
sification quality but also delivers reliable self-diagnostic
signals (consistency gap and coverage), thereby enhancing
model robustness under sparse observation conditions—an
advantage of significance for real-world industrial.

Conclusion
This work introduces a Physics-Guided Bidirectional Infer-
ence framework that bridges the long-standing micro–macro
observability gap in industrial predictive maintenance. By
coupling a Continuum Damage Mechanics simulator with a
maximum-entropy inverse module, the model reconstructs
latent micro-damage trajectories and projects them for-
ward under environmental stressors. Extensive evaluation
on heavy-haul railway and bridge datasets reveals consis-
tent gains over physics-informed and data-centric baselines
across eight metrics, demonstrating earlier warnings, cali-
brated uncertainty, and robustness to sparse sampling. Ab-
lation studies confirm complementary roles of CDM pri-
ors, entropy-based inference and Arrhenius kinetics, while
qualitative analyses highlight graceful degeneration as ob-
servation intervals widen, establishing a new paradigm for
safety-critical infrastructure monitoring.
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