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ABSTRACT

Neural Architecture Search has revolutionized Prognostics and
Health Management, yet adoption is often hindered by the

massive carbon footprint generated during the evaluation of

candidate architectures. To address this sustainability chal-

lenge, this work introduces a Green Al framework that sig-

nificantly reduces the energy consumption of such searches

through an intelligent and adaptive early stopping mechanism.

The approach utilizes Prototypical Networks for regression to

extrapolate learning curves from partial data, predicting final

model performance early in the training process.

A distinct sustainability advantage of using Prototypical Net-
works lies in the inherent data efficiency and superior gener-
alization capabilities of the architecture. By leveraging metric
learning, the framework avoids the energy intensive process
of training task specific predictors from scratch. Instead, it
enables few shot transfer across diverse domains, minimizing
the total computational overhead of the search process. Fur-
thermore, a key contribution of this framework is the dynamic
adaptation of the decision logic as the optimization process
evolves. By utilizing a decision tree classifier that adjusts
thresholds based on the progression of the search, the system
becomes increasingly selective and prioritizes computational
resources for the most promising candidates.

The proposed framework was validated across sixty one thou-
sand learning curves from fifty diverse datasets. Experimen-
tal results demonstrate a drastic reduction in total computa-
tional hours, achieving 57% of decrease in training time while
maintaining high diagnostic fidelity. The system consistently
identified top tier model configurations, reaching a mean se-
lection rank of 0.9 across tested industrial scenarios. These
results prove that high performance industrial intelligence can
be achieved without the prohibitive environmental costs typi-
cally associated with large scale architecture optimization.

David Solis-Martin et al. This is an open-access article distributed under the
terms of the Creative Commons Attribution 3.0 United States License, which
permits unrestricted use, distribution, and reproduction in any medium, pro-
vided the original author and source are credited.

1. INTRODUCCION

While Machine Learning (ML) has fundamentally reshaped
data-driven industries, its application within Prognostics and
Health Management (PHM) represents a sophisticated do-
main characterized by high-dimensional, time-varying, and
often imbalanced industrial datasets. By leveraging diverse
ML paradigms—ranging from classical statistical learning to
advanced deep architectures—PHM frameworks facilitate ro-
bust condition-based monitoring and predictive diagnostics.
This integration enables the early detection of subtle anoma-
lies and the accurate estimation of Remaining Useful Life
(RUL), directly translating to optimized maintenance strate-
gies, minimized unscheduled downtime, and extended asset
longevity. Beyond these technical gains, modern ML-driven
PHM serves as a strategic bridge between raw sensor data and
actionable intelligence, providing engineers with the diagnos-
tic transparency required for reliable, expert-driven decision-
making in critical environments (Borrego-Diaz & Galdn-Pdéez,
2022).

The efficacy of ML models in industrial contexts is funda-
mentally dictated by the selection of appropriate algorithms
and their underlying configurations, which determine the ro-
bustness of feature extraction and subsequent predictive per-
formance. While established paradigms—ranging from clas-
sical ensembles like Random Forests to advanced deep ar-
chitectures like Transformers—offer diverse capabilities, the
manual selection of models and the tuning of associated hy-
perparameters (e.g., kernel types, regularization terms, or learn-
ing rates) remains a labor-intensive process requiring signifi-
cant domain expertise. To address these limitations and move
beyond iterative trial and error, Automated Machine Learning
(AutoML) has emerged as a robust framework for stream-
lining model design. By systematically exploring expansive
search spaces, AutoML identifies optimal pipelines that bal-
ance predictive accuracy with industrial resource constraints,
ensuring an objective, repeatable, and efficient path toward
high-performing PHM solutions.

Despite its potential to revolutionize industrial diagnostics,
the automated search for optimal machine learning pipelines
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is notoriously resource-intensive. Early benchmarks in Neu-
ral Architecture Search (NAS), such as NASNet (Zoph, Va-
sudevan, Shlens, & Le, 2018) and AmoebaNet-A (Real, Ag-
garwal, Huang, & Le, 2019), required thousands of GPU days
to running high-end hardware continuously for several years
to produce a single optimized model. While these figures
represent the upper bound of deep learning complexity, the
broader challenge of AutoML remains significant: balancing
exhaustive search spaces with the real-time constraints of in-
dustrial deployment. For PHM applications, where models
must often be updated or retrained to account for evolving
machine degradation, reducing this computational footprint
is critical. Developing efficient search strategies is essential
for making automated PHM solutions both economically vi-
able and practically accessible for diverse engineering envi-
ronments.

Bayesian Optimization (BO) provides a robust probabilistic
framework for optimizing objective functions that are compu-
tationally expensive or lack a closed-form analytical expres-
sion. By constructing a surrogate model—most commonly a
Gaussian Process (GP)—BO approximates the performance
of the system surface based on a limited set of prior evalu-
ations. An acquisition function then strategically identifies
the next configuration to test, effectively balancing the ex-
ploration of unknown regions with the exploitation of known
high-performing areas. This targeted approach typically re-
quires significantly fewer iterations than exhaustive methods
like grid or random search.

Within the context of Prognostics and Health Management,
BO serves as a systematic alternative to traditional manual
tuning, which historically relied on expert-driven analysis of
learning curves to guide model selection and early-stopping

criteria (Klein, Falkner, Springenberg, & Hutter, 2017a; Domhan,

Springenberg, & Hutter, 2015). Its utility spans the entire
ML spectrum, from optimizing classical hyperparameter sets
(e.g., regularization terms and kernel bandwidths in SVMs
(Snoek, Larochelle, & Adams, 2012)) to modern AutoML
and Neural Architecture Search (NAS). For instance, frame-
works like NASBOT (Kandasamy, Neiswanger, Schneider,
Poczos, & Xing, 2018) demonstrate how BO can be adapted
to navigate complex, non-Euclidean search spaces, making
it a vital tool for developing high-fidelity, resource-efficient
PHM solutions.

The integration of AutoML and BO into PHM frameworks
directly addresses the dual imperatives of the “Sustainabil-
ity in/by PHM” track. By automating the discovery of high-
performance diagnostic models, these methodologies optimize
asset lifecycles and reduce industrial waste through precise
predictive maintenance—embodying Sustainability by PHM.
Simultaneously, by replacing traditional, brute-force search
methods with strategically efficient probabilistic frameworks,
this approach significantly lowers the carbon footprint and en-

ergy consumption of the Al development process itself, ful-
filling the criteria for Sustainability in PHM. This research
demonstrates how lean, data-driven architectures can serve
as a technical and environmental catalyst, aligning industrial
reliability with the broader Sustainable Development Goals
(SDGs) by balancing high-fidelity prognostic accuracy with
minimized computational demand.

This work introduces an optimized AutoML framework specif-
ically applied in PHM applications. By implementing a novel
performance estimation strategy based on Metric Learning,
this research leverages early learning curves to prune sub-
optimal trainings during the BO process. This approach ad-
dresses critical bottlenecks identified in existing literature (Solis-

Martin, Galan-Paez, & Borrego-Diaz, 2024; Solis-Martin, Galdn-

Péez, & Borrego-Diaz, 2025) through the following method-
ological advancements:

* Threshold-free Decision Making: Traditional early-stopping
methods rely on fixed performance thresholds to termi-
nate training. We introduce a decision tree classifier that
dynamically evaluates whether a candidate model trajec-
tory is likely to surpass the current best-in-class perfor-
mance, eliminating the need for arbitrary manual thresh-
olds.

* Flexible Temporal Observation: Unlike earlier estima-
tors constrained to fixed observation windows, our frame-
work is designed to process an arbitrary number of train-
ing epochs. This allows for adaptive early-stopping de-
cisions that respond to varying convergence rates typical
of complex industrial datasets.

e Metric Learning for Curve Extrapolation: We replace
conventional sequence models with prototypical networks
adapted for regression. This metric learning approach
treats historical learning curves as a support set, provid-
ing superior extrapolation capabilities and intrinsic un-
certainty estimates based on support set variation.

* Interpretable Rule-based Framework: The proposed ar-
chitecture synthesizes metric learning predictions with
validation metrics and temporal data through an inter-
pretable decision-making layer. This ensures that model-
selection logic remains transparent for safety-sensitive
PHM environments.

These contributions establish a sophisticated, resource-aware
framework for model discovery. By significantly reducing
the computational overhead of finding optimal diagnostics,
this work advances the goals of Sustainability in PHM while
maintaining the high-fidelity predictive accuracy required for
asset health monitoring.

The source code and datasets used in this work are publicly
available at https://github.com/dasolma/pndt.
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2. RELATED WORK

The evolution of early stopping mechanisms in AutoML re-
veals distinct methodological paradigms, each addressing spe-
cific aspects of computational efficiency while exhibiting par-
ticular limitations. This section presents a systematic compar-
ison between established approaches and the proposed frame-
work.

The foundational work of Baker et al. (Baker, Gupta, Raskar,
& Naik, 2018) established performance-based early stopping
through direct final performance prediction, requiring practi-
tioners to define appropriate threshold values for termination
decisions. This approach introduces the challenge of thresh-
old selection, which significantly impacts both computational
efficiency and solution quality.

The Hyperband algorithm (Li, Jamieson, DeSalvo, Rostamizadeh,

& Talwalkar, 2017) overcomes this limitation through resource-
based termination, removing the need for explicit thresholds
by adopting adaptive resource allocation. However, it does
not use curve estimators and instead relies solely on the cur-
rent performance of each training configuration. The BOHB
framework (Falkner, Klein, & Hutter, 2018) represented a
synthesis of Bayesian optimization principles with Hyper-
band resource allocation, yet continued to operate within fixed
temporal constraints and limited historical information uti-
lization.

Klein et al. (Klein, Falkner, Springenberg, & Hutter, 2017b)
advanced the field by introducing Bayesian uncertainty quan-
tification in learning curve prediction, providing probabilistic
estimates of model performance. However, their methodol-
ogy maintained reliance on predetermined observation win-
dows and did not systematically integrate uncertainty mea-
sures into the stopping criteria. Recent work by Egele et al.
(Egele, Mohr, Viering, & Balaprakash, 2024) demonstrated
the potential for extreme early stopping through single-epoch
evaluation. While computationally efficient, this approach
lacks the sophistication necessary for complex optimization
scenarios and provides no uncertainty quantification. Adri-
aensen et al. (Adriaensen, Rakotoarison, Miiller, & Hutter,
2024) further advanced the field through the development of
efficient Bayesian learning curve extrapolation using prior-
data fitted networks, emphasizing probabilistic modeling tech-
niques for improved prediction accuracy.

The analysis of existing methodologies reveals four funda-
mental limitations that constrain their effectiveness in com-
plex industrial optimization scenarios. Threshold dependency
remains a critical issue, as most approaches require manual
parameter tuning. Temporal inflexibility limits adaptability,
as predetermined observation windows may not align with the
natural learning dynamics of different architectures. Informa-
tion underutilization represents a significant inefficiency, as
valuable historical data from previous evaluations is typically

discarded. Finally, uncertainty neglect in decision-making
processes leads to suboptimal stopping decisions, particularly
where prediction confidence varies significantly.

The current work addresses these limitations through four
key innovations designed for the rigors of PHM. Automated
decision-making eliminates threshold dependency by employ-
ing decision tree classifiers that learn optimal stopping crite-
ria from training data. Flexible temporal processing enables
the framework to operate with arbitrary numbers of observed
epochs, adapting to the natural learning characteristics of dif-
ferent models rather than imposing fixed constraints.

Metric learning integration systematically incorporates his-

torical learning curves from previous evaluations of the Bayesian

Optimization process, enabling the framework to leverage ac-
cumulated knowledge throughout the optimization process.
This approach transforms each evaluation from an isolated
decision into a component of a comprehensive learning sys-
tem. Uncertainty-aware termination explicitly computes and
integrates prediction certainty measures into the stopping cri-
teria, providing more robust decision-making capabilities that
account for prediction confidence, ensuring the reliability re-
quired for prognostic systems.

3. DESCRIPTION OF THE PROPOSAL

Figure 1 summarizes the overall process of BO using the pro-
posed approach. The workflow begins when the BO algo-
rithm selects a candidate model configuration to be evaluated
(label A). At each training epoch, the system evaluates the
termination criteria to ensure computational efficiency and re-
source sustainability.

First, it checks if the standard convergence or maximum epoch
limits have been reached (label B). If these standard criteria
are not met, the proposed learning curve extrapolation policy
is triggered (label C). Within this policy, the Metric Learn-
ing module (label D) estimates the final performance of the
current model based on its partial training behavior, while si-
multaneously computing an uncertainty measure for this ex-
trapolation (label E).

These values, combined with the current validation accuracy
and the best BO performance observed so far, serve as input
features for the Decision Tree Classifier (Iabel F). This classi-
fier determines the final action: if a Stop is recommended, the
training is aborted, and the BO process generates a new candi-
date configuration (label A). Otherwise, the training proceeds
to the next epoch (label G). This mechanism ensures that in-
dustrial resources are not wasted on unpromising models, di-
rectly contributing to the Sustainability in PHM paradigm.

The following sections detail each key component of the pro-
posed framework, including the mathematical formulation of
the metric learning approach and the architectural details of
the decision-making classifier.
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Figure 1. Overview of the proposed BO framework with met-
ric learning-based early stopping for AutoML in PHM appli-
cations.

3.1. Metric Learning Curve Extrapolation

While existing literature in Prognostics and Health Manage-
ment (PHM) has explored sequence-based architectures such
as Long Short-Term Memory (LSTM) networks, Convolu-
tional Neural Networks (CNNs) (Solis-Martin et al., 2024;
Solis-Martin et al., 2025), and Transformers (Adriaensen et
al., 2024) as estimators for learning curves, the potential of
metric learning remains largely untapped. This work pro-
poses the use of a Prototypical Network (PN) (Snell, Swersky,
& Zemel, 2017) to address the challenges of learning curve
extrapolation in resource-constrained environments.

Originally designed for few-shot classification, PNs assign
query samples to the class whose prototype is closest within a
learned embedding space. A prototype is defined as the cen-
troid of feature embeddings for support examples belonging
to a specific class. Formally, for a class c, the prototype p, is
computed as:

pe= 3 fw) M)

where f(-) denotes the embedding function, typically a neu-
ral network encoder, and S, represents the set of support sam-
ples for class c. By mapping samples into a structured met-
ric space, PNs ensure that similar instances are clustered to-
gether, providing an efficient mechanism for pattern recogni-
tion.

In this work, the PN framework is adapted from its traditional
classification roots to solve a regression problem: estimating

the final performance of a predictive model. Unlike hyper-
spherical variants that embed targets as directions (Mettes,
Van der Pol, & Snoek, 2019), the proposed approach esti-
mates a continuous target value by aggregating support infor-
mation through a distance-based weighting mechanism in the
embedding space.

Given a set of support samples S = {x1,...,zx} with cor-
responding known performance targets Ys = {y1,...,yx}
and a set of query samples @ = {qi,...,qn} represent-
ing partial learning curves, embeddings are generated using
a shared encoder f(-):

eq = f(9),

The distance between each query embedding e,, and all sup-
port embeddings e, is calculated using a similarity metric:

€s = f(l'), vq S Q7 T €S. (2

dij = —dist(eq,,es,), Vie€[l,N],je[l,K]. (3)
These distances are normalized into a probability distribution
over the support set using a softmax function:

_ exp(dij)
Sy exp(dir,)

where w;; represents the weight of support point z; for query
q;- To refine the extrapolation and emphasize high-confidence
neighbors, a power-based accentuation hyperparameter vy is
applied to the weights:

“4)

wij

.
w,;

. — J

Ty = =R 5)

k=1 ik

The final prediction for each query is then derived as a weighted
sum of the support targets:

K
Ui = Z"Dij Yy (6)
=1

The encoder f(-) is trained by minimizing the Mean Squared
Error (MSE) between the weighted prediction 3; (Equation 6)
and the known final performance y; of each query curve:

1 N
L=< @i—w) )

i=1

This choice is consistent with the regression formulation of
the task and provides a differentiable objective that directly
minimizes prediction error over the support-query structure
of the PN.
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This mechanism enables the model to extrapolate final per-
formance metrics by leveraging a learned similarity structure.
The choice of PN for this task offers two distinct strategic ad-
vantages for PHM applications. First, the support set serves
as a dynamic reference system, allowing the framework to in-
corporate the most recent training history without retraining
the entire estimator. Second, by performing stochastic vari-
ations of the support set for a fixed query, the system can
generate a distribution of outcomes. This allows for the cal-
culation of an uncertainty measure, such as the standard devi-
ation across predictions, providing a critical reliability metric
for the subsequent decision-making layers.

For each training batch (episode), samples are selected dy-
namically with a specific truncation length ¢;.,, from a set of
valid operational horizons. To ensure that similarity is eval-
vated under identical observation windows, both the Query
Set () (comprising a batch size of M instances) and the Sup-
port Set S (comprising K reference instances, or shots) are
bounded by this same temporal constraint ¢;.,.

3.2. Decision Tree Logic for Adaptive Early Stopping

The determination of whether to persist with or terminate the
training of a model configuration is formulated as a super-
vised classification task. Rather than relying on rigid, man-
ually defined thresholds, this work proposes a Decision Tree
(DT) classifier to synthesize partial training trajectories into
an optimal termination policy. This approach ensures that the
decision-making process remains transparent and verifiable,
a core requirement for Prognostics and Health Management
(PHM) systems deployed in safety-critical industrial environ-
ments.

Each epoch of the training process is treated as a potential
decision point, where a specific feature vector is extracted to
represent the current state of a model training relative to the
global optimization goal.

For fault diagnosis tasks, the validation objective is the cat-
egorical cross-entropy loss, while for RUL estimation tasks
the Mean Squared Error (MSE) is employed. Although these

metrics operate on different absolute scales, the decision-making

framework remains agnostic to this heterogeneity by design.
Both the Expected Improvement (EI) and Validation Improve-
ment (VI) features are defined as relative ratios with respect
to the best performance observed within the current BO run
(Equations 8 and 9). This normalization ensures that all fea-
tures fed to the Decision Tree classifier are dimensionless and

scale-invariant, preserving comparability across task types with-

out requiring an explicit unified metric. Consequently, the
learned termination policy generalizes across both classifica-
tion and regression PHM scenarios without modification.

Central to this logic is the Expected Improvement (EI) metric,
which captures the predicted performance gain of the current

model, as estimated by the PN, relative to the best-performing
configuration found by the BO process thus far. It is defined
as:

_ predicted performance — best performance

EI ¥

best performance

To mitigate the impact of outliers and ensure numerical stabil-
ity, EI values are clipped to the interval [—1, 1]. Complement-
ing this is the Validation Improvement (VI) feature, which as-
sesses the actual, observed performance of the model at the
current epoch against the search benchmark:

validation performance — best performance

VI =
best performance

9

Consistent with the treatment of EI, VI values are clipped.
This provides the framework with a real-time assessment of
the model’s competitive standing within the broader AutoML
search space.

Furthermore, the Expected Improvement Uncertainty (EIU)
is incorporated to represent the confidence level of the ex-
trapolation of the PN.

In addition to the core improvement metrics, the proposed
framework incorporates dynamic signal features to better cap-
ture the transient behavior of the training process. These fea-
tures are designed to enhance the ability of the DT classifier
to distinguish between meaningful convergence and stochas-
tic noise.

The first auxiliary feature is the Validation Velocity (VV),
which measures the instantaneous rate of improvement by
calculating the difference in performance between the current
and the preceding training epoch:

VV, = validation performance, — validation performance,_,
(10)

By monitoring the velocity of the learning curve, the frame-
work can identify periods of stagnation or rapid gains that
may not be fully captured by static performance values. This
provides the decision logic with a temporal context, allow-
ing it to recognize when a improvement of the model has
plateaued.

The second feature addresses the challenge of validation noise
through an Exponential Moving Average (EMA) of the per-
formance signal. Industrial data and complex architectures
often produce erratic validation curves with significant fluc-
tuations. To mitigate this, a smoothed validation metric is
computed:
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EMA,; = « - validation performance, + (1 — ) - EMA;_4
(11)

where « is a smoothing factor derived from a predefined span
(e.g., span=3). This EMA feature allows the classifier to base
its termination decisions on a more stable representation of
the model’s progress, preventing premature stopping caused
by temporary performance dips or outliers.

To guarantee that the decision tree generalizes effectively across

different phases of the training lifecycle, the current epoch
is normalized relative to the maximum expected trajectory
length:

’ e

© T Bql

12)

Where e is the epoch number, BC' is the best curve found in
the current BO iteration, and |- | return the length of the curve.
This normalized temporal feature prevents the model from
developing biases toward fixed absolute time steps, enabling
scaling across experiments with varying resource budgets.

Furthermore, a critical contextual benchmark is introduced:
the Epoch-Specific Baseline (BC.). Rather than evaluating a
model strictly against the final, absolute performance of the
historical champion, this baseline measures the competitor’s
trajectory against the historical champion’s performance at
that exact same epoch. This ensures a fairer, time-aligned
comparison during the early and intermediate stages of train-
ing.

The binary target for training the DT classifier is generated
through a supervised assessment of this localized competi-
tiveness. A configuration is labeled to continue if its current
validation loss remains within a conservative 5% tolerance
threshold of the epoch-specific baseline:

. True if CC, <1.05-BC,
continue = . (13)
False otherwise

Where C'C. is the validation error in the current epoch e. This
localized target definition enables the framework to internal-
ize optimal stopping boundaries based on current efficiency
rather than retrospective hindsight. By effectively pruning
non-competitive models early in their lifecycle without de-
manding unrealistic immediate parity with the final bench-

mark, the system maximizes computational efficiency and aligns

with the sustainable Al practices prioritized in this conference
track.

3.3. Tree prunning by leaf merging

To improve the interpretability and robustness of the decision
tree used for early stopping, a post-processing step is applied
to simplify its structure. The procedure recursively merges
leaf nodes that predict the same class, effectively pruning un-
necessary branches while preserving decision consistency.

Given a trained decision tree, the simplification algorithm
performs a depth-first traversal starting from the root. At each
internal node, it checks whether both child nodes are leaves
and whether they predict the same class. If these conditions
are met, the internal node is converted into a leaf node by ag-
gregating the counts from its children and updating the num-
ber of samples accordingly.

To determine the predicted class at each leaf, a custom rule
is applied based on a user-defined negative class threshold
6 € [0,1]. Specifically, let pra1se denote the proportion
of samples at a node that belong to the negative class (i.e.,
False). The predicted class is assigned according to:

lf Pralse > 9;
otherwise.

False,

class(v) = (14)

True,

Validation improvement

Figure 2. Example of an original tree without prunning.

The recursive simplification terminates when no further merges
are possible. This process reduces model complexity, en-
hances interpretability, and stabilizes decisions near uncertain
regions of the feature space.

This rule allows the user to enforce more conservative or op-
timistic stopping behavior depending on the application con-
text. A higher value of 6 biases the tree towards recommend-
ing continuation unless there is strong evidence to stop. Fig-
ure 2 shows an example of a tree without prunning, while
Figures 3 and 4 display the reduced trees using § = 0.6 and
0 = 0.8, respectively. As can be seen, with § = 0.8 the be-
havior becomes more conservative, increasing the number of
decisions to continue training.
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Figure 3. Pruned tree obtained with § = 0.6

ICcnlmue “ Stop | I Stop ” Continue ” Continue |I Stop |

Figure 4. Pruned tree obtained with § = 0.8

4. EXPERIMENTAL SETUP

This section describes the experimental configuration used to
evaluate the proposed uncertainty estimation approach. The
evaluation is conducted using a large collection of training
curves in the PHM context and involves the configuration of a
neural network architecture along with the decision tree com-
ponent for stopping criteria.

4.1. Dataset

To demonstrate the proposed methodology, we utilized a com-
prehensive dataset consisting of 61,000 learning curves gen-
erated from 50 distinct datasets (with 62 total tasks). The
collection process was facilitated by the Python tool phmd
(Solis-Martin, Galan-Paez, & Borrego-Diaz, 2025), which ag-
gregates and standardizes open-source industrial data.

The repository encompasses the two primary problem archetypes

in PHM:

1. Fault Diagnosis (Classification): Tasks aimed at iden-
tifying specific failure modes (e.g., inner vs. outer race
bearing faults) from vibration or acoustic emission sig-
nals. Prominent examples included in our evaluation are
the Case Western Reserve University (CWRU) bearing
data and the IMS bearing dataset.

2.  Remaining Useful Life (RUL) Estimation (Regression):
Tasks focused on predicting the time-to-failure of a sys-
tem based on the history of sensor readings.

4.2. Experimental framework

The experimental methodology is designed to ensure the gen-
eralizability of the proposed framework across a wide range
of industrial scenarios. The evaluation utilizes a comprehen-
sive pool of 50 datasets, partitioned into distinct subsets to fa-
cilitate the staged training of the metric learning and decision-
making components.

PN Grid search

50 3-CV with 20
datasets et

6
\_/4'

Curve estimation
over 30 datasets

DT Grid search

Final DT

*_.Rm.(s

D Candidate DT

Simulation

Average
ggregation

lAv

— D
- -

Figure 5. Hierarchical experimental framework and data
partitioning strategy: The process initiates with a cross-
validation phase on 20 datasets to train the PN. Performance
estimations are then mean-aggregated across 30 datasets to
provide robust inputs for the decision-making layer. This
layer is developed through a three-stage pipeline consisting
of Candidate DT training, BO simulation, and terminal eval-
uation on independent test sets to ensure the generalizability
of the early-stopping policy.

The process begins with the development of the PN for learn-
ing curve estimation. This module is trained and validated
using a 20-dataset subset, specifically partitioned into 14 for
training and 6 for internal cross-validation. Once the curve
estimator is optimized, it is deployed to generate performance
estimations for the remaining 30 datasets. To ensure robust-
ness, the estimations from the three networks trained during
the cross-validation phase are mean-aggregated, producing
the final performance predictions for the 30-dataset pool.

These estimations, alongside the historical learning curve data,
are then utilized to generate the training data for the hierarchi-
cal decision-making layer. This phase involves a three-way
split of the 30 datasets into groups of 10 datasets each:

* Candidate DT Training: The first 10 datasets are used
to identify the optimal DT classifier. This model learns
to map the PN performance estimates and auxiliary fea-
tures, such as validation velocity and EMA, into a pre-
liminary stopping policy.

e BO Simulation: The next 10 datasets serve as the envi-
ronment for a BO simulation. During this stage, the Can-
didate DT is integrated into the AutoML loop to refine
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the search process and evaluate the efficiency of early
termination in real-time.

¢ Final DT and Results: The final 10 datasets are reserved
for the terminal evaluation. A Final DT is consolidated

using the insights from the BO simulation and tested against

these unseen datasets to produce the final performance
results.

By employing this stratified experimental setup, the frame-
work is subjected to a rigorous validation process. This en-
sures that the early-stopping rules are not overfitted to specific
architectures or datasets, but instead represent a generalized
solution for resource-efficient model discovery in the PHM
domain. This multi-stage validation reinforces the technical
reliability and economic viability of the proposed approach,
directly aligning with the sustainability objectives of the con-
ference.

4.3. Parameterized WDCNN Encoder

The encoder architecture employed in this study is based on
the Wide Deep Convolutional Neural Network (WDCNN)
(Zhang, Peng, Li, Chen, & Zhang, 2017), a recognized bench-
mark in PHM for its ability to extract features from noisy
signals. As illustrated in Figure 6, the network follows a hi-
erarchical structure defined by the kernel size (K), stride (S),
number of filters (F), and activation function (A).

— BS

—_—
Xy [I on" —}8 } Embeding dim

— Input

BS
= *
F = 2*16 F K2: 216 00000 Dense layer
K=3 S =1 ——= 1D Convolutional layer
F=16 AE R=e2LU A= RelLU Batch Normalization
g - (152 ~ — Block of layers
A= RelU NB 1D Maxpooling (x2)

Figure 6. Parameterized WDCNN encoder architecture. The
configuration is defined by the base number of filters (16), the
number of convolutional blocks (NB), and the internal block
size (BS), allowing the optimization framework to adapt the
network depth and capacity for specific PHM tasks.

The defining feature of this architecture is the initial layer,
which utilizes a wide kernel and a larger stride to capture
high-frequency noise and long-term dependencies. Subse-
quent layers transition to smaller kernels (K=3) and a stride of
S=1 to perform deeper feature extraction. To facilitate auto-
mated optimization via the proposed framework, the follow-
ing structural hyperparameters are made configurable:

e Number of Blocks (NB): Determines the depth of the
network, defining the hierarchy of feature learning.

* Block Size (BS): Defines the number of convolutional
operations within each individual block.

* Embedding Dim (ED): Defines the size of the latent vec-
tor generated by the encoder.

These hyperparameters are explored during the experimen-
tation phase, as shown in Figure 5, using a grid search. This
parameterization allows for a systematic exploration of the ar-
chitectural design space, balancing computational efficiency
with representational capacity. Table 1 outlines the complete
parameter ranges used to configure the WDCNN encoder ar-
chitecture.

Parameter Values
Embedding Dim (ED) {8, 16}
Block Size (BS) {1,2, 3}

Number of Blocks (NB)

{1.2}

Table 1. Parameter ranges for the WDCNN encoder architec-
ture configuration.

4.4. Decision Tree Training and Cost-Aware Optimiza-
tion

The DT component undergoes a systematic grid search to op-
timize the architectural parameters that govern model com-
plexity and class balance. This optimization focuses on two
primary hyperparameters: the maximum tree depth, which
prevents overfitting by controlling the hierarchy of the rules,
and the positive class weight, which balances the importance
assigned to Continuation decisions versus Stop decisions.

A specialized weighted accuracy metric is employed as the
objective function to reflect the asymmetric risks inherent in
PHM. The scoring function is defined as a linear combination
of class-specific accuracies:

2 3
score = = - Accuracyg,, + £ Accuracycopine  (19)

The asymmetric weighting in Equation 15 reflects the inher-
ent cost asymmetry of the early-stopping decision in indus-
trial PHM. A false stop (terminating a promising configura-
tion) irreversibly removes a candidate from the search space,
whereas a false continue (retaining a suboptimal configura-
tion) incurs only a bounded computational overhead before
the next evaluation epoch. Formally, if c¢s and ¢, denote the
costs of misclassifying a Stop and a Continue decision respec-
tively, the weight ratio w./ws; = 3/2 implies that missing a
top-tier configuration is considered 1.5 times more costly than
unnecessary computation.

The parameter search space encompasses tree depths ranging
from 2 to 9, providing a balance between model interpretabil-
ity and expressiveness. The positive class weights are ex-
plored within the range of 10 to 90, while the negative class
weight remains fixed at unity. This range allows for a sys-
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tematic investigation of class imbalance mitigation strategies,
ensuring the policy remains robust even when stopping op-
portunities are frequent.

For each parameter combination, a Decision Tree is trained
and a BO simulation is executed, as described in Section 4.
This simulation-based validation ensures that the selected hy-
perparameters prioritize long-term search efficiency and diag-
nostic accuracy over simple classification metrics. The final
model is selected based on its cross-validated performance,
ensuring a termination policy that generalizes across diverse
industrial datasets.

4.5. Strategy Simulation and Performance Metrics

To validate the practical utility of the proposed decision-making

framework, a strategy simulation is conducted. This process
replays historical BO traces to evaluate how the learned de-
cision tree policy would have performed if deployed during
the original search. The simulation logic, as implemented in
the experimental pipeline, focuses on three primary dimen-
sions: temporal efficiency, resource conservation, and model
fidelity.

The simulation iterates through unseen experimental units,
evaluating the termination criteria at every epoch of the train-
ing process. A key feature of this simulation is the imple-
mentation of a robustness mechanism known as a patience
counter. To prevent premature termination due to transient
fluctuations in the learning curve, the system requires three
consecutive Stop signals from the classifier before officially
aborting the training process. Once this threshold is met, the
remaining epochs for that specific model configuration are
marked as avoided, and the BO process immediately moves
to the next candidate.

The impact of the strategy is measured through the following
metrics:

* Epochs Avoided: The total number of training iterations
eliminated by the early-stopping policy. This is calcu-
lated as the difference between the full training duration
(Ureqr) and the actual epochs run before pruning (£, ).

* Avoided Training Time: A temporal projection of energy
savings, estimated by scaling the original training time
by the ratio of avoided epochs:

o Ttotal
Tavoided - §
U’r‘eal

* Performance Score: A ratio comparing the final valida-
tion loss of the best model found using the pruning strat-
egy against the global optimum found by the original ex-
haustive search.

X (Ureal - Erun)) (16)

» Selection Rank: This metric evaluates the quality of the
final model choice by identifying its ordinal rank among

all evaluated candidates within a specific experiment. A
rank of zero indicates that the strategy successfully iden-
tified the absolute best model, while higher values quan-
tify the distance from the global optimum in the architec-
tural search space.

A composite score is finally computed to provide a holistic
view of the effectiveness of the framework, balancing the per-
formance score and the time-saving score with equal weight-
ing. This evaluation ensures that the proposed framework not
only accelerates the discovery of PHM models but also pre-
serves the high-fidelity prognostic capabilities required for in-
dustrial health monitoring, directly contributing to the techni-
cal and environmental sustainability of the system.

5. RESULTS AND DISCUSSION

The experimental evaluation of the proposed metric learning-
based early stopping framework reveals a substantial reduc-
tion in computational overhead while preserving high diag-
nostic fidelity. Table 2 summarizes the performance metrics
for the top-performing PN+DT configurations identified dur-
ing the hierarchical validation process.

Table 2. Top-5 performance metrics for representative exper-
imental units within the test subset.

Validation Score  Test Mean Rank  Saved Test Time (%)

0.7580 0.9458 57%
0.7575 1.0688 57%
0.7571 1.0846 57%
0.7569 0.9328 57%
0.7568 0.9418 57%

A core finding of this study is the high efficiency of the termi-
nation policy. In the most balanced configuration, the frame-
work achieved a test mean rank near to 1.0. This indicates that
the selected model architecture was consistently the top-tier
or near-optimal candidate compared to the global optimum
identified by exhaustive search. Crucially, this high-fidelity
selection was achieved while avoiding between a 57% of the
total training time.

To provide a concrete quantification of the sustainability claims,
an energy consumption estimate is derived based on the ex-
perimental hardware and the epoch budget of the search pro-
cess. All experiments were conducted on a single NVIDIA
GTX 1080 Ti GPU, with a Thermal Design Power (TDP)
of 250 W. Each Bayesian Optimization experiment evaluates
up to 100 candidate configurations over a maximum of 100
epochs each, yielding a total budget of 10,000 epochs per ex-
periment. Assuming a conservative epoch duration of 30s,
the baseline energy consumption per experiment is approxi-
mately 20.8 Wh.

The overhead introduced by the Prototypical Network train-
ing phase amounts to 60 epochs (3 cross-validation folds X
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20 training epochs), representing only 0.6% of the total epoch
budget, and is fully amortized within a single BO run. Ac-
counting for this overhead, the proposed early-stopping frame-
work reduces energy consumption to approximately 9.1 Wh
per experiment at the observed 57% time savings, yielding
a net saving of 11.7 Wh per experiment. Across the 10 test
datasets, the estimated total energy saving amounts to approx-
imately 117 Wh. This figure represents a reduction of 56%
in GPU energy consumption relative to an exhaustive search
baseline, directly quantifying the environmental benefit of the
proposed framework in industrial AutoML scenarios.

It should be noted that these estimates are derived from the
nominal TDP value and a fixed epoch duration, and therefore
represent a conservative upper bound on actual energy con-
sumption. Real-world values may differ depending on GPU
utilization rate and dataset characteristics. Exact measure-
ments could be obtained using energy-monitoring tools such
as CodeCarbon or nvidia-smi in future deployments.

The correlation analysis between the validation simulation
score and the mean selection rank provides further evidence
of the framework stability. A negative correlation of approxi-
mately -0.12 indicates that higher validation simulation scores
generally correspond to lower, and therefore superior, ordi-
nal ranks on test. This relationship confirms that the de-
cision making policy does not achieve computational sav-
ings at the expense of model quality. Instead, the frame-
work consistently directs the search toward the most promis-
ing architectural candidates, ensuring that even with aggres-
sive early stopping, the final selected models remain at the
top of the performance hierarchy. This consistency across
diverse datasets demonstrates that the DT captures the un-
derlying patterns of successful learning curves, allowing for
a reliable reduction in search time without losing the global
optimum.

tegrated configuration (BO + PN + DT') minimizes the test
selection rank to an optimal 0.999 + 0.128 while still main-
taining a substantial time reduction of 56.9%. This confirms
that incorporating prototypical networks for learning curve
extrapolation effectively preserves diagnostic fidelity without
sacrificing computational efficiency.

Table 3. Performance comparison of different early-stopping
strategies across evaluation settings.

Rtest Tavoided
BO 0.000(=0.000)  0.000(=0.000)
BOHB 1.196(x0.072)  0.731(£0.003)
HB 1.185(£0.039)  0.638(+£0.017)
BO+DT 1.081(x0.147) 0.569(£0.023)
BO+PN+DT  0.999(x0.128)  0.569(=0.022)

Table 4 displays the grid search optimization for the struc-
tural hyperparameters of the WDCNN encoder across differ-
ent embedding dimensions (Eg;,, ), numbers of convolutional
blocks (N B), and internal block sizes (BS). The empirical
results indicate that deeper configurations (N B = 2) oper-
ating with a compact embedding space (E4;,, = 8) achieve
significant stability in training, minimizing Ry, 4y to 0.127 £
0.995 under a block size of BS = 3. For generalization on
the test set, both the (Fg;,, = 8, NB = 2,BS = 3) and
(Egim = 16, NB = 1,BS = 2) setups deliver the lowest
selection rank (R;.s: = 0.942), showing an optimal balance
between feature capacity and noise robustness in industrial
environments.

Table 4. Grid search evaluation of the parameterized WD-
CNN encoder structural hyperparameters on training and test-
ing selection ranks.

Table 3 benchmarks the proposed framework against two es-
tablished resource-based early-stopping strategies: Hyperband
(HB) (Li et al., 2017) and BOHB (Falkner et al., 2018). To
evaluate the performance of BOHB, we implemented a Tab-
ular Benchmark Simulator. When the Bayesian optimizer
(TPE) explores the continuous space, its suggestions are mapped
to the nearest evaluated experiment using a Euclidean dis-
tance metric. We opted for this tabular approach instead of
a surrogate model (Surrogate Benchmark) to guarantee the
empirical fidelity of the learning curves and preserve the true
stochastic behavior of the training runs, thereby avoiding the

Rtrain Rtest
FEiim | NB | BS
1 I 0.630(£0.993) 0.946(x0.189)
2 0.718(+0.966) 0.958(0.178)
8 3 0.707(£0.976)  1.085(+£0.149)
T 0.157(x0.989) 0.931(20.163)
2 2 0.152(£0.982) 1.069(£0.143)
3 0.127(£0.995) 0.942(+0.193)
I 0.148(+0.983) 0.947(x0.124)
16 1 2 0.144(+0.985) 0.953(x0.127)
3 0.130(£0.993) 1.103(x£0.113)
T 0.721(x0.932) T.073(20.144)
2 2 0.632(£0.857) 0.977(x£0.181)
3 0.573(x0.992) 1.128(+0.161)

prediction biases typically introduced by regression models.

The comparative analysis presented in Table 3 evaluates the
trade-off between the selection rank and the avoided train-
ing time across various resource-allocation strategies. While
BOHB yields the highest training time reduction at 73.1%,
it introduces a performance penalty, resulting in a higher test
selection rank of 1.196 4 0.072. In contrast, the proposed in-

The relative importance of the features utilized by the early-
stopping decision tree is detailed in Table 5. The empirical
metrics heavily dominate the splitting criteria, where the Ex-
ponential Moving Average (E M A) leads, followed closely
by the epoch-specific baseline (BC.). Together, these two
features account for over 92% of the total model decision
weight. While predictive uncertainty (PU) and expected im-
provement (£ 1) exhibit low average importance scores within

10
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individual trees, reflecting that many optimized trees do not
select them as primary splitting criteria, this does not imply
that these features are dispensable at the system level.

Table 5. Feature importance scores derived from the opti-
mized Decision Tree classifier for early-stopping decisions.

Feature Importance

ENMA 0.5056(+0.0589)
BC. 0.4222(+0.0667)
Vv 0.0479(+0.0088)
e 0.0119(x0.0057)
VI 0.0111(+0.0087)
PU 0.0011(x0.0013)
Bl 0.0002(+£0.0004)

As the ablation study in Table 6 shows, their inclusion dur-
ing training consistently improves the test selection rank, spe-
cially when both are available. This discrepancy suggests that
PU and ET contribute selectively in boundary cases where
empirical trend metrics alone are insufficient for a confident
termination decision, a benefit that is not captured by aver-
age feature importance scores but is reflected in the overall
generalization performance.

Table 6. Ablation study evaluating the impact of Prototypical
Network metrics on test selection rank and avoided training
time.

Rtest Tavoided
W/PN  1.491(x0.072) 0.593(%0.002)
EI 1.474(£0.048)  0.589(x0.010)
PU 1.022(+0.133)  0.570(x0.021)
EI+PU  0.907(x0.147) 0.565(x0.022)

To further characterize the behaviour of the proposed frame-
work, Table 7 disaggregates the Mean Selection Rank by task
type and network architecture. Regarding task type, fault de-
tection datasets yield a lower mean rank (0.894) than RUL
datasets (1.132), suggesting that the early-stopping policy gen-
eralises more reliably on classification-oriented curves, whose
convergence patterns are typically more regular and easier to
extrapolate. The higher rank observed for RUL tasks may re-
flect the greater variability in degradation trajectories across
different machinery and operating conditions, which poses a
harder extrapolation problem for the Prototypical Network.

The breakdown by architecture reveals a more pronounced
dispersion. Recurrent networks (RNN) achieve the lowest
mean rank (0.354), followed by MSCNN (0.759) and FCN
(1.195). Transformer-based architectures present the highest
mean rank (1.578), which may be attributed to their slower
and less monotonic convergence dynamics during the early
training epochs, making early termination decisions less re-
liable. These differences suggest that the convergence be-
haviour of each architecture influences the difficulty of the
early-stopping problem, and future work could explore ter-

mination based on architecture policies to further improve se-
lection fidelity.

Table 7. Mean Selection Rank (R;.s;) disaggregated by task
type and network architecture for the proposed BO+PN+DT
framework.

. Rtest

Task Fault Detection  0.894
RUL 1.132

RNN 0.354

. MSCNN 0.759
Architecture ECN 1.195
Transformer 1.578

6. CONCLUSIONS

This work presented a Green Al framework for resource-efficient
Neural Architecture Search in Prognostics and Health Man-
agement, addressing the critical sustainability bottleneck in-
troduced by the exhaustive evaluation of candidate config-
urations in AutoML pipelines. The proposed approach in-
tegrates three synergistic components: a Prototypical Net-
work adapted for regression-based learning curve extrapola-
tion, a dynamically updated Decision Tree classifier for adap-
tive early stopping, and a leaf-merging pruning strategy that
preserves interpretability in safety-critical environments.

The experimental evaluation over 61,000 learning curves span-
ning 50 diverse PHM datasets validated the effectiveness of
the framework across both fault diagnosis and remaining use-
ful life estimation tasks. The integrated BO+PN+DT config-
uration achieved a mean test selection rank of 0.999 + 0.128,
demonstrating near-optimal model recovery while avoiding
56.9% of total training time. This result represents a SOTA
result over resource-based baselines: while BOHB achieved
a higher time reduction (73.1%), it did so at the cost of a de-
graded selection rank (1.196 + 0.072), confirming that the
proposed framework does not sacrifice diagnostic fidelity in
exchange for computational savings.

The ablation study revealed that incorporating the uncertainty
and and expected improvement metrics generated by the Pro-
totypical Network, consistently improves generalization per-
formance. Although these features exhibit low average im-
portance within individual trees, their contribution at the sys-
tem level is evidenced by the reduction in mean selection rank
from 1.022 (PN without ET) to 0.907 (PN with both metrics).

The feature importance analysis further highlighted that the
Exponential Moving Average (E'M A) and the epoch-specific
baseline (BC.) collectively account for over 92% of the de-
cision weight, confirming that robust, noise-resilient repre-
sentations of the training trajectory are essential for reliable
early stopping. The analysis by task type and architecture in-
dicated that fault detection tasks and recurrent architectures
benefit most from the proposed policy, while Transformer-

11
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based models—characterized by slower and less monotonic
convergence—present a harder extrapolation problem, sug-
gesting a direction for future work.

From an energy perspective, the framework reduces GPU en-
ergy consumption by an estimated 56% relative to an exhaus-
tive search baseline, yielding a net saving of approximately
117 Wh across the ten test datasets. These figures, derived
under conservative assumptions with a single NVIDIA GTX
1080 Ti, demonstrate that high-performance industrial intelli-
gence can be achieved without the prohibitive environmental
costs typically associated with large-scale architecture opti-
mization, directly fulfilling the dual objectives of Sustainabil-
ity in PHM and Sustainability by PHM.

Future work will explore architecture-aware termination poli-
cies tailored to the distinct convergence dynamics of each
model family, as well as the integration of energy-monitoring
tools such as CodeCarbon for precise, hardware-level sus-
tainability accounting. A particularly promising direction con-
cerns the improvement of the Prototypical Network’s predic-
tive accuracy: since the ablation study demonstrated that its
uncertainty metrics contribute meaningfully to selection fi-
delity, enhancing the extrapolation quality of the PN would
naturally increase the influence of PU and EI as splitting
features within the decision tree. Complementarily, the cost-
sensitive optimization of the DT could be extended to ex-
plicitly reward tree configurations that actively exploit PN-
derived features, for instance by incorporating a regulariza-
tion term that penalizes solutions in which these features are
absent from the splitting criteria. Extensions to multi-fidelity
search spaces and online adaptation of the prototypical sup-
port set represent further promising directions for advancing
lean, reliable AutoML in industrial prognostic systems.
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