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Abstract

Federated learning (FL) supports collaborative predictive maintenance (PdM),
but compactness alone does not establish reliable failure detection or consis-
tent explanations. We evaluate FusionNet Lite, a 1,420-parameter feature-axis
classifier, against four lightweight baselines under centralized training and Fed-
erated Averaging (FedAvg). Ten matched core seeds and validation-selected
checkpoints are used with stratified AI41 2020 partitions and a fixed-row chrono-
logical MetroPT3 holdout. Separate studies extend the three-client core to ten
clients and examine architectural, optimization and participation sensitivities.
On MetroPT3, FedAvg FusionNet Lite achieves area under the receiver oper-
ating characteristic curve (AUROC) 0.9351 4+ 0.0462 and area under the
precision—recall curve (AUPRC) 0.2197+0.1971, expressed as mean and sample
standard deviation. Switching from original-grid validation-F; to expanded-
grid validation-Fg selection changes mean test Fg from 0.0423 £ 0.0995 to
0.1566 £ 0.2044, retaining substantial variability. FusionNet Lite has the small-
est parameter count and lowest fixed-batch parameter—latency index among the
five core architectures, while predictive rankings depend on dataset and config-
uration. Paired, class-specific Integrated Gradients (IG) comparisons across all
five models show variable central-federated agreement. These findings support



a conditional performance—complexity trade-off within a controlled bench-
mark. Forecasting lead time, physical energy savings and industrial deployment
readiness remain unestablished; future work requires independent equipment,
alternative aggregation and device-level validation.

Keywords: Federated Learning, Predictive Maintenance, Lightweight Deep Learning,
Non-IID Data, Temporal Generalization, Integrated Gradients

1 Introduction

Predictive maintenance (PdM) uses operational data to support equipment monitor-
ing and failure detection, but industrial measurements are often distributed across
machines and organizations. Federated learning (FL) enables collaborative training
while retaining raw observations locally, making it relevant to manufacturing and
maintenance applications [1, 2]. Current approaches pursue communication-efficient
learning [3], resource-conscious edge designs [4, 5] and physical-device evaluation [6].
Nevertheless, non-independent and non-identically distributed (non-IID) client data
complicate optimization [7, 8], while temporal dependence and rare failures affect
evaluation. Explainability studies in PdM and federated monitoring add another
requirement: predictions should also be examined through feature attributions [9, 10].
The practical question is therefore whether a compact model can retain useful detec-
tion, measured computational efficiency and explanatory agreement under explicitly
defined data and training conditions.

FusionNet Lite combines separable convolution, ConvMixer-style feature mix-
ing, residual connections and squeeze-and-excitation (SE) channel reweighting in a
1,420-parameter classifier operating on individual observations [11, 12]. We compare
it with convolutional neural network (CNN), bidirectional long short-term memory
(BiLSTM), multilayer perceptron (MLP) and CNN-long short-term memory (CNN-
LSTM) baselines under centralized training and Federated Averaging (FedAvg),
using ten matched core seeds and comparable validation-based checkpoint selection.
AT4T 2020 uses stratified partitions, whereas MetroPT3 uses a fixed-row chronologi-
cal 55/20/25 split. Paired, class-specific Integrated Gradients (IG) comparisons assess
central-federated attribution agreement across all five architectures.

The study examines whether compact parameterization can retain useful detection
and explanation agreement under federation. Its contributions combine architectural
design with controlled empirical evaluation:

® A compact 1,420-parameter architecture using established convolution, feature-
mixing, residual and SE operations, assessed through component ablations and a
standard-convolution comparison.

® Matched ten-seed core comparisons across five architectures and two datasets, with
validation-selected checkpoints and separate analyses of decision thresholds and
imbalance-sensitive losses.

® Sensitivity analyses of feature order, learning rate, label allocation, client count and
participation under declared experimental conditions.



® (lass-specific, paired IG comparisons across all five architectures, with resource
measurements that distinguish explanatory agreement, detection quality, and
computational cost.

Section 2 contrasts these contributions with related studies and identifies the eval-
uation gaps. Section 3 then defines the data partitions, model implementations and
validation-only selection rules used to examine them.

2 Literature Review

Existing FL research addresses complementary parts of this evaluation problem. Sur-
veys examine decentralized topologies and statistical heterogeneity [13, 14], while
communication-efficient learning and physical-device studies address model exchange
and resource constraints [3, 6]. With full-model updates at fixed numerical precision,
fewer parameters reduce the nominal payload per exchange; actual communication cost
also depends on protocol overhead and participation. Client partitioning introduces
a separate distinction. FedLabSync uses label synchronization and feed-forward net-
works for hybrid sample and feature partitions in Bosch product inspection and aircraft
remaining useful life (RUL) estimation using Commercial Modular Aero-Propulsion
System Simulation (C-MAPSS) data [15]. That setting differs from the shared-feature,
label-Dirichlet FedAvg comparison here. These studies support examining realized
client distributions and measured resource use, without assuming that architectural
compactness resolves every form of heterogeneity.

Representation and evaluation further limit comparisons between studies. Davari et
al. investigated sparse-autoencoder alarms for a train air production unit (APU) [16];
Veloso et al. described a separate 2022 MetroPT recording and interval-based failure
evaluation [17]. That recording does not establish the annotation provenance of the
2020 MetroPT-3 input used here [18]. The published FusionNet framework combines
CNN, BiLSTM and MLP branches over sensor windows, with random splitting of over-
lapping MetroPT3 windows [19]. Its results are consequently not directly comparable
with the present single-observation chronological evaluation and simulated federation.
The early FusionNet Lite preprint documents an earlier version of this same study [20].
Related explainability work in PdM and federated intrusion detection provides context
for attribution analysis [9, 10, 21]; here, we ask whether class-paired attribution agree-
ment accompanies useful detection across matched architectures. Table 1 summarizes
these differences in data, models, federation and evaluation.

These distinctions lead to the shared preprocessing, validation-based selection and
matched model comparisons specified in Sect. 3.



Table 1 Scope of related studies and the

present evaluation.

Study

Data and model

Federation and partitioning

Evaluation focus

Davari et al.

(16]

Veloso
(17]
FedLabSync
(15]

Wong et al. [6]

FusionNet [19]

Present study

et al.

Train APU sensors;
sparse and variational
autoencoders.

MetroPT 2022 compres-
sor recording; dataset
description.

and
feed-

Bosch  inspection
C-MAPSS RUL;
forward networks.

Learning testbed on phys-
ical edge devices.

MetroPT3, AI4l and C-
MAPSS; CNN-BiLSTM-
MLP sequence fusion.

AT4I and MetroPT3; com-
pact feature-axis classifier
and four baselines.

Reconstruction-based
anomaly detection rather
than a federated-client com-

parison.

Dataset  description and
maintenance-interval
definitions; no shared

centralized—-FedAvg bench-
mark.

Hybrid sample/feature
partitions; label synchro-
nization and  prediction
exchange.

Federated training with

device and data heterogene-
ity.

Sequence-model evaluation
with randomly split overlap-
ping MetroPT3 windows.
Centralized and syn-
chronous FedAvg;
three-client core, ten-client
and participation sensitivi-
ties.

Filtered sensor alarms; dif-
fers from supervised row-
level classification.

Interval-based failure detec-
tion and warning require-
ments; distinct from the
2020 input used here.

Classification and RUL
across partition settings;
differs from shared-feature
FedAvg.

Learning, computation and
communication costs; com-
plements simulated-client
evaluations.

Predictive sequence mod-
elling; differs in representa-
tion and temporal partition-

ing.
Ten-seed  core, matched
checkpoints, validation-

selected thresholds, resource
measurements and class-
paired IG.

Note: The table compares study scope; differing protocols preclude a direct numerical
ranking.

3 Methodology

The experimental framework compares FusionNet Lite with four reference archi-
tectures under centralized training and simulated-client FedAvg. Following dataset-
specific preprocessing, the core comparisons use ten matched fresh seeds, with the same
validation-based checkpoint criterion applied in both optimization modes. Separate
controlled studies examine architectural components, feature ordering, client alloca-
tion, loss function, learning rate, and partial participation. The evaluation connects
predictive discrimination and operating-point performance with measured inference
latency and paired central-federated attribution diagnostics. Fig. 1 summarizes these
stages; we retain the archived five-seed campaign as reference evidence and do not
pool it with the new experiments.

3.1 FusionNet Lite architecture

FusionNet Lite is a compact classifier that processes one preprocessed observation at
a time. The input has shape (F, 1), with the sequence axis indexing retained features,
not successive timestamps. Convolution mixes adjacent features in a specified order.
Chronological train—test evaluation assesses performance on later observations but
does not make the model a temporal forecaster. Both optimization modes use the
same full-model builder.

The feature extractor applies two SeparableConv1D layers with 16 filters and kernel
size three. Each convolution includes a ReLLU activation and is followed by Layer



Experimental workflow

[ 1. Data sources ] I 2. Preprocessing ] [ 3. Multi-seed ] [ 4. Heterogeneity

A1 2020 Train-only preprocessing
One-hot encoding and standardization Core:K=3,=0.5;40/30/30%
dataset Stratified train / validation / test Core: 10 seeds (5-14) Separate controls: K/: 3 //10
Diagnostics: 5 seeds (5-9) @=0.1/0.5/ 10; equal-target sizes
Fixed-row chronological split Sensitivities: 3 seeds (5-7) Part‘icipat‘\'on and dropout studies
dataset Timestamp used only for ordering
559% / 20% / 25% train / validation / test

Same training rows: pooled centrally, partitioned for FedAvg

I 5. Central training (all models) ] I 6. FedAvg training (all models)
¥

CNN - BILSTM - MLP - CNN~-LSTM - FusionNet Lite Same five models - sample-size-weighted FedAvg
Up to 80 epochs - early stopping 20 rounds - 3 local epochs per round
Best checkpoint: exact validation AUROC Best checkpoint: exact validation AUROC
1 v
t

|
7. Predictive and resource evaluation ] I 8. Paired explanations (all models) ]

Central + FedAvg: AUROC, AUPRC, F, precision, recal paired Integrated Gradients: central + FedAvg, all five models
Validation-only thresholds; 0.50 diagnostic Same samples by class - up to 128/class - 48 steps
Parameters  fixed-batch latency (EEI) Rank, sign and top-3 agreement; magnitude checks
\
Across-seed mean + sample SD package Reproducibility package
Paired tests with Holm correction code and four y CSVs.

Matched seed sets within each study Artifact consistency and full-run instructions

Fig. 1 Overall methodological workflow of the revised study.

Normalization. Before residual addition, a linear 1x1 Conv1D projects the one-channel
input to 16 channels. The resulting representation enters a ConvMixer-style block
with a ReLLU-activated depthwise convolution, Layer Normalization, a ReLLU-activated
pointwise convolution, and a second Layer Normalization. A second residual addition
precedes SE channel reweighting and the compact classification head shown in Fig. 2.

The feature-mixing and channel-reweighting components adapt established Con-
vMixer and SE ideas [11, 12]; the contribution lies in their compact composition and
controlled evaluation, not in a new primitive operator.

Channel refinement uses a squeeze-and-excitation (SE) mechanism. Global aver-
age pooling compresses the mixed representation into a channel descriptor, which
Dense(8, ReLU) and Dense(16, sigmoid) transformations process. The resulting coef-
ficients reweight the feature channels before classification. The final prediction head
applies global average pooling, Dropout(0.1), Dense(16, ReLU), and a single sigmoid
output unit for binary failure prediction.

The evaluated FusionNet Lite configuration contains 1,420 trainable parameters.
Its compactness is particularly relevant to Fed Avg because clients and the aggregation
server repeatedly exchange full model weights. The architectural objective is there-
fore not to assume predictive superiority from parameter reduction, but to determine
whether a substantially smaller model can provide a useful predictive-performance
and efficiency trade-off when assessed under the same protocol as larger lightweight
baselines.

Algorithm 1 summarises the principal architectural operations. The pseudocode
provides a framework-independent representation of the forward path, while the
executable implementation is included in the reproducibility package.



FusionNet Lite architecture

Feature extraction

N (T s ) (i )| ([ ot )

SeparableConviD
16 filters - k =3 - ReLU
then LayerNorm

[ ConvMixer module ] I SE attention I I Classifier head ]

Global average
pooling

DepthwiseConv1D Global average
— k=3-RelU pooling

° onviD

16 filters - k =3 - ReLU
then LayerNorm

Standardized
one observation
F features x 1

then LayerNorm
Dense(8, RelLU)

Pointwise ConviD
16 filters - k=1 - RelU

Dense(16, ReLU) Output
failure

[ Dense(1, sigmoid) }[

then LayerN
en Layerform Dense(16, sigmoid)

near Convio Residual ) ( Residual | ( Channel |
Input projection addition ] \ addition 1 reweighting (x)
L / \ RN /N /
1,420 trainable parameters Feature-axis mixing without recurrent layers
Compact model-weight exchange under FedAvg Performance and resource trade-off evaluated empirically

Fig. 2 FusionNet Lite architecture.

Table 2 Layer-wise configuration of FusionNet Lite.

Stage

Configuration

Feature extraction 1
Feature extraction 2
Residual pathway
ConvMixer module
SE attention

Classification head

Trainable parameters

SeparableConv1D (16 filters, k=3, ReLU), then LayerNorm
SeparableConv1D (16 filters, k=3, ReLU), then LayerNorm

Linear Conv1D (16 filters, k=1, same padding) projects the input before
addition to the second feature-extraction output

DepthwiseConvlD (k=3, ReLU), then LayerNorm; pointwise ConvlD
(16 filters, k=1, ReLU), then LayerNorm; residual addition
GlobalAveragePoolinglD — Dense(8, ReLU) — Dense(16, Sigmoid);
channel-wise scaling

GlobalAveragePoolinglD — Dropout(0.1) — Dense(16, ReLU) —
Dense(1, Sigmoid)

1,420




Algorithm 1 FusionNet Lite forward computation

Require: Standardised input tensor x of shape (F, 1)

[ R

. Feature extraction
: hy < SeparableConv1D(16, k=3, padding = ”same”, activation = ReLU)(z)

hi < LayerNorm(hq)
hs « SeparableConv1D(16, k=3, padding = ”same”, activation = ReL.U)(hq)

: hy < LayerNorm(hs)

6: Residual feature propagation

7. q < ConvlD(16, k=1, padding = same, activation = linear)(x)
&8 1T hy+q

9: ConvMixer block

10:
11:
12:
13:
14:

15:
16:
17:
18:
19:
20:

21:
22:
23:
24:
25:
26:

¢ + DepthwiseConv1D(3, padding = "same”, activation = ReLU)(r)
¢ < LayerNorm(c)

p < ConvlD(16, k=1, activation = ReLU)(c)

p < LayerNorm(p)

m<r+p

SE attention

s < GlobalAveragePooling1D(m)

s < Dense(8, activation = ReLU)(s)

s < Dense(16, activation = sigmoid)(s)
s < Reshape((1,16))(s)

a<—mQos

Classification head

z < GlobalAveragePooling1D(a)

z < Dropout(0.1)(2)

z + Dense(16, activation = ReLU)(z)
7 < Dense(1, activation = sigmoid)(z)
return gy




3.2 Baseline architectures

Four reference architectures separate the proposed composition from simpler convo-
lutional, recurrent and fully connected alternatives. The CNN contains one Conv1D
layer with 16 filters, kernel size three, same padding and ReLU activation, followed
by max pooling of size two, flattening, Dense(32, ReLU) and a sigmoid output. The
BiLSTM applies a bidirectional LSTM with 16 units in each direction, followed by
Dense(32, ReLU) and the binary output. CNN-LSTM uses Conv1D(16, 3, ReLU), max
pooling of size two with same padding, LSTM(16) and Dense(32, ReLU) before clas-
sification. The MLP uses hidden layers of 64, 32 and 16 ReLU units. All models end
in a single sigmoid unit.

For convolutional and recurrent models, the sequence axis traverses the ordered
features of one observation; the MLP receives the same features as a flat vector. These
models serve as compact architectural references and are not matched by parameter
count. Input-dependent parameter counts are reported alongside performance and tim-
ing. Shared optimization settings define a controlled benchmark but do not establish
that every architecture is optimally tuned; the bounded learning-rate study addresses
that separate question.

3.3 Datasets and leakage-aware preprocessing

Two PAM datasets are used: AI4I 2020 and MetroPT3. Although both are transformed
into the same model-input format, their partitioning strategies differ because their
underlying data-generating structures are different.

For AI4I 2020, the binary target is the logical OR of TWF, HDF, PWF, OSF
and RNF. We remove these indicators and the original Machine failure column before
modelling, along with UDI and Product ID. Product Type is one-hot encoded. The
retained representation contains five operating variables and three type indicators.
The two-stage stratified split targets 65%/15%/20% and yields 6,500 training, 1,499
validation and 2,001 test observations under the recorded implementation; the valida-
tion/test counts reflect rounding in the second split. Non-numeric or missing predictor
values are replaced deterministically with zero, and StandardScaler parameters for all
retained columns are fitted on the training partition only.

MetroPT3 observations are sorted by timestamp and divided at fixed row percent-
ages: the first 55% form training, the next 20% validation, and the final 25% the test
set, with integer truncation for the first two sizes. The boundaries are not selected
by an event-aware algorithm. Training contains 834,321 observations from 1 Febru-
ary 2020, 00:00:00 to 29 May 2020, 05:49:30; validation contains 303,389 from 29 May
2020, 05:49:40 to 10 July 2020, 03:07:15; and testing contains 379,238 from 10 July
2020, 03:07:25 to 1 September 2020, 03:59:50. Their positive counts are 8,657, 19,675
and 1,622, respectively. Timestamp and label columns are excluded from predictors,
every retained row is used, and scaling is fitted exclusively on training observations.

The split audit reports contiguous positive runs and recovered-interval membership
separately from official physical-event identities. Chronological order prevents future
observations from entering training or scaler fitting, but this single temporal hold-
out does not measure generalization across independent future episodes. Validation



Table 3 Summary of the AI4I 2020 dataset and preprocessing used in this study.

Attribute Description

Dataset size 10,000 observations

Machine descriptors Product type and operating variables

Continuous variables Air temperature, process temperature, rotational speed, torque, and
tool wear

Failure indicators TWF, HDF, PWF, OSF, and RNF

Target construction Binary target obtained from the failure indicators; original failure-
related fields removed before modelling

Categorical encoding Type one-hot encoded

Scaling StandardScaler fitted on all retained training columns only

Data split Stratified random  nominal = 65%/15%/20%; actual counts
6,500/1,499/2,001

Source AT4I 2020 predictive maintenance dataset [22]

Table 4 Summary of the MetroPT3 dataset and preprocessing used in this study.

Attribute Description

Dataset contents 1,516,948 observations from the 2020 compressor recording; 15 predic-
tors

Representative variables TP2, TP3, HI1, DV _pressure, Reservoirs, Oil_temperature,

Motor_current, COMP, DV_eletric, Towers, MPG, LPS, Pres-
sure_switch, Oil_level, and Caudal_impulses

Failure label Accepted processed machine_failure; recovered timestamp rule is com-
patible with this snapshot, with producing provenance unresolved

Temporal handling Records ordered chronologically before partitioning

Timestamp usage Used for ordering and removed before model input

Scaling Fitted on the training period only

Data split Fixed-row chronological 55%/20%/25%, without event-selected bound-
aries

Source MetroPT3 compressor dataset [18]

supports checkpoint, learning-rate, and threshold selection; test metrics do not enter
these selection rules.

3.4 Multi-seed evaluation and client allocation

Seed identifiers label reproducible runs, rather than their count. The core and paired
attribution comparisons use ten matched seeds (5-14); component, feature-order, loss
and gradient studies use five (5-9); and federation, participation and learning-rate
sensitivity studies use three (5-7). Each study compares its conditions within the
same seed set. Model initialization and client allocation are repeated by seed, and
AT4I stratification also changes; MetroPT3 retains the same chronological partitions.
Identifiers 0-4 belong to the separate historical campaign and are not pooled with
these estimates.

Federated clients are constructed from the training partition only. Three clients
are used with target sample fractions

£ = (0.40,0.30, 0.30).



Algorithm 2 Dirichlet label-non-IID client allocation
Require: Training labels y € {0,1}"; number of clients K=3; target fractions f =
(0.40,0.30, 0.30); concentration a=0.5; random seed s
Ensure: Disjoint client index sets {1} | with |[I| ~ fin
1: Draw independently for each class ¢ € {0,1}:

pe ~ Dirichlet(q, .. ., @)

Determine target client sizes ny < round(fxn) for k < K;set ng < n—73 ", _p
for each class ¢ do
Let J. = {i : y; = ¢} and shuffle J. using seed s
Split J. using cumulative boundaries [|Je| >~y Pe,j], with last boundary |J.|
Append block k to provisional client index set I,
end for
Shuffle each provisional client index set I
Trim oversized clients to nj; and concatenate excess indices into a pool
Shuffle the pool and fill client deficits sequentially in client order
. return {I}X

© ® 3PN

- =
= O

Class-specific proportions are sampled from a Dirichlet distribution with concentration
parameter @ = 0.5. Provisional class allocations are rebalanced to the target client
sizes, assigning each training observation exactly once. The same seeded allocation
procedure is used across model families to provide matched client membership.

The generated partitions are audited using client-level positive-class rates and
total-variation distance from the corresponding global training distribution. These
diagnostics confirm genuine but modest label heterogeneity, particularly for the highly
imbalanced MetroPT3 data. The experiments therefore evaluate controlled label
heterogeneity and do not represent a maximally adversarial non-TIID setting.

Algorithm 2 summarises the allocation procedure.

3.5 Centralised training

For each dataset and seed, CNN, BiLSTM, MLP, CNN-LSTM, and FusionNet Lite
are trained independently on the complete centralized training partition. Adam opti-
mization with learning rate 1072 and binary cross-entropy loss is used in the core
comparison, with the training batch size of 2048.

Centralized models are trained for up to 80 epochs with early stopping based
on validation area under the receiver operating characteristic curve (AUROC). The
best validation-performing weights are retained before final evaluation on the held-
out test partition. Early stopping uses a patience of 12 epochs. Exact AUROC is
computed from the complete validation predictions after each epoch, and only strict
improvement replaces the saved best checkpoint, retaining the earliest maximum on
ties. Final weights are saved separately at termination. Both checkpoints are evaluated
and identified separately in the outputs; primary centralized—FedAvg comparisons use
best-validation checkpoints in both modes. This aligns selection criteria while retaining
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Table 5 Core FedAvg configuration

Component Configuration

Aggregation algorithm Synchronous FedAvg

Models CNN, BiLSTM, MLP, CNN-LSTM, FusionNet Lite
Number of clients 3

Target client fractions 40%, 30%, 30%

Client allocation Dirichlet label-non-IID

Dirichlet concentration a=0.5

Communication rounds 20

Local epochs 3 per round

Batch size 2048

Optimiser Adam (n =107%)

Loss Binary cross-entropy

Aggregation Sample-size weighted

Round-wise monitoring Validation AUROC

Final evaluation Held-out test partition

Checkpoint selection Highest exact validation AUROC; earliest checkpoint on ties
Evaluation checkpoints Best-validation and final round, reported separately
Optimizer state Fresh Adam optimizer for every local client fit

the distinct optimization budgets of centralized early stopping and 20 federated rounds
with three local epochs.

3.6 FedAvg training

The core federated experiments simulate synchronous FedAvg [23] for all five model
families on one compute host. For a given dataset and seed, the same client parti-
tion is reused across CNN, BiLSTM, MLP, CNN-LSTM, and FusionNet Lite so that
architectural comparisons are made under an identical data allocation.

At the beginning of each communication round, the current global model is
distributed to all three clients. Each client creates a fresh local model and Adam opti-
mizer, initializes the model from the global weights, and performs three local epochs
with learning rate 103, binary cross-entropy loss and batch size 2048. Clients return
updated weights to the server, which combines them according to local sample count.

For client k containing n, training observations, the aggregated parameters at
round t are

K

w® = _ "k w(t), (1)
l; Zszl n; *
where w,(:) denotes the locally updated parameters of client k. Twenty communi-
cation rounds are performed. Exact AUROC from the complete validation predictions
is recorded after each aggregation, and strict improvement saves a best-validation
checkpoint. Final-round weights are saved separately. Test predictions are excluded
from round-wise monitoring and checkpoint selection. Best and final checkpoints are
compared within the same fit.
Algorithm 3 provides the model-independent federated procedure.
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Algorithm 3 Sample-size-weighted FedAvg applied to each model family
Require: Model builder B; rounds R=20; local epochs E=3; batch size B=2048;
learning rate n=1073; client sets {I;} from Algorithm 2; training arrays (X,y);

validation data (XVal, gval)
Initialise global weights w(®) from a fresh B()

1:
2: Qpest < —OCO
3: fort=1— R do
4: W H, N H
5: for k=1— K do
6: Nng < |Ik|
7 my, < B(); create a fresh Adam optimizer
8: Set my, weights to w1
9: Train my on (X[I], y[Ix]) for E epochs with batch size B
10: Append the resulting weights to W
11: Append ny to N
12: er(lg for . e
13: w k
S s
14: Compute exact validation AUROC a; from the complete validation predictions
15: if a; > apes; then
16: Abest — Gp; SAVE Whest — W't
17: end if

18: end for
19: Wena — w&
20: return wyesy, Wanal and the validation AUROC trajectory

We intentionally retained FedAvg as the only aggregation method in this study.
This isolates the effects of architecture, client heterogeneity, and optimization mode
without introducing additional algorithm-dependent variation. Alternative aggrega-
tion and personalized methods are considered in the limitations and future-work
discussion rather than being treated as completed experiments.

3.7 Controlled ablations and sensitivity analyses

Five architectural ablations remove SE attention, the stem residual, the mixer residual,
or the complete mixer, or replace the two separable stem convolutions with standard
Conv1D layers. Each variant is retrained under both optimization modes using diag-
nostic seeds {5, ..., 9} and the same data partitions, checkpoint rule and training limits
as its matched full-model control. Parameter counts and measured latency are reported
separately because these changes alter model complexity. Feature-order experiments
use the same seeds and compare the canonical ordering with its reversal and one fixed
permutation generated with seed 17. Each ordering is applied consistently to training,
validation and test features before retraining.

Federation sensitivity uses FusionNet Lite and MLP with seeds {5,6, 7}, cross-
ing K € {3,10} with o € {0.1,0.5,10}. These arms use equal target client sizes at
each K; their K = 3 control therefore differs in quantity allocation from the core

12



(0.40,0.30,0.30) configuration. A separate K = 10, « = 0.5 study samples half of
the clients per round, then applies independent dropout probabilities of zero or 0.2.
Aggregation is normalized by the training-sample count of the active clients; when all
sampled clients drop out, the global weights remain unchanged. Realized participation
and validation trajectories are retained.
For the active set A;, the generalized aggregation is

n w}(:)’ A 40,
w® = &5 Yiea 2)

w(t_l), At = J.

Imbalance-loss comparisons use FusionNet Lite and MLP under FedAvg over diag-
nostic seeds {5,...,9}. Weighted binary cross-entropy uses class weights N/(2N,)
calculated from the complete training partition and shared unchanged across clients.
The focal-loss arm uses positive-class o = 0.25, negative-class weight 0.75 and v = 2;
it is evaluated as specified, with no claim that it universally increases minority-class
weight. Both alternatives retain a matched unweighted-BCE control and are evaluated
under the same threshold policies.

Finally, all five model families are assessed at learning rates {3 x 107%,1073,3 x
1073} on the same three sensitivity seeds. One learning rate is selected for each
dataset, model and optimization mode by the mean best-validation AUROC across
those matched seeds. Exact ties prefer 1073, then the smaller rate. Test metrics do
not enter this ranking. This bounded search assesses sensitivity to the shared default;
it does not claim globally optimal model configurations.

Training-only diagnostics use the core FedAvg FusionNet Lite, and MLP fits
at diagnostic seeds {5,...,9}, computing unweighted-BCE parameter gradients and
input-channel derivatives at each fit’s fixed best-validation global checkpoint from a
deterministic batch of recorded training observations per client, with dropout disabled
and no parameter updates. Parameter-gradient cosines compare client pairs and each
client with the sample-count-weighted batch-gradient estimate; input derivatives are
rescaled to per-example derivatives and summarized by feature and class. Pearson pre-
dictor correlations are computed from standardized training features once per distinct
dataset and training split; these diagnostics describe associations rather than establish
causal mechanisms.

3.8 Integrated Gradients and attribution agreement

IG [24] is applied to all five model families to compare centralized and federated
attributions on fixed held-out inputs. For an input x, baseline x’ and model output
function F'(-), the attribution assigned to feature ¢ is

16,00 = (i —af) [ L= g, 3)

The zero tensor in standardized feature space is used as the baseline. Input gra-
dients are averaged with equal weights at 49 uniformly spaced interpolation points
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Algorithm 4 Class-specific Integrated Gradients

Require: Trained model F' from one family, used in inference mode; zero baseline z’
of shape (1, F) for MLP or (1, F, 1) otherwise; paired held-out batch = of shape
(N, F) or (N, F,1) from one class, with N < 128; steps m=48
Convert z and z’ to float32
Generate m + 1 uniformly spaced coefficients {a; }7* on [0, 1]
Tharen, < repeat(x’, N)
Initialise G <+ 0
for i =0 — m do
Loy < xl/oatch +a; (III - x%atch)
9i < vmai ZF(‘TCU)
G+ G+y;
end for
G+ G/(m+1)
: IG(Z‘> «— (LIJ - ‘r{')atch) © G
Average attributions over observations and remove any singleton channel dimen-
sion to obtain one value per feature
13: return attribution vector

© ® 3> g whe

= o= e
Vo2

corresponding to 48 steps. For each dataset and fresh core seed (5-14), up to 128 held-
out observations are selected deterministically without replacement from each class.
Identical observation IDs are used for centralized and Fed Avg models and across all five
model families. Attributions use best-validation checkpoints in inference mode, with-
out updating the models. The class-specific sampling includes rare positives directly
and is not weighted by population class prevalence.

For each model, seed, and test class, we compare signed-mean feature attributions
using Spearman and Kendall correlations, sign agreement, top-three Jaccard overlap
based on absolute signed-mean attribution, and sign-change counts. Mean absolute
attributions and absolute deltas accompany the signed quantities. Magnitude-filtered
sign agreement retains only features whose absolute signed-mean attribution is at
least 10~° in both optimization modes. Undefined correlations and empty magnitude-
filtered comparisons remain unavailable rather than being replaced with zero. Statistics
are summarized across the defined seed-level values, retaining their valid counts.

The archived FusionNet Lite analysis on the first 256 test observations remains
a separate sampling protocol. The paired class-specific analysis covers all five model
families. Attribution disagreement describes the evaluated models and inputs; it does
not establish causal sensor effects or a mechanism of gradient starvation.

3.9 Evaluation metrics and statistical analysis

Predictive evaluation uses several complementary metrics because both datasets
are imbalanced and accuracy alone cannot adequately characterize failure detec-
tion. The area under the receiver operating characteristic curve and area under the
precision-recall curve (AUPRC) provide threshold-independent measures of ranking
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Algorithm 5 Validation-only threshold selection and held-out evaluation
Require: Fixed checkpoint predictions on validation and test partitions; declared
threshold grids
1: for original-grid F;, expanded-grid F; and expanded-grid F5 policies do
2 Evaluate the policy objective on validation predictions only
3: Select the smallest threshold attaining its maximum
4 Apply that locked threshold to test predictions; retain precision, recall, F1, Fg
and confusion counts
end for
. Evaluate fixed 0.50 separately as a diagnostic, without selection
7: Retain test AUROC and average precision independently of threshold policy

@«

performance, while Fy, Fy, and accuracy characterize threshold-dependent classi-
fication behavior. AUPRC and Fs receive particular attention when interpreting
rare-failure detection because they are more sensitive to positive-class performance
than overall accuracy.

AUPRC is computed using the average-precision implementation in scikit-learn.
Four threshold policies are evaluated separately for each checkpoint. The original
policy maximizes validation F; over 200 evenly spaced values from 0.05 to 0.95. An
expanded grid adds 0.001, 0.005 and increments of 0.01 from 0.01 to 0.30 to the original
grid. Maximizing validation F; or Fa on this same expanded grid separates the effect
of the grid from that of the objective. The fourth policy fixes the threshold at 0.50 as a
diagnostic control. Ascending-grid ties retain the first maximum, and test labels never
select a threshold. Test probabilities greater than or equal to the locked threshold are
classified as positive.

Expanded validation-Fs selection supplies the primary Fo estimates; fixed 0.50 is
retained only for the diagnostic comparison.

For § € {1,2}, the count-based objective is

(1+6%)TP

B = Uy + AN 1 FP” @

with zero returned when the denominator is zero. Validation selection is

75 = minarg max Fj (v 1[p™ > 7)), (5)
TEG

where G is the declared grid for that policy.

We evaluated computational efficiency using trainable parameter count and mea-
sured amortized batch inference latency. The Energy Efficiency Index (EEI) used in
this study is defined as

EEI =P x Lbatch, (6)

where P is the number of trainable parameters and Lyatcn is measured latency in
milliseconds per sample; EEI therefore has units of parameter-ms/sample. Lower EEI
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values indicate a smaller combined parameter—latency cost. EEI is therefore treated as
an experimental efficiency proxy instead of a direct measurement of electrical energy
consumption.

For the fixed-batch EEI calculation, elapsed batch milliseconds are divided by 256
observations. Timing uses one warm-up followed by five calls per checkpoint and seed
to the host predict API at input sizes of one and 256 observations, for best and final
checkpoints of the core models and structural ablations. Each elapsed call is divided
by its actual input size. Repetitions are summarized within a seed before means and
sample standard deviations are formed across ten core seeds or five ablation seeds;
they are not independent seed repetitions. These timings include API and execution
overhead on the recorded GPU host. GPU-board telemetry is retained with its sampled
coverage and is not attributed to individual models as electrical energy.

Fresh core results are summarized as mean and sample standard deviation over ten
matched seeds. Sixteen declared comparisons contrast FusionNet Lite with MLP and
BiLSTM for AUPRC and F5 across two datasets and two optimization modes. They
use best-validation checkpoints, AUPRC from the original-policy row and Fs from
expanded validation-Fs selection. Independent recomputation reproduces the saved
two-sided Wilcoxon probabilities using exact calculation for contrasts without zero
paired differences and the normal approximation with Wilcox exclusion for the two
contrasts containing zero differences. Holm’s procedure adjusts probabilities across the
complete family of 16 contrasts. Paired mean and median differences and descriptive
95% t intervals accompany the tests. These seeds characterize variability under the
specified protocol; they are not independent industrial cohorts or future MetroPT3
periods.

3.10 Reproducibility and consistency auditing

The experimental workflow includes a reproducibility package that preserves the con-
nection between preprocessing, training, seed-level outputs, summary tables, figures,
and explainability results. The fresh campaign comprises 596 fits and 4,768 evaluation
rows, with two checkpoints and four threshold policies per fit. Evaluation rows are not
independent training repetitions. The historical five-seed reference remains separate.

Consistency checks test coverage, source identity, partition separation, check-
point selection, metric/confusion identities, attribution pairing and agreement between
numerical exports. Completed records can be reused only after their saved config-
uration and artifact identities are verified. Such checks establish consistency of the
saved computational record; they do not independently reproduce historical training
or resolve missing annotation provenance.

The complete implementation, environment specification, deterministic runner,
reference result artifacts, and consistency-audit procedures are available through
the accompanying Code Ocean reproducibility capsule. The reproducible work-
flow covers preprocessing, centralized and federated training, seed-level eval-
uation, attribution analysis, and generation of the associated result artifacts
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within a defined computational environment. See the Data and Code Availabil-
ity statement for the capsule identifier, access details, and dataset availabil-
ity information. Four standalone supplementary CSVs provide predictive eval-
uation records (full_canonical metrics.csv), seed-level attribution agreement
(full.-ig_agreement_seeds.csv), planned paired statistics (significance.csv) and
realized client distributions (full_client_heterogeneity.csv). Full execution addi-
tionally requires the accepted input datasets, the recorded software environment and
suitable compute resources; the experimental implementation generates the remaining
diagnostic reports.

Computational verification.

Before the larger GPU campaign, OpenAl Codex (GPT-6.1 Sol Ultra) assisted
with code interpretation, debugging and checks of partition separation, validation-
only selection and saved-artifact consistency. Small local engineering checks preceded
allocation-intensive centralized and federated runs, with the aim of limiting avoidable
failed computations while preserving the established codebase. Codex also assisted
with extracting the distributable implementation. These checks support verification
without guaranteeing the absence of every error or leakage route.

The campaign used one NVIDIA A100-SXM4-80GB GPU and 32 Slurm CPUs
per allocation on Ngarrgu Tindebeek within the OzSTAR national facility. Allocated
memory increased from 128 to 256 GiB for the final continuation. The 32 CPUs
provided headroom for data handling and TensorFlow operations; model fits and
simulated-client updates ran sequentially. Successful training-routine intervals totalled
30.28 h, while the initial-allocation-to-first-full-export window was approximately 43
h, including pauses and restarts (Note: Neither value measures continuous GPU use).

4 Results

The main comparison comprises ten matched seeds (5-14) for five model families
under centralized and FedAvg optimization on AI4I 2020 and MetroPT3. Both modes
use checkpoints selected by exact validation AUROC; threshold-independent rank-
ing metrics and threshold-dependent failure-detection metrics are reported separately.
Additional component, feature-order, federation, loss and learning-rate analyses retain
their own matched seed subsets. The earlier five-seed outputs are not pooled with
these estimates.

Unless stated otherwise, results use best-validation checkpoints, and F5 uses the
expanded validation-Fo policy defined in Sect. 3.9. Values are means and sample
standard deviations across the stated seed set. The analysis examines the concerns
identified in Sect. 2: client heterogeneity, matched model comparisons, minority-class
detection, computational cost and quantitative explanation agreement.

4.1 Observed client heterogeneity

The three-client core allocation produces label-distribution differences as well as
unequal client sizes. Across ten seeds, the seed-wise mean client-to-global total-
variation distance ranges from 0.0130 to 0.0424 on AI4I and from 0.0043 to 0.0126 on
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MetroPT3. Individual client positive rates range from 0 to 0.1041 and from 0 to 0.0310,
respectively; two AI4I client partitions and one MetroPT3 client partition contain no
positive observations.

These values describe controlled label heterogeneity but do not capture every form
of industrial non-IID data. In particular, low total-variation distance can coexist with
a client containing no failures because the global failure prevalence is small. The
complete client counts and realized positive rates are therefore reported alongside the
target allocation parameters in full_client_heterogeneity.csv. This interpretation
follows the allocation audit in Sect. 3.4; a small distance under rare failures does not
establish that every client observes both classes.

4.2 Predictive performance across training regimes

Table 6 reports the ten-seed comparison under matched validation checkpoint selec-
tion. On AI4l, centralized FusionNet Lite attains AUROC 0.7939 4+ 0.1701, AUPRC
0.23194£0.1528, and test F5 0.3617 £0.1279 using expanded validation-F9 thresholds.
MLP has a larger mean AUPRC, 0.2720 + 0.2770, whereas the large dispersions pre-
vent a narrow ranking of the two models from the means alone. FusionNet Lite uses
1,420 trainable parameters compared with 3,201 for MLP, but parameter count does
not remove this uncertainty in predictive performance.

Under FedAvg, AI4I FusionNet Lite achieves AUROC 0.8289 + 0.0621, AUPRC
0.2250£0.1189, and F5 0.3508 £ 0.0908. Its mean AUPRC and Fs exceed those of the
evaluated federated baselines under this fixed learning-rate protocol, although neither
Lite-MLP primary-metric contrast remains significant after multiplicity adjustment.
The comparison therefore separates a descriptive advantage in this configuration from
evidence of general architectural superiority.

On the later MetroPT3 test interval, centralized FusionNet Lite obtains AUROC
0.9539 + 0.0250, AUPRC 0.3110 £ 0.1380, and F2 0.3537 + 0.1026. Under FedAvg,
AUROC remains high at 0.9351 + 0.0462, while AUPRC decreases to 0.2197 +0.1971
and Fy to 0.1566 + 0.2044. BiLSTM and CNN-LSTM attain larger federated mean
AUPRC values, 0.2445 + 0.2289 and 0.2453 + 0.1317, and larger F5 values, 0.2095 4+
0.2680 and 0.2021 £ 0.1675. Thus, the strongest mean AUROC does not identify the
strongest rare-failure detector.

The CNN and MLP remain weak MetroPT3 detectors under the core configuration,
and the threshold analyses below show that lowering the decision threshold does not
rescue every architecture. Figure 3 summarizes ranking discrimination, while Figs. 4
and 5 show AUPRC and Fs. Reading them together separates ranking performance
from thresholded failure detection.
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Table 6 Core predictive performance across ten matched seeds.

Dataset Model Mode Seeds AUROC AUPRC Fa (val F1) Fa (val Fa)

aidi BiLSTM central 10 0.70855 + 0.217179 0.200492 4+ 0.116851 0.261707 4+ 0.130191 0.304636 4+ 0.106051

aidi BiLSTM fedavg 10 0.683808 4 0.0526986 0.107272 £ 0.0479948 0.126433 4+ 0.0695281  0.214796 + 0.0261693

aidi CNN central 10 0.547944 4+ 0.231336  0.130443 £ 0.182075 0.197116 £+ 0.168623 0.237325 £ 0.144528

aidi CNN fedavg 10 0.620467 +0.169229  0.121938 £ 0.0772481 0.195061 4+ 0.0678817  0.233096 + 0.0724771

aidi CNN_LSTM central 10 0.638009 £ 0.248895  0.163 4 0.143539 0.259761 £+ 0.108139 0.278689 £ 0.124432

aidi CNN_LSTM fedavg 10 0.421587 £ 0.167595  0.0493785 + 0.0495181 0.0597213 £ 0.102823  0.182953 + 0.0547211

aidi FusionNetLite central 10 0.79389 £+ 0.170073 0.231931 £+ 0.152799 0.322911 £+ 0.129397 0.361708 £ 0.1279

aidi FusionNetLite fedavg 10 0.828869 4+ 0.062124  0.225024 £ 0.118942 0.255478 £+ 0.158385 0.350832 4 0.0908306

aidi MLP central 10 0.702733 4+ 0.223238  0.271987 £ 0.277016 0.337674 4+ 0.237761 0.35175 + 0.207476

aidi MLP fedavg 10 0.736823 4+ 0.0756323 0.208608 £ 0.07937 0.263495 4+ 0.0886527  0.313113 % 0.0750099
metro BiLSTM central 10 0.941623 4+ 0.0800104 0.262004 £ 0.22753 0.0987429 + 0.121787  0.226734 + 0.247073

metro BiLSTM fedavg 10 0.928871 4 0.0924644 0.244455 + 0.228858 0.0287854 + 0.0610559 0.209471 + 0.26801

metro CNN central 10 0.439735 4+ 0.106551  0.0113989 + 0.0161675 0+£0 0.000152952 + 0.000483677
metro CNN fedavg 10 0.338122 4+ 0.0809429 0.00703506 £ 0.0125686 0 +£0 0+£0

metro CNN_LSTM central 10 0.815762 4+ 0.195521  0.211478 +£0.19719 0.171005 £ 0.205942 0.283666 + 0.217292

metro CNN_LSTM fedavg 10 0.885016 + 0.126702  0.245297 + 0.131714 0.0573896 + 0.12503 0.202112 £ 0.167543

metro FusionNetLite central 10 0.953856 4+ 0.0250161 0.310968 £ 0.138045 0.0966051 £+ 0.106609  0.353707 &+ 0.102586

metro FusionNetLite fedavg 10 0.935055 £ 0.0461643 0.219683 £ 0.197102 0.0422504 £ 0.0995371 0.156635 % 0.204369

metro MLP central 10 0.42698 + 0.200678 0.00621927 4+ 0.00612894 0+ 0 7.25163 x 107> + 0.000229317
metro MLP fedavg 10 0.506334 £+ 0.15951 0.00697745 4+ 0.00556328 0+ 0 0.000347717 £ 0.000587683
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Fig. 3 Test AUROC on AI4I (A) and MetroPT3 (B) across models and training modes.
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Fig. 5 MetroPT3 test AUPRC (A) and F2 (B) across models and training modes.
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4.3 Statistical evidence and inferential limits

The statistical comparison uses ten matched seeds and a predeclared family of 16 Lite—
MLP or Lite-BiLSTM contrasts across the two datasets, two training modes and two
primary metrics. Four contrasts remain below p = 0.05 after Holm adjustment, each
with adjusted p = 0.03125: AI4l FedAvg Fs against BiLSTM, MetroPT3 centralized
AUPRC and F5 against MLP, and MetroPT3 FedAvg AUPRC against MLP. Their
mean paired differences, defined as FusionNet Lite minus comparator, are 0.1360,
0.3047, 0.3536 and 0.2127, respectively.

The remaining comparisons do not support adjusted significance. In particular,
FusionNet Lite does not differ significantly from MLP in either primary metric on AI4I,
and neither MetroPT3 Fed Avg primary-metric contrast against BiLSTM is significant.
The larger campaign therefore supports several specific differences without establishing
uniform superiority over the baseline families.

The complete raw and adjusted p-values and mean paired-difference intervals are
supplied in significance.csv. Repeated seeds characterize variation within the spec-
ified datasets and partitioning protocols; AI4I stratified partitions also change with
seed, whereas MetroPT3 retains one temporal test interval. These repetitions do not
represent independent industrial sites or ten independent future test periods. The
signed-rank tests and the descriptive ¢ intervals for mean differences also address dif-
ferent aspects of the paired results. The comparisons use the matched checkpoint and
operating-point definitions in Sect. 3.9, rather than selecting a favorable test policy
separately for each contrast.

4.4 FedAvg optimization dynamics

Figure 6 shows round-wise validation trajectories; Fig. 7 separately compares valida-
tion and test AUROC at the selected and final checkpoints. AI4I validation AUROC
continues to improve over much of the 20-round budget; the trajectory alone there-
fore does not establish convergence. MetroPT3 validation AUROC remains high,
while mean test AUROC is 0.9351 £ 0.0462 for the validation-selected checkpoint and
0.8975+0.0825 for the final checkpoint. The distinction between validation monitoring
and held-out checkpoint evaluation is essential to interpreting this gap.

Lines, shading and bars show means and sample SD across ten seeds. The round
plots contain validation values only; the four-bar plots distinguish validation and test
evaluations at best and final checkpoints. The checkpoint comparison follows Sects. 3.5
and 3.6: both states come from the same fit, and neither is selected by its test result.
Paired checkpoint records are supplied in full _canonical metrics.csv. These tra-
jectories characterize 20 communication rounds with FedAvg; they do not establish
the outcome of longer training or another aggregation rule.
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Fig. 6 FusionNet Lite FedAvg validation AUROC over 20 rounds on AI4I (A) and MetroPT3 (B).
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Fig. 8 Seed-5 FusionNet Lite ROC curves on AI4I (A) and MetroPT3 (B) at validation-selected
checkpoints.

4.5 Representative ROC behavior

Figure 8 illustrates the saved seed-5 predictions at validation-selected checkpoints.
A4 AUROC is 0.8308 centrally and 0.8080 under FedAvg; the MetroPT3 values are
0.9332 and 0.8527. These curves illustrate one seed and do not replace the ten-seed
estimates in Table 6. In particular, the AI4l central-FedAvg ordering for seed 5 differs
from the ordering of the aggregate means.
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Al4l 2020 - parameter, latency and AUROC trade-off
10 seeds; fixed batch 256; best validation checkpoints
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Fig. 9 AI4l parameter count, log1g mean latency and mean test AUROC; vertical bars show AUROC
SD.

4.6 Performance—complexity trade-off

FusionNet Lite retains 1,420 trainable parameters on both datasets, compared with
2,177-3,393 for the AI4l baselines and 2,753-3,713 for the MetroPT3 baselines.
Figures 9 and 10 relate those counts to measured latency and held-out AUROC. On
AT4I, FusionNet Lite combines the smallest parameter count with the largest mean
AUROC in each training mode under the core protocol, although AUPRC and F5 do
not support uniform superiority.

FusionNet Lite also has the largest mean MetroPT3 AUROC in each mode, while
the federated BILSTM and CNN-LSTM have larger mean AUPRC and F5. The three-
dimensional views therefore describe a parameter—latency—AUROC relationship but
do not capture every aspect of failure detection. Circles denote centralized models
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MetroPT3 - parameter, latency and AUROC trade-off
10 seeds; fixed batch 256; best validation checkpoints
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Fig. 10 MetroPT3 parameter count, log;o mean latency and mean test AUROC; vertical bars show
AUROC SD.

and triangles denote FedAvg models; only AUROC dispersion is plotted. Latency is
the mean amortized time in ms/sample, shown on a logyo axis using the fixed-256

measurement protocol.

4.7 Efficiency proxy

Table 7 reports trainable parameters, measured latency, the parameter—latency index,
serialized checkpoint size and training-routine time. With a fixed 256-sample GPU
batch, FusionNet Lite has the smallest mean EEI in both modes on both datasets:
226.24 + 12.93 and 232.24 + 17.15 parameter-ms/sample on AI4I, and 232.08 £ 13.07
and 231.08 £ 9.89 parameter-ms/sample on MetroPT3, for centralized and FedAvg
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Fig. 11 Parameter—latency proxy on AI4I (A) and MetroPT3 (B); bars show mean and sample SD.

models respectively. These values use the same batch-size measurement procedure for
every model and dataset.

Figure 11 shows the mean and sample SD of this proxy. Figure 12 shows the same
means by model and training mode on a logjy scale, without uncertainty bars; it
complements the same measurements.

The parameter advantage does not imply minimum inference latency. On
MetroPT3, centralized MLP averages 0.1591 + 0.0111 ms/sample, compared with
0.1634 £ 0.0092 for FusionNet Lite; their EEI means are 580.66 and 232.08
parameter-ms/sample because MLP has 3,649 parameters. Likewise, the saved HDF5
file for FusionNet Lite is 56.375 KiB, compared with 33.523 KiB for the MetroPT3
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Table 7 Model resources and measured parameter—latency cost across ten seeds.

Dataset Model Mode Seeds Parameters Latency (ms/sample) EEI (parameter ms/sample) Weights (KiB) Train/checkpoint time (s)
aidi BiLSTM central 10 3393 0.161534 £+ 0.00818671 548.085 £ 27.7775 34.257T8 £ 0 7.52146 + 2.60197
aidi BiLSTM fedavg 10 3393 0.160884 + 0.00919595 545.879 + 31.2019 34.2578 £ 0 259.678 £ 7.01887
aidi CNN central 10 2177 0.157125 £+ 0.0090567  342.062 + 19.7164 26.6641 £ 0 2.14127 + 1.46477
aidi CNN fedavg 10 2177 0.157827 £ 0.00791739 343.589 + 17.2362 26.6641 £ 0 65.2794 + 1.82898
aidi CNN_LSTM  central 10 2753 0.292836 + 0.439386 806.176 + 1209.63 31.8516 £ 0 5.00107 + 2.60593
aidi CNN_LSTM  fedavg 10 2753 0.164027 £ 0.0125203  451.566 + 34.4684 31.8516 £ 0 163.377 £+ 5.23216
aidi FusionNetLite central 10 1420 0.159324 4+ 0.00910498 226.24 4+ 12.9291 56.375+ 0 8.99221 + 2.62925
aidi FusionNetLite fedavg 10 1420 0.163548 + 0.0120766  232.238 £ 17.1488 56.375+ 0 248.849 £+ 6.3776
aidi MLP central 10 3201 0.150313 £ 0.0105392  481.15 4+ 33.736 31.7734 £ 0 3.64657 £ 2.36472
aidi MLP fedavg 10 3201 0.154481 £ 0.0130429  494.494 + 41.7502 31.7734 £ 0 74.85 £ 2.29553
metro BiLSTM central 10 3393 0.170278 £ 0.011147 577.752 £ 37.8217 34.2578 £ 0 42.1793 £ 13.081
metro BiLSTM fedavg 10 3393 0.160696 £ 0.00822841 545.241 £ 27.919 34.257T8 £ 0 355.258 £9.17907
metro  CNN central 10 3713 0.156253 £ 0.0101635  580.167 + 37.7371 32.6641 £ 0 14.6798 £+ 5.68748
metro  CNN fedavg 10 3713 0.158341 £+ 0.0102004  587.922 + 37.8742 32.6641 £ 0 112.427 4+ 2.39596
metro  CNN_LSTM  central 10 2753 0.158914 + 0.010822 437.49 £+ 29.793 31.8516 £ 0 23.3597 + 5.42477
metro  CNN_LSTM  fedavg 10 2753 0.160501 £+ 0.0110962  441.86 + 30.5477 31.8516 £ 0 235.991 + 4.81673
metro  FusionNetLite central 10 1420 0.163438 £+ 0.00920612 232.082 £ 13.0727 56.375 £ 0 57.4036 £ 10.7141
metro FusionNetLite fedavg 10 1420 0.162735 + 0.00696722 231.084 + 9.89346 56.375+ 0 437.125 £+ 8.34301
metro ~ MLP central 10 3649 0.159128 £ 0.011124  580.66 + 40.5913 33.5234 £ 0 18.8657 £ 6.10408
metro MLP fedavg 10 3649 0.157158 +0.0142538  573.468 £ 52.012 33.5234 £ 0 121.098 4+ 1.85571
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Fig. 12 Model-by-mode views of logip mean EEI on AI4I (A) and MetroPT3 (B).

MLP. Parameter count and serialized file size measure different costs, so the smaller
parameter budget should not be presented as an unconditional storage advantage.
The fixed-batch timings describe throughput in the recorded GPU environment and
include host/APT overhead; they do not measure industrial-controller response times.
Each seed reports the mean of five repetitions after warm-up. The reported standard
deviation is calculated across seeds, not across repetitions treated as independent
models. EEI remains a parameter—latency proxy; neither it nor the available stage-level
GPU-board telemetry establishes per-model electrical energy, battery life or industrial

edge-device performance.

4.8 Attribution agreement under federation

Table 8 compares central-FedAvg IG agreement for all five model families using
class-stratified, paired held-out samples. For FusionNet Lite on AI4I, mean Spearman
correlation is 0.5952 £ 0.4185 for non-failure observations and 0.7952 £ 0.1151 for fail-
ures; raw sign agreement is 0.8000 and 0.8875, respectively. The class-specific results
therefore reveal different degrees of explanatory agreement that would be obscured
by averaging an unstratified test prefix. Figures 13 and 14 show Spearman correla-
tion and raw sign agreement, with mean and sample SD over defined seed-level values.
Each class uses 128 paired observations per seed, except AI4I failures, for which 70
are available.

MetroPT3 FusionNet Lite has weaker and more variable agreement: Spearman
correlation is 0.2407 £ 0.2520 for class 0 and 0.2754 £0.5012 for class 1, with raw sign
agreement of 0.5533 and 0.5800. The mean rank correlations are positive, but their
dispersion, top-3 overlaps of 0.28 and 0.37, and frequent sign changes show that the

explanatory representation is not preserved uniformly.
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Table 8 Class-specific central-FedAvg IG agreement across ten matched seeds.

Dataset Model Class Paired samples/seed Spearman Raw sign agreement Magnitude-filtered sign Top-3 overlap

aidi BiLSTM 0 128-128 0.347619 + 0.450805 (n = 10) 0.5625 + 0.237537 (n = 10) 0.5625 =+ 0.237537 (n = 10) 0.5 £ 0.365148 (n = 10)
aidi BiLSTM 1 70-70 0.461905 + 0.451084 (n = 10) 0.725 £ 0.210819 (n = 10) 0.725 4 0.210819 (n = 10) 0.77 £ 0.3093 (n = 10)
aidi CNN 0 128-128 0.535714 £ 0.537607 (n = 10) 0.7875 + 0.212867 (n = 10) 0.7875 £ 0.212867 (n = 10) 0.59 4+ 0.307137 (n = 10)
aidi CNN 1 70-70 0.604762 + 0.448142 (n = 10) 0.7375 £ 0.246151 (n = 10) 0.7375 £ 0.246151 (n = 10) 0.74 £ 0.350238 (n = 10)
aidi CNN_LSTM 0 128-128 0.785714 £ 0.189482 (n = 10) 0.8 0.344601 (n = 10) 0.8 £+ 0.344601 (n = 10) 0.72 £ 0.388158 (n = 10)
aidi CNNLSTM 1 70-70 0.395238 + 0.638896 (n = 10) 0.6875 + 0.349851 (n = 10) 0.6875 = 0.349851 (n = 10) 0.71 £ 0.384274 (n = 10)
aidi FusionNetLite 0 128-128 0.595238 + 0.418458 (n = 10) 0.8 +0.237171 (n = 10) 0.8 £0.237171 (n = 10) 0.46 + 0.236643 (n = 10)
aidi FusionNetLite 1 70-70 0.795238 £ 0.11512 (n = 10)  0.8875 + 0.149652 (n = 10) 0.8875 = 0.149652 (n = 10) 0.69 + 0.344642 (n = 10)
aidi MLP 0 128-128 0.595238 + 0.457159 (n = 10) 0.75 £ 0.204124 (n = 10) 0.75 4+ 0.204124 (n = 10) 0.53 £ 0.349762 (n = 10)
aidi MLP 1 70-70 0.542857 £ 0.604093 (n = 10) 0.7375 £ 0.246151 (n = 10) 0.7375 £ 0.246151 (n = 10) 0.61 £ 0.357305 (n = 10)
metro  BIiLSTM 0 128-128 0.516429 + 0.336828 (n = 10) 0.78 & 0.150882 (n = 10) 0.817347 £ 0.164077 (n =7)  0.34 £ 0.217051 (n = 10)
metro  BiLSTM 1 128-128 0.367857 £ 0.577343 (n = 10) 0.66 £ 0.23402 (n = 10) 0.657987 £ 0.241615 (n = 10) 0.52 £ 0.385285 (n = 10)
metro  CNN 0 128-128 0.742143 £ 0.195672 (n = 10) 0.88 £ 0.068853 (n = 10) 0.88 & 0.068853 (n = 10) 0.56 & 0.330656 (n = 10)
metro  CNN 1 128-128 0.73 £ 0.242426 (n = 10) 0.853333 £0.112437 (n = 10) 0.853333 £+ 0.112437 (n = 10) 0.53 £ 0.349762 (n = 10)
metro CNN_LSTM 0 128-128 0.332857 £ 0.524198 (n = 10) 0.653333 & 0.24505 (n = 10)  0.71685 £ 0.275579 (n = 9) 0.39 £ 0.33483 (n = 10)
metro  CNN_LSTM 1 128-128 0.307857 + 0.466487 (n = 10) 0.653333 & 0.22836 (n = 10)  0.675705 £ 0.231574 (n = 10) 0.25 4 0.190029 (n = 10)
metro  FusionNetLite 0 128-128 0.240714 £ 0.252 (n = 10) 0.553333 £ 0.144188 (n = 10) 0.633929 4 0.183851 (n =8)  0.28 £0.311983 (n = 10)
metro  FusionNetLite 1 128-128 0.275357 £ 0.501176 (n = 10) 0.58 & 0.220101 (n = 10) 0.660606 + 0.188902 (n =9)  0.37 £ 0.262679 (n = 10)
metro  MLP 0 128-128 0.527143 £ 0.485931 (n = 10) 0.82 £ 0.160401 (n = 10) 0.82 £+ 0.160401 (n = 10) 0.45 £ 0.32059 (n = 10)
metro ~ MLP 1 128-128 0.806429 + 0.157636 (n = 10) 0.853333 +0.12492 (n = 10)  0.853333 £ 0.12492 (n = 10)  0.54 & 0.271621 (n = 10)
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Fig. 13 AI4I central-FedAvg IG agreement for non-failure (A) and failure (B) observations: Spear-
man correlation (left) and raw sign agreement (right).

Table 9 reports MetroPT3 FusionNet Lite features with sign-change frequency at
least 0.5, separately by class. Among non-failure observations, DV_eletric reverses
sign in six of ten seed pairs and TP3 in eight of ten. Signed means, variability and mean
changes are retained in scientific notation where needed. The frequencies describe
agreement of model attributions rather than the direction or magnitude of a physical
sensor effect.

Magnitude filtering raises MetroPT3 FusionNet Lite sign agreement to 0.6339 for
class 0 and 0.6606 for class 1, calculated from eight and nine defined seed-level val-
ues respectively. Undefined filtered values occur when no features satisfy the recorded
magnitude condition and are not replaced with perfect or zero agreement. This distinc-
tion matters because a reversal of a near-zero attribution can change a sign statistic
without representing a substantial change in model response. The supplementary attri-
bution CSV retains the seed-level agreement values and numbers of features meeting
the magnitude condition.

The cross-architecture comparison shows that explanatory agreement is not a direct
surrogate for detection quality. On MetroPT3 failures, MLP has mean Spearman cor-
relation 0.8064 £ 0.1576, compared with 0.2754 + 0.5012 for FusionNet Lite, despite
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Table 9 MetroPT3 FusionNet Lite features with sign-change frequency at least 0.5.

Class MetroPT3 Lite feature Central IG FedAvg IG Mean delta Raw sign-change rate Strict reversal rate
0 COMP —0.0050615 + 0.0126622 1.59176 x 107° £ 3.14816 x 10™°  0.00507742 0.5 0.5
0 DV _eletric —0.0111771 £ 0.0323633 5.76245 x 10™° 4 0.000136302 0.0112347 0.6 0.6
0 H1 —0.000930517 £ 0.00191295 2.58227 x 1075 + 0.000102965 0.00095634 0.5 0.5
0 LPS —0.0004484 + 0.00155799 6.88903 x 1075 = 0.000203496 0.00051729 0.7 0.7
0 MPG —0.00139498 + 0.00356693  —3.70439 x 1076 4+ 9.67556 x 1075 0.00139128 0.5 0.5
0 Oil_level —0.00540166 + 0.0188718 1.54805 x 107° 4 4.07607 x 1075 0.00541714 0.5 0.5
0 Oil_temperature —0.0170807 £ 0.0515536 5.44632 x 1076 +3.20992 x 1075 0.0170861 0.6 0.6
0 Reservoirs —0.0144341 £ 0.0416739 —5.22043 x 1077 +£9.11477 x 107%  0.0144335 0.5 0.5
0 TP3 —0.0047159 + 0.0136976 —4.80364 x 1075 +2.34746 x 107°  0.00471109 0.8 0.8
1 Caudal_impulses —0.00217967 + 0.00827558  5.62049 x 107° + 0.000951194 0.00223587 0.6 0.6
1 H1 —0.0375234 £ 0.0868158 0.0040167 + 0.0144531 0.0415401 0.6 0.6
1 MPG —0.0137012 + 0.0402693 —0.0015803 + 0.00339667 0.0121209 0.7 0.7
1 Oil_level 0.00168563 + 0.00301413 —7.69992 x 1075 4 0.000175279 —0.00176263 0.7 0.7
1 Pressure_switch 0.000235886 + 0.00201733 ~ —0.000119807 + 0.000266838 —0.000355693 0.6 0.6
1 TP3 0.0196642 + 0.0571962 —0.00424773 £ 0.014848 —0.023912 0.5 0.5
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Independent evaluation: metro, held-out, ¢class 1, paired identical sample IDs
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Fig. 14 MetroPT3 central-FedAvg IG agreement for non-failure (A) and failure (B) observations:
Spearman correlation (left) and raw sign agreement (right).

the MLP’s weak predictive performance. BiLSTM has 0.3679 £+ 0.5773, demonstrat-
ing that a recurrent baseline is not uniformly stable either. These findings apply to
the selected IG baseline, paired samples and model checkpoints; they do not establish
that one attribution method captures every aspect of model reasoning. This separates
explanation agreement from predictive utility, consistent with the need for quantitative
attribution comparison identified in Sect. 2 and the paired design in Sect. 3.8.

4.9 Decision policies and imbalance-sensitive training

Tables 10 and 11 compare four decision policies at fixed best checkpoints for Fusion-
Net Lite and MLP. Tables 12 and 13 report their corresponding test confusion counts.
Entries report means and sample SD across ten seeds; confusion counts are averaged
across seeds and do not form a pooled confusion matrix. For MetroPT3 Fed Avg Fusion-
Net Lite, mean test Fy is 1.5404 x 10~ at a fixed threshold of 0.50, 0.0423 + 0.0995
under the original validation-F; grid, and 0.1566 £ 0.2044 under expanded validation-
F; selection. The corresponding mean recalls are 0.0001233, 0.0421 and 0.1887.
Expanded validation selection chooses a mean threshold of 0.0029, below the origi-
nal grid’s 0.05 lower bound; this is an average of seed-specific selections, not a fixed
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Independent evaluation: ai4i Lite FedAvg
Validation only; mean/sample SD on matched seeds; full grid retained in CSV

1.0 —— BCE control; n=5 1.0
—— Weighted BCE; n=5
—— Focal loss; n=5
0.8 0.8
0.6 1 0.6 1
N o~
b Iy
0.4+ 0.4+
0.2 M 0.2 %i
0.0 0.0
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.00 0.05 0.10 0.15 0.20 0.25 0.30
Validation threshold Validation threshold
1.0 1.0
0.8 0.8
5 0.6 = 0.6
S =
¢ g
=04 0.4+
0.2 0.2
0.0 T T T T T 0.0 T T T T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.00 0.05 0.10 0.15 0.20 0.25 0.30
Validation threshold Validation threshold

Fig. 15 AI4lI validation threshold sweeps under three losses: F1, Fa, precision and recall, in reading
order.

deployment threshold. These results identify a consequential operating-point limita-
tion, although the large F5 dispersion shows that threshold expansion does not reliably
recover failures for every seed. For centralized MetroPT3 FusionNet Lite, expanded
validation-F5 selection also does not exceed expanded validation-F; test Fy on average,
illustrating the distinction between optimizing a validation objective and guaranteeing
its transfer to later observations.

Loss sensitivity provides a complementary intervention within training. Across
the matched five seeds (5-9), MetroPT3 FedAvg FusionNet Lite has mean test Fo
0.0835 + 0.1217 under unweighted BCE, 0.2620 + 0.2433 under weighted BCE and
0.3158 + 0.1828 under focal loss, all evaluated with expanded validation-Fy thresh-
olds. The loss conditions therefore yield different descriptive means under the same
validation-Fo selection policy, while the remaining variance limits a general deploy-
ment claim. Figures 15 and 16 show validation-only threshold sweeps for these five-seed
loss comparisons: unweighted BCE, weighted BCE and focal loss. Lines and shading
represent means and sample SD. These plots display validation F;, Fy, precision and
recall in a 2x2 layout; they are not the ten-seed test operating-point comparison.
The supplementary predictive CSV includes the matched test loss and decision-policy
conditions.
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Table 10 Lite/MLP operating points at best validation checkpoints, ten seeds. Thresholds are selected using validation only; fixed 0.5 is
diagnostic. Means and sample SD across seeds; all per-seed/all-model counts remain in the canonical CSV. Part 1 of 2.

Dataset Model Mode  Policy Threshold Precision Recall Fa

aidi FusionNetLite central expanded_fl 0.166231 £ 0.144441 0.20179 £+ 0.119465 0.53 + 0.243412 0.322911 + 0.129397
aidi FusionNetLite central expanded_f2 0.149402 £ 0.151507 0.172201 4+ 0.113865 0.651429 + 0.15825 0.361708 £ 0.1279

aidi FusionNetLite central fixed 0_5 0.5+0 0.102207 4+ 0.315529 0.04 +0.116798 0.0124624 + 0.0291632
aidi FusionNetLite central original f1 0.166231 + 0.144441 0.20179 £ 0.119465 0.53 £ 0.243412 0.322911 + 0.129397
aidi FusionNetLite fedavg expanded-fl 0.0561407 +0.0172186 0.234016 4 0.110008 0.404286 4+ 0.177415 0.319694 £+ 0.116995
aidi FusionNetLite fedavg expanded-f2 0.0423568 +0.0123701 0.139624 £ 0.0609799 0.61 £0.129721 0.350832 £ 0.0908306
aidi FusionNetLite fedavg fixed_0_5 05+0 0+0 0+0 0+0

aidi FusionNetLite fedavg original_fl ~ 0.060402 +0.0116871  0.311365 £ 0.270745 0.284286 + 0.195464 0.255478 4+ 0.158385
aidi MLP central expanded-fl 0.336356 4+ 0.201929 0.235257 £ 0.216382 0.555714 4+ 0.272758 0.337674 £+ 0.237761
aidi MLP central expanded-f2 0.307793 £ 0.21081 0.193869 =+ 0.169985 0.64 + 0.225656 0.35175 £ 0.207476
aidi MLP central fixed 0.5 0.5+0 0.363522 + 0.41817 0.337143 + 0.231842 0.216102 + 0.141159
aidi MLP central original f1 ~ 0.341256 4 0.193297 0.235257 4+ 0.216382 0.555714 4+ 0.272758 0.337674 £ 0.237761
aidi MLP fedavg expanded_fl 0.203769 £ 0.187905 0.247454 4+ 0.0979358 0.281429 4+ 0.114296 0.263495 £ 0.0886527
aidi MLP fedavg expanded_f2 0.16497 £ 0.202348 0.138104 4+ 0.0501267 0.484286 + 0.130488 0.313113 4 0.0750099
aidi MLP fedavg fixed_0-5 0.5+0 0.00897516 £ 0.0193445 0.102857 £ 0.248424 0.0298755 % 0.0630048
aidi MLP fedavg original f1 ~ 0.203769 £ 0.187905 0.247454 4+ 0.0979358 0.281429 4+ 0.114296 0.263495 £ 0.0886527
metro  FusionNetLite central expanded_fl 0.0018 £ 0.00168655 0.269061 + 0.100484 0.422873 + 0.168514 0.357274 + 0.104195
metro  FusionNetLite central expanded_f2 0.0014 £ 0.00126491 0.248141 + 0.105676 0.451171 + 0.193534 0.353707 £ 0.102586
metro  FusionNetLite central fixed 0_5 0.5+0 0.0924051 + 0.29221 0.00450062 + 0.0142322 0.00555809 £ 0.0175762
metro  FusionNetLite central original fl ~ 0.05+0 0.463177 4+ 0.342094 0.0821825 4+ 0.0918125  0.0966051 £ 0.106609
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Table 11 FusionNet Lite and MLP test operating points (part 2 of 2).

Dataset Model Mode Policy Threshold Precision Recall Fa

metro  FusionNetLite fedavg expanded_fl 0.0039 + 0.00917061 0.2636 + 0.299261 0.169975 + 0.236844 0.155685 £ 0.203426

metro  FusionNetLite fedavg expanded_f2 0.0029 + 0.00600833 0.259464 + 0.301115 0.188718 + 0.267403 0.156635 + 0.204369

metro  FusionNetLite fedavg fixed 05 0.5+£0 0.05 £+ 0.158114 0.000123305 £ 0.000389923 0.000154036 + 0.000487104
metro  FusionNetLite fedavg original fl ~ 0.05+0 0.180443 £ 0.31591 0.0421085 £ 0.104073 0.0422504 + 0.0995371

metro  MLP central expanded-fl 0.0037 &+ 0.00596378 0.0002457 + 0.000776972 6.16523 x 1077 4 0.000194962 7.25163 x 10~° + 0.000229317
metro  MLP central expanded-f2 0.0022 + 0.00193218 0.0002457 + 0.000776972  6.16523 x 1077 & 0.000194962 7.25163 x 10~° + 0.000229317
metro  MLP central fixed 0_5 0.5+0 0+0 0+0 0+0

metro  MLP central original f1 0.05+£0 0+0 0£0 0+0

metro  MLP fedavg expanded_fl 0.0022 £ 0.00193218 0.00700662 + 0.0112848  0.000246609 + 0.000431076 0.000305253 + 0.000532813
metro  MLP fedavg expanded f2 0.001 +2.2857 x 10719 0.00473022 + 0.00970398 0.000308261 + 0.000523944 0.000347717 £ 0.000587683
metro ~ MLP fedavg fixed 0_5 05+0 0+0 0£0 0+0

metro  MLP fedavg original _f1 0.05+0 0+0 0+0 0+0
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Table 12 Matched Lite/MLP test confusion counts for the same operating-point policies. Entries are mean counts and sample SD across ten seeds,
not one pooled confusion matrix. No test labels are used to choose thresholds. Part 1 of 2.

Dataset Model Mode Policy TN FP FN TP

aidi FusionNetLite central expanded_fl 1533 + 632.82 398 £ 632.82 32.9 £ 17.0388 37.1 £17.0388
aidi FusionNetLite central expanded f2 1467.6 +600.844 463.4 +600.844 24.44+11.0775 45.6 £ 11.0775
aidi FusionNetLite central fixed 0_5 1815.8 +364.294 115.2 4+ 364.294 67.2 +8.17585 2.8 £8.17585
aidi FusionNetLite central original f1 1533 £+ 632.82 398 £ 632.82 32.9 +17.0388 37.1 £17.0388
aidi FusionNetLite fedavg expanded fl 1798.2 4+ 119.005 132.84+119.005 41.74+12.4191 28.3 £12.4191
aidi FusionNetLite fedavg expanded_f2 1625.2 4+ 145.882 305.8+ 145.882 27.3 + 9.0805 42.7 +9.0805
aidi FusionNetLite fedavg fixed-0-5 19314+0 0+0 70+0 0+0

aidi FusionNetLite fedavg original f1 1864.6 + 72.5277 66.4 £+ 72.5277 50.1 + 13.6825 19.9 4+ 13.6825
aidi MLP central expanded_fl 1447.8 + 685.438 483.2 +685.438 31.1 +19.093 38.9 £ 19.093
aidi MLP central expanded f2 1348.6 £ 726.9 582.4 +726.9 25.2 +15.7959 44.8 £+ 15.7959
aidi MLP central fixed_0_5 1599.9 +506.051 331.1 + 506.051 46.4 + 16.2289 23.6 + 16.2289
aidi MLP central original f1 1447.8 +685.438 483.2 + 685.438  31.1 4+ 19.093 38.9 £19.093
aidi MLP fedavg expanded fl 1862.2 +41.9995 68.8 + 41.9995 50.3 £ 8.00069 19.7 + 8.00069
aidi MLP fedavg expanded f2 1700.1 £ 85.9282 230.9 +85.9282  36.1 +9.13418 33.94+9.13418
aidi MLP fedavg fixed-0-5 1755.9 +£452.866 175.1 +452.866 62.8 4+ 17.3897 7.2 4+ 17.3897
aidi MLP fedavg original _f1 1862.2 +41.9995 68.8 £+ 41.9995 50.3 £ 8.00069 19.7 + 8.00069
metro  FusionNetLite central expanded_fl 375355+ 1853.87 2260.6 + 1853.87 936.1 +273.329  685.9 £+ 273.329
metro  FusionNetLite central expanded f2 374716 + 2505.41 2899.9 4+ 2505.41 890.2 +£313.913 731.8 +313.913
metro  FusionNetLite central fixed 0.5 377609 +6.9602 7 + 6.9602 1614.7 4+ 23.0846 7.3 + 23.0846
metro  FusionNetLite central original f1 377517 £102.163 99 £+ 102.163 1488.7 £148.92  133.3 £ 148.92
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Table 13 FusionNet Lite and MLP test confusion counts (part 2 of 2).

Dataset Model Mode Policy TN FP FN TP

metro  FusionNetLite fedavg expanded fl 376930 4+ 1228.32 686.4 4+ 1228.32  1346.3 4+ 384.16 275.7 + 384.16
metro  FusionNetLite fedavg expanded f2 376548 4+ 2377.06 1068.3 +2377.06 1315.9 +433.727 306.1 £ 433.727
metro  FusionNetLite fedavg fixed 0.5 377616 £ 1.08012 0.5+ 1.08012 1621.8 £0.632456 0.2 + 0.632456
metro  FusionNetLite fedavg original f1 377450 £ 505.797 165.7 £505.797  1553.7 £ 168.807  68.3 £ 168.807
metro  MLP central expanded fl 377540+ 123.17 76.1 +123.17 1621.9 £0.316228 0.1 + 0.316228
metro MLP central expanded_f2 377508 + 153.476 108.1 +153.476 1621.9 + 0.316228 0.1 £0.316228
metro  MLP central fixed 0.5 377608 £ 24.4595 8.4 + 24.4595 1622 +£0 0+0

metro  MLP central original f1 377588 £65.896  27.5 + 65.896 1622+ 0 0+0

metro  MLP fedavg expanded fl 377558 &+ 83.3521 57.7 + 83.3521 1621.6 £ 0.699206 0.4 4 0.699206
metro  MLP fedavg expandedf2 377298 +£601.878 318.1 £601.878 1621.5 +0.849837 0.5+ 0.849837
metro  MLP fedavg fixed_0-5 377613 £ 8.50882 2.8 + 8.50882 1622+ 0 0£0

metro  MLP fedavg original f1 377593 £ 63.9528 23.2 + 63.9528 1622+ 0 0£0




Independent evaluation: metro Lite FedAvg
Validation only; mean/sample SD on matched seeds; full grid retained in CSV
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Fig. 16 MetroPT3 validation threshold sweeps under three losses: F1, Fa, precision and recall, in
reading order.

4.10 Component and feature-order sensitivity

Table 14 compares the full architecture with five component or convolution variants
over the same seeds (5-9). The component effects are conditional rather than uni-
formly beneficial. Removing SE attention increases centralized AI4I AUPRC from the
matched full-model mean of 0.2185 to 0.4264 and F5 from 0.3409 to 0.4980. In con-
trast, removing the stem residual decreases centralized MetroPT3 Fy from 0.3717 to
0.0738. Standard convolution attains MetroPT3 Fy of 0.3450 centrally and 0.1920
under FedAvg, compared with 0.3717 and 0.0835 for the matched full model. These
comparisons support assessing each component’s contribution under its operating
condition; inclusion alone does not demonstrate a universal benefit.

Feature-order perturbations also change the outcome. For centralized MetroPT3
FusionNet Lite, the fixed permutation yields Fo 0.1132 compared with 0.3717 under
canonical order and 0.3646 under reverse order. Under FedAvg, the corresponding
means are 0.2807, 0.0835 and 0.2378. These convolutions mix neighbouring feature
positions, not successive temporal observations, making order dependence a limita-
tion of the chosen tabular representation. These matched conditions are retained in
full canonical metrics.csv; they do not establish a uniquely optimal ordering.
The observed sensitivity is consistent with the feature-axis representation in Sect. 3.1,
rather than a temporal forecasting interpretation.
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Table 14 FusionNet Lite component ablations and measured resources across five matched seeds.

Dataset Mode

Variant (full is control)

Seeds

Parameters AUPRC

Fy (val Fa)

Latency (ms/sample)

aidi
aidi
aidi
aidi
aidi
aidi
aidi
aidi
aidi
aidi
aidi
aidi
metro
metro
metro
metro
metro
metro
metro
metro
metro
metro
metro
metro

central
central
central
central
central
central
fedavg
fedavg
fedavg
fedavg
fedavg
fedavg
central
central
central
central
central
central
fedavg
fedavg
fedavg
fedavg
fedavg
fedavg

full

no_mixer
no_mixer_residual
no_se
no_stem_residual
standard_conv
full

no_mixer
no_mixer_residual
no_se
no_stem_residual
standard_conv
full

no_mixer
no_mixer_residual
no_se
no_stem_residual
standard_conv
full

no_mixer
no_mixer_residual
no_se
no_stem_residual
standard_conv

GOt Ot Ut Ut Ot Ot Ot Ot Ut Ot Ot Ot Ot Ot Ut Ot Ot Ot Ot Ot Ut Ot Ot

1420
1020
1420
1140
1388
1913
1420
1020
1420
1140
1388
1913
1420
1020
1420
1140
1388
1913
1420
1020
1420
1140
1388
1913

0.218536 £+ 0.202935
0.232494 £+ 0.110095
0.385724 + 0.191461
0.426375 + 0.0869725
0.125206 £ 0.0852603
0.351104 £+ 0.247398
0.265448 + 0.146061
0.0942573 £ 0.063423
0.282607 £ 0.0988688
0.29914 £ 0.124639
0.178573 £ 0.0833773
0.258116 £ 0.0940379
0.328471 £ 0.155859
0.137213 £ 0.140589
0.340406 + 0.186124
0.253488 £+ 0.235476
0.134196 £ 0.203252
0.294653 + 0.162041
0.1862 £ 0.231032
0.172196 + 0.122041
0.261239 £+ 0.183115
0.333725 £ 0.157551
0.129548 + 0.167829
0.371567 £ 0.107546

0.34091 £ 0.17306
0.345621 £+ 0.0670356
0.453839 £+ 0.136795
0.497997 £ 0.0616121
0.291416 £+ 0.091104
0.431352 £ 0.19211
0.378941 £+ 0.103306
0.223445 £ 0.058124
0.365894 + 0.119701
0.376417 = 0.135464
0.285755 + 0.0767351
0.376751 £ 0.0612784
0.371652 + 0.0782316
0.19261 £ 0.224981
0.35024 £ 0.249407
0.218457 £+ 0.246923
0.0738117 £ 0.147768
0.345031 £ 0.18842
0.0835351 £ 0.121689
0.19674 £ 0.184456
0.235089 + 0.241022
0.124562 4 0.164655
0.0505524 £ 0.112611
0.192031 £ 0.196904

0.164418 + 0.0103142
0.163053 + 0.00810181
0.165612 + 0.0114038
0.161721 £ 0.0112891
0.161684 £ 0.00843224
0.159748 + 0.00532319
0.155203 + 0.00763058
0.159721 + 0.00506618
0.174189 + 0.00745876
0.165759 + 0.0121304
0.163591 + 0.00813658
0.164198 + 0.0138395
0.163588 + 0.00728313
0.16207 £ 0.0128281
0.171038 £ 0.00630809
0.171143 £ 0.0113119
0.168374 £ 0.00922348
0.167597 + 0.012012
0.15932 £ 0.00524088
0.163988 + 0.0127044
0.162071 + 0.00427199
0.159315 + 0.00832493
0.165863 + 0.0115382
0.163895 + 0.0110477




4.11 Federation size, heterogeneity and participation

Following Sect. 3.7, the sensitivity analysis includes three and ten simulated clients,
Dirichlet « € {0.1,0.5,10} and separate quantity-allocation controls. With equal tar-
get client fractions, MetroPT3 FusionNet Lite Fo ranges from 0.0794 to 0.2747 across
the three-client a conditions and from 0.1197 to 0.2157 across the ten-client conditions.
The ordering is not monotonic in « across client counts, and each setting uses only
three matched seeds. Client count or label concentration therefore does not provide a
single explanation for the observed detection variability.

At ten clients and a = 0.5, MetroPT3 mean F5 changes from 0.2157 under
full participation to 0.1889 at 50% participation, and to 0.1094 when independent
20% dropout is added. The AI4I means do not follow the same ordering. These
results characterize the fixed 20-round simulation budget; they do not measure asyn-
chronous industrial connectivity or behavior of 50-node fleets. The supplementary
client-heterogeneity CSV records the realized client distributions; the predictive CSV
retains the participation conditions.

4.12 Model-specific learning-rate sensitivity

The common learning rate provides a controlled core comparison but does not guaran-
tee that each architecture is well tuned, as distinguished in Sect. 3.2. In the three-seed
sensitivity study, learning rates are selected using mean best validation AUROC,
without reference to test metrics. For example, the selected centralized AT4I CNN at
learning rate 3 x 1072 obtains AUROC 0.9340 + 0.0125, AUPRC 0.5647 £ 0.0223 and
F5 0.5578 £0.0225. Model ranking is consequently sensitive to optimization configura-
tion. These three-seed estimates are reported separately from the ten-seed core results,
with candidate-rate conditions retained in the supplementary predictive CSV.

4.13 Fixed-checkpoint gradient diagnostics

Training-only diagnostics examine deterministic client batches at the same best global
checkpoint without updating the model, following Sect. 3.7. Across the five diagnostic
seeds, the 15 pairwise client-gradient cosine values for FusionNet Lite average —0.2735
on AI4I and —0.1754 on MetroPT3, with both strongly opposing and closely aligned
pairs in each dataset. MLP averages are 0.1346 and 0.1129, although its pairwise
ranges also include opposition. Matched batches include zero-positive clients. These
observations establish that client-gradient disagreement and scarce failure examples
occur in the evaluated settings; they do not demonstrate that gradient starvation or a
particular sensor correlation causes an attribution reversal. These training-only checks
remain descriptive diagnostics.

4.14 Overall empirical interpretation

The results support a conditional performance—complexity trade-off. FusionNet Lite
has the smallest parameter count and fixed-batch EEI among the evaluated models,
but parameter count does not guarantee the lowest latency or smallest serialized file. Its
AT41 FedAvg means are competitive under the core configuration, whereas MetroPT3
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exposes the difference between strong ranking discrimination and reliable failure detec-
tion. Threshold expansion and alternative losses improve several descriptive detection
estimates, with substantial variation remaining across seeds.

The controlled studies also qualify the architectural interpretation. Component
removal, feature ordering, client allocation and learning rate can change model
rankings; no single component or setting explains every outcome. Class-specific 1G
agreement adds evidence about explanatory consistency, but neither high agreement
nor client-gradient opposition establishes predictive quality or a causal mechanism.
These findings answer the comparison and explainability questions raised in Sect. 2
within the defined benchmark, while leaving broader industrial generalization and
deployment claims to separate validation.

5 Discussion

FusionNet Lite addresses the resource-conscious design question developed in Sect. 2,
while the matched comparisons establish a conditional advantage. Among the five
core architectures, its 1,420 trainable parameters give it the smallest parameter foot-
print, and it has the lowest measured fixed-batch EEI in both training modes on
both datasets (Table 7). These advantages do not imply the lowest latency, small-
est serialized checkpoint or strongest failure detection. The distinction matters for
lightweight PAM: parameter reduction is a design property, whereas computational
cost and predictive utility require separate measurements under the intended operating
conditions.

The MetroPT3 results connect the literature review’s concerns about temporal
evaluation and class imbalance. High held-out AUROC coexists with substantially
weaker and variable AUPRC and F5, so ranking discrimination alone does not estab-
lish useful failure detection. The threshold comparison distinguishes the fixed 0.50
diagnostic from validation-selected policies whose original grid began at 0.05. Expand-
ing that grid permits lower operating points, but the mean selected threshold of
0.0029 for federated FusionNet Lite is a summary across seeds, not a universal setting.
Alternative losses also change several descriptive detection estimates under matched
conditions. Neither intervention guarantees reliable transfer from validation to the
later test period, and the validation—test gap does not identify its cause (Fig. 7).

The controlled studies further qualify an architecture-only interpretation of feder-
ated performance. Component removal, feature order, client allocation, participation
and learning rate change the observed outcomes, sometimes favouring a variant or com-
parator over the full model. Measured heterogeneity and zero-positive clients establish
relevant challenges without isolating one mechanism responsible for every performance
change. Four of the 16 planned contrasts survive Holm adjustment, supporting specific
differences under the evaluated settings rather than uniform superiority. This evidence
gives a bounded answer to the fair-comparison and heterogeneity questions in Sect. 2:
model design, optimization and decision policy must be interpreted together.

The attribution results extend this interpretation to explanations. Class-specific
central-Fed Avg agreement differs across models and datasets, and high agreement can
occur for a weak detector (Table 8). For MetroPT3 FusionNet Lite, the mean rank
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correlations are positive but variable, indicating uneven agreement across seeds. Mag-
nitude filtering also shows why near-zero sign reversals require caution. Client-gradient
disagreement provides a descriptive diagnostic, but does not show that gradient star-
vation causes the attribution changes. These findings connect directly to the literature
review’s distinction between predictive and explanatory consistency: reliable mainte-
nance support requires evidence about detection, resources and explanation behaviour,
without treating one as a substitute for another.

6 Limitations

The principal boundary is external validity. AI4I is synthetic, and its target here is the
logical OR of five failure indicators, which should not be assumed equivalent to every
study using the original failure field. MetroPT3 represents one compressor recording
evaluated through a single fixed-row chronological holdout. Although the recovered
timestamp rule reproduces the accepted labels, the authoritative annotation document
and historical producing version remain unverified. Chronological separation therefore
supports a test on later observations within this recording; it does not establish trans-
fer across independent machines, factories or failure episodes. The single-observation
representation also provides no specified forecasting horizon or demonstrated warning
lead time. These limits qualify the temporal-generalization and industrial-applicability
concerns identified in Sect. 2.

Experimental coverage remains bounded despite the broader campaign. Three- and
ten-client simulations, varying label allocation and partial participation extend the
core comparison, but do not reproduce physical cross-factory networks, asynchronous
updates or heterogeneous devices. FedAvg is the only aggregation method evaluated,
with a fixed 20-round budget and three local epochs. The bounded learning-rate search
does not establish optimal tuning for every architecture, and the smaller diagnostic
and sensitivity seed sets provide less precise estimates than the core comparison. Holm
adjustment covers the 16 planned contrasts rather than every exploratory analysis.
Repeated seeds characterize variation within the stated protocols, while MetroPT3
retains a shared test interval; they are not independent industrial replications.

The measured quantities also have distinct operational limits. GPU-host timings
include API overhead, and EEI combines parameter count with amortized latency; nei-
ther establishes device-level energy use, network traffic or compliance with real-time
deadlines. Keeping raw data local provides no demonstrated protection against infor-
mation leakage from exchanged updates, because secure aggregation and differential
privacy are not implemented. IG covers all five model families, but remains one attri-
bution method with a zero reference input and finite class-specific samples. Undefined
comparisons and small attribution magnitudes constrain interpretation, while neither
agreement statistics nor fixed-checkpoint gradient diagnostics establish causal sen-
sor effects or usefulness to maintenance personnel. Reproducibility of this benchmark
consequently remains separate from validation of a deployed maintenance system.
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7 Future Work

The next stage should validate the full decision pipeline on independent machines
and additional chronological periods before prospective deployment. This should begin
with verified annotation lineage and explicit definitions of failure episodes and warn-
ing horizons, followed by rolling temporal evaluation with validation-only threshold
selection. Operational assessment should report missed failures, false alarms and warn-
ing lead time alongside AUPRC and Fs. Deployment on the intended edge hardware
should then measure single-observation and batch latency, memory, power and trans-
mitted update volume under realistic connectivity. Operator review would determine
whether alerts and explanations support maintenance decisions; secure aggregation
and, where appropriate, differentially private training should be evaluated together
with their utility and computation costs.

Algorithmic extensions should be tested as controlled alternatives to synchronous
FedAvg. FedProx, SCAFFOLD and adaptive server optimizers such as FedAdam pro-
vide distinct comparisons for proximal regularization, client-drift correction and server
optimization; personalized models should be assessed separately when local objectives
differ. Each comparison should retain matched partitions, tuning budgets and commu-
nication accounting across label, feature and availability shifts. Representation studies
should test feature-order sensitivity and introduce explicit temporal windows before
considering temporal backbones. Explanation evaluation should also vary IG reference
inputs and include complementary attribution methods, paired class-specific samples
and targeted perturbation tests. These studies would test whether proposed mech-
anisms improve detection, resource use or explanation reliability, without assuming
that gains in one dimension transfer to the others.
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