IndusDiff: A Latent Diffusion Framework for Industrial Audio
Generation for Data-Scarce PHM

Muhammad Areeb !, Jida Huangz, Sudhir Rajagopalan3, Merrill Edmonds®*, Miao He’, and David He®

12,6 University of Illinois Chicago, Chicago, IL, 60607, USA

mareeb2 @uic.edu

Jida@uic.edu
davidhe @uic.edu

345 Siemens Corporation, Princeton, NJ, 08540, USA

sudhir.rajagopalan @ siemens.com

merrill.edmonds @siemens.com

miao.he @siemens.com

ABSTRACT

Prognostics and Health Management (PHM) systems increas-
ingly rely on data-driven models for fault diagnosis and
anomaly detection, yet their effectiveness is fundamentally
constrained by the scarcity and imbalance of labeled fault-
condition data. This challenge is particularly acute in in-
dustrial audio monitoring, where failure events are rare, haz-
ardous to induce, and highly variable across operating con-
ditions. While recent advances in generative modeling of-
fer a promising pathway for data augmentation, existing au-
dio generation methods either suffer from high computational
cost in the waveform-domain diffusion or fail to preserve
phase-sensitive characteristics critical for capturing transient
fault signatures.

To address these challenges, this paper proposes IndusDiff, a
phase-aware latent diffusion framework for high-fidelity in-
dustrial audio generation tailored for PHM applications. The
proposed approach combines a phase-aware convolutional
autoencoder with a latent diffusion model to enable efficient
and physically meaningful audio synthesis. The autoencoder
is trained using a multi-resolution spectral loss that jointly en-
forces waveform fidelity, spectral consistency, and temporal
phase coherence, thereby preserving diagnostically relevant
features such as transients, harmonics, and high-frequency
components in the latent representation. Diffusion is then
performed in this compressed latent space, significantly re-
ducing computational complexity while maintaining genera-
tion quality.

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

Unlike conventional latent diffusion methods that primarily
focus on perceptual realism, the proposed framework explic-
itly addresses the unique characteristics of industrial audio
signals, including non-stationarity, multi-scale temporal dy-
namics, and phase-sensitive fault signatures. By preserving
both magnitude and phase information, the model generates
synthetic audio that is not only perceptually realistic but also
structurally consistent with real machine signals, making it
suitable for downstream PHM tasks.

The framework is evaluated on two complementary datasets:
a publicly available industrial motor dataset and an in-house
dataset capturing multi-stage assembly operations. Gener-
ation quality is assessed using the Frechet Audio Distance
(FAD) as the primary quantitative metric, along with wave-
form and spectrogram analyses for qualitative validation. Ex-
perimental results demonstrate that IndusDiff produces statis-
tically consistent, high-fidelity industrial audio while achiev-
ing significant improvements in computational efficiency,
generating 48 kHz audio samples of several seconds in du-
ration in just seconds on modern GPU hardware.

1. INTRODUCTION

Unplanned failure of industrial assets such as motors, pumps,
fans, valves, conveyors, and other rotating or flow-driven ma-
chinery can impose severe operational and financial costs on
assembly lines. Prognostics and health management (PHM)
has emerged as the principal discipline for mitigating this
risk by detecting degradation early and informing mainte-
nance decisions before catastrophic failure occurs (Lei et al.,
2018; Zhao et al., 2019). In recent years, deep learning has
substantially advanced PHM capabilities, supplanting hand-
crafted feature pipelines with end-to-end representations that
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excel at fault classification, remaining useful life (RUL) esti-
mation, and anomaly detection (Li, Ding, & Sun, 2018; Ding,
Ma, Ma, Wang, & Lu, 2023). Despite this progress, a persis-
tent gap remains between what these models can achieve in
controlled research settings and what is reliably deployable in
real industrial environments.

Acoustic sensing has attracted particular interest for PHM
because microphones are inexpensive, non-contact, and
straightforward to retrofit across diverse machine types and
production lines (Purohit et al., 2019; Koizumi et al., 2020).
Industrial audio, however, is considerably harder to model
than the curated speech or music signals that dominate the
audio machine learning literature. Machine sounds combine
tonal periodic components (e.g., shaft rotation harmonics)
with broadband turbulence, friction noise, and short-duration
transient events (e.g., impacts, cavitation, leakage), all of
which occur simultaneously over a wide frequency range
while being corrupted by environmental reverberation, cross-
machine interference, and load-dependent variability (Purohit
et al., 2019). Critically, both spectral structure and tempo-
ral phase behavior can carry diagnostically relevant infor-
mation. Subtle transients and high-frequency cues, often
under-emphasized by human-centric feature representations,
may encode the earliest signatures of mechanical degradation
(Koizumi et al., 2020).

A fundamental bottleneck for PHM model development is
the chronic scarcity of labeled fault-condition recordings as
depicted in Figure 1. Acquiring such data requires deliber-
ately inducing failures in operational equipment which is a
costly, hazardous, and rarely sanctioned procedure in pro-
duction environments. As a result, industrial audio datasets
are heavily skewed toward normal operating conditions, with
anomalous samples that are genuinely difficult to collect at
scale. Public benchmark efforts explicitly acknowledge this
deficit: several challenge formulations treat anomalous ex-
amples as limited or entirely unavailable during training,
relying instead on unsupervised or semi-supervised detec-
tion (Koizumi et al., 2020). This scarcity not only compli-
cates supervised learning but also undermines model robust-
ness to the operating-condition variability inevitable in real
deployments, where machine configurations, load profiles,
and environmental contexts differ from one installation to the
next.

Generative modeling provides a principled pathway to ad-
dress this gap by synthesizing plausible machine sounds
across diverse conditions. Early neural audio synthesis
was dominated by autoregressive waveform models such as
WaveNet (van den Oord et al., 2016), which achieve strong
perceptual fidelity through sample-by-sample prediction but
scale poorly to the long signal windows required for in-
dustrial monitoring. GAN-based generators improved sam-
pling speed substantially through parallel waveform synthe-
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Figure 1. Industrial environments exhibit rare fault events,
high noise, and non-stationary conditions, leading to limited
and imbalanced labeled data. This constrains diagnostic mod-
els, resulting in mis-classification, overfitting, and poor gen-
eralization to unseen faults. The figure highlights a key chal-
lenge: how can models learn failure patterns that are under-
represented or absent in training data.

sis (Kumar et al., 2019; J. Kong, Kim, & Bae, 2020), yet ad-
versarial training is sensitive to hyperparameter choices and
prone to mode collapse, which is a particularly serious draw-
back for PHM, where failing to reproduce low-probability but
high-impact fault signatures is unacceptable. Variational au-
toencoders offer training stability but often sacrifice the per-
ceptual sharpness of transient events (Kingma & Welling,
2014), precisely the cues most relevant to early fault detec-
tion.

Denoising diffusion probabilistic models (DDPMs) have re-
cently emerged as a compelling alternative, providing sta-
ble training through a denoising score-matching objective
and achieving state-of-the-art generation quality across both
images and audio (Ho, Jain, & Abbeel, 2020; Y. Song et
al., 2021). In the audio domain, DiffWave (Z. Kong, Ping,
Huang, Zhao, & Catanzaro, 2021) and WaveGrad (Chen
et al., 2021) demonstrated that iterative diffusion over raw
waveforms can match or exceed autoregressive quality while
permitting a configurable speed-quality trade-off. A key
practical limitation, however, is computational cost: generat-
ing high-quality samples requires many sequential denoising
evaluations, and the high dimensionality of raw waveforms
at industrial sampling rates (e.g., 48 kHz) makes waveform-
domain diffusion prohibitively slow for large-scale augmen-
tation workloads. While accelerated samplers (J. Song,
Meng, & Ermon, 2021) reduce the required step count sub-
stantially, the per-step cost of operating directly in waveform
space remains a bottleneck that motivates representational
rather than purely algorithmic solutions.

The literature on speech/audio diffusion is mature, but it
assumes abundant data and often neglects phase detail.
GAN/vocoder works focus on speech conditioning. In con-
trast, industrial audio requires models that generalize from
few examples and respect phase-sensitive anomalies. Ad-
ditionally, diffusion literature has mostly used waveform-
domain and paid less attention to latent compression for audio
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(with notable exceptions like AudioLDM (Liu et al., 2023)).
To address these limitations we propose a phase-aware la-
tent diffusion framework for industrial audio generation
that resolves this tension by performing diffusion in a com-
pressed latent space rather than in the raw waveform domain.
The central insight is that the computational burden of wave-
form diffusion can be substantially reduced by first learning
a compact, information-preserving representation of the au-
dio signal and then applying diffusion exclusively within that
lower-dimensional space, an approach validated by the suc-
cess of Latent Diffusion Models (LDMs) in high-resolution
image synthesis (Rombach, Blattmann, Lorenz, Esser, & Om-
mer, 2022) and general audio generation (Liu et al., 2023).
For industrial audio, however, a naive latent space is insuf-
ficient: standard autoencoder training objectives that min-
imize magnitude-spectrum reconstruction discard instanta-
neous phase information, leading to waveforms with per-
ceptually plausible spectra but corrupted temporal fine struc-
ture. This is especially damaging for impulsive fault signa-
tures, where waveform phase coherence directly determines
whether a transient event is faithfully rendered.

To address this, we introduce a phase-aware autoencoder
trained with a multi-resolution spectral loss that jointly su-
pervises magnitude and phase reconstruction across multiple
frequency resolutions. This encoder compresses industrial
audio into a compact continuous latent code while preserv-
ing both spectral content and temporal phase structure. A
latent diffusion model then learns to synthesize novel latent
codes representative of real machine operating states, which
are decoded back to full-resolution waveforms. We validate
the framework on two distinct industrial audio datasets, as-
sessing generation quality through Fréchet Audio Distance
(FAD) (Kilgour, Zuluaga, Roblek, & Sharifi, 2019) as the
primary metric, complemented by qualitative waveform and
spectrogram analysis. By confining diffusion to latent space,
our system generates 5.0-second audio at 48 kHz in approx-
imately 8.1 seconds on NVIDIA GeForce RTX 5070, an
order-of-magnitude reduction in sampling time compared to
waveform-domain diffusion baselines while maintaining per-
ceptual and temporal closeness to real signals.

In summary, the main contributions of this work are:

* A phase-aware autoencoder with a multi-resolution
spectral loss that compresses industrial audio into a com-
pact latent space while faithfully preserving both spectral
and temporal phase characteristics essential for PHM-
relevant fault signatures.

* A stable latent diffusion model for industrial audio syn-
thesis that generates high-fidelity, perceptually realistic
machine sounds at 48 kHz with a dramatically reduced
sampling cost compared to typical waveform-domain
diffusion approaches.

* A cross-dataset evaluation on two industrial audio

benchmarks using FAD alongside waveform and spec-
trogram analysis, demonstrating that the proposed frame-
work generalizes across different machine types and
operating conditions requiring only dataset-appropriate
conditioning and minor capacity adjustments.

The rest of the paper is arranged as follows: Section 2 elab-
orates the advancements in the field of acoustic signal gen-
eration. Section 3 explains the latent diffusion approach we
implemented for generating acoustic signals. Section 4 talks
about the evaluation methodology for assessing the quality of
generation. Next, we describe the datasets and the results
from our generation experiment and provide some discus-
sions in Section 5. Lastly, we present our conclusion and
highlight future directions of the work in Section 6.

2. RELATED WORK

This section provides a brief review of advancements made
in the field of acoustic signal generation. A diagrammatic
view of the progression is also presented leading up to our
contribution, as can be seen in Figure 2.

2.3. Deep Generative
Models
GANs and VAE
Susceptible to mode collapse
and fail to capture high
frequency details
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Time inexpensive but
largely unexplored for
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2.1. Physics
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Not suited for
stochastic signals

\ 4

2.2. Classical 2.4.Diffusion models
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Parametric models cost
Valid for simple Scalability issues
generation

2.6. Phase Aware
Latent Diffusion
Scalable, preserves
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Figure 2. Progression of generative modeling approaches
for acoustic signal synthesis, illustrating the evolution from
physics-based and classical statistical methods toward deep
generative and latent diffusion frameworks. Each paradigm
is characterized by its primary limitation relative to industrial
audio requirements: physics-based models lack flexibility for
stochastic signals; classical statistical models are restricted
to simple parametric distributions; deep generative models
(GANSs and VAEs) suffer from training instability and loss
of high-frequency detail; waveform-domain diffusion mod-
els incur prohibitive computational cost at industrial sampling
rates; and general-purpose latent diffusion models, while ef-
ficient, remain largely unadapted to the unique spectral and
phase characteristics of industrial machinery sounds. The
proposed framework (Section 2.6) addresses these limitations
through a phase-aware latent diffusion design that is simulta-
neously scalable, computationally efficient, and faithful to the
high-frequency and phase structure diagnostically relevant in
PHM applications.

2.1. Physics-based Modeling Approaches

Prior to the widespread adoption of deep learning, syn-
thetic audio generation in industrial settings relied primarily
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on physics-based modeling and procedural signal synthesis.
Physics-based approaches attempted to replicate the acoustic
behavior of mechanical systems by explicitly modeling vibra-
tion dynamics, structural resonance, and acoustic wave prop-
agation, often derived from governing equations of motion
and structural dynamics (Lei et al., 2018; Zhao et al., 2019).
While these methods provide physically interpretable repre-
sentations, they require detailed system knowledge and are
difficult to generalize across diverse machine types and oper-
ating conditions.

Procedural and signal-based synthesis techniques generated
audio using handcrafted rules and parametric signal mod-
els. Although effective for simple periodic signals, these ap-
proaches struggle to capture the non-stationary, multi-scale,
and stochastic nature of real industrial audio signals, limiting
their applicability for modern PHM systems.

2.2. Statistical Generative Models

Statistical generative models such as Gaussian Mixture Mod-
els (GMMs) (Reynolds & Rose, 1995; McLachlan & Peel,
2000) and Hidden Markov Models (HMMs) (Rabiner, 1989)
were widely adopted for audio modeling, particularly in
speech and environmental sound synthesis. GMMs rep-
resent the spectral distribution of an audio signal as a
weighted sum of multivariate Gaussians, providing a tractable
probabilistic characterization of stationary acoustic features
such as speaker identity and phoneme class (Reynolds &
Rose, 1995). HMMs extend this framework by coupling
GMM emission densities with Markov state-transition dy-
namics, enabling the modeling of temporal sequences with
time-varying acoustic properties, and became the dominant
paradigm for speech recognition and synthesis throughout the
1990s (Rabiner, 1989).

However, the reliance of these models on simplifying as-
sumptions such as Gaussian emission distributions and con-
ditional independence between successive frames fundamen-
tally limits their capacity to model high-dimensional, com-
plex signals. Industrial audio, characterized by overlapping
harmonics, broadband turbulence, and short-duration tran-
sient impulses (Purohit et al., 2019), violates these assump-
tions directly: individual fault events produce non-Gaussian,
impulsive amplitude distributions, while the superposition of
multiple mechanical sources creates non-stationary spectral
structure that cannot be captured by a fixed mixture model.
Consequently, GMM and HMM approaches yield poor rep-
resentational fidelity for fault-condition industrial audio and
provide no mechanism for synthesizing novel, physically
plausible machine sounds at arbitrary operating conditions.

2.3. Deep Generative Models for Audio

Deep learning introduced powerful generative frameworks
capable of modeling complex data distributions. Variational

Autoencoders (VAEs) (Kingma & Welling, 2014) provide
stable training and structured latent representations but of-
ten produce over-smoothed outputs, failing to preserve high-
frequency transients critical for industrial signals.

Generative Adversarial Networks (GANs) (Goodfellow et al.,
2014) enable high-fidelity audio generation through adversar-
ial learning. Models such as MelGAN (Kumar et al., 2019)
and HiFi-GAN (J. Kong et al., 2020) achieve realistic wave-
form synthesis with efficient parallel generation. However,
GAN:Ss suffer from training instability and mode collapse, lim-
iting their ability to capture rare but diagnostically important
events.

Autoregressive models such as WaveNet (van den Oord et
al.,, 2016) and SampleRNN (Mehri et al., 2017) achieve
high-quality synthesis by modeling sample-level dependen-
cies. Despite their fidelity, their sequential nature makes them
computationally infeasible for long-duration, high-resolution
industrial audio.

2.4. Diffusion Models for Audio Generation

Denoising Diffusion Probabilistic Models (DDPMs) (Ho et
al., 2020) have emerged as a robust alternative for generative
modeling, learning to reverse a stochastic noise process. Dif-
fusion models offer stable training and improved mode cov-
erage compared to GANs, making them suitable for diverse
data generation. In audio synthesis, DiffWave (Z. Kong et
al., 2021) and WaveGrad (Chen et al., 2021) demonstrate that
diffusion models can achieve high-fidelity waveform gener-
ation. The score-based formulation further generalizes this
framework through stochastic differential equations (Y. Song
et al., 2021).

Despite these advances, waveform-domain diffusion is com-
putationally expensive due to the high dimensionality of raw
audio signals. Even accelerated samplers such as DDIM (De-
noising Diffusion Implicit Model) (J. Song et al., 2021) and
DPM-Solver (Lu et al., 2022) require significant computa-
tional resources, limiting scalability for industrial applica-
tions.

2.5. Latent Diffusion for Efficient Audio Synthesis

Latent Diffusion Models (LDMs) (Rombach et al., 2022)
address these limitations by performing diffusion in a com-
pressed latent space learned via an autoencoder. This reduces
computational complexity while preserving semantic struc-
ture. Recent works extend latent diffusion to audio gener-
ation. AudioLDM (Liu et al., 2023) demonstrates text-to-
audio generation using latent representations, while Audi-
oLDM2 (Liu et al., 2024) improves generalization through
self-supervised learning. Stable Audio (Evans et al., 2024)
further extends latent diffusion to long-form audio synthesis.

However, these models are designed for general audio do-
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mains and do not explicitly address the unique characteristics
of industrial signals, such as transient faults, harmonic struc-
tures, and operating-condition variability.

2.6. Phase-Aware Latent Diffusion and Relation to Exist-
ing Latent Audio Models

Preserving phase alongside spectral magnitude is a central
difficulty in industrial audio modeling, since magnitude-only
objectives leave phase under-constrained and degrade wave-
form fidelity (Griffin & Lim, 1984). Complex-valued net-
works (Choi et al., 2019) and multi-resolution STFT losses
(Yamamoto, Song, & Kim, 2020) address this at the level of
the training objective, capturing temporal and spectral struc-
ture across multiple scales, but their integration into latent
diffusion frameworks remains underexplored. This work pro-
poses such an integration: a multi-resolution phase-aware au-
toencoder coupled to a latent diffusion model.

AudioLDM (Liu et al., 2023) and AudioLDM2 (Liu et al.,
2024) share the latent-diffusion formulation adopted here but
differ in the construction of the latent space, and the differ-
ence matters for industrial audio. Both diffuse over a vari-
ational latent of the mel spectrogram, from which instanta-
neous phase is absent by construction; the waveform is re-
covered by a separately trained neural vocoder (J. Kong et al.,
2020) that synthesises a phase field consistent with the pre-
dicted magnitudes. Temporal fine structure is therefore gov-
erned by a vocoder prior learned on a general-purpose cor-
pus rather than by the machine under analysis. Listeners are
largely insensitive to absolute phase, so this is adequate for
speech and general audio; it is not adequate for PHM, where
onset timing, crest factor and transient sharpness distinguish a
mechanical impact from a smeared reconstruction of one. In-
dusDiff instead diffuses over the latent of a one-dimensional
waveform autoencoder supervised by a complex-STFT resid-
ual, a windowed normalised cross-correlation term and, for
impulsive data, a peak-location term. Phase structure is car-
ried in the latent code itself, and decoding is a single deter-
ministic pass with no vocoder and no phase reconstruction.
Stable Audio (Evans et al., 2024) also adopts a waveform la-
tent, but learns phase behaviour implicitly through adversarial
training rather than through explicit objectives.

Bandwidth imposes a second limitation. AudioLDM and Au-
dioLDM2 operate at 16 kHz, an 8 kHz Nyquist limit, whereas
Section 5.2.2 locates mechanical fault energy in the 5-10 kHz
band of the broken-engine condition; the upper half of that
band is unrepresentable at 16 kHz. IndusDiff operates at the
acquisition rates of the source data (44.1 kHz and 48 kHz).
A third difference concerns conditioning: general-purpose
models rely on natural-language embeddings and pretrain-
ing over thousands of hours of captioned audio, neither of
which transfers to industrial monitoring, since machine states
are not naturally described by text and no captioned corpus

of fault recordings exists at that scale. IndusDiff is trained
from scratch on the target machine and conditioned on signal-
derived features, a pooled mel context for quasi-stationary
motor audio, and sequence-level cross-attention with a frame-
level event map for temporally structured assembly audio.

The diffusion formulation itself follows established practice.
What differs is the latent space, which is designed so that
the phase-sensitive quantities carrying fault signatures sur-
vive compression rather than being regenerated at decode
time.

3. METHODOLOGY
3.1. Framework Overview

Let 2(t) € RT denote a real-valued industrial audio wave-
form signal sampled at high resolution. Direct generative
modeling in waveform space is computationally prohibitive
due to the high dimensionality of z(¢) and the iterative nature
of diffusion models.

To address this, we adopt a latent diffusion framework, where
generation is performed in a compressed latent space learned
via an autoencoder. The overall pipeline is defined as:

E iffusi D,
ZC(t) —¢>Z() Diffusion 20 ) .’ff(t), (l)

where Ey and Dy, denote the encoder and decoder, respec-
tively, and zg is the latent representation. Diffusion is per-
formed entirely in latent space, while waveform space is used
only for reconstruction and auxiliary supervision.

This decoupling significantly reduces computational com-
plexity while preserving perceptual fidelity.

We employ a fully convolutional 1D autoencoder operating
directly on raw waveforms z € R'*7, T=132,096 samples
(=3s at 44.1 kHz) for the engine data and 7'=240,000 sam-
ples (=5 s at 48 kHz) for the assembly data.

3.1.1. Encoder

The encoder E, begins with a kernel-7 convolutional stem
(Conv—GN-SiLU) and is followed by L hierarchical down-
sampling blocks. Each block applies strided convolution with
residual learning:

A" = Conv;=3 (SiLU GN RB(h(!~1)), 2)

where RB(-) is a residual block of two Conv—GN-SiLU lay-
ers with a skip connection:

RB(h) = h+fo(fi(h)),  fi(-) = SiLUGN(Convy—s(-)).
3)

Each stride-2 block halves the temporal resolution, so L
blocks give a compression ratio R = 2, and a final 1 x 1
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convolution projects to C' = 16 latent channels:

R=2" = 2 =Eu(x) e R T,=T/R. @4
The encoder depth is set per dataset to match the tempo-
ral structure of each signal regime. Motor audio is quasi-
stationary, its diagnostic content lies in a slowly varying spec-
tral envelope and periodic harmonics, so the waveform is
temporally redundant and well captured by a coarse latent
grid; we use L = 6 (R = 64) with channel progression
[128,192, 256,384, 512,512,512], giving T, = 2064 for
T = 132,096 while minimizing the latent length and down-
stream diffusion cost. Assembly audio is the opposite regime:
it is dominated by sparse, impulsive transients whose infor-
mation is concentrated in sub-millisecond onsets with a high
crest factor (peak-to-RMS ratio), localized to a small frac-
tion of the clip. The compression ratio bounds both the latent
grid spacing (fs/R frames per second) and the resolution of
the frame-level event map £ € R™=** used for conditioning;
at 48 kHz, R = 64 places one latent frame every 1.33 ms,
whereas R = 32 halves this to 0.67 ms. A coarser grid smears
the onset across fewer frames and caps the recoverable peak
amplitude, making the transient region the binding term in the
reconstruction error. We therefore use L = 5 (R = 32) with
channel progression [128, 192, 256, 384, 512, 512] for the as-
sembly model, doubling the latent resolution to 7, = 7500
(T = 240,000) to preserve onset sharpness and peak struc-
ture at the cost of a longer latent sequence.

3.1.2. Decoder

The decoder D, mirrors the encoder with L upsampling
blocks (L = 6 for the motor model, L = 5 for the assembly
model). Each block applies a learned transposed convolution,
a refinement convolution, and a residual block R’, with Snake
activation:

h® = R’ (Snake(GN (Convk:g(Coanzzi(fl(l*l)))))) :

Q)
The decoder uses the Snake activation (Ziyin, Hartwig, &
Ueda, 2020):

.2
Snake(z; ) = x + M, 6)
@

where « is learned; this periodic inductive bias improves
reconstruction fidelity for oscillatory signals and enhances
zero-crossing rate (ZCR) preservation. For the motor model,
R’ is a multi-dilated residual block (MDResBlock) that ag-
gregates multi-scale temporal features through parallel di-

lated convolutions with d € {1, 3,9}:

MDResBlock(h) = Snake [ h+ Y ga(h) |,
de{1,3,9}

(7
ga(h) = GN (Convk:gyd(Snake(

GN(Convy—34(h))))).

The dilated branches widen the receptive field to reconstruct
the extended quasi-periodic and harmonic structure of mo-
tor audio. For the assembly model, whose content is a lo-
calized impulsive transient rather than sustained periodicity,
R’ reduces to a single non-dilated residual block (d = 1),
which suffices for the shorter effective support and lowers
decoder capacity. A final reconstruction head (Conv—GN-
SiLU-Conv-Tanh) produces the output waveform:

& = Dy(z0) € R™T. (8)

The detailed architecture of the encoder and decoder em-
ployed for the motor (engine) data is shown in Figure 3. For
the assembly data we use 5 down- and upsampling blocks in-
stead of 6 to better preserve transient and onset detail; the
encoder structure is otherwise identical, while the decoder
additionally replaces the multi-dilated residual block with a
single non-dilated residual block.

3.1.3. Phase-Aware Reconstruction Loss

The autoencoder is trained with a composite loss that com-
bines established spectral objectives from neural vocoding
with domain-specific terms tailored to industrial audio. The
two datasets share a common pool of component losses but
use different instantiations. The motor model uses the full
phase-aware set, including a complex-STFT phase term and
two high-frequency emphasis terms:

Egl]%tor :)‘21 £Z1 + )\MREMR + )\corrﬁcorr + )\rmscrms

+ At Lng + Ape+ Lypp+ + AaeLde + AscLsc-

©))
For the assembly model, whose recordings are impulsive with
near-silent backgrounds, the complex-STFT term (Ac = 0)
and the high-frequency terms are removed, global phase and
high-band objectives are otherwise dominated by reconstruc-
tion of the silent noise floor and a peak-location term is added
to directly preserve onset sharpness and crest factor:

aASEr]n :)‘51 ‘651 + )‘MREMR + Acorrﬁcorr + >\rms£rms

(10)

+ )\peakﬁpeak + /\dc‘cdc + /\scﬁsc-
The waveform, multi-resolution STFT, complex-STFT, cor-
relation, RMS, and high-frequency terms are computed on
DC-centered signals, & =  — z and # = # — %, whereas the
DC, peak-location, and spectral-centroid terms operate on the
original signals (the DC term explicitly penalizes the residual
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Input waveform
= RBxCxT

T=f,xD

Stem: ConvlD(1—128,k=7) + GN + SiLU

Enc Block 1: 128—192, stridex2, ResBlock, GN, SiLU

Enc Block 2: 192—256, stridex2, ResBlock, GN, SiLU

Enc Block 3: 256—384, stridex2, ResBlock, GN, SiLU

Encoder

Enc Block 5: 512—512, stridex2, ResBlock, GN, SiLU

Enc Block 6: 512—512, stridex2, ResBlock, GN, SiLU
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Encoder projection ConvlD(512 — C, k= 1)
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Latent representation
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v

Decoder projection ConvlD(C, — 512, k= 1)

Dec Block 1: 512—512, ConvTransposel, MDResBlock,
GN, Snake

Dec Block 2: 512—512, ConvTransposeld,
MDResBlock, GN, Snake

MDResBlock, GN, Snake

Decoder

MDResBlock, GN, Snake

Dec Block 5: 256—192, ConvTransposeld,
MDResBlock, GN, Snake

Dec Block 6: 192—128, ConvTransposeld,
MDResBlock. GN, Snake

Decoder head: ConvlD(128—128,k=3) + GN + SiLU —

[ Dec Block 3: 512—384, ConvTransposeld,

Dec Block 4: 384—256, ConvTransposeld, ]

ConvlD(128—1.k=7) + Tanh

|

{ Reconstruction ]
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Figure 3. Proposed 1D convolutional phase-aware autoen-
coder, shown for the motor model (L = 6, R = 64); the
assembly model uses L = 5 (R = 32) with single-dilation
decoder residual blocks.

offset). Each component is described below, and a brief sum-
mary is given in Table 1, along with the weights used to train
the model. We used a grid search method to optimize the loss
function.

Waveform Loss (both). A time-domain ¢; term enforces
sample-level fidelity and amplitude alignment:

Lo, = L7 — 2|1 (11)

Multi-Resolution STFT Loss (both). Following Parallel
WaveGAN (Yamamoto et al., 2020), the MR-STFT loss en-
forces spectral consistency across multiple time—frequency
scales, combining a spectral-convergence term (first term)
with a log-magnitude term (second term) over a set {2 of
STFT configurations:

T

nesz HS” JU)|HF

1S5 ()] = 1Sn(@)]|

+ H log |Sy,(z)| — log |Sn(‘%)|H1

+Ac Lc.

The complex-domain residual term L¢ injects phase infor-
mation by penalizing the real and imaginary STFT com-
ponents at the highest resolution, in the spirit of complex-
spectrum modeling (Choi et al., 2019; Takaki, Nakashika,
Wang, & Yamagishi, 2019); magnitude-only losses are
known to leave phase under-constrained (Griffin & Lim,
1984). It is active for the motor model only (A = 0.1) and
disabled for the assembly model, where Lyr reduces to a
magnitude objective:

Lo = [[Re(AS)l1 + [Tm(AS)[]1,

~ x (13)
AS = S2048(Z) — S2048(Z).

Correlation Loss (both). A windowed normalized cross-
correlation term penalizes local waveform decorrelation,
complementing the spectral losses with an explicit time-
domain phase-alignment objective over IN,, non-overlapping
windows (window length 100 ms for the motor model, 10 ms
for the assembly model):

1 Ny

Ny

(i, 2:)

i 1Tl 1] + €

Ecorr =1- (14)

RMS Loss (both). An energy-consistency term matches
the global amplitude envelope, which encodes load-state in-
formation relevant to downstream PHM:

Lyims = | rms(Z) — rms(2) |. (15)

High-Frequency Loss (motor only). Inspired by pre-
emphasis weighting, a high-pass ¢; term at 2 kHz and 8 kHz
(H¢, denotes a high-pass at cutoff f.) emphasizes bright har-
monic and fault-related content in the quasi-stationary motor
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signal:

Lut = ||How(#)—Ho(2) 1, Lyr+ = [Hsr(Z)—Hsi(@)]1-

(16)

Peak-Location Loss (assembly only). To preserve the am-
plitude and timing of the dominant transient, we introduce a
term that evaluates the reconstruction at the exact sample of
the true peak, t; = argmax; |x;(t)|, so it cannot be satisfied
by high-amplitude content placed elsewhere in the clip:

B

pedk = E

— || (85) |- (17)

DC Loss (both). A DC-offset term suppresses residual bias
introduced by the decoder:

Lac = |2 — 2| + |2, (18)

Spectral Centroid Loss (both). We additionally intro-
duce a spectral-centroid term that matches the frequency-
weighted spectral mean, regularizing the global spectral bal-
ance (brightness) of the reconstruction:

SCfBZ' xb‘””'. (19)

3.2. Latent Diffusion Model
3.2.1. Forward Process

Diffusion is performed in latent space. The forward process
gradually corrupts zy with Gaussian noise:

Zy = \/Q1 2o + V1 — ay €,

where the noise schedule {&;} follows a cosine sched-
ule (Nichol & Dhariwal, 2021) over 7" = 1000 timesteps.

e~N(0,I), (20

3.2.2. Reverse Process and v-Prediction

The denoiser is trained with the velocity (v) parameterization
(Salimans & Ho, 2022), which improves stability over noise
prediction at low step counts:

zvdte—\/l—dtzo. (21)
The denoising network fy is trained to predict v;:
B[ fo(ze,t.c) = veli3] , (22)

and the clean latent is recovered at inference via zg =
Va2 —+/1 — &; V. For the assembly model, whose signals
are temporally sparse, the per-element error is weighted by
an event mask m derived from the event map, up-weighting

Laig =

transient frames by a factor wimyyp:
= E[|mo (folzte.e B) - vl . @3

3.2.3. Conditioning

Both models inject the diffusion timestep through feature-
wise linear modulation (FiLM) (Perez, Strub, de Vries, Du-
moulin, & Courville, 2018) at every residual block, where
[v; 8] are predicted from the time embedding. The two
datasets differ in how the acoustic conditioning is applied.

Motor model (global mel-FiLM). The mel spectrogram
is mean-pooled into a single global context vector ¢, which
drives an additional FiLM modulation at every residual block:

[v; B] YoOh+8,  folzs,t,c).
(24)

=MLP(e),  FiLM(h) =

No attention or event conditioning is used.

Assembly model (cross-attention + Block-FiLM). Be-
cause assembly audio is governed by the temporal position
of mechanical events, the mel conditioning is applied as a se-
quence rather than a pooled vector. The mel context and a
prepended event token e form the keys and values of a cross-
attention (Rombach et al., 2022) applied at the coarser U-
Net scales. In parallel, the frame-level event map E drives
a Block-FiLM modulation in every residual block, providing
per-position control aligned to the latent temporal axis, fol-
lowing the temporal-event conditioning of T-Foley (Chung,
Lee, & Nam, 2024):

[v; B] = Convix1(E),
. (25)
BlockFiLM(h) = (1++) @h+ 8.
fo(zs,t,c,e,E). (26)

The assembly model does not use the pooled global mel-
FiLM of the motor model; the mel information enters only
through cross-attention.

3.2.4. Classifier-Free Guidance

To enable controllable conditioning strength, classifier-free
guidance (Ho & Salimans, 2022) is used: the conditioning is
randomly dropped with probability pq.op during training, and
the conditional and unconditional predictions are combined
at inference with a guidance scale ~:

‘A/,E’Y )

=V (¥ — ). 27)

3.2.5. Auxiliary Waveform Losses

Although diffusion operates in latent space, additional super-
vision is applied in waveform space at low-noise timesteps
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Table 1. Reconstruction loss components for the motor and assembly autoencoders. “~" denotes a term disabled for that model.

Ac is the complex-STFT weight inside LyR.

Term Role Motor A Asm. A Source

Waveform ¢, Sample-level fidelity 2.0 2.0 Standard

MR-STFT Multi-scale spectral consistency 0.1 1.0 Yamamoto et al. (Yamamoto et al., 2020)
Complex STFT (A¢) Phase consistency (Re/Im) 0.1 - Choi et al. (Choi et al., 2019); Takaki et al. (Takaki et al., 2019)
Correlation Local time-domain alignment 1.0 0.3 Custom

RMS Energy / envelope consistency 0.5 1.0 Custom

HF (2kHz) Mid-frequency detail 1.0 - Pre-emphasis (custom)

HF (8 kHz) High-frequency detail 0.8 - Pre-emphasis (custom)

Peak-location Transient peak amplitude/timing - 2.0 Introduced here

DC Offset consistency 0.5 0.2 Custom

Centroid Spectral balance (brightness) 0.8 0.5 Introduced here

(t < 1), where the predicted clean latent is decoded:
Zo(t) = Dy(20)-

The auxiliary composition is dataset-specific. The mo-
tor model uses spectral objectives—log-mel, MR-STFT,
complex-STFT, and instantaneous-frequency losses:

(28)

Eg:gfor = )\melﬁmel + )\MRﬁMR + )\cx‘ccx + )\IF£IF- (29)

The assembly model instead uses temporal objectives tailored
to impulsive audio—an envelope-alignment term, a sparsity
term penalizing energy outside the event window, and a crest-
factor term encouraging sharp transients:

Lk = Aenv‘cenv + Asp‘csp + )\crﬁcr-

aux

(30)

In both cases the final objective combines the latent and auxil-
iary terms through an epoch-dependent warmup weight w(e):

Ltotal = ACdiiﬁf + w(t> £aux- (31)

3.2.6. Inference

Generation begins from Gaussian noise zz ~ A(0, 1) and
proceeds by iterative DDIM denoising (J. Song et al., 2021):

Zr — Z7_1 — * — 2, (32)

followed by decoding to a waveform &(t) = Dy(zo). The
motor model uses this single-stage procedure directly, while
the assembly model employs an extended, event-guided sam-
pling procedure detailed in Section 5.5.2. This latent-space
formulation enables efficient generation of high-resolution in-
dustrial audio while maintaining perceptual realism.

The detailed architecture of the latent diffusion framework is
presented in Figure 4

4. GENERATION QUALITY EVALUATION

Evaluating the quality of synthetically generated industrial
audio requires a multi-faceted assessment strategy. A sin-
gle metric is insufficient: distributional similarity scores may
fail to detect local waveform artifacts, while signal-level mea-

sures may not capture perceptual or spectral realism. We
therefore structure our evaluation across two complementary
axes: qualitative inspection and quantitative measurement,
covering temporal fidelity, spectral structure, event-onset lo-
calization, and statistical distributional similarity to real ma-
chine recordings.

4.1. Qualitative Assessment

Qualitative evaluation provides an intuitive, interpretable
view of generation quality that complements numerical met-
rics by revealing structured artifacts (e.g., spectral holes, en-
velope distortions, or missing harmonic components) that ag-
gregate scores may obscure.

4.1.1. Waveform-Level Temporal Analysis

We directly superimpose real and generated waveforms in
the time domain to qualitatively assess temporal amplitude
range, envelope characteristics, and overall signal structure.
Let (") (t) and (%) (t) denote real and generated waveforms,
respectively, defined over a common temporal support t €
[0, Ts], where T represents the clip duration in seconds.

Both signals are plotted on a shared time axis to enable visual
comparison of large-scale temporal characteristics, including
amplitude modulation patterns, transient behavior, periodic-
ity, and dynamic range consistency. This full-duration visual-
ization facilitates assessment of whether the generative model
captures the global structure of the signal distribution.

It is important to note that point-wise alignment between real
and generated waveforms is neither expected nor required in
a generative modeling framework. Instead, the comparison
is inherently distributional rather than sample-wise, empha-
sizing structural and statistical similarity over exact temporal
correspondence. For impulsive assembly recordings we ad-
ditionally examine the temporal localization of the dominant
event, since onset timing unlike fine-grained sample align-
ment is diagnostically meaningful.
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Figure 4. Overview of the proposed phase-aware latent diffusion framework for high-fidelity industrial audio generation.
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4.1.2. Average Mel Spectrogram and Difference Map

To analyze spectral fidelity at the population level, we com-
pute mel-scale log-power spectrograms for both real and gen-
erated datasets and visualize their averages independently.
Let {z;}}¥, denote a set of waveform samples. The average
mel spectrogram M € RNmi¥F is defined as:

1 N Nrrr/2
- 1 ‘ 2
My = ;log Z;) Hy[n] |Siln, f][* +¢ |, (33)
where S;[n, f] denotes the short-time Fourier transform
(STFT) coefficient at frequency bin n and time frame f for
sample i, Hy,[n] represents the k-th mel filterbank weight, and
€ is a small constant introduced to ensure numerical stability.

In this study, we employ Ny = 128 mel bands span-
ning from fi,;, up to the Nyquist frequency of each dataset
(22.05 kHz for the motor data at 44.1 kHz and 24 kHz for the
assembly data at 48 kHz).

To further highlight discrepancies between real and generated
distributions, we compute a pixel-wise difference map:

AMyp = M) — M), (34)

where M (") and M (9) denote the average mel spectrograms
of the real and generated datasets, respectively.

This difference map reveals systematic spectral biases, iden-
tifying frequency—time regions where the generative model
consistently overestimates or underestimates energy. Such
population-level analysis is particularly critical for industrial
audio, where harmonic structures and broadband noise char-
acteristics remain stable across operating conditions and must
be reproduced consistently across generated samples.

4.2. Quantitative Assessment

Quantitative metrics provide reproducible and objective mea-
sures for evaluating generative performance and enable com-
parison across models and datasets.

4.2.1. RMS Amplitude

Root-mean-square (RMS) amplitude quantifies the average
energy content of a signal:

Arms = (35)

where T denotes the number of temporal samples. We report
the mean and standard deviation of A,.,s over both real and

generated datasets, along with the ratio A8°" /Areal

rms-*

RMS consistency is particularly important in industrial con-
dition monitoring, where signal energy encodes load-state in-
formation that downstream prognostics and health manage-
ment (PHM) models rely upon. A ratio close to unity indi-
cates preservation of amplitude scale.

4.2.2. Peak Amplitude

The peak amplitude measures the maximum instantaneous
magnitude of a waveform:

Apeak = max |e]. (36)

We report the mean peak amplitude across both real and gen-
erated sets. Significant deviations indicate distortion of dy-
namic range, which may adversely affect PHM models that
rely on absolute amplitude thresholds.

4.2.3. Spectral Centroid

The spectral centroid characterizes the frequency-weighted
mean of the signal spectrum:

SN2 g 15|
SIS

where S[n] denotes the Fourier transform coefficient at fre-
quency bin n, and f,, = % is the corresponding physical
frequency, with f, representing the sampling rate. We re-
port the time-averaged spectral centroid fi. over all short-
time Fourier transform (STFT) frames.

fsc = (37)

In industrial audio, the spectral centroid reflects dominant
mechanical frequency components and is sensitive to oper-
ational conditions such as rotational speed and load variation.
Agreement between real and generated centroids indicates ac-
curate modeling of global spectral balance.

4.2.4. Onset Timing (Event Localization)

For impulsive assembly audio, the temporal position of the
dominant mechanical event is a primary quality criterion. We
detect the first-event onset ¢, as the earliest frame at which
the short-time RMS envelope erns (10 ms frames) exceeds
a fraction 6 of its peak:

H .

ton = JT min { k: ermslk] > GmJax erms /] }, (38)
S

where H is the hop length. We report the onset-time distribu-

tions of the real and generated pools and their mean deviation

Aton = | 79 _ ). smaller values indicate that generated

events occur at the correct time.

11
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4.2.5. Fréchet Audio Distance (FAD)

To evaluate distributional similarity between real and
generated audio, we compute the Fréchet Audio Dis-
tance (FAD) (Kilgour et al., 2019), which measures the
Wasserstein-2 distance between Gaussian distributions fitted
to feature embeddings:

FAD = [|pt; — g5+ Tr (E’" + 2 - 2(2’"29)1/2) » 39)

where (u,, 2,) and (¢4, X4) denote the mean vectors and co-
variance matrices of embeddings extracted from real and gen-
erated datasets, respectively, and Tr(-) denotes the trace op-
erator. Lower FAD values indicate closer alignment between
distributions.

While VGGish (Hershey et al., 2017) was originally used for
FAD computation, its performance on non-speech and non-
music domains is limited. Tailleur et al. (Tailleur et al., 2024)
evaluated multiple embedding models on the DCASE 2023
Task 7 dataset and reported that PANNs CNN14 Wavegram-
LogMel achieved the highest correlation with human percep-
tual scores (p > 0.5), whereas VGGish exhibited weak cor-
relation (p < 0.1). These findings have been adopted in the
DCASE 2024 Sound Scene Synthesis challenge, which stan-
dardizes PANN-based embeddings for evaluation.

Our application focuses on industrial and environmental au-
dio, including motor recordings and assembly processes,
which differ significantly from the speech-centric data used
to train VGGish. PANNs (Q. Kong et al., 2020), trained on
the large-scale AudioSet corpus (5,800 hours, 527 classes),
provide representations better aligned with mechanical and
environmental sound characteristics. Accordingly, we adopt
the CNN14 Wavegram-LogMel model for all FAD computa-
tions, implemented using the fadtk toolkit (Gui, Gamper,
Braun, & Emmanouilidou, 2024).

5. DATASET, RESULTS AND DISCUSSION

In this section, we first explain our datasets which we used
to train the models. Next, we describe the model parameters
we set to obtain results. Next, we explain the data evalua-
tion from the two datasets. Finally, we discuss insights and
limitations.

5.1. Dataset Details

To evaluate the proposed latent diffusion framework, experi-
ments were conducted on two complementary industrial au-
dio datasets: (i) a publicly available benchmark of machine
operational sounds under documented fault and load condi-
tions, and (ii) a custom dataset collected in a controlled labo-
ratory environment capturing a multi-stage manual assembly
process. This dual-dataset strategy enables validation across

acoustically distinct scenarios, encompassing both steady-
state rotating machinery and temporally structured human-
machine interactions, two signal regimes that impose funda-
mentally different demands on a generative model.

5.1.1. Public Dataset: Sounding Industry

The first dataset is drawn from the Sounding Industry bench-
mark introduced by Grollmisch (Grollmisch, AbeBer, Liebe-
trau, & Lukashevich, 2019), a publicly available collection of
industrial motor recordings acquired under three documented
operating conditions: normal operation (good condition),
heavy-load operation, and broken states. The dataset cap-
tures realistic variations in machine dynamics, background
noise, and operational context, and has been adopted as a
standard benchmark for industrial sound analysis and unsu-
pervised anomaly detection (Koizumi et al., 2020; Grollmisch
& Abefer, 2021).

From a generative modelling perspective, this dataset is char-
acterised by quasi-stationary acoustic structure: dominant
periodic components associated with shaft rotation harmon-
ics are superimposed on a broadband noise floor whose en-
ergy distribution shifts predictably across operating condi-
tions. This property makes the dataset well-suited for as-
sessing whether the proposed framework can capture both the
tonal machinery signature and the condition-dependent spec-
tral envelope, which together constitute the diagnostically rel-
evant information targeted by PHM systems.

5.1.2. In-House Dataset: Manual Assembly Process

The second dataset was developed in-house to capture
structured assembly operations in a controlled environment.
Audio was recorded during the sequential assembly of a
consumer-grade computing component, a process comprising
multiple mechanically distinct stages, including component
placement, alignment, and enclosure that give rise to tempo-
rally evolving, non-stationary acoustic signatures.

To introduce natural execution variability, multiple opera-
tors participated in the data collection process, producing
observed differences in motion dynamics, force application,
and inter-event timing. Varying background noise condi-
tions were additionally incorporated to reflect realistic de-
ployment environments. All recordings were acquired using
an iPhone 16 Pro Max and subsequently processed to extract
high-quality mono audio signals, resampled to a uniform rate
of 48kHz to ensure cross-sample consistency (Salamon &
Bello, 2017).

Unlike the Sounding Industry benchmark, this dataset is
dominated by transient, impulsive events—brief high-energy
bursts corresponding to discrete mechanical interactions such
as component seating and fastener tightening—interspersed
with near-silence intervals. This signal character presents a

12
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substantially harder generative challenge, as faithful synthe-
sis requires the model to reproduce not only the spectral con-
tent of individual events but also their temporal sparsity and
sharp onset structure.

5.1.3. Dataset Summary

Table 2 consolidates the key properties of both datasets.
Together, they provide complementary evaluation settings:
the Sounding Industry benchmark represents standardised,
steady-state machine operation with class-annotated condi-
tion variability, while the in-house dataset captures complex,
operator-influenced assembly processes with rich transient
structure. This pairing enables a comprehensive assessment
of the framework’s capacity to generate realistic industrial au-
dio across the diverse acoustic regimes encountered in real-
world PHM deployments. These datasets are visualized in
Figure 5.

5.2. Architecture Details
5.2.1. Phase-Aware Autoencoder

The first stage learns a compact latent representation using
the phase-aware convolutional autoencoder of Section 3 (En-
coder, Eqgs. (2)-(4); Decoder, Egs. (5)-(8)). The architec-
ture is instantiated per dataset to match each signal regime;
the two configurations are summarized in Table 3. The en-
coder applies a kernel-7 stem followed by L strided residual
stages, giving a compression ratio R = 2¥ and a latent z =
Eg(x) € RY*T= with T, = T/R. The motor model uses
L =6(R=064,T, = 2064 for T' = 132,096 at 44.1 kHz);
the assembly model uses L = 5 (R = 32, T, = 7500 for
T = 240,000 at 48kHz), trading a longer latent sequence
for finer temporal resolution to preserve impulsive onsets.
The decoder mirrors the encoder with transposed-convolution
upsampling; the motor decoder uses multi-dilated residual
blocks (dilations {1, 3,9}), while the assembly decoder uses
a single non-dilated residual block.

Reconstruction objective. Both models are trained with
the composite phase-aware loss (components and weights
in Table 1). The motor model uses the full set, including
the complex-STFT phase term and the 2 and 8 kHz high-
frequency terms; the assembly model disables the complex-
STFT (A¢ = 0) and high-frequency terms and adds the peak-
location term, reflecting its sparse, impulsive structure.

Training details. Both autoencoders are optimized with
AdamW under a linear warmup followed by cosine decay to
Nmin = 107%; per-model settings are given in Table 4. The
motor model uses weight decay 0.01 and gradient clipping at
Igll2 < 1.0.

The configurations in Tables 3 and 4 were selected through a

constrained pilot study informed by established audio autoen-
coder architectures, the characteristics of each signal regime,
and the available computational resources. For motor record-
ings, the quasi-stationary harmonic structure motivated a tem-
poral downsampling factor of 64 together with a multi-dilated
decoder; for assembly recordings, a lower factor of 32 re-
tained the finer latent temporal resolution needed to rep-
resent short-duration mechanical events. Batch sizes were
constrained by GPU memory, while learning rates and loss
weights were refined across pilot runs and assessed by recon-
struction performance and training stability, with candidate
configurations compared using standard waveform and spec-
tral reconstruction metrics.

5.2.2. Autoencoder Reconstruction Quality

Prior to evaluating generation quality, we assess the recon-
struction fidelity of the Autoencoder (AE) in isolation by en-
coding and decoding audio recordings from all four condi-
tions. This establishes condition-specific upper bounds on
generation quality: any distributional error introduced by the
AE decoder propagates through the full pipeline irrespective
of diffusion model performance.

Reconstruction quality is evaluated using signal-to-noise ra-
tio (SNR), waveform ¢; distance, log-Mel spectral distance
(dme1), RMS amplitude error, and spectral centroid error. Ta-
ble 5 reports mean and standard deviation across all condi-
tions. Reconstructed signals of engine dataset and assembly
dataset are visualized in Figure 6 and Figure 7 respectively.
A complementary quantitative view for the engine conditions
is given in Figure 13, comparing per-file amplitude distribu-
tions, mean-amplitude correlation, and spectral centroid be-
tween original and reconstructed signals.

Heavy load. The heavy-load condition achieves the highest
reconstruction fidelity, with mean SNR of 26.99 + 0.34 dB
and waveform ¢; = 0.010. These recordings exhibit sus-
tained, quasi-periodic structure with high RMS amplitude,
making them highly compressible in latent space. RMS am-
plitude is preserved within 0.09%, and centroid error is 2.15
Hz, indicating accurate reconstruction of both amplitude en-
velope and spectral balance.

Good engine. The good engine condition achieves moder-
ate reconstruction fidelity with SNR 16.64 + 0.95 dB. In-
creased variance compared to the heavy-load case reflects
greater diversity in operating cycles. The centroid error (5.15
Hz) is the largest among engine conditions, indicating mild
harmonic instability.

Broken engine. The broken engine condition yields SNR
13.03 £ 0.10 dB, the lowest among engine datasets but with
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Table 2. Summary of experimental datasets used for evaluation.

Property Sounding Industry (Grollmisch et al., 2019) In-House Assembly
Availability Public Private (in-house)

Source Industrial motors Manual assembly process

No. samples 356 (105+127+124) 103

Clip duration 3.0s 5.0s

Sampling rate 44.1 kHz 48 kHz (resampled)

Audio format Mono Stereo converted to Mono
Operating conditions Normal, heavy-load, fault Multi-stage assembly, multiple operators

a. Sounding Industry Dataset (Electric Motor data)

25 10 o

‘ Waveform 50 ms zoom in view of waveform Mel spectrogram
=T s VA A 11=
é S 1’“ ‘ 5-2 “ \’ ‘\,“‘“‘ H V . ‘\ g :
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b. CPU Assembly Data

Waveform ‘ ‘ Mel Spectrogram

ii. Mounting CPU
cover

fj Mountir;g protrusions

‘ i. Mounting Fancover ‘ iii. Bolting CPU cover

S Fancover
‘ Assembly action in the process ‘

Figure 5. Representative visualisation of industrial audio signals across operating conditions and assembly stages. Top row:
Waveform overlays, 50 ms zoomed views, and mel-spectrograms for three machine states (heavy-load, good, and broken con-
dition). Bottom row: Temporal waveform and mel-spectrogram of a representative assembly recording, aligned with discrete
mechanical events including fan-cover mounting, CPU-cover placement, and bolting.

minimal variance, indicating consistent yet lossy reconstruc- tion.
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Table 3. Autoencoder configuration for the two datasets.

Motor Assembly
Sample rate 44.1kHz 48 kHz
Clip duration 3.0s 5.0s
Input length T’ 132,096 240,000
Stages L /ratio R 6/64 5/32
Latent C, x T, 16 x 2064 16 x 7500

Decoder res. block
Reconstruction loss

dilated {1, 3,9}

full phase-aware reduced + peak

single (non-dilated)

Table 4. Autoencoder training settings.

Motor  Assembly
Optimizer AdamW AdamW
Learning rate 5x107° 2x1074
Batch size 4 2
Epochs 1000 250
Warmup epochs 25 50

Error is concentrated in two regions: (i) the 320-640 Hz band,
corresponding to fault-affected harmonic content, and (ii) the
5-10 kHz band, where positive SNR (43.55 dB) reflects real
high-frequency energy from mechanical faults (e.g., bearing
impacts). This energy is partially attenuated by the latent bot-
tleneck, establishing a ceiling on reconstructable fault detail.

Assembly (lab dataset). The assembly dataset presents the
most challenging case, with mean SNR 8.26 £+ 4.90 dB and
high variance due to sparse impulse-dominated structure.

Segment-wise analysis yields impulse SNR of 9.86 dB and
silence-region SNR of 13.16 dB. The reported RMS error
(11.39%) is dominated by amplitude imbalance between si-
lence and transient segments and does not reflect reconstruc-
tion fidelity alone.

Centroid error (18.35 Hz) and log-Mel distance (0.359) in-
dicate that while broadband characteristics are captured, the
model struggles to reproduce precise transient sharpness and
spectral detail, particularly above 4 kHz.

Reconstruction ceilings. These results establish condition-
dependent bottlenecks imposed by the autoencoder. For
steady-state engine signals, reconstruction is highly accurate
and generation performance is primarily diffusion-limited.

For fault conditions, spectral attenuation in high-frequency
bands limits achievable fidelity. For impulsive assembly data,
the inability to reconstruct sharp transients constitutes the
dominant limitation.

These constraints directly influence generation performance
and must be considered when interpreting downstream FAD.

5.3. Autoencoder Ablation Study

To evaluate the importance of the proposed reconstruction
objective, an ablation study was performed by training the
autoencoder with and without the composite loss formula-
tion. The study is conducted on both the motor and assembly
datasets, since the two signal regimes place different demands
on the objective and, as shown below, fail in qualitatively dif-
ferent ways when the composite terms are removed.

5.3.1. Motor Data

Table 6 reports the ablation for the heavy-load and broken en-
gine conditions. In both cases the autoencoder trained with
the proposed loss achieves substantially better reconstruc-
tion across every metric, while removing the composite terms
causes a collapse rather than a degradation. Under the heavy-
load condition the SNR falls from 26.99 dB to —2.12 dB and
the centroid error rises from 2.15 Hz to 6462.8 Hz; under the
broken condition the SNR falls from 13.03 dB to —5.44 dB
and the centroid error rises from 1.49 Hz to 4566.05 Hz. A
negative SNR indicates that the reconstruction error exceeds
the energy of the original signal, so the ablated model does
not produce a degraded version of the input but an essentially
unrelated one.

The RMS error is equally revealing: it rises from 0.09% to
16.71% under heavy load and from 0.13% to 58.28% under
the broken condition, indicating that without the composite
objective even the global amplitude envelope that encodes
load state for downstream PHM is not recovered. The low
standard deviations of the ablated model across all files of the
broken condition (£0.023 dB SNR, £0.541% RMS) show
that this is a systematic failure of the training objective rather
than instability on a subset of recordings.

The waveform and mel-spectrogram comparisons in Fig-
ures 8 and 9 further confirm that the ablated model preserves
neither temporal structure nor spectral distribution. Since
the autoencoder without the proposed loss already produced
poor latent reconstructions, diffusion training was not pur-
sued for this ablated setting, as the downstream latent diffu-
sion model would inherit these reconstruction errors from the
latent space.

5.3.2. Assembly Data

Impulsive assembly audio poses a different question. Be-
cause the signal consists of sparse transients embedded in
near-silence, a purely sample-wise objective can attain low
error without reproducing the acoustic structure that matters.
We therefore repeat the ablation on the assembly autoencoder,
comparing the full composite objective of Eq. (10) against a
model trained with the waveform ¢; term alone, with all ar-
chitectural and optimisation settings held fixed.

Table 7 reports the outcome, and the two configurations sepa-
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Table 5. Autoencoder reconstruction quality across all conditions.

Condition n  SNR (dB) li  dvea RMS (%) Centroid (Hz)
Enginel (good) 105 16.64 +0.95 0.021 0.247 0.11 5.15
Engine2 (broken) 124 13.03+£0.10 0.026 0.252  0.13 1.49
Engine3 (heavy) 127 26.99 £0.34 0.010 0.308 0.09 2.15

Assembly (lab)! 103

8.26 =4.90 0.009 0.359

11.39 18.35

T Assembly impulse SNR: 9.86 dB; silence-region SNR: 13.16 dB. Overall RMS error is inflated due to amplitude variation between silence and impulse
segments.

i. Good Condition

".h‘dh WW ‘l\ M i V/

ii. Heavy Load Condmon

Figure 6. Qualitative evaluation of autoencoder reconstruction fidelity across three representative audio samples. Each column
corresponds to a different signal type. From top to bottom: (i) full waveform comparison (DC-removed), (ii) zoomed-in
temporal views (first 10 ms and 50 ms) highlighting phase and amplitude alignment, (iii) mel spectrograms of the original
signals, (iv) mel spectrograms of the reconstructed signals, and (v) spectrogram difference maps (original minus reconstruction).

Table 6. Autoencoder ablation on the motor dataset, for the
heavy-load and broken engine conditions, with and without
the proposed composite reconstruction loss. Negative SNR
indicates that the reconstruction error exceeds the original
signal energy.

Condition  Loss SNR ¢1  RMS Centroid
(dB) 1 + L Hyl

Heavy load With 26.99 0.010 0.09 2.15
Without —2.12 0.306 16.71 6462.80

Broken With 13.03 0.026 0.13 1.49

Without —5.44 0.241 58.28 4566.05

rate along the axis that distinguishes sample-wise from spec-
tral fidelity. The /;-only model achieves the higher SNR
(15.73 vs. 8.26 dB) and the lower waveform error (0.00304
vs. 0.009). This is the expected result rather than a favourable
one: SNR and /¢; error are monotone functions of the quan-
tity that model was trained to minimise, so the comparison
on these two metrics is not informative about reconstruction
quality in any broader sense. It is, however, informative about
how misleading those metrics are for this signal regime. Be-

Table 7. Autoencoder ablation on the assembly dataset. The
£1-only model optimises precisely the quantity that SNR and
¢y error measure and consequently scores better on both,
while the composite objective reduces the mean spectral-
centroid error roughly fifty-fold.

Metric ¢1 only  Composite
Mean SNR (dB) 1 15.73 8.26
Mean ¢; waveform | 0.00304 0.009
Mean centroid error (Hz) | 939.90 18.35

cause assembly recordings are dominated in sample count by
near-silent background—the transient occupies a small frac-
tion of each 5 s clip—a model can drive the pointwise er-
ror down by reconstructing the background accurately while
smoothing the impulsive onsets, and the aggregate SNR will
improve rather than degrade.

The spectral-centroid comparison exposes this directly. The
{1-only reconstruction deviates from the true centroid by
939.90 Hz on average, roughly half the mean centroid of the
assembly recordings, indicating that the frequency balance of
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Full Waveform (DC-removed)

Figure 7. Qualitative reconstruction analysis of an impulse-
dominated audio sample. Top: waveform comparison (DC-
removed) between original and autoencoder reconstruction,
showing accurate temporal alignment and preservation of the
dominant transient event. Middle panels: mel spectrograms
of the original and reconstructed signals, illustrating that the
autoencoder retains the primary spectral structure. Bottom:
spectrogram difference map (original minus reconstruction),
where low-energy regions remain largely consistent, while
deviations are primarily concentrated in higher-frequency
bands and weaker background components. The minimal dis-
crepancy around the main impulse indicates strong preser-
vation of transient timing and energy, with residual errors
mainly affecting fine spectral details rather than global struc-
ture.

With Loss Function

ot Wiavaform (DC-remaved]

Without Loss Function

Pl e vtorm (DC-remaund]

Wl :‘ l‘,-,ﬂ‘:- “.‘_ I LALAL
' *r'»r\}j*v,‘f‘}-\lf'!,ff-.ﬁ‘rw\‘tl.}ﬂ\__; i

Figure 8. Waveform-level autoencoder ablation comparison
with and without the proposed composite reconstruction loss.
The model trained with the proposed loss closely follows the
original waveform at both full-duration and zoomed temporal
scales, whereas the ablated model produces noisy and poorly
aligned reconstructions.

the reconstructed signal bears little resemblance to the orig-
inal despite the favourable waveform metrics. The compos-
ite objective reduces this to 18.35 Hz, a fifty-fold improve-
ment. Since the diagnostic content of assembly audio is con-
centrated in the high-frequency components of the transient
onsets, a reconstruction that misplaces the spectral centre of
mass by this margin cannot support a downstream latent dif-
fusion model, irrespective of its sample-wise accuracy.

5.4. Latent Diffusion Model

Generation is performed in the latent space using the dif-
fusion model of Section 3 (forward process, Eq. (20); v-
prediction, Eqs. (21)—(22); classifier-free guidance). The
frozen encoder produces the clean latent zy = E(x), which
is corrupted under a cosine noise schedule (Nichol & Dhari-
wal, 2021) over Ty = 1000 steps and denoised with the
velocity parameterization (Salimans & Ho, 2022).

5.4.1. Denoising architecture.

The denoiser fy(z,t,c) is a four-level 1D U-Net with a
bottleneck, skip connections, and two residual blocks per
stage, hidden width 512 throughout ([512,512,512,512]).
The timestep is encoded by a sinusoidal embedding followed
by a two-layer MLP, e; € R?%°, and injected through FiLM

17



Annual Conference of the Prognostics and Health Management Society 2026

With Loss Function

Without Loss Function

Figure 9. Mel-spectrogram comparison for the autoencoder
ablation study. With the proposed loss, the reconstructed
spectrogram preserves the dominant harmonic structure and
produces a low-error difference map. Without the proposed
loss, the reconstruction introduces strong broadband spectral
distortion, confirming that the proposed loss is essential for
learning a useful latent representation.

at every residual block in both models.

5.4.2. Conditioning.
The conditioning differs per dataset.

Motor (Sounding Industry) — global mel-FiLM. At
44.1kHz (Ngamples = 132,096) the mel spectrogram yields
cs1 € R?59%128 'which is projected to D¢, = 256 and mean-
pooled to a global vector ¢ € R?°¢ driving FILM at every
block:

[v; B] = MLPgiLm(C),

No attention or event conditioning is used.

FiLM(h) =y ®@h+ 8. (40)

Assembly — cross-attention + event conditioning. At
48kHz (Nsamples = 240,000) the mel spectrogram yields
Mpsm € R*09%128 yged as cross-attention (Rombach et al.,
2022) keys/values, interpolated to the U-Net scales

L € {7500, 3750, 1875, 937, 468}, 41)
with head count
4, L > 1000
Nheads = ’ - ’ 42
head {8, L < 1000. “2)

Attention is applied at the coarser scales only; the finest scale
(7500) and the largest decoder scale use no attention. A
6-dimensional event token e € RS (four event descriptors
plus a two-way condition one-hot) is prepended to the mel
context as an additional token, and a frame-level event map
E € R™%0x4 drives Block-FiLM in every residual block, fol-
lowing the temporal-event conditioning of T-Foley (Chung et
al., 2024). Self-attention is disabled; only cross-attention to
the conditioning context is used.

Table 8. Latent diffusion training settings.

Motor Assembly
Learning rate 5x107° 1x107°
Effective batch size 8 2 (1 xaccum 2)
Epochs 1800 2590
Weight decay 0.01 1x1074
Gradient clip 1.0 0.5
Cond. dropout pgyop 0.1 0.20
Aux. threshold 7 100 500
EMA decay — 0.9999

5.4.3. Training objective.

Both models use the velocity objective of Eq. (22) with
classifier-free guidance (Ho & Salimans, 2022) (conditioning
dropped with probability pyrop; Table 8). For the assembly
model the latent error is event-weighted, up-weighting tran-
sient frames by wimp, = 4. At low-noise steps ¢ < 7 the
predicted clean latent is decoded and supervised in waveform
space; the auxiliary set is dataset-specific:

L2 = AnelLmel + AMRLMR + AexLex + AR LI,
(43)

Lo = )\envﬁenv + )\sp['sp + Acr‘ccr: (44)

aux

with Weights ()\mela /\MRa )\CX, )\IF) =
(0.05,0.10,0.05,0.02) for the motor model and
(Aenvs Asps Aer) = (0.25,0.45,0.12) for the assembly
model. The total loss is Liotal = Lait + w(e)Laux, Where
w(e) ramps linearly to 1 over the auxiliary-warmup epochs
(50 for the motor model, 30 for the assembly model). For the
assembly model the decode step is non-differentiable, so the
temporal terms act through a surrogate-gradient regularizer
on the latent.

5.5. Inference
5.5.1. Sounding Industry Dataset

For the Sounding Industry benchmark, inference follows the
standard single-stage latent diffusion procedure described in
Section 3. Sampling begins from Gaussian noise zp ~
N(0,1) in the latent space R'6*2:64 and proceeds using
DDIM over Nppiv = 50 reverse steps:

241 =120 + /1 — 164, 45)

conditioned on the mel-spectrogram features c of a reference
recording from the target operating condition. The denoised
latent 2 is decoded by the frozen autoencoder decoder D,
to recover a full-resolution waveform at 44.1 kHz. A total of
300 samples were generated per operating condition (normal,
heavy-load, and fault) for evaluation.
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5.5.2. In-House Assembly Dataset: Event-Guided Infer-
ence

Assembly recordings are characterised by sparse transient
events interleaved with near-silence, so their structure is dom-
inated by the temporal position of each mechanical event
rather than a stationary spectral envelope. Inference is there-
fore conditioned on the event signals and uses a latent-domain
background-suppression step to sharpen the transient.

Conditioning representation. In addition to the mel con-
text ¢, the assembly model accepts two event-derived sig-
nals extracted from each reference recording: an event token
e € RS (four temporal descriptors plus a two-way condi-
tion one-hot) and a frame-level event map E € R7°0%4 gver
the latent temporal axis. The event token is prepended to the
mel context as an additional cross-attention token (encoding
the global onset), while the event map drives Block-FiLM at
every residual block (encoding the precise latent-frame loca-
tion). Conditioning tensors were precomputed from the 103
reference recordings.

Sampling. For each conditioning file, latents are generated
by a single DDIM pass over Nppiy = 50 reverse steps us-
ing the EMA (Exponential Moving Average) model weights,
conditioned on (c, e, E). A low classifier-free guidance scale
isused (y € {1.0, 1.5}), reflecting that the event map already
supplies strong temporal structure.

Latent background suppression. Before decoding, the
predicted clean latent is sharpened by attenuating non-event
regions. Outside the detected event window, each latent chan-
nel is blended toward its training mean z. with a residual
floor,

Zézic-i-g(zc—ic), g:m+(1_m)fﬂoor7 (46)

where m is the cosine-faded event mask (¢ = 1 inside the
event region) and fpoor = 0.15 retains 15% of the back-
ground energy outside it. Pulling toward the mean rather
than zeroing keeps the decoder in-distribution while protect-
ing the impulse. The suppressed latent is decoded by D,;, and
the waveform is loudness-normalised to —14 LUFS (Loud-
ness Units relative to Full Scale) for evaluation.

Output scale. Each of the 103 conditioning files was pro-
cessed with Ngeqs = 3 seeds yielding 309 generated clips at
48 kHz. FAD was computed on these outputs.

The Sounding Industry pipeline comprises 28.6M parameters
in the phase-aware autoencoder (8.3M encoder, 20.3M de-
coder) and 55.2M parameters in the FiLM-only condition-
ing U-Net, giving a total of 83.8M trainable parameters.

The assembly pipeline uses a separate, lighter autoencoder
(13.1M; 5.7M encoder, 7.4M decoder), reflecting its shal-
lower five-stage design and single-dilation decoder residual
blocks together with a 52.5M conditioning U-Net that adds
cross-attention and Block-FiLM event conditioning, giving a
total of 65.6M trainable parameters. In the motor autoen-
coder the decoder dominates (20.3M of 28.6M), reflecting the
multi-dilated residual blocks with Snake activation used for
high-fidelity reconstruction; the assembly decoder is substan-
tially lighter, as it replaces these with single residual blocks.
The time required to complete each stage of the full pipeline
is listed in Table 9.

5.6. Generation Results

Generation quality was evaluated separately for each oper-
ating condition of the Sounding Industry dataset—normal,
heavy-load, and fault (broken)—and for the in-house assem-
bly dataset. For the Sounding Industry benchmark, a dedi-
cated diffusion model was trained per condition on the cor-
responding real recordings, and 300 samples were generated
per condition for evaluation. Signal-level statistics (RMS am-
plitude, peak amplitude, and spectral centroid) were com-
puted over the full real and generated pools, and the Fréchet
Audio Distance (FAD) was computed using PANNs CNN14
Wavegram-LogMel embeddings via the fadtk toolkit (Gui
et al., 2024), with all audio normalised to —14 LUFS prior
to feature extraction. Qualitative assessment was performed
via full-duration waveform overlays and population-averaged
mel spectrogram comparisons with pixel-wise difference
maps.

5.6.1. Sounding Industry: Quantitative Results

Table 10 consolidates the quantitative generation metrics
across all three operating conditions of the Sounding Industry
dataset and the in-house assembly dataset.

Normal condition. The model achieves close RMS ampli-
tude agreement (ratio = 1.011), indicating that the L, term
in the autoencoder loss propagates correctly to the gener-
ated distribution. The spectral centroid of generated audio is
98.5 Hz higher than real recordings, a relative shift of =~ 1.4%
relative to the 7,269 Hz dataset mean, consistent with a mod-
est high-frequency overestimation in the 1-4 kHz region.

Heavy-load condition. The heavy-load condition yields
the strongest signal-level agreement across all metrics. The
RMS ratio of 0.998 and peak amplitude agreement (0.662
vs. 0.665) are near-perfect, reflecting the model’s ability to
capture the elevated broadband energy characteristic of high-
load motor operation. The spectral centroid deviation of only
—38.3Hz confirms that the dominant low-frequency energy
distribution—centred around 4,455 Hz compared to 7,269 Hz
under normal operation, reflecting the increased contribution
of sub-1 kHz harmonics under mechanical loading—is repro-
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Table 9. Per-stage computational cost for both datasets. Sounding Industry: A100 GPU (Google Colab Pro+). Assembly:
NVIDIA GeForce RTX 5070 Laptop (8 GB VRAM). SI inference covers 3 conditions x 300 clips each. Assembly fig-
ures aggregate the with- and without-fancover conditions; the assembly diffusion time () is wall-clock including training

pauses/resumes.
Stage Description SI Dataset (A100) Assembly (RTX 5070)
Preprocessing Video — mono WAV — <1 min
Conditioning extraction Mel spectrogram, event token, event map <1 min (127 files) ~26s (103 files)
AE training Phase-aware autoencoder ~3.6 hr (1,000 epochs) ~1 hr 55 min (250 epochs)

Encode all files
U-Net denoiser

Latent encoding
Diffusion training

< 2 min
~25hrt (2,590 epochs)

<55 (127 files)
~230 min (1,800 epochs)

Inference 50 DDIM steps

0.1193 s/ clip (=2 min total)

~8.1 s/ clip (=41.6 min, 309 clips)

Total pipeline All stages combined

~4.1hr ~27.7 hr'

Table 10. Generation quality metrics across all evaluated conditions. FAD is computed using PANNs CNN14 Wavegram-
LogMel embeddings (Q. Kong et al., 2020); lower is better. RMS and peak amplitude are omitted for the assembly dataset,
where the sparse impulse-in-silence structure combined with —14 LUFS normalisation prior to evaluation causes pooled RMS
and peak to reflect the loudness normalisation rather than generation fidelity.

Condition Treal  Ngen RMS Real RMS Gen Peak Real Peak Gen Centroid Real (Hz) Centroid Gen (Hz) FAD
SI — Normal 105 300 0.190 £0.003 0.192 £ 0.003 0.606 0.570 7269.37 7367.82 5.66
SI-Heavy Load 127 300 0.297+£0.006 0.297 &+ 0.006 0.662 0.665 4455.06 4416.72 6.01
SI - Broken 124 300 0.159+£0.001 0.172 £ 0.001 0.723 0.699 6525.26 6746.53 5.18
Assembly 103 309 - - - - 1860.6 1769.5 54.12
duced faithfully. The PANNs FAD of 6.01 is moderately For the normal condition, the difference map
higher than the normal-condition score, which is attributable (Real — Generated) shows a predominantly positive

to the greater within-class variability of heavy-load record-
ings making the embedding-space covariance harder to match
with the available sample count.

Broken condition. The broken condition presents the most
challenging generation target. The RMS ratio of 1.082 indi-
cates that generated audio carries approximately 8.2% more
energy than real fault recordings, and the spectral centroid
shift of +221.27 Hz is the largest across all conditions. This
reflects the inherent difficulty of the fault condition: real fault
recordings exhibit highly irregular, low-amplitude broadband
bursts superimposed on a suppressed harmonic structure, a
pattern that is substantially different from the dominant peri-
odic signals seen under normal and heavy-load conditions.

The full per-condition distributions of spectral centroid and
peak amplitude for the real and generated pools are shown in
Figure 15.

5.6.2. Sounding Industry: Qualitative Results

Figure 10 presents the population-averaged mel spectro-
gram comparisons for all three Sounding Industry conditions.
Across all panels, the generated spectrograms qualitatively
reproduce the characteristic stationary harmonic structure of
industrial motor audio: the dominant energy band at approx-
imately 512 Hz is present in all generated pools, and the pro-
gressive roll-off toward higher frequencies follows the same
slope as the corresponding real recordings.

residual above 4kHz (up to +3dB), consistent with the
high-frequency attenuation arising from the 64x latent
compression. A narrow negative band near 1 kHz indicates
a minor energy overestimation in generated audio at the
fundamental mechanical frequency.

For the heavy-load condition, the difference map is noticeably
more uniform, with residuals remaining within 4+-1 dB across
the diagnostically relevant 512-2,048 Hz range. A slightly
elevated positive residual persists above 2 kHz. Notably, the
sub-512 Hz region shows a small negative residual, indicat-
ing that the diffusion model slightly overestimates the lowest-
frequency content.

For the fault condition, the difference map is dominated by a
positive residual across most of the spectrum, with the largest
discrepancies above 2kHz (up to +4dB). The 1kHz band
shows a pronounced white region indicating near-zero dif-
ference surrounded by opposing residuals, suggesting that
the model has learned the approximate position of the fault-
related spectral peak.

For waveform level comparison between real and generated
waveforms, refer to Figure 14 in Appendix.
5.6.3. In-House Assembly Dataset

The PANNs FAD of 54.12 is higher than the Sounding In-
dustry scores (5.18-6.01), which is expected given the fun-
damentally different nature of the assembly signal and the

20



Annual Conference of the Prognostics and Health Management Society 2026

Good Condition

Heavy Load

Broken Condition

Figure 10. Population-averaged mel spectrogram comparisons for the three Sounding Industry operating conditions (Good,
heavy-load, and broken): fop panel shows the average mel spectrogram of the real pool; middle panel shows the average of the
generated pool (nge, = 300); bottom panel shows the pixel-wise difference map (Real — Generated).

severely constrained dataset size. To contextualise this result,
we compare against T-Foley (Chung et al., 2024), a closely
related temporal-event-guided Foley sound synthesis model
that also employs Block-FiLM conditioning and PANNs-
based FAD evaluation. T-Foley was trained on the DCASE
2023 Task 7 dataset comprising approximately 5,000 sam-
ples totalling 5.4 hours of audio across 7 sound classes, and
achieves a PANNs FAD of 41.59. Our assembly model was
trained on 103 clips of 5 seconds each, a total of 8.5 minutes
of audio, representing roughly 40 less training data than T-
Foley. Despite this extreme data scarcity, our PANNs FAD
of 54.12 is within 30.1% of T-Foley’s score, suggesting that
the pipeline and event-aware conditioning effectively com-
pensate for the limited training set in capturing the tempo-
ral structure of impulsive assembly events. The remaining
gap is attributable to the combination of dataset size, the non-
stationary impulsive signal character of assembly audio, and
the known finite-sample bias of FAD scaling as O(1/N) with
nreat = 103. The spectral centroid deviation of —91.1Hz
(real: 1,860.6 Hz; generated: 1,769.5Hz), a relative shift of
4.9%, indicates that the framework successfully captures the
broadband spectral character of assembly events, with resid-
ual discrepancy concentrated in high-frequency detail above
4kHz, consistent with the autoencoder’s 32x latent com-
pression ceiling established in Section 5.2.2. Figure 11 con-
firms that the inference pipeline preserves event onset timing:
the mean onset of generated clips (1.107 s) deviates by only
104 ms from the real mean (1.003 s), validating the effective-
ness of the event token conditioning.

Figure 12 provides sample-level qualitative corroboration.
Waveform comparisons confirm that generated clips repro-
duce the sparse impulsive structure of real assembly record-
ings, with event-guided sampling correctly positioning the
transient burst at the conditioned onset time. Mel spectro-
gram difference maps show that residual energy is concen-

. Real n=103
1.2 Generated n=309

First onset time (s)

Figure 11. Onset time distribution of real (n = 103) and
generated (n = 309) assembly audio clips. Histograms and
kernel density estimates show the distribution of the first de-
tected mechanical event onset across the 5.0 s clip duration.
The generated distribution reproduces the real mean onset
time closely (real: 1.003s; generated: 1.107s, a difference
of 104 ms).
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Figure 12. Qualitative evaluation of assembly dataset gener-
ation. Top: Full-duration waveform comparisons (real, blue;
generated, red) for two representative conditioning files. Or-
ange dashed lines mark the detected first event onset. Gener-
ated waveforms reproduce the characteristic sparse structure
of real assembly recordings, a near-silent background punctu-
ated by a single high-energy transient burst, with onset timing
closely matching the real recordings. Bottom: Mel spectro-
gram comparisons (real, generated, and pixel-wise difference
map) for the same two pairs.

trated at the impulse onset and in high-frequency bands above
4kHz, while background regions exhibit near-zero discrep-
ancy.

5.7. Comparison with Waveform-Domain Diffusion Base-
lines

To position the proposed latent-diffusion framework against
waveform-domain alternatives, we benchmark IndusDiff on
the heavy-load condition against two baselines trained on the
same recordings and evaluated under an identical protocol
(PANNs CNN14 Wavegram-LogMel FAD with audio nor-
malised to —14 LUFS): a 1D waveform-domain DDPM (Ho
etal., 2020) operating directly on the 44.1 kHz waveform, and
DiffWave (Z. Kong et al., 2021), a strong fast-sampling wave-
form diffusion model. Table 11 reports the results against the
real heavy-load reference (RMS = 0.297, peak = 0.662, cen-
troid = 4455.06 Hz).

IndusDiff attains the lowest FAD (6.01), approximately 42%
below DiffWave (10.31) and 70% below the 1D waveform
diffusion (20.12). The advantage is most pronounced in spec-
tral fidelity: IndusDiff reproduces the real spectral centroid to
within 38 Hz (—0.9%), whereas both waveform baselines un-
derestimate it by 840-920 Hz (=~19-21%), reflecting a sys-
tematic loss of high-frequency energy and spectral bright-
ness. IndusDiff also matches the real amplitude statistics al-
most exactly (RMS 0.297, peak 0.665), while DiffWave un-
derestimates both signal energy (RMS 0.241) and dynamic
range (peak 0.550). The 1D waveform DDPM preserves

coarse amplitude statistics but yields the highest FAD and the
largest centroid error, indicating that diffusing directly in the
high-dimensional waveform domain on this limited dataset
degrades distributional fidelity. Overall, confining diffusion
to the phase-aware latent space improves generation fidelity
over waveform-domain diffusion rather than trading quality
for efficiency.

5.8. Discussion

1. Generative Performance and Representation Learn-
ing. The proposed latent diffusion framework demon-
strates strong capability in generating high-fidelity indus-
trial audio signals that are both perceptually realistic and
statistically consistent with the training data distribution.
By performing diffusion in a compressed latent space
rather than directly in the waveform domain, the model
achieves a favorable balance between computational ef-
ficiency and generative quality. The phase-aware autoen-
coder plays a critical role in this pipeline, as it preserves
both spectral structure and temporal fine-scale character-
istics, which are essential for industrial acoustic signals
where subtle deviations often carry diagnostically rele-
vant signatures. The integration of multi-resolution spec-
tral losses and phase-sensitive objectives ensures that the
learned latent space retains physically meaningful acous-
tic features, enabling the downstream diffusion model to
operate on a structured and information-rich representa-
tion.

2. Impact of Phase-Aware Loss Design. A key contribu-
tion of this work lies in the formulation of the phase-
aware loss function, which combines waveform-domain,
spectral, correlation, and high-frequency components.
This design addresses a well-known limitation in audio
generative models, where magnitude-based optimization
alone can result in phase inconsistencies and perceptual
artifacts. The inclusion of correlation-based and complex
STFT losses improves temporal alignment and phase co-
herence, which is particularly important for transient-
rich industrial signals such as impacts, frictional con-
tacts, and mechanical interactions. Empirically, this re-
sults in improved waveform reconstruction and more sta-
ble diffusion training, as the latent space encodes both
amplitude and phase information more effectively.

3. Sampling Cost and Fidelity. Operating in a com-
pressed latent space (16 x 2064 versus 132,096 waveform
samples) lowers the per-step computational cost, which
translates directly into improved sampling efficiency. In-
dusDiff generates one clip in 0.12 s, compared with 0.24
s for the DiffWave fast sampler and 2.20 s for full-step
1D waveform diffusion. IndusDiff is therefore the fastest
of the three methods while also achieving the lowest
FAD, reducing FAD by approximately 42% relative to
DiffWave and 70% relative to the 1D waveform diffusion
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Table 11. Benchmark comparison on the heavy-load condition. For RMS, peak, and centroid, values are reported as absolute
differences from the real reference, i.e., |A| = |Generated — Reall; only the magnitude of the deviation is reported, so lower is
better. The real reference values are RMS = 0.297, peak = 0.662, and centroid = 4455.06 Hz. For FAD and time, lower values
are also better. Runtime values are reported as observed per-clip sampling costs, evaluated on an NVIDIA A100-SXM4-40GB.
* denotes CFG (Classifier-Free Guidance) = 1.0, batch size 8, and 50 DDIM steps, while DiffWave used batch size 8 and 6

sampling steps per clip.

Maetric 1D Waveform DiffWave IndusDiff
A RMS 0.0099 0.0558 0.0000
A Peak 0.0183 0.1118 0.0030
A Centroid (Hz) 837.06 923.48 38.34
FAD | 20.12 10.31 6.01
Time (s/clip) | 2.20 0.2355 0.1193*

baseline. In addition, it provides the most accurate spec-
tral centroid among the compared methods. These results
show that the proposed latent diffusion formulation im-
proves efficiency and fidelity simultaneously, rather than
trading one for the other. In practice, this makes the ap-
proach well suited for large-scale augmentation, generat-
ing multi-second, 44.1 kHz clips at approximately 0.12 s
per clip while achieving substantially higher fidelity than
waveform-domain baselines at lower computational cost.

4. Generalization Across Heterogeneous Datasets. The
use of two distinct datasets: one publicly available mo-
tor dataset and one in-house assembly dataset, provides
insight into the generalizability of the framework across
different acoustic domains. The model demonstrates the
ability to learn both steady-state machine sounds and
transient, event-driven acoustic patterns. This suggests
that the latent representation captures a broad spectrum
of acoustic behaviors. However, generative performance
is influenced by dataset size and variability, with more
structured datasets yielding more stable and diverse gen-
erations.

5.9. Limitations

1. Limited Dataset Size and Diversity. A primary limi-
tation of the proposed framework is the relatively small
size of the available datasets, particularly the in-house
assembly dataset. Diffusion models are inherently data-
driven and benefit from large and diverse training distri-
butions. With limited samples, there is a risk of over-
fitting or reduced diversity in generated outputs. Future
work should focus on scaling the dataset size and incor-
porating more operating conditions and environments.

2. Dependence on Autoencoder Quality. The perfor-
mance of the latent diffusion model is fundamentally
constrained by the quality of the learned latent represen-
tation. Any loss of information during encoding, partic-
ularly in high-frequency components or phase structure,
directly impacts the fidelity of generated samples. While
the phase-aware loss mitigates this issue, the autoencoder

still introduces an information bottleneck.

3. Mismatch Between Conditioning and Amplitude Dy-
namics. Despite mel-spectrogram conditioning, main-
taining accurate amplitude scaling and energy distribu-
tion remains challenging. This can lead to discrepancies
in RMS energy and peak amplitudes between generated
and real signals. Incorporating explicit amplitude con-
straints could improve physical realism.

4. Computational Cost of Diffusion Training. Although
latent diffusion reduces dimensionality, training still re-
quires many timesteps and epochs. The iterative nature
of diffusion increases computational cost, especially for
hyperparameter tuning and ablation studies. More effi-
cient diffusion variants remain an important direction.

5. Evaluation Limitations. Metrics such as Fréchet Au-
dio Distance (FAD) provide distribution-level assess-
ment but do not fully capture perceptual quality or tem-
poral coherence. Qualitative evaluations are subjective
and dataset-dependent. Task-driven evaluation remains
necessary for comprehensive validation.

6. Lack of Explicit Physical Modeling. The framework
is entirely data-driven and does not incorporate physical
models of sound generation. While this enables flexi-
bility, it limits interpretability and physical consistency.
Hybrid physics-informed approaches could improve ro-
bustness.

6. CONCLUSION AND FUTURE WORK

This work presents a latent diffusion framework for industrial
audio generation, designed to address the challenges of data
scarcity and variability in prognostics and health management
(PHM) applications. By integrating a phase-aware autoen-
coder with a latent diffusion model, the proposed approach
enables generative learning in a compressed representation
that preserves both spectral structure and temporal phase in-
formation. The use of multi-resolution and phase-sensitive
loss functions ensures that the learned latent space captures
diagnostically relevant acoustic features, while the diffusion
model leverages this representation to synthesize high-fidelity
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audio signals.

Experimental evaluation on two distinct datasets: a publicly
available industrial motor dataset and an in-house assembly
dataset, demonstrates the effectiveness and versatility of the
framework across different acoustic domains. Quantitative
results based on Fréchet Audio Distance (FAD), along with
qualitative waveform and spectrogram analysis, indicate that
the generated samples are both perceptually realistic and sta-
tistically consistent with real data. Furthermore, performing
diffusion in latent space significantly reduces computational
complexity, enabling efficient generation of high-resolution
audio suitable for practical deployment.

Overall, the proposed framework establishes a scalable and
robust foundation for synthetic industrial audio generation,
with direct applicability to data augmentation and down-
stream PHM tasks.

Several directions can be explored to further enhance the pro-
posed framework. First, scaling the training datasets to in-
clude a broader range of operating conditions, machine types,
and environmental variations would improve the robustness
and diversity of generated samples. Incorporating multi-
sensor data, such as vibration or thermal signals, could also
enable multimodal generative modeling for more comprehen-
sive PHM applications.

Second, improvements in latent representation learning could
be investigated. While the current autoencoder captures key
spectral and temporal characteristics, hierarchical or multi-
scale latent representations may further enhance the model’s
ability to represent complex acoustic structures. Addition-
ally, exploring alternative architectures, such as variational or
diffusion-based autoencoders, could improve reconstruction
fidelity and latent smoothness.

Third, conditioning mechanisms can be extended beyond
mel-spectrograms to include explicit physical or operational
parameters, such as load, speed, or fault type. This would
enable more controllable and interpretable generation, allow-
ing the model to synthesize audio corresponding to specific
machine states or failure modes.

Fourth, reducing the computational cost of diffusion remains
an important direction. Techniques such as accelerated sam-
pling, consistency models, or reduced-step diffusion pro-
cesses could significantly improve training and inference ef-
ficiency without compromising generation quality.

Fifth, evaluating the downstream benefits of synthetic audio
is an important next step toward assessing IndusDiff’s prac-
tical utility. The present study focuses on generation qual-
ity, providing a foundation for subsequent evaluation in fault
classification and anomaly detection. Ongoing work exam-
ines an operating-condition classifier trained on progressively
smaller subsets of real data, with and without IndusDiff aug-

mentation, measured against a held-out real test set.

Taken together, these directions point toward the broader role
of diffusion-based models as scalable data augmentation tools
for PHM. By synthesizing diverse, realistic machine sounds
across operating conditions, the framework offers a route
to improved model robustness in data-limited environments.
This work bridges a critical gap between modern generative
modeling techniques and the practical requirements of indus-
trial PHM systems, establishing a foundation for future re-
search in physics-aware generative modeling and multimodal
data augmentation for intelligent maintenance.
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bility engineering. and real audio signal waveform form of the engine data in
Figure 14 and latent diffusion generation quality elucidating
APPENDIX spectral centroid distribution and peak amplitude distribution

The appendix includes additional results showing the AE re- in Figure 1.

construction quality in Figure 13, Comparison of generated

27



Annual Conference of the Prognostics and Health Management Society 2026

Waveform Amplitude Distributions (n=105 files)

Centroid: Original vs Reconstruction

(all files) Per-File Mean Original vs Recon 7600 T (Fearson = 000)
i orig WS 0.1903) | 0.1675  (Pearsonr=09%9) -
e AT e Py
175 ] ™= Reconstruction o e
0.1650 - = 7400 s
’;’ < e
g 01625 / o S 7300 /
2 5
2 g
£ 0.1600 .. 3
£ o** 5 7200 P
< X £ &
§ 01575 [ Pud 5 Pe
H o £ 7100 23
€ ) 5 d
§ 0.1550 T4 g B
& A & 7000 =
P
0.1525 -~ o
g 6900 4
- -
0.1500 .- p ---- Perfect reconstruction
> === Perfect 6800 +
4 6800 6900 7000 7100 7200 7300 7400 7500 7600
-1.00 -0.75 ~0.50 -0.25 0.00 0.75 1.00 01500 01525 01550  0.1575 01600 01625 01650  0.1675 Original Centroid (Hz)
Amplitude Original Mean |Amplitude|
i. Good Condition
av Al Distr (n=127 files) Centroid: Original vs uction
Amplitude Distribution (all files) Per-File Mean Amplitude: Original vs Recon 46004 (Pearson r=0.996)
1.6{ mm original Gl wE: 0.7 (Fearsonr = 0.359)
! Reconctiliction Recon RYS: 0.2970 0
0255 & 4550
o £
- .
T - 2 J
£ 0250 ot £ 4500 <
2 ) 5
g P o
= 1,{‘ § aaso
E 0.245 8% H
] 5 2 5
S o S 4400 A
§ e §
& &
0.240 /
4350
0235 / ==~ Perfect reconstruction —— Perfect recanstruction
—T00 075 050  -025 000 1.00 0235 0.240 245 0 0255 4350 4400 4450 4500 4550 4600
Amplitude Original Mean [Amplitude| Original Centroid (Hz)
ii. Heavy Load Condition
Waveform Amplitude Distributions (n=124 files i S 2
L ( ) Centroid: Original vs Reconstruction
(all files) Per-File Mean Amplitude: Original vs Recon (Pearson = 1.000)
i Orig RMS: 0.1591; Pearson r = 0.916 6700
e = o1
= Reconstruction ,'
H
Z 6600
5 0129 =t
3 £
H 5
8
Eons . = 6500 /
e . g
2 . 3
= B
§ 0.127 £
4 o § 6400
& ® g o
o &
’,‘
0.126 6300
- Perfect reconstruction ---- Perfect reconstruction
ol
-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00 0.126 0.127 0.128 0.129 0.130 6300 6400 6500 6600 6700
Amplitude

Original Mean [Amplitude]

iii. Broken Condition

Original Centroid (Hz)

Figure 13. Quantitative evaluation of autoencoder reconstruction fidelity across three operating conditions (rows). Left: wave-
form amplitude distributions for original and reconstructed signals, showing near-complete overlap and preservation of global
amplitude statistics (RMS). Middle: per-file mean amplitude, indicating strong linear agreement between the two. Right: per-
file spectral centroid, confirming that spectral balance is preserved across the full range of each condition.
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