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Introduction Preliminaries: Diffusion Model Architecture Dataset Experimental Design Results Further research

Backgrounds

I Forecasting RUL / TTF is a key enabler of predictive maintenance and system reliability in manufacturing

I\ No dedicated degradation sensor exists — signals must be engineered from raw sensor data reflecting aging behavior. o s st s s
Yi

i salt) sa(®)  se(d)

G (=]

@ Sensor Selection @ Feature Extraction @ Signal Fusion s = 0 W0 oL :
Fuse the selected features “@m e’ |1 e
' ' ' =  Reduce dimension of the selected == - Degradation data typically shows 1D - gfs"“}w“"’“’{
Select only failure-informative sensors sensors via PCA, or FPCA exponential increasing pattern with noise "2‘;‘,.,';5“[ @ v | |- 5
- Group LASSO, Elastic Net, and etc. Tob-K brincial d - Complex system shows non-monotonic, or o
- 1op-K principal scores are used as multimodal degradation pattern . Test Degradation Signal
extracted features (e.g., thermal cycling, load/speed
change...) 8
Traditional Approaches 3.
Model-Based Data-Driven :
. Explicitly model stochastic degradation; Bayesian o PCA for dimension reduction, followed by ° B o » o B
updating of parameters (Gebraeel et al. 2005) regression (e.g., log-normal regression)
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Failure Threshold

Benchmark 1: Bayesian Updating

Objective: To model the functional form of the degradation process

| Time-to-failure
\4

1900 1200

> Candidates: ‘Exponential +i.i.d’ vs. ‘Exponential + Brownian Motion(BM)’

2
m  Degradation is assumed to follow an exponential form: S(t;) = ¢ + 6 exp <ﬂti +M— %)

Where:

® ¢: A constant (typically the baseline level)
® 0: A log-normal random variable representing the initial state of the component

® [3: Degradation rate (normally distributed)

m i.i.d Model: This model uses a log-transformation to express the degradation process in linear form. Then, linear regression can be applied to
estimate the initial condition and degradation rate of each component

2
£(t;): Observation error, assumed to be i.i.d. normal N(0,c?) » L(t;) = In(S(t:) — ¢) = In @ + Bt; +(t;) — %

m  BM Model: Same modeling, yet with assumption that errors are from Brownian motion error.

It is suitable for modeling degradation processes with time-dependent noise.

e(t) = oW (t) where W (t) is a standard Brownian motion » L(t) _!+!t +&(t)

Observed degradation signal amplitude at time step ‘t’
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Benchmark 1: Bayesian Updating (Cont’)

> 3 Steps: Assume prior distribution - Posterior update - Derive RUL distribution

m  Step 1. Assume the prior distribution of the parameters in the two candidates as ‘Gaussian distribution’
(Can be estimated by training data) ¢ ~ N(u,03), B~ N(us,03) ‘ ()= exp{*(e 7'5”} (8) = J;W—Ufew{fw ;;;”M}

. N 2ma; 204
“Prior Ve

m Step 2. Estimate posterior distribution of the parameters by combining priors and observed (test)data

.
/oi.i.dmodel: Lit) =0 + Bt +e;, &~ N(0,0 -L )| 6,8~ N(0’+ﬂt,,a)‘f (t2),.... L(t) | 8, 8) = HW —]}“exv{*ﬁg;[“tx)*”*ﬂtr}

, , o leellhood
By bayes’ theorem, 2(¢,8 | {L(t:)}) o< f({L(t)} | ¢, 8) = (') ()

k 2 )2 — )2
) »¢.5 | (L) mp{ s Y [pe) -~ ] - Okl ‘:")}

203 2
"Posterior” T ay

RUL regression model

) Posterior is a bivariate normal distribution: (¢, 8) [ {Z(t)} ~ N (s, 13), 5°)
“This posterior is updated each time new sensor data is received!”

m  Step 3. Derive the Remaining Useful Life(RUL) Distribution

e RUL ‘T’is the time after the current observation t« such that L(tx +7) =D - bt
* In the Li.d. error model: o7 = 0 (constant).
Lty +T) =46 t+T t+T : ~ 2 i
(tie+-T) +8(te +T) + where £(t +T) /\/(0,0‘5 (1) e In the Brownian motion model: 02(T) = o (t;. + T)
Thus, conditionally:
o For the iid. (e +T) = 02 + (b + T)%03 + o
L{te +T) ~ N‘(ﬂﬂ+}1}(tk+T) po‘(tkvLT) or the i casen‘,(,‘(ﬂr ) =0y + (t Vol +

o For the Brownian motion case: T (i + T) = 07 + (b, + T)*0% + o* (. + T)

Define: p(tk +T) = po + pa(te +T) - Then: L(ty +T) ~ N (u(tr + T),o'z(tk +17)) Time Time

e Using the posterior distribution, L(t_+ T) is treated as a normally distributed variable, leading to a CDF such that: P{T <t | L(t1),...,L(tx)} = P{L(ty +t) > D | L(t1),..., L(t)}

e PDF of RUL: fr(t|{L(t:)}) = EFT(t) ~ ¢(g(t)) - g'(t) Where: ® ¢() is the standard normal PDF,

dt
o g/(t) is the derivative of g(t) with respect to ¢
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Benchmark 2: PCA + Lognormal Regression

-

Degradation time
series signal data

Centering
—p

bs
(Training Time Series Data)

N

| xcentered = xobs -H

Step 1: PCA on Training Data

<) Covariance Calc. ( \Cx—dl
—

Eigen-decomposition
Select top kK components
explaining 95% variance.

/ Step 2: Lognormal Regression \

xomund xc.nmud

\- \. 4 $
N—~ "

Low-dimensional

Elgenvectors Projection
g In(RUL) = WTXG5! + b+, n ~ N(0,0%)

Fit on Training Data

@ew /L /

-

Degradation time
series signal data

P, ™

(New Tlme Senes Data)

N

=X

Step 3: Prediction on Test Data

Degradation time
series signal data

PI’O]eCt via ® i . — In(RUL) N(wTX.’ZE{‘ +b, 02)

PCA oTx

est

%

/Step 4: Sampling and Estimating\
the RUL Distribution
Predict Mean & Variance

Draw M samples from
predictive distribution

to LogNormal

Probebility Density

) Back-transform

RUL

: RUL ~ Logb]ormal(u. a?)

@timate: T= mean/median({RUL sampley

A
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Model Architecture Dataset Results Further research

Experimental Design

Introduction Preliminaries: Diffusion

Research Gap & Our Approach

Gaps in Existing Literature This Work Addresses Two Critical Questions

TEED
[ 4

lISE

No systematic comparison
with classical baselines
e.g., Bayesian updating,

PCA + Lognormal

Many studies use curated
datasets with smooth,
near-monotone degradation
Real-world degradation is

often noisier and irregular

Uncertainty about
robustness under complex,
abrupt signal behaviors

Generalization to unseen
conditions remains unclear

ANNUAL
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Bayesian updating limitation

R
N
/ \
7 N
®

Y =f(x;6)
Diffusion Model

* Assumes a fixed
functional form

* Does not truly

§ 5 learn from data
Bayesian Updating

« If real signals deviate,
S dictions b

When and by how much does Diffusion E;ie;;t':f;s e

outperform Bayesian Updating (IID / BM)?

Gaps

addressed by
this work
PCA + Lognormal limitation

PCA + Lognormal

« PCA projects into a
linear subspace

» Complex degradation
may lie on a nonlinear

.W manifold
* Projection can lose

critical information

Diffusion Model

When and by how much does Diffusion
outperform PCA + Lognormal regression?

Poor prediction
may result

iise.org/annual
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Diffusion Model Fundamentals: Forward & Reverse Process

| Forward Process (Noise addition): q(z; | zi—1) = N (24 V/1 — Bizi—1, Bid)

q(x: | X0) = N (Xe: /%0, (1 — a))1)

xy=+1—-Bixi—1 +

B, € (0, 1) is the noise variance at step ‘t'

Brer-1, €1 ~N(0,I)

Xo: Original
Data Sample

Learned Reverse
Distribution
(by neural network)

True Reverse
Distribution
(from forward process) vs.
(% | %) Poxes | o)

4 3

i KL Divergence:

H Minimize the difference between

! the true and learned reverse distributions
|

o KL(gxes | %) | po(xes | X)) )

A
'
'
'
'

Parameterize
from neural network

d by

Xt: Pure Noise

Neural Network learns
noise parameters
(mean, variance)

Reverse Process: Remove Noise

—

(Learned by Neural Network)

Po(Xe-1 | Xe) = N (X3 po(Xe, t), 03 (X, 1))

xt: Pure Noise

Xo: Generated
Data

X¢: Pure Noise

ANNUAL
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| Reverse Process (Denoising): ¢(z:—1 | z¢, o) = N (z¢—1: fie (¢, 20), 3,1)
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Diffusion Model Fundamentals: Sampling Process

Results Further research

5 N\

Initialization

Sample x7 ~ N'(0,I)

Sample x7 ~ N(0,1)

y-

Iterative Denoising (Reverse Process)

t=T->t=0

U-Net
(Neural Network)

Predicted

—> Noise

60(x999: 999)

U-Net Predicted
— Noise
Neural Network
( V) eolwnt)

e
o1
)
X4 T

v

X1

t=1
v
U-Net Predicted
> .
(Neural Network) Noige
50(11. 1)

i

=~

T = 1000 N — Generated
Total Noise Steps i Data Sample
X999 €9(x999,999) ) Xt €p(xe,t) X1 €o(x1,1)
X1 = 2 (x, el €a(xe l)) +0.z
Ve Vi-a :
(where z ~ N(0,I) if t > 1, else z = 0)
_ g < Y & =,

Result
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Introduction Preliminaries: Diffusion Model Architecture Dataset Experimental Design Results

Conditional Diffusion Model & Architecture

9 Gaussian Process
‘ Observation (Xobs) Target (Xear) Diffusion steps N0|se Injectlon

<
<

> <

I M\/W*VW W - e -

I Fully Noisy Xear
(Pure Noise)

* Transformer Block
Condition Encoder Noised Target at

step i (from above) FeedForward » | Projection

) | Sinusoidal Positional Encoder Embedded t Module (Linear)
Time step t | (Sinusoidal) m

Diffusion step i un(t)
‘ w(t) = H
Wn—i(l)

€0 ‘ =T
G| & Embedded i -
|—>
eua-) | | (Sinusoidal) Multi-head

Residual Connection

& o o
= s £ Self-attention layer Sa-
- ] B2E , 5 BRS
g EE% e \ gg g || Predicted
3-layer GRU Block Embedded Xons §—> 528 —> [at 1At t —>gE s Noise &g
(from GRU) 5 5 82 { e SE
o ° D O
= = By
— %8 2
2L &

Learning & Optimization
Learning Rate :
Scheduler Early Stopping

Sampling / Generation Process

I ( )
| i Transformer Transformer } 1 Transformer /
— Block " — Block b e Block ‘
(Predicted Noise &) (Predicted Noise &) [ (Predicted Noise &) y
) { )

Pure Noise

Generated Xear
(Fully Noisy Xiar)

Diffusion Step i (Exponential Trend)
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Type 1 Signals Type 2 Signals
resnold = 30

Dataset

R

% Level 1 — Typical degradation patterns

40 60 80 100 0 20 40 60 80 100
Time step Time step

>  Type 1 (Monotone): Exponential growth perturbed by Brownian-motion noise La—
>  Type 2 (Non-Monotone): Initial exponential growth — short pullback — exponential rise again

Complexity 1 Complexity 2 [ 3 C 4

50

% Level 2 — Complex and irregular degradation patterns ° J - . .
>  Complexity 1-4: Randomly inject ‘K’ localized bumps on Type 1 |

] K=1, 2, 3, 4 for Complexity 1-4; bump amplitudes ~ U[10, 20]

[ Mimics thermal spikes, shocks, or control instabilities o A ‘

g

> Modality 1-4: Trajectories generated under ‘M’ operating regimes

Signal value
8

5

] M =1, 2, 3, 4 for Modality 1-4 (number of extra regimes) I i i :
Time step Time step Time step Time step

] Produces multimodal TTF distributions with heteroscedastic behavior

Modality 1

10-Fold Cross-Validation; sample sizes N = 100, 1,000, 5,000, 10,000

J

0‘0 %
> 4 observation ratios tested: 2:8, 4:6, 6:4, 8:2 (Observed : Remaining life)
> Metrics: RMSE and MAPE of ‘predicted mean RUL’ vs. ‘Ground Truth’ L W R R ™ o R SR
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Results Further research

Design of Experiments

R

% Point 1 — Bayesian Updating vs. Diffusion
Bayesian (lID / BM): Diffusion:

3 Estimate Gaussian priors from training fold u] Train Conditional Diffusion Model on training fold per ratio
u] Observe {L(t:),...,L(t(])} per test signal; update posterior analytically u] Use observed signal as condition; generate ‘M’ target signals; compute mean RUL
a Sample ‘M’ RUL values per test signal via inverse-CDF; take mean
1) Data Preparation 2) Diffusion Model (Learn target distribution directly from data) 3) Bayesian Update (iid, BM)
i | —— ) Assume fixed func
Observation (Xuss) ; Target (Xiu,) ot Predicted RUL (e.9) Exponential with iid no
L\,Wf'“\,qv MM target samples Dlian j«iﬂ signal) S(E) = ¢ + GePHOW®
o S /[ [ h
Degradation signals pit s == : T sonplet | 123 | porce: Ehm e
/ 10-Fold Cross:Validation lgx;:p;m = Dl:l‘::al L3 : Sz | 165 | »} mi‘: t zezi i ﬂ)p t
J Train / \‘rm | " - 4 o il ; 4L Observe (L(t). . L(t0))
/ @ @ v W W b [ommaror |28 | ’i 3 & Compute likelihoods.

Update posterior

Manifold Learning P(6,, 0ldata) « P(datal6, B, 0)P(6, B, 0)
Learns complex signal distribution
directly from data (no fixed functional form) v

Derive RUL distribution J\
(closed form per test signal) |
4) Data Flow and Evaluation (10-Fold Cross-Validation)

v
oomo0
o [ o [ T 9 fold: Predict RUL on Compute metrics Aggregate results Sample M, take mean
— @oooo — rain on 9 folds >
fe—

S(8), N = 10,000

oEne S s ) held-out fold on held-out fold over 10 folds
o TV (Difusion / Bayesian) (RMSE, MAPE) (Mean = Std) Metrics: RMSE, MAPE
e (split)

5) Key Insight / Conclusion for Point 1: Bayesian Update vs. Diffusion

Bayesian Update (iid, BM) Diffusion Model Takeaway
/ « B ;:9 A /\\'X_,\/\ For complex and unknown degradation patterns,
SIS s N diffusion models learn the true data manifold
Assumes a fixed Updates. Works well for smooth, No fixed form Learns manifold Captures complex, and provide more faithful RUL predictions ,
functional form parameters monotonic signals assumption directly from data irregular behaviors than Bayesian updating approaches constrained
. by predefined functional forms.
Limited flexibility for irregular or multimodal signals Greater flexibility & better generalization
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Design of Experiments (Cont’)

R

% Point 2 — PCA + Lognormal vs. Diffusion

PCA + Lognormail: Diffusion:

u] PCA on training ‘X_obs’ with 95% variance; fit log-normal regression model a Train Conditional Diffusion Model on training fold per ratio
a Project test ‘X_obs’ onto PCA space; sample ‘M’ RUL values; take mean a Use observed signal as condition; generate ‘M’ target signals; compute mean RUL
1) Data Preparation 2) Classical Method: PCA + Lognormal Regression 3) Diffusion Model
— - Step 1 Step 2 Step 3 [ obsenation (X0 i Target (i)
<Degradation data> ‘ PCA n X (tain data) Project Xou. of test data Fit log-normal regression \+ o il
S0 =9+ 06 WO | Tantea pita e onto PCA space = o [Xasanerrca, log(RUL)] e a2 R NG
10-Fold Cross-Validation (per ratio) * Using eigenvector (¢x) In(RUL) = Xabs +b 41, [l i
n~N(0,0%) 3
(observations) (inear subspace) (Bt data; b Diffusion Model |
| e ¥
ke Generate M target samples.
(target signals)
PCsre :
(e.g., N=10,000) o
Take mean of M samples —y—
4) Data Flow and Evaluation (10-Fold Cross-Validation) —» RUL prediction > RuL distribution
oomog Predict RUL on o .
- goooo e s s Compare metrics o Agoregate resuts
IDD;JD - . " |: : Td A =P . pCA + Lognormal | =P held-out fold e d over 10 folds
00000 (Test fold i held-out) S (RMSE, MAPE) (Mean + 5td)
Al data (split) « Diffusion Model
5) Key Insight / Conclusion for Point 2: M/L-based model vs. Diffusion
PCA + Lognormal Regression Diffusion Model Takeaway
o N~ PCA + log-normal fon model
R + log-normal regression models
A /\V\ VS 5% M £ signals in a linear and fixed-form context.
Projects data to Assumes log-normal Struggles with L Noiftiedform ) s Captures complas Diffusion models learn the true data
linear subspace (unimodal, smooth, | complex,imegular, assumption e irregular, multimodal manifold and provide more reliable
SNSd) multimodal pattems behaviors RUL predictions for complex degradation
Limited ability to capture true manifold Greater flexibility & better generalization patterns.
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Introduction Preliminaries: Diffusion

Results: Diffusion vs. Bayesian Updating
(%)

<2

g Focus of Analysis |

Model performance comparison
@ under varying signal characteristics

> To find where Diffusion-based RUL/TTF
model perform better than SOTA models
and how much better?
R T

Assessing how performance evolves |
as more of the signal is revealed

Type 1 Results (Diffusion vs. Bayesian Updating)

Model Architecture

Dataset Results Further research

Experimental Design

Type 1 Signals

Signal value

Type 1: Diffusion outperformed Bayesian updating as data size increases (sample size > 5,000)
+ Bayesian update: competitive performance under limited training conditions (sample size < 5,000)
+ Due to the alignment between their parametric assumption and the structure of the data

o 3
Time step

Type 2 Signals

Type 2: Diffusion demonstrates clear / robust superiority across all observation ratios (including 8:2)

+ Even with smaller data (= 1,000), Diffusion consistently yields lower RMSE and MAPE than BM model
« This performance gap widens as the training set becomes larger
+ Highlighting the ability of diffusion to model complex degradation dynamics

+ BM model plateaus due to its heavy reliance on predefined priors

Type 2 Results (Diffusion vs. Bayesian Updating)

Signal value

Bl 0D W BM (Bayesian) [ Diffusion Bl 10 W BM (Bayesian) [ Diffusion ‘““me Sle:"
(Sample size = 100) (Sample size = 1,000) (Sample size = 5,000) (Sample size = 10,000) (Sample size = 100) (Sample size = 1,000) (Sample size = 5,000) (Sample size = 10,000)
" s 7 8
§ ° ° T o 1- % o I g é
i [e7 ¢ s o0 = t w d i , [ 123
I.Lﬁf ﬁé' TR iR IR 61—t ! +
| o
g 5t N T h 'Télﬁ i Mg, )
I sAAqs&_ The T mod, Doﬁ’ | -J.; ﬂé 4-4.@'-.
64 8:2 28 46 64 8:2 28 64 28 64 46 64 82 28 a6 64
N s G 3 ° I 2 I H
s ° SO AR T, —8 I i
3 ‘ § s ﬂ?

| L]
e

oo

h@k

Observation Ratio (Observation : Target)

i s, el
'- L '#Hlilaé-w

As sample size increases
(100 — 10,000)

_—

Overall Takeaway

ANNUAL
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Diffusion shows consistent improvement in both RMSE and MAPE
across all observation ratios

 Type 1: Diffusion surpasses Bayesian updating as data size increases
(especially when sample size > 5,000).

K

isé .'}EL laé *fm w Ini b lf,

A = BM=Diff 1000
« Diffusion is consistently better than BM across all ratios (2:8 ~ 8:2) = BM
+ Even with smaller data (2 1,000), Diffusion shows lower RMSE & MAPE | seting | ARMSE (%) AMAPE (%) |+ Aggregate improvements
5 gt (Mesn = Sta) (Meon = Sta) of Diffusion over BM
+ The performance gap widens as the training set becomes larger : :
Type1 | 10.04 + 56.89 | 3.97 + 68.77 when N 2 10,000
+ BM model plateaus due to heavy reliance on predefined priors | | | (Mean + Std)
Type2 | 63.35 + 27.08 | 63.12 + 27.40

 Type 2: Diffusion demonstrates clear and robust superiority across all
observation ratios, even with limited data, and the advantage grows with more data.

HIISEANNUAL2026
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Dataset Results Further research

Experimental Design

Results: lefusmn vs. PCA + Lognormal

Focus of Analy
Compare Diffusion-based RUL/TTF with
PCA+Lognormal under varying signal
characteristics.
Identify where PCA+Lognormal stays
competitive and where Diffusion becomes
clearly superior.

O :

o

(Type 1)

N
2 +—]— 4-3— -;-_;_ — »
o 28 46 64 8:2 E

Core Pattern 1: PCA +Lognormal is compettiive in simpler settings
« In Type 12, performance is strong from 2:8-6:4.

. Threshold crosslngs are malnly drift: i and

Core Pattern 2: lefuswn wins in harder / noisier settings
© At 8:2 and under higher modality/complexity, Diffusion achieves lower RMSE and MAPE.
* Near-threshold behavior becomes noise-dominated and heteroscedastic, favoring Diffusion.

Main Results (Type 1 vs. Type 2) (

B Diffusion EE PCA+Lognormal

150
120

(Type 2)
Insight:
Diffusion—based
models outperform

-

] 8:2 PCA+Lognormal when
220 150 ] o o .
MAPE [R5 ¢ . i 150 o . § | SUL distributions
9% 80 @ § 3 6 8 . 2 [ ecome
(%) s + = + _i_ +_L _f_ b1 4 _I_ 4 _j_ ; + + ‘ noise-dominated.
3 20 28 46 6:4 82 H 2:8 46 8:2 g

Modality 1-4 Results

MAPE (%)

Zoomed in

‘J_;r—=-_ a—..L_._L_ b“LL_LH_

fi h i ﬁzﬂﬂqaf:

T T

MAPE (%)

|Ed;

&

Overall Takeaway ‘

?| ANNUAL
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. s >
introduce g

mixtures; Noi

® Modality 1: Multi-modality ends near the 6:4 ratio; Noise-dominated: 4:6 and 8:2.

® Modality 2-4: Regime switching and sensor drift raise structural variance and
dominated: 5:5 to 8:2.

J Diffusion is most useful when the signal becomes noise-dominated,
heteroscedastic, or structurally complex.

® Low-Mid ratios: Threshold crossings are largely drift-dominated with approximately
homoscedastic variability; PCA features with a lognormal TTF fit remain competitive.

S e

® From 6:4 ratio: Crossings become noise-dominated and heteroscedastic; Diffusion
achieves lower RMSE and MAPE.

%

PCA+Lognormal remains reasonable in simpler drift-dominated settings,
but Diffusion becomes clearly superior as difficulty increases.

HIISEANNUAL2026
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Introduction Preliminaries: Diffusion Model Architecture Dataset Experimental Design Results Further research

Results: Diffusion vs. PCA + Lognormal (Cont’)
‘ g © Main Finding H 9 © Type 1vs. Type 2 at 8:2 ’

In both Type 1 and Type 2, observation ratios from 2:8 to 6:4 At 8:2, Diffusion clearly outperforms PCA+lognormal
are largely drift-dominated with near-homoscedastic variability.

About 90% lower error in Type 1 and roughly 32% lower in Type 2.

® The PCA+lognormal baseline remains competitive in that range.

‘i Much larger
0, 0,
® Near 8:2, the crossings become noise-dominated and Setting ARMSE (%) AMAPE (%) gain
hetsroscedastic: Type 1 90.55 + 2.10 90.55 + 2.13 1
® Diffusion attains lower RMSE and MAPE by modelingthe | | T
near-threshold dynamics that linear projections with a Type 2 33.14 + 18.51 31.74 + 19.42 Smaller
parametric lognormal fit cannot capture. gain
@ e Across Complexity 1-4 @ O Across Modality 1-4
Average improvement over PCA+Lognormal Average improvement over PCA+Lognormal
@ Across Complexity 1-4, the average improvement over 6:4-8:2 is @ Across Modality 1-4, the corresponding gains are
74.47 + 6.17% (RMSE) and 75.94 + 6.50% (MAPE). 57.21 £ 19.17% (RMSE) and 56.53 + 20.51% (MAPE) for 6:4-8:2.
@ In the zoomed-in range 5:5-8:2, this rises to @ In the zoomed-in range 5:5-8:2, they rise to
78.62 + 5.09% and 79.14 * 5.75%. 59.50 = 15.71% and 59.81 * 17.54%.
Improvements on Complexity 1-4 Improvements on Modality 1-4
Setting ARMSE (%) AMAPE (%) Setting ARMSE (%) AMAPE (%)
Average at 6:4 and 8:2 74.47 + 6.17 75.94 + 6.50 Average at 6:4 and 8:2 57.21 £ 19.17 56.53 + 20.51
Zoom-in (5:5-8:2) 78.62 + 5.09 79.14 £ 5.75 Zoom-in (5:5-8:2) 59.50 + 15.71 59.81 + 17.54
Key , Diffusion becomes clearly superior l The advantage is especially strong in : PCA+lognormal remains competitive
E when the regime approaches the ‘; Type 1 and consistently positive across i in simpler, drift-dominated
Takeaways i noisy near-threshold region. 3 both complexity and modality settings. i regimes.
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Introduction Preliminaries: Diffusion

Model Architecture

Summary & Conclusions

St
e

1. Data Sufficiency
How much data
do we have?

Dataset

2. Signal Complexity e ®
How complex is the 9 e
degradation pattern? _—

3. Noise Regime

conditions?

Experimental Design

Drift- vs. noise-dominated

Results

/ 4. Model Implication
‘ O ’ Which approach

performs best?

A

Small N Large N

Data sufficiency determines which approach wins @

For small N / limited data, Bayesian
updating is competitive, especially when
signals are smooth and monotone.

With larger training sets, Diffusion's
manifold-learning advantage is clear.

More data helps Diffusion learn the
underlying degradation distribution.

Simple (monotone) .

Complex (non-monotone,
irregular, multimodal)

/\/\,\/-‘ .

e Signal complexity governs the performance gap AV

For simple monotone signals,
classical methods remain competitive.

For non-monotone, irregular, complex,
or multimodal degradation, Diffusion
shows robust superiority.

The more complex the pattern, the
larger Diffusion's relative advantage.

@%QQ

Noise-dominated regimes are Diffusion's key advantage

Drift-dominated &
near-homoscedastic

Near 8:2 observation ratio R

Diffusion advantage

PCA+Lognormal
competitive

Threshold crossings become

d

. 12 h
rated & heter

Up to ~90% lower error
(RMSE & MAPE) vs. PCA+Lognormal

f(x) Bayesian Updating

| A" PCA + Lognormal

x Diffusion (Manifold Learning) €

o Manifold learning vs. parametric assumptions @

o Assumes a fixed functional form
(e.g., exponential + IID/BM).

o Linear projection + parametric TTF
distribution (log-normal).

Learns the data distribution / manifold
directly — no predefined functional
form; better generalization under
irregular or multimodal degradation.

Overall

Conclusion

?| ANNUAL

CONFERENCE & EXPO 2026

o Classical/statistical models are
still useful for simple, data-limited,
drift-dominated settings.

e Diffusion becomes clearly superior
when data are sufficient and
degradation is complex, noisy,
multimodal, or heteroscedastic.

Best use case for Diffusion:
realistic, challenging prognostic
environments.
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Introduction Preliminaries: Diffusion Model Architecture Dataset Experimental Design Results

Limitations & Future Research

% Current limitations
> Evaluation relies entirely on simulated (synthetic) datasets
] Simulations control complexity but cannot fully replicate real sensor noise
> Diffusion-based inference is more computationally demanding than classical baselines

% Future research directions

>  Real-world dataset validation
] IMS bearing data, NASA C-MAPSS, and other benchmark datasets
L] Evaluate generalization under realistic operating conditions

> Accelerated inference
(] DDIM, progressive distillation, optimized noise schedules

> Online and federated deployment
L] Streaming inference as new observations arrive
L] Privacy-preserving deployment via federated / meta-learning approaches

Further research
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Q&A

Any questions, or
comments?

Remember to complete your evaluation for this session within the
app!
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