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Abstract. Uncertainty quantification in deep neural networks has become increasingly impor-
tant, as effective uncertainty quantification can significantly enhance the robustness and relia-
bility of learning systems, particularly in safety-critical applications. Probabilistic frameworks,
such as Bayesian neural networks, are widely regarded as effective approaches. However, de-
spite their popularity and demonstrated success in various applications, these methods have
some key limitations: they require the specification of a prior distribution, which forces practi-
tioners to make assumptions about its form. An alternative body of research has increasingly
focused on interval neural networks (INNs) in regression tasks, which employ deterministic
intervals to model and estimate the uncertainty of the predictions or the weights of the neu-
ral networks. Compared to traditional probabilistic methods, INNs require fewer probabilistic
assumptions while offering theoretical guarantees of reliability and robustness. INNs also pro-
vide a more intuitive interpretation by representing uncertainty through the range of possible
values, from minimum to maximum. Moreover, certain INN models featuring interval-formed
weights can address interval-based input data, making them especially useful in specific ap-
plications. Nevertheless, current evaluations of INNs are generally restricted to synthetic or
simple regression datasets. In this research, we comprehensively assess distinct INN models
for continuous value prediction (i.e., regression) in real-world engineering applications. Our
evaluation mainly encompasses three test cases: a standard regression, a realistic remaining
useful lifetime (RUL) prediction task, and the RUL task in cases of interval-valued data.
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1 INTRODUCTION

In recent years, uncertainty quantificatio (UQ) for neural network predictions has garnered
growing interest. Effective UQ in regression tasks enables engineers to make more informed and
safer decisions when utilizing engineering surrogate models [[1-3]], particularly in high-stakes
and safety-critical applications.

Concerningregression tasks, Nix et al. [4] were among the firs to introducea neural network
architecture with two output nodes to quantify uncertainty one to generate predictions and
the other to estimate data noise. However, such neural networks do notaccount for parameter
uncertainty, as they maintain point estimates for these parameters. Consequently, they fail to
fully quantify the uncertainty associated with network predictions [5]. To address this limitation,
Bayesian neural networks (BNNs), which model parameters as probability distributions, have
emerged as a preferred approach [6H9]. Although BNNs are actively applied to different
tasks [[10},/11], there are still challenges, e.g., the huge computational complexity during training
and inference [12]; also the user- or case-dependency to design reasonable priors [13]. An
alternative to BNNs, interval neural networks (INNs) have gained increasing attentiondue to
their ability to UQ without relying heavily on probabilistic and distributional assumptions [14}]15].
Research on INNs can be categorized into two main approaches. The firs type of approach,
named light interval neural networks (light-INNs) in our work, involves INNs to generate
deterministic interval predictions while maintainingfi ed-pointestimates for network weights
and biases. In addition, ensemble techniques are also employed to account for parameter
uncertainty [14}[16H18]. The second type of approach, called full interval neural networks
(full-INNS) in this study, involves representing network parameters as intervals and predicting
intervals through interval arithmetic during the propagation process [19-22]. Despite their
simple probabilistic assumptions and considerable potential, INNs have yet to undergo rigorous
evaluation on moderndeep neural architectures in complex real-world scenarios, particularly in
comparison to Bayesian techniques.

In addition to conventional regression tasks, the engineering domain has increasingly empha-
sized the need for robust UQ methods in regression with interval-valued data (IVD), of which
features are represented as intervals and embed measurementuncertainty and variability [23-25].
For example, in scenarios where sensor measurements or experimental observations are subject
to inherentnoise or imprecision, UQ frameworks designed for IVD can significantl enhance the
reliability of downstream analyzes by explicitly propagating uncertainty through models [26].
Among existing neural network-based UQ methodologies, full-INNs distinguish themselves due
to their unique compatibility with interval arithmetic. However, currentresearch on full-INNs
for regression tasks [15}/18}27] remains restricted to shallow architectures, primarily limited
to multilayer perceptrons (MLP) with few hidden layers. Although a recent approach, termed
interval batch normalization (IBN), has demonstrated the feasibility of integrating full-INNs
with ResNet50 architecture [28] for classificatio tasks, the potential of modern, deep full-INN
frameworks for real-world engineering regression remains to be investigated.

To address the aforementioned gaps in evaluating INNs for regression tasks, we systematically
assessed the UQ capabilities of INNs and benchmarked them against BNNs. This evaluation
spans three distinct case studies: a one-dimensional analytical function, a realistic remaining
useful lifetime (RUL) prediction task, and the RUL task in cases of IVD.

The remainder of this paper is organized as follows: Section [2|introduces the preliminary
neural network approach for uncertainty quantificatio under our evaluation. Section [3| provides
a detailed description of our empirical evaluation experiments. Finally, Section 4| summarizes
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our finding and outlines directions for future work.

2 NEURAL NETWORKS FOR UNCERTAINTY QUANTIFICATION

In this section, we introduce three distinct approaches for uncertainty quantificatio in
regression tasks: Bayesian neural networks in Section light interval neural networks that
feature fix- alued weights and generate prediction intervals in Section and full interval
neural networks that apply interval-valued weights in Section

2.1 Bayesian neural networks

Bayesian neural networks (BNNs) have emerged as a prominentframework for uncertainty
quantification where neural network parameters are modeled as probability distributions. After
assigning prior distributions, BNNs leverage Bayesian inference to derive posterior distributions
from the training data. To mitigate the significan computational complexity associated with
BNNs, extensive research has been conducted, focusing on various approximation techniques
[6,]12}29H31]. Among these, Monte Carlo dropout(MC Dropout) [6] and deep ensembles [8]
have widely served as Bayesian baselines for several benchmarks [32H35], due to their robust
uncertainty quantificatio capabilities, adaptability to diverse datasets and network architectures,
and relatively low computational overhead.

« MC Dropout [6] can be implemented by traininga standard neural network (SNN) with
dropout, approximating inference through stochastic forward passes during inference.

« Deep ensembles [8] can be constructed by traininga set of SNNs under randominitial-
ization. Deep ensembles marginalize over multiple network models to derive a predictive
distribution usually treated as a BNN inference approximation.

Given a training dataset D = {x,,, y, }_, for a univariate regression task, both MC Dropout
and deep ensembles can be trained by minimizing the Gaussian negative log-likelihood (NLL)
loss, as follows:

ZN log o} (1) n (pi(zn)) — yn)Q (1)

n=1 2 202(x,) ’

where p;(x,,) and 6Z(x,,) are the mean and variance of the predicted single Gaussian distribution

N (ui(x,), 02 (x,)) for the data point (z,,, y,). N (1i(x,,),0?(x,)) is obtained from the i-th

stochastic forward pass in MC Dropoutor the i-th SNN ensemble member in deep ensembles.
When presenting a new sample x*, these models can predict a Gaussian mixture distribution

N (s (x*), 02(x*)) from a set of M sampled single Gaussian distributions, as follows:

*

* -1 M * 2 * —1 M 2 * 2 * 2 *
p(@) = MY ) e = MY (02 (@) + () — ). @)
Here, M represents the number of inference samples in MC Dropoutor the number of SNNs in
deep ensembles. The variance can serve as the measure of prediction uncertainty
2.2 Light interval neural networks

As an alternative to traditional probabilistic techniques that rely heavily on probabilistic
and distributional assumptions [14}(15], interval neural networks (INNs) have also garnered
increasing attention for their application in uncertainty quantificatio for regression tasks.
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A significan body of research has focused on INNs that produce deterministic interval
predictions while maintainingfi ed point estimates for network weights and biases [14}/16H18],
referred to as light-INNs in this work. The widely accepted principle for traininglight-INNs is
to generate a high-quality prediction interval that remains as narrow as possible while ensuring
a specifie coverage proportionof the training data. Specificall , the primary objective is to
predict a prediction interval (PI), namely [§* V], which bounds the target i and satisfies

PICP:=P,(9* <y <9Y) > P.. (3)

Here, P, denotes the predefine confidenc level, usually set as P. = 0.95. P, is the prediction
interval coverage probability (PICP). Following this principle, a recent advancement [18] has
introduceda loss function thatis less dependenton hyperparameters, as follows:

N (Yo — i) log(MPIW?) 2
anl 2-MPIW? 2 ,an aX{O’Pi_ PICP}- )
g Lpr
Lug

Here, Ly approximates the Gaussian NLL loss (equation (1)) and consists of a residual regres-
sion term and an uncertainty regularization component[18]. 7, is the predicted midpointof the
predictioninterval [§L §U] for the n-th data pair and MPIW represents mean prediction interval
width [14,/17}/18] obtained from MPIW = N~ S (3U — 4L). L spontaneously measures
the quality of the constructed PIs and PICP can be obtained from PICP = 22;1 ¢n, where ¢, =1
for y, € [JL Y] and ¢, =0 otherwise. \ serves as the training hyperparameter to balance the
importance of two loss components [18]. A larger A empirically demonstrates greater values of
the PICP and MPIW.

The ensemble concept is widely applied to light-INNs [14}[17}[18] to account for the uncertainty
associated with neural network parameters and improve uncertainty quantificatio performance.
Specificall , given a collection of M independentlytrained light-INNs, the ensemble PIs, @L §U]
can be computed as follows [18]:

M

=L _ . —U B M
Y :(M 1Zm:1ern>—O'gL Yy :(]\/[ 1Zm:1y%>+0ym (5)

where [jL (U] represent the PI from m-th ensemble light-INN and

2 2
2 1 X ~L 1 d ~L 2 1 wd ~U 1 Y ~U
ey S (i) ey 2 (i) ©

m

Consequently, the prediction uncertainty can be quantifie as the range of [gjL EU]

2.3 Full interval neural networks

Unlike light-INNs and BNNS, the alternative approach to INNSs is to utilize intervals over
parameters (referred to as full-INNs in this work). The full-INN also incorporates deterministic
interval inputs and outputs for each node and therefore conducts the interval forward propagation
as follows [21}]22]:

e @)=/ (W.W]'c @ & bb). )

where @, ©, and © represent interval addition, subtraction, and multiplication, respectively [36].
The quantities [a,a]’, [a, @', [W, W]’ and [b, b]' are the interval outputs of the [-th, the
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interval outcomes of the preceding (I —1)-th layer, the interval weights and interval biases of
the [-th layer, accordingly. f!(-) correspondsto the activation function of the (-th layer, which is
constrained to be monotonically increasing. When [a, @]’ ™! is non-negative, equation (7) can be
simplifie as follows [21}[22]:

a=f! (min{ﬂl, 0}a'™ + max{W' 0}a'! + l_)l)
1 1 =\ ®
a=f (max{W ,0}@ ™ + min{W ,0}a"' +b )

In our implementationof full-INNs, we adopt the methodology outlined in [22] to effectively
ensure the validity of weight and bias intervals (W < W and b < b) throughoutthe propagation
process, as detailed below:

W W|=[W.-W, W.+W,| [bb]=[b.—b, b.+b]. 9)
Here, W, b, and W, > 0, b, > 0 are the centers (midpoints) and radii (half of ranges) of
the weight and bias intervals, accordingly [22]. In this context, full-INNs can be initialized
and trained using standard techniques [21}22]. Additionally, interval batch normalization
(IBN) [22], an interval-based extension of the conventional batch normalization technique, has
been employed to improve the stability and adaptability of deep architectures. Figure [I] presents
a simple MLP-based full-INN architecture for a univariate regression task.

Interval by Interval [W W] = (W, - W, W, +W,]
Center & Radius = 1 ~ L™ ¥ He & T
enter & Radius [B] = [be — by, b + by]

(b5

Figure 1: A simple MLP-based full-INN architecture for a univariate regression task. [22].

Given a standard training dataset D = {x,,, y, }._,, the full-INN can be trained by setting

n=1>
x, =T, =, for the inputand minimizing the following loss [21]:

N
Zn:l (max{yn_yg, O}Q—i—max{g)f—yn, 0}2 + - (Qg_gﬁ)>> (10)

in which [jZ §Y] is the full-INN prediction for the n-th data point, and the hyperparameter
parameter 5 > 0 determines how outlier-sensitive the intervals are trained [21]. The prediction
interval range subsequently functions as a quantitative measure of prediction uncertainty

In addition to standard datasets, full-INNs also encode the ability to handle uncertain
interval-valued data. Specificall , when training data incorporate interval target values, i.e.,
{x,, [y~ yY]}Y_,, one of widely applied training strategies for full-INN is to minimize the
following loss function [37]

Ziv:l%((yfﬁ — )’ + (?)5-%)2). (11)
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3 EXPERIMENTAL EVALUATION

In this section, we conductthree case evaluation studies: a one-dimensionalanalytical function
in Section [3.1] a real-world remaining useful lifetime (RUL) prediction task in Section and
the RUL task involving interval-valued data (IVD) in Section [3.2.2]

3.1 One-dimensional analytical function

In our evaluation, we consider a one-dimensionalanalytical function, as follows:
f(x) = zsin(z) + ez + €3, (12)

where €1, €5 ~ N(0,0.3). This functionincorporatesboth homoscedastic (¢;) and heteroscedastic
(€1) aleatoric uncertainty; requiring the model to estimate both components. We generate 1,000
training samples with x € [0, 10], while out-of-training-setsamples are constructed using 200
samples for x € [10, 15].

For Bayesian baselines, we train five SNNs with different randomseed initializations to form
deep ensembles and apply MC Dropout, both utilizing the Gaussian NLL loss in equation (I).
Similarly, for INNs, we train five light-INNs with different randomseed initializations to con-
struct ensembles of light-INNs, employing the loss functionin equation (4) with A = 5. However,
we are unable to obtain a well-trained full-INN model using the training strategy in equation
(10), as severe underfittin is observed across various values of the training hyperparameter /3.
Specificall , all models follow the same MLP architecture and training settings as outlined in [9].

Figure [2]illustrates the comparison of the three approaches for prediction uncertainty Com-
pared to Bayesia n baselines, the ensemble of light-INNs performs best in the out-of-training-set
region due to its higher estimated prediction uncertainty However, in the in-training-setregion,
the smoothness of the predicted lower boundary—particularly for x € [6, 10] is inferior to that
of deep ensembles. This is primarily due to the incorporationof the training data’s coverage
proportionin the training procedure of light-INNs, and the training noise is largely increased.
Additionally, we do not present results for MC Dropoutwith larger sampling numbers M because
increasing M from 5 to 100 did not significantl affect its poor performance.

Predicted mean
Predicted uncertain region

Predicted mean
20 Predicted uncertain region

Predicted mean
Predicted uncertain region

x x x
Deep ensembles MC Dropout Ensemble of light-INNs

Figure 2: Comparison of three approaches for prediction uncertainty quantificatio in a one-
dimensional analytical functionregression. The predicted uncertaintyregions for deep ensembles
and MC Dropout are computed using s, £ 0. whereas for the ensemble of light-INNs, it is
determinedby gV — §’. The out-of-training-setregion is marked in light gray.
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3.2 Jet engine remaining useful lifetime prediction

Remaining useful lifetime (RUL) prediction plays a pivotal role in prognostics and health
management (PHM), enhancing system reliability while ultimately reducing operational and
maintenance costs for mechanical systems. Given its predictive nature, accuracy has been the
primary focus of research efforts. To improve prediction performance, various models have been
proposed, including Kalman filte -ensemble multi-layer perception (MLP) [38], recurrentneural
networks (RNN) [39], and deep convolutional neural networks (DCNN) [40-42]. However,
the presence of noise in the data as well as assumptions being used to generate the data, have
heightened the importance of uncertainty estimation. In this test case, we explore how INNs
could serve as a viable alternative to the existing Bayesian methods.

In this evaluation, we use the NASA turbofan engine degradation simulation dataset generated
by C-MAPSS platform [43]. The dataset consists of four sub-datasets simulated under different
two working conditions and two fault modes. A total of 21 sensor measurementsare collected in
each sub-dataset. However, some of the sensor measurements were droppedsince they didn’t
give any useful information (i.e. variances are smaller than1 x 107°), leaving the remaining
set of 14 sensors which numbered as sensor numbers: 2,3,4,7,8,9,11,12,13,14,15,17,20, and 21.
Following [42], we choose the FD001 and FD003 sub-datasets to be evaluated in this test case
since they share the same operating conditions but have different fault modes. Since the problem
is a time-series prediction, we employed a sliding window embedding method to generate the
training and testing samples, where the window length is set to 30. In pre-processing the target
label, we adopted a piecewise linear function with a constant RUL equal to 125 in the early
stage [41}42].

A modifie and shortened architecture of ResNet, called MResNet9 [42], shown in Figure
is used as the main neural network architecture to predict the RUL. The numberbefore Conv2d
represents the convolution kernel size, the numberafter Conv2d is the quantity of the convolution
kernels, and /2 means the dimensionsare reduced by half. BN represents the batch normalization,
ReLU represents the rectifie linear unit activation function, and Dropout represents the dropout
layer with 0.2 rate.

3.2.1 Light-INN approach

In this section, we evaluate the ensemble of light-INNs while choosing MC Dropoutand
deep ensembles as baselines. The ensemble numberis set as M = 5. To evaluate the model’s
performance, we primarily consider two aspects: predictionaccuracy and uncertainty. To ensure
a fair comparison of accuracy, we employ two metrics. First, following the original C-MAPSS
data challenge [43], we utilize the scoring function define in equation[13] where N represents
the number of engines in the test set, and h = (Estimated RUL — True RUL).

SN e T — 1), forh; <0

SF = , .
Zi\il e%—1>, for h; > 0

(13)

The scoring function (SF) is intentionally designed to be asymmetric, penalizing late predictions
more severely than early ones. This design choice reflect the aerospace industry’s priority,
where delayed maintenance can be significantl more detrimental than the prematureallocation
of maintenance resources. In addition to the scoring function, we employ the standard root mean
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Figure 3: MResNet9 architecture.

squared error (RMSE) of the predicted RUL, define as follows:

(14)

A Log-likelihood function is often used to assess the prediction uncertainty quality. However,
this approach assumes that the uncertainty estimation outputsa normal distribution with mean
f () and standard deviation opeq. Due to the nature of interval prediction where the output
distribution is unknown, this approach is not suitable. Instead, we employ the prediction interval
coverage probability (PICP), define in equation (3).

The main drawback of the PICP comes when the model returnsa very wide prediction interval,
thus each of the test set observations falls inside the prediction interval. While the PICP score
will be exceptional, this behaviour is unwanted since such behaviour is essentially a completely
random process. Thus, we also employ sharpness, or the average interval length in conjunction
with PICP to indicate the width of the interval, define as follows:

AR
IL=N1'Y g —9,. (15)
i=1
Where IL indicates the length of the predicted [?L ?U] of the ensemble of light-INNs. In the

context of deep ensembles and MC Dropout, the prediction interval applied in equation (2)
is obtained from [, — 0 1. +0.]. The best model would be the one that maximizes the PICP
while keeping the interval length minimum.

The comparison of precision metrics given in Table [I|shows that the deep ensemble ensemble
and the ensemble of light-INNs are very close to each other in terms of predictive performance.
While the MC Dropout, despite having a similar architecture is not as accurate as the others.
In terms of uncertainty estimation shown in Table [2] and Figures [4] and [5} the ensemble of
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Table 1: Accuracy metrics comparison between methods.

Datasets FDO001 FDO003

Metrics RMSE SF RMSE SF

MC Dropout 15.13 £1.02 579.75 +£498.51 15.05+0.77 534.58 + 120.21
Deep ensembles 12.65 £ 0.17 247.61 £ 8.26 12.48 £0.41 361.57 £ 60.60

Ensemble of light-INNs  12.96 &+ 0.50 260.63 +31.31  13.11 +£0.61 483.64 = 178.88

Table 2: Uncertainty metrics comparison between methods.

Datasets FDO001 FDO003
Metrics PICP IL PICP IL
MC Dropout 0.75+0.03 38.74+1.27 0.79+0.03 38.96 4+ 1.48
Deep ensembles 0.88+0.01 39.50£0.42 0.90£0.01 39.19 +£0.61

Ensemble of light-INNs  0.35£0.03 12.55£0.30 0.42+£0.03 11.99+0.39

light-INN’s produces a rather over-confiden estimation compared to the other methods. In
addition, our experiments indicate that the performance of light-INN method is more sensitive to
hyperparameters and training configurations This heightened sensitivity primarily stems from
the finel designed loss function (equation (4)) used in light-INN training, which necessitates a
careful balance between the accuracy of mean prediction and the quality of PCIP.

Engine ID = 24 Engine ID = 24

140F ] 140F
120f N 120f
100 N \'V 100}

— —

o 80f = 80

= [

—— Target —— Target

920F —=— Midpoint prediction 20} —— Midpoint prediction
Prediction Interval Prediction Interval
0 0
AQ [\ QA0 490 A0 A0 4D AO O A0 490 A0 40 4
Cycle Cycle
(a) (b)
Engine ID = 24

160

Q400 490 A0 460 420
Cycle

()

Figure 4: Test data FD0O1 engine 24 RUL prediction using (a) MC Dropout, (b) deep ensembles,
and (c) ensemble of light-INNs.
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0] g ] 160F o Do e
140 — Torect ] 140F — Tt i
120 !
1 100
E 80
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40
20
0 Q 20 AQ [\ 0 400 0 Q 20 A0 [N Q0 A0
Test instances with increasing RUL Test instances with increasing RUL
(b)
0 Q 20 AQ 0 0 400
Test instances with increasing RUL
(c)

Figure 5: Test data FD0OO1 instances prediction with increasing RUL using (a) MC Dropout, (b)
deep ensembles, and (c) ensemble of light-INNss.

3.2.2 Full-INN approach

In this section, we explore the capability of full-INNs to handle imprecise data (interval-valued
data). In the RUL test case, we modify the existing dataset to have an imprecise value by adding
and subtracting the existing data with a randomvalue between 10 and 20, written as:

y; = yi +U(10,20)

: 16
yb = y; — U(10,20) (16

where the minimumand maximum values sampled from the uniform distribution/ are arbitrary.

Converting the modifie ResNet architecture in Figure [3|into the full-INN architecture can
be done by replacing the correspondinglayers and activation function types with their interval-
valued layers counterpart[21}22]. To train the full interval-version MResNet9, we employ the
loss function in equation (11).

To evaluate the full-INN, we propose several different metrics than the light-INN. Since we
have interval-valued data (IVD) in the full-INN, we firs propose to use a modifie version of
RMSE, where the fina value is the average of the lower and upper RMSE, written as:

I-RMSE = %RMSE (9" — ")+ %RMSE (¥ — )", (17)

We also slightly modifie the scoring function (SF) in equation[I3|to be suited for IVD. At its
core, we still follow the original SF paradigm, which penalizes late predictions more than early
predictions. However, we also defin a safe space, which is define as the area between the upper
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Table 3: Accuracy metrics comparison between methods.

Datasets FDO0O01 FDO003
Metrics I-RMSE I-SF I-RMSE I-SF
ful-INN 16.22 +1.00 558.53 4+ 184.83 15.344+0.78 616.24 4+ 151.08

bound and the lower bound ground truth. Therefore, early prediction of the upper boundand late
prediction of the lower boundare not penalized. The interval SF is define as:

SN (e —1) + (ehn = 1), forh <0&hV >0
N _nk
A -1 forht <0& hY <0
I (= -1), > (18)
Ziﬂ(eﬁ—l), for kY > 0& hY > 0.
L0, else.

PICP and IL metrics are used to quantify the quality of uncertaintyestimation in the light-INN
case in section However, since the problem is interval-valued we propose to use two
metrics to evaluate the uncertainty estimation in full-INNs. First, we introduce the area coverage
ratio (ACR) define as the ratio of the overlapping area between the predicted interval and the
true interval relative to the total area of the true interval. The expression is written as:

AOVCI‘ aj
ACR = 0w
Atrue

Atrue = / (yup(x) - ylow(l'))dl' (19)
reX
onerlap = /GX max((), min(yup(x)v yup<x)) - max(glow<x>7 ylow(x))) dx

The ACR can be interpretedas how much the model correctly predicts the true interval. Thus, a
higher ACR indicates a better model. However, ACR can be easily achieved if the model predicts
a very wide interval that encloses the whole space. Thus, to avoid such conditions, we introduce
the non-overlap (outside) area ratio (OAR). The OAR is define as the non-overlapping area of
the predicted interval relative to the total area of the predicted interval, written as:

Apred - onerlap
Apred

Apred = / (Qup(x) - glow(w))dw
rzeX

OAR =
(20)

Intuitively, the OAR measures how much the model mispredicts the true interval. Thus, lower
OAR indicates a better model.

The prediction plot is given in Figure[6] Tables [3|and[4]show the value of the proposed metrics
for the full-INN model with 10 repetitions. However, because there are no comparable methods
and models to learn from RUL data, no methodological comparisonis provided. Instead, we
provide the result as a benchmark for future research.
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Table 4: Uncertainty metrics comparison between methods.

Datasets FDO0O01 FDO003
Metrics ACR OAR ACR OAR
full-INN 0.60+0.03 0.374+0.02 0.624+0.03 0.35+0.02

Engine ID = 24

f T T T T T T
17 140 b
[ Dl |
150 120} |
125 100 i
= 100} = sol | Al
~ 75¢ ~ 60Ff
50t 401
---- Interval target NS
25¢ Target, ¢ 3 201 I_ ,,,, ;
—— Midpoint predition ',"d/‘ of
Interval prediction i, ] N"-"\"
A0 900 200 A0 Q 20 AQ N 0 A0
Cycle Test instances with increasing RUL
(a) (b)

Figure 6: (a) Interval prediction on engine 24, and (b) Test instances prediction with sorted
increasing RUL.

4 CONCLUSION

In this study, we evaluated two types of interval neural networks (INNs)—light-INNs and
full-INNs—for uncertainty quantificatio in regression tasks. Our evaluation covered standard
regression, a realistic remaining useful lifetime (RUL) prediction task, and the RUL task under
interval-valued data (IVD) settings. The results suggest that light-INNs have the potential to
serve as an alternative approach for uncertainty quantification However, they require a careful
trade-oft between mean prediction performance and the quality of prediction interval coverage
probability, particularly when handling complex problems.

Furthermore,the capability of full-INNs to process interval-based data and integrate with deep
architectures was validated throughthe RUL task with IVD settings. However, their performance
on standard datasets in our test cases was suboptimal, indicating the need for furtherinvestigation
into training strategies and the inherentbehavior of these models.

For future work, we aim to deepen our understandingof the training dynamics and loss
function design of INNs. Additionally, we plan to explore their performance in time-series
forecasting and partial differential equation problems.
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