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Abstract. Analyzing the effects of uncertainties on complex multidisci-
plinary and coupled systems is a challenging problem when high-fidelity
mathematical models of such systems are expensive to evaluate. Surro-
gate modeling methods can be used to overcome the computational chal-
lenge. However, most surrogate methods cannot be scaled to large-scale
multidisciplinary systems or they do not resolve the coupling between
disciplines. This paper proposes a novel surrogate modeling method-
ology called multidisciplinary iterative neural networks (MINNs). The
proposed approach consists of replacing discipline models with neural
network models that are trained using an iterative procedure to couple
the networks. The MINNs approach is characterized using an analytical
two-discipline multidisciplinary problem. The trained models are used
to perform uncertainty propagation and analyze the sensitivity of one
discipline to the other. The results demonstrated that the MINN formu-
lation can achieve less than 1% prediction error for the coupling variables
and their summary statistics. The MINN formulation requires approxi-
mately an order of magnitude lower evaluations of the original model as
compared to direct quasi-Monte Carlo simulations. These results demon-
strate that MINNs are an attractive approach for propagating uncertain-
ties through multidisciplinary systems.

Keywords: Neural networks - Multidisciplinary design analysis - Un-

certainty propagation - Sensitivity analysis.

1 Introduction

Modern complex systems are inherently multidisciplinary and coupled in nature.
For example, analyzing aeroelastic effects in aircraft wings requires a coupled
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multidisciplinary design analysis (MDA) involving aerodynamics and structural
calculations [3]. These systems are described by a coupled system of equations
that are typically solved using methods such as fixed point iteration [9]. An air-
craft wing may also have uncertain operating conditions or uncertain geometry,
which will affect the performance of the wing [23]. It is necessary to analyze and
quantify the effects of uncertainties. However, it is prohibitive to perform such
an analysis due to the computationally expensive nature of coupled analyses
required for these multidisciplinary systems.

To alleviate the computational burden of uncertainty quantification (UQ)
in MDA, surrogate models or machine learning methods have been actively
used. Chaudhuri and Wilcox [4] utilized Kriging surrogate models to create an
uncoupled system of surrogate models to propagate uncertainties from inputs
to discipline outputs. Balani et al. [1] developed a surrogate-based uncertainty
quantification approach for the multidisciplinary analysis of an aircraft geom-
etry in transonic flow. The surrogate-based approach utilizes Kriging models
[15] and proper orthogonal decomposition combined with interpolation [20] to
compute the quantities of interest. On the other hand, the work done by Berthe-
lin et al. [2] developed an approach that creates a surrogate model for each
discipline and resolves the coupling between the disciplines using the surrogate
models. However, it is necessary to implement a modified training procedure for
this approach, which requires generating samples of coupling variables to cre-
ate the discipline-level surrogate models. Additionally, uncertainty quantification
was not performed in this study. Furthermore, the previously mentioned model-
ing approaches utilize Gaussian Process (GP) models, which lack scalability to
higher dimensions and large-scale problems [21].

Another recent approach developed by Dikshit et al. [5] proposed the use of
discipline-level neural network models that are uncoupled and predict the final
converged coupling variables of a multidisciplinary wing analysis. The authors
utilized this approach to perform multidisciplinary uncertainty analysis for a
wing geometry in subsonic flow. While the approach was successful, it lacked
information about the coupling between the disciplines, which is an important
aspect in multidisciplinary systems.

Introducing information about the coupling can significantly enhance the
analysis of uncertainties in multidisciplinary systems. The information of the
coupling can be used to track the effects of uncertainties from one discipline on
another. This will elucidate the propagation of uncertainties through large-scale
multidisciplinary systems and the sensitivity of one discipline on another. This
has not been well explored in previous works on multidisciplinary uncertainty
propagation and previous approaches also do not fully enable this sensitivity
analysis and uncertainty tracking.

To overcome the various gaps in previous approaches, this work proposes
multidisciplinary iterative neural networks (MINNs), a novel approach to mod-
eling multidisciplinary systems using neural networks. To the best of the authors’
knowledge, this is the first neural network approach that utilizes an iterative for-
mulation to enable modeling of coupled systems using discipline-specific neural
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networks. The MINNs formulation consists of a neural network model that re-
places each expensive-to-evaluate model of a discipline within an MDA. The
neural networks are then trained iteratively to allow the networks to mimic
the solution process for a coupled system while improving the prediction of the
system through iterative refinement [6]. Once the models are trained, they are
utilized in a quasi-Monte Carlo simulation (QMCS) approach to perform uncer-
tainty analysis.

This formulation has several advantages. First, by forcing the neural networks
to predict a value close to the converged coupling variables, convergence of the
MDA can be enhanced as the initial solution is close to the converged values,
and the iteration enforces the coupling between networks rather than locating
the solution from a poor initial estimate. Second, the MINNs formulation does
not require the generation of samples in the coupling variable space since the
only required information is that of the converged coupling variables. Finally, it
maintains the coupling between the disciplines and ensures that the outputs of
the discipline-specific neural network models are consistent.

The approach proposed in this work is characterized using the Sellar prob-
lem [25], which is an analytical multidisciplinary problem that acts as a simple
testbed for new multidisciplinary approaches. The prediction accuracy of the
MINNS formulation is compared with a modeling approach that consists of de-
coupled neural networks modeling each of the disciplines, similar to the approach
used in [5].

The remainder of the paper is structured as follows. Section 2 introduces the
novel MINNs formulation that is proposed in this work. Section 3 describes the
benchmarking method used to characterize the MINNs framework. Section 4 out-
lines the numerical experiments performed to characterize the MINNs approach.
Finally, Sec. 5 outlines the main conclusions of this work.

2 Multidisciplinary Iterative Neural Networks

In this section, the novel neural network formulation proposed in this work for
MDA is described. This novel formulation will be referred to as multidisciplinary
iterative neural networks (MINNSs). The formulation consists of two neural net-
works that model individual disciplines within an MDA. The formulation pre-
sented in the current work accounts for two disciplines. However, future work can
extend this framework to more than two disciplines. An iterative neural network
procedure is used to couple the two models to conduct an MDA. An overview of
iterative procedures for neural networks can be found in [6]. This novel formula-
tion allows efficient computations for multidisciplinary systems while maintain-
ing the coupled nature of these systems. An overview of the MINN formulation
is given in Fig. 1.

2.1 Mathematical Definition

To mathematically describe the MINN formulation, consider two neural net-
works, fg and gy, that are defined in a coupled and iterative sense as
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Fig.1: Graphical overview of the multidisciplinary iterative neural networks
(MINNs) framework.

vi=foxys ), yh=ge(xyi ), i=1,..n (1)

where n is the total number of iterations, x is the input data, y* is the value of
the coupling variables from the first discipline at the 7** iteration, and y% is the
value of the coupling variables from the second discipline at the i*” iteration. The
notation fy indicates that the neural network f is parameterized by parameters
given by #. Defining the neural networks in this manner allows for using a neural
network model for each discipline while resolving the coupling between the two
disciplines. This formulation requires an initial value for the coupling variables
to start the iterative process. In this work, zero is used as the initial value,
i.e., y! = 0 and yJ = 0. The iterative process of the neural network prediction
is continued until the absolute difference between the coupling variables of the
current iteration and the previous iteration is below a specified tolerance.

2.2 Training and inference algorithm

The full training procedure of the neural networks in the MINN formulation
is shown in Algorithm 1. In each epoch of training, the iterative procedure of
MINNS is carried out, and the output from the neural networks at each iteration
and the converged coupling variable values are used to calculate a loss function.
The mean squared error loss function is used in this case. The total loss is
the sum of the loss function values at each iteration. This ensures that at each
iteration, the neural networks are trying to drive their output closer and closer to
the converged coupling variable values. Ensuring that the neural networks also
drive the value of the first iteration close to the converged coupling variables
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Algorithm 1 Training procedure for MINNs.

Require: data set of inputs and coupling variables (X,y;,¥,), number of epochs E,
convergence tolerance, A = 107°, maximum number of iterations, M
for epoch =1 to E do
Set y=0and yJ =0
Compute y; = fo(X,y5) and y3 = g4 (X, y})
Set y}"*" = 2y} and y5™" = 2y,
i=1
Initialize Loss = LM5E(y1 y ) + LM5E(yl,y,)
while True do
Compute y; = fo(x,y5 ') and y5 = gy (x,y7 ')
Increase loss value, Loss = Loss + LM5E(yt y ) + LM5E (vl y,)
i=i+1
if vp < Aand up < AV € [y) —yi| and ux € [y5®" — yi| then
break while
end if
if i = M then
break while
end if

Set y;"*’ =y} and y3™*" =y,
end while
Compute gradient of loss function, V, £ where n = [0, 9]
Compute a step of the optimizer using V,, L

end for

can enhance convergence since the iterative procedure starts close to predicted
converged values.

Backpropagation [22] is used to calculate the gradients of the total loss with
respect to the parameters of both neural network models. The adaptive moment
estimation (ADAM) [14] algorithm is used to update the parameters and decrease
the loss function. The iterative process of computing the outputs of the neural
networks is repeated at the inference stage to obtain the predictions.

2.3 Uncertainty Propagation and Sensitivity Tracking

Once the MINN formulation has been trained, it can be used to propagate uncer-
tainties through a coupled system and also track the sensitivity of one coupling
variable to another. Since the MINN formulation is cheap to evaluate, it can be
used with a QMCS approach to perform uncertainty propagation given distri-
butions of the input variables. In this work, Sobol’ sequences [26] are used to
generate samples from the input distributions. The sequences are implemented
using the Scipy package [29]. Once the samples are generated, the MINN for-
mulation is used to evaluate the samples and calculate the converged coupling
variables. Once the converged coupling variables are known, the summary statis-
tics and probability density functions (PDFs) of the coupling variables can be
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determined. The PDF is calculated from the outputs using a kernel density es-
timate [18].

After finding the PDFs of the converged coupling variables, a global sensi-
tivity analysis [27] is performed to uncover the effects of the uncertainty in one
coupling variable over another. This is enabled by the fact that the MINN for-
mulation resolves the coupling between the disciplines, which can be exploited
to track this uncertainty through the coupling. To perform the global sensitivity
analysis, Sobol” sequences [26] are used to sample from the distributions of the
inputs as well as the distribution of the relevant input coupling variable. These
samples are then used to calculate the first-order and total Sobol’ indices to
uncover the sensitivities of one coupling variable to the inputs and the other
coupling variable. The samples are evaluated only once using the neural net-
work of the relevant discipline without iteration. This is because the samples of
the coupling variables represent converged values. Since the neural networks are
consistent according to the coupling of the disciplines, no iteration is required
to obtain the converged value of the other coupling variable.

In this work, the SALib package [11,13] is used to perform the Sobol’ sensi-
tivity analysis. This is a unique type of analysis that is enabled by the MINN
formulation, as it captures the coupling between the disciplines, and it is cheap
to evaluate, which is necessary for conducting the global sensitivity analysis.
This is difficult with a formulation that does not account for the coupling.

3 Benchmarking method

A direct counterpart of the MINN approach is the use of independent neural
networks to model each discipline without any coupling, such as the approach
in [5]. In the case of independent neural networks, there is also one neural net-
work model created for each discipline of the problem. However, these are vanilla
neural network models which take the inputs of a discipline and return the con-
verged coupling variables directly without iteration. They are termed as inde-
pendent neural networks since there is no iteration where the coupling variables
are exchanged and the models are not trained simultaneously. The mathematical
definition for these independent neural networks can be written as

yir =ty(x),  ys" = qp(x), (2)

where ¢, and gg are neural networks with the input as x and output as the con-
verged coupling variables, y{°"¥ and y$°™". This will be used as a benchmarking
method for evaluating the MINN approach, as it represents an approach for

discipline-specific modeling without iteration or coupling.

4 Numerical Experiments

This section formulates the uncertainty analysis of the Sellar problem, details
the experiments conducted to characterize the MINN approach and the results
obtained for the experiments.
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4.1 Problem Formulation

This section formulates the uncertainty analysis problem that is used to charac-
terize the proposed approach. The multidisciplinary Sellar problem [25] is used to
characterize the MINNs formulation proposed in this work. The Sellar problem
consists of two coupled disciplines, and the system has three input variables. The
system can be represented using the XDSM [16] diagram that is shown in Fig. 2.
The problem serves as a well-defined analytical benchmark to characterize a new
approach for surrogate-based multidisciplinary analysis and uncertainty propa-
gation. There are two coupling variables in the problem, y; and s, and the three
input variables are x1, x2, and x3. The Sellar problem model is implemented us-
ing the OpenMDAO framework [8]. In this formulation, it is considered that the
input variables are uncertain and can be described by the following distributions:
x1 ~ U[1.0,4.0],22 ~ U[-2.0,3.0], 23 ~ U[—2.0,3.0].

The aim is to propagate uncertainties from the inputs to the converged cou-
pling variables and describe the summary statistics and PDFs of the converged
coupling variables. This will be done by employing the newly proposed MINN
formulation and a QMCS approach [17]. The MINN formulation will be used to
replace the solver of the Sellar problem and used to predict the coupling variables
for a given set of inputs. When combined with a QMCS approach, the MINN
can be used to propagate uncertainties from the inputs to the outputs.

To assess the accuracy of the results of the proposed MINN approach, ground
truth values of the coupling variables and statistical quantities are required.
These are created by running QMCS directly on the Sellar Problem model.
Sobol” sequences [26] are used to sample from the distributions of the uncer-
tain variables. The samples are evaluated using the Sellar Problem model. After
obtaining the converged coupling variables from the Sellar Problem model, the
summary statistics and PDF of the coupling variables are computed using 512
samples, as this was deemed to be sufficiently converged. The approximate mean
value of y; is 4.7056, and the approximate standard deviation is 2.5002. The ap-
proximate mean value of y, is 3.0751, and the approximate standard deviation is
2.4528. These will be used as the ground truth when characterizing the proposed
MINN approach in the next section.

X1, X2, X3 X2, X3

n =X22+X3 +x1 — 0.2y, @
@ Y=ytxtx

Fig. 2: Extended design structure matrix for the two discipline Sellar problem.
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4.2 Prediction accuracy of the MINN approach

The first part of this section illustrates the prediction accuracy of the proposed
MINN approach. The prediction accuracy is compared with the accuracy of in-
dependent neural networks that do not account for the coupling or iteration that
is included in the MINN formulation. The results presented here may slightly
differ if the experiments are rerun due to randomness in the process such as
randomness in the training of the neural networks.

The neural network models in the MINN formulation contain 3 hidden lay-
ers with 8 neurons each and use the sigmoid linear unit (SiLU) [7] activation
function. The independent neural networks share the same architecture as the
networks in the MINN formulation. However, as described previously, these in-
dependent neural networks predict the converged value of the coupling variables
given a set of inputs. They do not perform any iteration or account for the
coupling between the two disciplines. The results from independent neural net-
works will be labelled as independent in subsequent figures. All neural network
models and associated tensor calculations are implemented using the PyTorch
framework [19].

The normalized root mean squared error (NRMSE) metric is used to assess
the accuracy of the neural networks in the MINN formulation. The NRMSE is
calculated as

= \/% Zivzl(@z — w;)?
NRMSE = max(w) — min(w)

, (3)

where N is the number of samples in the testing data, w is the predicted quantity
and w are the values of the testing data. The training samples for the models are
generated using Halton sequence sampling [10]. A separate set of testing data
containing 100 samples is created for the models using Latin hypercube sampling
[28]. Halton sequences are implemented using the Scipy package [29], and LHS is
implemented using the Surrogate Modeling Toolbox [24]. The sampling bounds
are chosen to correspond to the uniform distributions described in the previous
section.

Figure 3 shows the variation of the NRMSE with the number of training
samples for the neural network models. All plots and figures shown in this sec-
tion have been created using the Matplotlib [12] and Seaborn [30] libraries.
The figure illustrates that the accuracy between the MINNs formulation and
the independent neural network models is comparable. Both approaches achieve
similar prediction accuracy for the coupling variables when trained and tested on
the same datasets. The MINN formulation achieves an NRMSE of 0.4585% and
0.5456% for y1 and 9, respectively, using only 60 training samples. Additionally,
Fig. 4 shows the loss curves for the training process of the MINN neural network
models. The figure shows two curves, one for the loss at the initial computation
of the coupling variables and one for the loss after the coupling variables have
converged. It is evident from the results that the value of the loss function is
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Fig.3: Normalized root mean squared error versus number of samples for the
proposed MINN approach and two independent neural networks.

much lower after convergence than at the initial computation. This confirms that
the neural network outputs get closer to the true values as the iterative process
continues.

While making predictions on the testing data, the MINN formulation re-
quired approximately 5 iterations on average for coupling variable convergence
for an entire batch of testing data. The fixed point iteration [9] solver present
within OpenMDAO [8] required approximately 7 iterations on average for con-
vergence of the coupled equations for training data evaluations. This highlights
that starting the iteration of the neural networks by predicting values close to

104
. —— First iteration loss for 10 samples
o —— Final iteration loss for 10 samples
1074 \ ---- First iteration loss for 60 samples
---= Final iteration loss for 60 samples
§ 107t
|}
©
2 109-2
° 10
1073
1074
0 500 1000 1500 2000
Epochs

Fig.4: Loss curves of neural networks of the MINN formulation for 10 and 60
training samples at the first and final iterations.
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the converged coupling variables can enhance overall convergence of the MDA
as compared to conventional methods that do not use neural networks.

4.3 Uncertainty propagation

Using the uncertainty propagation method outlined in Sec. 2.3, the uncertainties
from the input variables are propagated through the coupled system using the
MINN formulation. The MINN networks trained using 60 samples are used for
uncertainty propagation.

Figure 5 shows the convergence plots for the MINN formulation. The plots
also show the summary statistics that were found by directly running QMCS

True mean
True standard deviation

23 25 27 29 211
Number of Sobol Samples

— O‘
---- True mean
---- True standard deviation

Summary Statistics of y;

23 25 27 29 o1
Number of Sobol Samples

(b)
Fig.5: QMCS convergence studies for the summary statistics of (a) y; and (b)
y2 using the MINN formulation.
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on the full model of the Sellar problem, and these are labeled as the true sum-
mary statistics. The plots show that the MINN formulation converges to the
correct summary statistics for the Sellar problem, indicating that the approach
can accurately propagate uncertainties through a coupled system. The mean and
standard deviation computed using 512 QMCS samples for y; have a percentage
difference of 0.1159% and 0.7337%, respectively, from the true values. The mean
and standard deviation computed using 512 QMCS samples for y» have a per-
centage difference of 0.0911% and 0.1674%, respectively, from the true values.
This shows that the summary statistics obtained from the MINN formulation
only required 60 evaluations of the original model to have less than 1% error,
while direct QMCS required 512 evaluations of the original model. This repre-
sents a reduction of approximately one order of magnitude in the number of
evaluations required for uncertainty analysis.

Figure 6 shows the PDFs of the coupling variables that are obtained from the
MINN approach and by direct QMCS on the Sellar Problem, which are labeled as
the true PDFs. In both cases, the PDFs are computed using 512 QMCS samples.
The PDFs obtained using the MINN formulation are a close match to the PDFs
obtained directly from the Sellar Problem model. This is an expected result given
the high accuracy of the MINN approach with 60 training samples.

4.4 Sensitivity analysis

Once the uncertainty has been propagated, the distributions of the converged
coupling variables are known, and the MINN formulation ensures that the cou-
pling between the disciplines is considered by the neural networks. The distri-
bution of the coupling variable is approximated as a Gaussian distribution with
the mean and standard deviation computed from the MINN networks with 512
samples. Samples are then drawn from the Gaussian distribution to perform the
Sobol’ sensitivity analysis.

Figure 7 shows the Sobol’ indices obtained for both disciplines using the
MINN formulation trained with 60 samples and the method outlined in Sec. 2.3.
The results of the Sobol” analysis show that y, has a significant effect on the
variation of y;. It is also visible that the total Sobol” index (S7) of ys is higher
than the first-order index (S7). This means that y, has some interactions with
other variables that account for the variation in y;. On the other hand, y; has a
smaller effect on the variation of ys, and the total Sobol’ index is only slightly
higher than the first-order index. This indicates that interactions between y; and
other variables play a smaller role in the variation of y,. This type of sensitivity
analysis and understanding of the effects of one coupling variable on another are
enabled by the MINN formulation in an efficient manner, without running the
full model of each discipline.

5 Conclusion

This work proposes multidisciplinary iterative neural networks (MINNSs), a novel
formulation for efficiently modeling coupled multidisciplinary systems. The pro-
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Fig. 6: Probability density functions of (a) y; and (b) y2 obtained using MINN
and directly from the Sellar Problem model.

posed MINN approach replaces each discipline with a cheap-to-evaluate neural
network model. The neural network models are then trained using an iterative
approach to ensure that the models account for the coupling between the dis-
ciplines. For the considered benchmark problem, the MINN approach shows a
prediction accuracy that is comparable to training two uncoupled independent
neural networks to predict the converged coupling variables directly. The MINN
approach can also accurately propagate uncertainties through a coupled system,
achieving results that are consistent with running QMCS directly on the full
OpenMDAO [8] model. Finally, the sensitivity analysis revealed an understand-
ing of the effects of coupling variables from one discipline on the other discipline.
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Future work will focus on extending and applying this formulation to more
complex problems, such as the aerostructural analysis of wing geometries with
high-fidelity simulations. This requires extending the formulation to systems with
very high-dimensional coupling and input variables. Another avenue of future
research will be to extend MINNs to problems with more than two disciplines.

Acknowledgments

This work is supported in part by the Icelandic Research Fund Grant 239858.

10°
N S
. St
%]
[}
)
£
£
5
Q
[e]
) I
- l. “
X2 y2
Variables
(a)
100
Hl S
ST
%]
[
1)
£
51071y
[e]
(%3]
x1
Variables

(b)
Fig. 7: Sobol’ sensitivity analysis of (a) y; and (b) y2 obtained using MINN and
the PDFs obtained from the uncertainty analysis.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOIJ10.1007/978-3-032-29909-3_27 |



https://dx.doi.org/10.1007/978-3-032-29909-3_27
https://dx.doi.org/10.1007/978-3-032-29909-3_27

14

A. Dikshit et al.

References

1.

10.

11.

12.

13.

14.

15.

Balani, A., Bekemeyer, P., Reimer, L.: Surrogate-based uncertainty quantifica-
tion of the high-fidelity coupled aero-structural performance of a high-aspect ratio
transport aircraft. In: ATAA AVIATION FORUM AND ASCEND 2025 (7 2025).
https://doi.org/10.2514/6.2025-3340

Berthelin, G., Dubreuil, S., Salaiin, M., Bartoli, N., Gogu, C.: Disciplinary proper
orthogonal decomposition and interpolation for the resolution of parameterized
multidisciplinary analysis. International Journal for Numerical Methods in Engi-
neering 123, 3594-3626 (8 2022). https://doi.org/10.1002/nme.6981

Brooks, T.R., Kenway, G.K., Martins, J.R.: Benchmark aerostructural models
for the study of transonic aircraft wings. AIAA Journal 56, 2840-2855 (2018).
https://doi.org/10.2514/1.J056603, www.aiaa.org/randp.

Chaudhuri, A., Willcox, K.E.: Multifidelity uncertainty propagation in coupled
multidisciplinary systems. In: 18th ATAA Non-Deterministic Approaches Confer-
ence, San Diego, CA (4-8 January, 2016)

Dikshit, A., Koratikere, P., Leifsson, L., He, P.: Surrogate-based uncer-
tainty propagation in aerostructural analysis of a wing in subsonic flow.
In: ATAA SCITECH 2026 Forum. Orlando, Florida (1 12-16 January, 2026).
https://doi.org/10.2514/6.2026-2398

Durasov, N., Oner, D., Donier, J., Le, H., Fua, P.: Enabling uncertainty estimation
in iterative neural networks. In: Proceedings of the 41st International Conference
on Machine Learning. vol. 235, pp. 12172-12189. Vienna, Austria (21-27 Jul 21-27
Jul, 2024)

Elfwing, S., Uchibe, E., Doya, K.: Sigmoid-weighted linear units for neural network
function approximation in reinforcement learning. Neural Networks 107, 3-11 (11
2018). https://doi.org/10.1016/j.neunet.2017.12.012

Gray, J.S., Hwang, J.T., Martins, J.R.R.A., Moore, K.T., Naylor, B.A.: OpenM-
DAO: An open-source framework for multidisciplinary design, analysis, and opti-
mization. Structural and Multidisciplinary Optimization 59(4), 1075-1104 (April
2019). https://doi.org/10.1007/s00158-019-02211-z

Haftka, R.T., Sobieszczanski-Sobieski, J., Padula, S.L.: On options for interdis-
ciplinary analysis and design optimization. Structural Optimization 4, 65-74 (6
1992). https://doi.org/10.1007/BF01759919

Halton, J.H.: On the efficiency of certain quasi-random sequences of points in
evaluating multi-dimensional integrals. Numemrische Mathematik pp. 84-90 (1960)
Herman, J., Usher, W.: SALib: An open-source python library for sen-
sitivity analysis. The Journal of Open Source Software 2(9) (jan 2017).
https://doi.org/10.21105/joss.00097, https://doi.org/10.21105/joss.00097

Hunter, J.D.: Matplotlib: A 2d graphics environment. Computing in Science &
Engineering 9(3), 90-95 (2007). https://doi.org/10.1109/MCSE.2007.55

Iwanaga, T., Usher, W., Herman, J.: Toward SALib 2.0: Advancing the acces-
sibility and interpretability of global sensitivity analyses. Socio-Environmental
Systems Modelling 4, 18155 (May 2022). https://doi.org/10.18174/sesmo.18155,
https://sesmo.org/article/view/18155

Kingma, D.P., Ba, J.: Adam: A method for stochastic optimization. In: Interna-
tional Conference on Learning Representations (ICLR). San Diego, CA (12 May 7
-9, 2015)

Krige, D.G.: A statistical approach to some basic mine valuation problems on the
witwatersrand. Journal of the South African Institute of Mining and Metallurgy
52(6), 119-139 (12 1951). https://doi.org/10.10520/AJA0038223X\ 4792

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI] 10.1007/978-3-032-29909-3_27 |



https://dx.doi.org/10.1007/978-3-032-29909-3_27
https://dx.doi.org/10.1007/978-3-032-29909-3_27

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

MINNSs for Propagating Uncertainties in Coupled Systems 15

Lambe, A.B., Martins, J.R.: Extensions to the design structure matrix for
the description of multidisciplinary design, analysis, and optimization pro-
cesses. Structural and Multidisciplinary Optimization 46, 273-284 (8 2012).
https://doi.org/10.1007 /s00158-012-0763-y

Niederreiter, H.: Random Number Generation and Quasi-Monte Carlo
Methods.  Society for Industrial and Applied Mathematics (1990),
https://epubs.siam.org/doi/book/10.1137/1.9781611970081

Parzen, E.: On estimation of a probability density function and mode. The Annals
of Mathematical Statistics 33 (1962)

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen,
T., Lin, Z., Gimelshein, N., Antiga, L., Desmaison, A., Xamla, A.K., Yang, E.,
Devito, Z., Nabla, M.R., Tejani, A., Chilamkurthy, S., Ai, Q., Steiner, B., Bai,
L.F.J., Chintala, S.: Pytorch: An imperative style, high-performance deep learning
library. In: 33rd Conference on Neural Information Processing Systems (NeurIPS
2019). Vancouver, Canada (8-14 December, 2019)

Rajaram, D., Perron, C., Puranik, T.G., Mavris, D.N.: Randomized algorithms for
non-intrusive parametric reduced order modeling. AIAA Journal 58, 53895407
(2020). https://doi.org/10.2514/1.J059616

Rasmussen, C.E., Williams, C.K.I.: Gaussian Processes for Machine Learning. MIT
Press, Cambridge, MA (2005)

Rumelhart, D.E., Hinton, G.E., Williams, R.J.: Learning represen-
tations by back-propagating errors. Nature 323, 533-536 (1986).
https://doi.org/https://doi.org/10.1038,/323533a0

Sabater, C., Bekemeyer, P., Gortz, S.: Robust design of transonic natural laminar
flow wings under environmental and operational uncertainties. AIAA Journal 60,
T67-782 (2 2022). https://doi.org/10.2514/1.J060676

Saves, P., Lafage, R., Bartoli, N., Diouane, Y., Bussemaker, J., Lefeb-
vre, T., Hwang, J.T., Morlier, J., Martins, J.R.: Smt 2.0: A surro-
gate modeling toolbox with a focus on hierarchical and mixed variables
gaussian processes. Advances in Engineering Software 188, 103571 (2024).
https://doi.org/https://doi.org/10.1016/j.advengsoft.2023.103571

Sellar, R.S., Batill, S.M., Renaud, J.E.: Response surface based, concurrent sub-
space optimization for multidisciplinary system design. 34th Aerospace Sciences
Meeting and Exhibit (1996). https://doi.org/10.2514/6.1996-714

Sobol, I.M.: On the distribution of points in a cube and the approximate evaluation
of integrals. USSR Computational Mathematics and Mathematical Physics 7, 86—
112 (1967). https://doi.org/https://doi.org/10.1016,/0041-5553(67)90144-9

Sobol, I.M.: Global sensitivity indices for nonlinear mathematical models and their
monte carlo estimates. Mathematics and Computers in Simulation 55, 271-280 (2
2001). https://doi.org/10.1016,/S0378-4754(00)00270-6

Tang, B.: Orthogonal array-based latin  hypercubes. Journal of
the  American  Statistical  Association  88(424), 1392-1397  (1993).
https://doi.org/10.1080,/01621459.1993.10476423

Virtanen, P., Gommers, R., Oliphant, T.E., Haberland, M., Reddy, T., et al.: Scipy
1.0: fundamental algorithms for scientific computing in python. Nature Methods
17, 261-272 (3 2020). https://doi.org/10.1038/s41592-019-0686-2

Waskom, M.L.: seaborn: statistical data visualization. Journal of Open
Source Software 6(60), 3021 (2021). https://doi.org/10.21105/joss.03021,
https://doi.org/10.21105/joss.03021

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI] 10.1007/978-3-032-29909-3_27 |



https://dx.doi.org/10.1007/978-3-032-29909-3_27
https://dx.doi.org/10.1007/978-3-032-29909-3_27

