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Abstract

Operator learning is a recently developed generalization of regression to mappings
between functions. It promises to drastically reduce expensive numerical inte-
gration of PDEs to fast evaluations of mappings between functional states of a
system, i.e., surrogate and reduced-order modeling. Operator learning has already
found applications in several areas such as modeling sea ice, combustion, and
atmospheric physics. Recent approaches towards integrating uncertainty quan-
tification into the operator models have relied on likelihood based methods to
infer parameter distributions from noisy data. However, stochastic operators may
yield actions from which a likelihood is difficult or impossible to construct. In
this paper, we introduce, GenUQ, a measure-theoretic approach to UQ that avoids
constructing a likelihood by introducing a generative hyper-network model that
produces parameter distributions consistent with observed data. We demonstrate
that GenUQ outperforms other UQ methods in three example problems, recovering
a manufactured operator, learning the solution operator to a stochastic elliptic PDE,
and modeling the failure location of porous steel under tension.

1 Introduction

Over the last few years there has been tremendous growth at the intersection of scientific machine
learning (SciML), traditional scientific computing methods, and computer science algorithms. In
particular, there has been growing interest in utilizing neural networks to learn physical operators
of dynamical systems, such as high-dimensional partial differential equations (PDEs) [Patel and
Desjardins| [2018]], Patel et al.| [2021]], Lu et al.|[2022a]], Kovachki et al.| [2023]]. These methods are
referred to under the general category of operator learning. However, in order for these operator
learning approaches to achieve significant impact in scientific and engineering applications, they
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must have reliable and robust methods for assessing the uncertainties associated with training and
deploying models.

Uncertainties from machine learning models are often placed into two categories: aleatoric uncer-
tainties arising from inherent stochasticities, e.g., in stochastic ODEs and PDEs; and epistemic
uncertainties arising from lack of data. Ref. |Psaros et al.|[2023] provides a thorough review of the
types of uncertainties that can influence solutions to various dynamical systems obtained via SciML
methods, such as operator learning. In this paper, we focus on the case of aleatoric uncertainties. In
particular, we are interested in learning an operator that accurately estimates predictive uncertainty
due to such variability. That is, given a fixed input z, what is the probability distribution p that best
describes the action of a stochastic operator M acting on x?

Many current approaches, including Bayesian and Frequentist frameworks, rely on a likelihood
function to model aleatoric uncertainty. The stochastic operator M is parameterized by some model
architecture. Optionally, a prior probability distribution can also be placed on the parameters of the
model. By assuming a form for the likelihood function on the data-model relationship, the parameters
of the model can be found via maximum likelihood estimation (MLE) or by maximum a posteriori
(MAP) estimation [Psaros et al.[[2023]]. Often, the likelihood is also parameterized and optimized to
more flexibly model the stochastic behavior of the system Kendall and Gal|[2017]. These sample
parameters can then be utilized to evaluate the model and, when convolved with the likelihood
function, be used to estimate the predictive uncertainty of the output of the operator. However, these
approaches can be computationally prohibitive to execute, and approximation methods are often used,
such as assuming no correlation between model outputs [Kendall and Gal|[2017]]. In addition, the
computational complexity of likelihood based approaches, they often also require strong assumptions
about the likelihood function which may be inappropriate for assessing the type of uncertainties
relevant to systems of stochastic ODEs and PDE:s.

Recently, generative modeling has demonstrated success across a variety of machine learning tasks
Bengesi et al.|[2024]]. These models can also be interpreted as providing uncertainty quantification
Mimikos-Stamatopoulos et al.| [2024]. Score-based approaches towards generative modeling are
particularly attractive because they neither require a likelihood nor involve adversarial optimization
Pacchiardi and Duttal[2022]. Authors have used generative models as hyper-networks to generate the
weights for a neural network model, allowing one to estimate uncertainties for model predictions
Krueger et al.|[2017]], Ratzlaff and Fuxin| [2019], [Safta et al.|[2025]]. These works, however, did
not provide isolated analysis of quantified aleatoric uncertainties apart from epistemic uncertainties.
Moreover, instead of using score based approaches to generative modeling, they relied either on
generative adversarial approaches or methods that require likelihood functions. Finally, none of these
works have applied these hyper-network UQ approaches towards operator learning.

In this paper, we propose a new method of determining predictive uncertainty estimates for learned
operators. We will refer to this method as GenUQ. Our approach is to determine a set of operators
whose action is consistent with the distribution of observed data by training a generative hyper-network
to sample a corresponding distribution of model parameters. The generative hyper-network can be
trained at the same time as a traditional operator learning model using standard backpropagation.
In addition, the approach requires no assumptions about the likelihood of the data nor a prior
distribution on model parameters (though an appropriate prior initialization may benefit training).
Surprisingly, though the parameterization of models may be high-dimensional, we show the generative
hyper-network need only produce a small subset of these to produce an appropriate distribution of
predictions. Therefore, GenUQ is only marginally more expensive to train and perform inference on
than a deterministic model. Though our interest is on applications in operator learning, the approach
is general enough to be applied to other types of machine learning problems.

2 GenUQ: Predictive Uncertainty from Generative Models

Suppose we have a dataset consisting of NV pairs of data, (u;, v;)*€1%N € U x V, and wish to
model it by providing a function (e.g., a neural network), f : U x © — V with appropriate parameters,
0 € ©. In our scenario, the phenomenon that produced the dataset is stochastic in the sense that
repeated experiments on the same input, u, from the probability measure, P, (U), would yield outputs
from a measure, v ~ Py, (V|U = u). For our applications, U and V will be subspaces of L? with
norms, || - ||z, and || - ||y. We are particularly interested in operator learning based PDE surrogate



models, so these spaces will be of functions over a domain, 2 C R4, Additionally, we will not
assume that we have access to multiple realizations of the phenomenon for the same input, i.e., the
dataset consists of unique u;’s.

Similar to Bayesian frameworks such as [Neall [2012], Meng et al.| [2021]], we assume that the
parameters 6§ are random variables and can model the dataset by providing a probability measure for
Po or a means of sampling § ~ Pg such that its pushforward matches the data. However, instead
of following the traditional frameworks of finding a distribution for 6 given the data through Bayes’
Rule, we instead seek to estimate a measure Pg whose push-forward approximates the output target
measure Py, (W). That is,

Pe (f; (V) = Py(V|U = u) ~ Pu(V|U = u) (D

where f;1(V) = {6 € © : fy(u) = V}. This approximation should hold over any u ~ P, so we

seek a model that approximates the joint distribution, Pyy, (W) & Py, (W), where W = U x V is
also a L? space whose elements consist of h,,(6) = (u, f¢(u)). Therefore, we require consistency
between the pushforward of our parameter measure and the data distribution,

Po (h"1(W)) = Py (W) = Py (W) @)

where h=1 (W) = {6 € © : hy(0) = (U, fo(U)) = W}. This approach bears similarity to other
measure-theoretic frameworks for uncertainty quantification |Butler et al.[[2018] 2025].

Note that in many applications, the uncertainty in parameters 6 of a black-box model is not of primary
interest: what is of interest is the accuracy and appropriateness of the approximate predictive measure
Pyy. Therefore, we propose to use an hyper-network generative model gy to learn to sample from the
measure Py. Let z ~ Pz be from a measure that is straightforward to sample, such as the standard
normal distribution. We train a simple, generative feed-forward network g, : Z — © such that

9o(2) =0 — fo(u) =10

and we minimize the differences between the resulting distribution of @ = (u, ) and w = (u,v)
using a discrepancy function D:

m(gnD(]IA”W, Pyy). 3)

As discussed in the following section, there are many options for learning such a sampling distribution,
including normalizing flows|Rezende and Mohamed|[2015a]). In our experiments, we find that utilizing
a non-invertible feed-forward neural network for g4 is sufficient provided an appropriate discrepancy
function. To maintain the computational efficiency of GenUQ, we seek a generative model for only a
small, random subset of the underlying model’s parameters, leaving the remainder as deterministic
variables. The proportion of generated parameters, R, is a hyperparameter that we examine in the
results section.

There are many metrics and discrepancy scores D that could be utilized to estimate the differences

between probability measures [Py, and [Py, such as the KL-divergence and the negative log likelihood.
We choose to utilize the energy score which is a strictly proper score in the sense that it obtains a

minimum if and only if Pyy = Pyy,

~ 1
De(Pv ]P)) = 75 Eww]ﬁ’,w/NIP [p(w7 U)/)] + Ew7w’N]§’ [p(w7 ’LU/)]

)3/2

“

plw,w’) = Jw = w'llyy = (lu—u'If + o=}

where 8 € (0, 2). Note that the two terms in the norm, || - ||,y can be weighted if ||u||z¢/||v]v # O(1).
This score is associated with the maximum-mean discrepancy (MMD) metric for a specific choice
of kernel distance Binkowski et al.|[2018]]. There are a number of advantages to utilizing such a
discrepancy score to train models. See |Gneiting and Raftery|[2007]], Pacchiardi and Dutta [2022] for
details. In particular, one of the advantages of using this type of discrepancy score is that explicit
knowledge of the underlying distributions is not required to approximate the energy score (as with
other MMD metrics), i.e., the energy score can be approximated via Monte Carlo from finite samples
of the two comparison distributions P and Q. Indeed, we have samples from the joint distribution




{w; = (u;,v;)} ~ Py in practice. Thus, we can train the hyper-network generative model with the
following criteria:

zij ~ Pz samples from generating distribution
HU = gg(zij) : model parameter samples

= fo,; (uq) model outputs
w,] = (u“vz]) : predicted samples

ming D, (IPW,IP’W) :  objective function

where

De(By,Py) = an ZZp wWij, i)

n—l Zzp wzgawzj

i j#g

where m the number of samples in the training set and 7, is the number of model predictions and a
tunable optimization hyperparameter. Although we focus on operator learning examples in the results
section, we note that GenUQ is not limited to operator learning and is applicable to other regression
tasks, e.g., i = R" and V = R™.

3 Related Works

Bayesian approaches for uncertainty quantification are very popular, especially in the scientific ma-
chine learning community. Among them, variational inference is commonly chosen because it enables
inference for posterior parameters in situations where performing MCMC sampling is challenging
Graves| [2011]], Blei et al.|[2017]. Nonetheless, classical variational inference approaches can be
limited by assumptions on the class of approximation densities used to approximate the posterior (e.g.,
mean-field approximations). To overcome this limitation, strategies such as normalizing flows have
been proposed to generate a more flexible class of approximation densities for use in the variational
inference approach |Rezende and Mohamed|[2015b]. Our approach is in a similar spirit to this type
of approach but differs in the mathematical framework underlying the approach. While variational
inference also seeks a distribution over model parameters, the posterior distribution it attempts to
approximate is assumed to be a convolution of the data likelihood and prior distribution. Instead, we
seek a distribution over the model parameters whose push-forward measure is consistent with the
distribution of the data, i.e., via the discrepancy score ({@). These differences in objectives can lead to
significantly different mathematical consequences—see [Butler et al.|[2018] for details. Our approach
is most similar to|Lingsch et al.|[2024]], which learns a solution to an inverse problem (in addition
to the forward operator) to characterize the stochastic inputs to a PDE. They associate every input
u € U with a specific stochastic parameterization £ | u € =, and then learn the appropriate mapping
fo : 2 = V. On the other hand, we assume that £ is independent of u and directly influences the
output v through the operator. Thus, our method, GenUQ, focuses on a forward problem directly
relating U and V (via fp : Y — V), bypassing the need to solve an extra inverse problem.

4 Results

We evaluate and compare GenUQ to other UQ methods in three examples. Our first two examples
utilize neural operators as the underlying model, f, while the final example uses a convolutional
neural network. For each example, we have a dataset of input/output function pairs (u, v), that we
partition into training/validation/test sets with a 60%/20%/20% split. We train all models with the
Adam optimizer using a stepped learning rate schedule: (1073, 107%,1075,107), with 400 epochs
per learning rate. We track the validation loss over the training process and report the model with the
lowest validation loss. All experiments were performed on a 80GB A100 NVIDIA GPU.

Throughout these examples, we compare to 5 other UQ methods. The first three are maximum
likelihood estimation based methods where we assume Gaussian error with heteroscadastic, but
uncorrelated noise in a mean field variational inference model (VI), heteroscadastic noise with full
covariance structure (CoV), and normalizing flow conditioned on the input function (NF). While
VI provides both epistemic and aleatoric uncertainties, we include it due to its ubiquity in machine
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Figure 1: (Left) Sample input function in training data. (Right, orange) Sample output function in
training data. (Right, black) Actions of resampled operators on same input function.

learning. For CoV, we predict a full covariance matrix from the neural operator. For NF, we use
masked autoregressive flow |[Papamakarios et al.| [2017] from the error distribution to a normal
distribution using the FlowJax library with default options |Ward|[2025]].

The forth and fifth methods we compare to GenUQ are a dropout (DO) architecture and a generative
model that lacks the hyper-network and maps the input function concatenated with noise to the
stochastic output (Generative). Both architectures are trained using the same energy score in (@)

4.1 ELU Operator learning example

We compare GenUQ to three other UQ methods in recovering a manufactured stochastic operator
from its action on random smooth functions. The operator we use is the composition between the
exponential linear unit (ELU) point-wise non-linearity (Clevert et al.|[2016]] and a differentiation,

N(u)=0.f
f(z) =ELU(u(z) + o) — « (5)
a~U[0,1]

To generate a set of input functions, u;, we generate smooth random functions on a periodic 1D
domain, [0, 27], by sampling a Gaussian process with a mean of zero and a covariance kernel,
K(z,2") = exp(4 cos(2n(z — x'))). For each input function, u;, we sample an operator, A\;, as per
(3, and apply it to u; to generate v; = N;(v;). We try to recover the stochastic operator in (3)) using
function pairs {u;, v; }*=1+. Our full dataset consists of N = 2048 sample pairs. In Figurewe
show a pair of input and output functions. Additionally, we show 20 samples of the action of the
stochastic operator on the same input function to qualitatively show the stochasticity of the operator.

Our underlying model is the operator learning method, Modal Operator Regression for Physics
(MOR-Physics)Patel and Desjardins| [2018]), Patel et al.[[2021]], fo(u) = ]-"’1999 (k)Fhyg, (u), where
F is the Fourier transform, x is the wavenumber, and g and h are neural networks. For both neural
networks, we use a depth of 6 and width of 32 and the GELU activation function. For the generator
network, we use a four layer network of widths, (10, 20, 30, 40), and the same activation function.

In addition to training a GenUQ model on this dataset, we train the five other UQ methods discussed
above. After training the models, we generate new input functions from the same Gaussian process
to compare model performance. Figure [2]shows the comparison between the true operator (I)), the
VI, CoV, NF, DO, Gen, and GenUQ operators. We find that the GenUQ operator better captures the
stochasticity of the true operator than the other methods and has lower energy distance. The 95%
confidence intervals provided by GenUQ more closely follow those of the true operator compared to
than the others. Moreover, the actions for the GenUQ operator remain smooth while the error model
in VI that assumes heteroscadastic but independent Gaussian noise loses the correlation structure
found in the data. Similarly, Gen and DO both produce noisy predictions. CoV and NF is able to
capture smooth functions but the Gaussian restriction for CoV and optimization challenges for both
methods led to to poor quality UQ.

In Figure [3_3], we look at the distribution of the action, v, at three different points in the domain. For
clarity, we only compare GenUQ to VI. We observe that GenUQ produces distributions that are closer
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Figure 2: Comparison of UQ methods for recovering the 1D operator in (). (Left) the predictive
mean (orange) and 95% confidence intervals (blue) of the action of each method on a test function.
(Right) Actions of resampled operators on same test function. Qualitatively, the learned GenUQ
operator better matches the true operator. Energy distances between predictions and data, VI: 0.0265,
CoV: 78.4386, NF: 0.1215, Gen: 0.2122, DO: 0.1994, GenUQ: 0.0020.

to the data than VI. In Figure[3b] we look more closely at the correlation structure for the actions of
the three operators by plotting sample points, (v;(xg), v¢(21)) for 2o = 0.6 and varying x;. We find
that VI has weak correlations throughout while GenUQ matches closely the correlation structure of
the true operator. Additionally, we plot the histograms of v (1) for the three operators for varying
z1 and find GenUQ again to more closely match the true operator than VI. GenUQ, however, does
not exactly match the true operator and produces distributions for the actions that are more diffuse
than the sharp distributions from the true operator.

We assess the sensitivity of the GenUQ model to the random generator dimension d and the number
of model parameters treated as stochastic S. We measured the quality of the predicted distribu-
tions for each d and S using the energy distance, which is equivalent to the energy score (ED plus
Euy w~p [p(w,w")]. We also checked the accuracy of the predicted sample means in the L=-norm.
Table[T]shows the results. For this example, only a small proportion of the total number of parameters
needs to be utilized to reproduce reasonable actions of the learned stochastic operator. This is very
likely due to the fact that the stochasticity of the true operator is governed by a single random variable,
a. On the other hand, treating too many model parameters as stochastic leads to a lack of convergence.
We hypothesize that the model needs to be reasonably calibrated to the data in order for the model to
converge to an appropriate solution. When too many parameters are stochastic, the non-uniqueness
of model parameters leads to degeneracy of the learning process.

4.2 Stochastic Poisson equation solution operator

In our next example, we compare GenUQ to VI for recovering the solution operator for a stochastic
nonlinear Poisson equation. We consider the following PDE on the unit disk in 2D,

V-a(Vv)=u |lz|l2 <1
u=0 [|z[l2 = ©)
a~A u~U

We select for U a Gaussian process, G[0, K (z,2") = 0.04exp(6.25||z — 2’||3)]. To maintain the
well-posedness of the PDE, a : R? — R? must be a monotone function [Evans, 2022, Chapter 9],
so A must be a distribution over monotone functions. We do not explicitly construct .4, but instead



S = (% of M) d=(%ofS)
25 50 75 100
0.1 0.005 (2.2e-4) 0.004 (2.0e-4) 0.002 (1.6e-4) 0.005 (2.1e-4)
04 0.003 (1.9e-4) 0.004 (1.9e-4) 0.003 (1.8e-4) 0.002 (1.7e-4)
1.6 0.005 (5.2e-4) 0.005 (1.9e-4) 0.003 (1.7e-4) 0.008 (2.8e-4)
6.4 0.122 DnC DnC DnC
25.6 DnC DnC DnC DnC

Table 1: Shows the GenUQ model performance for different numbers of stochastic parameters .S (as
a proportion of M) and generating dimension d (as a proportion of \S); the total number of model
parameters was M = 16, 131. Performance measured in the energy distance (@) and differences
between sample means in L2-norm in parentheses. DnC: did not converge.
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Figure 3: Fine grained evaluation of GenUQ in ELU operator learning example. Stochastic operators’
actions on test input function in Figure@ (blue) Test data. (green) V1. (orange) GenUQ.

sample A by randomly initializing a one hidden layer of width 2 monotone neural network with hard
sigmoid activations. To generate the training, validation, and test data, we numerically solve (6] using
a finite element solver with P1 basis functions on a triangular mesh with characteristic mesh size,
h = 0.025. We generate a dataset of 10000 samples. In Figure [d] we show sample input and output
function pairs from the test dataset.
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Figure 4: (Top Left) Sample input function from training set. (7op Right) Sample action on input
function from training set. (Bottom Right) Trace of sample input function along the red line in the
corresponding contour plot. (Bottom Left, orange) Trace of sample output function along the red line.
(Bottom Left, black) Action of multiple realizations of solution operator on fixed input function.
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Figure 5: Visual comparison of VI and GenUQ for recovering the stochastic Poisson equation.
between predictions and data, VI: 0.2643 and GenUQ: 0.0780

We will refer to the stochastic solution operator for (]§|) provided by the finite element solver as Ny
and seek a neural operator, IV, that emulates it. We parameterize the neural operator with the POD-
DeepONets architecture with hard constrained boundary conditions [2022b]. We construct a
truncated POD basis of dimension d = 200 from the training input functions, and project the input
functions onto this basis to produce the POD coefficients, c. The POD-DeepONets architecture has

the following form,
fo(u)(z) = g(x)(bg, (¢) - to, (x))
o) =12 "

where ¢ and b are trunk and branch neural networks of depth 5 and width 128. See 20220
for further details on this architecture.

We train VI and GenUQ models with the same underlying architecture. In Figure[5] we evaluate both
models on a test input function. As in the previous section, we find that GenUQ more closely matches
the test data than VI. Again, VI produces noisy predictions due to the poorly specified likelihood
function. The energy distance for the GenUQ model is also lower. In Figure [6a we plot histograms
for the predictions of the three operators for an test input function at three points and find that GenUQ
matches the data more closely than VI. Figure[6b] we find that the pair-wise values for GenUQ at
these points also more closely matches the test data.

4.3 Porosity Example

For our last example, we apply GenUQ to learn the mapping between the porosity of a steel sample
and the location of its failure under strain. We use high fidelity data from Khalil et al.|[2021]] which
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Deterministic GenUQ

‘ n.=1|n,=4|n,=16 | n, =64 | n, =256
Acc 64.24 63.28 | 77.35 84.56 89.84 93.41
Ly 48.94 ‘ 42.47 ‘ 30.34 ‘ 23.15 ‘ 16.62 ‘ 11.86

Table 2: Metrics for porosity damage problem. Acc refers to accuracy and /5 refers to relative /o
error. Both values are reported as percentages. For GenUQ, the best prediction out of n, are reported.
GenUQ outperforms the deterministic model even for n, = 1.

consists of 0.75umx0.75m x4 pm volumetric fields for the porosity of the material, u, and damage
at failure, v. The damage field is in the range [0, 1] where it takes a value of 1 at the point of failure.
The porosity of the material was sampled from a Karhunen-Loeve process. For each porosity field,
the authors conducted a finite element simulation of the material under strain until ductile failure.
See|Khalil et al.|[2021]] for further details on the simulation. The total number of simulations in the
dataset is 9457 which we partition into training, test, and validation datasets.

A deterministic model for a mapping between porosity, u, and failure is challenging to obtain due
to the extremely sensitive and highly localized nature of the map. Notably, the location of failure is
often near a pore, but it is difficult to predict near which pore or cluster of pores the material will fail
at. Additionally, the strain required break the material has high sample variance. Furthermore, each
finite element simulation utilized approximately 16 CPU-hours. An accurate deterministic model
would need to be inordinately complex to capture the behaviour in this dataset. Alternatively, we
can recast the problem as one of predicting aleatoric uncertainty, i.e., given a sample porosity field,
predict a distribution of failure locations. In this context, the true failure point would lie in a high
density region in the support of a simpler, stochastic model’s predictions.

We compare a deterministic and GenUQ model in predicting the failure location. For both models,
we use the same underlying convolutional neural network (ConvNet) architecture to find a mapping
between the porosity, u, and damage, v, training on pairs of fields from the training set. The ConvNet
consists of 7 blocks of 3x3 convolution, batch normalization, and GELU activation. The convolutions
in the blocks have filter sizes, (4,8,16,16,8,4,1). To the find failure location, we find the location of
the maximum damage predicted. In Figure[7)in the appendix we show a sample pair of porosity and
damage fields from the test set and corresponding damage predictions from the trained models. In
Table 2] we compare statistics from test data predictions from the two models. Given enough samples
from the generative model, it is able to successfully predict the failure location and damage field. The
deterministic model, in contrast has very poor accuracy and high energy distance. Notably, even with
only a single prediction, the generative model still outperforms the deterministic model. While this
observation will require further investigation, we suspect that GenUQ may have a regularizing effect
in addition to providing UQ.



5 Conclusion

In this work, we develop a UQ strategy for modeling aleatoric uncertainty with a focus on neural
operators. Stochastic nonlinear operators can produce data with complicated error structures that are
difficult to model with traditional likelihood based approaches. We develop an alternative approach
that avoids constructing a likelihood by introducing an hyper-network generative model that produces
model parameters consistent with the data distribution after training on an energy score. This approach
outperforms standard UQ approaches in a variety on operator learning tasks. While our method
is capable of quantifying aleatoric uncertainty for a variety of problems, it has limited capacity
for quantifying epistemic uncertainty. Additionally, while the method was successful in the three
examples we studied, it is unclear how well it will perform for other tasks. Future work will focus on
extending this method to better quantify epistemic uncertainty and further applications.
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A Qualitative evaluation of porosity fields predicted by GenUQ model
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Figure 7: (Top Left) slice of a sample porosity field from the test set at z = 2.35 (Middle Left)
Corresponding slice of damage field showing failure at (z,y) = (0.1125,0.15). (Bottom Left)
Damage field predicted by deterministic model at same slice. Damage appears attenuated at this
location. Failure point predicted incorrectly at (x,y, z) = (0.0188,0.3563, 0.3). (Left) Three samples
of damage fields predicted by GenUQ. GenUQ will occasionally predict the correct damage behavior
and failure location at the cost of also sampling erroneous behaviors.

13



	Introduction
	GenUQ: Predictive Uncertainty from Generative Models
	Related Works
	Results
	ELU Operator learning example
	Stochastic Poisson equation solution operator
	Porosity Example

	Conclusion
	Qualitative evaluation of porosity fields predicted by GenUQ model

