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A Comparative Benchmark of GAN, DDPM, and Flow Matching for 2D and 3D Porous Mi-
crostructures Synthesis.

Ali Aouf, Eric Laloy, Christophe De Vleeschouwer

o We benchmark WGAN-GP, DDPM, and flow matching for porous microstructure synthesis using 2D and super-
vised 3D datasets of clay, carbonate, and sandstone.

e Model fidelity is assessed using phase statistics, microstructure-relevant structural descriptors, and visual com-
parison, with effective diffusivity additionally evaluated for the 3D benchmark.

e Flow matching is evaluated as an alternative generative framework for both 2D porous-media images and 3D
volumetric microstructures.

e Flow matching provides a consistent quality—cost compromise across the benchmark, reproducing the 3D porosity—
diffusivity relation particularly well while requiring substantially fewer sampling steps than DDPM.
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ARTICLE INFO ABSTRACT

Keywords: Accurate representations of porous microstructures are essential for studying transport and effec-
2D Microstructure Synthesis tive properties in geomaterials such as clay, carbonate, and sandstone. Deep generative models
3D Microstructure Synthesis provide a means of producing additional statistically representative microstructures, but different
Porous Media model families can differ substantially in their ability to reproduce morphology, population vari-
Subsurface structures ability, and transport-relevant connectivity. In this work, we present a comparative benchmark
Deep Generative Models of three generative-model families for porous microstructure synthesis: a Wasserstein generative
Denoising Diffusion Models adversarial network with gradient penalty (WGAN-GP), denoising diffusion probabilistic mod-
Generative Adversarial Networks els (DDPMs), and flow matching models. The benchmark considers six microstructure datasets
Flow Matching in two dimensionally consistent settings: two-dimensional models trained on 2D images and su-
Digital rock physics pervised three-dimensional models trained on 3D volumes. The comparison therefore addresses

2D-to-2D and 3D-to-3D synthesis rather than dimensional expansion from 2D to 3D. Model
performance is assessed using visual comparison, phase statistics, and microstructure-relevant
structural descriptors, with effective diffusivity additionally evaluated for the three-dimensional
benchmark. Across the considered datasets, all three model families reproduce important as-
pects of the reference microstructures, although their relative performance depends on the quan-
tity being assessed. Flow matching is comparatively consistent across the reported structural
measures and, in three dimensions, reproduces the reference porosity—diffusivity relation most
consistently. It also requires substantially fewer sequential sampling evaluations than the 1,000-
step DDPM configuration considered here, while WGAN-GP retains the advantage of single-
pass generation. Overall, the results identify flow matching as a competitive and computation-
ally attractive approach for porous-microstructure synthesis, providing a favorable quality—cost
compromise without universally outperforming the alternative models across every material and
metric.

CRediT authorship contribution statement

Ali Aouf: Conceptualization, Methodology, Software, Formal analysis, Investigation, Visualization, Writing -
original draft. Eric Laloy: Conceptualization, Methodology, Formal analysis, Writing - review and editing. Christophe
De Vleeschouwer: Conceptualization, Methodology, Formal analysis, Writing - review and editing.

1. Introduction

Modelling the behaviour of porous materials requires realistic representations of their microstructure. In clays,
carbonates, and sandstones, pore geometry, phase arrangement, and connectivity govern effective transport properties
and therefore influence the outcome of pore-scale simulations used in digital rock physics. Reliable microstructure
representations are consequently required not only for visual reconstruction, but also for statistical and physics-based
analyses.

Three-dimensional microstructure data are commonly obtained using imaging techniques such as X-ray computed
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tomography (CT) and focused ion beam scanning electron microscopy (FIB-SEM) Zhang et al. (2020); Ibrahim et al.
(2021). These techniques require substantial experimental effort and involve trade-offs between spatial resolution,
field of view, acquisition time, and sample preparation Blunt et al. (2013); Gaboreau et al. (2016); Sezen (2016). For
fine-scale porous media and multiphase materials, segmentation can introduce an additional source of uncertainty and
can affect the structural statistics and transport properties derived from the images Salzer et al. (2014); Andrew (2018).
Large ensembles of representative three-dimensional volumes are therefore difficult to obtain for many materials of
interest.

Synthetic microstructure generation complements direct imaging by providing additional realizations that can be
used for statistical analysis, uncertainty quantification, and physics-based simulation Torquato and Haslach (2002);
Blunt et al. (2013). Classical reconstruction approaches, including simulated annealing and multiple-point statistics,
have been used extensively, but their computational cost and ability to reproduce complex heterogeneous structures can
become limiting at high resolution Yeong and Torquato (1998); Strebelle (2002); Mariethoz et al. (2010); Aouf et al.
(2025b). These limitations have motivated the use of deep generative models for porous-media and microstructure
synthesis Rabbani et al. (2021); Lukas Mosser (2017); Aouf et al. (2025b); Laloy et al. (2018).

Generative adversarial networks (GANs) learn a data distribution through adversarial optimisation between a gener-
ator and a discriminator and have been applied to porous-media synthesis in both two and three dimensions Goodfellow
etal. (2014); Lukas Mosser (2017). Wasserstein formulations modify the adversarial objective to improve optimisation
behaviour, and the gradient-penalty variant provides a practical way to regularise the critic while avoiding weight clip-
ping Arjovsky et al. (2017); Gulrajani et al. (2017). Adversarial models retain the important advantage of single-pass
sampling, but their observed performance can depend strongly on training dynamics and checkpoint selection.

Denoising diffusion probabilistic models (DDPMs) provide an iterative alternative based on reversing a gradual
noising process Ho et al. (2020); Nichol and Dhariwal (2021). Diffusion models have shown strong performance
for porous microstructures, including clay and multiphase systems Aouf et al. (2025a,b). Their standard sampling
procedure, however, requires many sequential network evaluations, which can become costly for large two-dimensional
fields and especially for three-dimensional volumes Ho et al. (2020); Nichol and Dhariwal (2021).

Flow matching (FM) is a continuous-time generative formulation in which a neural network learns a velocity field
that transports samples from a simple reference distribution to the data distribution Lipman et al. (2023); Holderrieth
and Erives (2025). Like diffusion, the standard training objective is non-adversarial; unlike a long discrete diffusion
chain, generation is performed by numerically integrating a learned ordinary differential equation, so the number of
sampling evaluations can be substantially smaller when the learned trajectory is sufficiently regular Lipman et al.
(2023); Albergo et al. (2025). Flow matching has received comparatively little attention in porous-media synthesis,

particularly for volumetric microstructure generation.

A.Aouf et al.: Preprint Page 2 of 14
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In this work, we benchmark WGAN-GP, DDPM, and flow matching in two dimensionally consistent settings:
two-dimensional models trained on two-dimensional images and supervised three-dimensional models trained on
three-dimensional volumes. The benchmark retains six microstructure datasets spanning binary and multiphase illite,
Savonnieres carbonate, Boom Clay, Bandera Brown sandstone, and Bentheimer sandstone. The comparison is based
on phase statistics, microstructure-relevant structural descriptors, visual assessment, and, for the three-dimensional
benchmark, lattice-Boltzmann effective diffusivity. These quantities are interpreted jointly rather than collapsed into
a single visual or statistical score, because they probe different aspects of the generated populations.

The remainder of the paper is organized as follows. Section 2 introduces the three generative model families and
the experimental framework. Section 4 presents the two-dimensional and three-dimensional benchmark results and
compares their structural, physical, and computational trade-offs. Section 6 summarizes the conclusions and limitations

of the study.

2. Generative models

This section summarizes the three model families used in the benchmark. The emphasis is on the generation
mechanism needed to interpret the comparison; dataset construction, phase encoding, sampling configurations, and

evaluation procedures are reported separately below.

2.0.1. Generative Adversarial Networks (WGAN-GP)

Generative adversarial networks (GANs) formulate generation as an adversarial optimisation problem between a
generator and a discriminator Goodfellow et al. (2014). The generator maps samples from a latent prior to synthetic
microstructures, while the discriminator is trained to distinguish generated samples from real data. In the Wasserstein
formulation, the discriminator is replaced by a real-valued critic and the objective is related to the Wasserstein distance
between the generated and reference distributions Arjovsky et al. (2017).

The Wasserstein GAN with gradient penalty (WGAN-GP) regularises the critic by penalising deviations of its
input-gradient norm from unity Gulrajani et al. (2017). When written as a loss minimised with respect to the critic

parameters, the objective is
. 2
Ly =E,.p [DG@)] — Epop [DX)] + AEgp, (IV: DRIl —1)7, o

where D denotes the critic, G the generator, P, the real-data distribution, P, the latent prior, and P; the distribution of
points interpolated between real and generated samples. The coefficient A controls the strength of the gradient penalty.
The corresponding generator is trained to increase the critic score assigned to generated samples.

WGAN-GP is used here as the single-pass adversarial baseline. Its main computational advantage is that, once

A.Aouf et al.: Preprint Page 3 of 14
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trained, each sample is produced by one generator evaluation. The benchmark evaluates its empirical training behaviour

and generated statistics directly rather than assuming that the adversarial objective determines performance by itself.

2.0.2. Denoising Diffusion Probabilistic Models
Denoising diffusion probabilistic models (DDPMs) generate samples by learning to reverse a gradual Gaussian

noising process Ho et al. (2020). The forward process is a Markov chain

g%, | X)) = N( V1-=8x%x_4, ﬂrI> > 2)

where f, specifies the noise level at timestep ¢. A time-conditioned neural network, implemented using a U-Net-style
architecture, is trained to predict the noise component at randomly sampled timesteps Ronneberger et al. (2015); Ho
et al. (2020). Generation starts from Gaussian noise and applies the learned reverse transitions sequentially until a
data-space sample is obtained.

The standard DDPM objective is non-adversarial and has been associated with stable optimisation and strong
reproduction of complex image statistics Nichol and Dhariwal (2021); Aouf et al. (2025a). Its principal practical
cost is iterative sampling: a standard reverse chain can require many network evaluations for each generated sample.
Accelerated samplers exist, but they are not the focus of the present benchmark Nichol and Dhariwal (2021); Karras

et al. (2022).

2.0.3. Flow Matching
Flow matching learns a continuous-time transformation from a simple reference distribution, typically Gaussian
noise, to the data distribution Lipman et al. (2023). Let X, denote a noise sample and x; a data sample. For the linear

conditional path
x, = (1 — )%y + 1%, te[0,1], (3)

the target conditional velocity is X; —X,. A neural network v,(X;, f) is trained by regression to match this velocity field.

At inference, the learned ordinary differential equation

& v @

is integrated from a Gaussian sample at # = 0 to a generated data sample at # = 1 Lipman et al. (2023).
The velocity field is represented using time-conditioned convolutional U-Net-style networks for both image and

volumetric data. The number of numerical integration steps used at inference is not fixed by the training objective. This

A.Aouf et al.: Preprint Page 4 of 14
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provides a direct accuracy—cost trade-off: sufficiently regular learned trajectories can be integrated using fewer network
evaluations than a long standard diffusion chain, although the resulting accuracy still depends on the integration scheme

and step count Albergo et al. (2025).

3. Experimental evaluation

3.1. Datasets and preprocessing

The benchmark contains six microstructure datasets spanning different lithologies, phase compositions, and levels
of structural complexity. The sandstone data comprise Bentheimer and Bandera Brown sandstone from the Digital
Rocks Portal Neumann et al. (2021). Savonnieres carbonate, also obtained from the Digital Rocks Portal Bultreys
(2016), provides a more heterogeneous pore geometry. Clay microstructures are represented by binary illite, three-
phase illite, and Boom Clay data provided by SCK CEN Gaboreau et al. (2016); Honty et al. (2021); Zeelmaekers
et al. (2015); Yu et al. (2013); Hemes et al. (2013). The multiphase illite dataset is included to test whether the model
comparison extends beyond binary pore—solid segmentation.

For two-dimensional benchmarking, 5,000 crops of size 2567 pixels are extracted from the available reference data
for each dataset. For three-dimensional benchmarking, 2,500 sub-volumes of size 643 voxels are extracted for each
dataset. The same reference phase definitions are used when comparing the three model families within an experiment.

Binary data are represented in one scalar channel, with pore encoded as —1 and solid as +1. The three phases of
the multiphase illite data are also represented in one scalar channel, with pore encoded as —1, clay matrix as 0, and
mineral as +1. The same scalar phase ordering is used in both the two-dimensional and three-dimensional bench-
marks reported here. Generated outputs are mapped back to the corresponding discrete phases before phase statistics,

structural descriptors, and transport quantities are evaluated.

Reported sampling configurations. For the sampling-cost comparison reported in Section 4, the DDPM uses 1,000
reverse timesteps and flow matching uses 100 numerical integration steps. WGAN-GP generates each sample in one
forward pass. These are the sampling configurations used for the reported timing comparison; the timing values should

therefore be interpreted for that configuration rather than as architecture-independent constants.

3.2. Evaluation methods

The models are evaluated using complementary measures of phase composition, spatial organisation, and three-
dimensional transport. Visualisations are used to identify qualitative features and artefacts, but are not treated as
sufficient evidence for ranking the model families.

Phase composition is evaluated first. For binary datasets, the empirical porosity distributions of generated crops

are compared with the reference distribution. For multiphase illite, the three phase-fraction distributions are reported

A.Aouf et al.: Preprint Page 5 of 14
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separately. Both the location and width of these distributions are relevant: agreement in mean or median composition
does not by itself establish that the generated population reproduces the variability of the reference data.

Morphological fidelity is evaluated using the two-point probability function S, (#), lineal-path function L(r), chord-
length distribution, and pore-size distribution Torquato and Haslach (2002). The two-point probability function mea-
sures the probability that two points separated by r belong to the same phase. The lineal-path function measures the
probability that a complete segment of length r lies within a phase and therefore probes uninterrupted phase continuity.
Chord-length distributions characterize contiguous phase-segment lengths, while pore-size distributions characterize
the range of local pore scales. These descriptors are interpreted together because no single structural function provides
a complete measure of microstructure fidelity or connectivity.

Structural descriptors are computed consistently for generated and reference data using PoreSpy Gostick et al.
(2019). For two-dimensional images, directional evaluations are performed along the horizontal and vertical directions;
for three-dimensional volumes, they are performed along the three orthogonal axes. Phase statistics are considered
before the descriptor curves because several structural quantities, including .S,, depend directly on phase fraction.

For the three-dimensional benchmark, functional relevance is assessed using effective gas diffusivity calculated
with Yantra, the lattice-Boltzmann implementation developed at SCK CEN Patel et al. (2018). All compared samples
are processed using the same numerical settings. The simulated effective diffusivity D, is interpreted comparatively
rather than as a direct prediction of an experimental bulk coefficient. In particular, the generated porosity—diffusivity
relation is compared with the reference population: differences at similar porosity provide evidence of connectivity
differences that cannot be explained by pore fraction alone.

Finally, the benchmark should be interpreted as a test of consistency with the available acquisitions. Because
multiple training and evaluation crops can originate from the same parent scan, the results do not by themselves es-
tablish generalisation to an independent physical specimen of the same material. This limitation applies to both the

two-dimensional and three-dimensional comparisons.

4. Results

This section presents the WGAN-GP, DDPM, and flow-matching benchmark results separately for two-dimensional
images and three-dimensional volumes. The comparison combines visual assessment with empirical phase statistics
and structural descriptors; the three-dimensional benchmark additionally includes effective diffusivity. These quanti-

ties are interpreted as complementary evidence rather than combined into a single aggregate score.

A.Aouf et al.: Preprint Page 6 of 14
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4.1. Two-dimensional benchmark

Figure 1 compares generated 2D samples across the six benchmark datasets. All three model families reproduce the
principal material-specific motifs at the displayed scale, including dispersed pore structures in illite, coarser connected
void space in the sandstones, and the stronger heterogeneity of Savonnieres carbonate. The differences are more local.
WGAN-GP appears smoother than the reference in several cases; on Boom Clay, for example, the generated features
are more rounded and less sharply defined. DDPM and flow matching retain more high-frequency texture, although
local seams or block-like artefacts remain visible in some datasets. These images provide qualitative context but are
not used on their own to rank the models.

Phase statistics are summarized in Figure 2. For the five binary datasets—binary illite, Savonnieres carbonate,
Boom Clay, Bandera Brown sandstone, and Bentheimer sandstone—the boxplots report crop-wise porosity distribu-
tions. WGAN-GP and flow matching generally place the median and interquartile range near the reference distributions,
whereas DDPM more often produces broader distributions and more extreme outliers. The direction and magnitude
of the DDPM shift are material dependent, including higher median porosity for Boom Clay and Bentheimer in the
reported results. The phase statistics are therefore treated as a composition check before the spatial descriptors are
interpreted.

For multiphase illite, Figure 2(f) reports the three phase-fraction distributions separately. The models reproduce the
reference phase proportions to different degrees, and WGAN-GP shows a near-degenerate distribution for one phase
in the reported experiment. This is a distinct population-level discrepancy and should be considered when interpreting
the multiphase structural descriptors.

Figure 3 compares chord-length distributions, lineal-path functions, pore-size distributions, and two-point corre-
lation functions. The mean curves of all three generators follow the reference trends for many material-descriptor
combinations, while the population bands differ more strongly. DDPM frequently shows the broadest variability, par-
ticularly for pore-size and two-point statistics, whereas WGAN-GP and flow matching are more concentrated around
their mean curves in several datasets. The WGAN-GP multiphase descriptors must, however, be read together with the
phase-fraction discrepancy identified above. The 2D results therefore do not define a single model ordering: DDPM
shows broader population variability in several cases, WGAN-GP has material-dependent artefacts and a specific mul-
tiphase composition failure, and flow matching is comparatively consistent across the reported phase and structural

measures.

4.2. Three-dimensional benchmark
Figures 4 and 5 compare representative outputs from the three-dimensional benchmark across the six datasets.

All three model families reproduce the dominant morphology visible at the displayed scale, including the dispersed

A.Aouf et al.: Preprint Page 7 of 14
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pore structure of illite, connected pore networks in the sandstones, and the pronounced heterogeneity of Savonniéres
carbonate. As in the 2D analysis, these visualisations are treated as qualitative context rather than as a sufficient ranking
criterion.

The clearest visual differences occur at interfaces and in fine-scale texture. WGAN-GP exhibits local speckling
and irregular pore—solid boundaries in several datasets, including binary illite and Bandera Brown sandstone, and its
multiphase illite output appears more diffuse with less clearly separated phases. DDPM and flow matching generally
preserve sharper interfaces and finer texture in the displayed examples. The three-dimensional comparison nevertheless
requires the quantitative phase, structural, and transport results below, because visually plausible samples can still differ
in population statistics or connectivity.

Phase statistics are summarized in Figure 6. For the five binary datasets, WGAN-GP and flow matching generally
place the porosity medians near the reference values, while DDPM produces broader, material-dependent distributions
with more pronounced outliers. Flow matching is comparatively narrow for some datasets. These statements refer
specifically to the volumetric crop populations in Figure 6; the two-dimensional distributions are evaluated separately
in Section 4.1.

For multiphase illite, Figure 6(f) shows the three volumetric phase-fraction distributions. The central phase pro-
portions and the cross-sample spread differ between models. In particular, one phase has reduced variability for flow
matching and DDPM in the reported experiment. This is interpreted as a difference in population spread rather than,
by itself, as evidence of an incorrect mean phase proportion.

Figure 7 applies the same four descriptor families to the volumetric samples. The mean curves of the three gen-
erators follow the reference trends for many material-descriptor combinations, but the population spread and some
material-specific deviations differ. DDPM generally shows the broadest uncertainty bands across several descriptors.
Flow matching and WGAN-GP are more concentrated in many cases, although the WGAN-GP multiphase descriptors
must be interpreted together with its phase-fraction and interface differences. As in two dimensions, the descriptor
families provide complementary evidence and do not yield a universal ranking on their own.

Figure 8 compares effective diffusivity with porosity. All three generators recover the overall positive association
between porosity and diffusivity, but they differ in the position and spread of the generated clouds relative to the
reference. Flow matching follows the reference porosity—diffusivity relation most consistently across the reported
datasets, whereas WGAN-GP and DDPM show larger material-dependent scatter or offsets, including deviations for
illite and the sandstone datasets. Because this comparison conditions the interpretation of transport on porosity, it
provides information about pore connectivity that is not contained in the phase statistics alone and is the clearest
quantitative distinction between the model families in the 3D benchmark.

Taken together, the volumetric results again show that the model ordering depends on the assessed quantity. DDPM

A.Aouf et al.: Preprint Page 8 of 14
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reproduces many mean structural trends but often with broader sample-to-sample variation; WGAN-GP retains fast
generation but shows material-dependent interface, phase, and transport discrepancies; and flow matching provides
the most consistent agreement with the reference porosity—diffusivity relation in this experiment.

The reported three-dimensional training runs also differed in their observed dynamics. Flow matching produced
stable improvements relatively early, whereas DDPM required more training before comparably well-defined structures
emerged. WGAN-GP checkpoints varied more strongly over training. For the WGAN-GP comparison reported here,
a post-training checkpoint was selected by visual inspection to reduce obvious artefacts, and a mild median filter
was applied to mitigate residual speckle. The iterative models were evaluated without the same intervention. This
asymmetry is a limitation of the comparison and is not used as evidence for an intrinsic difference between adversarial

and iterative model families.

5. Discussion

Beyond reconstruction quality, the reported models differ substantially in sampling cost. Under the benchmark
configuration used for the timing comparison, generating 100 samples required approximately 55 minutes for the 1,000-
step DDPM, approximately 5 minutes for flow matching with 100 integration steps, and approximately 1 minute for
WGAN-GP. These measurements reflect the specific implementation, hardware, and sampling configurations used here
rather than universal model-family constants. The robust distinction is the number of sequential network evaluations:
WGAN-GP is single-pass, while DDPM and flow matching are iterative, with flow matching using substantially fewer
evaluations than the DDPM in the reported comparison.

The benchmark therefore does not support a universal ordering across every metric. Flow matching provides the
most consistent overall compromise in the reported experiments because it combines close agreement with the reference
porosity—diffusivity relation with substantially fewer sampling evaluations than the DDPM. WGAN-GP retains the
clear advantage of single-pass inference, while DDPM remains a competitive non-adversarial baseline but incurs the
highest sampling cost in the configuration studied here. These conclusions are specific to the evaluated architectures,

datasets, and processing choices.

6. Conclusion

This work compared WGAN-GP, DDPM, and flow matching for dimensionally consistent porous-microstructure
synthesis in two dimensions and supervised three dimensions. Across the six benchmark datasets, all three model
families reproduced important aspects of the reference morphology, but the relative ordering depended on the quantity
being assessed. Phase statistics, structural descriptors, qualitative appearance, and effective diffusivity did not provide

identical rankings.
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Table 1

Summary of the main advantages, limitations, and practical implications of the evaluated generative model families for

porous microstructure synthesis.

Model Main advantages Main limitations Practical implication
WGAN-GP Fast sampling; single-pass Strong checkpoint sensitiv- Lowest inference cost, but
generation; comparatively ity in the reported runs; lo-  training and checkpoint se-
simple inference  once cal artefacts and material- lection require additional
trained. dependent phase, struc- care in this benchmark.
tural, or transport devia-
tions; mild post-processing
was used in the reported 3D
comparison.
DDPM Non-adversarial ~ training; Broad population distribu- Provides a strong iterative

good visual quality; mean
structural  trends  close
to the reference in many
cases.

tions in several datasets;
slow sampling with the
1,000-step  configuration;
highest inference cost of
the three reported models.

baseline when the addi-
tional sampling cost is ac-
ceptable.

Flow matching

Non-adversarial  training;
adjustable inference step
count; lower sampling cost
than the reported DDPM;

Still requires iterative ODE
integration; accuracy and
cost depend on the numer-
ical solver and number of

Provides the most consis-
tent quality—cost compro-
mise in the present bench-
mark, without dominating

most consistent reference every individual metric.
porosity—diffusivity relation

in the 3D benchmark.

sampling steps.

In the two-dimensional benchmark, DDPM generally produced the broadest population distributions, while WGAN-
GP showed material-dependent artefacts and a pronounced phase-fraction discrepancy in the multiphase illite case.
Flow matching was comparatively consistent across phase and structural measures, although no single two-dimensional
descriptor was sufficient to define a universal model ranking. In three dimensions, the porosity—diffusivity relation
provided the clearest functional distinction: flow-matching samples followed the reference trend most consistently,
whereas WGAN-GP and DDPM showed larger material-dependent scatter or offsets in parts of the benchmark.

The model families also differ substantially in sampling cost. WGAN-GP retains the advantage of single-pass gen-
eration. Under the reported sampling configuration, flow matching required markedly fewer network evaluations and
less generation time than the 1,000-step DDPM while maintaining comparable or better agreement with the reference
transport trend. The WGAN-GP comparison additionally involved checkpoint selection by visual inspection and mild
median filtering in the reported three-dimensional experiment; this asymmetry is a limitation of the benchmark and
should not be interpreted as evidence for an intrinsic difference between all adversarial and iterative generators.

Taken together, the results support flow matching as the most consistent compromise in this benchmark rather than
as a universal winner across every metric and material. WGAN-GP remains attractive when single-pass sampling is
the dominant requirement, while DDPM provides a non-adversarial iterative baseline at substantially higher sampling
cost in the configuration studied here. Because the benchmark is based on crops from the available parent acquisitions,

these conclusions establish consistency with those acquisitions rather than generalisation to independent specimens.
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Code availability section

All models are trained on an NVIDIA A100 Tensor Core GPU, the software packages used are:
e Source code: https://github.com/40uf411/modelsBench

e Python 3.10 as a programming language.

e Training time of about 9 hours on average.

e PyTorch for models implementation, training, and sampling.

e Numpy for samples representation.

e scikit-image and OpenCV for image processing.

e ParaView for 3D data

o CherryMSA for samples analysis and visualization.
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Savonnieres Carbonate Boom Clay

Figure 1: Two-dimensional qualitative comparison across datasets. Columns correspond to the six microstructures and
rows correspond to the reference data (ground truth) and the three generative models (WGAN-GP, DDPM, and flow

matching). Each cell contains a 4 x 4 grid of 2D crops.
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Figure 2: Distribution of porosity and phase fractions across datasets and generative models. For binary microstructures,
boxplots represent the porosity (phase 0 fraction). For multiphase illite, the distribution of phase fractions (Phase 0, Phase
1, Phase 2) is shown instead. Boxes denote interquartile range, whiskers represent 1.5xIQR, and markers indicate outliers.
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Figure 3: Comparison of structural descriptors for all investigated 2D microstructures. Columns correspond to chord length,
lineal path function, pore size distribution, and two-point correlation function. Rows correspond to lllite (binary), lllite
(multiphase), Savonniéres carbonate, Boom clay, Bandera Brown sandstone, and Bentheimer sandstone. For the structural
descriptor subplots, the x-axis represents the relevant length scale: chord length for the chord-length distribution, path
length for the lineal-path function, pore radius for the pore-size distribution, and lag distance for the two-point correlation
function. The y-axis shows the corresponding descriptor value: probability density for the chord-length distribution,
probability for the lineal-path function, cumulative pore-volume fraction for the pore-size distribution, and two-point
correlation probability for .S,.
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Figure 4: Qualitative comparison of views from the three-dimensional benchmark. Columns correspond to the six mi-
crostructure datasets and rows to the reference data and the three generative models (WGAN-GP, DDPM, and flow
matching). Each cell contains representative views of the corresponding volumetric samples.
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Figure 5: Additional qualitative comparison for the three-dimensional benchmark. Columns correspond to the six mi-
crostructure datasets and rows to the reference data and the three generative models (WGAN-GP, DDPM, and flow
matching). The figure complements Figure 4 with additional views of the volumetric samples.
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Figure 6: Distribution of porosity and phase fractions across datasets and generative models. For binary microstructures,
boxplots represent the porosity. For multiphase illite, the distribution of phase fractions are shown instead. Boxes denote
interquartile range, whiskers represent 1.5xIQR, and markers indicate outliers.
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Figure 7: Comparison of structural descriptors for all investigated 3D microstructures. Columns correspond to chord length,
lineal path function, pore size distribution, and two-point correlation function. Rows correspond to lllite (binary), lllite
(multiphase), Savonniéres carbonate, Boom clay, Bandera Brown sandstone, and Bentheimer sandstone. For the structural
descriptor subplots, the x-axis represents the relevant length scale: chord length for the chord-length distribution, path
length for the lineal-path function, pore radius for the pore-size distribution, and lag distance for the two-point correlation

function.

The y-axis shows the corresponding descriptor value: probability density for the chord-length distribution,

probability for the lineal-path function, cumulative pore-volume fraction for the pore-size distribution, and two-point

correlation probability for .S,.
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Figure 8: Effective gas diffusivity as a function of porosity for 150 generated samples per model and dataset. Diffusivity is
computed using lattice Boltzmann simulations on the processed binary volumes. Results are shown for six materials: (a)
Binary lllite, (b) Multi-phase lllite, (c) Bandera Brown, (d) Bentheimer, (e) Boom Clay, and (f) Savonniéres Carbonate.
Markers correspond to different data sources: ground truth (black), WGAN-GP (red), DDPM (blue), and flow matching

(green).
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