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This work proposes a machine learning-based method for calibrating and correcting a 1DKRANS
" model to capture the laminar-to-turbulent transition in Rayleigh-Taylor instabilities. The RANS model
[1] relies on the turbulent kinetic enerdg, its dissipation raté, and the heavy uid mass fraction, all
averaged over the statistically homogeneous horizontal plane and extracted from a large DNS database
[2].

The calibration framework treats the RANS coef cients as learnable parameters wiBtigsics
Informed Neural NetworkPINN) [3], enhanced by Residual-Based Attention [4] and Quasi-Newtonian
optimizers [5]. Simultaneously, a correction neural network learns the missing forces in the RANS
equations, with a penalization to promote minimal intervention. By jointly training both networks, the
coef cients converge toward optimal values within the model's valid regime, which is unkiaguiori,
while the correction forces accounts for structural model discrepancies where they exist. The input to
the correction neural network consists of the state variables predicted by the PINN, ensuring that the
correction is both local and consistent.

A posteriorj symbolic regression using genetic algorithms [6] is applied to the correction neural
network to derive an interpretable analytical expression of the augmented model. The integration of the
resulting set of equations shows signi cantly better agreement with DNS data compared to the original
model and provides insights into physical phenomena that were not captured initially.
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(a) Slice of 3D Rayleigh-Taylor DNS. (b) Comparison of dissipation on a sample tra-
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blue (low), the proportion of heavy uid model, and an improved version with correction
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Surrogate-UCB Calibration of RANS Closure Using Sparde Ree
Current-Meter Observations

Mourad Oulghelou, Tadd Truscott, Sandip Laxman Dighe, and Hannah wilkosz

King Abdullah University of Science and Technology

Abstract

Reef-scale hydrodynamic simulations are central to predicting tansport and mixing, yet their

predictive skill is often limited by uncertainty in Reynolds-averaged Navier{Stokes (RANS)
turbulence closures. We propose a physics-informed, data-drivenalibration of an algebraic
RANS closure for reef environments using in situ current-meter obsrvations from sparsely
distributed loggers deployed across the Shushah reefscape (Red Se@he closure is formulated
as a polynomial expansion of the Reynolds-stress anisotropy in Pope's tear basis, enforcing
frame invariance while providing an interpretable parameterization We cast calibration as
estimating the polynomial coe cients by minimizing a mist betw een simulated and observed
currents.

Because the observations are sparse and deriving sensitivity inforation via adjoint meth-
ods is cumbersome, we adopt an adjoint-free global optimization strategy b&sl on Gaussian-
process (GP) Bayesian optimization. At each iteration, a GP surrogate ofthe mis t objective
is constructed over the coe cient space, providing both a posteior mean prediction and an
uncertainty estimate. New candidate coe cients are selected by maxmizing an upper con -
dence bound (UCB) acquisition function, which balances exploration of mcertain regions with
exploitation of promising minima. The selected coe cients are evaluated with the RANS solver,
the surrogate is updated with the new mist value, and the procedureis repeated until con-
vergence. This work ow enables sample-e cient calibration of algebraic closure coe cients in
data-limited deployments, yielding observation-informed RANS prdictions while preserving a
physically consistent closure structure.

Keywords: Data-driven RANS closure; reef hydrodynamics; Bayesian optimization Upper
con dence bound.

“Mourad Oulghelou: mourad.oulghelou@kaust.edu.sa
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Archetype-based mixture of experts for interpretable and generalisable data-driven
turbulence modelling

Alejandro Montoya Santamat, Paola Cinnella
Linstitut Jean Le Rond dAlembert, Sorbonne UniversiENRS, Paris, France

Keywords: Turbulence Modelling, RANS, Variational Autoencoders, Mixture of Experts

Abstract. The present study outlines an interpretable and transferable mixture-of-
experts strategy to augment thd SST turbulence model, where expert corrections
are associated with learned archetypal ow states. A simplex-constrained variational
autoencoder identi es these archetypes and provides local convex weights used to
train sparse, interpretable symbolic-regression corrections. The resulting closure is
a weighted combination of experts, interpretable as a composition of canonical ow-
process corrections rather than a monolithic model. On the ERCOFTAC turbulence
challenge benchmark, the model reduces the scaled velocity error from 0.104 for the
baseline model to 0.063. It also improves the prediction of the horseshoe vortex in a 3D
wing-body junction case, highlighting its potential for complex engineering ows.

1. Introduction

Reynolds-averaged Navier{Stokes (RANS) models remain central to Computational Fluid Dynamics (CFD) because
of their favourable cost{accuracy trade-o . In recent years, data-driven approaches have been proposed to augment
classical turbulence closures using high- delity data, improving predictive accuracy without signi cantly increasing
computational cost [1]. Although these methods can perform remarkably well on ows similar to their training
cases, their ability to generalise remains limited [2]. Most data-driven closures rely on a single global correction,
whereas realistic ows are inherently heterogeneous. Within a single con guration, multiple physical mechanisms
may coexist, including attached boundary layers, shear layers, and secondary ows. As aresult, global models often
compromise between competing behaviours, leading to over tting or degraded performance. Mixture-of-experts
(MoE) strategies address this limitation by combining specialised models through a gating function. For turbulence
modelling, Oulghelou et al. [2] proposed an MoE approach in which experts are trained on separate ow cases and
combined through learned weights. While e ective, this strategy remains tied to case-based partitioning and does
not account for the coexistence of multiple ow mechanisms within a single case.

This study explores an alternative approach based on the identi cation of \archetypal ow states". We seek a
representation in which local ow features can be expressed as convex combinations of a small number of canonical
states, or \archetypes" [3]. These archetypes represent extremal patterns in feature space, intended to capture
relatively pure occurrences of elementary ow processes. Generic ow regions are then described as mixtures of
these archetypes. To learn such a representation, we emplegimplex Variational Autoencoder (KSVAE) [4,

5], which constrains the latent space to a simplex structure, providing for each data point a set of convex weights
associated with the archetypes. These weights are then used to train a set of sparse symbolic-regression models
using the SBL-SpaRTA framework [6], yielding one expert per archetype. The resulting closure can therefore be
interpreted as a composition of process-speci ¢ corrections, rather than as a monolithic model. This formulation
enables the construction of interpretable and locally adaptive turbulence models, where the contribution of each
expertis directly linked to the underlying ow mechanisms. Inthe following, we describe the proposed methodology
and assess its performance on the ERCOFTAC turbulence challenge benchmark [7], and on a three-dimensional
wing-body junction case representative of complex engineering ows.

2. Archetype-based MoE model
We investigate the incompressible RANS equations for a uid with constant properties,

1
ng* g= 0— *omyt g = My a%, any* g Ogo — 1)

where* gis the mean velocityd is the constant densit$sis the mean pressure amds the constant kinematic
viscosity. The Reynolds-stregsois the target of modelling. The proposed data-driven turbulence model augments
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the: -l SST model by Menter [8], which computes the eddy viscagitysing transport equations for the turbulence
kinetic energy. and the speci c turbulence dissipation rate This model, which we use as baseline, is augmented
using the: -corrective frozen RANS methodology of Schmelzer et al. [9] by adding a correction on the production
of turbulence kinetic energy,x, and a correction on the Reynolds stress anisotrbpy,

2.1. Learning archetypal ow states with a simplex-constrained latent space

To identify ow regions needing turbulence model correction, we generate, for each training ow con guration, a
baseline: - SST solution. Given a set of cellwise baseline RANS data described by prescribed feature vectors
(g 2 R*, we seek a low-dimensional representatigrs zg'(° 2 R , Y # , in which each data point can be
expressed as a convex combination of a small number of canonical states, referred to as archetypes. In contrast
to clustering approaches, which assign each point to a single group, this representation allows intermediate ow
regions to be described as mixtures of archetypes. Formally, each latent mgcdoexpressed as a convex

combination of' archetype vectorag2 R , where" .1
0 0
3= F<ga<— F_g O Feg=1- (2)
<=1 <=1

where the coe cientsF ._g de ne the archetype weights, which quantify the proximity of a data p8toteach
archetype in the latent space, and provide a natural basis for local model adaptation.

To learn this representation, we employ a Variational Autoencoder (VAE) architecture [10], presented visually in
Figure 1, inwhich the latent space is constrained to lie on a probability simplex. The encoder maps the input features
( to a latent variabldn, from which the archetype weights are obtained via a softmax transformatierf, 1h°,
ensuring positivity and unit sum. The decoder reconstructs the input features from the latent representation, with
the rst linear layer parameters e ectively de ning the archetype vectars We regularise the latent space by
imposing at each point a Dirichlet prior distribution on the weights veator, Dirt" °, where, for simplicity,

U. = U. In practice, the Dirichlet prior is approximated by a logistic-normal distribution [4, 5], which allows
standard reparametrisation-based training of the VAE [10]. The model parameters for the probabilistic encoder
@ *hj(°, and decodeP\ ( jh°, are learned by minimising the negative evidence lower bound (ELBO),

L = E@|1hj(° ﬂOg?\ l(jh°1/4 V kL @lhj(ok?lho - (3)

where the rst term is the reconstruction error, the second term promotes the prior distriBdtibnand the
hyperparametey controls the balance between reconstruction delity and adherence to the simplex prior [11].

For each spatial location, the resulting model provides a set of archetype weights that re ect the local ow
character, acting as a soft decomposition of the ow into a limited set of canonical processes. These weights are
subsequently used to train and combine the expert models.

Figure 1: Graphic representation of the KSVAE network. In (a) the architecture of the network is presented. (b) shows an
illustrative example scatter plot of data auto-encoded in the simplex-constrained latent space far" = 3.

2.2. Training symbolic experts conditioned on archetypes
We express the correctiodg,and’ ¢ using the general eddy-viscosity framework of Pope [12] formulated for two
dimensional ows. The corrections are projected onto a minimal integrity basis,

@ 1=0 @ ' 1=0
lgg= U1 1-2%) g9 Y89 8ol k= U1 1-2%gg Y8y 8o |°my & (4)
=1 =1
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where) 8130 are tensor basis functions constructed from the mean- ow straintgatend rotation-rate ggtensors,

non-dimensionalised by, andU., U- are scalar functions of tensor invariants ». The coe cients U- andU.
are identi ed using the SBL-SpaRTA symbolic regression framework [6], which yields sparse and interpretable
algebraic expressions.

Instead of learning a single global model, we trinexperts, one per archetype. The archetype weights
are used as soft assignments during training, meaning each expert is primarily informed by data points where its
corresponding archetype is dominant. The nal model is obtained as a convex combination of the expert predictions,
as shown in Equation (5). This formulation leads to a closure that is both interpretable and locally adaptive: each
expert captures a speci ¢ ow mechanism, while the archetype weights determine their spatial combination,

6 < 6 <
1g9= Falgg = k= Fa' e (5)

<=1 <=1

Hence, the model can be viewed as a composition of process-speci ¢ corrections rather than as a single global law.

3. Model training
To train the KSVAE, we use{l SST RANS data from the ERCOFTAC turbulence challenge benchmark [7]. The
vector of input feature§, has size# = 10. The rst nine ard 1 g as presented by Oulghelou et al. [2, 13], to
which[| =jj jj:*4j jj: . Yeis added, wher¥is the turbulence dissipation rate. The encoder and decoder are
fully connected networks with layer size# (25, 25, 100," ) and ( , 100, 25, 25#), respectively. We add the
constraint' = | 1, meaning that the latent representatinexist in a -simplex. Hyperparametets V, and

are selected via grid search, where predicted archetype weights are used to train SBL-SpaRTA experts.

The experts are trained on the high- delity elds from the training cases of [7], interpolated onto the RANS
grids, using an 80/20 train/validation split. The training data are modulated by the archetype weights predicted
by the KSVAE. Model selection is based on the Weighted Root Mean Squared Error (WRMSE) computed on the
validation set, de ned in Equation (6). For SBL-SpaRTA, the sparsity parameter is sett@0° [6]. The selected
model hasv= 01,U= 03, =5, and achieves a WRMSE of 0.85.

RMSE! «pred— ' krue® .ERMSEl]'B 9pred ]Bgt-r-ueo .

RMS" rue®  © RMStlgg,,®

WRMSE = 05 (6)

3.1. Interpreting the learned ow archetypes
To analyse the structure of the learned latent space, we project the 5-dimensional latent eettarso dimensions
using the t-SNE algorithm [14], at the cost of losing the simplex structure. The result is shown in Figure 2.

N N
2 1001 Closest 2 100 j\ ] Cases
© archetype [ )
T 50 -tyg £ 50 ; BEm CBFS
> > . PHO0.5
o — o (500 55
S w3 5 .
3 — A\ DUCT
w 50 4 w 50 7
Z zZ A AR1
@ | | | 5 7 | | , RET180
- 100 0 10C W 6 - 100 0 10C OTHER
t-SNE Latent Variable 1 t-SNE Latent Variable 1
@) (b)

Figure 2: Training data represented in the simplex constrained latent space projected to 2D using the t-SNE algorithm. In (a) coloured based
on the closest archetype, in (b) coloured based on the case. In (a) the archetype vectors are plotted using a larger marker.

Data points corresponding to di erent ow con gurations occupy partially overlapping regions of the latent
space, indicating that the representation is not organised by case, but by local ow features. In particular, similar
ow regions arising in di erent geometries (e.g. periodic hills (PH) and curved backward-facing step (CBFS)) are
mapped to neighbouring areas. This suggests that the latent space captures common underlying ow behaviours
rather than case-speci ¢ characteristics. The archetypes are located on the boundary of the latent space and
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correspond to extremal patterns in the feature distribution. This representation enables smooth transitions between
archetypes, allowing intermediate ow regions to be described as mixtures of multiple canonical processes.

To interpret the physical meaning of the archetypes, we visualise the dominant archetype and the corresponding
weights in physical space for representative training cases (Figures 3{6). The elds reveal a consistent organisation
of the ow. Archetypes 1 and 2 are most representative of the inner boundary layer, while 4 and 5 are closer to
the outer boundary layer and freestream. Archetypes 2 and 5 are more present in areas with a favourable pressure
gradient while 4 and 1 are present in areas with an adverse pressure gradient. Finally, archetype 6 is most prevalent
in shear layers and separated regions. This indicates that the archetypes align with distinct ow mechanisms,
instead of simply re ecting geometric or case-based partitioning. Moreover, the spatial distribution of the weights
is smooth, re ecting gradual transitions between ow regimes rather than abrupt changes.

Figure 3:* g, : and dominant archetypes on thel SST simulation of the square duct.

Figure 4: Weights for each of the 6 archetypes on the square duct case.

Figure 5: * g, : and dominant archetypes on thel SST simulation of the PH0.5L4071H3036 case.

3.2. Expert Models
The formulation of the expert models learned by SBL-SpaRTAlfgyis shown in Equation (7). Most experts

contain the) ggo tensor, which is required to predict secondary ows, with the largest contribution occurring in
archetype 1. The outer boundary layer and freestream experts 4 and 5 have smaller coe cients, indicating less
pronounced corrections. Archetype 3, which is present mostly in the duct case remains the same Hse

experts for' | are all equal to zero with the selected sparsity penalty. Di erent penalties will be examined in the

future. 4 190 > 190 130
13 = 126) g2 - L2=152 051, 15°) .2 1) 45—
_3 _ _4 _ 110 120 130
159 = 0- 19 = 05)gg . 19)gy , 42)g9- 7
110 120 130
lgg =16 1)gg . 30)gg— B = 140, 092°) g5
4. Results

We evaluate our model on the test cases of the turbulence challenge and compare it against the haSSihand
the intXMA model of [2]. The performance is assessed based on the mean absolute error (MAE) of the predicted
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Figure 6: Weights for each of the 6 archetypes on the PH0.5L4071H3036 case.

velocity eld at the sampling locations of the benchmark. Figure 7 summarises the results across the test cases. The
proposed model consistently improves over the baseline in all but one con guration and outperforms the intXMA
model in most cases. On average, KSVAE-SpaRTA achieves a scaled velocity MAE of 0.063, compared to 0.078
for intXMA and 0.104 for the {I SST model.

Figure 7:[ eld MAE of the nal solution for the tested models at the sampling locations of the turbulence challenge on the parametric hills
cases.: -I SST in red, the intXMA model in blue and KSVAE-SpaRTA in green.

To further assess the generalisation capabilities of the model, we consider the three-dimensional wing-body
junction con guration [15, 16], which features a complex system of interacting boundary layers and a horseshoe
vortex. Figure 8 shows velocity and turbulent kinetic energy pro les on the symmetry plane in corner formed by
the wing leading edge and the side wall, where the horseshoe vortex forms. The KSVAE-SpaRTA model provides
an improved prediction of the recirculation region compared to both reference models, particularly in the region

04 @) 0<2, where the baseline model exhibits signi cant discrepancies. However, the turbulence intensity
is still underestimated, indicating that further improvements in modellipgnay be required. The improved
representation of the ow structure is re ected in the wall pressure distribution. As shown in Figure 9, all models
tend to overpredict the strength and upstream position of the vortex, as evidenced by the greater negativgerror in
in front of the leading edge, but the error is reduced for KSVAE-SpaRTA. The impact on the pressure distribution

over the wing surface remains limited, suggesting that the main bene ts of the model are localised in regions of
strong ow interaction.

Figure 8: (a)* g, (b) : and pro les on the wing body junction casg.stands for the thickness of the wing pro le.

Overall, these results highlight the ability of the proposed approach to transfer to a complex three-dimensional
con guration, despite being trained primarily on canonical two-dimensional ows. This supports the idea that the
learned archetypes capture generic ow processes that are not restricted to speci c geometries.

5. Conclusion

This work introduced an archetype-based mixture-of-experts strategy for interpretable data-driven turbulence
closure. The central idea is to represent local ow states as convex combinations of a limited number of archetypal
patterns and to associate each of these patterns with a dedicated symbolic-regression expert. This formulation leads
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Figure 9: 5 error on wing body junction wall surface.

to a model that is both interpretable and locally adaptive. Instead of a single global correction, the resulting closure
is expressed as a composition of process-speci ¢ contributions, whose weights are directly linked to the local
ow character. This structure enables the model to capture the coexistence of multiple ow mechanisms within

a single con guration. The proposed KSVAE-SpaRTA model demonstrates improved predictive performance on
the ERCOFTAC turbulence challenge benchmark and shows encouraging transfer to a complex three-dimensional
wing-body junction case, where it improves the representation of the horseshoe vortex region. These results
suggest that organising data-driven closures around canonical ow states provides a promising route toward more
robust and transferable turbulence models. More broadly, the present work supports the view that complex ows
may be e ectively described through combinations of a limited number of learned canonical processes, opening
perspectives for modular and interpretable modelling strategies in uid mechanics.
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Abstract.  Surface roughness strongly alters wall-bounded turbulence, breaking the Reynolds analogy
between momentum and heat transfer. Although the resulting dissimilarity is well documented, the
geometric features that drive it remain hidden within complex roughness topographies. We address this
gap with a convolutional autoencoder (CNN-AE) that learns nonlinear, low-dimensional representations of
instantaneous velocity and temperature elds. Instantaneous co-located streamwise velocity; (x;;t) and
temperature (Xx;;t) are extracted as two-dimensional windows from a dataset of channel ow at friction
Reynolds numberRe 800 over a wide range of pseudo-random rough surfaces, curated through direct
numerical simulations. The windows serve as separate single-channel inputs to a shared CNN-AE. An
auxiliary multilayer perceptron is attached to the latent space to classify each embedding as belonging
to velocity or passive scalar, encouraging disentanglement of momentum and heat representations. The
network is trained jointly with a loss that balances reconstruction error and classi cation accuracy. At

a compression factor of 16 the model reconstructs botlu; and with a global error below 6%, while
the MLP head yields a latent space in which velocity and temperature embeddings are clearly separated,
as con rmed by principal-component analysis. Distances between co-located latent vectors are then
correlated with precise quantitative measures of heat-momentum dissimilarity and roughness variation.

1 Introduction

In many engineering ows, surface roughness is not a minor detail but a primary factor con-
trolling drag, energy loss and heat transfer. The roughness variety ranges from deposits or
corrosion in heat exchangers to e ects of manufacturing processes. While momentum and heat
transfer exhibit strong similarity over hydraulically smooth walls, the presence of roughness
decouples these transport mechanisms, leading to a breakdown of classical Reynolds analogy.
Hence, the thermo-hydraulic performance of turbulent ow above a rough surface is heavily
in uenced by di erent roughness characteristics and its topography (Chung et al., 2021).

This study employs data-driven techniques to investigate the structural di erences between
streamwise velocity and temperature elds for a variety of rough surfaces in turbulent ow. Dir-
ect Numerical Simulations (DNS) are encoded into a compact latent representation, to identify
characteristic dissimilarities and roughness dependent behavior in a reduced form. Following the
methodology of Fukami & Taira, 2025 we utilize an autoencoder-based framework augmented
by a supervised branch to compress the ow elds while enforcing physical interpretability.

2 Methodology

2.1 Roughness Generation and Direct Numerical Simulation

In this study an already existing dataset, generated by Yang et al.,2023 is utilized, where further
details can be found. The dataset covers 105 minimal channel Direct Numerical Simulations

" Corresponding Author: simon.dalpke@kit.edu
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Figure 1: Summary on the architecture of the developed autoencoder. An MLP head is added
to the latent space to distinguish between velocity and passive scalar input.

(DNS) of turbulent channel ow over rough walls, performed at a friction Reynolds number of
Re =800 and a Prandtl number of Pr = 0:71. Distinct roughness con gurations are introduced
at the top and bottom wall of the channel via an Immersed Boundary Method (IBM). The
rough surfaces are arti cially generated using an algorithm by Pérez-Rafols & Almqvist, 2019
to achieve statistically controlled topographies. The uid ow is assumed incompressible and
Newtonian, with temperature treated as a passive scalar governed by the advection-di usion
equation. The corresponding governing equations are numerically solved using the pseudo-
spectral solver SIMSON, providing instantaneous three-dimensional snapshots of the streamwise
velocity u; and temperature  elds. A key metric for analysis of the roughness in uence
are the so-called roughness function U* and *, which describe the vertical shift in the
logarithmic region of the spatio-temporally averaged pro les compared to a smooth wall reference
at matched ow conditions. These roughness functions are evaluated for each of the minimal
channel simulation in the presented dataset.

In preparation for the machine learning framework, raw spectral velocity and temperature
shapshots are transformed into physical space and a binary roughness mask is applied within the
solid regions to suppress numerical artifacts introduced by the IBM. Two-dimensional spanwise
slices are extracted from the three-dimensional domains, with spacing determined by a correl-
ation length analysis to ensure statistical independence between samples. From these slices,
near-wall windows of size 1 0.5 are extracted for both elds at identical spatial coordinates.
These are normalized by their global maximum value to account for di erent magnitudes. To
further maintain consistent wall-attached orientation, windows from the upper wall are mirrored
in the wall-normal direction, resulting in a total dataset of 42188 windows for training.

2.2 Autoencoder Setup

A nonlinear compression, based a convolutional autoencoder (CNN-AE), is employed to identify
a latent representation of the preprocessed windows (Hinton & Salakhutdinov2006, as visual-
ized in g. 1. Either the preprocessed streamwise velocity window or the passive scalar window
serve as single-channel input the shared CNN-AE. The chosen architecture compresses the input
windows (192 144 1) into a latent tensor of size 48 36 1, corresponding to 1728 degrees
of freedom and a compression ratio of 16 : 1. The encoder part uses convolutional blocks with a
hyperbolic tangent activation function followed by batch normalization and max-pooling layers
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Figure 2: Reconstruction capabilities of the trained autoencoder for the streamwise velocityl;
(top row) and temperature  (bottom row).

for down-sampling. The decoder mirrors this encoder architecture. Training of the CNN-AE is
governed by minimizing the L, reconstruction loss. The bottleneck dimension is selected based
on a preliminary analysis of reconstruction error versus latent capacity, identifying the point
where further increases in latent dimension yields marginal improvements in delity.

2.3 Additional Multi-Layer Perceptron head

Following Fukami & Taira, 2025 an additional Multi-Layer Perceptron (MLP) network is at-
tached to the latent space representation, to augment the autoencoder with a supervised ob-
jective. The MLP head is connected to the attened latent vector to classify the input eld
type (velocity vs. temperature) based on the latent space. Hence, the additional network part
encourages the latent space to organize according to the underlying transport physics. The
whole network was trained by minimizing a composite loss functionL = Lag + L gce. The
rst term represents the L, reconstruction error of the autoencoder and the second term is the
binary cross-entropy loss, evaluated based on the categorical input eld type. The parameter
controls the trade-o between reconstruction accuracy and supervised alignment, and is selected
via an L-curve analysis (Hansen & O'Leary,1993. This procedure identies a value (speci c-
ally =10 1) by analyzing the autoencoder reconstruction loss and the binary cross-entropy
loss for di erent -values. The chosen value provides a robust separation in the latent manifold
while maintaining an acceptable reconstruction capability.

3 Results

3.1 Reconstruction Quality

The developed autoencoders provide a robust reconstruction capabilities in both con gurations.
In the case without the MLP head the model achieves high delity with global relative L, errors
of approximately 1:57% for the velocity eld and 1:94% for the temperature eld. In g. 2 an
example of the autoencoder reconstruction for a selected window of streamwise velocity and
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(a) Without supervision (b) With supervision and representation in di erent projections

Figure 3: Principal components of the latent space representation using an autoencoder
without (colored by mean height) and with (colored by classi cation) classi cation supervision.

temperature is visualized. Between the original and reconstructed images high visual agreement
is achieved and the autoencoder e ectively capturing dominant spatial structures. Further
analysis of the absolute residual highlights higher local errors in regions with high gradients,
e.g., close to the rough surface where a no slip boundary condition is present. Additionally, the
ne-scale features in the uid window are less faithfully reconstructed compared to the larger
structures. This is in line with the observations by Fukami & Taira, 2023 nevertheless the
autoencoder successfully reconstructs the spatial organization.

Further addition of the MLP head to induce a supervision task and to constrain the latent
representation, lead to a small deterioration of the reconstruction error. For the selected balance
of the training loss ( =10 1), the global reconstruction errors rise to 488% for velocity and
6:33% for temperature. This value provides distinct separation between velocity and temperature
embeddings, as the classi er network achieves an accuracy of @88% over the 42188 windows.
This translates into only ve misclassi cations. While the reconstruction error represents a
deterioration compared to the unsupervised baseline, the additional well-founded classi cation
capability is introduced and both errors remain within an acceptable range. This indicates
that the latent representation contains su cient information to recover ow structures while
simultaneously distinguish between streamwise velocity and temperature images.

3.2 Latent Space Analysis

For an interpretable representation of the attened latent space of the autoencoder the Principal
Component Analysis (PCA) is performed, providing an orthonormal basis based on decreasing
variance. In the pure autoencoder part, PCA revealed a structured "hammock-like" manifold
where di erent regions of the manifold correlate with geometric variations, namely the average
height kayg of the roughness in the window (see ¢.3a). These ndings suggest that the even
unsupervised latent manifold, when viewed through PCA, inherently encodes physically mean-
ingful patterns that reveal key geometric characteristics. However, the embeddings for velocity
and temperature elds remained heavily overlapping, and no clear partition is visible.

In contrast, the latent space extracted from an autoencoder with an additional MLP classi-
cation head shows a clear separation after PCA between images of streamwise velocity; and
temperature . This can be seen especially in the rst principle component shown in g.3b.
Here, the green points represent images of streamwise velocity, whereas blue points indicate
images of the passive scalar. Comparing the rst and second principal component (as in the
middle graph of g. 3b) indicates the separation enforced through the binary classi cation head.
This separation is nevertheless a feature of the rst principal component, as the visualization
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(a) Case A: (b) Case B: (c) Case C:
U* =6:01, * =4:26 U* =10:55, * =6:59 U* =10:51, *=4:31

Figure 4. Visualization of the three selected roughness topographies.

Figure 5: Principal Component representation of the latent space with visualization of the
three selected surfaces.

of PC,vs.P Cz do not reveal a partitioning. It should be noted, that the latent space manifold
changed its shape from a "hammock-like" representation to a more cloud shape representation
when adding the MLP classi cation head.

To further investigate the latent space manifold three distinct roughness con gurations (A,
B, and C, shown in g. 4) are selected based on the analysis of the identical dataset by Dalpke
et al., 2025 Case A features a moderate, hilly topography without ne-scale asperities, inducing
balanced de cits of U* =6:01 and " =4:26. In contrast, Case B presents a dense eld of
sharp asperities that generates the largest thermal shift of the selected surfaces ( * = 6:59)
alongside a substantial momentum de cit ( U* = 10:55). Case C exhibits sparse roughness
elements placed on a smooth surface; notably, it produces a momentum de cit comparable to
Case B ( U* =10:51) but a thermal shift similar to Case A(  * =4:31) and hence represents
a strong decoupling of the di erent transport mechanisms. In g. 5 the points representing
the velocity and temperature elds of selected three surfaces are visualized inside the point
cloud of the principal component representation of all windows. Furthermore, in this gure the
streamwise velocity u; and the temperature is split in their projection onto the PC, PCs-
plane. From a global standpoint, the three roughness topographies are clearly located in distinct
regions of the projected manifold, even though the spreading of the data points di er between
the surfaces. Especially, the temperature representation of case B has a low spread, compared
to the other surfaces. It is furthermore interesting to note, that for the streamwise velocity the
two surfaces with similar velocity roughness function are located in a similar region and clearly
separated from the low U* case. Such an observation to the roughness function cannot be
identi ed in the projection for the temperature.
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4  Conclusion

In this contribution, we present a data-driven framework to analyze the momentum and passive
scalar transport in turbulent ows over rough surfaces using the latent space of an autoencoder.
Based on an existing dataset of 105 Direct Numerical Simulations, we trained a shared con-
volutional autoencoder to reconstruct co-located streamwise velocityu; and temperature as
separate single-channel inputs. The resulting principal component representation of the latent
manifold indicates a learned relation to the mean roughness height but is not able to distin-
guish between the two separate transport mechanisms. Therefore, a classi cation multi-layer
perceptron head was added to the latent space to further supervise the learning process. The
resulting latent representation disentangles the transport modalities, and the MLP head suc-
cessfully distinguishes the di erent elds. Furthermore, in the rst three principal components

of the latent space representation, selected surfaces share similar locations related to their ve-
locity roughness function, even though a clear trend cannot be discovered, especially for ¢h
temperature roughness function.

Future work will extend the autoencoder to include the full three-component velocity eld, an
essential step for accurately modeling the three-dimensional ow structures near wall roughness.
We also plan to explore supervised learning approaches that enforce macroscopic roughness
functions as physical constraints. Since these functions are spatio-temporally averaged while the
autoencoders inputs are local and instantaneous, future architectures must address this scale
disparity to prevent the model from over tting and acting as a simple 'simulation ID' classi er.
Furthermore, we aim to advance this AE-architecture toward a -Variational Autoencoder ( -
VAE). Transitioning to a probabilistic framework would impose a regularized, continuous latent
distribution, potentially enhancing the robustness of the representation and facilitating the
generation of synthetic ow elds based on interpolated latent space variables.
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