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Abstract

Scientific simulations increasingly rely on reduced representations that preserve
reconstruction-relevant physical structure while reducing computational cost for
calculations. Monte Carlo (MC) particle transport provides a setting for studying
learned representations, as the dependence of spatial mesh tallies on geometry
and particle distribution statistics are well-defined. This work uses a residual 3D
U-Net to map paired simulation data consisting of low-sample mesh tallies (e.g.,
163, 10°) and their relative fractional statistical uncertainties to fine, high-sample
predictions (e.g., 643, 10%). The dataset is generated with the MCNP® code, a
production-grade particle transport simulator, and contains 943 cases, with each
case consisting of a water object with either a box, cylinder, or sphere as the
outer geometry, and an embedded lead inclusion defined as the internal geometry,
irradiated by two orthogonal photon cone-beam sources. Linear probes compare
the raw input, PCA/POD, an untrained U-Net, and the trained representation to
test whether physical attributes become more accessible in the bottleneck after
reconstruction training. Latent encoding of the outer geometry rises from 0.909
balanced accuracy in the raw input and 0.884 in the untrained bottleneck to 0.992
in the trained U-Net bottleneck. This finding suggests U-Net reorganizes pre-
existing global geometry information and motivates direct comparisons between
learned and prescribed reduced coordinates in future simulation studies.

1 Introduction

High-fidelity physical simulations often motivate reduced representations for analysis and predic-
tion. Classical reduced-order models project states onto linear subspaces such as proper orthogo-
nal decomposition (POD) (Benner et al., 2015), while nonlinear learned coordinates can represent
some solution families more efficiently (Lee and Carlberg, 2020; Phillips et al., 2021). In kinetic
modeling, learned generalized moments and radiative-transfer closures provide related examples
of reduced variables inferred from simulation data (Han et al., 2019; Huang et al., 2022). These
studies motivate asking whether coarse-to-fine mesh reconstruction training reorganizes physical in-
formation into more linearly accessible coordinates. Related reconstruction-based studies examine
composite microstructures (Wei and Chen, 2025), while latent organization has been studied for
interatomic potentials (Li and Walsh, 2026).

Particle transport mesh tallies for radiation provide a controlled setting for this experiment. The
MCNP code can superimpose a mesh on the problem geometry and report a track-length estimate
of particle flux averaged within each mesh element (Kulesza et al., 2024). The surrogate receives
a three-dimensional (3D) mesh tally and relative fractional statistical uncertainties rather than the
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complete phase-space transport state. This study aims to explore how reconstruction training reor-
ganizes information already present in these spatial observables.

A residual 3D U-Net is used to map coarse low-sample mesh tallies to fine predictions (Ron-
neberger et al., 2015; Cicek et al., 2016). Frozen internal features are subsequently evaluated for
linear recoverability of the outer geometry and local transport-related labels. Raw-input, PCA/POD,
and untrained-network controls distinguish training-induced organization from inherited informa-
tion (Pearson, 1901; Berkooz et al., 1993). The findings show reconstruction training increases the
linear accessibility of global outer geometry at the bottleneck, while local decoder-level attributes
show no comparable gain.

2 Experimental Design

Mesh tally dataset and surrogate. The dataset contains 943 MCNP-generated cases. Each case
represents a water object with a box, cylinder, or sphere outer geometry, and an embedded lead
inclusion, irradiated by two orthogonal photon cone-beam sources. Three independently seeded
coarse simulations use 10° samples and a 162 mesh tally, while one fine simulation uses 10% samples
and a 64> mesh tally. The surrogate model uses block-expanded coarse particle-flux tallies and their
relative fractional statistical uncertainties as input; each coarse voxel is repeated over a 4 x 4 x 4
fine-grid block. The held-out test split contains 142 cases and 426 coarse realizations, all evaluated
with frozen surrogate weights. The bottleneck tensor contains 256 channels on an 82 grid and is
spatially mean-pooled to a 256-dimensional case vector. The final decoder representation contains
32 channels at each sampled voxel. The physical labels used for representation analysis are not
supplied as surrogate-training targets.

U-Net architecture and training. The residual 3D U-Net (base width 32) uses pairs of padded 3 x
3 x 3 convolutions with GroupNorm and GELU (Wu and He, 2018; Hendrycks and Gimpel, 2016).
Three stride-two encoder stages yield 323 /64, 163/128, and 83 /256 grids/channels; transposed
convolutions and skip connections restore 643 resolution. Supervised AdamW (Loshchilov and
Hutter, 2019) training uses learning rate 10~%, batch size 16, up to 250 epochs, and early stopping
(patience 40; minimum improvement 10~°). The loss combines 3-NLL (8 = 0.25), mean MSE
(weight 5.0), and Smooth L1 uncertainty loss (weight 0.5), with separate high-flux weights of 0.25.

Matched representation controls. Four representations are compared. At the case level, the raw
baseline is the flattened two-channel 163 input. PCA/POD is fitted only on flattened two-channel
surrogate-training inputs and reduced to 256 components, matching the pooled untrained and trained
bottlenecks. A 1-256 component sweep tests dimensionality. At the voxel level, the two raw input
channels are compared with a 32-component PCA/POD reduction of a two-channel 53 local patch
and with 32-feature decoder representations. The local PCA/POD baseline matches feature dimen-
sion but not the exact decoder receptive field.

Physical targets. The case-level target is the outer geometry as box, cylinder, and sphere classes.
Voxel-level targets include outer geometry, local region, a five-class geometry-region combination,
three quantile-based classes of fine-grid log tally, and near/mid/far distance to the nearest source-
beam axis. The local-region analysis retains the outside-versus-water-matrix subset after minimum-
count filtering. Log-tally classes bin the fine-grid reference in log space; beam-distance classes bin
voxel-center distance to the nearest beam axis. Labels are known metadata or derived observables
used only after surrogate training.

Linear accessibility. Linear probing consists of training a simple classifier on frozen features
to measure label recoverability (Alain and Bengio, 2016). High accuracy does not establish that
training created the recoverable structure, which motivates the use of matched controls (Hewitt
and Liang, 2019). Each representation uses the same StandardScaler and class-balanced multi-
nomial logistic-regression readout, implemented using scikit-learn (Pedregosa et al., 2011). Bal-
anced accuracy is mean class recall, with label-independent reference 1/K for K classes. These
probes assess physical-label accessibility and not the surrogate’s reconstruction error. Five-fold
StratifiedGroupKFold partitions are grouped by physical case so independently seeded realiza-
tions never cross classifier train/test folds, and identical folds are used across representations. 95%



Table 1: Balanced accuracy [95% bootstrap CI] across matched representations. Case-level: 426
realizations/142 cases; voxel-level: 54,528 samples, except local region (34,944/91 cases). Dimen-
sions (case/voxel): 8192/2 (raw) and 256/32 (others). Bold marks the highest; 1/K is the label-
independent reference.

Untrained Trained
Target Raw input PCA/POD U-Net U-Net
Outer geometry (case) 0.909 0.860 0.884 0.992
K =3, 1/K =0.333 [0.862, 0.953] [0.822, 0.902] [0.840, 0.928] [0.976, 1.000]
Outer geometry (voxel) 0.363 0.365 0.370 0.377
K =3, 1/K =0.333 [0.358, 0.368] [0.359, 0.370] [0.366, 0.374] [0.368, 0.386]
Local material/region 0.819 0.819 0.808 0.777
K =2, 1/K =0.500 [0.813, 0.824] [0.813, 0.825] [0.803, 0.813] [0.770, 0.785]
Geometry-region 0.339 0.338 0.326 0.320
K =5, 1/K =0.200 [0.331, 0.347] [0.330, 0.346] [0.321, 0.331] [0.313, 0.328]
Log-tally class 0.905 0.939 0.851 0.834
K=3,1/K =0.333 [0.902, 0.907] [0.937, 0.941] [0.847, 0.855] [0.830, 0.838]
Beam-distance class 0.837 0.888 0.849 0.830
K=3,1/K =0.333 [0.833, 0.840] [0.885, 0.891] [0.845, 0.852] [0.825, 0.835]

intervals use 1000 case bootstrap resamples (Efron and Tibshirani, 1994), and grouped label permu-
tations verify reference recovery (Ojala and Garriga, 2010). PCA/POD is never fitted on held-out
surrogate cases. The reported Ay, is trained balanced accuracy minus the strongest of the raw,
fitted PCA/POD, or randomly initialized U-Net controls.

3 Results

Global geometry is reorganized at the bottleneck. The outer geometry is recoverable from the
trained bottleneck at 0.992 balanced accuracy with a 95% confidence interval of [0.976,1.000],
compared to the raw inputs at 0.909 [0.862,0.953] as the highest performing non-trained base-
line, corresponding to a Ay, = +0.083. At 256 components, the PCA/POD readout reaches
0.860[0.822,0.902] and the untrained bottleneck reaches 0.884[0.840,0.928], both of which re-
main below the trained bottleneck (Table 1). These representations show that geometric information
is present before model training, but training optimization enables greater linear accessibility in the
bottleneck layer.

Results from the 32-component PCA/POD sweep shows the outer shape is already a dominant struc-
ture in the coarse tally fields. However, the 256-component representation retains 77.1% cumulative
variance while performing below the 32-component readout. This non-monotonicity is consistent
with the different objectives of variance preservation and label separability, together with the in-
creased estimation burden as feature dimension approaches the number of case-level samples. The
trained bottleneck nevertheless exceeds every tested PCA dimension. Figure 1 illustrates these pro-
jections.

Local labels do not show the same training-specific gain. Local region, geometry-region, log-
tally class, and beam-distance class are recoverable from the raw input or local PCA before training.
Their trained-decoder balanced accuracies are 0.777, 0.320, 0.834, and 0.830, below the best non-
trained values of 0.819, 0.339, 0.939, and 0.888, respectively. Outer geometry at an individual
decoder voxel increases only from a best non-trained value of 0.370 to 0.377 after training, cor-
responding to a gain of +0.008 and remaining close to the three-class 1/K = 0.333 reference.
Training therefore does not universally increase linear accessibility. The dominant effect is the in-
creased accessibility of global outer geometry under case-level bottleneck compression.

4 Discussion

The controlled analyses distinguish physical organization from information content. The raw-input
result shows that coarse tally patterns already carry substantial shape information, while the increase
to 0.992 shows that reconstruction training reorganizes those patterns into coordinates with simple



Case-level Outer Geometry Representations Projected to Top-2 Principle Components
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Figure 1: Case-level PCA projections colored by outer geometry for (a) raw input, (b) PCA/POD,
(c) untrained U-Net, and (d) trained U-Net. Separation is most apparent in the trained bottleneck.

geometry readouts. Local decoder labels do not show the same gain, so recoverability alone should
not be interpreted as learned physical abstraction. This behavior is consistent with nonlinear re-
duced coordinates whose reconstruction-relevant structure need not align with variance-maximizing
directions (Lee and Carlberg, 2020; Phillips et al., 2021).

Linear accessibility does not establish that geometry-predictive directions are necessary for recon-
struction; interventions are required to test causal use. Only one untrained initialization and one
trained model are evaluated, so intervals omit training-seed variability. All three simple outer-shape
families occur in surrogate training, and the single-inclusion setting limits generalization. Additional
seeds and geometry-family holdouts would assess stability and transfer.

U-Net skip connections allow fine-scale information to bypass the bottleneck, so its pooled features
are internal descriptors rather than a sufficient state representation. Bottleneck-only reconstruction
and controlled skip removal could test sufficiency, while particle transport POD bases provide a
comparison with established reductions (Behne et al., 2023).

5 Conclusion

U-Net model training makes global outer geometry linearly recoverable from the bottleneck, while
local labels show no corresponding gain over controls. The trained bottleneck reaches 0.992 [0.976,
1.000], compared with 0.909 [0.862, 0.953] for the raw-input control, corresponding to Ay, =
+0.083.
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