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ABSTRACT

Fast radiography of dynamic material interfaces is blurred, sparse, and difficult to interpret in three dimensions. Restoration,
state inference, and sparse-view reconstruction are often studied separately, which makes their outputs difficult to compare
against known simulation labels. We address this problem with a curated Rayleigh—Taylor instability (RTI) corpus containing
101,250 interface images from 1,350 simulations, each labeled by Atwood number, acceleration, initial perturbation amplitude,
and time. The simulations are sampled on a common uniform time grid, although acceleration and time are only partly
independent under the normalized-time scaling of the underlying RTI problem. Controlled temporal averaging and spatial blur
generate radiograph-like surrogates with known target states. On these surrogates, a fine-tuned restoration model improves
mean SSIM from 0.905 to 0.962 and mean PSNR from 20.67 to 22.05 dB relative to Restormer. The same corpus supports
retrieval, regression of Atwood number and time, local ambiguity diagnostics, short-horizon temporal densification, and a lifted
4D benchmark with 54 dynamic 3D sequences and 72 synthetic projections per volume. Sparse-view neural fields reach about
35 dB on held-out views in that synthetic benchmark. At sufficiently late times, some frames are best interpreted as controlled
image-processing cases because finite-domain effects can influence the morphology. Within that scope, the RTI corpus
provides a shared benchmark for restoration, label-space inference, ambiguity analysis, and sparse-view reconstruction.

Introduction

Dynamic material interfaces are central to hydrodynamic mixing in liquids, plasmas, and other accelerated multi-material
systems. For sufficiently small initial perturbations, the Rayleigh—Taylor instability evolves from linear perturbation growth
to nonlinear bubble—spike development and secondary roll-up; the resulting morphology depends on the density contrast,
acceleration, initial perturbation amplitude, wavelength, and time.'™ Single-mode liquid experiments and high-resolution
radiography on high-energy-density platforms both exploit this sensitivity, which makes RTI a useful benchmark for inverse
imaging of evolving interfaces in a well-defined class of flows.>¢

The imaging problem is intrinsically difficult. Fast radiographs in high-energy-density physics and dynamic materials
experiments integrate over motion, blur through finite source and detector response, and often provide only a few views of an
evolving 3D state.” Similar tradeoffs appear in time-resolved tomography and fast micro-CT, where angular sparsity and
acquisition speed must be balanced against image quality and temporal resolution.'®!? In such settings the image is not a
complete observation of the interface; it is a sparse, instrument-filtered projection whose interpretation becomes increasingly
dependent on three-dimensional modeling.'3

This makes dynamic interface analysis an inverse-imaging problem. Data-driven inverse methods are most useful when
they preserve the connection between observations and the latent physical variables that generated them, not just image
appearance.'®!> In fluid mechanics and scientific machine learning, curated simulations are increasingly used to learn
observables, surrogates, and inverse mappings when experiments are scarce or expensive.'®!” For the single-mode RTI family
used here, acceleration and physical time are also not fully independent morphology coordinates: much of the evolution can
be organized by normalized time 7 = \/.<7g/A t, so different (g,¢) pairs can produce similar interface shapes.!” A simulation
library with known labels can therefore serve as a reference space for interpreting sparse or blurred observations, provided that
this degeneracy is kept in view.

Existing methods usually address only one part of this problem. Established restoration backbones improve image fidelity,



compact learned embeddings and regression models can map morphology back to simulation labels, and sparse-view CT or
neural-field methods provide strong priors for volumetric recovery under angular scarcity.'’’ Yet these tools are usually
evaluated with task-specific metrics and only limited connection to the physical variables that generated the data. A shared
evaluation protocol linking restoration, state inference, ambiguity analysis, and 4D reconstruction is still missing.

This article uses the released RayleAlI, CLARIPHY, and SDT resources to turn that idea into a common benchmark. We
build a labeled RTI corpus, convert it into radiograph-like surrogates through controlled degradation, test restoration on
morphologically complex cases, infer simulation labels through retrieval and regression, examine underdetermination with
local matching and temporal densification, and then lift the same family into a sparse-view 4D benchmark based on synthetic
projections.

The evidence is separated deliberately. A low-Atwood liquid RTI experiment provides a qualitative morphology anchor.
Controlled 2D degradations test restoration and state inference on label-preserving radiograph-like surrogates. A synthetic
2D-to-3D lift defines the volumetric benchmark, and sparse-view neural fields are evaluated only in that simulation-derived
setting rather than against real 3D experimental ground truth.

The contribution is therefore a reproducible RTI-labeled evaluation protocol linking restoration, state inference, ambiguity
analysis, temporal densification, and sparse-view reconstruction. It measures agreement with the assigned simulation labels or
with held-out synthetic radiographs, rather than direct validation of the governing RTI physics. Newer models can be inserted
into the same setting without changing that question.

Results

We begin with the labeled RTI corpus because every later test depends on whether morphology varies systematically with
the assigned simulation labels. We then examine how much structure survives controlled degradation, how well restored or
retrieved images stay near the correct labels, where local morphology becomes ambiguous, and how far a synthetic sparse-view
4D benchmark can be pushed before angular ambiguity dominates.

A labeled RTI simulation space for dynamic interface morphology

The study begins with an RTI benchmark containing 101,250 thresholded interface images from 1,350 simulations, with 75
saved times per run on a common grid from 7 = 0.00 to 0.74 s in 0.01 s increments.!” Every frame inherits four assigned state
variables: Atwood number .27, gravitational acceleration g, initial perturbation amplitude 4, and time ¢. The simulations span
o €10.02,0.50], g € [600,800] cm s~2, and & € [0.1,0.6] cm on a 64 x 128 grid covering a 2.7 cm horizontal by 5.4 cm vertical
domain. In the single-mode setup, the 2.7 cm horizontal extent corresponds to half of the imposed wavelength, so A = 5.4 cm in
the normalized-time definition 7 = /.7 g/A t used in Ref.!”. Across the full corpus, 7 therefore spans approximately 0 to 6.37.

These labels are useful but not fully independent morphology coordinates. Because g and ¢ partly collapse under normalized
time, raw proximity in (<7, g, h,t) can overcount states that remain visually similar after acceleration-time rescaling.!” In
addition, the finite rectangular domain and reflecting boundaries can influence the latest frames. At sufficiently late times,
the interface may interact with the computational boundaries or with reflected disturbances. Those frames remain useful as
controlled image-processing benchmarks, but they should not be interpreted as the unconstrained late-time evolution of the
original RTI problem.

Figure 1 illustrates how the corpus is used. At fixed raw time ¢ = 0.55 s, changing g, <7, or h changes spike penetration,
bubble width, and roll-up. The Atwood-number sweep is ordered by increasing </, making the corresponding increase in
interface excursion visible directly. The low-Atwood single-mode experiment of Waddell ez al. occupies the same qualitative
morphology family and serves as an experimental anchor for the benchmark.” The corpus provides a shared reference for later
error analysis while preserving genuine ambiguity in the inverse problem.

Table 1. Public datasets and labels used across the study.
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Figure 1. The RTI benchmark defines a labeled simulation space. The verified parameter sweep shows how morphology
changes with the RTI state variables at fixed raw time, the experiment—simulation strip places the benchmark in the canonical
low-Atwood liquid regime, and the conceptual map identifies the benchmark layers with illustrative examples.

Layer Data representation  Scale and labels Scientific role
RayleAl Labeled 2D 101,250 images from 1,350 simulations, 75  Reference RTI label space for morphology,
interface images saved times each on a common 0.00-0.74 s retrieval, regression, temporal completion,
grid; labels (7, g,h,t); 64 x 128 cells over a  degradation, and 2D-to-3D lifting
2.7 cm x 5.4 cm domain; = /&7 g/At
with A = 5.4 cm
CLARIPHY Sharp/degraded 2D Temporal averaging over 3, 5,7, 9, or 13 Experiment-like observation model for
pairs image pairs frames (0.02-0.12 s first-to-last span) and restoration under limited temporal and
spatial blur radii of 3, 5, 7, or 9 pixels (about  spatial resolution
0.10-0.30 cm horizontally and 0.09-0.28 cm
vertically after preprocessing); labels
inherited from RayleAl
SDT Dynamic 3D 54 dynamic 3D sequences, 72 projections Sparse-view 4D reconstruction benchmark
volumes and sparse per volume, symmetric and with held-out-view evaluation
radiographs symmetry-broken variants

Controlled degradation generates label-preserving radiographic surrogates

Starting from the labeled RTT frames, the study constructs radiograph-like surrogates by combining temporal averaging over 3,
5,7, 9, or 13 consecutive saved frames with spatial blur from spherical kernels of radius 3, 5, 7, or 9 pixels. On the 0.01 s
saved-time grid, these windows span 0.02 to 0.12 s between the first and last averaged frames. Under the normalized-time
scaling above, the same windows span about 0.03 to 0.17 for a 3-frame window and 0.18 to 1.03 for a 13-frame window across
the full (<7, g) range. The target remains the sharp central frame, so every degraded image inherits the central-state labels while
emulating motion integration and finite spatial resolution.
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The procedure isolates two dominant sources of measurement loss while preserving the central-frame labels needed for
controlled evaluation. The degraded inputs therefore remain tied to the same state variables used later for retrieval, regression,
and 3D lifting. Figure 2a shows how local structure is softened first by temporal averaging and then by additional spatial blur.
The lower example is centered at a later raw time and is included as a difficult image-processing case; at such stages, depending
on .2/ and g, finite-domain effects can already influence the morphology.

The most severe information loss appears when temporal averaging and spatial blur are combined in morphologically
complex cases, where rolled-up boundaries merge and narrow spikes broaden.

A restoration module preserves late-time nonlinear morphology

Restormer provides the baseline restoration model, and CLARIPHY is the RTI-specific fine-tuned version.'”?® This experiment
tests whether restoration recovers contours that are closer to the sharp RTI states. Averaged over 57 released time-ordered
validation cases, which the public benchmark presents as progressively harder evaluation examples rather than as a sweep
over unseen parameter tuples, the blurred inputs have mean SSIM 0.837 and mean PSNR 19.48 dB, the Restormer baseline
reaches 0.905 and 20.67 dB, and CLARIPHY reaches 0.962 and 22.05 dB (Table 2). The public release does not provide a
simulation-level manifest for these 57 cases, so they should not be interpreted as independent-by-simulation test averages.

Restoration error generally increases for morphologically complex states at larger normalized times, particularly when
roll-up produces fine boundaries. In the released 57-case sequence, however, the later examples also mix parameter-dependent
acceleration-time scaling, stronger blur, and, in the most extreme cases, finite-domain effects. Over the final 12 time-ordered
validation cases, mean SSIM increases from 0.782 with Restormer to 0.916 with CLARIPHY, while mean PSNR increases from
16.30 to 18.07 dB. Figure 2b illustrates the main difference: CLARIPHY preserves sharper bubble caps, narrower spikes, and
clearer roll-up than the pretrained baseline in the cases that are most informative for state inference. A reduced-data run trained
on only 10% of the paired corpus follows similar validation trends, indicating that the restoration prior is learnable without
exhaustive exposure to the full dataset. Because the public 10% setup downsamples images rather than documented simulation
groups and does not expose a recoverable split manifest, this reduced-data result is best read as a benchmark sensitivity check
rather than as evidence of generalization to unseen trajectories. Residual error remains concentrated near late-time roll-up
boundaries, where small contour shifts change local morphology substantially.

Retrieval and coordinate inference align morphology with the simulation labels

The RTT corpus also supports a direct test of whether image similarity reflects proximity in the assigned label space. LIRE
provides a hand-crafted control, and InfoGAN provides a compact learned embedding; both are judged by label-space proximity
rather than pixel error.!”-23% On 13,000 random queries and a second set of about 10,000 complex images with ¢ > 0.25 s,
the learned embedding places closer label-space neighbors earlier in the ranking, especially in the nonlinear regime. For the
complex queries, the first returned indices cluster around an average Atwood-number normalized label-space error of about
0.25 for InfoGAN, compared with about 0.4 for LIRE.

Because g and ¢ partly collapse under normalized time, raw four-parameter distances are only a proxy for morphological
similarity. The released retrieval plots therefore emphasize Atwood-number ranking, and the reduced pReg probe is restricted
to <7 and ¢t. Figure 3d,e shows that this ordering tracks the normalized label-space error closely and produces visually coherent
late-time neighbors. In a representative example, the model predicts .7 = 0.1482 and ¢ = 0.4050 s for a reference state with
&/ =0.155 and t = 0.400 s. This is not full state recovery: gravity and initial perturbation amplitude remain unresolved in the
reduced pReg setting.

Ambiguity-aware local matching and temporal densification reveal underdetermination
Not every observation determines a unique global state, and the benchmark makes that ambiguity measurable. The local-
matching stage is intentionally simple and interpretable: sixteen experimental templates were searched against the RTI corpus
with Quality-Aware Template Matching (QATM), and the returned patches were analyzed with PCA and k-means clustering.'”3!
Figure 4a—c distinguishes three regimes: distinctive templates produce a compact high-score neighborhood, partially distinctive
templates remain informative over only a limited rank range, and non-distinctive templates distribute across several clusters.
Non-unique matches therefore identify cases in which local morphology is insufficient to determine a unique global state.
Temporal completion provides a complementary short-horizon constraint. PredRNN is used here as a lightweight temporal-
densification module.!”-3? Figure 4d,e shows that SSIM and PSNR remain high over short prediction horizons and then
decay as nonlinear roll-up accumulates, with experimental trajectories remaining more stable than long-horizon simulation
extrapolations. The useful regime is therefore short-gap completion; the error grows steadily once the forecast extends into
strongly nonlinear evolution.

4/15



. = .
53 .
(M | b
0.41 0.42 0.44 0.45
00
Ld
1 cJ
|
0.68 0.69 0.70 0.71 0.72

(a) Label-preserving temporal and spatial blur generation.

Time (s) Input Restormer CLARIPHY Ground truth

. 25
g
2 08 = \
a —@— Blurred input Zz 20§ —e— Blurred input
72
—m— Restormer A~ —m— Restormer
0.6 —@®— CLARIPHY 15 —®— CLARIPHY
10 20 30 40 50 10 20 30 40 50
evaluation case evaluation case
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Figure 2. Radiograph-like degradation and restoration. Temporal averaging and spatial convolution convert sharp RTI
states into degraded images while preserving the central-frame labels. The later examples are included as challenging
benchmark cases; depending on (<, g, h,t), comparable raw times can already be influenced by the finite domain. Fine-tuned
restoration modestly improves average PSNR and preserves spike, bubble, and roll-up boundaries that are important for later

label-space analysis.
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Figure 3. Retrieval and coordinate inference in label space. LIRE is a classical content-based retrieval baseline with
hand-crafted descriptors, whereas InfoGAN provides a compact learned embedding. For the retrieval curves, the red trace is
normalized label-space error, so lower values at early ranks indicate closer agreement with the assigned RTI parameters.
Because acceleration and raw time are partly degenerate under normalized time, the released comparison emphasizes
Atwood-number error when contrasting LIRE and InfoGAN. The example strip shows that the late-time query is matched to a
tighter neighborhood by InfoGAN than by LIRE. The pReg panels summarize direct regression of .27 and ¢: the ranking curve
follows label-space error closely, and the neighbor strip remains coherent in the nonlinear regime.
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Figure 4. Ambiguity diagnostics and short-horizon densification. QATM is applied to 16 experimental templates and the
returned matches are grouped with PCA and k-means. Distinctive templates create a compact early-rank cluster, partially
distinctive templates remain informative only over a limited range, and non-distinctive templates mix clusters quickly,
indicating local underdetermination. PredRNN then provides short-horizon temporal densification: SSIM and PSNR remain

high initially and decay as nonlinear roll-up accumulates.
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Table 2. Representative quantitative results across the main study stages.

Stage and metric Reported outcome
Restoration mean SSIM Degraded input 0.837, Restormer 0.905, and CLARIPHY 0.962 across 57 released evaluation cases.
Restoration mean PSNR Degraded input 19.48 dB, Restormer 20.67 dB, and CLARIPHY 22.05 dB across the same 57 released cases.

Later released restoration cases Over the final 12 released cases, SSIM values of 0.647, 0.782, and 0.916 and PSNR values of 15.21, 16.30, and 18.07
dB for degraded input, Restormer, and CLARIPHY, respectively.

Retrieval on complex RTI For later-time queries, the first returned neighbors cluster around an average Atwood-number normalized label-space

queries error of about 0.25 for InfoGAN versus about 0.4 for LIRE.

Representative state regression pReg predicts .7 = 0.1482 and r = 0.4050 s for a reference state with &7 = 0.155 and r = 0.400 s.

Sparse-view 4D reconstruction Symmetric regime: about 35 dB held-out-view PSNR after 20,000 iterations. Symmetry-broken regime: about 35 dB
after 100,500 iterations.

Single-view latent adaptation Representative progression from approximately PSNR/SSIM 20/0.6 to 30/0.9 during test-time latent refinement.

A sparse-view neural field produces candidate 4D reconstructions from sparse projections
The same simulation family also supports a reproducible sparse-view 4D reconstruction setting for prior-guided volumetric
inference. Each 2D RTI slice is revolved into a dynamic 3D attenuation volume, optionally perturbed to break perfect symmetry,
and rendered into 72 synthetic radiographs over 360°. This produces 54 dynamic 3D sequences that retain their original RTI
labels while exposing the inverse problem faced in dynamic sparse-view tomography.

A MedNeRF-derived time-conditioned model is used for this benchmark.?*:3 In the symmetric regime, it reaches about
35 dB PSNR on held-out views after 20,000 training iterations, corresponding to roughly 5 h on a Tesla V100 GPU. In the
symmetry-broken regime, convergence requires 100,500 iterations, or about 30 h, to reach a similar held-out-view PSNR.
Figure 5b shows that held-out agreement is strongest near 0° and 360°, while fidelity declines around 180°-270°, where angular
ambiguity is largest. Figure 5c shows representative single-view latent-adaptation stages, in which PSNR/SSIM improve from
about 20/0.6 to 30/0.9 as boundaries sharpen and morphology becomes more coherent. The main failure mode is angular
ambiguity once symmetry is broken. The reconstructions are therefore projection-consistent candidates, not unique recovered
volumes from a single projection.

What the shared labels reveal

The common label set exposes different levels of constraint across the inverse problem. Restoration can recover contours
that remain close to the known central frame, especially in morphologically complex cases where degradation merges spikes
and roll-up boundaries. Retrieval and regression show that morphology carries usable information about .27 and ¢, but the
local-matching results also show that some image regions are not globally diagnostic.

The same distinction carries into the 4D benchmark. Held-out-view PSNR tests whether a reconstructed field remains
consistent with unseen synthetic radiographs, but it does not resolve volumetric uniqueness once angular ambiguity grows.
These comparisons do not validate the governing RTI equations directly. They test agreement with assigned simulation
parameters or with held-out synthetic radiographs. That distinction matters most where acceleration-time degeneracy, finite-
domain effects, or angular scarcity reduce uniqueness. Table 2 summarizes the strongest quantitative outcomes across the
study.
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Figure 5. Sparse-view neural fields produce candidate 4D reconstructions consistent with synthetic radiographs.
Labeled 2D RTT slices are lifted into dynamic 3D attenuation volumes, rendered into synthetic radiographs, and reconstructed
with a time-conditioned neural field. Held-out-view fidelity remains strongest for the symmetric family, while controlled
symmetry breaking exposes the cost of underdetermination. The single-view panels show representative latent-adaptation
stages, not averaged performance, and they should be interpreted as prior-guided refinements of candidate 3D structure.
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Discussion

The same RTI labels are used in the degradation model, restoration targets, label-space tests, ambiguity analysis, and synthetic
4D benchmark. That makes it possible to compare image fidelity with agreement in the assigned simulation labels. A restored
contour can have high SSIM and still move away from the correct region of label space, and a sparse-view volume can match
held-out projections without being uniquely determined in three dimensions.

The strongest evidence in the present benchmark comes from the restoration and label-space retrieval results. RTI-specific
fine-tuning preserves bubble caps, spikes, and roll-up more faithfully than the generic restoration baseline in morphologically
complex cases. The learned embedding also improves early-rank Atwood-number agreement relative to the hand-crafted
retrieval control. The ambiguity analysis is informative for a different reason: distinctive templates identify local regions that
are diagnostically useful, whereas non-distinctive templates show where local appearance alone cannot support global state
inference. The sparse-view benchmark is the weakest part of the chain in terms of uniqueness. Once symmetry is broken, the
main difficulty is angular ambiguity, so held-out-view agreement is best interpreted as projection consistency rather than direct
recovery of a single 3D state,!%21.27.34

Several limits on interpretation are important. The degradation model is controlled and not detector calibrated. The raw
label tuple (7, g, h,t) is not a set of four independent morphology axes because acceleration and time partly collapse under
normalized time. Some of the latest benchmark frames are influenced by the finite domain and reflecting boundaries, so they
remain most useful as controlled image-processing cases rather than as unconstrained late-time RTT states. The 57 released
restoration cases are time ordered benchmark examples rather than documented simulation-disjoint test averages, which means
that the reduced-data result does not establish generalization to unseen trajectories. pReg resolves only the .27 and r axes of
the full label set, PredRNN is limited to short-horizon densification, the 2D-to-3D lift is synthetic and does not replace direct
3D hydrodynamics, and the sparse-view neural-field outputs are prior-guided candidate reconstructions rather than unique
volumetric solutions.

The evidence is therefore strongest for RTI as a benchmark for dynamic two-material interfaces, not as a fully validated
route to real 3D experimental inversion. Extending the approach to calibrated dynamic radiographs, direct 3D simulations,
uncertainty-aware inversion, domain adaptation, and additional interface families such as Richtmyer—Meshkov or shock-driven
mixing will be essential for broader use.*!'~13 The value of the present study is that those future models can be tested against
the same labeled RTI benchmark rather than against disconnected task-specific criteria.

Methods

The benchmark combines three released resources. RayleAl provides labeled 2D RTT interface images, CLARIPHY provides
controlled sharp/degraded pairs for restoration, and SDT provides lifted dynamic 3D volumes with synthetic projections. The
following sections describe how each resource was used and how the reported metrics were computed.

RTI simulation corpus and assigned state labels

The study uses single-mode RTI simulations inspired by the low-Atwood single-mode experiment of Waddell ef al.>'” The
initial interface is sinusoidal, y = hcos(27x/A), and is evolved with the DAFNA interface-tracking hydrodynamic code on a
finite rectangular domain with reflecting boundary conditions in all directions.!”>3> The grid contains 64 x 128 cells over a
2.7 cm horizontal by 5.4 cm vertical domain.!” In the single-mode setup, the 2.7 cm horizontal extent corresponds to half of
the imposed wavelength, so A = 5.4 cm for the normalized-time definition used below. The archived setup uses an ideal-gas
equation of state with adiabatic index y = 5/3 and hydrostatic equilibrium with 1 bar at the interface. The swept control
parameters are Atwood number <7, gravitational acceleration g, initial perturbation amplitude /4, and time ¢.

The public RayleAl release spans <7 = 0.02 to 0.50 in steps of 0.02, g = 600 to 800 cm s~ in steps of 25 cm s~2, and
h=0.1t00.6 cm in steps of 0.1 cm.'” This yields 1,350 simulations, each sampled at 75 saved times, for a total of 101,250
thresholded interface images. The public file-conversion and sequence-processing scripts use the same saved-time grid for all
simulations, r = 0.00,0.01,...,0.74 s.'” Following Ref.!”, we define normalized time as

f= %t.
A
Over the full corpus, 7 ranges from 0 to about 6.37. Because acceleration and raw time partly collapse under this rescaling,
distances in («7,g,h,t) are not equivalent to distances between morphologically distinct states. Each image inherits the
labels of its parent simulation and time index, so the corpus can be navigated either in image space or in the assigned
coordinates (<7,g,h,t). At late times, reflected disturbances or direct interaction with the finite boundaries can alter the
interface morphology. These frames remain part of the released benchmark and are useful for controlled image-processing
tests, but they are interpreted cautiously when discussing late-time RTI evolution. Experimental images used for qualitative

10/15



alignment were derived from grayscale radiographs by expert-selected preprocessing, including erosion—dilation or histogram
equalization, cropping, resizing, and binarization.!”

Controlled degradation and restoration module
Let I; denote the sharp thresholded interface image at time . A temporally blurred surrogate is formed as

- 1

IZ:W Y I,

TeW;

where W, is a centered window of size 3, 5, 7, 9, or 13 frames. Spatial blur is then applied by convolving I; with a normalized
spherical kernel K, of radius r € {3,5,7,9} pixels,

Bt :Kr *I_t

Because the saved-frame spacing is 0.01 s, the first-to-last support of the temporal windows is 0.02, 0.04, 0.06, 0.08, and 0.12
s for the 3, 5,7, 9, and 13 frame averages, respectively. Under the normalized-time scaling above, the corresponding spans
range from about 0.03 to 0.17 for the 3-frame window and from about 0.18 to 1.03 for the 13-frame window across the full
(o7, g) range. Public CLARIPHY preprocessing applies the blur after cropping the RTI images to 176 x 80 pixels. Relative
to the 2.7 cm horizontal and 5.4 cm vertical domain extents, this corresponds to about 0.0338 cm per pixel horizontally and
0.0307 cm per pixel vertically. The 3, 5, 7, and 9 pixel radii therefore correspond to approximately (0.10, 0.09), (0.17, 0.15),
(0.24, 0.21), and (0.30, 0.28) cm along the horizontal and vertical image axes. Because the restoration target remains the sharp
central frame ;, every degraded surrogate B, retains the central-state labels (<7, g, h,¢) while emulating motion integration and
finite spatial resolution.?® This controlled surrogate observation model emulates two dominant degradation mechanisms, but it
is not a detector-calibrated radiographic forward model.

Restoration uses Restormer as the baseline backbone and fine-tunes it on the RTI blur pairs to obtain CLARIPH
Inputs and targets remain at the native RTI image resolution. Training uses 30 epochs, batch size 8, the Adam optimizer, and an
L1 loss in PyTorch on a 40 GB NVIDIA A100 GPU. In the public database-construction script, complete simulation folders
are shuffled and assigned to an 80/20 train/validation split, which keeps all temporal and spatial degradation variants of a
trajectory in the same split. The public release does not expose the exact shuffle seed or the manifest used for the 57 reported
evaluation traces. A reduced-data variant is trained on 10% of the paired corpus to test sensitivity to dataset size, but the public
materials describe two different reduction paths: a stride-based reduced database generator and an additional random 10%
subsampling step inside the training script. In the released train. py, the validation subset is also sized from the already
reduced training-set length rather than from the full validation-set length. The released 10% curves therefore do not come with a
recoverable grouped manifest. The main-text summary statistics are recomputed directly from the 57 released SSIM and PSNR
traces, which the public manuscript and metric files present as time-ordered validation examples of increasing complexity.
The results therefore characterize performance across increasingly difficult released cases and should not be interpreted as
independent-by-simulation averages.

Y.19,28

Retrieval controls, coordinate regression, and normalized label-space error

Retrieval compares an InfoGAN-based embedding with LIRE, a classical content-based retrieval library using hand-crafted
texture descriptors.!”?%3% InfoGAN serves as a compact learned morphology embedding, and LIRE provides a simple
appearance-level control. The public evaluation uses 13,000 random queries and a second set of about 10,000 complex images
with # > 0.25 s. Returned candidates are ranked by model score, then evaluated with a normalized simulation-label error, called
physical loss in Ref.!”,

2
s) . 1 Yk — ik
L) =7 £ ( ) ,

kes Tk

where y and y; are the label vectors of the query and the ith candidate, ry is the sampled range of coordinate k, and S is the
subset of coordinates under evaluation.!” For the long-time retrieval plots, the principal reported coordinate is Atwood number,
which is the most discriminative label in the released comparison figures. Because <7, g, h, and ¢ do not all affect morphology
independently, this metric is always interpreted with respect to the chosen subset of labels S. In particular, the long-time
retrieval plots emphasize Atwood-number error because acceleration and time are partly degenerate under 7, and differences in
initial perturbation amplitude can become time-shift-like in late evolution.!”

Direct regression uses pReg, with three 5 x 5 convolutional layers of 64 filters each, max-pooling, L2 regularization, dropout
at rate 0.1, and batch normalization, followed by fully connected layers of 250 and 200 units and a two-output sigmoid head
for o/ and t.'7 Training uses a reduced RTI subset with .7 € [0.08,0.50] in steps of 0.02, g € {625,700,750,800} cm s~2,
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h €1]0.1,0.5] cm in steps of 0.1 cm, and ¢ € [0.1,0.6] s in steps of 0.01 s, giving about 16,000 training images and 4,000
validation images. Augmentation is restricted to zooming with range 0.1 so that orientation and topology remain physically
meaningful. Candidate states are then ordered by distance in the regressed (<7 1) space, so the method probes which coordinates
can be recovered from morphology without attempting full-state inference.

Ambiguity diagnostics and temporal densification

Local morphology matching uses QATM in its 1-to-1 configuration on 16 templates cropped from experimental RTT images.
For each template, the best-matched subfigure in every RayleAl image is scored and ranked. Because local templates do not
map uniquely to global labels, evaluation is performed by projecting the returned set with principal-component analysis and
clustering it with k-means. This makes the module an ambiguity diagnostic: it separates templates with distinctive, partially
distinctive, and non-distinctive physical neighborhoods without forcing a single global interpretation.

Temporal completion uses PredRNN as a short-horizon sequence-densification module.’> The model is trained on RayleAl
sequences sampled every 0.01 s. The experiment-like demonstration uses a 12-frame binarized RTI sequence with approximately
0.033 s spacing between frames; missing intermediate states are generated iteratively, one step at a time. A representative
simulation test uses g = 725 cm s72 o7 =0.14, and h = 0.3 cm, with the first 10 frames given as input and 49 future steps
predicted. The intended use is short-gap densification; long-range forecasting of nonlinear RTI lies outside the scope of this
benchmark.

17,31

2D-to-3D lifting and sparse-radiograph generation
Each 2D RTI frame S, (x,z) is converted to a 3D attenuation volume V;(x,y,z) by solid of revolution about the symmetry axis.
Straight revolutions define the symmetric object family. A harder symmetry-broken family is created by perturbing the lifted
volume with localized inhomogeneities, such as embedded high-density spheres or local density distortions, while preserving
the parent RTI trajectory.
This 2D-to-3D lift is a controlled benchmark construction and not a direct 3D hydrodynamic simulation. Its purpose is to
create a reproducible sparse-view inverse problem whose hidden state remains tied to the RTI labels used in the 2D tasks.
Synthetic radiographs are rendered by line integration through the attenuation field,

33

po(u,v) :/[,L(x,y,z)dl7

for 72 uniformly spaced angles covering 360°. The released benchmark contains 54 dynamic 3D sequences and 72 radiographs
per volume. These views can be subsampled to emulate few-view settings such as 8, 4, or 2 inputs, corresponding to angular
separations of about 45°, 90°, and 180° for uniformly spaced selections, as well as single-view inference, while retaining
held-out angles for evaluation.>® The dataset description also defines broader split families, including held-out sequences,
held-out late times, and view-sparsity tests; the results summarized here use the released held-out-view and single-view
evaluations for the symmetric and symmetry-broken regimes.

Time-conditioned neural-field reconstruction

Sparse-view reconstruction extends MedNeRF by introducing explicit time conditioning, so the model represents a continuous
field Fg(x,,z,t) over space and time.?*33 Separate latent codes encode sequence-specific shape and appearance, following the
MedNeRF/GRAF design. Training uses projection-only supervision and optimizes a combination of mean squared error and
structural similarity losses on rendered versus target synthetic radiographs.??

The public SDT benchmark reports training on a single NVIDIA Tesla V100 GPU. The symmetric regime converges after
20,000 iterations, corresponding to about 5 h, and the symmetry-broken regime converges after 100,500 iterations, or about 30
h. Held-out-view PSNR is reported for both regimes. For single-view inference, the network weights are frozen and the latent
codes are adapted to the observed radiograph for a few hundred iterations, yielding the progressive PSNR/SSIM improvements
shown in Figure 5. The adapted outputs are interpreted as prior-guided dynamic reconstructions constrained by the observation
and by the simulation-trained field.

Evaluation and reporting

Restoration and temporal completion are evaluated with structural similarity index measure (SSIM) and peak signal-to-noise
ratio (PSNR) against the sharp target or held-out frame.3¢ Retrieval and regression are evaluated with Li,e on selected subsets
of the assigned simulation labels. Sparse-view 4D reconstruction is evaluated by PSNR on held-out radiographs together with
qualitative inspection of recovered morphology across time and angle. These metrics are stage specific and are not compared
directly: SSIM and PSNR test image fidelity, Ly tests agreement with the assigned labels, and held-out-view PSNR tests
consistency with unseen radiographs.
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The quantitative values reported in the main text were taken from the publicly released benchmark figures and metric arrays
associated with each task. Restoration means were recomputed from the 57 time-ordered traces distributed with CLARIPHY,
while retrieval, regression, PredRNN, and SDT values follow the public evaluation figures and accompanying manuscript
descriptions. 72833

Data availability

The public resources used in this study are available from the following repositories and archives. RayleAI RTI corpus assets
and experiment-alignment images: https://github.com/Scientific-Computing-Lab/SimulAI. CLARIPHY
blurred/sharp RTI pairs, restoration metric traces, and representative restored outputs: https://github.com/Scienti
fic-Computing—-Lab/ClariPhy; archive DOIL: https://doi.org/10.5281/zenodo.13385382. SDT lifted
volumes, representative synthetic radiographs, reconstruction assets, and benchmark figures: https://github.com/S
cientific-Computing—-Lab/SDT; archive DOIL: https://doi.org/10.5281/zenodo.16996679. Derived
manuscript figures use only these public materials and their released metric arrays.

Code availability

Code for RTI simulation benchmarking, restoration training, sparse-view reconstruction, and the metric/plotting scripts used for
the reported curves is available in the same public repositories. The SimulAl repository contains the RayleAI benchmarking
and experiment-alignment workflow, the ClariPhy repository contains restoration training and evaluation code, and the SDT
repository contains sparse-view reconstruction and rendering utilities.
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