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1 Introduction

Modern experimental physics analyses rely on large-scale Monte Carlo simulation datasets to attain the
statistical precision required for high-fidelity measurements. While parton-level event generation (e.g.,
Pythia [1], MadGraph [2]) is comparatively cheap per event, the subsequent full detector-response
simulation (typically GEANT4 [3]) dominates compute and scales unfavorably with event volume and
detector complexity. This challenge is rooted in contemporary Nuclear Physics (NP) programs, such as
Jefferson Lab experiments (e.g., CLAS12 [4], GlueX [5]) and the forthcoming Electron-Ion Collider
(EIC), where modeling particle transport and detector responses dominates computational budgets.
These barriers are shared by High-Energy Physics (HEP) initiatives like the Large Hadron Collider
(LHC), establishing a universal need for faster AI-based surrogate models across both communities.

Detector unfolding — recovering true event-level observables from detector-level measurements
degraded by detector effects, such as finite instrumental resolution — further magnifies these
computational demands, motivating the shift toward generative deep learning. Deep generative models,
particularly Conditional Flow Matching (CFM), offer stable, simulation-free training. However,
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using the JLab NP photoproduction dataset, we demonstrate that standard CFM training loss is an
unreliable indicator of true physical convergence.

This limitation, characterized as spectral bias [6], obscures ongoing physical refinement. To
resolve this dataset-agnostic pathology, we introduce ScatterPrism, a CFM framework tailored for
high-fidelity kinematic event generation and detector unfolding. Our primary contributions are:

1. Convergence diagnostics and validation suite. We identify the premature plateau of standard CFM
loss, which obscures ongoing physical refinement, and establish a rigorous multi-metric protocol to
accurately track true convergence, verify generative fidelity, and prevent data memorization; the
constituent metrics are introduced and motivated in section 3.3.

2. ScatterPrism Framework. We introduce ScatterPrism, a configurable CFM-based tool, and validate
its capabilities for event generation and conditional detector unfolding on a realistic Jefferson Lab
dataset (𝛾𝑝 → 𝜌0𝑝 → 𝜋+𝜋−𝑝) relevant to the forthcoming EIC.

3. Synthetic stress tests. We provide controlled 1D benchmarks (gaussian, high-cut, multi-peak,
high-frequency, delta, uniform, and exponential) to isolate generative capabilities and
diagnose topological failure modes prior to deployment on real physics data.

2 Related work

Two computational pillars dominate subatomic-physics data pipelines: forward generative simula-
tion [7] and detector unfolding [8]. Both are bottlenecked by computationally expensive GEANT-class
algorithms, motivating parallel machine-learning surrogates. On the forward simulation side, ar-
chitectures have evolved from Generative Adversarial Network (GAN)-based shower simulators
(CaloGAN [9]) and phase-space samplers [10] to high-fidelity normalizing flows like CaloFlow [11].
Recent benchmarks systematically validate these fast-simulation surrogates against full generation
engines like GEANT4 [12].

On the inverse side, traditional binned unfolding methods like Iterative Bayesian Unfolding (IBU)
suffer from dimensionality curses. OmniFold [13] circumvented this via unbinned neural classifiers,
initiating a shift toward deep generative unfolding. Modern approaches include conditional invertible
networks (cINNs) [14] and Schrödinger-bridge formulations [15]. These domains increasingly converge
on a shared toolkit: while diffusion models [16] define transport through stochastic transitions and
scale well using denoising or score-matching objectives, Conditional Flow Matching [17] directly
regresses the transport vector field that generates a probability path under a deterministic flow. Building
on this, ScatterPrism differentiates itself from likelihood-based cINNs [14] by learning a CFM velocity
field end-to-end without iterative refinement.

These foundations rapidly populate workflows in both fields, with modern generative architectures
yielding analysis-ready unfolding for complex final states [18]. While generative Artificial Intelligence
(AI) is vital for EIC simulations [19], current implementations often assume generic metrics safely
indicate modeling quality. A crucial gap remains: no prior work systematically addresses the
disconnect between training loss convergence and true kinematic fidelity of CFM models, a concern
relevant to both NP and HEP. We address this gap on the NP side using a low-multiplicity JLab
photoproduction dataset; the diagnostic methodology is designed to transfer to HEP settings, though
further validation is left to future work.
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3 Methodology

3.1 Datasets and feature representation

MC-POM dataset. The MC-POM (Monte Carlo Pomeron) dataset models exclusive photoproduction
𝛾𝑝 → 𝜌0𝑝 → 𝜋+𝜋−𝑝. This serves as a representative low-multiplicity NP topology. We focus on
forward kinematics with low momentum transfer (|𝑡 | < 1 GeV2), where pomeron exchange dominates.
In this regime, the P-wave 𝜌(770) resonance is prominent in the 𝑀 (𝜋+𝜋−) mass spectrum. We utilize
a fixed dataset of 8M events, partitioned into an 8:1:1 training/validation/test split (6.4M / 0.8M /
0.8M events) used consistently across all generation and unfolding experiments.

Events initially consist of 24-dimensional vectors encoding the four-momenta of all involved
particles (𝑝𝜇

𝛾 , 𝑝
𝜇

1 , 𝑝
𝜇

2 , 𝜋
±) and derived variables (𝑡, 𝑀𝜋𝜋 , cos 𝜃, 𝜙) evaluated in the 𝜋+𝜋− helicity rest

frame. To eliminate redundancy, we project the data into a 10-dimensional phase space. Excluding the
recoil proton (fixed by four-momentum conservation) and extracting the spatial momenta (𝑝𝑥 , 𝑝𝑦 , 𝑝𝑧)
of the remaining four particles yields 12 components. Dropping the identically zero 𝑝𝑦 components of
the incident photon and target proton results in the final 10 dimensions. Each feature was standardized
to zero mean and unit variance, then scaled by 5.0; this empirically outperformed factors of 1.0 and
2.0. The mismatch with the unit-variance prior N (0, 𝐼) separates source and target supports along
𝑥𝑡 = 𝑡 𝑥1 + (1−𝑡) 𝑥0, amplifying the deterministic velocity signal and improving training stability.
The inverse transform recovers physical units.

For detector unfolding, we simulate resolution effects via independent Gaussian smearing of
each Cartesian momentum component 𝑘 of the 𝜋± tracks, with standard deviation 𝑘2 · 𝜎smear for
𝜎smear ∈ {0.5, 1.0, 2.0}. The recoil proton four-momentum is subsequently algebraically inferred
(𝑝𝜇

2 = 𝑝
𝜇
𝛾 + 𝑝

𝜇

1 − 𝑝
𝜇

𝜋+ − 𝑝
𝜇
𝜋− ). Because pion smearing directly breaks energy-momentum conservation,

this inferred state drops off the exact invariant mass shell. A primary advantage of ScatterPrism is its
ability to ingest this physically ‘broken’ conditional data and learn the implicit constraints required
to project it back onto the exact ground-truth manifold. Throughout training, all physics-informed
metrics are monitored on the held-out validation split, and final results in section 4.2 are reported
on the held-out test split. We compute the nearest-neighbor ratio 𝑅NN, evaluated against the training
manifold, as an explicit guard against memorization.

Synthetic mock datasets. To isolate modeling challenges, we construct a diverse suite of 1D
synthetic benchmarks (gaussian, high-cut, multi-peak, high-frequency, delta, uniform,
and exponential) across configuration presets. These controlled environments enable rigorous
ablation studies of mode collapse and fine-grained resolution prior to real physics deployment. Detailed
formulations and extended results are in appendix C.

3.2 Conditional flow matching framework

Flow Matching (FM) formulates the generation process as modeling a time-dependent vector field (also
referred to as a velocity field) 𝑣 𝜃 (𝑥, 𝑡), whose induced Ordinary Differential Equation (ODE) transports
a simple prior probability measure 𝑝0 = N (0, 𝐼) to a complex target data distribution 𝑝1. Since
directly regressing the marginal vector field is computationally intractable, we adopt Conditional Flow
Matching (CFM) [17]. By conditioning on individual data samples to construct simple, independent
probability paths, CFM provides a tractable regression objective that, in expectation, perfectly recovers
the underlying marginal vector field.
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Figure 1. An illustration of the CFM generation process. The model learns to transform a simple base Gaussian
distribution (left) to a complex three-peak mixed-Gaussian target distribution (right) by learning the intermediate
velocity field (middle).

Given a target data sample 𝑥1 ∼ 𝑝data and noise 𝑥0 ∼ N (0, 𝐼), CFM constructs interpolated
samples along a linear conditional path:

𝑥𝑡 = (1 − 𝑡)𝑥0 + 𝑡𝑥1, 𝑡 ∈ [0, 1] . (3.1)

The conditional vector field generating this path is the constant derivative: 𝑢𝑡 = 𝑑𝑥𝑡
𝑑𝑡

= 𝑥1 − 𝑥0. The
CFM loss then trains a neural network to regress against this target velocity:

LCFM(𝜃) = 𝔼𝑡 ,𝑥0,𝑥1

[
∥𝑣 𝜃 (𝑥𝑡 , 𝑡) − (𝑥1 − 𝑥0)∥2] . (3.2)

An intuitive visual representation of this learned velocity mapping, transporting samples from a base
Gaussian noise state through intermediate trajectories toward a multi-modal deterministic target,
is provided in figure 1.

We use two distinct network variants under this shared CFM objective:

Unconditional generation network. For generative simulation, we train an unconditional velocity
network 𝑣 𝜃 (𝑥𝑡 , 𝑡) that takes as input the current state 𝑥𝑡 concatenated with a Fourier embedding of 𝑡,
autonomously mapping pure Gaussian noise into the target physics distribution.

Conditional unfolding network. For detector unfolding, we train a conditional velocity network
𝑣 𝜃 (𝑥𝑡 , 𝑡 | 𝑐) parameterized by the detector-level measurement 𝑐. In this context, 𝑐 explicitly encodes
the resolution-degraded kinematic observables — specifically, the Gaussian-smeared spatial momenta
of the 𝜋± tracks representing finite instrumental precision. This approach is conceptually analogous
to conditional invertible-network unfolding [14] but utilizes a simulation-free CFM objective. The
conditioning vector 𝑐 is processed through a learned two-layer SiLU-activated Multi-Layer Perceptron
(MLP) and concatenated alongside the 𝑥𝑡 state and time embedding. During inference, this condition
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𝑐 is held constant throughout the entire ODE integration, allowing the network to deterministically
recover particle-level kinematics from localized, smeared observations.

Both variants utilize residual backbone architectures [20] with SiLU activations. At inference,
generation is performed by integrating the learned ODE from 𝑡 = 0 to 𝑡 = 1 via an adaptive
Dormand-Prince solver using deterministic paths, establishing a deterministic mapping between
the prior and target distributions. Comprehensive hyperparameter configurations of both networks
are provided in appendix A.

3.3 Physics-informed metrics

To rigorously evaluate model performance, we monitor the following physics-informed metrics in
addition to standard training metrics, such as loss, during the validation and testing phases:

1. Marginals: We report the 𝜒2 statistic and the Wasserstein-1 distance (𝑊1) between generated
and true univariate distributions.

2. Pairwise joints: We report the 2D binned 𝜒2 statistic (𝜒2
2D) over all feature pairs, testing whether

the model captures bivariate dependencies beyond individual marginals.

3. Global correlation structure: We report the correlation matrix distance 𝐷corr = ∥corr(truth) −
corr(gen)∥𝐹 , the Frobenius norm of the Pearson correlation-matrix difference, measuring the
holistic reproduction of linear dependencies across all channels.

4. Memorization: We report the nearest-neighbor distance ratio 𝑅NN = 𝑑gen→train/𝑑train→train, where
𝑑 denotes the mean 𝐿2 nearest-neighbor distance. A ratio 𝑅NN ≈ 1 indicates generalization,
whereas 𝑅NN ≪ 1 flags memorization.

In tabular summaries, we present 𝜒2, 𝑊1, 𝜒2
2D, 𝐷corr, and 𝑅NN. For dynamic tracking (figure 2(a)),

we monitor training loss, Number of Function Evaluations (NFE) (lower values indicate straighter
flows for adaptive solvers), 𝑊1, and 𝐷corr. Detailed mathematical formulations are in appendix B.

4 Results

4.1 Synthetic benchmark validation

To isolate modeling challenges, we first validated the architecture on synthetic 1D distributions;
detailed results with complex topologies are provided in appendix C.

4.2 Performance on MC-POM dataset

A crucial observation during MC-POM training is that the convergence of the standard CFM velocity
loss does not align with true physical fidelity. As figure 2(a) shows, the CFM loss plateaus rapidly after
∼20 epochs. In contrast, physics-informed metrics (𝑊1, 𝐷corr), evaluated on the held-out validation
split, improve steadily until epoch 600. Thus, CFM loss alone cannot guarantee accurate kinematic
reconstruction, necessitating decoupled physical validation metrics.

Table 1 summarizes quantitative performance on the MC-POM dataset for generation and unfolding
tasks. All evaluations report metrics from the best-performing checkpoint. Distributional metrics
(including the unnormalized 50-bin 𝜒2, 𝑊1, 𝜒2

2D, 𝐷corr) are computed on the held-out test split using

– 5 –



2
0
2
6
 
J
I
N
S
T
 
2
1
 
C
0
7
0
1
2

5.0

5.1

5.2

5.3

CF
M

CFM
W1

0 200 400 600 800
Epoch

540

560

580

600

N
FE

NFE
Dcorr

0.02

0.04

0.06

0.08

0.10

W
1

0.025

0.050

0.075

0.100

0.125

D
co

rr

(a)

0

10

20

30

40

50

60

D
en

si
ty

Ground truth
Generated

0.42 0.41 0.40 0.39 0.38
t

0.5

1.0

1.5

G
en

/T
ru

th

0

10

20

30

40

50

60

70

D
en

si
ty

Ground truth
Generated

1.02 1.01 1.00 0.99 0.98
t

0.5

1.0

1.5

G
en

/T
ru

th

(b)

Figure 2. Diagnostics on the MC-POM generation task. (a) Training metrics tracked over time, comparing
the CFM loss against physics-informed indicators. (b) Close-up comparison of generated and ground-truth
distributions in two sharp cut-off regions of the 𝑡-channel.

0.8M generated events (matched 1:1 to the test split size), whereas 𝑅NN compares 80K generated
events against the 6.4M-event training split to diagnose memorization.

For unconditional generation, the model achieves high-fidelity sampling over the entire phase
space, with 𝑅NN ≈ 1.00 confirming generalization. Figure 3 shows strong agreement between
generated and ground-truth distributions (correlation matrix in appendix D, figure 14). Exact-zero
channels and axis units (GeV, GeV2, radians) are omitted for clarity. A close-up of the 𝑡-channel
(figure 2(b)), computed from the generated 10D momenta, reveals minor deviations only near hard
kinematic cutoffs — a known limitation of continuous flows.

For detector unfolding, the model deterministically maps smeared observations back to particle-
level truth. Table 1 shows unfolding metrics remain comparable across smearing scales; small
variations are likely attributable to training stochasticity. Figure 4 confirms degraded variables at
𝜎smear = 1.0 are restored to high-fidelity distributions (extended validations in appendix E). 𝑅NN

is omitted for unfolding because proximity to the training manifold is the desired objective there,
not a memorization failure mode.

Table 1. MC-POM generation and detector unfolding performance across various smearing scales 𝜎smear.
A ratio 𝑅NN ≈ 1 confirms generalization without data memorization.

Task 𝜎smear 𝜒2 ↓ 𝑊1 ↓ 𝜒2
2D ↓ 𝐷corr ↓ 𝑅NN

Generation — 33503.2 8.96 × 10−4 33962.4 1.53 1.01

Unfolding
2.0 33364.4 1.51 × 10−4 29245.0 1.44 —
1.0 33355.6 1.60 × 10−4 40226.7 1.48 —
0.5 33346.0 1.28 × 10−4 38270.9 2.11 —
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Figure 3. Comparison of generated kinematic distributions produced by the CFM model against the ground
truth on the JLab MC-POM dataset.

5 Discussion and conclusion

For practitioners applying generative models across NP and HEP, our results show that standard CFM
velocity loss convergence can mislead and does not ensure physical-observable fidelity. Because
physical distributions need longer training to stabilize, decoupled evaluation using domain-specific
observables is essential. ScatterPrism — validated on synthetic and JLab datasets — demonstrates
that CFM provides a robust, deterministic framework for capturing phase spaces and unfolding
detector kinematics.

By learning flexible mappings between detector observables and particle truths, ScatterPrism
provides an AI-driven, unbinned alternative to expensive Monte Carlo simulations. Initiated by the
convergence pathologies exposed in the JLab NP dataset, our methodology reliably captures low
cross-section topologies (e.g., near-threshold 𝐽/𝜓 photoproduction, exotic mesons) vital for the EIC.
Furthermore, our synthetic benchmarks demonstrate that this diagnostic framework is inherently
dataset-agnostic. Consequently, identical machinery is positioned to extend to complex HEP final states,
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Figure 4. Unfolding (𝜎smear = 1.0) mapping detector-level distributions back to particle-level truth, compared
against the ground truth and smeared detector-level inputs.

such as jets and high-multiplicity multi-particle decays. This unified approach enables rapid systematic
iterations without repeated simulation campaigns (see computational throughput in appendix F).

ScatterPrism prioritizes modularity and reproducibility via PyTorch Lightning [21], Hydra [22],
and Weights & Biases [23]. We utilized standard CFM, achieving high-fidelity structural reconstruction
across joints and marginals without the high cost of calculating optimal couplings via Optimal Transport
Conditional Flow Matching (OT-CFM) on large datasets.

Beyond nuclear physics, this methodology naturally extends to domains such as molecular
dynamics, medical imaging, and astrophysics [24, 25], which frequently require mapping noisy
observations back to foundational truth — mirroring detector unfolding. Our multi-metric validation
provides a blueprint for ensuring generative models satisfy physical constraints rather than merely
minimizing probability divergences.
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Having established the necessity of physics-informed convergence diagnostics in CFM, future
deployments will natively integrate GEANT-based detector simulations. The lightweight architecture
supports uncertainty quantification, architectural ablations, and benchmarking. Future pipelines will
add tests for out-of-distribution generalization and explicit physics-informed loss functions [26–28]
to eliminate invalid generations and improve unfolding precision.
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A Network architecture and training details

Building upon the methodology in section 3.2, both network variants share a residual MLP architecture.
Table 2 lists the primary hyperparameters. The unconditional network evaluates the concatenated state
[𝑥𝑡 ∥ 𝑒𝑡 ] ∈ ℝ𝐷+𝑑𝑡 , where 𝑒𝑡 is the Fourier time embedding. For the conditional variant, the detector
measurement 𝑐 ∈ ℝ𝐷 is embedded into 𝑒𝑐 ∈ ℝ128, expanding the input to [𝑥𝑡 ∥ 𝑒𝑡 ∥ 𝑒𝑐] ∈ ℝ𝐷+𝑑𝑡+128.

Table 2. Network architecture and training hyperparameters.

Architecture Value Training Value

Input dimension 𝐷 10 Optimizer AdamW
Hidden dimensions [512]6 (6 layers) Learning rate 10−4 (decay 0.5, patience 50)
Time embedding dim. 64 Weight decay 10−5

Activation function SiLU Batch size 20K
Total parameters ∼2.7M Total epochs 1000

Time conditioning. The scalar time 𝑡 ∈ [0, 1] is embedded using 32 geometrically-spaced frequencies
up to a maximum frequency 𝜔max = 64. A learned linear projection maps this Fourier feature into a
ℝ64 vector, providing the network with high-frequency temporal components necessary for resolving
sharp changes in the velocity field.
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Residual blocks. The six hidden widths in table 2 expand into an input linear projection, followed by
five residual blocks, followed by an output linear projection. Each residual block applies a two-layer
SiLU-activated sequence, SiLU

(
Linear(SiLU(Linear(ℎ)))

)
+ ℎ, promoting stable gradient flow and

facilitating the learning of identity mappings where the vector field is approximately constant.

Optimization details. We optimize parameters with AdamW. A ReduceLROnPlateau scheduler
tracks the epoch-level validation CFM loss (val/loss_epoch), decaying the initial 10−4 learning
rate by a factor of 0.5 upon detecting plateaus over a 50-epoch patience threshold (capped minimally
at 10−7). For efficiency, validation metrics are computed each epoch on the full held-out validation
split using a fixed-step fourth-order Runge-Kutta (RK4) integrator to accelerate the training loop; the
adaptive Dormand-Prince (DOPRI5) solver described below is used for all final-prediction reporting.
The NFE traces in figure 2(a) are recomputed post hoc with DOPRI5 on a fixed 50K-event subset
per checkpoint. The globally optimal checkpoint persisting into final tabular summaries monitors
the pure generative physical reconstruction (val/chi2_mean) over the raw CFM velocity loss, as
discussed in detail throughout section 4.2.

Generation and inference details. For the Dormand-Prince (DOPRI5) ODE solver introduced in
section 3.2, absolute and relative tolerances are uniformly set to 10−7 for unconditional generation and
relaxed to 10−3 for unfolding tasks. On a single NVIDIA RTX A6000 GPU, one training iteration
on a 20K-event batch completes in ∼24 ms (∼820K samples/s). Inference throughput reaches ∼3.0K
samples/s for strict unconditional generation and ∼83K samples/s for conditional unfolding, with
a detailed breakdown provided in section F.

Implementation and environment details. The ScatterPrism framework is implemented in Python
(≥3.13) utilizing PyTorch (≥2.10.0) and PyTorch Lightning (2.6.4) [21] for hardware-agnostic training.
Core underlying dependencies include torchdyn (1.0.6) for numerical ODE integration. The V100
node used PyTorch 2.10.0 with CUDA 12.8, while the A6000 and dedicated CPU nodes used PyTorch
2.12.0 with CUDA 13.0.

All model training and computational evaluations were primarily executed on the UVA Rivanna
High-Performance Computing Cluster. GPU acceleration was performed using a single NVIDIA Tesla
V100-SXM2 tensor core GPU (32 GB VRAM; utilizing 4 cores of an Intel Xeon Gold 6230 @ 2.10 GHz,
SMT off) and an NVIDIA RTX A6000 GPU (48 GB VRAM; utilizing 4 cores of an AMD EPYC
7352, SMT off). CPU-only benchmarking was performed on a dedicated dual-socket AMD EPYC
9454 node (2×48 physical cores with SMT disabled, 96 cores total). Exact SLURM submission scripts
and environment configurations used for these benchmarks are provided in the accompanying artifacts.

B Evaluation metrics

To rigorously assess the fidelity of the generated kinematic distributions against the ground truth, we
utilize a structured set of evaluation metrics spanning marginal distributions, multivariate structures,
and network memorization characteristics:
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Marginals. The quality of individual feature distributions is measured primarily using the 𝜒2 statistic
and the Wasserstein-1 distance (𝑊1):

• Mean 𝝌2 (val/chi2_mean): Evaluated over 1D binned histograms of individual features. To
prevent artifacts from outlier limits, exactly 50 uniform bins are dynamically bound between the
minimum and maximum values of the true expected distribution. The generated histograms are
normalized to match the total event count of the truth distribution before evaluation. Formally,
for a single feature, the statistic is:

𝜒2 =

50∑︁
𝑖=1

(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖

(B.1)

where 𝑂𝑖 is the normalized generated count and 𝐸𝑖 is the expected true count in the 𝑖-th bin.

• Mean Wasserstein distance (val/wasserstein_mean): Measures the minimum mass-
transport distance required to transform the generated 1D marginal distributions to the true
distributions. To explicitly circumvent the manual binning limits of 𝜒2, this metric evaluates the
raw, unbinned 1D distributions via their cumulative distribution functions (CDFs) 𝐹 (𝑥) and
𝐺 (𝑥):

𝑊1 =

∫ ∞

−∞
|𝐹 (𝑥) − 𝐺 (𝑥) | 𝑑𝑥 (B.2)

Pairwise joints. To evaluate bivariate dependencies between kinematic variables, we examine
two-dimensional distributions:

• Mean 2D 𝝌2 (val/chi2_2d_mean): Extends the 𝜒2 formulation to two-dimensional cross-
sections across all 45 unique pairwise feature combinations, returning the arithmetic mean. Each
axis is divided into 20 uniform bins (yielding exactly 400 rectangular bins per pair), determined
entirely by the ground-truth coordinate extremes. This rigorously tests whether the generator
captures underlying multivariate dependencies beyond independent marginals.

Global correlation structure. To verify that generated events accurately reproduce multi-dimensional
kinematic constraints, we assess holistic structural fidelity using:

• Correlation matrix distance 𝑫corr (val/correlation_distance): A holistic measure of
how effectively the network reconstructs global linear relationships. It is evaluated as the
Frobenius norm of the difference between the sample Pearson correlation matrices:

𝐷corr = ∥corr(truth) − corr(gen)∥𝐹 (B.3)

Memorization. We test for generative generalization using comparative 𝐿2 nearest-neighbor mappings:

• Nearest-neighbor distance ratio 𝑹NN (nn/memorization_ratio): Serves as our principal
guard against model over-fitting. It calculates the ratio of the mean nearest-neighbor distance
from generated samples to the training set (𝑑gen→train) versus the mean nearest-neighbor distance
natively found within the training set itself (𝑑train→train):

𝑅NN =
𝑑gen→train

𝑑train→train
(B.4)
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A ratio 𝑅NN ≈ 1 indicates high-fidelity generalization, whereas 𝑅NN ≪ 1 flags strict dataset
memorization. Notably, for certain synthetic mock datasets, the native distance 𝑑train→train can
be exceptionally small, causing 𝑅NN to appear abnormally large; this is an expected geometric
artifact rather than an indication of model collapse.

Additional auxiliary scalars monitored behind the 𝑅NN evaluation include:

• nn/D_gen_to_train_mean: The arithmetic mean 𝐿2 Euclidean distance from generated
events to their single closest element in the true training manifold.

• nn/D_train_to_train_mean: The native baseline mean 𝐿2 distance computed by matching
points from a random sub-sample of the training set to the remainder of the training elements.

• nn/D_gen_to_train_min and nn/D_train_to_train_min: The corresponding absolute
minimum scalar values computed for the distributions above.

C Synthetic benchmark analysis

To isolate and understand the fundamental generative capabilities of the architecture independent of
physical kinematics, we conducted extensive evaluations on a suite of synthetic 1D mock datasets.
These benchmarks are specifically designed to stress-test the model against complex topological
structures commonly encountered in physics, such as multi-modal overlapping resonances, sharp
kinematic cut-offs, and high-frequency perturbative noise.

Each synthetic dataset uses the same 8M-event corpus and 8:1:1 train/val/test split as MC-POM
(section 3.1). 𝜒2 and 𝑊1 are computed on the 0.8M-event test split, and 𝑅NN compares 80K
generated events against the 6.4M-event training split. Table 3 summarizes the resulting fidelity
and memorization metrics across these diverse 1D topologies. Across the majority of datasets, the
model achieves exceptionally low Wasserstein (𝑊1) distances and minimal 𝜒2 deviations, indicating
robust macro-level distribution reconstruction. Crucially, the nearest-neighbor diagnostics confirm
that the framework generalizes without duplicating training events: 𝑅NN stays within a narrow band
of 0.54 (Narrow-Wide-Overlap) to 15.39 (Exponential-Decay) across all realistic topologies,
with 𝐷𝑔→𝑡 remaining the same order of magnitude as the baseline 𝐷𝑡→𝑡 . Values mildly above unity
indicate generated samples sit slightly farther from any training point than the typical training neighbor
— consistent with smooth generalization rather than memorization (where 𝑅NN ≪ 1). The single
large positive outlier, 𝑅NN ≈ 3650 for Uniform-Flat, is a denominator-driven artifact: a perfectly
flat training density packs neighboring events so closely that 𝐷𝑡→𝑡 approaches zero, inflating the
ratio independent of any model failure.

Visual evidence corroborating these quantitative metrics is presented in figures 5–10. Upon
inspecting the generated distribution histograms, we observed highly accurate shape reconstructions
across all topological presets. For successful complex cases, such as the Triple-Mixed scenario
(figure 7), the network seamlessly learns to balance multiple overlapping Gaussian distributions with
varying heights, widths, and proximity, accurately capturing their specific relative population fractions.
The Tall-Flat-Far benchmark (figure 8) confirms the model’s ability to resolve widely separated
peaks with disparate amplitudes. In the highly challenging Noise-10Spikes topology (figure 9), the
model precisely resolves sharp, fine-grained structural perturbations rather than artificially blurring
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Table 3. Quantitative evaluation on synthetic 1D benchmarks. The table reports marginal fidelity (𝜒2, 𝑊1) and
memorization characteristics (𝐷𝑔→𝑡 , 𝐷𝑡→𝑡 , 𝑅NN) across diverse topological structures.

Dataset Epoch 𝜒2 ↓ 𝑊1 ↓ 𝐷𝑔→𝑡 𝐷𝑡→𝑡 𝑅NN

Bimodal-Asym 999 117.8 1.66 × 10−3 6.65 × 10−7 2.01 × 10−7 3.31
Exponential-Decay 339 88.7 3.23 × 10−3 1.58 × 10−5 1.03 × 10−6 15.39
Gauss-Cutoff 639 73.8 7.38 × 10−4 8.73 × 10−6 1.20 × 10−6 7.28
Narrow-Wide-Overlap 449 89.6 6.35 × 10−3 5.30 × 10−7 9.74 × 10−7 0.54
Noise-3Spikes 789 97.7 2.20 × 10−3 5.74 × 10−7 3.56 × 10−7 1.61
Noise-10Spikes 439 91.0 3.89 × 10−3 8.05 × 10−7 5.64 × 10−7 1.43
Tall-Flat-Far 539 95.0 5.27 × 10−3 2.76 × 10−7 2.37 × 10−7 1.17
Triple-Flat-Spread 519 160.6 1.15 × 10−2 2.74 × 10−7 1.34 × 10−7 2.04
Triple-Mixed 389 118.5 8.36 × 10−3 1.59 × 10−6 1.91 × 10−7 8.35
Uniform-Flat 399 101.2 3.05 × 10−3 1.23 × 10−5 3.36 × 10−9 3650.36∗

∗Denominator-driven artifact: the perfectly uniform training density packs neighboring events so densely that 𝐷𝑡→𝑡 → 0,
inflating 𝑅NN. The model generalizes correctly — this does not indicate memorization.

them into a single smoothed envelope. Furthermore, figure 11 demonstrates the deterministic mapping
of the learned velocity field in action, illustrating how the CFM vector paths intuitively transport
the diffuse base Gaussian noise directly into a condensed, localized delta-function target without
severe unphysical scatter.

However, perfectly resolving these dense spatial features fundamentally requires decoupled
validation schemas. Common physical modeling failure modes before full convergence are depicted in
figure 12, revealing the inherent edge-case sensitivities of flow-based generation. When undertrained,
the generated manifolds frequently exhibit smeared mass boundaries along strict kinematic limits, or
they produce spurious, bridged population points between completely separate disjoint peaks. Figure 13
actively tracks the resolution of these artifacts by charting the progressive structural refinement over
the different training stages. These sequential density profiles underscore that while the general
macroscopic envelope of the distribution is identified rapidly, extended parameter optimization is
strictly required for the velocity field to harden and reliably resolve targeted physical nuances.

D Extended unconditional generation validation

Beyond analyzing individual 1D marginal distributions, predicting complex multivariate correlations
is crucial for validating physical simulations. Figure 14 presents the comparative Pearson correlation
matrices for both the generated and ground-truth kinematics in the unconditional MC-POM generation
task. The high degree of concordance across the entire parameter space demonstrates the model’s
capacity to naturally reconstruct global linear relationships and couple interdependent physical limits,
confirming high-fidelity multidimensional learning.
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Figure 5. Accurate representation of a sharp exponen-
tial decay distribution, smoothly capturing the steep
initial drop-off.
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Figure 6. High-fidelity reconstruction of an asym-
metric bimodal topology, preserving the distinct inde-
pendent peak heights.
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Figure 7. Morphological reproduction of a three-
peak mixed Gaussian distribution, matching strict
boundaries.
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Figure 8. Reconstruction of widely separated multi-
modal peaks with disparate amplitudes in the tall-flat-
far dataset.
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Figure 9. Detailed capture of high-frequency noise
spikes, successfully resolving dense structural pertur-
bations.
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Figure 10. Generation on the uniform-flat distribution,
illustrating boundary smearing at sharp discontinuous
density edges.
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Figure 11. Velocity field density demonstrating the deterministic mapping of base noise vectors into a sharp,
localized delta function target.
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Figure 12. Common generative failure modes before full convergence. (a) Underfitting artifacts exhibit smeared,
spurious, and blended peaks. (b) Boundary smearing effects show slight macroscopic edge deviations along
strict numerical cutoffs.

E Extended detector unfolding validation

To further assess the robustness of conditional generation across varying degrees of signal degradation,
we profile the unfolding consistency under diverse smearing intensities. Figure 15 demonstrates the
model’s structural recovery when initialized with severe synthetic resolution degradation (𝜎smear = 2.0),
while figure 16 illustrates the near-perfect, high-fidelity phase space restoration achieved from optimally
calibrated, low-uncertainty detector signals (𝜎smear = 0.5). Together, these mappings highlight the
stable deterministic pathways formed by the conditional CFM architecture regardless of the initial
smearing scale.
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Figure 13. Progressive convergence of the generated distribution evaluated on the high-frequency noise dataset.
Initial smearing effects and spurious spikes systematically disappear as the model achieves convergence.
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Figure 14. Pearson correlation matrices for the MC-POM unconditional generation task. Assessing the
dependencies between generated kinematics and the ground-truth manifold reveals excellent reproduction of
complex multivariate physics constraints.

F Computational performance

To evaluate the computational efficiency of both training and inference, we benchmark the unconditional
generation and conditional unfolding tasks on CPU and GPU hardware (full node specifications are
listed in appendix A). Table 4 summarizes the training throughput (over 10 iterations with batch size
20K) and inference throughput (over 5 repeated runs of 50K samples). The V100 GPU delivers an
order-of-magnitude speedup (∼32× on inference, ∼87× on training) over the CPU, and the A6000
further accelerates this, reaching throughputs exceeding 820K samples/s during training. These
significant performance gains enable the high-throughput generation characteristic of specialized
fast simulation workflows.

While training throughput is comparable across both tasks, inference speed differs dramatically:
conditional unfolding achieves substantially higher throughput than unconditional generation. On the
A6000, unfolding operates at 8.33 × 104 events/s compared to 3.04 × 103 events/s for unconditional
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Figure 15. Detector-level unfolding reconstruction initialized from severe simulated momentum smearing
(𝜎smear = 2.0). Despite heavy initial degradation, the generative model successfully localizes and recovers the
macroscopic physical distributions.

generation (an ∼27× speed disparity consistent across GPU hardware). This disparity arises primarily
from the ODE solver tolerances: unconditional generation uses strict tolerances (atol = rtol = 10−7),
whereas unfolding employs relaxed tolerances (atol = rtol = 10−3), requiring far fewer function
evaluations per integration. Notably, the relaxed tolerances introduce no measurable degradation
in unfolding fidelity (table 1), suggesting that the conservative generation tolerances could be
substantially loosened to achieve comparable speedups without compromising distributional accuracy
— a promising avenue for future optimization.
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Figure 16. High-fidelity detector unfolding mapped from detector uncertainties (𝜎smear = 0.5). The generated
recovery profiles display exceptional alignment with the particle-level parameters.

Table 4. Compute speed for unconditional generation and conditional unfolding tasks across different hardware
configurations.

Training Inference
Task Hardware ms / iter ↓ samples / s ↑ s / run ↓ events / s ↑

Generation
CPU (2× AMD EPYC 9454) 2756.7 ± 48.5 7.26 × 103 635.6 ± 1.7 7.87 × 101

GPU (NVIDIA Tesla V100-SXM2) 31.7 ± 0.9 6.32 × 105 19.6 ± 0.2 2.55 × 103

GPU (NVIDIA RTX A6000) 24.3 ± 0.1 8.24 × 105 16.5 ± 0.1 3.04 × 103

Unfolding
CPU (2× AMD EPYC 9454) 2907.9 ± 21.0 6.88 × 103 29.8 ± 0.04 1.68 × 103

GPU (NVIDIA Tesla V100-SXM2) 32.5 ± 0.1 6.15 × 105 0.718 ± 0.001 6.97 × 104

GPU (NVIDIA RTX A6000) 25.9 ± 0.1 7.72 × 105 0.600 ± 0.003 8.33 × 104
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