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LEARNING BEAM DYNAMICS IN THE LATENT SPACE
OF BEAM DISTRIBUTIONS

N. Wang**, I. Cao, G. Hoffstaetter, Cornell University, Ithaca, NY, USA

Abstract

We propose a framework for surrogate beam dynamics
that generalizes across lattice configurations. A VAE en-
codes the full 6D phase-space distribution into a compact
latent vector; a causal transformer then propagates this state
autoregressively through a sequence of tokenized lattice
elements, enabling prediction through arbitrary element se-
quences without retraining. Demonstrated on FODO-style
lattices, the model achieves accurate beam distribution pre-
diction over 32-element sequences with end-to-end inference
in approximately 67 ms per trajectory on a single GPU.

INTRODUCTION

Predicting the evolution of a beam’s six-dimensional (6D)
phase-space distribution through an accelerator lattice is the
central computational task of beam dynamics. Simulation
codes are accurate but computationally demanding, limiting
their use for real-time control and iterative optimization [1].

Generative machine learning models have demonstrated
accurate reconstruction of 6D beam phase-space distri-
butions from non-invasive measurements [2—4]. Fixed-
machine neural surrogate models have achieved large
speedups over tracking codes for specific lattice configu-
rations [5-7]. However, these approaches operate over a
fixed set of machine parameters and cannot transfer to new
lattice configurations.

Learning dynamics in the latent space of an autoencoder
has been explored in other physical sciences; in fluid dynam-
ics, for instance, Wiewel et al. [8] couple a convolutional
autoencoder with an LSTM, and Solera-Rico et al. [9] pair a
B-VAE with a transformer, both forecasting the temporal evo-
lution of flow fields. Within accelerator physics, the closest
precedents are the CLARM model [10] and its transformer-
based successor, the Latent Evolution Model (LEM) [11],
which pair a conditional VAE with an LSTM and trans-
former, respectively, to propagate 6D phase-space projec-
tions module-by-module along a fixed linac. The present
work departs from this fixed-machine paradigm: explicit
element tokenization treats each lattice element as a dis-
crete input to the dynamics model, allowing the transformer
to predict trajectories through arbitrary element sequences
without retraining.

We propose a framework that learns beam dynamics as
a sequence-to-sequence problem (Fig. 1). The beam’s 6D
distribution is encoded into a compact latent vector, and a
causal transformer propagates this vector autoregressively
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through a sequence of tokenized lattice elements. Element
parameters are embedded through a mapping that accom-
modates arbitrary element types, sequences, and parameter
values. The framework makes no assumptions about the un-
derlying physics — it learns whatever dynamics are present
in the training data, whether from linear optics, nonlinear
elements, or (in future work) collective effects.

METHOD

Beam Distribution Encoding

The full 6D phase space of a beam is spanned by the coor-
dinates (x,x’,y,y’,z, 8). We represent a beam snapshot by
the (%) = 15 unique 2D projections of the 6D distribution,
each histogrammed into a 64 x 64 frequency map and normal-
ized by the total particle count. The resulting input tensor
has shape 15 x 64 x 64, carrying all pairwise correlations in
the distribution.

A VAE [12,13] encodes this tensor into a 256-dimensional
latent vector. The encoder consists of strided convolutional
blocks that double the channel width and halve the spatial res-
olution at each stage. The resulting feature map is flattened
and concatenated with a 12-dimensional auxiliary vector of
physical beam sizes ¢ and centroids (x) in all six coordi-
nates, then passed through a fully connected layer to two
parallel heads producing the approximate posterior mean
it € R23% and log-variance log 6> € R23%. Latent samples
aredrawnasz = u+og, & ~ N (0,1). The decoder mirrors
the encoder with bilinear upsampling and a sigmoid output;
auxiliary linear heads branching from z directly predict beam
sizes and centroids. The training objective is

% = Ellx - 2] + B Dxp[q(zl0)llp(2)]
+ 716 = al?> + 8 I1(x) — (x)II2,

ey
with B = 1 x 1072, y = 8 = 1 x 107*. The auxiliary
terms anchor the latent space to physically meaningful beam
parameters.

Element Tokenization

Each lattice element is described by a 7-dimensional pa-
rameter vector: length L, quadrupole gradient K, sextupole
gradient K, dipole bend angle ¢, RF cavity voltage V¢, RF
frequency f,;, and RF phase ¢,;. Non-RF elements have
Vit = fit = 0. Per-parameter normalization is applied before
embedding: V,; and f;; are compressed with a log(1 + x)
transform, which reduces their large dynamic range and pre-
serves the zero value for non-RF elements; lengths, magnet
strengths, angles, and phases are divided by representative
scales (1.0m, 10.0m=2, 10.0m™3, 2, 2, respectively).
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Figure 1: End-to-end pipeline. A beam snapshot is encoded into a latent vector by the VAE. A causal transformer propagates
the latent state through a sequence of element tokens, producing a predicted latent trajectory. The VAE decoder reconstructs

the beam distribution at any element exit.

The normalized vector is projected to the model dimension
dpodel by a 3-layer MLP with GELU activations.

Positional information is encoded through the cumulative
beamline position s; = ZJ. <; Lj (the s-coordinate at the en-
trance of element 7). A Fourier positional encoding uses 32
frequency pairs geometrically spaced in wavelength from
1 cm to 1 km, resolving structure from individual elements
to full machine length. The encoding is projected to dp,o4e1
via a learned linear layer and added to the MLP output to
yield the element token ;.

This tokenization accommodates arbitrary element param-
eters. New element types can be incorporated by extending
the 7-dimensional parameter vector and retraining.

Latent Dynamics Model

Given the initial latent state z, € R23% and N element
tokens Ay, ..., hy, the dynamics model predicts the latent
beam state z, at the exit of each elementz = 1, ..., N (Fig. 2).

We use a TrackingTransformer with dpo4q = 512,
Nayers = 0, and Nyeoqs = 8. At position 7, the input to-
ken is formed by projecting z;,_; t0 d;yo4e1, CONCatenating
with the element token /,, and passing through a learned fu-
sion projection. These tokens are processed by a GPT-style
pre-LayerNorm causal transformer. A causal attention mask
ensures that position ¢ attends only to positions 0, ..., 7. An
output linear head produces a residual update Az, € R,
and the latent state is updated as z; = z;_; + Az;.

The model supports two forward modes: teacher-forcing
(TF, ground-truth z,_; provided at each step, used during
training), and fully autoregressive inference (AR, z, only,
all subsequent states predicted sequentially). The training
loss is MSE on the full latent trajectory zy.p.

Training data consists of 10000 samples generated by
tracking particles through randomly parameterized FODO-
style sectioned lattices using Bmad [14, 15], with each
sample comprising N = 32 elements (drifts, quadrupoles,
dipoles, sextupoles, and RF cavities). Physical constraints
are imposed to ensure the stability of beam propagation and
prevent unbounded beam size growth.

RESULTS

VAE Encoding Quality

The VAE was trained with latent dimension 256 and
B =1x 1075. Beam sizes (0y, Oy, Oys Oy Oz, 0s) are
reconstructed with R? > 0.9995 across all six phase-space
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Figure 2: TrackingTransformer. The previous latent z,_;
is fused with element token /,, and processed by a 6-layer
pre-LN causal transformer. A linear head outputs Az,; the
state is updated as z, = z,_| + Az,.

dimensions; centroid positions achieve R? ~ 1.0000. The
overall reconstruction MSE is 2.99x 10~9, and quality is con-
sistent across projections: the best-performing channel (y—38)
achieves 9.51 x 10719, while the most demanding channel
(x—x") reaches 6.98 x 1072, reflecting the richer correlation
structure of the transverse phase space. The latent representa-
tion is compact: 34, 37, and 41 dimensions suffice to capture
90%, 95%, and 99% of the posterior variance, respectively,
indicating that the beam dynamics of these FODO-style
lattices are well described by a low-dimensional manifold
embedded in R3¢,

Latent Trajectory Prediction

We evaluated the performance of the best checkpoint on
the held-out validation set (Fig. 3). In teacher-forcing mode,
the model tracks the ground-truth latent trajectory with MSE
= 6.46 x 10~4. In fully autoregressive mode, the mean MSE
over all 32 elements is 4.53 x 1073 and the final-element
MSE is 1.53 x 10~2. Fiure 4 shows the per-step MSE across
the lattice. The TF MSE increases with element index be-
cause the training distribution grows more diverse along the
lattice, which is an artifact of our data generation scheme.
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Figure 3: Phase-space reconstruction along a 32-element
sextupole lattice (validation sample). Top: x—x" phase space
at several elements. Ground truth (top row) vs. model pre-
diction (bottom row). Bottom: predicted transverse beam
sizes o, and ¢+ (dashed) compared to ground truth (solid)
across all 32 elements.

In autoregressive mode, the mean MSE is an order of mag-
nitude above the median, pulled up by a small tail of outlier
trajectories. Error compounds with sequence depth on these
outlier trajectories, as seen in the growing gap between TF
MSE and AR mean MSE. For typical in-distribution lattices,
the AR median MSE tracks the TF error closely across all
32 elements.

Inference Performance

Table 1 reports wall-clock performance measured on a
single A100-SXM4-40 GB GPU in float32 precision.

The TrackingTransformer in fully autoregressive (AR)
mode over 32-element sequences runs at 66.3 ms per sample
at batch size 1. Profiling across dy;,,qe; variants confirms
that the bottleneck is the 32 sequential kernel launches of
the autoregressive loop, not the per-step computation. A
hardware- or compiler-level reduction of this loop overhead
(e.g. CUDA graph capture, KV-cache reuse) would directly
translate to lower AR latency without architectural changes.

End-to-end inference — VAE encode, 32-step AR rollout,
and VAE decode — completes in approximately 67 ms per
trajectory on a single GPU. This places the framework in
the real-time-capable regime for online control applications.
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Figure 4: Per-element latent MSE on the validation set.
Teacher-forced (TF, dashed) and autoregressive (AR, solid)
MSE across the 32-element sequence; the shaded region
spans the 10th-90th percentile of AR MSE.

Table 1: Inference Latency per Sample on a Single A100-
SXM4-40 GB (float32, batch size 1)

Component Latency
VAE encode 0.89 ms
VAE decode 0.65 ms
Transformer, TF 2.55ms
Transformer, AR (32 steps)  66.3 ms
End-to-end 67.8 ms
CONCLUSION

We have presented a framework for learning beam dy-
namics in the latent space of beam distributions. A VAE
encodes the full 6D phase-space distribution into a com-
pact 256-dimensional latent vector, and a causal transformer
propagates this state autoregressively through a sequence
of element tokens. Element tokenization makes the model
lattice-agnostic by construction, enabling prediction through
arbitrary element sequences without retraining. Proof-of-
concept results on FODO-style lattices demonstrate near-
perfect VAE reconstruction of beam sizes, centroids, and
shapes. End-to-end inference in approximately 67 ms per
trajectory on a single GPU places the framework in the real-
time-capable regime for online applications.

The primary limitation of the current work is training data
scale and diversity: all results are obtained on randomly pa-
rameterized FODO-style lattices with ~10 000 samples, and
generalization to qualitatively different lattice topologies and
element types remains to be demonstrated. Future work will
focus on scaling training data diversity, incorporating collec-
tive effects such as space charge and coherent synchrotron
radiation, and validating on a specific real machine.
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