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Abstract
We present a beam dynamics study aimed at character-

izing and optimizing the transverse emittance of electron
bunches in a photoinjector, motivated by the performance re-
quirements of Free-Electron Lasers. The study is conducted
using the accelerator configuration of the Photo Injector
Test Facility at DESY in Zeuthen (PITZ), with the over-
arching goal of developing emittance optimization strate-
gies for the European XFEL photoinjector. To this end,
we perform large-scale beam dynamics simulations using
the simulation code ASTRA, systematically sampling from
a low-dimensional latent representation of temporal laser
pulse profiles. This latent space is learned from a broad set
of physically plausible pulses using a Wasserstein Autoen-
coder (WAE), enabling compact and structured exploration
of pulse shape variations. The ability to efficiently sample
from this representation supports targeted emittance studies
that would be computationally prohibitive in the original
high-dimensional shaping parameter space. For each simu-
lation, beam quality metrics such as normalized projected
emittance and slice mismatches are recorded. The study
reveals meaningful correlations between latent coordinates
and beam quality, demonstrating the utility of WAE-based
representations in guiding laser pulse design. We briefly
outline future directions involving neural surrogate models
to accelerate beam emittance optimization.

INTRODUCTION
The performance of photoinjectors for Free-Electron

Lasers (FELs) critically depends on the generation of elec-
tron beams with low transverse emittance. With the com-
missioning of the photocathode laser system NEPAL [1] at
the European XFEL and PITZ, advanced temporal pulse
shaping capabilities have become available, enabling the
generation of laser pulses with diverse temporal profiles via
precise control [2, 3] and opening up targeted emittance
optimization studies at EuXFEL [4].

However, the underlying shaping process is governed by
a high-dimensional parameter space with several thousand
tunable degrees of freedom, making systematic exploration
through beam dynamics simulations computationally pro-
hibitive. At the same time, the relationship between temporal
pulse shape and resulting transverse emittance remains diffi-
cult to characterize due to nonlinear space charge effects.

To this end, machine learning methods have recently been
successfully applied to the modeling, control, and optimiza-
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tion of particle accelerators, enabling data-driven represen-
tations and predictions of complex beam dynamics such as
space charge effects [5, 6].

In this work, we employ latent representations of temporal
pulse shapes learned with Wasserstein Auto-Encoders [7],
providing a compact, low-dimensional parametrization of
physically admissible profiles. Based on samples from this
latent space, we perform beam dynamics simulations of the
PITZ injector and analyze the impact of longitudinal pulse
shaping on transverse emittance.

LATENT PULSE REPRESENTATIONS
WAEs are a class of generative models with a training

objective derived from optimal transport theory, enabling
well-regularized latent representations and accurate recon-
struction of input data. In prior work [8], we trained a con-
volutional WAE on simulated laser pulse data [9], represent-
ing physically admissible temporal profiles generated by the
NEPAL pulse-shaping system. The trained model maps each
pulse shape given in time domain to a low-dimensional la-
tent representation 𝜉 ∈ R32, providing a compact alternative
to the approximately 6 000 tunable parameters of the spatial
light modulator (SLM) used for pulse shaping. This dimen-
sionality reduction enables an efficient parametrization of
the pulse space while retaining relevant pulse structure.
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Figure 1: PCA projection of the WAE latent space with
Gaussian mixture clustering. Circles denote component
means; right panels show decoded mean pulse shapes.

The learned latent space is smooth and structured, clus-
tering pulse shape families (Fig. 1) and enabling physically
plausible interpolations. In contrast, the original shaping
parameter space is governed by a complex nonlinear optical
process not directly accessible in beam dynamics studies.
An approach to experimentally shape decoded pulse profiles
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Figure 2: Evolution of the projected normalized transverse emittance 𝜖𝑛 along the PITZ beamline for varying longitudinal
pulse shapes sampled from the latent space. (a) Emittance evolution over the full lattice. The mean trajectory (blue) is
shown together with the corresponding ±1𝜎 and ±2𝜎 intervals (shaded), as well as the best (green) and worst (orange) cases
in terms of final emittance. (b) Zoom into the near-cathode region (𝑧 < 0.5 m). (c) Corresponding normalized temporal
profiles of the best and worst emittance evolutions.

is demonstrated in [10], with the successful embedding of
measured pulses into the latent space verified in [8].

BEAM DYNAMICS SIMULATIONS
The accelerator lattice models the PITZ facility up to

5.28 m, covering the electron gun and CDS booster. This
corresponds to the location of transverse emittance mea-
surements in the PITZ setup [11], motivating the chosen
simulation horizon. In total, 8500 beam dynamics simula-
tions were performed using ASTRA [12], each with 2 × 104

macroparticles, providing a compromise between computa-
tional cost and resolution of projected beam properties.

Table 1: List of Beam Dynamics Simulation Parameters

Simulation Parameter Value Unit
Temporal pulse length (rms) 10 ps
Transverse laser spot size (rms) 0.2 mm
Main solenoid max. strength 0.21 T
Gun phase offset 1 0.67 deg
Gun frequency 1.3 GHz
Gun gradient 57.5 MV/m
Bunch charge 250 pC

Across all simulations, only the longitudinal laser pulse
shape was varied using the WAE-based latent representation.
Pulse shapes were intensity normalized and standardized to
equal temporal rms lengths prior to simulation. Samples
were generated by interpolating encoded dataset pulses in
latent space, yielding physically plausible temporal profiles
that were decoded and used for particle emission via inverse
transform sampling.

To isolate the effect of pulse shape variation on transverse
emittance, all remaining accelerator parameters, temporal
1 The quoted gun phase offset denotes the offset relative to the maximum

mean momentum gain (MMMG) phase used by ASTRA auto-phasing.

pulse length and transverse laser spot size were kept fixed at
the values listed in Table 1. The transverse laser profile was
assumed to be radially symmetric and Gaussian.

RESULTS
The impact of longitudinal pulse shaping on transverse

beam quality is evaluated by propagating the generated par-
ticle distributions through the PITZ lattice. Figure 2 shows
the evolution of the normalized transverse emittance along
the beamline for the considered pulse shapes, together with
mean and standard deviation bands. While all configurations
exhibit characteristic emittance growth in the near-cathode
region followed by partial compensation, the final emittance
at 𝑧 = 5.28 m shows a substantial spread across the dataset.
The mean final emittance is 0.621 mm mrad with a standard
deviation of 0.17 mm mrad, and minimum and maximum
values of 0.305 mm mrad and 1.833 mm mrad, respectively.
Representative pulse shapes corresponding to the minimum
and maximum final emittance are included in Fig. 2. The
optimal pulse exhibits a relatively symmetric, flattop-like
intensity profile, whereas the worst-performing case shows
pronounced asymmetry and localized charge concentration.
For reference, an ideal flattop pulse of equal rms length
yields a final emittance of approximately 0.27 mm mrad.

Pearson correlations between latent variables and trans-
verse emittance are used to quantify the relevance of indi-
vidual dimensions. The resulting distributions (Fig. 3) show
that only a subset of dimensions exhibits significant correla-
tion, particularly downstream, indicating that beam quality
is governed by a limited number of degrees of freedom in the
latent space (e.g., 𝜉17, 𝜉22 and 𝜉28). Upon inspection, these
directions can be qualitatively linked to pulse morphology:
𝜉17 can be associated with flattop-to-peaked transitions, 𝜉28
with multi-peak structure, and 𝜉22 with fine-scale modula-
tions, though these associations may reflect entanglement
in the learned representation. A partial least squares (PLS)
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Figure 3: Pearson correlations 𝜌 between latent coordinates of the WAE-encoded pulse shapes and the projected normalized
transverse emittance 𝜖𝑛. For each latent dimension, the violin plots show the distribution of correlations with 𝜖𝑛 (𝑧) evaluated
along the beamline. Red markers indicate the correlation with the 𝜖𝑛 (𝑧 = 5.28). Dimensions with weak final correlation
(|𝜌 | < 0.2) are shown with reduced opacity.
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Figure 4: Projection of the latent pulse embeddings onto the
first two PLS components, colored by the final transverse
emittance at 𝑧 = 5.28 m.

projection is then applied to capture the combined effect of
these variables. The variation in final transverse emittance
is largely described by a low-dimensional subspace spanned
by five components, explaining approximately 86% of the
variance (𝑅2 ≈ 0.86). The corresponding projection (Fig. 4)
shows a monotonic variation of emittance along the leading
component, indicating a dominant direction in latent space.

While projected emittance is used as the primary beam-
quality metric, slice mismatch at 𝑧 = 5.28 m is additionally
evaluated to characterize the internal phase-space consis-
tency of the bunch. The beam is discretized into 𝑁 = 20
slices indexed by 𝑗 ∈ {1, . . . , 20}, with corresponding slice
currents 𝐼 𝑗 . The mismatch is defined as

𝜁 𝑗 =
1
2
(
𝛽0𝛾 𝑗 − 𝛼0𝛼 𝑗 + 𝛾0𝛽 𝑗

)
≥ 1, 𝜁 =

∑𝑁
𝑗=1 𝐼 𝑗 𝜁 𝑗∑𝑁
𝑗=1 𝐼 𝑗

,

where (𝛼 𝑗 , 𝛽 𝑗 , 𝛾 𝑗 ) and (𝛼0, 𝛽0, 𝛾0) denote slice and pro-
jected Twiss parameters, respectively.

A strong correlation between 𝜁 and the final projected
emittance is observed (Fig. 5, 𝜌(𝜁, 𝜀𝑛) ≈ 0.96), indicating
that increased slice phase-space misalignment in populated
regions of the bunch is consistently associated with higher
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Figure 5: Current-weighted mean slice mismatch versus
final projected transverse emittance.

emittance. At the same time, visible deviations from this
trend suggest that mismatch alone does not fully determine
beam quality in extreme cases. Overall, the results indicate
that slice phase-space misalignment constitutes the domi-
nant mechanism governing emittance variation across pulse
shapes within our considered simulation setup.

CONCLUSION
Within this study, we demonstrate that a learned low-

dimensional parameterization of longitudinal pulse shapes
reveals that transverse emittance in the PITZ injector is ef-
fectively governed by a small number of shape degrees of
freedom. The identified low-dimensional emittance-relevant
subspace provides a promising basis for training efficient sur-
rogate models and enables Bayesian optimization strategies
[13] for targeted exploration and optimization of beam emit-
tance in a reduced physically meaningful parameter space.
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