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Abstract

In the J-PARC RCS, information about the injection beam from the Linac, which is necessary for adjustments, is converted
into an image called a mountain plot. This allows the offset of the injection beam’s momentum and timing to be visualized.
One of the recently popular deep generative models is the Conditional Variational Auto Encoder (CVAE). CVAE can generate
different digits while preserving the original handwriting style by learning from numerous handwritten digits. In this study,
leveraging the characteristics of the CVAE, we were able to generate a new image from the measured mountain plot. This
new image maintained the same conditions such as momentum distribution and time width but altered the number of injection
turn from 30 to 1. Furthermore, this paper explores the application of CVAE in the field of accelerator, based on the acquired
findings. We proposed one method using the parameter sets of various accelerator components as inputs and labeling the beam
state. This method should enable the generation of new parameter sets that reflect changes in the beam state, revealing which
parameters influenced the beam state. We tested this approach in a simple scenario using mountain plots and were able to show

its potential.
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Figure 1: Mountain plot and Waveform.
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Figure 2: Network structure of VAE and CVAE.

WHEBLT, »wryFr7uy oz CVAE I X
ZHERAERZEFEH LT3, CVAE ®Z D HICET
2 HWIBEUX. 2% 3Tk [3-5] 2SHS Lz o,

3. ¥ovFy7Ov NEBRADEA

2 rFy ey FDOERIC CVAE 2 L ik
ERETIICHIY, FEHERTFLEI YT 7 uy
MIFEOHGEE RO EEZ L, FEERTET Y
T 7uy OHR%E Fig. 3 ICHEXRTRT, FEHEHK
FOEWIT T 7Oy FOEBROMOKZI R

FIZHIG L. ZDOETFIIASH Y — EUTRE L T
5 EEZDE, 307 —v AR OmER» o AF Y —
PADEHFEZFDEET,. 1 ¥—v Ao~y T~
7ay b OEEPERTEZIRZTTH B, iR
CVAE OF:ZFH L 72 E 2 TH 5,

handwritten digits mountain plot

HMENRenAan . . .
<lz]ojelqfol |5
a2 z]elb]s |IIIIIII
djopl4qlol 3]

Figure 3: Mnist and mountain plot.
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Figure 4: Measurement and training images and their wave-
forms. The red line shows simulation results.
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Figure 5: Examples of training images.
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Figure 6: Network structure of CVAE.
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Figure 7: Generated and ground truth images for each label.
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Figure 8: Waveforms from generated and ground truth images.
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Figure 9: Measured and generated images and their wave-
forms.
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Figure 10: Network structure of CVAE. Information on labels
is extracted from latent variables.
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Figure 11: Network structure of CVAE. In the new approach,
the parameter set of each equipment setting is used as input
and the beam states is used as a label.
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Figure 12: Network structure of CVAE. The figure also in-

cludes an image of a mountain plot showing the maximum
amplitude.
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Figure 13: Variation of parameters per label generated using
CVAE. The figure also includes images of mountain plots pro-
duced with the parameters of labels 3 and 0.
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