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 (Python)
• Python: 
• https://www.python.org/
•
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• NumPy: 
https://numpy.org/

• SciPy: 
https://scipy.org/

• Pandas: 
https://pandas.pydata.org/

• Matplotlib: 
https://matplotlib.org/

• Scikit-learn: 
https://scikit-learn.org/

• SymPy:  (Mathematica )
https://www.sympy.org/

•
 

https://www.python.org/
https://www.python.org/
https://numpy.org/
https://scipy.org/
https://pandas.pydata.org/
https://matplotlib.org/
https://scikit-learn.org/
https://scikit-learn.org/
https://scikit-learn.org/
https://www.sympy.org/


Jupyter notebook
•

• Python, Java, R, Julia, …

• Visual Studio Code 

• Markdown 
• LaTeX 

•  HTML  PDF 
•

• Jupyter
• Anaconda ( ):

https://www.anaconda.com/
• Miniforge ( ):

https://github.com/conda-forge/miniforge
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Google Colaboratory
•  Jupyter

https://colab.research.google.com/

•
• Google 
•  CPU, GPU, 

•

•

•  2024
http://xfel.riken.jp/workshop2024/program.html

• International School on Beam Dynamics and 
Accelerator Technology 2024
https://conference-
indico.kek.jp/event/275/timetable/#20241107.detailed
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 ( )
• 𝑦  𝒙  (Objective functoin) 𝑓

𝑦 = 𝑓 𝒙; 𝜽

•  𝜽

•

𝑝 𝐴 𝐵 =
𝑝 𝐵 𝐴 𝑝 𝐴

𝑝 𝐵

•  𝒚  𝑋 
𝜽

𝑝 𝜽 𝑋, 𝒚 =
𝑝 𝒚 𝜽, 𝑋 𝑝 𝜽

𝑝 𝒚|𝑋

• 𝑝 𝜽   (Prior distribution) 𝜽 

• 𝑓 𝒙; 𝜽 𝑝 𝒚 𝜽, 𝑋  

• 𝑝 𝒚|𝑋  (Marginal likelihood)  𝑋 𝒚
 𝜽

𝑝 𝒚 𝑋 = ඵ𝑝 𝒚 𝜽, 𝑋 𝑝 𝜽 𝑑𝜽

•  (Posterior distribution) 𝑝 𝜽 𝑋, 𝒚

•  ෝ𝒙  ො𝑦 = 𝑓 ෝ𝒙; 𝜽

•
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𝜽

𝑝 𝐴   𝐴 
𝑝 𝐴 𝐵   𝐵  𝐴

𝑋  𝒚  𝑛

𝑋 = 𝒙1, ⋯ , 𝒙𝑛 , 𝒚 = 𝑦1, ⋯ , 𝑦𝑛

( )



𝜆 = 2.0 ( )
• 𝜆

𝑃 𝑘; 𝜆 =
𝜆𝑘𝑒−𝜆

𝑘!

•  𝜆

𝑓 𝜆; 𝛼, 𝛽 =
𝛽𝛼𝜆𝛼−1𝑒−𝛽𝜆

Γ 𝛼

• 𝑘1 

𝑝 𝜆 𝑘1 =
𝑃 𝑘1; 𝜆 𝑓 𝜆; 𝛼, 𝛽

𝑝 𝑘1
=

𝛽𝛼𝜆𝛼−1+𝑘1𝑒− 𝛽+1 𝜆

𝑘1! Γ 𝛼 𝑝 𝑘1

• 𝑝 𝑘1  𝑘1 𝜆 

𝑝 𝑘1 = න
0

∞

𝑃 𝑘1; 𝜆 𝑓 𝜆; 𝛼, 𝛽 𝑑𝜆 =
𝛽𝛼

𝑘1! Γ 𝛼
න

0

∞

𝜆𝛼−1+𝑘1𝑒− 𝛽+1 𝜆𝑑𝜆 =
𝛽𝛼Γ 𝛼 + 𝑘1

𝑘1! 𝛽 + 1 𝛼+𝑘1Γ 𝛼

•  𝑝 𝜆 𝑘1

𝑃 𝜆 𝑘1 =
𝛽 + 1 𝛼+𝑘1𝜆𝛼−1+𝑘1𝑒− 𝛽+1 𝜆

Γ 𝛼 + 𝑘1
= 𝑓 𝜆; 𝛼 + 𝑘1, 𝛽 + 1

•  𝛼, 𝛽

•
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Γ 𝑥 = න
0

∞

𝑡𝑥−1𝑒𝑡𝑑𝑡 , Γ 𝑛 = 𝑛 − 1 !



𝜆 = 2.0
𝑛 = 10

Prior
𝛼 = 1.0
𝛽 = 0.5

 ( )  
• 𝑛 𝒌 = 𝑘1, ⋯ , 𝑘𝑛  𝜆 𝑝 𝜆 𝒌

𝑝 𝜆 𝒌 =
𝑃 𝒌; 𝜆 𝑓 𝜆; 𝛼, 𝛽

𝑝 𝒌
= ෑ

𝑚=1

𝑛
𝜆𝑘𝑚𝑒−𝜆

𝑘𝑚!

𝛽𝛼𝜆𝛼−1𝑒−𝛽𝜆

Γ 𝛼 𝑝 𝒌
=

𝛽𝛼 𝜆𝛼−1+σ𝑚=1
𝑛 𝑘𝑚 𝑒− 𝛽+𝑛 𝜆

Γ 𝛼 𝑝 𝒌 ς𝑚=1
𝑛 𝑘𝑚!

•  𝑝 𝒌

𝑝 𝒌 = න
0

∞

𝑃 𝒌; 𝜆 𝑓 𝜆; 𝛼, 𝛽 𝑑𝜆 =
𝛽𝛼

Γ 𝛼
න

0

∞

ෑ

𝑚=1

𝑛
𝜆𝑘𝑚𝑒−𝜆

𝑘𝑚!
𝜆𝛼−1𝑒−𝛽𝜆𝑑𝜆

=
𝛽𝛼

Γ 𝛼 ς𝑚=1
𝑛 𝑘𝑚!

න
0

∞

𝜆𝛼−1+σ𝑚=1
𝑛 𝑘𝑚𝑒− 𝛽+𝑛 𝜆𝑑𝜆 =

𝛽𝛼Γ 𝛼 + σ𝑚=1
𝑛 𝑘𝑚

𝛽 + 𝑛 𝛼+σ𝑚=1
𝑛 𝑘𝑚Γ 𝛼 ς𝑚=1

𝑛 𝑘𝑚!

•  𝑝 𝜆 𝒌  

𝑝 𝜆 𝒌 =
𝛽 + 𝑛 𝛼+σ𝑚=1

𝑛 𝑘𝑚𝜆𝛼−1+σ𝑚=1
𝑛 𝑘𝑚𝑒− 𝛽+𝑛 𝜆

Γ 𝛼 + σ𝑚=1
𝑛 𝑘𝑚

= 𝑓 𝜆; 𝛼 + ෍

𝑚=1

𝑛

𝑘𝑚 , 𝛽 + 𝑛

•  ( ) 

•  ( ) ( )

𝑝 ෠𝑘 = න
0

∞

𝑃 ෠𝑘; 𝜆 𝑝 𝜆 𝒌 𝑑𝜆 = න
0

∞ 𝜆
෠𝑘𝑒−𝜆

෠𝑘!
𝑓 𝜆; 𝛼 + ෍

𝑚=1

𝑛

𝑘𝑚 , 𝛽 + 𝑛 𝑑𝜆

•

•
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•  (Gaussian process) 

• 𝑓: 𝒳 → ℝ
𝜙 = 𝑓 𝒙 , 𝒙 ∈ 𝒳, 𝒙 = 𝑥1, ⋯ , 𝑥𝑛

•  𝑓
𝑝 𝑓 = 𝒢𝒫 𝑓; 𝜇, 𝐾

• 𝜇: 𝒳 → ℝ : 𝜇 𝒙 = 𝔼 𝜙 𝒙
• 𝐾: 𝒳 × 𝒳 → ℝ : ( ) 𝐾 𝒙, 𝒙′ = cov 𝜙|𝒙, 𝜙′|𝒙′

•  𝑓 𝜙, 𝒙  
𝝓 = 𝜙1, ⋯ , 𝜙𝑁 = 𝑓 X = 𝑓 𝒙1 , ⋯ , 𝑓 𝒙𝑁 , X ⊂ 𝒳, 𝒙 ∈ X

𝑝 𝝓|X = 𝒩 𝝓; 𝝁, Σ , 𝝁 = 𝔼 𝝓 X , Σ = cov 𝝓 𝒙 = 𝐾 X, X

𝒩 𝝓; 𝝁, Σ ≡
exp −

1
2 𝝓 − 𝝁 ⊤Σ−1 𝝓 − 𝝁

2𝜋 𝑁 Σ
• 𝐾 X, X

𝐾𝑖𝑗 = 𝐾 𝒙𝑖 , 𝒙𝑗

•  X (Gram matrix) 

•

• 𝑓  ( ) 
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Roman Garnett, “Bayesian Optimization” (2023). https://bayesoptbook.com/
Ryan Roussel et al., Phys. Rev. Accel. Beams 27, 084801 (2024).
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 (Gaussian process regression)
•

•  𝒟 = 𝒚𝒟, X𝒟

𝑝 𝑓, 𝒟 = 𝒢𝒫
𝑓
𝒟

;
𝜇0

𝒚𝒟
, 𝐾0 𝜿⊤

𝜿 𝐂
• 𝜇0, 𝐾0

𝑝 𝑓 = 𝒢𝒫 𝑓; 𝜇0, 𝐾0

•

𝑝 𝒟 = 𝒢𝒫 𝒟; 𝒚𝒟, 𝐂
• 𝜿  𝒟 𝑓 (cross-covariance function) 

𝜿 = cov 𝒚𝒟|X𝒟, 𝜙 𝒙 = 𝐾 X𝒟, 𝒙 , 𝜙 = 𝑓(𝒙)
• 𝐾 𝒙1, 𝒙2

• 𝐂

𝜙1 = 𝑓 𝒙1 , 𝜙2 = 𝑓 𝒙2 ⇒ 𝑝 𝜙1, 𝜙2 = 𝒩
𝜙1

𝜙2
;

𝜇1

𝜇2
,

𝐾(𝒙1, 𝒙1) 𝐾(𝒙1, 𝒙2)
𝐾(𝒙2, 𝒙1) 𝐾(𝒙2, 𝒙2)

•

𝑝 𝑓 𝒟 = 𝒢𝒫 𝑓; 𝜇𝒟, 𝐾𝒟 =
𝑝 𝒟 𝑓 𝑝 𝑓

𝑝 𝒟
=

𝑝 𝑓, 𝒟

𝑝 𝒟
=

𝒢𝒫
𝑓
𝒟

;
𝜇0

𝒚𝒟
, 𝐾0 𝜿⊤

𝜿 𝐂
𝒢𝒫 𝒟; 𝒚𝒟, 𝐂

•  𝑝 𝑓 𝒟   𝑓 𝒙  𝒙
•

•
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https://scikit-learn.org/1.5/modules/gaussian_process.html

 

https://scikit-learn.org/1.5/modules/gaussian_process.html
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https://scikit-learn.org/1.5/modules/gaussian_process.html


𝒙𝒟

𝑦𝒟

2
𝜎

0

2𝜎𝒟

𝔼 𝜙 𝒟

2
𝜎

0

𝒙𝒟

𝑦𝒟
2𝜎𝐷

 (1)
•

• :  𝜇0 = 0,  𝜎0
2

𝑝 𝜙 =
1

2𝜋𝜎0

exp −
𝜙2

2𝜎0
2

•  𝒟 = 𝑦𝒟, 𝒙𝒟  𝜎𝐷
2 

• 𝒙 = 𝒙𝒟 

𝔼 𝜙 𝒟, 𝒙𝒟 =
𝜎0

2

𝜎0
2 + 𝜎𝒟

2 𝑦𝒟 , var 𝜙 𝒟, 𝒙𝒟 =
𝜎0

2𝜎𝒟
2

𝜎0
2 + 𝜎𝒟

2

•  (radial basis function) 

𝐾 𝒙1, 𝒙2 ∝ exp −
1

2
𝒙1 − 𝒙2

2

•

𝔼 𝜙 𝒟 =
𝜎0

2

𝜎0
2 + 𝜎𝒟

2 𝑦𝒟 exp −
1

2
𝒙 − 𝒙𝒟

2 , var 𝜙 𝒟 = 𝜎0
2 1 −

𝜎0
2

𝜎0
2 + 𝜎𝒟

2 exp − 𝒙 − 𝒙𝒟
2

•

𝑝 𝜙 𝒟 =
1

2𝜋𝜎0
2 1 −

𝜎0
2

𝜎0
2 + 𝜎𝒟

2 exp − 𝒙 − 𝒙𝒟
2

exp −

𝜙 −
𝜎0

2

𝜎0
2 + 𝜎𝒟

2 𝑦𝒟 exp −
1
2

𝒙 − 𝒙𝒟
2

2

2𝜎0
2 1 −

𝜎0
2

𝜎0
2 + 𝜎𝒟

2 exp − 𝒙 − 𝒙𝒟
2
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 (2)
•

𝒟 = 𝒚𝒟, X𝒟 , X𝒟 = 𝒙𝒟,1, ⋯ , 𝒙𝒟,𝑁𝒟
, 𝒚𝒟 = 𝑦𝒟,1, ⋯ , 𝑦𝒟,𝑁𝒟

•

𝑝 𝜙, 𝒟 = 𝒩
𝜙

𝒚𝒟
;

0
0

,
𝜎0

2 𝜿𝒟
⊤

𝜿𝒟 𝚺𝒟
=

1

2𝜋 𝑁𝒟+1 𝜎0
2𝚺𝒟 − 𝜿𝒟𝜿𝒟

⊤

exp −
1

2
𝜙 𝒚𝒟

⊤ 𝜎0
2 𝜿𝒟

⊤

𝜿𝒟 𝚺𝒟

−1
𝜙

𝒚𝒟

𝜿𝒟 = 𝐾 𝒙, 𝒙𝒟,1 , ⋯ , 𝐾 𝒙, 𝒙𝒟,𝑁𝒟

𝚺𝒟 =

𝐾 𝒙𝒟,1, 𝒙𝒟,1 + 𝜎𝒟
2 𝐾 𝒙𝒟,1, 𝒙𝒟,2 ⋯ 𝐾 𝒙𝒟,1, 𝒙𝒟,𝑁𝒟

𝐾 𝒙𝒟,2, 𝒙𝒟,1 𝐾 𝒙𝒟,2, 𝒙𝒟,2 + 𝜎𝒟
2 ⋯ 𝐾 𝒙𝒟,2, 𝒙𝒟,𝑁𝒟

⋮ ⋮ ⋱ ⋮
𝐾 𝒙𝒟,𝑁𝒟

, 𝒙𝒟,1 𝐾 𝒙𝒟,𝑁𝒟
, 𝒙𝒟,2 ⋯ 𝐾 𝒙𝒟,𝑁𝒟

, 𝒙𝒟,𝑁𝒟
+ 𝜎𝒟

2

𝐾 = 𝒙1, 𝒙2 = 𝜎0
2 exp −

1

2
𝒙1 − 𝒙2

2

•

•

•

𝑝 𝜙|𝒟 = 𝒩 𝜙; 𝜿𝒟
⊤𝚺𝒟

−1𝒚𝒟, 𝜎0
2 − 𝜿𝒟

⊤𝚺𝒟
−1𝜿𝒟 =

1

2𝜋 𝜎0
2 − 𝜿𝒟

⊤𝚺𝒟
−1𝜿𝒟

exp −
𝜙 − 𝜿𝒟

⊤𝚺𝒟
−1𝒚𝒟

2

2 𝜎0
2 − 𝜿𝒟

⊤𝚺𝒟
−1𝜿𝒟

•

𝔼 𝜙|𝒟 = 𝜇𝑓 𝒙 = 𝜿𝒟
⊤𝚺𝒟

−1𝒚𝒟, var 𝜙|𝒟 = 𝑉𝑓 𝒙 = 𝜎0
2 − 𝜿𝒟

⊤𝚺𝒟
−1𝜿𝒟

•
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•

•  𝐊 X, X  

𝐊 X, X =

𝐾 𝒙1, 𝒙1 𝐾 𝒙1, 𝒙2 ⋯ 𝐾 𝒙1, 𝒙𝑁

𝐾 𝒙2, 𝒙1 𝐾 𝒙2, 𝒙2 ⋯ 𝐾 𝒙2, 𝒙𝑁

⋮ ⋮ ⋱ ⋮
𝐾 𝒙𝑁, 𝒙1 𝐾 𝒙𝑁, 𝒙1 ⋯ 𝐾 𝒙𝑁, 𝒙𝑁

, 𝐊𝒟 X𝒟, X =

𝐾 𝒙𝒟,1, 𝒙1 𝐾 𝒙𝒟,1, 𝒙2 ⋯ 𝐾 𝒙𝒟,1, 𝒙𝑁

𝐾 𝒙𝒟,2, 𝒙1 𝐾 𝒙𝒟,2, 𝒙2 ⋯ 𝐾 𝒙𝒟,2, 𝒙𝑁

⋮ ⋮ ⋱ ⋮
𝐾 𝒙𝒟,𝑁𝒟

, 𝒙1 𝐾 𝒙𝒟,𝑁𝒟
, 𝒙1 ⋯ 𝐾 𝒙𝒟,𝑁𝒟

, 𝒙𝑁

,

X = 𝒙1, 𝒙2, ⋯ , 𝒙𝑁 , X𝒟 = 𝒙𝒟,1, 𝒙𝒟,2, ⋯ , 𝒙𝒟,𝑁𝒟
, 𝐾 𝑥𝑎, 𝑥𝑏 ∝ exp −

1

2
𝒙𝑎 − 𝒙𝑏

2

•

𝑝 𝝓, 𝒟|X, X𝒟 = 𝒩
𝝓
𝒚𝒟

;
0
0

,
𝐊 𝐊𝒟

⊤

𝐊𝒟 𝚺𝒟
=

exp −
1
2 𝝓⊤ 𝒚𝒟

⊤ 𝐊 𝐊𝒟
⊤

𝐊𝒟 𝚺𝒟

−1
𝝓
𝒚𝒟

2𝜋 𝑁𝒟+𝑁 𝚺𝒟 𝐊 − 𝐊𝒟
⊤𝚺𝒟

−1𝐊𝒟

•

𝑝 𝝓|𝒟, X, X𝒟 =
𝑝 𝝓, 𝒟|X, X𝒟

𝑝 𝒟|X𝒟
=

𝒩
𝝓
𝒚𝒟

;
0
0

,
𝐊 𝐊𝒟

⊤

𝐊𝒟 𝚺𝒟

𝒩 𝒚𝒟; 0, 𝚺𝒟

=
exp −

1
2

𝝓⊤ − 𝒚𝒟
⊤𝚺𝒟

−1𝐊𝒟 𝐊 − 𝐊𝒟
⊤𝚺𝒟

−1𝐊𝒟
−1

𝝓 − 𝐊𝒟
⊤𝚺𝒟

−1𝒚𝒟

2𝜋 𝑁 𝐊 − 𝐊𝒟
⊤𝚺𝒟

−1𝐊𝒟

•

𝝁𝑓 X = 𝐊𝒟
⊤𝚺𝒟

−1𝒚𝒟, 𝑽𝑓 X = 𝐊 − 𝐊𝒟
⊤𝚺𝒟

−1𝐊𝒟
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•  𝒙1, 𝒙2

𝑝 𝒙1, 𝒙2 = 𝒩
𝒙1

𝒙2
;

𝝁1

𝝁2
,

𝚺11 𝚺12

𝚺21 𝚺22
, 𝚺 ≡

𝚺11 𝚺12

𝚺21 𝚺22

•

𝚲 = 𝚺−1 =
𝚲11 𝚲12

𝚲21 𝚲22
=

𝚺11 − 𝚺12𝚺22
−1𝚺21

−1 − 𝚺11 − 𝚺12𝚺22
−1𝚺21

−1𝚺12𝚺22
−1

− 𝚺22 − 𝚺21𝚺11
−1𝚺12

−1𝚺21𝚺11
−1 𝚺22 − 𝚺21𝚺11

−1𝚺12
−1

•

𝑝 𝒙1, 𝒙2

=
1

2𝜋 𝑘1+𝑘2 𝚺
exp −

1

2
𝒙1 − 𝝁1

⊤ 𝒙2 − 𝝁2
⊤ 𝚲11 𝚲12

𝚲21 𝚲22

𝒙1 − 𝝁1

𝒙2 − 𝝁2

=
1

2𝜋 𝑘1+𝑘2 𝚺
exp −

𝒙1 − 𝝁1
⊤𝚲11 𝒙1 − 𝝁1 + 𝒙1 − 𝝁1

⊤𝚲12 𝒙2 − 𝝁2 + 𝒙2 − 𝝁2
⊤𝚲21 𝒙1 − 𝝁1 + 𝒙2 − 𝝁2

⊤𝚲22 𝒙2 − 𝝁2

2

=
1

2𝜋 𝑘1+𝑘2 𝚺
exp −

𝒙1 − 𝝁1
⊤𝚲11 𝒙1 − 𝝁1 + 2 𝒙2 − 𝝁2

⊤𝚲21 𝒙1 − 𝝁1 + 𝒙2 − 𝝁2
⊤𝚲22 𝒙2 − 𝝁2

2

=
1

2𝜋 𝑘1+𝑘2 𝚺
exp −

𝒙2 − 𝝁2 + 𝚲22
−1𝚲21 𝒙1 − 𝝁1

⊤𝚲22 𝒙2 − 𝝁2 + 𝚲22
−1𝚲21 𝒙1 − 𝝁1 + 𝒙1 − 𝝁1

⊤ 𝚲11 − 𝚲12𝚲22
−1𝚲21 𝒙1 − 𝝁1

2

• 𝚲 
𝒙1 − 𝝁1

⊤𝚲12 𝒙2 − 𝝁2 = 𝒙2 − 𝝁2
⊤𝚲21 𝒙1 − 𝝁1
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• 2  (Marginal distribution)  (Conditional probability) 

•  (Marginal distribution)

𝑝 𝒙1 = න𝑝 𝒙1, 𝒙2 𝑑𝒙2

=

exp −
𝒙1 − 𝝁1

⊤ 𝚲11 − 𝚲21
⊤ 𝚲22

−1𝚲21 𝒙1 − 𝝁1
2

2𝜋 𝑘1+𝑘2 𝚺11 𝚺22 − 𝚺21𝚺11
−1𝚺12

න exp −
𝒙2 − 𝝁2 + 𝚲22

−1𝚲21 𝒙1 − 𝝁1
⊤𝚲22 𝒙2 − 𝝁2 + 𝚲22

−1𝚲21 𝒙1 − 𝝁1

2
𝑑𝒙2

=

exp −
𝒙1 − 𝝁1

⊤𝚺11
−1 𝒙1 − 𝝁1

2

2𝜋 𝑘1+𝑘2 𝚺11 𝚺22 − 𝚺21𝚺11
−1𝚺12

2𝜋 𝑘2 𝚲22
−1 =

exp −
𝒙1 − 𝝁1

⊤𝚺11
−1 𝒙1 − 𝝁1

2

2𝜋 𝑘1 𝚺11

= 𝒩 𝒙1; 𝝁1, 𝚺11

•  (Conditional probability)

𝑝 𝒙2 𝒙1 =
𝑝 𝒙1, 𝒙2

𝑝 𝒙1
=

1

2𝜋 𝑘2 𝚲22
−1

exp −
𝒙2 − 𝝁2 + 𝚲22

−1𝚲21 𝒙1 − 𝝁1
⊤𝚲22 𝒙2 − 𝝁2 + 𝚲22

−1𝚲21 𝒙1 − 𝝁1

2

= 𝒩 𝒙2; 𝝁2 − 𝚲22
−1𝚲21 𝒙1 − 𝝁1 , 𝚲22

−1 = 𝒩 𝒙2; 𝝁2 + 𝚺21𝚺11
−1 𝒙1 − 𝝁1 , 𝚺22 − 𝚺21𝚺11

−1𝚺12
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𝑀 =
𝐴 𝐵
𝐶 𝐷

• 𝐴 𝐷

• :
𝑀 = 𝐴 𝑆 = 𝐷 𝑇

𝑆 = 𝐷 − 𝐶𝐴−1𝐵
𝑇 = 𝐴 − 𝐵𝐷−1𝐶

• :
𝑀−1 = 𝐴−1 + 𝐴−1𝐵𝑆−1𝐶𝐴−1 −𝐴−1𝐵𝑆−1

−𝑆−1𝐶𝐴−1 𝑆−1

= 𝑇−1 −𝐴−1𝐵𝑆−1

−𝑆−1𝐶𝐴−1 𝑆−1

= 𝑇−1 0
0 𝑆−1

𝐼 −𝐵𝐷−1

−𝐶𝐴−1 𝐼

= 𝑇−1 −𝑇−1𝐵𝐷−1

−𝑆−1𝐶𝐴−1 𝑆−1

• 𝑆 𝑇 
𝑆−1 = 𝐷 − 𝐶𝐴−1𝐵 −1 = 𝐷−1 + 𝐷−1𝐶𝑇−1𝐵𝐷−1 = 𝐷−1 + 𝐷−1𝐶 𝐴 − 𝐵𝐷−1𝐶 −1𝐵𝐷−1

𝑇−1 = 𝐴 − 𝐵𝐷−1𝐶 −1 = 𝐴−1 + 𝐴−1𝐵𝑆−1𝐶𝐴−1 = 𝐴−1 + 𝐴−1𝐵 𝐷 − 𝐶𝐴−1𝐵 −1𝐶𝐴−1
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•  𝐾 𝒙𝑎, 𝒙𝑏 ∝ exp −
1

2
𝒙𝑎 − 𝒙𝑏

2  
•  (length scale) 
•  (Hyper parameter) 
•

𝐾 𝒙𝑎 , 𝒙𝑏 ∝ exp −
1

2
𝒙𝑎 − 𝒙𝑏

⊤Λ−1 𝒙𝑎 − 𝒙𝑏 , Λ−1 = diag 𝝀⊤𝝀 −1 =
𝜆1

−2 𝑂
⋱

𝑂 𝜆𝑛
−2

, 𝝀 = 𝜆1, ⋯ , 𝜆𝑛

• 𝝀 
•
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•

𝑝 𝒟|X𝒟 = 𝒩 𝒚𝒟; 0, 𝚺𝒟 =
exp −

1
2 𝒚𝒟

⊤𝚺𝒟
−1𝒚𝒟

2𝜋 𝑁𝒟 𝚺𝒟

•

ln 𝑝 𝒟|X𝒟 = −
1

2
𝒚𝒟

⊤𝚺𝒟
−1𝒚𝒟 −

1

2
ln 𝚺𝒟 −

𝑁𝒟

2
ln 2𝜋

•

•
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•

•

•

•
 (Acquisition function) 

•  
(Expected improvement, EI)  (Upper confidence bound, 
UCB) 

•
•

•

•

•
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 (Expected improvement, EI)
•  (EI) 𝑦max

𝛼EI 𝒙 = න
𝑦max

∞

𝑦 − 𝑦max 𝑝 𝑦 𝒚𝒟, X𝒟 , 𝒙 𝑑𝑦

•  EI  𝒙 
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 10 

 



 (Upper confidence bound, UCB)
•  (UCB) 

𝛼UCB 𝒙 = 𝜇 𝒙 + 𝜆𝜎 𝒙
• 𝜇 𝜎 
• 𝜆 

•  UCB  𝒙 
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•  10 

•  2 
• EI  3 

• EI  UCB 

 



LCLS (SLAC)  XFEL 
•  XFEL 

•  Nelder-Mead 

•  12 
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J. Duris et al.,. Phys. Rev. Lett. 124, 124801 (2020)

 



SACLA  XFEL 
•

• 10 
• XFEL  1 
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SACLA  XFEL 
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E. Iwai et al., J. Synchrotron Rad. 30, 1048–1053 (2023).
I. Inoue et al., J. Synchrotron Rad. 29, 862–865 (2022).

• XFEL 

•

•

•

 



•

𝐵avg =
𝑃

𝜎avg
, 𝜎avg = 𝜎width

2 + 𝜎med
2

• 𝑃: XFEL 
• 𝜎width: XFEL 
• 𝜎med: 

•
• (7 )
•  (9 )
• (62 )
• (8 )
•  K (7 )
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• 10  

•  1.7 

•
 ( ) 

 



RIBF 

•

•
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T. Nishi et al., Proceedings of the 18th annual meeting of particle accelerator society of Japan (PASJ2021), TUOA03.
T. Nishi, Lecture on ISBA’22. 

 (SRC) 

 



•

•
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Kr34+

 



KIT-LS 
• KIT-LS: Karlsruhe Institute of Technology Light Source, Germany
•

•
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Chenran Xu et al., Phys. Rev. Accel. Beams 26, 034601 (2023).

 



• General Gaussian process tools
• Scikit Learn: https://scikit-learn.org/

• Plenty of machine learning tools
• BoTorch: https://botorch.org/

• Bayesian optimization tool built on PyTorch
• GPyTorch: https://gpytorch.ai/

• Gaussian process inference tool built on PyTorch

• Gaussian process optimizer for accelerators
• SACLA original: E. Iwai et al., J. Synchrotron Rad. 30, 1048–1053 (2023).
• Xopt: https://github.com/xopt-org/Xopt
• Badger: https://xopt-org.github.io/Badger/
• APSopt: N. Kuklev et al., IPAC’24, TUPS50.
• GeOFF: https://zenodo.org/records/8434513
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GPyTorch

 

https://scikit-learn.org/
https://scikit-learn.org/
https://scikit-learn.org/
https://botorch.org/
https://gpytorch.ai/
https://github.com/xopt-org/Xopt
https://github.com/xopt-org/Xopt
https://github.com/xopt-org/Xopt
https://xopt-org.github.io/Badger/
https://xopt-org.github.io/Badger/
https://xopt-org.github.io/Badger/
https://zenodo.org/records/8434513


 ( )
•

•
• XFEL 
•

•

𝑦 = 𝑎1𝑦1 + 𝑎2𝑦2
 𝑦

•
•

•
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Multi-objective optimization



 (Pareto Front)
•

•  (Pareto 
front) 

•

•

•
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Author: Njr00 - Own work, CC BY-SA 3.0
https://commons.wikimedia.org/wiki/File:Pareto
_Efficient_Frontier_1024x1024.png

https://creativecommons.org/licenses/by-sa/3.0
https://creativecommons.org/licenses/by-sa/3.0
https://creativecommons.org/licenses/by-sa/3.0
https://commons.wikimedia.org/wiki/File:Pareto_Efficient_Frontier_1024x1024.png
https://commons.wikimedia.org/wiki/File:Pareto_Efficient_Frontier_1024x1024.png


 (Hyper Volume) ( )
•

•  (Hyper 
volume, ) 

•

•

•

•

 7  8  7  41

Objective 1

O
bj

ec
tiv

e 
2



•

•

•

•

•

•

•  (Environment)  (Agent) 
•  (State)  (Action) 

 (Reward) 
•  ( )  (Policy)  ( ) 

 7  8  7  42Generated by Gemini 2.5 Pro

Agent

Environment
(Accelerator)

Action

Reward

State

Next
State



• AlphaGo (DeepMind )
• 2016  

• Agent57 (DeepMind )
• Atari2600 

•
•

•
•
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Generated by Gemini 2.5 Pro



• : 

• : 𝒮
• : 𝒜
• : 𝑝𝑇 𝑠′ 𝑠, 𝑎

•  𝑠  𝑎 
 𝑠′ 

• : 𝑔 𝑠, 𝑎

•  𝑠  𝑎 

• : 𝑝𝑠0
𝑠

•

•

•

•
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𝒮 𝒜

𝑝𝑇 𝑠′ 𝑠, 𝑎

𝑔 𝑠, 𝑎



 (policy)  ( , return)
• : 𝜋 𝑎 𝑠 ∈ 0,1

•  𝑠  𝑎

• : Π
•

𝜋∗ = argmax
𝜋∈Π

𝑓 𝜋

• : 𝐶𝑡

𝐶𝑡 = lim
𝑘→∞

෍

𝑘=0

𝐾

𝛾𝑘𝑅𝑡+𝑘

•

• : 𝛾 ∈ [0,1),   𝑡 : 𝑅𝑡

•  (value function): 𝑉𝜋 𝑠 = 𝔼𝜋 𝐶0|𝑆0 = 𝑠

•  𝑠  𝜋

•  𝑉𝜋 𝑠
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 (Bellman equation)
•  𝑝𝑀𝐶

𝜋 𝑠′ 𝑠  

𝑝𝑀𝐶
𝜋 𝑠′ 𝑠 = ෍

𝑎∈𝒜

𝜋 𝑎 𝑠 𝑝𝑇 𝑠′ 𝑠, 𝑎

•  𝑝∞
𝜋 𝑠  

•

𝑓∞
𝜋 𝑠 = ෍

𝑠∈𝒮

𝑝∞
𝜋 𝑠 𝑉𝜋 𝑠

•

𝑉𝜋 𝑠 = 𝔼𝜋 𝐶0|𝑆0 = 𝑠 = 𝔼𝜋 𝑅0 + 𝐶1|𝑆0 = 𝑠

= ෍

𝑎∈𝒜

𝜋 𝑎 𝑠 𝑔 𝑠, 𝑎 + 𝛾 ෍

𝑠∈𝒮

𝑝𝑇 𝑠′ 𝑠, 𝑎 𝔼𝜋 𝐶1|𝑆1 = 𝑠′

•  𝑉𝜋

𝑉𝜋 𝑠 = ෍

𝑎∈𝒜

𝜋 𝑎 𝑠 𝑔 𝑠, 𝑎 + 𝛾 ෍

𝑠’∈𝒮

𝑝𝑇 𝑠′ 𝑠, 𝑎 𝑉𝜋 𝑠′

•
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•

•

•  (exploration)  (exploitation) 

• : ( )
• :  ( )

•
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Jlab CEBAF 

K. Rajput, “Harnessing the Power of Gradient-Based Simulations for 
Multi-Objective Optimization in Particle Accelerators”, MaLAPA 2025
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K. Rajput, “Harnessing the Power of Gradient-Based Simulations for 
Multi-Objective Optimization in Particle Accelerators”, MaLAPA 2025
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•

•

•

•

•

•
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•

•

• : Bayesian Algorithm eXecution (BAX)  (SLAC)
• S.A. Miskovich et al., Mach. Learn. Sci. Technol. 5, 015004 (2024).

Multipoint-BAX: a new approach for efficiently tuning particle accelerator emittance via virtual 
objectives

• Also presented at 3rd ICFA Beam Dynamics Mini-Workshop on Machine Learning Applications for 
Particle Accelerators
https://www.bnl.gov/mlaworkshop2022/

• :  Neural Network 
• D. Schirmer, “First experiences with machine learning techniques at the 1.5 GeV synchrotron light 

source DELTA”, 2nd ICFA Mini-Workshop on Machine Learning for Charged Particle Accelerators
• E. Meier et al., WEPPP057, IPAC’12.

• :  Nerural Network 
• R. Li et al., Applied Sciences 13, 8034, (2023)
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https://www.bnl.gov/mlaworkshop2022/


• (Q-scan) 
 (Twiss ) 

•

•

•
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𝜎𝑥
2 = 𝛽𝜀 𝐿𝐾𝑙𝑄 +

𝛼𝐿

𝛽
− 1

2

+
𝜀𝐿2

𝛽

Beam Screen 
Monitor

𝐿𝑙𝑄, 𝐾

 



LCLS 
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S.A. Miskovich et al., Mach. Learn. Sci. Technol. 5, 015004 (2024).

BAX website
https://willieneis.github.io/bax-website/

BAX: Bayesian Algorithm eXecution

 

https://willieneis.github.io/bax-website/
https://willieneis.github.io/bax-website/
https://willieneis.github.io/bax-website/


 7  8  7 55

BAX: Bayesian Algorithm eXecution
S.A. Miskovich et al., Mach. Learn. Sci. Technol. 5, 015004 (2024).
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S.A. Miskovich et al., Mach. Learn. Sci. Technol. 5, 015004 (2024).
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•  (Closed Orbit Distortion, COD) 

Δ𝑥𝑖 =
𝛽𝑖𝛽𝑗

2 sin 𝜋𝜈
Δ𝜃𝑗 cos 𝜋𝜈 − 𝜓𝑖 − 𝜓𝑗 ≡ 𝑅𝑖𝑗Δ𝜃𝑗

• COD  𝑅𝑖𝑗
†  

 𝑅𝑖𝑗
†  

• Δ𝜃𝑗 = 𝑅𝑖𝑗
† Δ𝑥𝑖

•  𝐴 𝐴† :  𝐴𝐴†𝐴 = 𝐴

•

•
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Δ𝑥𝑖: beam displacement at 𝑖
Δ𝜃𝑗: error kick at 𝑗
𝛽𝑖,𝑗: beta function at 𝑖, 𝑗

𝜈: betatron tune
𝜓𝑖,𝑗: betatron phase at 𝑖, 𝑗

 



COD 

• aa
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D. Schirmer, “First experiences with machine learning techniques at the 1.5 GeV synchrotron light source DELTA”, 
2nd ICFA Mini-Workshop on Machine Learning for Charged Particle Accelerators

 



COD 
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D. Schirmer, “First experiences with machine learning techniques at the 1.5 GeV synchrotron light source DELTA”, 
2nd ICFA Mini-Workshop on Machine Learning for Charged Particle Accelerators

 



 COD 

• Actor-Critic 
• Action  COD 
• Critic  COD 𝐽𝑘 

• 𝐽𝑘 
•

•
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E. Meier et al., WEPPP057, IPAC’12.
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E. Meier et al., WEPPP057, IPAC’12.

 COD 

 0 

…

 



•  ( ) 
 (COD response) 

Δ𝑥𝑖 =
𝛽𝑖𝛽𝑗

2 sin 𝜋𝜈
Δ𝜃𝑗 cos 𝜋𝜈 − 𝜓𝑖 − 𝜓𝑗

• LOCO (Linear Optics from Closed Orbit) 
•

•
•

•

•

•

 7  8  7 62T. Takano et al., 11th PASJ Meeting, SAP017. (2014) 



 (CNN) 

• (BPM x ) Convolutional Neural Network 
(CNN) 

•

•
 7  8  7 63

R. Li et al., Applied Sciences 13, 8034, (2023)

 



•

•

•

𝜖  Twiss 𝛼, 𝛽, 𝛾  
•

•

XFEL 

•
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By PianoDan - Own work, CC BY-SA 4.0, 
https://commons.wikimedia.org/w/index.php?curid=114
242040

𝑥

𝑥′

SPring-8-II

 

https://commons.wikimedia.org/w/index.php?curid=114242040
https://commons.wikimedia.org/w/index.php?curid=114242040


•

•

• XFEL 

•

•

•
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Beam profile at SACLA

Simulated phase-space distribution

 



•

•  CT 

•

•
• M. Röhrs et al., Phys. Rev. ST Accel. Beams 12, 050704 (2009).
• M. Scholz and B. Beutner (DESY), Proc. IPAC’17, MOPAB047.
• G. Ricci et al., Phys. Rev. Accel. Beams 27, 093001 (2024).

•
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• DESY  FLASH 
•

RF 
•

•
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M. Röhrs et al., Phys. Rev. ST Accel. Beams 12, 050704 (2009).

 



• Ryan Rousell et al., Phys. Rev. Lett. 130, 145001 (2023).
Phase Space Reconstruction from Accelerator Beam 
Measurements Using Neural Networks and Differentiable 
Simulations

• Alexander Scheinker et al., IPAC’22 TUOXGD3.
6D Phase Space Diagnostics Based on Adaptively Tuned 
Physics Physics-Informed Generative Convolutional Neural 
Networks

• Owen Convery et al., Phys. Rev. Accel. Beams 24, 074602 (2021).
• Adi Hanuka et al., Scientific Reports 11, 2945 (2021). 

Accurate & Confident Prediction of Electron Beam Longitudinal 
Properties using Spectral Virtual Diagnostics
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Ryan Rousell et al., Phys. Rev. Lett. 130, 145001 (2023).

 

 AI 



AWA  
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AWA: Argonne Wakefield Accelerator

4

Ryan Rousell et al., Phys. Rev. Lett. 130, 145001 (2023).

 



 CNN 
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Alexander Scheinker et al., IPAC’22 TUOXGD3

 



HiRES
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Alexander Scheinker et al., IPAC’22 TUOXGD3

 

Compact Ultra-fast Electron Diffraction Facility
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Alexander Scheinker et al., IPAC’22 TUOXGD3
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Adi Hanuka et al., Scientific Reports 11, 2945 (2021).

 

 RF  (TCAV) 



1 2
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Adi Hanuka et al., Scientific Reports 11, 2945 (2021).

 



LCLS 
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Adi Hanuka et al., Scientific Reports 11, 2945 (2021).

 



•

•

•

•

•
• SPring-8  > 99.5 %

•

•

•

•

•

•

•
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•
•

•

•

•

•
•

•

•

•

•

•

•

•
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 (Thyratron)
•

•

• SACLA  80 

•  20,000 

•  SACLA 

•

•

•
•
•
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Teledyne e2v 
CX1836
https://www.teledyne-
e2v.com/en-us/solutions/rf-
power/rf-devices/thyratrons 

https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
https://www.teledyne-e2v.com/en-us/solutions/rf-power/rf-devices/thyratrons
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•

𝑃 𝑛; 𝜆 =
𝜆𝑛𝑒−𝜆

𝑛!
•  𝜆 

𝑓 𝜆; 𝛼, 𝛽 =
𝛽𝛼𝜆𝛼−1𝑒−𝛽𝜆

Γ 𝛼
•  𝑁 = 𝑛1, ⋯ , 𝑛𝑇

𝑝 𝜆 𝑁 =
ς𝑡=1

𝑇 𝑃 𝑛𝑡; 𝜆 𝑓 𝜆; 𝛼, 𝛽

𝑝 𝑁
=

𝛽𝛼𝜆𝛼−1+σ𝑡=1
𝑇 𝑛𝑡𝑒− 𝛽+𝑇 𝜆

ς𝑡=1
𝑇 𝑛𝑡! Γ 𝛼 𝑝 𝑘1

•  𝑝 𝑘1  

𝑝 𝑘1 = න
0

∞

ෑ

𝑡=1

𝑇

𝑃 𝑛𝑡; 𝜆 𝑓 𝜆; 𝛼, 𝛽 𝑑𝜆 =
𝛽𝛼

ς𝑡=1
𝑇 𝑛𝑡! Γ 𝛼

න
0

∞

𝜆𝛼−1+σ𝑡=1
𝑇 𝑛𝑡𝑒− 𝛽+𝑇 𝜆𝑑𝜆

=
𝛽𝛼Γ 𝛼 + σ𝑡=1

𝑇 𝑛𝑡

ς𝑡=1
𝑇 𝑛𝑡! 𝛽 + 𝑇 𝛼+σ𝑡=1

𝑇 𝑛𝑡Γ 𝛼
• 𝜆 

𝑝 𝜆 𝑁 =
𝛽 + 𝑇 𝛼+σ𝑡=1

𝑇 𝑛𝑡𝜆𝛼−1+σ𝑡=1
𝑇 𝑛𝑡𝑒− 𝛽+𝑇 𝜆

Γ 𝛼 + σ𝑡=1
𝑇 𝑛𝑡

= 𝑓 𝜆; ො𝛼, መ𝛽 , ො𝛼 = 𝛼 + ෍

𝑡=1

𝑇

𝑛𝑡 , መ𝛽 = 𝛽 + 𝑇

• 𝜆 
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• 𝛼, 𝛽 = 1.0, 20.0  

• 1000 𝛼, 𝛽 = 28.0, 1020.0  
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𝛼, 𝛽 = 1.0, 20.0

𝜇 =
𝛼

𝛽
= 0.05

𝑉 =
𝛼

𝛽
= 0.05

𝛼, 𝛽 = 28.0, 1020.0

𝜇 =
𝛼

𝛽
≃ 0.0275

𝑉 =
𝛼

𝛽
≃ 0.0052
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Linear scale
Log scale

• 𝑛∗ 

𝑝 𝑛∗ = න
0

∞

𝑝 𝑛∗ 𝜆 𝑝 𝜆 𝑑𝜆 =
መ𝛽ෝ𝛼

𝑛∗! Γ ො𝛼
න

0

∞

𝜆ෝ𝛼−1+𝑛∗𝑒− ෡𝛽+1 𝜆𝑑𝜆

=
መ𝛽ෝ𝛼Γ ො𝛼 + 𝑛∗

𝑛∗! መ𝛽 + 1
ෝ𝛼+𝑛∗

Γ ො𝛼
= 𝑛∗

𝐶ෝ𝛼−1

መ𝛽

መ𝛽 + 1

ෝ𝛼
1

መ𝛽 + 1

𝑛∗

= 𝑛∗
𝐶𝑟−1 1 − 𝑝 𝑟𝑝𝑛∗

• 𝑟 = ො𝛼, 𝑝 = Τ1 መ𝛽 + 1

•  (Negative binomial distribution) 

 



 𝜆 

 7  8  7 84

𝔼 Σ𝑛∗ = 𝑡𝔼 𝜆
•

 

 



•  𝑛∗

•  (Moment-generating function, MGF) 

MGF𝑋 𝑡 = 𝔼 𝑒𝑡𝑋 = න𝑒𝑡𝑋𝑝 𝑋 𝑑𝑋 , 𝑡 ∈ ℝ

• 𝑋

•

•

MGF𝑋+𝑌 𝑡 = MGF𝑋 𝑡 MGF𝑌 𝑡
•

MGF𝑛∗
𝑡 =

1 − 𝑝

1 − 𝑝𝑒𝑡

𝑟

=
መ𝛽

መ𝛽 + 1 − 𝑒𝑡

ෝ𝛼

•

MGF𝑇𝑛∗
𝑡 =

1 − 𝑝

1 − 𝑝𝑒𝑡

𝑇𝑟

=
መ𝛽

መ𝛽 + 1 − 𝑒𝑡

𝑇ෝ𝛼

•

𝑝 Σ 𝑛∗ = 𝑝 𝑇𝑛∗ = 𝑇𝑛∗
𝐶𝑇ෝ𝛼−1

መ𝛽

መ𝛽 + 1

𝑇ෝ𝛼
1

መ𝛽 + 1

𝑇𝑛∗

 7  8  7 85 



•
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•

•  Δ𝑡  
ො𝛼 −Δ𝑡 , መ𝛽 −Δ𝑡   Δ𝑡 
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𝑝 Σ 𝑛∗ −Δ𝑡 = 𝑝 𝑇𝑛∗ −Δ𝑡

= 𝑇𝑛∗ −Δ𝑡 𝐶𝑇ෝ𝛼 −Δ𝑡 −1

መ𝛽 −Δ𝑡

መ𝛽 −Δ𝑡 + 1

𝑇ෝ𝛼 −Δ𝑡
1

መ𝛽 −Δ𝑡 + 1

𝑇𝑛∗ −Δ𝑡

•

!!

Δ𝑡 = 24

 



SACLA 
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( )



•

•

•

•

• : 46 
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100 
100 

 

4 µs



•

•  (Principal Component Analysis, PCA) 

•  (Singular Value Decomposition, SVD) 

𝑀 = 𝑈Σ𝑉⊤

• 𝑀: 𝑚 × 𝑛
• 𝑈: 𝑚 × 𝑚 
• 𝑉: 𝑛 × 𝑛 
• Σ: 𝑚 × 𝑛 

•

𝑀 =
𝑥1 𝑡1 ⋯ 𝑥1 𝑡𝑛

⋮ ⋱ ⋮
𝑥𝑚 𝑡1 ⋯ 𝑥𝑚 𝑡𝑛

• 𝑛: 
• 𝑚: 

•  Σ  (Singular value) 
•

•  𝑉 
•

 (PCA) 
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Author: Nicoguaro,  CC BY 4.0, 
https://en.wikipedia.org/wiki/Principal_component_analysis

Decomposition of two-dimensional 
normal distribution

 

https://en.wikipedia.org/wiki/Principal_component_analysis


•  6  0.9 
•  2 
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Failed tube

 



 (Linear regression) 
•

𝑦 = ෍

𝑖=1

𝑁

𝒘𝑖
⊤𝒙𝑖

•  𝑁 = 6

•

• : 𝑦 = 0

• : 𝑦 = 1

•

•

•
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•  (Support Vector 
Machine, SVM) 

•  SVM 

• SVM 
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By Original: Alisneaky Vector: Zirguezi - Own work 
based on: Kernel Machine.png, CC BY-SA 4.0, 
https://en.wikipedia.org/wiki/Support_vector_machine

 

https://en.wikipedia.org/wiki/Support_vector_machine


Eu-XFEL 
•

•  Q  Q 

•

•  RF  RF  RF 

•

•
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A. Eichler et al., Phys. Rev. Accel. Beams 26, 012801 (2023)

 Generalized Likelihood Ratio (GLR) 

GLR: 

 MaLAPA’25 
L. Boukela et al., “Enhancing Quench Detection in SRF Cavities at the European XFEL”, MaLAPA’25.



•

•

•

•  ( ) 

•

•
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•
•

https://www.rcnp.osaka-u.ac.jp/Divisions/acc/accml/
•  J-PARC 

• 2025  12  8 9 JAEA Tokai Mirai Base 

• MaLAPA Workshops
• Machine Learning Applications for Particle Accelerators

https://malapa.org/workshops
• Discord invitation (Chat app)

https://discord.gg/7kJTCNqT9t
• GitHub repository

https://github.com/MALAPA-Collab
•  SPring-8/SACLA 

• 2026  4  21   24  
 7  8  7  97

https://www.rcnp.osaka-u.ac.jp/Divisions/acc/accml/
https://www.rcnp.osaka-u.ac.jp/Divisions/acc/accml/
https://www.rcnp.osaka-u.ac.jp/Divisions/acc/accml/
https://malapa.org/workshops
https://discord.gg/7kJTCNqT9t
https://github.com/MALAPA-Collab
https://github.com/MALAPA-Collab
https://github.com/MALAPA-Collab
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