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Design Parameters

Specifications

Magnet Dataset OptimiserDeep Neural Network
train plug into

Design magnet with Specificationss:
𝐵!=1.5 T, 𝐺𝐹𝑅" > 2 cm, 𝐺𝐹𝑅# > 1 cm for ∆""# = 10$%

Extract Specifications that they meet from
Finite Element Method Simulation

60.000 samples created and simulated

Magnet Design Optimisation with
Supervised Deep Neural Networks



Learning new physics
with a kernel machine

Marco Letizia
Machine Learning Genoa Center and INFN

In collaboration with: P. Cappelli (UniPd), G. Grosso (IAIFI-MIT), N. Lai (UniPd), M. Pierini (CERN),

L. Rosasco (UniGe-MaLGa), A. Wulzer (IFAE), M. Zanetti (UniPd).



Learning new physics with a kernel machine
GOAL: search for rare/hidden new physics in high energy physics data.

PROBLEM: most analyses are model-dependent
→ heavily biased towards specific theoretical models.
Agnostic searches are hard to design: 

large volumes of mutivariate, complex data.

To maximise the discovery potential at the LHC (and future experiments!),
it is crucial to develop hypothesis testing methodologies based on new paradigms!



Learning new physics with a kernel machine

The New Physics Learning Machine
A likelihood-ratio test with a data-driven alternative hypothesis

𝑛! 𝑥 = 𝑒"! # 𝑛 𝑥 𝑅 	 → 𝑡! 𝒟 = −2 log/
#∈%

ℒ! 𝑥
ℒ 𝑥; 𝑅

• Unbinned
• Multivariate
• Signal-agnostic
• Efficient and robust machine learning
• Statistically sound
• Distribution and normalization shifts
• No data splitting

𝑝(𝑡|𝐻")
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BBH gravitational waves and TianQin
Xue-Ting Zhang,       Searching for gravitational waves from stellar-mass binary black holes early inspiral [Wed, 21]
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There are lots of gravitational wave cycles in band.
The use of the match-filtering method is computationally prohibitive due to the immense template bank( over1031）

𝑚1 = 85 𝑀⊙,

𝑚2= 66 𝑀⊙.

Binary

Signal:  s(𝜃) Observable: 𝑑 = s 𝜃 + 𝑛

GW data analysis 

Signal Detection
Parameter Estimation

Credit: Jun Luo, 2015



Challenges

• Signal morphology:

1. Many data point: 106 with a duration spanning three months.

2. Intense oscillations observed due to the detector's modulation.

… …

Xue-Ting Zhang,       Searching for gravitational waves from stellar-mass binary black holes early inspiral [Wed, 21]

The signal from a GW190521-like binary black 
hole system. The observation period spans 
three months, with a sample rate of 0.25 Hz. 
The number of data point is 972001.



Compression and Search
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Convolutional Neural Networks 

Incremental Principal Component Analysis

Convolution layers

Fully-connected layers

Flatten

… …

Xue-Ting Zhang,       Searching for gravitational waves from stellar-mass binary black holes early inspiral [Wed, 21]

Limited by the GPU memory



Searching for Dark Matter 
Subhalos in Astronomical Data 

using Deep Learning 
Speaker: Sven Põder

EuCAIFCon 2024

Also go check out poster of 
María Benito Castaño



Sven Põder

Orbiting subhalo imprints a 
gravitational signature in the 
position and velocity of stars

Can we detect these 
disturbances from the 

data?

The signal we are 
looking for

Stars in the Galaxy

The abundance of subhalos is a function of the DM 
model -> constraining the subhalo mass function a 
way to study the nature of the DM particle 



Sven Põder

On constraining the 
subhalo mass function..
doi:10.1016/j.ascom.2022.100667

Ongoing work

3

3

Star-by-star anomaly detection
in galaxy simulations

Studying signal 
detectability in N-body 

simulations

Difference between 
background and 
stars near subhalos 


