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How machine learning 
changes particle physics 
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Leaflet

Particle physics 
• Particle Physics  has been answering  big questions, and it keeps 

challenging  remaining big questions  

• Example  

• Higgs boson (explaining origin of mass) 

• Dark matter in the Universe  

• Origin of the matter  

 and they are Science!  

•  Big Science connects people!    ex CERN LHC ATLAS experiment: 3000 
researcher 1200 PhD 42 countries, 182 Institutions 



HOW PARTICLE PHYSICS RESEARCHWORKS ( DATA AND THEORY)   

SM lagrangian 

Interaction of particles 
at any  scale

A few very  
precise data      

Prediction of  yet 
unseen particles 

Phenomena at Early  
Universe  
............. 

Other data 

Field Theory 
Quantum Mechanics 
+ general relatively  

+ " New Physics"

Predictions



Higgs order param.  v 
"yukawa coupling " y  
"particle mass" ~ yv

LHC Higgs discovery and its  nature 

heavy  
and interesting 



HIGGS BOSON AND OUR UNIVERSE 
• Our vacuum is not stable.   

• This is problem!  quantum mechanism says that  the vacuum tunnel to the true 
vacuum sometime.  

•  We do not know how  we settle in the current vacuum  

• It is worth to study Higgs boson in detail! 



Circumference 27Km 
9593 magnets  

1billion collision  per second 



HL-LHC Challenge

14Data Acquisition Challenges

!40M collisions/s
1MB/collision → 40 TB/s data rate  → Can only keep 1% on disk!

Im
age credit: W
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Highest Data rate in the Universe 
Can AI (Deep Learning ) can help this?  



How ML can uncover "new physics" at LHC
new particle production and its decay to known particles(such as top 
quark , Higgs boson)  or unexpected distribution (deviation from SM) 

New gauge bosons, supersymmetric particles  

high energy top quark and Higgs boson can be signal  

Identify unexpected events  (anomaly search)  

Select "strange events" among huge event samples 

dark matter, hidden sector particles (dark photons) 



HOW ML HELP EXPERIMENT ITSELF

•  High rate +  many data (factor 100 increase)  

• We have to process event 10 times faster  ( reconstruct , recognize important 
events , record it )   

• Whole system should not exceed computing budget, and naively it will  exceed 
(because  the roadmap takes into account improvements by "R&D")

14Data Acquisition Challenges

!40M collisions/s
1MB/collision → 40 TB/s data rate  → Can only keep 1% on disk!
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We are delighted to announce that the "ML at HEP workshop" will be held at KEK, Tsukuba, Japan,
from February 23rd to 24th, 2023. After a successful first domestic workshop on "ML at HEP" in July
2022, this is our first time to organize such an international workshop in Japan by inviting world-
leading researchers on Machine-Learning topics in related fields. This workshop also aims to bring
together researchers in high energy physics, data science, and related communities.

The scope of the workshop is to overview the state-of-the-art ML applications to high energy physics
and beyond, and to provide lively discussions about the directions of ML & AI technical developments
in the field.

The topics of the workshop program include:

Advanced ML techniques useful for HEP,
Advanced architectures for ML,
ML applications in HEP and beyond,
Advanced applications at accelerators and systems, and
Future directions in ML and AI x HEP and beyond.

The workshop format is hybrid (in-person at KEK and online via zoom). Presentations are given by
invited speakers, and no free abstract submission is available in this occasion. An on-site poster
session is also scheduled. Please indicate your intention to present a poster on your ML-related
work via the registration form. As of January 13th, domestic travel and accommodation support can
be provided to a limited number of presenters. If you would like to request it, please contact us via the
LOC mailing list by January 31st.

Registration:
Registration has been closed as of February 14th. In case of modifications, please modify via the
registration form at https://kds.kek.jp/event/44830/registrations/ or contact LOC via email.
No registration fee is necessary. 
 

This workshop will be hosted co-organized by KEK WPI-QUP (International Center for Quantum-field
Measurement Systems for Studies of the Universe and Particles) and IPNS (Institute of Particle and
Nuclear Studies), and supported by KEK WPI-QUP, JSPS Grant-in-Aid for Transformative Research
Areas (A) 22H05113, and BAI (Institute for AI and Beyond of the University of Tokyo).

The organization:

Program Committee:
Javier Montejo Berlingen (KEK QUP, ATLAS), Kodai Matsuoka (KEK IPNS, BelleII), Gaku Mitsuka
(KEK, SuperKEKB), Yu Nakahama (*) (KEK QUP & IPNS, ATLAS), Hiroyuki Nakayama (KEK IPNS,
BelleII), Sanmay Ganguly (UTokyo ICEPP, ATLAS, BAI), Mihoko Nojiri (KEK IPNS, theory), Junichi
Tanaka (UTokyo ICEPP, ATLAS, BAI).
Local Organization Committee:
Yuji Chinone (KEK QUP, LiteBIRD), Javier Montejo Berlingen (KEK QUP, ATLAS), Daniel Jeans
(KEK IPNS, ILC), Kodai Matsuoka (KEK IPNS, BelleII), Kunihiro Nagano (KEK IPNS, ATLAS), Yu
Nakahama (*) (KEK QUP & IPNS, ATLAS), Hiro Nakayama (KEK IPNS, BelleII), Mihoko Nojiri (KEK
IPNS, theory), Hideyuki Oide (KEK IPNS, ATLAS), Volodymyr Takhistov (KEK QUP, theory & Super-
Kamiokande).

Contact

� ml-at-hep2023-loc@ml.…

"ML at HEP workshop" in Japan

23-24 February 2023
KEK (High Energy Accelerator Research Organization)
Asia/Tokyo timezone

�  � 	 � � �� � � Asia/Tokyo� 
 English� � Login

Overview

Timetable

Registration

Participant List

Poster session

Venue and access to KEK

Covid-19 measures at
KEK

Accomodations

Information about entries
to Japan

Restaurants

2023/02/27 21:07Foundation of "Machine Learning Physics" Grant-in-Aid for Transformative Research Areas (A)

1 / 5ページhttps://mlphys.scphys.kyoto-u.ac.jp/en/

Overview Organization Events Acheivements Outreach

CONTACT Members only En Jp

Most of the subject of my talks  
can be found here 

https://kds.kek.jp/event/44830/



How machine Leaning help Analysis 

candidate of four top quark at CMS 

Gavin Salam (CERN) Jets and jet substructure (2) CFHEP, April 2014 13

Add “ghosts”, infinitesimally 
soft particles, to track “area” 

of jet in y–φ plane

y
φ

pt

Jet clustering



8Comparing Models for Jet Tagging

2201.08187

Improved Performance

Improved Sample Efficiency, Reduced Parameters

1902.09914

Task: Top-quark jets   vs   single quarks/gluons

Bet
ter

Top Quark True Positive Rate

!
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ive
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te

Example  boosted top identification 



New Physics search with ML 

SciPost Physics Submission

a new set of questions related to training data, benchmarking, calibration, systematics, etc.

2 Data set

The top signal and mixed quark-gluon background jets are produced with using Pythia8 [25]
with its default tune for a center-of-mass energy of 14 TeV and ignoring multiple interactions
and pile-up. For a simplified detector simulation we use Delphes [26] with the default ATLAS
detector card. This accounts for the curved trajectory of the charged particles, assuming a
magnetic field of 2 T and a radius of 1.15 m as well as how the tracking e�ciency and momen-
tum smearing changes with ⌘. The fat jet is then defined through the anti-kT algorithm [27]
in FastJet [28] with R = 0.8. We only consider the leading jet in each event and require

pT,j = 550 .... 650 GeV . (1)

For the signal only, we further require a matched parton-level top to be within �R = 0.8,
and all top decay partons to be within �R = 0.8 of the jet axis as well. No matching is
performed for the QCD jets. We also require the jet to have |⌘j | < 2. The constituents are
extracted through the Delphes energy-flow algorithm, and the 4-momenta of the leading 200
constituents are stored. For jets with less than 200 constituents we simply add zero-vectors.

Particle information or additional tracking information is not included in this format.
For instance, we do not record charge information or the expected displaced vertex from the
b-decay. Therefore, the quoted performance should not be considered the last word for the
LHC. On the other hand, limiting ourselves to essentially calorimeter information allows us
to compare many di↵erent techniques and tools on an equal footing.

Our public data set consists of 1 million signal and 1 million background jets and can be
obtained from the authors upon request [29]. They are divided into three samples: training
with 600k signal and background jets each, validation with 200k signal and background jets
each, and testing with 200k signal and 200k background jets. For proper comparison, all
algorithms are optimized using the training and validation samples and all results reported
are obtained using the test sample. For each algorithm, the classification result for each jet

Figure 1: Left: typical single jet image in the rapidity vs azimuthal angle plane for the top
signal after pre-processing. Center and right: signal and background images averaged over
10,000 individual images.
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Introduction Neural Network Crash Course A spectral function of jet substructure Spectral Analysis of Jet Substructure: Higgs Spectral Analysis of Jet Substructure: Sgluon Spectral Analysis of Jet Substructure: A Quick Sketch on Top Jets Spectral Analysis of Jet Substructure: Understanding Neural Networks Conclusion

Practical Example with CNN: Image Recognition Techniques with Jet Image
L. Oliveira, M. Kagan, L. Mackey, B. Nachman, A. Schwartzman, (1511.05190)32- -

Generic overview slide

Boosted Boson Type Tagging
Jet ETmiss

SLAC, Stanford University

March 26, 2014

Benjamin Nachman and Ariel Schartzman

B. Nachman (SLAC) Boosted Boson Type Tagging March 26, 2014 1 / 21
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Even more non-linearity: Going Deep

Deep Convolutional Architectures for  
Jet-Images at the Large Hadron Collider

Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  

Jet Image

Convolution Max-Pool Convolution Max-Pool Flatten

Fully  
Connected 
ReLU Unit

ReLU Dropout ReLU Dropout
Local 

Response 
Normalization

W’→ WZ event

Convolutions
Convolved  

Feature Layers

Max-Pooling

Repeat

Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

2D  
Convolutions 
to Jet Images

Understanding Improvements 
Since the selection of physics-driven variables is driven by physical understanding, we want to be 
sure that the representations we learn are more than simple recombinations of basic physical 
variables. We introduce a new method to test this — we derive sample weights to apply such that 

meaning that physical variables have no discrimination power. Then, we apply our learned 
discriminant, and check for improvement in our figure of merit — the ROC curve.

Standard physically motivated 
discriminants — mass (top)  
and n-subjettiness (bottom)

Receiver Operating Characteristic

Notice that removing out the individual effects of 
the physics-related variables leads to a likelihood 
performance equivalent to a random guess, but 
the Deep Convolutional Network retains some 
discriminative power. This indicates that the deep 
network learns beyond theory-driven variables — 
we hypothesize these may have to do with 
density, shape, spread, and other spatially driven 
features.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 

Repeat

Apply deep learning techniques on jet images! [3]

convolutional nets are a standard image 
processing technique; also consider maxout

Basic building unit: 2D convolutional layer

h(n)
k,xy = '(

X

�x ,�y

w (n)
k`,�x�y

h(n�1)
`,(x+�x )(y+�y ) + b(n)

k )

Convolution

f ⇤ g(x) =

Z
dx 0f (x 0)g(x � x 0)

Reduce number of free parameters by weight and bias sharing.
Specialized in understanding local spatial correlations
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Particles Observable

Per-Particle Representation Event Representation

�

�

�

F

Energy/Particle Flow Network

Latent Space

Figure 1: A visualization of the decomposition of an observable via Eq. (1.1). Each particle

in the event is mapped by � to an internal (latent) particle representation, shown here as

three abstract illustrations for a latent space of dimension three. The latent representation is

then summed over all particles to arrive at a latent event representation, which is mapped by

F to the value of the observable. For the IRC-safe case of Eq. (1.2), � takes in the angular

information of the particle and the sum is weighted by the particle energies or transverse

momenta.

where this appears is learning from point clouds, sets of data points in space. For instance, the

output of spatial sensors such as lidar, relevant for self-driving car technologies, is often in the

form of a point cloud. As point clouds share the variable-length and permutation-symmetric

properties with collider events, it is worthwhile to understand and expand upon point cloud

techniques for particle physics applications.

The Deep Sets framework for point clouds, recently developed in Ref. [63], demonstrates

how permutation-invariant functions of variable-length inputs can be parametrized in a fully

general way. In Ref. [63], the method was applied to a wide variety of problems including red-

shift estimation of galaxy clusters, finding terms associated with a set of words, and detecting

anomalous faces in a set of images. The key observation is that summation, which is clearly

symmetric with respect to the order of the arguments, is general enough to encapsulate all

symmetric functions if one is allowed a large enough internal (latent) space.

In the context of a physics observable O that is a symmetric function of an arbitrary

– 3 –

Graph Neural Networks in Particle Physics 17

Therefore a decision needs to be made about how to construct a graph from the set of

inputs. Di↵erent graph construction methods are illustrated in figure 6. Depending on

the task, one might even want to avoid creating any pairwise relationships between

nodes. If the objects have no pairwise conditional dependence — a DeepSet [53]

architecture with only node and global properties might be more suitable. Edges in

the graph serve 3 roles:

(i) The edges are communication channels among the nodes.

(ii) Input edge features can indicate a relationship between objects, and can encode

physics motivated variables about that relationship (such as �R between objects).

(iii) Latent edges store relational information computed during message-passing,

allowing the network to encode such variables it sees relevant for the task.

In cases where the input sets are small (Nv ⇠ O(10) ) the typical and easiest

choice is to form a fully connected graph, allowing the network to learn which object

relationships are important. In larger sets, as the number of edges between all nodes

increases as Ne / (Nv)2, the computational load of using a neural network to create

an edge representation or compute attention weights becomes prohibitive. One possible

(a) (b)

(c)

Figure 6. Di↵erent methods for constructing the graph. (a) Connecting every node
to every other node (b) Connecting neighboring nodes in some predefined feature space
(c) Connecting neighboring nodes in a learned feature space.

1902.08570  
 Particle Net 

Jet as Image  as graphs  as sets transformer

 building key  
and query 

2202.03772 

permutation invariance 
(stable) 

sparse data 

Easy to implement  
QCD "values" Lorentz net 

( Graph respect special relativity)  

CNN(2014)

high energy top quark  
is similar to light quark and gluons 

but there is some difference 
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Figure 5: ROC curves for all algorithms evaluated on the same test sample, shown as the
AUC ensemble median of multiple trainings. More precise numbers as well as uncertainty
bands given by the ensemble analysis are given in Tab. 1.

Instead of extracting these performance measures from single models we can use ensembles.
For this purpose we train nine models for each tagger and define 84 ensemble taggers, each time
combining six of them. They allow us to evaluate the spread of the ensemble taggers and define
mean-of-ensemble and median-of-ensemble results. We find that ensembles leads to a 5 ... 15%
improvement in performance, depending on the algorithm. For the uncertainty estimate of the
background rejection we remove the outliers. In Tab. 1 we see that the background rejection
varies from around 1/600 to better than 1/1000. For the ensemble tagger the ParticleNet,
ResNeXt, TreeNiN, and PFN approaches again lead to the best results. Phrased in terms
of the improvement in the signal-to-background ratio they give factors ✏S/✏B > 300, vastly
exceeding the current top tagging performance in ATLAS and CMS.

Altogether, in Fig. 5 and Tab. 1 we see that some of the physics-motivated setups remain
competitive with the technically much more advanced ResNeXt and ParticleNet networks.
This suggests that even for a straightforward task like top tagging in fat jets we can develop
e�cient physics-specific tools. While their performance does not quite match the state-of-
the-art standard networks, it is close enough to test both approaches on key requirements in
particle physics, like treatment of uncertainties, stability with respect to detector e↵ects, etc.

The obvious question in any deep-learning analysis is if the tagger captures all relevant
information. At this point we have checked that including full or partial information on
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Improved Performance
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Top Quark True Positive Rate
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More than factor 10 reduction of  background 
→ current cross section limit improve by factor 10

⭐if it improve drastically, "why theory cannot explain it?  
⭐Theorists start to get complaint from experimentalists 
that performance isn't that impressive.  

             ML4Jets 2022

17

 Petar Maksimovic, Johns Hopkins                                            Experimental Intro          

QCD modeling for the future

● With a better QCD modeling, we could:

● Train ML algorithms 

→ better data/MC                                                                          
     agreement

→ minimize signal                                                                          
     efficiency systematics

● Decorrelate taggers 

→ well-behaved background shapes → better bkg estimates

→ if there’s a BSM excesses, it would be “easier” to see

● Estimate efficiencies of tagging jets with exotic substructure

(see above) 

● In general, experimentalist’s life would become a lot easier

FROM TALK BY  
P. MAKSIMOVIC AT ML4JET 

Two questions 

"an experimentalist wondering  
why they cannot touch  the  

top of the shelf "

2018 to 2021



MACHINE DOESN'T CARE PHYSICS VALUES 

• IRC (infrared collinear) safe quantities : 

theoretically predictable 

• IRC "sensitive" quantity:  (soft physics) (ex 

low energy particles, number of particles) 

Difficult to predict theoretically because of 

the divergence of the theory. We need 

modelings but they often do not agree with  

data.    

• Soft phyiscs might be useful because low 

energy  particle distribution has 

information of  branching history strong 

interaction. just we need careful calibration

low energy    high energy 

Modern Deep learning models take into 
account ALL correlation.  

HEP analysis need simulation and we 
need updated our simulation  
to be consistent at all energy.

MESSAGE 

parton shower

SOFT 
PARTICLES



" I think the problem, to be quite honest with you, is that you've 
never actually know what the question is" 
"So once you do know what the question actually is, you will 
know what the answer means" 
             from "The Hitchhiker's Guide to the Galaxy"  
                                                                 by  Douglas Adams 

750M years

the Ultimate Question of Life, 
the Universe and Everything" 

About asking "something" to computer  

Physics ≠Getting good results by using ML and satisfy   



SOFT PARTICLE GEOMETRY  

jet image circle (radias R)  
at every hit 

resulting image  
 S(R)  R=R1, R2, R3,,,

Area (A),boundary length(L) 
 Euler character (E) of S (R)

IRC safe Soft geometry 

MLP MLP 

MLP 

CONCATENATE

feature  
extraction 

soft geometry  model 

1. compress spase data into  real 
numbers 
2. resilient to fluctuation of the 
inputs 
3. permutation invariant   

soft geometry  model 
inputs has clear interpretation  

on distance scale  
→ easy to  infer the reasoning  

Maybe we can create  
better simulation by DL 

Particle Transformer 
(current world  best set up  )

Lim, Nojiri  Phys.Rev.D 105 (2022) 1, 014004 
 Furuichi, Lim, Nojiri (in preparation )



HOW ML HELP EXPERIMENT ITSELF

•  High rate +  many data (factor 100 increase)  

• Experiment should process events 10 times faster  ( reconstruct , recognize 
important events , record it )   

• Whole analysis chain should not exceed computing budget, and naively it 
exceeds (because  the roadmap takes into account improvement by "R&D")

14Data Acquisition Challenges

!40M collisions/s
1MB/collision → 40 TB/s data rate  → Can only keep 1% on disk!

Im
age credit: W

ired 2013
.(01) .(100 51)



4Machine Learning Across Data Analysis

Simulation!
Data Analysis Result "!

Experiment

Simulation Data Acquisition Reconstruction Inference 
Low-Latency Real-Time 

Decision Making
Fast Simulation and

Sampling
Particle/Event Pattern Rec.

Anomaly detection
Parameter Estimation

Unfolding

ATLAS Software and Computing HL-LHC Roadmap, version 2.1

held on disk; and the number of replicas and versions of datasets will be significantly
reduced.

The current model does not attempt to take into account possible further divisions (i.e.
beyond disk and tape) in the storage quality of service provided by the WLCG sites, and it
assumes only CPU resources without accelerators will be available. The uncertainties when
including accelerators in the resource estimate (e.g. speed improvement factors in each
processing step, relative costs of CPU vs accelerator, availability of accelerators on sites)
are too large to make such an exercise useful. As R&D projects conclude and these
uncertainties are reduced, and once the WLCG has undertaken a discussion of the pledge
mechanism for these resources, the model will be extended to include the impact of
accelerators.

Figure 1: projected evolution of compute usage from 2020 until 2036, under the conservative
(blue) and aggressive (red) R&D scenarios. The grey hatched shading between the red and
blue lines illustrates the range of resources consumption if the aggressive scenario is only
partially achieved. The black lines indicate the impact of sustained year-on-year budget
increases, and improvements in new hardware, that together amount to a capacity increase
of 10% (lower line) and 20% (upper line). The vertical shaded bands indicate periods during
which ATLAS will be taking data.

7

ATLAS Software and Computing HL-LHC Roadmap, version 2.1

Figure 3: projection for Run 4 of the breakdown of compute (upper row), disk (middle row)
and tape (lower row) usage, for the conservative (left) and aggressive (right) R&D scenarios.
The expected totals in million HS06*years and exabytes are also displayed.

4. High-level requirements for Run 4
The highest level requirement is that the ATLAS software and computing is ready to process
the HL-LHC data as soon as it arrives in the late 2020s. This means having sufficient proven
storage and compute capacity to handle the data and Monte Carlo production, software that
is capable of fully exploiting the upgraded detector to deliver the performance necessary for
ATLAS to achieve its physics objectives, and analysis tools and infrastructure that enable the
community to fully participate in physics activities. This must take priority over other
requirements, including readiness for heterogeneous architectures and special resources.

9

Kagan  "ML at HEP"

Agressive R& D assume  
improvement by ML



event generation by ML 

Calorimeter showers

Geant4: simulate at 
microscopic level 
stochastic interaction 
of particles with matter 

Detector: sum of 
energy depositions 
within given cell 
granularity

25

Up to 10 min to simulate 1 event

Bang!

Calorimater

E-Deposit to  
each component

P( {E} | {x}) input particle {x}

Variational AutoEncoder(VAE): bottle 
neck structure  x→ z → x'  

full simulation 

ML model

x x′ z̃pϕ(z |x) pθ(x′ |z)

real data Latent 
with simple distribution 

reconstructed  
object 

generating one event takes 3min 



event generation

Bang!

Calorimater

E-Deposit to  
each component

P( {E} | {x}) input particle {x}

GAN:   
competition between 

generator and discriminator 

Normalizing Flows:            
map simple distribution to 

nontrivial function  
Diffusion : Add noise step by step   

full simulation 

ML models 

Latest & greatest: latent diffusion models

Ingredients:

Embed in latent space z (GAN/VAE)

Diffusion in latent space

Transformer-based attention mechanism to 
combine input & conditioning τ0 in latent space

Thrives on more data & more compute
20

[blog, 2112.10752, blog, blog]

Once we complete this map,  we have fast and more precise  model for  
everybody (even theorists) . DL  model is differentiable so that you can  

do parameter search using ML  

ML toolbox 



The PF reconstruction algorithm

5Sanmay Ganguly (ICEPP) KEK-2023

PF lepton, hadron, photon = FPF (track hits + calo cells)

arXiv : 2212.01328

talk at ML at HEP



BREAKING THE WALL
events in pipeline →select interesting one→save (physical constraints）

EXA.TrkX (Eur. Phys J. C(2021) 81:87 
detemine near by node →  GNN to handle edge classification  
training time  ~36 hour(by A100)、 

 prediction 2.2 s/event (GPU),   220 s/event (CPU)

41Graph Neural Networks and HEP Data
Good fit for sparsity, irregular geometry, and variable cardinality of particles

Im
age credit: M

LST 2
021001

Tracking: Finding Trajectories from space-points

Calorimeter cluster analysis

Classifying Jets (streams of particles)

Classifying Events

tracking

number of tracks at collision
Graph NN



15Real-Time Low Latency ML
Goal: Move improvements from ML for reconstruction to online setting

hls4ml: 
•HEP Community developed tool do deploy NN as electronic circuit on hardware
• FPGA-as-accelerator library → Whole model on chip
•Model Compression essential

https://fastmachinelearning.org/hls4ml/
1804.06913

Example: Resource Usage in 
Jet Classification with RNNs

Khoda, …, MK, et. al, 2207.00559

ML on hardware 

Kagan  "ML at HEP"

FPGA= Field Programmable Gate Array    
HLS =its compiler



summary 

HEP people are working to merge DL to most precise, large 
data science under extreme environment.  

The outcome will certainly shared to outside community, so 
stay tuned. 


