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Particle Physics



What We Know: The Standard Model 3



What We Know: The Standard Model 4
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The Standard Model in Action 5
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What are we missing?

• Why Gravity so much weaker then the other forces?

• What are Dark Matter and Dark Energy?

• What gives neutrinos their mass?

• Why is there anything at all?
– Matter and anti-matter should have annihilated in the early universe

• …

• New forces and heavy particles may have been active during the 
early universe that explain these phenomena

• We can look for them in high energy physics experiments!
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The Large Hadron Collider at CERN

E = mc2
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The ATLAS Experiment

Size:
46 m long, 
25 m high, 
25 m wide

Data:
O(1)   GB / sec
O(10) PB / year

Weight:
7000 tons

8

~108 detector channels
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Studying Collisions 10



Studying Collisions 11

• Causal and Compositional Structure

Collision → particle X → “final state” particles → detector data
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• Causal and Compositional Structure

Collision → particle X → “final state” particles → detector data



Studying Collisions 13
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• Reconstruction: Find the “final state” particles in 
the detector

neutrino



Reconstructing Particles 14

Calorimeter:
Stops particle and
destructively measure
energy / direction

Tracking detector:
Typically Si-pixel detector
Non-destructive space-point
measurement

• Particle identification = 
Classification 

• Energy estimation = 
Inference, regression

p(electron | data)

p(Eelectron
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| electron data)



Studying Collisions 15
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Studying Collisions 16
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Studying Collisions 17
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Studying Collisions 18

• Use physics knowledge to design sensitive observable

• With a collection of  collisions we can perform:

– Hypothesis testing: new particle present?

– Measurement: Inference of  latent parameters, e.g. Higgs mass



From Theory to Experiment 19

Detector data
&

Simulation

Reconstruction of 
particles

Event 
Reconstruction 
and Selection

Hypothesis 
testing / 

Measurement

O(10) particles O(100) particles O(108) detector elementsParameters 𝜃



Simulation Based Science

• Mechanistic understanding of  particle evolution and 
interaction which we encode in a simulator

• Likelihood 𝑝 𝑥 𝜃 = ∫𝑝 𝑥, 𝑧 𝜃 𝑑𝑧 is intractable
– High dimensional data x
– Many latent random variables z for underlying physics process
– Non-differentiable control flow in simulation 

• Monte Carlo methods allow us to generate samples by 
running the physics in the forward direction 

• Can produce vast quantities of  labeled data on demand 
from high fidelity simulation!

• Majority of  ML in HEP thus far has focused on supervised 
learning: classification and regression

20



Simulation Based Science

• Mechanistic understanding of  particle evolution and 
interaction which we encode in a simulator

• Likelihood 𝑝 𝑥 𝜃 = ∫𝑝 𝑥, 𝑧 𝜃 𝑑𝑧 is intractable
– High dimensional data x
– Many latent random variables z for underlying physics process
– Non-differentiable control flow in simulation 

• Monte Carlo methods allow us to generate samples by 
running the physics in the forward direction 

• Can produce vast quantities of  labeled data on demand 
from high fidelity simulation!

• Majority of  ML in HEP thus far has focused on supervised 
learning: classification and regression
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Jets at the LHC 22

• Jet: stream of  
particles produced by 
high energy quarks 
and gluons
– Clustering 

algorithms used to 
find them



Canonical Discrimination Problem: Jet Identification 23



Jet Images 24

Unrolled slice of detector
[Image from B. Nachman] 
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Boosted Boson Type Tagging

Jet ETmiss

SLAC, Stanford University

March 26, 2014

Benjamin Nachman and Ariel Schartzman
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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

[Based on slides H. Qu]

arXiv:1407.5675
arXiv:1511.05190

https://indico.cern.ch/event/567550/contributions/2656471/
https://indico.cern.ch/event/766872/contributions/3357992/attachments/1831591/2999672/ParticleNet_IML_20190417_H_Qu.pdf


New Ways to Think about Jets 25

1902.08570

[Based on slides H. Qu]

https://indico.cern.ch/event/766872/contributions/3357992/attachments/1831591/2999672/ParticleNet_IML_20190417_H_Qu.pdf


Comparison of  methods 26arXiv:1902.09914



Deep Image Prior 27

min
,
𝐸 𝑥; 𝑥/ 0 + 𝑅(𝑥)

• Image restoration: find “true” image x from corrupted 
image x0

arXiv:1711.10925



Deep Image Prior

• Image restoration: find “true” image x from corrupted 
image x0

28

min
5
𝐸 𝑓5(𝑧); 𝑥/

• Instead of  hand designed prior, use a ConvNet that 
outputs pixel predictions to define x

– For each image: fix random noise z, run optimization
– Rather than search image space, search network parameter space

arXiv:1711.10925



Implicit Priors

• Structure of  ConvNet constrains the set of  solutions;
It is an implicit prior over solutions

• Not all data are images…
– What is a good implicit prior for physics? 

– What architectures capture good physics solution space?

– Should we consider the impact of  measurement devices in 
choosing an architecture?

– Can we use this technique (or super-resolution methods) for 
reconstructing particles from noisy detectors?

29



Physics Inductive Bias as a Guide

• Physics inspired models 
make learning easier and 
more interpretable
– The way the jet was 

clustered
– The geometry of  the 

particles in the jet

30

arXiv:1902.09914
arXiv:1702.00748
arXiv:1711.02633

arXiv:1902.08570



From Discriminative to Generative Models

• Discriminative models: f 𝑥 ≈ 8𝑦 = 𝐸:(;|,)[𝑦]

• How do we model uncertainty on predictions, i.e. 
learn a posterior on likelihood?

• How do we interpret the predictions?

• Physics defines data generating process 𝑦 → 𝑥
How can we better inject this knowledge?

31



Generative Adversarial Networks (GAN) [arXiv:1406.2661] 32

Generator
CNN

Discriminator
CNN

Random
Noise

“Real” data

Real or Fake?

Images: arXiv:1710.10196

• Generator produces images from random noise and tries to trick 
discriminator into thinking they are real

• Classifier tries to tell the difference between real and fake images

min
@
max
C

𝑉(𝐺, 𝐷)

𝑉 𝐺, 𝐷 = 𝔼:HIJI(,)[log𝐷(𝑥)] +𝔼:N(O)[log(1 − 𝐷(𝐺(𝑧))]



GANs for HEP 33
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arXiv:1705.02355
arXiv:1701.05927

ATL-SOFT-PUB-2018-001

• Once trained, potential to dramatically speed up extremely 
computationally costly pieces of  the simulation



Variation AutoEncoders (VAE) 34

Decoder

Sampler

Encoder

𝑥RS

𝑧

T𝑥

ℒ 𝑥; 𝜃, 𝜙 = 𝔼WX(O|,) log 𝑝5 𝑥 𝑧 −𝐷YZ[𝑞\(𝑧|𝑥) ∥ p z ]

𝜇 𝑧 , 𝜎(𝑧)

arXiv:1312.6114
arXiv:1401.4082



Anomaly Detection with VAEs 35

Decoder

Sampler

Encoder

𝑥RS

𝑧

T𝑥

ℒ 𝑥; 𝜃, 𝜙 = 𝔼WX(O|,) log 𝑝5 𝑥 𝑧 −𝐷YZ[𝑞\(𝑧|𝑥) ∥ p z ]

𝜇 𝑧 , 𝜎(𝑧)

Learn what is “normal” with VAE

• What if  we don’t know what a new signal looks like?
– Goal: Find rare events that differ from “standard”

arXiv:1811.10276



Anomaly Detection with VAEs 
• What if  we don’t know what a new signal looks like?
– Goal: Find rare events that differ from “standard”

36

Decoder

Sampler

Encoder

𝑥bcd

𝜇 𝑧 , 𝜎(𝑧)

𝑧

T𝑥bcd

ℒecfg 𝑥bcd; 𝜃, 𝜙 = 𝔼WX(O|,hij) log 𝑝5 𝑥bcd 𝑧

arXiv:1811.10276

Learn what is “normal” with VAE

Look for anomalies as poorly 
reconstructed events



Physics Driven Generative Modeling: JUNIPR 37

arXiv:1804.09720
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arXiv:1804.09720



Physics Driven Generative Modeling: JUNIPR 39

arXiv:1804.09720



Maximizing the Use of  Simulators

• Simulator already encapsulate our physics 
knowledge à Our best generative model

• How can we better use it in the inference pipeline?

• Can we extract more information for inference?

• Can we learn to approximate it?

40



Extracting Insights

• High dimensional data x

• 𝑝 𝑥 𝜃 = ∫𝑝 𝑥, 𝑧 𝜃 𝑑𝑧 is 
intractable

• Simulator: can only produce 
samples from 𝑝(𝑥, 𝑧|𝜃)

41

• Summary statistics based on 
physical insights

• Density estimation in low dim.  
i.e. with histograms

• Challenging to design good 
statistic, often lose information

Want   𝑟 𝑥 𝜃 = :(,|5l)
:(,|5m)

for hypothesis testing



Mining Gold for Likelihood-Free Inference

• Idea: extract ratio 𝑟 𝑥, 𝑧 𝜃 = :(,,O|5l)
:(,,O|5m)

• ML regression can approximate ratio: �̂� 𝑥 𝜃

42arXiv:1805.12244

[Image credits: J. Brehmer, K. Cranmer]



Mining Gold for Likelihood-Free Inference 43arXiv:1805.12244

[Image credits: J. Brehmer, K. Cranmer]



Black Box Optimization

• Goal: Optimize simulator parameters to minimize objective

• Can we approximate the simulator directly?

44

Stochastic
Simulator
𝐹 𝑥; 𝜓

x y arg min
r
𝔼[ℛ 𝑦 ]

Observations

Parameters 𝜓

Inputs

Objective

S. Shirbikov, V. Belavin, M. K. , 
A. Baydin, A. Ustyuzhanin



Differentiable Surrogates

• Train parameterized generative surrogate model S, i.e. 
GAN or flow, to approximate 𝐹 𝑥; 𝜓
– Can account for stochastic nature of  F
– Samples from surrogate can be differentiated!

45

Stochastic
Simulator
𝐹 𝑥; 𝜓

x y arg min
r
𝔼[ℛ 𝑦 ]

Inputs Observations

Parameters 𝜓

Surrogate
8𝑦 = 𝑆5(𝑧, 𝑥; 𝜓)

arg min
5
ℒ[𝑦, 8𝑦]

z

Random Noise

8𝑦

Surrogate Loss

Objective

S. Shirbikov, V. Belavin, M. K. , 
A. Baydin, A. Ustyuzhanin



Differentiable Surrogates

• Optimize objective with gradient 
descent using trained surrogate to 
produce differentiable samples

46

Stochastic
Simulator
𝐹 𝑥; 𝜓

x y
Inputs Observations

Parameters 𝜓

z

Random Noise

8𝑦

Surrogate objective

∇r 𝔼[ℛ 8𝑦 ]

arg min
r
𝔼[ℛ 8𝑦 ]

Surrogate
8𝑦 = 𝑆5(𝑧, 𝑥; 𝜓)

=
1
𝑁w

xyz

{

ℛ 𝑆5(𝑧x, 𝑥x ; 𝜓)

S. Shirbikov, V. Belavin, M. K. , 
A. Baydin, A. Ustyuzhanin



Optimization In Action 47

Before

After

S. Shirbikov, V. Belavin, M. K. , 
A. Baydin, A. Ustyuzhanin

Toy examples Physics Example



Conclusions

• The HEP data analysis pipeline is greatly advancing with 
Machine Learning methods, due in large part to Massive 
datasets and high fidelity simulation 

• Incorporating physics insights and making the best use of  
our simulators in ML models can help push performance, 
ease the learning tasks, and increase interpretability

• What is the best way to introduce these physics insights 
into our models?

• How can we best use the “intractable” physics knowledge 
we have put into the high fidelity simulators?

48



Backup 49



Pipeline 50

Experiment
Data Collection

Simulation of 
physics + detector

Generative Model

Reconstruction
Raw data to final 

state paticles

Cluster energy depositions
Classify clusters as particles
Infer / regress properties

Event 
Reconstruction 
and Selection

Infer properties of collision
Classification of interesting collisions

Hypothesis 
testing / 

Measurement

Latent parameter
estimation

Low-latency decision making



High Fidelity Simulation 51

𝑝 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 𝑖𝑛𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑡𝑦𝑝𝑒) 𝑝 𝑑𝑒𝑡𝑒𝑐𝑡𝑜𝑟 𝑠𝑖𝑔𝑛𝑎𝑡𝑢𝑟𝑒 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒)

[Sherpa]



Jets at the LHC 52

B. Nachman: https://indico.cern.ch/event/567550/contributions/2656471/

Calorimeter

Jets are reconstructed using hierarchical agglomerative clustering 

https://indico.cern.ch/event/567550/contributions/2656471/


Enforcing Invariance

• Must consider Domain Shift: 
Simulations don’t perfectly 
capture data generating process

– Hard to control how models learn 
and utilize information

– Unwanted sensitivity to poorly 
modeled aspects of  simulation

– Potentially unwanted sculpting of  
key physics distributions like mass

53

• Idea: Augment training of  classifier to enforce 
invariance to changes in a variable Z



Adversarial Learning 54

• Adversarial Approach:
– Build loss that encodes performance of  a classifier and and adversary

– Classifier penalized when adversary does well at predicting Z

G. Louppe, M. K., K. Cranmer, 
arXiv:1611.01046 



Learning to Pivot: Physics Examples 55

Optimal tradeoff of 
performance vs. robustness

Non-Adversarial training

arXiv:1611.01046 
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W-jets vs. QCD-jets
Z = noise level from “pileup”

• Decorrelate a classifier from a 
chosen variable
– For example, to not sculpt jet 

mass distribution with classifier

[arXiv:1703.03507]

• Optimize statistical significance in 
presence of  systematic uncertainty



Generative Models 56

Decoder

Sampler

Encoder

𝑥

𝜇 𝑧 , 𝜎(𝑧)

[Images motivated by A. Canziani, R. Ng]

𝑧

T𝑥
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Sampler

Generator

𝑧

𝑥
T𝑥

Sampler

Invertible 
Transform

Invertible 
Transform

𝑧

⋮𝑧z
𝑧��z

T𝑥

min
@
max
C

𝑉(𝐺, 𝐷)
𝑥 = 𝑓� ∘ 𝑓��z ∘ ⋯ ∘ 𝑓z 𝑧

log 𝑝(𝑥) = log 𝑝(𝑧) −w
xyz

�

log 𝑑𝑒𝑡
𝑑𝑓x
𝑑𝑧x

𝑧z = 𝑓z 𝑧 → 𝑝 𝑧z = 𝑝 𝑧 𝑑𝑒𝑡
𝑑𝑓z
𝑑𝑧

�z

𝑉 𝐺, 𝐷 = 𝔼:HIJI(,)[log𝐷(𝑥)]
+ 𝔼:N(O)[log(1 − 𝐷(𝐺(𝑧))]

Variational AutoEncoder Generative Adversarial Network Flow

ℒ 𝑥; 𝜃, 𝜙 = 𝔼WX(O|,) log 𝑝5 𝑥 𝑧
−𝐷YZ[𝑞\(𝑧|𝑥) ∥ p z ]

arXiv:1406.2661
arXiv:1312.6114
arXiv:1401.4082

arXiv:1410.8516
arXiv:1505.05770

https://github.com/Atcold/pytorch-Deep-Learning-Minicourse/blob/master/slides/05%20-%20Generative%20models.pdf


Resource Constraints

• Increased pileup at HL-LHC will push boundaries of  our computational 
capabilities
– Major challenges in triggering, large scale simulation, and high multiplicity tracking
– New tools and developments in ML may help address some of  these challenges

• Simulation
– Accurate but often costly simulation of  particle interactions with material, that 

produces sample and not analytic P(energy deposits | particle)
– ML approach: Generative models to learn data distribution, p(x), and produce samples?

• Trigger
– High performance algorithms early in trigger to reduce backgrounds for key signals?

57



Fast Data Acquisition with ML on FPGA 58

• FPGAs are high speed, low power, and highly parallelizable
• Dedicated SW needed to efficiently and effectively port ML algorithms to FPGA 
• Tuning resource usage, data precision, and model pruning needed to hit timing needs

• Example: Boosted jet tagging with HLS4ML software approach

Images from J. Ngadiuba
FPGA Diagram

[arXiv:1804.06913]

https://indico.cern.ch/event/708041/contributions/3269690/attachments/1809703/2955081/hls4ml_ACAT2019_Ngadiuba.pdf


Optimization of  Toy Problems 59
S. Shirbikov, V. Belavin, M. K. , 
A. Baydin, A. Ustyuzhanin


