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Today’s Outline 
• Machine Learning in Practice 
• Challenges 
• Applications in HEP 
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Machine Learning 
What is Machine Learning? 
•  Study of algorithms that  

 improve their performance P 
 for a given task T  
 with more experience E 

 
Sample tasks: identifying faces, Higgs 
bosons 
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In Computer Science 

•  Speech recognition, natural language processing  
•  Computer vision, Robot control  
•  Medical outcomes analysis  
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Preferred approach to:	

Growing fast  
•  Improved algorithms  
•  Increased data capture 
•  Software too complex to write by hand 
	

 
 

Growing fast:	



Examples 
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•  Algorithms capable of 
recognizing us from the digital 
“traces” we leave behind 
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Diving Deeper 
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Huge 
Progress 
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Diving Deeper 
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Huge 
Progress 



In Particle Physics 
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Higgs Boson 
Discovery  
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July 4, 2012  
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Higgs to di-photons 
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ATLAS CMS	
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•  Identification of particles 
•  Identification of interactions 
•  Energy regression 
•  Event selection 

Improvement in analysis from all four areas 
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In Higgs Discovery 



ML in HEP Today 
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Machine learning already at forefront 
of what we do: 
•  Physics object identification 
•  Event type classification  
•  Object properties regression 
 
Expanding quickly 

 

 
 

Identifying boosted objects 

15'

vs'

Identifying boosted objects 

15'

vs'



Deep Learning 
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BDT 

Deep NN 

 Higher performance compared to previous ML methods  
  S. Gleyzer, et. al. 2017 



Deep Learning 
•  Training more complex models 

–  Increased Depth 
– Enlarged Width 
– Specialized Architectures: Convolutional, 

Recurrent, Graphs 
– Novel activation functions: ReLU 

•  Effective strategies avoiding over-
fitting 
– Regularization: L1/2, Data Augmentation, 

DropOut 
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Feedforward NNs, cont’d
• Vanishing gradient! 

• How do we fix that? ReLU! 

• Local minima… 

• Fix with Stochastic Optimization! 

• Adam, RMSProp, Adagrad, etc 

• Overtraining 

• Dropout!

ReLU 
Rectified Linear Unit (ReLU) 
•  Rectified neuron 
•  Faster training convergence 

– Better solutions than sigmoids 
•  Vanishing gradients 

 
– Trained by 

back-propagation  
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Figure 1. ReLU vs. PReLU. For PReLU, the coefficient of the
negative part is not constant and is adaptively learned.

2. Approach
In this section, we first present the PReLU activation

function (Sec. 2.1). Then we derive our initialization
method for deep rectifier networks (Sec. 2.2). Lastly we
discuss our architecture designs (Sec. 2.3).

2.1. Parametric Rectifiers
We show that replacing the parameter-free ReLU activa-

tion by a learned parametric activation unit improves clas-
sification accuracy1.

Definition

Formally, we consider an activation function defined as:

f(yi) =

(
yi, if yi > 0

aiyi, if yi  0
. (1)

Here yi is the input of the nonlinear activation f on the ith
channel, and ai is a coefficient controlling the slope of the
negative part. The subscript i in ai indicates that we allow
the nonlinear activation to vary on different channels. When
ai = 0, it becomes ReLU; when ai is a learnable parameter,
we refer to Eqn.(1) as Parametric ReLU (PReLU). Figure 1
shows the shapes of ReLU and PReLU. Eqn.(1) is equiva-
lent to f(yi) = max(0, yi) + ai min(0, yi).

If ai is a small and fixed value, PReLU becomes the
Leaky ReLU (LReLU) in [20] (ai = 0.01). The motiva-
tion of LReLU is to avoid zero gradients. Experiments in
[20] show that LReLU has negligible impact on accuracy
compared with ReLU. On the contrary, our method adap-
tively learns the PReLU parameters jointly with the whole
model. We hope for end-to-end training that will lead to
more specialized activations.

PReLU introduces a very small number of extra param-
eters. The number of extra parameters is equal to the total
number of channels, which is negligible when considering
the total number of weights. So we expect no extra risk
of overfitting. We also consider a channel-shared variant:

1Concurrent with our work, Agostinelli et al. [1] also investigated
learning activation functions and showed improvement on other tasks.

f(yi) = max(0, yi) + amin(0, yi) where the coefficient is
shared by all channels of one layer. This variant only intro-
duces a single extra parameter into each layer.

Optimization

PReLU can be trained using backpropagation [17] and opti-
mized simultaneously with other layers. The update formu-
lations of {ai} are simply derived from the chain rule. The
gradient of ai for one layer is:

@E
@ai

=
X

yi

@E
@f(yi)

@f(yi)

@ai
, (2)

where E represents the objective function. The term @E
@f(yi)

is the gradient propagated from the deeper layer. The gradi-
ent of the activation is given by:

@f(yi)

@ai
=

(
0, if yi > 0

yi, if yi  0
. (3)

The summation
P

yi
runs over all positions of the feature

map. For the channel-shared variant, the gradient of a is
@E
@a =

P
i

P
yi

@E
@f(yi)

@f(yi)
@a , where

P
i sums over all chan-

nels of the layer. The time complexity due to PReLU is
negligible for both forward and backward propagation.

We adopt the momentum method when updating ai:

�ai := µ�ai + ✏
@E
@ai

. (4)

Here µ is the momentum and ✏ is the learning rate. It is
worth noticing that we do not use weight decay (l2 regular-
ization) when updating ai. A weight decay tends to push ai
to zero, and thus biases PReLU toward ReLU. Even without
regularization, the learned coefficients rarely have a magni-
tude larger than 1 in our experiments. Further, we do not
constrain the range of ai so that the activation function may
be non-monotonic. We use ai = 0.25 as the initialization
throughout this paper.

Comparison Experiments

We conducted comparisons on a deep but efficient model
with 14 weight layers. The model was studied in [10]
(model E of [10]) and its architecture is described in Ta-
ble 1. We choose this model because it is sufficient for rep-
resenting a category of very deep models, as well as to make
the experiments feasible.

As a baseline, we train this model with ReLU applied
in the convolutional (conv) layers and the first two fully-
connected (fc) layers. The training implementation follows
[10]. The top-1 and top-5 errors are 33.82% and 13.34% on
ImageNet 2012, using 10-view testing (Table 2).

2

ReLU       and     Parametric PReLU 



Regularization 
•  i.e. Drop-Out 
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hyperparameters

Regularization

∙ Weight-decay (L2 penalty on large weights)
∙ Max column norms
∙ Dropout

24



Convolutional 
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introduction

Neural Network (NN) Deep NN Convolutional NN

5



Convolutional Neural Networks: 
•  Began with image and sequence-based 

problems in computer vision 
–  Images (2D) 
– CNN’s learn features with simple structures 

•  Filters: repeatedly applied 
•  Unsupervised learning during first stage 

– Jet images and evolution 

Filters 
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Recurrent NN 
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introduction

Recurrent neural network

6

Cycles 



Questions 
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Can we fully exploit the detectors?  
•  Raw data, low-level variables 

 

 

 



Example 
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“End-to-end learning”  
•  By-passing traditional reconstruction 

 

 

 

Andrews et al., 2018  



Particle ID 
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LHCb, CHEP2018 
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Feature Extraction 
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Shallow 

Deep NN 



Present	and	Future	

Challenges		
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Multi-scale challenge 
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 Orders of magnitude 
 between signals and 
 backgrounds 

 
 



Multi-scale challenge 
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 Orders of magnitude 
 between signals and 
 backgrounds 
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 Orders of magnitude 
 between signals and 
 backgrounds 

 
 



Multi-scale challenge 
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 Orders of magnitude 
 between signals and 
 backgrounds 
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Event Complexity 
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Trigger 
108 sensors 



Upcoming Challenges 

 
 
 
 
 
Data size: 
–  LHC    15,000,000 Тb    2010 – 2035 
–  Resources not up as fast as data volume 
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Unknown Physics 
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 HEP Applications 3 

3 



 Imaging Techniques 

Object 
Identification 

Interesting areas 
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Tracking 
Fast Event 
Simulation 

Trigger 
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Figure 2: An illustration of the deep convolutional neural network architecture. The first

layer is the input jet image, followed by three convolutional layers, a dense layer and an

output layer.

The maxpooling layers performed a 2⇥2 down-sampling with a stride length of 2. The dense

layer consisted of 128 units.

All neural network architecture training was performed with the Python deep learning

libraries Keras [47] and Theano [48] on NVidia Tesla K40 and K80 GPUs using the NVidia

CUDA platform. The data consisted of the 100k jet images per pT -bin, partitioned into 90k

training images and 10k test images. An additional 10% of the training images are randomly

withheld as validation data during training of the model for the purposes of hyperparameter

optimization. He-uniform initialization [49] was used to initialize the model weights. The

network was trained using the Adam algorithm [50] using categorical cross-entropy as a loss

– 8 –

Simulation 



Deep ML +FPGA 

FCN, Recurrent, 
LSTMs 

 Convolutional NN  

Interesting areas 

34	
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Figure 2: An illustration of the deep convolutional neural network architecture. The first

layer is the input jet image, followed by three convolutional layers, a dense layer and an

output layer.

The maxpooling layers performed a 2⇥2 down-sampling with a stride length of 2. The dense

layer consisted of 128 units.

All neural network architecture training was performed with the Python deep learning

libraries Keras [47] and Theano [48] on NVidia Tesla K40 and K80 GPUs using the NVidia

CUDA platform. The data consisted of the 100k jet images per pT -bin, partitioned into 90k

training images and 10k test images. An additional 10% of the training images are randomly

withheld as validation data during training of the model for the purposes of hyperparameter

optimization. He-uniform initialization [49] was used to initialize the model weights. The

network was trained using the Adam algorithm [50] using categorical cross-entropy as a loss

– 8 –

Deep Kalman, 
LSTMs, GNN 

Generative Models, 
Adversarial Networks 

Multiobjective Regression  



Defining the Problem 
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If a problem can be expressed as a 
known problem 
•  Apply existing algorithms 

– Example: convolutional neural networks 
from computer vision 

 
If a problem has not been solved  
•  Push the knowledge boundary forward 

 

 
 



Early Examples 
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Jet images with convolutional nets 
 
 

L. de Oliveira et al., 2015 



Examples 
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Neutrinos with convolutional nets 
 

 
 

Aurisiano et al. 2016 

µBooNE 



Flavour Tagging 
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Tracking 
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Tracking with recurrent nets (LSTM) 
 

 
 

Time dimension  
(state memory) 

Examples 

HEP.TrkX, CHEP 2018 
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Tracking with Graph Neural Network 
 

 
 

Examples 

HEP.TrkX, CHEP 2018 



https://www.kaggle.com/c/trackml-particle-identification 
	

TrackML Challenge 
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Meaningful Physics 
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Can we extract features with 
meaningful physics? 
•  from low-level variables        
 
Are we able to understand 
ML models 
•  physics interpretations 
 
 



Meaningful Physics 
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  Pile-up removal with CNN 
 
 
 
 
 
 

Komiske et al., 2017 



Meaningful Physics 
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  Pile-up removal with CNN 
 
 
 
 
 
 

What is learned? 

Komiske et al., 2017 



Defining the Problem 
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How to best use domain knowledge 
we have accumulated?  
•  in designing the algorithms 

 

 

 
 

Krefl, 2017 Louppe et al., 2017 

Jet Clustering Jet Images Strings 

de Oliveira et al., 2015 



Uncertainties 
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•  Decision making 
 
 



Uncertainties 
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G. Louppe et al., 2016         NNPDF Collaboration 
 
 
 
 
 
Bayesian connection:  Deep neural networks 
with drop-out approximate variational inference 
of Bayesian NNs:    Gal and Ghahramani, 2016 

Uncertainties matter 
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GANs 

9/12/18	
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GANs 
Generative Adversarial Networks 
 
 



Simulation GANs 
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L. de Oliveira et al., 2017 



Mauro Donegà: Data Science @ LHC 2015 13

Photon Energy regression
How to improve the corrections ? Add more variables in the description :  

- difficult to model correctly the correlations  
- curse of dimensionality  

Move to a multivariate approach: BDT (Gradient Boosting)

Use many more variables (first try O(80) then down to O(20) ) 
correct treatment of the correlations by the BDT.
Basically add whatever variable makes sense to describe 

the photon 
“photon shape” variables 
photon coordinates (eta, phi) 
median energy density ρ in the event 

Target Variable: Erec/Etrue  
10-30% improvement on resolution depending 
on the energies and region of the detector

Training sample: again single particle gun MC 
(uniform energy spectrum [3-300] GeV and 
uniform in the detector volume (η,φ)

H→γγ MC 
Illustration only

parametric

BDT

Still we get one value per bin of the input space 

Energy Regression  
Inputs:  

 photon coordinates 
 photon shower information  
 median event energy  

 
Target Output:  

 EMEASURED/ETRUE  
            
10-30% improvement with shallow ML  
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Regression 

Modify evaluation in induction algorithm 	
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   Maximum separation                 Minimal variance 

Bayesian optimization aims to e�ciently optimize black-box functions:

x? = argmax
x2X

f (x)

No gradients, observations may be corrupted by noise.

Black-box queries are very expensive (time, economic cost, etc...).

Main idea: replace expensive
black-box quieries with cheaper
computations that will save
additional queries in the long run.

Done in practice by using Bayesian machine learning.

6 / 99



Deep Learning Regression 
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Higher 
is better 

Shallow 

Deeper 



Online DQM 
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A. Pol et al., 2018 



Real Time Application 
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Can we do ML in real-time? 
•  ML: live video analysis, medical, self-

driving cars 
•  HEP Trigger Systems (software and 

hardware) 
 
 



Trigger Applications 
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Belle II 

CMS L1 



ML on FPGA 
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GANs	
VAEs	
ADAM	
Word2vec	



HEPML-CWP 
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arXiv:1807.02876	
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Summary 
•  Machine learning already at the forefront 

of high-energy physics applications 
–  Improvements in particle and event 

classification, and property measurements 
– Feature extraction 
– Estimating and incorporating uncertainty 
– Emerging machine learning applications for  

fast inference in hardware 
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Thank You 
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Figures of Merit 
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SG 

Flavor Tagging 
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Jet Algorithm 

9/12/18	 66	

  
 
 
 
 
 
 
 

 T. Cheng, 2017 

 G. Louppe et al., 2017 

Natural Language Processing, 
RNNs and Jets  



LoLa 
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HiggsML Optimization 



Trigger Applications 
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LHCb, ACAT 2017 
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SG 



71	
Musella and Pandolfi, 2018 
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Jet substructure 
Pixel intensities 

FastSim with GANs 

9/12/18	


