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Fundamental Models

◊ Paradigm: model first, then data 

◊ Some specific dependency is assumed a priori (e.g. a Nature 
low) 

◊ “fit parabola to data” 

◊ Number of degrees of freedom corresponds to the problem 

◊ smaller dimensions  

◊ faster and more stable converging 

◊ Extendable beyond the domain of train parameters  

◊ Interpretable representation 

◊ Can not accommodate difference between parametric model 
and actual data 
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Generic Models
◊ Paradigm: data first, then model 
◊ assumes nothing about dependency a priori 

◊ “find reasonable representation for data” 

◊ model ≡ data 

◊ universal - can accommodate most actual data  

◊ significantly over-defined problem 

◊ special regularisations are needed  

◊ less stable converging 

◊ significant computing resources needed 

◊ many speed up tricks are developed 

◊ extrapolation can not be trusted at all 

◊ hard to interpret 

◊ Machine Learning is all about Generic Models
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Types of Learning
◊ There is a set of well labelled data
◊ we want to learn how to produce labels for more data like this
◊ automation of routine
◊ supervised learning

◊ There is a set of labelled data, and unlabelled data which are 
assumed to be similar
◊ we want to derive labels 
◊ propagation of knowledge
◊ supervised learning

◊ There is a set of unlabelled data with some properties
◊ we want to infer properties of this data
◊ inferring new knowledge 
◊ unsupervised learning
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Machine Learning Pipeline
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Machine Learning Pipeline
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Machine Learning Pipeline
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Basic Problem of the Supervised Learning
X - set of objects


Y - set of answers


y : X → Y - unknown dependency


Given:  

{x1, x2, …, xk} ⊂ X - training sample


{y1, y2, …, yk} ⊂ Y - answers for objects in training sample


Target: 

find a : X → Y - decision function approximating y on the full dataset X


Machine Learning is all about: 

• what are possible objects and answers?


• what is the meaning of  “a approximates y”?


• how to build function a?
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Object Features
Objects of X are completely defined by set of features:


fj : X → Dj.     j=1, 2, …, n - object features


Dj = {0,1} - binary feature  

e.g. {“charged”, “neutral”} for particles


Dj = {c1, c2, …, cl} - categorial feature 

e.g. {“electron”, “muon”, “pion”, “kaon”, “proton”}


Dj = ℝ - numeric feature 

e.g. particle momentum


MC particle: f : x → {PDGid, px, py, pz, vx, vy, vz}  n=7
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Types of the Supervised ML Problems
Classification: 

Y = {−1, +1} - two-class classification


e.g. “signal”, “background”


Y = {1, 2, …, M} - multi-class classification


e.g. particle ID


Regression: 

Y = ℝ or Y = ℝm 

  e.g. reconstructed particle kinematics


grey area: 


classification may be in terms of probabilities 


regression may be in terms of e.g. integers
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Iris Flowers Dataset (Fisher, 1936)

4 features, 3 classes, 150 objects
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Predictive Model
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where:


g: X ╳ Θ → Y - well defined function


Θ - set of possible values for parameter θ 

e.g. linear model with parameter vector


                                             - regression


                                             - classification  
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Features May Be Different

Regression, X = Y = ℝ, 3 features: {x, x2, 1} or {x, sin(x), 1}
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Learning Algorithm

learning algorithm 𝜇 is a function to convert a 
particular data sample into predictive model:


 𝜇 : {(xi, yi)}i=1..l → a ∈ A 

Two stages for the supervised learning


training: 𝜇 builds a using train set {(xi, yi)}i=1..l 

testing: a predicts y for x ∈ X
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Train and Test
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Loss Function
What is the meaning of  “a approximates y”?


loss function: 𝓛(x,a) — prediction error of algorithm a∈A on the 
object x∈X

classification: 


𝓛(x,a) = [a(x) ≠ y(x)]  — error indicator


regression: 
𝓛(x,a) = |a(x) - y(x)| — absolute error


𝓛(x,a) = (a(x) - y(x))2 — quadratic error


…

empirical risk: mean loss on the data sample Xl:
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Nearest Neighbour Classification 

we have a train sample X = {xi, yi}, i=1..l


there is a distance 𝜌 (x’, x”) defined in space of features


for any x algorithm predicts y = yi,  i = arg min 𝜌 (x, xi) 

algorithm:  search in train dataset, no training per se 

 21

mailto:Fedor.Ratnikov@cern.ch?subject=


Fedor.Ratnikov@cern.ch ML Introduction

2-class Classification With 2 Features
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k Nearest Neighbours (kNN)  

using k neighbours improves stability


p(x) = # (kNN events in X of class {1}) / k
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k Nearest Neighbours (kNN)  

k = 1, 2, 5, 30
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Overfitting

What is the quality of classification on training dataset with 
k=1? 


answer: it is ideal (closest neighbour is the event itself)


quality is lower when k>1 


however this doesn't mean k=1 is the best


it means we cannot use training events to estimate 
quality 


when classifier's decision rule is too complex it captures 
details from training data that are not relevant to distribution 


we call this an overfitting (more on this later) 
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Supervised Learning == Optimization

empirical risk: 

learning algorithm: 

e.g. least squares method: 
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How Generic is Result? 

• is g(x,θ) generic for all x∈X, or is it tuned for train set 
Xl? 

• will Q(a, Xk) keep being small on different, test  subset 
of X?


             Overtraining problem

 28
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 Illustration
consider function:


features — powers of x:


linear regression:


use least squares learning algorithm:


train sample:


test sample:


    How Q behaves as n increases?
 29
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Empirical Risks (n=1..31)

overtraining (overfitting): 
 30

error on train          error on test          optimal complexity          
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a(x) = P38(x)
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y(x), train set                y(x), test set                  
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Numerical Optimization
Consider optimization problem:


Usually solved by gradient descent method


converges as 

 32

0<αk<1 — learning rate
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Stochastic Gradient Discent
ML approaches usually use empirical risk function which is 
a sum of  losses over train dataset:


computationally heavy for ℓ ⨠ 1


trick: on each iteration randomly pick one 1≤ ik ≤ ℓ and 
step in that direction:


converges as


batches, momentum and other tricks may improve 
converging rates 
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Gradient Descent vs Stochastic Gradient Discent
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SDG With Momentum
Δw(k) = -α∇wfi(w(k-1))
w(k) = w(k-1) + Δw(k)

Δw(k) = 𝜸 Δw(k-1) - α∇wfi(w(k-1))
w(k) = w(k-1) + Δw(k)

and many other approaches with adaptive learning rate 
 35

mailto:Fedor.Ratnikov@cern.ch?subject=


Fedor.Ratnikov@cern.ch ML Introduction

Various Optimizers Illustration

adaptive learning rate and momentum helps 
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Regularization
generic models usually use more parameters 
than actual dimensions of the function


under-defined optimization problem → 
collinear features → multidimensional 
optimum valleys → computational problems


fit → fit + penalty for large values — 
regularization:


Q(w) → Qα(w) = Q(w) + αR(w) 

R(w) — regulizer, 


α — regularization constant
 37
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Regularization Types

L2 regularization:


R(w) = 𝚺wi2 

L1 (LASSO) regularization:


R(w) = 𝚺|wi| 

L1/L2 regularization (Elastic Net)


𝛼𝚺wi2 + 𝛽𝚺|wi|
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Geometric Interpretation
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Another Interpretation
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Logistic Regression

We want to separate objects of 
two classes

Domains for classes essentially 
intersect

Probabilistic separation is 
appropriate in this case: 

logistic regression

 42

mailto:Fedor.Ratnikov@cern.ch?subject=


Fedor.Ratnikov@cern.ch ML Introduction

Logistic Regression Model

 43
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Logistic Regression Model
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Logistic Regression Model
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classic classification decision boundary is set by h(x) = 0.5
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Is Linear Regression Too Restrictive?
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Is Linear Regression Too Restrictive?

It’s all about selecting good features

 47

x1
x2

useless?

x1
x12+x22

x1

x 2

x1

x 1
2 +

x 2
2

easy!

mailto:Fedor.Ratnikov@cern.ch?subject=


Fedor.Ratnikov@cern.ch ML Introduction

Outlook
◊ Models and data  

◊ Formal set of the ML problem 

◊ Practical points 

◊ Logistic regression 

◊ Figures of Merit 

◊ Models optimization 

◊ Neural networks basics 

◊ Neural Networks heuristics 

◊ Decision Trees 

◊ Illustrations 

◊ Concluding remarks
 48

mailto:Fedor.Ratnikov@cern.ch?subject=


Fedor.Ratnikov@cern.ch ML Introduction

Figures Of Merit

For the regression e.g. 𝜒2 on the test sample is a reasonable FOM


What is a good FOM for classification problem?


However e.g. for sample with 50 signal and 950 background 
events, classifier “all is background” has accuracy = 0.95

 49
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Confusion Matrix

 50

background fake rate  →

signal efficiency  →
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Receiver Operating Curve
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ROC History

WWII: studying algorithms to 
correctly detect Japanese aircrafts 
using radars


ROC and ROC-AUC were found a 
good figures to quantify receiver 
ability to correctly detect aircraft 
from the radar signal
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ROC Curve Demonstration
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ROC Curve 

output of binary classifier is a real variable 


say, signal and background


which classifier provides better                     
discrimination?

 54
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ROC Curve

Defined only for binary classification


Contains important information:


all possible combinations of signal and background 
efficiencies you may achieve by setting threshold


Particular values of thresholds (and initial pdfs) don't 
matter, ROC curve doesn't contain this information


ROC curve = information about order of events: 


bbsbsb ... ssbss 


Comparison of algorithms should be based on the 
information from ROC curve
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ROC-AUC

ROC-AUC: Area Under ROC Curve


ROC-AUC = P(rb < rs)


rb and rs are predictions                                                       
for random background                                                   
and signal events 


The bigger ROC-AUC,                                                              
the better  
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Selecting Good Classifier

ROC AUC is a measure of 
separation ability of the 
classifier


Is larger always better?


These these are two classifiers 
for trigger selection at LHC


which one should be used? 


NB we are limited by the 
trigger rate and need few 
background events to pass

 57
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Model Validation and Selection
our model has free parameters (hyperparameters)


e.g. polinom degree n for Pn regression, subset of features 
in multivariate regression etc.


model selection: how to choose optimal hyperparameters 
for the given problem


during training we obtain some model performance


model validation: how to evaluate true performance (NB 
overfitting)


solution: hold some data apart when training the model, use 
them for unbiased validation and optimization of the model
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Model Validation
◊ split data X = Xtrain + Xval

◊ train model  g(x, θ) on Xtrain

◊ find optimal parameters θ0  and 
optimal model  g0(x)= g(x, θ0)

◊ assess quality, e.g. Q(g0(x), Xval)

◊ we got unbiased quality 
estimation, but no idea about its 
precision

◊ result depends on the particular 
data split 
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K-fold Cross Validation
◊ split data X = X1 + X2 + … + XK       of 

equal sizes

◊ train K models  gi(x), i=1..K

◊ each model is trained on all 
subsets except Xi

◊ assess K qualities, on remaining 
subset, e.g. Q(gi(x), Xi)

◊ we got K estimations for quality, 
may derive average and variance

◊ most effective use of available 
dataset 
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K-Fold Cross Validation Tradeoffs

◊ many folds:

◊ small bias comparing to training on the full dataset

◊ large variance due to small test size

◊ large computational time due to many experiments

◊ few folds:

◊ computationally effective

◊ small variance

◊ larger bias with respect to the training on the full dataset

◊ mean and variance of the Q in CV gives a good idea about 
quality and stability of the model
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Model Optimization

◊ with cross-validation we can                                   
evaluate quality of the model

◊ but we can use different                                            
models

◊ how to select the best one?

◊ e.g. which degree d to select for Pn regression? 

◊ solution: consider it as a yet another optimization problem

◊ describe variety of models by few hyperparameters

◊ optimize hyperparameters
 63
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Hyperparameters  Optimization
◊ what is the figure of merit?

◊ e.g. mean quality on cross-validation

◊ on which data?

◊ validation subset must be statistically independent 
from both train and validation subsets

◊ which approach?

◊ until number of hyperparameters is small, simple grid 
search may be good enough

◊ otherwise black-box optimization approaches/tools may 
be employed

◊ to speedup converging and increasing precision
 64
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Hyperparameters  Optimization
◊ optimisation tools

◊ hyperopt 

◊ SMAC3

◊ GPyOpt

◊ scikit-optimize

◊ bayesopt

◊ modelgym

◊ difference

◊ sequential/distributed/parallel execution 

◊ surrogate model family

◊ support from the developers 
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Neural Networks

 67

features
n inputs

hidden layer 
H neurons 

output layer 
M neurons 

(n+1)H+(H+1)M total model parameters
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Neural Network Intuition: Classifier

◊ Linear logistic regression 

◊ requires decision boundary be a plane in terms of input features

 68
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Historical Basis
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Theoretical Basis
◊ Arnold - Kolmogorov (1957): 

◊ if f is a multivariate continuous function, then f can be written as a 
finite compositionof continuous functions of a single variable and 
the binary operation of addition 

◊ Gorban (1998) 

◊ it is possible to obtain arbitrarily exact approximation of any 
continuous function of several variables using operations of 
summation and multiplication by number, superposition of functions, 
linear functions and one arbitrary continuous nonlinear function of 
one variable. 

◊ Thus Neural Network is an universal approximator for any 
continuous function 

◊ necessary complexity of the NN is not specified  though
 70
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Neural Network Intuition: Building Features

◊ Linear logistic regression 

◊ use NN layer to construct features more appropriate for linear 
logistic regression

 71
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Neural Network Intuition: Building Features

◊ Linear logistic regression 

◊ use extra NN layer to construct new features which are more 
appropriate to construct features which are appropriate for linear 
logistic regression
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Backpropagation
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uhfj

features
n inputs

hidden layer 
H neurons 

output layer 
M neurons 

(n+1)H+(H+1)M total model parameters
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Loss Variation
◊ We want to correct (quadratic) loss by varying w appropriately 

◊ output layer error: 

◊ Let’s propagate it back to u:  

◊ this is previous (dense) layer error  

◊ note, errors “propagates back”: 

◊ This may be repeated further back for all layers
 74
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Stochastic Gradient Optimization

◊ Now we can get loss derivatives for all model parameters (weights): 

◊ These are used for Stochastic Gradient Descent optimization 

◊ NB: massive tensor computations 

◊ how long would it take to compute 1000D gradient numerically? 

◊ calculations may be significantly speed up by using vector CPU 
operations or loading them into GPU
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Initialization

◊ Initialize with zeros 

◊ 0 → w  

◊ What would be the first 
step?

 77
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Initialization

◊ Break the symmetry! 

◊ N(0, 0.01) → w  

◊ U(0, 0.1) → w

◊ …
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Dropout

◊ On every step of optimization disconnect neurone h of layer ℓ 
with probability pℓ:

◊ When using, enabled all neurones with correction: 

◊

 79
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Why Dropout?
◊ Regularization: train NN most sustainable to losing pN neurons 

◊ emulating brain sustainability 

◊ Reduce overtraining of particular network domains by forcing 
them all to solve general problem rather than fine tune to 
compensate errors each other 

◊
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Activation Functions

◊ Sigmoid-like functions are prompt to “vanishing gradients” 
problem: may cause “network paralysis”  

◊ Solution: using rectified linear units like 
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Batch Normalization
◊ Process data in mini-batches 

◊ For every mini-batch normalize inputs for every neuron to given 
mean 𝛽 and variance 𝛾 

◊ 𝛽ij, 𝛾ij are model parameters now, learned as usual 

◊ Heuristic: stabilising domain of input improve convergence 
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Why NN?
◊ For classification problems NN 

doing as good as BDT 

◊ BDT even mor stable 

◊ NN power is in flexibility 

◊ NN is a tool to build an arbitrary 
architecture, and as soon as 
appropriate loss function is set, it 
will learn the model eventually 

◊ Different applications have 
different specifics 

◊ you are going to have a lot of fun 
by studying them in coming days!
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Outlook
◊ Models and data  

◊ Formal set of the ML problem 

◊ Practical points 

◊ Logistic regression 

◊ Figures of Merit 

◊ Models optimization 

◊ Neural networks basics 

◊ Neural Networks heuristics 

◊ Decision Trees 

◊ Illustrations 

◊ Concluding remarks
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ML Basic Concept
◊ Machine Learning is a technical way to build generic model for 

the given dataset 

◊ inputs, outputs or goals may be very different though 

◊ classification 

◊ pattern recognition 

◊ text, speech, vision, etc. 

◊ new object generation 

◊ action control 

◊ games, driving, etc. 

◊ … 

◊ Key requirement: there is a way to effectively train the model
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Decision Trees for Regression

◊ Build tree, optimize MSE in leafs 

◊ use greedy algorithm on every step
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Generic Model: Decision Trees
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Deep DT

Shallow Boosted DT

depth=2,4,6 DT

100× depth=3 BDT
http://arogozhnikov.github.io/2016/06/24/gradient_boosting_explained.html
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BDT vs NN

◊ Both have similar performance 

◊ as after meaningful training both represent the dataset properties 

◊ actual winner depends on data specifics 

◊ NN are more flexible for building models beyond classification 
problems 

◊ special architecture (connections) 

◊ special additions to loss training function

 88

mailto:Fedor.Ratnikov@cern.ch?subject=


Fedor.Ratnikov@cern.ch ML Introduction

Outlook
◊ Models and data  

◊ Formal set of the ML problem 

◊ Practical points 

◊ Logistic regression 

◊ Figures of Merit 

◊ Models optimization 

◊ Neural networks basics 

◊ Neural Networks heuristics 

◊ Decision Trees 

◊ Illustrations 

◊ few examples 

◊ HEP data 

◊ industrial ML 

◊ HEP success stories 

◊ Concluding remarks
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Types of Learning
◊ There is well labelled data 

◊ we want to learn how to produce labels for more data like this 

◊ automation of routine 

◊ supervised learning 

◊ There is labelled data, and unlabelled data which are assumed to be similar 

◊ we want to derive labels  

◊ propagation of knowledge 

◊ supervised learning 

◊ There is unlabelled data with some properties 

◊ we want to infer some properties of this data 

◊ inferring new knowledge  

◊ unsupervised learning
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(Automation of) Data Quality Monitoring
◊ Data quality monitoring is boring and time 

consuming work 

◊ Extremely important to guarantee solid physics 
results 

◊ Different properties of high level physics objects 
are analysed 

◊ photons, muons, calorimeter jets, combined 
(particle flow) jets 

◊ kinematics, vertices distribution 

◊ ∼2500 features in total  

◊ Build classifier to decide if data are good or bad
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black zone grey zone white zone

0 1Cut “bad” Cut “good”

expert 
decisionautomatic 

decision

ManualWork = RejectionRate

Caveat: how good the expert is?
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◊ Most common use case for HEP data analysis (MVA) 

◊ Train on MC or MC&DATA mixture 

◊ apply to data 

◊ Need to account for (minor) difference between MC and data 

◊ different approaches: data doping, domain adaptation etc. 

◊ either approach requires control sample to test the difference 

◊ no ML tools to propagate difference in samples into systematics in classifier

Propagation of Knowledge
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Caveat: how to determine systematics due to sample difference?

mailto:Fedor.Ratnikov@cern.ch?subject=


Fedor.Ratnikov@cern.ch ML Introduction

Unsupervised Learning: Dimensionality Reduction

◊ Reduce 28x28=784D space to 2D 

◊  t-SNE algorithm effectively separates classes
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Generative Models

◊ Learn properties of the given dataset 

◊ determine domain where objects of the dataset are concentrated 

◊ probability distributions in the domain 

◊ Then can generate random new but similar                          
objects  

◊ Unconditional 

◊ domain for all objects (e.g. “cat on the image”)  

◊ Conditional 

◊ objects are accompanied by features 

◊ different domains for different conditions (e.g. “red cat”)
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Baseline Generator
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unconditional conditional
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Big Data Big Players
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Business emails
3000 PB

Facebook
180 PB

GOOGLE search index
100 PB

Medical 
records
30 PB

LHC 
data

15 PB

YouTube
15 PB

адаптировано из http://www.wired.com/2013/04/bigdata/

data collected in 2012
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Domain Relevant for Science
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Success Stories: LHCb Trigger 

◊ Aggressively re-optimised topological trigger for Run II 
operation 

◊ Gain 10%..70% efficiency for different channels!
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PV
Event

HLT-1 track: 100 kHZ HLT-1 2-body SV: 50 kHZ

OR

HLT-2 Topo: 2-4 kHZ

PV
SV

SV
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SS: MicroBooNE Neutrino Selection

◊ CNN effectively predicts bounding box containing interacting 
neutrino
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Nature, 560, 41-48 (2018) 
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SS: NOvA Event Selection

◊ Classification of different types of different neutrino 
interactions
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Nature, 560, 41-48 (2018) 
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Outlook
◊ Models and data  

◊ Formal set of the ML problem 

◊ Practical points 

◊ Logistic regression 

◊ Figures of Merit 

◊ Models optimization 

◊ Neural networks basics 

◊ Neural Networks heuristics 

◊ Decision Trees 

◊ Illustrations 

◊ Concluding remarks
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Learning Curve

◊ ML is mostly empirical science now 

◊ there are different approaches and tricks that proved to work 

◊ … for some particular problems and cases  

◊ the success is driven by finding right combination of 

◊ architecture 

◊ data for training 

◊ loss function 

◊ training procedure 

◊ Hands on experience of solving different problems is vital to 
find right combination and solve complex problems
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Approaches to Accommodate Expertise

◊ Inside out 

◊ By including ML techniques into research stack 

◊ quality of results is boosted by using state of the art data processing 
technology 

◊ young people learn skills and get on hands experience that are 

◊ beneficial for scientific research 

◊ highly valued on the labor market  

◊ Outside in 

◊ There are plenty of romantic ML experts that happily contribute into 
fundamental study of the Universe 

◊ there are different approaches to such cooperation
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Conclusions
◊ Machine Learning is not just                                        a 

glorified statistics
◊ though it is strongly related to it 

◊ Machine Learning is about 
◊ representation

◊ art of converting data to the format                                                         
suitable for processing by algorithms

◊ evaluation

◊ writing a good loss function that effectively converts data into 
answer of interest

◊ optimization

◊ govern the system to develop in the right direction and converge to 
the right point  
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