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Scope of the TMVA Lab

= Explore of the TMVA package for training machine learning algorithms
= Exercise these tools and get familiar with them
= Be a good starting point towards solving YOUR machine learning needs

= There are many excellent resources online (the fact that machine

learning is a subfield of computer science helps) to experiment with
machine learning

= During the tutorials in this lab, we'll go over some (biased, non-
exhaustive) applications of machine learning, to begin with

= If you have a problem that you'd like to address, feel free to
bring it forward and experiment with it during the tutorials
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TMVA :: Toolkit for Multivariate Data Analysis with ROOT

= ROOT: is the analysis framework used by most (HEP)-physicists

= TMVA: rather than implementing MVA techniques and making them available in ROOT:
= Have one common platform / interface for all MVA classifiers

Have common data pre-processing capabilities

Train and test all classifiers on same data sample and evaluate consistently

Provide common analysis (ROOT scripts) and application framework

Provide access with and w/o ROQOT, through macros, C++ executables or Python

= Integral part of ROOT: https://root.cern/manual/tmva

IMVA
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TMVA :: Code Flow for

User Training

Script
create ROOT
Target File
T uses
create
TMVA::Factory
i»[ Add Variables J
execute
. ...................
—b[ Add Variables J
:
% sl API {Trlar::f::gssnd J
= Test Trees
=
<] AP| ,[ Book MVA
¥ execute N — > — J
»| Book MVA J
kType, Options
execute API Train MVAs ]
write weight files
Eaccute AP o[ Testmvas |
BISCKe API >[Evaluate MVAs]
Y Y
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User Application

Training and Application Phases

Script
create
TMVA::Reader
API .
—D‘ Add Variabl
execute kel ]
' ................... -
—»[ Add Variables ]
API ,[ Book MVA
§ execute ..{ ................... . weight file to read]
c
[0] > Book MVA
g. weight file to read]
b
© 1 begin event loop
2 B
Q
= event loop
— update event
AP|
et {—ﬁ Compute MVAJ
—»{ Compute MVA]
=
end event loop

Y Y

Source: A. Hoecker, Multivariate Data Analysis with TMVA
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TMVA :: Simple Example for Training
void TMVAnalysis( )
{

TFile* outputFile = TFile::Open( "TMVA.root", "RECREATE" );
TMVA::Factory *factory = new TMVA::Factory( "MVAnalysis", outputFile,"!V"); <+ Ccreate Factory
TFile *input = TFile::Open("tmva_example.root");

factory->AddSignalTree ( (TTree*)input->Get("TreeS"), 1.0 ); PUR— T ini
factory->AddBackgroundTree ( (TTree*)input->Get("TreeB"), 1.0 ); gdive trammg/teSt trees

factory->AddVariable("var1+var2", 'F');

factory->AddVariable("var1-var2", 'F'); i . :
factory->AddVariable("var3", 'F'); <+— register input variables

factory->AddVariable("var4", 'F');

factory->PrepareTrainingAndTestTree("", "NSigTrain=3000:NBkgTrain=3000:SplitMode=Random:!V" );

factory->BookMethod( TMVA::Types::kLikelihood, "Likelihood", 4_Se|eCt MVA
"IV:ITransformOutput:Spline=2:NSmooth=5:NAvEvtPerBin=50" ); / methods

factory->BookMethod( TMVA::Types::kMLP, "MLP", "IV:NCycles=200:HiddenLayers=N+1,N:TestRate=5" );

factory->TrainAllMethods();

factory->TestAllMethods(); <+— frain, test and evaluate
factory->EvaluateAllMethods();

outputFile->Close();
delete factory;

} > TMVA tutorial ‘

ESIPAP -- TMVA Lab — Karolos Potamianos

Source: A. Hoecker, Multivariate Data Analysis with TMVA



. 7
olPap
TMVA :: Simple Example for Application R

void TMVApplication()
{
TMVA::Reader *reader = new TMVA::Reader("!Color"); <+— create Reader

Float_t var1, var2, var3, var4;

reader->AddVariable( "var1+var2", &var1); ] .
reader->AddVariable( "vari-var2", &var2); <+— register the variables
reader->AddVariable( "var3", &var3 );
reader->AddVariable( "var4", &var4 );

reader->BookMVA( "MLP classifier", "weights/MVAnalysis_MLP.weights.txt"); <= hoOkK Classifier(s)

TFile *input = TFile::Open("tmva_example.root");
TTree* theTree = (TTree*)input->Get("TreeS");
/I ... set branch addresses for user TTree prepare event Ioop
for (Long64 _t ievt=3000; ievt<theTree->GetEntries();ievt++) {

theTree->GetEntry(ievt);

var1 = userVar1 + userVar2;

var2 = userVar1 - userVar2; . :
var3 = userVar3; <+— compute input variables

var4 = userVar4;

Source: A. Hoecker, Multivariate Data Analysis with TMVA

Double_t out = reader->EvaluateMVA( "MLP classifier" ); <+« calculate classifier output
Il do something with it ...
}
delete reader;
} = TMVA tutorial ’
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TMVA :: MVA Evaluation Framework
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= TMVA is not only a collection of classifiers, but an MVA framework
= Provides evaluation scrips (through GUI)
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< TMVA Plotting Macros

(1a) Input Variahles

(1h) Decorrelated Input Variables

(1c) PCA-transformed Input Variables

(2a) Input Variahle Correlations (scatter profiles)

{2b) Decorrelated Input Variable Correlations (scatter profiles)

{2c) PCA-transformed Input Variable Correlations (scatter profiles)

(3) Input Variable Linear Correlation Coefficients

(4a) Classifier Output Distributions

{4b) Classifier Output Distributions for Training and Test Samples

(4d) Classifier Rarity Distributions

(5a) Classifier Cut Efficiencies

{(Sh) Classifier Background Rejection vs Signal Efficiency (ROC curve)

(6) Likelihood Reference Distributiuons

(7a) Network Architecture

(7b) Network Convergence Test

(8) Decision Trees

(9) PDFs of Classifiers

|
|
|
I
I
I
I
|
I
(4c) Classifier Probability Distributions |
I
I
I
|
|
|
|
|
|

(10) Rule Ensemhle Importance Plots

(1) Quit |

Plot all signal (S) and background (B) input variables
with and without pre-processing

Correlation scatters and linear coefficients for S & B

Classifier outputs (S & B) for test and training
samples (spot overtraining)

Classifier Rarity distribution
Classifier significance with optimal cuts
B rejection versus S efficiency

Classifier-specific plots:

» Likelihood reference distributions

» Classifier PDFs (for probability output and Rarity)
* Network architecture, weights and convergence

* Rule Fitting analysis plots

* Visualise decision trees




TMVA :: MVA Evaluation Framework

= TMVA is not only a collection of classifiers, but an MVA framework

= Evaluation of Classifiers
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TMVA :: MVA Evaluation Framework R

= TMVA is not only a collection of classifiers, but an MVA framework
= Evaluation of Classifier outout distributions for test and training samples

T . ge over ier:
| TMVA overtraining check for classifier: MLP-1 | T"V“ 5 gheck for clageller: Fisher.
Signa) (test sample) Te Sig;ﬁ ltraining sample) =
N R
| g T T T T T T g T T | T T T T T =5 16 % Background (test sample) | « Background (training sample) —J
E 5 HELW Signal (test sample) = | « Signal (training sample) — E , T
cmm r . N TMVA overtraining check for classifier: PDERS
= {~] Background (test sample) | | « Background (training sample) - : : S -
E E 6 Signal ftest sample) ' « Sighal (tralning sample) | ]
= ~Kolmogorov-Smirnov test: signal (background) probability = 0.978 (0.103) - Background (test sample) | | « Background (training sample] ]
2 au— E 5 Smirmov test: signal =0.00153 (4.31
B [ TMVA overtraining check for classifier: Likelihood |
B g 2 F] Signal ftest sample) | « Sighal (training sdmple) .~ 3
3 é ‘=E' 18 Background (test sample) | | » Background (training sample) —
- P s 16 F Smirnov test: signal =0.827(0582) 4
B g 2 | TMVA overtraining check for classifier: SVM_Gauss |
= ; = E 45 H ignal (test sample) « Sighal (trafning sample) 3
2 — a E 4 Background (test sample) « Background (training samp|e) -
B =) E EKofm Smirnov test: signal =0.995 (0. iLE
- s 2 E 81 Aﬁ =
L. S | TMVA over g check for classifier: BDT |
1 —_ é: 1 E e iSighal (test 5ample) | " [T+ "signal (training sample)’
| (2 'E' . [77] Background (test sample) | | « Background (trai ing sample)
- E LK Smirnov test: signal = )
o s F ]
- = [ ]
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TMVA :: MVA Evaluation Framework

= TMVA is not only a collection of classifiers, but an MVA framework
= Comparison and optimal cut for Classifiers

B Optimal cut for each classifiers ...

Determine the optimal cut (working point)
on a classifier output

empagu
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Before we proceed ...

= Feel free to work in teams if you desire, ask questions at any time, and
help answer each other’s questions! [doesn't really apply with COVID
but we can nevertheless make it happen if you so desire]

= Machine Learning is a rapidly growing field (esp. in deep learning as
we'll see later): nobody knows everything, and there are new ideas
each week!

= Luckily, there’s a very active community of people online, with lots of
tutorials, blog pots, videos, etc.

= ML/DL is also about sharing and collaborating with others!

ESIPAP -- TMVA Lab — Karolos Potamianos
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TMVA Lab :: Tutorial

= Slides and instructions are available here:
» https://qitlab.cern.ch/karolos-potamianos/esipap/tmva-tutorial

= The repository contains some exercises you can run
= We will go over them during the tutorial and the Q&A
= Additional tutorial material is available here:
= https://root.cern/doc/master/group tutorial tmva.html

= There are several ways to run (and do your work in the future):
= Run on SWAN: https://swan.cern.ch/ (requires CERN account)
= Run on Docker: https://hub.docker.com/r/rootproject/root
= Run on Ixplus (requires CERN account)

= Install ROOT (>= 6.22) and Python3 locally or on the remote

machine you’re working on, manually or via a package manager
(e.g. Anaconda)

ESIPAP -- TMVA Lab — Karolos Potamianos
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TMVA Lab :: Running with SWAN

= CERN offers a Service for Web based ANalysis (SWAN): https://swan.cern.ch
= Note that you need a CERN account to use it

= Once your session is started, and you’ve chosen the configuration (default is OK), you
can use the "Download from git” button (see right) and point to

s https://gitlab.cern.ch/karolos-potamianos/esipap/tmva-tutorial

’ 00
m Share CERNBox >— [a) 7 C4

SWAN > My Projects > tmva-tutorial

tmva-tutorial @0

O NAME ~ SIZE STATUS MODIFIED
[7 dataset a year ago
&8 RDataFrames.ipynb 556 B ayear ago
& TMVA-Classification-Higgs-BDT-Comparison.ipynb 61.7 kB ayear ago
& TMVA-Classification-Higgs-BDT.ipynb 268 kB ayear ago
& TMVA-Classification-Higgs-MVA-Comparison.ipynb 135kB ayear ago
& TMVA-Classification-Higgs-Reader.ipynb 59.5kB ayear ago
& TMVA-Classification-Keras.ipynb 141 kB 10 months ago
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TMVA Lab :: Runnin g wi th Docker B e

= Docker is a system to manage and run containers. A container is a
standard unit of software that packages up code and all its

dependencies so the application runs quickly and reliably from one
computing environment to another.

= Very flexible and allows runing from any machine with an internet
connection and Docker installed; to get Docker, check out
https://docs.docker.com/get-docker/

= You can run the latest version of ROOT and Python3 by running:
" docker run -it rootproject/root:6.24.06-centos7 /bin/bash
= You'll need a terminal application to execute the line above

= The container will be downloaded automatically if.necessary

@ Jdocker
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https://docs.docker.com/get-docker/

6

. 1
i ) eslpap
TMVA La b an RLI nnNnin g wit h DOC ke r Cunpoan ol ofrsnenaton,

= You might want to link the local folder inside the container so that your

data is saved to your local computer once the container is closed (else
the data will be lost)

= Once you git clone the course material, you can start running it

ESIPAP % git clone https://gitlab.cern.ch/karolos-potamianos/esipap/tmva-
tutorial

ESIPAP % docker run -it --user $(id -u) -p 8888:8888/tcp -v "${PWD}/tmva-
tutorial":/tmva-tutorial rootproject/root:6.24.06-centos7 /bin/bash

docker
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TMVA Lab :: Running with Docker :: Jupyter Notebook e

= You can also spawn the Jupyter Notebook sever with root using (in the container):
= root --notebook
= You might need additional setup for this (depending on your configuration)

= You can also enable graphics in your container, following the instructions at:
= https://hub.docker.com/r/rootproject/root
= These instructions differ depending on your platform (Linux, Windows or macOS)

docker
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Google Colaboratory :: https://colab.research.google.com

= Colab is a Python development environment that runs in the
browser using Google Cloud (for free)

= VVery convenient for sharing code and work together
= Uses the concept of Python Notebooks (like Jupyter)

= You can also import code from GitHub!

= Note: you don't need to be an expert on Python
to use it for ML (though it helps to know it) as
most of the syntax is straightforward

-
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MATERIAL

ESIPAP -- TMVA Lab — Karolos Potamianos



ML Playground :: https://ml-playground.com

= Website to play live with some of the ML algorithms to get a

feeling on how they behave
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Tensorflow Playground :: https://playground.tensorflow.org T

o Epoch Learning rate Activation Regularization Regularization rate Problem type
>l
000,000 0.03 ~ Tanh . 0

None v v Classification v

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.499
you want to use? you want to feed in? D @ h @ Training loss 0.516

4 neurons 2 neurons

Ratio of training to
test data: 50%

)
< i

IO

o X12 The outputs are ¢ °
mixed with varying
) weights, shown by
Noise: 0 e the thickness of
Y the lines. “ e -
Batch size: 10 X1X2 < This is the output
—0 from one neuron. I
Hover to see it Y
larger.
REGENERATE Sy

Colors shows
data, neuron and F !
sin(X2) ’

weight values.

(] Showtestdata [] Discretize output
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Scikit-Learn :: http://scikit-learn.org IR

= Good to start on ML, limited support for NN/DL, no GPU support
= Simple and efficient tools for data mining and data analysis
= Accessible to everybody, and reusable in various contexts
= Built on NumPy, SciPy, and matplotlib
= Open source, commercially usable - BSD license

.Eewm
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Scikit-Learn :: Classifier Comparison

Input data Nearest Neighbors Linear SVM RBF SVM Gaussian Process Decision Tree Random Forest Neural Net AdaBoost Naive Bayes
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