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— Artificial Neural Networks (ANN)

— Boosted Decision Trees (BDT)

AT Root ) 2 A2 &= o T A TMVA




CERNKE 5 FX#HLLHC

Muon Detectors Tile Calorimeter  Liquid Argon Calorimeter




RAVBR N LHC: R0

I RPAEL VAN

| 1149 AM i
8/30/2012



Proton_Event_720pH264.mov

REVEF NN, LHC: JiFX &

Proton-Proton 2835 bunch/beam
Protons/bunch 10"

Beam energy 7 TeV (7x10'2 eV)
Luminosity 10** cm? s

Bunch Crossing rate 40 MHz

Proton Collisions ~ 107 - 10°Hz
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Muon Spectrometer:
muon identification and
momentum measurement

A
Neutrino
.

Hadronic calorimeter:
Measurement of jets and
missing energy
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v' X = di-photon

\ v X = di-boson ?
FRFALT v' X 2 Z+photon | =
v' X = di-lepton -
v X =2 di-jets
v X2 hh

SUSY particles

v' SUSY Particles

v’ Dark Matter

v Heavy Quarks

v' Majorana neutrino
v Long Lived Particle
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F BRERHAHLEE, MNMNARBEH: H)(B), Hy(S)

We have found discriminating input variables x,, X,, ...

What decision boundary should we use to select events of type H; ?

Rectangular cuts? A linear boundary? A nonlinear one?
XA ° XA ® XA
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B TMVA helps to decide on the model and finds the “optimal” boundary!

Low variance (stable), high bias methods High variance, small bias methods
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\ Each event, Signal or

S

2 a5 H™ J Signal =
Background, has “D”  § =~ = Background E
i § b B) >0, v(S) > 1 g 4
measured variables. : /5 RS £
[TMVA Input Vermblesiog (£S I:)(’Ips_m ) g B
140 1_ —
D 0.5 8
1 y(X) RneR 0 0 0.2 04 0.6 0.8 I 1 -
il « —_— X
. feature y()
=" space” y(x): “test statistic” in D-dimensional space of input variables
o
: Distributions of y(x): PDFg(y) and PDFg(y)
Used to set the selection cut! > cut: signal
Y(X): -~ = cut: decision boundary
—> Efficiency and purity . <cut: background
y(X) = const: surface defining the decision boundary.

/ Overlap of PDF¢(y) and PDFg(y) affects separation power, purity

——C
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=» Decide to treat an event as “Signal” or “Background?”

Trying to select signal events:
. M = /g — =
Type'l error. (jiﬁéﬁﬁjjﬂ%‘?gﬁj) (i.e. try to disprove the null-hypothesis
classify event as Class C even though it is not SN 1 were el & e Ereuns evEn
(accept a hypothesis although it is not true) '“90
(reject the null-hypothesis although it W.ould have k.)een the correct one) 1}.0/0@,0/6 Sianal Back-
—> loss of purity (in selection of signal events) y NG g ground
0 = . Type-2
Type-2 error: ({5 RAREKER) Signal ®) Zfror
fail to identify an event from Class C as such
(reject a hypothesis although it would have been true) Back- Type-1 ©
(fail to reject the null-hypothesis/accept null hypothesis although it is false) ground error
—> loss of efficiency (in selecting signal events) BE=1""has
E 33 Background B
How to choose “cut”’? - need to know g — E
25 m
prior probabilities (S, B abundances) 20 -
« Measurement of signal cross section: maximum of S/\(S+B) 18 E
« Discovery of a signal maximum of S//(B) J E
* Precision measurement:  high purity (p) 93
 Trigger selection: high efficiency (g) °% 0.2 0.4 0. 08 -
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I EEERFE (Receiver Operating Characteristic, ROC) HH
2, HEH PrifFIROC Curve, s&dlLds 5 > Ads b & I 77
FMEBE PP HE £5 Type-1 error: (RRRHANESEEHD
Type-2 error: (ff SiRHANEREH]D
P(x|S)

Type-1 error small

P(X | B) Type-2 error large
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e V ‘\\\
:‘%Type—l error large
N Type-2 error small
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o WABE3] (Supervised Learning) MZ55E I 2R3 & v 2
TR AL SRR 2R, AT DURYEIX A pr £ 7o)
ZE R . WM GEER R BEFEM AN A H, el Bl
ARFEAM H AR IZREET I HAna2 B SRR . B WL &
2 EIEAFERAS TG 2. (DRTFERD

. TWEZS (Unsupervised Learing) 5ME2 M, I
WA NAREM S R W IR B ) JE AR,

- HWERZZ>] (Reinforcement Learning) 181 Wi &2k 22 > Al
B T RORIR TG I R RIS o BRI EAR X A B sz,
7 20T GAR YL 5E 21 1) Jo] B[P 858 1) B Wi R A A B o 15
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1) FHIEFAEFE (Preprocessing)
“«:“J 2) A% EBEMAKE (Learning)
3) H:EEfE It (Evaluation)
4) SEBRMA (Prediction)

~ N Y B )

Dimensionality Reduction
Sampling

'
a \
N :
> Learning Final Model [ New Data
Training Dataset Algorithm )
Labels v :
> ] \/
Raw TestDataset [p~qp-= = rorree=- s b Al L : tabaie
Data A
----------------------- rr---—-—----—---‘

\ Preprocessing j \_ Learning I\ Evaluation / K Prediction )

° llF%x,—éj

o %IIF"FX:—Q—J
o I5ET ]

Performance Metrics

Hyperparameter Optimizatio

Model Selection
Cross-Validation
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PlasF I Hik: BRI
AN THZMZ (Artificial Neural Networks)
WM (Decision Tree, Boosted Decision Trees)
RE %] (Deep Learning, Z a2 N T2 N 4%)
X FEHEML (Support Vector Machines, 3¢ £F ] S AL LE =1 4 HH 44 i 68~ T 28X
T A S H T53 28, 8150 2800 e B Bealr I I SR 2004 B iR G- )
W& RIR LRI (Fisher Discriminant, {5 4iit 2 fkE iR 51 75
, R BPRI AR AE ) — DN A S, DR X efll. )

Training Set — Representation ——  Generalization

C T
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Xo

N

background®

fix)

0.75 |

05 |

— signal
- background

sy

signal
background

Multilayer Perceptron
1 hidden layer with 2 nodes

Boosted Decision Tree
200 1iterations (AdaBoost)



ANTHZIT: MCP Neuron

Axon
terminals

A\
/

Myelin sheath

|

Input

signals Dendrites

Cell nucleus

BN ANTITHETT

Output

Activation

function

MNet input
function

e weight vector w and input values x

e nct input z = w’x

e activation function ¢(z) = {

>
—
R

Output

Signals

il b

REG

T—EET
BSREL DR Prreten
WEER
R=AS

e

plw'x)

1 ifz>0
—1 otherwise

*W. S. McCulloch and W. Pitts. A Logical Calculus of the Ideas Immanent in Nervous Activity. The bulletin of mathematical biophysics,

5(4):115-133, 1943

* F. Rosenblatt, The Perceptron, a Perceiving and Recognizing Automaton. Cornell Aeronautical Laboratory, 1957
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Input
Layer

Input #1 —»

Input #2 —=

Input #3 —=

NI HZR 2 (ANN

'

Hidden Layer Qutput
Layer

Inputs Weights Bias Transfer Outph
p function

i :
. LW, K- Wo

e i NlIEY

FARAATTT R

FRIAS EE (w ) R BRIEL (D)) !

. i3.W3 - 2 ~ —4/
\—'/&&, Y,

o(z) the Sigmoid function

v

as the activation function

v

25




ANTLTHZE M2 (ANN)

« IS EZ23]: Suppose signal events have output 1
and background events have output O.

» Mean square error E: for given N training
events with desired output

- 0; = 0 (for background) or 1 (for signal)
- ANN output result t; .

Z Z (?)_I(;))

/} P l i

4
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ANTHZEM 4 (ANN)

« Back Propagation Error to Optimize Weights

W, =W +Aw,

[

where
=
OF
AW, ==1)—
oW

ANN HE %

n = 0.05 (learning rate)
o = 0.07 (momentum)
o (noise)

+aAw, " momentum _term _to _stabalize"

+0,"noise _term _to _avoid _local _minima" |

* Three layers: ANN

— Input Layer # input nodes(= # input variables)

-6 -

global minimum

— Hidden Layer # hidden nodes (= 1~2 X # input variables)
— Output Layer # 1 output node

27




N T2 28 2R 7Y

A mostly complete chart of

o s NEUral Networks ...

Input Cell ©2016 Fjodor van Yeen - asimovinstitute.org

& Noisy Input Cell

Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) \,’% SN N
(XKL K

A/

\ S/

@ Hidden Cell ' ' KN
© rrobablistic Hidden Cell

@ spiking Hidden Cell

. Output Cell

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
- - - - - [

TN TN TN
. Match Input Output Cell ’fdh}’fdh}’f ’fdh}’fdh}‘: ’:"%’ﬁ%’f

A\ /\ S/}
AT

& o

NSNS
X (XA

SR

\n

. Recurrent Cell

. Memory Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

. Different Memory Cell 9 AN 9
N7ANY AN

) )

Kernel XA AN W

*.t‘f ‘\t‘f *.t‘f “\t‘f

O Convolution or Pool WO A
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Deep Neural Network

Hidden Layer 1 Hidden Layer 2 Hidden Layer 3

29



HEER: A Decision Tree

=>» Decision Trees have been available about three decades, they are
known to be powerful but unstable, i.e., a small change in the

training sample can give a large change in the tree and results.
L. Breiman, J.H. Friedman, R.A. Olshen, C.J.Stone, “Classification and Regression Trees”,
Wadsworth, 1983.

/ A Decision Tree . | commee

31Q11’11
! Varlable 1
(sequential series of cuts 40000/40000

. B i i3

nl

based on MC study) M
et o e s . ' ‘ St bt
-.:: . bkgd-llk Slgﬂal'llke slgnaltred) sod backg 1k e
S e ﬂVarlable 2 B
-: - wall, Lo | 1
23 |_I"| Lase l *
- L g, 55/23695 245/16,305 = | | | Variable
.2 IL..u.._,l-.r o ey o 973:).' i (ﬁ"‘/}: 307_43 lf e :: [ ..J’F.] L
e e fo ] e

bk sighal-like [\ bked-like =
signal-like

1906/16828 -
\ } 7849/6867  20455/3417 9790/12888
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Purity P, Is the fraction of the weight of a node
(leaf) due to signal events.

Gini Index: Note that Gini index is O for all signal
or all background. ) L
Gini =() W,)P(1- P)
=1

The criterion Is to minimize
Gini_left_node + Gini_right_node.

Pick the node to maximize the change In
Gini index. Criterion =

G|n|parent_node — Glﬂ'right_child_node — G'ﬂlleft_child_node

31




Boosted Decision Trees (BDT)

1984 1996 2004 2006 2007 2009 2012 2015

=>1984. L. Breiman, J.H. Friedman, R.A. Olshen, C.J.Stone, “Classification and Regression
Trees”, Wadsworth, 1984. (B {X#2&H Classification Treesi &)

=>» 1996. Ref: Y. Freund, R.E. Schapire, “Experiments with a new boosting algorithm”,
Proceedings of COLT, ACM Press, New York, 1996, pp. 209-217. (15 X #% 4 AdaBoost.1%)

=>2004. &2 AF1Byron P. Roe, Ji ZhugEgiR¥BBoosting&iZFIDecision TreeséE e, iR

Boosted Decision Trees (BDT), {EBHEE&ZFTLEIEN, ABDTMAFHRIFIIIESE

IOER DL T FEIERISRER. BDTI iz FHigEri FRIAL IR E R
HIHE, WATLAS, CMS, LHCb, MiniBooNE, CDF, DO, BarBar, BESIII, AMS,

IceCube, PandaX S£5¢.



Boosted Decision Trees (BDT)

CERN TMVA AN |, http://tmva.sourceforge.net/

Avallable online at wwwisciencedirect.com
BCIEHGE @blllﬂ‘l‘"

MWuckar Instruments and Methads m Physis Ressarch A 543 (2005) 5T7- 584

NUCLEAR
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&METHODS

IN PHYSICS
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Boosted decision trees as an alternative to artificial neural
networks for particle identification

Byron P. Roe®, Hai-Tun Yang™®, Ji Zhu", Yong Liv®, Ton Stancu®,
Gordon McGregor?

“Deparmmmr af Flyss, Uninesiy of Midugan, Amn drber, MY 48109, U5A
"D.:_purmuma,f.‘irmums University of Mishigan, Amn Arbor, MT 42108, USA
“ Dapar mamt af Pliysics and Astromomy, Uninersity of Alabama, Tuscaloosa, AL 35487, USA
Aas Alamaos Narimal Taboragry. Los Alamos. NM E7545 D54

Total citations  Cited by 571

Hwailable online st wwwsoencedirect com
-elluel@nlnleﬂ

Neclear Tsoremess gnd Medods o Phosics Resanch 4 555 2005 370385

E—
INSTRUMENTS

& METHODS.
IN PHYSICS
RESEARCH

T
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Studies of boosted decision trees for MiniBooNE particle identification

Hai-Jun Yang*** Byron P. Roe®, K Zhu"

“Mepariment of Fhyscs, Undsemity of Mickigm Ann ddvor, MT & N8 US54
" Deparsmnt of Stotinier Uniserstyaf Mickiyan, A drkor, M7 45108, D54
Lo Adamos Natba! Eawraiary, Lar Alamar, WM 57345, D54

Rl § Asgus 005 sxivel i el foen |2 Seprmber M08, arepend 16 Socsber 2005
Ak cine 4 Do dber 2005

Albirac

Boosied decision irees are apphed 1o partice idemificaton i the MmiBooNE experiment operated at Fermi Nasonal Accelersior
Lahorawry (Fermilah) for nemring cedllations. Numerons atemps are made to tune the boosed dedsion trees, to oompare
perfaormance of varions bocsting al gorithmes, and a0 selact inpot variahles for optimal perinrmance.

5 2005 Elesvier B V. All nights ressrved.

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Scholar articles

Cited by 571 Related articles

MiniBooMNE experiment [1] at Fermi Mational
Accelerator Laboratory. The MiniBooNE expern-
ment is designed to confimu or refute the evidence
for vy — v oscillations at Am® = 1eV*/e* found
by the LSND expernment [2]. It is a cruocial
experiment which will imply new physcs beyond

has been widely used in data analysis of High
Energy Physics experiments in the last decade. The
use of the ANN tochnigue wsually gives better

*Comesponding authar.
E-ma il addres s yhj@umichedn (Hai-lun Yang).

AN WL S S PEIATIR . RS, LIS LS M.
Initial ovmparisons of these techniques with anifical
newal networks (ANMN) usmg the MiniBooNE MC

* Copepoading, astbes. Tel: +1 T4764 M7, fix +1 TI4936 &80
Eomall adbhers 3 emis abe (H -1 ¥ i)
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Boosted decision trees as an alternative to artificial neural networks for particle identification
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Boosted Decision Trees (BDT)
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Boosting Algorithms

=> 1996. Ref: Y. Freund, R.E. Schapire, “Experiments with a new boosting
algorithm”, Proceedings of COLT, ACM Press, New York, 1996, pp. 209-217.

e AdaBoost Algorithm:
1. Initialize the observation weights w; = 1/n,i =1, 2,..., n
2. Form = 1 to M:

2.b Compute
i wil(yi # Tn())
ETTm = TI—
s wj

2.c Compute oy, = 8 X log((1 — errm)/errm)
2.d Set w; «+— w; X explamI(y; # Tm(x;))), i=1, 2,...,n
2.e Re-normalize w; = w;/ Y i | w;

3. Output T(x) = ;}{:1 Gl (@)

e e—boosting Algorithm:
1. Initialize the observation weights w; = 1/n,i =1, 2,..., n
2. Form = 1 to M:

2.¢ Re-normalize w; = w;/ Y i w;
3. Output T(x) = SM_, €T} ()

2.a Fit a classifier 1}, (x) to the training data using weights w;

| =1, if atraining
event is misclassified:
Otherwise, | =0

2.a Fit a classifier 7},,(x) to the training data using weights w;
2.b Set W, <y X exp(2el (4; % Tnld))); =1, 2,10
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Boosting Algorithms

« AdaBoost: the weight of misclassified events is increased by
— error rate=0.1and B = 0.5, o, = 1.1, exp(1.1) = 3
— error rate=0.4 and 3 = 0.5, o, = 0.203, exp(0.203) = 1.225

— Welight of a misclassified event is multiplied by a large
factor which depends on the error rate.

e—boost: the weight of misclassified events is increased by
— Ife=0.01,exp(2*0.01) = 1.02

— If £=0.04, exp(2*0.04) = 1.083

— It changes event weight a little at a time.

=>» AdaBoost converges faster than ¢-boost. However, the

performance of AdaBoost and e—boost are very comparable
with sufficient tree iterations.
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PEREAG TH: VISR vs TIRFFEA

TMVA overtraining check for classifier: BDT

- JIMVA,

Training MC Samples .VS. Testing MC Samples
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TMVA &4

» 5 T-CERN ROOTH) 2 A& s #4f 7ot 4k 11
http://tmva.sourceforge.net/ , https://root.cern.ch/tmva
o RN BINLAS T ) SR AL

Rectangular cut optimisation

Projective likelihood estimation (PDE approach)

Multidimensional probability density estimation (PDE - range-search approach)

Multidimensional k-nearest neighbour classifier

Linear discriminant analysis (H-Matrix and Fisher discriminants)

Function discriminant analysis (FDA)

o Artificial neural networks (three different implementations)
e Boosted/Bagged decision trees

e Predictive learning via rule ensembles (RuleFit)

e Support Vector Machine (SVM)




TMVA JI|&5

User Training
Script

Create

Create

execute

ROOT
Target File

uses

—— TMVA::Factory |

APl Add Variables

execute

Add Variables

Initialise

API

flow of sequences

execute

Training and
Test Trees

APl Book MVA
kType, Options

execute

Book MVA
kType, Options

execute

A Train MVAs
o B

execute

Pl
- API Test MVAs
- AP Evaluate MVAs

v

v

5T LA DR

User Application
Script

create

——— TMVA::Reader |

execute

execute

begin event loop

AP Add Variables
Add Variables

API Book MVA
weight file to read

Book MVA
weight file to read

-

flow of sequences

event loop
—» ypdate event
API

Compute MVA

execute
o I »
Compute MVA
-
end event loop
Y Y
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ROOT script 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); ; TAi
factory->AddBackgroundTree ( (TTree*)input->Get("TreeB"), 1.0); D give trammg/teSt trees

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

factory->AddVariable("varl-var2", 'F'); . . .
factory->AddVariable("var3", 'F'); <+— register Input variables

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

factory->BookMethod( TMVA:: Types::kLikelihood, "Likelihood", <« Select MVA
"1V:1TransformOutput:Spline=2:NSmooth=5:NAvVEvtPerBin=50" ); /
methods

factory->BookMethod( TMVA::Types::KMLP, "MLP", "!V:NCycles=200:HiddenLayers=N+1,N: TestRate=5" ); ‘

factory->TrainAllMethods();

factory->TestAllMethods(); < train, test and evaluate
factory->EvaluateAllMethods();

outputFile->Close();
delete factory;




ROOQOT script for Application

void TMVApplication()

{

TMVA::Reader *reader = new TMVA::Reader("!Color");

Float_t varl, var2, var3, var4;
reader->AddVariable( "varl+var2", &varl);
reader->AddVariable( "varl-var2", &var2);
reader->AddVariable( "var3", &var3);
reader->AddVariable( "var4", &var4);

<+— create Reader

<+— register the variables

reader->BookMVA( "MLP classifier", "weights/MVAnalysis_MLP.weights.txt" ); <+—— DHook ClaSSiﬁer(S)

TFile *input = TFile::Open("tmva_example.root");
TTree* theTree = (TTree*)input->Get("TreeS");

/Il ... set branch addresses for user TTree
for (Long64 _t ievt=3000; ievt<theTree->GetEntries();ievt++) {
theTree->GetEntry(ievt);

varl = userVarl + userVar2;
var2 = userVarl - userVarz,
var3 = userVar3;
var4 = userVar4,

Double_t out = reader->EvaluateMVA( "MLP classifier" );

}

/I do something with it ...
}

delete reader;

<«— prepare event loop

<+— compute input variables

<+— calculate classifier output



MV A Evaluation Framework

» After training, TMVA provides ROOT evaluation scripts (through GUI)

¥ THYA Plotting Macros S[EfS)

(1a) Input Yariables

(1h) Decorrelated Input Yariables

{1c) PCA-transformed Input Yariables

(23] Input Wariable Correlations (scatter profiles)

2k} Decorrelated Input Variable Correlations (scatter profiles)

{Zc) PCa-transformed Input Yariable Correlations (scatter profiles)

() Input Wariahle Linear Correlation Coefficients

4a) Classifier Output Distributions

I

I

I

I

I

|

I

I
[Aby Classifier Cutput Distributions for Training and Test Samples |
t4c) Classifier Probahbility Distributions |
I

I

|

|

I

I

I

I

I

4d) Classifier Rarity Distributions

(9a) Classifier Cut Efficiencies

(ah) Classifier Background Rejection ws Signal Efficiency (ROC curve)

(61 Likelihood Reference Distributivons

(7a) Metwork Architecture

(7B Metwork Convergence Test

(G Decision Trees

(9) POFs of Classifiers

{10y Rule Ensemble Importance Plots

{113 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
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[ TMVA output for classifier: Likelihood |
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Tutorial

[ ssh —Y inpactest@bl-1-1.physics.sjtu.edu.cn
1 passwd: inpac123456

U cd Erec tuto/tmva

1 less TMV ARegression.C

(] Please follow the ‘tutorial Erec.pdf’
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Boosted Decision Trees (BDT)

=>» 2004/8/30, arXiv:physics/0408124, [Nucl.Instrum.Meth. A543 (2005) 577-584]
Byron P. Roe, Hai-Jun Yang*, Ji Zhu, Yong Liu, lon Stancu, Gordon McGregor,

“Boosted Decision Trees as an Alternative to Artificial Neural Networks for Particle Identification”
=>» 2005/8/8, arXiv:physics/0508045, [Nucl.Instrum.Meth. A555 (2005) 370-385]
Hai-Jun.Yang*, Byron P. Roe, Ji Zhu,

“Studies of Boosted Decision Trees for MiniBooNE Particle Identification”

=» 2006/10/31, arXiv:physics/0610276, [Nucl. Instrum. & Meth. A 574 (2007) 342-349]
Hai-Jun Yang*, Byron P. Roe, Ji Zhu,

“Studies of Stability and Robustness for Artificial Neural Networks and Boosted Decision Trees”

=>» 2007/8/27, arXiv:0708.3635, [JINST3:P04004,2008]
Hai-Jun Yang*, Tiesheng Dai, Alan Wilson, Zhengguo Zhao, Bing Zhou,

“A Multivariate Training Technique with Event Reweighting”
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