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a common interface for all MVA techniques

a common interface for classification and
regression

easy training and testing of all methods on
the same datasets

* consistent evaluation and comparison
« common data preprocessing
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a complete user analysis framework and

examples
embedding

in ROOT

creation of standalone C++ classes (ROOT
independent)

an understandable Users Guide
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Correlation of input variables
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Classifiers



Classifiers: R TWa7ILIdY XA

m Rectangular cut optimization

® Projective and Multidimensional likelihood estimator
m k-Nearest Neighbor algorithm

m Fisher and H-Matrix discriminants

® Function discriminant

= Artificial Neural Network

m Boosted/Bagged decision trees

= RuleFit

m Support Vector Machine

Rectangular cuts? A linear boundary? A nonlinear one?




Summary of Classifiers and their Properties

Classifiers

Criteria

Likeli- PDERS : : :
Cuts h0od / k-NN H-Matrix Fisher MLP BDT RuleFit SVM
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Transparency

The properties of the Function discriminant (FDA) depend on the chosen function A

Helge Voss Graduierten-Kolleg, Freiburg, 11.-15. Mai 2009 — Multivariate Data Analysis and Machine Learning 17



Classifier: Projective Likelihood Estimator (Naive Bayes)

n ZNZEND/NTX—% (input variables) D "E
PDF (probability density function) %
BirabhbtEs,
Likelihood ratio PDFs discriminant variables

for event levent \
/ s1g

variables! P Tk (leven
RL(ievent): HkE{ bles} Ik ( k( t))

. . bk :
er{variables} Py ? (Tk (levent)) + er{variables} Py, (Tk (levent))
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Performance Robustness Curse of Dim. Transparency
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: : Trainin Response | Overtrainin Weak input vars
correlations | correlations 9 P 9 P
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classifier: Multidimensional PDE approach

= PDE Range-Search: " Veoers (V) = 0.80
¢ BlcWwARY N Mhay OL—Z2 732 TILD
DTFIWNENRY I TZOVROBERT. 2037 FI
BEZFHET 2F &
» T. Carli et al.,, NIM A501 (2003) 576.
» used for ZEUS hadronic tau identiﬁcation

¢ Binary tree searchZz{# > TEREICHITAV AL TWS

| test
event
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Classifier: Boosted Decision Trees (IDT)
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TMVA workflow

User Training
Script

User Application

Script

ROOT
Target File

T uses

TMVA::Factory

Create

AR, Add Variables \

execute

n
Q
c
Q cre qs
3 AP| Il
o Training and
m Test Trees
Y
(@)
<
= A;P'ﬂ Book MVA ‘
- execute . kType, Options
- —>‘ - ‘
kType, Options
execute APl [ Train MVAs

write weight files

execute
execute

» Test MVAs

» Evaluate MVAs

flow of sequences

Create
TMVA::Reader

ﬂ»‘ Add Variables \
—»‘ Add Variables \
% Book MVA
weight file to read
4% Book MVA
weight file to read

execute

execute

begin event loop

event loop

update event

execute

end event loop
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Training Data AR 9 3

= TMVAIZ
¢ Data input format: ROOT TTree (or ASCII)
o ZEZRWtL 7Y a3y, sFELUICHDZinput variablelc HF 5
o BT ARY N ElCweightzEMNTD 2 EBHHES
e BENICNL—ZTU Y TIVETANF Y TIVICHITTINS
s SOFRFEHEVD TROOTHAA 71 v ILICAAR UL TWStoy sample&
(Exatén_ux%bt)j—hé_mfﬁhtﬂiﬁo

setupATLAS

lsetup root
cp ~junpei/TMVAtut2016 ~/TMVAtut2016

cd ~/TMVAtut2016
gmake

" SV YTINRTHFIEL & D0 BIZIE

$ root -1 tmva class example.root
root [] .ls

root [] TreeS->Print();

root [] TreeS->Draw(“varl”);

v O\ U N -n




ML—Z222&FMTS7O072LE80DT
 REEFETOTVILZEL, BRBTOY heR5, FHliT 5. BIET S, %

BDRTDENBD ET
 SHIFHEEN >V ZIVTOTSLEBITE T ICLET,

$ ./TMVAClassification | tee logfile

= 1— R [ETMVACIassification.CICEWTH D £,
ST EFATHEL & S,
s Il AhSniclogfileb B TWEZEL & S,
¢ —RAEOT 7 7AI)LICINA T, &Classifiersias
¢ ZTHEDSeparationDiE S, ZixU fClassifierOSEIDIFEDZ VX >
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Mo—Z22P&FMTSE7O7 7 LEEDT
KRR TOYSLEES, BABTOYNERS, T 5. EET. %

B0ETRENHDET
s SHEFEELEN Y Y FILTATSLESANTEFIC

$ ./TMVAClassification | tee logfile

LE,

o :I I\LatTI\/IVACIaSSIflcatlon CICEWVWTH D T,

I . 1 ==t 7 — —_—rl 1

- Factory 3 Evaluatlon results ranked by best signal efficiency and purity (area)

- Factory = s e

- Factory : MVA Signal efficiency at bkg eff.(error): | Sepa- Signifi-

- Factory : Method: @B=0.01 @B=0.10 @B=0.30 ROC-integ. | ration: cance:

- Factory = s e
Factory : BDT 0.289(10) 0.738(09) 0.925(05) 0.913 | 0.529 1.382
Factory% \/ # \/ 7‘\: KNN 0.309(10) 0.642(10) 0.884(07) 0.887 | 0.464 1.286
Factory : PDERS 0.212(09) 0.590(10) 0.829(08) 0.855 | 0.384 1.100
Factory : Cuts 0.115(07) 0.453(11) 0.736(09) 0.795 | -- -—
Factory : Likelihood 0.078(05) 0.373(10) 0.689(10) 0.756 | 0.198 0.520

- Factory = s
- Factory

- Factory Testing efficiency compared to training efficiency (overtraining check)

- Factory = e
- Factory : MVA Signal efficiency: from test sample (from training sample)

- Factory Method @B=0.01 @B=0.10 @B=0.30

- Factory | | ! e
- Fac@Vertralnlng BDT 0.289 (0.329) 0.738 (0.735) 0.925 (0.924)

- Factory KNN : 0.309 (0.329) 0.642 (0.707) 0.884 (0.886)

- Factor PDERS : 0.212 (0.186) 0.590 (0.554) 0.829 (0.813)

- Factoz@% T \/ 7 Cuts 0.115 (0.130) 0.453 (0.462) 0.736 (0.748)

- Factory Likelihood 0.078 (0.081) 0.373 (0.377) 0.689 (0.661)

- Factory = s



TMVA workflow

User Training
Script

User Application

Script

ROOT
Target File

T uses

TMVA::Factory

Create

AR, Add Variables \

execute

n
Q
c
Q cre qs
3 AP| Il
o Training and
m Test Trees
Y
(@)
<
= A;P'ﬂ Book MVA ‘
- execute . kType, Options
- —>‘ - ‘
kType, Options
execute APl [ Train MVAs

write weight files

execute
execute

» Test MVAs

» Evaluate MVAs

flow of sequences

Create
TMVA::Reader

ﬂ»‘ Add Variables \
—»‘ Add Variables \
% Book MVA
weight file to read
4% Book MVA
weight file to read

execute

execute

begin event loop

event loop

update event

execute

end event loop
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TNTNOERDRGEPHEHRAZRTHS

n N —Z VTN 7OY MMEE 2 &CGUIZEL>THD I ENTEXT,

S root -1
root [] TMVA::TMVAGuil (“TMVA.root"”);

O © X TMVA Plotting Macros for Classification

m N =GUID N > % W LR IOy ~ (1a) Input variables (training sample)

(2a) Input variahle correlations (scafter profiles)

75\ Il::ll —C g i 3_0 {(3) Input Variahle Linear Correlation Coefficients
* EEQ%E/‘] yAN I = n\/\fdtj 70w MiE E ﬁj\—?‘ (4a) Classifier Output Distributions (test sample)
~ 4b) Classifier Output Distributions (test and training samples superimposed
Y7 O%ZWT, TMVA rooth s i) : : 2GR CUPCNT 000,

(4c) Classifier Probability Distributions (test sample)

EANTSZLZHRWTIEDS L DICULERLU & Do

(4d) Classifier Rarity Distributions test sample)

(9a) Classifier Cut Efficiencies

| ? 1 I\ U ?}I/—C"‘ (,;JIIE%%‘ (,: 7 |:| Y I\ % (oh) Classifier Background Rejection vs Signal Efficiency (ROC curve)

45’%/—1_\ L/ T Z. nb\\'fﬁj 75\7& EFE Hﬂ L/ T \/\ % i _g_ (k) Classifier 1/(Backgr. Efficiency) vs Signal Efficiency (ROC curve)
= o

(6) Parallel Coordinates (requires ROOT-version == 5.17)

(7) PDFs of Classifiers (requires "CreateMVAPdfs" option set)

(@) Likelihood Reference Distributiuons

(93) Network Architecture (MLF)

(9b) Network Convergence Test (MLP)

(10) Decision Trees (BDT)

{11) Decision Tree Control Plots (BDT)

(12) Plot Foams (FDEFoam)

(13) General Boost Control Plots

(14) Quit

18




o Lj:L_gb—C _Ebfuzé)@%{%\d\ig—o
* %’Eb<%b\T%D§§“7ﬁ\ BERKEROOTDTreeDEEHHN o> TWNIFEHZ D I— RICHEMA
AHBIET T,

$ ./TMVAClassificationApplication

m J—RZFGEATHEIELU & Do

S less TMVAClassificationApplication.C

m D707 2L TIEClassifierdOutputz b A M S AICEEHTWVWE T,
* FATETreeh LB DSignal tree’x D ¢, SignalafmiciislEd<Tcd - - -

S root -1 TMVApp.root
root [] .ls
root [] MVA BDT->Draw();
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TMVA workflow

User Training
Script

User Application

Script

ROOT
Target File

T uses

TMVA::Factory

Create

AR, Add Variables \

execute

n
Q
c
Q cre qs
3 AP| Il
o Training and
m Test Trees
Y
(@)
<
= A;P'ﬂ Book MVA ‘
- execute . kType, Options
- —>‘ - ‘
kType, Options
execute APl [ Train MVAs

write weight files

execute
execute

» Test MVAs

» Evaluate MVAs

flow of sequences

Create
TMVA::Reader

ﬂ»‘ Add Variables \
—»‘ Add Variables \
% Book MVA
weight file to read
4% Book MVA
weight file to read

execute

execute

begin event loop

event loop

update event

execute

end event loop
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s SHIFZZEZHEBETOEERETMVAO LD ZIFBHMUFX U,
o ERICITFBENNG > T, EBROY >V TILHH > THH THITERT 2D D,
¢ FFLITHITEITOREZ EITS5N D A[EEMD D

ARRIN—LR—Y
http://tmva.sourceforge.net/
Users manual
http://tmva.sourceforge.net/docu/TMVAUsersGuide.pdf
NE TiThhiztutorial PiEN b —72
http://tmva.sourceforge.net/talks.shiml

— YUV TR~
https://sourceforge.net/p/tmva/mailman/
TWiki tutorial
https://twiki.cern.ch/twiki/bin/view/TMVA/WebHome
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