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Before we go on...

@

I VERY IMPORTANT !!!

Understand your inputs well
before you start playing with multivariate techniques

A\
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Training and generalisation error

Efficiency vs. background fraction

> 1 .
Q g B H
g . training
w0 -

Single tree on testing sample
Boosted trees on testing sample
Single tree on training sample

Boosted trees on training sample

ollll Lo T T T T T Ty

0.1

. 1
Background Fraction

o Clear overtraining, but still better performance after boosting
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Cross section significance '

[ Cross section significance |

bl
n

Significance
5

4.5

3.5

Number of trees

@ More relevant than testing error
@ Reaches plateau
o Afterwards, boosting does not hurt (just wasted CPU)

o Applicable to any other figure of merit of interest for your use case
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Clues to boosting performance ]

Misclassification rate for each tree Tree weight o

5025
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Misclassification rate

[4
w

0.1

o
N

0.05

°
I

Number of trees Number of trees

First tree is best, others are minor corrections

Specialised trees do not perform well on most events = decreasing
tree weight and increasing misclassification rate

@ Last tree is not better evolution of first tree, but rather a pretty bad
DT that only does a good job on few cases that the other trees
couldn't get right
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Concrete examples ]

© Concrete examples
o First is best
@ XOR problem
o Circular correlation
o Many small trees or fewer large trees?
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Concrete example [

@ Using TMVA and some code modified from G. Cowan's CERN
academic lectures (June 2008)
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Concrete example

N=1000.000000
S/(S+B)=0.500
y< 0.85

N=420.000000 N=580.000000

Intermediate Nodes.

Signal Leaf Nodes

SI(S+8)=0.055 S/(S+8)=0.822

y<1.18 x<1.06

S/(S5+B)=0.043

N=44.000000

5/(5+8)=0.000 SI(S+B)=0.606
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Concrete example

N=1000.000000
SI(S+B)=0.376
y<0.113

N=1000.000000
SI(S+B)=0.355
y<0.604

——
Signal Leat Nodes
[

N=751.979000
SI(S+B)=0.258

N=248.021000
S/(S+B)=0.734
x<1.52

N=591.858000
S/(S+B)=0.117
y<0.677

N=1000.000000
S/(S+B)=0.488
x<1.33

N=1000.000000
S/(S+B)=0.539
2>0.875

Signal Leaf Nodes

N=633.983000
S/(5+B)=0.435

x>-0.792

o Specialised trees J
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Concrete example

TMVA response for classifier: BDT
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Concrete example: XOR (

33 S gl sn g fe 0
) % o" .’ ? 0
..&e. ":'8 A o }
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Concrete example: XOR

N=1000.000000

eielonTee o

S/(S+B)=0.500
-;&0.."”- ) N=876.000000 N=124.000000

B 1Y 1 S/(S+B)=0.489 SI(S+B)=0.581
2%, ° o

x>0.426 x<0.52

$
.
o 0.2 0.4 06 0.8 1
x
[ rejection versus Signal efficiency
e 1F T T
2 £
E 09|
2
E lmE ]
g 07f 3
2t E|
& osf
05F ey ]
F MVA Method: E
04} BDT 1
g — DT ]
03 e Figher El
02~ =
0 01 02 03 04 05 06 07 08 09 1

Signal efficiency
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Concrete example: XOR with 100 events ]

[yx]
> 1= e . .o . Wit
T S Small statistics
0.8 .' . ° .I . . .
fees e e e @ Single tree or Fischer
b ot e discriminant not so good
R SRR o BDT very good: high
o, e R performance discriminant from
ST T L . . . .
RIS combination of weak classifiers
% 0.2 0.4 0.6 0.8 1
TMVA response for classifier: BDT [ g versus Signal efficiency | .2 MyA
3 0 FE Signal '~ [ ' T T s 1p N
S 1773 Background § 0ok B
E [ T El
2 f T 08f ]
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50 E 03: —— Fisher E
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Circular correlation :

@ Using TMVA and create_circ macro from
$RO0TSYS/tmva/test/createData.C to generate dataset

% AL A RO A R S R A AR AR AR
g e e, 4

TMVA Input Variables: var0 TMVA Input Variables: var1 0 — —

o 4 o [ g

e 2 L

g z & 2 [

S 16 3 S 3

S - $ -0.5F :

z 12 2 Z i - R E

T 4 g c g L N
08 s s r b
- : g ]
04 ] 3 - . 4
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8112
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o
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N
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0.080.60.40.2 0 0.20.40.608 1 1.21-
var0
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Circular correlation i

Boosting longer

o Compare performance of Fisher discriminant, single DT and BDT
with more and more trees (5 to 400)

o All other parameters at TMVA default (would be 400 trees)

Background rejection versus Signal efficiency

o IMVA

g oot N ANY

-gé 0sf \ o Fisher bad (expected)

g, o.7; e \ @ Single (small) DT: not

g e Eoien \ \ so good
0.8 [ SO0 \ @ More trees = improve
04t BOTS \ performance until
03 - S \ saturation |
CEE T O e 0 o 0O 07 0F GO |

Signal efficiency
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Circular correlation i

De contours
- T T[T T T[T II T UL I LI
u .
g [ : : —DT
1 == BDT5
==BDT10
BDT50
L ==BDT100
0_5_ BDT400
o
-0.5) .
L , 4
-1 = "\ ]
_|||||\||||||\\\|\|||]|'|.|'\ |'|-.|||\||||||\\|‘/QT

-0.8-0.6-0.4-0.2 0 0.20.40.60.8 1 1.2
varQ

Fisher bad (expected)
Note: max tree depth = 3

Single (small) DT: not so
good. Note: a larger tree
would solve this problem

More trees = improve
performance (less step-like
closer to optimal
separation) until saturation

Largest BDTs: wiggle a
little around the contour
= picked up features of
training sample, that is,
overtraining

v
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Circular correlation

Training /testing output

o S N
x5 Tignai Tieol " Tk 5 o St < Sighal walnirly 5 ¢ Sl Geteamd T T Slgnat whreing JarmpreY
H ”Enchmmmnmw ‘-mcwm«ulnlwnmpm’ H Background (lest sample) | | « Background (raining sample) 3 Z %nekmumunmmml « Background (training sample)
s 8 Wy > %k b 28 [ Komogorov-Smimov est: signal(bockaround) probally =0.999 0.368) |
2w g g ¥
16 b |
4 2 S B S 2
I EL] s
12 < s 3 g
10 2 4 A 2
5 : £, §
6 el H H
@ 2 EE @
: i i i
2 1 i
o ‘ . . g ~ana.lalls LB, . H
DT response BDTS response. BDTA0 response
IO A ovetaining chock orcasaier: 507100 SNSRI VA ovriaining check orcasafr: 507400 _[RRSNNRY
x5 T Sighal (g sl " 1] % F] S st oo T St 5] 5 s [EESed T T+ Sighat v
Z {77 Background (st sample) | | « Background (raining sample) | Z 35 (/) wie) | |« 0l 2 12 . le)
. z z
= = 9 =
. .
2 i i
§ §
: i i
os : i
o B4 H H
04 06 08 -06 -04 02 o 02 04 06
BDT50 response BDT100 response BDT400 response
o Better shape with more trees: quasi-continuous
@ Overtraining because of disagreement between training and testing?
L 1
et's see
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Circular correlation

Performance in optimal significance

——— Signal purity

Signal fficiency Sional offcincy | ——— Somalpurty Signal officiency Sty
—— Background effciency | —— Background effciency Jonesslency purky —— Background effciency b dand
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.umm.mxumaﬁslég_;i
05 00 L . {032 =3
<] 05 o 05 1 <] 05 o 05 1 08 06 04 02 0 02 04 06 08 1
Cut value applied on DT output Cut value applied on BDTS output Cut value applied on BDT10 output
Cut efficiencies and optimal cut value Cut efficiencies and optimal cut value Cut efficiencies and optimal cut value
Signalefficincy | ——— Soalputty Signalofficincy | ——— Somalpury Signal efficiency | —
——— Background effiiency | T Saeeticienaypurty ——— Background efficiency | T S80% eticiencypurty Background efficiency |
g, £E £E g
E N S 13 =N ie '™ >
% os 255 3 os \ 8 7o dos &
2 ’\1 \ 30 k- _/X( \
S S Jo 8 e
£ E os E os

= \ o \\ N\ N \\\\ N

04
02 q s 2 s E
3 el oo N £ N
. - [ =) o EL1203108 hon cutp o Eps oL oz angeon |
06 04 02 o0 02 04 06 08 06 04 02 0 02 04 06 04 02 02 04
Cut value applied on BDTS0 output Cut value applied on BDT100 output Cut value applied on BDT400 output

@ Best significance actually obtained with last BDT, 400 trees!

o But to be fair, equivalent performance with 10 trees already

o Less “stepped” output desirable? = maybe 50 is reasonable
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ular correla

Co | plots

@ Boosting weight decreases fast and stabilises

@ First trees have small error fractions, then increases towards 0.5
(random guess)

@ = confirms that best trees are first ones, others are small corrections

Boost weights vs tree error fraction vs tree number
- [FTTr[ T[T [IT T [T I T[T TrI[TITrI[TTTT] c _""|""|""|""|""|""|llll|llll_
5 ] 206F -
[ o -
=101 7 Er 1
3 1 < b ]
8 ] D 3
8 - [ ]
] 0.4 3
o ] 5
] o 7
‘r . 02f 3
2& 7] 0.1 3
PP PP PR PR T P P PP G:....I ............................ ]
0550 "100 150 200 250 300 350 400 0 50 1 oo 1 50 200 250 300 350 400
#tree #tree

o’
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Circular correlation i

Separation criterion for node splitting

o Compare performance of Gini, entropy, misclassification error, ﬁ
@ All other parameters at TMVA default
o © Very similar performance (even
5 'F zooming on corner)
B £ \\ ] . . .
o9 | N\ @ Small degradation (in this
- - - o S o
E oof ] pa-rtlc.ular case) for ! only
_‘;c? C MVAMethod: . criterion that doesn’t respect
S085L CrossEntropy good properties of impurity
o GiniWithLaplace measure (see yesterday:
F Gini maximal for equal mix of signal
075 MisclassificgtionEsror _ and bkg, symmetric in psz and
C :SDivSgrtSPlusB ] . . 5
o7k o 1 Pbkg, Minimal for node with

055 06 065 07 075 08 085 09 095 either signal only or bkg only,
Signal efficiency strictly Concave)
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Circular correlation

Cut efficiencies and optimal cut value Cut efficiencies and optimal cut value Cut efficiencies and optimal cut value
Signal efficiency —— Signal purity Signal efficiency - al purity Signal efficiency — Signal
T aeckaroondottconey | T Semsiicncy ety —— cackproundettieney| T SSnelemlnarrty P s
£ is is
g ce 3 £ I\ g
a2 & 25 & 25 &
_%“._,_/\/ @ _E"‘_/X/ @ _E"‘.—/‘\( @
E os E os £ os
b E 3 \ E E— E
0.2 0.2 0.2
ovonts the maximunhg/ S48 s ‘5 vt homarimung1$-51s \ \_:5 S5 \ \ Ei
e NG| . €
04 -0.2 o 02 04 06 -04 -02 02 04 04 03 02 -01 01 02 03 04 05
Cut value applied on CrossEntropy output Cut value applied on Gini output Cut value applied on GiniWithLaplace output
Cut efficiencies and optimal cut value Cut efficiencies and optimal cut value
Signal efficiency Signal efficiency
== |
= e ? . g N £
5 o d25 5 3 o valls 5
s b @ E = v a
s J20 B
E 06 = 06
w e EI R \
04— 04
NN Y
= o I
00D, X
0 04 03 02 -01 o 01 02 03 04 0 08 -06 -04 -02 o 02 04 06 08
Cut value applied on MisclassificationError output Cut value applied on SDivSqriSPIusB output
v
o Confirms previous page: very similar performance, worse for BDT
W
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Many small trees or fewer large trees? (

@ Using same create_circ macro but generating larger dataset to
avoid stats limitations

@ 20 or 400 trees; minimum leaf size: 10 or 500 events

@ Maximum depth (max number of cuts to reach leaf): 3 or 20
TMVA
o i IR L
Goost \d
g \-
'§ 0.9 = BvA Metisid: =
o085
2 t
S 08f axdepih3
@ " F
0.75 F
07F BOT20. iS00, sk dspth20 .
£ BDT20 : mii ) 1 ]
055 E BDT400_minevt10_ B
A IR 0-60_ 3 08 08 00 05 06 07 0O 68 _1
.20.40.608 1 1.21.4 . - - : - : . ) -
var0 Signal efficiency
o Overall: very comparable performance. Depends on use case. J
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BDTs in real life ]

© BDTs in real life (...or at least in real physics cases...)
@ Single top search at DO
@ More applications in HEP
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Single top production evidence at D0 (2006)

@ Three multivariate techniques:
BDT, Matrix Elements, BNN

@ Most sensitive: BDT

SM compatibility: 11% (1.30)

s+t-channels, tbtgb D@ Run Il Preliminary, 910 pb'

“[Bayesidn

i Measured
| Cross Section
aefe

Posterior Density
8
&

| Bayes Ratio > 10

68150
Mean 0525
BMS 07063

eayi-channel

Full systematics

24 entries above
observed cross section

p-value: 3.5e-04
sigma: 3.4

4 5 6 7 8 9
Observed thigb cross section [pb]
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Ostt — 49+1.4 pb

p-value = 0.035% (3.40)
3 DO 0.9fb" =
=
t
o
>
m

Wi+jets W
Multijets l

e+l
2-4 jets
1-2 tags

0.7
tb+tgb Decision Tree Output

0.8 0.9 1

0s=1.0+0.9 pb
oy =4.2718 pb

S0S2012, Autrans, 1 June 2012



Decision trees — 49 input variables

Object Kinematics
pr(jetl)
pr(jet2)
pr(jet3)
pr(jetd)

(
p1(notbestl)
pr(notbest2)
pr(tagl)
(untagl)

(

p
pr(untag2)

434

Angular Correlations
AR(jetl jet2)
cos(bestl,lepton)esttop
cos(best1,notbestl)pesttop
cos(tagl,alljets)a11jets
cos(tagl lepton) v aggedtop
cos(jetl,alljets) a115cts
cos(jetl,lepton)paggedtop
cos(jet2,alljets) a11jets
cos(jet2,lepton)ptaggedtop
cos(lepton, Q(lepton) X z)pesttop
cos(leptonp esttop besttopcMframe

cos(lepton btaggedtop: btaggedtopcMframe)

cos(notbest,alljets)a11jets
cos(notbest,lepton)esttop
cos(untagl,alljets)a11jets
cos(untagl,lepton)ptaggedtop

n Coadou (CPPM) — Boosted decision trees

Event Kinematics
Aplanarity(alljets, W)
M(W bestl) (“best” top mass)
M(W tagl) (“b-tagged” top mass)
Hr(alljets)

Hr (alljets—best1)
Hr (alljets—tagl)
T (alljets, W)
Hr (jetl,jet2)
Hr (jet1 jet2, W)
M(alljets)
M(alljets—best1)
M(alljets—tagl)
M(jetl,jet2)
M(jet1 jet2, W)
M7 (jetl jet2)
Mz (W)
Missing ET
pr(alljets—best1)
pr(alljets—tagl)
pr(jetl,jet2)
Q(lepton) x n7(untagl)
3
Sphericity(alljets, W)

Adding variables
did not degrade
performance

Tested shorter
lists, lost some
sensitivity

Same list used for
all channels
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Decision trees — 49 input variables

Object Kinematics
pr(jetl)
pr(jet2)
pr(jet3)
pr(jetd)

(
p1(notbestl)
pr(notbest2)
pr(tagl)
(untagl)

(

p
pr(untag2)

434

Angular Correlations
AR(jetl jet2)
cos(bestl,lepton)esttop
cos(I;)estl,notbestl)besttop
cos(tagl,alljet:s)al]jetS
cos(tagl,lepton)  aggodiop
cos(jetl,alljets) a115cts
cos(jetl, |5Pt°")btaggedtop
cos(jet2,aIIjets)anetS
cos(jet2,lepton)ptaggedtop
cos(lepton, Q(lepton) X 2)pesttop
cos(leptonp, esttop besttopcMframe
cos(lepton btaggedtop: btaggedtopcMframe)
cos(notbest,alljets)a11jets
cos(notbest,lepton)bestmp
cos(untagl,alljets)aujets
cos(untagl,lepton)ptaggedtop

ann Coadou (CPPM) — Boosted decision tre

Event Kinematics
Aplanarity(alljets, W)
M(W bestl) (“best” top mass)
M(W tagl) (“b-tagged” top mass)
Hr (alljets)

Hr (alljets—best1)
Hr (alljets—tagl)

T (alljets, W)

T (jetl,jet2)
Hr (jetl,jet2, W)
M(alljets)
M(alljets—best1)
M(alljets—tagl)
M(jetl,jet2)
M(jet1,jet2, W)
M7 (jetl jet2)
Mz (W)
Missing ET
pr(alljets—best1)
pr(alljets—tagl)
pr(jetl,jet2)
Q(lepton) x n7(untagl)

3
Sphericity(alljets, W)

Adding variables
did not degrade
performance

Tested shorter
lists, lost some
sensitivity

Same list used for
all channels

Best theoretical
variable:
Hr(alljets, W).
But detector not
perfect = capture
the essence from
several variations
usually helps
“dumb” MVA
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Decision tree parameters '

BDT choices
o 1/3 of MC for training
o AdaBoost parameter 5 = 0.2

o Minimum leaf size = 100 events

_ o Same total weight to signal and
o 20 boosting cycles background to start

o Signal leaf if purity > 0.5 o Goodness of split - Gini factor

Analysis strategy

@ Train 36 separate trees:

3 signals (s,t,s + t)

2 leptons (e,u)

3 jet multiplicities (2,3,4 jets)
2 b-tag multiplicities (1,2 tags)

@ For each signal train against the sum of backgrounds
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Analysis validation (
Ensemble testing

@ Test the whole machinery with many sets of pseudo-data
@ Like running DO experiment 1000s of times

o Generated ensembles with different signal contents (no signal, SM,
other cross sections, higher luminosity)

Ensemble generation

o Pool of weighted signal 4+ background events

o Fluctuate relative and total yields in proportion to systematic errors,
reproducing correlations

o Randomly sample from a Poisson distribution about the total yield to
simulate statistical fluctuations

o Generate pseudo-data set, pass through full analysis chain (including
systematic uncertainties)

Achieved linear response to varying input cross
sections and negligible bias
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Cross-check samples i

o Validate method on data in no-signal region

o “Wjets”: = 2 jets, o “tthar”: = 4 jets,
Hr (lepton, £ 7 ,alljets) < Hr(lepton, £ 7 ,alljets) >
175 GeV 300 GeV
E | -® Data D@ Run Il Preliminary 910pb’ E s Data D@ Run Il Preliminary 910pb'
> == s+t-channel e+jets > Lot | e+jets
£ 60" M s+i-channel ==1tag £ ==1tag
L%’ F =“I o ==2 jets L%’ 20 ==4 jets
L +iets
| fakelept HT<175.0 L 300.0<HT
40— 157~
| 10+
20— [
L s

0.4 0.6 0.8 1 0.4 0.6 0.8 1
tbtgb-combined DT output (fulltree) tbtgb-combined DT output (fulltree)
o Good agreement
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Boosted decision tree event characteristics

DT < 0.3 DT > 0.55 DT > 0.65

T ol DO Run Il Preliminary 0.9 fis' ¥ DO Run Il Preliminary 0.9 fs' T D@ Run Il Preliminary 0.9 '
5 80 e+t channel H e+l channel £ | e+t channel
8 1-2tags 8 8o 1-2tags 8 1-2tags
s [ 24 jets o 24 jets v | 24 jets
3 o DT<0.3 g DT>0.55 g DT>0.65
= e S s+=4.95 pb ol 5+1=4.95 pb =0 5+1=4.95 pb

w0 10—

L 40— L

L 5

20| 20

% 100 200 300 _ 400 500 % 300 500 % 100 200 300 200 50
b-Tagged Top Mass [GeV] b-Tagged Top Mass [GeV] b-Tagged Top Mass [GeV]
= 6o DO Run Il Preliminary 0.9 fb' z DO Run Il Preliminary 0.9 &' 5 DG Rup Il Preliminary 0.9 6"
8 | e+ channel 8 e+|1 channel g | e+ channel
2 1-2tags 2 1-2tags e t 1-2tags
E - 24 jets E 24 jets E r 24 jets
3T DT<0.3 3 w0r DT>0.55 30 DT>0.65
8 x $+1=4.95 pb 8 $+1=4.95 pb 8 I $+1=4.95 pb

z z T 6

= = s F

= > > 5

20 2 [

% 50 100 % 50 100 %

150 150
M(W) [GeV] M(W) [GeV]

@ High BDT region = shows masses of real t and W = expected
@ Low BDT region = background-like = expected
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DT < 0.3 DT > 0.55 DT > 0.65

T ol DO Run Il Preliminary 0.9 fis' ¥ DO Run Il Preliminary 0.9 fs' T D@ Run Il Preliminary 0.9 '
5 80 e+t channel H e+l channel £ | e+t channel
8 1-2tags 8 8o 1-2tags 8 1-2tags
T [ 24 jets o 24 jets v | 24 ets
3 o DT<0.3 g DT>0.55 g DT>0.65
= S s+=4.95 pb ol $+1=4.95 pb = s+1=4.95 pb
10—
- L
s
20
100 200 300 _ 400 500 % 300 500 % 100 200 300 _ 400 50
b-Tagged Top Mass [GeV] b-Tagged Top Mass [GeV] b-Tagged Top Mass [GeV]
= 6o DO Run Il Preliminary 0.9 fb' z DO Run Il Preliminary 0.9 &' 5 DG Rup Il Preliminary 0.9 6"
g I e+t channel <4 4|1 channel g | e+t channel
2 1-2tags 2 1-2tags 2 1-2tags
E - 24 jets E 2-4 jets E n 2-4 jets|
3T DT<0.3 3 w0r DT>0.55 30 DT>0.65
8 b $+1=4.95 pb 8 $+1=4.95 pb 8 I $+1=4.95 pb
z ] D 6
2 T 2 ® -
s | = s L
20~ 20 t
% 50 100 150 % 50 100 150 %
MyW) [GeV] M(W) [GeV]

@ High BDT region = shows masses of real t and W = expected

@ Low BDT region = background-like = expected

@ Above doesn't tell analysis is ok, but not seeing this could be a sign of a
problem
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Comparison for DO single top evidence ]

Boosted Decision Trees

Bayesian NN, ME Decision Tree
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o Tau ID BDT and single top search BDT J

3 @ Run 11 4.8 fb” e Data § 300[-D@ Run 11 4.8 ™ e Data
(5] I tb+tgb— tau+jets S, [ tb+tgb— tau+jets
2 [ WiZ+jets, diboson E’ [ W/Z+jets, diboson
£ . o B .
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w

200

100

40 60 80 100 120 B 0.6 0.7 08 0.9 1
M(W) [GeV] tb+tqb boosted decision tree output
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http://dx.doi.org/10.1016/j.physletb.2010.05.003

TLAS tau identificatio

Recent results in HEP with BDT ]

o Now used both g 5 ey
. . g « Data2011 (13715 .&’ ul m Cus tau per a‘vmvancei
offline and online 5 oo % 10§ - ATLAS pretminary
i é’ B =5 Jet background o
@ Systematics: 1 —— ol 4
propagate various : g
detector/theory g 10F o 5
= [ 2011 dijet data [dt L = 130 pb"
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0utput and -40-50~60~7B%?rg~c%re1 102 03 04 05 06 07 08 09
Signal Efficiency
measure variation

gwo_ ATLAS ‘ Eé:';umnaimy_

° o gL Bl
o BDT output used in final fit to & 6of Diepon tiet mFeke lepons |
measure cross section 40 : 1

o Constraints on systematics from 20r ]
proﬁling 0-1 -08 -06 -04 -02 0 02 04

BDT output
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http://arxiv.org/abs/1205.5764

Recent results in HEP with BDT ‘

ATLAS tt — e/u + T+jets production cross section

§ 9005 ¢ >1btag data ATLAS
D 8ooE- ... i E
3 00 .:igfmmm _[Lm:z.osfb" E
. ! g stat. uncertainty E
. @ E
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0 9 %) L ]
o W iibkg E @ 400 W iibkg E
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V.
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Boosted decision trees in HEP studies i

@ MiniBooNE (e.g. physics/0408124 NIM A543:577-584,
physics/0508045 NIM A555:370-385, hep-ex/0704.1500)

@ DO single top evidence (PRL98:181802,2007, PRD78:012005,2008)

DO and CDF single top quark observation (PRL103:092001,2009,
PRL103:092002,2009)

DO tau ID and single top search (PLB690:5,2010)
Fermi gamma ray space telescope (same code as DO)
BaBar (hep-ex/0607112)

ATLAS/CMS: Many other analyses

b-tagging for LHC (physics/0702041)

LHCb: B(Os) — pu search, selection of BY — J/1¢ for ¢
measurement

@ More and more underway

Yann Coadou (CPPM) — Boosted decision $0S2012, Autrans, 1 June 2012 34/37


http://arxiv.org/abs/physics/0408124
http://dx.doi.org/10.1016/j.nima.2004.12.018
http://arxiv.org/abs/physics/0508045
http://dx.doi.org/10.1016/j.nima.2005.09.022
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Boosted decision tree software

o Historical: CART, ID3, C4.5

e DO analysis: C++ custom-made code. Can use entropy/Gini,
boosting/bagging/random forests

o MiniBoone code at http://www-mhp.physics.Isa.umich.edu/~roe/

Much better approach
o Go for a fully integrated solution

o use different multivariate techniques easily
o spend your time on understanding your data and model

o Examples:

o Weka. Written in Java, open source, very good published manual. Not
written for HEP but very complete
http://www.cs.waikato.ac.nz/ml/weka/

o StatPatternRecognition
http://www.hep.caltech.edu/~narsky /spr.html

o TMVA (Toolkit for MultiVariate Analysis). Now integrated in
ROOT, complete manual http://tmva.sourceforge.net
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