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IlassiDiers in !tat$attern(ecognition
! 9inarM s@lit NaLa O9inarM stu8@P, aLa OcutPQ
! linear and Ruadratic discri8inant analMsis
! decision trees
! 9u8@ ?unting N$(I5, Fried8an T Fis?erQ
! =daBoost NFreund and !c?a@ireQ
! 9agging and rando8 Dorest NBrei8anQ
! Uariant oD arcVW4 NBrei8anQ
! 8ultiVclass learner N=llBein, !c?a@ire and !ingerQ
! co89iner oD classiDiers
! interDaces to !tuttgart Neural NetBorL !i8ulator 

DeedDorBard 9acL@ro@ Neural Net and radial 9asis 
Dunction Neural Net Y not Dor trainingZ [ust Dor reading t?e 
saUed net conDiguration and classiDMing neB data

in red – will be covered today
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Ft?er tools in !tat$attern(ecognition
! 9ootstra@
! Ualidation and crossVUalidation Nc?oosing o@ti8al 

@ara8eters Dor classiDiersQ
! esti8ation oD data 8eans, coUariance 8atriW and 

Lurtosis
! goodnessVoDVDit eUaluation using decision trees 

NFried8an, $?Mstat 2003Q
! reading Dro8 =scii or (oot
! saUing in@utAout@ut into ]9ooL or (oot
! Diltering data Ni8@osing cuts, c?oosing in@ut 

Uaria9les and classesQ
in red – will be covered today
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5essage Dor todaM
! !$( is a @acLage Dor 8ultiUariate classiDication 

" as in Odozens or ?undreds oD Uaria9lesP
" ?ardlM eW@ect anM i8@roUe8ent oUer, eCgC, 57 data 

classiDied 9M a neural net
" ?oBeUer, iD Mou ?aUe 20^ in@ut Uaria9les, it is al8ost 

guaranteed t?at !$( Bill out@erDor8 NN
! ID Mou care a9out classiDication RualitM at t?e 

leUel oD a DeB @ercent-
" 8ust trM 9ot? 9oosted decision trees and rando8 

Dorest Nno clear @rediction Dor B?ic? one Bill BorL 
9etter in Mour @articular caseQ

" 8ust do a t?oroug? _o9 oD selecting classiDier 
@ara8eters 9M using NcrossVQUalidation

! Use as many variables as you can and invest 
time in choosing classifier parameters!
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!tatus oD !$(
! =ll state8ents and eWa8@les in t?e @resent talL are 

9ased on tag `02V03V04
" I reco88end u@dating to latest `Vtag regularlM

! /@dates since !e@te89er 8eeting-
" su@@ort Dor reading in@ut data Dro8 (oot Nt?anLs to [an !tru9eQ
" a cou@le oD neB classiDiers i8@le8ented Na ?M9rid oD 9oosting 

and rando8 Dorest, arcVW4Q
" !@rGo@doBnGree, a Daster i8@le8entation oD decision treeC 

(ando8 Dorest ?as 9eco8e 8uc? DasterZ
" co8@utation oD Ruadratic and eW@onential loss Dor crossV

Ualidation
" goodnessVoDVDit 8et?od added Nalt?oug? not tested on @?MsicsQ
" treat8ent oD 8ultiVclass @ro9le8s

! 8ultiVclass learner i8@le8ented
! easM selection oD in@ut classes Dor tBoVclass 8et?ods



!tructure SprAbsClassifier

SprAdaBoost SprBumpHunterSprDecisionTreeSprFisherSprBagger SprBinarySplit

SprAbsTwoClassCriterion

!@rGBoIlass1iniIndeW !@rGBoIlassIrossantro@M !@rGBoIlass!ignal!igniD !@rGBoIlass!ignal$uritM

SprAbsClassifier
::makeTrained()

SprBagger SprTrainedBagger

SprAbsTrainedClassifier
SprAbsFilter

@rotected- !@r7atab cdatad

SprBoxFilterSprEmptyFilter
SprAbsReader

SprRootReaderSprSimpleReader
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Bu8@ ]unting N$(I5Q Friedman and Fisher, 1999

! JorLs in tBo stages-
" !?rinLageC 1raduallM reduce t?e size oD t?e 9oWC =t 

eac? ste@ tries all @ossi9le reductions in all 
di8ensions and c?ooses t?e 8ost o@ti8al oneC (ate 
oD s?rinLage is controlled 9M t?e O@eelP @ara8eter e 
Draction oD eUents t?at can 9e re8oUed Dro8 t?e 9oW in 
one ste@C

" aW@ansionC NoB tries all @ossi9le eW@ansions in all 
di8ensions and c?ooses t?e 8ost o@ti8al oneC

! /se t?is algorit?8 iD Mou Bant to Dind a 
rectangular signal region

! F@ti8ization criteria Dor t?e algorit?8-
" @lugged t?roug? an a9stract interDace
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F@ti8ization criteria Y I
!"#$%&"'%()*#+!"#,-./01)*#2 45)56

78(.) !"#,-.9:8;15..;#0)*#08(2 7#0)6
0() (-%&"6      << (%&-*# 8= -%&".
0() (&0(6       << &0( (%&-*# 8= *>*(). "*# -%&"
48%-1* 5"**1?@  << "**1 "5#5&*)*#

715.. !"#,-.9:8;15..;#0)*#08( A
"%-107B
<2

C*)%#( =0D%#* 8= &*#0)E
:78#F G 78##*7)1H 715..0=0*4 :*0DI)*4 =#57)08( 8= -57JD#8%(4
:&0.F G &0.715..0=0*4 :*0DI)*4 =#57)08( 8= -57JD#8%(4
:78#K G 78##*7)1H 715..0=0*4 :*0DI)*4 =#57)08( 8= .0D(51
:&0.K G &0.715..0=0*4 :*0DI)*4 =#57)08( 8= .0D(51

2<
>0#)%51 48%-1* =8&+48%-1* :78#F6 48%-1* :&0.F6 

48%-1* :78#K6 48%-1* :&0.K? 78(.) L F@
M
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F@ti8ization criteria Y II
!"#9:8;15..N0(0O(4*P
!"#9:8;15..OQ/#57)08( R)*7I(0751S +=8# 4*70.08(
!"#9:8;15..;#8..T()#8"H )#** 8")0&0U5)08(?

!"#9:8;15..!0D(51!0D(0=
!"#9:8;15..$VQ0.78>*#H
!"#9:8;15..95DD*#T== =8# "IH.07.
!"#9:8;15..W%#0)H
!"#9:8;15..X(0=8#&W#08#XYZF



Bu8@ ?unter in !$(
Ready-to-go executable: SprBumpHunterApp
# !"#$%&"'%()*#,"" [- K [( KFF [P FEK [7 \ [: FEFFK [= 
-%&"E."# [) >51045)08(E"5) [8 )#50(0(DEI-88J [" 
>51045)08(EI-88J )#50(0(DE"5)
Find one 9u8@ Bit? at least 100 eUents 9M o@ti8izing t?e signal signiDicance NVc 2Q 
using @eel @ara8eter 0C1C !ignal Bill 9e Beig?ted doBn 9M 0C001C G?e Dound 9u8@ 
Bill 9e saUed into 9u8@Cs@rC !ignal signiDicance Bill 9e eUaluated Dor Ualidation 
dataC Graining and Ualidation data Bill 9e saUed into trainingC?9ooL and 
UalidationC?9ooLC

Found 9oW 0
eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee
`alidation FF5e0C270037
Iontent oD t?e signal region-   J0e911  J1e8C187   N0e911  N1e8187
eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

# 75) -%&"E."#
Bu8@s- 1
VVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVV
Bu8@      0    !ize 2       FF5e0C263075   J0e957        J1e8C173      N0e957        N1e8173      
`aria9le                             W0    ki8its         V6C97225          6C8124
`aria9le                             W1    ki8its           V6C373        V3C55095
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F@ti8ization oD t?e 9u8@ ?unter @ara8eters
! FnlM one degree oD Dreedo8 Y @eel 

@ara8eter
! I?oose t?e o@ti8al @eel @ara8eter 9M 

8aWi8izing t?e selected Digure oD 8erit on 
Ualidation data

! Gest 9u8@ ?unter @erDor8ance on an 
inde@endent test sa8@le
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I?oice oD classiDier @ara8eters
! o@ti8ize Mour 8odel on t?e training sa8@le
! sto@ o@ti8ization B?en Ualidation error reac?es 

8ini8u8
! use a test sa8@le to assess 8odel error

training Ualidation test

Training error seriously underestimates true model error.
Validation error somewhat underestimates true model error.
Test error is an unbiased estimate of the true model error.

In principle, if the validation set is fairly large and the FOM estimate is 
based on statistically large subsets, the test error should be close to 
the validation error. Hence, the test stage can be omitted.

Use with caution!!!
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J?at iD Mou ?aUe 9arelM enoug? 
data Dor trainingl
! (esa8@ling oD training data-

" crossVUalidation
" 9ootstra@

! Basic idea- 8aLe 8anM test sa8@les 9M resa8@ling t?e 
original training set

! 7o not use crossVUalidation Dor 9ig sa8@les- sloB and 
unnecessarM

! 5ore inDo-
" ]astie, Gi9s?irani and Fried8an OG?e ale8ents oD !tatistical 

kearningPd c?a@ter 7 O5odel =ssess8ent and !electionP

in red – will be covered today
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IrossVUalidation
! !@lit data into 5 su9sa8@les
! (e8oUe one su9sa8@le, o@ti8ize Mour 8odel on t?e 

Le@t 5V1 su9sa8@les and esti8ate @rediction error Dor 
t?e re8oUed su9sa8@le

! (e@eat Dor eac? su9sa8@le

! ]oB to c?oose 5l
" 5eN em  I` error esti8ator is un9iased Dor t?e 8odel error 9ut 

can ?aUe large Uariance
" 5nN em  I` error esti8ator ?as s8all Uariance 9ut can ?aUe 

large 9ias

! I tM@icallM c?oose 5e5V10

! " ! "MNim ,...,2,1,...,2,1:)( ! # $%
&

'&
N

i
iimiCV xfyL

N
R

1
)( )(,1



BaBar 5eeting, 7ece89er 2005 16Ilya Narsky

NoB t?at Be ?aUe coUered 
Dirst @rinci@les using t?e 
9u8@ ?unter as an 
eWa8@le, let us 8oUe on to 
8ore so@?isticated 
classiDiers em



7ecision Grees

Split nodes recursively until a 
stopping criterion is satisfied.

)()()( 2211 pQWpQWpWQ ()

Parent node with ! events and correctly classified 
"#! events is split into two daughters nodes iff

entropy-cross  )1log()1(log)(
index Gini                    )1(2)(

)(

pppppQ
pppQ

ppQ

''(&
''&

&

Iriteria used Dor co88ercial trees
N@ e Draction oD correctlM classiDied eUentsQ

Decision trees emerged in mid 80’s: 
CART (Breiman, Friedman etc), C4.5 
(Quinlan) etc

Stopping criteria:  
o unable to find a split that satisfies the split 

criterion  
o maximal number of terminal nodes in the tree
o minimal number of events per node

Decision tree output:
o discrete scoring: 1 if an 
event falls into a signal node, 
0 otherwise
o continuous scoring: for 
example, signal purity, 
s/(s+b)



7ecision trees in !tat$attern(ecognition

!, B

!1, B1 !2, B2

! e !1^!2
B e B1^B2

Conventional decision tree, e.g., 
CART:
V aac? s@lit 8ini8izes 1ini indeW-

V G?e tree s@ends 50p oD ti8e Dinding 
clean signal nodes and 50p oD ti8e 
Dinding clean 9acLground nodesC

22

22

11

11

BS
BS

BS
BSGini

(
(

(
&

Decision tree in 
StatPatternRecognition:
V aac? s@lit 8aWi8izes signal 
signiDicance-

*
*
+

,
-
-
.

/

((
&

22

2

11

1 ,max
BS

S
BS

SSignif

StatPatternRecognition allows the 
user to supply an arbitrary criterion 
for tree optimization by providing an 
implementation to the abstract C++ 
interface.
At the moment, following criteria are 
implemented:
o Conventional: Gini index, cross-
entropy, and correctly classified 
fraction of events.
o Physics: signal purity, S/!S+B, 90% 
Bayesian UL, and 2*(!S+B- !B).



7ecision tree in !$(
Ready-to-go executable: SprDecisionTreeApp
# !"#Q*70.08(9#**,"" [( KFF [7 \ [& [: FEK [= )#**E."# [) 
>51045)08(E"5) [8 )#50(0(DEI-88J [" >51045)08(EI-88J
)#50(0(DE"5)

Build a decision tree Bit? at least 100 eUents @er leaD 9M o@ti8izing t?e signal 
signiDicance NVc 2QC !ignal Bill 9e Beig?ted doBn 9M 0C1C G?e Dound leaD nodes Bill 
9e 8erged NV8QC !ignal signiDicance Bill 9e eUaluated Dor Ualidation dataC Graining 
and Ualidation data Bill 9e saUed into trainingC?9ooL and UalidationC?9ooLC

F@ti8ization criterion set to !ignal signiDicance !AsRrtN!^BQ 
7ecision tree initialized Bit? 8ini8al nu89er oD eUents @er node 100
Included 5 nodes in categorM 1 Bit? oUerall FF5e6C48006    J1e198C4 J0e739    N1e1984 
N0e739
eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee
`alidation FF5e5C78557
eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

!"#Q*70.08(9#**+!"#,-./01)*#2 45)56 
78(.) !"#,-.9:8;15..;#0)*#08(2 7#0)6
0() (&0(6 -881 48]*#D*6 -881 40.7#*)*6
!"#O()*D*#$88).)#5"2 -88).)#5"LF?@
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]oB does t?e tree 8erge nodesl
! 5erging algorit?8-

" sort all nodes 9M signal @uritM in descending order em 
Uector oD N nodes

" start Bit? t?e node Bit? t?e ?ig?est @uritM and add 
nodes Dro8 t?e sorted list seRuentiallMd at eac? ste@ 
co8@ute t?e oUerall FF5 em Uector oD N FF5qs

" c?oose t?e ele8ent Bit? t?e largest FF5 and use t?e 
corres@onding co89ination oD nodes

! G?is algorit?8 onlM 8aLes sense Dor asM88etric 
FF5qs-
" !@rGBoIlass!ignal!igniD, !@rGBoIlassBr7iscoUerM, 

!@rGBoIlassGaggeraDD, !@rGBoIlass$uritM, 
!@rGBoIlass/niDor8$rior/k90

" use Y8 Ndo5ergeetrueQ o@tion onlM Dor t?eseZZZ



F@ti8ization oD t?e decision tree @ara8eters
! FnlM one degree oD Dreedo8 Y 8ini8al nu89er oD eUents 

@er leaD node 
! I?oose t?e o@ti8al leaD size 9M 8aWi8izing t?e selected 

Digure oD 8erit on Ualidation data
! Gest decision tree @erDor8ance on an inde@endent test

sa8@le

Cross-validation:
# !"#Q*70.08(9#**,"" G7 \ [: FEK [& [P ^ [_ 
R\6^6KF6\F6^F6KFF6\FF6^FFS )#50(0(DE"5)

;#8..G>51045)*4 /`].B
a84* .0U*L       \      /`]L   KEZ^\FZ
a84* .0U*L       ^      /`]L   \EbcKbb
a84* .0U*L      KF      /`]L   \E^Zde\
a84* .0U*L      \F      /`]L   \E^^^\c
a84* .0U*L      ^F      /`]L   \E^^FKZ
a84* .0U*L     KFF      /`]L    \E^bFf
a84* .0U*L     \FF      /`]L    \E^\Zb
a84* .0U*L     ^FF      /`]L   \E\ddZf

I would choose this one
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Fut@ut oD a decision tree
# 75) )#**E."#

9#50(*4 Q*70.08( 9#**B ^      .0D(51 (84*.E    `>*#511 /`]LcEefFFc    gFLdbZ        gKLKZfEe    
aFLdbZ        aKLKZfe   

GGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGG
GGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGG
!0D(51 (84*.B
GGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGG
a84*      F    !0U* f       /`]L^Eb^Fcd    gFLKcK        gKLfbEd aFLKcK        aKLfbd     
h5#05-1*            Y*540(D$95DD*4i*)W) Y0&0).          GKEFFe^          \EfKe^
h5#05-1*           Y*540(DX()5DD*4i*)W) Y0&0).         GFEbb\F^          eEKcZ^
h5#05-1*                    W)ji*)Ki*)\    Y0&0).    GKEdZdcZ*kbFf          \EFZK^
h5#05-1*          O(>5#05()]5..j,11i*). Y0&0).           FEbeF^          ^EcK\^
h5#05-1*                 Q*1)5Ci*)Ki*)\    Y0&0).    GKEdZdcZ*kbFf           \Ed\e
h5#05-1*  ;8.j$95DD*4i*),11i*).j,11i*). Y0&0).          GKEd\e^    KEdZdcZ*kbFf
h5#05-1*                 $95DD*498"]5.. Y0&0).          GFEZZb\          \Ebff^
h5#05-1*                      l90&*.T)5 Y0&0).          G\Ebdf^    KEdZdcZ*kbFf
GGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGG
a84*      K    !0U* KK      /`]LKEKb^^^    gFLbK         gKLd   aFLbK         aKLdF      
EEEEEEEE

! For each node, shows only variables on which cuts are imposed, e.g., for Node 0 only 
8 out of 11 variables are shown.
o Gives a full list of leaf nodes in the order of decreasing signal purity.
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Bu8@ ?unter Us decision tree
Bu8@ ]unter 7ecision Gree

Dinds one rectangular region 
t?at o@ti8izes a certain FF5

Dinds a set oD rectangular 
regions Bit? a glo9allM 

o@ti8ized FF5

crossVUalidation not aUaila9le can crossVUalidate

a conserUatiUe and sloB 
algorit?8 

Ns?rinLageAeW@ansionQd t?e 
s@eed is controlled 9M t?e @eel 

@ara8eter

a greedM and Dast algorit?8d 
t?e s@eed and size oD t?e tree 
is controlled 9M t?e 8ini8al 
nu89er oD eUents @er leaD 

node



=daBoost Y I Freund and Schapire, 1997

! Io89ines BeaL 
classiDiers 9M a@@lMing 
t?e8 seRuentiallM

! =t eac? ste@ en?ances 
Beig?ts oD 8isclassiDied 
eUents and reduces  
Beig?ts oD correctlM 
classiDied eUents

! Iterates as long as 
Beig?ted 8isclassiDied 
Draction less t?an 50p 
bandb t?e reRuested 
nu89er oD training 
cMcles is not eWceeded 

NiNwi ,...,1;/1   :0  iteration )0( &&

**
+

,
--
.

/ '0
&

&

$'
&

)&

'

'

'%

K

K
K

K

K
iK

i

K

K
iK

i

K
iK

K

ww

ww

wxf

1
12

1

1

1

log
2
1 : Kclassifier ofht       weig

2
   :events iedmisclassif        

1(2
  :events classifiedcorrectly 

5.0:)(   :  Kiteration

)1(
)(

)1(
)(

iedmisclassif

)1()(

%
&

&
C

K

K
K xfxf

1

)( )()( 2

To classify new data: 
weighted vote of all classifiers
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=daBoost Y II
! For8allM, can 9e deriUed Dro8 eW@onential loss-

! =daBoost i8@le8ents a BeaL learning algorit?8-

! = nice @ro9a9ilistic @ro@ertM-

! 5argin t?eorM- test error Lee@s decreasing eUen aDter t?e 
training error turns zero

# $ # $

# $ # $3 4%
&

' ('&

'&

N

i
iiKiGKK xGxfyG

xyfxfyL

1
1,

)()(expminarg,

)(exp)(,

22
2

# $(exp

1log
2
1

show that can one

)1()(
KiK

K
i

K
i

K

K
K

xGyww 2
1
12

'&

'
&

' )i

*
*

+

,

-
-

.

/
*
+
,

-
.
/ ''5$'#065 %7

&&

C

K
K

C

K
KK

C

11

2

2
12exp 1111

# $)(2exp
)|1(
)|1( xf
xyP
xyP
&

'&
(&



Boosting in !$(
Ready-to-go executables: 
SprAdaBoostBinarySplitApp and SprAdaBoostDecisionTreeApp
# !"#,45$88.)Q*70.08(9#**,"" [( KFF [1 KFFF [= 545)#**E."# [) 
>51045)08(E"5) [4 ^ )#50(0(DE"5)

Boost 100 decision trees Bit? at least 1000 eUents @er leaD and saUe t?e trained 
classiDier conDiguration into adatreeCs@rC 7is@laM eW@onential loss Dor Ualidation data 
eUerM 5 treesC BM deDault, 1ini indeW Bill 9e used Dor tree construction NI donqt 
reco88end c?anging o@ti8ization FF5 Dor 9oosted trees eUerQC

# !"#,45$88.)Q*70.08(9#**,"" [( F [# 545)#**E."# [8 )*.)EI-88J
[. )*.)E"5)

(ead =daBoost conDiguration Dro8 adatreeCs@r and a@@lM it to test dataC !aUe test 
data and =daBoost out@ut into testC?9ooL

#!"#,45$88.)$0(5#H!"10),"" [( KFF [= 545."10)E."# )#50(0(DE"5)
#!"#,45$88.)$0(5#H!"10),"" [( F [# 545."10)E."# [8 )*.)EI-88J
[. )*.)E"5)

Grain and test 9oosted 9inarM s@lits Bit? 100 s@lits @er di8ensionC
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Boosted s@lits Us 9oosted trees
Boosted s@lits Boosted trees

=@@lies decision s@lits on in@ut 
Uaria9les seRuentiallM- s@lit 1 

on Uaria9le 1, s@lit 2 on 
Uaria9le 2 etcd in t?e end goes 
9acL to Uaria9le 1 and starts 

oUerC

Gree Dinds an o@ti8al decision 
s@lit 9M c?oosing a8ong all 

in@ut Uaria9lesC

!@lits are a@@lied to t?e B?ole 
training setC

!@lits are a@@lied recursiUelM 
to 9uild t?e tree structureC

Graining is UerM Dast and 
ro9ust, tM@icallM at t?e 

eW@ense oD lessVt?anV@erDect 
@redictiUe @oBerC

Graining is sloBer 9ut t?e 
@redictiUe @oBer is usuallM 
su@erior to t?at oD 9oosted 

s@litsC



F@ti8ization oD =daBoost @ara8eters
! Boosted 9inarM s@lits are UerM ro9ustC `alidation stage 

can 9e o8ittedC I?oose at least seUeral dozen s@lits @er 
in@ut di8ensionC

! Boosted trees ?aUe tBo degrees oD Dreedo8
" 8ini8al leaD size em needs to 9e Dound 9M NcrossVQUalidation
" nu89er oD trees 9uilt em t?e 8ore, t?e 9etter Ncan 9eco8e I$/V

eW@ensiUe Dor large sa8@les Bit? 8anM in@ut Uaria9lesQ

Cross-validation:
# !"#,45$88.)Q*70.08(9#**,"" [( \F [D K [P ^ [_ 
RKFF6\FF6^FF6KFFF6\FFF6bFFFS )#50(0(DE"5)
NOVg 1P dis@laMs Ruadratic lossd OVg 2P Bill dis@laM eW@onential lossQ

;#8..G>51045)*4 /`].B
a84* .0U*L     KFF      /`]L  FE\K\cK\
a84* .0U*L     \FF      /`]L   FEKZcce
a84* .0U*L     ^FF      /`]L  FEKZKfFZ
a84* .0U*L    KFFF      /`]L  FEKf^fbe
a84* .0U*L    \FFF      /`]L  FE\KF\Zd
a84* .0U*L    bFFF      /`]LGKEdZdcZ*kbFf

# $ # $2qua )()(, xfyxfyL '&

# $ # $)(exp)(,exp xyfxfyL '&
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G?ings to re8e89er
! Boosted trees tM@icallM 9eneDit Dro8 large leaUesC 

I?oose leaD size s5V50p oD t?e nu89er oD 
eUents in t?e s8allest classC

! ID t?e leaD size iD @oorlM c?osen, =daBoost 
@erDor8ance degrades as Mou 9uild 8ore and 
8ore treesC tou can 8onitor t?is 9M looLing at 
Ualidation dataC

! !eUeral ?undred trees are 8ore t?an enoug? Dor 
all @ractical @ro9le8s I looLed atC tou can Lee@ 
adding 8ore trees, 9ut =daBoost error Bonqt go 
doBn signiDicantlMC

! Boosted s@lits are ro9ust and incredi9lM DastC 
]oBeUer, tM@icallM giUe a Borse 8odel error t?an 
9oosted trees or rando8 DorestC
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]oB to looL at =daBoost out@ut
! G?e 8Msterious OVsP o@tion

" Dorces =daBoost to dis@laM out@ut in t?e range 
NVinDtM,^inDtMQ   NOstandardP =daBoostQ

" 9M deDault =daBoost out@ut is in range u0,1v
! =lloBs to use @ro9a9ilistic @ro@erties oD 

=daBoost

# "5:
# I<=01 K )*.)EI-88J eFZc
# (<"1 KE+K<+Kk*P"+G\2545??? 0LF
# (<"1 KE+K<+Kk*P"+G\2545??? 0LK m m m .

B0bar
B0



]oB to read saUed =daBoost conDiguration
! OVrP o@tion Dor =daBoost eWecuta9les

" stands Dor Oresu8eP, not OreadP
" aDter reading t?e saUed conDiguration, Mou can resu8e 

trainingw

" wor _ust classiDM eUents

! in I^^

n !"#,45$88.)Q*70.08(9#**,"" [( KFF [1 KFFF [# 
545)#**j(KFFE."# [= 545)#**j(\FFE."# )#50(0(DE"5)

!"#,45$88.)98"48:(9#**C*54*# #*54*#@
-881 #*54!)5)%. L #*54*#E#*54+R&Hj0("%)j=01*S?@
!"#9#50(*4,45$88.)2 )#50(*4 L #*54*#E&5J*9#50(*4+?@
>*7)8#o48%-1*n 0("%)j"80() L p@
48%-1* # L )#50(*4Gn#*."8(.*+0("%)j"80()?@

OR
!"#,45$88.) 545+p6(7H71*.LKFF6p?@
#*54*#E.*)9#50(5-1*+q545?@
-881 )#50(!)5)%. L 545E)#50(+?@

n !"#,45$88.)Q*70.08(9#**,"" [( F [# 545)#**j(KFFE."# [8 
)*.)EI-88J )*.)E"5)
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(ando8 Forest NBrei8an, 2001Q
! Ou(ando8 Forestv is uneWcelled in accuracM a8ong 

current algorit?8sCP Y keo Brei8an, 
?tt@-AABBBCstatC9erLeleMCeduAusersA9rei8anA(ando8ForestsA

! (ando8 Dorest e 9agging ^ rando8 selection oD in@ut 
Uaria9les Dor eac? decision s@lit

! Bagging e 9ootstra@@ing oD training @oints
" draB N @oints out oD sa8@le oD size N em one 9ootstra@ re@lica
" 9uild 8anM decision trees on 9ootstra@ re@licas oD t?e training 

sa8@le and classiDM neB data 9M t?e 8a_oritM Uote
! (ando8 selection oD in@ut Uaria9les

" Dor eac? decision s@lit, rando8lM select d out oD 7 Uaria9les
" d is set 9M t?e user

http://www.stat.berkeley.edu/users/breiman/RandomForests/


(ando8 Forest in !$(
Ready-to-go executable:  SprBaggerDecisionTreeApp
# !"#$5DD*#Q*70.08(9#**,"" [( KFF [1 KF [. c [D K [= 
-5D)#**E."# [) >51045)08(E"5) [4 ^ )#50(0(DE"5)

Build 100 decision trees Bit? at least 10 eUents @er leaD and saUe t?e trained 
classiDier conDiguration into 9agtreeCs@rC 7is@laM Ruadratic loss NVg 1 Q Dor Ualidation 
data eUerM 5 treesC (ando8lM select 6 Uaria9les to 9e considered Dor eac? decision 
s@litC

# !"#$5DD*#Q*70.08(9#**,"" [( F [# -5D)#**E."# [8 )*.)EI-88J
)*.)E"5)

(ead rando8 Dorest conDiguration Dro8 9agtreeCs@r and a@@lM it to test dataC !aUe 
test data and rando8 Dorest out@ut into testC?9ooL

Bagger interface is very similar to that of AdaBoost. Use similar 
syntax for saving classifier configuration, reading it back from file, 
resuming training, cross-validation etc.



F@ti8ization oD (ando8 Forest
! (ando8 Dorest ?as 3 degrees oD Dreedo8

" 8ini8al leaD size em needs to 9e Dound 9M NcrossVQUalidation
" nu89er oD rando8lM draBn in@ut Uaria9les Dor eac? decision s@lit

em needs to 9e Dound 9M NcrossVQUalidation
" nu89er oD trees 9uilt em again, t?e 8ore t?e 9etter

Cross-validation:
# !"#$5DD*#Q*70.08(9#**,"" [( KF [. c [D K [P ^ [_ 
RK6\6^6KF6\F6^F6KFFS )#50(0(DE"5)
Nrando8lM select 6 Uaria9les @er s@lit and dis@laM Ruadratic lossQ

;#8..G>51045)*4 /`].B
a84* .0U*L       K      /`]L   FEKdfec
a84* .0U*L       \      /`]L  FEKd^cde
a84* .0U*L       ^      /`]L  FEKd\^b^
a84* .0U*L      KF      /`]L  FEKdbeee
a84* .0U*L      \F      /`]L  FEKdeFK^
a84* .0U*L      ^F      /`]L  FEKdcbZ\
a84* .0U*L     KFF      /`]L  FEKdfZKe



BaBar 5eeting, 7ece89er 2005 35Ilya Narsky

]oB 8anM in@ut Uaria9les to c?oose at rando8l

! In 8M eW@erience, 9est @erDor8ance is o9tained 
B?en OVsP co88andVline o@tion 
NnFeaturesGo!a8@leQ is c?osen in t?e range 
u7A2,7v N7 e di8ensionalitMQ
" Note t?at sa8@ling is Bit? re@lace8ent, so iD Mou set 

nFeaturesGo!a8@lee7, on aUerage onlM 63p oD in@ut 
Uaria9les Bill 9e used Dor eac? decision s@lit

! ID Mou c?oose nFeaturesGo!a8@le s8all, 
rando8 Dorest Bill train Dasterw

! w9ut Mou 8aM not saUe anM I$/ cMcles 
9ecause Mou 8aM need to 9uild 8ore trees to 
o9tain co8@ara9le @erDor8anceC

! Go co8@are @erDor8ance, I reco88end using- 
nFeaturesGo!a8@lebnGreesGoBuild e const
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G?ings to re8e89er
! (ando8 Dorest tM@icallM DaUors UerM s8all leaUes 

and ?uge treesC I?oose leaD size s0C1p oD t?e 
nu89er oD eUents in t?e s8allest classC

! Graining ti8e is co8@ara9le Bit? t?at Dor 9oosted 
trees- (F trees are 9igger 9ut no I$/ is s@ent 
on reBeig?ting eUentsC

! IlassiDication oD neB data is generallM sloBer 9M 
(F t?an 9M 9oosted treesC But it is Dar 9eloB t?e 
leUel B?en Mou need to BorrMC

! /nliLe 9oosted trees, Mou can trM to Orando8V
DorestP asM88etric FF5qs suc? as, eCgC, signal 
signiDicance NVc co88and line o@tionQC For so8e 
@ro9le8s t?is can @roduce a signiDicant 
i8@roUe8entC
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Boosted trees or rando8 Dorestl

B0bar

B0

B0bar
B0

Q=28.9% Q=25.4%

There is no generic answer to this question. Try both!!!
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5ultiVclass @ro9le8s
! GBo @o@ular strategies Dor r classes-

" one against one- 9uild rbNrV1QA2 classiDiers
" one against all- 9uild r classiDiers

! /ser can easilM i8@le8ent t?ese strategies O9M 
?andP-
" OV MP co88and line o@tion Dor 8ost eWecuta9les
" !@r=9sFilter--irreUersi9leFilterBMIlassNconst c?arb classesQ

By convention, first class in the 
list is treated as background and 
second class as signal. For 
symmetric optimization FOM’s, it 
does not matter; for asymmetric 
FOM’s, it does.

Example: 3 input classes (0, 1, and 2)

# !"#rrr,"" [H RK6\S p
Nse@arate class 1 Dro8 class 2Q
# !"#rrr,"" [H RE6\S p
Nse@arate class 2 Dro8 all ot?ersQ
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5ultiVclass learner Allwein, Schapire and Singer, 2000

! (educe 8ultiVclass @ro9le8 to a set oD 
tBoVclass @ro9le8s using an indicator 
8atriW

! For eWa8@le, a @ro9le8 Bit? 4 classes-

! Indicator 8atriW e rbk 8atriW Dor r classes 
and k 9inarM classiDiers

**
*
*
*

+

,

--
-
-
-

.

/

'''
'''
'''
'''

&

1111
1111
1111
1111

ALL-VS-ONEY

**
*
*
*

+

,

--
-
-
-

.

/

'''
''

'
&

110100
101010
011001
000111

ONE-VS-ONEY



BaBar 5eeting, 7ece89er 2005 40Ilya Narsky

IlassiDication 9M t?e 8ultiVclass algorit?8

! Io8@ute userVdeDined loss Neit?er 
Ruadratic or eW@onentialQ Dor eac? roB oD 
t?e indicator 8atriW
"eCgC, co8@ute aUerage Ruadratic error

"wand assign eUent x to t?e class B?ic? giUes 
t?e 8ini8al Ruadratic error

# $%
&

&'&
L

l
lklk KkxfY

L
E

1

2 ,...,1;)(1



5ultiVclass learner in !$(
Ready-to-go executable:  SprMultiClassBoostedSplitApp
# !"#]%1)0;15..$88.)*4!"10),"" G* K GH sF6K6\6b6es [D K G= 
&%1)0E."# G( KFF G) D5%..ej%(0=8#&j\4j>5104E"5) 
D5%..ej%(0=8#&j\4j)#50(E"5)

/se t?e oneVUsVall training te8@late NVe 1Q to se@arate t?e 5 classes Dro8 eac? ot?er 
and saUe t?e trained classiDier conDiguration into 8ultiCs@rC aac? 9inarM classiDier is 
9oosted 9inarM s@lits Bit? 100 s@lits @er in@ut di8ensionC =Dter training is co8@leted, 
dis@laM aUerage Ruadratic loss NVg 1Q Dor Ualidation dataC

# !"#]%1)0;15..$88.)*4!"10),"" GH sF6K6\6b6es [D K G# 
&%1)0E."# G8 &%1)0EI-88J D5%..ej%(0=8#&j\4j>5104E"5)

(ead t?e classiDier conDiguration Dro8 8ultiCs@r and a@@lM it to Ualidation dataC !aUe 
Ualidation data and classiDier out@ut into 8ultiC?9ooLC yuadratic loss Dor eac? class 
Bill 9e saUed, as Bell as t?e oUerall classiDication Ninteger class la9elQC

Multi-class learning algorithm is implemented using boosted splits because 
these are very fast and robust. Training boosted decision trees or random 
forest requires fine-tuning of the classifier parameters, which can be hardly 
done for all binary problems at once without loss of accuracy.
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aWa8@le- B^!rb^"" analMsis
Disclaimer: a purely hypothetical and silly example of multi-class separation:
o 2 – signal
o 4 – B+B-
o 5 – B0B0bar
o 6 – ccbar
o 7 – uds
o 8 – tau+tau-

one against all one against one

Classified category vs true category for test data
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I?oosing in@ut Uaria9les
! Io8@ute correlation 9etBeen an in@ut Uaria9le and t?e 

class la9el
" !@raW@loratorM=nalMsis=@@

! 7ecision trees can count decision s@lits on eac? in@ut 
Uaria9le em discard Uaria9les Bit? DeB ?its
" OViP o@tion oD !@r=daBoost7ecisionGree=@@ and 

!@rBagger7ecisionGree=@@
" is useDul onlM iD a large Draction oD in@ut Uaria9les is considered 

Dor eac? s@lit
! Fnce Mou decided t?at so8e Uaria9les are useless, can 

eWclude t?e8 Dro8 t?e in@ut list
" OVzP o@tion Dor 8ost eWecuta9les
" !@r=9s(eader--c?oose=llButNconst setzstringmT UarsQ

aWa8@le- Dor 8uon $I7, t?e training data are s@lit into 9ins oD 8o8entu8 and 
@olar angle, 9ut t?ese tBo Uaria9les are not used Dor classiDication-

# !"#$5DD*#Q*70.08(9#**,"" [U R"6)I*)5S p
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5issing Ualues
! ID a certain Uaria9le cannot 9e 8easured, it is 

re@resented 9M an un@?Msical Ualue
" eCgC, 8easure 8o8entu8 oD a le@ton candidate in 

eac? eUent- 0 1e` z @ z 5 1e`d iD no le@ton 
candidate, assign V1

" 9M conUention ado@ted in !$(, all 8issing Ualues 
s?ould 9e encoded as Ualues below t?e @?Msical 
range NeCgC, V1 9ut not 10 in t?e eWa8@le a9oUeQ

! GBo strategies to deal Bit? 8issing Ualues-
" do not?ing Nreco88ended c?oiceQ
" re@lace 8issing Ualues Bit? 8edians oD 8arginal 

distri9utions
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J?M is it oL to do not?ing a9out 
8issing Ualuesl
! 7ecision trees are ro9ust and t?eM BorL eRuallM 

Bell Bit? discrete, continuous and 8iWed 
Uaria9les

! =9undance oD 8issing Ualues reduces I$/ ti8e 
used 9M decision trees
" sorting an arraM taLes FNNblogNNQQ
" 8oUing 8issing Ualues to t?e 9eginning oD t?e arraM 

taLes FN5Q, and sorting t?e rest oD t?e arraM taLes 
FNNNV5QblogNNV5QQ

" Dor N#5 sorting taLes FNNQ instead oD FNNblogNNQQ
! =dding an eWtra in@ut Uaria9le B?ic? is not 

8easured in 8ost eUents is N8ostlMQ ?ar8lessC
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=@@lication oD !$( to @?Msics analMsis
! !earc? Dor B!rNbQ""

" 60 in@ut Uaria9les
" a signiDicant i8@roUe8ent oUer rectangular cuts 9M 9oosted s@lits
" see 8M @resentations at ke@tonic =J1 8eetings

! 5uon $I7
" 17 in@ut Uaria9les
" a signiDicant i8@roUe8ent oUer t?e neural net 9M rando8 Dorest
" see @resentation 9M reUin Flood in t?e $I7 session

! B0AB09ar tagging
" 156 in@ut Uaria9les
" 8M 9est atte8@t is currentlM at ye28C9p Nrando8 DorestQ
" Borse t?an oDDicial ye30p 9ut 9etter t?an ye25p B?ic? I ?ad in 

!e@te89er
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Benc?8arLs
! =gainst (

" 90L training set in 47 Nelectron B0AB09ar tagging 
dataQ

" y Dro8 !$( 9etter 9M s10p
! =gainst 8V9oost NBMron (oeqs I @acLageQ

" 9oosted decision tree results Dro8 !$( and 8V9oost 
are in UerM good agree8ent Dor 507 data Ntraining set 
s50LQ Bit? si8ilar tree conDigurations

" s@eedl Nunder inUestigationQ

SprBaggerDecisionTreeApp: 164.360u 5.170s 3:00.55 93.8%

R randomForest: 708.970u 940.830s 31:13.56 88.0%
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J?at t?e Duture ?olds
! 5a_or interDaces and co88andVline 

o@tions are Drozen
! G?e onlM antici@ated deUelo@8ent is 

adding a 8et?od Dor auto8atic in@ut 
Uaria9le selection NDorBard selection, 
9acLBard eli8inationQ

! G?e @acLage could 9eneDit Dro8 
aggressiUe use and 9ug re@orts
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InUitationAsolicitation Y I
! !o Dar, all 9ugs ?aUe 9een Dound 9M 8ed none re@orted 

9M usersC
! G?e core oD t?e @acLage is DairlM Bell de9uggedw
! w9ut DleWi9ilitM co8es Bit? a @rice Y eWotic co89inations 

oD o@tions are not tested as t?oroug?lM as ot?ers
! For eWa8@le, !@r=daBoost7ecisionGree=@@ ?as 24 

co88andVline o@tionsC I donqt ?aUe 8an@oBer to test all 
@ossi9le co89inationsC

! For eWa8@le, MesterdaM I discoUered t?at OVBP o@tion oD 
t?e eWecuta9le reBeig?ts eUents in class 1 instead oD 
reBeig?ting eUents in t?e 2nd class s@eciDied 9M t?e OVMP 
in@ut class listC !uc? 9ugs are easM to catc? and DiWC

! ID Mou use t?e @acLage, 9M all 8eans Y trM to @us? it to 
t?e li8itC /se all o@tionsC (e@ort anM gli8@se oD @ro9le8C
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InUitationAsolicitation Y II
! $lanning to su98it a NI5 @a@er a9out t?e 

@acLage
! G?e 8ore @ractical eWa8@les, t?e 9etterZ
! ID Mou a@@lied one oD t?e adUanced classiDiers 

N9oosted decision trees, rando8 Dorest or 8ultiV
class learnerQ to Mour analMsis and o9tained a 
result B?ic? is signiDicantlM 9etter N$10pQ t?an 
B?ateUer Mou ?ad 9eDore, Deel Dree to send 8e 
Mour @iece Dor inclusion in t?e @a@erC

! !@ecial t?anLs to a Dirst serious user oD t?e 8ultiV
class learning algorit?8C
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=ntiVc?allenge
! ID Mou are using a neural net, I 9et t?at I 

can i8@roUe Mour FF5 NB?ateUer t?at 
8ig?t 9eQ 9M

! Bet conditions- Mou @roUide Mour data in 
ascii Dor8at recognized 9M !$(

# $

litydimensiona        20 D
data  thein  valuesmissing of fraction       

%
100

20exp49501

8

*
+

,
-
.

/
*
+
,

-
.
/ '
''9(
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:


