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W e  de m onstrate  th e  u s e  of a ROOT Toolk it for M ultivariate  Data Analys is  (TM VA) in tagging b-je ts  as sociate d w ith  h e avy ne utral M S S M  H iggs  bosons  at 
th e  LH C. Th e  as sociate d b-je ts  can be  u s e d to e xtract H iggs  e ve nts  from  th e  Dre ll-Yan back ground, for w h ich  th e  as sociate d je ts  are  m ainly ligh t q uark  

and gluon je ts. H e re  w e  u s e  b je ts  from  tt e ve nts  as  s ignal je ts. Back ground discrim inating pow e r is  s h ow n for s e ve ral TM VA class ifie rs.

Introduction
We dem onstrate  TM VA in tagging b-jets  as sociated w ith  
h eavy neutral M SSM  H iggs  bosons . Back ground 
discrim inating pow er is  dem onstrated for s everal TM VA 
clas s ifie rs . TM VA w ork ing in transparent factory m ode  
guarantee s  an unbias ed perform ance com parison, as  all 
clas s ifie rs  are  evaluated w ith  th e  sam e  training and te st 
data.

TM VA Key Feature s
TM VA is  an easy-to-us e  m ach ine  learning environm ent 
for soph isticated m ultivariate  clas s ifie rs . 
Key feature s :
• Training and te sting of clas s ifie rs  w ith  us e r data
• Perform ance of clas s ifie rs  evaluated w ith  sam e  
training and te st data w ith in th e  sam e  execution job
• Visualization scripts  w ith  GUI
• Individual data pre -proce s s ing for each  clas s ifie r 
(decorrelation, principal com ponent analys is)
• Printout of tabulated bench m ark  re sults
• Sm ooth  efficiency vs . back ground rejection curve s  
(ROC curve s) in RO OT output file
• Generate s  C+ +  code  independent of RO OT and 
TM VA for standalone us e  of trained clas s ifie rs

Classifie rs
Follow ing clas s ifie rs  w ere  us ed:
• Rectangular cuts
• Projective lik elih ood e stim ator (PDE)
• M ultidim ens ional lik elih ood e stim ator w ith  range 
s earch  (PDERS)
• K -neare st ne igh bours  (KNN)
• H -m atrix
• Fis h e r linear discrim inants
• Function discrim inant analys is  (FDA)
• Artificial neural netw ork  (ANN)
• RuleFit
• Support Vector M ach ine  (SVM )
• Boosted/bagged decis ion tre e  (BDT)

Data De scription
• Signal and back ground jets  generated w ith  TopREX 
(tt events) and w ith  PYTH IA (Z /γ* events)
• Events  s elected w ith  generator level M onte -Carlo 
truth
• Signal cons ists  of 162k  b jets  from  tt and 588k  ligh t 

q uark  and gluon jets  from  Z /γ* events , 10k + 10k  events  
us ed for training
• Event reconstruction bas ed on official [4] CM S 
digitized datas ets  w ith  pile -up (3.4 m in. bias  events  
 per cros s ing for L=2x1033cm -2s -1)

Variables
We m ak e  com parisons  in tw o us e -cas e s . To com pare  
rejection efficiency and CPU perform ance, w e  h ave in 
first us e -cas e  th re e  variables :
• H igh e st transvers e  im pact param eter (ip) s ignificance 
σip,1
• Second h igh e st σip,2
• Th ird h igh e st σip,3

To te st th e  full potential of clas s ifie rs , each  clas s ifie r 
m ay in th e  s econd us e -cas e  fre ely ch oos e  th e  optim al s et 
of param eters  from  full s et of variables :
• pT, IP and σip of track s  w ith  th re e  h igh e st σip
• Num ber of track s  w ith  pT>0.5 GeV in a cone of  ∆R 
< 0.7 around th e  jet axis
• Num ber of s econdary vertice s
• Significance of th e  be st vertex distance

Com puting
• Am etisti, a 64-bit 1.8/2.2 GH z AM D O pteron cluster 
w ith   260 CPUs in 130 com putational node s  w ith  2/4 
GB RAM    w as  us ed
• A Gb/s  netw ork  for node s  com m unication
• Dedicated Gb/s  netw ork  for traffic of s h ared NFS 
system

• Fast Eth ernet netw ork  for rem ote m anagem ent
• Cluster m anagem ent w ith  NPACI Rock s  Cluster 
Distribution v 4.1  softw are
• Sun Grid Engine  (SGE) batch  q ueue
• RO OT vers ion 5.14/00d and TM VA 3.8.5 w ere  us ed

Results

Conclusions
• O ur prelim inary re sults , at Bg=1%, indicate 
im proved clas s ification pow er com pared w ith  [4, 5] 
and reference  algorith m
• TM VA m ak e s  a large num ber of M VA m eth ods  
acce s s ible for easy com parison
• Particularly w e  lik e  th e  C+ +  code  generation feature
• Som e clas s ifie rs  suffer still from  instabilitie s , yet 
TM VA s h ow s  potential for LH C data analys is
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Distributions  of im pact param e te r s ignificance s  σip,2 and  σip,3 for tw o le ading 
track s.

Exam ple  of a de cis ion tre e  of th e  BDT class ifie r.

TM VA plot for Lik e lih ood m e th od: e stim ate d PDF for im pact param e te r 
s ignificance  σip,2.

a) Output of H -M atrix class ifie r for te st data
b) H -M atrix class ifie r e fficie ncie s  for diffe re nt cut value s




