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1. Introduction Higgs boson H—bb. ¢T. gg as well as flavor-changing neutral

currents in the top sector such as t—cZ and t—cH. Since charm

In high-energy collider experiments, the identification of the jet hadrons have smaller masses and shorter lifetimes compared to
flavor plays an important r s i i i - e

peoram® Please refer this: NIM A 808 (2016) 109-116

supersymmetric theories, h
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FLOWCHART FOR FLAVORTAGGINGIN LCFIR.US

A Good track selection forvertexing

Primary Vertex Finder A Find Primary vertex

Secondary Vertex Finder A Find secondary vertex candidates

JetFinder(Jet Clustering) A Cluster PFOs into Jets

A Integrate vertices in jets intoupto 2

Jet Vertex Refiner corresponds to B/D vertices

A Jet flavor is evaluated

Flavor Tagging MVA is used for flavor separation

A Vertex finding strategyof LCFIPlus

A Vertex finding first,Jet finding second
A All the vertex candidates in a event are checked s
A Jet finding with replaced particles

Reconstructed vertices are regarded as one particle




FLAVORTAGGER
Use Multivariate Analysis(MVA)

Classifier: Boosted Decision Tree(BDT)
For Flavor separation of b/cludsjets
Categorize using vertex condition in a jet and train independently

This categorization is coming frordetVertexRefiner
Vix: no, 1vtx, lvtx+1single track, and  2vitx

-y

2 output type: b Ilkellness and elikeliness
Example: distribution of each Higgs decav mode:
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TOPICSDEVELOPEDSINCEDBD

Jet clustering algorithms
Durham
Anti- KT

Valencia
Beam jet rejection included

Joint Probability distribution usindnistograms

Extract all the input variables available for flavor tagger
construction



JET CLUSTERINGALGORITHMS

Durham
the only implementation at DBD vet.CFIPlus

Introduce beam induced jets rejection

o«

A4

W hw

smaller beam rejection becomes stronger
Particle I with y;>y,.,iS discarded



JET CLUSTERINGALGORITHMS

KT algorithm
Mainly used for beam pileup rejection in CLIC

: h vy -, v
W hw VO

YY Y3 Vs
Roarameter D€QM rejection parameter

smaller beam rejection becomes stronger
Particle I with y;>Yp.,,iS discarded



JET CLUSTERINGALGORITHMS

Valencia
Intermediate of Durham an8T
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Roarameter P€@M rejection parameter

smaller beam rejection becomes stronger
Particle I with y;>Yp.,is discarded



JET CLUSTERINGNITHBEAMBACKGROUNIOREJECTION
Comparethe performancehdbetweemurham,Kt and Valencia

Entries 47097
Mean 109.1
RMS 30.78
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A 2 jet clustering
A Parametersare tuned
for better result
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JET PROBABILITY 3

Joint probability
Product of PDF on signed impact
parameter(d/z ;) significancethat
the track comes from the primary vertex

17

L

n-' 0402030405 0607 08 0.9 1
joint probability, R
DBD ver. : PDF is formed using hardoding simple function

Optimized within DBD ver. framework
Will not be good when vertex configuration is different

Use histograms



JOINT PROBABILITYHISTOGRAMS

We added histogram in vertex probability file to be used as
Joint probabillity instead of the hardcoded function

Default PDF histograms are already provided

In addition, we included the macro which can create Joint
probability PDF histogram files for any jet situation

Bug: SEGV with old vertex probability files
soon be fixed



LCFIR.US IMPROVEMENT

For better flavor tagger, we need
Find secondary/tertiary vertices as many as possible

Perfect reconstruction of B/D meson mass
Perfect attachment of charged particles
Recover lost component(especially neutrals)

Better variables which can separate jet flavors

We found that we caracquireflavor tagging improvement:
Vertex finding efficiencyimprovement introduce a new algorithm
Vertex Mass Recovery using escaping s
Better flavor separation for jets of Ovtx

Much help is necessary!:
Particle IDis one of the key to flavor tagging improvement
To classify vertices

Pi0 reconstruction IS other key for vertex mass recoveiy
First of all, piO is necessary!



ADAPTIVEVERTEXHITTING

To introduce the effect of multt vertex fitting

Introduceweight function to estimatevertex whicha track belongs to

Weightfunction definition: kth

f'{i X ?u‘r /2T
Wpk =

e~ Xeu/2T Z;\:I e~ X5 /2T
Parameter temperature T

If T very small

-th vertex

minimization(almost same as DBIZCFIPIug
If T large, multi vertex effect becomeslarge

In multi vertex environment, weight on
a vertex will degrade

becomes harder to attach tracks to vertices|"

In mult vertex environment
can reject fake tracks well!

o8 !

Thanks to weight function, we can Iooséor
the track quality selection

0

nearby and chi2=1.0

vertex finding eff. will be improved!
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IMPACT OF ADAPTIVEVERTEXFITTING |
Commonparameters are set at same values for comparison

Same event samplggHHsample@500GeV) 19889 events
6 jet clustering, jet matching witiMCtruth is performed
Num. of jets with vertex:

DBD LCFIPlus 10581 9104 12847 32532
AVF 13190 6576 13233 32999

Total jets with vix: 1.4%ncreased
Jets with 2vtx: ~22%ncreased good forbjet ID!
Jets with 1vtx: ~3%increased good foruds jet separartion

Fake track rate pervtx: how many fake tracks contaminate on
vertices?

Almost same slightly better!

DBDLCFIPlus 0.029 0.001 0.013 0.0012 0.055 0.002
AVF 0.025 0.001 0.012 0.0013 0.055 0.002



IMPACT OF ADAPTIVEVERTEXFITTINGFORC JETS
Commonparameters are set at same values for comparison

Same event samplapHsample@500GeV) 100k events
H cc about 7k events

2 |et clustering, jet matching witiMCtruth is performed

DBD LCFIPIlus 46 153 5987 6186
AVF 64 145 6283 6492

Total jets with vix: 4.8%ncreased
Jets with 2vtx: increased but too small to say something
Jets with 1vtx: 5%increased good foruds jet separartion

Fake track rate pervtx: how many fake tracks contaminate on
vertices?

DBD LCFIPlus 0.00 0.00 0.012 0.006 0.0014 0.004
AVF 0.00 0.00 0.018 0.006 0.0012 0.004



BNESS TAGGER

Flavorseparation of Ovtx jet is most difficult situation

Only impact parameter implies the existence of secondary vertices for
flavor separation

BNesstaggerwill be worth trying in this case!
Developedn CDF
Focuson individual tracks and evaluate jet flavor only using single track

potential for coming from heavy flavor particle(D&B meson and
baryons) should be evaluated(using MYVA

Difficulty in ILC

In CDF, it is important to separate b and other guark
separation is not required
In ILC, separation among g, and bc separation

IS a key for flavor tagger
Howis bc(& bl) separationusingBNesstagger?



BNESS OUTPUT

Collect Highestscore BNesstrack in Ovtx jets
FinalBNessis defined asBNesgbl)+ BNesgbc)
Wellseparated betweerbjets and| jets
Differencecan be seen betweerbjets andcjets

I TMVA overtraining check for classifier: BDTG_bnesstagger_bcjet |
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RESULTSOF BNESS TAGGERON FLAVORTAGGING

Construct

Convertnominal input variables tNesstaggewvariables
Comparevvrth ROC curve | MVA_BDTG_flavortagger_Ovtx_bcseparation |

i BETTER
Both of bc andbl separation cases, /
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some improvementan be obtained

o
o
IITII

r —— nomina |
0_5; —— BNess tagger
Needoptimization A R

Signal eff
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VERTEXMASS RECOVERY
UsingpiOs which escape from vertices

Needto choose good pi0 candidatesconstruct piO vertex finder
Keyissue pi0 kinematics, very collinear to vertesirection

ggs Coupling Analysis
ILD Preliminary

ZH+ZHH

i Pi0 from vertex K+
g; Pi0 from primary

01 02 03 04 05 ! A 0. X
pidvars

Particle ID is the other key to classify vertices
Different particle patterns have different vertex mass patterns

Construct PiO Vertex finder

USing MVA 3 tracks in bjet

: : _ _ Reconstruction
|dentify which vertex piOs are coming from Perfect



