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INTRODUCTION

NMSSM

* NMSSM predicts an extended Higgs Sector with 7 Higgs particles

« The focus of this analysis is the lightest CP-even Higgs boson (H;)

» The signature is a pair of H; bosons produced in SUSY cascade decays, which arise from the
pair production of squarks and gluinos
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INTRODUCTION

NMSSM

79 mass « H; mass

. H, carries much larg?(r) Small p1111.1iss
Phase space for 2 — 72 + H; small momentum than the ¥ scenario
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INTRODUCTION

NMSSM

» Search for 2 highly-boosted H; bosons that decay into bb pairs, reconstructed as 2 large
radius (AK8) jets using substructure techniques — (double) b-tagging is important!
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INTRODUCTION

B-TAGGING

» |dentifying jets originating from b-quarks using characteristic B-hadron signatures:
 Long lifetime - displaced tracks and secondary vertices

 Relatively large B-hadron mass
« Semileptonic decays - possible soft leptons inside the jet

» Jettaggers are ML-based these days

/\ » Foraboosted H; — bb decay, both b-quarks can be
b reconstructed inside a single large-radius AKS8 jet.

Secondary
vertex

H &~~~
Primary
vertex

 This is not conventional single b-tagging: the tagger must
b U identify a two-prong bb structure within one jet and
distinguish it from QCD jets.
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B- TAGGING
PERFORMANCE
ACROSS MASSES
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B-TAGGING PERFORMANCE

MASS DEPENDENCE

1.0 A

 Analysis performs search of H; bosonsin
mass range 10-125 GeV

0.8 A

» Study double b-tagging performance
aCross masses

o
o

Efficiency
=

0-21 —e— mH=15 GeV

—e— mH=60 GeV

00 —— mH=125 GeV

10~ 1073 102 1071 10°
Fake rate
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B-TAGGING PERFORMANCE

MASS DEPENDENCE

« Qutput of the tagger is a score between 0 and
1.

« Foragiven score threshold:

1.0 A

0.8 A

g 06 » Efficiency: Fraction of signal jets above

S threshold.

o  Fake rate: Fraction of QCD background
02 - jets above same threshold.

—— mH=15 GeV

—— | mH=60 Gev » Scan over thresholds to produce ROC curve

00 —— mH=125 GeV

10~ 1073 102 1071 10°
Fake rate

26/08/2026 NEXT PhD Workshop



B-TAGGING PERFORMANCE

MASS DEPENDENCE

1.0 A

0.8 A

o
o

Efficiency

0.2 1

0.0 A

Found that tagger

_O
N
1

works best at low my!

—e— mH=15 GeV
—e— mH=60 GeV
—— mH=125 GeV

10~4 103 102

Fake rate

101 10°

« Qutput of the tagger is a score between 0 and
1.

« Foragiven score threshold:
» Efficiency: Fraction of signal jets above
threshold.
 Fake rate: Fraction of QCD background
jets above same threshold.

« Scan over thresholds to produce ROC curve

26/08/2026

NEXT PhD Workshop



B- TAGGING PERFORMANCE

GLOPART

 Global Particle Transformer (GloParT) is a transformer-based jet tagger that uses jet
constituents to identify boosted X — bb decays.

» The tagger is trained to be independent of jet mass
* Mass not used as input
* Training reweighted in mgp and p to remove their discriminating power

» Despite this, substructure observables can still be indirectly atfected due to their correlation
with jet mass and pr

The CMS Collaboration, The Global Particle Transformer for boosted-jet tagging and mass regression: Development and performance from v1 to v3,
https://cds.cern.ch/record/2966239/files/DP2026 104.pdf
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B- TAGGING PERFORMANCE

AR,, DEPENDENCE

« In particular, the angular separation between the b-quarks (ARy,;,) differs significantly across
Masses

1 _I- [ | my=15 GeV
' 1 my =60 GeV

) 10! 1 my =125 GeV

H]_(

(lower mass) —p U

b [\ 1071
H, 5 i
== |

0.0 0.2 0.4 0.6 0.8 1.0
AR(b1, b2)

Density
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B- TAGGING PERFORMANCE

AR,, DEPENDENCE

» Look attagger performance as a function of ARy,

AR(by, by) €[0.0,0.2) AR(by, by) €[0.2,0.4) AR(by, b;) €[0.4, 0.6) AR(b1, by) €[0.6,0.8)
20 - m
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Double-b tagger score
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B- TAGGING PERFORMANCE

AR,, DEPENDENCE

» Look attagger performance as a function of ARy,

AR(by, by) €[0.0,0.2) AR(by, by) €[0.2,0.4) AR(by, b;) €[0.4, 0.6) AR(b1, by) €[0.6,0.8)
20 - m
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Double-b tagger score

» ook atdistributions for signal and QCD
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B- TAGGING PERFORMANCE

AR,, DEPENDENCE

« Cannot define AR, for background sample — Makes comparison difficult

* Find a proxy variable:
« Can be used to select roughly the same sample of jets in each bin as ARy,

« Can be equally defined for signaland QCD

» Try angular separation between SubGenJets (4Rg;)

 Reasonableinthe lower AR bin
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B- TAGGING PERFORMANCE

26/08/2026

Normalised Density
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B- TAGGING SCALE
FACTOR
DERIVATION
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B-TAGGING SCALE FACTORS

1-TAGGED METHOD

« GloParT trained only on simulation — Need to derive scale factors to correct for differences

in the b-tagging response between data and simulation.

€
SF — data
EMC

» The method calibrates the X — bb signal jets using proxy jets from gluon splitting bb jets
that contain a soft muon within their respective cones.

» Hadronised final state initiated from the decay of a b-quark has a 20% probability of
including a muon - requirement provides a good handle to select a pure sample of heavy-
flavour jets.

The CMS Collaboration, Performance of heavy-flavour jet identification in Lorentz-boosted topologies in proton-proton collisions at+y/ s = 13 TeV,
https://arxiv.org/pdf/2510.10228
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B-TAGGING SCALE FACTORS

1-TAGGED METHOD

Selection Tagger WPs Flavour Composition

Efficiency

calculation

Monte

Common selection
Carlo

applied at trigger and
offline levels:
» Event selection via
jet + muon trigger
 Jet selection with
Data kinematic and muon-
IN-jet requirements
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B-TAGGING SCALE FACTORS

1-TAGGED METHOD

Selection Tagger WPs Flavour Composition

Efficiency

calculation

Monte
Carlo
Define pass / fail
regions by
applying tagger
WPs
Data

26/08/2026 NEXT PhD Workshop



B-TAGGING SCALE FACTORS

1-TAGGED METHOD

Selection Tagger WPs Flavour Composition

Efficiency

calculation

Jets matched to truth-level

Monte hadrons to identify their flavour
Carlo (b, c, light).
Simulation-derived Zmgy
templates are fitted to the data
Data to extract the flavour

composition.
Data = NbTb + NCTC + NlTl
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B-TAGGING SCALE FACTORS

1-TAGGED METHOD

Selection Tagger WPs Flavour Composition

Efficiency

calculation

Monte
Carlo
e — Npass,b
Npass,b + Nfail,b
Data
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B-TAGGING SCALE FACTORS

MUTAG-CALIB FRAMEWORK

year | category pr [GeV] | SFpominal | €rrgs | 7si® frg‘;""eigh" Otot
2024 (300, 350] 1.008 0.009 | 0.013 0.002 0.017
2024 (350, 425] 1.017 0.007 | 0.019 0.018 0.027
2024 425, o0 1.047 ] 0.009 ] 0.030 | 0.058 | 0066 ] » Methodimplemented in for di-Higgs analyses for
CMS Preliminary 2024 NOW
L 1.3
U) + ,fl;[u? ,;c 21reweight .. . .
.25 e e |nitial validation step: run the full framework for
1:2
e HHbbyy
1.1 ' « Asked the author for obtained results
105 | / ! * Now have perfect agreement!
1 1 ,
. » Start working on adapting the framework to our
0.9 analysis
0.85
0.8
[300, 350] [350, 425] [425, Inf]
P, category [GeV]
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CONCLUSIONS & FURTHER WORK

 Analysis presents a search of light Higgs bosons with small missing transverse momentum, which
deviates from traditional SUSY searches

* |dentification of H, jets relies heavily on double b-tagging, which is a crucial part of the analysis

e FOCuUSs on two aspects:

 b-tagging performance study

Uncovered mass dependence of the Currently looking into accessing relevant MC
tagger, related to ARy, — information for QCD sample

e Scale factor derivation

Validated the framework for HHbbyy Adapt framework to NMSSM analysis and test
analysis " its robustness

26/08/2026 NEXT PhD Workshop
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GLOPART SPECIFICATIONS

Table 3: Summary of the GloParT training setup and comparison among the three model versions: model architecture.

ParT for H - WW

(GloParT v1) GloParT v2 GloParT v3
Model architecture
Input-feature embedding dimensions (128,512,128) (256, 1024, 256) (256, 1024, 256)
Pairwise-feature embedding dimen- (64, 64, 64) (64, 64, 64) (64,64, 64)
sions
Transformer embedding dimension 128 256 256
Transformer blocks 842 8+2 1042
(particle attention block + class attention
block [7])
Attention heads 8 16 16
Model parameters 2.3M 10.2M 16.3M
FLOPs 0.43 GMac 1.73 GMac 1.60 GMac
Training configuration
Batch size 1024 256 640
Samples processed per epoch 7.68 M 7.68 M 7.68M
Training epochs 50 50 100
Activation function GELU GELU GELU/SwiGLU
Training and validation dataset size 524M 108 M 303M
Optimizer Ranger Ranger Ranger
Learning rate 2x 1073 2x 1073 1.2 x 1073

The CMS Collaboration, The Global Particle Transformer for boosted-jet tagging and mass regression: Development and performance from v1 to v3 (slide 34)
https://cds.cern.ch/record/2966239/files/DP2026 104.pdf
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GLOPART SPECIFICATIONS

Table 3: Summary of the GloParT training setup and comparison among the three model versions, continued: training
configuration and input representation.

ParT for H - WW
(GloParT v1) GloParT v2 GloParT v3

Input representation

Input groups Two groups: charged and Three groups: charged PF candidates, neutral PF can-
neutral PF candidates, and didates, and SVs. Lost tracks are included in the
SVs charged-PF-candidate group.
Maximum token multiplicity (128,10) (90,60, 10)
Input features 25 PF-candidate features Charged and neutral PF candidates are represented sep-

and 11 SV features, as  arately. Track-related features are used only for charged

described in Ref. [11] PF candidates, and hit-pattern variables are added
to the charged-candidate feature set. The charged-
candidate, neutral-candidate, and SV feature sets con-
tain 30, 7, and 11 features, respectively.

Pairwise features InA, Inkt, Inz, and Same as GloParT vl In addition to the four
In m? [7] variables, two normalized
features are also included:
krij/ >2¢ P, and
mi/m(3_, pe)

The CMS Collaboration, The Global Particle Transformer for boosted-jet tagging and mass regression: Development and performance from v1 to v3 (slide 35)
https://cds.cern.ch/record/2966239/files/DP2026 104.pdf
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GLOPART SPECIFICATIONS

10 blocks

A

Model architecture

Class token @

Particle

Particle

)

N\

Class
Attention

Particle

M)

Class
Attention

Attention Attention f======- Attention
Block Block Block Block Block
~— —
Charged PF _)Qharged PF feat, )
candidates embedding ) e
- / | [softmax > > 374 classification
-~ ~ : . probabilities
Neut.ral PF | neutral PF feat. Concatenate >
candidates \_embedding Fully —~
GloParT v3 —>| Connected .
( svfeat. ) Layer 374 class-specific
SVs —> 5 | J backbone T trecsscianennans .
| embedding | ac : regression values
¥
-
Pairwise ¢ “wx 'y [ pairwise feat. | U R O R Two unified
features | embedding regression values
Y

The CMS Collaboration, The Global Particle Transformer for boosted-jet tagging and mass regression: Development and performance from v1 to v3 (slide 35)
https://cds.cern.ch/record/2966239/files/DP2026 104.pdf
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GLOPART SPECIFICATIONS

................................................................................

GloParT v3 categorization

H>ZZ" like

- H->WW" lik *) ¥y |2 -
HOot5> X1 X5 (z-prong) like H->WHOW®™ like -:-I-)WWIli:(e H->Z(™Z() like H~»>ZZ like
(15 classes) (19x3 classes) - (74x3 classes) H>Z'Z() like
H->W"W®) like 7

bb, cc, ss, qq, (bC)"', (bC)‘, bs,
(cs), (cs)-, g8,
YY; €€, UH, ThTe, ThTy, ThTh

cscs, €sqq, qqqq,

csc, ¢ss, €sq, q9¢, q9s, 494,
csev, qqev, CSHY, qquV, CSTeV,
qqTeV, CSTWV, qTuV, CSThV, QqThV

TS
VA
bbbb, bbcc, bbss, bbqq, cccc, ccss, ccqq, ssss, ssqq, qqqq,
bbb, bbc, bbs, bbq, ccb, cc, ccs, ccq, ssb, ssc, sss, ssq, qgb,
qqc, q9s,qqq,

bbee, bbuy, bbe, bby, bee, buy, bbt,Te, bbThTy, bbThTh, bThTe,
btaTy, bTns, CCee, CCpy, cce, CCp, cee, CHM, CCThTe, CCTHTy,

N NN N

CCThTh, CThTe, CThTy, CThTh, SS€€, SSH, SS€, SSH, See, SHL, SSThTe,

Ho,t.)wxlxz li ke SSThTy, SSThTh, SThTe, SThTy, SThTh, qg€€, qQUK, qge, qqu, qee,
(40 classes) GHH, GqTHTe, G ThTy, GG ThTh, GThTe, GTHTu, GTHTh
. t->bW like t->bW* like
H w0 y (17x2 classes) t>bW- like
4 QCD
A 7 ¢ w 2 (5 classes)
: . eé 7
¢ (/o)
YYbb, yyce, yyss, yyaq, yybe, yycs, yyba, yyca, vysq, b ”“‘%m’<: ;(5 /; e
L A AL AL AL L 2 bW(cs), bW(qq), bW(c), bW(s), bW(g), L @ g
YYb, YYC, YYS, YYQ, YV, YY€, YYM, YYTe, YYTu, YYTh, bW(ev), bW(v), bW(tev), bW(tuv), bW(Thv), qble) oER

ybb, yec, yss, vqq, ybc, ycs, ybg, ycq, ysq, vgg,
yee, ymm, YThTe, YThTy, YThTh W(tav), W(Thv)

W(cs), W(gq), W(ev), W(uv), W(tev),

bb, cc, b, c, others

Figure 24: GloParT v3 is trained with 374 jet classes, including conventional two-prong signatures; multiprong signatures
categorized by final state and the quark or lepton flavour originating from H — WW-like and H — ZZ-like processes, as well
as processes containing two photons and two partons or leptons; top-like three-prong jet signatures; and QCD jet categories.
Relative to GloParT v2, the categorization of two-prong signatures is further refined, and additional classes containing photons
are introduced.

The CMS Collaboration, The Global Particle Transformer for boosted-jet tagging and mass regression: Development and performance from v1 to v3 (slide 39)
https://cds.cern.ch/record/2966239/files/DP2026 104.pdf
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GLOPART DISCRIMINANT

Discriminant definition

For each tagging scenario, a discriminant is constructed by selecting one or more signal classes, denoted by S,
from the 374 GloParT v3 output categories. The discriminant is defined as

> Qi pi

€S

D =
S vs QCD zaipi‘|‘ z P,r',
ieS ieQCD

where S denotes the set of signal classes, p; is the predicted probability for class /, and «; is an optional weighting
factor applied to each signal class. As discussed in Ref. [21], this definition naturally exploits the multiclass and
fine-grained classification structure, without introducing an intrinsic loss of discrimination power.

For H — bb and H — <t tagging, the signal classes are chosen as the corresponding bb and ct categories. For
H — qq (9 = u, d,s) tagging, the signal score in the numerator is defined as pyg = %psg + %puﬁ/da, where ss and
ut/dd are the two signal classes. For hadronic W tagging, the signal score is defined as pes + pes + Pqg, Where the
combination is chosen according to the available GloParT output scores. For fully-hadronic H — WW tagging,
the signal definition includes the sum of the output probability nodes corresponding to the X — WW — 4q decay
modes and the associated three-quark topologies, in which one quark falls outside the reconstructed jet [16].

The CMS Collaboration, The Global Particle Transformer for boosted-jet tagging and mass regression: Development and performance from v1 to v3 (slide 8)
https://cds.cern.ch/record/2966239/files/DP2026 104.pdf
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b-quark containment

 Higher b-quark separation — Larger fraction of jets with one b-quark falling outside the cone
— Reduced score

1 _I- [ | my=15 GeV
' 1 my =60 GeV
10! - 1 my =125 GeV

I
=
Density

Ul
1| E—— 1

0.0 0.2 0.4 0.6 0.8 1.0
AR(b1, b2)

S
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b-quark containment

» Higher b-quark separation — Larger fraction of fatjets with one b-quark falling outside the
cone — Reduced score

—e— my =15 GeV —e— my =60 GeV —e— my =125 GeV

1.0 - . —e
0.8 1
> 0.6 -
c
Q
O
= 0.4
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0.2 - i
0.0 A
‘104 10 102 10°'  10° 104 10> 102 10' 100
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B- TAGGING PERFORMANCE

AR,, DEPENDENCE

 Naively expect large AR — more signal-like (QCD favours small, collinear splittings)

 But training is reweighted in mgp and pt — Compare at fixed kinematics

e Heuristic

» Signal

orediction based on 2-body dynamics & leading-order, soft collinear QCD

nDeaked at 2my /pr, narrower distribution at small 2my /pr

» QCD broad, falling as ~ 1/AR above kinematic minimum (AR = 2m/pr)

« |mplication:
« Small 2m/pt — sharper signal peak vs broad QCD - better separation
« Large 2m/pt — more overlap — reduced discrimination

26/08/2026

A. Larkoski, An Unorthodox Introduction to QCD, arXiv:1709.06195 (2019) https://arxiv.org/pdf/1709.06195
J. Shelton, TASI Lectures on Jet Substructure, arXiv:1302.0260 (2013) https://arxiv.org/pdf/1302.0260
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ARpp ~2my /pr

go0sted 2-body decay approx.  Hi = bb
nvariant majsj of two ~ majisiess parhues:
mi = (Po +ps)? L mo < pru
= pe+Pi + 2pu-Pi
4- mom. of massiess parncie: pt= (prcosh v, pr 005, prsin @, pr Sinh 7))
pr- P2=Pri Pra (COSVW], Wih#), - sd, 5P, - SiNG, §indG2 - Sinkh ¥, Sinh 1, )
= Pn Pry ( wsh (M- ") - ws(9.-022))
= Pn P2 (wsh 8 - OOSAD')

My = 2Pry Pré (cosh v - c0500 )

B00sted decay — 2 Quarks are close toQther > AR = AN +AGZ i small

small angie approxim:  cosh a9 ~ 1+ 9%4_2
CoS NG = 1- A_g_ﬂ

2 2
cosh AN - cosAg x DU+ BD 92@.
2
'Y\H1= Pro Pre AR

ASSUME HiQ9J decay ~ symmemm'c
Pro ~ Pto ~ PZI

2
m.3 -v(%-')AFlz EN MH"’E%AE.

ARy ~ 21N DiStribunon peaked at #aif value
™ Tpr  small mu > alowed AR yange compresied to smaler vawes (nanower)

10/07/2026
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SMALL AR,

AY SigNal peOK, ROUN B WOAYON carriel tranjverie mom. Pr,g * Priz  for SymmetyiC =Yy
MEaNn franiverse decov) Ngn: Lry = P8 ctg = PT ety
Mg 2Mg

TWo B hadrons +ravel ar tar/2  from jef axiS = Svs separated in tranivexye plane by

Asv >~ Lxyy AR= E@rﬁ' Te x 2M _ mcTe , Transverse Separahon verween §Vs indep. 0f AR (and pr),

B T m
P P depending oniy on resonance mMags

/W\g % 5,28 GeV, CTgx~U50 um

Asv ~ 85 xm L[6eV] um
CMS sV refol. a 200 um = sVs rej0lvable af long as mz 2.4 6eV
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AR,, PROXY VARIABLE STUDIES

pr distributions for fatjets in AR, bins
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AR,, PROXY VARIABLE STUDIES
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AR,, PROXY VARIABLE STUDIES

pr distributions for fatjets in AR, bins (small range
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QCD Mqp BINS

[ QCD msp €[10,20)GeV [ QCD msp €[55,65)GeV [ QCD msp €[120, 130) GeV QCD msp €[12.5,17.5)GeV [ QCD msp €[57.5,62.5)GeV [ QCD msp €[122.5,127.5)
preYet €600, 650) GeV preUet €800, 850) GeV prYt €600, 650) GeV preYet €800, 850) GeV
70 A 1
60 A :
60 - .
50 A .
50 A .
204 | 40 A 1
30 4 ] 30 A .
20 - PRSI B 201 I
N I | 1 ” J'errﬁ-Lﬁ‘r -
0 T T T T = [L: Al-ﬁl- T J_LI-‘_T T T T T I__I ITI_ J-! 0 T 1 T T T T T - T |-| I-l
prYet 1000, 1050) GeV pFUet €11200, 1250) GeV ptaYt €11000, 1050) GeV pfUet €[1200, 1250) GeV
- 70 1 i > 60
c c 50+ h
8 | g
o 40 + ] - 40 A ]
@ 30 ; & 30 T
g 20 1 - g 20 I
S 101 ] S 101 ]
= 10 =
0 . 0 .
prYet €[1400, 1450) GeV pre¥t €[1600, 1650) GeV preet € 1400, 1450) GeV preYet € 1600, 1650) GeV
| 60 A :
50 4 .
| 40 A 1
i 30 A i
- 10 :[ ; 1
T H T T =1 0 n II-I T T Il_l 1= T D_ T T T T
S P L PP PN S LD NS S P PP PN L LS
0'0 Q'g Q'Q Q'Q Q“\’ Q'x Q'\/ Q"\' Q,'L Q'Q Q'Q Q'Q 0'0 0,'\' 01'\ Q"\ Q"\’ Qr"’ Q'Q Q'Q Q'Q Q'Q Q"\' Q"\’ Q"\ Q"\’ 0,'1' Q'Q Q'Q Q'Q Q'Q Ql'\’ 01'\' Q"\ Ql'\' Q'}
AR(SubGen)et;, SubGenjet,) AR(SubGen)et;, SubGenjet,)

26/08/2026 NEXT PhD Workshop



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41


  b


  𝜇


    Δ R  b b


   H 1


   H 1


     𝜒 ~ S 0


  ≪


   H 1


     𝜒 ~ 2 0 →    𝜒 ~ S 0 +  H 1


   H 1


     𝜒 ~ S 0  


   𝒑 𝑻  𝒎 𝒊 𝒔 𝒔


  b


   b -


  b


   b -


   H 1


  b  b -  


  𝒃


  b


  B


  B


   H 1


  b


   b -


   H 1 → b  b -


  b


  b


  b  b -  


   H 1


  b


   𝒎 𝑯


  X → b  b -


   m  SD


   p T


   p T


    𝚫 𝑹  𝒃 𝒃


  b


    Δ R  b b


   H 1


  b


   b -


   H 1


  b


   b -


    𝚫 𝑹  𝒃 𝒃


    Δ R  b b


    𝚫 𝑹  𝒃 𝒃


    Δ R  b b


    𝚫 𝑹  𝒃 𝒃


    Δ R  b b


    Δ R  b b


    𝜟 𝑹  𝑺 𝑱


  Δ R


    𝚫 𝑹  𝒃 𝒃


  𝝁


  b


  SF =    𝜖  data   𝜖  MC


  X → b  b -


  b  b -


  b


  b


  c


  𝜖 =    N  pass ,   b   N  pass ,   b +  N  fail ,   b


    Σ m  SV


  Data   =    N b  T b +    N c  T c + N l  T l


  𝝁


  b


  c


  𝜖 =    N  pass ,   b   N  pass ,   b +  N  fail ,   b


  Σ  m  SV


  Data   =    N b  T b +    N c  T c + N l  T l


  𝝁


  b


  c


  𝜖 =    N  pass ,   b   N  pass ,   b +  N  fail ,   b


    Σ m  SV


  Data   =    N b  T b +    N c  T c + N l  T l


  𝝁


  b


  c


  𝜖 =    N  pass ,   b   N  pass ,   b +  N  fail ,   b


  Σ  m  SV


  Data   =    N b  T b +    N c  T c + N l  T l


  𝝁


  H H b b 𝛾 𝛾


   H 1


  b


  b


    Δ R  b b


  H H b b 𝛾 𝛾


   H 1


  b


   b -


  b


  b


  𝒃


   H 1


   H 1


  b


  b


  b


  𝒃


    𝚫 𝑹  𝒃 𝒃  


    𝚫 𝑹  𝒃 𝒃


  Δ R  


   m  SD  


   p T


  2  m H /  p T ​


  2  m H /  p T ​


  ∼ 1 / Δ R


  Δ R ≥ 2 m /  p T ​


  2 m /  p T ​


  2 m /  p T ​


    𝚫 𝑹  𝒃 𝒃   ~ 2  m H /  p T ​


    𝚫 𝑹  𝒃 𝒃


    𝚫 𝑹  𝒃 𝒃  


   p T


    Δ R  b b


    Δ R  b b


  b


    𝚫 𝑹  𝒃 𝒃  


    𝚫 𝑹  𝒃 𝒃  


   p T


    Δ R  b b


    Δ R  b b


   𝒎  SD

