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Higgs In the SM

* Higgs field (h) : responsible for
@ the spontaneous EW symmetry breaking
@ the generation of masses of all the SM particle

* The potential is characterized by only two parameters :
@ vacuum expectation value v
@ the Higgs mass my
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Trilinear and Quartic Higgs boson coupling
in the SM
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New Physics can affect the Higgs potential form

m=m) Sizeable departures from the SM form
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Trilinear Higgs boson coupling
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w to probe It ?
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We now focus on

Higgs pair production
at the Hadron collider




Why Higgs pair production so interesting ?

mmm) Allows accessing crucial components of the Higgs sector !l
?

g7o00Y o h
can probe the Higgs self-coupling J>@x | /
909001 \\h \/ .. \f

can help to reconstruct the electroweak symmetry breaking potential

may reveal the doublet nature of the Higgs by means of the hhVV coupling

) [A high priority goal on the physics program at the future coIIiderJ




Higgs pair productions at the LHC

Production modes
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Gluon Fusion
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Why Higgs pair production so difficult ?
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In the leading gluon fusion production mode,
the cross section at 14 TeV is only 45 fb (in the SM),
further suppressed by each decay branching fractions.

45 fb & NNLO accuracy including NNLL gluon resummation in the infinite top quark mass approximation.



Why Higgs pair production so difficult ?

Full top-quark mass effect at the NLO
45.05 fb === 36.69 fb

Recently, the NLO corrections considering full top-quark mass dependence

have been available. We observe that 20 % reduction at 14 TeV compared
to the cross sections used.

Strong QCD backgrounds
=)  \\hich search mode would be better to use?



Search channels for Higgs pair production
at Collider

Our Channel reconstruct z /W b-tagging, QCD BG

Decay channels |HH — bbyyRH H — bbrm HH — bbW W RHH — bbbb|- - -

Branching ratios

small BR Huge tt BG Huge hadronic BG

relatively clean channel
dominate BGs comes from
fake photon or b-jet

Decay channels | HH — bbyy HH — bbtt HH - bbWW | HH - bbbb

Expected events 290 8000 27000 37000
with 3 ab™?




Simulation



Outline of Simulations
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@ Updated Signal Cross Section (about 20% reduction )
o -Br(H - yy)Br(H - bb)=0.119 fb mmmmm) 0.096 fb

Signal
Signal process Generator/Parton Shower o - BR [fb]  Order PDF used
— in QCD
gg — HH — bbyy MG5_aMC@NLO/PYTHIAS 0.096 NNLO NNPDF2.3LO
Backgrounds
Background(BG) Process Generator /Parton Shower o - BR [fb]  Order PDF used
in QCD
ggH (— v7v) POWHEG-BOX /PYTHIA6 1.20 x 10° NNNLO CT10

Single-Higgs ttH(— ~7) PYTHIA8/PYTHIAS 1.37 NLO
associated BG ZH(— ~y) PYTHIA8/PYTHIAS 2.24 NLO
boH (— ) PYTHIAS /PYTHIAS 1.26 NLO

bbyy MG5_aMCQNLO/PYTHIAS  1.12 x 107 LO CT14L0
cCyy MG5_aMCQNLQO/PYTHIAS 1.08 x 10° LO
7IYY MG5_aMCQNLQ/PYTHIAS 1.40 x 10* LO
Non-resonant BG bbjy MG5_aMCQNLO/PYTHIA8  2.72 x 10° LO
cCiy MG5_aMCQNLO/PYTHIA8  90.17 x 107 LO
bbjj MG5_aMCQNLO/PYTHIAS  3.00 x 10° LO
Z(— bb)yy  MG5.aMCQNLO/PYTHIAS8 5.03 LO

n 5
t and tiy BG tt POWHEG — BOX/PYTHIAS 5.30 x 10 +§§ig CT10

(> 1 lepton) ttry MG5_aMC@QNLO/PYTHIA8  1.60 x 10° NLO CTEQ6L1



@ Updated non-resonant BG with the recent PDF

CTEQ6L1 PDF mmms=) CT14LO PDF ( + about 20% reduction )
Signal
Signal process Generator/Parton Shower o - BR [fb]  Order PDF used
in QCD
gg — HH — bbyy MG5_aMC@NLO/PYTHIAS 0.096 NNLO NNPDF2.3LO
Backgrounds
Background(BG) Process Generator /Parton Shower o - BR [fb]  Order PDF used
in QCD
ggH (— v7v) POWHEG-BOX /PYTHIA6 1.20 x 10° NNNLO CT10
Single-Higgs ttH(— ~7) PYTHIA8/PYTHIAS 1.37 NLO
associated BG ZH(— ~y) PYTHIA8/PYTHIAS 2.24 NLO
boH (— ) PYTHIAS /PYTHIAS 1.26 NLO )
bbyy MG5_aMCQNLO/PYTHIAS  1.12 x 107 LO CT14L0
cCyy MG5_aMCQNLQO/PYTHIAS 1.08 x 10° LO
7IYY MG5_aMCQNLQ/PYTHIAS 1.40 x 10* LO
Non-resonant BG bbjy MG5_aMCQNLO/PYTHIA8  2.72 x 10° LO
cCiy MG5_aMCQNLO/PYTHIA8  90.17 x 107 LO
bbjj MG5_aMCQNLO/PYTHIAS  3.00 x 10° LO
Z(— bb)yy  MG5.aMCQNLO/PYTHIAS8 5.03 LO
n 5
t and tiy BG tt POWHEG — BOX/PYTHIAS 5.30 x 10 +§§ig CT10

(> 1 lepton) ttry MG5_aMC@QNLO/PYTHIA8  1.60 x 10° NLO CTEQ6L1



Cuts at the generator level on the non-resonant BGs

PTj > 20 GeV, Pr, > 20 GeV, PT’Y > 20 GeV, Pr, > 10 GeV,
‘773| < 5) ‘7]’Y| < 273 ‘nl‘ < 25) ARjj,ll,’y’y,fyj,jZ’fﬂ > 04,
M;; > 25 GeV, My, > 45 GeV, 60 < M, < 200 GeV.



CTEQG6L1T v.s. CT14LO CT14LO contains the LHC RUN | results

They show similar kinematic distributions.
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Analysis



Analysis Methods
e Cut Based Analysis

/-Machine Learning

Multi—Variate Analysis : BDT (Boosted Decision Tree)
(work in progress)

TMVA (Toolkit for Multivariate Data Analysis with ROOT)

A. Hoecker, P. Speckmayer, J. Stelzer, J. Therhaag, E. von Toerne, and H. Voss,
TMVA - Toolkit for Multivariate Data Analysis,
\\POS ACAT 040 (2007), arXiv:physics/0703039




Machine Learning



Pre-selection cuts for TMVA study

Sequence| Event Selection Criteria at the HL-LHC

1 Di-photon trigger condition, > 2 isolated photons with Pr > 25 GeV, |n| < 2.5

2 > 2 isolated photons with Pr > 30 GeV, |n| < 1.37 or 1.52 < |n| < 2.37, AR;, > 0.4
3 > 2 jets identified as b-jets with leading(subleading) Py > 40(30) GeV, |n| < 2.4

4 Events are required to contain < 5 jets with Pr > 30 GeV within |n| < 2.5

5 No isolated leptons with Pr > 25 GeV, |n| < 2.5




TMVA Inputs : 8 (kinematic) variables

PT_yy»PT_bb M

Input variable: M_bb
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Correlation Matrix among variables

Correlation Matrix (background)

Correlation Matrix (signal)

Linear correlation coefficients in % Linear correlation coefficients in %

100 100
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Various ML methods in TMVA

Background rejection versus Signal efficiency Ideal Iine Of ROC curve

S T T . v 4=V W ROC = Receiver Operating
............... ............... .......... ................ p— ......... Characteristic curve

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

“RuleFit : a good way to illustrate
: Likelihood
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Background rejection

Background rejection versus Signal efficiency
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BDT

(Boosted Decision Tree)



(Decision Tree

Has feathers?

True / \ False

Can fly? Has fins?

True False True False

A 4 A 4

Hawk Penguin Dolphin Bear

22. A decision tree to distinguish among several animals



Introduction to Machine Learning with Python

Decision Trees (Andreas Mullen

 Decision trees are widely used models for classification and
regression tasks. Essentially, they learn a hierarchy of if/else
questions, leading to a decision.

 This series of questions can be expressed as a decision tree,
as shown in

Has feathers?

True False

Canfly? Has fins?

True False True False

Hawk Penguin Dolphin Bear

Figure 2-22. A decision tree to distinguish among several animals



<One example>

X[1] <= 0.0596
counts = [50, 50]

Tru:/ W]se

How to classify this set ?

counts = [2, 32] counts = [48, 18]

o o
° . o.
oo °% : A “ At 4,

Figure 2-23. Two-moons dataset on which the decision tree will be built True False

X[1] <= 0.0596
counts = [50, 50]

X[0] <= 04177 X[0] == 1.1957
counts = [2, 32] counts = [48, 18]

|coun|s![2.0]| |0cu.u1.ls!|0.32]‘ ‘mnls![ﬂ.ﬂ]‘ |counts![|.10]|

Figure 2-25. Decision boundary of tree with depth 2 (left) and corresponding decision
tree (right)



Finally.....

However,

X[1] <= 0.0596

X[l < X[0] == 1.6725

=2

counts = [2. 0] | | unts = [0, 32] | | ounts | 47, Sl‘ I ttttttt [J 10||
xiol <= 05652 | [xjol < ﬂm? xm| Less | [
counts = [15, 6] unts = 1. 3] counts = [0, 7]

FANAN
10 2105 (o] 9]

Figure 2-26. Decision boundary of tree with depth 9 (left) and part of the corresponding
tree (right); the full tree is quite large and hard to visualize

If we don’t restrict the depth of a decision tree, the tree can become arbitrarily deep

and complex.

Easily Overfitting !!



Supervised Learning

Accuracy

o Classification and Regression

* Generalization, Overfitting, and
Underfitting

Underfitting

Training

"1™ Optimized Machine

Overfitting !!!

Overfitting

Model congplexity



To avoid the overfitting,

Ensembles of Decision Trees

* There are two ensemble models that have proven to be
effective on a wide range of datasets for classification and
regression, both of which use decision trees as their building
blocks: random forests and gradient boosted decision trees.

Use the ensemble average ! Use the strong pre-pruning !
Lu o Gradient boosted trees often use very
st | el shallow trees, of depth one to five,
Al I
A by Lo M

Shallow tree + Shallow tree
i | g b, . + Shallow tree + .........




Other methods (algorithms)

1 neighbor(s) 3 neighbor(s) 9 neighbor(s)

* k-Nearest Neighbors H dha n H aha n H dle b
e Linear Models (Linear Fitting) d S s
 Decision Trees | e ° S o= 7
o SUppOI’t Vector Machines Decision boundaries created by the

nearest neighbors model for

e Neural Networks (Deep Lea I’ﬂiﬂg) different values of n_neighbors



Neural Network (Briefly......)

With 2 hidden layers (N_1, N_2)

Inputs

X[0]

x[1]

X[2]

x(3]

Hidden
layer
h[0]
Output
i/ §
h(2]

multilayer perceptron(MLP)
with a single hidden layer

n_hidden=[10, 10]

alpha=0.0001
° L
[ ]
ll o
v ‘l'o A
rz A l‘ A

n:{"i‘
A A“l

n_hidden=[10, 10]

n_hidden=[10, 10]

n_hidden=[10, 10]

n_hidden=[100, 100]
alpha=0.0001
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L ¢ 4 Mh e 4 MA

Decision functions for different numbers of hidden units
and different settings of the alpha parameter




BDT setup in TMVA

» Pre-Selection Cuts (1) — (5) == TMVA inputs
* NTrees=800

 MinNodeSize=2.5%

 MaxDepth=4

e BoostType=AdaBoost

 AdaBoostBeta=0.5

* UseBaggedBoost

* BaggedSampleFraction=0.5

e SeparationType=Ginilndex

e NCuts=20



(1/N) dN / dx

BDT machine optimized with A3y =1

AUC = 0.996 : Area under ROC (receiver operating characteristic curve) curve

TMV A overtraining check for classifier: BDT
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Significance Z
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Efficiency (k=1 Optimised)
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Expected Yields
and
Significance(Z)



Expectd yields (3000 fb™ ")

Signal and Backgrounds | Pre-BDT Cuts | Cut based | BDT, Zuz
H(bb)H(yv), A3g =0 34.31 16.14 12.86
H(bb)H(vv), A3 =1 17.71 9.15 | 7.64
H(bb)H(yy), A\3g =2 8.93 4.79 4.17
gg H(vy~) 68.76 6.60 4.86
ttH(v~) 158.14 13.21 7.97
Z H(v7) 23.89 3.62 2.67
bbH(vy) 2.52 0.15 0.11
bbby 7055.47 15.28 5.72
ccyry 7058.43 7.14 2.27
73 1113.20 3.17 0.58
bbj~ 10607.63 14.73 2.85
ccjgry 4716.52 4.82 1.51
bbjj 2606.49 3.53 0.74
Z(bb) vy 179.33 0.86 0.35
tt (> 1 leptons) 5433.74 4.98 0.61
tty (> 1 leptons) 1916.50 3.61 1.04
Total Background | 81.70 | 131.27
Significance Z, A3y =0 1.73 2.16
Significance Z, A3y =1 0.99 [ 1.32
Significance Z, A3y = 2 0.52 0.73

C&C

# of signal = 9.15
#ofbg = 81.70

.« significance Z = 0.99

BDT),

# of signal = 7.64
#ofbg = 31.27

~ BDT-improved Z = 1.32

33% enhancement
on Z



Significance of the signal over the background
versus Azy at the HL-LHC

301 1 20 % BG CRC
25] | +10% &y,
i +20 % BG
X1 SRR I U N T 7/ V9% S ---95% CL---
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Significance of the signal over the background
versus Azy at the HL-LHC

T\ . Preliminary
3.0 I
;BDT)‘l | +20 % BG
2.5 i +10% dy;
20l | +20 % BG
B N TTTTTTTETO% YT )T 95% €L
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Z v.s. Az =1 In the cases of C&C and BDTL1

2.5

2.0.

SR Noopereemareeasecnrennceceanrf-£- 95% Chi - with Lumi.= 6 ab™?

N 1.5

30—

HL-LHC

f
J
J

V2 | Ref. arxiv:1902.00134
BDTL1 Z=1.32

C&C Z2=0.99

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



~ It may be
possible to measure
at the LH-LHC
with 6 ab™'.



If we can measure(?) the signal and bg. numbers
for the case of A;y = 1 at the LH-LHC with 6 ab™*!

3.0,
2.5

How can we distinguish
~ these values ?

2.0,

N 1.5
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Log-Likelihood Ratios with the A;; = 1 nominal

data set and the different A5, template sets
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lmpact of NLO



Preliminary
Recent updates

* HH NLO generator - POWHEG BOX V2
Use of NLO kinematic distributions (or variables)

 Improved (NLO) yields and significance(Z)

 Improved Likelihood fit
using the (NLO) My, kinematic distribution




Preliminary

HH NLO generator - POWHEG BOX V2

Signal process Generator/Parton Shower o - BR [fb]  Order PDF used
in QCD

gg — HH — bby~y POWHEG-BOX-V2/PYTHIAS 0.096 NNLO PDF4LHC15nlo
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At the parton level
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At the detector level

L L B I BRI I R

LO 7

| IS I T e

L
250 300

PR S

1

Lovaalay
50 100 150 200

ts)

| even
o o
5 &
IRSLARN AL

MNormalized (11012l
o o
NB®

s 2 = 2
- B B 8 B =

i=]

L e B B e B L B

Lo
NLO

oo valensalananlovanlaray
1.5 25

==
350 400 pl_f‘(: {G‘a;:o

L
]

=4
=
&

2

Mormalized (1/total events

=4
=
=]

0.02

0.0

L B S e e

.|
200 250

FIEE IS P
50

100150

L R R B R R

LO
NLO

5 oot

s = o
= 3 @
I|II][I[I]|I[|I

s
ra

Mormalized (1/1otal events)

0.06

0.04

0.02

7T [I]l [I]II IIII

o

L B B B M B e

IS IS N P T
.5 15 25

35

LO
NLO

b b 1

Normalized (1/total events)
o o' o
N A2 >

o

0.08

0.06

0.04.

0.02

o 2
=) o
& ]

e
1=
@

Normalized (1/total events)

o
=)
=

o
o
=

(=)

el b b L |

LO
NLO

0.5

35

4

5m-lll‘ll\ll\l‘ll\‘III‘II\lHI‘II\lHI‘II\

[ P

Lovn Lo Luwn 1oy

flas

LO
NLO

60 80 100 120 140 160

180

T T
200 220

240
M, (GeV)

Normalized (1/total events)

Normalized (1/total events)

e L L LS e s o
H LO =
NLO 3
P P IR AP ERPUY - B (NP R AN IR RN B
- 100 120 140 160 180 200 220 240
M, (Gev)
e A ARl e
= Lo 3
0.06— —]
r NLO 3
0.05— o
0.04— B
0.03— N
0.02— —
0.01— —
NS P IE= B P IR DU DU D P s - =
0 100 200 300 400 500 600 700 800 900 _ 1000

M,y (GeV)



TMVA (NLO) input

Input variable: M_bb
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Improved (NLO) yields and significance(Z)

Signal and Backgrounds BDT\
H(bb) ];I(’}"')’)j /\3H = —H 49.98
H(bb) H(v7), A3y =0 9.59
H(bb)H(yv), Asu =1 5.91
H(bb)H(v7), A3y =5 2.65
99 H(v7) 1.68
tt H(vyv) 3.41
Z H(vy~) 1.16
bbH(v7) 0.076
bbb~y 2.38
ccyy 0.00
JIVY 0.26
bbj~y 0.98
ccjy 0.27
bbjj 0.36
Z(bb) vy 0.15
tt (> 1 leptons) 0.32
tty (> 1 leptons) 0.31
Total Background 11.36
Significance Z, A3y =1 1.63
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Events / 20 GeV
N » o ~

w

Improved Likelihood fit
using the (NLO) Myy kinematic distribution

HH—bbyy, /s =14 Tev, 3000 fb*
BDTA;, HH signal + background

400 600

HH—bbyy, A3y=1 nominal set, BDTA;
\/s =14 TeV, 3000 fb?!

"""" Azn=-5
Azp=0
Aszp=1

------- A34=10

Scenario

lo CI

20 CI

A3g = 1 nominal set

—0.1< A3 <26 and 50< A3y <7.0

—1.1< A3 <79

Az = 0 nominal set

—09< A3 <11 and 64< A3y <T7.5

—1.8 < A3 <28 and 4.6 < A3y <8.5




Conclusion

. We examine the impact of the_full NLO corrections considering full top-quark mass
dependence, and the recent CT14LO PDF.

CT14LO) At 14 TeV with 3000 fb~-1, the trilinear coupling is constrained to be -1.1 <
sy < 7.0 at 95% CL taking account of the uncertainties associated with the top-Yukawa
coupling and the estimation of backgrounds.

. (CT14L0O) Taking the central line, the 95% CL sensitivity region for Agy is -0.3 < Agy< 6.7

. (BDTL1) The trilinear coupling is constrained to be -0.7< A3y < 7.5 at 95% CL taking |
account of the uncertainties associated with the top-Yukawa coupling and the estimation
of backgrounds.

. (BDTL1) Taking the central line, the 95% CL sensitivity region for Agy is 0.2 < Agy< 7.1

. (BDTL1 + NLO) Taking the central ling, o . .
the 95% CL sensitivity region for Agy is 0.6 < A3y < 6.7



- HL-LHC : constraint the A5y

1. Cut-Based Analysis : -1.1 < A3z < 7.0 at 95% CL,

/ = 099 (}\31‘1:1)

33%
2. BDT Analysis 1 0.2 < Agy< 7.1 at 95% (L, | enhancement

onZ

Z — 132 (}\31_1:1)

23%

3. BDT Analysis + NLO : 0.6 < 2A35< 6.7 at 95% CL, enhancement

on Z

Z — 163 ()\31.121)



Z v.s. Az =1 In the cases of C&C and BDTL1

3.0

HL-LHC

with Lumi.= 6 ab™1
Ref. arxiv:1902.00134

BDTL1 + NLO, Z=1.63
BDTL1, Z=1.32

2.5
2.0,

N 1.5

C&C, Z=0.99




Last, but not least

« Combined analysis : bbb + bbyy + bbtt - Z (= 30 )

ATL-PHYS-PUB-2018-053

» Advanced technology in the future ...
Inccgeased luminosity, improved tagging efficiency, improved resolution
and so on....

* More precise simulation, higher order QCD correction ..
Improved MC Event generators (at the NLO, NNLO QCD order),
QCD NLO, NNLO, NNNLO corrections ...



- HL-LHC : constraint the A5y

1. Cut-Based Analysis : -1.1 < A3z < 7.0 at 95% CL,

Thank«you tor
your attenticn,/H

3= 1)
3. BDT Analysis + NLO : 0.6 < 2A35< 6.7 at 95% CL, enhazn?’c(fment
on Z
/ = 163 (}\31_1:1)
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Further improvements to be made

* New low and high-level kinematic variables : ex. 8 var. -> 22
var.

* Finding the optimized pre-selection cuts (Hyperopt)



Impurity
puity: p=S/(S+ B)
Impurity function :
Gini Index : p- (1 _ p)

—p-In(p) — (1 —p) - In(1 —p)

Cross entropy :

1 — max(p,1 —p)

Misclassification error:

Statistical significance : S/ vS+ B



Boost and Bagqging

* A way of enhancing the classification performance

* Increasing the stability with respect to statistical fluctuations in
the training sample

¢ TMVA Provides :

* Boosting original data  weighted data

* Adaptive Boost (boosting tree) a—) A—) *—)

weighted sum

e Gradient Boost (GBDT)

random subsets

* Bagging (random forest) A
.- 4 Majority Vote
TMVA Users Guide A



Adaptive Boost

o Starting with the original event weights when training the first
decision tree

» Subsequent tree is trained using a modified event sample
(previous misclassified events multiplied by a boost weight a)
1 —err

o = err = misclassified / tot.
err

* The boosted event classification :
(small — background-like; large — signal-like event)
Neollection : |
LY (e hi(x)  h(z) = £1 SE’;;

7

YBoost (}() =

= — :
N collection

- &
* The learning rate @ — «



M _hh distributions Il
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Log-Likelihood Ratios v.s Lambda_3H
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(NLO-) Correlation Matrix

Correlation Matrix (signal) Correlation Matrix (background)

Linear cormelation coefficients in 9% 100 Linear correlation coefficients in %

100

M_aabb M aabb |
80
DR_ab 60 DR _ab
DR aa 40 DR aa
20
DR_bb DR bb | -
0
PT_aa FT aa
—20 20
M_aa —40 M_aa —40
PT bb —60 PT bb 60
=80 80

—100 —100
Moo Ploy Mas Pla, PRpp PRa PRy "‘fﬂﬂab& Moy PTey Mag Flay ORay ORay PRap "‘f«iag,b



Event selection on Cut-and-Count Analysis

Sequence| Event Selection Criteria at the HL-LHC
1 Di-photon trigger condition, > 2 isolated photons with Pr > 25 GeV, |n| < 2.5
2 > 2 isolated photons with Pr > 30 GeV, |n| < 1.37 or 1.52 < |n| < 2.37, AR;, > 0.4
3 > 2 jets identified as b-jets with leading(subleading) Pr > 40(30) GeV, |n| < 2.4
4 Events are required to contain < 5 jets with Pp > 30 GeV within |n| < 2.5
5 No isolated leptons with Pp > 25 GeV, |n| < 2.5

6 E 0.4 < ARy; < 20,04 < AR, <20 |

7 122 < M., /GeV < 128 and 100 < M;;/GeV < 150
8 P17 > 80 GeV, P > 80 GeV

These red conditions of cuts were very important
to distinguish signal and background on the Cut-and-Count Analysis !



i
® Signal process Generator/Parton Shower o - BR [fb] Order PDF used
Signal g
g9 — HH — bbyy [15] MG5_aMC@QNLO/PYTHIAS 0.119 NNLO NNPDF2.3LO
\_ +NNLL
Backgrounds

Background(BG) Process  Generator/Parton Shower o - BR [fb] Order PDF used

in QCD
ggH(— vy) POWHEG — BOX/PYTHIA6 1.20 x 102> NNNLO CT10
Single-Higgs ttH(— ) PYTHIA8/PYTHIA8 1.37 NLO
associated BG [15]
ZH(— v7) PYTHIAS/PYTHIA8 2.24 NLO
bbH (= v7) PYTHIAS/PYTHIAS 1.26 NLO
bbyy MG5_aMCQNLO/PYTHIA8 1.40x 10> LO CTEQ6L1
@@k F@@] [m@] S EEA MG5-&MC@NLU/PYTHIA8 1.14 x 103 LO
g Jivy MG5_aMCQNLO/PYTHIA8 1.62 x 10* LO
Non-resonant BG bbj~y MG5_aMCQNLO/PYTHIA8  3.67 x 10° LO
céjry MG5_aMCQNLO/PYTHIA8 1.05x 105 LO
bbjj MG5_aMCQNLO/PYTHIA8 4.34 x 10° LO
Z(— bb)yy MG5_aMCQNLO/PYTHIAS 5.17 LO
) . tt [18] POWHEG — BOX/PYTHIA8 5.30 x 10° NNLO CT10
tt and tty BG
+NNLL

(> 1 lepton) tty [19]  MG5_aMCONLO/PYTHIA8 1.60 x 10° NLO CTEQ6L1




Combined significance

Expected yields (3000 fb~!)|Total|Barrel-barrel Other|Ratio (O/B)
Samples (End-cap)
H(bD) H(v~y), s = —4 77.14 57.03 20.11 0.35
H(bb) H(v~vy), Aag = 0 19.50 14.33 5.17 0.36
RS A A S S S S —————
e noyp dur o il - sssl - zsol o
H(bb) H(v~), Aamg = 2 6.82 5.14 1.68 0.33
HbD) H(v~), A3 = 6 11.03 7.91 3.12 0.39
H(bDL) H(v~), A3 = 10 57.46 41.94 15.52 0.37
g9 H(~v~) 6.60 4.50 2.10 0.47
tt H(v~) 13.21 9.82 3.39 0.35
Z H (v ) 3.62 2.44 1.18 0.48
bb H(vy) 0.15 0.11 0.04 0.40
bbby~ 18.86 11.15 7.71 0.69
ccy~y 7.53 4.79 2.74 0.57
Fivy 3.34 1.59 1.75 1.10
bbj~y 18.77 10.40 8.37 0.80
ccjy 5.52 3.94 1.58 0.40
bbjj 5.54 3.81 1.73 0.45
Z(bb) vy 0.90 0.54 0.36 0.67
tt (= 1 leptons) 4.98 3.04 1.94 0.64
tt~v (= 1 leptons) 3.61 2.29 1.32 0.58
Total Background 92.63 58.42 34.21 0.59
Significance Z 1.163 1.090 0.487
Combined significance 1.194

1.194

do/dM, (1/3GeV)

do/dM,, (1/10GeV)
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Result at the HL-LHC
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Timeline of LHC

LHC ' HL-LHC
Run | LS1 Run I L52 Run Il LS3 Run 4-5...
2011 2012 2013 2014 2015 2016 2017 2018 2019:2020 2021 2022 2023 2024 2025 2026 ... 2037
43Tey  13.5-14TeV : 14TeV 14TeV
7TeV 8TeV I
[
integrated 5 gy, 150 for! | 300 fb 3000 fo-!
Luminosity
|
| | =2-3"10%4 cm-—2s-1 L =5-7.5"103%4 cm—2s-1
I <p> up to 80 <p> up to 200
|
[
|
|

- — -39 2
We are here ! o=107 cm



LHC RUN I

IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII ..
o ATLAS Preliminar :
ATLAS Preliminary Fed Total = Stat. EW Syst. — SM VS <13 TeV 361 - 7.8 ft}.f 1 ointerval =
Vs=13TeV.36.1-7981" o 105 oé GeV. Iy 1 <25 2 o interval —
m,=125.09 GeV, Iy | <2.5 _ . A, ;
Kz —t— -
Total Stat. Syst. i : L :
0.09 0.07 0.07 KW : _+
ggF = 1.07 = 509 (= go7 »= 006 ) - ' B :
hf _ _lh_ N +_
VBE === 121« 022 (i 0.18 - 0.13] ) — : — :
0.2 0.18 012 K b .I _ﬁl_
WH FH=—= 157= (3 (=03 .= 0% Ko e ——
ZH = 0.74= ¢ (= 0% .= 0% Yoo | -+ i +
K ; ;
ttH + tH = 122. 0% (L 017 . 0 "l -0 T |wy|st o
oy =
BBSM . BBSMED -
IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII|IIII N T T N P T T | I T T P T
_05 0 05 1 15 2 25 3 35 4 -1 05 0 05 1 1.5 -1 05 0 05 1 1.5

Cross-section normalized to SM value  All parameters except kt are assumed to be positive.

ATLAS Collaboration, ATLAS-CONF-2018-031




Machine Learning

e Machine learning (ML) is a field of artificial intelligence that uses statistical
techniques to give computer systems the ability t6 "learn” (e.g., progressively
improve performance on a spéecific task) from data, without being explicitly
programmed.l2l

« The name machine learning was coined in 1959 by Arthur Samuel.l'l Machine
learning explores the study and construction of algorithms that can_learn from
and make predictions on datal®! — such algorithms overcome following, StrICt|¥
static program instructions by making data-driven predictions or decisions, 4!
through building a model from sample inputs. Machine learning is employed
In a range of computing tasks where designing and programming explicit
algorithms with good performance is difficult or infeasible; example
applications include email filtering, detection of network intruders, and
computer vision.



https://en.wikipedia.org/wiki/Artificial_intelligence
https://en.wikipedia.org/wiki/Computer_systems
https://en.wikipedia.org/wiki/Data
https://en.wikipedia.org/wiki/Machine_learning#cite_note-2
https://en.wikipedia.org/wiki/Arthur_Samuel
https://en.wikipedia.org/wiki/Machine_learning#cite_note-Samuel-1
https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Data
https://en.wikipedia.org/wiki/Machine_learning#cite_note-3
https://en.wikipedia.org/wiki/Computer_program
https://en.wikipedia.org/wiki/Machine_learning#cite_note-bishop2006-4
https://en.wikipedia.org/wiki/Mathematical_model
https://en.wikipedia.org/wiki/Email_filtering
https://en.wikipedia.org/wiki/Computer_vision

Deep learning Example:
Shallow

Example: autoencoders
MLPs

Example: Example:
Logistic Knowledge
regression bases

Representation learning

Machine learning

[lan Goodfellow, Yoshua Bengio a nd Aaron Courville] ‘Deep Learning’



(In machine learning language)

“machine” = ‘model! (from data)’

Learning = Improving performance at a task (ex) with experience

(In machine learning language)

“Learning” = Optimization of (machine’s/model’s) parameters of a
proper error function which represents performance at a task.

Therefore, | @M training a machine
= | am building a new model (from data)



* Labeled data
* Direct feedback
* Predict outcome/ffuture

Supervised

Learning

Unsupervised Reinforcement
» No labels » Decision process
* No feedback *» Reward system
* “Find hidden structure” * Learn series of actions

http://solarisailab.com/archives/1785, &2t2|A 9| 21ZX|& A4



http://solarisailab.com/archives/1785

Supervised Learning



Supervised Learning

e Classification and Regression
» Generalization, Overfitting, and Underfitting

Underfitting Overfitting

Model complexity



Each A3y optimized BDT machine

1 AL L N B B B I B B N B L B B B B L B B R |

wol [E-™ :
E ""-\_\‘. e
N "“-,_h/ e

10§ -
P /”j::f-v?'f_"_'i
S :,f'“’ - T X ,C X a X €

01k - A It o Tipp=HH+ X 1]

‘|.I|: =14 TeV iy =125 GeV
L

&
i
&

Ef
f
=4

i

| fh
/

g

1-FPR
2
IIII|IIII|IIII
|
g
]

o
-4

=

ool -4 —IE 0 2 4 & IIE 10
Ay n
1/(Background eff.) versus Signal efficiency — —
: [ TTTTTTrT TEIY T II||||||||||II |||||||||||||||||||_ .E 1_IIII|II ._'_'"||||||||||||||||||||_
o N - C
E E A M= 1 QO Foml
B 2500 ; : ; L ; M5 L
B u i : : ."ﬁ'Bh_u ] € =
ﬁ B l 1 - : = -
8 2000 [t A T @ g oeer i
:—-: - : : : H3hT i ] - 5 - 13 =n'
E N AN — =B ] B oe7F L
1500 i ) i 1 : — ""3h=1-
F Bl Agy=2
1mﬂ _— e . . . . . : |
i il i

(=]
=
—
af
ba [
o
s
=]
s

08 08 " 05 08 07 08 08
Signal efficiency TPR signal efficiency

ST
L]
—
o
b
af
b [0 !
=
£
=
in
[
&
=
=l



# of Evenls

Each A;y optimized BDT machine

AUC = 0.992-0.996
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Combined significance

Expected yields (3000 fb~!)|Total|Barrel-barrel Other|Ratio (O/B)
Samples (End-cap)
H(bD) H(v~y), s = —4 77.14 57.03 20.11 0.35
H(bb) H(v~vy), Aag = 0 19.50 14.33 5.17 0.36
RS A A S S S S —————
e noyp dur o il - sssl - zsol o
H(bb) H(v~), Aamg = 2 6.82 5.14 1.68 0.33
HbD) H(v~), A3 = 6 11.03 7.91 3.12 0.39
H(bDL) H(v~), A3 = 10 57.46 41.94 15.52 0.37
g9 H(~v~) 6.60 4.50 2.10 0.47
tt H(v~) 13.21 9.82 3.39 0.35
Z H (v ) 3.62 2.44 1.18 0.48
bb H(vy) 0.15 0.11 0.04 0.40
bbby~ 18.86 11.15 7.71 0.69
ccy~y 7.53 4.79 2.74 0.57
Fivy 3.34 1.59 1.75 1.10
bbj~y 18.77 10.40 8.37 0.80
ccjy 5.52 3.94 1.58 0.40
bbjj 5.54 3.81 1.73 0.45
Z(bb) vy 0.90 0.54 0.36 0.67
tt (= 1 leptons) 4.98 3.04 1.94 0.64
tt~v (= 1 leptons) 3.61 2.29 1.32 0.58
Total Background 92.63 58.42 34.21 0.59
Significance Z 1.163 1.090 0.487
Combined significance 1.194

1.194

do/dM, (1/3GeV)

do/dM,, (1/10GeV)
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Recent Update | (on the signal)

* 1. We examine the impact of the NLO corrections
considering full top-quark mass dependence.

Previously,
(gg -> HH) = 45.05 fb (14 TeV),

(gg -> HH) = 1749 fb (100 TeV)

NNLO accuracy including NNLL gluon resummation in the infinite top quark mass
approximation.



Full top-quark mass effect at the NLO

1. Recently, the NLO corrections considering full top-quark mass
dependence have been available.

2. We observe that 20 (30) % reduction at 14 (100) TeV compared to
the cross sections used.

(gg -> HH) = 36.69 fb (14 TeV),
(gg -> HH) = 1224 fb (100 TeV)



Double counting problem
and their cross sections

* We have also checked the double counting problems
between ME and PS on the non-resonant backgrounds.

ne final merged cross sections are reduced by
pout 20~30% (bbaa, zaa),

opout 30~40% (ccaa),

oout 50~60% (bbja, ccja),

bout > 60% (jjaa).

Qv v v —

« However, the merged cross section of the “bbjj” is not reliable.



Faking Processes and rates

Background(BG) Process Fake Process Fake rate
bby~y N/A N/A
ceyy c—be—b (P._sp)?
3y cs=b b | 1/8  (Pew)’
Non-resonant bbj~y j—=n 5x 1074
BG ceiy c—+bec—bj—n (Pop)?- (5 x 1079
bbj j e I B’ (5 x 107%)*
Z(— bb)yy N/A N/A
) Leptonic decay e—>y,e—y (0.02)2/0.02 - 0.05/(0.05)2
! Semi-leptonic decay| e — 7,7 — 7 (0.02) -5 x 1074/(0.05) - 5 x 10~*
- Leptonic decay e — 7 0.02/0.05
e Semi-leptonic e — 7y 0.02/0.05
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PDF Cross Section [fb] || bbyy | ceyy 737 bbjy Gy bbjj z(bb)yy
CTEQ6L1 o 140 | 1140 | 1.62 x 10* | 3.67 x 10° | 1.05 x 10° | 4.34 x 10° | 5.17
CT14L0 o 112 | 1081 | 1.40 x 10* | 2.72 x 10° | 0.91 % 10° | 3.00 x 10®% | 5.03
CT14L0 OXQCUT 113 | 1082 | 1.54 x 10* | 2.88 x 10° | 0.92 x 10° | 3.10 x 10° | 4.89

82.5 | 647 | 0.59 x 10* | 1.22 x 10° | 0.35 x 10° | 0.67 x 10° | 3.65
CT14L0 O merged 82.3 | 662 | 0.44 x 10* | 0.96 x 10° | 0.25 x 10° | 0.28 x 10°* | 3.68
81.5 | 662 | 0.34 x 10% | 0.78 x 10° | 0.18 x 10° | 0.13 x 10% | 3.68
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Understanding the process
in the effective Lagrangian

3M?, 1
e 3,( )Hﬂ e O AL e I G
v

SM Higgs self couplings

L= —%min _ gHS#HB B QHZ"HH 22
In the gluon fusion process at the hadron collide

9(p1)g(p2) — H(p3)H (p4) s

The differential cross section is given by

do(99 — HH)  Gia
dt - 512(2w

[ rana? D)2 + (0778



Feynman diagrams

Only QCD Leading Order (LO)

Gooo00 » e h q h
i ! d ‘@
J.00000» « R h q Propagator of Higgs "\ h
2
D(8) = M

§—M% +iMuly

d6(g9 — HH) Gl
dt - 512(27)3

[[Awgt PEFS + (o Prs| + (62|

4

Important Interference term !!! «

}\N on—-SM



do(g9 — HH)  Gfof
dt - 512(27

2 2
5 | Pang DS + @ PE| + e |

In the heavy quark limit

¢ 2 . o 2 o 2 o
FR = g+ O(8/mg) . [5° = -3t O(s/mg), FEV = =+g+ O(s8/mg))
There is large cancellation between the triangle and box diagrams

The production cross section normalized to the corresponding SM cross section :

Interference term

o0 (gg — HH)
gg — @ @ 0)’
\2 A
O_SM(gg HH 3H gt 3H gt (gt)

0.263 1310 2.047 14 TeV

0.208 -1.108 1.900 100 TeV
JHEP 1508(2015) 133



For the reference, there are various production modes
Asp=A3H =1
14 TeV

1000 The gluon fusion production mode

Is dominant one !

100

10+ qq'-HHqq'

(gg -> HH) = 45.05 fb,

(qgo -> HHqgQo) = 1.94 fb,

1 - | (qq() -> V HH =0.567(V = W) =0415(V = ) fb,
- / | (99/qq -> ttHH) = 0.949 fb
q '» WHH ]
_ are calculated at

01t o (pp~HH+X)[f] NNLO+NNLL, NLO, NNLO, and NLO, respectively

\s =14 TeV, Mp=125 GeV

oo ————t e b b L
4 o2 02 46810

(.r( b )

A3 g
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Machine Learning approaches to
the Higgs boson self coupling

(@ BDT(Boosted Decision Tree) : bbYY
1. Phys.Rev. D96 (2017) no.3, 035022 (Alves, Alexandre et al.) arXiv:1704.07395 [hep-ph]

BDT + kinematic cuts =) 5 o (4.6 o) significance with 10 %(20%) systematics and 3 ab”-1

@ (Supervising) Deep Neural Networks (DNN) : bbWW + bbtt
1. “Supervising Deep Neural Networks with topological augmentation in search for di-Higgs production
at the LHC (Dr. Won Sang Cho) AUC of ROC = 0.991
5 classes by the number of leptonic taus —> Eff(sig)
Optimass & its compatibility distance with dim. Of vars ~ 40 @(Background purity=0.01) = 0.84



Machine Learning approaches to
the Higgs boson self coupling

(3 DNN ( ANN : a multi-layer feed-forward artificial neural network ) : bbbb
1. Eur. Phys. J. C(2016) 76:386 (Katharina Behr, Bortoletto et al.) arXiv:1512.08928 [hep-ph]

. . S N :
DNN + kinematic cuts | 4 =" 3 o significance with 3 ab”-1




Summary Table

Channel Achievable Papers
Slgnlflcance

bbbb Kinematic Cuts+ Eur. Phys. J. C (2016) 76:386 HL-LHC (3 ab”-1)
DNN
~ (3.1 ~ 5.7) pNPNN il s av3sa 100 Fe\(aFa. )0 abn-1)
bbWW e Dr. Won Sang Cho's work
bbtt
WWWW
bbYY ~ 5 (4.6) Kinematic Cuts + Phys.Rev. D96 (2017) no.3, HL-LHC (3 ab”-1),
BDT 035022
~ 2.1 Kinematic Cuts + Preliminary With full BGs.
BDT

bbZZ(eemm)



Summary Table

Channel Achievable Papers
Significance
(o )

bbbb Kinematic Cuts+ Eur. Phys. J. C (2016) 76:386 HL-LHC (3 ab”-1)

bbtt
WWWW
bbYY ~ 5 (4.6) Kinematic Cuts + Phys.Rev. D96 (2017) no.3, HL-LHC (3 ab”-1),
BDT 035022
~ 2.1 Kinematic Cuts + Preriminary With full BGs.
BDT

bbZZ(eemm)



Summary Table

Channel Achievable Papers
Significance
(0)

bbbb ~ 3 Kinematic Cuts+ Eur. Phys. J. C (2016) 76:386 HL-LHC (3 ab”-1)
DNN
~ (31~ 57) o PN RIS 3B B0539faY MOMNINGog FevaFGG (10 abA-1)
bbWW Next Dr. Won Sang Cho talk
bbtt
{WWWW }
bbYY ~ 5 (4.6) Kinematic Cuts + Phys.Rev. D96 (2017) no.3, HL-LHC (3 ab”-1),
BDT 035022
~ 2.1 Kinematic Cuts + Preriminary With full BGs.
BDT

bbZZ(eemm)
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The ratio increases by about 10 (35) % at A;5 =-1 (5) !

It is clear that the QCD corrections are less significant than
the uncertainties associated with the top-Yukawa coupling.



o(gg - HH)

About top Yukawa uncertainty !

|_ ! T T T T T T ] 20 rT T T T T
207 \/s_=l4 TeV ) | \/S_:IOO TeV
_ gg —» HH L gg - HH
7 15 g =l -1z " g/ =1
- & =1 (SM) E - g7 =1 (SM)
T g, =09 T .
10 0 10 g, =09
r o100 S
an el)] o1}
) L ~| 20 .
5 5 e s
0 0
-4 =2 0 2 4 6 R 10 -4 =2 0 2 4 6 & 10
A3 g As g

Ratio of cross sections (gg -> HH)=(gg -> HH)sw versus sntaking account of 10%
uncertainty of the top—Yukawa coupling: gst= 1:1 (black), 1 (blue), and 0:9 (red) for sqrt(s) = 14 TeV (left)
and sart(s) = 100 TeV (right).



Y_t precision measurement

— T T T T [ T * T~ T v T T [ T T T T T T T [ T T T [ T T T

20 p A5 =14 Tev .

- \ gz — HH fx"—

> L\ gf=11 y.

~| 7 15P \ y /]

- | — I g =1 (SM)

L L i 5 s

t+ 10 .
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At the HL-LHC, the expected precision of measurement of the top-quark Yukawa coupling (Y1) is 10%.

M. Vos, arXiv:1701.06537 [hep-ex].
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« Rectangular cut optimisation (binary splits, Sec. 8.1).
« Projective likelihood estimation (Sec. 8.2).

« Multi-dimensional likelihood estimation (PDE range-search — Sec. 8.3,
PDE-Foam — Sec. 84, and k-NN — Sec. 8.5).

e Linear and nonlinear discriminant analysis (H-Matrix — Sec. 8.6, Fisher —
Sec. 8.7, LD — Sec. 8.8, FDA — Sec. 8.9).

« Artificial neural networks (three different multilayer perceptron
implementations — Sec. 8.10).

-SSup (133’( vector machine (Sec. 8.12). « Boosted/bagged decision trees
(Sec. 8.13).

 Predictive learning via rule ensembles (RuleFit, Sec. 8.14).

» A generic boost classifier allowing one to boost any of the above
classifiers (Sec. 10).

« A generic category classifier allowing one to split the training data into
disjoint categories with independent MVA:s.
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