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Introduction

Properties of Higgs in Standard Model: my = 125.10GeV,JF¢ = 0+

Related experimentsin LHC:
o The hypothesis of spin-1 or spin-2 Higgs has been excluded by the ATLAS and CMS at >99% CL in
Vs =7&8TeV, 25 fb~! data. Eur. Phys. J. C75 (2015) 476

o The results of the study on the CP properties of the Higgs boson interactions with gauge bosons
by the ATLAS and CMS show no deviations from the SM predictions.

Higgs-gauge vector boson interaction lacks precise measurement in all inclusive Higgs
production mode(i.e. ggF dominant).

Any observation of CP violation in Higgs would be New Physics!

What we want to study is the Higgs CP mixing model aiming to find the CP-odd Higgs.
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Introduction

Future et e~ collider experiment as Higgs factory :

> At a center of mass energy of \/s~240GeV which maximizes the Higgs boson production cross section
through ee™ — ZH process.

o Cleaner environment and more events produced than (HL)-LHC.
o More precise Higgs-gauge boson coupling study.
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Th eo ry mOde‘ JHEP 03(2016) 050 JHEP 11(2014) 028

Consider a 6-dimension EFT model: L. sr = g} += Z 1 2Ok (Lpsm)

HZW

Lofr D sy HZ,ZM + ¢SO HZn ZRY + cpzHZ,0 2 + cagHZy AP + ¢, 2" MY

+quf]/” (cv + cavs)t + Zuf]’” (v — gaVvs)t — gem QfAuf'V”f

Where: ¢\ = mz(\/_GF) (1 +a), cP&= (\/EGF)UZ&ZZ, Cr7& = (\/EGF)l/zc'izg,
Caz = (\/_Gp)l/zaf,qz» CaZ = (\/_Gp)l/zaf,qf

° In this base, the experimental observables G, m,, a..,, could be presented:
my, = mgo(1+ 6z), Gp = Gpy (1 + 5GF): Xem = Aemo(l + 04)

where: 62 = Uzz +Za(DD' 5GF = —ay + Zaq)l , 6A = ZafAA.
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ThEOry mOde‘ JHEP 03(2016) 050  JHEP 11(2014) 028

The H — ZIll matrix element:

u 1 _ " q"y " Ppyas
MHfo u(pB; 53) V4 (Hl,V + Hl,AyS) + > (HZ,V + HZ,AYS) - > ‘yp (HS,V -+ HS,AYSJ v(p4; 5-4)
mpy myg m2
> Where €323 = +1 and g = p3 + p4.
And the parameters in the function are following:
2 \/_G /2 ~ ~ Q em - ~ \/EG -
Hyy = [ mH(r_SF) (J+af“—;azz—%%:5)aﬂ) st = &gz) _mH( ;3/_ (r—s)a& 6;:;1
By (V26:) " r .
HlA _L r—s gda (1 + ésff ——azz), &Sff — & (\[_GF) (T - S) acpl
- ZZ
o= 2ma(V26e) T Qeden (= 5) 2r 9a
2V = _TQV[ Azz +T AZ]
4mH(\/_GF)1/2 g a
24 =" 5 9alzz
L  omy(V265)"” [2& Q=9 ] O : SM term o
3 = r—s |9z gy 4z Others : EFT contribution
4mH(\/§GF)1/2 R
34 = s galzz
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Theory model

JHEP 03(2016) 050

JHEP 11(2014) 028

Differential cross section fore¥e™ - ZH — llH:
do . Na(qz) 2
dcosf,dcos6,d¢p o m¥ J(q ? 91! 92» (.b):

1 1 JA(Ls,r)
Ny (q?) = 555 =

(2m)3 ryz; 52

Y
4
| T
o l ¢ ) /'[_
H 9‘;~‘/e :%/;‘2 ==£Z
|
|

2

T (G2, 01.02,0) = Ji(1 4 cos® 0y cos? O+ cos® B + cos® )
+ Jo sin® 67 sin? 65 + J5 cos By cos B
+ (Jysin @y sin 0o + J5 sin 2604 sin 205) sin ¢
+ (Jgsin 0y sin o + J7 sin 201 sin 205) cos ¢

+ Jgsin? @ sin® By sin 2¢ + Jg sin? 61 sin® Ay cos 2.

Variables for studying distribution: 6,,6,, ¢
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Theory model

JHEP 03(2016) 050 JHEP 11(2014) 028

Differential cross sectionforete™ - ZH — llH:

do Na.(q )
dcos,dcosO,ddp J(q*, 61,6 ),

2N 1 _ 1 _.M(lsr)
No(q%) = 210(2m)3  \ryz s2

Yy

4

| el
+ : 1o~ 5

05 /ef' 7777777777777

T (G2, 01.02,0) = Ji(1 4 cos® 0y cos? O+ cos® B + cos® )
+ Jo sin® 67 sin? 65 + J5 cos By cos B
+ (Jysin @y sin 0o + J5 sin 2604 sin 205) sin ¢
+ (Jgsin 0y sin o + J7 sin 201 sin 205) cos ¢
+ Jgsin? @ sin® By sin 2¢ + Jg sin? 61 sin® Ay cos 2.

Variables for studying distribution: 6,,6,, ¢
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Assumption for simplification:
° Ogp = @Ef - &31 = Quz = Qz; =107°
setto0,so0 Hyy /4 = 0.

, others are

° @,7 and &,; have the most contribution for cp-odd.

hi=2rs (gh+0%) (IHLv P+ |Hial).

Tz =1t (94 +9v) [F (1HLv P+ |Hial®) +
=32rsgagv Re (Hiv Hf 4),

Jy =4k VrsAgagy Re (HivH; 4+ HI’AH;’V)I’

Jy = L5 VIR (68 + 68) Re (Huw Hiy + Ha H0)|

Jo =4V/rsgagy [4xRe (Hy v Hi 4) + W] ‘

1 f
Jr==vrs (g5 +9t) [26 (Huv | + [Hyal?) + X RetHrvHowt HiuH3 4)]

——
)

Others CP-even contribution

2
Vs = 2r sV (g2 + g&) Re (Hiv Hyy + Hi aHj 4)} . .

0 in assumption
EFT CP-odd term

Jog=2rs (9)24 “1“9%') (|Hr1,v|2 + |H1,A|2) .

6 of these 9 functions are independent
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Optimal variable approach

Differential cross section could be represent as:

d¢ =N X UCP—even(Bl’gzr(p) + p ><]C‘P—odd (91: 92;¢))-

where p is an additional global CP-mixing parameter.

do

dcosf@idcosf,

800091 T T 1= EOOOBf" T T T | B L 80008:" T T T | B L
[1h]} - = = [1h]} = — [1h]} - _
T E —SM = = = —SM = = E —SM ]
g 0.008 —p=0.5 = & 0.007 —p=0.5 = @ 0.007 —p=05 B
e E CEPC Workshop 2021 — p=-0.7 3 e E CEPC Workshop 2021 — p=-0.7 3 e E CEPC Workshop 2021 — =
% 0.007; p=0 - % 0.006 p=0 - % 0.006— p=0 —
G>J = = q>_) c ] q>_) E E
5 0.0087 ! W 4005 }WMW_: @ 5005 :_M_:
—- : 0.004" = 0.004 B
0.004— — E 3 E 3

E = 0.0035 = 0.003 =

0008 = E F ] F i
0.001= ] 0.001F g 0.0015 B

g ! L) | | E e . 9 e . 9

3 2 0 1 2 3 R 05 0 0.5 1 R 05 0 0.5 1
L
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Optimal variable approach

d
dC0591d:0592d¢ =N X (Jcp-even(01,02, @) + P X Jep-0aa (61,62, $)).

In this formation, we could define an Optimal Variable w which PLB 306 (1993) 411-417
combines the information from {64, 6,,¢}:

0.04
0.035

0.03
0.025
Benefits: e
0.015

0.01
0.005

_ Jcp-0aa(01,62,9)
fCP—even(Bi;aqub)

—SM

— p=0.5
CEPC Workshop 2021 — p=-0.7

W to measure p

Events(scaled)

° Combine the information from 3-dimension phase space
o Easier to study
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Monte Carlo samples

Two samples:

o MC Simulation: fast simulation based on CEPC-v4 detector design

o Truth level: simulate the physical process of ee = ZH directly in dynamics

MC simulation: Whizard 1.95 in CEPC,e*e™ » ZH » u*u H
o /s = 240GeV
o The mass of Higgs boson is assumed to be 125GeV and the couplings are set to the SM predictions.

o All the MC datasets are normalized to the expected yields in data with an integrated luminosity of 5.6ab™!.
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Event selection

(using Monte Carlo simulation sample)
> Signal:ete™ —» ZH - u*u"H(- bb/cc/gg) channel
o Background: Irreducible background which contains the same final states as that in signal.

° Muon pair selection:

|cos6,+,-| < 0.81; Mass, € (77.5GeV,104.5GeV) ; My ecoit € (124GeV,140GeV).

2 _ 2 2 _ 2
Where Mi.cocoil yu = (VS = Epu) = Py = S — 2E /S + miy

o Jets pair selection:
|cosl9jet|<0.96; Mass;; € (100GeV, 150GeV ).
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Events(scaled)

Events(scaled)

Event selection

|cos6,,,|<0.81

E 5 006=
E g 0T
E " 2 C
0.08[_ — sig 3 E
E CEPC Work 2021 — bkg % oo CEPC Work 2021
B &
007|- 2 r
0.08]— 0.04—
0.05| E
E 008
0.04—
003 002
0.02] E
0.01

CEPC Work 2021

08 06 04 02 0

08 1
coso,,

sig
bkg

100 120 140 160
Mass,, [GeV]

2021/12/15

Events(scaled)
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Events(scaled)

Events(scaled)
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Event selection

Cut Flow:
Signal Irreducible
Background
Original 28627 1251768
Muon pair selection 18555 (efficiency:64.82%) 11198 (efficiency:0.89%)
All selection 13405 (efficiency:46.83%) 3610 (efficiency:0.29%)
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Higgs CP-mixing measurement

Correlation:

> We can see that 8,1, 6;, ¢ have little correlation with cos6 ,+,-,Mass,,, Myecoil i €0S8jer, Mass;;.

RCosThetal2 - 1.0000 MINKEY; 5 -0.1465 0.0042 0.0020 0.0007 -0.9 RCosThetal? - 1.0000 0. -0.2789 -0.0020

-0.8

RCosTheta34 1.0000 E 0.0195 -0.0057 RCosTheta34 Lt -0.8656 | 0.1729 0.0012

RMass12 & -0.0057 & 0.2380 -0.0028 RMass12 - z 4 0.4934

RMass34 B -0.4469 -0.1749 -0.7336 | 0.0044 RMass34 B -0.86 -0.4334 -0.0018

Rreco34 & 0.0195 SONEE{N 1.0000 [EeNeliipl Rreco34 & 2 1.0000 = -0.0011

thetal -0.0057 -0.0092 M) thetal & = -0.0075

theta2 26 - 0.0019 -0.0253 theta2 & g -0.0020

°© So we can ignore the
impact of event selections

to 84, 6,,and ¢.

phi -0.0009 -0.0025 0.0017 0.0006 -0.0036 phi & -0.0011 0.0000

RCosThetal2
RCosTheta34
RMass12
RMass34
Rreco34
thetal
theta2
phi -
RCosThetal2
RCosTheta34
RMassl2
RMass34
Rreco34
thetal
theta2
phi -
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Fitting strategy and result

Fit strategy: Maximum-likelihood fit
? fp(w) — NSig * stgg(w) + kag * fbﬁ{g(w)
. £ p p
Fit w to getfsig (w) and fbkg(w)
° Fit Myecoil y to g€t Ngig and Ny

o Evaluate likelihood function for each p value hypothesis, and constructa ANLL as a function of p.

Fit to omega disrtibution Fit o omega disrtibution Fit to omega disrtibution

vents (01)
s B8 B B

vents /(0.1)
s B E B

vents (01)
s B B B

e BEEBE. BERE-
i
H

P=0.09 compare p=0 P=0 compare p=0 P=-0.09 compare p=0
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Fitting strategy and result

Fitw :
o Use histogram pdf to fit MC signal and background sample.
° The red curve is global fit, the green curve is signal events, the blue curve is background events.
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Fitting strategy and result

Fit Mrecoil_nu’
° Use histogram pdf to fit the M,.¢coi1 4y Of signal(the signal is on truth level after doing the smear to simulate detector
error).

° The Myecoir_uy distribution of the combinatorial background (dominated by the ete” - ZZ — llqq) is modeled by a
second order polynomial.

o Fit plots using truth level sample considering ISR(left) and not considering ISR(right).
o Using ISR sample can simulate the small exponential tail (which corresponding to the expected distribution.)

0

% 45000 T '['Nbkg=35b2+81! " "’ = %10000}' 17 T Nokg = 3504 +85 T Ii
T 4000E- n Nsig = 13384+ 20 - £ . Nsig = 13402.8+8.2 :
3500 E 8000~ B
3000 =T = - — goon .
- &' — bk = 6000 o] 7
2500 E I :
0 | E 4000/ N
1500 £ -] :
1000} - 2000/ __
500 £ - ]
- ] I ]

: 40

132 134 136 138 140
I'\lllna\c:r:il |_up [GeV]

124 126 128 130 132 134 136 138
I'\lllna\c:r:il |_up [GeV]
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Fitting strategy and result

Fitw :
o Use histogram pdf to fit MC signal and background sample.
° The red curve is global fit, the green curve is signal events, the blue curve is background events.

Fit M'recoil_uu=
> Use histogram pdf to fit the My.ccoir uu Of signal(the signalis on truth level after doing the smear to simulate detector error
and considering the ISR to simulate the small exponential tail).

° The Myecoir_uu distribution of the combinatorial background (dominated by the e"e™ — ZZ — llqq) is modeled by a
second order polynomial.
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Fitting strategy and result

Extract maximume-likelihood fit p-value and interval
> Fit ANLL curve with a quadratic function ANLL(p) = a - (p — py)?

° 68%(95%) CL interval correspondsto ANLL=0.5(1.96).
o Assumption: @45 = @73 = 1073,

ANLL(p|w) = 659.6(p — 5.6 x 107*1)2

T | T T T T ‘ T T T T
CEPC Workshop 2021

ANLL

For p:
68% CL: [—2.79 x 107%,2.70 x 107?]
95% CL: [—5.52 x 1072,5.40 x 107?]

~

45 = Azz =10 xp

o
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Fitting strategy and result

Extract maximume-likelihood fit p-value and interval
> Fit ANLL curve with a quadratic function ANLL(p) = a - (p — py)*?

o 68%(95%) CL interval correspondsto ANLL=0.5(1.96).
o Assumption: &5 = 1073, @5 = 0.

ANLL(p|w) = 519.53(p — 2.32 x 107 %)?

T | T T T T ‘ T T T T
CEPC Workshop 2021

ANLL

For p:
68% CL: [—3.13 x 1072,3.08 x 107?¢]
95% CL: [—6.17 X 107%,6.12 x 107?]

@u5 =103 xp

o
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Fitting strategy and result

Extract maximum-likelihood fit p-value and interval
> Fit ANLL curve with a quadratic function ANLL(p) = a - (p — py)?

° 68%(95%) CL interval correspondsto ANLL=0.5(1.96).
o Assumption: @45 = 0, @z =5-1073.

ANLL(p|lw) = 226.22(p — 2.73 x 107%)?

2-4 T | T T T T ‘ T T T T
00 CEPC Workshop 2021

ANLL

For p:
68% CL: [—4.73 X 1072,4.67 x 107?]
95% CL: [—9.34 x 1072,9.28 x 107?]

1.8
16
1.4
1.2

0.8
0.6
0.4
0.2

Az =5-10"3xp

o
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Result compare arkiv:1902.00134

In HL-LHC:

93

2 2
91 + 9> ~ . ~
T L I G S W

e’ e\ g: + 95
2

LCPV — ; [E}’}’ IAMVA”‘“V + EZ}/ ZHVA'UHV + EZZ

Compare theory model in P5, we can get that the value in red frame are same:

(g1=0.358, g2=0.648, €=0.313, v = 1/ [2G2 = 2My, /g ~ 246.22GeV)

2 - 2 2 -
(x/EGF)” azAHZ 7P = g Cpp L :gz 7, ZHY

914935 _ 9 137

4
1/2— ~ Hl . eq’g%+g§ - 2442
(V2Gg) " laagHZ 1 A" = =E5, ———Cw AR e 91+9; 0.116

2

2021/12/15 Qiyu Sha shaqgiyu@ihep.ac.cn



Result compare

arXiv:1902.00134

Parameter

In HL-LHC: (1sigma)

Analy Si§ Car Czz s
HL-LHC (1. incl) | [.0.22.022] [-0.33,033] | IP
[0.25025] [-027027] | 1P,
HL-LHC (17, dilt) | [-0.10,0.10] [-031.031] | 1P
[0.13,0.13]  [-0.22,0.22] | 1P, rs
HE-LHC (17, incl) | [-0.18.0.18] [-0.17.0.17] | 1P
[0.23.023] [-0.20020] | 1P,
HELHC (17, Giff) | [-0.05.0.05] [-0.13.,0.13] | 1P
[-0.06.0.06] [-0.10,0.10] | 1P,

Result: = "
Czy Czz

68% CL(10) [—2.70 X 107%,2.66 X 10™%]  [-1.73 X 107%,1.70 x 10™%]

[-5.32x107%5.28 x 107*] [-3.41x107%3.39 x 107%]

95% CL(20)
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summary

An EFT based Higgs CP-mixing test is performed.
o Set up some basic assumptions to have a simplest CP-mixing model.
° Introduced optimal variable with better performance.
> Used ML-fit in w distribution to extract p.
> Result: 95% CLp € [ — 5.5 X 107%,5.4 x 1072 ], corresponding to
8Gr, @y, @l Baz, @zz < 107*. Much better than HL-LHC
o Prepare to submit next mouth
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Backup
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Maximum likelihood fit

Construct a likelihood function
° ﬁ(?ﬂp,@) = Hdataf(xi |p: 9)

0: nuisance parameter. p: POI, CP-mixing parameter. x;: dataset (w).

> When statistics is large enough, we suppose L(X|p, §)~Gaus(p“, o), s0 InL(p) = INLyqy —

1
2

(

p—p
Op

;

o From ANLL = NLL — NLL_,;, (negative log likelihood) we can extract maximum likelihood estimate p
and its CL interval.
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AN

l

f(¢lp.)
f(@lp2)

|

|

f(®lps)

H

f(®|pa)

H

f(¢lps)

[

L(p1)
L(p2)
L(ps)

L(ps)

L(ps)
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Maximum likelihood fit

Sample modelling
> @ modelling: Histogram pdf. Highly depends on the sample statistics used to build histogram and HistPdf.

Fit to omega disrtibution

Fit to omega disrtibution

f—

3 e
\i\/ | E

P=0.09

Fit to omega disrtibution

\/

P=0.08

Fit to omega disrtibution
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Fit to omega disrtibution

Fit to omega disrtibution

Fit to omega disrtibution

 D—

I

P=0.07

Fit to omega disrtibution

e

P=0.06

Fit to omega disrtibution

P=0.05

Fit to omega disrtibution
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Maximum likelihood fit

Sample modelling
o w modelling: Histogram pdf. Highly depends on the sample statistics used to build histogram and HistPdf.

Fit to omega disrtibution

Fit to omega disrtibution

Fit to omega disrtibution

Fit to omega disrtibution

Fit to omega disrtibution
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e PR N P s N
~ = ~ I
P=0 P=-0.01 P=-0.02 P=-0.03 P=-0.04
Fit to omega disrtibution Fit to omega disrtibution Fit to omega disrtibution Fit to omega disrtibution Fit to omega disrtibution
g ol E o ol ol
£ - P : "
o ol ol ol o
ot ot ot ot ot
= E E E =
5= E E E 5=
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