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Outline of the talk

New Physics Learning Machine (NPLM)
o THE ALGORITHM:

- Absence of systematic uncertainties [1, 2]
» Main concepts

» Multivariate analysis setup

- Including systematic uncertainties [3]

o EXPERIMENTS:
- 5D analysis on a di-body final state at the LHC

o CONCLUSIONS AND OUTLOOK

1] Learning New Physics from a Machine,

2] Learning Multivariate New Physics,
3] Learning New Physics from an Imperfect Machine
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

e Goal: performing a log-likelihood-ratio

hypothesis test
( End-to-end strategy, from the data to a p-value
for the discovery)

e Exploiting a Neural Network (NN) to
parametrize the data distribution in n(x ‘ T) ~ n(x ‘ HVAV) — n(x | RO) e |f(x;w)

terms of a Reference distribution (R,)

Ro : null hypothesis
H : alternative hypothesis

True (T) data
distribution

o : reduced Unknown
assumptions on the signal hypothesis
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

Maximum Likelihood from minimal loss:

Test statistic w: trainable parameters on the NN model

_ ) E(HW |D) ) = D: data sam
B _ : . . ple
t(D) = 2 Il’lve = lOg L (R 0 |D) = —2 m“l,n{L [f ( ’ W)] } R: reference sample (built according to the Ry hypothesis); could be weighted (w)
Loss function Assumptions:
- Np > N, the statistical fluctuations of the reference sample are negligible.
I - w)l = — E W E flazsw) _ 1 - the weights of the reference sample (w) are such that the reference sample is
[f ( ’ )] [ / (QE, )] T Wa | € normalised to match the data sample luminosity ) w, = N(R,)
xED TER XER
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

Maximum Likelihood from minimal loss:

Test statistic

L(Hw|D)

t(D) = 2maxlog

LLoss function

L{f(a W) == 3 [fla W)+ D we [/ —1

TER

xrecD

L(Ro|D)

—2min{L[f(; w)]}

w: trainable parameters on the NN model

D: data sample
R: reference sample (built according to the Ry hypothesis); could be weighted (w)

Assumptions:
- Np > N, the statistical fluctuations of the reference sample are negligible.

- the weights of the reference sample (w) are such that the reference sample is
normalised to match the data sample luminosity ) w, = N(R,)

XER

INPUT

label=0

Data sample (D)
label=1

104
o)
=
o 10°
>
w
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Reference sample (R)

BSM network
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OUTPUT

Single ating Collection of trainings

6 lH) || o) = — 2L [fon wl
| n(x|Rgp) ]

Fe W) P(f) P(f|R,)
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New Physics Learning Machine (NPLM)

Dealing with multivariate problems (negligible uncertainties)

NN Model selection:

Weight clipping parameter:

Upper boundary to the magnitude
that each trainable parameter can
assume during the training.

Example:

NN model: 5-7-7-1, |w| = 106

Legend:

=== Percentiles of the target )(|2W|

[ Empirical 7 distribution under R,

mm Target )(|2W|
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Percentiles of the empirical 7
distribution under R,

131.0¢}

115.4}
t1053—-- -
95.9} -

83.2} -

>

For a chosen NN architecture, tuning the weight clipping
allows to recover a good agreement of the empirical
distribution of f under R, with the target )(|2WI distribution.

Weight clipping: 1.8

_______________________ 95 %

R T v |

| Weight clipping: 1.9

0 50k 100k 150k 200K

0.04

-3 0.03}
= 0.02f
0.01}

0.00

Training epochs

0  50k_ 100k 150k 200K
Training epochs

|}| Weight clipping: 2.0

| | Weight clipping: 2.15

0 50k 100k 150k 200K
Training epochs

0 50k 100k 150k 200K
Training epochs

| Weight clipping: 1.8

+

80 160

| Weight clipping: 1.9

[l Weight clipping: 2.0

11t 2
X106

80 160
t

| Weight clipping: 2.15

80 160




New Physics Learning Machine (NPLM)

Including systematic uncertainties

Test statistic

t(D, A) = 2log

New parametrization

n(x| T)|~

True (T) data
distribution

Unknown
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‘max L(Hw. ,|D, A)
max L(R,D. A) | ~ 2108
n(x|Hg ;) =n(x|Rg)

‘max L(Hy p|D)L(v]|A)

New term
containing the

dependence on v

r(x;v)

I;IBX L(Ru|D)L(v|A)
MXIR| [
n(x|Rop)

NN model
Sy

“/” H\'//.
‘]\'i’i'lH\"o, ‘\%"K
!‘§( Jé M‘
"\ ‘N"\‘(
'\'.l;‘\\‘l‘“‘”
=

W: trainable parameters on the NN model

v: set of nuisance parameters modelling the
uncertainties effects

D: data sample
A: auxiliary sample (used to constrain V)

Note:

This parametrization choice [y
guarantees R, C H,, Wb
(R,=H,, for f(-; w)=0)




New Physics Learning Machine (NPLM)

Including systematic uncertainties

Maximum Likelihood from minimal loss:

Test statistic

s ﬁ(HW, ) ‘D, A) - C max ﬁ(HW, y ‘D)ﬁ(ﬂfl) ] W: trainable parameters on the NN model
t(D, A) =2lo bt — 210 bk v: set of nuisance parameters modelling the
( ) 5 max C(RU |D, .A) 5 max E(RV ‘D)ﬁ(l/‘fl) uncertainties effects
.V _ .Y . D: data sample
_ (D, A) A (D, A) A: auxiliary sample (used to constrain V)
Tau term: l l Contains the dependence on a
) _ NN model
L(Hy,, v|D) L : =S
7(D, A) = 2maxlog ( v|D) L] A) — —2min L [f(:z:,w), U 5(:1:)}
w8 | TL(RoD) L(OJA) i .
4 Built on the knowledge of the
Delta term: [ Reference model (purely SM term)
L(R,|D) L(v]|A)] ~ . :n(ley)
A(D, A) = 2maxlog ( ) L] A) = —2min L [1/; 5(1})] ") n(x|Ro)
Y L [’(RO D) ‘C(O‘A) | o A Taylor’s expansion learning;:
P(x:v) = exp [El(x)y LB,
NN 1 NN2
November 29, 2021 (More details later) 9




New Physics Learning Machine (NPLM)

Including systematic uncertainties

7 term A term

Reference sample Data sample URIERy Data sample Auxiliary
7 o measurements INPUT D measurements
v(A) v(A)

Pre-trained networks Pre-trained networks
Model
\/
~ . Loss -~
Lif(-w), v,6(-)] = o |ef(@e w)tlogTlaeiv) _ 1) _ , log 7(z; v)] — 1 [ N(R,) — N(Rg) — I v)] — 1 [
[F(5w), v,0()] e;w e } ;[f(w w) +log7(z; )] — log P (Rw) = N(Ro) ;[ogm v)] - log | ==
Trainable parameters: v, W Trainable parameters: v/
(D, A) = -2 IvrvlilI}L [f(-,w), V; 5()} OUTPUT A(D, A) = —2min L [I/; g()}
) | 74

t(D — —
November 29, 2021 (D, A)= 7(D, A) - A(D, A) 10




New Physics Learning Machine (NPLM)

Including systematic uncertainties

Example of validation plots:

0,040 Model 2: [5, 10, 10, 1]
ons| 0505 =0.003, 0.025
° ° . VS>l< 9 Vl\*I :07 0
Validation of the (z — A) procedure 0030l bt ) SHD. A oD A AD.A
“Toy Data” : test the procedure on simulated toys following the S
. . 2= 0.020}
Reference (SM) hypothesis with generation value for the nuisance = 210
0.015
parameters v* = %o, : o
D ~ I{U*7 A TO0,, 0.005
The ¢ distribution under t!

120 140 160 180 200 220 240 260
ne reference hypothesis g . is compatible

t
with the target v

for va
W]

ues of the true nuisance parameters within

7 Vg , vy = +0g,0 7 vg , vy = — 03,0
the uncertainty (,,* — _

)

t is independent of the true value of the nuisance parameters! — w — w

* * * *
vg , vy =0, +on vg , vy =0, —on

We can build a frequentistic test statistic relying on the asymptotic )(IZWI .

oL_cod®
November 29, 2021
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120 160 200 240 280 320
¢ ¢
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

Final procedure in step:

1. IMODEL SELECTION:
weight clipping tuning — target )(|2W| ;

2. | NUISANCE TAYLOR’S EXPANSION LEARNING:

7(x;v) = exp [/5\1()6)1/4- ;3\2()c)1/2 + . ]

modelling 7 (x;v) = exp /5\1()6) U+ /5\2()6) v+ |; NN1  NN2

3. | VALIDATION: w0 || mari=-os0

D~ RV 9 o)y * M ”
Verifying that the target )(|2W| is always recovered; ) Xm | m |

120 160 200 240 280 320 120 160 200 240 280 320

4. | TESTING THE DATA:
running the procedure on real data.
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Di-body final state at the LHC

Dataset
5D analysis — Input variables:

Pr.1 Pt M )
A e O T T F
103 1103 1 103; 102__.——__—__
% 102 1102 1102 Lo
3 182 132 13: 00 REFERERNCE
B B ‘ I— p 101 mmm /' scenario
10 : ‘ : : : 0 : ‘ : : : 10 { — = — — — — = — — t t : + T : : L EFT Scenari()
g33 70 R REYE Pttty N S AT R N P SR I A
K PR UR & R 1 {}l‘ R AR R R A P R SRR R S P IR
100 200 300 400 500 100 200 300 400 500 1.4 -0.7 -0.0 0.6 1.2 1.4 -0.7 -0.0 0.6 1.2 11 2.3 3.4 45 5.7
Reference sample (SM):
e Global normalization effect: oy =2.5%
e Momentum scale effect:
p;bf,ez) = exp lvsaéb’e)/as(b)] p}bl’,ez) (b) barrel region || < 1.2,  (e) endcaps region || > 1.2

- Muon-like regime: Géb) = 0.05 %, Gée) = 0.15%
- Electron-like regime: aéb) =0.3%, O'S(e) =09%

- Tau-like regime: Géb) = oée) =3 %
November 29, 2021



Di-body final state at the LHC

Dataset
New Physics benchmarks:

Example:
Tau-like regime

104}
Resonance in the two-body invariant mass o3l ) REFERERNCE
e 7' scenario: new vector boson with the same SM coupling as the Z == Z'scenario
0N 1021 === EFT scenario
boson and mass of 300 GeV. b=
:3 1 _
* Muon-like, electron-like regimes: S 10
M, > 100GeV, L = 0.35fb~!,N(S) = 120 10°]
o Tau-like regime: M;, > 120GeV, L = 1.1 fb~!, N(S) = 210 10'1é-
Non resonant excess in the tail of the two-body invariant mass 22| \ _
e EFT scenario: dimension-6 4-contact operator: '% 15! # + :t—+— . } _
o B B0, S e
Kffﬂffa. 0.8l :t:Q: =0 am : } _
* Muon-like, electron-like regimes: 100 200 300 400 500 600 700 800 900
M;, > 100GeV,L =0.35tb™!, ¢, = 1.0 TeV~> v
12

* Tau-like regime:

M;, > 100GeV,L = 0.35fb™! ¢y, = 0.25 TeV > NOTE:

M, is not given as an input to the algorithm!

November 29, 2021 15



Di-body final state at the LHC

Step 1: Model selection

Training setup:
e Data sample N(D) ~ 8500 events
e Reference sample N(R) = 5 X N(D) ~ 42500

Weight clipping tuning:

Archifecturé: (5,5,5,5,1) | | 0.040| Architecture: (5,5,5,5,1)'
Weight clipping: 2.16 Weight clipping: 2.16 ) we=2.16
0.035} number of eXpergnents: 100 - 107} B, . '
— — xss Percentiles 0 030 KS p-value = 0.8
. 2 -
119.9| - - s asm—————rrrr T 95 % X96 @ A M WC=2.2
—.0.025 1 =2.13"
+104.914 - 75 %] = 10 wc=2.13
95.3H/" - - 50 %1 =0.020} Z
86.3H-4~ - - 25 % | & A
74.4 - g T S 5% | 0.015} N 102
0.010
0.005 03
200k 400k 600k 800k 1M 00001660 80 100 120 140 160 200k 400k 600k 800k 1M
Training epochs t Training epochs
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Di-body final state at the LHC

Step 2: Nuisance Taylor’s expansion Learning

Electron-like regime

Preliminary study 08— 08— 04— 04—
— 06l pri€[20,28]GeV I o6l Pra € [56, 60] GeV | o3l Pr2 € [76, 79] GeV | o3l P € [110, 115] GeV
§ oal linear fit | N linear fit I linear fit / T linear fit \
1 1 1 1 1 2 | --- quadratic fit /£ 041 --- quadratic fit | 92f --- quadratic fit . | 02 - quadratic fit /.
Preliminary binned analysis to determine Y I I || obon
the proper order for the Taylor’s expansion =~ £ %) * * oof * 1t 4 | oo * 1o | oof '
N ‘ ~0.2} 1 -0.1} 1 -0.1}
0.4 : | ¢
200_0.6 | -04af T 1 —0.2] I —0.2}
~0-8502 =001 000 o001 002 %002 —001 000 001 002 2002 —0.00 000 001 002 22002 —001 000 001 0.02
Vs Vs Vs Vs
, [ J [ J
Taylor’s expansion learning @R
Nn\xX
.. . . . U
Training a neural network model to learn each coefficient of the Taylor’s expansion of r(x;v) = GIRY
n\xX
Input samples X
yl I/Z yn
A . _ VN VaN 2
So(l/l) ~ RO S()(I/z) ~ RO So(l/n) ~ RO —> V(x, l/) — €Xp [51(X) U+ 52(X) 1% ] -
51(vy) ~ R, 51(1p) ~ R, 51(@,) ~ R, T D
Loss function !
- (X) :
5(-)] = 2 _ ,  CX) =
L[o(:)] = Z Z w,C Xe) + Z w, [1 C(Xe)] 1 + 7(x;v)
U; e€Sy(v;) e€S|(v;)

* Parametrized classifiers for optimal EFT sensitivity arXiv:2007.10356
November 29, 2021 17



https://arxiv.org/abs/2007.10356

Di-body final state at the LHC
Step 3: Validation

P(t[R

P(t[R

Normalization
uncertainty
0.03| | ] '* |
vg , vy =0, —on
~20.02}
a=g
=
R 0.01)
0
0.03|
2
~20.02|X96
a=g
=
R 0.01!
0 . . . .
40 120 200 280 360
t
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0.03|

1 720.02¢

0.03|

1 730.02}

Scale uncertainty
Muon-like regime

0.01}

P(t|R

0.01}

P(t|R

- _
Vg ,UN = —0s, 0
I/S*,Vl\*I = 4+ 0g,0
9
X96
40 120 200 280 360
t

0.03|

1 720.02¢

0.03|

1 730.02¢

Scale uncertainty
Electron-like regime

0.01¢

P(tR

0.01¢

RESER

P(t[R

200 280 360

t

40 120

0.03|

1 720.02¢

0.03|

1 720.02¢

Scale uncertainty

Tau-like regime

0.01}

%
VS?”N_

—0'5,0

0.01}

—I_O-S7O |

b,

40

120

t

200

280 360



Di-body final state at the LHC

Step 4: Sensitivity to New Physics scenarios

/’ scenario

*_ ~—~
US—+GS N

B
]

EFT scenario

k — /E
VS—+US S
o

+~
S—"

W
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0.030

0.025

0.020}

0.015}

0.030

0.025}

0.020}

0.015}

0.010¢}

0.005}

0.000

VS.

Muon-like regime

model-dependent approach

(the signal hypothesis is known a priori and is

exploited to optimise the test statistic)

Electron-like regime

Negligible
systematic uncertainties

Tau-like regime

Z' scenario (mz =300GeV, N(S)=120)
os =0.0005 (muon-like), v = + oy
M5 >100GeV, L=0.35fb~!

Z=4.0+0.2, Z,,;=10.2+0.1
¢ 7(D, A)
¢ t(D

Al |

Z' scenario (mz =300GeV, N(S)=120)
os =0.003 (electron-like), vy = + o5
M5 >100GeV, L=0.35fb~!

Z=394+0.2, Z,;;=10.5+0.1
¢ 7(D, A)
$ t(D

A)

Z' scenario (mz =300GeV, N(8)=210) | |

os =0.0001 (negligible), v5 = + oy

M5 >120GeV, L=1.1fb!

7Z=334+0.2, Z,;;=88+0.7
¢ 7(D, A)
$

t(D, A) | |

Z' scenario (mz =300GeV, N(S)=210) |

g =0.03 (tau-like), VS* = +0g
M5 >120GeV, L=1.1fb!
7Z=36+0.1, Z,s=9.7£0.6
¢ (D, A)

t t(D, A) |

EFT scenario (¢, =1.0TeV2)
os =0.0005 (muon-like), vg = + oy
M5 >100GeV, L=0.35fb!

Z=5.140.3, Z,e;=14.540.2
¢ 7(D, A)
D

teD, A | |

EFT scenario (¢, =1.0TeV2)
os =0.003 (electron-like), vy = + oy
M5 >100GeV, L=0.35fb!

Z=5140.3, Z,e;=14.340.2
¢ 7(D, A)
D

be(D,A) | |

EFT (¢, =0.25TeV2)
os =0.0001 (negligible), v5 = + oy
M5 >120GeV, L=1.1fb7!

Z=23+0.1, Z,;=5.7+0.2

EFT (¢, =0.25TeV2)
os =0.03 (tau-like), v = +og
M5 >120GeV, L=1.1fb!

Z=19+0.1, Z,;=5.1+£0.2

¢ 7(

D
¢ (D, A)

, A)
A

Z-score: Z = @~ [1 —p]

- 7 : Z-score from the
median of the empirical
t(D, A) distribution

- Z.¢: Z-score from the

median of the empirical
reference test statistics

( ~ 100 toys experiments)
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Di-body final state at the LHC

Step 4: Sensitivity to New Physics scenarios

Summary of the results:

e Comparable performances in the resonant and non-resonant scenarios:

- NPLM is simultaneously sensitive to any source of New Physics;

e Comparable performances at different systematic uncertainties regimes:

- NPLM is robust against the presence of systematic uncertainties;

- the presence of systematic uncertainties affects NPLM in the same
measure as any other hypothesis test;

o about the New Physics has been provided to
the algorithm at any step of its implementation:

- The performances of NPLM are lower than any model-dependent
strategy by construction (Z/Z_.; = 0.37);

November 29, 2021

tau-like

o, =0.03 }

L=11fb!

negligible

o, =0.0001 1|

L=11fb !

lectron-like

o, =0.003

L=0.35fb!

muon-like

o, =0.0005 | 1|

L=0.35fb!

ted 7' scenario
ted EFT scenario

o o

©

»avg. = 0.37

. . L . .
0.34 0.36 0.38 0.40 0.42

7/ zref




Di-body final state at the LHC
7 scenario (tau-like regime), m = 300 GeV, N(S) = 210

Step 4: Sensitivity to New Physics scenarios [ a7, am w715 15, a=216.55, 7-6.55

03| ’M.l% [ DATA 000 7RECO
2 ey, ] REFERENCE oo A RECO
Summary of the results: =P g,
o '.'-.-..._.__._
o [
e Comparable performances in the resonant and non-resonant scenarios: 10%)
- NPLM is simultaneously sensitive to any source of New Physics; 10° . .
T RECO/REF. {
2.61
e Comparable performances at different systematic uncertainties regimes: .8 | 7= 2S85CORER gy
= 1.9/ ¢ § DATA/REF. > h{{
- NPLM is robust against the presence of systematic uncertainties; T12] teveptogagctioo oo
- the presence of systematic uncertainties affects NPLM in the same Bl 26 AL
measure as any other hypothesis test; b2 .
EFT scenario (tau- 11ke regime), ¢y = 0.25 TeV
o about the New Physics has been provided to 10 (D, 4)=469.23, A(D, A)=307.48, (D, A)=161.75, Z=4.0 °
the algorithm at any step of its implementation: o 103] %@% 1 DAIA oo TRELO
E ’hﬂ!;:l REFERENCE e2e A RECO
- The performances of NPLM are lower than any model-dependent 3 102} e,
strategy by construction (Z/Z ., = 0.37); ° 10| ettty s s
- .. : : . , | Jiogleiele & o
e NPLM is able to learn non trivial combinations of the input variables 10° , , , —
and point to the source of the significant discrepancy:. 26f ~ 7RECO/REF. } T | T
=10l 4 A RECO/REF, " } } ¢
n(x RA) » =7 DATA/REF. 11, } I | |
T reconstruction: n(x | H, 19) = n(x| RO) : Rl/) o6 W) ~ 1.2} _tttc@fzéffiiii_gi.i_{-} 4= 'i:-_-i{{f_-_{'_-_#‘ _:{:-}:}:}f_ -
. | nx | Ro . . g . .
A reconstruction: n(x |R;) 181 763 345 196 =68

November 29, 2021 ‘]\41 5 21



Conclusions



Outlook on future perspectives

Current limitations and future developments:

- Accuracy and size of the Reference sample | > Set a limit on the actual

- Accuracy in the (multivariate) modelling > luminosity that we are allowed
of the nuisance effects to inspect, but do not obstacle

- Training time* | > the applicability of NPLM.

Shared issues within the high energy Physics community that will open the way to
interesting directions for future developments.

* possible solution from Kernel Methods! (See interesting | )

NPLM is ready to be performed on a real analysis at the LHC!

v Heuristic method to setup multivariate analysis
V' Strategy to account for systematic uncertainties

November 29, 2021
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More 1n:

Learning New Physics from an Imperfect Machine
(today on the arXiv | )


https://arxiv.org/abs/2111.13633

Backup slides



New Physics Learning Machine (NPLM)

Dealing with multivariate problems (negligible uncertainties)

Asymptotic formula for the 7 distribution under R:

Wilks’ theorem:

t(D) = 2 log

O,: set of parameters describing H,,
©,: set of parameters describing H,
If Hy C H,, then under the H, hypothesis the test statistic

£(H,

D)

£(Hg

D)

asymptotically follows a )(C%f distribution withdf = |0, | — | O, |

If the Wilks’ theorem hold,
# the target distribution for 7 under the

R, hypothesis is a )(jf with df = |w|.

Due to the finite size of the training samples, the sparsity of the data (especially in multivariate problems)

and the approximation errors, the distribution of #(D) under R,y does not follow the target )(|2W| by detault.

— a MODEL SELECTION procedure can solve this problem!

November 29, 2021
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Di-body final state at the LHC

Step 2: Nuisance Taylor’s expansion Learning

Preliminary study

Preliminary binned analysis to determine
the proper order for the Taylor’s expansion

Taylor’s expansion learning

Training a neural network model to learn each coefficient of the Taylor’s expansion of r(x;v) =

Results:

November 29, 2021

-0.8

‘ ‘ : 0.8— : ‘
| pr1 € [20, 28] GeV 06| Pr1€56, 60] GeV
----- linear fit / -+ linear fit
- quadratic fit £/ 0.4r ... quadratic fit
| —— cubic fit 02| — cubic fit
- ¢ ¢ data ¢ ¢ data
0.0}
| —0.2| -
| —0.4¢ —
002 —001 0.00 001 002 %002 —001 000 001 002
VS VS

0.4}

log Ny (vs)/ Ny, (0)

—0.2

0.4—

0.3}

0.1}

0.0

0.1}

0.2}

0.3

0.2}

0.0f

electron-like: g =3 x 1073

s

L

Pt Pt
»

il b
O
)

473
iy
20
AP
“T‘:M“

Vg = —30’3
vg= — log ]
vg = + log
Vg = —|—30'S

o NN quadratic

x BINNED quadratic

40

20

pr

80 160

‘ ‘ 0.4 — : : ‘

pr,1 €[76, 79] GeV 03| Pr1€[110,115]GeV

----- linear fit =« linear fit

0.2p .. quadratic fit 0.2} - quadratic fit

— cubic fit 0.1l — cubic fit

¢ ¢ data ¢ ¢ data
- 0.0t

1 —-0.1}
1 —=0.2}
002 —001 0.00 001 002 23002 =001 000 001 0.2
Vg Vg
n(x|R))
n(x Ro)

z O:OO: }—I—EEIMEEHEE_}

; —0.05} ]

% _0.10_: : — — |

2 Qool -

2 818(5)- %E—EHME}H-E-H '

Z _0 10l |

% 0-10 . : — —

m 0.10t _

Z 000! } 1 '
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Di-body final state at the LHC

Step 2: Nuisance Taylor’s expansion Learning: tau-like regime

Preliminary study

Preliminary binned analysis to determine

the proper order for the Taylor’s expansion

November 29, 2021

M, 5 > 100 GeV

M, , > 120 GeV

log| Ny, (v5)/ Ny, (0)]

Tau-like regime

4.0— ‘ :
—130| P11 € [20, 28] GeV
A~~~ Y[l
S | e linear fit
N—"

Z@ 2.0 quadratic fit
~_1.0l — cubic fit
N
® ¢ ¢ data
= 0.0}
o]
Z10f s
a0
S-2.0f
-3.0L

02 —01 00 0.1

Tau-like regime

0.2

1.5 ‘ :
Pr1€ [20, 28] GeV
1.0f - linear fit
quadratic fit
0.5} — cubic fit
¢ ¢ data
0.0t
-0.5
1001 00 o1

0.2

4.0

3.0t

2.0¢

1.0}

0.0

-1.0¢

-2.0¢

pr1 € [56, 60] GeV
----- linear fit

quadratic fit

— cubic fit

¢ ¢ data

o,
.

-3.0—=

1.5

1.0}

0.5}

0.0}

1 —0.5¢

02 —01 0.0

0.1

0.2

pr1 € [56, 60] GeV
----- linear fit
quadratic fit
— cubic fit
¢ ¢ data

-1.0=

0.2 -0.1 0.0

0.1

0.2

3.0

2.0¢

1.0}

0.0}

-1.0}

-2.0—

1.0—
0.8
0.6}
0.4}

0.2
0.0

—0.2¢
|1 —0.4}
—0.6}

—0.8

pr1 €176, 79 GeV
----- linear fit
quadratic fit
—— cubic fit
¢ ¢ data
0.2 -01 0.0 01 02
VS
pr1 €1[76, 79] GeV
----- linear fit
quadratic fit
| — cubic fit
» ¢ ¢ data
02 -0.1 0.0 01 0.2

3.0

2.0¢

1.0}

0.0}

-1.0}

pr1 €[110, 115] GeV
----- linear fit

quadratic fit ¢

—— cubic fit
¢ ¢ data

-2.0—=

0.8

0.6

0.4
0.2
0.0}
| —0.2f
| —0.4}
| —0.6

—0.2 -0.1 0.0 0.1 02
VS
| pr1 €110, 115] GeV
----- linear fit
quadratic fi
—— cubic fit
¢ ¢ data
02 -01 0.0 01 0.2

—0.8

28



Di-body final state at the LHC

Step 2: Nuisance Taylor’s expansion Learning
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