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Search for New Physics at collider experiments
Standard Model (SM): current understanding of the world of particle physics and

fundamental interactions
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Search for New Physics at collider experiments

How well does the SM describe the data?
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Search for New Physics at collider experiments

Analysis strategy
How well does the SM describe the data?
High specificity
- Easy Sim le.
- Partial , hypothesis
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Search for New Physics at collider experiments

Analysis strategy

How well does the SM describe the data?
High specificity

- Easy EFT

- Partial

See Jaco’s, Robert’s and

Giuliano’s talks tomorrow
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Low specificity

| H o : null hypothesis (SM)
H; . alternative hypothesis (NP)
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Search for New Physics at collider experiments

Analysis strategy

High specificity
- Easy
- Partial
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= Hard 100}
- Complete N
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How well does the SM describe the data?

Neural
networks

H o : null hypothesis (SM)

H; . alternative hypothesis (NP)
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Search for New Physics at collider experiments

Analysis strategy

How well does the SM describe the data?
High specificity

- Easy Neural
- Partial networks

Our proposal

Signal Model specificity

- ) Learning New Physics from a Machine
Low specificity (NPLM)

- Hard

- Complete H ;: null hypothesis (SM)
H; . alternative hypothesis (NP)
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In this talk

e What is NPLM and how does it work?

Complete analysis strategy testing the data for departures from SM expectations (from data to a
p-value for discovery, taking care of systematic uncertainties in the process).

— main concept (neglecting systematic uncertainties) [1, 2]
— including systematic uncertainties [3}

* What is NPLM good for?

Multivariate, unbinned analysis, towards model independence (released constraints, lower level
information, simultaneously sensitive to multiple signal patterns).

— 5D analysis of a two-body final state at the LHC [3]

Link to related papers:

1] “Learning New Physics from a Machine” Phys. Rev. D (d’Agnolo, Wulzer)
2] “Learning Multivariate New Physics” Eur. Phys. |. C (d’Agnolo, GG, Pierini, Wulzer, Zanetti)
3] “Learning New Physics from an Imperfect Machine” Eur. Phys. |. C (d’Agnolo, GG, Pierini, Wulzer, Zanetti)
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NPLM algorithm
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New Physics Learning Machine (NPLM)

Main Idea

e Goal: performing a log-likelihood-ratio

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

e Exploiting a Neural Network (NN) to

parametrize the data distribution in
terms of a Reference distribution (Rg)

True (T) data Data distribution learnt Reference
distribution by the NN distribution
® Signal-model-independent: reduced Unknown Alternative hypothesis Null }gll\?ghesis

assumptions on the signal hypothesis

Ro : reference hypothesis
H,: alternative hypothesis

M
i:\HA ‘s H];I‘\.”

NN model

“Learning New Physics from a Machine” Phys. Rev. D
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New Physics Learning Machine (NPLM)

Main Idea

Maximum Likelihood from minimal loss:

Test statistic i E( i w: trainable parameters on the NN model
_ D HW) — D: data sampl
o _ : . : ple
t(D) = 2 IIIV? X log r (D R O) = —2 Hlv\lfIl{L [f ( ) W)] } R: reference sample (built according to the Ry hypothesis); could be weighted (w)
Loss function Assumptions:
B - Np > N, the statistical fluctuations of the reference sample are negligible.
L [f(il? : W)] = — E [ f(il? ; W)] -+ E W [6f (23 w) _ 1} - the weights of the reference sample (w) are such that the reference sample is
5 R normalised to match the data sample luminosity » w,.= N(R,)
x € AS x€R

“Learning New Physics from a Machine” Phys. Rev. D
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New Physics Learning Machine (NPLM)

Main Idea

Maximum Likelihood from minimal loss:

Test statistic i E( ) i w: trainable parameters on the NN model
_ D | Hy — D: data sampl
_ _ : . ; ple
t(D) =2 III‘SX log r (D RO) = =2 m“lfn{L [f ( ) W)] } R: reference sample (built according to the Ry hypothesis); could be weighted (w)
Loss function Assumptions:
B - Np > N, the statistical fluctuations of the reference sample are negligible.
L [f(ZL’ : W)] = — E [ f(il? ; W)] —+ E W [6f (z3w) _ 1} - the weights of the reference sample (w) are such that the reference sample is
=7 = normalised to match the data sample luminosity » w, = N(R,)
x x
XER
INPUT BSM network OUTPUT
Reference sample (R) . \v// V M Single tr aining ) Collection of trainings
label=0 % t\?’fff‘ %‘ F W) = log n((x || iw)) (with pseud_oidata) ]
| A I nx t(D)=—-2L|f(x;wW)
AN M ‘ i 07 ,
N [
I 4;; i ® fxs W) A P | %
| ' tbs
Data sample (D) :, ‘ ¢
label=1 . . J L
AR, NN training . —
x W »W X t

“Learning New Physics from a Machine” Phys. Rev. D
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New Physics Learning Machine (NPLM)

Dealing with multivariate problems (negligible uncertainties)

Asymptotic formula for the 7 distribution under R:

Wilks-Wald theorem:

O,: set of parameters describing H,,

©,: set of parameters describing H,

L(D

If Hy C H,, then under the H, hypothesis the test statistic

)

t(D) = 2 log (D

Ro)

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 )(c?f 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 (NN) MODEL REGULARIZATION procedure can solve this problem!

September 7, 2022

“Learning Multivariate New Physics” Eur. Phys. [. C
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New Physics Learning Machine (NPLM)

NN Model regularization:

Weight clipping parameter: For a chosen NN architecture, tuning the weight clipping
Upper boundary to the magnitude that each # allows to recover a good agreement of the empirical
: : .. . : — : ) C . :
trainable parameter can assume during the training. distribution of f under R, with the target X distribution.
B 1 Weight clipping: 1.8 | Weight clipping: 1.9 ||| Weight clipping: 2.0 | | Weight clipping: 2.15
xample:
NN model: 5-7-7-1, 131.0) == m e CER7AN | | - X3 | | R o eeeen 95 %
R 75 % 111 w70 % ]
| w | = 106 tié?jﬁ- ________________ 50 % || - L= 50 % ||| -1 - - 50 %
95.9| - fSf - ppmwm—————TTT T oo - - 25 Y% [ - T - s 20 % 1l -Hf == - - - - - o oo - - 25 % 1 [
Il B |/ e —— 5% | -BZ---vmoonee==== 5% ||| -Hf - - o . 5 %
Legend:
—— Percentiles of the empirical 7 0 50k 100k 150k 200k 0 50k 100k 150k 200k 0 50k _ 100k 150k 200k 0 50k 100k 150k 200K
—— distribution under R, Training epochs Training epochs Training epochs Training epochs
______ . 5 0.04} Weight clipping: 1.8 11} Weight clipping: 1.9 1|} Weight clipping: 2.0 | | Weight clipping: 2.15
=== Percentiles of the target Xiw| —~ 0.03] + , , ; ,
= X106 X106 X106 X106
= 0.02f
[1 Empirical 7 distribution under R, vy 001
mm  Target )(|2W| |
00080 160 80 160 80 160 80 160
t t t t

“Learning Multivariate New Physics” Eur. Phys. |. C
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

Test statistic

t(D, A) = 2log

)

Doesn’t
depend on v

‘max L(Hw. ,|D, A)

W, vV

max L(R,|D, A)

New parametrization

n(x|T)

True (T) data
distribution

Unknown
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= 2log

max L(Hww|D)L(V|A)

)

W: trainable parameters on the NN model

max L(Ry|D)L(v|A)

nyy/
N/

n(x ‘ Hﬁ,’ I’/\)

n(x| R)

Data distribution Reference
learnt by the NN distribution
Alternative hypothesis  Null hypothesis

n(x| R;)

flx; w)

n(x|Ro)

New term
containing the

dependence on v

r(x;v)

v: set of nuisance parameters modelling the
uncertainties effects

- D: data sample

A: auxiliary sample (used to constrain V)

Note:

This parametrization choice [ H 5
guarantees R, C Hy, , W
(R,=H, for f(-;w)=0) D

NN model
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“Learning New Physics from an Imperfect Machine” Eur. Phys. |. C
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

Maximum Likelihood from minimal loss:

Test statistic

‘max L(Hw. ,|D, A) ‘max L(Hy, ,|D)L(V|A) W: trainable parameters on the NN model
t(D, A) =2lo bt = 21o ’ v: set of nuisance parameters modelling the
( ) 2 max E(RU |D, A) & max L(RV ‘D) ﬁ(y‘A) uncertainties efer))cts 5
- Y - - Y - D: data sample
_ (D .A) A (D .A) A: auxiliary sample (used to constrain V)
— ) T )
Tau term: | l Contains the dependence on a
L D) L(w|A) NN model
7(D, A) = 2max log wy Y ul = —2min L [f(x,w),u; 5(:8)}
o | L(Ro|D) L(O]A) o A Built on the knowledge of the
Del l Reference model (purely SM term)
elta term:
R
LRD) LWA)] T s 0= RS
A(D’ A) = 2 m,ilx log E(Ro D) L(o‘A) = —2 muln L {V’ 5(58)} Taylor’s expansion learning:
T ?(x;v)=exp[/5\1(x)v+ gz(x)v2+...]
NN1 NN2

“Learning New Physics from an Imperfect Machine” Eur. Phys. |. C
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

7 term A term
| t(D,A) =1(D,A) — A(D, A) |

L(Hw|D) E(VIA)]
L(Ro|D)  L(0]A)

7(D, . A) = 2 maxlog [

A(D, A) = 2 maxlog [E(RVID) | £(V|A)]

L(Ro|D) £L(0]A)

Maximum likelihood from
l minimal loss l

A(D,A) = -2 milljl {LA[V; 3\()] }

Training samples

. Reference | . 'Data vV, ;5\()
§ G l

n(z|Ry)
n(z|Ro)
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

T term A term
l t(D,A) =7(D,A) — A(D, A) l

L(Hw|D) E(VIA)]
L(Ro|D)  L(0]A)

7(D, . A) = 2 maxlog [

A(D, A) = 2 maxlog [E(RVID) | £(V|A)]

L(Ro|D) £L(0]A)

Maximum likelihood from

l minimal loss l
r(D, A) = ~2 min {L | f(;w), ; 50| } AD,A) = -2 min {L5[v; 30)] }
Training samples

fl;w) v; 6() Refererge ly,  Data v; 3(-)

nge?f; ! + n(z|Ry) n(z|Ry)

l n($|R0) n(mlRO)

Weight clipping
tuning
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

T term A term
l t(D,A) =7(D,A) — A(D, A) l

L(Hw|D) E(VIA)]
L(Ro|D)  L(0]A)

7(D, . A) = 2 maxlog [

A(D, A) = 2 maxlog [E(RVID) | £(V|A)]

L(Ro|D) £L(0]A)

Maximum likelihood from

l minimal loss l
r(D, A) = ~2 min {L | f(;w), ; 50| } AD,A) = -2 min {L5[v; 30)] }
Training samples
f(;w) v; 6(-) Refererge ,  Data v; 3(-)
. 0 i , e
NN model " " r modelhng

Set up -+ n(z|Ry) n(z|Ry) .y n(z|Ry)

! n($|RO) n(m|R0) T(m,l/) — n(leO)

Weight clipping

tuning
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

NN tuning

NN model selection
using SM toys 3

® [ oss function (no sys. unc.):

L= Z w (/W) — 1) — Zf(x; W)

XER xeD

® Both Reference and Data are sampled
according to the Reference hypothesis

R,D ~ RO

September 7, 2022

Architecture: 5x3 (96 trainable parameters)

Weight clipping tuning, targeting a y* distribution

119.9

104.9
t 95.3
86.3

74.4

Weight clipping: 2.13

Weight clipping: 2.16

== 95 %.

75 %

“250/0

5% |

50 %| |

Weight clipping: 2.2

200k 400K 600K 800k
Training epochs

M

200k 400K 600K 800k 1M
Training epochs

200k 400K 600K 800k 1M
Training epochs

0.04|
"= 0.03}

= 0.02}
ang

0.01¢

0.00

Weight clipping: 2.13

2
Xo96

40 80 120

160

| Weight clipping: 2.16

2
Xo6

40 80 120 160
{

| Weight clipping: 2.2

40 80 120 160
t

Asymptotic formula: )(c%f, df = 96

Gaia Grosso




New Physics Learning Machine (NPLM)

Including systematic uncertainties

r(r;v) =

r modelling

n(x

R.,)

n(x

Ro)

September 7, 2022

Normalization uncertainties:
Analytic description

1%

N
. _n(a:R,,)_eX ' o
r(z; )_n(:cRo) B p_ izzlyl |

Shape uncertainties:

Taylor’s expansion around the nuisance central value

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

Gaia Grosso



New Physics Learning Machine (NPLM)

Including systematic uncertainties 0040
0.035}

Validation of the (z — A) procedure 0.030|
~— 0.025}

“Toy Data” : test the procedure on simulated toys following the %0.020
Reference (SM) hypothesis with generation value for the nuisance 0.015/
parameters v* =+, : 0.010!
D~Ry~, v ==0, 0.005|

0.000

The 7 distribution under the reference hypothesis R,,.is compatible
with the target y?

W]

for values of the true nuisance parameters within

the uncertainty (v = £o,).

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

We can build a frequentistic test statistic relying on the asymptotic )(|2W| .

September 7, 2022 22

Model 2: [5, 10, 10, 1]
os,on =0.003, 0.025

vg , vy =0,0
{t(D7 A):T(Dv A) _A(Da A)
¢ (D, A)

120 140 160 180 200 220 240 260

*k *k
vy ,vNy = —o0s,0

1] X1281f kfﬁ

* *
Vg , VN _07 — ON

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

Gaia Grosso



New Physics Learning Machine (NPLM)

Including systematic uncertainties
Final procedure in steps:

1.INN MODEL SELECTION:
weight clipping tuning — target )(IZWI ;

2.[NUISANCE TAYLOR’S EXPANSION LEARNING:

A A A ?(XQV)=3XP [/5\1(X)1/+ /5\2(.X)I/2+...]
modelling 7(x;v) =exp | 0 (x) v + 0,(x) v+

NN 1 NN2

vg , vy = +o0g,0 vg , vy = — 03,0

2 2
ey Xm
0

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

3.|VALIDATION:

DNRV*, V*:::O-V

Veritying that the target XIZWI is always recovered;

4. ITESTING THE DATA:
running the procedure on real data.

August 23, 2022 Gaia Grosso



Two-body final state at the LHC




Two-body final state at the LHC

5D analysis — Input: set of variables fully describing the kinematic of the final state

Py Pr2 M APy
10% {10 {10 1103 | 103 REFERERNCE
’ 110°} 1102 | m== 7’ scenario
18? 101 === EFT scenario
100 100 |
i =
o33l | | | 76l | | | BRI T T T b 1 simulated ]
B 2.2 } } } 5.1} } ‘ 1ot§{§iii%¥i$$}- 1.0-§—§—i—i——*—}-—i——i}—%-i-}-i— 1.01} - titjzi*# 1-1-1 (ﬁ/?;ggrsp}ffggg;Delphes)
S 1.1le-e-o-8-8- 8 2 8 4 L 2 I 28] e e s . b 4 1109 1 0.9} { 0.9} } | Dataset available on Zenodo
100 200 300 400 500 100 200 300 400 500 14 0.7 00 0.6 1.2 1.4 0.7 0.0 0.6 1.2 1.1 2.3 3.4 4.5 5.7
Uncertainties on the Reference hypothesis (SM):
e Global normalization effect: oy =2.5%
e Momentum scale effect:
p;bf,ez) = exp [ysas(b’e)/ as(b)] p}bl”ez) (b) barrel region || < 1.2, (e) endcaps region |n| > 1.2

- Muon-like regime: oéb) = 0.05%, aée) =0.15%
- Electron-like regime: oéb) =0.3%, aée) =09 %

- Tau-like regime: aéb) = oée) =3 %
“Learning New Physics from an Imperfect Machine” Eur. Phys. |. C
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https://zenodo.org/record/4442665#.YmgX4ZNBwq0
https://arxiv.org/abs/2111.13633

Two-body final state at the LHC

1) NN setup for the 7 term:

e Data sample N(D) ~ 8500 events

e Reference sample N(R) =5 X N(D) ~ 42500
e Regularised DNN (weight clipping tuning)

0.040| Architecture: (5,5,5,5,1)
Weight clipping: 2.16
0.035F number of experiments: 100
KS p-value = 0.80
0.030} 9
\ 1 X96
/-80.025— \
- \
5 0.020] ]
Q
0.015¢}
0.010¢ ‘
/
0.005¢
- A
0-000=26~"60 80 100 120 140
t
September 7, 2022

160

2) Taylor’s expansion learning for r(x, v):

Training a neural network model to learn each coefficient of

the Taylor’s expansion of r(x;v) =

(Parametrized classifier)

n(x

R,)

n(x

Ry)

Input samples U Us
So(l/l) ~ RO SO(Uz) ~ RO
Sl(yl) g 1{1/1 SI(VZ) ~/ I{y2

Uy

Sl(l/n) ~/ Ryn

KN EW

Loss function™

P v) = exp [3 (v + 3,(x) ,,2]
)

LIS( )] =)

v; e€Sy(v;)

2 ‘/Vec(xe)2 + 2 We [1 - C(xe)]z , C(X) B 1+ ?(x, V)

|

* Parametrized classifiers for optimal EFT sensitivity arXiv:2007.10356

Gaia Grosso
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Two-body final state at the LHC

7 — A validation $ t(D, A)=1(D, A) — A(D, A)
Reference sample: R ~ R, b 7D, A)
Data sample: D ~ R« ’
Normalization Scale uncertainty Scale uncertainty Scale uncertainty
uncertainty Muon-like regime Electron-like regime Tau-like regime
0.03f | | | | o0.03} 0.03f | | | | o0.03} | | |
vy , vy =0, —on Vg , Uy = — 05,0 vy , Uy = — 05,0
2 2
“20.02}X96 { 7x0.02} { 7x0.02 | 720.02}X96
o] o= 2] =
N 0.01 | 001} | 001} | 001}
0 0 0 0
0.03} - .03} {  o0.03} | ]
vg , vy =0, +on Vg , Uy = + 05,0 Vg , Uy = + 05,0 = +0g,0
720.02 | “20.02[X96
o] 2]
N 001} | 001} 01} hﬁh
00 120 200 280 360 020 120 200 280 360 06" 120 200 280 360 020 120 200 280 360
t t t t

DNN [5-5-5-5-1], #trainable parameters = 96, weight clipping = 2.16

September 7, 2022 27 Gaia Grosso



Two-body final state at the LHC

Sensitivity to New Physics scenarios

Resonance in the two-body invariant mass

e /' scenario: new vector boson with the same SM coupling as the Z

boson and mass of 300 GeV.

Non resonant excess in the tail of the two-body invariant mass
e EFT scenario: dimension-6 4-fermions-contact operator:

September 7, 2022

* Muon-like, electron-like regimes:

M, > 100GeV, L = 0.35b~!, N(S) = 120
e Tau-like regime:

M, > 120GeV,L = 1.1 b1, N(S) = 210

Cw ..
XJL/JJfa'

* Muon-like, electron-like regimes:

e Tau-like regime:

M12 > 120 GCV,L = 11 fb_l, CW — 025 TeV—z

Example:
Tau-like regime

104;-

103;-

102;-

counts

101;-

100;-

10-1;-

™ REFERERNCE |
=== /' scenario f
mm=  EFT scenario |

ratio
(@) p—
o b
ot o
——

100 200 300 400 500 600 700
M,

NOTE:

800 900

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

Gaia Grosso
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Two-body final state at the LHC

Sensitivity to New Physics scenarios

Z’ scenario 0.030

0.025¢

*k —
US —+GS

+
—"

R, 0.010}

0.005¢

0.000
0.030

EFT scenario

0.025

— 0.020¢
sk — =3

by = T g T} 0.015}
S

R, 0.010}

0.005}

0.000

Muon-like regime

Electron-like regime

Negligible
systematic uncertainties

Tau-like regime

~—~ 0.020¢}
N

=
T 0.015}

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

Z' scenario (mz =300GeV, N(S)=120)
os =0.003 (electron-like), v = + oy
My >100GeV, L=0.35fb !

7X96

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

os =0.0001 (negligible), v§ = + o5
My >120GeV, L=1.1fb !

7X96

Z' scenario (myz =300GeV, N(S)=210) |
os =0.03 (tau-like), v§ = + o5
My >120GeV, L=1.1fb !

Z=4.0+0.2, Z,.;=10.2+0.1 7Z=39+40.2, Z,.s=10.5+0.1 7Z=3.34+0.2, Z,.;=88+0.7 7Z=36+0.1, Z,;=9.7£0.6
¢ (D, A) | ¢ 7(D, A) | $ 7(D, A) | ] $ 7(D, A) |
¢ (D, A) I ¢ t(D, A) $ ¢(D, A) 1 $ ¢(D, A)
| |
17 | _}_ I |
! | I | ! f -+
T I J A
e I e ! . Bes | ‘
EFT scenario (¢, =1.0TeV?) EFT scenario (¢, =1.0TeV~?) 11 EFT (¢, =0.25TeV ?) || EFT (cy, =0.25TeV?)
os = 0.0005 (muon-like), v = + oy os =0.003 (electron-like), v = + o5 XSG os =0.0001 (negligible), v§ = + o5 XSG os =0.03 (tau-like), v§ = + o5
M5 >100GeV, L=0.35fb~! M5 >100GeV, L=0.35fb~! M5 >120GeV, L=1.1fb! M5 >120GeV, L=1.1fb!
Z=512%0.3, Z=14.5+0.2 Z=51%0.3, Z=14.3+£0.2 Z=23%0.1, Z,y=5.7£0.2 Z=1940.1, Z,,;=5.1+0.2
¢ 7(D, A) | ] ¢ 7(D, A) | $ (D, A) | $ (D, A)
¢ ¢(D, A) | ¢ ¢(D, A) $ ¢(D, A) $ ¢(D, A)
| it " il
L Al Uy | | k oY
Y _, y
! ‘ ‘ e S o .-:.Lﬁ—;—;—. ‘ - ‘ ‘ ‘ ‘ 1 ‘ ‘ e 4
300 360 420 480 180 240 300 360 420 480 60 180 240 300 360 420 480 60 180 240 300 360 420 480
t t t t

Z-score: Z = @1 [1 —p]

Z : Z-score from the median of the empirical #(D, A) distribution
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Two-body final state at the LHC

Sensitivity to New Physics scenarios

tei 7' scenario
Summary of the results: o1 EFT scenario

tau-like |

® Comparable performances in the resonant and non-resonant scenarios: 05 =0.03 | p—0
L=1.1fb" |
- NPLM is simultaneously sensitive to any source of New Physics; :
e Comparable performances at different systematic uncertainties regimes: neg%)i%%lglle I
s =0. | o
- NPLM is robust against the presence of systematic uncertainties; L=11fb"" :
- the presence of systematic uncertainties affects NPLM in the same . I
: lectron-like |
measure as any other hypothesis test; o. = 0.003 | o~
, , L=0.35fb1 |
o about the New Physics has been provided to the :
algorithm at any step of its implementation: muonlike i

- The performances of NPLM are lower than any model-dependent 05 =0.0000 1 F—e—ii——e
b ion (Z/Z_.. = 0.37); L=0.35fb" |
strategy by construction (Z/Z..; = 0.37); ' avg. = 0.37
0.34 0.36 0.38 0.40 0.42
Z / Z ref

Z-score: Z = ®©~! [1 —p]
- Z: Z-score from NPLM

- Z,: Z-score from a model-dependent (optimized) test statistics

Gaia Grosso

September 7, 2022



Two-body final state at the LHC

Sensitivity to New Physics scenarios

Signal reconstruction with the NN:

Architecture: [5-5-5-5-1] (96 dof), weigh clipping 2.15, L = 240 fb™!

n
7 reconstruction: n(x | Hy, ;) = n(x|Ry)
’ n

A reconstruction: n(x |R;)

104

n 107
) [

September 7, 2022

(x

R;)

(x

Ry)

S W)

- 7(D, A)=463.7, A(D, A)=247.15, t(D, A)=216.55, Z=6.56 ]

%Aﬁﬁ* [ DATA
®10.
m

..._.__._

[ 1 REFERENCE

ooo 7RECO

e2e9 A RECO

TREI:CO/REF. I {
-- A RECO/REF. 9 )
9} ¢ ¢ DATA/REF. 3 hf% + HI Hl | |
e T o7 d
_ _'l':td:n'f_!:"f'!!!;;ii;:::::::E:-I'I:‘:J;fff -f{lq:}:%-_i;_%r
181 263 345 426 508
Ml 2

104

1001

2.0}

= 1.9

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

S 102|
o :

101 |

= (D, A)=469.23, A(D, A)=307.48, t(D, A)=161.75, Z=4.0 °

o 10°}

%% [ DATA 000 rRECO
1 REFERENCE eee A RECO
bh@hﬁ!
!‘LQ.
+ RECO/REF.
-- A RECO/REF.

" ¢ ¢ DATA/REF.
~ 1.2¢

“Learning Multivariate New Physics” Eur. Phys. [. C

Gaia Grosso


https://doi.org/10.1140/epjc/s10052-021-08853-y

Two-body final state at the LHC

NPLM for signal model independent New Physics searches:

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

Limitations
- Accuracy of the Reference sample limit the actual luminosity that we are
. L . allowed to inspect, but do not obstacle the
- Accuracy of the systematic uncertainties modelling RS
applicability of NPLM.

- Training time (with NN)

September 7, 2022 Gaia Grosso



Next steps?
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Ongoing work

e Speed up? NN — kernel models (see next talk)

e NN regularization (alternatives to weight clipping?) — performances

e NN architecture?
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Ongoing work
e Speed up? NN — kernel models (see next talk)

e NN regularization (alternatives to weight clipping?) — performances

e NN architecture?

More applications
e Searching NP in harder nD problems

e Data quality monitoring (more about it in the next talk)

e Testing generators (nD)

September 7, 2022 Gaia Grosso



DATA ceo 7RECO
Signal reconstruction with the NN: REFERENCE ~ eee ARECO
o T+ | 1 fd e, #‘Hﬁﬁ? T gt i i | il e, Mf_
1: U Py 7*&1 N i o ﬁ*‘f“f‘*?ﬁﬁ ITWWTWWH i) H Hj I If t ) f 4 | o, iﬁ%’ﬂ’] WWW T,l,rﬁﬁ@e‘ﬁ
100 fT{ TT | 100} 10!}
o T T =1 | f ' e T T
“Iil | N Cr— eI AT o
=l ‘ | 11 T _ 1-0"'if§"’{‘f ;;'i" Li--{ Lbid bt | ll (811 T4 1.0} Tl H}li{l HI lil lT' —F{F]| 10}-- 111' I -L—.-]---i- T-Feme -l-- T
a1 IS L] UM R b L
102} by * lozf’”‘%. —_— 1 %#ﬁ $44 f# . 1 “hcﬁﬂf iﬁ[ﬁi . ?j
; H‘ﬁ %@#Wmﬂ w%fJ ﬂﬂﬂ%ﬁﬁﬁ? N Mg ﬁ,ﬁﬁ;ﬁﬁ% iy | ﬁ ﬁ#} ; f L{: if
A A = | I e} T‘i[ b [
N "“] e H}L {"T Tl g R Loftiete tag, tt--g; f{;? *r tllll "{ DATA/REF | EIH{J . -ﬂ- +TH ‘HIH l-JiDﬁT?/l;EFL ':
::Z'""1***"**'“*'}"*'*:Il'{Tﬂ'}'{'HJr};‘ﬁ%'{f;;;f*fﬂ*“fﬁ'{'{-{jﬂ} . A T ]H ‘ LTl K i : {Wm It }W T ﬁ I

Harder tasks: nD analysis (n large)
77 to 4 leptons final state (7D)

1D, 4)=530.28, A(D, A)=2.35, Z-score=3.57

Architecture: [7-16-16-1] (417 dof), weigh clipping 1.75

September 7, 2022
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Harder tasks: nD analysis (n large)

103 102

D, A)=530.28, A(D, A)=2.35, Z-score=3.57

DATA
REFERENCE

090 TRECO
eee A RECO

103%’% LLim-LJ m HI| [ |

oo
I'-T-' '

ol l103

10°

109 L
1.4
1.2
! 1.0~
[ ] X
0.8

0.6

14 & DATA/REF
hd T T T 7

r RECO/REF
A RECO/REF

fiiT

Z17Z2DeltaPhi

r RECO/REF
A RECO/REF |
|4 ¢ DATA/REF

' ﬁ'ﬂ

Py D, A)=530.28, A(D, A)=2.35, Z-score=3.57
v wl BN oS, [ DATA oo TRECO
102} ol $ig.0
190 L g/81°™13 3rere $10- 1 REFERENCE seee ARECO
rREC f:)_/REF ] # ﬁ@ﬁﬁﬁ
| o e o) ﬂ?’*w*#pf%
VIt 0 b .++.H+++”++,ﬁ. T | ot e
EUNBEREENTANR A& £ S 4 ot TH | -
+ ) l 100 |
40 60 80 100 0 0% —
Z1Mass

103 1?951
10° sol Yt -RECO/REF |

. 250 o S o -- A RECO/REF |
Lo = ; | ; é $ ¢ DATA/REF |

, 20 feesmecsassnsasanserneanannnnnens e eeeecansasnaseannanerasannnnnans feneesneeennnanasasanneaeensannns fensneanennneas } .
- , . . . ‘

15L. . S S S ST 000 U * - IEREK]
VIR e SRR P S S LS L8 R HR AR
Of peatiodyyheepantaypppatatygy b tipitor {1 T
2.0 05 _ .................. ............... { ........... % + .......... N
- 0.0 é ; ; ; ~ |
i 100 200 300 400 500
Z/ZMass

0.5 | |

0 100 120 | O'O(I) 50 100 150 200 250I I | -2

Z2Mass Z2Pt

Ongoing work for optmizing NPLM sensitivity in high dimensional problems
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Getting started with NPLM

NPLM package: python-based package to

run the NPLM analysis strategy

NPLM 0.0.6

pip install NPLM &

v Latest version

Released: Feb 1, 2022

package to run the New Physics Learning Machine (NPLM) algorithm.

Navigation

= Project description

‘D Release history

3 Download files

Project links

A Homepage

Statistics

GitHub statistics:
W Stars:1

P Forks: 1

© Openissues/PRs: 0

View statistics for this project via
Libraries.io (4, or by using our public
dataset on Google BigQuery &£

Project description

NPLM_package

a package to implement the New Physics Learning Machine (NPLM) algorithm

Short description:

NPLM is a strategy to detect data departures from a given reference model, with no prior bias on the nature of the new
physics model responsible for the discrepancy. The method employs neural networks, leveraging their virtues as
flexible function approximants, but builds its foundations directly on the canonical likelihood-ratio approach to
hypothesis testing. The algorithm compares observations with an auxiliary set of reference-distributed events,
possibly obtained with a Monte Carlo event generator. It returns a p-value, which measures the compatibility of the
reference model with the data. It also identifies the most discrepant phase-space region of the dataset, to be selected
for further investigation. Imperfections due to mis-modelling in the reference dataset can be taken into account
straightforwardly as nuisance parameters.

Related works:

» "Learning New Physics from a Machine" (Phys. Rev. D)
» "Learning Multivariate New Physics" (Eur. Phys. J. C)
» "Learning New Physics from an Imperfect Machine" (arXiv)

e Tutorial on 1D toy model for getting started

Reconstruction plot

REF = feature[target[:, 0]==0]

DATA =« feature[target[:, 0]==l]
weight = target(:, 1)
weight REF =« weight[target(:,

weight DATA

= weight[target(:,

0]==0)
0]==1)

output delta ref =« delta.predict(REF)

output tau ref = tau.predict(REF)

plot_reconstruction(df~BSMdf, data~DATA, weight datasweight DATA, ref<REF, weight refeweight REF,

tau OBS~tau OBS, output tau refeoutput tau ref,

feature labelsefeature labels, bins code~bins code, xlabel code=xlabel code, ymax codesymax code,

delta OBS~delta OBS, output delta refeoutput delta ref,

save~False, save pathe’

OUTPUT EXAMPLES:
toy experiment: sig+bkg sample

103

, file name='’

)

102 Mo
10!
10°

101}

events

107

109}

"D, A)=48.63, A(D, A)=7.71, Z-score=3.72
1 DATA
[ REFERENCE

oo 7RECO
eoe A RECO

10t
14
12
10

ratio

O N s Y

N
]

l

|

r RECO/REF
== A RECO/REF
¢ ¢ DATA/REF

M R T L L A
2 4

my

.
6

8
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C. Plot of the empirical distributions of the 7 and 7 — A terms.

All the collected experiments are considered.\ The distribution are compared with the target xjf distribution with number of degrees of freedom, df, equal to the

number of trainable parameters of the model.

BKG-only experiments NU_S=0, NU_N=0.15, SIGMA_S=SIGMA_N=0.15

label = 'Be%i'3(N_BKg)

if N_Sig: label += ',

s=3i'3(N_Sig)

plot 2distribution(tau, tau-delta, df«TAU df, xmin«0, xmax=120, nbins«16,

0.10

0.08

e
=3
=

Probability

0.04

0.02

0.00

labell=r's\tau(D,\,A),

save~False, save pathe'',

$'+label, label2er'§\tau(D,\,A)-\Delta(D,\,A)S$,
file name='")

"+label,

R —

x*(13)

sample 7D, A),B=2000
size: 100

median: 65.76

std: 16.83

Z = 5.74 (+0.15/-0.15)

sample «D, A) - A(D, A), B=2000

size: 100

median: 11.42

std: 4.88

Z=-0.19 (+0.13/-0.13)

1 1]
1 [ty 1
! T ﬂ—&—.—r
20 40 60 80 100
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https://pypi.org/project/NPLM/
https://github.com/GaiaGrosso/NPLM_package/tree/v0.0.6/example_1D

Backup
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

Maximum Likelihood from minimal loss:
Test statistic

_ L (HW ‘D) w: trainable parameters on the NN model
t(D) = 2maxlog
s

D: data sample

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

- e i i i
= 2 log Z_N(R) xl—[ Z((Z R) —2Min [N(w) — N(R) — Z f(z;w)

= —2min{L[f(+ )]} N(w) = S S el

TER
Loss function A o
ssumptions:
L [ f ( 7 W)] . E : [ f ( 7 W)] 4 E : 20 [ e flx;w) 1} - Ni > N, the statistical fluctuations of the reference sample are negligible.
7 7 * - the weights of the reference sample (w) are such that the reference sample is

x&D rER normalised to match the data sample luminosity 2 w, = N(R)

XER

“Learning New Physics from a Machine” Phys. Rev. D
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https://doi.org/10.1103/PhysRevD.99.015014

Including systematic uncertainties

Shape uncertainties: Learning the nuisance Taylor’s expansion

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 | B linear fit N T linear fit / N linear fit
: : : : : S --- quadratic fit £/ 0.4 ... quadratic fit 1 02p --- quadratic fit 1 02p .. quadratic fit
Preliminary binned analysis to determine i 0of [ duedred I e I I
the proper order for the Taylor’s expansion =~ £ %) * * oof * 1t 4 | oo * 1o | oof '
= ‘ —0.2| | —0.1} | —0.1}
0.4 : | ¢
200_0.6 | -04af T 1 —0.2] I —0.2}
~08502 =001 000 001 002 22002 =001 000 001 002 22002 =001 000 001 002 2002 —0.01 000 001 0.0
VS VS VS VS
, [ ] [ ]
Taylor’s expansion learning &R
J\X
.. .. . v
Training a neural network model to learn each coefficient of the Taylor’s expansion of r(x;v) = IR
N\ X
Input samples X
yl I/Z yn
A . . /\ /\ 2
So(l/l) ~ RO So(l/z) ~ RO So(l/n) ~ RO —> I’(x, l/) — eXp [51(X) U+ 52(X) 1% ] -
51(vy) ~ R, 51(1p) ~ R, 51(@,) ~ R, T D
Loss function !
2 (x) :
SC .\ = 2 — , C\X) =
L[é( )] — Z Z Wec('xe) + Z We [1 C(Xe)] 1 + I"(X; I/)
U; e€Sy(v;) e€S|(v;)

* Parametrized classifiers for optimal EFT sensitivity arXiv:2007.10356
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https://arxiv.org/abs/2007.10356

New Physics Learning Machine (NPLM)

Including systematic uncertainties
T term A term

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

Pre-trained networks Pre-trained networks
Model
v
~ . . L(v|A) Loss S (
Lif(;w), v,6(-)] = w, |ef @ W)tlogT(@ev) _ 7] _ f(zx,w) +logr(x; v)] — log [ ] . N(Ry) — N(Ro) — Z log7(z; v)] — log [
;z [ } a;) L(0]A) function ~ 0
Trainable parameters: v/, W Trainable parameters: v/
r(D, A) = —2min L | f(,w), v; 6() OUTPUT A(D, A) = —2min L |v; 5(-)|
W,V v

| t(D, A)= 7(D, A) — A(D, A) ‘
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