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In this talk

e How to include systematic uncertainties in NPLM

e NPLM application to HEP:
5D analysis of a di-body final state at the LHC

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

More about NPLM:

¢ “Learning New Physics from a Machine” Phys. Rev. D

® “Learning Multivariate New Physics” Eur. Phys. |. C
® Previous IML talk 27/04/21
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NPLM algorithm
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

® Goal: performing a log-likelihood-ratio hypothesis test
( End-to-end strategy, from the data to a p-value for the discovery)

‘max L(Hy,. ,|D, A) ‘max L(Hy ,|D)L(v|A)
D, A) = 21og | 22X S i Ry : reference (null) hypothesis
’ max L(R,|D, A) max L(R,|D)L(v|A) Hw, v : alternative hypothesis
- , : - - / ’ T W: trainable parameters on the NN model
v: set of nuisance parameters modelling the
o ) uncertainties effects
® Exploiting a Neural Network (NN) to parametrize the data D: data sample
distribution in terms of a Reference distribution (Ro) A: auxiliary sample (to constrain /)
nx|R;) 1 |
n(x ‘ HvAv, 19) — n(x ‘ RO) e| /W) NN model
n(x Ro)
Ty \,/.
I.{efgren.ce New ferm ‘\\n/ \w MQ
distribution .. \,.w .'\“
containing the /“‘H““Q“‘ :p‘J
Null depende.nce on v /5“\./'».‘/5“\.
hypothesis r(x; v)

® Signal-model-independent: reduced assumptions on the signal

hypothesis

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

Gaia Grosso
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New Physics Learning Machine (NPLM)

Including systematic uncertainties

Maximum Likelihood from minimal loss:

Test statistic

max L(ij y ‘D7 A) ] - max ﬁ(HW7 y ‘D)E(VLA) ] W: trainable parameters on the NN model
t ])7 A) =2lo Wy — 210 ’ v set of nuisance parameters modelling the
( ) S max [:(RU |D, .A) S max L:(RV ‘D) LZ(I/‘.A) uncertainties effgcts 5
.V _ .Y . D: data sample
_ (D .A) A (D A) A auxiliary sample (used to constrain V)
— ) o )
Tau term: ! l Contains the dependence on a NN
i i model (universal approximator)
L(Hyw, v|\D) L . °
7(D, A) = 2maxlog ( v|D) Lv]A) — —2min L [f(:z:,w), U (S($)}
wov | L(Ro|D) L(OJA) o A Built on the knowledge of the
Del l Reference model (purely SM term)
elta term:
R
LRID) LW 0= R
A(D’ A) =2 mf“x 10g E(Ro D) E(O‘A) = —2 mulnL {V7 5(56)} Taylor’s expansion learning:
T ?(x;v)=exp[;3\1(x)v+ /6\2(x)1ﬂ+...]
NN 1 NN2

“Learning New Physics from an Imperfect Machine” Eur. Phys. [. C
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Application:
5D analysis of a di-body final state at the LHC




Di-body final state at the LHC

Dataset
5D analysis — Input variables:

Pra Pr2 M iy
10% | 10° | 101 110 f REFERERNCE
2 102 102 Bl P o o o o R BT mm= /' scenario
E 10 {10 |10° 10! === EFT scenario
= 10! {101 {101 ]
° 100 10° 109 10
107 10! ‘ ‘ 10'! 101
o 3.3 I ‘ 1.1t if | ¥ o R ¥ : | : IR f t . 4 || | Simulated samples
2.2 191} 1 1.0pE- '{'$'i """" i'i'i'*' 7] 1-0'i'§"' ""'""'i'¥"'§'$"i' 1.OF- } B j""z" T T1 17 (Mad raph+Phvtia+Del hes)
& 1'1""'*""';'24'}"}"&'%' 2'6..4.0L.,i%1_ 0.9 | | | % | | 109 | i | | | | 109 | i | | } 1} | | Datas%t aIz/ailabl}; on Zenlz)do
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 1.1 2.3 34 45 5.7
Uncertainties on the reference sample (SM):
e Global normalization effect: oy =2.5%
e Momentum scale effect:
p;bl,,ez) = exp [vsas(b’e)/ os(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: oéb) =0.3%, as(e) =09%

. . . b) _ .
- Tau-like regime: 6§ ) = oée) =3 %
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B
Di-body final state at the LHC

Dataset Example:
New Physics benchmarks: Tau-like regime
10%| |
Resonance in the two-body invariant mass 03| ) REFERERNCE

e /' scenario: new vector boson with the same SM coupling as the Z == 7'scenario

boson and mass of 300 GeV. 42 ; == EFT scenario
* Muon-like, electron-like regimes: § 101
M,;, > 100GeV, L = 0.35fb~!, N(S) = 120 100/

e Tau-like regime: 10-1

M,, > 120GeV,L = 1.1 fb~!, N(S) = 210

Non resonant excess in the tail of the two-body invariant mass _ 22 ; ]
e EFT scenario: dlmen81on-6c4‘;-/fe61;mlons contact operator: 4@ 1,5._ : + _ :*:i _ E_ _ — _}_ B
XJLujfd 0.8 * *Hi* —4
* Muon-like, electron-like regimes: 100 200 300 400 500 600 700 800 900
M, > 100GeV,L = 0.35tb7!, ¢, = 1.0 TeV ™2 M,,

e Tau-like regime:
M12 > 120 G@V,L — 11 fb_l, CW — 025 TeV_2 NOTE:

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

Gaia Grosso



Di-body final state at the LHC

7 — A validation

Negligible
systematic uncertainties

SM-Only 0.03F" o
Vg , vy =0, —on
2
~20.02|X96
~
=
N 0.01¢}
0
0.03} . |
vg , vy =0, +on
2
~20.02 X 96
~
=
a 0.01
O | . . .
40 120 200 280 360
{

1 o0.031

1 0.02}

1 0.01}

1 o0.031

1 0.02}

1 0.01}

Muon-like regime

* *
Vg , VN = —0s, 0
9
X96
VS*,Vl{'f = +0g,0
20 120 200 280 360
t

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

~10.031

10.02}

10.01¢

“10.03}

10.02}

10.01¢

Electron-like regime

*
Vg, vy = — 03,0
I/S*,I/l\*I = 4+ 0g,0
9
X96
. . O=41, .
40 120 200 280 360

t

{0.03

10.02}

10.01}

{0.03}

10.02}

10.01}

Tau-like regime

% *
VS 7VN —
X96

—0'3,0

b,

_|_087O |

200

15

40 120 280

¢t(D, A)=7(D, A) — A(D, A)

¢ (D, A)
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Di-body final state at the LHC

Sensitivity to New Physics scenarios
Negligible

systematic uncertainties =~ Muon-like regime Electron-like regime Tau-like regime
/ °
/' scenario  0-030— N T S —— W
i Z' scenario (my =300GeV, N(S)=210) | Z' scenario (mz =300GeV, N(S)=120) Z' scenario (mz =300GeV, N(S)=120) Z' scenario (mz =300GeV, N(S)=210)
0.025} o - , || , , ,
X06 os =0.0001 (negligible), v§ = + oy X§6 os =0.0005 (muon-like), vy = + oy X§6 os =0.003 (electron-like), v = + oy X926 os =0.03 (tau-like), v = + o5
_o0.020l My >120GeV, L=1.1fb ! | M5 >100GeV, L=0.35fb ! M5 >100GeV, L=0.35fb ! M5 >120GeV, L=1.1fb !
v =+ o 2 7=3.3%0.2, Z,;=88=0.7 Z=4.0+0.2, Zo;=10.2£0.1 || Z=3.9+0.2, Z.g=10.5+0.1 | Z=3.6+0.1, Zog=9.7+0.6
S mg 0.015} ¢ (D, A) ¢ (D, A) i ¢ (D, A) | i | ¢ 7(D, A) |
= ¢ t(D, A) T ¢ t(D, A) , I ¢ (D, A) 1 $ t(D, A)
A o.010} _}_ || |1 | 1 , , {
Bl | l l | |
0.005} ! I — ) |1 ] [ | . ! +|<)—(»
, I ] J = |+
O.OOOJf ‘ e == ‘ ‘ ‘ ‘ JH—  he | ‘ ‘ J I Y ! ‘ ‘ ‘ 1 1 ‘
0.030
EFT SCENAario 0.025! m + EFT (¢, =0.25TeV~2) 1| n EFT scenario (¢, =1.0TeV2) 1| n EFT scenario (¢, =1.0TeV2) | i n EFT (c, =0.25TeV?)
' X926 os =0.0001 (negligible), v§ = + oy X§6 os =0.0005 (muon-like), v = + o X§6 os = 0.003 (electron-like), vd = + oy X926 os = 0.03 (tau-like), v& = + oy
_o0.020l My, >120GeV, L=1.1fb ! | M5 >100GeV, L=0.35fb ! M5 >100GeV, L=0.35fb ! ] M5 >120GeV, L=1.1fb !
% _ N 1| Z=23+0.1, Z,;=5.7+£0.2 Z=51+0.3, Zt=14.5+0.2 | Z=51+0.3, Zt=14.340.2 | [| Z=19+01, Zs=5.1+02
Vg =105 oo b, 4)| | $ (D, 4), ] (o, || § (D, 4))
- ¢ t(D, A) : t t(D, A) | t t(D, A) $ t(D, A)
& o.010| | | ] +|+ | ) +,+ |
, 77 |
0.005¢} 7 1 T | | I +I-}—I—< i i t l I % 1
1y 3 { s Tt J t t
0.000 ke ‘ ‘ J p S ] Py .—‘:.L+"—$—$—. ‘ 1 | ‘ o _+

240 300 360 420 480 60 120 180 240 30 360 420 480 60 120 180 240 300 360 420 480
t t t t

Z-score: Z = @1 [1 —p]

DNN [5-5-5-5-1], #trainable parameters = 96, weight clipping = 2.16
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Di-body final state at the LHC

Sensitivity to New Physics scenarios

re4 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 multiple sources of New Physics; :
e Comparable performances at different systematic uncertainties regimes: neg%)i%%}?)lle I
o, = 0. | o
- NPLM is robust against the presence of systematic uncertainties; L=11fb""! i
- 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—it——e
trategy b ion (Z/Z,o = 0.37); =030 '
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]
- 7 : Z-score from NPLM

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

Gaia Grosso



Conclusions
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Outlook on future perspectives
Current limitations and tuture developments:

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

luminosity that we are allowed

to inspect, but do not obstacle
the applicability of NPLM.

- Accuracy in the (multivariate) modelling
of the nuisance effects

\A VA4

- Training time
A solution from Kernel Methods (“Learning new physics
efficiently with nonparametric methods” )

- of NPLM sensitivity performances:

how do we choose the NN architecture? Is the regularization heuristic optimal? (ongoing work)

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

Gaia Grosso
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Outlook on future perspectives
Getting started with NPLM

o NPLM package: python-based package to ® Tutorial on 1D toy model for getting started

run the NPLM analysis strategy

NPLM 0 0 6 v | Lectvens Reconstruction plot
L] L ] atest version

REF =« feature[target[:, 0]==0D]
DATA = feature[target[:, 0]==l]
pip install NPLM (& Released: Feb 1,2022 petane T mereseln
weight REF = weight[target[:, 0]==0)
weight DATA = weight[target[:, 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 refsoutput tau ref,
package to run the New Physlcs Learn|ng Machlne (NPLM) algorlth m. feature labelsefeature labels, bins codewbins code, xlabel code=xlabel code, ymax code=ymax code,
delta OBS~delta OBS, output delta refsoutput delta ref,
save~False, save pathe'',6 file name='")
OUTPUT EXAMPLES:
Navigation Pro jeCt deSCI'I ptlon toy experiment: sig+bkg sample C. Plot of the empirical distributions of the 7 and 7 — A terms.
3
10 All the collected experiments are considered.\ The distribution are compared with the target x:-,_, distribution with number of degrees of freedom, df, equal to the
= . ot nD, A)=48.63, A(D, A)=7.71, Z-score=3.72 number of trainable parameters of the model.
= Project description 2 [
N P L M p a c ka ge 10 ll...' [ DATA oo 7RECO BKG-only experiments NU_S=0, NU_N=0.15, SIGMA_S=SIGMA_N=0.15
- o, [ REFERENCE ~ ese A RECO labet ot o
':9 Release history 10! e if N _Sig: label += ', S=3i'3(N_Sig)
a package to implement the New Physics Learning Machine (NPLM) algorithm e e e e e e e i et
- £ 100 w save~False, save pathe'',6 file names'")
X Download files 8 o .
. . o °
Short description: 2 10! . -—(13)
oo % 0.10 sample 7(D, A),B=2000
: 100
P . l. k 107 — Isll)ze%laf‘l: 65.76
roject links NPLM is a strategy to detect data departures from a given reference model, with no prior bias on the nature of the new —d - TP,
physics model responsible for the discrepancy. The method employs neural networks, leveraging their virtues as 10 0.08 sample D, A) — A(D, A), B=2000
# size: 100
@' Homepage flexible function approximants, but builds its foundations directly on the canonical likelihood-ratio approach to \ S median: 1142
A % : . . r s 100 - " S
hypothesis testing. The algorithm compares observations with an auxiliary set of reference-distributed events, ' S ) 2 =-0.19 (+0.1350.13)
possibly obtained with a Monte Carlo event generator. It returns a p-value, which measures the compatibility of the 14 + RECO/REF 20.06
Statistics reference model with the data. It also identifies the most discrepant phase-space region of the dataset, to be selected 12 | | == ARECO/REF E
GitHub statistics: for further investigation. Imperfections due to mis-modelling in the reference dataset can be taken into account o . ' [#_# DATA/REF £
: . . — 8 1
straightforwardly as nuisance parameters. "é’ ) | [ l 0.04
W Stars:1 6 _ l
" 1 .
P Forks:1 Related works: 2 st f I H S ST I T : : - -
N s vt Pt i i XK Y 1 0.02 |
© Openissues/PRs: 0 , . , 0 2 4 6 8 1
» "Learning New Physics from a Machine" (Phys. Rev. D) my 1 [t +
View statistics for this project via . . . P ¢ 1
¢ . . » "Learning Multivariate New Physics" (Eur. Phys. J. C) 1
Libraries.io (4, or by using our public 0.00 = =
- " ; : P— . 0 20 40 60 80 100 120
dataset on Google BigQuery » "Learning New Physics from an Imperfect Machine" (arXiv) :

Gaila Grosso
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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
terms of a Reference distribution (Rg)

o : reduced
assumptions on the signal hypothesis

Ro : reference (null) hypothesis
H: alternative hypothesis

z n(x|Hg) = e

True (T) data Reference
distribution distribution
Unknown Null hypothesis
(SM)

o‘V\'/x

\/'/\'/a

l
W\
n& MAHM

0!

HA H’i‘y‘

/\
A ,A\.

NN model

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

Gaia Grosso
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New Physics Learning Machine (NPLM)

Main Concepts (negligible uncertainties)

Maximum Likelihood from minimal loss:

.. Ww: trainable parameters on the NN model
Test statistic P

- [,(H |D) 7 D: data sample
t (D) — 2 max log £(RW| D) — —9) IIllIl{ E [ f ( ‘] W)] } R: reference sample (built according to the R, hypothesis); could be weighted (w,)
W i 0 1 W
Assumptions:

Loss function - Np > N, the statistical fluctuations of the reference sample are negligible.

E [ f (gj; W)] — Z [ f (Qj; W)] + Z W, {@f (x5 W) _ 1} - the weights of the reference sample (w) are such that the reference sample is

normalised to match the data sample luminosit w. = N(R
xeD rER p minosity Z § ( 0)

XER

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

Gaia Grosso
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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) = 2max log

Loss function

L[f(z; w)] =

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 Z w, = N(Ry)

INPUT

label=0

Reference sample (R)

10*
0
)
5 10°
>
w

10°

0.0 02 04 06 08 10
X

Data sample (D) s,
label=1

M
IVl
O
\ W \W \\9,
AN

!
A
Y\

\"‘(

il

!
\
\ f
"\ M §
\ | ‘
u\twﬁf,?;w‘w

XER

OUTPUT

Single training Collection of trainings
A n(x|Hg) (with pseudo-data)
J(x; W) = log _ _
n(x[Rp) (D) = — 2L |f(x; W)]
fe; W) { P(7) | P(7|R,)
ZTobs
L \
X {

“Learning New Physics from a Machine” Phys. Rev. D
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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
LIf(;w), v,0(-)] = Z w, [ef(xe,w)ﬂog?(:ce;u) _ 1} _ Z f(z, w) + log F(z; v)] — log [£(V|A)] Loss Lif(;w), v,6()] = N(Ry,) — N(Rg) — Z logr(z; v)| — log [ (
W), U, Z e ’ ! L(0|.A) function 2€D 0
Trainable parameters: v/, W Trainable parameters: v/
r(D, A) = —2min L | f(,w), v; 6() OUTPUT A(D, A) = —2min L [u; 5(-)}
W,V v

‘ t(D, A)= 7(D, A) — A(D, A) ‘

Gaia Grosso



Including systematic uncertainties

New Physics Learning Machine (NPLM)

0.040f  Model 2: [5, 10, 10, 1]
o, ox = 0.003, 0.025
0.035) % 00
Validation of the (7 — A) procedure 0.030|  § (D, A)=7(D, A) — A(D, A)
E0.0ZS— } T(D, A)
“Toy Data” : test the procedure on simulated toys following the L 0.020)
Reference (SM) hypothesis with generation value for the nuisance 0.015/
parameters v* =+, : 0.010f
D ~ RV*, I/>l< — IOy 0.005}
0-000=50 140 160 180 200 220 240 260
The ¢ distribution under the reference hypothesis R, + is compatible = tos0 =050
with the target )(IZWI for values of the true nuisance parameters within
the uncertainty (™ = +o,). o

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

S
oI C

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

ES k
Vg , UN =0, + oy

A 2
0.01] X181
0

120 160 200 240 280

2
| X181

*
VS,

Vﬁ :O, — ON

A

poLs

320

120 160 200 240 280 320
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Final procedure in steps:

1.|NN (f) REGULARIZATION:

weight clipping tuning — target )(I2W| ;

2.INUISANCE TAYLOR’S EXPANSION LEARNING:
modelling 7 (x;v) = exp /5\1()6) v+ S »(x) v+

3.|r — A VALIDATION:

Oy

New Physics Learning Machine (NPLM)

Including systematic uncertainties

7(x;v) = exp [gl(x)y + gz(x) 2+ .. ]
NN 1 NN2

* * * *
]/S7VN—+O-S7O VS7]/N—_O-S,O

2 2
iy | T:j;Jij}!*;it:+1}1§1{ﬂ
0

120 160 200 240 280 320 120 160 200 240 280 320
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Sensitivity to New Physics scenarios

Summary of the results:

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

- NPLM is simultaneously sensitive to multiple sources 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

algorithm at any step of its implementation:

- The performances of NPLM are lower than any model-dependent

= 0.37);

strategy by construction (Z/Z .

® NPLM is able to learn non trivial combinations of the input variables and

point to the source of the significant discrepancy:.

has been provided to the

7 reconstruction: n(x | H,

A reconstruction: n(x|R;)

) = nx|Ry)

n(x

R,)

n(x

Ry)

v~ o W)

.
Di-body final state at the LHC

7' scenario (tau-like regime), m = 300 GeV, N(S) = 210

104]

ratio
9

count
S

- (D, A)=463.7, A(D, A)=
%! [ DATA
f ._%:l REFERENCE

e
8.0,

247.15, t(D, A)=216.55, Z=6.56
ooo 7RECO |

eoe A RECO

hﬂggiﬂzzrﬂjﬂﬂ

9} ¢ ¢ DATA/REF.

T RECO/REF.
- A RECO/REF.

MR N s Rt XX e

181 263

EFT scenario (tau-like regnne) ey = 0.25TeV ™2

- (D, A)= 46923 A(D, A) 307.48, t(D A)=161. 75 Z=4.0 ]
%! 1 DATA 000 TRECO |

| ‘%% [ REFERENCE oeee A RECO

!bﬁ!
!!!@i—m‘ Bas
| Heealle, 18 8813l0lo o
] HE&
r RECO/REF. } T |
- A RECO/REF. }
" ¢ ¢ DATA/REF. ; { H 1. H_ L gl
1 1

: ‘--'L’it‘:ﬂ:n'."‘:‘.‘éf!iii;ii_&" '_-_-_“:f__+___H::{:-} _}: g

181 263
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