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Reinterpretation

NEUTRINO MODELS

COMPOSITENESS

| R-SYMMETRY
| EPFTOQUARK SUPERSYMMETRY

TWO HIGGS DOUBLETS
AXIONS WIMPs
EXTRA DIMENSIONS
MILICHARGED PARTICLES
DARK SECTOR

IMG: https://cds.cern.ch/record/1433717 R. Masetek, ML4Jets 05-11-2024 V¢



https://cds.cern.ch/record/1433717

Reinterpretation

&
a/- £
Enp,
’70@
a/)Ql
Unjr
%
the Sta tisy,
ICq/
Naf
VSis
Sta
/0,

IMG: https://cds.cern.ch/record/1433717 R. Masetek, ML4Jets 05-11-2024 V¢



https://cds.cern.ch/record/1433717

Likelihood template — simple

Let’s consider a simple experiment. We have a single channel with multiple bins, one signal and background contribution,
and no systematics based on the discriminating variable x.

What is the probability model for obtaining n events in data where the discriminating variable for event ¢ has value x,?

signal strength
L(p) =p ({xl”"xn} /4) =?
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Likelihood template — simple

Let’s consider a simple experiment. We have a single channel with multiple bins, one signal and background contribution,
and no systematics based on the discriminating variable x.

What is the probability model for obtaining n events in data where the discriminating variable for event ¢ has value x,?

signal strength . L uS 'fS(xe) + B 'fB(xe)
L(p) = Xps.o-X, = Pois(n uS+ B
(w) =p ({x, b ou) (n us+B) | |] ST B

S

probability to observe n events
given uS+B expectation

probability density of obtaining x, based
on the relative mixture of fi(x) and f5(x)
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Likelihood template — simple

Let’s consider a simple experiment. We have a single channel with multiple bins, one signal and background contribution,
and no systematics based on the discriminating variable x.

What is the probability model for obtaining n events in data where the discriminating variable for event ¢ has value x,?

signal strength L uS 'fS(x )+ B 'fB(x )
Liw)=p({x,...x,} u)="Pois(n uS+B - -
(1o #) = Pois (0 w5 +8) | [[*=200
In the binned case:
D;ig sig
fs(x,) = sA, S = ; v,
bkg >nominal yields
ybe _ kag
fB(xe) = BAbe b= ; b
S1g bkg
. HUp ™ T U - g | bk
p(n, p)=Pois (n uS+ B) H TR =N comb H Pois (nb uv, =+ v, g)
N pebins bebins

counts per bin
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Likelihood template — HistFactory statistical models

We want to generalise our model to:

® combine multiple channels and correlate the parameters across the various channels

® include unconstrained scaling of the normalization of any sample

® parametrize variation in the normalization of any sample due to some systematic effect

® parameterize variations in the shape of any sample due to some systematic effect

® include bin-by-bin statistical uncertainty on the normalization of any sample

® incorporate an arbitrary contribution where each bin’s content is parametrized individually

® use the combination infrastructure to incorporate control samples for datadriven background estimation techniques
® reparametrize the model

channels bins,

L (n, a u, 6’) = H H Pois (ncb V. (U, 6’)) HCH (ae 6’)
C b 0
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Likelihood template — HistFactory statistical models

We want to generalise our model to:

® combine multiple channels and correlate the parameters across the various channels

® include unconstrained scaling of the normalization of any sample

® parametrize variation in the normalization of any sample due to some systematic effect

® parameterize variations in the shape of any sample due to some systematic effect

® include bin-by-bin statistical uncertainty on the normalization of any sample

® incorporate an arbitrary contribution where each bin’s content is parametrized individually

® use the combination infrastructure to incorporate control samples for datadriven background estimation techniques
® reparametrize the model

auxiliary data
/ channels bins,

H Pois ( - (A Ce a ] [0)

channel data

“~
L(n,a u,o

constrained parameters

constraint terms for

simultaneous measurement -
"auxiliary measurements"

of multiple channels
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Likelihood template — HistFactory statistical models

auxiliary data
channel data

-~ channels bins,

L (n,a U, 6’) = H HPois ycb(,u,)Hc@ (@ )
\ C b 0

constrained parameters

constraint terms for
"auxiliary measurements"”

simultaneous measurement
of multiple channels

Veb (/’t’ 9) — Samzples Vscb (/’t’ 9) — Samzples (HKscb (,u, 6’>) (Ugcb (lu, ‘9) T Z Ageh (/’t’ 9))

\) \) K

- —/ - —__J

multiplicative modifiers const. nominal rate additive modifiers
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Likelihood template — implementation

[

@&BFull statistical models by ATLAS are available op": “add",
on HEPData 5:‘{28 :‘/{channels/a/samples/ﬁ ,
‘data": |
2.3051342964172363
. I,
#BThey are provided as JSON files modifiers': |
‘data'': ,
. 'na;e:: “"lumi®,
@B There are background files and signal patches | type lumi'
3 .
‘data :
#BEach patch corresponds to some signal point ST S
and contains modifiers to the background files e oo e por e cuts
@ There can be hundreds of modifiers data s L s,
"lo": 0.911403
#8Spey/PyHF can load and process these files oo inormeget
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L ikelihood ratio test statistic

In the absence of the niussance parameters, the optimal test statistic (according to Neyman-
Pearson lemma) is q:

L(u = 1)
q — — 2 ln ,l/t—
L(p = 0)
In the more general case, for upper limits we use:
0, u<Ap ii,60 — unconditional ML estimators
L(ﬂ, g(m 0(u) — ML estimator conditioned on .
—21n —, 04y, &0
~ 5 — P , e
4, = L(ﬂ’9> p/,t,obs — f(q/,t 12 ) dq,u
o1 L(,U, ‘/9\(/4)> . 0 q,ua()bs
—21n , <0, o )
L<O,§(O)> H f— PDF of d,
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Computational bottleneck

Likelihood
computation

T

Full statistical model calculations enter here
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Fixing the problem

BSM model limit derivation

Machine Learning enters here
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Old approach

BSM model

full statistical hypothesis

event yields model likelihoods testing

T

computational bottleneck
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Training

data generation

: full statistical o
event yields model likelihoods

targets

ML model

INnputs
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Inference

BSM model

hypothesis
testing

event yields likelihoods

targets

ML model

INputs
huge speed up!
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INPUTS: event yields in all bins and channels (including CRs)

OUTPUTS: negative log likelihoods (for u=0 and p=1), for expected and observed data
LOSS FUNCTION: MSE but others tested

OPTIMIZER: ADAM

SCHEDULER: Cosine Decay with warmup
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Preliminary results

@8 ATLAS-SUSY-2018-04 [arXiv: 1911.06660]

%8 Search for direct stau production in events with two hadronic t-leptons in /s=13
TeV pp collisions with the ATLAS detector

&8 2 signal bins, 3 control bins

@ ATLAS-CONF-2019-031 [arXiv: 1909.09226]

%8 Search for direct production of electroweakinos in final states with one lepton,
missing transverse momentum and a Higgs boson decaying into two b-jets in pp

collisions at /s=13 TeV with the ATLAS detector

&8 9 signal bins, 5 control bins
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Search for direct stau production in events with two hadronic T-leptons in /s = 13 TeV pp
collisions with the ATLAS detector

expected observed
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Search for direct stau production in events with two hadronic t-leptons in /s = 13 TeV pp
collisions with the ATLAS detector

TstauStau: pp— 71, T— Tff
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Full Likelihood Model

[arXiv:1911.06660]

TStauStau: pp— TT, T— Tﬂ

ATLAS-5U5Y-2018-04 (combined)
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Search for direct production of electroweakinos in final states with one lepton, missing
transverse momentum and a Higgs boson decaying into two b-jets in pp collisions at \/§ =13

TeV with the ATLAS detector

expected observed
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Search for direct production of electroweakinos in final states with one lepton, missing

transverse momentum and a Higgs boson decaying into two b-jets in pp collisions at /s = 13
TeV with the ATLAS detector
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Progress summary and outlook

%8 Task | — data generation
& MCMC sampling
#8 positive and negative signal
&8 fluctuations in CRs

&8 parallelization

&8 Task Il — optimizing and training neural networks
&8 automatic hyperparameter optimization
&8 training

&8 exporting results to ONNX model with metadata

#8 comparing predictions with truth values Resea rC h

® In progress

#8 Task IV — publish models

& providing a complete data base with all published models
&8 ensuring FAIRness

% maintaining and keeping updated
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Thank you for attention!

rafal.maselek@l|psc.in2p3.fr
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