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Outline

2> In particle physics we often have to deal with “signals” that highlight a discrepancy with what the
current theoretical models predict. These signals can be already known or completely new.

In any case when a signal is observed, we need to assess the statistical significance, local or global.

2 Partl:

> Part2:

CHARM 2020 / 31-05-2021 A.Pompili (UNIBA & INFN-Bari)



Outline

2> In particle physics we often have to deal with “signals” that highlight a discrepancy with what the
current theoretical models predict. These signals can be already known or completely new.
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2> Part 1: Local statistical significance of a known physics signal with GPUs

3> GooFit framework capabilities thanks to GPUs acceleration
2> Test use case: estimation of the local statistical significance of a known/to-be-confirmed signal

2> Exploring the applicability limits of Wilks’ Theorem & the asymptotic behaviour of a likelihood
ratio test statistics (Asymptotic Formula by Cowan et al.)
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Outline

2> In particle physics we often have to deal with “signals” that highlight a discrepancy with what the
current theoretical models predict. These signals can be already known or completely new.

In any case when a signal is observed, we need to assess the statistical significance, local or global.

2> Part 1: Local statistical significance of a known physics signal with GPUs

3> GooFit framework capabilities thanks to GPUs acceleration
2> Test use case: estimation of the local statistical significance of a known/to-be-confirmed signal

2> Exploring the applicability limits of Wilks’ Theorem & the asymptotic behaviour of a likelihood
ratio test statistics (Asymptotic Formula by Cowan et al.)

> Part 2 : Global statistical significance of a new physics signal with GPUs

> Role of Look-Elsewhere-Effect in a new signal search
2> Test use case: estimation of the global statistical significance of a new signal

2> Exploring the approximation of the Gross-Vitells method (“Trial Factors”)
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Scope of the work

2> The effort presented in this talk has somehow changed scope in time

> Part 1 was developed in 2015-2016

3> |n 2014 we started using the nVidia Tesla GPUs newly acquired in the ReCas-Bari Data Center.
At that time the idea of using GPUs for HEP data analysis was rather pioneering and started
collaborating with GooFit (“Roofit for GPUs”) developers (M. Sokoloff team in LHCb-Cincinnati).
Our interest developed in the framework of our involvement in hadron spectroscopy searches in CMS.

2> Presentations at conferences: ACAT2016, ICHEP2016, Stat. Session of XIIQCHS(2016)
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At that time the idea of using GPUs for HEP data analysis was rather pioneering and started
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» Part 2 was developed in 2017-2018

2> Presentations at conferences: ACAT2017, Stat. Session of XIIQCHS(2018)

2> Nowadays we use often GooFit for our more complicated Unbinned Maxiumum Likelihood fits;
multi-process & multi-thread approaches are being introduced also in ROOT/Roo£i t/PyROOT.

The capabilities of GPU acceleration are being massively used in HEP (data analysis, Python-based
ML/DL algorithms for reconstruction & identification, ...)

>> This work is currently used in Ph.D. lectures about Statistics in Data Analysis

> ltis still valid as (unique?) reference in exploring (and confirming) the validity of asymptotic
results/methods now commonly used in HEP, by using huge amount of MC toys run on GPUs.
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Part 1 : Local statistical significance
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GPU computing in HEP: the GooFit framework

2> Heterogeneous GPU-accelerated computing is the use of a gpy Application Code
Graphics Processing Unit to accelerate scientific applications —

Sequential

We explored the capabilities of GPU computing in the s
context of the ‘end-user HEP analyses’ by using GooFit. L
N
Compute NG
CPU  [vser codd- | GPU s
] 1 ]
L
CPU
.
CGooPdf Cm ;;;; J- is a data analysis tool for HEP, that
; t interfaces ROOT/RooFit to CUDA parallel computing
1

platform on nVidia GPU. It also supports OpenMP.

| calculateNIl | operator |

GooFit : 1 >
MINUIT : u‘
User-defined | copyParams |
--------- 8 Has-a relation :
== Program flow H [
w=lp Data flow memory

fit params
tuning = "transfers]

PDF/NNL
evaluation

7

=
N

Order of operation

FitControl

Repeated operation

12

From the user’s perspective? Applications simply run
significantly faster! How much faster ? It depends - of course
- on the application... We tested it firstly with the estimation
of the local significance of a known signal.

Since v2.0 Goofit is completely integrated
in @ python through PyBindings and it
can run within J@ notebooks that
makes its use even easier.
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A preliminary example of GPU capabilities

>> Parameter estimation is a crucial part of many physics analyses.

PDF evaluation on large datasets is usually the bottleneck in the MINUIT algorithm.

GoofFit acts as an interface between the MINUIT minimization algorithm and a parallel
processor which allows a Probability Density Function to be evaluated in parallel.

1000000
> A preliminary test was done with an
Unbinned ML fit either by using a single

100000

0000

CPU and by using an additional GPU —
(an nVIDIA Tesla C2070 hosted @ Bari T2). @ 1000

= Bt
Events according to a Voigtian model 10
(convolution is CPU-intensive) are gene- 1 # events
rated & fitted. The time needed (the ne-

. . . . . . 0,1 H
gligible generation time is not 'nClUded)/ 100 1000 10000 100000 1000000 10030000100000000

is studied as a function of the #events: events v

For 10M events: RooFit needs 61h+23m & GooFit takes 4m+39s : speed-up ~ 750

For 1M fitted events with RooFit ... you need to wait overnight,
for 10M fitted events with GooFit ... you need to take an espresso!

2 As expected, for a Binned ML fit, the speed-up ranges from few units to few dozens (with #bins).
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Test application : the Physics case

>> To test the computing capabilities of GPUs with respect to CPU cores: a high-statistics toy Monte
Carlo technique has been implemented both in ROOT/RooFit and GooFit frameworks with the aim to
estimate the (local) statistical significance of the structure observed by CMS close to the kinema-

tical boundary of the J/z/;qj invariant mass in tEE'a.TEJJy':'EEéTE:'J/w ¢K*[PLB 734 (2014) 261]
]
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Test application : the pseudo-experiments method

2> MC pseudo-experiments are used to estimate the probability (p-value) that background
fluctuations would - alone - give rise to a signal as much significant as that seen in the data.

Toy MC fit cycle (for each generated fluctuation):

®» Generation of fluctuated background binned distribution (3-body phase-space model)
[total #entries fixed by that in the data (ignoring Poisson fluctuations) = fits with not-extended ML ]

®» Null Hypothesis binned ML fit performed with the phase-space model only

>
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Test application : the pseudo-experiments method

2> MC pseudo-experiments are used to estimate the probability (p-value) that background
fluctuations would - alone - give rise to a signal as much significant as that seen in the data.

Toy MC fit cycle (for each generated fluctuation):

®» Generation of fluctuated background binned distribution (3-body phase-space model)
[total #entries fixed by that in the data (ignoring Poisson fluctuations) = fits with not-extended ML ]

®» Null Hypothesis binned ML fit performed with the phase-space model only

» Alternative Hypothesis binned ML fit performed with the phase-space model + Voigtian PDF
[the latter is truncated to correctly account for the kinematical threshold; the
Gaussian resolution function has width fixed @ 2MeV]. Signal yield constrained > 0.

Note: for each bin, the PDF value is estimated by ROOT integration over the bin
[ time-consuming but needed : steep signal w.r.t. bin size ]

200

& Fit performed 8 times within the region of interest (from CDF:
no LEE) trying different starting values (2 masses & 4 widths).
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Test application : the pseudo-experiments method

2> MC pseudo-experiments are used to estimate the probability (p-value) that background
fluctuations would - alone - give rise to a signal as much significant as that seen in the data.

Toy MC fit cycle (for each generated fluctuation):

®» Generation of fluctuated background binned distribution (3-body phase-space model)
[total #entries fixed by that in the data (ignoring Poisson fluctuations) = fits with not-extended ML ]

®» Null Hypothesis binned ML fit performed with the phase-space model only

» Alternative Hypothesis binned ML fit performed with the phase-space model + Voigtian PDF
[the latter is truncated to correctly account for the kinematical threshold; the
Gaussian resolution function has width fixed @ 2MeV]. Signal yield constrained > 0.

Note: for each bin, the PDF value is estimated by ROOT integration over the bin
[ time-consuming but needed : steep signal w.r.t. binsize] [ . ...

g
=== Bkg Only Fit
Toy MC Data
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& Fit performed 8 times within the region of interest (from CDF:
no LEE) trying different starting values (2 masses & 4 widths).
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,9"+ | & For each fit calculate a Ay? w.r.t. the Null Hypothesis fit; 60-
off— the best Ay? fit among the 8 alternative fits is chosen !-weeeeemeeeees > af

|

20—

5 : « A Ay?(our test statistic) distribution is obtained over the
sample of MC toys.

0,
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Roofit/Proof-Lite VS GooFit performances

2> A performances’ comparison can be done from the point of view of the end-user/analyst and the time
needed to deliver the pseudo-experiments’ task.
Let us assume he has at his own disposal the full computational power used in these studies:
2 servers equipped with 3 GPUs (2 TK20 & 1 TK40 ) and 72 CPU cores (36 physical cores + HyperThr).

10000000
.......... GPU .. 1 miONth
® CPU
< 1000000 --------------------------------------«} ----------------- /'~ 11 days
— e 1 week
o a
‘P ''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' ;":"." """"""""""""""""""""""" 2 days x 1M TO S
%o 100000 |---eeeeemeee e ‘ ................................................. 1 day y
e ©
e~ B B B SSRRPRE SRRSO SORP SO 10 hours
=  lLucaaccsschscaccancacles P T T Ty NS B ~ 6 hours
w ’.’
% 10000 ., ..................................................................................... 2 hours
= T S PHIC_SAIFVEPR SNSRI FRN SN IIIN S ——— 1 hour
"8’_ .,—" To get a signal significance
E 1000 >50, a p-value < 3x1077 is
------------------------------------------------------------------------------------------------------------------------------------------------- 1omin  needed, namely at least
00 3.3M toys are needed.
To estimate a signal signif.
0 v much more toys are needed
100 1000 10000 100000 1000000 10000000

(see next slide)
# of total processed MC toys
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P-value & local statistical significance estimation

> | The final obtained Ay’ distribution
(MC toys production was stoioped once

a fluctuation with Ay’ > AXf)ATAE was found)

]
57M ToyMC Delta-Chi Square Dlistribution
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P-value & local statistical significance estimation

> | The final obtained Ay’ distribution

Legend 2 Mean = 1.05570 +0.01229
. 1 [ ] [e) ata =
(MC toys production was stopped once N S+ B i Ay =569 I = 0.03025 +0.00982
. . 2 5 S == Bkg Only Fit o =0.002
a fluctuation with Ay” > AXDATAE was found) §120__ Xy, = 22.16 X,, =79.06 Ay = 56.90
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®» The p-value estimation is straightforward: Equivalent (gaussian) statistical significance:
+00 1 0
p-value : P= f Ay’ = 651.73-10'8 —> Zo=0 (1-P)o=5520
K 57.7-10
X DATA
Inverse function of the
Compatible with the lower limit of 50 for the statistical significance quoted in the cumulative distribution
CMS paper PLB 734 (2014) 261 on the basis of 50.5 millions of MC toys (by RooFit). of the standard gaussian
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Wilks’ theorem & the need of MC toys - |

>> The Wilks["ltheorem is often used to estimate the p-value associated to a new/unexpected signal :

Given two hypotheses: » Null hypotheses H, with v, d.o.f.
» Alternative hypotheses H, with v, d.o.f.

... any test statistic 7, defined as a likelihood ratio -2Inl= —21H(LHO)
H

[or similarly (in the asymptotic limit) as a AXZ = XI210 —X,z{l 1,
approaches a X2 distribution with v=v,-v, d.o.f., provided that these regularity conditions hold :

®» H, and H, are nested ( H, “includes” H )
» Wwhile H — H, the H, parameters are well behaving (defined and not approaching some limit)

» asymptotic limit (of a large data sample)
0]

» Once this theorem holds, the p-value associated to the signal is givenby: P= f Xf}_% (t)dt

obs

The use of pseudo-experiments to estimate the p-value is not needed
(but still suggested)

» When null hypothesis is background-only and the alternative is background+signal,
often the above regularity conditions are not all satisfied, and MIC toys are mandatory !

[*1 S.S.Wilks, Ann.Math.Stat. 9 (1938) 60-62
9
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Wilks’ theorem & the need of MC toys - II

Y>> Indeed this is the case we are dealing with, here!
The signal parameters in the model of H, hypothesis are mass (71 ), width ( I') and yield ( u =0 ).

When H, — H the problemis that: 1) m and T are not well defined, 2) u tend to the null limit.
This explains why we have used pseudo-experiments.

» The distributions of test statistic are in general nonpredictable and can be extracted from MC toys!

10 = WTOOOOOO‘ The possible distributions in the different cases
E Legend . . .
1 ; Fted params + g oo are shown & two special cases will be discussed #
§ ***** Free erams + Siggfree
e Gt apao @
‘, fffff Gamma fixed + Sig free
A\ 5 l [Enwies 2000000
103 - “\\ \ 0 Legend I
et

fffff Gamma fixed + Sig free

[ Entries 2000000 |

Legend
Fixed params + Sig free
——— Fixed params + Sig >0
- -~ Free params + Sig free
Free params + Sig >0
——— Gamma fixed + Sig >0
----- Gamma fixed + Sig free

r T IIIIHI‘ T IHIIHl \‘%ﬁ‘r—\ IIIIIII‘ I \Hlll\l ‘
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Special case in which Wilks’ theorem holds

2> Consider the test statistic t, = ~2In A(u) [ u: strength parameter ] as the basis of the statistical test.
This could be a test of ;=( for purposes of establishing the existence of a signal process, or
... of () for purposes of obtaining a confidence interval.

In this case following Cowan et al. [*] the PDF of the test 1 1 -t /2
u
statistic approaches a chi-square distribution for 1 d.o.f. : f(tu ‘M) = —\/ﬂ Tff
[ in agreement with Wilks theorem !] #
> | Let us fix the m & I parameters, Likelihood ratio distribution s

1, = 0.00000 +0.00000
K2 =0.74869
norm

(to the CMS estimates from the fit to data)
while leaving [ free in our ML fits
( uis not properly a signal yield ).

By fitting our likelihood ratio
distrib. we indeed get :

d.otf.=1.014=0.001

i 0 o0

[*] Cowan et al., EPJ C71 (2011) 1554 “2InA

Y2orm = 1.009 P(fit) = 0.118
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Special case : asymptotic formula by Cowan et al. [*] holds

2> Consider the special case of the test statistic {, with the purpose to test = 0 in a class of model
where we assume 1 =0. Rejecting 1 =0 (the null hypothesis) leads to the discovery of a new signal.

_ >()
In this case following Cowan et al. the test statistic is : q, = 2InA(0) with lf
0 u<0
Cowan et al. derive analitically that the PDF of ¢, 1 1 1 7|l
: : : =0)=—_0 - _%/ i
is an equal mixture of a delta function at 0 & 8(q, ‘M =0)=—=0(q,)# e
a chi-square distribution for 1 d.o.f. : 2 2\N2n \/%
> | Let us fixthe m & ' parameters L 10fe
. S E n,; = 0.992 +0.001
(to the CMS estimates from fit to data) while = B fyena = 0.507 +0.001
. . . . 2 05 X2, =1.013
constraining 2(_) Iy ou.r ML fits E 10 - o 0.000408
( urepresents a signal yield here). 2 \
S 10* E_
By fitting our likelihood ratio 103; vE
distrib. we indeed get : A e oat
2 : """ Chi square p.d.f.
d.of.=0.992+0.001 vE X«\)K
weight sz ~(0.507+0.01 10;— 3 ]
R b

[y
]
w
[
= F
o
[y
<
-
o

[*] Cowan et al., EPJ C71 (2011) 1554 -2InA

CHARM 2020 / 31-05-2021 A.Pompili (UNIBA & INFN-Bari)

12



Part 2 : Look-Elsewhere-Effect & Global statistical significance
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>> Many searches for new physical phenomena look for a peak in a distribution, typically a
reconstructed invariant mass. The peaking structure may represent a resonance/particle.

In some cases the location (mass) of a peak (particle) is known ...
1) like in searches for rare decays of known particles

/ Recently observed new decay mode involving the X(3872) \

+ = 0
X(3872) > J/yprtm BY - X(3872)¢
CMS 140 b (13 TeV) CMS 140 fb™ (13 TeV)

> 200F 3 paa > F i Data
Te} Te} N w— |t
~ 160F — (x(3872),9) % sk — BY signal
g J40F —-(X872),bkg & Y AT T B;ck round
S 120F -~ (bka. 9) T 3 T g
2 100F - (bkg, bkg) 2 4o
o 80 (&} [

60 20f

40 X

20 OM=rT T

P | L

380 SEs . 880 305 532 B34 536 588 54 542
k m(Jyrir) [GeV] bkg-subtracted (sPlot) m(X(3872)¢) [Ge\y
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>> Many searches for new physical phenomena look for a peak in a distribution, typically a
reconstructed invariant mass. The peaking structure may represent a resonance/particle.

In some cases the location (mass) of a peak (particle) is known ...

1) like in searches for rare decays of a know particles

2) when an experiment is looking to confirm a new particle discovered/claimed by
another experiment (we discussed in detail an example in the first part)

3)
/ The investigated invariant mass is the same: B
CMS NO X(5568) 19.7 fb" (8 TeV)
>
D ool (@) b b
2800_— H $ it /
o | + ST R e :
» 600— 0
e p,(BY) > 10 GeV
_'C_) -
24001~ ¢ Data
S T — Fit
200_
S S—‘qli p'; ;i 'm;H' ;ﬁ';,,' 1'# K *'@ b bpa bt g o
SERT g NI R BT M R T e
' 58 5.9

O 2p tH M r s
\5.5 5.6 5.7

MA(B(r*) [GeV]

~
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>> Many searches for new physical phenomena look for a peak in a distribution, typically a
reconstructed invariant mass. The peaking structure may represent a resonance/particle.

In some cases the location (mass) of a peak (particle) is known ...

1) like in searches for rare decays of a know particles

2) when an experiment is looking to confirm a new particle discovered/claimed by another
experiment (we discussed in detail an example in the first part)

3) or when one (or more) theoretical model(s) predicts it

/ The investigated invariant mass is the same: B \
A wide range of predictions for the branching fraction

NO X 5568 p + 0.+ B(B! — Bm") exists, between 164% and 2.5%, based
> CMS ( ; )* * 19.7 10" (8 TeV) BC = BS 1 on, e.g., QCD sum rules [9,10], or quark-potential models
® onnl (@) t — — —
= 800— } g ERTRRI 40 T T 2
o | * g ~ LHCb ]
< L H S (b) .

0 600 — 0 > 2 ® Data 4
() - a —_
ST P(B)>10GeV | 12 - | Bi— B)(— J/yom*
e} - - === Comb. bkg 7
2400 ¢ Data S R -
(4] L F. - _() e B;_) H p, —-l
O N — Fit 2 : . ‘* . ]
200 = i ' B—=B'x ]
§ S w0 T : -
i 2 10] | 13 [ i
——tt '3 A a <X
% g_{# 434 ﬁ bepes 14 H*; o3 # Y *@ IR *r{dh 4 4 -, L ; 1 | .’lg‘\ 2 k:
o L R R R T N i (| — I —d= =S 016 1 Leatisaceder B p £ B d
L. L I I L L L L L L L L L L L 7 A W cading-order ‘eynman lagram o the ccay
55 5.6 57 5.8 . 5.9 6000 6200 , 6400 6600 B — B“)”n £ C C) g C ccay
M*(B r*) [GeV] m(B!n*) [MeV/c?)
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>> Many searches for new physical phenomena look for a peak in a distribution, typically a
reconstructed invariant mass. The peaking structure may represent a resonance/particle.

In some cases the location (mass) of a peak (particle) is known ...
1) like in searches for rare decays of a know particles

PRL 113 (2014) 212004
N7 T T T =
35 ATLAS Ocht =288+ 5 MeV _f
=18+ .
30 JLdt =19.21" Op.rx = 184 MeV
> \s=8TeV
§ 25 ® Data
R ,oF ™ Wronecheroe L
P |
5 15 =
> 3
w -
10 P
5 5 L
0 |$1|| L L S
0 100 200 300 400 500 600 70

m(B_rrr)-m(B )-2m(r) [MeV]

Events / 10 MeV

PRL 122 (2019) 132001

¢ Data

— Fit result
Signal
Bi(Jy KY) tn~
Comb. backg.

B} (2S)

S
143 fo'!

c
L=
Vs=13TeV

B.*(25)

HTTT[TTT T[T T T T[T T T[T TTT[TTTT[TTITT
| | | | I |

PR IS TS N T N

1 1 1 I 1 1 1 1 l 1 1
6.8 6.9 7.0
M(B! z*z") - M(B!) + mg,. (GeV)

71

2) when an experiment is looking to confirm a new particle discovered by another experiment
or when one (or more) theoretical model(s) predicts it

4) or even when (2) and (3) both happen and hold

B.*(2S) » B.*n"n~,B;* -> B}y

very soft: undetected

————————

Predictions indicate that
[m(B;*(1S5)) — m(Bf (15))] >
[m(B;*(2S)) — m(B{(25))]

imply B:*(2s) peak is assumed ...
... to be the lower one

Local significance exceeding 6.5G for observing 2 peaks rather than 1

For both: single peak significance >5G
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Look-Elsewhere-Effect

2> In the case of searches for new particles whose
mass is not predicted by theory (like the Higgs
boson) or unexpected at all ...

... if an excess in data, compared with the back-

150

T T I T T T
LHCb proton-proton collision
L, =9f"' @fs=7,8and 13 TeV

Structure significance > 5 o

M [X(6900)] = 6905 + 11 + 7 MeV/c?
Ty [X(6900)] = 80 + 19 + 33 MeV/c?

—}— Data

— Total fit
— X(6900)

== Threshold BW1 -
= Threshold BW2

£ DPs

= NRSPS
= DPS+NRSPS

Weighted candidates / (28 MeV/c?)

ground(s) expectation(s) is found at any mass 40 iy |
value - in principle produced either by the presence of 50 1 i
a real signal or by a backgrund fluctuation - it could be SRS e B
u u u S RRAXX & KK % 35 5% & ,Q()Q“
|pterpretec! as a poss_lble s_lgnal of a new resonance ks 0 e i
(in any position in the investigated mass window). M .y, MeV/c?)
In this case ...
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Look-Elsewhere-Effect

—T T N
LHCb proton-proton collision — Data
Ly, =9 " @fs=7,8and 13 TeV — Total fit

Structure significance > 5 o ——(E00)
= Threshold BW1 ]

= Threshold BW2

N

(0

/=)
[

2> In the case of searches for new particles whose
mass is not predicted by theory (like the Higgs
boson) or unexpected atall ... - >

N

£

S
[

M [X(6900)] = 6905 + 11 + 7 MeV/c?

T5w[X(6900)] = 80 + 19 + 33 MeV/c? Bz ops .
—— NRSPS —

= DPS+NRSPS

150
... if an excess in data, compared with the back- .
ground(s) expectation(s) is found at any mass

value - in principle produced either by the presence of
a real signal or by a backgrund fluctuation - it could be e
interpreted as a possible signal of a new resonance ks 7OOO° - e
(in any position in the investigated mass window). My, MeV/c?)

100 |

W
(e

oot oo &2 X2 oot atons XL

KRR
K2 &2 K2 atoretets

Weighted candidates / (28 MeV/c?)

:
B2 S

In this case ... the mass is not fixed but estimated from data

and ... the local significance must be replaced by a global significance based on:

/I.aca/l p-value p(mg) = j [f(qlmj, o= 0)] dq PDF of the adopted test statistic q
Global Qobs(Mg) B

any
... that gives the probability that a background fluctuation at}ﬁ‘xe./d\mass value, in the
range of interest, results in a value of q greater or equal the observed value qobs(mﬂ)

>
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Look-Elsewhere-Effect

—T T N
LHCb proton-proton collision — Data
Ly, =9 " @fs=7,8and 13 TeV — Total fit

Structure significance > 5 o ——(E00)
= Threshold BW1 ]

= Threshold BW2

N

(0

/=)
[

2> In the case of searches for new particles whose
mass is not predicted by theory (like the Higgs
boson) or unexpected atall ... - >

N

£

S
[

M [X(6900)] = 6905 + 11 + 7 MeV/c?

T5w[X(6900)] = 80 + 19 + 33 MeV/c? Bz ops .
—— NRSPS —

= DPS+NRSPS

150
... if an excess in data, compared with the back- .
ground(s) expectation(s) is found at any mass

value - in principle produced either by the presence of
a real signal or by a backgrund fluctuation - it could be e
interpreted as a possible signal of a new resonance ks 7OOO° - e
(in any position in the investigated mass window). My, MeV/c?)

100 |

W
(e

oot oo &2 X2 oot atons XL

KRR
K2 &2 K2 atoretets

Weighted candidates / (28 MeV/c?)

:
B2 S

In this case ... the mass is not fixed but estimated from data

and ... the local significance must be replaced by a global significance based on:

/I.aca/l p-value p(mg) = j [f(qlmj, o= 0)] dq PDF of the adopted test statistic q
Global Qobs(Mg) B

any
... that gives the probability that a background fluctuation at}ﬁ‘xe./d\mass value, in the
range of interest, results in a value of q greater or equal the observed value qobs(mﬂ)

> In general: Global p-value > Local p-value E> Global significance < Local significance

This effect of reduction of significance is called Look-Elsewhere-Effect (LEE)
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Global p-value determination - |

2> More in general, when an experiment is looking for a signal where one or more parameters

of interest (6) are unknown (i.e. both mass and width or other properties of a new particle),

the global p-value can be computed using, as test statistic, the largest value of the

parameter estimator over the entire parameter range:

_________
-~ =~
’/ ~

lob _ ~-» Set of parameters of interest
q9 sup q(6,u=0)=q ( 0,, o= 0) el ! inter
B;nm <0<l . at maximize q( 6, = 0)
i=1,..,m

2 The global p-value can be determined from the
distribution of the test statistic q9'°” assuming o
background only, given the observed value qobs Pgwb = ngob f(qg“’blu = 0) dqglOb
obs
2 Let’s remain in the simplest 1D case of a resonance search (thus 0=mT ) where
the peak width is dominated by the experimental resolution if the intrinsic width

is relatively small (I <« TP =T, ): 8 = m and T, fixed (taken from simulation).
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Global p-value determination - Il

2> Even in this 1D case (only mass as free parameter) and even if the test statistic q is derived,
as usual, from a likelihood ratio, Wilks’ theorem cannot be applied because the value of the
mass is undefined for u = 0: in case of background only g would no longer depend on m

and the two hypotheses assumed at the numerator and denominator of the likelihood ratio

would not be nested.
> Then... how to evaluate q9/°? ? There are again two approaches:

)2
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Global p-value determination - Il

2> Even in this 1D case (only mass as free parameter) and even if the test statistic q is derived,
as usual, from a likelihood ratio, Wilks’ theorem cannot be applied because the value of the
mass is undefined for y = 0: in case of background only g would no longer depend on m
and the two hypotheses assumed at the numerator and denominator of the likelihood ratio

would not be nested.

> Then... how to evaluate q9/°? ? There are again two approaches:

3 Compute it with the method of pseudo-experiments (MC toys)

As we know from the 1st part: large significance values, corresponding to very low p-values,
require a considerably large amount of toys and a huge demand for CPU time.

Again... GPUs will get us to the rescue !
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Global p-value determination - Il

2> Even in this 1D case (only mass as free parameter) and even if the test statistic q is derived,
as usual, from a likelihood ratio, Wilks’ theorem cannot be applied because the value of the
mass is undefined for y = 0: in case of background only g would no longer depend on m
and the two hypotheses assumed at the numerator and denominator of the likelihood ratio

would not be nested.

> Then... how to evaluate q9/°? ? There are again two approaches:

3 Compute it with the method of pseudo-experiments (MC toys)

As we know from the 1st part: large significance values, corresponding to very low p-values,
require a considerably large amount of toys and a huge demand for CPU time.

Again... GPUs will get us to the rescue !

3 Estimate it in an approximate way (still taking into account the LEE) relying on the

asymptotic behaviour of likelihood-ratio estimators : method of Trial Factors
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Pseudo-experiments & LEE - starting point

2> To take into account the LEE and calculate the global p-value we need to extend the MC
toys method (earlier discussed) by introducing a (clustering-based) scanning technique.

Fake Data Sample | m =8.08 + 3.38- 10~2GeV

200

2 A pseudo-data inv. mass distribution of 15K candidates in

a generic region of interest (1-18GeV) was generated ad hoc: ™
160

I =55.05 +11.42 MeV
o(res) = 60 MeV

< 100
8. ,E sigF = (8.45+2.92)-1073
In the generation model & subsequent fit : Dok —2A(NNL) = 30.27
c C AN
O 100 \
3D BKG-model: 7t"-order Polynomial 51225 “:
#* L !
3 SIGNAL-model: BW Q Gaussian resolution function “F |
e < 40— I
[ artificially added at ~8GeV ] V4 sl + i
| o[Mevjcz] Resolution asafunction ofthemass 1 B B R e R
oo mass [GeV/c?] |
140 !
o0k From the approximation: Y,

2@ —2[In(Ly1) — In(Lygo)] = /—2A(NNLY 5.5

20

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1

1 -
I —
1 80
H -
1

1

1

1

1

1

1

1

1

1

1

1

1

1

1
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Pseudo-experiments & LEE - scanning technique [steps 1-2]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

(A) Do not miss any relevant fluctuation

(B) Do not select too many small fluctuations

The procedure:

-_% 0 . 1) For each MC Toy iteration a distribution based
o 180} l Polynomial background | on the background PDF model is generated.
= e Generated data (toy)
()]
> 160] H I ‘ | 2) The Hy Null Hypothesis fit is performed
* ol | B s with the background function only.

|

f

|

| |
100} i )
1 ‘ { | !lIL
i

K T L

60 I

o ..I v .
40t * ¥ o R

20

0 2 4 6 8 10 12 14 16 18
mass [GeV/c?]
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Pseudo-experiments & LEE - scanning technique [steps 1-4]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

A) Do not miss any relevant fluctuation

B) Do not select too many small fluctuations

# events / bin

=
=
o

120+

100+

80

60

40+

20+

Polynomial background |
Generated data (toy)

12 14 16 18
mass [GeV/c?]

1)

2)

3)

4)

The procedure:

For each MC Toy iteration a distribution based
on the background PDF model is generated.

The H, Null Hypothesis fit is performed
with the background function only.

A first scan is performed to search for a
main seed defined as a bin the content of
which fluctuates more than xo strictly

above the value of the background function.

A second scan is performed to search for a
defined as a bin the content of

which fluctuates more than strictly

above the value of the background function.

CHARM 2020 / 31-05-2021

A.Pompili (UNIBA & INFN-Bari)

21



Pseudo-experiments & LEE - scanning technique [steps 5-7]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

A) Do not miss any relevant fluctuation

B) Do not select too many small fluctuations

The procedure:

N
o
o

5) Afinal scan is performed to search for a side

Polynomial background | seed defined as a bin the content of which
| e Generated data (toy) fluctuates more than zo (z<y<x) strictly

,i mmmm=  Final clusters ’ above the value of the background function.

= =
o ©
o o

# events / bin

7P |
) N |
" h | .! 'I ‘ } | 6) The final step consists of cleaning up the seeds

120 ,|| H
A|‘
.h||
r“I

100 - all the main (x) seeds are retained;

1 ! ‘
gof A } 1 |' KLy .!.I H |\ i - the light (y) seeds are kept only if at least one
7 | |I f "" . “!! ! 4 of the side bins is a seed (of any kind);
¢ 1) : L g - the side (z) seeds are kept only if at least one

| i of the side bins is a main or light seed.

40

20+

0 ‘ | 7) The clusters are thus formed.
0 2 4 6 8 10 12 14 16 18

mass [GeV/c?]
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Pseudo-experiments & LEE - scanning technique [step 8/fit 1]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

A) Do not miss any relevant fluctuation
B) Do not select too many small fluctuations

_ The procedure:
o0 Cluster 1- flt

= ®  Generated data 8) For each cluster the Alternative Hypothesis H1
E 180 | HO fi.t ANLL = 2.45 fits are performed with the polynomial HO + a
S ool — H1 fit 4 Convolution of a BW (signal) and a Gaussian
o bl | = SIGNAL component (resolution) for the peak.
H* 140 |.| ";|" " :_ ]

ol .f] l ‘|~,i_|_ } A set of fits is performed changing the range &

} ' |M | the starting values of the parameters (m, I, o):
o ! '!i' i1 ﬂ |
hedl

» mass values (m) are changed scanning

the whole cluster width [anyway always
20! . limited to 300MeV] ;

| b f | § ]
» # il "]!i’I '3 } the whole cluster;
60! gL
m M% > width value (I) is changed from 1MeV to
40+ 1
%

5 > n = 5 75 PR 7 28 resolution value (o) is varied according
mass [GeV/c?] to the function of the resonance mass
(shown earlier)
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Pseudo-experiments & LEE - scanning technique [step 8/fit 2]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

A) Do not miss any relevant fluctuation
B) Do not select too many small fluctuations

_ The procedure:
o0 Cluster 2- flt

®  Generated data 8) For each cluster the Alternative Hypothesis H1
HO fit _ fits are performed with the polynomial HO + a

.. ANLL =5.01 . : :
— Hifit Convolution of a BW (signal) and a Gaussian

160} il ‘ ] _
||.;i: " = SIGNAL component (resolution) for the peak.
140} P WL ¢ |

180+

# events / bin

1
1
.| : I J 'l,;| * _ A set of fits is performed changing the range &
| | ﬂ the starting values of the parameters (m, ', o):
] | 1

w [
ﬁ | e il » mass values (m) are changed scanning
80t | Il '-']!u I 1

# - } the whole cluster;
60 |

40+

|

I I |
} m L » width value (I is changed from 1MeV to
% i& o the whole cluster width [anyway always
20! 4 limited to 300MeV] ;

5 5 n s 5 o5 n n T 8 resolution value (o) is varied according
mass [GeV/c?] to the function of the resonance mass
(shown earlier)
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Pseudo-experiments & LEE - scanning technique [step 8/fit 3]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

A) Do not miss any relevant fluctuation

B) Do not select too many small fluctuations

Cluster 3 - fit
00

# events / bin

120+

100+

80}

60

40+

20t

180+

160+

140}

— H1fit

° Generated data
HOfit ANLL =135 |

- SIGNAL component—

10 12 14 16 18

mass [GeV/c?]

The procedure:

8) For each cluster the Alternative Hypothesis H1
fits are performed with the polynomial HO + a
Convolution of a BW (signal) and a Gaussian
(resolution) for the peak.

A set of fits is performed changing the range &
the starting values of the parameters (m, ', o):

>

>

mass values (m) are changed scanning
the whole cluster;

width value (I) is changed from 1MeV to
the whole cluster width [anyway always
limited to 300MeV] ;

resolution value (o) is varied according
to the function of the resonance mass
(shown earlier)
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Pseudo-experiments & LEE - scanning technique [step 8/fit 4]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

A) Do not miss any relevant fluctuation

B) Do not select too many small fluctuations

200

180

# events / bin

140

120+

100

80+

60

a0}

20

Cluster 4 - fit

160+

- SIGNAL componentA

Generated data

HO fit _ ]
H1 fit ANLL = 4.35

i %

10

12 14 16 18
mass [GeV/c?]

The procedure:

8) For each cluster the Alternative Hypothesis H1

fits are performed with the polynomial HO + a
Convolution of a BW (signal) and a Gaussian
(resolution) for the peak.

A set of fits is performed changing the range &
the starting values of the parameters (m, ', o):

» mass values (m) are changed scanning
the whole cluster;

> width value (I) is changed from 1MeV to
the whole cluster width [anyway always
limited to 300MeV] ;

» resolution value (o) is varied according
to the function of the resonance mass
(shown earlier)
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Pseudo-experiments & LEE - scanning technique [step 8/best fit]

2> The scanning technique has been configured on the basis of a clustering approach
and has been designed in advance with the aim to satisfy two concurrent requirements:

A) Do not miss any relevant fluctuation
B) Do not select too many small fluctuations

, The procedure:
o0 Cluster 2- best f:;

®  Generated data 8) For each cluster the Alternative Hypothesis H1
HO fit _ fits are performed with the polynomial HO + a

.. ANLL =5.01 . : :
— Hifit Convolution of a BW (signal) and a Gaussian

160} il ‘ ] _
||.;i: " = SIGNAL component (resolution) for the peak.
140} P WL ¢ |

180+

# events / bin

1
1
.| : I J 'l,;| * _ A set of fits is performed changing the range &
| | ﬂ the starting values of the parameters (m, ', o):
] | 1

w [
ﬁ | e il » mass values (m) are changed scanning
80t | Il '-']!u I 1

# - } the whole cluster;
60 |

40+

|

I I |
} m L » width value (I is changed from 1MeV to
% i& o the whole cluster width [anyway always
20! 4 limited to 300MeV] ;

5 5 n s 5 o5 n n T 8 resolution value (o) is varied according
mass [GeV/c?] to the function of the resonance mass
(shown earlier)
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Scanning technique : Working Point choice

2> Once defined the scanning technique, the next step is to tune the parameters of the procedure

- X (main-seed threshold),
- y (light-seed threshold),
- z (sided-seed threshold) in order to fullfill the requirements (A) & (B).

A set of 1M toys were produced to estimate the mean value of the distribution...

—————
-

——-~

—.~

.. of the number of\rnaln-' and(llght-seedi)per single fluctuation.

o
5 Average # of main-seeds
- -
“ -
2 50
o =
= L
e L
s
@ 20—
Q -
o [
g L
o °r
n L
*® T
10?
5t
~n4 *

S
——————

—‘—

14

12

10

> 600}

>
>
Sa y
. Legend
Average # of light-seeds One side 0.50
K —=— Both sides 0.50
One side 1.00

—— Both sides 1.0c
a— One side 1.50
—e— Both sides 1.50

One side 2.00
+— Both sides 2.00

\ l =1.5 & y=1.0 chosen

A~
\\\‘\\4‘\\\‘\\\‘\\\‘\\\‘\\\‘
I
g

<#>of clusters / fluctuation

x10°
700}

500}

400}

300}
200}

100~

oM

WP(x, y, z)=(2.25, 1.0, 1.5)

« Baseline» @

0_‘_£ — a
1 15 2 2.5 3 3.5 4
4

This WP guarantees ~4-5 clusters
in average per Toy MC and that at
least 1 cluster is found in more
than 99% of fluctuations in order
to perform at least 1 H17 fit.
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Scanning technique : systematic uncertainties

2> To study the possible systematic uncertainties of this clustering method we have selected also two other
combinations of (x,y,z): one WP looser than the selected one and one WP tighter. In addition, to avoid any
possible influence of statistical fluctuations, we have run the MC Toys fitting procedure three times for the
three different set of cuts on the same set of MC toys fluctuations (previously independently generated).

i . Legend
<#> of main seeds Average no. of light seeds g One side 0.50 y
c | g 14, —=— Both sides 0.50
'.g - 'g - One side 1.00
S 25 S o | —— Both sides 1.00
s L - 12 \ .
- » O o a— One side 1.50
g i = —o— Both sides 1.50
&= 20 oo One side 2.00
- B (] B ) Both sides 2.0
8- : o O A\\\ S o
- ‘n 8 —
8 15 S - \
o [ @ r
o b of \
»w [ N \
* 10— #Lops
B Loose |
- ) Base
s Baseline .
- 2 —
0 B I R B R L1 0 :t.& ; N Lo
1 1.5 2 2.5 3 3.5 4 1 3.5 4
X z
. Baseline 10° Loose Totisio200. 125100 x10° Tight clustHisto300_175_100
700 go CE‘L:(‘:::ZZS:;Z'(SJ?);)‘:S i Entries 7570603 E Entries 3200000
E Mean 4.482 100— i Mean 6.641 Mean 2.152
= Std Dev 1.832 - £ Std Dev 2.106 Std Dev 1.378
600[— :
F <p>=4.48 <p>=2.2

500
400
3001

200F

100

2
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LEE with Scanning technique : results & systematics - |

2> The resulting distributions from 45M common MC Toys fluctuations are shown superimposed and compared.

By focusing on the region of interest for the estimation of the statistical significance, i.e. the tail of the ANLL
distribution (ANLL >20), it is evident that there is no relevant difference among the 3 configurations :

I
]
]
]
’l
A NLL distributions comparison A NLL distriutions comparison —
st Baseline WP Entries 04e+07 %104 ; ll' 4.50004
o Tight WP e h
5 Loose WP 510 / ANLL >20
e v

L L L 1 .
0 5 10 15 20 25 30 35 40 45 20 25 30 35 40 45

bonibsy) (i xty)
05 Z : : 0.00s fHtly
ol AT i i ol HIIHIIHHlHﬂlmﬁﬁﬁggggHHHHHTHHWHﬂmHHHH{ N { H ‘
= L e
P S ) e > il ) ‘ r ‘

J

This can furtherly be appreciated by inspecting
the normalized deviations (x=y)/(x+y) of the other
two distributions w.r.t. the baseline distribution
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LEE with Scanning technique : results & systematics - Il

2> Also we can examine the estimated global significances for the p-values
corresponding to different values of local significances :

Clustering configs. < fitg1 > frotit Local Significance 400 4.5¢ 5.00 550 6.00 I i
| Tight (3.00, 1.75, 1.00) 2.2 ~10%  Tight (3.00, 1.75, 1.00) | 221 291 3.58 422 487 || :
Baseline (2.25,1.50, 1.00) 4.5 ~1%  Baseline (2.25,1.50, 1.00)} 2.20 291 3.58 422 4.87 i
Loose (2.00, 1.25, 1.00) 6.6 0.1%  Loose (2.00, 1.25, 1.00) | 2.20 291 3.58 422 4.87 |}

._____________________J—E___I

Conclusion: the systematic uncertainty on the p-values associated to the method is ne‘éligible

2> The baseline configuration has been run on about 76M pseudo experiments and the ANLL distribution
is shown with the superimposed red line indicating the ANLL data value for our original pseudo-data:

A NLL distribution e
Entries 7.58471e+07

106_E

10°

The global p-value is then estimated by

o0 9.820 - 102
= ANLLYA(ANLL) ~ =222~ ~1.295.107°
P /ANLLdata I ) ) 7.584 - 107

no. of MC Toys /0.2

10k

10°E

- ... Which corresponds to a global stat. significance
10?

Zo = 711 — p)o ~ 4.220

1EIII I I | | L1 1111 L1 L1101 1 \'IIIIIII
0 5 10 15 20 25 30 35 40

45
A NLL
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Trial Factors

2> Alternatively, how to avoid millions of MC toys even if run exploting the acceleration of GPUs ?

An approximate way to determine the global significance ta- Trial factors for the look elsewhere effect in hih -
king into account the LEE relies on the asymptotic behaviour actorsfor the fook clsewhiere eHiect I S Energy physies

of likelihood ratio estimators. The correct factor that needs | Filam Gross, Ofer Vitelis* Eur. Phys. J. C70 (2010) 525

to be applied to the local significance in order to obtain the
global one is called trial factor : pglob ~ f * ploc

2> The trial factor is related to the peak width, which may be dominated by the experimental resolution,
if the intrinsic width is relatively small.

When the mass is determined from data (typical for LEE), an empirical evaluation, that can be
used as rule of thumb, gives (*) :

(*) https://lwww.birs.ca/workshops/2010/10w5068/files/gross.pdf
1 A
3 o(m)

f _ k search mass range

mass resolution

1 18GeV 18-103

For the previous considered case: f =~ 3 ZoMeV = 180
e

=100

... which makes sense considering that from 5¢ (p = 2.87 - 10~7) to 40 (p = 3.17 - 10™°) implies a factor 110!
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Gross-Vitells method for global statistical significance

2> G.&V. proposed a method to estimate an upper limit for the global p-value when the signal hypothesis

(H4) depends on s parameters that are undefined under the null hypothesis (Hy).

The global test statistic is (the one introduced few slides back) qglOb =q ( 5 U= 0)

..where @ = (fh, f‘) [orsimply @ = 7 if T < ORrgs (known, for intance from simulation ]

Set maximizing
q(6,n=0)
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Gross-Vitells method for global statistical significance

2> G.&V. proposed a method to estimate an upper limit for the global p-value when the signal hypothesis

(H4) depends on s parameters that are undefined under the null hypothesis (H,).

The global test statistic is (the one introduced few slides back) qgl"b =q (5 U= 0)

..where @ = (fh, f‘) [orsimply @ = 7 if T < ORrgs (known, for intance from simulation ]

Set maximizing
q(6,n=0)

2 It is possible to demonstrate that the probability that qgl"b is greater than a given value c¢ is bound

by the inequality (that can be considered - asymptotically - as an equality):

pglob =P(q(3,u= O) > c)

-
’I

Term (related to the local p-value)
that is a cumulative deistribution
that comes from an aszymptotic

approximation as a X3,=1 (with 1
degree of freedom) of

q'° = q(6,n = 0)

<|P(x*>c) +@ 'f' '". |
. w I i

.. Example of fluctuation

Average number of upcrossings » [L & |"- i"';ﬁii.
i.e. the expected number of times B | i G }
that the local test statistic g'e¢ i
crosses an horizontal line at a given 6
level g=c with a positive derivative. A

It acts like a correction to the e
Wilks+Cowan local p-value ! m [GeV/c?]
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Gross-Vitells method : scaling law

2> The <N_> can be typically evaluated using MC toys as average value over a large number of samples.

Since its value could be very small (depending on the level of ¢ , and the details of the statistical
model), in such cases very large MC samples would be required for a precise numerical evaluation.

Luckily a scaling law allows to extrapolate a value (NC()) evaluated at a different level c( to the

desired level c:

(s—1)/2
P(q®) >c) < P(x}>c)+ (N(co))(é) e~ (c—c0)/2 (*)

At this point it is possible to evaluate <N60> by generating a not too large number of MC toys.

Conclusion: it is possible to move from local to global

p-value using the asymptotically approximation: pglob — ploc 4 <NCO)e_(C_c°)/2

>
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Gross-Vitells method : scaling law

2> The <N_> can be typically evaluated using MC toys as average value over a large number of samples.

Since its value could be very small (depending on the level of ¢ , and the details of the statistical
model), in such cases very large MC samples would be required for a precise numerical evaluation.

Luckily a scaling law allows to extrapolate a value (NC()) evaluated at a different level c( to the

desired level c:

(s—1)/2
P(q0)>c) < P(x?>c)+ (N(m))(é) e~ (c—c0)/2 (*)

At this point it is possible to evaluate ( V. ) by generating a not too large number of MC toys.
Co

Conclusion: it is possible to move from local to global

p-value using the asymptotically approximation: pglob — ploc 4 <N00)e_(c_cﬂ)/2

Y>> We set up a procedure [within GooFit framework] to estimate < N(c,) > for our pseudo-data configuration.
10k toys were produced and for each toy a complete scan (in 1000 steps) of the mass spectrum is performed.

The procedure took ~3days on a single GPU, the time equivalent of ~4-5M MC toys (for LEE) produced.

The Upper Limit [G-V result] can be evaluated from (*) with < N(cy) > = 7.3 (for cy=s-1=1)

The rms of the distribution is given by (useful in next slide): On(c,) = 2.4
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Comparison with G-V method

2> Thus we can compare the P (q(ﬁ)) computed from the ANLL distribution obtained with MC Toys
(in the baseline configuration) with the upper limit just estimated with the G-V method.

N o0
In the case of the MC Toys, P (q(@)) (¢) is calculated as the integral P(q(0))(c) = / f(ANLL)d(ANLL)

102

101}

10°
m— GV limit < N(cg) >
101!

102 4
4 < N(cp) > +O.N(C0)

103

P(q(8))>c

104
< N(cg) >-0 _—

10° ’ N(co)

10

107

108

0 5 10 15 20 25 30 35 40

c(ANLL)

= |VIC Toys |:>

The G-V Upper Limit result to be
conservative w.r.t the MC toys
and, for a given ANLL value,
always underestimate the global
statistical significance (see table):

Local Sig. 4.00 4.50¢ 5.00 5.50 6.00

GV method 2.09 282 348 4.10 4.71
MC Toys 220 291 358 422 487

J

The Upper Limit is perfectly compatible with the

results with the MC toys clustering procedure
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Summary

2> With the advent of GPU acceleration in the field of scientific computation - possible on heterogeneous
computing platforms, nowadays available at Science Data Centers - the pseudo experiment (frequentistic)
approach is feasible/reliable, once implemented within the GooFit framework, to estimate the global
(local) p-value of a signal within few days [ ~1.5M (5M) toys/day can be produced with a single GPU
(nVidia TeslaK40) equipped server ]

>> Thanks to the striking speed-ups allowed by GPUs in dealing with the fitting tasks of MC toys, it was possible
to explore (and confirm) the validity/applicabiity of asymptotic behaviour of likelihood-ratio-based test
statistics exploited in statistical methods introduced by Cowan ef al. & Gross and Vitells, at the

beginning of the LHC era (2010-2011) and nowadays commonly used in HEP.
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2>  If you are interested to start learning & working with GooFit, it source code lives in a GitHub repository

(https://github.com/GooFit) GitHub and its applications go way further than statistical significance estimation.

Nowadays is a “common” fitting tool particularly usefull when dealing with (multidimensional) unbinned
likelihood fit at high statistics).
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