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INTRODUCTION

Discovery of new physics is formulated as testing for the
presence of a specific signal of interest in the data observed
from an experiment.

However, the data collected from the experiments also contains
signals from a range of nuisance sources that constitutes the
background.

Therefore, the density of the data generating process can be
looked as a convex combination of the signal density f; and a

background density f,
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The density of the data generating process f can be written as

fn)=m - f(x) + (A= n)- folx); x€[L,U]; nel0,1)

where [L, U] is the search region, 7 is the signal proportion or
signal strength.

Note that, 1 is outside the range of n as 7 = 1 suggests a data
with only signal which is unrealistic

UNIVERSITY OF MINNESOTA
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The signal search is formulated as the following hypothesis test,

Ho:n=0vs H:n>0

» In our framework, we assume that we do not have access
to a background only sample and the background density

fp is unknown
» We carry out estimation and test for 1 using only the

physics sample (data generated from the experiments that
may or may not contain the signal)
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MATHEMATICAL FRAMEWORK

» We start with a proposal background density g, which

acts as a proxy for the unknown density f;,

» Let {1, S;,T1, T2, -} be an orthonormal basis on L (Gy)
where,

and Sq(x) = S(x)/||S||g, - S captures the deviation from g,
in the direction of the signal

UNIVERSITY OF MINNESOTA
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MATHEMATICAL FRAMEWORK
» We can express f; as,

£ =1+ ZATE) +8 - 510
where § is departure from the background in the direction
of the signal f;

» Plugging aboveinf =17 -f;+ (1 —n) - f, we get,

9 _ 14 S oTix) + 6 - S1(x)
&® T = !

where,
Ti=01-mn)-B;

UNIVERSITY OF MINNESOTA 9 - ?7 ) HSHGb + (1 - 77 ) . 5
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ESTIMATION
We have,

0 = < Sl> /Sl )dF (x

= 0= [S(x)dF(x) =1 ésl(Xi)

7= <§h,TJ->Gb = /Tj(x)dp(x>

n
= %= [T(x)dF(x) =1 21 Ti(X;)
1=
where F is the empirical estimate of the mixture CDF F.
Empirical estimators have a tractable asymptotic distribution.
However,
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ESTIMATION

06— 0

0 =mn- lSlg,+(1-n)-0 = n=—-—"+
ISllc,— 0

¢ is not estimable since,
5 :<§;,sl> = [ $1(x)d Ey(x)

Alternative: We simply ignore ¢
9 — = _ é
ISl = TsTe,

n=

It is easy to show that 6 <0 = 7 <17 ie. ﬁ is a conservative
estimate for n

UNIVERSITY OF MINNESOTA
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SIGNAL SEARCH
The signal search is formulated as the following test

Ho:n=0vs H :n>0
But we propose the test
Ho:n=0vs H :n>0

Which is again a conservative test given we have § <0 Itis
equivalent to testing,

Hyp:0=0vs H:0>0

The obvious test statistic would be

n
1 2 2
. § 2 S - 02
Z=-0_ "% N(0,1) where s.e.(d)= =l
s.e.(0) n
UNIVERSITY OF MINNESOTA
Driven to Discover* 9/30




INTRODUCTION FRAMEWORK ESTIMATION & SIGNAL SEARCH SAFEGUARD METHOD RESULTS DISCUSSION Extra slides
000@000000 00 0000000 000

HOW TO ENSURE 9 < 0?

Consider a narrow enough interval around the signal location

s say, Me = (pus — de, p1s +de) such that Fs(M¢) =1 — € for

small enough e

0.4

0.3

-02

0.0
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HOW TO ENSURE 9 < 0?

Now, we can show

Suppe jgf[((fc)) - € + supy, ﬁ,(x (I-€)<1 = 6-[Slg, <0

Therefore, we need:
» small €

f L is preferably below 1 : g, should dominate f; in

> supy, g
majorlty of M, (if not completely)

> suppe g f—” is not too large : M. should be narrow enough

(which works for signals with localized peak)

UNIVERSITY OF MINNESOTA
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HOW TO ENSURE 9 < 0?

» One way to ensure § < 0 is to make sure that g, dominates
fp in majority of M,

» One way to achieve that is to give g, a wide bump
throughout the signal region M, and make sure it cuts
through the bump in f

UNIVERSITY OF MINNESOTA
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HOW TO ENSURE 9 < 0?

One possible way to construct g

800 = A-[ e, 0) + e i2,0) | +1-20) ) : 0< A<

» f;: density from the same family as the signal

» q,(x) : guess for the smooth background density or the
available description of f;,

» u : Slightly above ps — d; pp : Slightly below ps + d;

» o :scale parameter larger than that of the signal

» )\ : mixing proportion

UNIVERSITY OF MINNESOTA
Driven to Discover” 13 /30



INTRODUCTION FRAMEWORK ESTIMATION & SIGNAL SEARCH SAFEGUARD METHOD RESULTS DISCUSSION Extra slides
00 00 0000000800 00 0000000 000 00

HOW TO ENSURE ¢ < 07
We want something like this

0.4
0.3
0.2 proposed background
- = true background
= true mixture
0.1
0.0 Mg — dg U+ ds

UNIVERSITY OF MINNESOTA 2 3 4 5
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WHAT IF THE DATA IS BINNED?

» The methodology described thus far applies to unbinned
data

» To deal with the binned data (n1,x1), (n2,x2), -+, (1g, Xx)
we need to modify our estimator 6

» We propose the estimators

A k 2 9
Op) = & ;51(9@)”1’ and 7)) = a1

» Aslong as we are estimating 7 and testing 6 = 0, we are
still performing a conservative inference given § < 0

UNIVERSITY OF MINNESOTA
Driven to Discover” 15 /30



INTRODUCTION FRAMEWORK ESTIMATION & SIGNAL SEARCH SAFEGUARD METHOD RESULTS DISCUSSION Extra slides
00 000000000e 00 0000000 000
i

SIGNAL SEARCH FOR BINNED DATA

» One can show that é(b) is consistent for 6

» We can decompose é(b)

~ k 5
d=F § hrmsit) = § - 40

» To test Hp : 0 = 0 against H; : § > 0 we can use the test

statistic
Zoy = L % n(0,1)
> miS3(x;)
i=1

UNIVERSITY OF MINNESOTA
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SAFEGUARD CAN BE ANTICONSERVATIVE

» The safequard method by Priel et al. (2017) and the spurious
signal method by Aad et al. (2014) are two similar methods
used at the ATLAS collaboration for particle discovery

» Both of them try to obtain a conservative estimate of the
background distribution by accounting for signal
fluctuations into them

UNIVERSITY OF MINNESOTA
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SAFEGUARD CAN BE ANTICONSERVATIVE

» In the safeguard method, first the background is estimated
by fitting the following model on a signal free calibration
dataset

e -E ) - -B

» In the context of the safeguard method as well, we have
the §

B — 143 BTi(x) + 60 57 (x)
& (%) =1

where

_ . (sf) RG0!
5(0) = FF -1 and §7(x) = =
b

UNIVERSITY OF MINNESOTA
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SAFEGUARD CAN BE ANTICONSERVATIVE

» Then, the final model that is fit on the physics data using
maximum likelihood estimation to obtain 7

Fo) =@ A& + - - B

» One can show that if §®) > 0 the asymptotic limit of

IMLE i.e. n* is strictly positive even when there is no
signal

UNIVERSITY OF MINNESOTA
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NUMERICAL RESULTS: SIMULATION

» For demonstration purposes we have chosen a scenario
where §¢) >0
» The data generation process is

n —1.28)2 (1-1m) ,—33x
flxim) = = exp{—(;(o.oz))z } + S 1<x<2

» While fitting the model, we have used a common guess for
the smooth background

a(x) = ") =C-x 31 1<x <2

» We implemented our method using g;, with
A = 0.002,0.005,0.007 and 0.01.

UNIVERSITY OF MINNESOTA
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NUMERICAL RESULTS: SIMULATION
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NUMERICAL RESULTS: SIMULATION

Method o Typel Power
error | (n=0.01)
safeguard 0.013 0.242 0.923
Unbinned Method
gp(A =0.002) 0.016 0.291 0.942
gp(A =0.005) 0.008 0.128 0.840
gp(A =0.007) 0.002 0.064 0.732
gp(A=0.01) -0.006 0.017 0.520

UNIVERSITY OF MINNESOTA
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NUMERICAL RESULTS: SIMULATION
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NUMERICAL RESULTS: VBF ANALYSIS

» From our ATLAS collaborators, we obtained data (binned)
on Higgs to dimuon decay (pp — H — pp) via the Vector
Boson Fusion (VBF) process

» Data generating process:

n _125)2 (1-m)
flon) = o ep { -2 + =L fix); 110 < x < 160
» Benchmark background density:

1 —1.55. < <
gp(x) oLz (2B N +x ; 110 < x <160

» We had 4 categories of VBF data. We found significant
amount of signal in the VBF - medium category.

UNIVERSITY OF MINNESOTA
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NUMERICAL RESULTS: VBF ANALYSIS
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NUMERICAL RESULTS: VBF ANALYSIS

Ain g Ul p-value
0 0.096 0.0017
0.0125 0.088 0.0037

0.025 0.080 0.0077 §
0.0375  0.072 0.0150
0.05 0.064 0.0278 ~ Zazeg:”:;d
safeguard 0.089 0.0020 *71 s-00129)
<= gy(%.=0.025)
o | — g(r=0.0375)
-— gu(2=0.05)

T T T T T
115 120 125 130 135

Energy (Gev)
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DISCUSSION

» We have identified the central role of § in determining

validity of inference for signal detection under unknown
background

Safeguard and spurious signal method try to be
conservative but can still end up with a positive ¢

We propose a heuristic approach to construct the proposal
background via a sensitivity analysis to ensure § < 0 and
perform a conservative inference without any prior
knowledge about the true background density

The better is the guess g, for the background, the more
reliable is our sensitivity analysis

For cases where the large sample assumption is not met,
we can approximate the null distribution using smoothed
bootstrap

UNIVERSITY OF MINNESOTA
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NUMERICAL RESULTS: SIMULATION

Power
Method y Type Lerror o —Gomer — 001 [ = 0.02
safeguard 0.01340076 0.2417 0.6487 0.9226 (.99975
Unbinned Method
g;,(/\ — [].{](12) 0.01624906 0.29077 0.70299 0.94227 | 0.99986
gf,(/\ = [].{](]5) 0.007890316 0.12836 048119 0.84015 | 0.99875
g;,(/\ = [].{](]7) 0.002424086 0.06422 00.33311 0.73232 | 0.99582
g{,()\ = (].[}l) -0.005624272 0.01748 0.15643 0.52019 | 0.98037
Binned Method
g;,(/\ = [].[][]2} 0).01624906 0.29379 0.70093 0.94087 | 0.99981
gu(A = 0.005) | 0.007890316 0.12911 0.47856 (.8380 (.99862
gu(A =0.007) | 0.002424086 0.06385 0.33187 0.72815 | 0.99541
a(A= (].[}l) -0.005624272 0.01738 0.1550 0.51609 | 0.97929
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TAIL IN THE BUMP
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