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4 years ago, same venue

How it started How it’s going

Levelset Estimation by ATL-PHYS-045-2022

Bayesian Optimization

@ ATLAS PUB Note y

ATL-PHYS-PUB-2022-045 <
K Cranmer. L Heinrich. G Louppe ée:[!ﬂﬁé November 3. 2022 ~
4th Reinterpretation Workshop ’
May 15th 2018
NEW YORK UNIVERSITY /lukasheinrich Active Learning reinterpretation of an ATLAS
P—— Dark Matter search constraining a model of a dark
? ' Higgs boson decaying to two b-quarks

fundamentally about finding the boundary between models that are
consistent with the data and those that are not.

1D: intervals

2D: contours

The ATLAS Collaboration

ND: (hyper-)surfaces

Boundary is usually defined by iso-surfaces of a test statistic (e.g.
CLs) at certain values.

Problem:

assessing models is computationally expensive.

This Talk:

how to find excursion sets / iso-surfaces of generic R*n functions in an 3
efficient way.
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Overview

t-t production, t — bX,, ¥, — bbs and c.c., BR(t — bY)=100%

Congrats! You have completed your analysis and after hard work, o 13007 1 77—
O - ATLAS Preliminary i
it’s time to produce an Exclusion Contour % e TITHY, TR eas .
5'3 - All limits at 95% CL i
E L i
'] - ] - - A 1000_ |
* Reduction to 1D-2D because evaluating official MC Samples is I :
computationally expensive :
500 -
* New Physics models are multidimensional, how to set limits |
over rest of parameters? 1

1200

0 | m@liGev]
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Overview

t-t production, t — bX,, ¥, — bbs and c.c., BR(t — bY)=100%

Congrats! You have completed your analysis and after hard work, o 13007 1 77—
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it’s time to produce an Exclusion Contour % e B Tl T e e -
3 I Al limits at 95% CL i
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* Reduction to 1D-2D because evaluating official MC Samples is I :
computationally expensive :
500 =
 New Physics models are multidimensional, how to set limits ]
over rest of parameters? i
0 1200
. _ ) ] ] ] > 1 m@t)|[GeV]
Traditional grid approach scales exponentially with dimension,
need a more efficient approach
L. Heinrich et al. ACAT 2019
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Current ATLAS approach Better queries Active Learning method
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ATLAS Mono-H(bb) search

* Reinterpretation of the ATLAS search for
Dark Matter in association with a Higgs boson
decaying into b-quarks

q

Irina Espejo iem244@nyu.edu 6

ATLAS CONF Note y

ATLAS-CONF-2018-039 /7
25th July 2018

EXPERIMENT

Search for Dark Matter Produced in Association
with a Higgs Boson decaying to bb at s = 13 TeV
with the ATLAS Detector using 79.8 fb~1 of
proton-proton collision data

The ATLAS Collaboration

ATLAS PUB Note y

ATLAS ATL-PHYS-PUB-2019-032 7

EXPERIMENT
11th August 2019

RECAST framework reinterpretation of an ATLAS
Dark Matter Search constraining a model of a dark
Higgs boson decaying to two b-quarks

The ATLAS Collaboration
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ATLAS Mono-H(bb) search

Reinterpretation of the ATLAS search for
Dark Matter in association with a Higgs boson
decaying into b-quarks

o Full Run 2 dataset
o Numerous signal and control regions
o Sophisticated reconstruction techniques:

large-Radius jets with b-tagged subjects as
Higgs boson decay candidates

Non-trivial new physics search

4 parameters 6 = (my, m;,m,, g )

q
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Cranmer et al. 2010

MethOd Heinrich et al. 2018

» Abstraction of full analysis pipeline, evaluated thanks to I’ecast
f:R* - R*
0 — y :=((log uZ50),Yog ulL(9), log uL(8), log u5-())

Contours of interest y(@) = 0 corresponds to ﬂgflg(ﬂ) = 1 meaning 6(0) ~ 05,(0)

* Find the 4 contours with minimum num. queries to f — Active Learning

Irina Espejo iem244@nyu.edu 8
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Cranmer et al. 2010
Method

« Abstraction of full analysis pipeline, evaluated thanks to F@Ccast

f:RY - R*
(log uZ50)Yog ulL(0), loguk ), log ulk))

Contours of interest y(@) = 0 corresponds to /4(%;(0) = 1 meaning 6(0) ~ 05,(0)

0—-y:

* Find the 4 contours with minimum num. queries to f — Active Learning

For each new batch of BSM parameter points {6, . . ., 0;} do:

Evaluate true limits

Evaluate the true limits of

batch y; = log (6,) and get

Choose new param points Gaussian Process Regression
Yes
New param points {0i+1, e, 0;""1} < Estimate the overall surface @ — log //l(O) > END
where exclusion status most uncertain No given all &; s. Is surface y(@) = 0 sharp?

Irina Espejo iem244@nyu.edu 9
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Cranmer et al. 2010
Method

« Abstraction of full analysis pipeline, evaluated thanks to F@Ccast
f:RY - R*

0 — y :=((1og (@) og uiy (@), log uly (@), log u,,(0))

Contours of interest y(@) = 0 corresponds to /4(%;(0) = 1 meaning 6(0) ~ 05,(0)

* Find the 4 contours with minimum num. queries to f — Active Learning

For each new batch of BSM parameter points {6, . . ., 0;} do:

Evaluate true limits

Evaluate the true limits of

batch y; = log (6,) and get

Choose new param points Gaussian Process Regression
Yes
New param points {0{"'1, e, 0;""1} < Estimate the overall surface @ — log //l(0) > END
where exclusion status most uncertain No given all &; s. Is surface y(@) = 0 sharp?

Irina Espejo iem244@nyu.edu 10
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Evaluate param points

on MC Production System

Latency is ~ 10 days.

Latency improving since the start of project thanks to

Zubair Bhatti (NYU).

|deally fully automatized but:

Approval needs different people at ATLAS

Pipeline has many steps with legacy software/

protocols

Involves active monitoring of jobs.

Methodology needs to be crystal clear and as

simple as possible for approval

Irina Espejo iem244@nyu.edu

11

Source: Zubair Bhatti

recast edina
Requester MC Contact PMG Convener Automatic
Create Jira Ticket
. Create JOs/inputs
Validate With Athena
Test JO Locally
Push JOs to GitLab
® Request a Merge TestJOs in Cl
E Approve Merge
Create Spreadsheet Sync JOs
Link Spreadsheet
Create MC Request
Link MC Request Approve MC Request
Jobs Run
Check AMI Metadata
+minutes +hours W
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Cranmer et al. 2010
Method

« Abstraction of full analysis pipeline, evaluated thanks to F@Ccast
f:RY - R*

0 — y :=((1og (@) og uiy (@), log uly (@), log u,,(0))

Contours of interest y(@) = 0 corresponds to /4(%;(0) = 1 meaning 6(0) ~ 05,(0)

* Find the 4 contours with minimum num. queries to f — Active Learning

For each new batch of BSM parameter points {6, . . ., 0;} do:

Evaluate true limits

Evaluate the true limits of

batch y; = log (6,) and get

Choose new param points Gaussian Process Regression

Yes
New param points {0{"'1, e, 0;""1} < Estimate the overall surface @ — log //l(0) END

where exclusion status most uncertain No given all &; s. Is surface y(f) = 0 sharp?

Irina Espejo iem244@nyu.edu 12
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Gaussian Process Regression

Basics

* GPR assumes data points have a joint Multivar Gaussian distr.

» Posterior distr. collapses on data points (no noise)

 For each point x : posterior ~N(mean(x), var(x))

0.4

0.3

0 05 1 T
Input, X 0.1
Source: Rasmussen & Williams 0.0

Irina Espejo iem244@nyu.edu 13
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Gaussian Process Regression

Basics

* GPR assumes data points have a joint Multivar Gaussian distr.

» Posterior distr. collapses on data points (no noise)

 For each point x : posterior ~N(mean(x), var(x))

0.4

0.3

0 05 1 02
Input, X 0.1
Source: Rasmussen & Williams 0.0
4 -2 0 2 4
f(x)
: : : mg = 70GeV, =1.00
MUItitaSk Task #1: regression SimpleAnalysis data = 1200+ Spoo o= [T
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O, _ Xsec -
g 1000- -
Few points reco-level but many with SimpleAnalysis 800 N
A vanilla GP with only reco-level data has no physics - impleAnalysis |
inductive bias and no info outside small 4D region 600 7T TN B
“  Reco -
, ’ \
Leads to unreasonable fits 200" amias i 1 N
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L0 L |

1 I 1 1 1 1 1 1 1 1 I 1 1 1 1
. . 1000 2000 3000 4000 5000
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Warm start

1. Populate param space with

SimpleAnalysis (low fidelity)

2. Query reco-level (high-fidelity)

\4

Saves resources

Better than start from scratch

Irina Espejo iem244@nyu.edu

ATLAS Preliminary

Vs
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Cranmer et al. 2010
Method

« Abstraction of full analysis pipeline, evaluated thanks to F@Ccast
f:RY - R*

0 — y :=((1og (@) og uiy (@), log uly (@), log u,,(0))

Contours of interest y(@) = 0 corresponds to ,ugcll;(ﬁ) = 1 meaning 6(0) = o54,,(0)

* Find the 4 contours with minimum num. queries to f — Active Learning

For each new batch of BSM parameter points {6, . . ., 0;} do:

Evaluate true limits

Evaluate the true limits of

batch y; = log (6,) and get

Choose new param points Gaussian Process Regression

Yes
—_— END

Estimate the overall surface @ — log u(0)

New param points {011, . .., 0;“}

where exclusion status most uncertain No given ALL data 9; s. Is surface y(@) = 0

sharp?

Irina Espejo iem244@nyu.edu 16
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Choosing new param points

Entropy and Poisson-disc

» Exclusion Entropy based on posterior

H(H) = — Pex logpex - (1 _pex)log(l _pex)

0.5

g OBH 2 p(p<1) =3

o \ 0.4

% 0 —\/

E _2 | é 03‘

g 0 2 4 6 8 0 0 02

S BSM 0.1

5 pex

5 0.0 ; . : :

o)

3 -2 -1 0 1 2 3 4

Signal strength upper limit Yt
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Choosing new param points

Entropy and Poisson-disc

» Exclusion Entropy based on posterior
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Expected Limit
Observed Limit
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Results

Number of points evaluated high-res: @,,eco, total

Active Learning rounds: 4 D, ~5000 points

Recall @ = (m,, m;, m,, g, )

Irina Espejo iem244@nyu.edu

ATLAS Preliminary
v's =13TeV, 139fb"
s(bb) + Er™ss: dark Higgs model
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Results

Number of points evaluated high-res: &

~ 800

reco, total

Active Learning rounds: 4 D, ~5000 points

ReCa” 0 e (mZ’, mS’ m}(’ g)()
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Results

Number of points evaluated high-res: & ~ 800

reco, total

Active Learning rounds: 4 D, ~5000 points

m;g [GeV]

Recall @ = (m,, m,, m,, g%)

m; [GeV]

m; [GeV]

m;g [GeV]
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Take home message

» Active Learning can scale the production of exclusion contours to > 2D in a full analysis.

» Warm start is helpful to populate param space before starting Active Learning.

» Cross-section data is close to SimpleAnalysis in some regions of param space.

Cross-section data can be a good warm start, widely available.

ATL-PHYS-2022-045

ATLAS PUB Note y

ATLAS ATL-PHYS-PUB-2022-045 ~7_

EXPERIMENT
November 3, 2022

Active Learning reinterpretation of an ATLAS
Dark Matter search constraining a model of a dark
Higgs boson decaying to two b-quarks

The ATLAS Collaboration
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Thank you!
Q&A




Gaussian Process Regression

Basics

0 ' 0.5 1
Input, X
Source: Rasmussen & Williams

* GPR assumes data points have a joint Multivar Gaussian distr.

» Posterior distr. collapses on data points (no noise)

 For each point x : posterior | data ~N(mean(x), var(x))

0.4
0.3
0.2

0.1

0.0

f(x)

MUItitaSk Task #1: regression SimpleAnalysis data (yexp’ SA(H), Yexp. reco(g)) ~ CP(m(0),k(0,0")

Task #2: regression reco-level data

Few points reco-level but many with SimpleAnalysis

A vanilla GP with only reco-level data has no physics

inductive bias and no info outside small 4D region

[ eads to unreasonable fits

Irina Espejo iem244@nyu.edu

m@) :=wl@+b with we R, beR

k(0,0 =k, O kppr(0,0) + >5(0,0")

ZI"I" 2I"S .
where k,,, = S with 2,2 .2 € R
, [o-01"\
where kppr(0,0") = exp | — 7 , with [ € R,

Bonilla et al. 2007
Implemented with GPyTorch (Gardner et al. 2018)
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