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4 years ago, same venue
How it started How it’s going
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Overview
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θ

Congrats! You have completed your analysis and after hard work,  

it’s time to produce an Exclusion Contour  

• Reduction to 1D-2D because evaluating official MC Samples is  

computationally expensive 

• New Physics models are multidimensional, how to set limits 

over rest of parameters?
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θ

Congrats! You have completed your analysis and after hard work,  

it’s time to produce an Exclusion Contour  

• Reduction to 1D-2D because evaluating official MC Samples is  

computationally expensive 

• New Physics models are multidimensional, how to set limits 

over rest of parameters?

Current ATLAS approach Better queries Active Learning method

Traditional grid approach scales exponentially with dimension,  

need a more efficient approach

L. Heinrich et al. ACAT 2019

mailto:iem244@nyu.edu
https://indico.cern.ch/event/708041/contributions/3269754/
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ATLAS Mono-H(bb) search
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• Reinterpretation of the ATLAS search for 
Dark Matter in association with a Higgs boson 
decaying into b-quarks  

◦ Full Run 2 dataset 

◦ Numerous signal and control regions 

◦ Sophisticated reconstruction techniques: 
large-Radius jets with b-tagged subjects as 
Higgs boson decay candidates
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• Reinterpretation of the ATLAS search for 
Dark Matter in association with a Higgs boson 
decaying into b-quarks  

◦ Full Run 2 dataset 

◦ Numerous signal and control regions 

◦ Sophisticated reconstruction techniques: 
large-Radius jets with b-tagged subjects as 
Higgs boson decay candidates


Non-trivial new physics search


Dark Higgs  

boson resonance

θ = (mZ′￼, ms, mχ, gχ)4 parameters
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Method
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• Abstraction of full analysis pipeline, evaluated thanks to

                           

                                  

                                   Contours of interest   corresponds to  meaning 

f : ℝ4 → ℝ4

θ → y := (log μUL
exp(θ), log μUL

+1σ(θ), log μUL
−1σ(θ), log μUL

obs(θ))

y(θ) = 0 μUL
exp(θ) = 1 σ(θ) ≈ σBSM(θ)

Cranmer et al. 2010 

• Find the 4 contours with minimum num. queries to     Active Learning  f ⟶

Heinrich et al. 2018

mailto:iem244@nyu.edu
https://arxiv.org/abs/1010.2506
https://www.proquest.com/docview/2201490026?pq-origsite=gscholar&fromopenview=true
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• Find the 4 contours with minimum num. queries to     Active Learning  f ⟶

Evaluate true limits
Evaluate the true limits of 

batch   and get yj = log μ(θj)

Choose new param points

New param points  

where exclusion status most uncertain


{θi+1
1 , . . . , θi+1

q }

Gaussian Process Regression

Estimate the overall surface  

given all  s.  Is surface  sharp? 

θ → log μ(θ)

𝒟i y(θ) = 0

For each new batch of BSM parameter points  do:
{θi
1, . . . , θi

q}

No

Yes
END

mailto:iem244@nyu.edu
https://arxiv.org/abs/1010.2506
https://cds.cern.ch/record/2686290


Irina Espejo iem244@nyu.edu

Method

10

• Abstraction of full analysis pipeline, evaluated thanks to

                           

                                  

                                   Contours of interest   corresponds to  meaning 

f : ℝd → ℝ4

θ → y := (log μUL
exp(θ), log μUL

+1σ(θ), log μUL
−1σ(θ), log μUL

obs(θ))

y(θ) = 0 μUL
exp(θ) = 1 σ(θ) ≈ σBSM(θ)

Cranmer et al. 2010 

ATL-PHYS-PUB-2019-932

• Find the 4 contours with minimum num. queries to     Active Learning  f ⟶

Evaluate true limits
Evaluate the true limits of 

batch   and get yj = log μ(θj)

Choose new param points

New param points  

where exclusion status most uncertain


{θi+1
1 , . . . , θi+1

q }

Gaussian Process Regression

Estimate the overall surface  

given all  s.  Is surface  sharp? 

θ → log μ(θ)

𝒟i y(θ) = 0

For each new batch of BSM parameter points  do:
{θi
1, . . . , θi

q}

No

Yes
END

mailto:iem244@nyu.edu
https://arxiv.org/abs/1010.2506
https://cds.cern.ch/record/2686290


Irina Espejo iem244@nyu.edu

on MC Production System 
Evaluate param points
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Latency is ~ 10 days.  

Latency improving since the start of project thanks to  

Zubair Bhatti (NYU).


Ideally 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

Source: Zubair Bhatti

mailto:iem244@nyu.edu
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Gaussian Process Regression
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Basics

Source: Rasmussen & Williams

mean

data

var

• 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))

f(x)

mailto:iem244@nyu.edu
http://gaussianprocess.org/gpml/chapters/RW.pdf
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Gaussian Process Regression
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Basics

Multitask Task #1: regression SimpleAnalysis data 
Task #2: regression reco-level data

Source: Rasmussen & Williams

mean

data

var

• 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))

f(x)

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 
Leads to unreasonable fits
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Warm start
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Simple vs sec vs reco

1. Populate param space with  

SimpleAnalysis (low fidelity)  

 

2. Query reco-level (high-fidelity)

Saves resources 

Better than start from scratch

mailto:iem244@nyu.edu
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• Abstraction of full analysis pipeline, evaluated thanks to
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• Find the 4 contours with minimum num. queries to     Active Learning  f ⟶

Evaluate true limits
Evaluate the true limits of 

batch   and get yj = log μ(θj)

Choose new param points

New param points  

where exclusion status most uncertain


{θi+1
1 , . . . , θi+1

q }

Gaussian Process Regression

Estimate the overall surface  

given ALL data   s.  Is surface  

sharp? 

θ → log μ(θ)

𝒟i y(θ) = 0

For each new batch of BSM parameter points  do:
{θi
1, . . . , θi

q}

No

Yes
END
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Choosing new param points

17

Entropy and Poisson-disc

Bo
rro

w
ed

 fr
om

 P
at

ric
k 

Ri
ec

k

• Exclusion Entropy based on posterior 




 
 
 
 
 
 

• Maximum entropy achieved at  , maximum uncertainty 

wether exclude  or not

H(θ) = − pex log pex − (1 − pex)log(1 − pex)

1
2

θ

θBSM

log μ

pex
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Results
Number of points evaluated high-res:  ~ 800 

Active Learning rounds: 4

𝒟reco, total
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  ~5000 points 𝒟SA

ms

gχ

Recall θ = (mZ′￼, ms, mχ, gχ)
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  ~5000 points 𝒟SA

mχ

gχ

Recall θ = (mZ′￼, ms, mχ, gχ)
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• Sharp local entropy around expected contour 

• True target distribution concentrates around 0 

• Classification confusion matrix  

test set! 

• Posterior variance on expected contour 

  << posterior mean yexp, reco yexp, reco ± y±1σ, reco

Convergence and evaluation metrics
Results

23
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Take home message
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• 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

mailto:iem244@nyu.edu
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Q&A
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Gaussian Process Regression
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Basics

Multitask Task #1: regression SimpleAnalysis data 
Task #2: regression reco-level data

Source: Rasmussen & Williams

mean

data

var
• 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))

f(x)

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 
Leads to unreasonable fits

Bonilla et al. 2007

Implemented with GPyTorch (Gardner et al. 2018)

Hamelijnck et al. 2019

(yexp, SA(θ), yexp, reco(θ)) ∼ 𝒢𝒫(m(θ), k(θ, θ′￼))

m(θ) := wT θ + b with w ∈ ℝ4, b ∈ ℝ

k(θ, θ′￼) = ktask ⊙ kRBF(θ, θ′￼) + ϵ2δ(θ, θ′￼)

where  kRBF(θ, θ′￼) = exp (−
| |θ − θ′￼| |2

2 l2 ), with l ∈ ℝ+

where  ktask = (Σrr Σrs

Σrs Σss) with Σrr, Σss, Σrs ∈ ℝ

mailto:iem244@nyu.edu
http://gaussianprocess.org/gpml/chapters/RW.pdf
https://papers.nips.cc/paper/2007/hash/66368270ffd51418ec58bd793f2d9b1b-Abstract.html
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https://arxiv.org/abs/1809.11165
https://arxiv.org/abs/1906.08344

