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Short answer …
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Yes! We even have a forum dedicated to doing just that …

Current Members à ~ 100 participants from pheno & experimental communities 

Starting point :
Join the mailing list : 

https://twiki.cern.ch/twiki/bin/view/LHCPhysics/InterpretingLHCresults
info-LHC-interpretation@cern.ch

~ Regular workshops – latest 15th - 19th February 2021 : https://indico.cern.ch/event/982553/
- Dedicated sessions on LLP searches, EFT (re)interpretations & non-LHC experiments (neutrino, dark matter…)
- Tutorial sessions for public re-interpretation tools (all recorded, have a go yourself!) 

https://twiki.cern.ch/twiki/bin/view/LHCPhysics/InterpretingLHCresults
mailto:info-LHC-interpretation@cern.ch
https://indico.cern.ch/event/982553/


Recommendations for re-interpretations
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SciPostPhys.9.2.022 (2020) 
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“Re-use means a longer legacy for analyses, as well as 
compliance with ever stricter requirements of data-publication 
and reusability for publicly funded research.” 

https://scipost.org/SciPostPhys.9.2.022
https://indico.cern.ch/event/982553/contributions/4220022/attachments/2189947/3701288/RiFwelcome.pdf


Can’t spell “re”-interpretation without interpretation
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Impossible to summarize the breadth of experimental results (and ways 
they are presented) in one slide or even one seminar
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WWZ
� = 0.55 ± 0.14 + 0.15 � 0.13 pb (data)

Sherpa 2.2.2 (theory) 79.8 PLB 798 (2019) 134913
WWW

� = 0.65 + 0.16 � 0.15 + 0.16 � 0.14 pb (data)
Sherpa 2.2.2 (theory) 79.8 PLB 798 (2019) 134913

tZj � = 620 ± 170 ± 160 fb (data)
NLO+NLL (theory) 36.1 PLB 780 (2018) 557

t̄tZ � = 176 + 52 � 48 ± 24 fb (data)
HELAC-NLO (theory) 20.3 JHEP 11, 172 (2015)

� = 950 ± 80 ± 100 fb (data)
Madgraph5 + aMCNLO (theory) 36.1 PRD 99, 072009 (2019)

t̄tW � = 369 + 86 � 79 ± 44 fb (data)
MCFM (theory) 20.3 JHEP 11, 172 (2015)

� = 870 ± 130 ± 140 fb (data)
Madgraph5 + aMCNLO (theory) 36.1 PRD 99, 072009 (2019)

ts�chan � = 4.8 ± 0.8 + 1.6 � 1.3 pb (data)
NLO+NNL (theory) 20.3 PLB 756, 228-246 (2016)

ZZ
� = 6.7 ± 0.7 + 0.5 � 0.4 pb (data)

NNLO (theory) 4.6 JHEP 03, 128 (2013)
PLB 735 (2014) 311

� = 7.3 ± 0.4 + 0.4 � 0.3 pb (data)
NNLO (theory) 20.3 JHEP 01, 099 (2017)

� = 17.3 ± 0.6 ± 0.8 pb (data)
Matrix (NNLO) & Sherpa (NLO) (theory) 36.1 PRD 97 (2018) 032005

WZ
� = 19 + 1.4 � 1.3 ± 1 pb (data)

MATRIX (NNLO) (theory) 4.6 EPJC 72, 2173 (2012)
PLB 761 (2016) 179

� = 24.3 ± 0.6 ± 0.9 pb (data)
MATRIX (NNLO) (theory) 20.3 PRD 93, 092004 (2016)

PLB 761 (2016) 179

� = 51 ± 0.8 ± 2.3 pb (data)
MATRIX (NNLO) (theory) 36.1 EPJC 79, 535 (2019)

PLB 761 (2016) 179

Wt
� = 16.8 ± 2.9 ± 3.9 pb (data)

NLO+NLL (theory) 2.0 PLB 716, 142-159 (2012)

� = 23 ± 1.3 + 3.4 � 3.7 pb (data)
NLO+NLL (theory) 20.3 JHEP 01, 064 (2016)

� = 94 ± 10 + 28 � 23 pb (data)
NLO+NNLL (theory) 3.2 JHEP 01 (2018) 63

H
� = 22.1 + 6.7 � 5.3 + 3.3 � 2.7 pb (data)

LHC-HXSWG YR4 (theory) 4.5 EPJC 76, 6 (2016)

� = 27.7 ± 3 + 2.3 � 1.9 pb (data)
LHC-HXSWG YR4 (theory) 20.3 EPJC 76, 6 (2016)

� = 57 + 6 � 5.9 + 4 � 3.3 pb (data)
LHC-HXSWG YR4 (theory) 36.1 ATLAS-CONF-2017-047

WW
� = 51.9 ± 2 ± 4.4 pb (data)

NNLO (theory) 4.6 PRD 87, 112001 (2013)
PRL 113, 212001 (2014)

� = 68.2 ± 1.2 ± 4.6 pb (data)
NNLO (theory) 20.3 PLB 763, 114 (2016)

� = 130.04 ± 1.7 ± 10.6 pb (data)
NNLO (theory) 36.1 EPJC 79 (2019) 884

tt�chan
� = 68 ± 2 ± 8 pb (data)

NLO+NLL (theory) 4.6 PRD 90, 112006 (2014)

� = 89.6 ± 1.7 + 7.2 � 6.4 pb (data)
NLO+NLL (theory) 20.3 EPJC 77 (2017) 531

� = 247 ± 6 ± 46 pb (data)
NLO+NLL (theory) 3.2 JHEP 04 (2017) 086

t̄t
� = 182.9 ± 3.1 ± 6.4 pb (data)

top++ NNLO+NNLL (theory) 4.6 EPJC 74: 3109 (2014)

� = 242.9 ± 1.7 ± 8.6 pb (data)
top++ NNLO+NNLL (theory) 20.2 EPJC 74: 3109 (2014)

� = 818 ± 8 ± 35 pb (data)
top++ NNLO+NLL (theory) 3.2 PLB 761 (2016) 136

Z
� = 29.53 ± 0.03 ± 0.77 nb (data)

DYNNLO+CT14 NNLO (theory) 4.6 JHEP 02 (2017) 117

� = 34.24 ± 0.03 ± 0.92 nb (data)
DYNNLO+CT14 NNLO (theory) 20.2 JHEP 02 (2017) 117

� = 58.43 ± 0.03 ± 1.66 nb (data)
DYNNLO+CT14 NNLO (theory) 3.2 JHEP 02 (2017) 117

W
� = 98.71 ± 0.028 ± 2.191 nb (data)

DYNNLO + CT14NNLO (theory) 4.6 EPJC 77 (2017) 367

� = 112.69 ± 3.1 nb (data)
DYNNLO + CT14NNLO (theory) 20.2 EPJC 79 (2019) 760

� = 190.1 ± 0.2 ± 6.4 nb (data)
DYNNLO + CT14NNLO (theory) 0.081 PLB 759 (2016) 601

pp � = 95.35 ± 0.38 ± 1.3 mb (data)
COMPETE HPR1R2 (theory) 8⇥10�8 Nucl. Phys. B, 486-548 (2014)

� = 96.07 ± 0.18 ± 0.91 mb (data)
COMPETE HPR1R2 (theory) 50⇥10�8 PLB 761 (2016) 158
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Where to find them
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Similar database (HepLike) dedicated for B-physics oriented 
measurements : https://github.com/mchrzasz/HEPLike https://github.com/HEPData/miscellaneous

See latest 
statistics here

G
. W

att

https://github.com/mchrzasz/HEPLike
https://github.com/HEPData/miscellaneous
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LHC “data” spectrum
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Wide spectrum of how experiments do and can present results à spectrum separated in terms of 
how easy it is to re-use the results provided 

Most assumptions
(easy to use) 

Clearly benefits across the spectrum (we should add to not subtract from these!)

Exclusion limits/contours 
In UV-complete models

Open data 

REANA/RECAST 
workflows

Signal strengths / 
Amplitudes

Simplified 
Likelihoods Simplified model

limits 

Unfolded/
Fiducial XS

Published (full) 
likelihoods

Inclusive XS

No assumptions
(more expert level)

Inspired by P.  Owen @ Reinterp2021

https://indico.cern.ch/event/982553/contributions/4206959/attachments/2190141/3701447/likelihoods_and_more_at_LHCb.pdf


Meaurements for re-interpretations
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In Higgs physics, often find “signal-strength” measurements 

à Standard model defined by 

à Assume only total rate of iiàHàff is modified by new physics (ok in certain models)

µi = µf = 1
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+ correlations

https://arxiv.org/abs/1809.10733


Meaurements for re-interpretations
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In Higgs physics, often find “signal-strength” measurements 

à Standard model defined by 

à Assume only total rate of iiàHàff is modified by new physics (ok in certain models)

µi = µf = 1
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+ correlations

Re-construct profile likelihood

µi, µf ! µi(CV , CF ), µf (CV , CF )
<latexit sha1_base64="oTG3wjfppjAhe89SlMhczYSeLr8=">AAACLnicbVBbS8MwGE29znmr+uhLcQgTxminoI/Dofg4wV1grSXN0i0sbUqSKqPUP+SLf0UfBBXx1Z9hthVxmwcSDuecj+Q7XkSJkKb5pi0sLi2vrObW8usbm1vb+s5uU7CYI9xAjDLe9qDAlIS4IYmkuB1xDAOP4pY3qI381h3mgrDwRg4j7ASwFxKfICiV5OoXdhC7CUlLD4rcJn5qc9LrS8g5u8+sYs1NmmlJ3Zfp0W9uSnX1glk2xzDmiZWRAshQd/UXu8tQHOBQIgqF6FhmJJ0EckkQxWnejgWOIBrAHu4oGsIACycZr5sah0rpGj7j6oTSGKt/JxIYCDEMPJUMoOyLWW8k/ud1YumfOQkJo1jiEE0e8mNqSGaMujO6hGMk6VARiDhRfzVQH3KIpGo4r0qwZleeJ81K2TouV65PCtXzrI4c2AcHoAgscAqq4ArUQQMg8AiewTv40J60V+1T+5pEF7RsZg9MQfv+AWkiqeQ=</latexit>

Re-parameterize in terms of coupling 
modifiers

https://arxiv.org/abs/1908.03952
https://arxiv.org/abs/1809.10733


Meaurements for re-interpretations
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In Higgs physics, often find “signal-strength” measurements 

à Standard model defined by 

à Assume only total rate of iiàHàff is modified by new physics (ok in certain models)

µi = µf = 1
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Re-construct profile likelihood

Extend Gaussian 
approximation with 
“variable Gaussian” 

µi, µf ! µi(CV , CF ), µf (CV , CF )
<latexit sha1_base64="oTG3wjfppjAhe89SlMhczYSeLr8=">AAACLnicbVBbS8MwGE29znmr+uhLcQgTxminoI/Dofg4wV1grSXN0i0sbUqSKqPUP+SLf0UfBBXx1Z9hthVxmwcSDuecj+Q7XkSJkKb5pi0sLi2vrObW8usbm1vb+s5uU7CYI9xAjDLe9qDAlIS4IYmkuB1xDAOP4pY3qI381h3mgrDwRg4j7ASwFxKfICiV5OoXdhC7CUlLD4rcJn5qc9LrS8g5u8+sYs1NmmlJ3Zfp0W9uSnX1glk2xzDmiZWRAshQd/UXu8tQHOBQIgqF6FhmJJ0EckkQxWnejgWOIBrAHu4oGsIACycZr5sah0rpGj7j6oTSGKt/JxIYCDEMPJUMoOyLWW8k/ud1YumfOQkJo1jiEE0e8mNqSGaMujO6hGMk6VARiDhRfzVQH3KIpGo4r0qwZleeJ81K2TouV65PCtXzrI4c2AcHoAgscAqq4ArUQQMg8AiewTv40J60V+1T+5pEF7RsZg9MQfv+AWkiqeQ=</latexit>

Re-parameterize in terms of coupling 
modifiers

Non-Gaussian effects matter!

https://arxiv.org/abs/1908.03952
https://arxiv.org/abs/1809.10733


Unfolding
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Truth/Gen Level Reconstructed

MC/unfolded data Smeared MC/observed data

Smearing 

Unfolding 

Unfolded measurements popular for 
interpretations 

Pros: 
• Removes the need to model the 

detector to compare to theory
• Systematic uncertainties included in 

the measurements

See M. Kuusela’s PhyStat Seminar for more unfolding issues 

Unfolded measurements can be used 
outside of experiments (c.f Contur)

https://indico.cern.ch/event/882374/attachments/2012749/3363408/CERN_Apr_2020.pdf
https://contur.hepforge.org/


Unfolding
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[1] S. Amrith, J. M. Butterworth, F. F. Deppisch, W. Liu, A. Varma, D. Yallup JHEP 1905 (2019) 154

“LHC constraints on a B − L gauge model using CONTUR” [1]

Phys. Rev. D 97, 032005 

Compare with ppà
ZZà 4l data from

RIVET CONTUR

+
Assume SM==data, constrain 
deviations to set limits

https://link.springer.com/article/10.1007%2FJHEP05%282019%29154
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.97.032005
https://rivet.hepforge.org/
https://hepcedar.gitlab.io/contur-webpage/


Unfolding?
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Truth/Gen Level Reconstructed

MC/unfolded data Smeared MC/observed data

Smearing 

Unfolding 

Unfolded measurements popular for 
interpretations 

Pros: 
• Removes the need to model the 

detector to compare to theory
• Systematic uncertainties included in 

the measurements

Cons:
• Often involves Gaussian 

approximations 
• Regularization required where 

response matrix very non-diagonal 
(can lead to biases)

JHEP 05 (2019) 141 WH(àbb)

VBF Hàμμ

JHEP 01 (2021) 148

https://link.springer.com/article/10.1007/JHEP05(2019)141
http://dx.doi.org/10.1007/JHEP01(2021)148


Unfolding?
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Truth/Gen Level Reconstructed

MC/unfolded data Smeared MC/observed data

Smearing 

Unfolding 

Unfolded measurements popular for 
interpretations 

Pros: 
• Removes the need to model the 

detector to compare to theory
• Systematic uncertainties included in 

the measurements

Cons:
• Often involves Gaussian 

approximations 
• Regularization required where 

response matrix very non-diagonal 
(can lead to biases)

• Often use ML based quantities to 
subtract backgrounds/classify 
signals à how would we unfold 
these to particle level?

JHEP 05 (2019) 141 WH(àbb)

VBF Hàμμ
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https://link.springer.com/article/10.1007/JHEP05(2019)141
http://dx.doi.org/10.1007/JHEP01(2021)148


Unfolding 
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Instead, we can re-interpret in the folded space 
à published likelihoods

Not really a new idea …

Workshop on 
confidence limits (2000)

https://cds.cern.ch/record/452080


LHC “data” spectrum

15Nicholas Wardle

Most assumptions
(easy to use) 

No assumptions
(more expert level)

I will focus on these
today

Exclusion limits/contours 
In UV-complete models

Open data 

REANA/RECAST 
workflows

Signal strengths / 
Amplitudes

Simplified model
limits 

Unfolded/
Fiducial XS

Published (full) 
likelihoods

Inclusive XS

Caveat: I mostly work on high-pT experimental LHC physics so examples mostly inspired from ATLAS/CMS results à
most of what I say however applies to LHC analyses in general and even beyond in some cases. 

Simplified 
Likelihoods 



Common choices for searches at the LHC
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[1] G. Cowan, K. Cranmer, E. Gross, O. Vitells Eur.Phys.J.C71:1554,2011

General form* for our experimental likelihood 
(for measurements, searches …) is 

Where α are the “parameters of interest”  (mass of a new hypothetical particle, cross-section for some new 
process …) and δ are the “nuisance parameters”. 

* For Bayesian approaches  ⇡(�) ! ⇡(↵, �)
<latexit sha1_base64="ott4YelbOb5u1XVrEbfuK3pG9xs=">AAACOXicbVBNSwMxEM3Wr1q/qh69BIugIGVXBT2KXjxWsK3QLWU2m7ah2c2SzCpl6d/y4r/wJnjxoIhX/4Dpx0HbPgh5vHnDzLwgkcKg6746uYXFpeWV/GphbX1jc6u4vVMzKtWMV5mSSt8HYLgUMa+iQMnvE80hCiSvB73rYb3+wLURKr7DfsKbEXRi0RYM0EqtYsVPxKEfKBmafmS/zA+5RBgc+Vp0ughaq0c64wGZdGFwPK+vVSy5ZXcEOku8CSmRCSqt4osfKpZGPEYmwZiG5ybYzECjYJIPCn5qeAKsBx3esDSGiJtmNrp8QA+sEtK20vbFSEfq344MIjNc0DojwK6Zrg3FebVGiu2LZibiJEUes/GgdiopKjqMkYZCc4aybwkwLeyulHVBA0MbdsGG4E2fPEtqJ2XvtHxye1a6vJrEkSd7ZJ8cEo+ck0tyQyqkShh5Im/kg3w6z8678+V8j605Z9KzS/7B+fkFQ+avmw==</latexit>

https://arxiv.org/ct?url=https%3A%2F%2Fdx.doi.org%2F10.1140%2Fepjc%2Fs10052-011-1554-0&v=8e59937c


Common choices for searches at the LHC
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↵ = µ
<latexit sha1_base64="PZSTBUi+MXTqflvzzdRt2VOgtRs=">AAACAnicbVDLSgMxFM34rPU16krcBIvgqsxUQTdC0Y3LCvYBnaFkMpk2NI8hyQhlKG78FTcuFHHrV7jzb0zbWWjrgZDDOfdy7z1Ryqg2nvftLC2vrK6tlzbKm1vbO7vu3n5Ly0xh0sSSSdWJkCaMCtI01DDSSRVBPGKkHQ1vJn77gShNpbg3o5SEHPUFTShGxko99zCIJIv1iNsvDxBLB2gMr2DAs55b8areFHCR+AWpgAKNnvsVxBJnnAiDGdK663upCXOkDMWMjMtBpkmK8BD1SddSgTjRYT49YQxPrBLDRCr7hIFT9XdHjriebGkrOTIDPe9NxP+8bmaSyzCnIs0MEXg2KMkYNBJO8oAxVQQbNrIEYUXtrhAPkELY2NTKNgR//uRF0qpV/bNq7e68Ur8u4iiBI3AMToEPLkAd3IIGaAIMHsEzeAVvzpPz4rw7H7PSJafoOQB/4Hz+AD8cl1E=</latexit>

At the LHC, the profiled likelihood ratio test statistic is 
the most common choice [1] à one parameter of 
interest μ – common multiplier for total signal yield 

[1] G. Cowan, K. Cranmer, E. Gross, O. Vitells Eur.Phys.J.C71:1554,2011

General form* for our experimental likelihood 
(for measurements, searches …) is 

Where α are the “parameters of interest”  (mass of a new hypothetical particle, cross-section for some new 
process …) and δ are the “nuisance parameters”. 

* For Bayesian approaches  ⇡(�) ! ⇡(↵, �)
<latexit sha1_base64="ott4YelbOb5u1XVrEbfuK3pG9xs=">AAACOXicbVBNSwMxEM3Wr1q/qh69BIugIGVXBT2KXjxWsK3QLWU2m7ah2c2SzCpl6d/y4r/wJnjxoIhX/4Dpx0HbPgh5vHnDzLwgkcKg6746uYXFpeWV/GphbX1jc6u4vVMzKtWMV5mSSt8HYLgUMa+iQMnvE80hCiSvB73rYb3+wLURKr7DfsKbEXRi0RYM0EqtYsVPxKEfKBmafmS/zA+5RBgc+Vp0ughaq0c64wGZdGFwPK+vVSy5ZXcEOku8CSmRCSqt4osfKpZGPEYmwZiG5ybYzECjYJIPCn5qeAKsBx3esDSGiJtmNrp8QA+sEtK20vbFSEfq344MIjNc0DojwK6Zrg3FebVGiu2LZibiJEUes/GgdiopKjqMkYZCc4aybwkwLeyulHVBA0MbdsGG4E2fPEtqJ2XvtHxye1a6vJrEkSd7ZJ8cEo+ck0tyQyqkShh5Im/kg3w6z8678+V8j605Z9KzS/7B+fkFQ+avmw==</latexit>

https://arxiv.org/ct?url=https%3A%2F%2Fdx.doi.org%2F10.1140%2Fepjc%2Fs10052-011-1554-0&v=8e59937c


Common choices for searches at the LHC
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↵ = µ
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At the LHC, the profiled likelihood ratio test statistic is 
the most common choice [1] à one parameter of 
interest μ – common multiplier for total signal yield 

[1] G. Cowan, K. Cranmer, E. Gross, O. Vitells Eur.Phys.J.C71:1554,2011

General form* for our experimental likelihood 
(for measurements, searches …) is 

Where α are the “parameters of interest”  (mass of a new hypothetical particle, cross-section for some new 
process …) and δ are the “nuisance parameters”. 

* For Bayesian approaches  ⇡(�) ! ⇡(↵, �)
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Sum over the signals / background contributions

https://arxiv.org/ct?url=https%3A%2F%2Fdx.doi.org%2F10.1140%2Fepjc%2Fs10052-011-1554-0&v=8e59937c
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General form* for our experimental likelihood 
(for measurements, searches …) is 

Where α are the “parameters of interest”  (mass of a new hypothetical particle, cross-section for some new 
process …) and δ are the “nuisance parameters”. 
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Sum over the signals / background contributions

Often use binned likelihood à Pr(.) are Poisson 
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Bin index
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Imagine a (rather simplified) model inspired by a typical search for some Supersymmetric particle or exotic signature.

• There is a single source of background (can also think of this as the sum of all backgrounds)
• The data (observations) are divided into regions we have;

• 3 categories for the data à each category has 30 bins
• Increasing S/B with bin-number, within each category



21Nicholas Wardle

Bin index
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Toy search for new physics

There are two uncertainties (labelled “efficiency” and “scale-factor”) on the background yields (N), and each bin has an 
uncertainty which is uncorrelated between bins (e.g this could be from limited Monte Carlo statistics used to estimate nI)
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There are two uncertainties (labelled “efficiency” and “scale-factor”) on the background yields (N), and each bin has an 
uncertainty which is uncorrelated between bins (e.g this could be from limited Monte Carlo statistics used to estimate nI)

Another two uncertainties correlated between bins (“energy scale” and “theory” uncertainty) 

In total this means 94 nuisance parameters 

Bin index
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Toy search for new physics
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Think of the expected number of background events in a 
given bin I, as the fraction of events in that bin (fI ) multiplied 
by the total number of events (N)

δ are nuisance parameters representing 
independent sources of uncertainty (in our 
case 94 of them)

Uncertainties in the normalisation (N) 
typically follow log-normals

Similarly for un-correlated bin-by-bin 
uncertainties

Κj and εIj represent the relative size and 
direction of the uncertainty

Toy search for new physics

Bin index
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The effects of correlated systematic uncertainties on nI are 
modelled using quadratic(linear) interpo(extrapo)lation
function 

Toy search for new physics
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Experimental likelihood

L(µ, �)⇡(�) =
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Now we can write the likelihood for this search as follows; 
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Experimental likelihood

L(µ, �)⇡(�) =
90Y
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P (nobs
I |µ · ns,I + nb,I(�)) ·

94Y
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Now we can write the likelihood for this search as follows; 

Specifying these terms with this generic form means the full likelihood can be communicated as plain text!

A lot of physicists’ time working on an LHC search is spent on these!
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JSON based (ROOT/XML free) encoded workspaces containing full likelihood 
model  à Build statistical model + perform inference using pyHF (developed by 
L. Heinrich, M. Feickert, G. Stark and K. Cranmer. )

à Swap out components of likelihood directly inside JSON for 
re-interpretations
à Re-interpret with different signal models via JSON patches

Access to full binned likelihood   

E. Schanet, Re-interp 2021 ATL-PHYS-PUB-2019-029 

https://github.com/scikit-hep/pyhf
https://indico.cern.ch/event/982553/contributions/4219480/attachments/2190171/3701485/reinterpretation_workshop_210215.pdf
https://cds.cern.ch/record/2684863?ln=en
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Published likelihoods in the wild!
Eur.Phys.J.C

80 (2020) 691, 2020

Example: “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” on HepData

• Total of 14 bins (split across 8 channels)
• O(100) nuisance parameters
• Signal patches for different chargino/neutralino masses 

https://doi.org/10.17182/hepdata.90607.v4
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Published likelihoods in the wild!
Eur.Phys.J.C

80 (2020) 691, 2020

Example: “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” on HepData

• Total of 14 bins (split across 8 channels)
• O(100) nuisance parameters
• Signal patches for different chargino/neutralino masses 

More likelihoods becoming available 
using this approach here …

https://doi.org/10.17182/hepdata.90607.v4
https://twiki.cern.ch/twiki/bin/view/AtlasPublic
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Counting inputs

L(µ, �)⇡(�) =
90Y
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P (nobs
I |µ · ns,I + nb,I(�)) ·

94Y

j=1

e��2j
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Back to our toy search, how many terms are needed to specify the full LH ?

Gaussian prior for each 
nuisance parameter 

90 observations 
(one per bin) 

90 expected 
signal yields 

90 functions; each requires 1+4 
quantities to specify  à 450 

One term per category à 3*2+3 = 9

For our toy search, we need 729 inputs

1 term for 
each bin à 90
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n̂I = nb,I(�
0)
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We can generate pseudo-experiments for nb,I since we know 
Use randomly sampled and to determine the distribution of the 
backgrounds…

In some bins, distributions looks symmetric and Gaussian 
à can be described by 2 moments (mean and variance)

p(�) := ⇡(�) ⇠ e�
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n̂I = nb,I(�
0)
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<latexit sha1_base64="i/ULw4rzEbpiV++XkzGkeKzDY9A=">AAACBXicbVDLSsNAFJ34rPUVdamLYBFclaQKuiy6cVnBPqCJZTK5aYdOMmFmIpSQjRt/xY0LRdz6D+78GydtFtp6YJjDOfdy7z1+wqhUtv1tLC2vrK6tVzaqm1vbO7vm3n5H8lQQaBPOuOj5WAKjMbQVVQx6iQAc+Qy6/vi68LsPICTl8Z2aJOBFeBjTkBKstDQwj1yfs0BOIv1lbgBM4fw+cxNBI8gHZs2u21NYi8QpSQ2VaA3MLzfgJI0gVoRhKfuOnSgvw0JRwiCvuqmEBJMxHkJf0xhHIL1sekVunWglsEIu9IuVNVV/d2Q4ksWiujLCaiTnvUL8z+unKrz0MhonqYKYzAaFKbMUt4pIrIAKIIpNNMFEUL2rRUZYYKJ0cFUdgjN/8iLpNOrOWb1xe15rXpVxVNAhOkanyEEXqIluUAu1EUGP6Bm9ojfjyXgx3o2PWemSUfYcoD8wPn8A/wCZhw==</latexit>

We can generate pseudo-experiments for nb,I since we know 
Use randomly sampled and to determine the distribution of the 
backgrounds…

In other cases however, distributions are very asymmetric
à Skewness (γ) provides a measure of asymmetry
à 3rd moment relevant for describing backgrounds

p(�) := ⇡(�) ⇠ e�
1
2�·�

<latexit sha1_base64="lzPneduRGusg2B1EVjQ4PRlw1Jo="></latexit>
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nb,I(�) ' aI + bI✓I + cI✓
2
I

<latexit sha1_base64="FikXaGY1+tpUNLBJcKqWwl+WF+k="></latexit>

1. Express nb,I as a simple expansion (quadratic) in terms of 
combined nuisance parameters θΙ I = 1 …90

For statistical (re-) interpretation purposes we eliminate nuisance parameters (δ)
à We are mainly interested in profiled / marginalized likelihoods 

Since the “backgrounds” are only dependent on the nuisance parameters, we can approximate in such a 
way that the profiled (or marginal) likelihood is preserved as follows [1]; 

[1] A. Buckley, M. Citron, S. Fichet, S. Kraml,  W. 
Waltenberger, NW J. High Energ. Phys. 2019, 64 (2019) * We can restore                                               if needed, but for this toy we keep μµ · ns,I ! ns,I(↵)

<latexit sha1_base64="js7J8Vt7eaNTvuDMso/f2ZW7u9M=">AAACI3icbVBNSwMxEM36bf2qevQSLIKClF0VFE+iF70pWC10S5nNpm0wmyzJrFKW/hcv/hUvHhTx4sH/YrZW0OqDkMd7M8zMi1IpLPr+uzc2PjE5NT0zW5qbX1hcKi+vXFmdGcZrTEtt6hFYLoXiNRQoeT01HJJI8uvo5qTwr2+5sUKrS+ylvJlAR4m2YIBOapUPwySjIYs1UtXK7fZZn4ZGdLoIxui7b20zjLSMbS9xXx6CTLvQ32qVK37VH4D+JcGQVMgQ563yaxhrliVcIZNgbSPwU2zmYFAwyfulMLM8BXYDHd5wVEHCbTMf3NinG06JaVsb9xTSgfqzI4fEFgu6ygSwa0e9QvzPa2TYPmjmQqUZcsW+BrUzSVHTIjAaC8MZyp4jwIxwu1LWBQMMXawlF0IwevJfcrVTDXarOxd7laPjYRwzZI2sk00SkH1yRE7JOakRRu7JI3kmL96D9+S9em9fpWPesGeV/IL38Qm1EqT0</latexit>

L(µ, �) ! L(µ)
<latexit sha1_base64="9KxGmRJTGtEBzzHqrI0YjDCJXWU=">AAACFnicbVDLSgMxFM3UV62vUZdugkVoQctMFXRZdOPCRQX7gE4pmUzahmYmQ3JHKUO/wo2/4saFIm7FnX9j+lho64WQwznncu89fiy4Bsf5tjJLyyura9n13Mbm1vaOvbtX1zJRlNWoFFI1faKZ4BGrAQfBmrFiJPQFa/iDq7HeuGdKcxndwTBm7ZD0It7llIChOvbJTcELk2PPlyLQw9B8qRcwAWRUxJ7ivT4QpeQDntiKHTvvlJxJ4UXgzkAezarasb+8QNIkZBFQQbRuuU4M7ZQo4FSwUc5LNIsJHZAeaxkYkZDpdjo5a4SPDBPgrlTmRYAn7O+OlIR6vLNxhgT6el4bk/9prQS6F+2UR3ECLKLTQd1EYJB4nBEOuGIUxNAAQhU3u2LaJ4pQMEnmTAju/MmLoF4uuael8u1ZvnI5iyOLDtAhKiAXnaMKukZVVEMUPaJn9IrerCfrxXq3PqbWjDXr2Ud/yvr8AdjEnyk=</latexit>

https://doi.org/10.1007/JHEP04(2019)064
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nb,I(�) ' aI + bI✓I + cI✓
2
I

<latexit sha1_base64="FikXaGY1+tpUNLBJcKqWwl+WF+k="></latexit>

1. Express nb,I as a simple expansion (quadratic) in terms of 
combined nuisance parameters θΙ I = 1 …90

P(x|y) = Poisson probability as before

For statistical (re-) interpretation purposes we eliminate nuisance parameters (δ)
à We are mainly interested in profiled / marginalized likelihoods 

Since the “backgrounds” are only dependent on the nuisance parameters, we can approximate in such a 
way that the profiled (or marginal) likelihood is preserved as follows [1]; 

[1] A. Buckley, M. Citron, S. Fichet, S. Kraml,  W. 
Waltenberger, NW J. High Energ. Phys. 2019, 64 (2019)

2. Re-parameterize likelihood in terms of μ* and θΙà Need to derive π(θ)!

L(µ, �)⇡(�) ! L(µ,✓)⇡(✓) =
P=90Y

I=1

P (nobs
I |µ · ns,I + aI + bI✓I + cI✓

2
I ) ·

1p
(2⇡)P

e�
1
2✓

T⇢�1✓

<latexit sha1_base64="ITuBzUAFKeMXRXUrbO67uVo7fhc="></latexit>

* We can restore                                               if needed, but for this toy we keep μµ · ns,I ! ns,I(↵)
<latexit sha1_base64="js7J8Vt7eaNTvuDMso/f2ZW7u9M=">AAACI3icbVBNSwMxEM36bf2qevQSLIKClF0VFE+iF70pWC10S5nNpm0wmyzJrFKW/hcv/hUvHhTx4sH/YrZW0OqDkMd7M8zMi1IpLPr+uzc2PjE5NT0zW5qbX1hcKi+vXFmdGcZrTEtt6hFYLoXiNRQoeT01HJJI8uvo5qTwr2+5sUKrS+ylvJlAR4m2YIBOapUPwySjIYs1UtXK7fZZn4ZGdLoIxui7b20zjLSMbS9xXx6CTLvQ32qVK37VH4D+JcGQVMgQ563yaxhrliVcIZNgbSPwU2zmYFAwyfulMLM8BXYDHd5wVEHCbTMf3NinG06JaVsb9xTSgfqzI4fEFgu6ygSwa0e9QvzPa2TYPmjmQqUZcsW+BrUzSVHTIjAaC8MZyp4jwIxwu1LWBQMMXawlF0IwevJfcrVTDXarOxd7laPjYRwzZI2sk00SkH1yRE7JOakRRu7JI3kmL96D9+S9em9fpWPesGeV/IL38Qm1EqT0</latexit>

⇢I,J = ⇢J,I
<latexit sha1_base64="EPpRSrRuNT8t2TdNSWTNv/ngzE0=">AAACAHicbVDLSgMxFM3UV62vURcu3ASL4KKUmSroRii6sV1VsA9ohyGTpm1oJhmSjFCG2fgrblwo4tbPcOffmLaz0NYDF07OuZfce4KIUaUd59vKrayurW/kNwtb2zu7e/b+QUuJWGLSxIIJ2QmQIoxy0tRUM9KJJEFhwEg7GN9O/fYjkYoK/qAnEfFCNOR0QDHSRvLto54cCT+pleopvIbzR71US3276JSdGeAycTNSBBkavv3V6wsch4RrzJBSXdeJtJcgqSlmJC30YkUihMdoSLqGchQS5SWzA1J4apQ+HAhpims4U39PJChUahIGpjNEeqQWvan4n9eN9eDKSyiPYk04nn80iBnUAk7TgH0qCdZsYgjCkppdIR4hibA2mRVMCO7iycukVSm75+XK/UWxepPFkQfH4AScARdcgiq4Aw3QBBik4Bm8gjfryXqx3q2PeWvOymYOwR9Ynz892pWI</latexit>These are the same as 

the full likelihood

L(µ, �) ! L(µ)
<latexit sha1_base64="9KxGmRJTGtEBzzHqrI0YjDCJXWU=">AAACFnicbVDLSgMxFM3UV62vUZdugkVoQctMFXRZdOPCRQX7gE4pmUzahmYmQ3JHKUO/wo2/4saFIm7FnX9j+lho64WQwznncu89fiy4Bsf5tjJLyyura9n13Mbm1vaOvbtX1zJRlNWoFFI1faKZ4BGrAQfBmrFiJPQFa/iDq7HeuGdKcxndwTBm7ZD0It7llIChOvbJTcELk2PPlyLQw9B8qRcwAWRUxJ7ivT4QpeQDntiKHTvvlJxJ4UXgzkAezarasb+8QNIkZBFQQbRuuU4M7ZQo4FSwUc5LNIsJHZAeaxkYkZDpdjo5a4SPDBPgrlTmRYAn7O+OlIR6vLNxhgT6el4bk/9prQS6F+2UR3ECLKLTQd1EYJB4nBEOuGIUxNAAQhU3u2LaJ4pQMEnmTAju/MmLoF4uuael8u1ZvnI5iyOLDtAhKiAXnaMKukZVVEMUPaJn9IrerCfrxXq3PqbWjDXr2Ud/yvr8AdjEnyk=</latexit>

https://doi.org/10.1007/JHEP04(2019)064
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Nearly done with the formulae…
Coefficients obtained by matching moments 
and appealing to CLT at NLO.

Coefficients a, b and c are determined from 
the first 3 central moments of the joint 
distributions of nb,I - Mean, covariance and 
skew

Solutions valid for
8(m2,II)3

(m3,I)2
� 1

<latexit sha1_base64="gigUyr+UUp+gIrfSu7b4IgAhFg0=">AAACFnicbVDLSgMxFM3UV62vqks3wSJUqGVmKthl0Y3dVbAPaMchk2ba0ExmTDJCGeYr3Pgrblwo4lbc+Temj4W2Hgice8693NzjRYxKZZrfRmZldW19I7uZ29re2d3L7x+0ZBgLTJo4ZKHoeEgSRjlpKqoY6USCoMBjpO2NriZ++4EISUN+q8YRcQI04NSnGCktufmzni8QTqqwGLiJXarX09O7pJKmyaSulKalnaawNyD30HLzBbNsTgGXiTUnBTBHw81/9fohjgPCFWZIyq5lRspJkFAUM5LmerEkEcIjNCBdTTkKiHSS6VkpPNFKH/qh0I8rOFV/TyQokHIceLozQGooF72J+J/XjZVfdRLKo1gRjmeL/JhBFcJJRrBPBcGKjTVBWFD9V4iHSOekdJI5HYK1ePIyadllq1K2b84Ltct5HFlwBI5BEVjgAtTANWiAJsDgETyDV/BmPBkvxrvxMWvNGPOZQ/AHxucPRdWdjg==</latexit>



Moments can be calculated analytically or (my preference) using pseudo experiments
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Nearly done with the formulae…
Coefficients obtained by matching moments 
and appealing to CLT at NLO.

Coefficients a, b and c are determined from 
the first 3 central moments of the joint 
distributions of nb,I - Mean, covariance and 
skew

Solutions valid for

These quantities are the inputs 
needed to determine the 
simplified likelihood 

8(m2,II)3

(m3,I)2
� 1

<latexit sha1_base64="gigUyr+UUp+gIrfSu7b4IgAhFg0=">AAACFnicbVDLSgMxFM3UV62vqks3wSJUqGVmKthl0Y3dVbAPaMchk2ba0ExmTDJCGeYr3Pgrblwo4lbc+Temj4W2Hgice8693NzjRYxKZZrfRmZldW19I7uZ29re2d3L7x+0ZBgLTJo4ZKHoeEgSRjlpKqoY6USCoMBjpO2NriZ++4EISUN+q8YRcQI04NSnGCktufmzni8QTqqwGLiJXarX09O7pJKmyaSulKalnaawNyD30HLzBbNsTgGXiTUnBTBHw81/9fohjgPCFWZIyq5lRspJkFAUM5LmerEkEcIjNCBdTTkKiHSS6VkpPNFKH/qh0I8rOFV/TyQokHIceLozQGooF72J+J/XjZVfdRLKo1gRjmeL/JhBFcJJRrBPBcGKjTVBWFD9V4iHSOekdJI5HYK1ePIyadllq1K2b84Ltct5HFlwBI5BEVjgAtTANWiAJsDgETyDV/BmPBkvxrvxMWvNGPOZQ/AHxucPRdWdjg==</latexit>



Convergence of moment calculation 
with pseudo-data
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3rd Moment typically requires most toys to get accurate value, however this is mostly true 
when m3 is small and therefore not so relevant!
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How well does this approximate the distribution of nI?
We can compare the distribution of          obtained in the pseudo-data from 

A. generating from 

B. generating from 

n̂I
<latexit sha1_base64="xSwxbcxQl4C+oXouI0AuQOv5T0U=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0mqoMeiF71VsB+QhrLZbtqlm92wOxFKyM/w4kERr/4ab/4bt20O2vpg4PHeDDPzwkRwA6777ZTW1jc2t8rblZ3dvf2D6uFRx6hUU9amSijdC4lhgkvWBg6C9RLNSBwK1g0ntzO/+8S04Uo+wjRhQUxGkkecErCS3x8TyGQ+yO7zQbXm1t058CrxClJDBVqD6ld/qGgaMwlUEGN8z00gyIgGTgXLK/3UsITQCRkx31JJYmaCbH5yjs+sMsSR0rYk4Ln6eyIjsTHTOLSdMYGxWfZm4n+en0J0HWRcJikwSReLolRgUHj2Px5yzSiIqSWEam5vxXRMNKFgU6rYELzll1dJp1H3LuqNh8ta86aIo4xO0Ck6Rx66Qk10h1qojShS6Bm9ojcHnBfn3flYtJacYuYY/YHz+QO7KZGL</latexit>

p(�) := ⇡(�) ⇠ e�
1
2�·�

<latexit sha1_base64="lzPneduRGusg2B1EVjQ4PRlw1Jo="></latexit>

n̂I = nb,I(�
0)

<latexit sha1_base64="wwQF5hp6IE17xGjJRmnVE+pTt6c=">AAACHHicbVBNSwMxEM36bf2qevQSLIKClF0V9CKIXvSmYFXo1iWbndrQbHZJZoUS9od48a948aCIFw+C/8a09uDXg5DHezPMzItzKQz6/oc3Mjo2PjE5NV2ZmZ2bX6guLl2YrNAcGjyTmb6KmQEpFDRQoISrXANLYwmXcfeo71/egjYiU+fYy6GVshsl2oIzdFJU3Q47DK0qI3tS0n2qIhtvnpTrYZzJxPRS99kwAYmsvLZhrkUK5UZUrfl1fwD6lwRDUiNDnEbVtzDJeJGCQi6ZMc3Az7FlmUbBJZSVsDCQM95lN9B0VLEUTMsOjivpmlMS2s60ewrpQP3eYVlq+pu6ypRhx/z2+uJ/XrPA9l7LCpUXCIp/DWoXkmJG+0nRRGjgKHuOMK6F25XyDtOMo8uz4kIIfp/8l1xs1YPt+tbZTu3gcBjHFFkhq2SdBGSXHJBjckoahJM78kCeyLN37z16L97rV+mIN+xZJj/gvX8C0KCidg==</latexit>

n4

n 6
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p(✓) ⇠ e�
1
2✓

T ⇢�1✓
<latexit sha1_base64="XmQf7PtV1MICahjepOHXv0u17VU="></latexit>

n̂I = nb,I(✓
0
I)

<latexit sha1_base64="5cqpHbQgQKM4VzJhvI0+7gHw9m4=">AAACE3icbVA9SwNBEN3z2/gVtbRZDIKKhLsoaCOINqaLYDSQi8feZmKW7O0du3NCOO4/2PhXbCwUsbWx89+4iSk0+mDg8d4MM/PCRAqDrvvpTExOTc/Mzs0XFhaXlleKq2tXJk41hzqPZawbITMghYI6CpTQSDSwKJRwHfbOBv71HWgjYnWJ/QRaEbtVoiM4QysFxV2/yzBTeZBVc3pMVZCFe9V828cuIBuIN5mfaBFBvhMUS27ZHYL+Jd6IlMgItaD44bdjnkagkEtmTNNzE2xlTKPgEvKCnxpIGO+xW2haqlgEppUNf8rpllXatBNrWwrpUP05kbHImH4U2s6IYdeMewPxP6+ZYueolQmVpAiKfy/qpJJiTAcB0bbQwFH2LWFcC3sr5V2mGUcbY8GG4I2//JdcVcrefrlycVA6OR3FMUc2yCbZJh45JCfknNRInXByTx7JM3lxHpwn59V5+26dcEYz6+QXnPcv/+qePQ==</latexit>
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A (full 
likelihood)

B (simplified 
likelihood)

C (linear SL, I’ll 
explain it in 
the next slide)
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How well does this approximate the distribution of nI?

A (full likelihood)

B (simplified likelihood)

C (linear SL)

When (the skew) is small, the linear 
approximation is fairly good, as expected. 

In C, there is a further simplification that m3,I is 0. In this case, the 
expressions simplify to*  

Bin index

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90

Nu
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1

10

210

Observed data

 stat unc.)±Nominal background (

Energy scale up/down

Theory uncertainty up/down

New physics signal

Category 1  (s.f.)
-26.11
+13.50 (eff.) -54.12

+43.50 = 1006.50 N Category 2  (s.f.)
-39.01
+31.10 (eff.) -29.13

+18.60 = 256.40 N Category 3  (s.f.)
-9.90
-12.60 (eff.) -10.93

+7.40 = 52.60 N

nb,I(✓I) = AI +BI✓I
<latexit sha1_base64="2QxqyR92tpSXIgGg5lUw2+Q7dAc=">AAACFHicbZDLSgMxFIYz9VbrrerSTbAIlUqZqYJuhFo3dlfBXqAtQyZN29BMZkjOCGXoQ7jxVdy4UMStC3e+jekF1NYDgY//P4eT83uh4Bps+8tKLC2vrK4l11Mbm1vbO+ndvZoOIkVZlQYiUA2PaCa4ZFXgIFgjVIz4nmB1b3A99uv3TGkeyDsYhqztk57kXU4JGMlN56QbeyflUbYFfQbEjcujY3yJr8aAc7jkln8MN52x8/ak8CI4M8igWVXc9GerE9DIZxKoIFo3HTuEdkwUcCrYKNWKNAsJHZAeaxqUxGe6HU+OGuEjo3RwN1DmScAT9fdETHyth75nOn0CfT3vjcX/vGYE3Yt2zGUYAZN0uqgbCQwBHieEO1wxCmJogFDFzV8x7RNFKJgcUyYEZ/7kRagV8s5pvnB7limWZnEk0QE6RFnkoHNURDeogqqIogf0hF7Qq/VoPVtv1vu0NWHNZvbRn7I+vgFZU50h</latexit>

p(✓) ⇠ e�
1
2✓

T v�1✓
<latexit sha1_base64="m1YXpaEuN+fa3/iiG4WygXX97Eo="></latexit>

AI = m1,I , BI = m2,II , vIJ = m2,IJ
<latexit sha1_base64="oOUzCXxhGlzD7dZxmQcLyOz5rPE=">AAACHXicbZBNSwJBGMdn7c3sbatjlyEJOojsmlCXwOySngxSA12W2XFWB2dfmJkVZNk+SJe+SpcORXToEn2bRl2wtD8M/Pk9z8Mzz98JGRXSML61zMrq2vpGdjO3tb2zu6fvH7REEHFMmjhgAb93kCCM+qQpqWTkPuQEeQ4jbWd4Pam3R4QLGvh3chwSy0N9n7oUI6mQrZev7LiWwEvo2bFZqCWFh+oclAq1CRkpUp+jemLreaNoTAWXjZmaPEjVsPXPbi/AkUd8iRkSomMaobRixCXFjCS5biRIiPAQ9UlHWR95RFjx9LoEnijSg27A1fMlnNLfEzHyhBh7jur0kByIxdoE/lfrRNK9sGLqh5EkPp4tciMGZQAnUcEe5QRLNlYGYU7VXyEeII6wVIHmVAjm4snLplUqmmfF0m05X6mmcWTBETgGp8AE56ACbkADNAEGj+AZvII37Ul70d61j1lrRktnDsEfaV8/IjifeA==</latexit>

*approach as in CMS-NOTE-2017-001, and K. Cranmer, S. Kreiss, D. López-Val, T. Plehn, PhysRevD 91 054032 

https://cds.cern.ch/record/2242860?ln=en
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.91.054032
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How well does this approximate the distribution of nI?

A (full likelihood)

B (simplified likelihood)

C (linear SL)
Bin index

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90

Nu
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210

Observed data

 stat unc.)±Nominal background (

Energy scale up/down

Theory uncertainty up/down

New physics signal

Category 1  (s.f.)
-26.11
+13.50 (eff.) -54.12

+43.50 = 1006.50 N Category 2  (s.f.)
-39.01
+31.10 (eff.) -29.13

+18.60 = 256.40 N Category 3  (s.f.)
-9.90
-12.60 (eff.) -10.93

+7.40 = 52.60 N

*approach as in CMS-NOTE-2017-001, and K. Cranmer, S. Kreiss, D. López-Val, T. Plehn, PhysRevD 91 054032 

https://cds.cern.ch/record/2242860?ln=en
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.91.054032


Get to the punchline already Nick …
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Eliminating nuisance parameters (δ or θ) indicates how 
accurately we can reproduce statistical interpretations.

*No reason why we couldn’t have marginalised the 
likelihood to compare Bayesian posterior distributions instead of profiling.  

e.g. the profiled likelihood ratio test-statistic* is used 
to set limits on new physics processes at the LHC  

HepData
Inputs for toy search 
uploaded to 

Public scipy-based code to calculate 
SL coefficients and run statistical tests 
on GitLab

https://www.hepdata.net/record/sandbox/1535641814
https://gitlab.cern.ch/SimplifiedLikelihood/SLtools


How simple is that ? 
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Counting all the inputs needed 

In our toy search, we need 90+90+90+(90*90)/2 = 4320 terms 
to specify the background yields 

à Total of 4500 to specify the simplified likelihood (with signal 
and data)

à Only needed 729 inputs to specify the full likelihood 

P = 90

Q = 100

If P = number of bins, Q = number of nuisance parameters 
• Number of inputs needed for full likelihood ~ 2Q (at large Q) 

à constant for simplified likelihood
• Number of inputs needed for simplified likelihood 

~ (P2)/2 + P (at large P)



How simple is that ? 
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Counting all the inputs needed 

In our toy search, we need 90+90+90+(90*90)/2 = 4320 terms 
to specify the background yields 

à Total of 4500 to specify the simplified likelihood (with signal 
and data)

à Only needed 729 inputs to specify the full likelihood 

P = 90

Q = 100

If P = number of bins, Q = number of nuisance parameters 
• Number of inputs needed for full likelihood ~ 2Q (at large Q) 

à constant for simplified likelihood
• Number of inputs needed for simplified likelihood 

~ (P2)/2 + P (at large P)

Simplified likelihood greatly reduces complexity for P << Q !  



What about fitting time? 
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O(100) nuisance parameters simplified using python-
simplify

Creating PDF/LH and calculating upper limit:  

ATLAS Search

94 nuisance parameters

Evaluate 16 points in a profiled likelihood 
scan: 

Toy Search

E. Schanet, Re-interp 2021

RooFit/MINUIT based full likelihood: 
~ 31 s on CPU

SLtools based simplified likelihood: 
~ 1.6 s on CPU

Easily find speed-up of 10-100x in 
terms of fitting / statistical inference 
time when using simplified likelihoods!

https://github.com/eschanet/simplify
https://indico.cern.ch/event/982553/contributions/4219480/attachments/2190171/3701485/reinterpretation_workshop_210215.pdf
https://gitlab.cern.ch/SimplifiedLikelihood/SLtools


Can we do even better?
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Essentially what we are doing is to approximate the distribution of the mean for  the Poisson 
probabilities, i.e we want;  

So that we can plug n into the Poisson terms and constrain them. But why stop there? At the end, we care 
about * 

Which, once we specify x is just a function;

We know of statistical models that can be trained to “learn” this function à Use machine learning to 
approximate and communicate the likelihood!

p(n(�)|�)
<latexit sha1_base64="5GmQAA1//UHxKAvNcXgV78UZc0Q=">AAACEnicbVC7TsMwFHV4lvIKMLJYVEjtUiUFCcYKFsYi0YfURJXjOK1Vx45sB6kK/QYWfoWFAYRYmdj4G5w2A7RcyfLROffqnnuChFGlHefbWlldW9/YLG2Vt3d29/btg8OOEqnEpI0FE7IXIEUY5aStqWakl0iC4oCRbjC+zvXuPZGKCn6nJwnxYzTkNKIYaUMN7FpS9WKkR0GU8WnVCwnTqPbgBYKFahKbL5tz09rArjh1Z1ZwGbgFqICiWgP7ywsFTmPCNWZIqb7rJNrPkNQUMzIte6kiCcJjNCR9AzmKifKz2UlTeGqYEEZCmsc1nLG/JzIUq9yg6cztq0UtJ//T+qmOLv2M8iTVhOP5oihlUAuY5wNDKgnWbGIAwpIarxCPkERYmxTLJgR38eRl0GnU3bN64/a80rwq4iiBY3ACqsAFF6AJbkALtAEGj+AZvII368l6sd6tj3nrilXMHIE/ZX3+ABw5nmI=</latexit>

* I know, I know, here I use L for a product of the likelihood and the priors!

L(↵, �) / p(x|↵, �)⇡(↵, �)
<latexit sha1_base64="HiMw3BoW9I32eKS3YOqMfRtbjg0="></latexit>

(↵, �) ! L(↵, �)
<latexit sha1_base64="BL5hy34ZBtolS2tCbEmLZedDPLM=">AAACSXicjVA9SwNBFNxL/IjxK2ppsxgEBQl3UdAyaGNhEcFoIBfiu71Nsrh3e+y+U8KRv2djZ+d/sLFQxMpNTKHRwoFlh5k37NsJEikMuu6Tk8vPzM7NFxaKi0vLK6ultfVLo1LNeIMpqXQzAMOliHkDBUreTDSHKJD8Krg5GflXt1wboeILHCS8HUEvFl3BAK3UKV3v+IGSoRlE9sp8kEkfhns/tJBLhOGur0Wvj6C1uqNn/07RTqnsVtwx6G/iTUiZTFDvlB79ULE04jEyCca0PDfBdgYaBZN8WPRTwxNgN9DjLUtjiLhpZ+MmhnTbKiHtKm1PjHSsfk9kEJnRhnYyAuybaW8k/uW1UuwetTMRJynymH091E0lRUVHtdJQaM5QDiwBpoXdlbI+aGBoyy/aErzpL/8ml9WKt1+pnh+Ua8eTOgpkk2yRHeKRQ1Ijp6ROGoSRe/JMXsmb8+C8OO/Ox9dozplkNsgP5PKfD7K1Vw==</latexit>



DNN based likelihoods
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[1] A. Coccaro, M. Pierini, L. Silvestrini, R. Torre:  Eur. Phys. J. C 80, 664 (2020).

Random samples from the toy search experimental 
likelihood serve as training data for a Deep Neural 
Network [1]  

Bin index

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87 88 89 90
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210

Observed data

 stat unc.)±Nominal background (

Energy scale up/down

Theory uncertainty up/down

New physics signal

Category 1  (s.f.)
-26.11
+13.50 (eff.) -54.12

+43.50 = 1006.50 N Category 2  (s.f.)
-39.01
+31.10 (eff.) -29.13

+18.60 = 256.40 N Category 3  (s.f.)
-9.90
-12.60 (eff.) -10.93

+7.40 = 52.60 N

δ1

δ2.
. μ

log(L)

• 2 hidden layer NN, with SELU activation functions between 
layers – tested different #nodes in hidden layers.

• Adam optimizer with MSE as loss function to train the NN 
parameters. 

• Sampling based on p(x) – in this case known from the expt. LH

https://link.springer.com/article/10.1140%2Fepjc%2Fs10052-020-8230-1


DNN based likelihoods
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Profiled log-likelihood ratio demonstrates accuracy of 
DNN likelihood in terms of statistical inference
• Accuracy depends on number of sample points (N)used 

to train (more than required to determine 
covariances+skew but not prohibitively large)

N = 1x105

N = 2x105 

N = 5x105

Python based code for training 
and evaluating DNN LH 

ONXX format for publishing LH



ML-based likehood(ratios)
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In some cases, it may be more challenging than necessary to learn the likelihood directly
à if p(x|α) must be obtained from some complex simulation, but can still generate from p

If you can find a function s(x) that is monotonic with r(x; α0,α1) [1], 
then;

[1] arXiv:1506.02169

r(x|↵0,↵1) =
p(x|↵0)

p(x|↵1)
=

p(s(x)|↵0)

p(s(x)|↵1)
<latexit sha1_base64="yjUmftfaRB/CifJur7+g5rbozq4="></latexit>

e.g s(x) can be a classifier trained to 
separate α0 vs α1

https://arxiv.org/abs/1506.02169


ML-based likehood(ratios)
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In some cases, it may be more challenging than necessary to learn the likelihood directly
à if p(x|α) must be obtained from some complex simulation, but can still generate from p

If you can find a function s(x) that is monotonic with r(x; α0,α1) [1], 
then;

r(x|↵0,↵1) =
p(x|↵0)

p(x|↵1)
=

p(s(x)|↵0)

p(s(x)|↵1)
<latexit sha1_base64="yjUmftfaRB/CifJur7+g5rbozq4="></latexit>

e.g s(x) can be a classifier trained to 
separate α0 vs α1
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Here x can be anything à not restricted to binned likelihoods!

[1] arXiv:1506.02169

http://diana-hep.org/carl/notebooks/Diagnostics%20for%20approximate%20likelihood%20ratios.html
https://arxiv.org/abs/1506.02169


ML-based likehood(ratios)
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In some cases, it may be more challenging than necessary to learn the likelihood directly
à if p(x|α) must be obtained from some complex simulation, but can still generate from p

If you can find a function s(x) that is monotonic with r(x; α0,α1) [1], 
then;

[1] arXiv:1506.02169
[2] arXiv:2010.06439

r(x|↵0,↵1) =
p(x|↵0)

p(x|↵1)
=

p(s(x)|↵0)

p(s(x)|↵1)
<latexit sha1_base64="yjUmftfaRB/CifJur7+g5rbozq4="></latexit>

e.g s(x) can be a classifier trained to 
separate α0 vs α1

likelihood-free based inference or Approximate Bayesian 
Computation (ABC) more common outside HEP - See [2] for a 
very nice review of applications in HEP!
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Here x can be anything à not restricted to binned likelihoods!

See the PhyStat seminar from Kyle Cranmer for more ML based approaches  

https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/2010.06439
http://diana-hep.org/carl/notebooks/Diagnostics%20for%20approximate%20likelihood%20ratios.html
https://indico.cern.ch/event/962997/attachments/2119949/3574708/PhyStat-Seminar-2020.pdf


Re-interpret != Re-produce
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I was supposed to be talking about 
Re-interpretation. 

All I’ve done is show you how we can re-produce
an experimental searches (or measurement)
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Re-interpret != Re-produce

L(µ, �)⇡(�) =
90Y

I=1

P (nobs
I |µ · ns,I + nb,I(�)) ·

94Y

j=1

e��2j

<latexit sha1_base64="p2c0myMH2v0N/s0OAol6yRUTKYE="></latexit>

Experimental likelihood

L(µ, �)⇡(�) ! L(µ,✓)⇡(✓) =
P=90Y

I=1

P (nobs
I |µ · ns,I + aI + bI✓I + cI✓

2
I ) ·

1p
(2⇡)P

e�
1
2✓

T⇢�1✓

<latexit sha1_base64="ITuBzUAFKeMXRXUrbO67uVo7fhc="></latexit>

Simplified likelihood

The same can be true for machine-learned based models for nb,I or p(x|ns,I,θ)

This part is the same for both LHs 
à Changing ns,I allows for re-use of  the 
likelihood for other signal hypotheses



Simplified likelihoods in the wild!

53Nicholas Wardle

Real experimental likelihoods converted into simplified likelihoods…

E. Phys. J. C 80, 691 (2020)  

“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 sqrt{s}=13 TeV
with the ATLAS detector”

Categorize data based on sensitivity to mass 
difference of and       ,  bin in�̃±

1
<latexit sha1_base64="a9N0Tt3Al4c1MA6d5Psj3H/EBEE=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSyCq5JUQZdFNy4r2Ac0MUwmk3bozCTMTIQSs/BX3LhQxK2/4c6/cdpmoa0HLhzOuZd77wlTRpV2nG9raXlldW29slHd3Nre2bX39jsqySQmbZywRPZCpAijgrQ11Yz0UkkQDxnphqPrid99IFLRRNzpcUp8jgaCxhQjbaTAPvQ0ZRHJPTykRZC7xX3upbwI7JpTd6aAi8QtSQ2UaAX2lxclOONEaMyQUn3XSbWfI6kpZqSoepkiKcIjNCB9QwXiRPn59P4CnhglgnEiTQkNp+rviRxxpcY8NJ0c6aGa9ybif14/0/Gln1ORZpoIPFsUZwzqBE7CgBGVBGs2NgRhSc2tEA+RRFibyKomBHf+5UXSadTds3rj9rzWvCrjqIAjcAxOgQsuQBPcgBZoAwwewTN4BW/Wk/VivVsfs9Ylq5w5AH9gff4AyVOWmA==</latexit>

�̃0
1

<latexit sha1_base64="xYG6UEJ11sJhsaKG+iXMvxxbjlc=">AAAB/XicbVDLSsNAFJ34rPUVHzs3wSK4KkkVdFl047KCfUATw2Ry0w6dTMLMRKgh+CtuXCji1v9w5984bbPQ1gMXDufcy733BCmjUtn2t7G0vLK6tl7ZqG5ube/smnv7HZlkgkCbJCwRvQBLYJRDW1HFoJcKwHHAoBuMrid+9wGEpAm/U+MUvBgPOI0owUpLvnnoKspCyF0ypIWfO8V9bhe+WbPr9hTWInFKUkMlWr755YYJyWLgijAsZd+xU+XlWChKGBRVN5OQYjLCA+hrynEM0sun1xfWiVZCK0qELq6sqfp7IsexlOM40J0xVkM5703E/7x+pqJLL6c8zRRwMlsUZcxSiTWJwgqpAKLYWBNMBNW3WmSIBSZKB1bVITjzLy+STqPunNUbt+e15lUZRwUdoWN0ihx0gZroBrVQGxH0iJ7RK3oznowX4934mLUuGeXMAfoD4/MH3F6Vew==</latexit>

* In this case, assume m2,I 6=J = 0,m3,I = 0
<latexit sha1_base64="SgBECdJrzo8qNtAudusbHK+lcNE=">AAACA3icbZDLSgMxFIYz9VbrbdSdboJFcFHKTCvoRii6sa4q2Au0w5BJM21okhmTjFCGghtfxY0LRdz6Eu58G9PLQlt/CHz85xxOzh/EjCrtON9WZml5ZXUtu57b2Nza3rF39xoqSiQmdRyxSLYCpAijgtQ11Yy0YkkQDxhpBoOrcb35QKSikbjTw5h4HPUEDSlG2li+fcD9tFSodgS5hzejC6cAjVEuVA36dt4pOhPBRXBnkAcz1Xz7q9ONcMKJ0JghpdquE2svRVJTzMgo10kUiREeoB5pGxSIE+WlkxtG8Ng4XRhG0jyh4cT9PZEirtSQB6aTI91X87Wx+V+tnejw3EupiBNNBJ4uChMGdQTHgcAulQRrNjSAsKTmrxD3kURYm9hyJgR3/uRFaJSKbrlYuj3NVy5ncWTBITgCJ8AFZ6ACrkEN1AEGj+AZvII368l6sd6tj2lrxprN7IM/sj5/ANwRlbo=</latexit>

https://link.springer.com/article/10.1140/epjc/s10052-020-8050-3


Simplified likelihoods in the wild!
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Real experimental likelihoods converted into simplified likelihoods…

E. Phys. J. C 80, 691 (2020)  

“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 sqrt{s}=13 TeV
with the ATLAS detector”

Categorize data based on sensitivity to mass 
difference of and       ,  bin in�̃±

1
<latexit sha1_base64="a9N0Tt3Al4c1MA6d5Psj3H/EBEE=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSyCq5JUQZdFNy4r2Ac0MUwmk3bozCTMTIQSs/BX3LhQxK2/4c6/cdpmoa0HLhzOuZd77wlTRpV2nG9raXlldW29slHd3Nre2bX39jsqySQmbZywRPZCpAijgrQ11Yz0UkkQDxnphqPrid99IFLRRNzpcUp8jgaCxhQjbaTAPvQ0ZRHJPTykRZC7xX3upbwI7JpTd6aAi8QtSQ2UaAX2lxclOONEaMyQUn3XSbWfI6kpZqSoepkiKcIjNCB9QwXiRPn59P4CnhglgnEiTQkNp+rviRxxpcY8NJ0c6aGa9ybif14/0/Gln1ORZpoIPFsUZwzqBE7CgBGVBGs2NgRhSc2tEA+RRFibyKomBHf+5UXSadTds3rj9rzWvCrjqIAjcAxOgQsuQBPcgBZoAwwewTN4BW/Wk/VivVsfs9Ylq5w5AH9gff4AyVOWmA==</latexit>

�̃0
1

<latexit sha1_base64="xYG6UEJ11sJhsaKG+iXMvxxbjlc=">AAAB/XicbVDLSsNAFJ34rPUVHzs3wSK4KkkVdFl047KCfUATw2Ry0w6dTMLMRKgh+CtuXCji1v9w5984bbPQ1gMXDufcy733BCmjUtn2t7G0vLK6tl7ZqG5ube/smnv7HZlkgkCbJCwRvQBLYJRDW1HFoJcKwHHAoBuMrid+9wGEpAm/U+MUvBgPOI0owUpLvnnoKspCyF0ypIWfO8V9bhe+WbPr9hTWInFKUkMlWr755YYJyWLgijAsZd+xU+XlWChKGBRVN5OQYjLCA+hrynEM0sun1xfWiVZCK0qELq6sqfp7IsexlOM40J0xVkM5703E/7x+pqJLL6c8zRRwMlsUZcxSiTWJwgqpAKLYWBNMBNW3WmSIBSZKB1bVITjzLy+STqPunNUbt+e15lUZRwUdoWN0ihx0gZroBrVQGxH0iJ7RK3oznowX4934mLUuGeXMAfoD4/MH3F6Vew==</latexit>

Comparison of full and simplified  
likelihood* based exclusion contours  

* In this case, assume m2,I 6=J = 0,m3,I = 0
<latexit sha1_base64="SgBECdJrzo8qNtAudusbHK+lcNE=">AAACA3icbZDLSgMxFIYz9VbrbdSdboJFcFHKTCvoRii6sa4q2Au0w5BJM21okhmTjFCGghtfxY0LRdz6Eu58G9PLQlt/CHz85xxOzh/EjCrtON9WZml5ZXUtu57b2Nza3rF39xoqSiQmdRyxSLYCpAijgtQ11Yy0YkkQDxhpBoOrcb35QKSikbjTw5h4HPUEDSlG2li+fcD9tFSodgS5hzejC6cAjVEuVA36dt4pOhPBRXBnkAcz1Xz7q9ONcMKJ0JghpdquE2svRVJTzMgo10kUiREeoB5pGxSIE+WlkxtG8Ng4XRhG0jyh4cT9PZEirtSQB6aTI91X87Wx+V+tnejw3EupiBNNBJ4uChMGdQTHgcAulQRrNjSAsKTmrxD3kURYm9hyJgR3/uRFaJSKbrlYuj3NVy5ncWTBITgCJ8AFZ6ACrkEN1AEGj+AZvII368l6sd6tj2lrxprN7IM/sj5/ANwRlbo=</latexit>

E. Schanet, Re-interp 2021

https://link.springer.com/article/10.1140/epjc/s10052-020-8050-3
https://indico.cern.ch/event/982553/contributions/4219480/attachments/2190171/3701485/reinterpretation_workshop_210215.pdf


Simplified likelihoods in the wild!
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“Search for dark matter produced with an energetic jet or a 
hadronically decaying W or Z boson at √s= 13 TeV”

• Data separated into 1 or 2 jet  topologies

• Binned missing transverse momentum distribution 
used to separate signal from background  
à 29 bins

JHEP 07 (2017) 014

http://dx.doi.org/10.1007/JHEP07(2017)014


Simplified likelihoods in the wild!
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Real experimental likelihoods converted 
into simplified likelihoods*…

“Search for dark matter produced with an energetic jet or a 
hadronically decaying W or Z boson at √s= 13 TeV”

• Data separated into 1 or 2 jet  topologies

• Binned missing transverse momentum distribution 
used to separate signal from background  
à 29 bins

* In this case, assume 

JHEP 07 (2017) 014

m3,I = 0
<latexit sha1_base64="l+7WQ/TU7ZIxe+ZLfoqAnscD3PU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBg5TdVtCLUPSitwr2Q9qlZNNsG5pklyQrlKW/wosHRbz6c7z5b0zbPWjrg4HHezPMzAtizrRx3W8nt7K6tr6R3yxsbe/s7hX3D5o6ShShDRLxSLUDrClnkjYMM5y2Y0WxCDhtBaObqd96okqzSD6YcUx9gQeShYxgY6VH0UurZ3eTK7dXLLlldwa0TLyMlCBDvVf86vYjkggqDeFY647nxsZPsTKMcDopdBNNY0xGeEA7lkosqPbT2cETdGKVPgojZUsaNFN/T6RYaD0Wge0U2Az1ojcV//M6iQkv/ZTJODFUkvmiMOHIRGj6PeozRYnhY0swUczeisgQK0yMzahgQ/AWX14mzUrZq5Yr9+el2nUWRx6O4BhOwYMLqMEt1KEBBAQ8wyu8Ocp5cd6dj3lrzslmDuEPnM8fttKPsQ==</latexit>
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http://dx.doi.org/10.1007/JHEP07(2017)014
http://cds.cern.ch/record/2242860/files/
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We != experimentalists

I was supposed to be answering whether we can 
re-interpret data from the LHC. 

Just because I have the info necessary, doesn’t 
mean you do (or someone 10 years from now 
does)!



Workflows
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Standard workflow for predictions

New signal model 
• UFO+param/proc/run card
• …

MC generation 
• MG5+Pythia
• Herwig
• Sherpa
• …

Detector Simulation 
• Full/Fast Geant4
• Delphes
• BuckFast
• Transfer functions  
• …

Event Selection/categorisation
• Rivet
• MadAnalysis
• …

- Counts/observables 
for signal process 
- Statistical inference

SModelS

MadMiner

http://madgraph.phys.ucl.ac.be/
https://arxiv.org/abs/1907.09874
https://herwig.hepforge.org/
https://sherpa.hepforge.org/doc/SHERPA-MC-2.2.5.html
https://geant4.web.cern.ch/node/1
https://cp3.irmp.ucl.ac.be/projects/delphes
https://rivet.hepforge.org/doc
https://launchpad.net/madanalysis5
https://smodels.github.io/


Calibration from experimental meta data
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Analysis descriptions needed to tune workflows

http://cms-results.web.cern.ch/cms-
results/public-results/publications/

https://twiki.cern.ch/twiki/bin/view/
AtlasPublic

http://lhcbproject.web.cern.ch/lhcbp
roject/Publications/LHCbProjectPubl
ic/Summary_all.html

https://twiki.cern.ch/twiki/bin/view/
ALICEpublic/ALICEPublicResults

• METADATA 
• MC Event Gen info (SLHA/UFO)
• Code snippets / RIVET routines for analysis logic
• BDT/ML algorithms where critical for the selection

• Efficiencies / Resolutions (in particular for LL searches) needed 
to calibrate detector simulation 

http://cms-results.web.cern.ch/cms-results/public-results/publications/
https://twiki.cern.ch/twiki/bin/view/AtlasPublic
http://lhcbproject.web.cern.ch/lhcbproject/Publications/LHCbProjectPublic/Summary_all.html
https://twiki.cern.ch/twiki/bin/view/ALICEpublic/ALICEPublicResults


Calibration from experimental meta data
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Analysis descriptions needed to tune workflows

http://cms-results.web.cern.ch/cms-
results/public-results/publications/

https://twiki.cern.ch/twiki/bin/view/
AtlasPublic

http://lhcbproject.web.cern.ch/lhcbp
roject/Publications/LHCbProjectPubl
ic/Summary_all.html

https://twiki.cern.ch/twiki/bin/view/
ALICEpublic/ALICEPublicResults

• METADATA 
• MC Event Gen info (SLHA/UFO)
• Code snippets / RIVET routines for analysis logic
• BDT/ML algorithms where critical for the selection

• Efficiencies / Resolutions (in particular for LL searches) needed 
to calibrate detector simulation 

• Description of statistical methods 
• E.g validity of asymptotic approximations if used

CMS-SUS-19-006 example (Jets+missing energy search) Validation in MA5 by M. Mrowietz, S. Bein, J. Sonneveld

http://cms-results.web.cern.ch/cms-results/public-results/publications/
https://twiki.cern.ch/twiki/bin/view/AtlasPublic
http://lhcbproject.web.cern.ch/lhcbproject/Publications/LHCbProjectPublic/Summary_all.html
https://twiki.cern.ch/twiki/bin/view/ALICEpublic/ALICEPublicResults
http://cms-results.web.cern.ch/cms-results/public-results/publications/SUS-19-006/
file:///Users/nick-work/Desktop/cms_sus_19_006_validation.pdf


Example from CMS (EXO-20-004)
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HepData entry

“Search for new particles in events with energetic jets and large missing transverse momentum in proton-proton 
collisions at 13 TeV” – Full Run-2 data update

• Signal templates & cutflows
• Simplified likelihood inputs
• MC Generator configs for various

signals + MadAnalysis implementation

See RAMP talk by A. Albert 

http://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/EXO-20-004/index.html
https://www.hepdata.net/record/ins1868108?version=1
https://indico.cern.ch/event/1049578/contributions/4416485/attachments/2267454/3859694/2021-06-28_ramp.pdf


Example from ATLAS (SUSY-2018-22)
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“Search for squarks and gluinos in final states with jets and missing transverse momentum using 139/fb 
of ps =13 TeV p p collision data with the ATLAS detector”

HepData entry
• Full likelihood model
• Analysis snippet codes
• XML for evaluating BDT weights 

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SUSY-2018-22/
https://www.hepdata.net/record/95664


Re-interpretations in the wild

63Nicholas Wardle

LesHouches19 report
More studies on use of full/simplified 
likelihoods in 

SUSY exclusion contours in 
SModelS using (linear) simplified 
(CMS) likelihood

LHC+LEP constraints on neutralino/charginos with Gambit, 
using combination ATLAS+CMS results (simplified likelihood 
where available)

SUSY exclusions using 
full (ATLAS) likelihoods 
in MadAnalysis5

https://arxiv.org/pdf/2002.12220.pdf
https://smodels.readthedocs.io/en/stable/ConfrontPredictions.html
https://arxiv.org/pdf/1809.02097.pdf
https://cds.cern.ch/record/2751237/files/2101.02245.pdf?version=1


Preservation
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Preservation of data is vital for longevity of LHC results 

H. Prosper Reinterp2021

Publishing likelihoods is a step in that direction

https://indico.cern.ch/event/982553/contributions/4228513/attachments/2190135/3701446/RForum6_2021_Prosper.pdf


Preservation
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Preservation of data is vital for longevity of LHC results 

H. Prosper Reinterp2021

https://home.cern/news/press-release/knowledge-sharing/cern-
announces-new-open-data-policy-support-open-sciencePublishing likelihoods is a step in that direction

https://indico.cern.ch/event/982553/contributions/4228513/attachments/2190135/3701446/RForum6_2021_Prosper.pdf
https://home.cern/news/press-release/knowledge-sharing/cern-announces-new-open-data-policy-support-open-science


Preservation
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Preservation of data is vital for longevity of LHC results 

H. Prosper Reinterp2021

Larger efforts to preserve data and analysis workflows 
are underway at the LHC experiments …

Software / environments preserved 
via containers (docker)
Large scale analysis possible via 
• CMS analysis in the cloud
• Reana

https://indico.cern.ch/event/982553/contributions/4228513/attachments/2190135/3701446/RForum6_2021_Prosper.pdf
https://indico.cern.ch/event/882586/contributions/4042623/
http://docs.reana.io/getting-started/tutorial/
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Can we really "Re"-interpret data from the LHC?
Long answer, yes but …

• Beware of approximations in unfolded measurements 
• Signal acceptance/response compared to SM. 
• Gaussian approximations and regularization

• Beware of approximations in simplified likelihoods
• Simplifications in likelihood – combine np à loss of correlation 

info between analyses
• Covariance? Skew? …?

• You may still have to wait for large scale full likelihoods
• Excellent progress here but can it scale ? e.g H-combination 

O(1000) np
• ML based solutions are likely the key

• Validate your workflow/simulations
• Additional information useful to calibrate fast detector 

simulations 
• Become a HEP experimental physicists to understand open data?

• This is getting much better with software containers, tutorials …

https://twiki.cern.ch/twiki/bin/view/LHCP
hysics/InterpretingLHCresults

info-LHC-interpretation@cern.ch

latest workshop: 
https://indico.cern.ch/event/982553/

Tutorials:

New series for ECRs to showcase
re-interpretable analyses 

à https://indico.cern.ch/category/14155/

https://twiki.cern.ch/twiki/bin/view/LHCPhysics/InterpretingLHCresults
mailto:info-LHC-interpretation@cern.ch
https://indico.cern.ch/event/982553/
https://indico.cern.ch/category/14155/
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Thanks!

Backup



HepData for published likelihoods
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https://www.hepdata.net/record/ins1748602

Search for bottom-squark pair production with the ATLAS 
detector in final states containing Higgs bosons, b-jets and 
missing transverse momentum

https://www.hepdata.net/record/ins1748602


Binned likelihood parameterization in pyHF
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E. Schanet, Re-interp 2021

https://indico.cern.ch/event/982553/contributions/4219480/attachments/2190171/3701485/reinterpretation_workshop_210215.pdf


Simplified likelihood log-likelihood
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Analytic simplified likelihood coefficients

77Nicholas Wardle



Corrections to correlations
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NSL definition of correlation modified 
due to skew term 

Ratio of ρIJ to linear correlation shows 
up to 15% correction in toy model



Unfolded measurements for BSM searches
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Measurements of SM processes with same final state as BSM signature 
useful for reinterpretation 

Correlations between bins and different observables (can be estimated using bootstrapping).  

Unfolded measurements used outside of experiments (eg Contur)

D. Price

https://arxiv.org/abs/1606.02266
https://contur.hepforge.org/


SL approximation for a log-normal 
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Signal or background
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In measurements we are used to thinking of Signal / Background

Full ppà4l combinations are the correct way to interpret the data 
àNeed to consider all contributions together 

CM
S-PA

S-H
IG

-19-001
Hà4l

Zà4l gg/qqà4l

e.g unfolded 

How to account for S-B 
interference if already 
background subtracted?



Automating the workflow!
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The future @ LHC could be to perform optimal analyses and inference that can be packaged up and 
preserved in totality! 

Sourced from https://github.com/diana-hep/madminer.
Excellent tutorial by K. Cramner: https://indico.cern.ch/event/982553/contributions/4220018/attachments/2185603/3706682/MadMiner-tutorial-reinterp-2021.pdf

https://github.com/diana-hep/madminer
https://indico.cern.ch/event/982553/contributions/4220018/attachments/2185603/3706682/MadMiner-tutorial-reinterp-2021.pdf
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HepData Digitized versions of results/additional information in HepData

G
. W

att

Supports:
• Tabulated data (yields, 

exclusion/likelihood contours)
• Efficiency maps
• Covariance matrices (SL)
• Error (sources) breakdowns
• Code snippets 

• C++ codes with analysis routines 
à eg for use with CheckMate, 
Rivet, MadAnalysis …

XML for use with ML routines (in 
TMVA)

Future development: support for 
Neural Networks
• LWTNN: 

https://github.com/lwtnn/lwtnn
• ONNX: https://onnx.ai/ L. Heinrich

https://www.hepdata.net/
https://www.researchgate.net/publication/259220248_CheckMATE_Confronting_your_favourite_new_physics_model_with_LHC_data
https://rivet.hepforge.org/
https://madanalysis.irmp.ucl.ac.be/
https://github.com/lwtnn/lwtnn
https://onnx.ai/


Re-interpretation 
frameworks
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Writeup contains a (non-exhaustive) 
list of existing  re-interpretation 
frameworks for searches at the LHC 

• Further details about each workflow, 
describing type of experimental 
input and key outputs given in report

• Typically our searches can be used 
for at least one of them, but the 
more information we provide, the 
more of them can use it!



Implementing analyses validation
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Great effort to validate 
analyses implemented in MA5



Power of unfolding
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https://indico.cern.ch/event/982553/contributions/4206959/attachments/2190141/3701447/likelihoods_and_more_at_LHCb.pdf


Measurements for re-interpretation
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Combining unfolded measurements with Convino

FitMaker

https://arxiv.org/abs/1706.01681
https://indico.cern.ch/event/982553/contributions/4206945/attachments/2190955/3702978/2021_02%20-%20Reinterpretations%20workshop%20-%20EFT%20interpretation%20of%20LHC%20data%20using%20Fitmaker.pdf


Workhorses in experiments
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Building & organizing complicated 
analyses/combinations via higher level tools  in CMS
and ATLAS

http://cms-analysis.github.io/HiggsAnalysis-CombinedLimit/

Many additional tools for validation of results in 
these packages…

Other tools also used:
• https://diana-hep.org/pyhf/ - python based, GPU accel.+auto-diff (tensorflow)
• https://github.com/jkiesele/Convino – combining differential measurements
• https://jrbourbeau.github.io/pyunfold/ - iterative unfolding

http://cms-analysis.github.io/HiggsAnalysis-CombinedLimit/
https://diana-hep.org/pyhf/
https://github.com/jkiesele/Convino
https://jrbourbeau.github.io/pyunfold/

