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SModelS — a public tool for interpreting simplified-model results from the LHC
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• Based on a general procedure to decompose BSM   
collider signatures featuring a Z2-like symmetry into 
simplified-model topologies.  

• Large database of simplified-model results                   
(currently 62 ATLAS & CMS searches from Run 2;               
lots of Run 1 results). 

• Simultaneous treatment of prompt and LLP signatures 

• Independent of exp. analysis approach: cut-based, 
MVA, BDT selections 

• Very fast b/c no need for MC simulation.

https://smodels.github.io/

☞ talk by Jan Heisig at 9th LLP workshop

https://smodels.github.io/
https://smodels.github.io/
https://indico.cern.ch/event/980853/contributions/4370699/attachments/2251975/3820352/Heisig_SModelS_LLP_May2021.pdf
https://indico.cern.ch/event/980853/contributions/4370699/attachments/2251975/3820352/Heisig_SModelS_LLP_May2021.pdf
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ATLAS and CMS Run 2 results in SModelS 2.1.0 database             LLP searches
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SModelS uses two types of experimental results:

                                                 upper limit (UL) maps and A×ε ‘efficiency’ maps (EM)

Efficiency map results allow us to sum different contributions 

to the same signal region, and to compute a likelihood.
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SModelS uses two types of experimental results:

                                                 upper limit (UL) maps and A×ε ‘efficiency’ maps (EM)

Efficiency map results allow us to sum different contributions 

to the same signal region, and to compute a likelihood.

LLP results are ‘maps’ in terms of mass and lifetime 
→ in principle higher dimensionality than prompt results
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Computing likelihoods from EM results
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Given the number of observed events, expected backgrounds and  
uncertainties thereon, we can compute from this a simplified likelihood

L(µ, ✓) = (µs+ b+ ✓)nobs e�(µs+b+✓)

nobs!
exp

✓
� ✓2

2�2

◆

<latexit sha1_base64="fqPfm/U5qW8PgI1QI373ZaB1X+Y="></latexit>
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signal+background

uncertainties

assuming a Poisson distribution for the data and a Gaussian with variance of δ2 for the nuisances, p(θ)

Acceptance × efficiency values allow us to determine the 
signal contributions in each signal region (SR)

L = integrated luminosity

👍

s = ⌃� ⇥ BR⇥ L⇥A⇥ ✏

<latexit sha1_base64="1Ty6nrDhKTdlPs7MbVsI8CoSzD0=">AAACKHicbZDLSgMxFIYzXmu9VV26CRbBhZQZqehGrHXjwkW99AKdoWTSTBuazAxJRihDH8eNr+JGRJFufRIzl4W2Hgj58p9zcpLfDRmVyjSnxsLi0vLKamGtuL6xubVd2tltySASmDRxwALRcZEkjPqkqahipBMKgrjLSNsdXSf59hMRkgb+oxqHxOFo4FOPYqS01Ctdygv7gQ44so+hLVNQlBMJY1twWL+fZMf4Ngd4le02CSVlyQ1ls2KmAefByqEM8mj0Su92P8ARJ77CDEnZtcxQOTESimJGJkU7kiREeIQGpKvRR3qYE6cfncBDrfShFwi9fAVT9XdHjLiUY+7qSo7UUM7mEvG/XDdS3rkTUz+MFPFxNsiLGFQBTFyDfSoIVmysAWFB9VshHiKBsNLeFrUJ1uyX56F1UrGqldO7arlWz+0ogH1wAI6ABc5ADdyABmgCDJ7BK/gAn8aL8WZ8GdOsdMHIe/bAnzC+fwD4KKc1</latexit>
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Example for combination of topologies (for the same SR)
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CMS disappearing track search

chargino-chargino prod.

chargino-neutraino prod.

r-value
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Computing likelihoods from EM results
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Caveat: unless information on background correlations is 
provided, only the most sensitive (“best”) SR can be used. 
→ If signal splits up over several SR, a large part of it may be lost ← 
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covariance matrix

Caveat: unless information on background correlations is 
provided, only the most sensitive (“best”) SR can be used. 
→ If signal splits up over several SR, a large part of it may be lost ← 

See CMS NOTE-2017/001 

https://cds.cern.ch/record/2242860?ln=en
https://cds.cern.ch/record/2242860?ln=en
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Full statistical model in JSON format
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ATLAS: plain-text serialisation of HistFactory workspaces, JSON format

ATL-PHYS-PUB-2019-029

- Provides background estimates, changes under systematic variations, 
and observed data counts at the same fidelity as used in the 
experiment. 

- Usage: RooFit, pyhf  

✓ SModelS includes since v1.2.4 an interface to pyhf 

Rate modifications defined in HistFactory for bin b, sample s, channel c. 

combineSR = True/False in the parameters.ini file
G. Alguero, SK, W. Waltenberger, arXiv:2009.01809

https://cds.cern.ch/record/2684863
https://cds.cern.ch/record/2684863
http://parameters.in
http://parameters.in
https://arxiv.org/abs/2009.01809
https://arxiv.org/abs/2009.01809
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Statistical model from ATLAS displaced lepton search
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"channels": 
    
    "name": "SRee_cuts"
    "samples": 

        "data": 0.46000000834465027
               
        "modifiers": 
             "data":  "hi": 1.21,
                      "lo": 0.79

             "type": "normsys"

        "name": "Bkg"

    "name": "SRmm_cuts"
    "samples": 
               
        "data": 0.10999999940395355
                    
        "modifiers": 
             “data":  "hi": 2.82,
                      "lo": 0.01
 
             "type": “normsys"

        "name": "Bkg"

    "name": "SRem_cuts"
    …
    …

Simple structure: single background source, Gaussian Comb_bkgonly.json
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Reinterpretation: long-lived charged scalars in scotogenic model
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Scotogenic model with light sterile neutrino DM: can have long-lived charged Higgs

SModelS collab, paper in preparation

Efficiency maps available for:

but not for different-flavour cases

BR = 100% electrons



S. Kraml — Experience with LLP likelihoods from SModelS — 11 Nov 2021

Reinterpretation: long-lived charged scalars in scotogenic model

12

Scotogenic model with light sterile neutrino DM: can have long-lived charged Higgs

H+

H-

N1

N1

SModelS collab, paper in preparation

Efficiency maps available for:

but not for different-flavour cases

BR = 100% electrons
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Scotogenic model with light sterile neutrino DM: can have long-lived charged Higgs

H+

H-

N1

N1

SModelS collab, paper in preparation

Efficiency maps available for:

but not for different-flavour cases

BR = 50% electrons, 50% muons

Signal is:
25% e+e�

25% µ+µ�

50% e±µ⌥

<latexit sha1_base64="HccJLXE/Kj0eYj4zwtWkSIfbBAc=">AAACHnicbVDLSsQwFE19W19Vl26Kw4AwztCKRcGN6MalgvOASWdIM7caTNqSpMIw6I+48VfcuFBEcKV/Y1pn4etAwsm553JzT5RxprTnfVgTk1PTM7Nz8/bC4tLyirO61lJpLik0acpT2YmIAs4SaGqmOXQyCUREHNrR1XFRb1+DVCxNzvUwg1CQi4TFjBJtpL4T7AS4egu9GvTq+ABju3xjkfdqxVU3SuCVDpyJQsEiw9t9p+I1vBLuX+KPSQWNcdp33vAgpbmARFNOlOr6XqbDEZGaUQ43Ns4VZIRekQvoGpoQASoclevduFWjDNw4leYk2i3V7x0jIpQaisg4BdGX6netEP+rdXMd74cjlmS5hoR+DYpz7urULbJyB0wC1XxoCKGSmb+69JJIQrVJ1DYh+L9X/ktaOw1/txGc7VYOj8ZxzKENtIm2kI/20CE6QaeoiSi6Qw/oCT1b99aj9WK9flknrHHPOvoB6/0Tvsmf1w==</latexit>

Limit without combining SRee and SRmm 
>100 GeV weaker
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Conclusions

• SModelS v2 can treat a large variety of LLP results: HSCP, DT, DV, … 

• Lifetime-dependent efficiency maps are important to be able to 

- sum different contributions to the same signal region 
- compute likelihoods  

• Statistical models in pyhf JSON formats allow us to combine signal regions                                           
→ greatly improves reinterpretations !! 

• pyhf patchsets can be used to extract efficiency maps!

14

👍
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Some comments/observations
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Available lifetime grid is too coarse for the interpolation we need to do


