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O U T L I N E

•3 developments addressing fundamental issues in the analysis of particle physics data: 

• 1) combining or interpreting results of experiments, where the likelihood of the 
data given some physically meaningful parameters is the key object.  

• recent progress in the 20-year quest to publish these likelihoods. 

• 2) reinterpretation of results that cannot be addressed by the likelihood alone as it 
requires processing alternative signal hypotheses through the  analysis pipeline.  

• recent progress in RECAST, which was proposed 10 years ago.  

• 3) a challenge at the heart of analyzing HEP data: our predictions are based on 
simulations, but the likelihood for the simulator is intractable 

• how machine learning is pushing the frontier of simulation-based inference 
and how it can greatly enhance the sensitivity of measurements at the LHC 
(eg. for constraining effective field theories). 
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S TAT I S T I C A L  F R A M I N G  

PRED ICT ION

INFERENCE

x 
observed data 
simulated data

θ 
parameters of interest

forward modeling 
generation 
simulation

inverse problem 
measurement 

parameter estimation

p( x, z | θ, ν )

ν 
nuisance parameters

z 
latent variables 

Monte Carlo truth s(x) 
summary statistic



1) Likelihood Publishing 

+ Some History of PhyStat 
and LHC Statistics



T H E  F I R S T  P H Y S TAT

•It was 20 years ago! 

• I was there and just 
getting started in HEP 
and statistics 

• Thanks Louis!
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https://cds.cern.ch/record/411537?ln=en



A N  O B S E R VAT I O N

•The emphasis of the PhyStat series and academic training lectures on 
statistics has typically been on statistical methods 

• hypothesis tests, confidence intervals, Bayes vs. Frequentist etc. 

•These are important topics, but most are well defined statistical 
procedures with well defined properties 

• The statistical model  (aka “likelihood function”) is 
the input  to almost all of these statistical procedures.  

• This allows us to decouple modeling of the data from debates 
about statistical procedures 

• We should focus less on statistical procedures and more on how 
we model the data. 

p(data | theory)
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T E R M I N O L O G Y

•Given a probability model  and a data  

• The likelihood function is a function of the parameter , 
and the value is given by   

• But  doesn’t describe the distribution in   

• Technically the likelihood function doesn’t have enough 
enough information to generate synthetic data (toy Monte 
Carlo), which is needed for most frequentist statistical 
procedures 

•Colloquially, the term likelihood function is used in HEP often 
when we mean the full probability model 

p(X |θ) x0

θ
L(θ) = p(X = x0 |θ)

L(θ) X

p(X |θ)
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Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

Likelihood Workshop, Jan 21, 2013

The situation 10      years ago...
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Origins I:  The First “Statistics in HEP” conference

But a practical problem remained: How to communicate multi-D likelihood?

…[Fred'James'wants'to'be'able'to'calculate'coverage,'Don'Groom'wants'to'able'to'calculate'goodness'of'fit]…

From Bob Cousins Slides: http://indico.cern.ch/conferenceDisplay.py?confId=100458

— 20

http://indico.cern.ch/conferenceDisplay.py?confId=100458


P H Y S TAT  2 0 0 7
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Wouter Verkerke

Bob Cousins Slide: http://indico.cern.ch/conferenceDisplay.py?confId=100458 

http://indico.cern.ch/conferenceDisplay.py?confId=100458


N O T  J U S T  T H E  L I K E L I H O O D ,  T H E  F U L L  M O D E L
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Kyle Cranmer (BNL) PhyStat 2007, CERN, June 26, 2007 65

Example of Digital Publishing 

Wouter recently demonstrated the 

ability to save the function 

in a Root file with minimal data 

necessary to reproduce likelihood 

function.

Can also evaluate integrals over x 

necessary for Neyman construction!

Need this for combinations, we should 

publish them to some repository!

L(x|�r, �s)

Full statistical model  
 

can generate toys
p(X |θ)



E A R LY  L H C  E X A M P L E S  ( 2 0 1 1 )
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Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

*fitting, CERN,  Feb 11, 2011

ATLAS H->γγ
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680 19   Higgs Bosons

For an integrated luminosity of 100 fb!1, a Standard Model Higgs boson in the mass range be-
tween 105 GeV and 145 GeV can be observed with a significance of more than 5" by using the
H# $$ channel alone. Table 19-2 also contains the estimated significances of the H# $$ channel
for an integrated luminosity of 30 fb-1, corresponding to the first three years of LHC operation.
The significances at low luminosity have been evaluated by taking the resulting improvements
in mass resolution and background rejection into account. A signal in the $$ channel can only be
seen in this case with a significance of % 4" over a narrow mass range between 120 and 130 GeV.

The significances quoted in Table 19-2 are slightly higher than the ones given in the Technical
Proposal. The main reason for this is the removal of the so called pT-balance cut, which was ap-
plied in order to suppress bremsstrahlung background. Although without this cut the back-
ground increases, there is a net gain in the significance. Another reason is the slightly improved
mass resolution which is mainly due to a more sophisticated photon energy reconstruction, sep-
arating converted and non-converted photons. These gains are somewhat offset by the higher
reducible background.

As an example of signal reconstruction above background, Figure 19-4 shows the expected sig-
nal from a Higgs boson with mH = 120 GeV for an integrated luminosity of 100 fb-1. The H# $$

signal is clearly visible above the smooth $$ background, which is dominated by the irreducible
continuum of real photon pairs.

19.2.2.2 Associated production:WH, ZH and ttH

The production of the Higgs boson in association with aW or a Z boson or with a tt pair can also
be used to search for a low-mass Higgs boson. The production cross-section for the associated
production is almost a factor 50 lower than for the direct production, leading to much smaller
signal rates. If the associated W/Z boson or one of the top quarks is required to decay leptoni-
cally, thereby leading to final states containing one isolated lepton and two isolated photons, the
signal-to-background ratio can nevertheless be substantially improved with respect to the direct
production. In addition, the vertex position can be unambiguously determined by the lepton
charged track, resulting in better mass resolution at high luminosity than for the case of direct
H# $$ production.

Figure 19-4 Expected H # $$ signal for mH = 120 GeV and for an integrated luminosity of 100 fb-1. The signal

is shown on top of the irreducible background (left) and after subtraction of this background (right).
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3-channel top combination
The graph below represents this PDF

‣ where there are several relations between the expected means 
in the different channels
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5.1.3 Extending the Likelihood Function to include Multiple Bins or Channels510

One may wish to extend the likelihood function in Eq. 15 to include multiple channels (e. g. ee/µµ/eµ)511

or several jet multiplicity bins. Formally, the extension looks very similar for both cases. Let us first512

consider the case of multiple bins indexed by i. The expectation for the ith bin from the kth signal or513

background contribution is514

N
exp
ik = L !ik"

j

#̃i jk
#i jk($ j)

#̃i jk
= Ñ

exp
ik "

j

#i jk($ j)

#̃i jk
. (16)

Note, that we do not add the index to $ j, because we see this as a common source of systematics which515

is common for the different bins and the different signal and background contributions. The likelihood516

function is now a product over these bins517

L(!sig,L ,$ j) = "
i∈bins

[

Pois(Nobs
i |Nexp

i,tot)×Gaus(L̃ |L ,!L )"
j

Gaus($̃ j = 0|$ j, %$ j
= 1)

]

. (17)

The likelihood function for multiple channels is similar, with an additional product over the multiple518

channels. The only subtlety is that k now runs over the set of signal and backgrounds specific to that519

channel. Similarly, the sources of systematics might also be different for the different channels. Leaving520

the range of the indices implicit, we arrive at521

L(!sig,L ,$ j) = "
l∈{ee,µµ ,eµ}

{

"
i∈bins

[

Pois(Nobs
i |Nexp

i,tot)Gaus(L̃ |L ,!L ) "
j∈syst

Gaus(0|$ j,1)

]}

. (18)

5.2 Extracting Measurements from the Profile Likelihood Ratio522

Armed with the final likelihood function in Eq. 18 and the Asimov dataset, we can now derive the ex-523

pected uncertainty on the desired cross section measurement. The likelihood function can be maximized524

to determine the maximum likelihood estimate of all the parameters !̂sig,L̂ , $̂ j. One can then consider525

the likelihood ratio526

r(!sig) =
L(!sig,L̂ , $̂ j)

L(!̂sig,L̂ , $̂ j)
(19)

and the profile likelihood ratio:527

& (!sig) =
L(!sig,

ˆ̂
L , ˆ̂$ j)

L(!̂sig,L̂ , $̂ j)
(20)
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FIG. 1. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → γγ, (b) H → ZZ(∗) → "+"−"+"− in the entire mass range, (c) H → ZZ(∗) → "+"−"+"− in
the low mass range, (d) H → ZZ → "+"−νν, (e) b-tagged selection and (f) untagged selection for H → ZZ → "+"−qq, (g) H →
WW (∗) → "+ν"−ν+0-jets, (h) H → WW (∗) → "+ν"−ν+1-jet, (i) H → WW (∗) → "+ν"−ν+2-jets, (j) H → WW → "νqq′+0-
jets, (k) H → WW → "νqq′+1-jet and (l) H → WW → "νqq′+2-jets. The H → WW (∗) → "+ν"−ν+2-jets distribution is
shown before the final selection requirements are applied.
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FIG. 2. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → τlepτlep+0-jets, (b) H → τlepτlep 1-jet, (c) H → τlepτlep+2-jets, (d) H → τlepτhad+0-jets and
1-jet, (e) H → τlepτhad+2-jets, (f) H → τhadτhad. The bb invariant mass for (g) the ZH → "+"−bb̄, (h) the WH → "νbb̄ and (i)
the ZH → ννbb̄ channels. The vertical dashed lines illustrate the separation between the mass spectra of the subcategories in
pZT, p

W
T , and Emiss

T , respectively. The signal distributions are lightly shaded where they have been scaled by a factor of five or
ten for illustration purposes.
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FIG. 1. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → γγ, (b) H → ZZ(∗) → "+"−"+"− in the entire mass range, (c) H → ZZ(∗) → "+"−"+"− in
the low mass range, (d) H → ZZ → "+"−νν, (e) b-tagged selection and (f) untagged selection for H → ZZ → "+"−qq, (g) H →
WW (∗) → "+ν"−ν+0-jets, (h) H → WW (∗) → "+ν"−ν+1-jet, (i) H → WW (∗) → "+ν"−ν+2-jets, (j) H → WW → "νqq′+0-
jets, (k) H → WW → "νqq′+1-jet and (l) H → WW → "νqq′+2-jets. The H → WW (∗) → "+ν"−ν+2-jets distribution is
shown before the final selection requirements are applied.
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FIG. 2. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → τlepτlep+0-jets, (b) H → τlepτlep 1-jet, (c) H → τlepτlep+2-jets, (d) H → τlepτhad+0-jets and
1-jet, (e) H → τlepτhad+2-jets, (f) H → τhadτhad. The bb invariant mass for (g) the ZH → "+"−bb̄, (h) the WH → "νbb̄ and (i)
the ZH → ννbb̄ channels. The vertical dashed lines illustrate the separation between the mass spectra of the subcategories in
pZT, p

W
T , and Emiss

T , respectively. The signal distributions are lightly shaded where they have been scaled by a factor of five or
ten for illustration purposes.
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FIG. 1. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → γγ, (b) H → ZZ(∗) → "+"−"+"− in the entire mass range, (c) H → ZZ(∗) → "+"−"+"− in
the low mass range, (d) H → ZZ → "+"−νν, (e) b-tagged selection and (f) untagged selection for H → ZZ → "+"−qq, (g) H →
WW (∗) → "+ν"−ν+0-jets, (h) H → WW (∗) → "+ν"−ν+1-jet, (i) H → WW (∗) → "+ν"−ν+2-jets, (j) H → WW → "νqq′+0-
jets, (k) H → WW → "νqq′+1-jet and (l) H → WW → "νqq′+2-jets. The H → WW (∗) → "+ν"−ν+2-jets distribution is
shown before the final selection requirements are applied.
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FIG. 2. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → τlepτlep+0-jets, (b) H → τlepτlep 1-jet, (c) H → τlepτlep+2-jets, (d) H → τlepτhad+0-jets and
1-jet, (e) H → τlepτhad+2-jets, (f) H → τhadτhad. The bb invariant mass for (g) the ZH → "+"−bb̄, (h) the WH → "νbb̄ and (i)
the ZH → ννbb̄ channels. The vertical dashed lines illustrate the separation between the mass spectra of the subcategories in
pZT, p

W
T , and Emiss

T , respectively. The signal distributions are lightly shaded where they have been scaled by a factor of five or
ten for illustration purposes.
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FIG. 1. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → γγ, (b) H → ZZ(∗) → "+"−"+"− in the entire mass range, (c) H → ZZ(∗) → "+"−"+"− in
the low mass range, (d) H → ZZ → "+"−νν, (e) b-tagged selection and (f) untagged selection for H → ZZ → "+"−qq, (g) H →
WW (∗) → "+ν"−ν+0-jets, (h) H → WW (∗) → "+ν"−ν+1-jet, (i) H → WW (∗) → "+ν"−ν+2-jets, (j) H → WW → "νqq′+0-
jets, (k) H → WW → "νqq′+1-jet and (l) H → WW → "νqq′+2-jets. The H → WW (∗) → "+ν"−ν+2-jets distribution is
shown before the final selection requirements are applied.
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FIG. 2. Invariant or transverse mass distributions for the selected candidate events, the total background and the signal expected
in the following channels: (a) H → τlepτlep+0-jets, (b) H → τlepτlep 1-jet, (c) H → τlepτlep+2-jets, (d) H → τlepτhad+0-jets and
1-jet, (e) H → τlepτhad+2-jets, (f) H → τhadτhad. The bb invariant mass for (g) the ZH → "+"−bb̄, (h) the WH → "νbb̄ and (i)
the ZH → ννbb̄ channels. The vertical dashed lines illustrate the separation between the mass spectra of the subcategories in
pZT, p

W
T , and Emiss

T , respectively. The signal distributions are lightly shaded where they have been scaled by a factor of five or
ten for illustration purposes.
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Figure 4: Fits for 2-parameter benchmark models probing different coupling strength scale factors for

fermions and vector bosons: (a) Correlation of the coupling scale factors κF and κV , assuming no non-

SM contribution to the total width; (b) Correlation of the coupling scale factors λFV = κF/κV and

κVV = κV · κV/κH without assumptions on the total width.
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κF (the coupling scale factor for gauge bosons κV is profiled) and (b) coupling scale factor for gauge
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S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

Why public likelihoods

• The statistical model of an experimental 
analysis provides the complete mathematical 
description of that analysis                               
p(o|!) relating the observed quantities o to the parameters ! 


• Given the likelihood, all the standard 
statistical approaches are available for 
extracting information from it


• Essential information for any detailed 
interpretation of experimental results                  

2

Les Houches Recommandations (2012) 

3b: When feasible, provide a mathematical 
description of the final likelihood function in 
which experimental data and parameters are 
clearly distinguished, either in the publication 
or the auxiliary information. Limits of validity 
should always be clearly specified.


3c: Additionally provide a digitized 
implementation of the likelihood that is 
consistent with the mathematical description.


arXiv:1203.2489 .

= determining the compatibility of the observations with                  
theoretical predictions 
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for the Presentation of LHC Results
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Abstract

We present a set of recommendations for the presentation of LHC results on
searches for new physics, which are aimed at providing a more e�cient flow of
scientific information between the experimental collaborations and the rest of the
high energy physics community, and at facilitating the interpretation of the results
in a wide class of models. Implementing these recommendations would aid the full
exploitation of the physics potential of the LHC.
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•First step: publish likelihood scans for communicating LHC Higgs results.  

•These data are directly linked to the paper in INSPIRE and have been cited:
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L I K E L I H O O D S  S C A N S
Reproducing derived results from original paper!



L I K E L I H O O D S  S C A N S
Reproducing derived results from original paper!

But still simplified likelihood scans, not the full statistical model



O P E N  W O R L D

•The RooWorkspace was designed to be able to store any 
type of statistical model → source of many complications 
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3

Statistical Analysis at LHC 

broadly we have two classes of analyses: binned and unbinned

binnedunbinned

lots of CMS/ATLAS analyses 
live here

[Slide from Lukas Heinrich]



Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

Tools, Stockholm, June 18, 2012

HistFactory
HistFactory tool that ships with ROOT 
targeting binned analyses 
‣ XML files organize the histograms 
‣ conventions define model exactly 

● CERN-OPEN-2012-016 
‣ command line tool creates likelihood
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5.2 Multiple signal channels

5.3 ABCD

<!DOCTYPE Combination SYSTEM ’HistFactorySchema.dtd ’>

<Combination OutputFilePrefix="./ results/ABCD" >

<Input>./ config/A.xml</Input >
<Input>./ config/B.xml</Input >
<Input>./ config/C.xml</Input >
<Input>./ config/D.xml</Input >

<Measurement Name="ABCD" Lumi="1." LumiRelErr="0.1" ExportOnly="True">
<POI>mu</POI>
<ParamSetting Const="True">Lumi b_acceptance c_acceptance d_acceptance mu_K_A mu_K_B mu_K_C mu_K_D </ -

ParamSetting >
</Measurement >

</Combination >

<!DOCTYPE Channel SYSTEM ’HistFactorySchema.dtd ’>

<Channel Name="A" InputFile="./data/ABCD.root" >
<Data HistoName="A_data" HistoPath="" />

<!-- This is the signal (eg. mu)-->
<Sample Name="A_signal" HistoPath="" HistoName="unit_histogram">

<!-- now mu is number of events -->
<NormFactor Name="mu" Val="1" Low="0" High="200" />
<OverallSys Name="syst1" High="1.01" Low="0.99" />

</Sample >

<!-- This bkg is estimated from MC (eg. mu_A^K) -->
<Sample Name="A_backgroundMC" HistoPath="" NormalizeByTheory="True" HistoName="unit_histogram" >

<NormFactor Name="mu_K_A" Val="100" Low="0" High="200" />
</Sample >

<!-- Background 2 is completely Data -Driven -->
<Sample Name="A_backgroundDD" HistoPath="" NormalizeByTheory="False" HistoName="unit_histogram" >

<NormFactor Name="mu_D_U" Val="100" Low="24500" High="26000" />
<NormFactor Name="etaB" Val="1" Low="0." High="0.02" Const="False" />
<NormFactor Name="etaC" Val="1" Low="0." High="0.3" Const="False" />
<!-- NormFactor and ShapeFactor same for a 1-bin histogram. But we can name NormFactor -->

</Sample >

</Channel >

<!DOCTYPE Channel SYSTEM ’HistFactorySchema.dtd ’>

<Channel Name="B" InputFile="./data/ABCD.root" >
<Data HistoName="B_data" HistoPath="" />

<!-- This is the signal contamination in B (eg. b*mu)-->
<Sample Name="B_signal" HistoPath="" HistoName="unit_histogram">

<NormFactor Name="mu" Val="1" Low=".2" High="1.5" />
<NormFactor Name="b_acceptance" Val="0.1" Low="0." High="1.5" Const="True"/>

</Sample >

<!-- This bkg is estimated from MC (eg. mu_B^K) -->
<Sample Name="B_backgroundMC" HistoPath="" NormalizeByTheory="True" HistoName="unit_histogram" >

<NormFactor Name="mu_K_B" Val="100" Low="0" High="200" />
</Sample >

<!-- Background 2 is completely Data -Driven -->
<Sample Name="B_backgroundDD" HistoPath="" NormalizeByTheory="False" HistoName="unit_histogram" >

<!-- Note , need some reasonable guess for the range of tauB -->
<NormFactor Name="etaB" Val="10" Low="5" High="15" Const="False" />
<NormFactor Name="mu_D_U" Val="100" Low="0" High="200" />

</Sample >

</Channel >

<!DOCTYPE Channel SYSTEM ’HistFactorySchema.dtd ’>

<Channel Name="C" InputFile="./data/ABCD.root" >
<Data HistoName="C_data" HistoPath="" />

<!-- This is the signal contamination in C (eg. c*mu)-->
<Sample Name="C_signal" HistoPath="" HistoName="unit_histogram">

<NormFactor Name="mu" Val="1" Low=".2" High="1.5" />
<NormFactor Name="c_acceptance" Val="0.1" Low="0." High="1.5" Const="True"/>

</Sample >

<!-- This bkg is estimated from MC (eg. mu_C^K) -->
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3 Using HistFactory

3.1 The HistFactory XML

Measurement
Name
Lumi

LumiRelErr
ExportOnly

InputFunction
Name

Expression
Dependents

POI ParamSetting
Val

Const

ConstraintTerm
Type

RelativeUncertainty

Combination
OutputFilePrefix

Channel
Name

InputFile
HistoPath

HistoName

Data
InputFile
HistoPath

HistoName

StatErrorConfig
RelErrorThreshold

ConstraintType

Sample
Name

InputFile
HistoName
HistoPath

NormalizeByTheory

StatError
Activate

HistoName
InputFile
HistoPath

HistoSys
Name

INputFile
HistoFileHigh
HistoPathHigh

HistoNameHigh
HistoFileLow
HistoPathLow

HistoNameLow

OverallSys
Name
High
Low

ShapeSys
Name

HistoName
HistoPath
InputFile

ConstraintType

NormFactor
Name

Val
High
Low

Const

ShapeFactor
Name

Top-level XML file

Channel XML file

Figure 1: The graphical representation of the XML schema. Boxes are elements with name
of element in bold and attributes listed below. Elements without any attributes take their
input as “PCDATA”, for example <Input>someFile.xml</Input>

Note, when using the HistFactory the production modes l and backgrounds j correspond
to a single XML Sample element. The HistoName attribute inside each sample element
specifies the histogram with the �0

ijm. The index j =0 J ’ is set by the Name attribute of the
Sample element (eg. <Sample Name="J">). Between the open <Sample> and close </Sample>
one can add

• An OverallSys element where the Name="I" attribute identifies which ↵I is the source
of the systematic and implies that the Gaussian constraint N(ai|↵I , 1) is present. The
High attribute corresponds to ⌘+IJ , eg when the source of the systematic is at +1�
and ↵I = 1. Similarly, the Low attribute corresponds to ⌘�IJ , eg when the source of
the systematic is at -1� and ↵I = �1. The nominal value is ⌘0IJ = 1 for the ovreall
systematics. The distinction between the sign of the source ↵ and the e↵ect ⌘ allows one
to have anti-correlated systematics. The HistFactory is able to deal with asymmetric
uncertainties as well, by using a piece-wise linear interpolation for the ↵I > 0 and
↵I < 0 regions.

7

ftot(Dsim,G|↵) =
Y

c2channels

"
Pois(nc|⌫c(↵))

ncY

e=1

fc(xce|↵)

#
·
Y

p2S
fp(ap|↵p)

http://cds.cern.ch/record/1456844


Probability models can be constructed to simultaneously describe several channels, that is several
disjoint regions of the data defined by the associated selection criteria. I will use e as the index over
events and c as the index over channels. Thus, the number of events in the c

th channel is nc and the
value of the e

th event in the c
th channel is xce. In this context, the data is a collection of smaller datasets:

Dsim = {D1, . . . , Dcmax} = {{xc=1,e=1 . . . xc=1,e=nc}, . . . {xc=cmax,e=1 . . . xc=cmax,e=ncmax
}}. In RooFit

the index c is referred to as a RooCategory and it is used to inside the dataset to differentiate events as-
sociated to different channels or categories. The class RooSimultaneous associates the dataset Dc with
the corresponding marked Poisson model. The key point here is that there are now multiple Poisson
terms. Thus we can write the combined (or simultaneous) model

fsim(Dsim|↵) =
Y

c2channels

"
Pois(nc|⌫(↵))

ncY

e=1

f(xce|↵)

#
, (2)

remembering that the symbol product over channels has implications for the structure of the dataset.

Experiment

Ensemble

Channel
c ∈ channels

fc (x | α)

Event
e ∈ events
{1…nc}

Observable(s)
xec

Sample
s ∈ samples

Distribution
fsc (x | α)

Expected Number of Events
νs 

Constraint Term
fp(ap | αp )

p ∈ parameters with constraints

global observable
a

Parameter
α, θ, μ

Shape Variation
fscp(x | αp = X )

A

B

C

Legend:
A "has many" Bs. 
B "has a" C.
Dashed is optional.

Fig. 1: A schematic diagram of the logical structure of a typical particle physics probability model and dataset
structures.

2.2 Auxiliary measurements
Auxiliary measurements or control regions can be used to estimate or reduce the effect of systematic
uncertainties. The signal region and control region are not fundamentally different. In the language that
we are using here, they are just two different channels.

A common example is a simple counting experiment with an uncertain background. In the fre-
quentist way of thinking, the true, unknown background in the signal region is a nuisance parameter,
which I will denote ⌫B .5 If we call the true, unknown signal rate ⌫S and the number of events in the
signal region nSR then we can write the model Pois(nSR|⌫S + ⌫B). As long as ⌫B is a free parameter,

5Note, you can think of a counting experiment in the context of Eq. 1 with f(x) = 1, thus it reduces to just the Poisson
term.

5

5.2 ABCD

<!DOCTYPE Combination SYSTEM ’HistFactorySchema.dtd ’>

<Combination OutputFilePrefix="./ results/ABCD" >

<Input>./ config/A.xml</Input >
<Input>./ config/B.xml</Input >
<Input>./ config/C.xml</Input >
<Input>./ config/D.xml</Input >

<Measurement Name="ABCD" Lumi="1." LumiRelErr="0.1" ExportOnly="True">
<POI>mu</POI>
<ParamSetting Const="True">Lumi b_acceptance c_acceptance d_acceptance mu_K_A mu_K_B mu_K_C mu_K_D </ -

ParamSetting >
</Measurement >

</Combination >

<!DOCTYPE Channel SYSTEM ’HistFactorySchema.dtd ’>

<Channel Name="A" InputFile="./data/ABCD.root" >
<Data HistoName="A_data" HistoPath="" />

<!-- This is the signal (eg. mu)-->
<Sample Name="A_signal" HistoPath="" HistoName="unit_histogram">

<!-- now mu is number of events -->
<NormFactor Name="mu" Val="1" Low="0" High="200" />
<OverallSys Name="syst1" High="1.01" Low="0.99" />

</Sample >

<!-- This bkg is estimated from MC (eg. mu_A^K) -->
<Sample Name="A_backgroundMC" HistoPath="" NormalizeByTheory="True" HistoName="unit_histogram" >

<NormFactor Name="mu_K_A" Val="100" Low="0" High="200" />
</Sample >

<!-- Background 2 is completely Data -Driven -->
<Sample Name="A_backgroundDD" HistoPath="" NormalizeByTheory="False" HistoName="unit_histogram" >

<NormFactor Name="mu_D_U" Val="100" Low="24500" High="26000" />
<NormFactor Name="etaB" Val="1" Low="0." High="0.02" Const="False" />
<NormFactor Name="etaC" Val="1" Low="0." High="0.3" Const="False" />
<!-- NormFactor and ShapeFactor same for a 1-bin histogram. But we can name NormFactor -->

</Sample >

</Channel >

<!DOCTYPE Channel SYSTEM ’HistFactorySchema.dtd ’>

<Channel Name="B" InputFile="./data/ABCD.root" >
<Data HistoName="B_data" HistoPath="" />

<!-- This is the signal contamination in B (eg. b*mu)-->
<Sample Name="B_signal" HistoPath="" HistoName="unit_histogram">

<NormFactor Name="mu" Val="1" Low=".2" High="1.5" />
<NormFactor Name="b_acceptance" Val="0.1" Low="0." High="1.5" Const="True"/>

</Sample >

<!-- This bkg is estimated from MC (eg. mu_B^K) -->
<Sample Name="B_backgroundMC" HistoPath="" NormalizeByTheory="True" HistoName="unit_histogram" >

<NormFactor Name="mu_K_B" Val="100" Low="0" High="200" />
</Sample >

<!-- Background 2 is completely Data -Driven -->
<Sample Name="B_backgroundDD" HistoPath="" NormalizeByTheory="False" HistoName="unit_histogram" >

<!-- Note , need some reasonable guess for the range of tauB -->
<NormFactor Name="etaB" Val="10" Low="5" High="15" Const="False" />
<NormFactor Name="mu_D_U" Val="100" Low="0" High="200" />

</Sample >

</Channel >

<!DOCTYPE Channel SYSTEM ’HistFactorySchema.dtd ’>

<Channel Name="C" InputFile="./data/ABCD.root" >
<Data HistoName="C_data" HistoPath="" />

<!-- This is the signal contamination in C (eg. c*mu)-->
<Sample Name="C_signal" HistoPath="" HistoName="unit_histogram">

<NormFactor Name="mu" Val="1" Low=".2" High="1.5" />
<NormFactor Name="c_acceptance" Val="0.1" Low="0." High="1.5" Const="True"/>

</Sample >

<!-- This bkg is estimated from MC (eg. mu_C^K) -->
<Sample Name="C_backgroundMC" HistoPath="" NormalizeByTheory="True" HistoName="unit_histogram" >

<NormFactor Name="mu_K_C" Val="100" Low="0" High="200" />
</Sample >
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ftot(Dsim,G|↵) =
Y

c2channels

"
Pois(nc|⌫c(↵))

ncY

e=1

fc(xce|↵)

#
·
Y

p2S
fp(ap|↵p)

Provides machine-readable 
semantics for histograms used 
to build statistical models

‣ Declarative specification  
defines model exactly 
● CERN-OPEN-2012-016 

http://cds.cern.ch/record/1456844
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A Reinterpretation Roadmap
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7. Future plans
While HEPData has so far only been used for data associated with experimental particle physics
papers, it could easily be used to store numerical values of theoretical predictions and related
material from particle physics phenomenology papers, without any necessary changes to the
software or submission workflow. There is potential to store low-energy data from nuclear,
atomic, and medical physics, relevant for validation of the Geant4 (http://geant4.cern.ch)
detector simulation toolkit, but further software development may first be needed to support
keywords specific to the low-energy data and to support creation of records where the associated
publications do not appear in the Inspire HEP literature database.

In future we plan to support a mixed YAML/ROOT input format where metadata is provided
in YAML files (as before), but numerical values are extracted from ROOT objects and converted
to the standard YAML format. HistFactory [7] is a framework used in many ATLAS studies
for statistical analysis (such as determining exclusion contours). It encodes the full likelihood
(including systematic uncertainties) of a measurement using semantic XML and histograms
stored in ROOT files. Some preliminary work has been done to extract HEPData tables in
the standard YAML format directly from a HistFactory configuration. Furthermore, work has
begun on expanding the set of natively supported data types beyond a simple table to allow for
richer datasets such as HistFactory configurations or simplified likelihoods [8]. The archival of
such likelihood data in a lossless format could then be used by various reinterpretation packages.

8. Summary
The software underlying the Durham High Energy Physics database (HEPData) has been
completely rewritten over the last two years, predominantly in the Python and JavaScript
programming languages, as an overlay on the Invenio v3 digital library framework, but with
a very large degree of customisation. The new site (https://hepdata.net) is now hosted
at CERN on the OpenStack infrastructure, but still managed remotely from Durham. The
transition from the old site (http://hepdata.cedar.ac.uk) has e↵ectively been completed,
with all data records being migrated to the new site. The new submission system has successfully
been used for external data submissions from January 2017 onwards.

In conclusion, the new HEPData site provides a state-of-the-art web platform for particle
physicists to make their data Findable, Accessible, Interoperable, and Reusable according to the
FAIR principles (see https://www.force11.org/group/fairgroup/fairprinciples).
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2 Department of Physics, New York University, New York, USA
3 IPPP, Department of Physics, Durham University, Durham, UK

E-mail: info@hepdata.net

Abstract. The Durham High Energy Physics Database (HEPData) has been built up over
the past four decades as a unique open-access repository for scattering data from experimental
particle physics papers. It comprises data points underlying several thousand publications.
Over the last two years, the HEPData software has been completely rewritten using modern
computing technologies as an overlay on the Invenio v3 digital library framework. The software
is open source with the new site available at https://hepdata.net now replacing the previous
site at http://hepdata.cedar.ac.uk. In this write-up, we describe the development of the new
site and explain some of the advantages it o↵ers over the previous platform.

1. Introduction
The Durham High Energy Physics Database (HEPData), a unique open-access repository for
scattering data from experimental particle physics papers, has a long history dating back to the
1970s. It currently comprises data related to several thousand publications including those from
the Large Hadron Collider (LHC). These are generally the numbers corresponding to the data
points either plotted or tabulated in the publications, “Level 1” according to the DPHEP [1]
classification, and HEPData is therefore complementary to the recent CERN Open Data Portal
(http://opendata.cern.ch) which focuses on the release of data from Levels 2 and 3. The
traditional focus of HEPData has been on measurements such as production cross sections
and so the domain di↵ers from the compilation of particle properties provided by the Particle
Data Group (http://www-pdg.lbl.gov). In recent years HEPData has expanded beyond the
traditional (unfolded and background-subtracted) measurements to also include data relevant
for “recasting” LHC searches for physics beyond the Standard Model. The scope of HEPData
is also being broadened to include data from particle decays and neutrino experiments, and
potentially low-energy data relevant for tuning of the Geant4 detector simulation toolkit.

The HEPData project last underwent a major redevelopment around a decade ago [2], as part
of the work of the CEDAR collaboration [3], where data was migrated from a legacy hierarchical
database to a modern relational database (MySQL) and a web interface built on CGI scripts was
replaced by a Java-based web interface. The old HepData site (http://hepdata.cedar.ac.uk)
ran on a single machine hosted at the Institute for Particle Physics Phenomenology (IPPP) at
Durham University. Over the last two years, a complete rewrite has once again been undertaken
to use more modern computing technologies. The new site (https://hepdata.net) is hosted
on a number of machines provided by CERN OpenStack and o↵ers several advantages and
new features compared to the old site. In this write-up, we describe the development of the new
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R E I M P L E M E N T I N G  H I S T FA C T O R Y

Around 2016 we realized that there was a 
huge opportunity to leverage machine 
learning frameworks like TensorFlow for 
probability models. 

•GPUs and automatic differentiation! 

In 2017 we began porting HistFactory to 
pure python: pyhf 

30

See Matthew Feickert’s SciPy 2020 talk

6
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https://indico.cern.ch/event/622920/timetable/

pyhf team decided to use the 
widely-used JSON format to store 
the models 

•  Independence from binary 
formats and ROOT dependencies

https://github.com/diana-hep/carl/issues/12
https://indico.cern.ch/event/622920/contributions/2544089/subcontributions/226587/attachments/1454349/2243960/ML-flash-S2I2.pdf
https://matthewfeickert.github.io/talk-SciPy-2020/index.html


M A K I N G  I T  S TA N D A R D

•20 years later: community embraces 
publishing likelihoods as a standard 

• Moved to JSON format 

31https://scikit-hep.org/pyhf/

https://home.cern/news/news/knowledge-sharing/new-open-release-allows-theorists-explore-lhc-data-new-way


T H E O R I S T  R E J O I C E  

32

S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

Now: full likelihoods !!
• Plain-text serialisation of HistFactory workspaces, JSON format

6

ATL-PHYS-PUB-2019-029 (05 Aug 2019)

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


- Usage: RooFit, pyhf 


- Target: long-term data/analysis preservation,  
reinterpretation purposes

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

 SUSY-2018-31 (1908.03122) multi-b sbottom: 2b+2H(bb)

 SUSY-2018-04 (1911.06660 ) stau search, 2 hadr. taus

 SUSY-2019-08 (1909.09226) 1 lept. + H(bb), EW-ino

 SUSY-2018-06 (1912.08479 ) 3 lept. EW-ino

So far available for 4/12 SUSY analyses with 139 fb-1

https://indico.cern.ch/event/957797/contributions/4026032/



T H E O R I S T  R E J O I C E  

33

S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

Reinterpretation Forum Report 2020

“.… In fact, many of the data products discussed here, such as signal/background 
yields and correlations, are used by the various external reinterpretation packages to 
construct likelihoods. Whilst extremely useful, the likelihoods constructed from these 
products are however always only an approximation to the true underlying experimental 
likelihood. The reinterpretation workflow can be greatly facilitated and rendered much 
more precise if the original likelihood of the analysis is published in full. We strongly 
encourage the movement towards the publication of full experimental likelihoods 
wherever possible.”


“ATLAS has recently started to do this using a JSON serialisation of the likelihood […] 
The provision of this full likelihood information is much appreciated and we hope that    
it will become a standard, as it greatly improves the quality of any reinterpretation.”

7

Reinterpretation of LHC Results for New Physics: Status and Recommendations after Run 2 

arXiv:2003.07868, SciPost Phys. 9, 022 (2020) 

https://indico.cern.ch/event/957797/contributions/4026032/



2) Reinterpretation



T H U M B N A I L  S K E T C H  O F  A N A LY S I S

•We select a small subset of the collision events relevant for 
testing the hypotheses we are considering. 

•And we design a summary statistic s that can distinguish 
between different hypotheses we are considering.   

• We build a statistical model  

• Then we test the hypothesis and write a paper 

p(s |Model A, θA)

35

predicted distribution for the alternate in Model A

s

observed data +

Model A Rejected



T H U M B N A I L  S K E T C H  O F  A N A LY S I S

•We select a small subset of the collision events relevant for 
testing the hypotheses we are considering. 

•And we design a summary statistic s that can distinguish 
between different hypotheses we are considering.   

• We build a statistical model  

• Then we test the hypothesis and write a paper 

p(s |Model A, θA)

35

predicted distribution for the alternate in Model A

s

observed data +

Model A Rejected

                                     … and publish !p(s |Model A, θA)



T H U M B N A I L  S K E T C H  O F  H E P  A N A LY S I S

•We select a small subset of the collision events relevant for 
testing the hypotheses we are considering. 

•And we design a summary statistic s that can distinguish 
between different hypotheses we are considering.   

• … and graduate students graduate, analysis code rots, 
and it would be difficult to reproduce or reuse this work

36

predicted distribution for the alternate in Model A

s

observed data +

Model A Rejected



R E I N T E R P R E TAT I O N

•The statistical model  is great for 
combinations and studies within Model A 

•But isn’t useful for answering questions about Model B

• the efficiency, acceptance, and distribution 
 for the new signal will be different

p(s |Model A, θA)

p(s |Model B, θB)

37

predicted distribution for the alternate in Model Bobserved data +

Model B rejected ?



R E I N T E R P R E TAT I O N

•Typically HEP experiments feel compelled to design an 
entirely new analysis pipeline targeting Model B, but

• that is very time consuming and labor intensive, and 

• sometimes Model A and Model B have a lot in common, 
and the original analysis will also be sensitive to Model B

38

predicted distribution for the alternate in Model Bobserved data +

Model B rejected ?



R E C A S T I N G

•If we can capture the definition of the summary s(x) and the 
event selection, then we can reuse the existing analysis 
(prediction for the null and observation in the data) 

• We just need to run simulated events for Model B 
through the pipeline and test the new 
signal+background alternate hypothesis

39

predicted distribution for the alternate in Model A → observed data +

s

Model A Rejected

Model B rejected

Model B

s
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R E C A S T

•We proposed RECAST framework in Oct 2010

41

• People said it couldn’t be done, our workflows are too complicated 

Orig Proposal in 2010: [arXiv.org:1010.2506] 

https://arxiv.org/abs/1010.2506


Kyle Cranmer (NYU)
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counting?
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acceptances, and 
systematic variations

HistFactory XML
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(stored in HEPData?)

RooFit/RooStats 
workspace

Shapes based on 
binned
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Interpolation of signal 
needed

Replace original 
signal with new signal  

in following

Need continuous 
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fast simulation to 
create grid points

yes

yes

yes
yes

no

no

no

no

yes

no

Parameters modify 
rates only?

Grid for signal is 
available?

RECAST and/or 
fast simulation to 
create grid points

no

no

Page 6 of 9 Eur. Phys. J. C (2012) 72:1976

make correct use of it, a first approach towards Recom-
mendation 3b may be to provide likelihoods in an approx-
imate (simplified) form, again with the range of validity—
typically the region where the signal hypothesis is defined—
clearly specified.

It is, moreover, worth making the distinction between
likelihoods parametrized only in terms of parameters that
modify the normalization of distributions (e.g. cross-sec-
tions and branching ratios) versus those that parametrize ac-
ceptance (e.g. masses, spins, couplings of intermediate par-
ticles, etc.). The former is conceptually simple, as the dis-
tributions are trivially related to the parameters. The latter
is very difficult, since the distributions depend non-trivially
on the parameters. Parametrizing acceptance over model
parameters often requires interpolation or even extrapola-
tion, which are both a legitimate cause for concern. Clearly,
it is up to the experiments to make the judgement as to
which parameters they feel the likelihood can be properly
parametrized.

It would also be very useful and practical if the likelihood
was provided in addition in a digital form. There already ex-
ists a generic, unified framework, RooStats [34], used by
many LHC analyses, which allows one to model the proba-
bility density functions and likelihoods required as an input
for any statistical inference technique, and also provides a
set of major statistical techniques as c++ classes with coher-
ent interfaces to the statistical model. Publication of likeli-
hoods in a systematic fashion under a standard digital format
would also make combination of results much more feasible.

Recommendation 3c: Additionally provide a digi-
tized implementation of the likelihood that is consis-
tent with the mathematical description.

We also note at this point that the RECAST [35] project
would allow one to obtain the signal contribution to the
likelihood for an arbitrary theoretical model, thus allow-
ing one to build a higher-level framework for analysis re-
interpretation.

3.4 Interpretation of experimental results

So far our recommendations concern generally the presen-
tation of experimental results, irrespective of whether they
report a signal or are used to set exclusion limits. Let us now
turn to the interpretation of these results, the presentation of
confidence intervals, parameter inference and limit setting.

Many different forms of experimental limit exist. Com-
monly, one-sided limits are derived in the absence of a signal
observation, as is currently the case, but this will switch to
two-sided limits (constraints) in case of a discovery. Lim-
its may be quoted in various different schemes (such as
Feldman-Cousins, CLs , etc.). It is crucial that the limit set-
ting procedure be explicitly defined in order to permit an
informed comparison of the quoted confidence level.

The shape (steepness) of the confidence level is essential
information, e.g., for analyses that combine different exper-
imental searches. It is therefore important that constraints
are shown at several, rather than just one, confidence lev-
els. Moreover, for the correct statistical interpretation, the
expected constraints should be given in addition to the ob-
served ones. Of course a more informative option would be
to here, too, implement Recommendation 3b and publish the
final likelihoods.

Regarding uncertainties, as mentioned earlier, it would be
useful if confidence intervals were (also) presented for fixed
input PDF’s and other theoretical input, all explicitly tabu-
lated. Moreover, when the interpretation of the experimen-
tal results is done in a “model-independent” way in terms of
σ ×BR×acceptance, the modeling of the acceptance should
be precisely described. We sum this up as

Recommendation 4: In the interpretation of experi-
mental results, preferably provide the final likelihood
function (following Recommendations 3b/3c). When
this is not possible or desirable, provide a grid of
confidence levels over the parameter space. The ex-
pected constraints should be given in addition to the
observed ones, and whatever sensitivity measure is ap-
plied must be precisely defined. Modeling of the ac-
ceptance needs to be precisely described.

Note that Recommendation 4 in principle applies to any
(re-)interpretation study, irrespective of whether it is done
by an LHC collaboration or by non-collaboration groups.
Needless to say, the model under investigation must be pre-
cisely defined.

As an aside we note that when conducting searches
for supersymmetry or other new physics, experimental col-
laborations often use grids of models for which signal
cross-sections, acceptances, efficiencies, and exclusions are
evaluated, and then used to set limits by interpolation. It
would be useful if these grid models were documented and
fully specified in terms of model inputs, spectrum infor-
mation (e.g., SLHA files), predicted signal cross-sections,
acceptance×efficiency after selections and cuts, etc. Also,
since the tools provided by theorists constantly evolve, it is
useful to document which tools and versions thereof have
been used.

3.5 Higgs searches

Given the special role of Higgs searches, we make a spe-
cific and separate recommendation for them. Higgs bosons
are searched for in many different possible topologies, each
of which are predicted to be present at some level, dictated
by Higgs branching ratios in the Standard Model or new
physics model. Many Higgs searches may be interpreted
within the Standard Model itself, but both the branching ra-
tios and the production cross-sections and distributions (and

Searches for new physics: Les Houches 
recommendations for the presentation of LHC results
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Higgs discovery! 
RECAST efforts stalled for a couple of years



2 0 1 5 :  S TAT I S T I C S  →  D ATA  S C I E N C E

45https://indico.cern.ch/event/395374/ Misc note: TensorFlow was released this week



2 0 1 5 :  F R O M  M E TA D ATA  T O  W O R K F L O W S

• Lukas and I began 
working on tools to 
preserve HEP workflows

46
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Yadage and Packtivity – analysis preservation using

parametrized workflows

Kyle Cranmer1 and Lukas Heinrich1

1 Department of Physics, New York University, New York, USA

E-mail: lukas.heinrich@cern.ch

Abstract. Preserving data analyses produced by the collaborations at LHC in a parametrized
fashion is crucial in order to maintain reproducibility and re-usability. We argue for a declarative
description in terms of individual processing steps – “packtivities” – linked through a dynamic
directed acyclic graph (DAG) and present an initial set of JSON schemas for such a description
and an implementation – “yadage” – capable of executing workflows of analysis preserved via
Linux containers.

1. Introduction
Data analyses of LHC data consist of workflows that utilize a diverse set of software tools
to produce physics results. The tools range from large software frameworks like Gaudi[1] to
single-purpose scripts written by individual analyzers or analysis teams. The analysis steps that
lead to a particular physics result are often not reproducible without significant assistance from
the original authors. This severely limits the capability to re-execute the original analysis or
to re-use its analysis procedures in new contexts. An important application for such re-use is
the systematic re-interpretation of a given analysis with respect to alternative models of new
physics[2]. Therefore, it is desirable to have a system to archive analysis code as well as the
analysis procedure in a manner, that enables both re-execution and re-use. This document
presents work on workflow capture that addresses these issues in a platform and language-
agnostic manner.

1.1. Short anatomy of analysis workflows
The driving paradigm of LHC analyses is the selection of events within the experiments’
dataset and, typically, comparing those events to expectations derived using both data-driven
techniques and Monte-Carlo simulations. Since every collision event (whether real or simulated)
is independent of the others, the data analysis problem becomes embarrassingly parallel.
Consequently, the most common task in a LHC analysis is the parallel processing of events
by algorithms that transform the event data into higher-level representations (e.g. from raw
detector data to reconstructed ‘analysis objects‘) or perform event selection or otherwise reduce
the dataset size, for example by selectively storing only partial event information (‘thinning’).

The main reconstruction transformations are often handled either on a collaboration-wide
or physics working group level and use centrally managed and documented code with fixed
release schedules and procedures. Transform configurations, such as the used executable and

Lukas Heinrich

Preserve an analysis

https://indico.cern.ch/event/395374/ CHEP 2016 : [arXiv:1706.01878 ]

CERN Analysis Preservation

• ͞closed coƵnterpart͟ to CERN Open Data that 
captures the complexity of 
– The data
– The processing steps
– Code involved
– Documentation, Physics information
– Peer review, QA
i.e. all the information contributing to the 
research claim/presentation/publication to 
enable future reuse

Open Data @CERN
Sünje Dallmeier-Tiessen

for many others in GS-SIS and IT-CIS

https://arxiv.org/abs/1706.01878
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sunje@cern.ch

Workflow Measurements
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Open science and reproducible research have become per-
vasive goals across research communities, political circles 
and funding bodies1–3. The understanding is that open and 

reproducible research practices enable scientific reuse, accelerating 
future projects and discoveries in any discipline. In the struggle to 
take concrete steps in pursuit of these aims there has been much 
discussion and awareness-raising, often accompanied by a push to 
make research products and scientific results open quickly.

Although these are laudable and necessary first steps, they 
are not sufficient to bring about the transformation that would 
allow us to reap the benefits of open and reproducible research. 
It is time to move beyond the rhetoric and the trust in quick fixes 
and start designing and implementing tools to power a more  
profound change.

Our own experience from opening up vast volumes of data is 
that openness cannot simply be tacked on as an afterthought at the 
end of the scientific endeavour. In addition, openness alone does 
not guarantee reproducibility or reusability, so it should not be pur-
sued as a goal in itself. Focusing on data is also not enough: it needs 
to be accompanied by software, workflows and explanations, all of 
which need to be captured throughout the usual iterative and closed 
research lifecycle, ready for a timely open release with the results.

Thus, we argue that having the reuse of research results as a goal 
requires the adoption of new research practices during the data 
analysis process. Such practices need to be tailored to the needs 
of each given discipline with its particular research environment, 
culture and idiosyncrasies. Services and tools should be developed 
with the idea of meshing seamlessly with existing research proce-
dures, encouraging the pursuit of reusability as a natural part of 
researchers’ daily work (Fig. 1). In this way, the generated research 
products are more likely to be useful when shared openly.

In tackling the challenge of enabling reusable research, we  
keep these ideas as our guiding light when putting changes into 
practice in our community—high-energy physics (HEP). Here, we 
illustrate our approach, particularly through our work at CERN, 
and present our community’s requirements and rationale. We  
hope that the explanation of our challenges and solutions will 
stimulate discussions around the practical implementation of work-

flows for reproducible and reusable research more widely in other  
scientific disciplines.

Approaching reproducibility and reuse in HEP
To set the stage for the rest of this piece, we first construct a more 
nuanced spectrum in which to place the various challenges facing 
HEP, allowing us to better frame our ambitions and solutions. We 
choose to build on the descriptions introduced by Carole Goble4 
and Lorena A. Barba5 shown in Table 1.

These concepts assume a research environment in which mul-
tiple labs have the equipment necessary to duplicate an experiment, 
which essentially makes the experiments portable. In the particle 
physics context, however, the immense cost and complexity of the 
experimental set-up essentially make the independent and com-
plete replication of HEP experiments unfeasible and unhelpful. 
HEP experiments are set up with unique capabilities, often being 
the only facility or instrument of their kind in the world; they are 
also constantly being upgraded to satisfy requirements for higher 
energy, precision and level of accuracy. The experiments at the Large 
Hadron Collider (LHC) are prominent examples. It is this unique-
ness that makes the experimental data valuable for preservation so 
that it can be later reused with other measurements for comparison, 
confirmation or inspiration.

Our considerations here really begin after gathering the data. 
This means that we are more concerned with repeating or verifying 
the computational analysis performed over a given dataset rather 
than with data collection. Therefore, in Table 2 we present a varia-
tion of these definitions that takes into account a research environ-
ment in which ‘experimental set-up’ refers to the implementation 
of a computational analysis of a defined dataset, and a ‘lab’ can be 
thought of as an experimental collaboration or an analysis group.

In the case of computational processes, physics analyses them-
selves are intrinsically complex due to the large data volume and 
algorithms involved6. In addition, the analysts typically study more 
than one physics process and consider data collected under dif-
ferent running conditions. Although comprehensive documenta-
tion on the analysis methods is maintained, the complexity of the 
software implementations often hides minute but crucial details, 

Open is not enough
Xiaoli Chen1,2, Sünje Dallmeier-Tiessen1*, Robin Dasler1,11, Sebastian Feger1,3, Pamfilos Fokianos1, 
Jose Benito Gonzalez1, Harri Hirvonsalo1,4,12, Dinos Kousidis1, Artemis Lavasa1, Salvatore Mele1, 
Diego Rodriguez Rodriguez1, Tibor Šimko1*, Tim Smith1, Ana Trisovic1,5*, Anna Trzcinska1, 
Ioannis Tsanaktsidis1, Markus Zimmermann1, Kyle Cranmer6, Lukas Heinrich6, Gordon Watts7, 
Michael Hildreth8, Lara Lloret Iglesias9, Kati Lassila-Perini4 and Sebastian Neubert10

The solutions adopted by the high-energy physics community to foster reproducible research are examples of best practices 
that could be embraced more widely. This first experience suggests that reproducibility requires going beyond openness.

Corrected: Publisher Correction
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 2. Capture: store information about the analysis input data, the 
analysis code and its dependencies, the runtime computational 
environment and the analysis work!ow steps, and any other 
necessary dependencies in a trusted digital repository.

 3. Reuse: instantiate preserved analysis assets and computational 
work!ows on the compute clouds to allow their validation or 
execution with new sets of parameters to test new hypotheses.

All of these services, developed through free and open source 
software, strive to enable FAIR compliant data20 and can be set up 

for other communities as they are implemented using flexible data 
models. For all these services, capturing and preserving data prov-
enance has been a key design feature. Data provenance facilitates 
reproducibility and data sharing as it provides a formal model for 
describing published results7.

CERN Analysis Preservation. The CERN Analysis Preservation 
(CAP) service is a digital repository instance dedicated to describ-
ing and capturing analysis assets. The service uses a flexible meta-
data structure conforming to JavaScript Open Notation (JSON) 
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Fig. 2 | Example of a complex computational workflow on REANA mimicking a beyond the standard model (BSM) analysis . This figure shows an 
example where the experimental data is compared to the predictions of the standard model with an additional hypothesized signal component. The 
example permits one to study the complex computational workflows used in typical particle physics analyses. a–c, The computational workflow (a) may 
consist of several tens of thousands of computational steps that are massively parallelizable and run in a cascading ‘map-reduce’ style of computations 
on distributed compute clusters. The workflow definition is modelled using the Yadage workflow specification and produces an upper limit on the 
signal strength of the BSM process. A typical search for BSM physics consists of simulating a hypothetical signal process (c), as well as the background 
processes predicted by the standard model with properties consistent with the hypothetical signal (marked dark green in (b)). The background often 
consists of simulated background estimates (dark blue and light green histograms) and data-driven background estimates (light blue histogram).  
A statistical model involving both signal (dark green histogram) and background components is built and fit to the observed experimental data (black 
markers). b, Results of the model in its pre-fit configuration at nominal signal strength. We can see the excess of the signal over data, meaning that the 
nominal setting does not describe the data well. The post-fit distribution would scale down the signal in order to fit the data. This REANA example is 
publicly available at ref. 35. For icon credits, see Fig. 1.
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https://doi.org/10.1038/s41567-018-0342-2 

• Reuse provides a forward-looking 
narrative, while reproducibility often 
perceived as backward-looking 

• Reproducibility is a byproduct! 

• Analysis Preservation distinct from 
reproducibility 

• Helps with onboarding 

• Empowers reuse, remixing, 
reproducibility 

• Improves efficiency & equity

https://doi.org/10.1038/s41567-018-0342-2
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•ATLAS has started using RECAST to reinterpret 
SUSY and exotics searches 

• Exotic signals that require the full simulation 
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ATLAS PUB Note
ATL-PHYS-PUB-2020-007

27th March 2020

Reinterpretation of the ATLAS Search for
Displaced Hadronic Jets with the ������

Framework

The ATLAS Collaboration

A recent ATLAS search for displaced jets in the hadronic calorimeter is preserved in ������
and thereafter used to constrain three new physics models not studied in the original work.
A Stealth SUSY model and a Higgs-portal baryogenesis model, both predicting long-lived
particles and therefore displaced decays, are probed for proper decay lengths between a few
cm and 500 m. A dark sector model predicting Higgs and heavy boson decays to collimated
hadrons via long-lived dark photons is also probed. The cross-section times branching ratio
for the Higgs channel is constrained between a few millimetres and a few metres, while for
a heavier 800 GeV boson the constraints extend from tenths of a millimetre to a few tens of
metres. The original data analysis workflow was completely captured using virtualisation
techniques, allowing for an accurate and e�cient reinterpretation of the published result in
terms of new signal models following the ������ protocol.

© 2020 CERN for the benefit of the ATLAS Collaboration.
Reproduction of this article or parts of it is allowed as specified in the CC-BY-4.0 license.
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•Encouraging response by 
the community

51
Leonora Vesterbacka



Likelihood Publishing + RECAST =



Kyle Cranmer (NYU)

Center for 
Cosmology and 
Particle Physics

Tools, Stockholm, June 18, 2012

Reinterpretation Roadmap

53

Parameters modify 
rates only?

Analysis is number 
counting?

Grid for signal is 
available?

HEPData: 
Tables of rates, 

acceptances, and 
systematic variations

HistFactory XML
 for signal and 
bacckground 

(stored in HEPData?)

RooFit/RooStats 
workspace

Shapes based on 
binned

Templates?

Interpolation of signal 
needed

Replace original 
signal with new signal  

in following

Need continuous 
parametrization?

RECAST and/or 
fast simulation to 
create grid points

yes

yes

yes
yes

no

no

no

no

yes

no
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Can think of reinterpretation as a "patching operation" 

• take base likelihood model  
• (remove signal if necessary) 
• add new signal 
• run inference

23

S+B Model

x

Background-Only Model
Signal Likelihood  

Patch

+ =

Limit
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Can think of reinterpretation as a "patching operation" 

• take base likelihood model  
• (remove signal if necessary) 
• add new signal 
• run inference

23

S+B Model

x

Background-Only Model
Signal Likelihood  

Patch

+ =

Limit

Reinterpretation with Likelihood Preservation 

Idea: upload to hepdata: 

• base likelihood JSON (no signal) 
• original signal patches 

Reinterpreters can generate new patches (according to a new 
signal) and combine with the published base likelihood 
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S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

Usage in MadAnalysis 5
MA5-pyhf interface established within the LH PhysTeV 2019 workshop

9

G. Alguero, J. Araz, B. Fuks, SK, W. Waltenberger

Contr. 15, LH 2019 BSM WG report, arXiv:2002.12220

- the relevant JSON files must be located in the same analysis folder as the recast code 
(done automatically at the time of the PAD installation). 


- The analysis.info file must include new <pyhf> elements specifying the names of 
the JSON files together with the corresponding channels (ensembles of SRs) and the 
regions they include, as defined in the JSON files. 

S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

SModelS-pyhf interface
• Available from SModelS v1.2.4 onward (released Sep. 3rd, 2020)


• The interfacing of pyhf to SModelS consists of two parts: 

- addition of an independent module tools/pyhfInterface.py

- changes brought to experiment/datasetObj.py


• Can be turned on/off by setting 


in the parameters.ini file *) 

13

Gaël Alguero, SK, Wolfgang Waltenberger,

arXiv:2009.01809

combineSR = True/False

*) The same flag also turns on the SR combination in the simplified likelihood approach for CMS efficiency map results, for which a covariance matrix is available.

PyhfData class: 
Storing and handling of the information related to 
the JSON files and input signal predictions.

Collects information in the workspaces such as the 
number of SRs, and the paths to the SR samples 
where the BSM predictions are to be written.

The VRs and CRs are assumed not to contribute 
and removed from the workspaces. 

PyhfUpperLimitComputer class: 
For inferring the upper limits given the PyhfData 
information
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S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

Going further
Besides allowing us to better reproduce the official limits of each analysis,                                     
the full likelihoods


• will greatly improve global fits


• offer interesting possibilities 

to explore cross-analysis correlations


- Systematic naming of nuisances?


• Both is also very useful for projects like the Protomodel Builder


• Differentiability will allow for gradient-based methods in the future  


• Lots to do on the pheno side, we are not yet using the full potential of full likelihoods. 

25

(cf talk by W. Waltenberger on June 4)

vs.

https://indico.cern.ch/event/957797/contributions/4026032/
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S TAT I S T I C A L  F R A M I N G  

PRED ICT ION

INFERENCE

x 
observed data 
simulated data

θ 
parameters of interest

forward modeling 
generation 
simulation

inverse problem 
measurement 

parameter estimation

p( x, z | θ, ν )

ν 
nuisance parameters

z 
latent variables 

Monte Carlo truth s(x) 
summary statistic
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Features Latent variables Parameters 
of interest

[Source: M. Cacciari, 
G. Salam, G. Soyez 0802.1189]
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Features Latent variables Parameters 
of interest
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p(zd|zs)
<latexit sha1_base64="yv4Sl5alrEvm4zj2V/cmyBQEda8="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="h6fZLEeOgR9JezE9EPC/oHVKqv0="></latexit>

p(x|zd)
<latexit sha1_base64="2iZ2BBRU3qPv9DaDQzzjI6vkMfo="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="RsGmpl+IrMrENK4+ErVMuEiUvF0="></latexit>

p(zs|zp)
<latexit sha1_base64="i3egzG7Q1X9eYYMWAyJzVIIVD5o="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="5iPtUPDYFUofcTi7pIurF8rU0DM="></latexit>

Sample from
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Features Latent variables Parameters 
of interest

Inference

Detector 
interactions

zd
<latexit sha1_base64="EDKt9LdLy9R/++mDIMye01isAeE="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="5Za1bnXdAq0D5Yh76UOPibghhqg="></latexit>

Shower 
splittings

zs
<latexit sha1_base64="1I2pX4fPXZLKLCk7w+EzpatwEjA="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="U8vTltv5KZdCV8HuLyHS1c/9eY4="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit>

Parton-level 
momenta

zp
<latexit sha1_base64="Y6bYONC/FI8mtoYtThcHyfdlXJY="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="l7rUTklopd46f57TV6KrjEEz06U="></latexit>

Theory 
parameters

✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

Observables

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

p(zp|✓)
<latexit sha1_base64="5XZhyHtejjMqMgiIIN2L2O+wiMY="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="iLtpzU5Qtbu3d5ACu357ibh/9GQ="></latexit>

p(zd|zs)
<latexit sha1_base64="yv4Sl5alrEvm4zj2V/cmyBQEda8="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="h6fZLEeOgR9JezE9EPC/oHVKqv0="></latexit>

p(x|zd)
<latexit sha1_base64="2iZ2BBRU3qPv9DaDQzzjI6vkMfo="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="RsGmpl+IrMrENK4+ErVMuEiUvF0="></latexit>

p(zs|zp)
<latexit sha1_base64="i3egzG7Q1X9eYYMWAyJzVIIVD5o="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="5iPtUPDYFUofcTi7pIurF8rU0DM="></latexit>

Z
dzd

Z
dzs

Z
dzp

<latexit sha1_base64="3QqUXkjI/9W5HgMcIsL03s1lYzU="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="FpObNG65Uc+0rDaOyXieyCj+f20="></latexit>

p(x|✓) =
<latexit sha1_base64="AcNV+p6EfcfqicL9caw7jS+EafQ="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="jApDs7na6jNuX+U748CZyoN/x9g="></latexit>
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Features Latent variables Parameters 
of interest

Inference

Detector 
interactions

zd
<latexit sha1_base64="EDKt9LdLy9R/++mDIMye01isAeE="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="5Za1bnXdAq0D5Yh76UOPibghhqg="></latexit>

Shower 
splittings

zs
<latexit sha1_base64="1I2pX4fPXZLKLCk7w+EzpatwEjA="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="U8vTltv5KZdCV8HuLyHS1c/9eY4="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit>

Parton-level 
momenta

zp
<latexit sha1_base64="Y6bYONC/FI8mtoYtThcHyfdlXJY="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="l7rUTklopd46f57TV6KrjEEz06U="></latexit>

Theory 
parameters

✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

Observables

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

p(zp|✓)
<latexit sha1_base64="5XZhyHtejjMqMgiIIN2L2O+wiMY="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="iLtpzU5Qtbu3d5ACu357ibh/9GQ="></latexit>

p(zd|zs)
<latexit sha1_base64="yv4Sl5alrEvm4zj2V/cmyBQEda8="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="h6fZLEeOgR9JezE9EPC/oHVKqv0="></latexit>

p(x|zd)
<latexit sha1_base64="2iZ2BBRU3qPv9DaDQzzjI6vkMfo="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="RsGmpl+IrMrENK4+ErVMuEiUvF0="></latexit>

p(zs|zp)
<latexit sha1_base64="i3egzG7Q1X9eYYMWAyJzVIIVD5o="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="5iPtUPDYFUofcTi7pIurF8rU0DM="></latexit>

Z
dzd

Z
dzs

Z
dzp

<latexit sha1_base64="3QqUXkjI/9W5HgMcIsL03s1lYzU="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="FpObNG65Uc+0rDaOyXieyCj+f20="></latexit>

p(x|✓) =
<latexit sha1_base64="AcNV+p6EfcfqicL9caw7jS+EafQ="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="jApDs7na6jNuX+U748CZyoN/x9g="></latexit>

Infeasible to calculate 
the integral over this 

enormous space
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D E T E C T O R  S I M U L AT I O N

•Conceptually: Prob(detector response | particles ) 

•Implementation: Monte Carlo integration over micro-physics 

•Consequence: evaluation of the likelihood is intractable 

•
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D E T E C T O R  S I M U L AT I O N

•Conceptually: Prob(detector response | particles ) 

•Implementation: Monte Carlo integration over micro-physics 

•Consequence: evaluation of the likelihood is intractable 

•This motivates a new class of algorithms for what is called 
likelihood-free inference (or simulation-based inference), 
which only require ability to generate samples from the 
simulation in the “forward mode” 

•
63



1 0 ⁸  S E N S O R S   →  1  R E A L - VA L U E D  Q U A N T I T Y

•Most measurements and searches for new particles at the LHC are based on the 
distribution of a single variable / observable / feature / summary statistic s(x)  

• designing a good observable / summary statistic s(x) is a task for a skilled 
physicist and tailored to the goal of measurement or new particle search 

• likelihood p(s|θ) approximated using histograms (univariate density estimation)
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1 0 ⁸  S E N S O R S   →  1  R E A L - VA L U E D  Q U A N T I T Y

•Most measurements and searches for new particles at the LHC are based on the 
distribution of a single variable / observable / feature / summary statistic s(x)  

• designing a good observable / summary statistic s(x) is a task for a skilled 
physicist and tailored to the goal of measurement or new particle search 

• likelihood p(s|θ) approximated using histograms (univariate density estimation)

64
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This doesn’t scale if s is high dimensional!



T H E  C R U X ,  A N  I N T R A C TA B L E  I N T E G R A L
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observed what happened  
inside simulation 
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histogram 
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Figure 9: Distribution of the four-lepton reconstructed mass in the full mass range for the sum
of the 4e, 2e2µ and 4µ channels. Points with error bars represent the data, shaded histograms
represent the backgrounds, and the unshaded histogram the signal expectation for a mass hy-
pothesis of mH = 126 GeV. Signal and ZZ background are normalized to the SM expectation,
Z + X background to the estimation from data. The expected distributions are presented as
stacked histograms. No events are observed with m4` > 800 GeV.

Table 3: The number of observed candidate events compared to the mean expected background
and signal rates for each final state. Uncertainties include statistical and systematic sources.
The results are given integrated over the full mass measurement range m4` > 100 GeV and for
7 and 8 TeV data combined.

Channel 4e 2e2µ 4µ 4`
ZZ background 77 ± 10 191 ± 25 119 ± 15 387 ± 31
Z + X background 7.4 ± 1.5 11.5 ± 2.9 3.6 ± 1.5 22.6 ± 3.6
All backgrounds 85 ± 11 202 ± 25 123 ± 15 410 ± 31
mH = 500 GeV 5.2 ± 0.6 12.2 ± 1.4 7.1 ± 0.8 24.5 ± 1.7
mH = 800 GeV 0.7 ± 0.1 1.6 ± 0.2 0.9 ± 0.1 3.1 ± 0.2
Observed 89 247 134 470

Table 4: The number of observed candidate events compared to the mean expected background
and signal rates for each final state. Uncertainties include statistical and systematic sources.
The results are integrated over the mass range from 121.5 to 130.5 GeV and for 7 and 8 TeV data
combined.

Channel 4e 2e2µ 4µ 4`
ZZ background 1.1 ± 0.1 3.2 ± 0.2 2.5 ± 0.2 6.8 ± 0.3
Z + X background 0.8 ± 0.2 1.3 ± 0.3 0.4 ± 0.2 2.6 ± 0.4
All backgrounds 1.9 ± 0.2 4.6 ± 0.4 2.9 ± 0.2 9.4 ± 0.5
mH = 125 GeV 3.0 ± 0.4 7.9 ± 1.0 6.4 ± 0.7 17.3 ± 1.3
mH = 126 GeV 3.4 ± 0.5 9.0 ± 1.1 7.2 ± 0.8 19.6 ± 1.5
Observed 4 13 8 25

p(s |θ) = ∫ dzdx p(s(x), z |θ)

̂p(s |θ)



A  C O M M O N  T H E M E ,  A  C O M M O N  L A N G U A G E

66



T R A D I T I O N A L  L I K E L I H O O D - F R E E  M E T H O D  ( A B C )

67

Markov chain Monte Carlo without likelihoods
Paul Marjoram*, John Molitor*, Vincent Plagnol†, and Simon Tavaré†‡

*Biostatistics Division, Department of Preventive Medicine, Keck School of Medicine, and †Molecular and Computational Biology, Department of Biological
Sciences, University of Southern California, Los Angeles, CA 90089

Communicated by Michael S. Waterman, University of Southern California, Los Angeles, CA, October 24, 2003 (received for review June 20, 2003)

Many stochastic simulation approaches for generating observa-
tions from a posterior distribution depend on knowing a likelihood
function. However, for many complex probability models, such
likelihoods are either impossible or computationally prohibitive to
obtain. Here we present a Markov chain Monte Carlo method for
generating observations from a posterior distribution without the
use of likelihoods. It can also be used in frequentist applications, in
particular for maximum-likelihood estimation. The approach is
illustrated by an example of ancestral inference in population
genetics. A number of open problems are highlighted in the
discussion.

One of the basic problems in Bayesian statistics is the
computation of posterior distributions. We imagine data D

generated from a model M determined by parameters !, the
prior density of which is denoted by "(!). We assume unless
otherwise stated that the data are discrete. The posterior
distribution of interest is f(!!D), which is given by

f!!!D" # !!D!!""!!""!!D", [1]

where !(D) # $ !(D!!)"(!)d! is the normalizing constant.
In most scientific contexts, explicit formulae for such posterior

densities are few and far between, and we usually resort to
stochastic simulation to generate observations from f. Perhaps
the simplest approach for this is the rejection method:

A1. Generate ! from "(!).
A2. Accept ! with probability h # !(D!!); return to A1.

Accepted observations have distribution f(!!D) (cf. ref. 1). The
computations can often be accelerated if an upper bound c for
!(D!!) is known; h then is replaced by h"c. If !̂ denotes the
maximum-likelihood estimator of !, we could take c # !(D!!̂).

There are many variations on this theme. Of particular
relevance here is the case in which the likelihood !(D!!) cannot
be computed explicitly. One obvious approach then is:

B1. Generate ! from "(!).
B2. Simulate D% from the model M with parameter !.
B3. Accept ! if D% # D; return to B1.

The success of this approach depends on the fact that the
underlying stochastic model M is easy to simulate. This approach
can be useful when computation of the likelihood is possible but
time-consuming.

The practicality of algorithms such as these depends crucially
on the size of !(D), because the probability of accepting an
observation is proportional to !(D). In cases where the accep-
tance rate is too small, one might resort to approximate methods
such as:

C1. Generate ! from "(!).
C2. Simulate D% from the model M with parameter !.
C3. Calculate the distance $(D, D%) between D% and D.
C4. Accept ! if $ % &; return to C1.

This approach requires selection of a suitable metric $ as well as
a choice of &. As &3 & it generates observations from the prior.
If & # 0, an observation D% is accepted only if D% # D, and then
accepted observations come from the density f(!!D). The choice

of & therefore reflects a tension between computability and
accuracy. The method is still honest in that, for a given $ and &,
we are generating independent and identically distributed ob-
servations from f(!!$(D, D%) % &).

When D is high-dimensional or continuous, this approach can
be impractical as well, and then the comparison of D% with D can
be made by using lower-dimensional summaries of the data. The
motivation for this approach is that if the set of statistics S # (S1,
. . . , Sp) is sufficient for !, in that !(D!S, !) is independent of
!, then f(!!D) # f(!!S). The normalizing constant !(S) is
typically larger than !(D), resulting in more acceptances. In
practice it will be hard, if not impossible, to identity a suitable
set of sufficient statistics, and we then might resort to a more
heuristic approach. Thus we seek to use knowledge of the
particular problem at hand to suggest summary statistics that
capture information about !. With these statistics in hand, we
have the following approximate Bayesian computation scheme
for data D summarized by S:

D1. Generate ! from "(!).
D2. Simulate D% from stochastic model M with parameter !, and

compute the corresponding statistics S%.
D3. Calculate the distance $(S, S%) between S and S%.
D4. Accept ! if $ % &, and return to D1.

There are several advantages to these rejection methods,
among them the fact that they are usually easy to code, they
generate independent observations (and thus can use embar-
rassingly parallel computation), and they readily provide
estimates of Bayes factors that can be used for model com-
parison. On the other hand, sampling from the prior in
complex probability models is unlikely to be sensible when the
posterior is a long way from the prior. Later we discuss Markov
chain Monte Carlo (MCMC) algorithms and provide an
alternative MCMC approach that does not require the eval-
uation of likelihoods.

Examples from Evolutionary Biology
Examples of these algorithms have appeared in the evolutionary
genetics literature. For example, inference problems in molec-
ular population genetics can be described as follows. We sample
the molecular variation present at several loci in a population,
obtaining a discrete variation data set D (DNA sequence data,
for example). Inference and estimation for population parame-
ters of interest such as mutation rates, recombination rates,
migration rates, and demographic parameters are then based on
a stochastic model M for D.

The coalescent (2) provides a commonly used modeling
framework in this setting. The coalescent is a stochastic model
for the ancestral relationships between the sampled sequences.
In the absence of recombination, these ancestral relationships
form a binary branching tree. Because the tree is not observed,
inference for parameters of interest can be thought of as a

Abbreviations: MCMC, Markov chain Monte Carlo; MRCA, most recent common ancestor.
‡To whom correspondence should be addressed at: Program in Molecular and Computa-
tional Biology, Department of Biological Sciences, SHS 172, University of Southern Cali-
fornia, 835 West 37th Street, Los Angeles, CA 90089-1340. E-mail: stavare@usc.edu.
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Many stochastic simulation approaches for generating observa-
tions from a posterior distribution depend on knowing a likelihood
function. However, for many complex probability models, such
likelihoods are either impossible or computationally prohibitive to
obtain. Here we present a Markov chain Monte Carlo method for
generating observations from a posterior distribution without the
use of likelihoods. It can also be used in frequentist applications, in
particular for maximum-likelihood estimation. The approach is
illustrated by an example of ancestral inference in population
genetics. A number of open problems are highlighted in the
discussion.

One of the basic problems in Bayesian statistics is the
computation of posterior distributions. We imagine data D

generated from a model M determined by parameters !, the
prior density of which is denoted by "(!). We assume unless
otherwise stated that the data are discrete. The posterior
distribution of interest is f(!!D), which is given by

f!!!D" # !!D!!""!!""!!D", [1]

where !(D) # $ !(D!!)"(!)d! is the normalizing constant.
In most scientific contexts, explicit formulae for such posterior

densities are few and far between, and we usually resort to
stochastic simulation to generate observations from f. Perhaps
the simplest approach for this is the rejection method:

A1. Generate ! from "(!).
A2. Accept ! with probability h # !(D!!); return to A1.

of & therefore reflects a tension between computability and
accuracy. The method is still honest in that, for a given $ and &,
we are generating independent and identically distributed ob-
servations from f(!!$(D, D%) % &).

When D is high-dimensional or continuous, this approach can
be impractical as well, and then the comparison of D% with D can
be made by using lower-dimensional summaries of the data. The
motivation for this approach is that if the set of statistics S # (S1,
. . . , Sp) is sufficient for !, in that !(D!S, !) is independent of
!, then f(!!D) # f(!!S). The normalizing constant !(S) is
typically larger than !(D), resulting in more acceptances. In
practice it will be hard, if not impossible, to identity a suitable
set of sufficient statistics, and we then might resort to a more
heuristic approach. Thus we seek to use knowledge of the
particular problem at hand to suggest summary statistics that
capture information about !. With these statistics in hand, we
have the following approximate Bayesian computation scheme
for data D summarized by S:

D1. Generate ! from "(!).
D2. Simulate D% from stochastic model M with parameter !, and

compute the corresponding statistics S%.
D3. Calculate the distance $(S, S%) between S and S%.
D4. Accept ! if $ % &, and return to D1.

There are several advantages to these rejection methods,
among them the fact that they are usually easy to code, they
generate independent observations (and thus can use embar-
rassingly parallel computation), and they readily provide
estimates of Bayes factors that can be used for model com-
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densities are few and far between, and we usually resort to
stochastic simulation to generate observations from f. Perhaps
the simplest approach for this is the rejection method:

A1. Generate ! from "(!).
A2. Accept ! with probability h # !(D!!); return to A1.

Accepted observations have distribution f(!!D) (cf. ref. 1). The
computations can often be accelerated if an upper bound c for
!(D!!) is known; h then is replaced by h"c. If !̂ denotes the
maximum-likelihood estimator of !, we could take c # !(D!!̂).

There are many variations on this theme. Of particular
relevance here is the case in which the likelihood !(D!!) cannot
be computed explicitly. One obvious approach then is:

B1. Generate ! from "(!).
B2. Simulate D% from the model M with parameter !.
B3. Accept ! if D% # D; return to B1.

The success of this approach depends on the fact that the
underlying stochastic model M is easy to simulate. This approach
can be useful when computation of the likelihood is possible but
time-consuming.

The practicality of algorithms such as these depends crucially
on the size of !(D), because the probability of accepting an
observation is proportional to !(D). In cases where the accep-
tance rate is too small, one might resort to approximate methods
such as:

C1. Generate ! from "(!).
C2. Simulate D% from the model M with parameter !.
C3. Calculate the distance $(D, D%) between D% and D.
C4. Accept ! if $ % &; return to C1.

This approach requires selection of a suitable metric $ as well as
a choice of &. As &3 & it generates observations from the prior.
If & # 0, an observation D% is accepted only if D% # D, and then
accepted observations come from the density f(!!D). The choice

of & therefore reflects a tension between computability and
accuracy. The method is still honest in that, for a given $ and &,
we are generating independent and identically distributed ob-
servations from f(!!$(D, D%) % &).
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be impractical as well, and then the comparison of D% with D can
be made by using lower-dimensional summaries of the data. The
motivation for this approach is that if the set of statistics S # (S1,
. . . , Sp) is sufficient for !, in that !(D!S, !) is independent of
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practice it will be hard, if not impossible, to identity a suitable
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particular problem at hand to suggest summary statistics that
capture information about !. With these statistics in hand, we
have the following approximate Bayesian computation scheme
for data D summarized by S:

D1. Generate ! from "(!).
D2. Simulate D% from stochastic model M with parameter !, and

compute the corresponding statistics S%.
D3. Calculate the distance $(S, S%) between S and S%.
D4. Accept ! if $ % &, and return to D1.

There are several advantages to these rejection methods,
among them the fact that they are usually easy to code, they
generate independent observations (and thus can use embar-
rassingly parallel computation), and they readily provide
estimates of Bayes factors that can be used for model com-
parison. On the other hand, sampling from the prior in
complex probability models is unlikely to be sensible when the
posterior is a long way from the prior. Later we discuss Markov
chain Monte Carlo (MCMC) algorithms and provide an
alternative MCMC approach that does not require the eval-
uation of likelihoods.

Examples from Evolutionary Biology
Examples of these algorithms have appeared in the evolutionary
genetics literature. For example, inference problems in molec-
ular population genetics can be described as follows. We sample
the molecular variation present at several loci in a population,
obtaining a discrete variation data set D (DNA sequence data,
for example). Inference and estimation for population parame-
ters of interest such as mutation rates, recombination rates,
migration rates, and demographic parameters are then based on
a stochastic model M for D.

The coalescent (2) provides a commonly used modeling
framework in this setting. The coalescent is a stochastic model
for the ancestral relationships between the sampled sequences.
In the absence of recombination, these ancestral relationships
form a binary branching tree. Because the tree is not observed,
inference for parameters of interest can be thought of as a
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Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.

1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary to use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large as ImageNet, so our model should also have lots
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networks
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be con-
trolled by varying their depth and breadth, and they also make strong and mostly correct assumptions
about the nature of images (namely, stationarity of statistics and locality of pixel dependencies).
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs have
much fewer connections and parameters and so they are easier to train, while their theoretically-best
performance is likely to be only slightly worse.
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Many domains of science have developed complex simulations to

describe phenomena of interest. While these simulations provide

high-fidelity models, they are poorly suited for inference and lead to

challenging inverse problems. We review the rapidly developing field

of simulation-based inference and identify the forces giving new mo-

mentum to the field. Finally, we describe how the frontier is expand-

ing so that a broad audience can appreciate the profound change

these developments may have on science.

Statistical inference | Implicit models | Likelihood-free inference | Ap-
proximate Bayesian Computation | Neural density estimation

Mechanistic models can be used to predict how systems
will behave in a variety of circumstances. These run

the gamut of distance scales with notable examples including
particle physics, molecular dynamics, protein folding, popula-
tion genetics, neuroscience, epidemiology, economics, ecology,
climate science, astrophysics, and cosmology (see Fig. 1). The
expressiveness of programming languages facilitates the devel-
opment of complex, high-fidelity simulations and the power
of modern computing provides the ability to generate syn-
thetic data from them. Unfortunately, these simulators are
poorly suited for statistical inference. The source of the chal-
lenge is that the probability density (or likelihood) for a given
observation—an essential ingredient to both frequentist and
Bayesian inference methods—is typically intractable. Such
models are often referred to as implicit models and contrasted
against prescribed models where the likelihood for an obser-
vation can be explicitly calculated (1). The problem setting
of statistical inference under intractable likelihoods has been
dubbed likelihood-free inference—though it is a bit of a mis-
nomer as typically one attempts to estimate the intractable
likelihood, so we feel the term simulation-based inference is
more apt.

The intractability of the likelihood is an obstruction for
scientific progress as statistical inference is a key component
of the scientific method. In areas where this obstruction has
appeared, scientists have developed various ad-hoc or field-
specific methods to overcome it. In particular, two common
traditional approaches rely on scientists to use their insight
into the system to construct powerful summary statistics and
then compare the observed data to the simulated data. In the
first, density estimation methods are used to approximate the
distribution of the summary statistics from samples generated
by the simulator (1). This approach was used for the discovery
of the Higgs boson in a frequentist paradigm and is illustrated
in Fig. 3e). Alternatively, a technique known as Approximate
Bayesian Computation (ABC) (2, 3) compares the observed
and simulated data based on some distance measure involving
the summary statistics. ABC is widely used in population
biology, computational neuroscience, and cosmology and is
depicted in Fig. 3a). Both techniques have served a large and
diverse segment of the scientific community.

Recently, the toolbox of simulation-based inference has

experienced an accelerated expansion. Broadly speaking, three
forces are giving new momentum to the field. First, there has
been a significant cross-pollination between those studying
simulation-based inference and those studying probabilistic
models in machine learning (4), and the impressive growth of
machine learning capabilities enables new approaches. Second,
active learning—the idea of continuously using the acquired
knowledge to guide the simulator—is being recognized as a
key idea to improve the sample e�ciency of various inference
methods. A third direction of research has stopped treating
the simulator as a black box and focused on integrations that
allow the inference engine to tap into the internal details of
the simulator directly.

Amidst this ongoing technological revolution, the landscape
of simulation-based inference is changing rapidly. In this review
we aim to provide the reader with a high-level overview of
the basic ideas behind both old and new inference techniques.
Rather than discussing the algorithms in technical detail, we
focus on the current frontiers of research, and comment on
some ongoing developments that we deem particularly exciting.

We begin by describing simulation-based inference and the
traditional approaches in Sec. 1. In Sec. 2 we discuss three
main directions of technological progress. We then show how
they can be combined in di�erent workflows for simulation-
based inference in Sec. 3. We conclude with a discussion of
the future of simulation-based inference in Sec. 4.

1. Simulation-based inference

A. Simulators. Statistical inference is performed within the
context of a statistical model, and in simulation-based inference
the simulator itself defines the statistical model. For the
purpose of this paper, a simulator is a computer program that
takes as input a vector of parameters ◊, samples a series of
internal states or latent variables zi ≥ pi(zi|◊, z<i), and finally
produces a data vector x ≥ p(x|◊, z) as output. Programs that
involve random samplings and are interpreted as statistical
models are known as probabilistic programs, and simulators
are an example. Within this general formulation, real-life
simulators can vary substantially:

• The parameters ◊ describe the underlying mechanis-
tic model and thus a�ect the transition probabilities
pi(zi|◊, z<i). Typically the mechanistic model is inter-
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Fig. 2. A schematic illustration of how machine learning, active learning, and integra-
tion of automatic differentiation and probabilistic programming into the simulation code
are expanding the frontier of traditional approaches to simulation-based inference.

A. A revolution in machine learning. Over the last decade, ma-
chine learning techniques, in particular deep neural networks,
have turned into versatile, powerful, and popular tools for a
variety of problems (18). Neural networks initially demon-
strated breakthroughs in supervised learning tasks such as
classification and regression. They can easily be composed
to solve higher-level tasks, lending themselves to problems
with a hierarchical or compositional structure. Architectures
tailored to various data structures have been developed, in-
cluding dense or fully connected networks aimed at unstruc-
tured data, convolutional neural networks that leverage spatial
structure for instance in image data, recurrent neural networks
for variable-length sequences, and graph neural networks for
graph-structured data. Choosing an architecture well suited
for a specific data structure is an example of inductive bias,
which more generally refers to the assumptions inherent in a
learning algorithm independent of the data. Inductive bias is
one of the key ingredients behind most successful applications
of deep learning, though it is di�cult to characterize its role
precisely.

One area where neural networks are being actively devel-
oped is density estimation in high dimensions: given a set of
points {x} ≥ p(x), the goal is to estimate the probability den-
sity p(x). As there are no explicit labels, this is usually consid-
ered an unsupervised learning task. We have already discussed
that classical methods based for instance on histograms or
kernel density estimation do not scale well to high-dimensional
data. In this regime, density estimation techniques based
on neural networks are becoming more and more popular.
One class of these neural density estimation techniques are
normalizing flows (19–34), in which variables described by a
simple base distribution p(u) such as a multivariate Gaussian
are transformed through a parameterized invertible transfor-
mation x = g„(u) that has a tractable Jacobian. The target
density pg(x) is then given by the change-of-variables formula
as a product of the base density and the determinant of the
transformation’s Jacobian. Several such steps can be stacked,
with the probability density “flowing” through the successive
variable transformations. The parameters „ of the transforma-
tions are trained by maximizing the likelihood of the observed
data under the model pg(xobs), resulting in a model density

that approximates the true, unknown density p(x). In addi-
tion to having a tractable density, it is possible to generate
data from the model by drawing the hidden variables u from
the base distribution and applying the flow transformations.
Neural density estimators have been generalized to model the
dependency on additional inputs, i. e. to model a conditional
density such as the likelihood p(x|◊) or posterior p(◊|x).

Another class of approaches use autoregressive models, in
which the probability distribution of a high-dimensional vari-
able is factorized into successive conditional densities of the
individual components (22–30). These models are expressive,
have a tractable (conditional) density, and can be used to
generate synthetic data. While autoregressive models are
somewhat disfavored in industrial applications because gener-
ating samples from them can be slow, the sequential nature
is more closely aligned with the way simulators are written
and o�ers an opportunity to align the neural networks latent
variables with the semantically meaningful latent variables of
simulators.

Generative Adversarial Networks (GANs) are an alternative
type of generative model based on neural networks. Unlike
in normalizing flows and autoregressive models, the transfor-
mation implemented by the generator is not restricted to be
invertible. While this allows for more expressiveness, the den-
sity defined by the generator is intractable. Since maximum
likelihood is not a possible training objective, the generator
is pitted against an adversary, whose role is to distinguish
the generated data from the target distribution. We will later
discuss how the same idea can be used for simulation-based
inference, using an idea known as the “likelihood ratio trick”.

B. Active learning. A simple, but very impactful idea is to run
the simulator at parameter points that are expected to increase
our knowledge the most. This can be done iteratively such that
after each simulation the knowledge resulting from all previous
runs is used to guide which parameter point should be used
next. There are multiple technical realizations of this idea of
active learning. It is commonly applied in a Bayesian setting,
where the posterior can be continuously updated and used to
steer the proposal distribution of simulator parameters (35–41).
But it applies equally well to e�ciently calculating frequentist
confidence sets (42–44). Even simple implementations can
lead to a substantial improvement in sample e�ciency.

Similar ideas are discussed in the context of decision mak-
ing, experimental design, and reinforcement learning, and we
expect further improvements in inference algorithms from the
cross-pollination between these fields. For instance, a question
that is occasionally discussed in the context of reinforcement
learning (45, 46) or Bayesian optimization (47), but has not yet
been applied to the likelihood-free setting, is how to make use
of multi-fidelity simulators o�ering multiple levels of precision
or approximations.

C. Integration and augmentation. Both machine learning and
active learning can substantially improve quality of inference
and sample e�ciency compared to classical methods. However,
overall they do not change the basic approach to simulation-
based inference dramatically: they still treat the simulator
as a generative black box that takes parameters as input
and provides data as output, with a clear separation between
the simulator and the inference engine. A third direction
of research is changing this perspective, opening this black
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Johann Brehmer and Kyle Cranmer

New York University, New York, NY, 10003

Our predictions for particle physics processes are realized in a chain of
complex simulators. They allow us to generate high-fidelty simulated
data, but they are not well-suited for inference on the theory param-
eters with observed data. We explain why the likelihood function of
high-dimensional LHC data cannot be explicitly evaluated, why this
matters for data analysis, and reframe what the field has traditionally
done to circumvent this problem. We then review new simulation-based
inference methods that let us directly analyze high-dimensional data by
combining machine learning techniques and information from the sim-
ulator. Initial studies indicate that these techniques have the potential
to substantially improve the precision of LHC measurements. Finally,
we discuss probabilistic programming, an emerging paradigm that lets
us extend inference to the latent process of the simulator.
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• Approximate Bayesian 
Computation (ABC) 

• Probabilistic Programming 

• Adversarial Variational 
Optimization (AVO)

74

Use simulator  
(much more efficiently)

Learn simulator  
(with deep learning)

• Generative Adversarial Networks (GANs), 
Variational Auto-Encoders (VAE) 

• Likelihood ratio from classifiers (CARL) 

• Autogregressive models,  
Normalizing Flows

[image credit: A.P. Goucher]
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• binary classifier: find function 
s(x) that minimizes loss: 
 
 

• i.e. approximate the optimal 
classifier 

• which is 1-to-1 with the 
likelihood ratio
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Figure 4: Example plots for classifier output distributions for signal and background events from the academic
test sample. Shown are likelihood (upper left), PDE range search (upper right), Multilayer perceptron (MLP
– lower left) and boosted decision trees.

• TMVA tutorial: https://twiki.cern.ch/twiki/bin/view/TMVA.

• An up-to-date reference of all configuration options for the TMVA Factory, the fitters, and all
the MVA methods: http://tmva.sourceforge.net/optionRef.html.

• On request, the TMVA methods provide a help message with a brief description of the method,
and hints for improving the performance by tuning the available configuration options. The
message is printed when the option ”H” is added to the configuration string while booking
the method (switch o↵ by setting ”!H”). The very same help messages are also obtained by
clicking the “info” button on the top of the reference tables on the options reference web page:
http://tmva.sourceforge.net/optionRef.html.

• The web address of this Users Guide: http://tmva.sourceforge.net/docu/TMVAUsersGuide.pdf.

• The TMVA talk collection: http://tmva.sourceforge.net/talks.shtml.
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Figure 5: Example for the background rejection versus signal e�ciency (“ROC curve”) obtained by cutting
on the classifier outputs for the events of the test sample.

• TMVA versions in ROOT releases: http://tmva.sourceforge.net/versionRef.html.

• Direct code views via ViewVC: http://tmva.svn.sourceforge.net/viewvc/tmva/trunk/TMVA.

• Class index of TMVA in ROOT: http://root.cern.ch/root/htmldoc/TMVA Index.html.

• Please send questions and/or report problems to the tmva-users mailing list:
http://sourceforge.net/mailarchive/forum.php?forum name=tmva-users (posting messages requires
prior subscription: https://lists.sourceforge.net/lists/listinfo/tmva-users).

3 Using TMVA

A typical TMVA classification or regression analysis consists of two independent phases: the training
phase, where the multivariate methods are trained, tested and evaluated, and an application phase,
where the chosen methods are applied to the concrete classification or regression problem they have
been trained for. An overview of the code flow for these two phases as implemented in the examples
TMVAClassification.C and TMVAClassificationApplication.C (for classification – see Sec. 2.5),
and TMVARegression.C and TMVARegressionApplication.C (for regression) are sketched in Fig. 7.
Multiclass classification does not di↵er much from two class classification from a technical point of
view and di↵erences will only be highlighted where neccessary.

In the training phase, the communication of the user with the data sets and the MVA methods
is performed via a Factory object, created at the beginning of the program. The TMVA Factory
provides member functions to specify the training and test data sets, to register the discriminating

Figure 1: Left: an example of the distributions f0(s|✓) and f1(s|✓) when the classifier s is
a boosted-decision tree (BDT). Right: the corresponding ROC curve (right) for this and
other classifiers. Figures taken from TMVA manual.

These steps lead to a subsequent statistical analysis where one observes in data {xe},
where e is an event index running from 1 to n. For each event, the classifier is evaluated and
one performs inference on a parameter µ related to the presence of the signal contribution.
In particular, one forms the statistical model

p({xe} |µ, ✓) =
nY

e=1

[µf1(s(xe) | ✓) + (1 � µ) f0(s(xe) | ✓) ] , (1)

where µ = 0 is the null (background-only) hypothesis and µ > 0 is the alternate (signal-
plus-background) hypothesis.1 Typically, we are interested in inference on µ and ✓ are
nuisance parameters; though, sometimes ✓ may include some components that we are also
wish to infer (like the mass of a new particle that a↵ects the distribution x for the signal
events).

1.2 Comments on typical usage of machine learning in HEP

Nuisance parameters are an after thought in the typical usage of machine learning in HEP.
In fact, most machine learning discussions would only consider f0(x) and f1(x). However,
as experimentalists we know that we must account for various forms of systematic uncer-
tainty, parametrized by ✓. In practice, we take the classifier as fixed and then propagate
uncertainty through the classifier as in Eq. 1. Building the distribution f(s(x)|✓) for values
of ✓ other than the nominal ✓0 used to train the classifier can be thought of as a calibration

1Sometimes there is an additional Poisson term when expected number of signal and background events
is known.

2

s(x)        0 1
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Figure 4: Example plots for classifier output distributions for signal and background events from the academic
test sample. Shown are likelihood (upper left), PDE range search (upper right), Multilayer perceptron (MLP
– lower left) and boosted decision trees.

• TMVA tutorial: https://twiki.cern.ch/twiki/bin/view/TMVA.

• An up-to-date reference of all configuration options for the TMVA Factory, the fitters, and all
the MVA methods: http://tmva.sourceforge.net/optionRef.html.

• On request, the TMVA methods provide a help message with a brief description of the method,
and hints for improving the performance by tuning the available configuration options. The
message is printed when the option ”H” is added to the configuration string while booking
the method (switch o↵ by setting ”!H”). The very same help messages are also obtained by
clicking the “info” button on the top of the reference tables on the options reference web page:
http://tmva.sourceforge.net/optionRef.html.

• The web address of this Users Guide: http://tmva.sourceforge.net/docu/TMVAUsersGuide.pdf.

• The TMVA talk collection: http://tmva.sourceforge.net/talks.shtml.
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Figure 5: Example for the background rejection versus signal e�ciency (“ROC curve”) obtained by cutting
on the classifier outputs for the events of the test sample.

• TMVA versions in ROOT releases: http://tmva.sourceforge.net/versionRef.html.

• Direct code views via ViewVC: http://tmva.svn.sourceforge.net/viewvc/tmva/trunk/TMVA.

• Class index of TMVA in ROOT: http://root.cern.ch/root/htmldoc/TMVA Index.html.

• Please send questions and/or report problems to the tmva-users mailing list:
http://sourceforge.net/mailarchive/forum.php?forum name=tmva-users (posting messages requires
prior subscription: https://lists.sourceforge.net/lists/listinfo/tmva-users).

3 Using TMVA

A typical TMVA classification or regression analysis consists of two independent phases: the training
phase, where the multivariate methods are trained, tested and evaluated, and an application phase,
where the chosen methods are applied to the concrete classification or regression problem they have
been trained for. An overview of the code flow for these two phases as implemented in the examples
TMVAClassification.C and TMVAClassificationApplication.C (for classification – see Sec. 2.5),
and TMVARegression.C and TMVARegressionApplication.C (for regression) are sketched in Fig. 7.
Multiclass classification does not di↵er much from two class classification from a technical point of
view and di↵erences will only be highlighted where neccessary.

In the training phase, the communication of the user with the data sets and the MVA methods
is performed via a Factory object, created at the beginning of the program. The TMVA Factory
provides member functions to specify the training and test data sets, to register the discriminating

Figure 1: Left: an example of the distributions f0(s|✓) and f1(s|✓) when the classifier s is
a boosted-decision tree (BDT). Right: the corresponding ROC curve (right) for this and
other classifiers. Figures taken from TMVA manual.

These steps lead to a subsequent statistical analysis where one observes in data {xe},
where e is an event index running from 1 to n. For each event, the classifier is evaluated and
one performs inference on a parameter µ related to the presence of the signal contribution.
In particular, one forms the statistical model

p({xe} |µ, ✓) =
nY

e=1

[µf1(s(xe) | ✓) + (1 � µ) f0(s(xe) | ✓) ] , (1)

where µ = 0 is the null (background-only) hypothesis and µ > 0 is the alternate (signal-
plus-background) hypothesis.1 Typically, we are interested in inference on µ and ✓ are
nuisance parameters; though, sometimes ✓ may include some components that we are also
wish to infer (like the mass of a new particle that a↵ects the distribution x for the signal
events).

1.2 Comments on typical usage of machine learning in HEP

Nuisance parameters are an after thought in the typical usage of machine learning in HEP.
In fact, most machine learning discussions would only consider f0(x) and f1(x). However,
as experimentalists we know that we must account for various forms of systematic uncer-
tainty, parametrized by ✓. In practice, we take the classifier as fixed and then propagate
uncertainty through the classifier as in Eq. 1. Building the distribution f(s(x)|✓) for values
of ✓ other than the nominal ✓0 used to train the classifier can be thought of as a calibration

1Sometimes there is an additional Poisson term when expected number of signal and background events
is known.

2

s(x)        

⇡ 1

N

NX

i=1

(yi � s(xi))
2

0 1
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Shallow neural network Deep neural network 

image credit: Michael Nielsen

•In calculus of variations, the optimization is over all functions: 

• In applied calculus of variations, we consider a highly flexible family of 
functions sφ and optimize 

• Think of neural networks as a highly flexible family of functions 

• Machine learning also includes non-convex optimization algorithms that 
are affective even with millions of parameters!

ŝ = argmin
s

L[s]
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Machine Learning

<latexit sha1_base64="HjZ6RxRDdZu139wdkhmGLAXlGyY="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="KGKYmyKWjUVupNzZY8DVUShrvqU="></latexit>

argmin
g

L[g]
<latexit sha1_base64="K5zdKfNQlfWV+Iu2lZ+kbdAR2qQ="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="Y+642ZFyiyZWQmFYdFZi+qnOJts="></latexit>

r̂(x|✓)
<latexit sha1_base64="NPA37tSEX6NJZFS7lgnMywc24Uw="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="8WBmztmqRcTSWIh+NwhKhjUiPqA="></latexit>

approximate 
likelihood 

ratio

Inference

✓i
<latexit sha1_base64="l7N+1zwpgVSD9LHyu2N3Zdptxos="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="wu6Hts1TOb3rsEaGlT7xgnbYqiA="></latexit>

✓j
<latexit sha1_base64="I43qAb/N9+gEleDQ88LUjU6gBUM="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="isTL59a2OifKddQT14KzRD58m1M="></latexit>

Simulation

z

✓
<latexit sha1_base64="uKih3q81UG5Y39UkSUDmaMgSwo0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="cLB/gHcLXKsvdN1Ss3kTuhimZm0="></latexit>

parameter

latent x
observable

r(x, z|✓)
<latexit sha1_base64="n4ECwTYdCfuLwJXCZl6+ybiKm1E="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="kQLQGJ4Xe+WRfsBc6Tu8qUqoqpg="></latexit>

t(x, z|✓)
<latexit sha1_base64="BMHppIHEY/0iNNG8Fhs+Hd4wokw="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="GuTW9do3dzdd+I9ZbAmjhvNlqcg="></latexit>

augmented data

arXiv:1805.12244 
PRL, arXiv:1805.00013 
PRD, arXiv:1805.00020 

physics.aps.org/articles/v11/90 

Recently, we realized we can extract more from the simulator. 
We can use augmented data to improve training 

(connections to reinforcement learning)

https://physics.aps.org/articles/v11/90
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Training sample size

New techniques 
require less data than  

without augmented data 

Traditional binned analysis

https://physics.aps.org/articles/v11/90


M A D M I N E R

•MadMiner is a tool that 
streamlines these simulation-
based inference techniques 

• Works with any MadGraph 
model file 

• Automates the “gold 
mining” process that makes 
training much more sample 
efficient  

• Useful for experimental work 
or phenomenology studies
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https://cranmer.github.io/madminer-tutorial/ 

Felix Kling Sinclert Pérez
Gilles Louppe Johann Brehmer

https://cranmer.github.io/madminer-tutorial/
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Effective field theory
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LEP Flavour …
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16-Dim phase space, 
but we will use a  

42-Dim observable x 
with redundant 

information

Exciting new physics might hide here! 
We parameterize it with two EFT coefficients: 

J Brehmer, J Pavez, G Louppe, K.C. PRL & PRD 2018 [arXiv:1805.00013 & arXiv:1805.00020] 
“Better Higgs Measurements Through Information Geometry” [arXiv:1612.05261] & CARL  [arxiv:1506.02169] 

http://arxiv.org/abs/1506.02169
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True likelihoodWeak boson fusion, h → 4�
� Production vs decay

� hZZ decay vertex:
many angular structures

� Very clean

� Same operators as before:

OB = i
g
2
(Dµ�†

)(Dν�)Bµν OW = i
g
2
(Dµ�)†σ k

(Dν�)W k
µν

OBB = −
g′2
4
(�†�)Bµν Bµν

OWW = −
g2

4
(�†�)W k

µν W µν k

O� ,2 =
1
2
∂µ(�†�) ∂µ(�†�) OWW̃ = −

g2

4
(�†�)W k

µν W̃ µν k

� Setup as before, except:
� No backgrounds, no smearing
� L ⋅ ε = 100 fb−1
� Cuts: pT , j > 20 GeV, �η j � < 5.0, pT ,� > 10 GeV, �η� � < 2.5

W , Z

W , Z

h

Z

Z

q

q

q′
�−
�+
�−
�+

q′

��/��

(based on a 42-Dim observation x)
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J Brehmer, J Pavez, G Louppe, K.C. PRL & PRD 2018 [arXiv:1805.00013 & arXiv:1805.00020] 
“Better Higgs Measurements Through Information Geometry” [arXiv:1612.05261] & CARL  [arxiv:1506.02169] 

http://arxiv.org/abs/1506.02169
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• Baseline: Simplified Template Cross-Sections (STXS) 
define observable regions that try to capture as much 
information on new physics as possible 
[N. Berger et al. 1906.02754; HXSWG YR4] 

• Let’s check! How much information on 
 
 
 
 
 
 
can we extract from.                                           ?

[J. Brehmer, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
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• Results: STXS are sensitive to operators, 
adding a few more regions improve them, 
but a multivariate analysis is much stronger!

[J. Brehmer, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
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•Recently, a variant of these models 
proposed by Chen, Glioti, Panico, Wulzer 
and applied to fully leptonic WZ 

• “Quadratic classifier” (QC) outperforms 
binned analysis and approaches exact 
matrix element information 
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Figure 2: Expected exclusion reach on G(3)
'q (left) and on GW (right). The results are also

reported in Table 1. Light-color stacked bars represent the errors.

significantly. A cut cos⇥ < 0.5 is imposed in the analysis targeting G(3)
'q , because this

helps [27] in isolating the longitudinal helicity channel thanks to the amplitude zero in the
transverse SM amplitudes. For OW , no cos⇥ cut is performed, and each pT,Z is split in
two bins, for cos 2'W larger and smaller than zero. This is su�cient to partially capture
the leading EFT/SM interference term as discussed in Ref. [28].

Most likely the binned analysis could be improved by considering more (and/or better)
variables and a narrower binning. However it should be noticed that the simple strategies
described above already result from an optimization, targeted to the specific operators at
hand, and that the reach we obtain is consistent with the sensitivity projections available
in the literature.

4.1 Results

The results of the four methods are shown in Figure 2 (see also Table 1), together with the ones
obtained with the MadGraph LO description of the ZW process, to be discussed in Section 4.2.
The 2� sensitivities reported in the figure are obtained by interpolating the median p-value as a
function of the Wilson Coe�cient c, in the vicinity of the reach, and computing c2� by solving
eq. (25). Further details on this procedure, and the associated error, are given in Section 5.1.

The figure reveals a number of interesting aspects. First, by comparing the Matrix Element
reach with the one of the Binned Analysis we can quantify the potential gain in sensitivity
o↵ered by a multivariate strategy. The improvement is moderate (around 30%) for G(3)

'q , but
it is more than a factor of 2 (of 2.4) in the case of the GW operator coe�cient. The di↵erent
behavior of the two operators was expected on physical grounds, as discussed in details below.
The figure also shows that the Quadratic Classifier is nearly optimal. More precisely, the reach
is identical to the one of the Matrix Element for G(3)

'q , and < 20% worse for GW . We will see
in Section 6 that the residual gap for GW can be eliminated with more training points than
the ones used to produce Figure 2. Suboptimal performances are shown in the figure in order
to outline more clearly, in Section 6, that our method is systematically improvable as long as
larger and larger Monte Carlo samples are available.

Finally, we see in the figure that the Standard Classifier is slightly less sensitive than the
Quadratic one, but still its performances are not far from optimality. This is reassuring in
light of possible applications of Statistical Learning methodologies to di↵erent problems, where
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Figure 1: The kinematical variables in the “special’ coordinate frame [28].

quadratically energy-growing terms, namely 5

O
(3)
'q = G(3)

'q

�
QL�

a�µQL
�
(iH† !DµH) , OW = GW "abcW

a ⌫
µ W b ⇢

⌫ W c µ
⇢ . (15)

We thus focus on these operators in our analysis.
Both O

(3)
'q and OW contribute to the ZW production amplitudes with quadratically energy-

growing terms of order G ·s, where s is the center-of-mass energy squared of the diboson system.
However the way in which this energy growth manifests itself in the cross section is rather
di↵erent for the two operators (see e.g. Refs. [27, 28]). The O

(3)
'q operator mainly contributes

to the “00” helicity amplitude, in which the gauge bosons are longitudinally polarized. The
SM amplitude in this channel is sizable and has a constant behavior with s at high energy.
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• Approximate Bayesian 
Computation (ABC) 

• Probabilistic Programming 

• Adversarial Variational 
Optimization (AVO)
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Use simulator  
(much more efficiently)

Learn simulator  
(with deep learning)

• Generative Adversarial Networks (GANs), 
Variational Auto-Encoders (VAE) 

• Likelihood ratio from classifiers (CARL) 

• Autogregressive models,  
Normalizing Flows
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(defquery arrange-bumpers []
    (let [number-of-bumpers (sample (poisson 20))
          bumpydist (uniform-continuous 0 10)
          bumpxdist (uniform-continuous -5 14)
          bumper-positions (repeatedly
                            number-of-bumpers
                            #(vector (sample bumpxdist) 
                                     (sample bumpydist)))

          ;; code to simulate the world
          world (create-world bumper-positions)
          end-world (simulate-world world)
          balls (:balls end-world)

          ;; how many balls entered the box?
          num-balls-in-box (balls-in-box end-world)]

      {:balls balls
       :num-balls-in-box num-balls-in-box
       :bumper-positions bumper-positions}))

P R O B A B I L I S T I C  P R O G R A M M I N G  E X A M P L E

89[slides, Frank Wood]

3 examples generated from simulator 
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P R O B A B I L I S T I C  P R O G R A M I N G  

• Augment real-world 
scientific simulator (C++)  

• Use ML-powered 
inference engine
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https://github.com/probprog/pyprob 
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•Idea: hijack the random number generators and perform a 
very fancy type of importance sampling or MCMC

G. Baydin, et al SC19 arXiv:1907.03382  
G. Baydin, et al. NeurIPS 2019 arXiv:1807.07706

https://github.com/probprog
https://github.com/probprog/pyprob
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Simulation-Based Inference for Global Health Decisions

Christian Schroeder de Witt 1 Bradley Gram-Hansen 1 Nantas Nardelli 1
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Abstract
The COVID-19 pandemic has highlighted the impor-
tance of in-silico epidemiological modelling in pre-
dicting the dynamics of infectious diseases to inform
health policy and decision makers about suitable pre-
vention and containment strategies. Work in this set-
ting involves solving challenging inference and control
problems in individual-based models of ever increas-
ing complexity. Here we discuss recent breakthroughs
in machine learning, specifically in simulation-based
inference, and explore its potential as a novel venue
for model calibration to support the design and evalua-
tion of public health interventions. To further stimulate
research, we are developing software interfaces that
turn two cornerstone COVID-19 and malaria epidemi-
ology models (CovidSim1 and OpenMalaria2) into
probabilistic programs, enabling efficient interpretable
Bayesian inference within those simulators.

1 Introduction
Machine learning has a growing role in increasing health
service access and efficiency, particularly in resource-
constrained settings, making it a valuable tool for the global
health community [39, 54]. Moreover, the COVID-19 pan-
demic [55] has underlined the importance of epidemiolog-
ical modelling and computer simulation in informing the
design and implementation of public health interventions at
an unprecedented scale [18]. For many endemic diseases
(e.g., malaria), in-silico optimisation of multi-modal inter-
vention portfolios—from mass vaccination to bed nets—is
well established [47]. Analogous modelling for COVID-19
interventions, including social distancing [20], is mostly
unexplored, yet subject to intense public interest [32].

The adoption of health informatics in worldwide health sys-
tems (e.g., OpenMRS [33], mHealth [1]) enables access to

1Department of Engineering Science, University of Oxford,
UK 2Department of Surgery and Cancer, Imperial College Lon-
don, UK. Correspondence to: Christian Schroeder de Witt
<cs@robots.ox.ac.uk>.

1https://github.com/mrc-ide/covid-sim/
2https://github.com/SwissTPH/openmalaria

abundant patient-level and aggregated health data [54]. This
is fomenting the development of comprehensive modelling
and simulation to support the design of health interventions
and policies, and to guide decision-making in a variety of
health system domains [22, 49]. For example, simulations
have provided valuable insight to deal with public health
problems such as tobacco consumption in New Zealand [50],
and diabetes and obesity in the US [58]. They have been
used to explore policy options such as those in maternal and
antenatal care in Uganda [44], and applied to evaluate health
reform scenarios such as predicting changes in access to
primary care services in Portugal [21]. Their applicability
in informing the design of cancer screening programmes
has been also discussed [42, 23]. Recently, simulations have
informed the response to the COVID-19 outbreak [19].

The process of informing health interventions and policies
through simulations generally involves two steps:

Model calibration The extent to which a simulator can
reliably inform real-world prediction and planning is
bounded by both model discrepancy [13] and how well
the model has been calibrated to empirical data [3].

Optimising decision-making Identifying optimal multi-
modal intervention strategies and corresponding risks and
uncertainties requires searching through potentially vast
parameter spaces, which, due to the computational cost of
running large simulators (e.g., in some epidemiological
studies), usually cannot be exhaustively evaluated [46].

Despite their fundamental importance, model discrepancy
and calibration of public-health simulators are frequently
only informally addressed, or left undocumented [48, 40].
This may be partially explained by the fact that, while numer-
ous methods for formal sensitivity and uncertainty analysis
exist [28], they in general do not scale to complex simula-
tors with more than a few dozen parameters [38]. Similarly,
evidence-based decision-making is usually optimised by
comparing outcomes on a small number of hand-crafted
scenarios and intervention strategies [46].

2 Epidemiology simulations and inference
Among the simplest mathematical epidemiology models are
deterministic compartmental models that partition individu-
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Abstract

Epidemiology simulations have become a funda-
mental tool in the fight against the epidemics of
various infectious diseases like AIDS and malaria.
However, the complicated and stochastic nature of
these simulators can mean their output is difficult
to interpret, which reduces their usefulness to poli-
cymakers. In this paper, we introduce an approach
that allows one to treat a large class of population-
based epidemiology simulators as probabilistic
generative models. This is achieved by hijack-

ing the internal random number generator calls,
through the use of an universal probabilistic pro-
gramming system (PPS). In contrast to other meth-
ods, our approach can be easily retrofitted to sim-
ulators written in popular industrial programming
frameworks. We demonstrate that our method
can be used for interpretable introspection and
inference, thus shedding light on black-box simu-
lators. This reinstates much needed trust between
policymakers and evidence-based methods.

1. Introduction

Ending the epidemics of AIDS, tuberculosis, malaria and
other infectious diseases by 2030 is a key target within the
Good Health & Well-Being section of the UN Sustainable
Development Goals (UN, 2017; 2018). However, despite
decades of substantial international efforts, these diseases
kill hundreds of million people a year. For example, malaria
still annually kills about a quarter of a million children under
the age of 5 in Africa alone.

To reach the WHO’s target of reducing malaria incidence
and mortality rates by at least 90% by 2030, policymakers
are increasingly turning to evidence-based methods, thus
oftentimes relying on computational simulations (WHO,

*Equal contribution 1Department of Engineering Science,
University of Oxford, UK 2Department of Statistics, University
of Oxford, UK. Correspondence to: Bradley J. Gram-Hansen
<bradley@robots.ox.ac.uk>.

Appearing at the International Conference on Machine Learning

AI for Social Good Workshop, Long Beach, United States, 2019.

2015). These simulations allow policymakers to infer criti-
cal information on disease dynamics and make predictions
about the impacts of policies before they are rolled out. This
frequently increases the effectiveness of interventions and
thus ultimately saves resources, or even lives. For example,
it has been shown that mass vaccination may be largely
ineffective in regions of large transmission rates, but may
play a crucial role in areas of low transmission (Cameron
et al., 2015).

Malaria epidemiology is governed by a complex set of
drivers, few of which can be understood in isolation
(Cameron et al., 2015; Autino et al.; Smith et al., 2008;
Bershteyn et al., 2018). These include within-host dynamics,
population-specific traits and even local geography. Com-
prehensive modeling of all of these components remains
challenging, particularly in a region-specific context. Com-
putational epidemiology simulators have to reflect these
complexities and are usually stochastic in nature. This can
make simulation output highly non-trivial to interpret, par-
ticularly when trying to draw desired inferences coupled
with observed data (Mwendera et al.; Ferris et al.).

In this paper, we introduce a novel method that allows
one to shed light on the inner workings of a large class
of population-based stochastic simulators. We achieve this
by extending the work of Baydin et al. (2018) by inter-
preting such population-based simulators as probabilistic
generative models within the framework of universal proba-
bilistic programming (UPP) (Le et al., 2017). To this end,
we hijack existing simulators by overriding their internal
random number generators. Specifically, by replacing the
existing low-level random number generator in a simulator
with a call to a purpose-built UPP “controller”, which can
thus control, track and manipulate the stochasticity of the
simulator.

This allows for a variety of tasks to be performed on the
hijacked simulator, such as running inference (by condition-
ing the values of certain draws and manipulating others),
uncovering stochastic structure, and automatically produc-
ing result summaries, such as establishing the probability of
different program paths/traces. By providing a common ab-
straction framework for different simulators, our approach
further allows for easy and direct comparison between re-
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D I S C U S S I O N

•Inference is always done within the context of a model 

• If the model is mis-specified it will affect inference 

• Here the model is the simulator, or the surrogate for the simulator 

• One hand: simulators usually include more effects than traditional 
approaches 

• Other hand: more chances for method to focus on aspects that are 
poorly modeled 

•Humans are good at designing robust summary statistics that are not sensitive 
to mis-modeled features in the data 

• Now there are numerous approaches to build this into the training of ML 
models (related to domain adaptation, algorithmic fairness, pivotal 
quantities, profiling, etc.) 

•These methods do not address hypothesis generation.  

• They are not designed to discover new laws of nature.

95

eg. uBoost by J. Stevens,  M. Williams, “learning to pivot” by KC, Louppe, Kagan



C O N C L U S I O N S

•Machine Learning can help us get more out of our simulators 

• it can provide effective statistical models for emergent phenomena 
that are tied back to the low-level microscopic reductionist model 

•Our understanding of how to leverage our prior physics knowledge 
while letting machine learning do what it’s good at is maturing. 

• build in robustness to systematic uncertainties 

• ability to inject and extract physics knowledge from models 

• exploit symmetries, hierarchical structure of data 

•Harnessing the full potential of these techniques requires augmenting 
existing simulators.
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S M A L L - S C A L E  S T R U C T U R E :  A  P R O B E  O F  D M  PA R T I C L E  P R O P E R T I E S

•Many DM models predict differences from ΛCDM at small 
length scales 

•Abundance of DM subhalos with low mass is sensitive to 
DM mass, decoupling pattern, self-interactions…

[T. Brown, J.Tumlinson] 101
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FIG. 5. Shown is the halo mass function from our simulations
and our fits to that data. The thick lines are the data from
each simulation, as listed in the legend. The thin lines are the
CDM data multiplied by our fitting factor, which is given in
Eq. (5.5).
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FIG. 6. Shown is the halo mass function for the CDM model
and several WDM particle masses, as given in the legend. The
mass functions are normalized to the CDM mass functions at
large masses. Our WDMmass functions include a suppression
for small M and a small scale cut-o↵.

m � Mfs and goes to zero when m ⌧ Mfs to provide a
continuous cut-o↵. Our WDM mass function is then

dnW

dM
=

✓
M

2

M2 +M
2

fs

◆10
3 ✓

1 +
Mf

M

◆�⌘
dnC

dM
. (5.8)

The full mass function for our CDM and WDM models
is shown in Fig. 6. The e↵ect of just the change to the
mass function on the nonlinear matter power spectrum is
shown in Fig. 7. The decrease in small mass halos results
in the suppression of the power spectrum at small scales.
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FIG. 7. The percent di↵erence between the nonlinear matter
power spectrum for the CDM model and several WDM parti-
cle masses, as listed in the legend, is plotted versus wavenum-
ber k. In this graph, the only di↵erence between the CDM
and WDM models is the change to the mass function, as given
in Eq.s (5.8). The decrease in small mass halos results in the
suppression of the power spectrum at small scales.

VI. HALO DENSITY PROFILE

A. Cold Dark Matter

A general halo density profile is given by Ref. [43]:

⇢ (r | M) =
⇢s

⇣
r

rs

⌘� h
1 +

⇣
r

rs

⌘↵i(���)/↵
. (6.1)

For CDM, we employ the Navarro, Frenk and White
(NFW) profile [44], which has ↵ = 1, � = 3 and � = 1.
The radius rs is the radius at which the density function
has a logarithmic slope of �2. For a spherically symmet-
ric density profile, the mass of the halo is

M ⌘
Z

Rvir

0

dr4⇡r2⇢ (r | M) , (6.2)

for the virial radius Rvir. For the NFW profile, the in-
tegral has an analytic solution, which specifies the value
of ⇢s:

M = 4⇡⇢sr
3

s

✓
ln (1 + c)� c

1 + c

◆
. (6.3)

The concentration c is defined as c ⌘ Rvir/rs. When
calculating the nonlinear matter power spectrum, we use
the Fourier transform of the density profile,

u (k | M) =

Z
Rvir

0

dr4⇡r2
sin (kr)

kr

⇢ (r | M)

M
. (6.4)

[R. Dunstan et al 1109.6291]

Abundance of DM subhalos vs mass:
Sid Mishra-Sharma Johann Brehmer Gilles Louppe Joeri Hermans
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Future surveys (LSST, Euclid) are expected to deliver large samples of galaxy-galaxy 
strong lenses [Collett et al 1507.02657]
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We construct a simulator that can sample x ⇠ p(x|✓)
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⇒ Need inference technique that 

• scales to many lenses (fast evaluation) 

• captures subtle effects in high-
dimensional image data 

• can deal with a large number of subhalos 
(latent variables)
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[following T. Collett 1507.02657]
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D A R K  M AT T E R

•Latent space Z: 
Number of dark matter 
sub halos and their mass 
and location lead to 
complex latent space for 
each image. 

•Goal is inference on θ at 
the population-level 
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Watch how knowledge of the subhalos mass distribution  
improves as data comes in. See posterior for two parameters 
concentrate around true value used to generate mock data. 

(plotted slightly differently in middle panel)
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• fsub, defined as the fraction of the total dark matter halo mass contained in bound substructure 
in a given mass range  

• The halo virial mass M200 describes the total mass contained with the virial radius r200, defined 
as the radius within which the mean density is 200 times the critical density of the universe

https://arxiv.org/abs/1909.02005
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P R O B A B I L I S T I C  P R O G R A M M I N G  F O R  L E N S I N G

•Here we use probabilistic 
programming to infer the 
latent variables: the details 
of sub halo for a particular 
image 

• prior 

• posterior given 
observed image
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