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https://indico.cern.ch/event/840837/ 
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Data 
access

Selection & 
systematic uncertainties

Result, 
diagnosticsHistograms

Event selection, 
systematic 

uncertainties

Statistical 
analysis

Statistical 
model 

building
WorkspaceColumnar data

ROOT JSON

From workspaces 
to likelihoods

Reusability 
and preservation

Fit results 
and diagnostics

Modularity & 
interfaces

Declarative 
configuration



T O P I C S
•Accelerating analysis design  

• more powerful observables  

• end-to-end optimization  

• benchmarking of algorithms 

•Accelerating fitting  

• pyhf and a fitting service 

•More efficient simulation 

• excursion 

• Probabilistic programming 

•Extending impact of results 

• RECAST
6

•Core technologies: 

• automatic differentiation 

• GPUs & TPUs 

• Cloud-native : docker, kubernetes 

• Workflows & REANA 

• Functions as a service Accelerating 
analysis design  
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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 

•

8
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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>



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 summary statistic 

• choosing a good summary statistic (feature engineering) is a task for a skilled 
physicist and tailored to the goal of measurement or new particle search 

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

10This doesn’t scale if x is high dimensional!
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ftot(Dsim,G|↵) =
Y

c2channels

"
Pois(nc|⌫c(↵))

ncY

e=1

fc(xce|↵)

#
·
Y

p2S
fp(ap|↵p)
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For reinterpretation of searches, the bulk of the likelihood is invariant. Only need 
to patch the likelihood. Use JSONPatch standard to inject the new signal. 

efficient use of tensor computation makes pyhf fast.
Competitive with ROOT implementation - often faster.

Hardware Acceleration

For ML-library tensor backends Computational graph can be transparently  
placed on hardware accelerators: GPUs and TPUs for order of magnitude  
speed-up in computation.

implementation of HistFactory likelihood (1) as a computational graph of multi-
dimensional array operations. 

Use of array ("tensor") operations through a common API layer around high-
performance tensor libraries: e.g.

Installation:  

$> pip install pyhf
Example: simple number-counting experiment

Auto-Differentiation: 

Tensor libraries from ML communty provide exact gradients 
for use in minimization.

Optimizers

pyhf likeliehood are simple tensor-value python functions. Can use multiple 
minimization algorithms, such as scipy.minimize or MINUIT

JSON Format

The full likelihood can be expressed as a single JSON document

• easy archivability (HepData)
• easy sharing across network
• easy manipulation

pyhf: auto-differentiable binned HEP likelihoods
Kyle Cranmer (NYU) Matthew Feickert (SMU) 
Lukas Heinrich (CERN), Giordon Stark (UCSC) 
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HistFactory
declarative binned likelihoods
One of the most widely used statistical models in HEP for binned measuments and searches.

Mathematical Formulation:a parametrized p.d.f with
parameters or interest (POI) and nuisance parameters

Primary Measurment:
• multiple disjoint "channels"  (e.g. event observables), each with multiple bins
• Poisson with rate parameters as functions of poi and nuisance parameters

Auiliary Measurement
• constraint terms on modeled as "measurements" of auxiliary data

Standard Model SUSY Exotics

pyhf
pure python implementation of HistFactory

(1)

Performance
fast likelihood computation

toplvl:
  measurements:
  - {name: demo, config: {poi: mu}}
data:
  singlechannel: [51, 48]
channels:
- name: singlechannel
  samples:
  - name: signal
    data: [12, 11]
    modifiers:
    - name: mu
      type: normfactor
      data: null
  - name: background
    data: [50,52]
    modifiers:
    - name: uncorr_bkguncrt
      type: shapesys
      data: [3,7]

Sharable Likelihoods
built for reinterpretation

$> pyhf cls original.json|jq .CLs_obs
0.05290116065118097

$> pyhf cls original.json --patch newsignal.json|jq .CLs_obs
0.3401578753020146

[
{"op": "replace", "path": "/channels/0/samples/0/data", "value": [5., 6.]}

]
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For reinterpretation of searches, the bulk of the likelihood is invariant. Only need 
to patch the likelihood. Use JSONPatch standard to inject the new signal. 

efficient use of tensor computation makes pyhf fast.
Competitive with ROOT implementation - often faster.

Hardware Acceleration

For ML-library tensor backends Computational graph can be transparently  
placed on hardware accelerators: GPUs and TPUs for order of magnitude  
speed-up in computation.

implementation of HistFactory likelihood (1) as a computational graph of multi-
dimensional array operations. 

Use of array ("tensor") operations through a common API layer around high-
performance tensor libraries: e.g.

Installation:  

$> pip install pyhf
Example: simple number-counting experiment

Auto-Differentiation: 

Tensor libraries from ML communty provide exact gradients 
for use in minimization.

Optimizers

pyhf likeliehood are simple tensor-value python functions. Can use multiple 
minimization algorithms, such as scipy.minimize or MINUIT

JSON Format

The full likelihood can be expressed as a single JSON document

• easy archivability (HepData)
• easy sharing across network
• easy manipulation

pyhf: auto-differentiable binned HEP likelihoods
Kyle Cranmer (NYU) Matthew Feickert (SMU) 
Lukas Heinrich (CERN), Giordon Stark (UCSC) 
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HistFactory
declarative binned likelihoods
One of the most widely used statistical models in HEP for binned measuments and searches.

Mathematical Formulation:a parametrized p.d.f with
parameters or interest (POI) and nuisance parameters

Primary Measurment:
• multiple disjoint "channels"  (e.g. event observables), each with multiple bins
• Poisson with rate parameters as functions of poi and nuisance parameters

Auiliary Measurement
• constraint terms on modeled as "measurements" of auxiliary data

Standard Model SUSY Exotics

pyhf
pure python implementation of HistFactory

(1)

Performance
fast likelihood computation

toplvl:
  measurements:
  - {name: demo, config: {poi: mu}}
data:
  singlechannel: [51, 48]
channels:
- name: singlechannel
  samples:
  - name: signal
    data: [12, 11]
    modifiers:
    - name: mu
      type: normfactor
      data: null
  - name: background
    data: [50,52]
    modifiers:
    - name: uncorr_bkguncrt
      type: shapesys
      data: [3,7]

Sharable Likelihoods
built for reinterpretation

$> pyhf cls original.json|jq .CLs_obs
0.05290116065118097

$> pyhf cls original.json --patch newsignal.json|jq .CLs_obs
0.3401578753020146

[
{"op": "replace", "path": "/channels/0/samples/0/data", "value": [5., 6.]}

]
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For reinterpretation of searches, the bulk of the likelihood is invariant. Only need 
to patch the likelihood. Use JSONPatch standard to inject the new signal. 

efficient use of tensor computation makes pyhf fast.
Competitive with ROOT implementation - often faster.

Hardware Acceleration

For ML-library tensor backends Computational graph can be transparently  
placed on hardware accelerators: GPUs and TPUs for order of magnitude  
speed-up in computation.

implementation of HistFactory likelihood (1) as a computational graph of multi-
dimensional array operations. 

Use of array ("tensor") operations through a common API layer around high-
performance tensor libraries: e.g.

Installation:  

$> pip install pyhf
Example: simple number-counting experiment

Auto-Differentiation: 

Tensor libraries from ML communty provide exact gradients 
for use in minimization.

Optimizers

pyhf likeliehood are simple tensor-value python functions. Can use multiple 
minimization algorithms, such as scipy.minimize or MINUIT

JSON Format

The full likelihood can be expressed as a single JSON document

• easy archivability (HepData)
• easy sharing across network
• easy manipulation

pyhf: auto-differentiable binned HEP likelihoods
Kyle Cranmer (NYU) Matthew Feickert (SMU) 
Lukas Heinrich (CERN), Giordon Stark (UCSC) 
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HistFactory
declarative binned likelihoods
One of the most widely used statistical models in HEP for binned measuments and searches.

Mathematical Formulation:a parametrized p.d.f with
parameters or interest (POI) and nuisance parameters

Primary Measurment:
• multiple disjoint "channels"  (e.g. event observables), each with multiple bins
• Poisson with rate parameters as functions of poi and nuisance parameters

Auiliary Measurement
• constraint terms on modeled as "measurements" of auxiliary data

Standard Model SUSY Exotics

pyhf
pure python implementation of HistFactory

(1)

Performance
fast likelihood computation

toplvl:
  measurements:
  - {name: demo, config: {poi: mu}}
data:
  singlechannel: [51, 48]
channels:
- name: singlechannel
  samples:
  - name: signal
    data: [12, 11]
    modifiers:
    - name: mu
      type: normfactor
      data: null
  - name: background
    data: [50,52]
    modifiers:
    - name: uncorr_bkguncrt
      type: shapesys
      data: [3,7]

Sharable Likelihoods
built for reinterpretation

$> pyhf cls original.json|jq .CLs_obs
0.05290116065118097

$> pyhf cls original.json --patch newsignal.json|jq .CLs_obs
0.3401578753020146

[
{"op": "replace", "path": "/channels/0/samples/0/data", "value": [5., 6.]}

]

�L
�µ

,
�L
��i



O T H E R  A D VA N TA G E S  O F  U S I N G  T E N S O R  B A C K E N D S
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Slide from Matthew Feickert



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

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

• Moved to JSON schema 
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F I T T I N G  S E R V I C E

•With JSON format, it is much 
easier to stream necessary 
data to a fitting service. 

• Lukas prototyped this 
using functions-as-a-
service 

•Ideally have a machine with a 
big GPU or TPU for this 

• From 10 min to a few 
seconds!

16

Accessing Fitting Service



A C T I V E  L E A R N I N G

•Instead of generating Monte Carlo a priori, generate it 
on demand where it is relevant! 

•↓ An algorithm for finding exclusion contours 

•Drastically more efficient use of computing resources →
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https://indico.cern.ch/event/708041/contributions/3269754/
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D I F F E R E N T I A B L E  P R O G R A M I N G

•Automatic differentiation is not just for Machine Learning! 

• Differentiable Programming  

• Attitude: we can auto-diff through analysis and reconstruction 

• End-to-end optimization

19• http://colah.github.io/posts/2015-09-NN-Types-FP/
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statistic s and a statistical procedure to obtain an unbiased interval estimate of the parameter of interest
which accounts for the effect of nuisance parameters. The resulting interval can be characterised by
its width �Ê0 = Ê̂

+
0 ≠ Ê̂

≠
0 , defined by some criterion so as to contain on average, upon repeated

samping, a given fraction of the probability density, e.g. a central 68.3% interval. The expected size
of the interval depends on the summary statistic s chosen: in general, summary statistics that are more
informative about the parameters of interest will provide narrower confidence or credible intervals on
their value. Under this figure of merit, the problem of choosing an optimal summary statistic can be
formally expressed as finding a summary statistic s

ú that minimises the interval width:
s

ú = argmins�Ê0. (2)
The above construction can be extended to several parameters of interest by considering the interval
volume or any other function of the resulting confidence or credible regions.

3 Method

In this section, a machine learning technique to learn non-linear sample summary statistics is described
in detail. The method seeks to minimise the expected variance of the parameters of interest obtained
via a non-parametric simulation-based synthetic likelihood. A graphical description of the technique
is depicted on Fig. 1. The parameters of a neural network are optimised by stochastic gradient descent
within an automatic differentiation framework, where the considered loss function accounts for the
details of the statistical model as well as the expected effect of nuisance parameters.
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stochastic gradient update �t+1 = �t + ⌘(t)r�U

Figure 1: Learning inference-aware summary statistics (see text for details).

The family of summary statistics s(D) considered in this work is composed by a neural network
model applied to each dataset observation f(x; „) : X ™ Rd æ Y ™ Rb, whose parameters „

will be learned during training by means of stochastic gradient descent, as will be discussed later.
Therefore, using set-builder notation the family of summary statistics considered can be denoted as:

s(D, „) = s ( { f(xi; „) | ’ xi œ D } ) (3)
where f(xi; „) will reduce the dimensionality from the input observations space X to a lower-
dimensional space Y . The next step is to map observation outputs to a dataset summary statistic,
which will in turn be calibrated and optimised via a non-parametric likelihood L(D; ◊, „) created
using a set of simulated observations Gs = {x0, ..., xg}, generated at a certain instantiation of the
simulator parameters ◊s.

In experimental high energy physics experiments, which are the scientific context that initially
motivated this work, histograms of observation counts are the most commonly used non-parametric
density estimator because the resulting likelihoods can be expressed as the product of Poisson factors,
one for each of the considered bins. A naive sample summary statistic can be built from the output of
the neural network by simply assigning each observation x to a bin corresponding to the cardinality
of the maximum element of f(x; „), so each element of the sample summary will correspond to the
following sum:

si(D; „) =
ÿ

xœD

I
1 i = argmaxj={0,...,b}(fj(x; „))
0 i ”= argmaxj={0,...,b}(fj(x; „)) (4)

3

Backpropagate: dLimit /dSelection including full statistical treatment with systematics. 

https://github.com/pyhf/neos
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H I G H  D I M E N S I O N A L  E X A M P L E

•When looking for deviations from the standard model Higgs, 
we would like to look at all sorts of kinematic correlations 

• thus each observation x is high-dimensional
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FIG. 2: Distribution of the cos θ∗ (left), Φ1 (second from the left), cos θ1 and cos θ2 (second from the right), and Φ (right)
generated for mX = 250 GeV with the program discussed in the text (unweighted events shown as points with error bars) and
projections of the ideal angular distributions given in the text (smooth lines). The four sets of plots from top to bottom show
the models discussed in Table I for spin-zero 0+ and 0− (top), spin-one 1+ and 1− (second row from top), spin-two 2+m, 2+

L
,

and 2− (third row from top), and the bottom row shows distributions in background generated with Madgraph (points with
error bars) and empirical shape (smooth lines). The J+ distributions are shown with solid red points and J− distributions are
shown with open blue points, while the 2+m and 2+

L
are shown with red circles and green squares, respectively.

production angles in Fig. 3, where we plot the distributions of θ∗ and Φ1 production angles for the spin-zero particle
X . If these distributions are measured with the “ideal” (4π) detector, the results are flat. Hence, the non-trivial
shapes of these distributions shown in Fig. 3 are entirely due to an acceptance effect.
It is evident from Fig. 3 that the acceptance effects are very important in the analysis of data. They have to be

taken into account explicitly, otherwise the results of the analysis will be biased. This can be easily done in our MC
simulation program on an event-by-event basis using the acceptance function in Eq. (39), where we reject events if
at least one lepton exceeds the maximal pseudorapidity. It is also possible, but much harder, to incorporate this
acceptance function into the likelihood function that is discussed in the next section. However, as we explain now,

2

FIG. 1: Illustration of an exotic X particle production and decay in pp collision gg or qq̄ → X → ZZ → 4l±. Six angles fully
characterize orientation of the decay chain: θ∗ and Φ∗ of the first Z boson in the X rest frame, two azimuthal angles Φ and Φ1

between the three planes defined in the X rest frame, and two Z-boson helicity angles θ1 and θ2 defined in the corresponding
Z rest frames. The offset of angle Φ∗ is arbitrarily defined and therefore this angle is not shown.

discussed in Refs. [21–23] KK graviton decays into pairs of gauge bosons are enhanced relative to direct decays into
leptons. Similar situations may occur in “hidden-valley”-type models [24]. An example of a ”heavy photon” is given
in Ref. [25].
Motivated by this, we consider the production of a resonance X at the LHC in gluon-gluon and quark-antiquark

partonic collisions, with the subsequent decay of X into two Z bosons which, in turn, decay leptonically. In Fig. 1,
we show the decay chain X → ZZ → e+e−µ+µ−. However, our analysis is equally applicable to any combination of
decays Z → e+e− or µ+µ−. It may also be applicable to Z decays into τ leptons since τ ’s from Z decays will often be
highly boosted and their decay products collimated. We study how the spin and parity of X , as well as information
on its production and decay mechanisms, can be extracted from angular distributions of four leptons in the final state.
There are a few things that need to be noted. First, we obviously assume that the resonance production and

its decays into four leptons are observed. Note that, because of a relatively small branching fraction for leptonic Z
decays, this assumption implies a fairly large production cross-section for pp → X and a fairly large branching fraction
for the decay X → ZZ. As we already mentioned, there are well-motivated scenarios of BSM physics where those
requirements are satisfied.
Second, having no bias towards any particular model of BSM physics, we consider the most general couplings of the

particle X to relevant SM fields. This approach has to be contrasted with typical studies of e.g. spin-two particles
at hadron colliders where such an exotic particle is often identified with a massive graviton that couples to SM fields
through the energy-momentum tensor. We will refer to this case as the “minimal coupling” of the spin-two particle
to SM fields.
The minimal coupling scenarios are well-motivated within particular models of New Physics, but they are not

sufficiently general. For example, such a minimal coupling may restrict partial waves that contribute to the production
and decay of a spin-two particle. Removing such restriction opens an interesting possibility to understand the couplings
of a particle X to SM fields by means of partial wave analyses, and we would like to set a stage for doing that in this
paper. To pursue this idea in detail, the most general parameterization of the X coupling to SM fields is required.
Such parameterizations are known for spin-zero, spin-one, and spin-two particles interacting with the SM gauge
bosons [7, 8] and we use these parameterizations in this paper. We also note that the model recently discussed in
Refs. [21–23] requires couplings beyond the minimal case in order to produce longitudinal polarization dominance.
Third, we note that while we concentrate on the decay X → ZZ → l+1 l

−
1 l

+
2 l

−
2 , the technique discussed in this

paper is more general and can, in principle, be applied to final states with jets and/or missing energy by studying
such processes as X → ZZ → l+l−jj, X → W+W− → l+νjj, etc. In contrast with pure leptonic final states,
higher statistics, larger backgrounds, and a worse angular resolution must be expected once final states with jets and

Weak boson fusion, h → 4�
� Production vs decay

� hZZ decay vertex:
many angular structures

� Very clean

� Same operators as before:

OB = i
g
2
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g
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4
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4
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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
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We can use augmented data to 
dramatically improve training
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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 = −
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4
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µν W µν k

O� ,2 =
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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
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(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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• Simplified Template Cross-Sections (STXS) 
define observable bins that are supposed to 
capture as much information on NP as possible 
[N. Berger et al. 1906.02754; HXSWG YR4] 

• Let’s check! How much information on 
 
 
 
 
can we extract from                                       ?
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• Results: STXS are indeed sensitive to operators, 
adding a few more bins improve them, 
but a multivariate analysis is still stronger

[JB, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
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•We accomplished a lot! 

•From scratch: 

• Generate simulated data for EFT with 
MadGraph 

• Fast detector simulation 

• Trained neural network to learn likelihood 
ratio 

• Trained neural network to learn Score 
(Optimal Observable) 

• Calculated expected limit for both 
approaches and compared to simple 1-d 
histogram approach 

• Calculated Fisher information matrix 

•This is workflow for several published papers 

• To speed this up, working to streamline 
MadMiner with REANA

27

https://cranmer.github.io/madminer-tutorial/ 

https://cranmer.github.io/madminer-tutorial/
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• HEP analysis on Cloud w/ standard ingredients is possible 
• Terabit per second throughput for analysis. 

• All using standard tools. Scale for Open Data analysis is 
achievable for anyone 
• O(10k)/analysis nodes not an issue on short notice 
• haven't pushed limits yet. 
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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
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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.
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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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•In 2010 we identified a use-case with 
high scientific value for community 

• Conservative narrative compared 
to “open data” 

• Not conservative enough for 
many. Lots of resistance  

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

• Hard to get effort to work on it.  

•Got lucky with an amazing student 
that took a risk and just built it.  

• Containers & Cloud technology 

• 9 years later …
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•Analysis preservation bootcamp
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active learning / sequential design / black box optimization

reusable workflows

simulation-based / 
likelihood-free 

 inference engines

Active Sciencing

h t t p s : / / g i t h u b . c o m / c r a n m e r / a c t i v e _ s c i e n c i n g

https://github.com/cranmer/active_sciencing


•We can use the same technology to streamline comparison 
of up-stream tools like ML-based jet taggers. 

• Building ROB & FlowServe on top of REANA
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Figure 2: With any fixed clustering algorithm, the probability distribution over final-state

momenta can be decomposed into a product of distributions. Each factor in the product

corresponds to a di↵erent step in the clustering tree. Subsequent probabilities are conditioned

on the outcomes from previous steps, so this decomposition entails no loss of generality.

We will now formalize this discussion into explicit equations. For the rest of this section

we assume that the clustering tree is determined by a fixed jet algorithm (e.g. any of the

generalized kt algorithms [58, 59]). The particular algorithm chosen is theoretically inconse-

quential to the model, as the same probability distribution over final states will be learned

for any choice. Practically speaking, however, certain algorithms may have advantages over

others. We will discuss the choice of clustering algorithm further in Secs. 5.2 and 5.3.

The application of a clustering algorithm on the jet constituents p1, . . . , pn defines a

sequence of “intermediate states” k(t)
1

, . . . , k(t)
t . Here the superscript t = 1, . . . , n labels the

intermediate state after the (t � 1)th branching in the tree (where counting starts at 1) and

the subscript i = 1, . . . , n enumerates momenta in that state. To be explicit,

• the “initial state” consists of a single momentum: k(1)

1
= p1 + · · · + pn;

• at subsequent steps {k(t)
1

, . . . , k(t)
t } is gotten from {k(t�1)

1
, . . . , k(t�1)

t�1
} by a single momentum-

conserving 1 ! 2 branching;

• after the final branching, the state is the physical jet: {k(n)

1
, . . . , k(n)

n } = {p1, . . . , pn}.

In this notation, the probability of the jet (as shown in Fig. 2) can be written as

Pjet({p1, . . . pn}) =

"
n�1Y

t=1

Pt
�
k(t+1)

1
, . . . , k(t+1)

t+1

��k(t)
1

, . . . , k(t)
t

�
#

(2.2)

⇥ Pn
�
end

��k(n)

1
, . . . , k(n)

n

�
.

Eq. (2.2) allows for a natural, sequential description of the jet. However, it obscures

the factorization of QCD which predicts an approximately self-similar splitting evolution.

Thus we decompose the model further, so that each Pt in Eq. (2.2) is described by a 1 ! 2

branching function that only indirectly receives information about the rest of the jet. The

latter is achieved via an unobserved representation vector h(t) of the global state of the jet at

step t. To be explicit, let k(t)
m ! k(t+1)

d1
k(t+1)

d2
denote the branching of a mother into daughters

that achieves the transition from k(t)
1

, . . . , k(t)
t to k(t+1)

1
, . . . , k(t+1)

t+1
in the clustering tree. Then

– 8 –
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JUNIPR is a generative model for jets. 
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Figure 10: Branching function modelled by a deep undirected energy model over continuous

variables z, ✓, �, � that parameterize the branching. Shown is the marginalized distribution

over z, averaged over all t steps. Comparison is made between actual outcomes in the vali-

dation set of Pythia jets and Junipr’s probabilistic predictions for these jets.

any reasonable importance distribution q. Indeed, we found that a uniform distribution over

the transformed coordinates of Eq. (3.2) is a fine choice for q.

In Fig. 10 we show results for Junipr trained with the continuous branching function as

described above. In this case, we can use arbitrarily high-resolution binning, as Junipr has

learned a fully continuous probability density. Fig. 10 can be roughly compared to Fig. 9,

where we were required to use 10 bins for each dimension of x.

To close this section, we note that in most cases, we expect the discretized branching

function with 10 bins per dimension of x to be su�cient, especially if one performs a linear

interpolation on the output cells. This simple case is certainly faster to train and does not

require the technique described here to avoid biased gradient estimates.

4 Applications and Results

With Junipr trained and validated, we turn to some of the most interesting results it enables.

Given a jet, Junipr can compute the probability density associated with the momenta inside

the jet, conditioned on the criteria used to select the training data. To visualize this, we show

a C/A-clustered Pythia jet in Fig. 11 with the Junipr-computed probability associated

with each branching written near that node in the tree. Note that these are small discretized

probabilities due to the discretized implementation of Junipr’s branching function described

in Sec. 2. This is shown primarily to conceptualize the model, which is constructed to be quite

interpretable as it is broken down to compute the probability of each step in the clustering

history of a jet.

A direct and powerful application of the Junipr framework, enabled by having access to

separate probabilistic models of di↵erent data sources, is in discrimination based on likelihood

– 20 –

… and it is interpretable

tractable likelihood
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• Neural Network 
powered inference 
engine (python)  

• real-world scientific 
simulator (C++)
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https://github.com/probprog/pyprob 
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simulator C++

probprog/pyprob

Pythia / Sherpa / GEANT / …
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S U M M A R Y
•Accelerating analysis design  

• more powerful observables  

• end-to-end optimization  

• benchmarking of algorithms 

•Accelerating fitting  

• pyhf and a fitting service 

•More efficient simulation 

• excursion 

• Probabilistic programming 

•Extending impact of results 

• RECAST
41

•Core technologies: 

• automatic differentiation 

• GPUs & TPUs 

• Cloud-native : docker, kubernetes 

• Workflows & REANA 

• Functions as a service Accelerating 
analysis design  
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