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•Thank you to the organizers for supporting #Strike4BlackLives 

• The work is not done!
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For more on the cropping issue, see: https://twitter.com/fhuszar/status/1307982313012236288 

https://twitter.com/fhuszar/status/1307982313012236288
https://twitter.com/fhuszar/status/1307982313012236288
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https://www.youtube.com/watch?v=JahO1-saibU&feature=youtu.be&t=1323 

https://www.youtube.com/watch?v=JahO1-saibU&feature=youtu.be&t=1323
https://www.youtube.com/watch?v=JahO1-saibU&feature=youtu.be&t=1323
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Let us keep these issues in our minds 
as we develop systems and technologies  

that impact people 



Prof. Kyle Cranmer

The ATLAS Experiment
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T H E  H I G G S  B O S O N



T H E  P L AY E R S

PRED ICT ION

INFERENCE

x 
observed data 

covariates 
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)



THE FORWARD MODEL
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We begin with Quantum Field Theory1)

Theory gives detailed 
prediction for high-
energy collisions

2)

The interaction of outgoing particles 
with the detector is simulated.  

3)
e+

e-

mu-

mu+

Finally, we run particle identification and 
feature extraction algorithms on the simulated 
data as if they were from real collisions.

4)

>100 million sensors

~10-30 features describe interesting part

hierarchical: 2 → O(10) → O(100) particles

Uses of Multivariate Methods

Complex final state of VBF H → WW → llEmiss
T well-suited for multivariate methods

Used 7 variables:
∆ηll, ∆φll, Mll, ∆ηjj, ∆φjj, Mjj, MT

Compared Neural Networks, Genetic Program-
ming, and Support Vector Regression

q

q

W

W

H
W+

W−

ν

l+

l−

ν̄

Ref. Cuts low-mH Cuts NN GP SVR
120 ee 0.87 1.25 1.72 1.66 1.44
120 eµ 2.30 2.97 3.92 3.60 3.33
120 µµ 1.16 1.71 2.28 2.26 2.08
Combined 2.97 3.91 4.98 4.57 4.26
130 eµ 4.94 6.14 7.55 7.22 6.59

Table 1: Expected significance in sigma after 30 fb−1 for two cut analyses and three multivariate analyses for
different Higgs masses and final state topologies.

March 14, 2006

University of Pennsylvania Seminar

Higgs Searches at the LHC:

Challenges, Prospects, and Developments (page 25)

Kyle Cranmer

Brookhaven National Laboratory



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” 

•
16



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 s(x) 

• choosing a summary statistic (feature engineering) 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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T H U M B N A I L  S K E T C H  O F  A N A LY S I S

•In addition to defining a summary statistic, we define a 
complicated hierarchical filter (binary classifier) 1(x) that 
operates on the high-dimensional data x to select data that 
targets a particular alternate hypothesis. 

• Created by team of people, usually an ad hoc 
computational “workflow”organized via email and 
meetings

18

most of the work!

PERSPECTIVE NATURE PHYSICS

 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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simulated data

Event selection

Merge

Fit model to data

Physics results

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.

NATURE PHYSICS | VOL 15 | FEBRUARY 2019 | 113–119 | www.nature.com/naturephysics116



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

•In addition to defining a summary statistic, we define a 
complicated hierarchical filter (binary classifier) 1(x) that 
operates on the high-dimensional data x to select data that 
targets a particular alternate hypothesis. 

• Then we run simulated collisions through the pipeline to 
make  the prediction for the null or “background-only” 
hypothesis 

19

predicted distribution for the null

most of the work!

s



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

•In addition to defining a summary statistic, we define a 
complicated hierarchical filter (binary classifier) 1(x) that 
operates on the high-dimensional data x to select data that 
targets a particular alternate hypothesis. 

• Then we run simulated collisions for a hypothetical 
particle or interaction to make the prediction for 
alternate or “signal-plus-background” model (a mixture model)

20

predicted distribution for the alternate in Model A

s

~ easy



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

•In addition to defining a summary statistic, we define a 
complicated hierarchical filter (binary classifier) 1(x) that 
operates on the high-dimensional data x to select data that 
targets a particular alternate hypothesis. 

• Then we add the observed data

21

predicted distribution for the alternate in Model A

s

observed data +



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

•In addition to defining a summary statistic, we define a 
complicated hierarchical filter (binary classifier) 1(x) that 
operates on the high-dimensional data x to select data that 
targets a particular alternate hypothesis. 

• And finally we test the hypothesis

22

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

•In addition to defining a summary statistic, we define a 
complicated hierarchical filter (binary classifier) 1(x) that 
operates on the high-dimensional data x to select data that 
targets a particular alternate hypothesis. 

• And we write a paper, graduate students graduate, code 
rots, and it would be difficult to reproduce

23

predicted distribution for the alternate in Model A

s

observed data +

Model A Rejected



J U LY  2 0 1 2
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ImageNet Classification with Deep Convolutional
Neural Networks
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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.

1
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R E S P O N S E S  /  P O S S I B L E  S O L U T I O N S
•1) It’s not a problem now, the experiments are testing all the 

theoretical models that really matter, people just need to be 
patient.  

•BUT maybe there will be some new idea later and we should 
make sure we preserve the data and tools to analyze it.  

•2) It is a problem, and the solution is to embrace Open Data 

• 
3) It is a problem, and there is a technical solution 
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R E I N T E R P R E TAT I O N

•If we can capture the definition of the summary s(x) and the 
event selection filter (binary classifier) 1(x) 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

27

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

s

Model A Rejected

Model B rejected

Model B

s
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•We proposed RECAST framework in Oct 2010
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• Conservative narrative compared 
to “open data” 

• Not totally general, it targets 
specific high-value use cases 

• 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.  

•

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

https://arxiv.org/abs/1010.2506
https://arxiv.org/abs/1010.2506


D ATA  P R E S E R VAT I O N
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https://arxiv.org/abs/1205.4667



O P E N  D ATA  
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A  C A S E  S T U D Y  W I T H  O P E N  D ATA

•Challenges: 

• Slow development cycle 

• Scattered documentation 

• Lack of validation 
examples 

• Information Overload
32
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We use public data from the CMS experiment to study the 2-prong substructure of jets. The
CMS Open Data is based on 31.8 pb�1 of 7 TeV proton-proton collisions recorded at the Large
Hadron Collider in 2010, yielding a sample of 768,687 events containing a high-quality central jet
with transverse momentum larger than 85 GeV. Using CMS’s particle flow reconstruction algorithm
to obtain jet constituents, we extract the 2-prong substructure of the leading jet using soft drop
declustering. We find good agreement between results obtained from the CMS Open Data and
those obtained from parton shower generators, and we also compare to analytic jet substructure
calculations performed to modified leading-logarithmic accuracy. Although the 2010 CMS Open
Data does not include simulated data to help estimate systematic uncertainties, we use track-only
observables to validate these substructure studies.
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I. INTRODUCTION

In November 2014, the CMS experiment at the Large
Hadron Collider (LHC) announced the CMS Open Data
project [1]. To our knowledge, this is the first time in
the history of particle physics that research-grade col-
lision data has been made publicly available for use
outside of an o�cial experimental collaboration. The
CMS Open Data was reconstructed from 7 TeV proton-
proton collisions in 2010, corresponding to a unique low-
luminosity running environment where pileup contamina-
tion was minimal and trigger thresholds were relatively
low. The CMS Open Data presents an enormous op-
portunity to the particle physics community, both for
performing physics studies that would be more di�cult
at higher luminosities as well as for demonstrating the
scientific value of open data releases.

In this paper, we use the CMS Open Data to analyze
the substructure of jets. Jets are collimated sprays of
particles that are copiously produced in LHC collisions,
and by studying the substructure of jets, one can gain
valuable information about their parentage [2–5]. A key
application of jet substructure is tagging boosted heavy
objects like top quarks [6–26] and electroweak bosons
[9, 17, 25–57]. To successfully tag such objects, though,
one first has to understand the radiation patterns of or-
dinary quark and gluon jets [21, 58–73], which are the
main backgrounds to boosted objects. The CMS Open
Data is a fantastic resource for performing these baseline
quark/gluon studies. Using the Jet Primary Dataset [74],
we perform initial investigations of the 2-prong substruc-
ture of jets as well as present a general analysis frame-
work to facilitate future studies. This e↵ort is comple-
mentary to the growing catalog of jet substructure mea-
surements performed within the ATLAS and CMS col-
laborations [75–196].1

1 To highlight the vibrancy of the field, we have attempted to list
all published jet substructure measurements from ATLAS and
CMS. Please contact us if we missed a reference.

ar
X

iv
:1

70
4.

05
84

2v
1 

 [h
ep

-p
h]

  1
9 

A
pr

 2
01

7

21

V. ADVICE TO THE COMMUNITY

From a physics perspective, our experience with the
CMS Open Data was fantastic. With PFCs, one can
essentially perform the same kinds of four-vector-based
analyses on real data as one would perform on collisions
from parton shower generators. Using open data has the
potential to accelerate scientific progress (pun intended)
by allowing scientists outside of the o�cial detector col-
laborations to pursue innovative analysis techniques. We
hope that our jet substructure studies have demonstrated
both the value in releasing public data and the enthu-
siasm of potential external users. We encourage other
members of the particle physics community to take ad-
vantage of this unique data set.

From a technical perspective, though, we encountered
a number of challenges. Some of these challenges were
simply a result of our unfamiliarity with the CMSSW
framework and the steep learning curve faced when try-
ing to properly parse the AOD file format. Some of these
challenges are faced every day by LHC experimentalists,
and it is perhaps unreasonable to expect external users to
have an easier time than collaboration members. Some
of these challenges (particularly the issue of detector-
simulated samples) have been partially addressed by the
2011A CMS Open Data release [215]. That said, we sus-
pect that some issues were not anticipated by the CMS
Open Data project, and we worry that they have deterred
other analysis teams who might have otherwise found in-
teresting uses for open data. Therefore, we think it is
useful to highlight the primary challenges we faced, fol-
lowed by specific recommendations for how potentially to
address them.

A. Challenges

Here are the main issues that we faced in performing
the analyses in this paper.

• Slow development cycle. As CMSSW novices, we
often needed to perform run-time debugging to fig-
ure out how specific functions worked. There were
two elements of the CMSSW workflow that intro-
duced a considerable lag between starting a job and
getting debugging feedback. The first is that, when
using the XRootD interface, one has to face the
constant overhead (and inconstant network perfor-
mance) of retrieving data remotely. The second is
that, as a standard part of every CMS analysis, one
has to load configuration files into memory. Load-
ing FrontierConditions GlobalTag cff (which
is necessary to get proper trigger prescale values)
takes around 10 minutes at the start of a run. For
most users, this delay alone would be too high of a
barrier for using the CMS Open Data. By down-
loading the AOD files directly and building our own
MOD file format, we were able to speed up the

development cycle through a lightweight analysis
framework. Still, creating the MODProducer in
the first place required a fair amount of trial, error,
and frustration.

• Scattered documentation. Though the CMS Open
Data uses an old version of CMSSW (v4.2 com-
pared to the latest v9.0), there is still plenty of
relevant documentation available online. The main
challenge is that it is scattered in multiple places,
including online TWiki pages, masterclass lec-
tures, thesis presentations, and GitHub reposi-
tories. Eventually, with help from CMS insiders,
we were able to figure out which information was
relevant to a particular question, but we would
have benefitted from more centralized documenta-
tion that highlighted the most important features
of the CMS Open Data. Centralized documenta-
tion would undoubtably help CMS collaboration
members as well, as would making more TWiki
pages accessible outside of the CERN authentica-
tion wall.

• Lack of validation examples. When working with
public data, one would like to validate that one is
doing a sensible analysis by trying to match pub-
lished results. While example files were provided,
none of them (to our knowledge) involved the com-
plications present in a real analysis, such as appro-
priate trigger selection, jet quality criteria, and jet
energy corrections. Initially, we had hoped to re-
produce the jet pT spectrum measured by CMS on
2010 data [263], but that turned out to be surpris-
ingly di�cult, since very low pT jet triggers are not
contained in the Jet Primary Dataset, and we were
not confident in our ability to merge information
from the MinimumBias Primary Dataset. (In ad-
dition, the published CMS result is based on inclu-
sive jet pT spectra, while we restricted our analysis
to the hardest jet in an event to simplify trigger
assignment.) Ideally, one should be able to per-
form event-by-event validation with the CMS Open
Data, especially if there are important calibration
steps that could be missed.13

• Information overload. The AOD files contains an
incredible wealth of information, such that the ma-
jority of o�cial CMS analyses can use the AOD
format directly without requiring RAW or RECO
information. While ideal for archival purposes, it
is an overload of information for external users, es-
pecially because some information is e↵ectively du-
plicated. The main reason we introduced the MOD

13 In the one case where we thought it would be the most straight-
forward to cross check results, namely the luminosity study in
Fig. 2, it was frustrating to later learn that the AOD files con-
tained insu�cient information.

https://arxiv.org/abs/1704.05842



B U I L D  I T  A N D  T H E Y  W I L L  C O M E

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

• Containers & Cloud technology 

• Small amount of support from 
NSF 

• 9 years later … 

•Reproducibility is a byproduct! 

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

•Analysis Preservation distinct from 
reproducibility

33
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Orig Proposal in 2010: [arXiv.org:1010.2506] 

https://arxiv.org/abs/1010.2506
https://arxiv.org/abs/1010.2506


S H I F T I N G  F R O M  R E P R O D U C I B I L I T Y  T O  R E U S E
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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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• 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
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http://reanahub.io 
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S P I N O F F S

•Generalize pattern: domain-specific User Interface around 
common database of workflows with some backend

37https://github.com/scailfin/flowserv-core 

…

https://github.com/scailfin/flowserv-core
https://github.com/scailfin/flowserv-core
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Automatically renders forms for empty components of workflow

The SCAILFIN Project 
scailfin.github.io

Sebastian Macaluso



T R A I N I N G

•Encouraging response by 
the community
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Rewind…



41



S I M U L AT I O N - B A S E D  I N F E R E N C E

42

10°18 10°15 10°12 10°9 10°6 10°3 100 103 106 109 1012 1015 1018 1021 1024 1027

Length scale [m]

Particle 
colliders

Evolution of 
the Universe

Gravitational 
lensing

Epidemics

Neuron 
activity

10°18 10°15 10°12 10°9 10°6 10°3 100 103 106 109 1012 1015 1018 1021 1024 1027

Length scale [m]

Particle 
colliders

Evolution of 
the Universe

Gravitational 
lensing

Epidemics

Neuron 
activity

10°18 10°15 10°12 10°9 10°6 10°3 100 103 106 109 1012 1015 1018 1021 1024 1027

Length scale [m]

Particle 
colliders

Evolution of 
the Universe

Gravitational 
lensing

Epidemics

Neuron 
activity

Simulator cost × Dim[θ, z]

Di
m

[x
] p

er
 i.

i.d
. s

am
pl

e

Active learning

M
ac

hi
ne

 le
ar

ni
ng

Int
eg

rat
ion

 & au
gm

en
tat

ion

Traditional 
simulation-based 
methods

K.C., J. Brehmer, G. Louppe [arXiv:1911.01429] 

•Many areas of science have simulations based on 
some well-motivated  mechanistic model. 

•However, the aggregate effect of many interactions 
between these low-level components leads to an 
intractable inverse problem. 

•The developments in machine learning and AI have 
the potential to effectively bridge the microscopic - 
macroscopic divide & aid in the inverse problem. 

• they can provide effective statistical models 
that describe emergent macroscopic 
phenomena that are tied back to the low-level 
microscopic (reductionist) model

https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/1911.01429
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Machine Learning
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M A D M I N E R

•Domain-specific 
software for likelihood-
free inference  

•Integrated into REANA 
workflow system 

•Tutorial in 
JupyterBooks, can run 
using Binder

44

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

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


R E I N F O R C E M E N T  L E A R N I N G  &  S C I E N T I F I C  M E T H O D

•Scientist trying to decide what experiment to do next

45

decide which 
experiment to 
perform

perform experiment, 
gather data

updated knowledge 
based on analyzing 
data

statistical analysis



S Y N T H E S I S
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experimental design / active learning / 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
https://github.com/cranmer/active_sciencing


•

Reality check… 

Keep in mind  that 
 - the simulator model was specified 
 - the space of experimental 
configurations was well specified 

Still it was hard enough! 

Going to open world of 
experimental configurations and 
potential models much harder. 
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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
https://github.com/cranmer/active_sciencing


D I F F E R E N T I A B L E  W O R K F L O W S

•We are now working on differentiable workflows where 
gradients are passed through different processes workflow system

48

slide from Nathan Simpson: [link to talk]

https://www.canva.com/design/DAD4HFY3Ais/3QuLwKzjVlABG9k5vTL1Dw/view#1
https://www.canva.com/design/DAD4HFY3Ais/3QuLwKzjVlABG9k5vTL1Dw/view#1


C O N C L U S I O N S

•Traditional narrative around reproducibility has been 
inefficient in changing practice 

• Seen as backward-looking, inefficient, irrelevant 

•Target reuse and preservation 

• Start with specific, high-value use-cases in community, 
then generalize around that 

• Reproducibility a byproduct 

The SCAILFIN Project 
scailfin.github.io
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