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• Senior researcher CNRS	

• machine learning (20+ years)  
interfacing with particle physics (10+ years)	

• Head of the Paris-Saclay Center for Data Science 

• interfacing with biology, economy, climatology, chemistry, etc. (4 years)	

• industrial ML projects (4 years)	

• Head of AI research, Huawei Paris	

• interfacing with telecom engineering applications (1 year)
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 WHO AM I?

Balázs Kégl
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AI: HIGLY VISIBLE BREAKTHROUGHS
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Why is the adoption of AI so slow?



• Adopting AI will change the way we work	
• both the AI “consumer”	

• and the AI developer (engineers and data scientists)	

• We have excellent tools to solve problems, but not very little 
know-how to manage the process 

• Designing interfaces	

• formal APIs	

• human/human communication	

• human/AI communication	

• AI/AI communication
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THE HUMAN FACTOR
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• Machine learning for reusable scientific workflows	

• use cases	

• examples	

• Managing the data science process: the RAMP framework	

• roles and tasks 	

• building the workflow: who does what 

• what is a predictive workflow, what are the parametrizable 
components	

• how to make data scientists efficient
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OUTLINE
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• Typical applied research project	

• take an existing domain-scientific or industrial problem (e.g., galaxy 
deblending)	

• scan literature	

• install/develop experimental environment	

• collect data and establish benchmark	

• apply existing ML solution	

• optionally fine tune, explore a small number of alternatives	

• show that the ML solution is better than the classical “manual” solution 
on your own benchmark	

• publish
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WHY IS DATA SCIENCE PROCESS MANAGEMENT 
RELEVANT IN RESEARCH?
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Takes years, typically 
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How to accelerate experimental  
projects?

How to explore a 
large number of ML solutions 

in a short time?

How to make solutions not only 
reproducible but also reusable?
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Data scientist

Data Value Architect

Domain expertSoftware engineer

Data engineer

Tool building Data domains

Data science
statistics 

machine learning 
information retrieval 

signal processing 
data visualization 

databases

software engineering 
clouds/grids 

high-performance 
computing 

optimization

energy  and physical sciences 
health and life sciences 
Earth and environment 

economy and society 
brain

THE DATA SCIENCE ECOSYSTEM
https://medium.com/@balazskegl

https://medium.com/@balazskegl/the-data-science-ecosystem-678459ba6013
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• Data collection: replace human or algorithmic collector or 
annotator	

• label insect photos, detect Mars craters, detect particle tracks	

• Inference: to invert the generative model	

• “predict” a particle, detect an anomaly, infer a parameter y from observation x	

• Generation, model reduction: to replace expensive simulations	

• “learn” a physics simulation or an agent based micro-economical model with a 
neural net	

• Hypothesis generation: to “replace” theoreticians	

• learn, represent structural knowledge and generate novelty in model space, 
e.g., molecule generation in drug discovery
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ML USE CASES IN SCIENCES

https://www.ramp.studio/problems

https://www.ramp.studio/problems
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Data collection
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DETECTING MARS CRATERS

• collaboration with planetary geologists at Paris-Saclay 

• new metrics and workflow	

• great benchmark for detection in satellite imagery



Center for Data Science
Paris-SaclayB. Kégl (CNRS)

DETECTING MARS CRATERS
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Saclay MSc students competing and learning from each other 
while benchmarking state of the art deep learning detection algorithms
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Inference
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CLASSIFYING VARIABLE STARS
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• collaboration with astrophysicists at Paris-Saclay 

• variable-length functional data
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DETECTING SOLAR STORMS
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• collaboration with plasma physicists at Paris-Saclay 

• multi time series detection



DETECTING SOLAR STORMS

feature 
extractor

x 
(a fixed length feature vector 

at each time step)
classifier

ypred 
(a fixed length binary indicator 

storm/not storm 
at each time step)



GRADUATE STUDENT DESCENT

Saclay MSc students competing and learning from each other 
submitting 700 predictive models in three weeks



DISCOVERING PHYSICS (MECHANICS)



DISCOVERING PHYSICS (MECHANICS)

feature extractor x 
(a fixed length feature vector)

regressor

classifier which of the 5 possible systems



GRADUATE STUDENT DESCENT

Saclay MSc students competing and learning from each other 
submitting 40 predictive models in three weeks
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We built and optimized 
~20 predictive workflows 

for three years
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Funded by Université Paris-Saclay and CNRS
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What have we learned?
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Building the workflow:  
what are the tasks and who does what 

BUILDING PREDICTIVE WORKFLOWS  
WHAT HAVE WE LEARNED?



FE CLF

predictive workflow
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data flowTHE PREDICTIVE WORKFLOW
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POC 
report

expert labeler 
amazon turk 

simulator 

y

ypred score 
type
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cross-validation scheme
RAMP

full automation 
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data scientists

CALFE CLF

workflow

business unit 
domain scientists

data value architects

data engineers

THE IDEAL SEQUENCE
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What is a predictive workflow? 
!

What are the parametrizable components? 
!

 What can be put into a 
unique training/scoring script?

BUILDING PREDICTIVE WORKFLOWS  
WHAT HAVE WE LEARNED?
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A SINGLE SCRIPT TO DEFINE THE BUNDLE

X ypred score 
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score

cross-validation scheme
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A UNIQUE SCRIPT TO RUN THE BUNDLES

>ramp_test_submission

problem

data

predictive  
model(s)

problem

data

predictive  
model(s)

problem

data

predictive  
model(s)

El Nino
pollinating insects

Mars craters



A UNIQUE SCRIPT 
TO RUN THE BUNDLES

1 read training and test data 
2 read submission  
3 create train and valid folds  
  on training data 
4 for all train and valid folds: 
5     train submission on train 
6     score submission on train,  
      valid, and test 
7 summarize scores 
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 RAMP-WORKFLOW & RAMP-KITS

• toolkit: https://github.com/paris-saclay-cds/ramp-workflow 	

• for designing workflows 

• set of ready-made metrics, workflows, CV schemes, data readers 

• ramp_test_submission: unique command-line test script	

• examples: https://github.com/ramp-kits	

• a zoo of problems, experiments, workflows 

• (at least) one initial solution
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How to make 
(novice) data scientists efficient

BUILDING PREDICTIVE WORKFLOWS  
WHAT HAVE WE LEARNED?



• Principles 

• incite them to work on the problem	

• give them a working (but unoptimized) model to start with	

• make incremental contributions easy	

• gamification	

• help them to collaborate and to learn from each other	

• “hide” heavy engineering and computational obstacles

36

HOW TO MAKE DATA SCIENTISTS EFFICIENT
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THE JUPYTER NOTEBOOK	

• Concise description 
of the	

• scientific / business goal 

• the data 

• what are the steps, what 
do I have to do	

• initial solution 

• Make the data 
scientist operational 
in a couple of hours
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THE INITIAL SOLUTION	

feature_extractor.py

classifier.py
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THE FRONTEND	
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THE LEADERBOARD	
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THE BACKEND ON AMAZON WEB SERVICES	
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Why code submission

1. lets us deliver a working prototype 
2. lets the participants collaborate
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what you achieved with a well tuned deep net

the diversity gap

the human blender gap

competitive phase

collaborative phase

THE POWER OF THE (COLLABORATING) CROWD	
OPTIMIZING GRADUATE STUDENT DESCENT
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COMMUNICATION AND REUSE	
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You can

1. Use RAMP in teaching or training 

2. Use the toolkit for your own workflows
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server: 
github.com/paris-saclay-cds/ramp-board

examples: 
github.com/ramp-kits

slack: 
ramp-studio.slack.com

frontend: 
www.ramp.studio

LINKS	

toolkit: 
github.com/paris-saclay-cds/ramp-workflow

https://github.com/paris-saclay-cds/ramp-board
https://github.com/ramp-kits
http://ramp-studio.slack.com
http://www.ramp.studio
https://github.com/paris-saclay-cds/ramp-workflow
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• medium.com/@balazskegl 	

• The data science ecosystem (industrial edition)	

• Teaching the data science process	

• How to build a data science pipeline	

• RAMP paper	

• https://openreview.net/forum?id=Syg4NHz4eQ
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LINKS

http://medium.com/@balazskegl
https://medium.com/@balazskegl/the-data-science-ecosystem-678459ba6013
https://medium.com/towards-data-science/the-data-science-ecosystem-industrial-edition-938582427466
https://medium.com/towards-data-science/teaching-the-data-science-process-f1e9d6f87ad5
https://medium.com/towards-data-science/how-to-build-a-data-science-pipeline-f24341848045
https://openreview.net/forum?id=Syg4NHz4eQ

