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Data Science ≠ Machine Learning

Jens Dittrich “Data Science ≠ Machine Learning: Some Thoughts on the Role of Data 
Management in the new AI-Tsunami” -- Keynote DEEM@SIGMOD 2018, June 2018 
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Provenance Data



Projetos de Pesquisa

• D-Interpret - Gerência de dados para auxiliar a 
explicação de resultados em aplicações de ciência 
de dados- CNPq Universal/Faixa C

• MonDataSim - Análise de dados de simulações 
computacionais por meio de monitoramento da 
execução, dados de proveniência e intervenções 
dinâmicas- Faperj Cientista RJ

• SciDISC - Scientific data analysis using Data-
Intensive Scalable Computing- França-Brasil, 
INRIA Associate Teams - Patrick Valduriez

• Bolsa Produtividade de Pesquisa CNPq- 1B



Trabalho em Equipe

Orientações
Graduação > 30
Mestrado > 60
Doutorado > 20



ECI – aluno de IC 2008



ECI – aluno de MSc (2011) e DSc  (2013)

Melhor Tese de 
Doutorado no 
Concurso de Teses 
do XXX Simpósio 
Brasileiro de 
Bancos de Dados, 
SBC. 



ECI – aluno de IC (2012); MSc (2014) e DSc  (2018)

Melhor Tese de 
Doutorado no 
Concurso de Teses 
do XXXIV Simpósio 
Brasileiro de 
Bancos de Dados, 
SBC. 

Atualmente na Snap, Los Angeles



DCC/IM – aluno de MSc (2015) e DSc  previsão defesa 2019

Melhor Dissertação 
de Mestrado no 
Concurso de Teses 
do XXXII Simpósio 
Brasileiro de Bancos 
de Dados, SBC. 





Data 
Challenges

Computing in 
Continuum

Human-In-the-Loop 
(HIL)

Data Integration



Especialização: extremos

http://www.ianfoster.org/wordpress/presentations/ (Code in Continuum)

http://www.ianfoster.org/wordpress/presentations/


Exascale “sob medida”
• Google projetou sua própria unidade de 

processamento de tensores (TPU), projetada 
inicialmente para alta vazão de operações 
aritméticas de baixa precisão. Novas gerações 
de TPU chegam a petaflops além da Edge TPU
– TPU aumenta o desempenho das redes neurais 

por trás de Google Search, Street View, Google 
Photos and Google Translate.



Code in continuum

Globus

Ian Foster

(IPDPS’2019)

https://www.slideshare.net/ianfoster/coding-the-continuum



Putting the human in the loop

JULY 2014 | VOL. 57 | NO. 7 | COMMUNICATIONS OF THE ACM 

Big Data and 
Its Technical 
Challenges

DOI:10. 1145/2611567

Exploring the inherent technical challenges  
in realizing the potential of Big Data.

BY H.V. JAGADISH, JOHANNES GEHRKE,  
ALEXANDROS LABRINIDIS, YANNIS PAPAKONSTANTINOU, 
JIGNESH M. PATEL, RAGHU RAMAKRISHNAN,  
AND CYRUS SHAHABI

“In spite of the tremendous 
advances made in 
computational analysis, 
there remain many patterns
that humans can easily 
detect but computer 
algorithms have a difficult 
time finding.” 



PROVENANCE IN DATA ANALYTICS



Analyzing sedimentation solver data with
provenance data

Real Case Study:

Ø DfAnalyzer tool
• Provenance Gatherer
• Simulation Data Extractor
• Extract data from libMesh
• Query and visualize at runtime

Ø TACC computer using 1,040 cores

Ø Simulation elapsed time: 137.75 min
Solver: 136.80 min à 99.31% of total time
DfAnalyzer w. Catalyst: 0.95 min à 0.69%

Initial input mesh: 480 x 80 x 80 hexahedra
Total time steps: 200

Silva, V., de Oliveira, D., Valduriez, P., & Mattoso, M.  
DfAnalyzer: Runtime Dataflow Analysis of Scientific
Applications using Provenance
PVLDB 2018.



Sedimentation provenance data 
analysis complementing viz tools

Camata, J.J., Silva, V., Valduriez, P., Mattoso, M., Coutinho, A.L.G.A.: In situ visualization and data 
analysis for turbidity currents simulation. Computers & Geosciences v.110, 23–31 (2018).

Query: Tracking sediment deposition
I DfAnalyzer registers deposition along time at predefined locations and

pointers to viz files.
I We can query online with a negligible time (< 500 ms).

Figure: Sediment deposition monitoring at five time instants at x = 9.0 (a) and
x = 13.5 (b) combining data with in-situ visual information



Query processing
• Analytical queries for...
– Monitoring:

• The appearance of sediments in the domain bottom layer 
for a specific time step

– Debugging and user steering:
• Analysis of the algorithm output parameters after the 

convergence of the solver in the fluid and sediments loops 
in a specific execution of the sedimentation solver

time step x y z d
1 0.000 1.000 0.000 2.00E-04
1 0.180 1.000 0.000 2.00E-04
1 0.360 1.000 0.000 2.00E-04
1 0.540 1.000 0.000 2.00E-04
1 0.720 1.000 0.000 1.99E-04
1 0.900 1.000 0.000 1.19E-04
1 1.080 1.000 0.000 3.04E-08
… … ... … …

Fluid Sediments

linear residual 
norm

nonlinear 
residual 

norm

linear
residual 

norm

nonlinear 
residual 

norm
3.98E-06 13.54823207 8.66E-06 0.004445721
4.30E-06 0.390224835 2.00E-09 0.002435432
4.30E-06 0.390224835 1.31E-05 0.016144017
7.00E-09 0.002712742 2.00E-09 0.002435432
7.00E-09 0.002712742 1.31E-05 0.016144017

… … … …



Turbidity currents simulation data 
analysis with provenance

Renan Souza et al. Tracking of Online Parameter Fine-tunings in Scientific Workflows, WORKS 
workshop in ACM/IEEE Supercomputing, 2017. Extended to FGCS Special Issue 2019



Turbidity currents simulation data 
analysis with provenance

Renan Souza et al. Tracking of Online Parameter Fine-tunings in Scientific Workflows, WORKS 
workshop in ACM/IEEE Supercomputing, 2017.

Parameter-tuning reduced the execution time by 10 days (37%), 
overhead < 1% and allowed job to finish successfully 



Provenance relating data for DL
(IEEE eScience 2019) 

Wf2

Wf4
Wf1

Wf3

Parallel File System

R-DBMS Doc 
DBMS

Graph 
DBMS

Geological raw data files

Kubernetes 
Volume

Inter-workflow 
Data Relationships

Multi-store Data 
Relationships 

Legend

Deep learning
training datasetsSEG-Y

How the geographic coordinates were extracted from the SEG-Y file that is being 
used to produce training and validation files? 
What is the spatial resolution between slices in the seismic data?

+   R. Souza, ongoing Ph.D. thesis at COPPE/UFRJ



How BD might assist with the 
struggle of the human mind to 
overcome three notorious barriers: 
- nonlinearity, 
- non-locality and 
- hyperdimensional spaces.

2019, Phil.Trans.R.Soc.A -Special 
issue ‘Multiscale modelling, 
simulation andcomputing: from the 
desktop to the exascale’.
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Data Science ≠ ML
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Domain

The Data Science Cake
Ingredients: 
50g statistics

120g linear algebra

200g programming

1kg visualisation

300g software 
engineering

Additional skills: 
creativity

out of the box thinking

grit

team spirit

© istock.com sasilsolutions

[Jens Dittrich 2018] - http://www.youtube.com/user/jensdit

http://www.youtube.com/user/jensdit
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