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Um pouco sobre a
minha proveniéncia ...

Orientacdo de alunos MSc e DSc no PESC/COPPE (>80)
Bolsista de produtividade 1B do CNPgq na Computacao

Coordenacao de projetos financiados pelo CNPq, Faper;j,
Capes, Inria

Membro de comités no CNPq e Capes



Um pouco sobre a
minha proveniéncia

Editora associada de revistas:
IEEE TBD, FGCS, PeerlCS, JIDM

Mercator Fellow do DFG,
Alemanha, projeto FONDA

Membro do corpo de
especialistas do projeto
WorkflowsRI nos E.U.A

* Trabalho em equipe voltado a
problemas reais
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GOAL:

“Integrate the competence and
technical capacity of the scientific
and business community of Rio de
Janeiro and its partners to produce
innovation involving digital
transformation and artificial
intelligence techniques to meet the
challenges of the digital revolution.”

Information about the Hub.Rio initiative:
Prof. Guilherme Horta Travassos
Systems and Computer Engineering Program

55 anos antecipando o futuro (+5521) 3938 8712 or ght@cos.ufrj.br



Magritte — La Trahison des Images ; Centre Pompidou 2016




Bem vindo ao hovo
PORTAL DA TRANSPARENCIA RIO

O acesso a informacao publica é um direito de todos
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Metadata:

Title: “Le Réve”

Painter: Henri Matisse
Year: 1940

Source: Matisses’ archive

What is the provenance
of the process?



FEBRUARY 13, 1940 MARCH 7 MARCH 8

Metadata
Title: “The Dream”
Painter: Henri Matisse

Year: 1940
Source: Matisses’ archive

THE COMPLETED PAINTING. SEPTEMBER 1940

MARCH 9 SEPTEMBER 16 SEPTEMBER 17

Stage photos from “Le Réve” - Nice, Hotel Régina - Source: Archive Henri Matisse ; Expo: “Pairs et Series” Centre George Pompidou, Paris

Provenance of the process



You may or not agree,
but has “provenance”

CAPITAL (source data and

in the Twenty-Ferst Century t an SfO 'm ath NS are
VEIELIE)
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Transformacoes em Ciéncia de Dados

Dado

D Geréncia de Bases de Dados
Informacao

_ Inteligéncia Artificial
Conhecimento

Decisao o L
. : Apoio a Decisdo
Acao
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Transparéncia em Ciéncia de Dados

QUALIDADE CONFIANCA EXPLICACAO
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= How to trust these recommendations ?
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* Felix Naumann, “Reflexions of a data skeptic” — ACM SIGMOD
blog 2016




Aprendizado

Entrada: x ( atributos medidos do cliente)
eSaida: y (bom/mal cliente?)

eTarget funtion: f: X - Y (ideal - desconhecida)
*Dados: (x1,y1),(x2,y2),:-- ,(xN,yN) (histérico)
L1l

*Hypothese: g: X - Y (formula que sera usada)

Palestra Prof. Pedreira: Introdugao a ECI 2021




Data Science # ML

The Data Science Cake

Ingredients:

509 statistics

120g linear algebra
200g programming
1kg visualisation
300g software
engineering

Additional sKkills:
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

Data Science # Machine Learning [Jens Dittrich]

Al Big Data

Management

Data

. Data Minin
Science ‘

Application Domain§ -

Machine

: Statistics
Learning

“Data Science # Machine Learning: Some Thoughts on the Role of Data Management in the new Al-Tsunami” —
Jens Dittrich Keynote DEEM@SIGMOD 2018, (DEEM: Workshop on Data Management for End-to-End Machine Learning )



Data Science # Machine Learning
and Provenance helps on this integration

Al Big Data

Management

Data

. Data Minin
Science &

eScience

Application Domain}l

Machine

: Statistics
Learning

Scientific ML

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

provenance
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The Big Data Pipeline

Altigran da Silva

Palestra Prof. Altigran
Soares (UFAM):
https://www.youtube.
com/watch?v=N43528
a23x0&t=1279s

Extraction and

é g cquusutlon % Cleaning i

Exploration

Learning Analytics
o Integration
(link, dedup, etc.)

v

Modeling/Traning .
< =

Adaptacdo Altigran Soares de: H. V. Jagadish ACM SIGMOD Blog - 06/2012



https://www.youtube.com/watch?v=N43528a23xo&t=1279s

Deep Learning workflow

Data Split

D G :
Data Preparation
Raw Data

Data with features,
labels, training, test and
validation sets

Final Model: trust? Explain?

Y
N ]

Training
Set

Validation

Set
N~ S

Selected Hyperparameters

]
&
. Neural Network
Model Tuning |L Configuration
]
]

Trained Model
If the model is not satsfactory

Final Model

Model Evaluation Analysis

i

Provenance Supporting Hyperparameter Analysis in Deep
Neural Networks (Débora Pina, Liliane Kunstmann, Daniel
de Oliveira, Patrick Valduriez, Marta Mattoso) IPAW 202}9



Aprendizado de Maquinas

E preciso entender o que se esta fazendo, simplesmente apertar o botio
do software nao da certo.

E preciso relacionar com conceitos estatisticos.
E preciso entender e pré-tratar os dados.

E preciso escolher o caminho mais simples que resolva o problema e nao
o caminho da moda.

E preciso partir do problema ------ > para a técnica e nunca o inverso.

Palestra Prof. Pedreira: Introdugao a ECI 2021



Transparency?

* The recipe for cooking a dish may be the same
* Recipe instructions execution (n variations)
* How long took the first step ?
* What was used to guarantee slow cooking ?
e What substitutions were made ?
* Were all steps followed?




Provenance queries:

* How long took the first step ?

* What was used to guarantee slow
cooking ?

* What substitutions were made ?

* Were all steps followed?

“Recipe is
. Transparency?

The recipe for cooking a dish may be the same
Recipe instructions execution (n variations)

* Ingredients

* Recipe

* Result
is not enough to answer provenance
gueries

22



Provenance Data

The recipe for cooking a dish may be the same
Recipe instructions execution (n variations)

* The trace that registers the execution is
the provenance

* The intermediate association between
ingredients, their transformations and
the final result is the provenance

* Choosing the best variation benefits from
provenance data analysis

* The best variation decision is supported
by provenance data record

23




Scientific Experiment

input data

: agents, entities, activities

result

@ Intermediate data

24



Scientific Experiment: activities

* Processes

._[: e Data Transformations
= -
* Scripts

Workflows

25



Scientific Experiment: entities

* Data
e Files

e Databases
* Documents
* [mages

* Logs

26



Scientific Experiment: agents

* People
* Teams

* QOrganizations

27



Scientific Experiment: agents, entities, activities

result

¥ Intermediate data
Implicit relationship between objects

28



Data Science / management ignore activities

,“ ;"' Data cleaning
g;'”\\‘f\\/« | ,:" * Machine Learning
! FAR . N e KDD

 DBMS, key-value, text
e Data Lakes

* Polystores

relationships are lost

29



Provenance: traces agents, entities, activities

result

|
@ Intermediate data

30



Automated Management of Deep Learning
Experiments

Gharib Gharibi, Vijay Walunj, Rakan Alanazi, Sirisha Rella, Yugyung Lee
ggk89@mail.umkc.edu

University of Missouri-Kansas City
Kansas City, MO

4 ? I [ ModelkB * N\
[ ; .
datasetX W CNN_final_final » TL WX_}_X — I- ---—
0 01— Use B
mod.p mod210 py datasetY source code models atasets da interactive interface
™ .

\ Before After /
model RNN_IrO1
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-"Por que fazer essa
organizacao de
dados nao é

trivial?




Hierarquia de memoria

A Single-Core Storage Hierarchy

core

access time
main memory

flash/hard disk

capacity,

© Prof. Dr. Jens Dittrich - http://www.youtube.com/user/jensdit

costs/Byte,
bandwidth




DB Buffer

core

hardware

hardware
hardware

main memory

DB Buffer

flash/hard disk

© Prof. Dr. Jens Dittrich - http://www.youtube.com/user/jensdit



core

<228
16x32B

C—

32KB

256KB

capacity

2TB flash/hard disk

© Prof. Dr. Jens Dittrich - http://www.ycttube.com/user/jensdit



Typical Access Times

QACC sy (éla«_c 1es”

core

flash/hard disk

© Prof. Dr. Jens Dittrich - http://www.youtube.com/user/jensdit



Relative Distances!

“L1 cache is like grabbing a piece of
paper from your desk
(2 second),

L2 cache is picking up a book from a
nearby shelf

(5 seconds),

L3 cache is picking up a book from
the next room
(30 seconds),

DRAM is taking a walk down the hall
to buy a Twix bar
(90 seconds).”

© Prof. Dr. Jens Dittrich - http://www.youtube.com/user/jensdit



Hierarquia de memoria

A Multicore Storage Hierarchy

core core core core

flash/hard disk

© Prof. Dr. Jens Dittrich - http://www.yoltube.com/user/jensdit



Hierarquia de memoria

Non-Uniform Memory Access (NUMA)

main memory

flash/hard disk

© Prof. Dr. Jens Dittrich - http://www.youtube.com/user/jensdit



< Storage Client/Server

RDMA

PEFPF PPEP rrr'r T T
A
Memory Memory
Application

SMB Server
Ethernet

RDMA NIC RDMA NIC

RDMA — Remote ° Enables direct memory access from the

. memory of one host or server to the memory of
Direct Memory another host or server without involving the

CPU.
Access



A o

DRAM ~100 ns

F—----—1

Persistent or | PMEM
Non Volatile

Memory
(PMEM)

NAND SSD

Capacity
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Deliver Efficient Storage
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DBMS @Sigmod 2022

TPU, TCU, NPU (tensor procs) &

TCUDB: Accelerating Database with Tensor Processors

Yu-Ching Hu Yuliang Li Hung-Wei Tseng
University of California, Riverside Megagon Labs University of California, Riverside
yhul30@ucr.edu yuliang@megagon.ai htseng@ucr.edu
ABSTRACT the query engine’s performance. Three major challenges must be

The emergence of novel hardware accelerators has powered the
tremendous growth of machine learning in recent years. These
accelerators deliver incomparable performance gains in processing
high-volume matrix operators, particularly matrix multiplication, a
core component of neural network training and inference. In this
work, we explored opportunities of accelerating database systems
using NVIDIA’s Tensor Core Units (TCUs). We present TCUDB, a
TCU-accelerated query engine processing a set of query operators
including natural joins and group-by aggregates as matrix operators
within TCUs. Matrix multiplication was considered inefficient in
the past; however, this strategy has remained largely unexplored in
conventional GPU-based databases, which primarily rely on vector
or scalar processing. We demonstrate the significant performance
gain of TCUDB in a range of real-world applications including
entity matching, graph query processing, and matrix-based data
analytics. TCUDB achieves up to 288X speedup compared to a
baseline GPU-based query engine.

- TATATR AT T/ TT AT

addressed.

Challenges. First, the conventional GPU databases primarily im-
plement the physical operators (e.g., the partitioned hash join algo-
rithm [44]) in a non-matrix-friendly manner. These algorithms and
operators typically do not operate on tensors directly. As a result,
it is hard to modify them with the intent of taking advantage of
TCUs’ computation power.

Second, although DB operators such as joins can theoretically be
encoded as matrix multiplications, executing all of them as dense
multiplication might not always be beneficial. For example, the
underlying data distributions can cause the two operands to be
sparse matrices, which require a different data organization and
APIs to achieve the best performance.

Next, a DB engine with TCUs must prevent itself from generat-
ing erroneous query results because of the low-precision nature
of the tensor processors. The current tensor processors are lim-
ited in precision as AI/ML applications are error-tolerant because
NVIDIA’s TCUs only support 16-bit floating-point numbers while
Google’s TPUs only work on at most 8-bit integers. Moreover, these


https://arxiv.org/pdf/2112.07552.pdf

Disciplinas ligadas a
Engenharia/Bancos
de dados




Why use
provenance?

= result

Intermediate
data

Provenance enables

scientists to reason about
results

e to assess how many trial-and-error
paths produced a particular result

e how a given result was derived

e which processes led to a given
result

Juliana Freire, David Koop, Emanuele Santos, and Cldudio T Silva. 2008. Provenance for
computational tasks: A survey. Comput. Sci. Engineer. 10, 3 (2008), 11-21 45



Provenance enables

scientists to fine-tune
It is worth during the experiment

collecting
provenance! | . 4epugging

e monitoring

e adapting
-Sjcrust

R, Camata J, de Oliv D Valduriez P, Coutinho AL, Mattoso M. Capturing

pro nce for runtime d ta Iy in computational science and engineering applications.

Inin t t IP dA otation Workshop (IPAW) 2018
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Obrigada!!!

PROV:
show me your data

Human-in-the-loop

Computing in the
continuum

Stage photos from “Le Réve” -
Source: Archive Henri Matisse ;
po: “Pairs et Series” Centa

Chard R, Babuiji Y, Li Z, Skluzacek T, Woodard A, Blaiszik
B, Foster |, Chard K.
funcX: A Federated Function Serving Fabric for Science

PINNSs

PDE())

\

i, 1) — g e, 1) M )

T
!

M Raissi, P Perdikaris, GE Karniadakis, Physi §informed
neural networks: A deep learning framework, Journal of
Computational Physics 378, 686-707, 2019 ‘




Thanks to Provenance Collabs

E estranho que tu, homem do mar me digas isso,

VIva a I LH a que jd ndo hd ilhas desconhecidas.
Homem da terra sou eu, e ndo ignoro que todas
as ilhas, mesmo as conhecidas, sao desconhecidas

=)
DO FUND3AO "
enquanto ndo desembarcamos nelas.

José Saramaco

:....L_.“--
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The problem of model selection

Model architecture

Growth Rate, #layers in the dense block i iil‘l block *-"*I« e

Hyperparameters fine tuning
during training

The configuration search space



Searching Configuration Space

AutoML

e.g.: grid Search, random, Bayesian

Interactive Human-In-the-Loop




(A)

The CEREBRO framework
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(D)

Model exploration
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A

throughput

Intermittent
Human-in-the-loop
(Our Approach)

A

AutoML

Interactive
Human—in-the—loop.

P (high)
Use human intuition

Figure 1: A) AutoML-based model selection. B) Interactive human-in-the-loop model selection. C) Our paradigm of intermittent
human-in-the-loop model selection. D) Qualitative comparison of different paradigms.

Li L, Nakandala S, Kumar A. Intermittent human-in-the-loop model selection using cerebro: a demonstration.

Proceedings of the VLDB Endowment. 2021 Jul 1;14(12):2687-90.
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