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Data-Driven Exploration

e Every scientific domain is moving toward
data-driven exploration, this has led to great
advances and discoveries

e Companies are capitalizing on data
e Government agencies uses data to operate

efficiently, make policies, and inform —
decisions e

Biology. but without the cells

Computing is free Th.e v!‘?rld's most
Storage is free §ﬁﬂ£ Federal Data Strategy
everaging Data as a Strategic Asse

Analytics

The bottlenecks lie with people
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Data-Driven Exploration: Challenges

e Data are vast and produced at unprecedented rates
e Sources are broad, varied, unreliable, and difficult to integrate
e Complex computational processes are required to extract

Insight -- hard to assemble and require expertise in a wide
range of topics and tools

data discovery
data cleaning data management
data integration machine learning
algorithms visualization
math modeling statistics

domain knowledge
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Data-Driven Exploration: Challenges

e Diverse group of experts and data enthusiasts

e [t is difficult for domain experts to explore data
e Dependence on data scientists distances domain experts from the data

e Analyses are mostly confirmatory (Tukey, 1977) — batch-oriented analysis
hampers exploration

e Exploratory analyses are inherently iterative as one tests and
formulates hypotheses

Data
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Perception &
Cognition
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Knowledge

SpeCiﬁcatiOn _ Exploration

[Modified from Van Wik, Vis 2005]
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Data-Driven Exploration: Challenges

e After many steps...

e |tis easy to get lost and not remember how a result was derived

e Did | make any mistakes”? Were there any problems with the data”
e Processes can break or misbehave in unforeseen ways

e Results can be hard to understand, interpret and trust

data /V\[l/l”/\ knowledge » decisions

Incorrect conclusions can lead to bad decisions!
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My Research

e Empower a wide range of users to explore and obtain
trustworthy, actionable insights from data
e Reduce bottlenecks and make humans more effective
e Support responsible exploration

e Develop methods that address problems at the different
stages of the data lifecycle

e Combine methods from different computer science areas and
solve real problems

e Build systems ©

e NYU Visualization, Imaging and Data Analysis (VIDA) Center
http://vida.engineering.nyu.edu
https://github.com/VIDA-NYU
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http://vida.engineering.nyu.edu/
https://github.com/ViDA-NYU

My Research (last 4 years)

[PVLDB 2020;  AutoML 2019, 11 TvCG 2020;

https://auctus.vida-nyu.org CIDR 2020; SIGMOD 201 8’ AutoML 201 9,

[WWW 2019; SIGMOD 2019, pVLDB2017,  gGMOD 2017, [IEEETVCG 2020;
HILDA 2016] ICDE 2016] HILDA 2019]

Data Data
Discovery Data Data Analysis & Modeling
and Search Curation Management Visualization and Learning
data Provenance and Debugging and knowledge
Reproducibility Trust
[ACM Surveys 2019; [SIGMOD 2020;
MSR 2019, DEEM 2019]
IEEE DEB 2018,
Urban Data pVLDB 2017] Scientific
Science Reproducibility
[IEEE Big Data 2019; [National Academies 2019]
|IEEE CG&A 2019; @nferma@ https://github.com/gems-uff/noworkflow
IEEETBD 2017, https://www.vistrails.org
|EEE Big Data 2016] [AAAS 2020; https://www.reprozip.org
WWW 2020; VISUALIZATION
NYU | Braenssoo: WWW 2015 VIDA =



https://github.com/gems-uff/noworkflow
https://www.vistrails.org/
https://www.reprozip.org/
https://auctus.vida-nyu.org/

Talk QOutline

e Usabllity and performance
Interactive exploration of spatio-temporal urban data

Data Data
Management Analysis &
Visualization

e Reproducibility and trust
Provenance for data exploration and debugging

Provenance and Debugging and
Reproducibility Trust
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Usability and Performance

Interactive exploration of spatio-temporal
urbban data
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Urban Data

e Cities are the loci of economic activity

e 50% of the world population lives in cities, by 2050 the
number will grow to 70%

e Growth leads to problems, e.g., transportation, environment
and pollution, housing, infrastructure

e Good news: Lots of data being collected about many cities in
the world

london.gov.uk

@ Stadt Zurich

san Franc'sco Data Startseite Portal der Stadt Zirich twﬁtber

A NYU
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Understanding Cities

Infrastructure Environment

Metenrnlnav nolliitinn
Opportunity:
Crack the codes of cities and understand how different
components interact over space and time

Use insights to make cities more efficient and
sustainable, and improve the lives of their residents
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Urban Data

ing

Explori
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[Ferreira et al., IEEEVAST 2015

Doraiswamy et al., ACM SIGMOD 2018]
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Urbane: Usability through Visual 3D Queries

View Impact Queries Sky Exposure Queries
¢ TANDON SCHOOL [Ferreira et al., IEEEVAST 201 5] 1 e
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Urbane: Usability through Visual 2D Queries

b
&0
o O&P . ¥ SELECT COUNT(*)
- = | FROM taxi T, neighborhoods N
~© & 2| WHERE T.pickup INSIDE N.geometry
iz o - | AND T.picktime in January 2009
' e GROUP BY N.id
Food
Built(FAR) O.S(C)Il'zime Food Jobs O;\I;)ise People Price Schgol(s) Sky Sul:>way Taxi JObS
Wi ael N1 4 | SELECT COUNT(* Noise
=\ S WS Y QNN N4 FROM crime C, neig People
\ XA \" & | WHERE C.location P
N\ NS N W~ INSIDE N4 Spl?cel
el T L0 e | AND C.date in Janu: CSIS;) >
T ™ .\ GROUP BY N.id
[Ferreira et al., IEEEVAST 2015; VISUALIZATION
NYU | SHoRiesiont  Doraiswamy et al, ACM sicMoD 2018] MV [T 2




Challenge: Interactive Query Evaluation

“Increased latency reduces the rate at which users
make observations, draw generalizations and generate

pet®

T
119.40
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hypotheses”

NN A e e

[Liu and Heer, IEEETVCG 2014]

() (] ®1Urbane

Taxi: C Taxi

Noise

Y|
"")" 3’ Regions | Buildings < @1 %‘

6000000
4000000

2000000

Name

Average 75690.9

0.00°

Taxi: Count(pickup) Taxi: duration(pickujNoise: Count(noise_cCrime: Count(reportiSubway: Count(subw

139.16
90.0

_complaintErime: Countireported_crime) _ Subiay: Count(subway)
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467
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Spatial Aggregation

SELECT COUNT(*)

FROM taxi 7, neighborhoods

WHERE T INSIDE N

AND T in January 2009 Re§U|t

GROUP BY MN.id

Function: count(pickup)

Group by: neighborhood.id

--------------- Aggregation ----- Materialize the Join

taxi.pickup
inside
neighborhood.geometry

| ‘,.»"/F‘ilter & Refine

taxi.picktime in January 2014 -~ Selection Index Point-in-Polygon tests

| I

Billions of points -7 Taxi Neighborhoods :- Hundreds of vertices

Several minutes on a commercial database

NYU
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Spatial Aggregation: A Geometric Perspective

Spatial join = “Drawing” points and polygons
on the same canvas

o
o e
‘ ([ o o {
%
e o0 o ° ° °
([
{
Input points Input polygon Spatial join

Leverage the graphics pipeline of the GPU
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Spatial Aggregation: A Geometric Perspective

Spatial join = “Drawing” points and polygons
on the same canvas

S ee @@6
. 'o.' ?- * : XS D\@%)) :
. m@@

, ap\(\‘\GS |

Input polygon Spatial join

Leverage the graphics pipeline of the GPU
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Raster Join: |. Draw the Points
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Raster Join: |. Draw the Points
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Raster Join: |. Draw the Points
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Raster Join: |. Draw the Points
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Raster Join: |. Draw the Points
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Raster Join: |. Draw the Points
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Raster Join: |. Draw the Points

NYU
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Raster Join: |l. Draw the Polygons
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Raster Join: |l. Draw the Polygons
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Raster Join: |l. Draw the Polygons
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Raster Join: |l. Draw the Polygons
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Raster Join: |l. Draw the Polygons
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Raster Join: |l. Draw the Polygons

15

Exploits the native support for drawing in GPUs

Combines the aggregation with the join operation

No Point-in-Polygon tests



Raster Join: Some Notes

e Rasterization can introduce false positives and false negatives

e Errors can be reduced: better approximate the polygon outline
by increasing the screen resolution (reducing pixel size)

e Bounded Raster Join: specify acceptable error

/ AV (R ,
| , / N {:‘_-_.},J .
= T / \
E— ' '-‘,,.\__.‘ // ;'
| ! S/ \
— i e
: = “v .,_‘4;..\ \ ‘r
| / P ¥y 3
- { ~ o
| N i ~ . ) §
1S # /
/
/

== | approximate accurate

VISUALIZATION

TANDON SCHOOL IMAGING AND
OF ENGINEERING gémEARNALYSb

\_ P -

NYU




Raster Join: Some Notes

e Rasterization can introduce false positives and false negatives

e Errors can be reduced: better approximate the polygon outline
by increasing the screen resolution (reducing pixel size)

e Bounded Raster Join: specify acceptable error
e Hausdorff distance between actual and approximate polygon

e Accurate Raster Join: perform point-in-polygon tests for points
INn the boundary

IIIIIIIIIIIII
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Performance Evaluation

Hardware: Laptop with Intel Core 17 Quad-Core @2.8 GHz, 16GB RAM.
NVIDIA GTX 1060 GPU, 6GB VRAM (usage limited to 3GB)
Data Sets: NYC Taxi data (over 868 million points), 260 NYC neighborhood

polygons
1.1 sec to count number of taxi pickups

-
3 200, in each NYC neighborhood over 5 years
o o <
S 2501 d 2
%:;-,200. Accurate |§ ™
‘B 150 Baseline (GPU) c
’a;a Baseline (Multi-CPU) 2~
© 1001 » e e e " §
3 50- ././'——“""”‘
2 0 » = % = o———tt o |
? 400 500 600 700 800 400 500 600 700 800
Input Size (millions of records) Input Size (millions of points)
300x speedup
https://github.com/ViDA-NYU/raster-join
NYU | Zroenscroo: [Tzirita et al, PVLDB 2017] VIDA




Take Away

e Need usablility and performance for interactive exploration

e Must combine techniques from Visualization, Computer Graphics, HCI, and
data management [Doraiswamy et al., CG&A 2018; Chang et al., Dagstuhl 2018]

e GPUs can give you high-performance computing power on
your laptop: You don’t need big iron to analyze big data, you
can do it on your laptop!

e Spatial aggregation [Tzirita et al., pVLDB 2017], spatio-temporal keyword

queries [Hoang-Vu et al., CIKM 2016], spatio-temporal selection queries
[Doraiswamy et al., ICDE 2016]

e And many others, e.g., [Bustos et al., ICCS 2006], [Zhang & Yu, BigSpatial 2012]

NYU

VISUALIZATION
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OF ENGINEERING gémEARNALYSb



Take Away

e Need usablility and performance for interactive exploration

e Must combine techniques from Visualization, Computer Graphics, HCI, and
data management [Doraiswamy et al., CG&A 2018; Chang et al., Dagstuhl 2018]
e GPUs can give you high-performance computing power on
your laptop: You don’t need big iron to analyze big data, you
can do it on your laptop!

e Spatial aggregation [Tzirita et al., pVLDB 2017], spatio-temporal keyword
queries [Hoang-Vu et al., CIKM 2016], spatio-temporal selection queries
[Doraiswamy et al., ICDE 2016]

e And many others, e.g., [Bustos et al., ICCS 2006], [Zhang & Yu, BigSpatial 2012]
e Developing code for GPUs is difficult

e Many one-off solutions — difficult to re-use across quenes and geometric
objects (e.g., points, polygons)

e Hardware-specific implementations

W TANDON SCHOOL IMAGING AND
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Can we abstract away this complexity?

Can we build a unified database engine
that leverages the GPU
to support a rich set of spatial queries”?
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GPU-Friendly Data Model and Algebra

Key Idea: Use the computer graphics pipeline and translate
spatial queries into drawing operations

e Canvas as uniform data representation for geometric objects
e Points, lines, and polygons
e Easy to represent on the GPU

e Algebra consists of set of composable operators
e Optimized for the GPU
e (Operators work on canvas objects
e Allows use across different spatial query types
e Support common spatial queries, e.g., spatial queries such as selections,
joins, aggregations, and knn queries.
e GPU hardware agnostic: graphics pipeline supported on all
GPUs

NYU
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GPU-Friendly Data Model and Algebra

Key Idea: Use the computer graphics pipeline and translate
spatial queries into drawing operations

Algebra for developers: use operators to
. implement spatial queries

® AINOWS UsSE dCross atliererit spdtdl query Lypes
e Support common spatial queries, e.g., spatial queries such as selections,
joins, aggregations, and knn queries.
e GPU hardware agnostic: graphics pipeline supported on all
GPUs

NYU

IIIIIIIIIIIII

TANDON SCHOOL . N NS A AGING AND
OF ENGINEERING  [Doraiswamy & Freire, SIGMOD 2020] VI )A DATA ANALYSIS




One algebra, many queries

| _Se/ectlgn over Selection with mull_‘lple RasterJoin
origin-destination data polygonal constraints
(a) (b) © Ceount
Cresult
---{V-IE,--) Mask | ----_t-> Mg'l':r‘:‘;ay
2.5 Blend C"efu“ ---—)@—-) Map
SRS GTranén: \CQz s MaTSk Mo sk
My T ------------ -2 Blend )
....... > Mask : —eemTe> Blend
T /E/yReguIZ:'l ::}llection / \ / \
25| Blend Cp=1C1,C,...Cn) Mgllti\/\:jay <& + . Multiway Cy
' €N Blend
et Gl CQI_...E Co ={Ca1.Ca;,.-, Car} cp:{cl,Tcz,...cn}
Cresult A [My |(B[O)(G [val(A [Mp)(B[0](Cp,Co1))). Co2)) Cresute A [M)(B[0)(Cp, B"[€](Cq))) Ceount — A" [+1(Z" [y ] (A [Mp}(B[ON(A*[+](Cp).Cy))))
Canvas Algebraic
Representation Operators
Blend, Mask, Transform, ...
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One algebra, many queries

Selection over
origin-destination data

(@) - (b)
. T | Spatial Queries
o1 Selection

----- " /3'5\ Polygonal constraints
Y el Cos Distance constraints
Myt | Joins

I _*™ Aggregations

25| Blend

S KNN selections and joins
Cp ={C1,Cpr...Cp} Con

Certain computational
geometric queries

No need to write G

TANDON SCHOOL
OF ENGINEERING

wz
NVIDIA

NYU

Selection with multiple
polygonal constraints

RasterJoin

(c) Ceount

/N

E o Multiway Cy
Blend

I

Cp ={C1,Can...Cn)
- B+ UD" [y ](A [Mp)(B[C) (£ [+](Cp), Cy))))

PU codel
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GPU-Powered Spatial Database Engine

e Preliminary evaluation

Spatial-algebra
running on a laptop

'd

Intel Core i7-8750H processor, 16 GB
memory, 512 GB SSD, and a
2 TB external SSD connected via a
Thunderbolt 3 interface

TANDON SCHOOL
OF ENGINEERING

NYU

VS.

[Doraiswamy & Freire, in preparation]

GeoSpark [Yu et al., 2015]
running on a 17-node cluster

r -
- f "2 b |

Cluster with 17 compute nodes, each
node having 256 GB of RAM and 4
AMDOpteron(TM) 6276 processors

running at 2.3GHz
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Performance Evaluation: Spatial Selection

B Our Approach Il STIG EEM GeoSpark

3=
4+
3
2—.
1—.
1 2 3 4 5 6 7 8

9 10

B Our Approach Il STIG EEE GeoSpark
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1.22 B Taxi trips (points) ir p p .28B Tweets (points) in
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as 108X
e e LTI
Opportunity to democratize
large-scale spatial analytics OpenStrostiian
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Reproducibility and Trust

Provenance for data exploration and debugging
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Provenance for Data-Driven Exploration

Data

—)(Computation)—)

Data
Products

\/

-

Perception &
Cognition

e Many things can go wrong...

e [0 assess validity and build trust in the results, we need
detailed provenance of the exploration process

e Reason about the steps followed

e Reproduce and debug these steps

NYU

TANDON SCHOOL
OF ENGINEERING

SpeCiﬁcation — Explora‘tion

-

Knowledge

—> decisions

|

[Modified from Van Wik, Vis 2005]

What to capture”?
How to capture provenance?
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Provenance Research and Systems

VisTrails: open-source system that supports data exploration
through workflows: https://github.com/VisTrails

scatterplot

tterp| precipitation data from the input file
to build a scatter plot of precipitation
against temperature values.

In this workflow we also extract the
precipitation data from the input file
to build a scatter plot of precipitation

ag, mpe alues.
~{Version Metadata|

n:'

Visualization Preview

[Bavoll et al., IEEE Vis 2005, Freire et al., IPAW 2006; Koop et al., AOSA 2011]
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Provenance Research and Systems

VisTrails: open-source system that supports data exploration
through workflows: https://github.com/VisTrails

[Version Tree View]

| pitatio dtfmth tfil

e New |o|ea provenance for the exploratory |orooess —
capture all steps

persistent intermediate

B

istent inputs e
@ Visualization Preview

[Bavoll et al., IEEE Vis 2005, Freire et al., IPAW 2006; Koop et al., AOSA 2011]

((/ ANDON SCHOO v VISUALIZATION
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Change-Based Provenance: Summary

e General: Works with any system that has undo/redo

e Uniformly captures data and workflow provenance
e Data provenance: where does a specific data product come from?
e Workflow evolution: how has workflow structure changed over time?

e Results can be reproduced

e Provenance can be (re-)used to streamline exploration

e Support for reflective reasoning, collaboration, recommendations, and many
more [Freire & Silva, CISE 2012; Santos et al., IPAW 2012; Koop et al., ICCS,
2011; Silva et al., CGF 2011; Bauer et al., JSTAT 2011; Koop et al., SSDBM
2010; Santos et al., IEEE Vis 2009; Koop et al., IEEE TVCG 2008]

VISUALIZATION

TANDON SCHOOL . MAGNG AND
OF ENGINEERING [Freire et al, IPAW 2006] DATA ANALYSIS
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Provenance Beyond Reproducibility

e Support for reflective reasoning
e Ability to compare data products

V=X 2 Xy 2 ... °X; ° O
Vip =X X ;0 ... °X;°
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Provenance Beyond Reproducibility

e Support for reflective reasoning
e Ability to compare data products

e EXxplore parameter spaces and compare results
e Also explore alternative computations

(setParameter(id,,value,) °... °
(setParameter(id,value,) °Vv;)

vvvvv

(@ddModule(id,...) ° (deleteModule(id) °v,)

(@ddModule(id,...) ° (deleteModule(id) °v,,)
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Provenance Beyond Reproducibility

e Support for reflective reasoning
e Ability to compare data products

e EXxplore parameter spaces and compare results
e Also explore alternative computations

e Knowledge re-use: refine analyses by analogy

Analogy Template Automatically constructed visualizations
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VisComplete: Workflow Recommendations

= Mine provenance collection: |dentify graph fragments that co-occur
In a collection of workflows

« Predict sets of likely workflow additions to a given partial workflow
«  Similar to a Web browser suggesting URL completions
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Provenance Beyond Reproducibility

e Support for reflective reasoning
e Ability to compare data products
e Explore parameter spaces and compare results

Same ideas can be applied to
data science pipelines

Analogy Template Automatically constructed visualizations
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Reproducibility & Trust

e Reproducibility is a means to an end: necessary to verify and
build trust in results

e And to debug computational pipelines!

Data Formats
Mey)-. ) il
\ Streaming Amh

10T Data

When an executlon fa//s |t IS dn‘ﬂcult
to |dent|fy the Cause for the fallure

Machine
e i " Learning
- Batch : """""""""
vv Data : S QF’QZ — = Spo:lkb
~— . P ; ~ ~» saL
ROBMS,OW T B ’Spoﬁ(‘ Yo Tl
Data Data Unstructured Data Structured g
: { Analytics
Sources Ingestion Data Processing Data
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Debugging Pipelines

e Problem: Given a computational pipeline, the provenance of previously-
run instances, and an evaluation function that determines the
success/failure of an execution, identify the root cause of failures

Read Data rein Test Estimation Compute
Split Score
CPy

s by i g | o
1.0 Logistic res aC
CP, Digits :&\(\65

A4

Iris Success

a\\\)(e . 0.8 Success

Execution :
P CP, Failure
rovenance
CP, Failure
CPs rs 1.0 Decision tree 0.7 Success
CPg Images 1.0 Gradient boosting 0.9 Success
¢ TANDON SCHOOL Vj e st
IMAGING AND
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Finding Root Causes for Failures

e By executing new configurations with different parameter-
value combinations, we formulate and test hypotheses

e Challenge: How to select the new configurations?

mmmmm

Iris Logistic regression Success
CP, Digits 1.0 Decision tree 0.8 Success
CP, Iris : Gradient boosting : Failure
CP, Digits : Gradient boosting : Failure
CPs Iris 1.0 Decision tree 0.7 Success
CPg Images 1.0 Gradient boosting 0.9 Success
CP, Iris 1.0 Gradient boosting 0.7 Success
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BugDoc: Debugging Pipelines

e Black-box approach to find root causes for problems in
computational pipelines

e |Leverages the ability to re-execute a given pipeline and
iteratively create instances to test parameter-value
combinations unseen in provenance

e “Shortcut” algorithm finds root causes in time linear wrt the
number of parameters

e Debugging Decision Trees capture complex combinations of
partial configurations as root causes

e Attains high precision and recall

https://github.com/VIDA-NYU/BugDoc

[Lourenco et al., ACM SIGMOD DEEM 2019]
TANDON SCHOOL | orenco et al., ACM SIGMOD 2020] Vl_) A '''''''''''
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BugDoc in Action at a Major Software Company

e BugDoc integrated to a
proprietary Python API for a
workflow system — workflows
can be uploaded and executed

e Developed a parser to extract
parameters and values from
workflow

e |BugDoc identified problematic
configurations in computation
scripts and input data files

TANDON SCHOOL
OF ENGINEERING
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Debugging Data Pipelines

Client Workers Server Cluster
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Take Away

Provenance and reproducibility are essential to build trust in
and explain results produced by computational brocesses

e T
Not everybody produces “
reproducible results and follows Reproducibilty

and Replicability

reproducibility best practices. ..

But reproducibility is not just important for science, it is also
good for you!

Making your experiment reproducible forces you to document the execution
pathways, this, in turn, helps newcomers to your group;

There exists preliminary evidence that reproducibility increases impact,
visibility [Vandewalle et al. 2009] and research quality [Begley and Ellis 2012],

Helps you find problems in your computations, e.g., bugs, assess fairness

https://sites.nationalacademies.org/sites/reproducibility-in-science VISUALIZATION
s
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Conclusions

e To empower domain experts, need new methods and usable
tools that

e Enable users to interactively explore large data
e Help assess the quality and debug results
e Need interdisciplinary teams and collaboration with domain

experts

e \isualization, data management, computational topology, computer
graphics, statistics

e \irtuous cycle: interdisciplinary research that derives new problems and
solutions for multiple areas

e Computer science and data science communities are well
positioned to have tremendous practical impact
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