CS 8803-MDS
Human-in-the-loop Data

Analytics

Lecture 12
10/03/22



Logistics

Grading
<= 300 words per answer for paper reviews
project proposal grades will be released by next week
Project timeline
project update presentation 10/31
Assignment 2-6: progress report (1% each)
due Fridays 5PM at 10/21, 10/28, 11/4, 11/11,11/18
Assignment 7: evaluation plan (5%)
due Friday 5PM at 11/18
Next week:
how to make progress in research”?



Today’s class

Finding Related Tables in Data | akes for Interactive Data
Science

Author: Qiandong, Shen En
Reviewer: Vishnu
Archaeologist: Yanhao
Practioner: Haotian



https://www.cis.upenn.edu/~zives/research/Finding_Related_Tables_in_Data_Lakes_for_Interactive_Data_Science.pdf

ACM SIGMOD/PODS International Conference on Management of Data
June 14-19th, 2020 Portland, Oregon USA

Welcome 2020 ACM SIGMOD/PODS @ Portland, OR, USA Calls For Submissions
Homepage SIGMOD/PODS 2020 Experience Report now available Important Dates

m News Calls for Submissions

E—_ Coronavirus Updates
Organization PODS Program

Experience Report Program Overview

Organization e T AR Detailed Program
z 2020) -

SIGMOD PC Research Papers

PODS PC Keynote Talk




Motivation

e Many data science applications build on data lakes today

e Datalakes

o Acentral repository to store any types of data Schema-on-Read
o Schema-on-Read
o Easytostore data, low storage cost ‘ .

Data lake Write data Schema Analyze

Warehouse Schema Write data Analyze

Schema-on-Write




Npujwbujpo

e Datascientists do lots of repeated work every day
o Importing and cleaning today’s data
o Datawrangling and exploration on public datasets



Motivation

e Datascientists do lots of repeated work every day
o Importing and cleaning today’s data
o Datawrangling and exploration on public datasets

——

Data Lake




Motivation

Data scientists do lots of repeated work every day

o Importing and cleaning today’s data

o Datawrangling and exploration on public datasets

Same data might already exist

Notebook

Import
data,
Create
Schema...

——

Data Lake




Motivation

Data scientists do lots of repeated work every day

(@)

(@)

Importing and cleaning today’s data

Data wrangling and exploration on public datasets

Same data might already exist

Data lakes do little to help user find related data
Users don’t know what data is available, or unable to trust what they find
Users reinvent schema - redundant work, data inconsistency

(@)

(@)

Notebook

Import
data,
Create
Schema...

——

Data Lake




Motivation

e What if we could help users find related data?
o Promote reusable units of data and processing

Notebook Q
opoxt Search
Create Framework Data Lake
Schema...




Motivation

e What if we could help users find related data?
o Promote reusable units of data and processing

® Goal: Build asearch framework to find related tables

Notebook

Import
data, Search
Create Framework

Schema...

——

Data Lake




. . Import the Data
Ot I V a t I O I I Then use the read_csv() method in the cell below to import the data into a data frame - let's call it df . The data is in a file called new_data.csv

In [2]: df = pd.read_csv('new data.csv')

Look at the Data

Y B a S e d O n J u pyt e r N Ot e b O O k Take a little time in the next cell to explore the data. If you want to add new cells feel free to *Insert - Insert Cell Below* in the Jupyter Notebook.

In [3]: df.head()

. . out[3]:
e Considerin
g 0 Ameren Corporation Delaware 3000  Ceop
1 America West Holdings Gorporation Golorado 100 lle
d t 2 American Axle & Manufacturing Holdings, Inc. California 30 s cop
©) S 0 u r Ce a a 3 American Eagle Outfiters, Inc. California 20 ceop
4 American Electric Power Company, Inc. Delaware 5000  coop

o cells R —

<class 'pandas.core.frame.DataFrame’>
° ° RangeIndex: 55 entries, 0 to 54
Data columns (total 4 columns):
o Intermeaiate data Companynane S ot obgect
StateIncorporated 55 non-null object
NumberofEmployees 55 non-null int64
EntityType 55 non-null object

® Github Copilot for suggesting tables e ety oo

In (8]: for i in df.index:
df.at[i, 'EntityType'] = df.at[i, 'EntityType'].upper()
df['EntityType’].value_counts()

Out[8]: C CORP 27
LLC 19
S CORP 9
Name: EntityType, dtype: int64

Are you looking for df_xxx?




Use Cases

Augmenting training / validating data

(@)

Union of two tables

Table




Use Cases

e Linkingdata

o Join of two tables




Use Cases

Extracting machine learning features

(@)

Adding new columns to the original table

Table

wi

w2

w3




Use Cases

Cleaning data

(@)

Fill in missing values in the original table

Table

Table

1.0

1.0

20

2.0

3.0




Problem Statement

Notebook

Cell
v
Cell

1. query(T, c)

4

Search related tables for
table T with use case c

Use Case Relationess
Function
C Rel

1

Searching Framework W

(Juneau) J

o
]

Data

¥

Lake

__




Pro

blem Statement

Notebook

Cell
v
Cell

1. query(T, c)

4

Search related tables for
table T with use case c

Use Case Relationess
Function
C, ReI1
2.(T,Rel,)

A

A

Searching Framework W

(Juneau) J

o
]

Data Lake

~




Problem Statement

Notebook

Cell
v
Cell

1. query(T, c)

4

‘ 3. Return k most related tables (

Search related tables for
table T with use case c

Use Case Relationess
Function
C, ReI1
2.(T,Rel,)

A

A

L (Juneau) J

Searching Framework W

o
]

Data Lake

~




An Example - Feature Extraction

e Feature extraction
o  Produce tables that preserve inputs’ keys and other columns, but add new columns



An Example - Feature Extraction

Passengerid Survived Pclass Name Age SibSp Parch Ticket  Fare Cabin pd_readcsv
0 1 0 3 Braund, Mr. Owen Harris  22.0 1 0 A/521171  7.2500 NaN
1 2 1 1 Cumings, Mrs. John Bradiey (Florence Briggs Th... 38.0 1 0 PC 17599 712833 C85
2 3 1 3 Helkkinen, Miss. Laina 26.0 0 0 STON/O2.3101282 7.9250 NaN
train.csv
pd_readcsv
A\
first_
Passengerld Survived Pclass Name Sex SibSp Parch  Fare Embarked First Name LastName AgeBand raw_data name
1 0 3 Braund, Mr. Owen Harris 0 1 0 72500 S Braund Owen Harris  (16.0, 32.0)
2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th... 1 1 0 712833 C  Cumings John Bradiey (Florence Briggs Thayer) (32.0, 48.0] fillna
A
3 1 3 Heikkinen, Miss. Laina 1 0 0 79250 s Heikkinen Laina (16.0, 32.0) pd_Concat

data_clea
ner

pd_concat




Feature Extraction - Table Overlap

Passengerid Survived Pclass Name | Age SibSp Parch Ticket  Fare Cabin pd_readcsv
0 1 0 3 Braund, Mr. Owen Harris |22.0 1 0 A/521171  7.2500 NaN
1 2 1 1 | Cumings, Mrs. John Bradiey (Florence Briggs Th... |38.0 1 0 PC 17509 712833 C85
2 3 1 3 Heikkinen, Miss. Laina |26.0 0 0 STON/O2.3101282 7.9250 NaN
Row Overlap train.csv
pd_readcsv
A\
first_
Passengerld Survived Pclass Name |Sex SibSp Parch  Fare Embarked First Name LastName AgeBand raw_data name
1 0 3 Braund, Mr. Owen Harris ] 1 0 72500 S Braund Owen Harris  (16.0, 32.0]
2 1 1 | Cumings, Mrs. John Bradiey (Florence Briggs Th... | 1 1 0 712833 C  Cumings John Bradley (Florence Briggs Thayer) (32.0, 48.0] fillna
A
3 1 3 Heikkinen, Miss. Laina 1 0 0 79250 S Heikkinen Laina (16.0, 32.0) pd_concat
data_clea

ner

pd_concat




Feature Extraction - Table Overlap

Passengerld Survived Pclass Name Age SibSp Parch Ticket  Fare Cabin
0 0 3 Braund, Mr. Owen Harris 22.0 1 0 A/521171 72500 NaN
1 1 1 |Cumings, Mrs. John Bradiey (Florence Briggs Th... 38.0 1 0 PC 17599 712833 C85
2 1 3 Helkkinen, Miss. Laina 26.0 0 0 STON/O2.3101282 7.9250 NaN

Schema Overlap

Name Sex SibSp Parch Fare Embarked First Name

Last Name  AgeBand

3

Braund, Mr. Owen Harris
Cumings, Mrs. John Bradley (Florence Briggs Th...
Helkkinen, Miss. Laina

0
1
1

1
1

0

0

72500

0 712833

0

7.9250

S
Cc
S

Braund Owen Harris  (16.0, 32.0)
Cumings John Bradley (Florence Briggs Thayer) (32.0, 48.0]
Heikkinen Laina (16.0, 32.0)

data_clea

pd_readcsv
train.csv
pd_readcsv
A\
first_
raw_data name
fillna
- pd_concat

ner

pd_concat




Feature Extraction - New Information

Passengerid Survived Pclass Name Age SibSp Parch Ticket  Fare Cabin pd_readcsv
0 1 0 3 Braund, Mr. Owen Harris  22.0 1 0 A/521171  7.2500 NaN
1 2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th... 38.0 1 0 PC 17599 71.2833 cas
2 3 1 3 Helkkinen, Miss. Laina 26.0 0 0 STON/O2.3101282 7.9250 NaN
train.csv
New Columns
pd_readcsv
A\
first_
Passengerld Survived Pclass NmuI:lm Parch  Fare Embarked | First Name Last Name| AgeBand raw_data name
1 0 3 Braund, Mr. Owen Harris 0 1 0 72500 S Braund Owen Harris| (16.0, 32.0]
2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th...| 1 1 0 712833 C| Cumings John Bradley (Florence Briggs Thayer)| (32.0, 48.0] fillna
3 1 3 Helkkinen, Miss. Laina 1 0 0 79250 s Heikkinen Lainaj (16.0, 32.0) A pd_concat

data_clea
ner

pd_concat




Feature Extraction - New Information

Passengerid Survived Pclass Name Age SibSp Parch Ticket  Fare Cabin pd_readcsv
0 1 0 3 Braund, Mr. Owen Harris  22.0 1 0 A/521171  7.2500 NaN
1 2 1 1 Cumings, Mrs. John Bradiey (Florence Briggs Th... 38.0 1 0 PC 17509 712833 C85
2 3 1 3 Helkkinen, Miss. Laina 26.0 0 0 STON/O2.3101282 7.9250 NaN
Provenance
pd_readcsv
A\
first_
Passengerld Survived Pclass Name | Sex |SibSp Parch  Fare Embarked | First Name Last Name| AgeBand raw_data @
1 0 3 Braund, Mr. Owen Harris 0 1 0 72500 S Braund Owen Harris| (16.0, 32.0]
2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Th...| 1 1 0 712833 c| Cumings John Bradiey (Florence Briggs Thayen)| (32.0, 48.0] fillna
3 1 3 Helkkinen, Miss. Laina 1 0 0 79250 S| Heikkinen Lainaj (16.0, 32.0) A pd_concat

data_clea
ner

pd_concat




Full Suite of Basic Measures

1.

Row/Column Match
o Measures the row overlap and column overlap between two tablesSand T

Row/Column Information Gain
o Measures the new row rate and new column rate of T compared to query table S

Shared Provenance
o Measures the purpose/workflow similarity of two tables S and T based on variable dependencies

Null Value Decrement
o Measures the decrease in null value in T compared to query table S

Description Similarity
o Measures the similarity of table metadata such as problem type, text about the workflow, etc.



Full Suite of Basic Measures

Use Cases Row Column i Row' Columii i Shared i Null Value i De;sc‘rip’gion
Match Match | Info Gain  Info Gain | Provenance | Decrement | Similarity
Rzgr‘nentation i i i i
| | | |
Feature Extraction i i i i
Data Cleaning i i i i
Linkable Data i i i i
i i i i

Ed: the higher the better
F4: the lower the better



Top-K Search: Threshold Algorithm

Example: Assume our goal is to find the top-2 (k = 2) candidate tables TJ.



Top-K Search: Threshold Algorithm

Step 1. For each measure M., order the candidate tables TJ. in descending order of scores

M, Score M, Score M, Score
T, 1 T, 0.8 T, 0.8
T, 0.8 T, 0.7 T, 0.6
T, 0.5 T, 0.3 T, 0.2
T, 0.3 T, 0.2 T, 0.1
T, 0.1 T, 0.1 T, 0




Top-K Search: Threshold Algorithm

Step 2: Perform sequential scan of the tables, set a threshold t = sum of the scores in the scan

M, | Score M, | Score M, | Score

T, 1 T, 0.8 T, 0.8 — t=1+0.8+0.8=26
T, 0.8 T, 0.7 T, 0.6

T, 0.5 T, 0.3 T, 0.2

T, 0.3 T, 0.2 T, 0.1

T, 0.1 T, 0.1 T, 0




Top-K Search: Threshold Algorithm

Step 3: At the same time, for each Tj appearing in the scan, calculate their total scores

M, | Score M, | Score M, | Score

T, 1 T, 0.8 T, 0.8 — t=1+0.8+0.8=26
T, 0.8 + T, 0.7 T, 0.6 s, - 1403402 =15
T, 0.5 T, 0.3 +| T, 0.2

T, 0.3 T, 0.2 T, 0.1

T, 0.1 T, 0.1 T, 0




Top-K Search: Threshold Algorithm

Step 3: At the same time, for each Tj appearing in the scan, calculate their total scores

M1 Score M2 Score M3 Score
T1 1 T2 0.8 T4 0.8 — t=1+08+08=2.6
T2 0.8 + T3 0.7 T3 0.6

S, = 1+0.3+0.2=1.5
T3 0.5 T1 0.3 oF T1 0.2

s.=0.8+0.8+0=1.6
T4 0.3 T4 0.2 T5 0.1 2
T5 0.1 T5 0.1 T2 0




Top-K Search: Threshold Algorithm

Step 3: At the same time, for each Tj appearing in the scan, calculate their total scores

M1 Score M2 Score M3 Score
T1 1 T2 0.8 T4 0.8 — t=1+08+08=2.6
T2 0.8 T3 0.7 T3 0.6

S, = 1+0.3+0.2=1.5
T3 0.5 T1 0.3 oF T1 0.2

s.=0.8+0.8+0=1.6
T4 0.3 s T4 0.2 T5 0.1 2
T, 0.1 T, 0.1 T, 0 s,=03+0.2+08=1.3




Top-K Search: Threshold Algorithm

Step 3.5: We only need the top-2 tables, so we only maintain the top-2 total scores

M1 Score M2 Score M3 Score
T1 1 T2 0.8 T4 0.8 — t=1+08+08=2.6
T 0.8 T 0.7 T 0.6

: ’ ’ s,=16
T3 0.5 T1 0.3 T1 0.2 s, =
T4 0.3 T4 0.2 T5 0.1

=03+02+68=13

T5 0.1 T5 0.1 T2 0 Sy 0 . o :




Top-K Search: Threshold Algorithm

Step 4: Repeat Step 2 and Step 3 by:

(1) continuing the scan, (2) updating the threshold, (3) scale total scores of new tables

M1 Score M2 Score M3 Score Updated threshold
T1 1 T2 0.8 T4 0.8 — t=08+0.7+0.652.1
T 0.8 T 0.7 T 0.6

’ ’ ’ s,=1.8
T3 0.5 T1 0.3 T1 0.2 s, =
T4 0.3 T4 0.2 T5 0.1

Updated top-2 total scores:

T5 0.1 T5 0.1 T2 0 1. Calculate score for T3

2. s;=18islargerthans, =1.5



Top-K Search: Threshold Algorithm

Step 5: Stop when all the top-2 total scores maintained 2 threshold

M, | Score Score Score
T, 1 0.8 0.8
T, 0.8 0.7 0.6
T, 0.5 0.3 0.2
T, 0.3 0.2 0.1
T, 0.1 0.1 0

'

t=05+0.3+0.2=1

We have found our top-2 tables



Top-K Search: Threshold Algorithm

Step 5: Stop when all the top-2 total scores maintained 2 threshold

M, | Score Score Score
T, 1 0.8 0.8
T, 0.8 0.7 0.6
T, 0.5 0.3 0.2
T, 0.3 0.2 0.1
T, 0.1 0.1 0

'

t=05+0.3+0.2=1

We have found our top-2 tables



Top-K Search: Threshold Algorithm

Step 5: Stop when all the top-2 total scores maintained 2 threshold

M, | Score Score Score
T, 1 0.8 0.8
T, 0.8 0.7 0.6
T, 0.5 0.3 0.2
T, 0.3 0.2 0.1
T, 0.1 0.1 0

'

t=05+0.3+0.2=1

s. = 1.8 | We have found our top-2 tables

Why?

If there were any table that should have
been in the top-k list, we would have seen
it during the sequential scan



Top-K Search: Threshold Algorithm

Challenge:

Scores requiring relation mapping are much more expensive to compute

'

M, | Score Score Score
T, 1 0.8 0.8
T, 0.8 0.7 0.6
T, 0.5 0.3 0.2
T, 0.3 0.2 0.1
T, 0.1 0.1 0

t=05+0.3+0.2=1




Top-K Search: Threshold Algorithm

Challenge:

e.g. To calculate Row Overlap, we need to know how the table headers map to each other

Scores|requiring relation mappinglare much more expensive to compute

M1 Score M2 Score M3 Score
T1 1 T2 0.8 T4 0.8 — t=05+0.3+0.2=1
T 0.8 T 0.7 T 0.6
: : : s,=1.8
T3 0.5 T1 0.3 T1 0.2 s, =
T 4 0.3 T 4 0.2 T5 0.1
T5 0.1 T5 0.1 T2 0




Computational Challenges

e Relation mappings are expensive
o  Fortwo tables with size (R x C), computing table overlaps: O(RC?)

e Top-k search makes it worse
o  For N tables, top-k search: O(NRC?)



Top-K Search: Juneau’s Threshold Algorithm

Example: Assume M, is much more expensive to compute than M , M_, and M,

M, | Score M, | Score M, | Score M, | Score
T, 1 T, 0.8 T, 0.8
T, 0.8 T, 0.7 T, 0.6
T, 0.5 T, 0.3 T, 0.2
T, 0.3 T, 0.2 T, 0.1
T, 0.1 T, 0.1 T, 0




Top-K Search: Juneau’s Threshold Algorithm

Example: Assume M, is much more expensive to compute than M , M_, and M,

M, | Score Score Score Score
T, 1 0.8 0.8
T, 0.8 0.7 0.6
T, 0.5 0.3 0.2
T, 0.3 0.2 0.1
T, 0.1 0.1 0

Instead of pre-compute all
scores for M 2
we do it on-demand



Top-K Search: Juneau’s Threshold Algorithm

Trick: In each sequential scan, use the Upper Bound of M, instead of the individual M, scores.

M, | Score Score Score M, | Score

T, 1 0.8 0.8 UB 0.9 t=0.1+0.8+08+UB=3.5
T, 0.8 0.7 0.6

T, 0.5 0.3 0.2

T, 0.3 0.2 0.1

T, 0.1 0.1 0




Top-K Search: Juneau’s Threshold Algorithm

Trick: Calculate individual M, scores on-demand when covered by the scan

M 1 Score Score Score M 4 Score
T1 1 0.8 0.8 UB 0.9 t=0.1+08+08+UB=3.5
T2 0.8 0.7 0.6 T1 0.6
T3 0.5 0.3 0.2 T2 0.5
52=0.8+0.8+0+0.5=2.1

T4 0.3 0.2 0.1 T4 0.3

S, = 0.3+0.2+0.8+0.3=1.6
T5 0.1 0.1 0




Speeding up relation mapping

1.

Data Profiles

Passengerld Survived Pclass Name Sex Age SibSp Parch Ticket
590 591 0 3 Rintamaki, Mr. Matti male 35.0 0 0 STON/O 2. 3101273
131 132 0 3 Coelho, Mr. Domingos Fernandeo male 20.0 0 0 SOTON/O.Q. 3101307
628 629 0 3 Bostandyeff, Mr. Guentcho male 26.0 0 0 349224
\ \ \
C © C © C ©
Ma'tcher: J/— Ma.tcher: Seex Ma'tcher: age
Neighbors: Neighbors: Neighbors:
Sex, Age, ... Name, Age, ... Name, Sex, ...
Value Space: Value Space: Value Space:
Rintamaki... male, female, ... [1,120]
O O O




Speeding up relation mapping

1.

Data Profiles

Passengerld Survived Pclass Name Sex Age SibSp Parch Ticket
590 591 0 Rintamaki, Mr. Matti male 35.0 0 0 STON/O 2. 3101273
131 132 0 Coelho, Mr. Domingos Fernandec  male 20.0 0 0 SOTON/O.Q. 3101307
628 629 0 Bostandyeff, Mr. Guentcho male 26.0 0 0 349224
Matcher tests whether a column
belong to the domain
C o) o) C o)
I_ Matcher:f,_ J Matcher:f, Matcher:f, "
Neighbors: Neighbors: Neighbors:
Sex, Age, ... Name, Age, ... Name, Sex, ...
Value Space: Value Space: Value Space:
Rintamaki... male, female, ... [1,120]
L O O O




Speeding up relation mapping

1.

Data Profiles

Passengerid Survived Pclass Name Sex Age |SibSp Parch Ticket
590 591 0 3 Rintamaki, Mr. Matti male 35.0 0 0 STON/O 2. 3101273
131 132 0 3 Coelho, Mr. Domingos Fernandec  male 20.0 0 0 SOTON/O.Q. 3101307
628 629 0 3 Bostandyeff, Mr. Guentcho male 26.0 0 0 349224
Index columns by data profiles
C o) C o) C o)
Matcher:f Matcher:f, Matcher:f, "
Neighbors: Neighbors: Neighbors:
Sex, Age, ... Name, Age, ... Name, Sex, ...
Value Space: Value Space: Value Space:
Rintamaki... male, female, ... [1,120]
O O O
Name Sex Code Pclass Embarked_Code Title_Code SibSp Parch Age Fare
590 Rintamaki, Mr. Matti 1 3 2 3 0 0 350 7.1250
131 Coelho, Mr. Domingos Fernandeo 1 3 2 3 0 0 200 7.0500
Bostandyeff, Mr. Guentcho 1 3 2 3 0 0 26.0 7.8958



Speeding up relation mapping

1.

Data Profiles

Passengerid Survived Pclass Name Sex Age (SibSp Parch Ticket
590 591 0 3 Rintamaki, Mr. Matti male 35.0 0 0 STON/O 2. 3101273
131 132 0 3 Coelho, Mr. Domingos Fernandeo male 20.0 0 0 SOTON/O.Q. 3101307
628 629 0 3 Bostandyeff, Mr. Guentcho male 26.0 0 0 349224
Index columns by data profiles
C o) C o) C o)
Matcher:f Matcher:f, Matcher:f, "
Neighbors: Neighbors: Neighbors:
Sex, Age, ... Name, Age, ... Name, Sex, ...
Value Space: Value Space: Value Space:
Rintamaki... male, female, ... [1,120]
O O O

Match columns to data profiles

Name

Sex_Code Pclass Embarked_Code Title_Code SibSp Parch Age Fare

131

Rintamaki, Mr. Matti
Coelho, Mr. Domingos Fernandeo
Bostandyeff, Mr. Guentcho

1 3
1 3
1 3

2
2
2

3
3
3

0 0 35.0 7.1250
0 0 200 7.0500
0 0 26.0 7.8958



Speeding up relation mapping

1.

Data Profiles

Passengerld Survived Pclass

Name Sex Age SibSp Parch

Ticket

590 591 0 3 Rintamaki, Mr. Matti male 35.0 0 0 STON/O 2. 3101273
131 132 0 3 Coelho, Mr. Domingos Fernandeo male 20.0 0 0 SOTON/O.Q. 3101307
628 629 0 3 Bostandyeff, Mr. Guentcho male 26.0 0 0 349224
Data Profile Indices
Name, Sex, Age
Name, Sex— Name, Age — Sex, Age
----------------------- o) C o) ( )
-
Matcher:f Matcher: . Matcher: .
Name ‘ Sex ‘ Age Neighborsr:]ame Neighborsszex Neighbors?ge
T Sex, Age, ... Name, Age, ... Name, Sex, ...
TTe-al L - Value Space: Value Space: Value Space:
Tl Rintamaki... male, female, ... [1,120]

O

O




Speeding up relation mapping

2.

Compositional Profile

Passengerld Survived Pclass Name Sex Age SibSp Parch Ticket  BirthDate
590 591 0 3 Rintamaki, Mr. Matti  male 35.0 0 0  STON/O 2.3101273  1877/09/01
131 132 0 3 Coelho, Mr. Domingos Fernandeo  male 20.0 0 0 SOTON/O.Q.3101307  1892/10/23
628 629 0 3 Bostandyeff, M. Guentcho ~ male 26.0 0 0 349224  1886/03/15
|
Index column sets based on .
common Co-occurrences Compositional Profile Index

Name Sex Code Pclass Embarked_Code Title_Code SibSp Parch Age Fare BirthDate
500 Rintamaki, Mr. Matti 1 3 2 3 0 0 350 7.1250 1877/09/01
131 Coelho, Mr. Domingos Fernandeo 1 3 2 3 0 0 200 7.0500 1892/10/23
628 Bostandyeff, Mr. Guentcho 1 3 2 3 0 0 26.0 7.8958 1886/03/15



Speeding up relation mapping

2.

Compositional Profile

Passengerld Survived Pclass Name Sex Age SibSp Parch Ticket BirthDate

590 591 0 3 Rintamaki, Mr. Matti  male 35.0 0 0  STON/O 2.3101273  1877/09/01
131 132 0 3 Coelho, Mr. Domingos Fernandeo  male 20.0 0 0 SOTON/O.Q. 3101307 1892/10/23
628 629 0 3 Bostandyeff, Mr. Guentcho  male 26.0 0 0 349224  1886/03/15

Compositional Profile Index
If a column pair matches (Name),

Name Sex Code Pclass Embarked_Code Title_Code SibSp Parch Age Fare BirthDate

590 Rintamaki, Mr. Matti 1 3 2 3 0 0 35.0 7.1250 1877/09/01
131 Coelho, Mr. Domingos Fernandeo 1 3 2 3 0 0 200 7.0500 1892/10/23
628 Bostandyeff, Mr. Guentcho 1 3 2 3 0 0 260 7.8958 1886/03/15



Speeding up relation mapping

Passengerid Survived Pclass Name  Sex Age SibSp Parch Ticket  BjrthDate

590 591 0 3 Rintamaki, Mr. Matti  male 35.0 0 0 STON/O 2.3101273  1877/09/01

131 132 0 3 Coelho, Mr. Domingos Fernandeo  male 20.0 0 0 SOTON/O.Q. 3101307  1892/10/23

628 629 0 3 Bostandyeff, Mr. Guentcho  male 260 0 0 349224 1886/03/15
| A

Compositional Profile Index

2. Compositional Profile

If a column pair matches (Name),
check if other columns (BirthDate)
in the compositional profile also match.

\J
Name Sex _Code Pclass Embarked_Code Title_Code SibSp Parch Age Fare BirthDate
590 Rintamaki, Mr. Matti 1 3 2 3 0 0 350 7.1250 1877/09/01
131 Coelho, Mr. Domingos Fernandeo 1 3 2 3 0 0 200 7.0500 1892/10/23

628 Bostandyeff, Mr. Guentcho 1 3 2 3 0 0 260 7.8958 1886/03/15



Speeding up relation mapping

source_1.csv
source_2.csv

pd.read_csv

pd.read_csv

pd.concat pd.concat

3.  Workflow Graph
df_fillna

rename

df_fillna_rename




Speeding up relation mapping

3.

Workflow Graph

source_2.csv

pd.read_csv

pd.concat

source_1.csv

pd.read_csv

pd.concat

df_fillna

rename




Speeding up relation mapping

@ same source
source_2.csv

pd.read_csv

pd.read_csv

pd.concat pd.concat

3.  Workflow Graph
df_fillna

rename




System Implementation

Notebook

Cell
v
Cell

1. query(T, c)

4

Search related tables for
table T with use case c

‘ 3. Return k most related tables

Use Case Relationess
Function
C, ReI1
2.(T,Rel,)

Y

( Searching Framework )

o
]

Data

¥

Lake

_

L (Juneau) J




System Implementation
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Experiment Setup

e 5000+ indexed tables
e 102 notebooks from Kaggle, hand-labeled for use cases

e 14 different Kaggle tasks



Experimental Evaluation: Search Efficiency

Table 3: Average running time (seconds) of returning top—k tables when searching for related tables

top-k  Augmenting Training Data Feature Extraction Alternative Data Cleaning Linking Data
Qi L64 TA TA+P S] | L4 TA TA+P S] | L4 TA TA+P S] | Le4 TA TA+P §J
1 919.4 1017 9.776 1.481 | 875.3 2036 8.288 2.332 | 947.7 1454 5.833 3.133 | 22.64 2252 14.67 3.033
5 919.4 1086 9.944 3.254 | 8753 2149 8.624 2.336 | 947.7 1461 5.999 3.145 | 22.64 2252 15.077 3.261
10 919.4 1106 12.17 5.105 | 875.3 2228 9.744 3.302 | 947.7 1488 7.029 4.364 | 22.64 2252 15.510 4.169
Qs L64 TA TA+P S] | L4 TA TA+P S] | Le4 TA TA+P S] | L4 TA TA+P §]
1 1755 NF 2351 5119 | 1691 NF 2130 5.188 | 1871 NF 20.46 4318 | 1279 NF 22.44 4246
5 1755 NF 2386 5.290 | 1691 NF 2187 5417 | 1871 NF  20.87 4.517 | 1279 NF 2251 4.343
10 1755 NF 2415 5532 | 1691 NF 2329 5.666 | 1871 NF 2095 4.892 | 1279 NF 22.73  4.864

L64 = LSH Ensemble

TA = (Ours) Threshold Algorithm

TA+P = (Ours) Threshold Algorithm

SJ = (Ours) Full Juneau



Experimental Evaluation: Search Efficiency

Table 3: Average running time (seconds) of returning top—k tables when searching for related tables

top-k  Augmenting Training Data Feature Extraction Alternative Data Cleaning Linking Data
Qi L64 TA TA+P S] | L4 TA TA+P S] | L4 TA TA+P S] | Le4 TA TA+P §J
1 919.4 1017 9.776 1.481 | 875.3 2036 8.288 2.332 | 947.7 1454 5.833 3.133 | 22.64 2252 14.67 3.033
5 919.4 1086 9.944 3.254 | 8753 2149 8.624 2.336 | 947.7 1461 5.999 3.145 | 22.64 2252 15.077 3.261
10 919.4 1106 12.17 5.105 | 875.3 2228 9.744 3.302 | 947.7 1488 7.029 4.364 | 22.64 2252 15.510 4.169
Qs L64 TA TA+P S] | L4 TA TA+P S] | Le4 TA TA+P S] | Le4 TA TA+P §]
1 1755 | NF | 2351 5119 | 1691 NF 2130 5.188 | 1871 NF 20.46 4318 | 1279 NF 22.44 4246
5 1755 | NF | 2386 5.290 | 1691 NF 2187 5417 | 1871 NF  20.87 4.517 | 1279 NF 2251 4.343
10 1755 | NF | 24.15 5532 | 1691 NF 2329 5.666 | 1871 NF 2095 4.892 | 1279 NF 22.73  4.864
> 2300 seconds L64 = LSH Ensemble

TA = (Ours) Threshold Algorithm

TA+P = (Ours) Threshold Algorithm

SJ = (Ours) Full Juneau



Experimental Evaluation: Search Efficiency

Table 3: Average running time (seconds) of returning top—k tables when searching for related tables

top-k  Augmenting Training Data Feature Extraction Alternative Data Cleaning Linking Data
Qi L64 |TA TA+P| S] | L4 TA TA+P S] | L4 TA TA+P S] | L4 TA TA+P §J
1 919.4 |1017 9.776| 1.481 | 875.3 2036 8.288 2.332 | 947.7 1454 5.833 3.133 | 22.64 2252 14.67 3.033
5 919.4 |1086 9.944| 3.254 | 8753 2149 8.624 2.336 | 947.7 1461 5.999 3.145 | 22.64 2252 15.077 3.261
10 919.4 |1106 12.17| 5.105 | 875.3 2228 9.744 3302 | 947.7 1488 7.029 4.364 | 22.64 2252 15.510 4.169
Qs L64 |TA TA+P| S] | L4 TA TA+P S] | Le4 TA TA+P S] | Le4 TA TA+P §]
1 1755 | NF 2351 5.119 | 1691 NF 2130 5.188 | 1871 NF 20.46 4318 | 1279 NF 22.44 4246
5 1755 | NF 2386 5.290 | 1691 NF 2187 5417 | 1871 NF  20.87 4.517 | 1279 NF 22,51 4.343
10 1755 | NF  24.15| 5532 | 1691 NF 2329 5.666 | 1871 NF 2095 4.892 | 1279 NF 22.73  4.864
A

Adding data profiles and indices speeds up the

search by 100x.

L64 = LSH Ensemble

TA = (Ours) Threshold Algorithm

TA+P = (Ours) Threshold Algorithm

SJ = (Ours) Full Juneau



Experimental Evaluation: Search Efficiency

Table 3: Average running time (seconds) of returning top—k tables when searching for related tables

top-k  Augmenting Training Data Feature Extraction Alternative Data Cleaning Linking Data
Qi L64 TA [TA+P SJ || Le4 TA TA+P S] | L4 TA TA+P S] | L4 TA TA+P §J
1 919.4 1017 |9.776 1.481|| 875.3 2036 8.288 2.332 | 947.7 1454 5.833 3.133 | 22.64 2252 14.67 3.033
5 919.4 1086 |9.944 3.254|| 875.3 2149 8.624 2.336 | 947.7 1461 5.999 3.145 | 22.64 2252 15.077 3.261
10 919.4 1106 |12.17 5.105|| 875.3 2228 9.744 3302 | 947.7 1488 7.029 4.364 | 22.64 2252 15.510 4.169
Qs L64 TA [TA+P S || Le4 TA TA+P S] | Le4 TA TA+P S] | Le4 TA TA+P §]
1 1755 NF |23.51 5.119{| 1691 NF 2130 5.188 | 1871 NF 20.46 4.318 | 1279 NF 22.44 4246
5 1755 NF |23.86 5.290|| 1691 NF 2187 5417 | 1871 NF  20.87 4.517 | 1279 NF 22,51 4.343
10 1755 NF |24.15 5.532|| 1691 NF 2329 5.666 | 1871 NF 2095 4.892 | 1279 NF 22.73  4.864
A

Including workflow indices further decreases the
compute time by 3-5x.

L64 = LSH Ensemble

TA = (Ours) Threshold Algorithm

TA+P = (Ours) Threshold Algorithm

SJ = (Ours) Full Juneau



Experimental Evaluation: Search Efficiency

Table 3: Average running time (seconds) of returning top—k tables when searching for related tables

top-k  Augmenting Training Data Feature Extraction Alternative Data Cleaning Linking Data
Q4 Le4 TA TA+P §] Le4 TA TA+P §] Le4 TA TA+P §] Lea TA  TA+P S]
1 919.4 1017 9.776 1.481 | 8753 2036 8.288 2.332 | 947.7 1454 5.833 3.133 | 22.64 2252 14.67 3.033
5 919.4 1086 9.944 3.254 | 8753 2149 8.624 2.336 | 947.7 1461 5.999 3.145 | 22.64 2252 15.077 3.261
10 9194 1106 12.17 5.105 | 8753 2228 9.744 3.302 | 947.7 1488 7.029 4364 | 22.64 2252 15.510 4.169
Qs Le4a TA TA+P  §] Le4 TA TA+P §] Le4 TA TA+P §] Le4a TA  TA+P SJ
1 1755 NF 23,51 5.119 | 1691 NF 2130 5.188 | 1871 NF 2046 4318 | 1279 NF 2244 4.246
5 1755 NF 2386 5.290 | 1691 NF 2187 5417 | 1871 NF 2087 4517 | 1279 NF 2251 4.343
10 1755 NF 2415 5.532 | 1691 NF 2329 5666 | 1871 NF 2095 4.892 | 1279 NF 2273 4.864

L64 = LSH Ensemble

TA = (Ours) Threshold Algorithm

Juneau is multiple orders of magnitude faster
than the baseline LSH ensemble.

TA+P = (Ours) Threshold Algorithm

SJ = (Ours) Full Juneau



Experimental Evaluation: Search Result Quality

How do we measure the result quality?

e Data Augmentation
o Precision of classifier trained on augmented data

e Feature Extraction
o Precision of classifier trained on extracted features

e DataCleaning
o Precision of classifier trained on cleaned data

e Linkable Data
o Checkif thereturned table Ris joined with T
(T is some table joined with the query table S in the original notebook workflow)



Experimental Evaluation: Search Result Quality
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Figure 3: MAP@K of tables returned by different search classes

NB = Original performance in the notebook
KS = Keyword Search
L64 = LSH Ensemble
PS = (Ours) Row/Column Similarity Only
= (Ours) R/C Sim. + Provenance Sim.

full SJ = (Ours) Full Juneau




Experimental Evaluation: Search Result Quality

-

64 PS + P

0.95 1 N NB re7al
et - PS o full 5)

KS

Top-k

(a) Augmenting Training Data
Figure 3: MAP@K of tables returned by different search classes
1. Data Augmentation: Significantly better than NB = Original performance in the notebook
the baseline and other strategies = Keyword Search
L64 = LSH Ensemble
PS = (Ours) Row/Column Similarity Only

= (Ours) R/C Sim. + Provenance Sim.

full SJ = (Ours) Full Juneau



Experimental Evaluation: Search Result Quality
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Figure 3: MAP@K of tables returned by different search classes

1. Data Augmentation: Significantly better than NB = Original performance in the notebook

the baseline and other strategies KS = Keyword Search

2. Feature Extraction: Slightly improved results L64 = LSH Ensemble
PS = (Ours) Row/Column Similarity Only
= (Ours) R/C Sim. + Provenance Sim.

full SJ = (Ours) Full Juneau



Experimental Evaluation: Search Result Quality
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Figure 3: MAP@K of tables returned by different search classes

1. Data Augmentation: Significantly better than NB = Original performance in the notebook

the baseline and other strategies KS = Keyword Search

2. Feature Extraction: Slightly improved results L64 = LSH Ensemble
3. Data Cleaning: Measurable but minor impacts PS = (Ours) Row/Column Similarity Only
= (Ours) R/C Sim. + Provenance Sim.

full SJ = (Ours) Full Juneau



Experimental Evaluation: Search Result Quality
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Figure 3: MAP@K of tables returned by different search classes

1. Data Augmentation: Significantly better than
the baseline and other strategies

2. Feature Extraction: Slightly improved results
3. Data Cleaning: Measurable but minor impacts

4. Linkable Data: Provides meaningful tables
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(d) Linkable Data

NB = Original performance in the notebook

= Keyword Search

L64 = LSH Ensemble

PS = (Ours) Row/Column Similarity Only

= (Ours) R/C Sim. + Provenance Sim.

full SJ = (Ours) Full Juneau




Conclusions & Future Work

We contributed to the reusability and modularity for data processing through

1.
2.

Building a query-by-table framework for data lakes

Developing basic measures for table relatenesses and specialized compositional
measures for 4 main use cases.

Developing algorithmic and indexing strategies for efficient top-k search

Showing promising scalability and quality for the search

Next Steps: scaling to distributed settings + heterogeneous data types



Demo
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File  Edit View Inset Cell  Kemel  Widgets Help Trusted | Python 3 ©
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DATA EXPLORATION WITH PYTHON

Pedro Marcelino - February 2017

In [1]: #invite people for the Kaggle party
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
e e e =
from scipy.stats import | Notebook Datasets | &l

from sklearn.preprocessi™ m= mm ms = mm - - -
Name ¢ Type ¢ Shape Value

from scipy import stats Search
import warnings
warnings.filterwarnings( tm ndaray  (10,10) (1. 0.7909816 070862448 0.... §|i=| |

tmatplotlib inline

cormat DataFrame (38, 38) 1a Mssubclass ... §|i=|=
In (2]): #bring in the six packs data DataFrame (1460, 2) SalePrice Yearbuilt tl= -
import pandas as pd o 2
df_train = pd.read_csv( D
df_train DataFrame (1460, 81) 14 MSSubClass MSoning LotP... | 4| ik=|=
In [3): #skewness and kurtosis missing_data DataFrame (81,2) Total Percent $e=| -
print(“Skewness: %£" & ¢ PoolQC...
print("Kurtosis: %£" % ¢
percent Series. ®1) PoolQC 0.995205 te=|
Skewness: 1.882876 Miscreature...
Kurtosis: 6.536282 ]

total Series (1) Poolge 1453
MiscPeature <

Figure 2: Demo Step 1. The user clicks on the Show Notebook
Datasets button in the tool bar, and JUNEAU lists all datasets (tables) in

the current notebook.



Demo
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R Jupyter demo Last Checkpoint: 01/25/2019 (unsaved changes) " Logout
File Edit View Insert Cell Kernel Widgets Help Trusted ‘ Python3 O
B+ 2 @B 4 ¢ MWRun B C »  Code OBE - RIE-3IK -]
Additional Training/Validation Datasets ¢|-|x
Table Additional content
DATA EXPLORATION WITH PYTHON HabieDdit traini 14 non ot
o 1 60 ...Normal 208500
- 8 1 2 20 ...Normal 181500
e __J :] R 3 60 ...Normal 223500
Notebook Datasets | B4 % Taonon
Name ¢ Type & Shape Value Search B 5 60 250000
" 10, 10) | [24524620 241500
cm ndarray (10, 10) (. 0.7909816 0.70862448 0.... | 4|=|= bag247190 137000
DataFi (38, 38, (24724820 140000
corrmat ataFrame (38, 38) Id MSSubClass ... == 4824960 180000
[24925050 277000
data DataFrame (1460, 2) SalePrice YearBuilt 3= j
o ez rtable10_df train_14 lass...SaleC
df_train DataFrame (1460, 81) 24 ussubClass Mzoning Lotr... | 4] ‘1’ ; gg zz:::: g:gzgg
missing_data DataFrame (81, 2) e Total Percent t = - : i gg ::,r‘r:'ar:“ ?05555583590
B 5 60 0.901350
percent Series 81) PoolQC 0.995205 $ = - SR
MiscFeature... (24524620 0.789583
[246247190 -0.584497|
total Series (81) PoolQC 1453 == 124724820 -0.545050|
MiscFeature ... Inotd 24824960 -0.019086|
2 [24925050 1.256375
In [3): #skewness and kurtosis rtable15_df_train_16 lass...SaleC
print("Skewness: %f" % df_train['SalePrice'].skew()) 1 60 ...Normal 12.247694|
print("Kurtosis: %$f" % df_train['SalePrice'].kurt()) 1 2 20 ...Normal 12.109011

Skeunaaa: 1. RRIRTA

Figure 3: Demo Step 2. The user selects a table with a search mode, and the system will rapidly return a ranked list of tables that are related. In
this example, the user selects “D”, which means the user is looking for augmenting training or validation data.
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& Jupyter demo Last Checkpoint: 01/25/2019 (unsaved changes) !’ Logout
File ~ Edit  View Insert  Cell  Kernel  Widgets  Help Additional Training/va"dation Datasets ¢ |;I:| ;ns3 O
B + < @ B 4 ¥ MRin B C B | Code 4 | @ Table Additional content
P ————— | o - -y
rtable9_df_train_14 IdMSSubClass...SaleConditionSalePrice|
MiscEeature 1400 9:265014 === =l 1 80 ...Normal 208500
Alley 1369 0.937671 1 2 20 ...Normal 181500
2 3 60 ...Normal 223500
Fence 1179 0.807534 B 4 70 ...Abnorml| 140000
"3 ...Normal 250
FireplaceQu 690 0.472603 it e e
(24524620 ...Normal 241500
(246247190 ...Normal 137000
T 1170 (EEmEoRc Nowgrab i 4724820 ...Normal 140000
(S SIS ML L S .| 124824960 ...Normal 180000
In [18]:] eng = connect2db() 1 (24925050 ...Normal 277000
df_new = pd.read_sql_table('rtable9 df train_ 1| — -
l - - - i - 1 rtable10_df_train_14 IdMSSubClass...SaleCondition SalePrice|
i _em_m _mm _mm _mm_mm_mm s mm e mm = o 1 60 ...Normal 0.355663
In [19]: print(df_new) 1 2 20 ...Normal 0.000637
| R 3 60 ...Normal 0.552899 p—
Id MSSubClass MSZoning LotArea Street B 4 70 ...Abnorml| -0.545050)
[ 1 60 RL 8450 Pave 4 5 60 ...Normal 0.901350
1 2 20 RL 9600 Pave Lvl. .. AllPub,..
2 3 60 RL 11250 Pave (24524620 ...Normal 0.789583
3 4 70 RL 9550 Pave 1246247190 ...Normal -0.584497
4 5 60 RL 14260 Pave (24724820 ...Normal -0.545050)
5 6 50 RL 14115 Ppave 24824960 ...Normal -0.019086|
6 7 20 RL 10084 Pave 24925050 ..Normal 1.256375
7 g 9 RL 10382  Pavel | . .15 df train 16 1dMSSubClass...SaleCondition SalePrice]
8 9 50 RM 6120  Pave o 1 60 ...Normal 12.247694
9 10 190 RL 7420  Pave 1 2 20 ...Normal 12109011
10 11 20 RL 11200 Pave. leg vl A11Pub 4
11 12 60 RL 11924 Pave IR1 Lvl AllPub
12 13 20 RL 12968 Pave IR2 Lvl AllPub

Figure 5: Demo Step 3. The user clicks on a table of interest, and JUNEAU adds a new cell to the notebook that loads the table.



Finding Related Tables in Data Lakes for Interactive Data
Science

From the archaeologist’s perspective

Yanhao Wang
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The problem space: Related Dataset Discovery
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JOSIE [Zhu, 2019]

e Problem: Joinable Table Discovery
o Given (T, C), return top-K tables that can be joined with Ton C
e Focus on data-value overlap
e New perspective: Consider the table columns as sets, and same tuple values as the set
intersection, and formalize the problem as overlap set similarity problem.
e Apply existing overlap set similarity search techniques in data lakes, resolving the unique problems
in this scenario:
o Large number of tables in a massive data lake

o Hard to decide the threshold for the intersection size threshold

Erkang Zhu, Dong Deng, Fatemeh Nargesian, and Renée J Miller. 2019. JOSIE: Overlap Set Similarity Search for Finding Joinable Tables in Data Lakes. In Proceedings of the 2019 International Conference on
Management of Data. ACM, 847-864.



Aurum [Fernandez, 2018]

EKG

e Problem: Joinable Table Discovery
e Indexing using data profiles and sketches
e Use hypergraphs to find similar datasets, where nodes are columns
o Profiles each column with a signature f(card., data distr., min-hash, ...)
o Index signatures in Locality-Sensitive Hashing (LSH) gies-%%:sohrfSrﬁgoﬁggrgfelg;?:s%ﬁabmryforSim”armpm
o Assign a weighted edge between two column (nodes) if their index fall into the same bucket,
with the similarity value as the edge weight
o Construct hyperedges based on these weighted edges

e Fast and robust against data value changes

Raul Castro Fernandez, Ziawasch Abedjan, Famien Koko, Gina Yuan, Samuel Madden, and Michael Stonebraker. 2018. Aurum: A data discovery system. In 2018 IEEE 34th International Confe