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Gaining insights from dato
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What happened? Why did it happene What will happen< What should happene

data mining causal reasoning simulation & staftistics optimization



v (I> | data mining

descriptive
What happenede

association rule mining

finding interesting relations between variables in large datasets

examples

— 98% of customers who purchase tires get automotive
services done
— customers who buy burgers also buy mustard and ketchup



association rule mining

finding interesting relations between variables in large datasets

DB of "basket data” association rules
©_pems
{1} => {3}
100 1 34 (2.3} => {5)
200 235 {2,9} => {3}
300 1235 |

400 295



association rule mining

DB of "basket data” association rules
D fems _
100 134 {1} =>{3}
200 235 {2,3} => {5}
300 1235 {2,5} => {3}
400 25 ‘

Associationrule: X=>Y

e X and Y are disjoint itemsets, called antecedent (LHS) and consequent (RHS)
e Confidence: c% of transactions that contain X also contain Y

e Support: s7% of all fransactions contain both X and Y

Goal: FInd all rules that satisty confidence and support thresholds



] X X X

2 X X X X
3 X X
4 X X

5 X X
6 X X
7 X X

8 X

Support (Cereal) Support (Cereal => Milk)

4/8 = 0.5 3/8 =0.375



] X X X

2 X X X X
3 X X
4 X X

5 X X
6 X X
7 X X

8 X

Confidence (Cereal => Milk) Confidence (Bananas => Bread)

3/4 =0.75 1/3 =0.333



A-priori algorithm (1995

w{i, I2,..., Im} a set of literals (items)

W {T1, T2,...,Tn,} a set of transactions, where each

fransaction is a set of items (itemset)

W Size of an itemseft is the number of its ifems

W ltemset of size k Is a k-itemset

» We assume that each itemseft is in lexicographical order



general strategy

Step I: Find all item sets with minimum support (min_sup)

TID items support itemsets
100 134 0.25 (4, {1,23, 1,4}, {1,5),
200 235 {3,4}, {1,3.4}, {1,2,3},
300 1235 {1,2,5}, {1,3,5}, {1,2,3,5}
0.5 (13, {1,3}, {2,3}, {3,5},
400 25 (23,51
0.75 (2}, {3}, {5}, {2,5)

Step ll: Generate rules from min_sup - itemsets

support confidence itemsets

0.5 667% {3}=>{1}, {3}=>{2}. {2}=>{3}, {3}=>{3}. {5}=>{3} {S}=>{2.3}.
{3}=>{2,5}, {2}=>{3.5}, {5.2}=>{3}. {5.3}=>{2}

0.5 100% {1}=>{3}, {5,3}=>{2}, {2,3}=>{5}

0.75 100% 5}=>{2}, {2}=>{5



Step |: finding min_sup itemsets

» Too complex to test alll (powerset of all literals)

» Exploit anfi-monotonicity

¥ Adding items fo an itemset does not increase its support
@ It an itemset is frequent, its subbsets are also frequent
@ It an itemset Iis infrequent, its supersets are also infrequent



anti-monotonicity

frequent itemset Lk frequent itemset Lk

\

Corp

.
NV,

% Adding items to an itemset does not iIncrease Its support
@ If an itemset Is frequent, s subsets are also frequent
@ If an itemset Is iInfrequent, I1s supersets are also infrequent



anti-monotonicity

frequent itemset L frequent itemset Lk frequent itemset Li+
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#» Adding items fo an ifemset does not increase its support
o It an itemseft is frequent, its subsets are also frequent
@ It an itemset is infrequent, its supersets are also infrequent
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anti-monotonicity

frequent itemset L frequent itemset Lk supersets

AN

@ —@— O
\‘] U \\O/
% Adding items to an itemset does not iIncrease Its support

@ If an itemset Is frequent, its subsets are also frequent
@ If an itemset Is iInfrequent, I1s supersets are also infrequent




anti-monotonicity

frequent itemset L supersets

>

also infrequent
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» Adding items to an itemset does not increase its support
@ If an itemset Is frequent, its subsets are also frequent
@ If an itemset Is iInfrequent, I1s supersets are also infrequent
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\>7

@



repedat

A-priori:augment itemset size inductively

% Begin with min_sup itemsets of size 1 (L1)

W Generate candidate sefts of size k (Ck) from Lk-
(without looking at the datq)

# Remove sets from Ck that contain unsupported
sulbsets

» Check the rest against the DB to produce Lk




Generate candidate sets of size k (Ck) from Lk-1
(without looking at the datq)

Naive way: extend itemsets with all possible items

A-priori: join L1 with ifself to add a single item
E.g.: L1 has {1,2,3}, {1,2,4}, {1,3,4}, {1,3,5}, {2,3,4)}

Candidates: {1,2,3,4}, {1,2,3,5}, {1,3,4,5}



#» Remove sefs from Ck that confain unsupported subsefts
A-priori: join L1 with ifself to add a single item
E.g.: Lvn has {1,2,3}, {1,2,4}, {1,3.,4}, {1,3,5}, {2,3.4}

Candidates: {1,2,3,4}, {1%5}, {1,345}

(2.3,5} is unsupported {1,4,5} Is unsupported

#» Check the rest against the DB to produce Lk
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causal reasoning

diagnosftic
Why did it happen®e

explanations of results
diagnosis of data errors

diagnosis of system errors
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| Structured information
Barack Obama .
44th U.S. President reTrI eve d fro m

Barack Hussein Obama Il is an American politician -|- -|- d b
who served as the 44th President of the United U n S rU C U re We
States from 2009 to 2017. He is the first African

American to have served as president, as well as the d O '|' O
first born outside the contiguous United States.

Wikipedia ®

Born: August 4, 1961 (age 55 years), Kapiolani
Medical Center for Women and Children, Honolulu, Hl

Height: 6’ 1"

Presidential term: January 20, 2009 - January 20,

2017, 9:00 AM PST @
Parents: Ann Dunham, Barack Obama Sr.

Education: Harvard Law School (1988-1991), More

Quotes View 7+ more

Change will not come if we wait for some other
person or some other time. We are the ones we've
been waiting for. We are the change that we seek.

If you're walking down the right path and you're
willing to keep walking, eventually you'll make
progress.

The future rewards those who press on. | don't have
time to feel sorry for myself. | don't have time to
complain. I'm going to press on.

People also search for View 15+ more

I

Michelle Ann

Donald
Trump Clinton Obama Dunham Putin
Spouse  Mother

Vladimir

Hillary

T —
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a look at Knowledge Bases

Extraction System
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Freedom of Press and Media
“freedom” on Scale of 1 to 5, by Country, 2007

5
(very free) 4 3
USA 31 2 25
Venezuela 3 31 10
Brazil 28 24 26
Mexico 19
Germany 26
Great Britain 23
Russia 14
Egypt 28
UAE 22
Kenya 36 a5 10
Nigeria 29 37 8
South Africa 23 27 26
India 35 37 13
Singapore 9 27 33

Base: Representative sample of 11,344 adults in 14 countries

1
2 (not at all free)

Document

n 9

19 8

- = Root element:
B

Example:
Knowledge Vault [Dong| 4]
3.0 billion extracted triples

More than /0% are wrong

Extractor

6 2 ﬁ
1 j Element: D OM

<head> <body>
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"My title” “My link” “My header”

Web Sources
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traditional data cleaning

Traditional method:
|dentify errors
2. Drop them

“Perfect” KB

Extraction System

}

Freedom of Press and Media
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b | p€0p|€ umm art 3 3 10 19 8 " . s . ¥ -
. Uesé Classic Mo n part . implementation &, Venezuela Root slement I ¥ s 3
So ention MEQNIl aotate azi : .
sPt:;wWL«; compmr N S?sﬁ\_ ' fechmcq’ used e = = " . BN | . =
scientific W Uncorce! ™
nmﬁ meEXP"q,nS bQCKal‘OUV]d Cq ’ Wi ” r:q’hr\t‘clzomwsi Germany 26 6 2 —
works eXEW?P €S Appfoq iati € corvan ° 3 | - ] - ——
i i PPMOQC OSSOCQ OWS . = = Element: Element: ; ‘
“s“fesls‘qcy r\q her emqn‘t' aaqﬂ. Nm Egypt 28 n 7 <head> <body> ;_’ : i kil .‘
think some{hlVISclus’rermg part sekm ,\q C,t E: q Pmms‘y UAE 2 19 5 | o e :,;,
Difficulties 47 V]ew q Keya 36 w 10 7 > Element: Attribute: Element: Element: P R 0 S e e et
resu"ts duTZ behqs'ﬁ‘cgble;“ e?(%' c USQWV lmpresslon Ngea 29 £ s 18 7 <titles “href” <ax <hl> g e s § o = s
€V19Me Google ™ contast { b k South Africa 23 27 26 14 8 e
o ooksi I =
. S‘g’\e/‘éerdrfferem iy completely b, n,’) Ormqimgn india 35 37 3 8 2 | - | - | - o - - m—— L]
many -F struc{uredpu IS ed c‘“{ or {ormat Singapore 9 27 33 7 4 . Te)ft- . . TB>§t. ) . Text: ; e T v sreerrt e
matter QF i e ONE e, My title My link My header

Base: Representative sample of 11,344 adults in 14 countries

Web Sources
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Bad
extraction
rules

Rules don't
match the
source

Extraction System CUsion

Errors are

Extractor Extractor
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“freedom” on Scale of 1 to 5, by Country, 2007

reccle
— wordswgﬁﬁ;ge{.twar subjed:;mdm’ newdlgicd discpeainting ol (vevyshee) 4 3 2 (not atlallfree) Document
; R A
manage qhother SOUI‘ e S accondingly [‘eqdlngm)(mdudlon USA 5 2 25 n 9
beS‘t C,QSSic P€OP|€ q oy Adumicc M PQPLW fW]P,eWJGMQﬂOV]?:; Venezuela 3 31 10 19 8 Root sl T I IIEE PIE ¥ v, T e P i P ol
Books ention . aMotate razi oot element: . . - - ).... l
o S SOMAN i g o = = % e ]
SboleE ’ . OS{ seientfc it brain @ o Mexico 19 16 n " L ]
ez, €XplaNSbackgrondcq 1 will, Mi | Germany 2 6 > ——— — .
éed exqbff';m les stydodzed K °QITICIC Great Britain 23 9 3 T o_Shape ropa
works €XQ PWHWAPPFOQC TXT assoclations fussia = T B L = 2 Element: D M Element: A N
B . e i S00n {USSI :7 j . - - : )
“Jf!;ﬁgcfj m‘thersemcln‘“ - “ﬁjwqg Egypt 28 n 7 <head> <deY> ‘_' T — ‘ y; -
think Soﬁe{h'ﬁgclus’(eriﬂg v o rq C'H “C"'SL /. UAE » 19 5 | cx oo
ingedise 9 . viously 13 ) .
res(‘j"t Dl eukiesNew be ’ c usabilie i, 25 leck Kenya 3 s 10 7 2 Element: Attribute: Element: Element: T o o
qvior “ﬁ!"(i C,e.s printed eg, : Nvesymw pression Nigeria 2 7 8 18 ’ <title> “href” <a> <hl> A B Y >
q coitast South Afric: 2 27 26 14 8 S]S] <]
e OweVEFdiﬁ(‘eremdq{vqwhzoks'n {Or\cmqiugrgn Indi: 35 37 3 8 2 | | | - e e L S ——— L
WOVeN “imany fi etructured PUthhed author fopmat singapore [N = . - . _ Texti _ Text:  Textr Y L e g
mattert AN~ st e YOS ohle My title My link My header

Base: Representative sample of 11,344 adults in 14 countries

information Web Sources




[SIGMOD 2015]

Errors are s
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Freedom of Press and Media
“Freedom” on Scale of 1 to 5, by Country, 2007

5
(very free) 4 3
USA 31 2 25
Venezuela 3 31 10
Brazil 28 24 26
Mexico 19
Germany 26
Great Britain 23
Russia 14
Egypt 28
UAE 22
Kenya 36 a5 10
Nigeria 29 37 8
South Africa 23 27 26
India 35 37 13
Singapore 9 27 33

Base: Representative sample of 11,344 adults in 14 countries

1
(not at all free)

ystemi

Document

Root element:
B

— 1
Element: Element:
<head> <body>
Element: Attribute: Element: Element:
<title= “href” <ax <hl>
Text: Text: Text:
"My title” "My link” "My header”

Web Sources

Extractor

Man Edar window
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CHALLENGES

* Massive scale

Sampling loses staftistical strength and misses a lot of mistakes

+ System complexity

Complex processes, thousands exfraction patterns

* High error rates



DATA X-RAY sicvo

Works on simple meta-data
Parallelizable iIn MapReduce

Example: Default value error
(besoccer.com, date_of birth, |986-02-18)

# Trip
Error

es 630

Rate [00%

D 2015]

Context: Date of birth of athletes extracted from besoccer.com is set to default value

|986-02- 18, due to copied html segments

s this feature selection!?

No! The objective is different.



SIGMOD 20201 |ADO.NET DATA PROVIDER FOR POSTGRESQL]

NPGSQL INTERMITTENT FAILURE: CONCURRENCY BUG

= npgsal / npgsql QUsedby~ 107k (& Watch~

Code

() Issues 167 Pull requests 33 - ) Actions Security 0 Insights

Race condition in PoolManager.TryGetValue #2485

G4+ LB thetranman opened this issue on May 29, 2019 - 3 comments

thetranman commented on May 29, 2019 Contributor (&) «--

Steps to reproduce

I've created a test that can reproduce the issue. All you have to do is fill in the values for the
connection string. The test is VolatileTest as seen here:
https://github.com/thetranman/npgsaql/pull/1/files

The issue

Could be related to: #2146

In our production code, we are running into issues when trying to create a new Postgres
connection (Specifically when we call: var connection = new NpgsqglConnection(ConnectionString);

).

This can intermittently occur when we are trying to start our service on a server which can contain

175 vy Star 2k % Fork 628

Assignees

" thetranman

Labels

Projects

None yet

Milestone

S |
4.0.8

Linked pull requests
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NPGSQL INTERMITTENT FAILURE: CONCURRENCY BUG

pools
(shared) - ; > - -
last_slot 4 | A|
(shared)

\ 4

localPools

(local) 0 1 2 3 4

Thread 1 Thread 2

Find(key): Add (key):
localPools = pools




SIGMOD 20201 |ADO.NET DATA PROVIDER FOR POSTGRESQL]

NPGSQL INTERMITTENT FAILURE: CONCURRENCY BUG

pools
(shared)
0 1 2 3 4 3 6 7 8 9
A
last_slot
(shared)
\/
localPools
(local) 0 1 2 3 4 5
Thread 1 Thread 2
Find(key): Add (key):
localPools = pools 1f pools is filled:

pools = ResizeDouble(pools)

for 1 in range(0,last slot+1l):
1f (localPools[i] == key) last slot ++

return i pools[last slot] = key

return null
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statistical
debugging

/1

causality

'SIGMO

Fa

fault
Injection

group
testing

AlD: Adaptive Interventional Debugging

D 2020]
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Constrained Decision-Making optimization  ««

Cheapest diet plan satisfying nutrition
requirements

Most effective collection and storage + +
strategy for perishable blood supply

Most efficient plan for radiotherapy
treatments in limited-capacity facility

Flight routes and crew assignments
that minimize delays under limits
on budget and available routes

am

= @8 )

)

B

prescriptive
What should happen?

Minimal delinquent consumer credit
loss under limits on collection effort

Maximal expected return under
upper bound on acceptable risk

Most profitable product bundles
for given manufacturing cost



set Planfts;
set Markets;

# Capacity of plant p in cases
param Capacity{p in Plants};

# Demand at market m in cases
param Demand{m in Markets};

# Distance in thousands of miles
param Distance{Plants, Markefts};

# Freight in dollars per case per thousand miles
param Freight;

# Transport cost in thousands of dollars per case
param TransportCost{p in Plants, m in Markefts} := Freight * Distance[p, m] / 1000;

# Shipment quantities in cases
var shipment{Plants, Markets} >= O;

# Total fransportation costs in thousands of dollars
minimize cost: sum{p in Plants, m in Markets} TransportCost[p, m] * shipment[p, m];

# Observe supply limit at plant p
s.t. supply{p in Plants}: sum{m in Markets} shipment[p, m] <= Capacity[p];

# Satisfy demand at market m
s.t. demand{m in Markets}: sum{p in Plants} shipment[p, m] >= Demand[m];

data;

set Plants := seafttle san-diego;
set Markets := new-york chicago topeka;

param Capacity =
seaftle 350
san-diego 400;

[example from Wikipedid]



MLl Jlolul I\/UII A1, IV\UII\UIQI,

# Freight in dollars per case per thousand miles
param Freight;

# Transport cost in thousands of dollars per case
param TransportCost{p in Plants, m in Markefts} := Freight * Distance[p, m] / 1000;

# Shipment quantities in cases
var shipment{Plants, Markets} >= O;

# Total fransportation costs in thousands of dollars
minimize cost: sum{p in Plants, m in Markets} TransportCost[p, m] * shipment[p, m];

# Observe supply imit atf plant p
s.t. supply{p in Plants}: sum{m in Markets} shipment[p, m] <= Capacity[p];

# Satisfy demand at market m
s.t. demand{m in Markets}: sum{p in Plants} shipment[p, m] >= Demand[m];

data;

set Plants := seattle san-diego;
set Markets := new-york chicago topeka;

param Capacity :=
seattle 350
san-diego 400;

param Demand =
new-york 325
chicago 300
topeka 27/5;

param Distance : new-york chicago fopeka :=
seaftle 2.5 1.7 1.8
san-diego 2.5 1.8 1.4;

param Freight := 90;

[example from Wikipedid]



IN-Database Analytics

Disconnect between Data and Analytics Tools Q

 Cumbersome, error-prone data movement between tools
(optimization solvers, prediction models) and DBMS

» Solutions are problem-specific and do not generalize

Advantages of In-Database Analytics
» Efficient, seamless, and agile analytics workflow

» Database functionality "for free"
Consistency, integrity, access control, efficient retrieval, ...

» Applicable to a wide range of problems




package gueries

PaQL (SQL-like language)

Ny

ILP formulation

P

=
data |:{> Package evaluation ‘ GUROBI

OPTIMIZATION
S




SketchRefine for scalable PaQl evaluation
VLDB 16 — SIGMOD Record 17 — VLDBJ 18 — CACM 19

Partitioned SKETCH

~data

Meals

"'Representative”
data

--
IS DIRECT
P =

Similarity-based

Partfitioning
(KD-tree)

m———




SketchRefine for scalable PaQl evaluation
VLDB 16 — SIGMOD Record 17 — VLDBJ 18 — CACM 19

SKETCH
REFINE FOR RED DATA

"Representative”
data Sketch Actual Red data
Package
--- DIRECT DIRECT

Not actual meails!
Find a replacement
for the red representative




SketchRefine for scalable PaQl evaluation
VLDB 16 — SIGMOD Record 17 — VLDBJ 18 — CACM 19

Solution is (1+¢g)-approximate wrt. DIRECT over input table

(If partitioning obeys size and diameter consfraints)

REFINE FOR RED DATA REFINE FOR BLUE DATA

Actual Red data
DIRECT

Find a replacement
for the red representative

Actual Blue data

DIRECT

Find a replacement
for the blue representative




SketchRefine for scalable PaQl evaluation
VLDB 16 — SIGMOD Record 17 — VLDBJ 18 — CACM 19

Solution is (1+¢g)-approximate wrt. DIRECT over input table

(If partitioning obeys size and diameter consfraints)

Direct ----»---- SketchRefine —e—
REFINE FOR BLUE DATA
i 26X
Actual Blue dato 102 3 x,.x"x
DIRECT H V 101 :_/M
Done! . . .

Find a replacement 10% 40% 70% 100%
for the blue representative :
Dataset size

Approximation Ratio:
Mean: 1.01, Median: 1.00



Systems for analytics

#» Need fo scale to big datal

“# Parallel DBs

] acyclic data flow; not efficient
® Mapkeduce for reusing working set of dato

o Spark need for iterative and interactive applicafions



What is Apache Spark

“# Parallel execufion engine for big data
o Implements BSP (Bulk Synchronous Processing) model

“ Data abstraction: Resillient Distributed Datasets
(RDDs)

W Sets of objects partitioned & distributed across a cluster
“# Stored In RAM or on Disk

» Automatic recovery based on lineage of bulk
fransformations



Fill in your SRTIs!

http://owl.umass.edu/partners/coursekEvalSurvey/uma/




