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Data-hungry applications are taking over
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Data errors are everywhere
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Data errors are everywhere
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Data errors are everywhere
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Data errors are everywhere
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The Achilles’ Heel of Modern Analytics

IS low quality, erroneous data

What data scientists spend the most time doing

® Building training sets: 3%
® (leaning and organizing data: 60%
® C(ollecting data sets; 19%
Mining data for patterns: 9%
® Refining algorithms: 4%
® Other: 5%

Ceing and oanizing the data comprises 60% of
the time spent on an analytics or Al project.



The Achilles’ Heel of Modern Analytics

IS low quality, erroneous data

Many modern data management systems are
being developed to address aspects of this issue:
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Stanford’s Snorkel: A System for Fast Training Data Creation
Google’s TFX: TensorFlow Data Validation

Amazon’s SageMaker snorkel
Amazon’s Deequ: Data Quality Validation for ML Pipelines

HoloClean: Weakly-supervised data cleaning ‘ i @

‘¢ TensorFlow




Question:

What is an appropriate (formal) framework
for managing noisy data?

Things to consider:
Simplicity and generality



Talk outline

 Managing Noisy Data (Background)
* The Probabilistic Unclean Databases (PUDs) Framework

 From Theory to Systems



Managing Noisy Data



A simple example of noisy data

DBAName AKAName Address City |[State| Zip
t1 | John Veliotis Sr. Johnnyo'’s Mcs):l;asnSST Chicago ) IL 60608
t2 | John Veliotis Sr. Johnnyo’s Mgfg6a5nSST Chicago || IL 60609
t3 | John Veliotis Sr. Johnnyo's MgfgfsjnSST Chicago | | IL 60609
t4 Johnnyo’s Johnnyo’s MngGasnSST Cicago IL 60608
‘\» Does not obey \] Conflict

data distribution

Conflicts

cl: DBAName — Zip
c2: Zip — City, State
c3: City, State, Address — Zip



A simple example of noisy data

DBAName AKAName Address City |State, Zip
t1 | John Veliotis Sr. Johnnyo’s - Chicago } IL 60608
Morgan ST :
Conflicts
t2 | John Veliotis Sr. | Johnnyo's 3465S | chicago || IL | 60609
' Morgan ST
t3 | John Veliotis Sr Johnnyo's 23095 Chicago | | IL 60609 . :
' Morgan ST cl: DBAName — Zip
c2: Zip — City, State
Johnnyo’s Johnnyo’s M3465 SST Cicago IL 60608 .p Y .
argan c3: City, State, Address — Zip

\j Conflict

Does not obey

‘\> data distribution

Computational problems: Detect errors, repair
errors, compute “consistent” query answers.



The case for inconsistent data

DBAName AKAName Address City |[State Zip

- , 3465 S :

t1 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60608
- , 3465 S .

t2 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
b o ; 3465 S :

t3 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
P : 3465 S :

t4 Johnnyo’s Johnnyo’s Morgan ST Cicago | IL 60608

An example unclean database J

cl: DBAName — Zip
c2: Zip — City, State
c3: City, State, Address — Zip

Errors correspond to tuples/cells that introduce inconsistencies (violations of integrity constraints).

Inconsistencies are typical in data integration, extract-load-transform workloads, etc.

Data repairs: A theoretical framework for coping with inconsistent databases [Arenas et al. 1999]



Minimal data repairs

Database Repairs

Definition (Arenas, Bertossi, Chomicki — 1999)

Y a set of integrity constraints and / an inconsistent database.
A database J is a repair of I w.r.t. ¥ if

» Jis a consistent database (i.e., J &= X);

» J differs from /in a minimal way.

Fact
Several different types of repairs have been considered:

» Set-based repairs (subset, superset, d-repairs).
» Cardinality-based repairs
» Attribute-based repairs

» Preferred repairs Slide by Phokion Kolaitis
[SAT 2016]



Minimal data repairs

Database Repairs

Definition (Arenas, Bertossi, Chomicki — 1999)

Y a set of integrity constraints and / an inconsistent database.
A database J is a repair of I w.r.t. L if

» Jis a consistent database (i.e., J = ¥); Plethora of fundamental results

on tractability of repair-checking

» J differs from /in a minimal way. : :
and consistent query answering.

Fact
Several different types of repairs have been considered:

» Set-based repairs (subset, superset, &-repairs).
» Cardinality-based repairs
» Attribute-based repairs

» Preferred repairs Slide by Phokion Kolaitis
[SAT 2016]



Minimal data repairs

Database Repairs

Definition (Arenas, Bertossi, Chomicki — 1999)

Y a set of integrity constraints and / an inconsistent database.
A database J is a repair of I w.r.t. X if

» Jis a consistent database (i.e., J = I); Plethora of fundamental results

on tractability of repair-checking

» J differs from /in a minimal way. . :
and consistent query answering.

Fact
Several different types of repairs have been considered:

» Set-based repairs (subset, superset, &-repairs). | imited adoption in practice.
» Cardinality-based repairs

» Attribute-based repairs

» Preferred repairs Slide by Phokion Kolaitis
[SAT 2016]



Minimal data repairs

DBAName AKAName Address City |State| Zip
o s , 3465 S ;
t1 | John Veliotis Sr. Johnnyo'’s Morgan ST Chicago | IL 60608
o , 3465 S .
t2 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
e : 3465 S .
t3 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
t4 Johnnyo’s Johnnyo's 9405 5 Cicago IL 60608

Morgan ST

cl: DBAName — Zip
c2: Zip — City, State
c3: City, State, Address — Zip



Minimal data repairs

cl: DBAName — Zip
c2: Zip — City, State

—— c3: City, State, Address — Zip

Minimal subset repair:
We remove t1

DBAName AKAName Address City |State Zip
s 3465 S .
—~tt—rdohn-Yetiotis-Sr—r—dohmnmyo’s Chicago+—t-—1T-666608—
Morgan ST

o , 3465 S .

t2 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
_ , 3465 S .

t3 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
; ' 3465 S .

t4 Johnnyo’s Johnnyo’s Morgan ST Cicago IL 60608

An example repaired database /



Minimal data repairs

DBAName AKAName Address City |[State Zip cl: DBAName — Zip

c2: Zip — City, State

s o 3465 S : ; .
—~tt—t-dohn-Yetiotis-Sr—r—dohnnyo’s He — , otate
Morgan ST 66668~ c3: City, State, Address — Zip
o , 3465 S .
t2 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609

3465 S Minimal subset repair:

t3 | John Veliotis Sr. Johnnyo's Chicago | IL 60609
Morgan ST We remove 11

3465 S
Morgan ST

t4 Johnnyo’s Johnnyo’s Cicago | IL 60608

Errors remain:
(1) Cicago should clearly be Chicago
(2) Non-obvious errors: 60609 is the wrong Zip



Minimal data repairs

cl: DBAName — Zip

DBAName AKAName Address City |State| Zip

c2: Zip — City, State
- : 3465 S . . .
~John-Yetiotis-Sr——dohnnyo’s: Chicago—-H- N—'c . . State o
Morgan ST -66606— c3: City, State, Address — Zip

3465 S

t2 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609

3465 S Minimal subset repair:

t3 | John Veliotis Sr. Johnnyo’s Chicago | IL 60609

Morgan ST We remove 11
: , 3465 S . o
t4 Johnnyo’s Johnnyo's Morgan ST Cicago | IL 60608 Several variations of
Errors remain: minimal repairs. E.qg.,
(1) Cicago should clearly be Chicago update the minimum

(2) Non-obvious errors: 60609 is the wrong Zip number of cells.



Minimal data repairs

DBAName AKAName Address City |State| Zip cl: DBAName — Zip
c2: Zip — City, State
_— 3465 S " - ac :
—tt+——John-Yetiotis-Sr——dohnnyo's Moroen o H—1-66608—1—— c3: City, State, Address — Zip
e , 3465 S :
t2 | John Veliotis Sr. Johnnyo’s Morgan ST Chicago | IL 60609
3465 S Minimal subset repair:
t3 | John Veliotis Sr. Johnnyo's Chicago | IL 60609
Morgan ST We remove t1
t4 Johnnyo’s Johnnyo’s 9469 5 Cicago | IL 60608 C
Morgan ST Several variations of

Errors remain:

(1) Cicago should clearly be Chicago

(2) Non-obvious errors: 60609 is the wrong Zip

minimal repairs. E.g.,
update the minimum
number of cells.

Minimality can be used as an operational principle to prioritize repairs but
these repairs are not necessarily correct with respect to the ground truth.



The case for most probable data [Gribkoff et al., 14]

DBAName AKAName Address City |State| Zip p

s , 3465 S :

t1 | John Veliotis Sr. Johnnyo's Morgan ST Chicago | IL 60608 0.9
o ; 3465 S .

t2 | John Veliotis Sr. Johnnyo's Morgan ST Chicago | IL 60609 0.4
= ; 3465 S :

t3 | John Veliotis Sr. Johnnyo's Morgan ST Chicago | IL 60609 0.4
; , 3465 S ;

t4 Johnnyo’s Johnnyo's Morgan ST Cicago | IL 60608 0.8

cl: DBAName — Zip
c2: Zip — City, State
c3: City, State, Address — Zip

Most probable world,
conditioned on integrity
constraint satisfaction




The case for most probable data [Gribkoff et al., 14]

DBAName AKAName Address City |[State| Zip p Factor (f)
s 3465 S :
~John-Vetotis-Sr—r—dohnnyo’s— He : - 0.
—t Morgan ST -Chicago- —66608 0.9 1-0.9
o : 3465 S .
t2 | John Veliotis Sr. Johnnyo's Morgan ST Chicago | IL 60609 0.4 0.4
= ; 3465 S :
t3 | John Veliotis Sr. Johnnyo's Morgan ST Chicago | IL 60609 0.4 0.4
; , 3465 S .
t4 Johnnyo’s Johnnyo's Morgan ST Cicago | IL 60608 0.8 0.8
cl: DBAName — Zip Optimization Objective
c2: Zip — City, State
c3: City, State, Address — Zip max I Ip([)l I (1 —p(t))
/

tel t&l]



The case for most probable data [Gribkoff et al., 14]

DBAName AKAName Address City |State| Zip p Factor (f)
t1 | John Veliotis Sr. Johnnyo's Mgfg?nSST Chicago | IL 60608 0.9 0.9
— 49— |—John-Veliotis-Sr——deohnnye's- Mgf;:nSST Ehieage-+—H-——60609 0.4 1-0.4
13| John Veliotis-Sk———Johnnyo’s— M%f;fnss.r__cm@;agg_._m_._.easm 0.4 1-0.4
+4———dohnnye’s Johnnye’s— Mgf;:nSST —Gieago——H——60608 0.8 1-0.8
cl: DBAName — Zip Optimization Objective
c2: Zip — City, State
c3: City, State, Address — Zip max I Ip(z)l I (1 —p([))
/

tel &l



Most probable repairs

DBAName AKAName Address City |[State| Zip p Factor (f)
s 3465 S :
~dJohn-Yelotis-Sr—r—-dohnnyo’s He : - 0.
—tt—- Motean T -Chicago- 6608 0.9 1-0.9
t2 | John Veliotis Sr Johnnyo's QA0 D Chicago | IL 60609 0.4 0.4
' Morgan ST ' '
t3 | John Veliotis Sr Johnnyo's S469 5 Chicago | IL 60609 0.4 0.4
' Morgan ST ' '
P : 3465 S :
t4 Johnnyo’s Johnnyo's Morgan:ST Cicago | IL 60608 0.8 0.8

Optimization Objective max HP(Z‘)H(I = p()

Probabilities offer clear semantics than minimality.
Fundamental question: How do we know p?

tel

1l




Probabilistic Unclean Databases

Christopher De Sa, lhab llyas, Benny Kimelfeld, Christopher Ré, Theodoros Rekatsinas, ICDT 2019



The case of a noisy channel for data

Observed Data
with Errors

/'\
e //"" \——\\_'//T Q
Noisy Channel

Noisy Channel Model

Clean Source Data

1. We see an observation x in the noisy world

w = arg max P(w | x)
2. Find the correct world w weW

Applications: Speech, OCR, Spelling correction, Part of speech tagging, machine
translations, etc...



The Probabilistic Unclean Database Model

Clean Source Data Observed Data




The Probabilistic Unclean Database Model

Clean Intended Observed Data
Database /

"I Intension
Probabilistic
Data Generator



The Probabilistic Unclean Database Model

Clean Intended Observed Unclean
Database / Database J

" Intension
Probabilistic
Data Generator

Realizer

Probabilistic
Noise Generator
(Noisy Channel)



The Probabilistic Unclean Database Model

A Probability Distribution

def
R .o.‘ . D I -
L Intension )
Probabilistic
Data Generator “ombonent 1 Component 2:
Probabll/ty over Logical constraints bias towards

tuple-values in | consistency of tuples in |




The Probabilistic Unclean Database Model

A Conditional Probability Distribution

Captures the conditional
Ri(J) = Pr(J|I) probability of data edits and

j .:o'; Realizer tranSfOrmatiOnS

Probabilistic

Probability of the i'th record of | changing from t to t'

Noise Generator
(Noisy Channel)

Rli, t](t') = Ztt) exp Z wy - g(t,t")

Example:
P gel

Exponential
Family with t € I, t' € J and G is a set of features

Realizer where each ¢ is an arbitrary function over (¢,t")

and each weight w, is a real number.



Example PUD instances

Dirty Database

Intended Database under Subset Realizer

Bus;gess City |State| Zip Code Bus'lgess City |State| Zip Code
Porter Madison| WI 53703 Porter Madison| WI 53703
Graft Madison| WI 53703 Graft Madison| WI 53703

EVP Coffee | Madison| WI 53703 EVP Coffee | Madison| WI 53703

EVP Coffee | Madison| WI 53703

i?‘JE.J-']{E}E'; iNJ p ;
PUD Example 1: def 5 e
RoZ (I,J) = D(I JIiN!
Parfactor/Subset PUD SR ( )x,. .HTM( i) FIon. OF
fzéz?;:(%)\ no-tuples

Models the generation of duplicate data



Example PUD instances

Dirty Database

Intended Database under Update Realizer

£ HEDoSS | city |state| Zip Code 2 o | City |State| Zip Code
Porter Madison| WI 53703 Porter Madison| WiI 53703
Graft Madison| WI 53703 Graft Madison| WI 53704

EVP Coffee | Madison| WI 53703 EVP Coffee| adison WI 53703

T h o

PUD Example 2: l

Parfactor/Update PUD ~ RoZI(I,J) = D(I) x| I &l I101(J1])

Models errors due to transformations (e.g., fypoé)



Computational Problems in the PUD framework



The Probabilistic Unclean Database Model

Clean Intended Observed Unclean
Database / Database J

"* Intension

Probabilistic Input: We only

observe this

Data Generator

Realizer

Probabilistic
Noise Generator
(Noisy Channel)




The Probabilistic Unclean Database Model

Clean Intended Observed Unclean
Database / Database J

"I Intension
Probabilistic
Data Generator

o/ Input: We only
observe this

=5

Realizer

Probabilistic
Noise Generator
(Noisy Channel)

Problem 1: If we
knew the Intension
and the Realizer
can we recover |?

Output: An estimate of the
most probable |



The Probabilistic Unclean Database Model

Clean Intended Observed Unclean
Database / Database J

*7 Intension
o/ Input: We only

observe this

Probabilistic -
Data Generator

Realizer

Probabilistic
Noise Generator
(Noisy Channel)

Problem 2: Given J
can we answer a query
on | correctly?

Problem 1: If we
knew the Intension
and the Realizer

? |
can we recover I Output: Pr(a € O)|J)
Output: An estimate of the

most probable |



The Probabilistic Unclean Database Model

Problem 3: Can we learn the Intension and the Realizer? Output: An estimate for the
Can we do that from J (i.e., without any training data)? Intension and the Realizer

Clean Intended Observed Unclean
Database / Database J

"~ Intension
o/ Input: We only

observe this

Probabilistic .
Data Generator

Realizer

Probabilistic
Noise Generator
(Noisy Channel)

Problem 2: Given J
can we answer a query
on | correctly?

Problem 1: If we
knew the Intension
and the Realizer

2
can we recover | Output: Pr(a € Q()|J)
Output: An estimate of the

most probable |



Data Cleaning

Problem Statement: Given the observed noisy database instance J, compute the
Most Likely intended database instance |.

Question: How does data cleaning in PUDs compare to existing frameworks?

We show that PUDs generalize existing frameworks:

- MLI in parfactor/subset PUDs generalizes cardinality repairs
- MLI in parfactor/update PUDs generalizes min-update repairs




Data Cleaning

Problem Statement: Given the observed noisy database instance J, compute the
Most Likely intended database instance |.

Question: /s data cleaning in the PUD framework efficient?

In general no. It is equivalent to probabillistic inference. However:
- For parfactor/subset PUDs with key constraints (i.e., when errors are limited to

duplicates) MLI can be computed in polynomial time.
- New result: Approximate inference algorithm with guarantees on expected
Hamming Error w.r.t. |; uniform noise model [Heidari, llyas, Rekatsinas UAI 2019.]




Approximate Inference in Structured Instances
with Noisy Categorical Observations

Setup (with noise): o
« known graph G = (V,E) i i ++ :
« unknown labeling X: V -> {1, 2, ..., k} ’+ . 1T |+ ‘_
e given noisy parity of each edge L L Lw L3
» flipped with probability p 2™ o9 M Y
* given noisy observations for each node 77/ L+ 1
» altered with probability g L+l l-1-1"

Goal: (approximately) recover X.

Formally: want an algorithm A that finds a labeling X that
minimizes the worst-case expected Hamming error:

maX{ELND(X)[el”I’OF(X, X)] }
X



Approximate Inference in Structured Instances
with Noisy Categorical Observations

New Algorithm: New approximate
inference algorithm based on tree
decompositions and correlation clustering.

Guarantees on worst-case expected
Hamming error:

* For trees, the Hamming error is upper

bounded by O(log(k) - p - n)

* For low-treewidth graphs, the Hamming
error is upper bounded by

G [S52]
Ok - log(k) - p'™2! - n)



Approximate Inference in Structured Instances
with Noisy Categorical Observations

New Algorithm: New approximate
inference algorithm based on tree
decompositions and correlation clustering.

Guarantees on worst-case expected
Hamming error:

» For trees, the Hamming error is upper

bounded by O(log(k) - p - n)

* For low-treewidth graphs, the Hamming

error Is upper bounded by
AG)

O(k-log(k) .pf | . pn)

|

It should be p < for
klog k

the edge side information to be
useful for statistical recovery.



PUD learning

Problem Statement: Assume a parametric representation of the Intention and the
Realizer. We want to find the maximum likelihood estimates for the parameters of
these representations.

Supervised variant: \We are given examples of both unclean databases and their
clean versions.

Unsupervised variant: \We are given only unclean databases.

Question: Can we learn a PUD? Can we do so without any training data?

- We show standard learnability results for supervised variant
- More interesting result: We show that in the uniform noise model and under

tuple independence we can learn a PUD without any training data when the noise
IS bounded. Single instance J decomposes to multiple training examples. Under
bounded noise the log-likelihood is convex.




Approximate Inference in Structured Instances
with Noisy Categorical Observations

New Algorithm: New approximate
iInference algorithm based on tree
decompositions and correlation clustering.

Guarantees on worst-case expected
Hamming error:

» For trees, the Hamming error is upper

bounded by O(log(k) - p - n)

* For low-treewidth graphs, the Hamming

error Is upper bounded by
AG)

O(k.lgg(k) .pf | . pn)

|

) &
It should be p \/klogk for

the edge side information to be
useful for statistical recovery.



PUD learning

Problem Statement: Assume a parametric representation of the Intention and the
Realizer. We want to find the maximum likelihood estimates for the parameters of
these representations.

Supervised variant: \We are given examples of both unclean databases and their
clean versions.

Unsupervised variant: \We are given only unclean databases.

Question: Can we learn a PUD? Can we do so without any training data?

- We show standard learnability results for supervised variant
- More interesting result: We show that in the uniform noise model and under

tuple independence we can learn a PUD without any training data when the noise
IS bounded. Single instance J decomposes to multiple training examples. Under
bounded noise the log-likelihood is convex.




From Theory to Systems

Is the PUDs framework useful in practice?



HoloClean: Probabilistic Data Repairs

Each cell is a random

HoloClean is the first practical o | v
probabilistic data repairing engine and a o [emlem]: --\ oy
state-of-the-art data repairing system

2 Ch-cago’ L 60609 : <
| Constraints introduce

cl: Zip — City

Morgan ST

3465 S '
9 Magt:snST Chicago | 1L | 60609 correlations

w | HSS  eeee i [Teosos —

Morgan ST

t1.City t1.Zip

“Address=

HoloClean’s factor-graph model is an 3465 S

instantiation of the PUDs Intention model. e S
O: Unknown (to be inferred) RV

B : Factor (encodes correlations)

HoloClean uses clean cells as training
data to learn its PUD Intention model and
uses the learned model to approximate
MLI repairs.

Reference: HoloClean: Holistic Data Repairs with Probabilistic Inference
Rekatsinas, Chu, llyas, Re, VLDB 2017



HoloClean: Probabilistic Data Repairs

Challenge: Inference under constraints is #P-complete

Applying probabilistic inference naively does not scale to data cleaning
iInstances with millions of tuples

Idea 1: Prune domain of random variables.

Idea 2: Relax constraints over sets of random variables to features over
Independent random variables.



Relaxing constraints

t1.City t1.Zip

Address City |State| Zip

3465 S .

t1 Morgan ST Chicago | IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S .

t3 Morgan ST Chicago | IL 60609
3465 S .

t4 Morgan ST Cicago IL 60608

“Address= “Address=
3465 S “Zip -> City” 3465 S
Morgan St” Morgan St”



HoloClean: Probabilistic Data Repairs

Challenge: Inference under constraints is #P-complete

Applying probabilistic inference naively does not scale to data cleaning
iInstances with millions of tuples

Idea 1: Prune domain of random variables.

Idea 2: Relax constraints over sets of random variables to features over
Independent random variables.



Relaxing constraints

t1.City t1.Zip

Address City |State| Zip

3465 S i

t1 Morgan ST Chicago | IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S :

t3 Morgan ST Chicago | IL 60609
3465 S :

t4 Morgan ST Cicago IL 60608

“Address= “Address=
3465 S “Zip -> City” 3465 S
Morgan St” Morgan St”



Relaxing constraints

Address City |State Zip

3465 S g

t1 Morgan ST Chicago | IL 60608
3465 S ;

t2 Morgan ST Chicago | IL 60609
3465 S ;

t3 Morgan ST Chicago | IL 60609
3465 S .

t4 Morgan ST Cicago IL 60608

“Assignment Chicago
violates Zip -> City

t1.City due to t4”
wi l—O—Mws
t4.City

wi l—O—Mw

“Address= “Assignment Cicago
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Relaxing constraints

Address City |State| Zip

3465 S .

t1 Morgan ST Chicago| IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S :

t3 Morgan ST Chicago | IL 60609
3465 S :

t4 Morgan ST Cicago IL 60608

“Assignment 60608
_ violates Zip -> City
t1.Zip due to t4”
w2 l—O—Mws
t4.Zip
w2 l—(O—Mws
“Address= “Assignment 60609
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Relaxing constraints

Address City |State| Zip

3465 S i

t1 Morgan ST Chicago| IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S :

t3 Morgan ST Chicago | IL 60609
3465 S :

t4 Morgan ST Cicago IL 60608

“Assignment Chicago
violates Zip -> City

t1.City due to t4”
wi l—(O—Mws
t4.City

wi l—O—Mw

“Address= “Assignment Cicago
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Relaxing constraints

Address City |State| Zip

3465 S i

t1 Morgan ST Chicago| IL 60608
3465 S .

t2 Morgan ST Chicago | IL 60609
3465 S .

t3 Morgan ST Chicago | IL 60609
3465 S .

t4 Morgan ST Cicago IL 60608

“Assignment 60608
_ violates Zip -> City
t1.Zip due to t4”
w2 l—O—Mws
t4.Zip
w2 l—O—Mws
“Address= “Assignment 60609
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Relaxing constraints

Address City |State| Zip

3465 S .

t1 Morgan ST Chicago | IL 60608
3465 S ;

t2 Morgan ST Chicago | IL 60609
3465 S ;

t3 Morgan ST Chicago | IL 60609
3465 S .

t4 Morgan ST Cicago IL 60608

“Assignment Chicago
violates Zip -> City

t1.City due to t4”
wi l—O—Mws
t4.City

wi l—O—Mws

“Address= “Assignment Cicago
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Relaxing constraints

Address City |State| Zip

3465 S .

t1 Morgan ST Chicago| IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S .

t3 Morgan ST Chicago | IL 60609
3465 S :

t4 Morgan ST Cicago IL 60608

“Assignment 60608
_ violates Zip -> City
t1.Zip due to t4”
w2 l—O—Mw
t4.Zip
w2 l—(O—Mws
“Address= “Assignment 60609
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Accuracy of repairs

HoloClean in practice

HoloClean vs State-of-the-Art

1.0

‘ Competing
0.5

* methods do not

scale or perform
0- correct repairs.
Hospital Flig hts Food Physician
(1K tuples) (2.7K tuples (330K tuples) (2.1M tuples)
Dataset
) HoloClean _ ) External Only

@ Constraints Only @ Quantitative Stats Only

HoloClean: our approach combining all signals and using inference
Holistic[Chu,2013]: state-of-the-art for constraints & minimality
CATARAICHhu,2015]: state-of-the-art for external data
SCARE[Yakout,2013]: state-of-the-art ML & qualitative statistics



Relaxing constraints

Address City |State| Zip

3465 S .

t1 Morgan ST Chicago| IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S .

t3 Morgan ST Chicago | IL 60609
3465 S :

t4 Morgan ST Cicago IL 60608

“Assignment 60608
_ violates Zip -> City
t1.Zip due to t4”
w2 H —— ] w4’
t4.Zip
w2 l—(O—Mws
“Address= “Assignment 60609
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Approximate Inference in Structured Instances
with Noisy Categorical Observations

New Algorithm: New approximate
iInference algorithm based on tree
decompositions and correlation clustering.

Guarantees on worst-case expected
Hamming error:

» For trees, the Hamming error is upper

bounded by O(log(k) - p - n)

* For low-treewidth graphs, the Hamming
error Is upper bounded by

(2927 .
O(k - log(k) - pI*=°1 - n)

|

<
It should be p \/klogk for

the edge side information to be
useful for statistical recovery.



PUD learning

Problem Statement: Assume a parametric representation of the Intention and the
Realizer. We want to find the maximum likelihood estimates for the parameters of
these representations.

Supervised variant: \We are given examples of both unclean databases and their
clean versions.

Unsupervised variant: \We are given only unclean databases.

Question: Can we learn a PUD? Can we do so without any training data?

- We show standard learnability results for supervised variant
- More interesting result: We show that in the uniform noise model and under

tuple independence we can learn a PUD without any training data when the noise
IS bounded. Single instance J decomposes to multiple training examples. Under
bounded noise the log-likelihood is convex.




HoloClean: Probabilistic Data Repairs

Each cell is a random

HoloClean is the first practical o | vabi
probabilistic data repairing engine and a T = 1Y e s dut coumatiog
state-of-the-art data repairing system

2 Chccago' L 60609 . :
| Constraints introduce

cl: Zip — City

Morgan ST

o M?:gsasnsST Chicago | L. | 60809 correlations

w | HSS  eeee | i [Teosos —

Morgan ST

t1.City t1.Zip

“"Address=

HoloClean’s factor-graph model is an 3465 S

instantiation of the PUDs Intention model. e sl
() : Unknown (to be inferred) RV

B : Factor (encodes correlations)

HoloClean uses clean cells as training
data to learn its PUD Intention model and
uses the learned model to approximate
MLI repairs.

Reference: HoloClean: Holistic Data Repairs with Probabilistic Inference
Rekatsinas, Chu, llyas, Re, VLDB 2017



HoloClean: Probabilistic Data Repairs

Challenge: Inference under constraints is #P-complete

Applying probabilistic inference naively does not scale to data cleaning
iInstances with millions of tuples

ldea 1: Prune domain of random variables.

Idea 2: Relax constraints over sets of random variables to features over
Independent random variables.



Relaxing constraints

t1.City t1.Zip

Address City |State| Zip

3465 S .

t1 Morgan ST Chicago| IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S .

t3 Morgan ST Chicago | IL 60609
3465 S .

t4 Morgan ST Cicago IL 60608

“Address= “Address=
3465 S “Zip -> City” 3465 S
Morgan St” Morgan St”



Relaxing constraints

Address City |State| Zip

3465 S .

t1 Morgan ST Chicago | IL 60608
3465 S :

t2 Morgan ST Chicago | IL 60609
3465 S :

t3 Morgan ST Chicago | IL 60609
3465 S :

t4 Morgan ST Cicago IL 60608

“Assignment Chicago
violates Zip -> City

t1.City due to t4”
wi l—O—Mws
t4.City

wi l—(O—Mwe

“Address= “Assignment Cicago
3465 S violates Zip -> City
Morgan St” due to t1”

We have one relaxed factor for
each value in the domain of the RV



Relaxing constraints

Runtime for Full vs Relaxed Model

-4
-
-
—

-
More domain pruning

(lowers recall, increases precision)
8 Full Relaxed ‘

F1-score

F1-score for Full vs Relaxed Model

0.8-
0.6-
0.4-
0.2-

0-

_—_—
More domain pruning

(lowers recall, increases precision)
8 Full Relaxed \




Relaxing constraints

Runtime for Full vs Relaxed Model F1-score for Full vs Relaxed Model

F1-score

0.8-
0.6
! ! 0.4- I
0.2-
| | e I
_—

-

More domain pruning More domain pruning
(lowers recall, increases precision) (lowers recall, increases precision)
8 Full Relaxed j 8 Full Relaxed \

Faster compilation, learning, and inference when
we prune the RV domain




Relaxing constraints

Runtime for Full vs Relaxed Model F1-score for Full vs Relaxed Model

F1-score

0.8-
0.6
! | 0.4- “
| 0.2
| 0- I
- >

-
More domain pruning More domain pruning

(lowers recall, increases precision) (lowers recall, increases precision)

@ Ful '@ Ful

"] Relaxed [

Increased robustness (more accurate repairs) when RV
domain is ill-specified (no heavy pruning used)




HoloClean: Probabilistic Data Repairs

Challenge: Inference under constraints is #P-complete

Applying probabilistic inference naively does not scale to data cleaning
iInstances with millions of tuples

Idea 1: Prune domain of random variables.

Idea 2: Relax constraints over sets of random variables to features over
Independent random variables.



Runtime for Full vs Relaxed Model

Relaxing constraints

-

(lowers recall, increases precision)

More domain pruning

'@ Ful

Relaxed

F1-score

F1-score for Full vs Relaxed Model

0.8-
0.6-
0.4-
0.2-

0-

-
More domain pruning

(lowers recall, increases precision)
8 Full Relaxed \




Relaxing constraints

Runtime for Full vs Relaxed Model F1-score for Full vs Relaxed Model

F1-score

0.8-
0.6
! | 0.4- u
0.2
| 0- 0
-_—

- O o
More domain pruning More domain pruning

(lowers recall, increases precision) (lowers recall, increases precision)
@ Full _ ) Relaxed @ Full

| Relaxed |

Increased robustness (more accurate repairs) when RV
domain is ill-specified (no heavy pruning used)




Data Augmentation for Error Detection

Error Detection with Data Augmentation

Data Augmentation Module . _

HoloDetect learns a PUD realizer o =205 CeltValue | o amiranee
: IN: D | Transformation and Representation

and uses the learned realizer to Lponcy Learning Module | ‘
generate synthetic training data Rigmentation ‘ P
to teach a deep neural network l "and poliey 1 Classification
how to detect erroneous values. i | | Augmented Training Dataset

* | Data Augmentation T Observed | Transformed |

ausin:%oﬁcy "o F-’ t1.8uz:less D :ﬁ’: l F?m.f ‘

Reference: HoloDetect: A Few-Shot Learning Framework for Error Detection
Heidari, McGrath, llyas, Rekatsinas, SIGMOD 2019



Data Augmentation for Error Detection

Error Detection:

* Binary classification: for each cell decide
If it’s erroneous or correct.

e Severe imbalance, high heterogeneity.

* Assumption: Easy for human annotators
to provide examples of correct tuples.

Challenge: How can we obtain labeled data
while minimizing the input from human
annotators?

Dataset D
Business ID City State Zip Code
t1 Porter Chicago IL 60612
t2 Graft Chicago IL 60614
t3 EVP Coffee | Cicago IL 60618
tN | Dark Matter Chicago IL 60612

Denial Constraints Z

(optional)

Zip Code — City
Zip Code — State
Business ID — State

Business ID — City

Business 1D — Zip Code

Training Dataset T

Cell Observed | Correct
Value Value

t1, Business ID Porter Porter |
t1, City Chicago | Chicago

t3, City Cicago IL | Chicago

tk, State <NaN> L |




Data Augmentation for Error Detection

Dataset D
Business ID City State Zip Code |
t1 Porter Chicag& IL | 60612
t2 Graft Chicago IL 60614
t3 EVP Coffee A Cicago IL 60618
N | Dark Matter | Chicago | IL 60612

Training Dataset T

Cell Observed | Correct
Value Value
t1, Business ID Porter Porter
t1, City Chicago | Chicago
t3, City Cicago IL | Chicago
tk, State <NaN> 1 IL

Program Synthesis: Learn a
program to introduce errods

e Add characters: @ +— [a — z]|*

e Remove characters: [a— z|" +— @

e Exchange characters: [a — z|" +— [a — z]" (the left
side and right side are different)

i

Augmented Training Dataset

-

Observed | Transformed
Cell
Value Value
t1, Business ID | Porter EVP Cofee
| t1, City Cicago Cicago
tN, City Chicago IL | Chicago IL

Approach: Analyze the input dataset and learn how errors are introduced

(learn a noisy channel). Use the clean tuples as seeds and introduce
artificial erroneous examples that obey the distribution of the noisy channel.




Data Augmentation for Error Detection

& 8 8@ ©

Top-10 Entries for
MN(‘'scip-inf-4’) in Hospital

o

>

->

->

—

x: 0.159139658427
x: 0.154838586577
x: 0.081720365137
x: 0.064516077740
x: 0.064516077740
x: 0.047311790343
@: 0.043010718493
s: 0.043010718493
x: 0.038709646644
x: 0.038709646644

Female

Fem

Q@ Q@ @

Q © 8 wm

Top-10 Entries for
M(‘Female’) in Adult

->

.

->

->

-

>

s: 0.105263054412
Male: 0.084889560009
M: 0.064516065607
T. 0.054329318406
K: 0.054329318406
t:
@: 0.033955824003
u: 0.030560241603

0.044142571205

f: 0.030560241603

J:

0.030560241603

Q © @ 0 @ o @ @ ¥ X

Top-10 Entries for
N(‘R’) in Animal
This column can only take
values R, O, and Empty

-> Empty: 0.477337556212
->  0O: 0.380031693159
-> 200: 0.037717907828
->  20: 0.028843105986
->  0: 0.027575277151
->  7: 0.024088747856
->  2: 0.001584786043
-> 3 0.001584786043
-> 0: 0.001267828835
-=>  4: 0.001267828834



Data Augmentation for Error Detection

Program Synthesis: Learn a

program to introduce errods

Dataset D
Business ID City State Zip Code
Porter Chicago IL _ 6061 2
Graft Chicago IL 60614
EVP Coffee | Cicago IL 60618
| Dark Matter | Chicago | IL 60612

Training Dataset T

Cell

Observed | Correct

Value Value
t1, Business ID Porter Porter
t1, City Chicago | Chicago
t3, City Cicago IL | Chicago
tk, State [ <NaN> 1 IL

Augmented Training Dataset

e Add characters: @ +— |a — z]|"
e Remove characters: [a — z]" +—— @

=

e Exchange characters: [a — z|" +— [a — z]|* (the left »
side and right side are different)

Observed | Transformed
Cell
Value Value
t1, Business ID |  Porter EVP Cofee
t1, City Cicago Cicago
tN, City Chicago IL | Chicago IL

Approach: Analyze the input dataset and learn how errors are introduced
(learn a noisy channel). Use the clean tuples as seeds and introduce
artificial erroneous examples that obey the distribution of the noisy channel.




Data Augmentation for Error Detection

& © @ ©

Top-10 Entries for
MN(‘'scip-inf-4’) in Hospital

->

L

->

T

->

x: 0.159139658427
x: 0.154838586577
x: 0.081720365137
x: 0.064516077740
x: 0.064516077740
x: 0.047311790343
@: 0.043010718493
s: 0.043010718493
x: 0.038709646644
x: 0.038709646644

Female

Fem

Q Q @

Q © 8

Top-10 Entries for
N(‘Female’) in Adult

*>

-

g

>

s: 0.105263054412
Male: 0.084889560009
M: 0.064516065607
T. 0.054329318406
K: 0.054329318406
t:
@: 0.033955824003
u: 0.030560241603
f:

J:

0.044142571205

0.030560241603
0.030560241603

Q@ © @ 0O 0 v @ ®©@ ¥ X

Top-10 Entries for
N(‘R’) in Animal
This column can only take
values R, O, and Empty

-> Empty: 0.477337556212
->  0O: 0.380031693159
-> 200: 0.037717907828
->  20: 0.028843105986
->  0: 0.027575277151
->  7: 0.024088747856
->  2: 0.001584786043
-> 3¢ 0.001584786043
-> 0. 0.001267828835
->  4: 0.001267828834



Data Augmentation for Error Detection

Input to cl_assifier M

Data Representation based on Q

e N e g A X A et R ST S S e A Ay S g AP WL S AP T S g Moo o B S S U b N S
Attribute-Level Tuple-Level Dataset-Level
Representation Representation Representation
: | e - i - 5 "
Character & Token |t Model | Empirical Attribute | i Co-occurrence i Tuple Model i Constraint '! Neighborhood
Sequence Models QAT : R : . Represenation
(N-grams ) || Distribution Model | | Model + (Learnable) . ' Violations |
(Learnable) || | [ ISR | Lo — il _(Leamable)
T Tuplet [ | — " [l
Tuple 2 | [ I [ 1 ] !
DatasetD ' : |
TupleN | | | | [ ]
I
= Attr 1 Attr 2 Attr N |

(A) Schematic Diagram of
Representation Model Q

Approach: Train a classifier to identify errors in the input data set
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Data Augmentation for Error Detection

1

0.8
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c 0.6
A
— 0.4

0.2

0

Hospital

S . T—

/
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100

Active Learning Loops

Augmentation robustness

0.5%

1% 5%

Training Data Size

10%

-&-Hospital -® Soccer -@ Adult
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1 B = e =l o 8 1 - - - - -
08 08 A—a/‘/.
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0 0
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Active Learning Loops Active Learning Loops

—&— Active Learning =#=Augmentation

HoloDetect requires fewer training
examples than competing approaches



AutoFD: Functional Dependency Discovery via
Structure Learning

Structure Learning
- Estimate the inverse covariance matrix of lifted model.
S e o ) B - Fit a linear model by decomposing the estimated inverse covariance

| Code
835N l
0.5

i i 60608 ProviderNumber 524
Foodlife Michigan Av Chicago| IL | 60608 pvderumber - . I
{ | | | | Adreas i :
Wty hace 0N Chicago | IL | 60611 " ;

Input Noisy Dataset

'+ | H
-t

__Bar | Michigan Av | DeCode
835 N '
Hamy | B3N onicago| IL | 60611 ‘ o - - l
Caray's | Michigan | . ' MosoitalType I
Graft | AW | cieago | IL | 60612 EmergencyServie “=m
| Washington | | [ MeasureCode E A
. 3493 il
Pierrot | Washington IL | 60612 ‘ -

FD discovery as a structure learning problem over a linear structured model

Lifted-variation of structure learning using sparse regression (L1-regularization).
2x F1 improvement over state-of-the-art (included non-lifted structure learning methods).

Guarantees on FD discovery under a weak Realizer (bounded noise).



AutoFD provides insights for downstream
data preparation tasks

Autoreg utoregres
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(A) Australian Credit Approval; (B) Mammography;
A15 is the goal attribute Severity is the goal attribute

Effective feature engineering



AutoFD provides insights for downstream
data preparation tasks

Random Systematic
Noise Noise

Data set SystemX XGBoost SystemX XGBoost

w/0o W w/0 W w/0 W w/0 Y
Australian 041 086 | 034 086 | 042 096 | 034 0.96
Hospital 0.58 1.0 0.57 0.97 | 0.38 1.0 0.53 0.99
Mammogr. 063 084 | 054 0.73 | 044 0.73 | 042 0.68
NYPD 089 093 | 092 094 | 0.75 0.76 | 0.86 0.90
Thoracic 0.77 082 | 0.76 0.83 | 0.74 0.91 | 0.61 0.91
Tic-Tac-Toe 0.6 056 | 0.52 055 | 048 0.47 | 0.57 0.50

EX: Increased
Imputation accuracy for
attributes w.
dependencies (in the
output of AutoFD)

Provides insights on the effectiveness
of automated data cleaning.



The Probabilistic Unclean Database Model

Clean Intended Observed Unclean
Database / Database J

"’ Intension
Probabilistic
Data Generator

Realizer

Probabilistic
Noise Generator
(Noisy Channel)

- HoloClean
- AutoFD

- HoloDetect

A formal noisy channel model that leads to new
insights for managing noisy data and has immediate
practical applications to data cleaning systems.



The Probabilistic Unclean Database Model

Clean Intended Observed Unclean
Database / Database J

"’ Intension
Probabilistic

Data Generator

Realizer

Probabilistic
Noise Generator
(Noisy Channel)

- HoloClean

- AutoFD - HoloDetect

A formal noisy channel model that leads to new insights for
managing noisy data and has |mmed|ate practlcal appllcatlons
to data cleaning systems a exciting connections to robust ML.



The Probabilistic Unclean Database Model

Clean Intended Observed Unclean
Database / Database J

"< Intension
Probabilistic
Data Generator

Realizer

- HoloClean

Probabilistic
- AutoFD Noisg Generator | . HoloDetect
Thank yOu! (Noisy Channel)
thodrek@cs.wisc.edu

A formal noisy channel model that leads to new insights for
managing noisy data and has iImmediate practlcal appllcatlons
to data cleaning systems a exciting connections to robust ML.

./



