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Knowledge Discovery 

What data do you have? 
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Knowledge Discovery 

Many companies do not know what data they have! 
 

 Decentralized storage and retrieval 
 Heterogeneous data formats and systems 
 Unconnected sources 
 Lack of metadata and integrity constraints 
 Different access rights 
 Data quality issues 
 Complicated business processes 
 Data backups and archives 
 Data acquisition and sharing 
 … 
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CrowdFlower Data Science Report 2016 

Data scientists spend most of their time on data preparation! 
 

 Multiple, heterogeneous data sources 
 Lack of metadata and documentation 
 Data quality issues 
 Data acquisition and sharing 
 … 

~80% on data preparation! 

https://visit.figure-eight.com/rs/416-ZBE-142/images/CrowdFlower_DataScienceReport_2016.pdf   
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AI Systems 

AI systems learn erroneous, non-interpretable behavior! 
 

 Data quality issues 
 Insufficient training data 
 Heterogeneous data formats and systems 
 Lack of metadata and documentation 
 … 

Deep Visual-Semantic Alignments for 
Generating Image Descriptions 
Andrej Karpathy and Li Fei-Fei, Stanford University, TPAMI, 2015 

AI systems learn what they 
see and understand 
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Data Engineering for Data Science 
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Data Profiling 

http://bulbapedia.bulbagarden.net 

ID Name Evolution Location Sex Weight Size Type Weak Strong Special 

25 Pikachu Raichu Viridian Forest m/w 6.0 0.4 electric ground water false 

27 Sandshrew Sandslash Route 4 m/w 12.0 0.6 ground gras electric false 

29 Nidoran Nidorino Safari Zone m 9.0 0.5 poison ground gras false 

32 Nidoran Nidorina Safari Zone w 7.0 0.4 poison ground gras false 

37 Vulpix Ninetails Route 7 m/w 9.9 0.6 fire water ice false 

38 Ninetails null null m/w 19.9 1.1 fire water ice true 

63 Abra Kadabra Route 24 m/w 19.5 0.9 psychic ghost fighting false 

64 Kadabra Alakazam Cerulean Cave m/w 56.5 1.3 psychic ghost fighting false 

130 Gyarados null Fuchsia City m/w 235.0 6.5 water electric fire false 

150 Mewtwo null Cerulean Cave null 122.0 2.0 psychic ghost fighting true 
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ID Name Evolution Location Sex Weight Size Type Weak Strong Special 

25 Pikachu Raichu Viridian Forest m/w 6.0 0.4 electric ground water false 

27 Sandshrew Sandslash Route 4 m/w 12.0 0.6 ground gras electric false 

29 Nidoran Nidorino Safari Zone m 9.0 0.5 poison ground gras false 

32 Nidoran Nidorina Safari Zone w 7.0 0.4 poison ground gras false 

37 Vulpix Ninetails Route 7 m/w 9.9 0.6 fire water ice false 

38 Ninetails null null m/w 19.9 1.1 fire water ice true 

63 Abra Kadabra Route 24 m/w 19.5 0.9 psychic ghost fighting false 

64 Kadabra Alakazam Cerulean Cave m/w 56.5 1.3 psychic ghost fighting false 

130 Gyarados null Fuchsia City m/w 235.0 6.5 water electric fire false 

150 Mewtwo null Cerulean Cave null 122.0 2.0 psychic ghost fighting true 
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ID Name Evolution Location Sex Weight Size Type Weak Strong Special 

25 Pikachu Raichu Viridian Forest m/w 6.0 0.4 electric ground water false 

27 Sandshrew Sandslash Route 4 m/w 12.0 0.6 ground gras electric false 

29 Nidoran Nidorino Safari Zone m 9.0 0.5 poison ground gras false 

32 Nidoran Nidorina Safari Zone w 7.0 0.4 poison ground gras false 

37 Vulpix Ninetails Route 7 m/w 9.9 0.6 fire water ice false 

38 Ninetails null null m/w 19.9 1.1 fire water ice true 

63 Abra Kadabra Route 24 m/w 19.5 0.9 psychic ghost fighting false 

64 Kadabra Alakazam Cerulean Cave m/w 56.5 1.3 psychic ghost fighting false 

130 Gyarados null Fuchsia City m/w 235.0 6.5 water electric fire false 

150 Mewtwo null Cerulean Cave null 122.0 2.0 psychic ghost fighting true 

unique column combinations 
{Name, Sex} Weak ≠ Strong 

denial constraints 

inclusion dependencies 
Pokemon.Location ⊆ Location.Name 

order dependencies 
Weight ↓ Size 

functional dependencies 
Type  Weak 

Data Profiling 
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Data Profiling 

Type  Weak 

ID Name Evolution Location Sex Weight Size Type Weak Strong Special 

25 Pikachu Raichu Viridian Forest m/w 6.0 0.4 electric ground water false 

27 Sandshrew Sandslash Route 4 m/w 12.0 0.6 ground gras electric false 

29 Nidoran Nidorino Safari Zone m 9.0 0.5 poison ground gras false 

32 Nidoran Nidorina Safari Zone w 7.0 0.4 poison ground gras false 

37 Vulpix Ninetails Route 7 m/w 9.9 0.6 fire water ice false 

38 Ninetails null null m/w 19.9 1.1 fire water ice true 

63 Abra Kadabra Route 24 m/w 19.5 0.9 psychic ghost fighting false 

64 Kadabra Alakazam Cerulean Cave m/w 56.5 1.3 psychic ghost fighting false 

130 Gyarados null Fuchsia City m/w 235.0 6.5 water electric fire false 

150 Mewtwo null Cerulean Cave null 122.0 2.0 psychic ghost fighting true 



Data Profiling ~8 million records 

94 attributes 



Advances in Data Profiling Challenges in Distributed Computing 

Agenda 
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2013 2014 2015 2016 2017 

[Functional Dependency Discovery: An Experimental Evaluation of Seven Algorithms, T. Papenbrock et. al., VLDB, 2015] 

2018 
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Foreign key relationships 

Inclusion 
Dependencies 

X Y Definition: Given two relational instances ri 
and rj for the schemata Ri, and Rj, respectively. 
The inclusion dependency Ri[X] ⊆ Rj[Y] (short 
X ⊆ Y) with X ⊆ Ri, Y ⊆ Rj and |X| = |Y| is 
valid, iff ∀ ti[X] ∈ ri , ∃tj[Y] ∈ rj : ti[X] = tj[Y]. 

 
“All values in X are also contained in Y” 

2013 2014 2015 2016 2017 2018 
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Name Type 
Equatorial 
diameter 

Mass 
Orbital 
radius 

Orbital 
period 

Rotation 
period 

Confirmed 
moons 

Rings Atmosphere 

Mercury Terrestrial 0.382 0.06 0.47 0.24 58.64 0 no minimal 

Venus Terrestrial 0.949 0.82 0.72 0.62 −243.02 0 no CO2, N2 

Earth Terrestrial 1.000 1.00 1.00 1.00 1.00 1 no N2, O2, Ar 

Mars Terrestrial 0.532 0.11 1.52 1.88 1.03 2 no CO2, N2, Ar 

Jupiter Giant 11.209 317.8 5.20 11.86 0.41 67 yes H2, He 

Saturn Giant 9.449 95.2 9.54 29.46 0.43 62 yes H2, He 

Uranus Giant 4.007 14.6 19.22 84.01 −0.72 27 yes H2, He 

Neptune Giant 3.883 17.2 30.06 164.8 0.67 14 yes H2, He 

■ Name ⊆ Type ? 

■ Name ⊆ Equatorial_diameter ? 

■ Name ⊆ Mass ? 

■ Name ⊆ Orbital_radius ? 

■ Name ⊆ Orbital_period ? 

■ Name ⊆ Rotation_period ? 

■ Name ⊆ Confirmed_moons ? 

■ Name ⊆ Rings ? 

■ Name ⊆ Atmosphere ? 

 

■ Type ⊆ Name ? 

■ Type ⊆ Equatorial_diameter ? 

■ Type ⊆ Mass ? 

■ Type ⊆ Orbital_radius ? 

■ Type ⊆ Orbital_period ? 

■ Type ⊆ Rotation_period ? 

■ Type ⊆ Confirmed_moons ? 

■ Type ⊆ Rings ? 

■ Type ⊆ Atmosphere ? 

 

■ Mass ⊆ Name ? 

■ Mass ⊆ Type ? 

■ Mass ⊆ Equatorial_diameter ? 

■ … 

Complexity:         O(n2-n)  
       for n attributes 

Example: 
10 attributes ~ 90 checks 
1,000 attributes ~ 999,000 checks 

2013 2014 2015 2016 2017 2018 
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Planet Synodic period Synodic period (mean) Days in retrograde 

Mercury 116 3.8 ~21 

Venus 584 19.2 41 

Mars 780 25.6 72 

Jupiter 399 13.1 121 

Saturn 378 12.4 138 

Uranus 370 12.15 151 

Neptune 367 12.07 158 

Name Type 
Equatorial 
diameter 

Mass 
Orbital 
radius 

Orbital 
period 

Rotation 
period 

Confirmed 
moons 

Rings Atmosphere 

Mercury Terrestrial 0.382 0.06 0.47 0.24 58.64 0 no minimal 

Venus Terrestrial 0.949 0.82 0.72 0.62 −243.02 0 no CO2, N2 

Earth Terrestrial 1.000 1.00 1.00 1.00 1.00 1 no N2, O2, Ar 

Mars Terrestrial 0.532 0.11 1.52 1.88 1.03 2 no CO2, N2, Ar 

Jupiter Giant 11.209 317.8 5.20 11.86 0.41 67 yes H2, He 

Saturn Giant 9.449 95.2 9.54 29.46 0.43 62 yes H2, He 

Uranus Giant 4.007 14.6 19.22 84.01 −0.72 27 yes H2, He 

Neptune Giant 3.883 17.2 30.06 164.8 0.67 14 yes H2, He 

Planet Mean distance Relative mean distance 

Mercury 57.91 1 

Venus 108.21 1.86859 

Earth 149.6 1.3825 

Mars 227.92 1.52353 

Ceres 413.79 1.81552 

Jupiter 778.57 1.88154 

Saturn 1,433.53 1.84123 

Uranus 2,872.46 2.00377 

Neptune 4,495.06 1.56488 

Pluto 5,869.66 1.3058 
Sign House Domicile Detriment Exaltation Fall Planetary Joy 

Aries 1st House Mars Venus Sun Saturn Mercury 

Taurus 2nd House Venus Pluto Moon Uranus Jupiter 

Gemini 3rd House Mercury Jupiter N/A N/A Saturn 

Cancer 4th House Moon Saturn Jupiter Mars Venus 

Leo 5th House Sun Uranus Neptune Mercury Mars 

Virgo 6th House Mercury Neptune Pluto, Mercury Venus Saturn 

Libra 7th House Venus Mars Saturn Sun Moon 

Scorpio 8th House Pluto Venus Uranus Moon Saturn 

Sagittarius 9th House Jupiter Mercury N/A N/A Sun 

Capricorn 10th House Saturn Moon Mars Jupiter Mercury 

Aquarius 11th House Uranus Sun Mercury Neptune Venus 

Pisces 12th House Neptune Mercury Venus Pluto, Mercury Moon 

Planet 
 

Rotation 
Period 

Revolution 
Period 

Mercury 58.6 days 87.97 days 

Venus 243 days 224.7 days 

Earth 0.99 days 365.26 days 

Mars 1.03 days 1.88 years 

Jupiter 0.41 days 11.86 years 

Saturn 0.45 days 29.46 years 

Uranus 0.72 days 84.01 years 

Neptune 0.67 days 164.79 years 

Pluto 6.39 days 248.59 years 

Planet 
 

Calculated 
(in AU) 

Observed 
(in AU) 

Perfect 
octaves 

Actual 
distance 

Mercury 0.4 0.387 0 0 

Venus 0.7 0.723 1 1.1 

Earth 1 1 2 2 

Mars 1.6 1.524 4 3.7 

Asteroid belt 2.8 2.767 8 7.8 

Jupiter 5.2 5.203 16 15.7 

Saturn 10 9.539 32 29.9 

Uranus 19.6 19.191 64 61.4 

Neptune 38.8 30.061 96 -96.8 

Pluto 77.2 39.529 128 127.7 

Planet Synodic period Synodic period (mean) Days in retrograde 

Mercury 116 3.8 ~21 

Venus 584 19.2 41 

Mars 780 25.6 72 

Jupiter 399 13.1 121 

Saturn 378 12.4 138 

Uranus 370 12.15 151 

Neptune 367 12.07 158 

Name Type 
Equatorial 
diameter 

Mass 
Orbital 
radius 

Orbital 
period 

Rotation 
period 

Confirmed 
moons 

Rings Atmosphere 

Mercury Terrestrial 0.382 0.06 0.47 0.24 58.64 0 no minimal 

Venus Terrestrial 0.949 0.82 0.72 0.62 −243.02 0 no CO2, N2 

Earth Terrestrial 1.000 1.00 1.00 1.00 1.00 1 no N2, O2, Ar 

Mars Terrestrial 0.532 0.11 1.52 1.88 1.03 2 no CO2, N2, Ar 

Jupiter Giant 11.209 317.8 5.20 11.86 0.41 67 yes H2, He 

Saturn Giant 9.449 95.2 9.54 29.46 0.43 62 yes H2, He 

Uranus Giant 4.007 14.6 19.22 84.01 −0.72 27 yes H2, He 

Neptune Giant 3.883 17.2 30.06 164.8 0.67 14 yes H2, He 

Planet Mean distance Relative mean distance 

Mercury 57.91 1 

Venus 108.21 1.86859 

Earth 149.6 1.3825 

Mars 227.92 1.52353 

Ceres 413.79 1.81552 

Jupiter 778.57 1.88154 

Saturn 1,433.53 1.84123 

Uranus 2,872.46 2.00377 

Neptune 4,495.06 1.56488 

Pluto 5,869.66 1.3058 
Sign House Domicile Detriment Exaltation Fall Planetary Joy 

Aries 1st House Mars Venus Sun Saturn Mercury 

Taurus 2nd House Venus Pluto Moon Uranus Jupiter 

Gemini 3rd House Mercury Jupiter N/A N/A Saturn 

Cancer 4th House Moon Saturn Jupiter Mars Venus 

Leo 5th House Sun Uranus Neptune Mercury Mars 

Virgo 6th House Mercury Neptune Pluto, Mercury Venus Saturn 

Libra 7th House Venus Mars Saturn Sun Moon 

Scorpio 8th House Pluto Venus Uranus Moon Saturn 

Sagittarius 9th House Jupiter Mercury N/A N/A Sun 

Capricorn 10th House Saturn Moon Mars Jupiter Mercury 

Aquarius 11th House Uranus Sun Mercury Neptune Venus 

Pisces 12th House Neptune Mercury Venus Pluto, Mercury Moon 

Planet 
 

Rotation 
Period 

Revolution 
Period 

Mercury 58.6 days 87.97 days 

Venus 243 days 224.7 days 

Earth 0.99 days 365.26 days 

Mars 1.03 days 1.88 years 

Jupiter 0.41 days 11.86 years 

Saturn 0.45 days 29.46 years 

Uranus 0.72 days 84.01 years 

Neptune 0.67 days 164.79 years 

Pluto 6.39 days 248.59 years 

Planet 
 

Calculated 
(in AU) 

Observed 
(in AU) 

Perfect 
octaves 

Actual 
distance 

Mercury 0.4 0.387 0 0 

Venus 0.7 0.723 1 1.1 

Earth 1 1 2 2 

Mars 1.6 1.524 4 3.7 

Asteroid belt 2.8 2.767 8 7.8 

Jupiter 5.2 5.203 16 15.7 

Saturn 10 9.539 32 29.9 

Uranus 19.6 19.191 64 61.4 

Neptune 38.8 30.061 96 -96.8 

Pluto 77.2 39.529 128 127.7 

http://webdatacommons.org/webtables/index.html 

Symbol Unicode Glyph 

Sun U+2609 ☉ 

Moon U+263D ☽ 

Moon U+263E ☾ 

Mercury U+263F ☿ 

Venus U+2640 ♀ 

Earth U+1F728 🜨 

Mars U+2642 ♂ 

Jupiter U+2643 ♃ 

Saturn U+2644 ♄ 

Uranus U+2645 ♅ 

Uranus U+26E2 🜨 

Neptune U+2646 ♆ 

Eris ≈ U+2641 ♁ 

Eris ≈ U+29EC ⧬ 

Pluto U+2647 ♇ 

Pluto not present -- 

Aries U+2648 ♈ 

Taurus U+2649 ♉ 

Gemini U+264A ♊ 

Cancer U+264B ♋ 

Leo U+264C ♌ 

Virgo U+264D ♍ 

Libra U+264E ♎ 

Scorpio U+264F ♏ 

Sagittarius U+2650 ♐ 

Capricorn U+2651 ♑ 

Capricorn U+2651 ♑ 

Aquarius U+2652 ♒ 

Pisces U+2653 ♓ 

Conjunction U+260C ☌ 

... ... ... 
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... ... ... 

2013 2014 2015 2016 2017 2018 



Slide 23 [Divide & Conquer-based Inclusion Dependency Discovery, T. Papenbrock, S. Kruse, J. Quiané-Ruiz, F. Naumann, VLDB, 2015] 
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Divide 

Rel. 1 Rel. 2 

Conquer X 

attributes 
dataflow 

values 
ignored 

validation? 

Dynamic Memory 
Handling: 

Spill largest buckets to disk 
if memory is exhausted. 

Lazy Partition 
Refinement: 

Split a partition if it does 
not fit into main memory. 

2013 2014 2015 2016 2017 2018 
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attr2value 

value2attr 

1 
2 

3 

Validation algorithm 

1. Iterate attributes 

2. Iterate values 

3. If value2attr entry exists 

 Intersect candidates with this list 

 Remove value2attr entry 

 If attribute removed from all 
candidates 

 Remove entry from attr2value  

[Divide & Conquer-based Inclusion Dependency Discovery, T. Papenbrock, S. Kruse, J. Quiané-Ruiz, F. Naumann, VLDB, 2015] 

2013 2014 2015 2016 2017 2018 
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A  B     
A  B      D 
             D 
A  B  C   
A       

attr2value value2attr 

B  A 
C  A 

Never tested!  

1. Iterate attributes 

2. Iterate values 

3. If value2attr entry exists 

 Intersect candidates with this list 

 Remove value2attr entry 

 If attribute removed from all 
candidates 

 Remove entry from attr2value  

[Divide & Conquer-based Inclusion Dependency Discovery, T. Papenbrock, S. Kruse, J. Quiané-Ruiz, F. Naumann, VLDB, 2015] 

2013 2014 2015 2016 2017 2018 
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2013 2014 2015 2016 2017 2018 

[Inclusion Dependency Discovery:  
An Experimental Evaluation of Ten Algorithms,  
F. Dürsch, A. Stebner, F. Windheuser, M. Fischer,  
T. Friedrich, N. Strelow, T. Bleifuß, H. Harmouch,  
L. Jiang, T. Papenbrock, F. Naumann,  
submitted to VLDB] 
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Functional 
Dependencies 

X Y1Y2 

 

Type → Weak, Strong GYM → Leader, Reward 

Definition: Given a relational instance r for a 
schema R. The functional dependency X → A  
with X ⊆ R and A ∈ R is valid in r, iff 
∀ti, tj ∈ r : ti[X] = tj[X] ⇒ ti[Y] = tj[Y]. 
 
“The values in X functionally define the values in Y” 

2013 2014 2015 2016 2017 2018 



Slide 28 

Functional 
Dependencies 

X Y1Y2 

 

Definition: Given a relational instance r for a 
schema R. The functional dependency X → A  
with X ⊆ R and A ∈ R is valid in r, iff 
∀ti, tj ∈ r : ti[X] = tj[X] ⇒ ti[Y] = tj[Y]. 
 
“The values in X functionally define the values in Y” 

2013 2014 2015 2016 2017 2018 



Slide 29 [A Hybrid Approach to Functional Dependency Discovery, T. Papenbrock, F. Naumann, SIGMOD, 2016] 

HyFD 

records 

 plis,  
pliRecords 

non-FDs 

candidate-FDs 

FDs 

plis,  
pliRecords 

comparisonSuggestions 

results 

FD 

Validator 

dataset 

FD Candidate 

Inductor 

Record Pair 

Sampler 

Memory 

Guardian 

Data 

Preprocessor 

Components: 

Symbols 

UCC 

Validator 
UCC 

Validator 
UCC 

Validator 
FD 

Validator 

Main 

Side 

Main 

Optional 

2013 2014 2015 2016 2017 2018 
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2 

3 

4 

1 

N S P C M 

NS NP NC NM SP SC SM PC PM CM 

NSP NSC NSM NPC NPM NCM SPC SPM SCM PCM 

NSPC NSPM NSCM NPCM SPCM 

NSPCM 
Name Surname Postcode City Mayor 

Thomas Miller 14482 Potsdam Jakobs 

Sarah Miller 14482 Potsdam Jakobs 

Peter Smith 60329 Frankfurt Feldmann 

Jasmine Cone 01069 Dresden Orosz 

Thomas Cone 14482 Potsdam Jakobs 

Mike Moore 60329 Frankfurt Feldmann 

 Surname, Postcode, City, Mayor  Name 
 Name, Postcode, City, Mayor  Surname 
 Surname  Name, Postcode, City, Mayor 

 Postcode  City 

 Postcode  Mayor 
 … 

[A Hybrid Approach to Functional Dependency Discovery, T. Papenbrock, F. Naumann, SIGMOD, 2016] 

2013 2014 2015 2016 2017 2018 
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HyFD 

records 

 plis,  
pliRecords 

non-FDs 

candidate-FDs 

FDs 

plis,  
pliRecords 

comparisonSuggestions 

results 

FD 

Validator 

dataset 

FD Candidate 

Inductor 

Record Pair 

Sampler 

Memory 

Guardian 

Data 

Preprocessor 

Components: 

Symbols 

UCC 

Validator 
UCC 

Validator 
UCC 

Validator 
FD 

Validator 

Main 

Side 

Main 

Optional 

[A Hybrid Approach to Functional Dependency Discovery, T. Papenbrock, F. Naumann, SIGMOD, 2016] 

2013 2014 2015 2016 2017 2018 
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Slide 32 [A Hybrid Approach to Functional Dependency Discovery, T. Papenbrock, F. Naumann, SIGMOD, 2016] 
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2013 2014 2015 2016 2017 2018 

Dependency Algorithms 
(exact) 

Algorithms 
(approximate) 

Unique Column Combination (UCC) 2 0 

Inclusion Dependency (IND) 5 2 

Functional Dependency (FD) 8 2 

Order Dependency (OD) 1 0 

Matching Dependency (MD) 2 0 

Multi-valued Dependency (MvD) 1 0 

Denial Constraints (DC) 1 0 

Statistics 1 13 

21 17 
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Metanome 

Algorithm Research       Tool Development 

Jakob Zwiener 
(Backend & Frontend) 

Claudia Exeler 
(Frontend) 

Tanja Bergmann 
(Backend & Frontend) 

Moritz Finke 
(Backend) 

Carl Ambroselli 
(Frontend) 

Vincent Schwarzer 
(Backend) 

Maxi Fischer 
(Backend & Frontend) 

■ Anja Jentzsch  (RDF) 

■ Arvid Heise  (UCC) 

■ Fabian Tschirschnitz  (IND) 

■ Felix Naumann  (Research lead) 

■ Hazar Harmouch  (Single Column Profiling) 

■ Jens Ehrlich  (Conditional UCC) 

■ Jorge-Arnulfo  (UCC, IND) 

■ Maximilian Grundke  (Conditional FD) 

■ Moritz Finke  (Approximate FD/IND) 

■ Philipp Langer  (OD) 

■ Philipp Schirmer  (MVD) 

■ Sebastian Kruse  (IND, partial FD; Metadata Store) 

■ Thorsten Papenbrock  (IND, UCC, FD, …; Metanome) 

■ Tim Draeger  (MVD) 

■ Tobias Bleifuß  (DC) 

■ Ziawasch Abedjan  (UCC) 
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Query Optimization  
(with Jan Kossmann, EPIC Chair) 

Data Cleaning  
(with Ioannis Koumarelas, IS Chair) 

 

Matching Dependency Discovery  
(with Philipp Schirmer, Bakdata) 

Denial Constraint Discovery  
(with Eduardo Pena, IS Chair) 

 

Reliable Distributed Systems 
(MA seminar, WS 2019) 

Mining Streaming Data 
(MA seminar, WS 2019) 

 

Distributed UCC Discovery  
(with Martin Schirneck, AE Chair) 

Distributed FD Discovery 
(with Felix Naumann, IS Chair) 
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Application Discovery 

Robustness 
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Pipeline 

flatMap reduce group distinct 

Transformation 

UDF UDF UDF 

The Standard Batch Approach 

union 
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User Defined Function 

map group explode filter 

UDF UDF UDF UDF 

collect 

 Action 

[Scaling Out the Discovery of Inclusion Dependencies,  
 S. Kruse, T. Papenbrock, F. Naumann, BTW, 2015] 
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collect map filter distinct filter map join 
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The Standard Batch Approach 

dynamic behavior and branching logic 

reduce 
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