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Learning from dirty data s risky

—P vew

DATA

TRAINNG
DATA [ SeT

VALIDETIO)
seT T °




Learning from dirty data s risky

TRAINNG
DATA [ seY
i VA LIDESIOU

Garbage

' out

ST



Learning from dirty data s risky

TRAINNG

‘ " How to clean and prepare the data at their best ?
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Data preparation is challenging

ML method
_’ @)

Data preparation pipeline




Dirty Data
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Data preprocessing I1s challenging

Method-dependent
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Data preprocessing I1s challenging

So many methods and
parameter settings
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Data preprocessing I1s challenging

Different orderings
matter
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Data preprocessing I1s challenging
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Data preprocessing I1s challenging

Selective processing of
some parts of the dataset
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Data preprocessing I1s challenging

Infinite
space of possible

strategies
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Optimization Problem

l,

' 0 Can we help the user in composing the data

‘ preparation pipeline that maximizes the quality
performance of the ML method ?
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Optimization Problem

Can we help the user in composing the data
preparation pipeline that maximizes the quality
performance of the ML method ? o
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First Solution: Learn2Clean

[ The Web Conf 2019]
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Reinforcement Learning Framework

Markov Decision Process (Transition) Learn2Clean
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Reinforcement Learning Framework

Markov Decision Process (Transition) Learn2Clean
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Reinforcement Learning Framework

Markov Decision Process Learn2Clean
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Reinforcement Learning Framework

Markov Decision Process Learn2Clean
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Reinforcement Learning Framework

Markov Decision Process Learn2Clean
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Reinforcement Learning Framework

Learn2Clean
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Reinforcement Learning Framework

Markov Decision Process (Transition) Learn2Clean
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Reinforcement Learning Framework

Markov Decision Process (Transition) Learn2Clean
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Learn2Clean selects the sequence of preprocessing actions Quality
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that maximizes the quality metric (resp. minimizes the error)
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Reinforcement Learning Framework

Markov Decision Process (Transition) Learn2Clean
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Reinforcement Learning Framework

Markov Decision Process
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Experiment Setup

Datasets

# Rows Clustering Regression Classification
House Prices
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Google
Playstore Apps

Evaluation : Silhouette for Clustering
MSE for Regression
Accuracy for Classification
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Experimental Results
Regression (MSE)
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Experimental Results

Clustering (Silhouette)
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Experimental Results

Classification (Accuracy) Complex preparation with
reiterations + data-selective

Google Play Store Apps

House Prices

opemtiows require human
\ e)qsertise

B NO_PREP
" RAND
DS EXP
B AUTO
B Learn2Clean

31



New Version: HIL with Active Reward Learning
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Active Reward Learning

Goal: learn from user feedbacks
to adapt the rewards
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Active Reward Learning

Goal: learn from user feedbacks
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Learn2Clean

Active Reward Learning ;

Goal: learn from user feedbacks
to adapt the rewards
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Code: https://github.com/l aureBerti/[ earn2Clean

ML
Models

LearnZCIean

Remforcement

Future directions

Combine AutoML and AutoCuration

Learn better reward functions

Extend the library of ML and preparation methods

Investigate other RL techniques (e.g., deep RL, on-policy, model)

Extend experiments with more intricate data glitches and various glitch
distributions
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