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Machine Learning to Data Management: A Round Trip

With the emergence of machine learning (ML) techniques in database research, ML has already proved a tremendous potential to dramatically impact the foundations, algorithms, and models of several data management tasks, such as error detection, data cleaning, data integration, and query inference. Part of the data preparation, standardization, and cleaning processes, such as data matching and deduplication for instance, could be automated by making a ML model "learn" and predict the matches routinely. Data integration can also benefit from ML as the data to be integrated can be sampled and used to design the data integration algorithms. After the initial manual work to setup the labels, ML models can start learning from the new incoming data that are being submitted for standardization, integration, and cleaning. The more data supplied to the model, the better the ML algorithm can perform and deliver accurate results. Therefore, ML is more scalable compared to traditional and time-consuming approaches. Nevertheless, many ML algorithms require an out-of-the-box tuning and their parameters and scope are often not adapted to the problem at hand. To make an example, in cleaning and integration processes, the window sizes of values used for the ML models cannot be arbitrarily chosen and require an adaptation of the learning parameters. This tutorial will survey the recent trend of applying machine learning solutions to improve data management tasks and establish new paradigms to sharpen data error detection, cleaning, and integration at the data instance level, as well as at schema, system, and user levels.

I. DETAILED OUTLINE OF THE TUTORIAL

The tutorial is organized into an introductory SWOT analysis (Section I-A), four main parts (described in detail from Section I-B to Section I-E), and final conclusions (Section I-F) as follows.

A. ML for Data Management: SWOT Analysis

The tutorial start with an introduction to the relevant concepts in Machine Learning from the data management perspective. We explore the use of ML techniques as a tool to express and quantify data patterns and knowledge transfer for representing and analyzing data, using examples from literature in database cleaning/repair, data integration, and query inference. We first provide an overview of the opportunities and limitations, alongside with the computational challenges associated with ML techniques applied to data management. We articulate the tutorial into four main parts related to the presented levels of data management: (1) instance-based; (2) schemabased; (3) system-based, and (4) user interaction-based data management.

B. ML in Instance-Based Data Transformation Tasks

In this part, we illustrate the role played by ML techniques in data processing at the data instance level, through ML applications to data cleaning, database repairing, and data fusion. This list of topics is by no means exhaustive albeit representative of the diversity of problems where ML tools have proved useful. We will review recent DB/ML research leveraging:

• Clustering applied to anomaly detection and data cleaning [START_REF] Chung | A Data Quality Metric (DQM): How to Estimate the Number of Undetected Errors in Data Sets[END_REF], [START_REF] Song | Turn Waste into Wealth: On Simultaneous Clustering and Cleaning over Dirty Data[END_REF], [START_REF] Zhang | Time Series Data Cleaning: From Anomaly Detection to Anomaly Repairing[END_REF], detection of patterns of glitches [START_REF] Berti-Equille | Discovery of complex glitch patterns: A novel approach to Quantitative Data Cleaning[END_REF], [START_REF] Berti-Equille | A masking index for quantifying hidden glitches[END_REF], replacement of erroneous or missing values, and deduplication [START_REF] Bilenko | Learnable Similarity Functions and their Applications to Clustering and Record Linkage[END_REF]; • Classification applied to database repairing [START_REF] Volkovs | Continuous Data Cleaning[END_REF], [START_REF] Yakout | Don't be SCAREd: Use SCalable Automatic REpairing with Maximal Likelihood and Bounded Changes[END_REF], regression classification used in record linkage [START_REF] Hu | Improving Temporal Record Linkage Using Regression Classification[END_REF], and kNN for data fusion; • Semi-and supervised learning models for similarity and blocking functions used in deduplication and record linkage [START_REF] Bhattacharya | Entity Resolution. Encyclopedia of Machine Learning and Data Mining[END_REF], [START_REF] Bilenko | Adaptive Blocking: Learning to Scale Up Record Linkage[END_REF], and active learning in entity resolution [START_REF] Whang | Pay-as-you-go Entity Resolution[END_REF];

• Bayesian analysis applied to data cleaning [START_REF] De | BayesWipe: A Scalable Probabilistic Framework for Improving Data Quality[END_REF], probabilistic inference in data repairing [START_REF] Rekatsinas | Holistic Data Repairs with Probabilistic Inference[END_REF], disambiguation (conflict resolution), and data fusion [START_REF] Dong | Data fusion: resolving conflicts from multiple sources[END_REF], [START_REF] Dong | Integrating Conflicting Data: The Role of Source Dependence[END_REF], [START_REF] Pradhan | Staging User Feedback toward Rapid Conflict Resolution in Data Fusion[END_REF]; and • Model optimization and statistical model training with guarantees [START_REF] Krishnan | ActiveClean: Interactive Data Cleaning For Statistical Modeling[END_REF] used in learning from samples for progressive data cleaning. Finally, we will discuss the pros and cons of ML applications to instance-based data management tasks and we will also review some work in ML to address noisy data labels and model robustness and discuss its applicability to data quality and integration.

C. ML in Schema-Based Data Transformation Tasks

In this part, we focus on the application of ML techniques to schema-driven tasks in data management, such as schema and constraint inference, schema mapping and query specification. Again, our list is not meant to be exhaustive but aims at fostering the discussion on the usage of learning in all its facets in the above tasks. The presentation will include the following topics:

• Schema and schema mapping discovery techniques [START_REF] Andritsos | Information-Theoretic Tools for Mining Database Structure from Large Data Sets[END_REF], [START_REF] Bex | Learning Deterministic Regular Expressions for the Inference of Schemas from XML Data[END_REF], [START_REF] Kimmig | A Collective Probabilistic Approach to Schema Mapping Discovery[END_REF], [START_REF] Miller | Schema Discovery[END_REF] to fight database decay and facilitate data integration; • Usage of input data examples to help the user specify complex data transformation tasks [START_REF] Bonifati | Interactive Schema Mapping Specification with Exemplar Tuples[END_REF], [START_REF] Jin | Foofah: Transforming Data By Example[END_REF]; • Usage of machine learning in data source reconciliation [START_REF] Doan | Reconciling Schemas of Disparate Data Sources: A Machine-Learning Approach[END_REF]; • Learning in rule discovery and information extraction [START_REF] Flach | Database Dependency Discovery: A Machine Learning Approach[END_REF], [START_REF] Hellerstein | The MADlib Analytics Library or MAD Skills, the SQL[END_REF], [START_REF] Li | Regular Expression Learning for Information Extraction[END_REF], [START_REF] Rostin | A Machine Learning Approach to Foreign Key Discovery[END_REF]; and • Query specification paradigms leveraging grammar induction techniques [START_REF] Antonopoulos | Definability Problems for Graph Query Languages[END_REF], [START_REF] Bonifati | Learning Join Queries from User Examples[END_REF], [START_REF] Bonifati | Learning Path Queries on Graph Databases[END_REF]. We will review recent approaches for data transformation, schema, and constraint discovery that can benefit from learning based on input data examples. We will discuss the advantages and limitations of these techniques and pinpoint a few extensions.

D. ML in System-Oriented Data Management Tasks

In this part, we will discuss about a recent trend in our community to use ML techniques for obtaining "trained database systems", i.e., databases that can learn from past query workloads (or past query executions and optimized plans) the behavior to be adopted in upcoming querying and tuning tasks. We will put under lenses the many ML approaches for database query optimization and bulk data processing systems by highlighting their advantages and their possible impact on full-fledged database systems. We will (not exhaustively) discuss about the following trends in the DB community:

• Predicting query answering based on the past history of queries [START_REF] Park | Database Learning: Toward a Database that Becomes Smarter Every Time[END_REF]; • Predicting the decisions of a query optimizer [START_REF] Schleich | Learning Linear Regression Models over Factorized Joins[END_REF] and performing database tuning [START_REF] Van Aken | Automatic Database Management System Tuning Through Large-scale Machine Learning[END_REF] by leveraging ML techniques; • Feature engineering and labeling are bottlenecks in ML techniques that hinder their adoption in database-oriented tasks; we will review works to facilitate those tasks [START_REF] Anderson | Input Selection for Fast Feature Engineering[END_REF], [START_REF] Bach | Learning the Structure of Generative Models without Labeled Data[END_REF], [START_REF] Ratner | Snorkel: A System for Lightweight Extraction[END_REF]; • Finally, we will focus on the connections between ML and Databases and the unsolved challenges in this area [START_REF]Frontiers in Massive Data Analysis[END_REF], [START_REF] Ré | Machine Learning and Databases: The Sound of Things to Come or a Cacophony of Hype? SIGMOD[END_REF].

E. ML in User-Guided Data Management Tasks

In this part, we will discuss the limitations of pure ML approaches and how users can help to complement the efforts. As illustrative examples, we will examine common data management tasks such as entity resolution and data cleaning [START_REF] Assadi | DANCE: Data Cleaning with Constraints and Experts[END_REF], [START_REF] Bergman | Query-Oriented Data Cleaning with Oracles[END_REF], [START_REF] Doan | Human-in-the-Loop Challenges for Entity Matching: A Midterm Report[END_REF], [START_REF] Geerts | The LLUNATIC Data-Cleaning Framework[END_REF], [START_REF] Wang | A Sample-and-Clean Framework for Fast and Accurate Query Processing on Dirty Data[END_REF], [START_REF] Yakout | Guided Data Repair[END_REF], [START_REF] Zhang | Crowdmatcher: Crowd-Assisted Schema Matching[END_REF]. We will consider the interplay between ML-based algorithms and crowd-sourcing, and highlight where users' input is essential. Specifically, we will discuss three dimensions of the problem:

• How users can help in improving the data itself, e.g., by detecting errors [START_REF] Thirumuruganathan | UGuide: User-Guided Discovery of FD-Detectable Errors[END_REF], gathering missing data and choosing among possible data repairs [START_REF] Assadi | DANCE: Data Cleaning with Constraints and Experts[END_REF], [START_REF] Yakout | Guided Data Repair[END_REF]; • How they can assist in gathering meta-data that facilitates improved data processing [START_REF] Bergman | Query-Oriented Data Cleaning with Oracles[END_REF], [START_REF] Wang | A Sample-and-Clean Framework for Fast and Accurate Query Processing on Dirty Data[END_REF]; • How can we find and identify the most relevant crowd to complement the ML efforts in a given data management task [START_REF] Doan | Human-in-the-Loop Challenges for Entity Matching: A Midterm Report[END_REF], [START_REF] Zhang | Crowdmatcher: Crowd-Assisted Schema Matching[END_REF].

F. Lessons Learned and Perspectives

We foresee two major outcomes from this tutorial. In the short term, we expect that this tutorial will lead to a more effective use of ML techniques in data management applications. In the long term, we hope that understanding the benefits and limits of the application of ML to the modeling, representation, and analysis of data will lead to a better interaction between data management and ML when designing the next-generation database management systems. 
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