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ABSTRACT

This dissertation studies entity matching (EM), which finds data instances that refer to the same

real-world entity. This problem has been a long-standing challenge in data management and will

become even more important as data-driven applications proliferate. As a result, it has been studied

intensively over the past several decades, by the database, AI, KDD, and WWW communities,

among others. However, the vast majority of work on EM has focused on developing algorithmic

solutions. Few if any current works have focused on developing end-to-end EM systems and

evaluating them in real-world settings.

To address the above problems, in the past few years I have been building CloudMatcher

a cloud service for EM. I envision CloudMatcher to be a fast, easy-to-use, scalable, and highly

available service on the Web. Specifically, to use this service, a user simply needs to go to Cloud-

Matcher’s Web site, uploads two tables to be matched, perform some basic pre-processing, then

push a button. CloudMatcher will perform EM end to end. To do so, it can either use a set

of users to label tuple pairs or use crowd workers on Amazon’s Mechanical Turk (or some other

crowdsourcing platform such as CrowdFlower, etc.) for labeling (as matched / no-matched). The

user just has to pay for the labeling if he or she decides to use Mechanical Turk. In the end,

CloudMatcher will return the desired matches.

In this dissertation, I make the following contributions. First, I design scalable solution archi-

tecture for CloudMatcher such that it can do EM tasks at large scale, can run multiple EM work-

flows simultaneously, and can support multi-tenants. Over the past 3 years, I have contributed as a

lead developer to developing an industrial-strength cloud-based EM service. The CloudMatcher



xi

codebase is now 47K LOC involving 7 contributors. It has been used at UW-Madison in domain

sciences, in a data science class at UW-Madison by 70 students, and at several organizations to do

EM.

Second, to evaluate the system, I have worked with real users and have used the system to

do EM tasks for real-world scenarios. I provide an extensive set of experiments that demonstrate

that CloudMatcher can effectively perform EM on a broad variety of datasets from real-world

users. Specifically, I have evaluated CloudMatcher for end-to-end matching tasks on two domain

science projects at UW-Madison and 11 other projects at enterprise customers. In the summer of

2018, I also deployed the system at American Family Insurance.

Third, I show that breaking the CloudMatcher workflow into a set of basic services then

implementing those benefits many domain scientists and EM users. I develop a solution where

the users can mix and match the basic services and compose them to flexibly build more EM

workflows.

Finally, I focus on scaling up the blocking rule execution for the entity matching task, design-

ing a Spark-based solution and show how the execution of blocking rules scale to tables with 10M

tuples, among others. As far as I know, this is the first academic work that has designed, imple-

mented, and evaluated an end-to-end industrial-strength EM system. Parts of this work have been

published at academic conferences and commercialized.
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Chapter 1

Introduction

This dissertation studies entity matching (EM), which finds data instances that refer to the same

real-world entity. This chapter begins by defining the entity matching problem in Section 1.1. It

then discusses the prior work on EM and its limitations in Section 1.2. Next, it describes the

contributions of my thesis work, as embodied by the CloudMatcher system, in Section 1.3. The

chapter concludes with a roadmap to the rest of the dissertation in Section 1.5

1.1 Entity Matching

Figure 1.1: An EM example.

Entity matching (EM)

finds data instances that

refer to the same real-

world entity. For exam-

ple, the two tables in Figure

1.1 shows an example of

matching two tables A and

B that contain “person” in-

formation. The EM task here is to find tuple pairs across A and B that refer to the same real-world

person. In this example, there are three matching tuple pairs connected with arrows. Matching

tuple pairs are often referred to as matches, and variations of this problem are known as record

linkage, entity resolution, reference reconciliation, deduplication, etc. This problem has been a
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Figure 1.2: An entity matching workflow.

long-standing challenge in data management [29, 47] and will become even more important as

data-driven applications proliferate.

Many EM variations exist, such as matching across two tables [50], matching within a single

table [47], matching mentions in text documents into a knowledge base [49], matching XML data

[93], etc. CloudMatcher consider the problem of matching across two tables, specifically, given

two tables A and B, find all tuple pairs (a ∈ A, b ∈ B) that refer to the same real-world entity

(see Figures 1.1). This problem setting is very common in practice. Our solution, however, can

also be applied to two other common settings: matching tuples within a single table (known as

deduplication), and matching a set of tuple pairs.

Most current EM solutions consist of two important steps: blocking and matching. Figure 1.2

shows an example of the typical EM workflow with blocking and matching.

1.1.1 Blocking

The blocking step applies a heuristic to remove tuple pairs judged obviously not matched (i.e.,

“blocking” these tuple pairs from further consideration). In the Figure 1.2, by observing the data

we choose to block on the attribute “City” to consider only pairs that have the same city value for

matching. This gives us three pairs of potential matches, which form a candidate set.
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Blocking is necessary because matching all tuple pairs in the Cartesian product of the two input

tables A and B would be too expensive, e.g., if each table has 100K tuples, A×B would have 10B

tuple pairs. Hence, we need a way to quickly remove as many obviously non-matched tuple pairs

as possible, before applying the time-consuming matching step to the remaining tuple pairs.

Blocking is typically done by using the blocking heuristics to enumerate only those tuple pairs

judged possibly matched. For example, given the above heuristic about disagreeing city, we can

build an inverted index over Table B, such that given a city, the index will return all tuples in B

with that city value. Next, given a tuple in Table A, we can consult the index to find only those

tuples in Table B that share the same city (e.g., LA), then enumerate only those tuple pairs. The

pairs that survive the blocking step constitute the set of potential matches, and we refer to it as the

candidate set.

Over the past few decades blocking has received much attention and numerous solutions have

been proposed focusing on accuracy and scaling up blockers [96, 63, 46, 76, 50, 29, 37, 79, 80, 76]

(see [30, 81] for a survey and [29, 47] for an extensive discussion).

1.1.2 Matching

Once the blocking step is completed, we get a candidate set C of potential matching tuple

pairs. The matching step then predicts Y/N, i.e., matched/not-matched, for each remaining tuple

pair. The output of the matching step is then returned as the EM result to the application or the end-

user. There are many proposed ways to do matching, such as rules, active learning, supervised,

crowd-sourcing, etc. (see [29] for a detailed description). Recent work [50, 37] applies crowd-

sourced active learning on C to learn a matcher N . This matcher is then applied to C to obtain

predicted matches.

1.2 Prior Entity Matching Work and Its Limitations

EM has received significant attention as it has many practical usecases. Moreover, it is well-

known to be very difficult, raising both accuracy and scalability challenges. As a result, it has
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been studied intensively over the past several decades, by the database, AI, KDD, and WWW

communities, among others. See the related work in Section 1.4 for more details.

However, the vast majority of work on EM has focused on developing algorithmic solutions

(such as for the blocking and matching steps, as I explain earlier). Few if any current works have

focused on developing end-to-end EM systems and evaluating them in real-world settings.

1.3 Contribution of this Dissertation

To address the above problems, in the past few years I have been building CloudMatcher, a

cloud service for EM in collaboration with several other colleagues at UW-Madison. We envision

CloudMatcher to be a fast, easy-to-use, scalable, and highly available service on the Web. Specif-

ically, to use this service, a user simply needs to go to CloudMatcher’s Web site, uploads two

tables to be matched, performs some basic pre-processing, then pushes a button. CloudMatcher

will perform EM end to end. To do so, it can either use a set of users to label tuple pairs or use

crowd workers on Amazon’s Mechanical Turk [1] (or some other crowdsourcing platform such as

CrowdFlower [6], etc.) for labeling (as matched / no-matched). The user just has to pay for the

labeling if he or she decides to use Mechanical Turk. At the end, CloudMatcher will return the

desired matches. In the backend, CloudMatcher performs EM using a machine cluster.

As described, when using CloudMatcher, the user does not need to install or learn how to

use any complicated system. The user does not have to know EM (e.g., knowing string similarity

measures). He or she will only perform simple actions such as labeling a tuple pair as matched/no-

matched. Alternatively, if the user is not even willing to label the tuple pairs, then he or she can

pay to “outsource” that work to a crowd of workers (assuming that the data is not sensitive and that

crowd workers can be quickly trained to label tuple pairs). Finally, the system can scale to tables

of millions of tuples and can automatically add more machine resources as necessary.

In this dissertation, I make the following contributions:

1. Development of CloudMatcher - an End-to-End EM System: In this work, I design scal-

able solution architecture for CloudMatcher such that it can do EM tasks at large scale, can
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run multiple EM workflows simultaneously, and can support multi-tenants. In developing

the solution, I also make sure that the system is able to handle crash recovery smoothly, is

fault-tolerant, is efficiently utilizing the available resources, and is ensuring high availability

at all times. To make the system available to a wide spectrum of users, I also focus on user

experience i.e., building a system that is very easy to use.

The initial work on CloudMatcher has appeared at BIGDAS - KDD’17 [51]. Over the past

3 years, I have contributed as a lead developer to developing an industrial-strength cloud-

based EM service. The CloudMatcher codebase is now 47K LOC involving 7 contributors.

It has been used at UW-Madison in domain sciences, in a data science class at UW-Madison

by 70 students, and at several organizations to do EM.

2. Real-World Evaluation of CloudMatcher: To evaluate the system, I have worked with

real users and have used the system to do EM tasks for real-world scenarios. I provide an ex-

tensive set of experiments that demonstrate that CloudMatcher can effectively perform EM

on a broad variety of datasets from real-world users. Specifically, I have evaluated Cloud-

Matcher for end-to-end matching tasks on two domain science projects at UW-Madison and

11 other projects at enterprise customers. Next, I provide the evaluation results of Cloud-

Matcher when applied to Web data by data science students at UW-Madison. Then, I pro-

vide a comparison of CloudMatcher with two existing EM systems. Finally, I discuss the

lessons learned.

The evaluation of CloudMatcher system has been published at the SIGMOD’19 industrial

track [52]. In the summer of 2018, I also deployed the system at American Family Insurance

and worked with real-world users on performing various tasks in the EM space [13].

3. Developing Atomic Services for EM: The initial solution of CloudMatcher deployed a

single end-to-end EM workflow. As we interacted with real users, we observed that many

users want to flexibly customize and experiment with different EM workflows. For example,

a user may already know a blocking rule, so he or she wants to skip the step of learning such
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rules. Yet another user may want to use CloudMatcher just to label tuple pairs, etc. In this

part of my dissertation work, I show that breaking the workflow into a set of basic services

then implementing those benefits many domain scientists and EM users.

I developed a solution where the users can mix and match the basic services and compose

them to flexibly build more EM workflows. The implementation was highly challenging

as one of the design decisions was to make sure that the system is not only modular and

extensible but at the same time allows easy plug-in and plug-out of different components,

can add/remove basic services, etc. This feature of CloudMatcher was published at the

VLDB’18 demonstration track [53].

For this part of my dissertation work, I also worked with the Columbus team [21] to de-

sign and develop a solution where these individual services can be hosted on a system like

Columbus as an application and can be used to mix and match with other applications or

packages outside CloudMatcher.

4. Scaling Up Blocking Rule Execution: In the final part of my dissertation work, I focus on

scaling up the blocking rule execution for the entity matching task. Given two tables A and

B and a sequence of blocking rules R, the goal is to apply the rule sequence R to two tables

A and B, producing a set of tuple pairs C ⊆ A x B to be matched in the matching stage. In

practice, the two tables A and B can be large and applying R in a naive way to all pairs in

A x B is clearly impractical. This process consumes by far the most of machine time and

raises scalability challenges.

Some of the previous work such as Falcon addresses the scaling problem by providing a

Hadoop-based solution. However, these solutions have the following limitations. First, they

have worked with data up to 2-3M tuples and haven’t gone beyond that to study scalability

challenges. Second, these systems provide Hadoop-based implementations which are not

the state of the art solutions as many enterprise customers use Spark and have their data

stored in some NoSQL databases such as MongoDB. Finally, the previous solutions don’t
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provide much control (knobs) to the end-user that they can trade-off between job runtime

and accuracy.

In this work, I design a Spark-based solution and show how the execution of blocking rules

scale to tables with 10M tuples or more. Then, I develop a solution called rule executor us-

ing Spark and MongoDB. Next, I highlight the challenges and issues seen in the rule executor

after the initial evaluation and propose solutions to the issues. Finally, I examine the scaling

behavior of the solution and the effectiveness of the solution.

1.4 Related Work

Numerous EM solutions have been developed (see [47, 29, 43] for surveys and books). These

solutions are limited in that they often require a developer in the loop. Two recent works [50, 37]

propose hands-off EM, which a lay user can perform without involving a developer. Cloud-

Matcher leverages these works to build an end-to-end industrial-strength cloud/crowd EM service.

This raises many novel challenges. CloudMatcher is the first academic work to build such a ser-

vice, as far as we know. In industry, we know of only one other similar work, Dedupe [7], which

is a cloud-based EM service to match tuples within a single table. Dedupe, however, uses only

simple types of blockers and requires the user to label tuple pairs using active learning. In contrast,

CloudMatcher can employ crowdsourcing to label the pairs (CloudMatcher also supports the

user mode). As far as we can tell, CloudMatcher is the first cloud-based EM service that provides

support for crowdsourcing. It is also not clear from the public documentation whether Dedupe can

scale to many concurrent users and large tables.

Entity Matching: Entity Matching (EM) has received enormous attention in the past few decades

[29, 47, 43, 66, 74, 30]. Prior works have addressed various EM scenarios such as matching tuples

across two tables [50], matching tuples within a single table [47], matching into a knowledge

base [49], matching XML data [93], etc. In literature the vast body of work in EM falls roughly

into three groups: algorithmic, human-centric, and system. Most EM works develop algorithmic

solutions for blocking and matching, exploiting rules, learning, clustering, crowdsourcing, external
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data, etc. [29, 47, 43]. The focus is on improving accuracy, minimizing runtime, and minimizing

cost (e.g., crowdsourcing fee), among others [78, 47].

A smaller but growing body of EM work (e.g., those at HILDA workshops) studies human-

centric challenges, such as crowdsourcing, effective user interaction, and user behavior during the

EM process [24].

The third group of EM work develops EM systems. Recent work Magellan talks about 18 non-

commercial systems (e.g., D-Dupe, DuDe, Febrl, Dedoop, Nadeef) and 15 commercial ones (e.g.,

Tamr [88], Informatica, Data Ladder, IBM InfoSphere) [65, 77] but most of them are stand-alone

monoliths. Magellan discusses their limitations and builds an ecosystem of EM tools targeting

power users. CloudMatcher considers matching tuples across two tables which is a very common

setting in practice and builds a cloud service to do EM. The system targets a wide spectrum of

users and is envisioned to be fast, easy-to-use and a scalable platform to do EM on cloud.

Related Work in Data Integration: The field of data integration (DI), which subsumes EM, has

had a long history [43, 12, 69, 44]. It developed a range of DI system architectures in the 90s and

00s: global-as-view (GAV), local-as-view (LAV), GLAV, peer-to-peer, best-effort, data space, etc.

[43]. Prominent DI system projects at that time include Garlic, Tsimmis, and Information Manifold

[85, 27, 70], and prominent recent commercial efforts include Tamr and Trifacta [88, 56].

Crowdsourcing for EM: Crowdsourced EM has received increasing attention in academia [72,

91, 92, 94, 42] and industry (e.g., CrowdFlower [6], CrowdComputing, SamaSource [19] etc.).

Most of the works employ crowd to verify the predicted matches [91, 92, 42, 94]. Recent works

Corleone [50] and Falcon [37] consider learning blockers and matchers using crowdsourcing.

CloudMatcher builds on Falcon to deploy it as a service in the cloud. As far as we can tell,

CloudMatcher is the first hands-off EM service on the cloud.

Cloud-Based EM: In the recent years, cloud-based analytics has become popular [55, 58]. How-

ever, very limited work has addressed building an EM service in the cloud. A recent effort, Dedupe

[7], is a cloud-based EM service to match tuples within a single table. Specifically, it learns a

matcher using active learning, then using the labeled data it learns a blocker. However, Dedupe
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uses only simple types of blockers and requires the user to label the tuple pairs selected using active

learning. In contrast, CloudMatcher can employ crowdsourcing to label the pairs (CloudMatcher

also supports user mode). As far as we can tell, CloudMatcher is the first cloud-based EM service

providing support for crowdsourcing.

Building EM Systems and EM in Industry: The vast majority of work on EM has focused on

developing EM algorithms (e.g., for blocking and matching steps), trying to improve their accuracy

and minimizing their runtime [29, 47]. In the past few years, however, there has been effort towards

building EM systems in academia [65, 34, 28] and industry [87]. Magellan [65] develops an end-

to-end EM system built on the top of Python data ecosystem. It clearly distinguishes between

the development and production stages, and provides tools to help users perform EM end to end.

CloudMatcher leverages these tools to build a cloud-based service.

Recently, there has also been efforts towards building open-source ecosystems for data inte-

gration. A recent effort, BigGorilla [4], is an open-source data integration and data preparation

ecosystem built on the top of Python data ecosystem, to enable data scientists to perform integra-

tion and analysis of data. We believe that such ecosystems can benefit from the services developed

by CloudMatcher.

There has been relatively little published about EM in industry [60, 35, 49, 87]. [60] matches

unstructured product offers to structured product records using a probabilistic approach, and [49]

links tweets into a knowledge base.

Scaling EM: Most works of scaling EM focus on efficiently executing the blocking step. Prior

works have addressed scaling specific blocking approaches such as sorted neighborhood blocking

[64], key-based blocking [32], meta blocking [45], and so on.

Some of the previous work such as [32] discusses speeding up the data deduplication step by

leveraging parallelism in a shared-nothing computing environment. A more recent survey [31]

provides an end-to-end view of EM workflows for big data entities and discusses the pros and cons

of existing EM methods.
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Recent work in database theory community has also explored how to obtain speedups in entity

matching related problems. [40, 39] studied how to build efficient data structures that allow set in-

tersection queries, a fundamental primitive for entity matching, and how to execute them efficiently

in practice. [41] extended the problem setting to enumerating set pairs in ranked fashion where the

ranking function has a special structure. This is useful in scenarios where the user wishes to enu-

merate k-top ranked set pairs but the value of k is not known apriori (i.e the algorithm is output

sensitive).

A recent work, Falcon [37], considers more general blocking rules (each being a Boolean

expression of predicates) and develops a MapReduce solution to efficiently execute such rules

over two tables. CloudMatcher deploys the Falcon solution in the cloud.

Novel User Interfaces for Crowd Workers: Prior works have addressed designing novel user

interfaces for crowd workers [95, 91, 59]. For example, [91] clusters the tuples into groups, shows

the workers a group of tuples and asks them to find all duplicate tuples in the group, rather than

asking the workers to label tuple pairs as match/non-match. These works are complementary to

ours and CloudMatcher can benefit from them.

Data Profiling, Exploration, and Cleaning: Numerous works have addressed data profiling

and exploration [23, 56, 83]. Based on our experiences with CloudMatcher, we observe that

users often need to profile and explore the data during an EM task. For example, a user may

profile the input tables to identify the various matching definitions, so that he/she can provide better

instructions to the crowd workers. However, most current works on data profiling and exploration

do not provide tools specific for EM tasks. Hence, we believe that there needs to be more effort

towards developing profiling and data exploration capabilities specific for EM tasks.

Data cleaning has received enormous attention [33, 48, 68, 61, 56, 54, 84]. Many works address

EM as a part of the data cleaning workflow [54, 48]. Based on our experiences with CloudMatcher

we believe that there needs to be more effort towards data cleaning solutions specific for EM tasks.



11

1.5 Roadmap

The rest of this document is as follows. I describe the design and development of Cloud-

Matcher, our cloud-based multi-tenant EM solution, in Chapter 2. After that, I provide the real-

world evaluation of CloudMatcher, comparison with existing EM systems, and discussion on the

lessons learned in Chapter 3. In Chapter 4, I discuss how the EM workflow can be broken into a

set of atomic services and its use cases. Then, in Chapter 5, I discuss the problem of scaling up the

execution of blocking rules and propose a Spark-based solution. Finally, in Chapter 6, I conclude

and discuss future work.
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Chapter 2

Developing Cloud Based Multi-Tenant EM Solution

In this chapter, we first describe the systems Corleone and Falcon. Corleone performs EM

end to end, using only crowdsourcing (Section 2.1.1). We then describe Falcon, which uses a

cluster of machines to scale up Corleone to tables of millions of tuples (Section 2.1.2).

We then describe CloudMatcher, which implements Falcon as a cloud service. It turns out

that doing so raises challenges in terms of effective user interaction, fault tolerance, crash recovery,

and scalability (to hundreds or thousands of EM tasks that users may submit at any time). In this

chapter we will describe these challenges in detail, then describe our solutions (Section 2.2).

2.1 Background: The Corleone & Falcon Systems

We now describe previous works Corleone and Falcon, which form the basis for the Cloud-

Matcher cloud/crowd EM service.

2.1.1 The Corleone System

Corleone was motivated by the fact that while recent crowdsourced EM works are promising,

they are limited in that they crowdsource only parts of the EM workflow, requiring a developer

who knows how to code and match to execute the remaining parts. For example, several recent

solutions require a developer to write heuristic rules, called blocking rules, to reduce the number

of candidate pairs to be matched, then train and apply a matcher to the remaining pairs to predict

matches. The developer must know how to code (e.g., to write rules in Python) and match entities

(e.g., to select learning models and features).
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Figure 2.1: The EM workflow of Corleone.

As such, it is very difficult for an organization to concurrently deploy multiple crowdsourced

EM solutions, because crowdsourcing each still requires a developer and there are simply not

enough developers. To address this problem, Corleone [50] crowdsources the entire EM work-

flow, thus requiring no developers. For example, in the blocking step, instead of asking a developer

to come up with blocking rules, Corleone asks a crowd to label certain tuple pairs as matched/no-

matched, uses these pairs to learn a classifier, then extracts blocking rules from the classifier (as

we will explain soon). Other steps in the EM workflow also heavily use crowdsourcing, but no

developers. Thus, Corleone is said to perform hands-off crowdsourcing for entity matching.

Specifically, given two tables A and B, Corleone applies the EM workflow in Figure 2.1 to

find all tuple pairs (a ∈ A, b ∈ B) that match. This workflow consists of four main modules:

Blocker, Matcher, Accuracy Estimator, and Difficult Pairs’ Locator.

The Blocker generates and applies blocking rules to A× B to remove obviously non-matched

pairs (Figure 2.2.b shows two such rules). Since A × B is often very large, considering all tuple

pairs in it is impractical. So blocking is used to drastically reduce the number of pairs that subse-

quent modules must consider. The Matcher uses active learning to train a random forest classifier,

then applies it to the surviving pairs to predict matches. The Accuracy Estimator computes the ac-

curacy of the Matcher. The Difficult Pairs’ Locator finds pairs that most likely the current Matcher

has matched incorrectly. The Matcher then learns a better random forest to match these pairs, and

so on, until the estimated matching accuracy no longer improves.
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Corleone is distinguished in that the above four modules use no developers, only crowdsourc-

ing. For example, to perform blocking, most current works would require a developer to examine

Tables A and B to come up with heuristic blocking rules (e.g., “If prices differ by at least $20,

then two products do not match”), code the rules (e.g., in Python), then execute them over A and

B. In contrast, the Blocker in Corleone uses crowdsourcing to learn such blocking rules (in a

machine-readable format), then automatically executes those rules. Similarly, the remaining three

modules also heavily use crowdsourcing but no developers.

Corleone can also be run in many different ways, giving rise to many different EM workflows.

The default is to run multiple iterations until the estimated accuracy no longer improves. But the

user may also decide to just run until a budget (e.g., $300) has been exhausted, or to run just one

iteration, or just the Blocker and Matcher, or just the Matcher if the two tables are relatively small,

making blocking unnecessary, etc.

2.1.2 The Falcon System

As described, Corleone is highly promising. But it suffers from a major limitation: it executes

mostly a single-machine in-memory EM workflow, and thus does not scale at all to tables of mod-

erate and large sizes. For example, using Corleone to match tables of 50K-200K tuples would

take weeks, rendering the system impractical.

To address this problem, Falcon scales up Corleone to tables of millions of tuples. To do

so, it introduces three key ideas. First, it defines basic operators and uses them to model the EM

workflow of Corleone as a directed acyclic graph (DAG). Next, it scales up the operators, using

MapReduce if necessary. Finally, it optimizes within and across operators.

In what follows we discuss these ideas, but only to the extent necessary for the purpose of this

chapter (see [37] for a complete description of Falcon).
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Figure 2.2: (a) A decision tree learned by Corleone and (b) blocking rules extracted from the tree.

2.1.2.1 The EM Workflow Considered by Falcon

Currently, Falcon considers only EM workflows that consist of the Blocker followed by the

Matcher, or just the Matcher. We now describe the Blocker and the Matcher, focusing only on the

aspects necessary to understand Falcon.

The Blocker: The key idea underlying this module is to use crowdsourced active learning to

learn a random forest based matcher (i.e., binary classifier) M , then extract certain paths of M as

blocking rules.

Specifically, learning on A×B is impractical because it is often too large. So this module first

takes a small sample of tuple pairs S from A × B (without materializing the entire A × B), then

uses S to learn matcher M .

To learn, the module first asks the user to supply two positive examples (i.e., two tuple pairs

labeled matched) and two negative examples (i.e., two tuple pairs labeled non-matched). Next, it

uses these “seed” examples to train an initial random forest matcher M , uses M to select a set

of controversial tuple pairs from sample S, then asks the crowd to label these pairs as matched /

no-matched. In the second iteration, the module uses these labeled pairs to re-train M , uses M to

select a new set of tuple pairs from S, and so on, until a stopping criterion has been reached.

At this point the module returns a final matcher M , which is a random forest classifier con-

sisting of a set of decision trees. Each tree when applied to a tuple pair will predict if it matches,

e.g., the tree in Figure 2.2.a predicts that two book tuples match only if their ISBNs match and the

number of pages match. Given a tuple pair p, matcher M applies all of its decision trees to p, then

combines their predictions to obtain a final prediction for p.
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Figure 2.3: The EM workflow of Falcon as a DAG of basic operators.

Next, the module extracts all tree branches that lead from the root of a decision tree to a “No”

leaf as candidate blocking rules. Figure 2.2.b shows two such rules extracted from the tree in

Figure 2.2.a. The first rule states that if two books do not agree on ISBNs, then they do not match.

Next, for each extracted blocking rule r, the module computes its precision. The basic idea is

to take a sample T from S, use the crowd to label pairs in T as matched / no-matched, then use

these labeled pairs to estimate the precision of rule r. To minimize crowdsourcing cost and time,

T is constructed (and expanded) incrementally in multiple iterations, only as many iterations as

necessary to estimate the precision of r with a high confidence (see [50]).

Finally, the Blocker applies a subset of high-precision blocking rules to A × B to remove

obviously non-matched pairs. The output is a set of candidate tuple pairs C to be passed to the

Matcher.

The Matcher: This module applies crowdsourced active learning on C to learn a new matcher

N , in the same way that the Blocker learns matcher M on sample S. The module then applies N

to match the pairs in C.

2.1.2.2 Modeling the EM Workflow as a DAG of Basic Operators

As described, the workflow of Falcon can be modeled as a DAG of basic operators as shown in

Figure 2.3. In this DAG, given two tables A and B to be matched, the first step is to take a sample
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S of tuple pairs. Next, use the schemas of A and B to automatically generate a set of features (not

shown in the figure), then use these features to convert each tuple pair in S into a feature vector,

thereby converting S into a set of feature vectors S ′.

Next, perform active learning with the crowd1 over S ′ to learn a matcher M , then extract a set

of blocking rules R from M . Then use the crowd to evaluate these rules and select a sequence of

rules F judged to be optimal (see [50]). Next, execute F over the tables A and B. This produces a

set of candidate tuple pairs C.

At this point, the blocking step ends, and the matching step begins. First, convert each tuple

pair in C into a feature vector, thereby converting C into a set of feature vectors C ′. Then perform

active learning (again) with the crowd to learn a matcher N . Finally, we apply N to the feature

vectors in C ′ to predict matches.

The above workflow uses eight basic operators. As described, these operators involve com-

plex rules, crowdsourcing, and machine learning, and can be used to compose a variety of EM

workflows (see [37]).

It is important to note that Falcon has developed efficient implementations for these operators

(using MapReduce where necessary), and has also developed techniques to optimize within and

across operators. We omit further details here for space reasons (see [37]).

2.2 The CloudMatcher Service

We are now in a position to discuss CloudMatcher, the cloud/crowd service that we have been

building. In what follows we discuss the motivations, goals, and then the CloudMatchersolution.

2.2.1 Motivations and Goals

Our initial goal was to to provide EM services to hundreds of domain scientists at UW-Madison

and affiliated institutions. Domain scientists often do not know how to, or are reluctant to, deploy

EM systems locally (such systems often require a Hadoop cluster, as discussed earlier). So we

1We omit the step of asking the user to supply “seed” examples to avoid making the figure too cluttered.
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Figure 2.4: CloudMatcher as a cloud/crowd EM service.

want to provide such EM services on the cloud, supported in the backend by a cluster of machines

maintained by our group.

During any week, we may have tens of submitted EM tasks running. Many of these tasks

require blocking, but the users do not know how to write blocking rules (which often involve string

similarity functions, e.g., edit distance, Jaccard, TF/IDF), and we simply cannot afford to ask our

busy developers to assist the users in all of these tasks.

Thus, we planned to deploy the hands-off solution of Corleone. A user can just submit the two

tables to be matched on a Web page and specify the crowdsourcing budget. We will run Corleone

internally, which uses the crowd to match. As described, Corleone seems perfect for our situation.

Unfortunately, it executes mostly a single-machine in-memory EM workflow, and does not scale at

all to tables of moderate and large sizes. So we will use Falcon, which scales to tables of millions

of tuples. In particular, we will execute the EM workflow of Falcon described in Figure 2.3.

It is important to note that if users do not want to engage the crowd, they can label the tuple

pairs themselves. This in effect provides a self-service EM for the users. Most users we have

talked to, however, prefer if possible (e.g., if the data is not sensitive or too difficult for the crowd

to match) to just pay a few hundred crowdsourcing dollars to obtain the result in 1-2 days. Figure

2.4 illustrates both the crowdsourcing and the self-service options discussed above.

Our goals for CloudMatcher are as follows:
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• Efficient resource consumption: Use minimal machine and crowd resources to perform

EM tasks.

• Fault tolerance: If a machine or process crashes, can recover and continue gracefully.

• Crash recovery: Executing an EM task can take hours (or days if crowdsourcing is in-

volved). As a result, crash recovery is critical. Specifically, if CloudMatcher crashes in

the middle of an EM task, when resumed, it should continue where it crashed, instead of

restarting the task from scratch.

• Scaling: CloudMatcher should scale, both for a single EM task and for multiple EM tasks.

That is, a single EM task should execute as fast as possible, and the system should be able

to handle hundreds or thousands of EM tasks concurrently, without being slow on anyone of

them.

• Optimization: In order to scale, ideally the system must be such that there are multiple

opportunities for optimization, and the system can make use of these opportunities.

• Efficient management of heterogeneous execution environments: When executing an

EM workflow, each step in the workflow may require its own execution environment. For

example, one step is to be executed in Python on a single machine, whereas another step

requires Java over a Hadoop cluster. CloudMatcher should be able to handle a broad range

of such heterogeneous environments.

• Smooth user experience: The user should have a very smooth experience with the system.

The GUI must be intuitive and requires very little guessing to work with. The system latency

should be at interactive speed, i.e., it should not take more than a few seconds to respond

to the user. If the user works in a browser, then stops the work (say for lunch), or close the

browser and open another one in the same or another machine, then the user should be able

to seamlessly continue working.
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• Progress report: The system should tell the user where it is in the EM process and give

estimations on how much longer it will take to complete certain tasks.

• Visualization: The system should provide as much visual information to the user as possi-

ble, especially in terms of its progress.

The above set of goals makes it clear that developing CloudMatcher is not a simple matter of

deploying Falcon. For example, Falcon focuses on techniques to scale up a single EM workflow.

It does not focus on goals such as fault tolerance, crash recovery, smooth user experience, etc.

2.2.2 Limitations of Current Solutions

To implement CloudMatcher, the simplest solution is to convert each submitted EM task into

a Falcon DAG, as shown in Figure 2.3, then execute the DAG using a workflow management

system (WMS) such as Luigi, Airflow, or Pinball. Many such WMSs have been developed. In

theory, they can guarantee certain kinds of fault tolerance and crash recovery. For example, the

WMS can write the output of each node in the DAG to disk, and thus can guarantee that in the

case of a crash, DAG execution does not have to restart from scratch. In addition, such WMSs can

easily handle multiple Falcon DAGs being run concurrently, as is common in cloud settings.

There are however two major problems with the Falcon DAG. First, the DAG’s granularity is

too coarse, rendering it not effective for crash recovery, optimization, and best usage of resources.

Specifically, some of the steps in this DAG can take a very long time, and currently there is no

easy way to save their partial results for crash recovery. Consider for example a step that performs

active learning with the crowd to learn a matcher. This step can perform up to 30 iterations of

active learning, and can take hours or days (if the crowd is slow). Ideally, we should be able to

save the output of each iteration, so that in the case of a crash, we can resume at the crashed

iteration. However, since currently the entire step is modeled as a single node in the Falcon DAG,

it is difficult for us to perform such partial saving. Also, coarse steps make it difficult to optimize

within and among the steps.
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Figure 2.5: The CloudMatcher architecture

Another problem is that some of the steps in the Falcon DAG involve user interaction. For

example, before we can start the first active learning process (on sample S ′), we need to ask the

user to supply at least two positive examples and two negative examples. (This step is not shown

in Figure 2.3, to avoid making the figure too cluttered.) Machine-wise this step does not take long

to execute. But it involves asking for an input from the user, and this can often cause a problem.

The user may stop in the middle, go to lunch, have a phone call, etc., in which case this step

will be left “hanging”, waiting for the user to get back. If not implemented carefully, this step

will continue to “hog” resources until the user responds. The same problem arises for any step

involving crowdsourcing.

Note that this second problem is relatively new, because the current workflow management

systems (e.g., Luigi, Airflow, etc.) typically are designed to execute DAGs that can be run in batch

mode. They are not designed for efficiently executing DAGs that can involve user interaction in

the middle. In theory, they can still be used to execute such DAGs, but it will typically result in

inefficient use of resources (as the executor waits for the user to get back from lunch, say) and can

negatively affect many other DAGs that are being concurrently executed.
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2.2.3 Key Ideas of the CloudMatcher Solution

To address the above limitations, in CloudMatcher we employ the following key ideas:

• We convert the Falcon DAG into an EM workflow at a much finer granularity, to maximize

the opportunities for crash recovery, optimization, and efficient resource usage. The new EM

workflow is not a DAG, as it involves loops (in addition to conditionals).

• For the new CloudMatcher EM workflow, we clearly define tasks (i.e., nodes of the work-

flow graph) that are interactive (i.e., interacting with a user or a crowd to request some

input).

• We partition the CloudMatcher workflow into “pieces” such that each piece is either an

interactive task or a workflow fragment that can be executed entirely in batch mode.

• We define three kinds of execution engines: user interaction (UI) engine, crowd engine, and

batch engine. The UI engine is designed to execute interactive tasks efficiently, and similarly

the crowd engine is designed for executing tasks that require crowdsourcing. Finally, the

batch engine is designed for executing batch-mode workflow fragments.

• We use a meta-manager to execute the entire CloudMatcher workflow, by executing each

piece of the workflow using the appropriate execution engine.

• Finally, we divide the responsibilities for managing fault tolerance and crash recovery ap-

propriately among the meta-manager and the execution engines.

Putting these ideas together produces the CloudMatcher architecture shown in Figure 2.5. In

this figure, the Web app module is responsible for authentication, account creation, and process-

ing GET/POST requests from users. Given a submitted EM task, the meta-manager converts it

into an EM workflow, then partitions the workflow into pieces, where each piece is interactive

or batch by nature, as described earlier. The meta-manager then executes these pieces using the

appropriate execution engines. The meta-manager and the execution engines will coordinate the

management of fault tolerance and crash recovery, using the meta-data store (which records for
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example which nodes in which graph fragments have been executed) and the data store (which

stores the input/output and intermediate data for the workflow nodes).

We now elaborate on the most important aspects of the above solution architecture.

2.2.4 The EM Workflow of CloudMatcher

Recall that we want to break each long-running step in the Falcon DAG into many much

smaller steps, whenever possible, and isolate all “points” in the Falcon DAG where we need user

interaction, then make those “points” into their own steps.

Figure 2.6 shows the resulting workflow for CloudMatcher. This workflow is quite long and

consists of three parts: Part (a) followed by Part (b) followed by Part (c). We now briefly describe

this workflow, and contrast it to the Falcon one.

• The very first task in the CloudMatcher workflow is “Create job” (see Figure 2.6.a). In this

task, the user goes to the CloudMatcher Web page, creates a job (whose goal is to match

two tables), and supplies some job related information (e.g., contact email). Next, the user

uploads the first table, Table A. The system then profiles this table, e.g., counting the total

number of tuples in the table and showing that to the user (to confirm that the table has indeed

been uploaded and everything appears to be in order). See the next two tasks on the figure.

These two tasks will be repeated one more time for Table B (the number “2x” on the arrow

from “Profile table” back to “Upload table” indicates the maximal number of iterations for

this loop).

• The first two tasks, “Create job” and “Upload a table”, are interactive, in that they must

interact with the user to obtain information. As discussed earlier, we “isolate” such inter-

actions into their own tasks. On the figure, we show such tasks either with a small human

figure or inside a dotted box with a small human figure. The third task, “Profile table”, is not

interactive. We refer to such tasks as batch tasks, as they can be executed in batch mode.

• The next task, “Check data/schema constraints”, verifies certain integrity constraints, e.g.,

trying to identify a key column, and if none found, then create a key column for the table.
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The subsequent tasks on Figure 2.6.a obtain a sample S of tuple pairs, convert S into a set

of feature vectors G, and obtain at least two positive examples and two negative examples

from the user. We omit further details for space reasons.

• Once the workflow fragment on Figure 2.6.a ends, we continue with the workflow fragment

on Figure 2.6.b. Here, we first convert the two positive and two negative examples (called

“seeds”) into feature vectors, then start the active learning process. Notice that this active

learning process was earlier just a single task in the Falcon workflow. Here it has been

broken into a loop of four tasks: “Train classifier”, “Check stopping condition”, “Select

batch of tuple pairs”, and “Label batch”. We repeat this loop up to 30 times. Notice also

that the first three tasks of this loop are batch task, whereas the last one (“Label batch”) is an

interactive task.

• Once the active learning finishes, we obtain a matcher M , from which we obtain a set of

candidate blocking rules, then evaluate the rules and so on. We omit further description of

the rest of the tasks in Figure 2.6.b, as well as the tasks in Figure 2.6.c (as they are similar to

those in Figure 2.6.b).

Compared to the Falcon DAG, the CloudMatcher workflow is different in the following aspects.

First, it is at a much finer granularity, with all long-running tasks being broken down into as many

smaller tasks as possible. Second, the workflow is no longer a DAG. It now has loops (in addition

to conditionals). Finally, the workflow is a combination of interactive tasks and batch tasks.

2.2.5 Partitioning the EM Workflow

Given an EM workflow as described above, the meta-manager of CloudMatcher partitions it

into workflow fragments, such that each fragment is strictly interactive or batch by nature. Figure

2.7 shows how the first part of the CloudMatcher workflow (which is the part shown in Figure

2.6.a) is partitioned into eight interactive fragments (each of which is in yellow) and six batch

fragments (in blue). The uppermost batch fragment, for example, consists of three tasks: “Gen

feature funcs”, “Gen sample pairs”, and “Gen feature vecs”.
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2.2.6 Executing the Workflow Fragments

After partitioning, the meta-manager executes the workflow fragments, each in the appropriate

execution engine. Specifically, each batch fragment will be executed using the batch engine, which

uses a well-known current workflow management system, such as Luigi, Airflow, or Pinball. If an

interactive workflow fragment does not require crowdsourcing, then it only needs to interact with

a single user to request some input. In this case, we execute the fragment using the user interaction

(UI) engine. Otherwise, we execute the fragment using the crowd engine.

The meta-manager uses the metadata store and the data store to coordinate the execution of

the various workflow fragments, and to handle fault tolerance and crash recovery. We omit further

details for space reasons.

2.2.7 The User Interaction/Crowd Engines

Finally, we describe the working of the UI engine and the crowd engine. Consider executing

an UI task E. The UI engine starts by sending a request for the user to do an action (e.g., providing

the name of the job to be created and a contact email address) to the user’s Web browser (via the

Web app). At some point, after the user has filled out the requested information, he or she will click

the submit button, which sends a request to the Web app, which in turn contacts the UI engine.

The engine then processes the information from the user. If this information is complete, then

the engine indicates to the meta-manager that this UI task E has been completed. Otherwise, if the

information is incomplete (e.g., only the job name is provided, the requested email address is still

missing), then the UI engine sends another request (for email address) to the user’s Web browser,

and so on.

As described, the UI engine does not run a process that is dedicatedly trying to interact with

the user. Instead, it operates in a “transactional” mode, in which it sends a request to the user, then

“goes do something else”, and returns only when the user has sent in something. This transactional

mode is desired because we simply do not know how long it would take for the user to process

the request (he or she may stop for lunch in the middle, etc.), and hence we do not want to run a

dedicated process to wait on the user.
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If the task is not UI, but instead requires crowdsourcing, then the situation is a bit more in-

volved. Suppose the task is to label 20 examples (for active learning). To execute, the crowd

engine will send these 20 examples to a crowdsourcing platform, say Amazon’s Mechanical Turk

(AMT), for labeling. The problem is that AMT does not get back to the crowd engine (i.e., there

is nothing that is equivalent to “a user clicking the submit button” in the AMT case). So the crowd

engine needs to “ping” AMT at regular intervals to check on the progress of the labeling task.
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Figure 2.6: A refinement of the Falcon DAG, to create the workflow for CloudMatcher. The re-
sulting workflow consists of three parts, as shown in (a)-(c).

Figure 2.7: A partitioning of the first part of the CloudMatcher workflow into interactive and batch
fragments.
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Chapter 3

Real-World Evaluation of CloudMatcher & Lessons Learned

In this chapter, we present the evaluation of CloudMatcher. Evaluation of such a system can

be difficult with real-world data and users. To address this challenge, we evaluate CloudMatcher

in a few different ways. First, we deploy the system for domain scientists at UW-Madison and help

them do EM tasks. Then, we extend the system to be used at several organizations such as Johnson

Control, American Family Insurance, etc. We report the results obtained by CloudMatcher on

real-world EM scenarios and our experience working with real-world data and users. Second, we

use the system at a data-science class at UW-Madison and evaluate the system for many real-world

EM scenarios on the Web data with the help of 70 students. Third, we compare CloudMatcher

with three other existing EM systems and discuss our findings. We then focus on the blocking

component of the system as we believe that: (i), it is an important piece that takes a lot of machine

time and aims for high recall, (ii) the matching step reuses most of the components we use during

the blocking step (for example, the feature generation, extracting feature vectors, and the active

learning step). We do the evaluation on the datasets we have gold so that we can compute the

recall and make sure the system is working as expected. Finally, we discuss the lessons learned in

developing and evaluating such a system. Some of the scaling experiments for CloudMatcher are

discussed here [82].

3.1 Deployment

We now describe the typical deployment of CloudMatcher at UW-Madison and several other

organizations. Specifically, we deploy CloudMatcher on a 4-node Amazon EMR cluster, where
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Figure 3.1: Typical Cluster Setup for CloudMatcher

each node has a 4-core Intel Xeon E5-2686 2.30 GHz processor and 16GB of RAM. To ease

the deployment step, we make use of docker containers [10], custom bootstrapping script, and

terraform [20]. We have completely automated the deployment process and it takes no more than

15-20 minutes to get the end-to-end system running on the cluster. In addition, our deployment is

totally infrastructure agnostic and could be easily used with other cloud providers as well such as

Azure or GCP.

CloudMatcher solution also provides support for crowdsourcing and we deploy the system

with a default crowdsourcing platform i.e., Amazon Mechanical Turk. For crowdsourcing setup,

we assign each HIT (Human Intelligence Task) to three crowd workers, paying 2 cents per answer.

In each crowdsourcing run, we used common turker qualifications to avoid spammers, such as

allowing only turkers with at least 100 approved HITs and 95% approval rate. We provide default

crowd configuration for the deployment that the user can easily modify before or after the system

has been deployed.

Typical Cluster Setup for CloudMatcher In Figure 3.1, we show a typical cluster set up required

to deploy and run CloudMatcher. Recall that in Section 2.2.3, we discuss the architecture for the

system. From the architecture, we currently run most of the services on the Hadoop master node.

As we can see in Figure 3.1, the following services run on the master node: the web app, the
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Figure 3.2: The master and worker node in CloudMatcher

meta manager, celery [5] workers, checker process, Hadoop namenode, user interaction engine,

and batch/crowd engine.

Now, we will zoom into the master node and worker node of the cluster to show the different

components running in the system. We deploy the system in such a way that all the components in

the system can be easily scaled out depending on the system load. Figure 3.2 shows the components

running on the master and worker nodes respectively.

To serve many users/requests, we use Nginx [15] as the web-server, Gunicorn [11] as the

Python HTTP server and our web-app component is written using the popular Django web frame-

work [9]. We store state for the web application and the workflows/tasks in a PostgreSQL database.

We use Celery [5] as our task queue with RabbitMQ [18] as the message broker (using binary-only

AMQP message format). For portability, we run our Postgres instance and our Task Queue in

Docker containers to make our development and production environments identical. The meta-

manager is implemented using Twisted (an asynchronous event-driven engine for network appli-

cation development) [22] and we use Networkx library [14] to handle workflow graphs/DAGs. In

addition to these softwares we use a bunch of licensed Python packages from the PyData ecosystem

using the Anaconda distribution [2].
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3.2 Empirical Evaluation on Real-World Applications

From 2017 to date CloudMatcher has been successfully applied to multiple real-world EM

applications and has attracted commercial interest. It has been deployed at American Family In-

surance, a Fortune-500 company, since Summer 2018 and is being considered for production at a

large data integration company.

Data Sets: At American Family Insurance, we started by doing a proof of concept on a Phoenix

customer dataset of 300 records in each table. The idea behind this evaluation was to set up the

system with the instream and downstream applications. Then, the second dataset was to match

commercial insurance policyholders. This was again a piece of personal information (e.g., name,

dob, phone, address, etc.). These two datasets mostly helped in establishing the system and making

sure that the accuracy numbers look good to the business users before a large scale matching is

done. The third dataset matched the commercial farm/ranch policy members for all members in the

state of Phoenix. This experiment was performed as a medium scale verification of the matching

process and for all the three datasets we had gold matches from the business. The Vehicles datasets

were from NADA (National Automobile Data Association) and Price digest and the goal was to

match vehicles between the two sources. This was the hardest of all the datasets we matched as

the data was very dirty and even a human was having a hard time to label the tuple pairs. Finally,

the last dataset to match contained Drivers information along with their schedule across different

roasters.

For Johnsons Control, we used CloudMatcher to do EM tasks for three datasets. Addresses

attempts to match addresses of JCI customers. Vendors identifies the same JCI vendors across the

tables, given their names and addresses. (We will explain the dataset Vendors (no Brazil) later.)

Next, we received a dataset from UW Health which was matching UW hospital’s doctors and

staff. This was an example of deduplication where we had to find matches within a single table.

Then, we received a Person data from Informatica which was again a single table with personal

information. Next, Drugs matches drug descriptions in the Marshfield-UW research team.
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Table 3.1: Real-world deployment of CloudMatcher.

People identifies the same persons across two tables, given their names and addresses. These

tables capture political activities, e.g., signing up for a recall, donations, etc. The goal is to track

the political activities of local elected officials in Wisconsin. This dataset comes from a user at

a non-profit organization (which prefers not to disclose its identity). Finally, the last dataset was

from a domain science group at UW-Madison where we were matching funding sources between

two tables. (We do not yet have the permission to disclose EM results on matching products at

WalmartLabs.) Note for some of these real-world datasets we don’t have gold matches.

Table 3.1 summarizes CloudMatcher’s performance on 13 real-world EM tasks The first two

columns show that CloudMatcher has been used in 5 companies, 1 non-profit, and 1 domain

science group, for a variety of EM tasks. The next two columns show that CloudMatcher was

used to match tables of varying sizes, from 300 to 4.9M tuples.

Ignoring the next two columns on the accuracy, let us zoom in on the three columns under

“Cost” in Table 3.1. The first column (“Questions”) lists the number of questions CloudMatcher

had to ask, i.e., the number of tuple pairs that needed to be labeled. This number ranges from 160

to 1200 (the upper limit for the current CloudMatcher).

In the next column (“Crowd”), a cell value such as “$72” indicates that for the corresponding

EM task, CloudMatcher used crowd workers on Mechanical Turk to label tuple pairs, and it cost

$72. A cell value “-” indicates that the task did not use crowdsourcing. It used a single user instead,

typically the person who submitted the EM task, to label, and thus incurred no monetary cost.
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In the third column (“Compute”), a cell value such as “$2.33” indicates that the corresponding

EM task used AWS, which charged $2.33. A cell value such as “-” indicates that the EM task used

a local machine owned by us, and thus incurred no monetary cost.

Turning our attention to the last three columns under “Time”. The first column (“User/Crowd”)

lists the total labeling time, either by a single user or by the Mechanical Turk crowd. We can see

that when a single user labeled, it was typically quite fast, with time from 9m to 2h. When a crowd

labeled, time was from 22h to 36h (this does not mean crowd workers labeled non-stop and took

that long, it just meant Mechanical Turk took that long to finish the labeling task). These results

suggest that CloudMatcher can execute a broad range of EM tasks with very reasonable labeling

time from both users and crowd workers. The next two columns under “Time” show the machine

time and the total time.

We now zoom in on the accuracy. To compute accuracies, we took a sample of 500-1000 pairs

from the output of CloudMatcher, manually labeled them, then followed the accuracy estimation

procedure in [50] to estimate precision and recall (see Columns “Precision” and “Recall”). A value

such as “93.75-96.32” in Column “Precision” means the precision is in that range with 0.95 confi-

dence. The columns “Precision” and “Recall” show that in all cases except three, CloudMatcher

achieves high accuracy, often in the 90 percentage. The three cases of limited accuracy are “Ve-

hicles”, “Addresses”, and “Vendors”. A domain expert at American Family Insurance (AmFam)

labeled tuple pairs for “Vehicles”. But the data was so incomplete that even he was uncertain in

many cases on whether the tuple pair match. At some point he realized that he had incorrectly

labeled a set of tuple pairs, but CloudMatcher provided no way for him to “undo” the labeling,

hence the low accuracy.

For “Vendors”, it turned out that the portion of data that consists of Brazilian vendors is simply

incorrect: the vendors entered some generic addresses instead of their real addresses. For Vendors,

the recall is good (92-98%), but the precision is very low (30-38%). This dataset contains many

vendors in Brazil, and it turned out there are serious problems with their descriptions. Specif-

ically, many Brazilian vendors have the same address and the same last name but different first

name, e.g., “LUCIANA DOS SANTOS, RUA JOAO TIBIRICA - 900, VILA ANASTACIO, SAO
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PAULO, BRA, 34756800” vs “FERNANDA DOS SANTOS, RUA JOAO TIBIRICA - 900, VILA

ANASTACIO, SAO PAULO, BRA, 34756800” (note that a vendor can be a person representing a

small business, or a large company; the above two tuples represent two small businesses). Many

crowd workers declared such tuples matched. In reality, they do not. An extensive examination

reveals some problem with the Brazil data, namely, when two vendors were entered into the JCI

system, instead of entering their real addresses, often the address of the JCI office that they were

doing business with were entered. Hence two vendors with different names often end up “sharing”

the same address. As a result, even human users cannot match such vendors. Once, we removed

such vendors from the data, the accuracy significantly improved (see the row for “Vendors (no

Brazil)”). Another problem with the above dataset is that some of the tuple pairs are difficult

even for domain experts to match, e.g., “Juan Carlos Caldelas, Monterrey, MX” vs “Juan Carlos

Espinosa Mari, Monterrey, MX”.

It turned out that “Addresses” had similar dirty data problems, which explained the low recall

of 76-81%. Specifically for “Addresses”, a close examination reveals that this dataset is quite

dirty. For example, addresses often contain extra strings, such as “AS AGENT FOR 105 East 17th

St Associates 423 W 55th St, New York, NY, 10019”. This suggests data cleaning is necessary.

Further, the matching instruction for crowd workers was incomplete, so when crowd workers saw

addresses that are identical except for the “P.O. Box” numbers, they did not know if those should

be matched.

Finally, the Drugs dataset was not hard to match accuracy-wise (achieving precision of 99%

and recall of 98-99%), but was hard to manage runtime and space-wise. Specifically, different runs

of this dataset produced different blocking results, and these results vary drastically. In some cases

the size of the blocking result was quite reasonable, in the millions (of tuple pairs). But we have

also seen cases of 1-2 billions of tuple pairs. Table 3.1 shows a case in the middle, where we “only”

have 143M tuple pairs after blocking. This raises the question of what CloudMatcher should do

if blocking produces very large outputs. If left unmanaged, the blocking process can take a very

long time, consume all available memory and disk space, and stall or crash.
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3.3 Empirical Evaluation on Web Data

We now present the evaluation of CloudMatcher to do EM tasks on the web data. For this

evaluation, CloudMatcher was deployed on a 3 node Amazon EMR cluster and was made avail-

able to 23 teams of Computer Sciences students (a total of 70 students) to use in a Spring 2019

data science class at UW-Madison. The idea behind this evaluation was three-fold. First, we would

see the performance of CloudMatcher on real-world web data in terms of accuracy and runtime.

Secondly, we will have real-world users simultaneously using the system and running concurrent

EM workflows. This will test the scalability aspect of the system and the underlying infrastructure.

Third, we will collect logging information about user actions that will help us improve the user

experience and finally, we will get feedback about the system from the user side. Data Sets: For

this evaluation, we asked the students to select two web data sources from which structured data

can be extracted by using the rule-based wrapper construction method discussed in the course-

work. These two data sources must contain information about a set of overlapping entities, such as

books, movies, cars, etc. Then each table should have at least 3000 tuples, and they should share

at least 100 persons. Then extract data from these two sources to form two tables A and B (one

from each source). The two tables should have the same schema, and each tuple in each table must

describe a single entity (all of the same type). The students identified two web data sources and

extracted the two tables to be matched. From Table 3.2, we see that across 23 teams, 7 different

domains were selected. To be specific, 3 books data from three different web sources, 15 different

datasets for movies, and then one each for computer vision field, restaurants, Cricket, Cosmetics,

and academic papers. Each table had an average of 3.9K tuples, 5-7 attributes.

The students then used CloudMatcher to do the EM task on these datasets. The students were

provided a step-by-step instruction on how to use the system, the EM service, and report accuracy

numbers. The first four columns of Table 3.2 show the teams, domains, and the sizes of the two

tables, respectively. Note, that few domains are covered multiple times e.g., ”Movies”, but the

data is extracted from different sites. Each team was asked to follow the step-by-step guide and
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Table 3.2: Experiments with CloudMatcher on Web data.

do simple steps like uploading the two tables, following the user interface, label tuple pairs as

match/non-match and download the results at the end.

20 out of 23 teams had a recall in the range of 90-100%. The EM results as seen have been

good to very good on some datasets, and not so good on some others. A close examination of

these results reveals several interesting issues. First, in the case of a few datasets, the data was

incomplete, i.e., dirty and was missing a lot of values. Second, for the “Books2” dataset run, the

students reported to be not converging to a matching definition and this made the labeling non-

uniform. As a result, the rules learned were not good and that we could see from the size of the

candidate set as well.

Other observations reported by teams were as follows. All the teams reported spending 2-5

hours, for an average of 2.5 hours (including reading the instructions and labeling samples) on the

end-to-end matching task. Along with the accuracy numbers, the teams reported non-functionality

bugs, UX improvement, and suggested data cleaning steps to be the part of the system which we

plan to implement in the near future.
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3.4 Comparison With Existing EM Systems

In this section, we compare the CloudMatcher solution with two commercial EM systems X

and Y. We do not have the permissions to disclose the name of these systems yet and hence we will

use X and Y in the rest of the description. System X uses machine learning, whereas we are not

sure of the underlying matching technology in System Y.

3.4.1 Comparison With Systems X and Y

We now compare the CloudMatcher solution with the systems X and Y. The system X is a

cloud-based EM solution that uses machine learning technology to find matching records whereas

we are not sure of the system Y. We now run the end-to-end matching task on two datasets: (i)

UW Health, and (ii) Restaurants using the default configuration for all the three EM systems. For

comparison, we currently focus on the accuracy matrix.

On the restaurant’s dataset, CM consistently achieved a precision (P) of 100% and recall (R)

of 99.10% whereas, on the system X, the numbers reported were P = 97.08% and the R = 89.28%.

The accuracy numbers on system Y were P = 100%, R = 84%. Next, we run the three systems

to do EM tasks on the UW Health dataset which was a case of deduplication. CloudMatcher

recorded a precision P = 99.66% and a recall of 99.10%. On system X the performance numbers

were P = 97.4% and recall R = 69.08% whereas on system Y the P = 100% but the R = 7.9%. For

both the datasets, we observed that CloudMatcher outperformed the systems X and Y in terms

of precision and recall. Specifically, the recall was very low for both the datasets on the system

X and Y as compared to CloudMatcher. Note that it is important to mention that all the systems

here were running in the default configuration mode and for system X and Y the processing time

was much quicker as compared to CloudMatcher. Also, we believe that we could have improved

the numbers by updating the default configurations but this would have incurred significant human

time. For the same reason, we did not try the systems X and Y on other datasets.
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3.5 Empirical Evaluation of the Blocking Component in CloudMatcher

In this section, we present the evaluation of the blocking component of the system. Our initial

goal to evaluate the blocking step on a variety of datasets was to make sure that the major com-

ponents of the system are working correctly and the overall recall is high after the blocking step.

From the end-to-end EM workflow described in Figure 2.7, we observed that the matching step in

the system reuses most of the blocking step component and if we are able to test the blocking step

thoroughly, the components in the matching step will also be tested for correctness.

Toward this goal, we started out by testing the blocking step on a variety of datasets and report

the size of the candidate set and recall of the blocking step. Now, we will describe the datasets we

used for the evaluation. We considered three different types of real-world data sets in Table 3.3,

which describe products (electronics, clothing, etc.), identity (matching person, organization or

vendors), and non-identity (for e.g., matching citations in Citeseer and DBLP). For all the datasets,

we had gold matches to compute recall.

Data Sets: Walmart-Amazon product describes electronics products and was used in the Corleone

paper. Abt-Buy also represents electronic products obtained from Abt.com and Buy.com and was

used in the DeepMatcher paper [73, 8]. Clothing 5000 and Electronics 5000 are a sample of 5000

real-world clothing and electronics data we obtained from a large organization. Amazon-Google

also represents product data from Amazon and Google and was also used in the DeepMatcher

paper.

The survey data set describes hospital and staff data obtained from domain scientists at UW-

Madison and the Person data set describes person information (name, dob, phone, address, etc.)

which was obtained from a large data integration company.

Next, for the non-identity datasets, we had Songs and three other data sets matching citations.

Songs describe songs within a single table, contain 1M tuples, and was obtained from the source

labrosa.ee.columbia.edu/millionsong. Then, we had citations in Citeseer and DBLP, DBLP and

ACM, DBLP and Google Scholar to match. Most of the datasets used here are publically made

available at [36].
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Table 3.3: Evaluating blocking step on products, identity and non-identity datasets

Table 3.3 summarizes the result of running the blocking step on 11 real-world EM tasks. The

first two columns show that the system has been used on 5 product data sets, 2 identity data sets,

and 4 non-identity data sets. The next two columns show the number of tuples in the two tables

used for matching. Then, we have two columns “Run1” and “Run2”, under which we report the

size of the candidate set and recall achieved on running the blocking step. We define “Run1”

to be the run with the default configuration of the blocking step whereas “Run2” being another

configuration that was fine-tuned for the workload. Now, we will “zoom in” to the size of the

candidate set and recall obtained for each runs.

In“Run1”, we obtained a recall of more than 90% for 8 out of 11 datasets. Specifically, for

the identity and non-identity datasets, the recall was very high i.e., more than 95% in most cases

except for the DBLP-Scholar dataset. On the other hand, the recall obtained for three product

datasets (Walmart-Amazon, Abt-buy, and Amazon-Google) was very low. It turned out that the

data for these datasets was very textual, had missing values, and the blocking rules learned in the

default configuration were very strict and were pruning away a lot of tuple pairs. We could see

that the rules were pruning away a lot of tuple pairs by looking at the size of the candidate set. For

example, for the Walmart-Amazon dataset, we had two tables with 2,554 and 22,074 tuples. With

“Run1” we obtained a candidate set of 1,786 tuple pairs and a recall of 66.11%.

To improve the recall, in “Run2”, we fine-tuned the default configuration to use less strict rules

and then we ran the blocking pipeline again for all the datasets. We were able to achieve higher

recall for all the datasets including products (i.e. recall greater than 90%) but we saw an increase in
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the size of the candidate sets. For the same Walmart-Amazon dataset, running through the “Run2”

configuration, we got a candidate set of 95,313 tuple pairs and a recall of 93.41%. As we can see

the recall was increased by 27% but the candidate set size was increased by more than a factor of

50. We observed a similar pattern for other datasets as well.

3.6 Lessons Learned

From our experience with CloudMatcher so far, we have learned a set of interesting lessons.

Some of the lessons are not so surprising. For example, users would like to have a way to estimate

accuracy (e.g., precision and recall) at the end of the EM process. This is understandable and

we plan to implement the crowdsourced accuracy estimation procedure in Corleone [50]. Other

requests include ways to store EM models, data, and results, and a dashboard to monitor the EM

process in real time. Other lessons that we have learned are more significant, as we describe below.

Debugging and Explaining: If there is some problem, such as low recall on Addresses, low

precision on Vendors, or the blocking process taking too long on Drugs, the user is often at a loss

as to why. They highly desire tools that they can use to debug or find explanations, so that they

know what they can do next to improve the EM process.

Understanding Data/Problem/Solution: This is perhaps the most important lesson we learned

from the CloudMatcher experience. It is clear that in many cases, the user starts out with a

very limited understanding of the data, the problem, and the capabilities of the solution (which is

CloudMatcher in this case). First, the user may have no idea that the data is dirty (e.g., addresses

containing extra strings), that parts of the data are simply incorrect (e.g., Brazil data in Vendors),

that parts of the data are so incomplete or ambiguous that even domain experts cannot match.

Second, the user may also think he/she knows the problem, i.e., the “match” definition, e.g.,

what it means for two tuples to match. But we have found that this is rarely the case in practice, and

it can have serious consequences. For example, the user thinks he/she knows the match definition.

So he/she will write an instruction to crowd workers based on that knowledge. Then crowd workers

run into ambiguous cases not covered by the instruction (e.g., addresses that are the same except
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P.O. Box numbers in Addresses). They do not know what to do. So some will say yes, and some

will say no. As a result, CloudMatcher learns incorrect blocking rules and matching models,

which in turn seriously degrades the quality of the EM process. Some crowd workers may ask

about such ambiguous cases in their emails. Often that is when the user realizes that the current

match definition is not complete. He/she may need to revise it, then run the EM process again,

incurring unnecessary time and expenses.

Finally, the user may have no idea what a tool such as CloudMatcher is capable of. Recall that

CloudMatcher produces precision of 94-96% and recall of 95-98% on People dataset. Suppose

the user wants to increase precision to 99%. Can he/she still use CloudMatcher? Or would it

already reach its limit and a new tool needs to be explored?

A New Way to Do EM? As a result of these observations, we do not believe practical EM can be

done in “one shot”. Instead, it appears to require multiple iterations. Each iteration is used to gain

increasingly more knowledge about the data, the problem, and the capabilities of the tools. To do

so, in each iteration we must have an arsenal of tools to help users profile, explore, and understand

these three targets. We must also have a clear methodology to guide users on how to use these

tools.

How to execute such multiple-iteration processes is an interesting question. Perhaps at the start,

a system (such as CloudMatcher) can help the user execute EM on small data samples (selecting a

variety of data samples so that the user can be exposed to all the diversity in the data, the problem,

and the tool capabilities). Subsequent iterations can operate on large samples, and then eventually

when the user has been satisfied, then a final EM process over the entirety of the data is launched.

This is an open research question. But we believe solving it is critical for successful EM in practice.

Different Solutions for Different Parts of the Data: Another important observation is that the

vast majority of current EM works treat the input data as of uniform quality, but in practice this is

rarely the case. Instead, the data commonly contains dirty data of varying degree (e.g., as in the

Addresses dataset), incorrect data (e.g., Brazil data in Vendors), and incomplete data that even

domain experts cannot match (e.g., as in the Vendors dataset). It makes no sense trying to debug
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the system, then spending more time and money to match incorrect and incomplete data. As a

result, it is important to have tools that help the user explore and understand the data (as discussed

earlier), then ways to help the user “split” the data into different parts and develop different EM

strategies for different parts.

User Needs Iteration with Crowd Workers: For crowd workers, we found that the most serious

problem is giving them clear instructions of what it means to be a match. As discussed earlier, at

the start the user often does not have a complete knowledge yet of what it means to be a match.

So he/she will give incomplete instructions to the crowd. This can have serious consequences, as

discussed in that section.

As a result, we believe the problem of how to work with the crowd to arrive at the clearest

instructions possible (as quickly as possible) is critical to enable practical crowdsourcing. Ulti-

mately, the larger challenge here is that working with a crowd is not an “one-way” street. The

user needs to be interacting with the crowd, possibly in multiple iterations, in order to perform EM

efficiently.

More Expressive UIs: For in-house users (who label the tuple pairs), we found that they do

not like the labeling UI (of seeing tuple pairs and labeling them). They find this wasteful and

inefficient. To explain, observe that most current crowdsourced EM works do not consider the time

it takes for a crowd worker to understand a tuple pair. They often focus instead on minimizing the

total number of pairs that the crowd must label (as we also do in this work).

In practice, however, there is a real cost of trying to understand a tuple. For example, in the

Drugs dataset, each drug description is a complex tuple that describes many ingredients. A domain

expert needs 5-6 seconds to understand such a drug. Suppose this expert has just labeled drug pair

(a, b), then suppose 3 minutes later he/she needs to label another pair (a, c). In this case the expert

needs to spend time trying to understand a again, i.e., recognizing that this new tuple a is the same

as the old tuple a. This wastes the expert’s time and cause resentments. A suggestion that we have

heard is to have a more expressive and efficient UI, e.g., one that shows a cluster of drugs, so that

an expert needs only to try to understand a drug once, yet can still efficiently match it with many
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other drugs. It is interesting to explore whether more expressive UIs like this can work with crowd

workers as well (e.g., on AMT), not just with in-house workers.

The Promise of Self-Service EM: The idea of just having to label a set of tuple pairs sounded

very appealing, and our customers were enthusiastic about using CloudMatcher. CloudMatcher

also seemed to perform well on a broad range of EM tasks. We concluded that self-service EM is

a great way to start the “EM journey”. If a user has only one-shot or short-term EM needs, then

perhaps it is best to start out trying CloudMatcher. If CloudMatcher already achieves the desired

accuracy, then great. Otherwise, the user can look into using PyMatcher, the more powerful

system [52].

Challenges in Data Cleaning and Labeling: Our experience also made clear that data cleaning

is critical for EM (e.g., see the “Vendors” and “Addresses” cases). It is important that we can detect

dirty data, isolate it, and then clean it, to maximize EM accuracy. But how to do so in a self-service

fashion is still unclear.

We also want to reduce the number of pairs that users must label. In the case of matching

two sets of strings (a special case of EM), we have developed Smurf, which removes the need to

label to learn blocking rules. It only needs labeling to learn a random forest-based matcher [25].

This drastically reduces the labeling effort by 43-76%, yet achieving the same accuracy. We are

currently extending Smurf to match tuples, and incorporating it into CloudMatcher.

Challenges in Developing a Monolithic System: Our biggest challenge, however, is that Cloud-

Matcher has been slowly growing into a big stand-alone monolithic EM system, exactly the kind of

system we would like to avoid building. Its code base is large (47K LOC, as discussed in Appendix

D), and its many modules are highly interdependent. We found that it is increasingly hard to un-

derstand, maintain, and extend CloudMatcher. This is exacerbated by developing it in academia,

where most students do not stay for long.

Another problem with CloudMatcher being a monolithic system is that we cannot easily use

“pieces” of it. For example, most basic services of CloudMatcher (e.g., learning blocking rules,

executing blocking rules, labeling tuple pairs, etc.) would be very helpful for both the development
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and production stages of PyMatcher. But to use any one of them, a PyMatcher user would need to

install the entire CloudMatcher, too much overhead. It is also cumbersome to quickly get data into

and out of CloudMatcher for some of these services (e.g., to move data between CloudMatcher

and PyMatcher).

The above problems are not new. They commonly arise in stand-alone monolithic systems.

But as we built and worked with CloudMatcher, we experienced them first hand. This experience

further motivated the Magellan approach of developing ecosystems of interoperable tools.

Toward Cloud-Based Interoperable Microservices: To address the above “monolithic system”

challenges, we are leveraging ideas from a recent trend in building data science systems. Specifi-

cally, many DS projects have started to adopt a microservice software approach, where the code is

decomposed into a set of microservices, which are self-contained but interoperable services, each

doing just one task [75]. Tools have been developed to easily deploy such services (e.g., Docker)

and to coordinate their execution on the cloud (e.g., Kubernetes) [57].

In short, many DS projects are moving to the cloud, and a support infrastructure is emerging

to help build “cloud native” applications, which are composed of interoperable microservices that

can be smoothly deployed, executed, and scaled out on the cloud.
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Chapter 4

Developing Atomic Services for EM

In this chapter, we present the rationale behind developing atomic services for EM and then

present scenarios where the users benefit from these atomic services. We then briefly discuss how

these individual services can be hosted on a third-party platform such as Columbus and can be

used as a component in a variety of data science workflows.

4.1 Developing an EM System for Multiple Users

Version 1.0 of CloudMatcher implemented the end-to-end Falcon EM workflow. As we in-

teracted with real users, however, we observed that many users want to flexibly customize and

experiment with different EM workflows. As a result, in Version 2.0, we solved this problem by

(a) extracting a set of basic services from the Falcon EM workflow and making them available on

CloudMatcher, and (b) allowing users to flexibly combine them to form different EM workflows,

including the original Falcon one.Figure 4.1 shows examples of services that we currently pro-

vide. Basic services include uploading a dataset, profiling a dataset, edit the metadata of a dataset,

sampling, generating features, training a classifier, etc. We have combined these basic services to

provide composite services, such as active learning, obtaining blocking rules, and Falcon (see the

bottom of the figure). For example, the user can invoke the “Get blocking rules” service to ask

CloudMatcher to suggest a set of blocking rules that he/she can use. As another example, the user

can invoke the “Falcon” service to execute the end-to-end Falcon EM workflow. These services

are listed in more detail in Table 4.1. In the later sections, we will discuss how we use some of

these individual services to do tasks in the EM space.
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Figure 4.1: The services of CloudMatcher.

List of Services in CloudMatcher Table 4.1 shows the list of services that we currently have in

the system. From the table, we see that we have extracted a bunch of basic services from the end-

to-end EM Falcon service. These services could be run individually or could be combined into a

workflow in the EM space. Currently, we combine these services using an Adhoc script but this

could be improved in the future by providing a rich Web user interface. The system is designed

in a way that allows users to add/remove services without much manual effort. In addition, the

system maintains metadata, logging, and other interesting properties for each of these individual
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Table 4.1: List of services in CloudMatcher.

services in the metadata store. We believe that this information could be used to further improve

the system, services, and user experience.
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Figure 4.2: (a) The initial three services to use before starting the matching process (b) Upload
service (c) Profiling service (d) Edit metadata service.

In the rest of the section we will show that (a) it is easy for a lay user to perform EM on

CloudMatcher, end-to-end, via interactive labeling, or by using a crowd of workers; and (b) the

user can easily customize and experiment with a wide range of EM workflows, by combining

CloudMatcher services. We will focus on the scenario of matching two tables.

4.1.1 How Lay Users Can Easily Perform EM with CloudMatcher

In this section, we show how easy it is for a lay user to perform EM using CloudMatcher.

First, the user goes to the CloudMatcher Web site. Then, as a first step, we ask the user to upload

two tables, profile them, and then edit the metadata if needed. This is shown in Figure 4.2.(a) -

(d). Once these steps are completed, we then ask the user to use the Falcon service to perform

the end-to-end matching task. This is shown in Figure 4.3.(a) - (d). In this service, the user starts

by selecting the seed pairs first as they are required to start the learning process. Next, the user
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Figure 4.3: (a) Falcon service (b) Seed selection (c) Labeling for active learning (d) Matching
results page.

interactively labels tuple pairs to perform EM. Figure 4.3.(c) shows the current labeling interface of

CloudMatcher. In particular, it shows one tuple pair that the user can label as yes/no/unsure, and

so on. Finally, after completing a few rounds of labeling, the user will get the predicted matches.

As you can notice, the user has to do simple steps to perform EM using CloudMatcher.

The user can even decide to outsource the labeling task to a crowd of workers. In that case,

the scenario will demonstrate that with crowdsourcing, performing EM on CloudMatcher is as

easy as uploading the tables, doing some pre-processing, then providing a credit card to pay for

the crowd.

4.1.2 How Lay Users Can Create and Experiment with Many EM Workflows

The above scenarios demonstrate how CloudMatcher executes the Falcon EM workflow (see

Section 2.1.2). In practice, as mentioned earlier, while many users are satisfied with executing
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Figure 4.4: CloudMatcherservices to run for scenario 1

just this workflow, many other users want to create and experiment with different EM workflows.

In this section, we will show two scenarios to demonstrate that lay users can indeed do so, by

combining the basic services of CloudMatcher in different ways.

Scenario 1: We will demonstrate a scenario in which a user wants to match two tables of restau-

rant descriptions. Earlier, to do so, CloudMatcher would have started by asking the user to label

tuple pairs so that it can learn a set of blocking rules. Here, however, suppose that the user already

knows a good blocking rule, namely, R1 = “if two restaurants disagree on the value of the city

attribute, then they will not match and hence should be blocked”. Thus, the user wants to skip the

step of learning blocking rules, and use the blocking rule R1. For this scenario, the user would run

the following two individual services shown in the Figure 4.6 one after the other.

However, just because the user thinks R1 is a good rule does not mean it is indeed a good rule.

It can be a bad rule for multiple reasons, such as many values of city are missing or misspelled.
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Figure 4.5: (a) How a user enters a blocking rule to be evaluated. (b) Evaluation result for the rule.
(c) The service to apply the blocking rules (d) Viewing the candidate set.

As a result, the user first invokes the basic service “Evaluate Blocking Rules”, and enters rule R1

(see the screen shot in Figure 4.5).(a). CloudMatcher then asks the user to interactively label a set

of tuple pairs, and uses these labeled pairs to evaluate the quality of R1. The results of evaluating

the rule are shown in Figure 4.5.(b). If R1 turns out to be a good blocking rule, then the user can

invoke the basic service “Apply blocking rules” 4.5.(c). to perform blocking using R1, view the

candidate set 4.5.(d), then invoke other basic services to learn a matcher and apply the matcher.

Thus, this EM workflow differs from the Falcon workflow in that here the user directly supplies a

blocking rule (rather than learning it, as in Falcon).

Scenario 2: To continue with the above scenario, let C be the set of tuple pairs obtained after

applying the blocking rule R1 to the two input tables. Earlier, executing the Falcon EM workflow,

CloudMatcher would have interacted with the user in an active learning fashion on C to learn
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Figure 4.6: CloudMatcherservices to run for scenario 2

a matcher M , then apply M to C. However, suppose the user does not want to perform active

learning. Rather, the user wants to take a random sample S from C, labels S using crowdsourcing,

splits S into two sets I and J , uses I to train a matcher M , applies M to J to compute preci-

sion and recall on J , then uses these numbers to estimate precision and recall on C. (The paper

[50] shows how to perform this estimation, and the Magellan EM system [65] supports such EM

workflows.) In the Figure 4.7(a) - (d), we will show how the user can invoke the basic services of

CloudMatcher to execute the above workflow in CloudMatcher.

4.2 EM Services Hosted on Columbus

While working with citizen data scientists it was learned that they typically use multiple data

environments to do EM work. For example, they start working on their laptops, desktop’s local

Python environment using the PyData ecosystem to generate or test the EM workflow. Next, they

move to AWS or similar to run the workflow at scale, and finally download the result and save it
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Figure 4.7: (a) Use of cross validation service (b) Results from the cross-validation service (c) The
service to apply the model (d) Viewing the predicted matches summary.

on S3 or Google Drive to share it with others. This is a very common practice used by many data

scientists and will continue, but this raises many important challenges such as, the scientists should

be able to move data seamlessly among the different environments, should be able to use multiple

tools from different ecosystems, should be able to work in a collaborative environment, and many

others.

In this direction, Columbus [21]: a Platform as a Service solution for data exploration, clean-

ing, and integration is being developed at the University of Wisconsin - Madison in collaboration

with many others. This initiative provides a scalable, collaborative, cloud-native and program-

ming language agnostic extension of the PyData ecosystem which is a very popular and growing

ecosystem of Python tools to do data science.
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Figure 4.8: (a) Linking a service to CDrive account (b) List of hosted services

The major component of the project is the CDrive application (which is very similar to Google

Drive) that is deployed on AWS and is private to each user. The CDrive application lets the user

download and install other apps on DockerHub to his/her account which can be invoked to perform

data science tasks. In practice, some of the apps could be private and not available for download.

In these cases, CDrive provides instructions on how you could make your app CDrive compliant

and provide it as a hosted service.

Although CloudMatcher version 2.0 extracted a set of basic services from the FalconEM

workflow and gave the flexibility to the users to combine them to form different EM workflows,

it was still limited by the use of single data environment and didn’t provided the flexibility to use

these services with other apps or packages outside CloudMatcher. In addition, we foresee that the

code base for CloudMatcher would eventually be very big making it unmanageable and difficult

to deploy/debug.

To address the above limitations, I have extracted a few important services from CloudMatcher

that can be run as individual services, can be called by using simple APIs, and are available as

hosted service on the CDrive application to do different tasks in the EM space. In addition, I

have created a template that could be used in the future to extract other individual services from

CloudMatcher or develop new services that could be hosted on CDrive. This work was done in

collaboration with another Ph.D. student Kaushik Chandrasekhar.
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Figure 4.9: (a) Uploading the data to CDrive (b) Using the RuleExecution hosted service

As a CDrive user, the bare minimum thing that you need to do is to link the individual service

as hosted service on the CDrive account as shown in Figure 4.8 (a). If the services are CDrive

compliant you will see the linking process to be successful and the list of services will appear in

the hosted services tab on your account going forward as shown in Figure 4.8 (b). The list of

services that are available as hosted apps on CDrive account currently is: data profiling, labeling,

and execution of blocking rules.

In the rest of the section, I will demonstrate how easy it is for a user to use these hosted services

and execute their EM workflow with a few demo scenarios.

Scenario 1: Consider a scenario where the data scientist wants to match two tables A and B. The

scientists use the PyMatcher system [52] to start working on the EM workflow and come up with

blocking rules. Now, when he or she starts executing the workflow it runs very slow due to the

package behavior or the system is not powerful. Then, the user may want to push the computation

on a bigger machine or to a machine cluster. This could be a time-consuming process as the user

may have to write code to achieve the desired parallelism on a cluster of machines. In addition, the

user may even have to write code to push the data to a distributed file system such as HDFS or S3.
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Figure 4.10: (a) The service (b) Input data to run the service (c) Checking the status of job (d)
View or download the results

Instead, the user can get into the CDrive account, upload the two tables A and B, and the rules

and could invoke the “RuleExecution” service as in Figure 4.9 (a) and (b). Next, the user sees the

user interface of the “RuleExecution” service. The user then clicks on the Rule Execution tab, give

the required input to run the job and click on the “Apply blocking rules” button. This submits the

job to a cluster of machines and the interface allows the user to check the status of the job. Once

the job is completed the user can view, download or debug the output. Figure 4.10 (a) - (d) shows

how this is done in practice. As you can see, the user has to do the minimal steps in order to make

progress to his EM workflow.

In another setting, the user could call the service APIs to execute the rules on a cluster of

machines.

Scenario 2: Another common scenario that we have seen is when the user wants to profile and

get an understanding of the data. The profiling steps can highlight missing values, uniqueness,

get attribute type, etc. In practice, the tables can be large and profiling could be time consuming.

Moreover, the users want to share the profiling information with other members of the team so this
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could easily take up a lot of time as they have to first put the big file on a shared file system, then

run the profiling (which could take hours), and then share the results again.

This being a common practice led us to develop the “Profiling” service that could be used with

CDrive with minimal user effort. Similar to scenario 1, the user has to upload the files to CDrive

once. Then, the user could invoke the “DataProfiler” service to profile the data and view/download

the result as you can see in Figure 4.11.

The service also allows users to get detailed statistics using the pandas-profiling package [16].
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Figure 4.11: (a) Input data to run the service (b) View or download the results
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Chapter 5

Scaling up Blocking Rule Execution

In this chapter, we will focus on scaling up the execution of blocking rules on two tables A

and B for the entity matching task. This problem is time consuming and raises major scalability

challenges.

5.1 Problem Definition

In the entity matching workflow, once the blocking design phase has been completed (as ex-

plained in Section 1.1.1), we have a blocking rule sequence R = {R1, R2, . . . , Rn}. Then, we

apply the sequence R to two tables A and B, producing a set of tuple pairs C ⊆ A x B to be

matched in the matching stage. In practice, the two tables A and B can be large and applying R in

a naive way to all pairs in A x B is clearly impractical.

Previous work such as Falcon [37] has proposed solutions to scale up the execution of blocking

rules but has examined table size of up to only 2-3M tuples. It has not looked into data with

10M tuples or beyond. In this work, we propose a solution that can execute rules on tables with

10M tuples each and even beyond. Another issue with Falcon is that it provides a Hadoop-based

solution that is no longer the state of the art. Besides, the solution doesn’t provide much control

to the end-user to have a trade-off between job run-time and accuracy. In this work, we propose

a solution that provides more control on a job level to the user by providing knobs that the user

could control and choose between runtime and accuracy.

Now, we are going to look at this problem of scaling up blocking rule execution and to be

concrete, we will assume that all the data (input tables A, B, and the rules R, etc.) resides in
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MongoDB and we are going to run this using Spark. MongoDB is a cross-platform document-

oriented NoSQL database and uses JSON-like documents with a schema. The reason we are using

this setting is that many enterprise customers we interacted with are using this setting where the

input tables and the blocking rules are stored in MongoDB as three separate collections. Then,

they have a Spark cluster of N nodes for executing the blocking rules over the input tables A and

B.

In the rest of the chapter, we will start by discussing the blocking rules, the key ideas un-

derlying our solution, an end-to-end solution using MapReduce in Falcon and then some related

work. Next, we will propose a solution to execute blocking rules at large scale using MongoDB

and Spark. Then, we will discuss challenges and proposed solutions to overcome the challenges.

Finally, we will examine the scaling properties and effectiveness of the proposed solution and then

conclude the chapter.

5.2 Preliminaries & Related Work

In this section, we will define blocking rules, discuss the key ideas behind the solution, how

Falcon executes blocking rules using MR and then will briefly discuss related work.

5.2.1 Blocking Rules

Recall that at the end of the blocking phase we get a sequence of blocking rules. Each rule in

the sequence Ri is of the form:

p1i (a, b) ∧ . . . ∧ pm
i
i(a, b)→ drop(a, b), (5.1)

where each predicate pij(a, b) is of the form [f i
j(a.x, b.y)op

i
jv

i
j]. Here f i

j is a function that computes

a score between the values of attribute x of tuple a ∈ A and attribute y of tuple b ∈ B (e.g., string

similarity functions such as edit distance, Jaccard). Thus predicate pij compares this score via

operation opij (e.g., =, ¡, ≤) with a value vij .
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Figure 5.1: (a) A rule sequence, (b) the same rule sequence converted into a single “positive” rule,
and (c) an illustration of how the baseline solution works.

Example 5.2.1. Consider the sequence of two rules [R1, R2] in Figure 5.1.a. Rule R1 states that

two books do not match if their titles are not sufficiently similar (using a Jaccard similarity function

over the two titles tokenized as two sets of words). Rule R2 states that two books do not match if

they disagree on years and their prices differ by at least $10 (here exact match(a.year, b.year)

returns 1 if the years match and 0 otherwise, and abs diff(a.price,b.price) returns the absolute

difference in prices).

5.2.2 Key Ideas Underlying Our Solution

As seen in the example, the blocking rules in the current solution uses features that often use

well-known similarity functions (e.g., edit distance, Jaccard, etc.). Thus the idea is to exploit cer-

tain properties of these functions to build index-based filters, then use them to avoid enumerating

A x B.

Example 5.2.2. Suppose we need to find all pairs in A and B for the movie dataset that satisfy

the predicate jaccard word(a.title, b.title) ≥ 0.7. From [100], we know that for a pair of string (x,

y), jaccard(x, y) ≥ t =⇒ |y|/t ≥ |x| ≥ |y| · t. Knowing this property, a length filter (i.e. length

of tokens) can be built for the above predicate. To be concrete, a B-tree index I1 is built over the

lengths of tokens of the attribute a.title. Now, given a tuple b in B, the filter uses I1 to find all tuples

a in A where the length of a.title falls in the range [[|b.title| · 0.7, |b.title|/0.7], then return only

these (a, b) pairs. Then the actual rule jaccard word(a.title, b.title) ≥ 0.7 is applied only to these

pairs.
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5.2.3 Falcon Solution Using MapReduce

The CloudMatcher service to execute blocking rules uses “apply blocking rules” operator

from Falcon [37]. We will next descibe how Falcon builds an end-to-end solution to execute

blocking rules using the above key ideas.

1. Convert the Rule Sequence into a CNF Rule: The first step in the Falcon solution is to

rewrite the rule sequence R = {R1, R2, . . . , Rn} into a form that is amenable to distributed pro-

cessing in subsequent steps. Specifically, it rewrites R as a single “negative” rule P in disjunctive

normal form (DNF):

[p11(a, b) ∧ . . . ∧ pm
1
1(a, b)] ∨ . . . ∨ [pn1 (a, b) ∧ . . . ∧ pm

n
n(a, b)]→ drop(a, b)

Next, it converts this negative rule into a “positive” rule Q in conjunctive normal form (CNF):

[q11(a, b) ∨ . . . ∨ qm
1
1(a, b)] ∧ . . . ∧ [qn1 (a, b) ∨ . . . ∨ qm

n
n(a, b)]→ keep(a, b)

where each predicate qij is the complement of the corresponding predicate pij in the negative rule

P .

Example 5.2.3. The rule sequence [R1, R2] in Figure 5.1.a is converted into the “positive” rule

Q in CNF in Figure 5.1.b.

2. Analyze CNF Rule to Infer Index-Based Filters: In this step, the CNF rule is analyzed

to infer index-based filters. There has been a lot of work in the literature (e.g., [86, 26]) that has

studied several such filters for similarity functions. Falcon builds on this work. It currently uses

eight similarity functions (e.g., edit distance, Jaccard, overlap, cosine, exact match, etc.), and five

filters.

Example 5.2.4. Consider again rule Q in Figure 5.1.b. Falcon assigns three filters to predicate

jaccard word(a.title, b.title) > 0.6: length filter, prefix filter, and position filter [100]. Falcon
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assigns an equivalence filter to exact match(a.year, b.year) = 1. Given a tuple b ∈ B, this filter

uses a hash index to find all tuples in A that have the same year as b.year. Finally, Falcon assigns

a range filter to abs diff(a.price, b.price) < 10. Given a tuple b ∈ B, this filter uses a B-tree

index to find all tuples in A whose prices fall into the range (b.price− 10, b.price+ 10).

Once the solution has inferred all filters for rule Q, it then execute several MapReduce (MR)

jobs to build the indexes for these filters.

3. Apply the Filters to the Rule Sequence: Let F and I be the set of filters and indexes that

have been constructed for rule Q, respectively. Falcon now consider using MapReduce to apply

F to A× B (without materializing A× B) to find a set of tuple pairs that may match, then apply

Q to these pairs. A reasonable solution is to copy the set of indexes I to each of the mappers, use

I to quickly locate candidate pairs (a, b), send them to the reducers, then apply Q to these pairs.

Implementing the above three steps in MapReduce raises the challenge that the indexes may not

fit into the memory. Falcon [38] proposes four solutions (apply-all, apply-greedy, apply-conjunct,

and apply-predicate) that balance between the amount of available memory and amount of work

done at the mappers and reducers, then develop rules for when to select which solution. In Cloud-

Matcher we use the “apply-all” solution. This solution loads the entire set of indexes I into the

memory of each mapper, which uses I to locate pairs (a, b) that may match. The reducers then

apply rule Q to these pairs.

Example 5.2.5. Consider three mappers into whose memory we already load indexes I (Figure

5.1.c). We first partition table A three ways and sending each partition to a mapper. We do the

same for table B. Now consider Mapper 1. For each arriving tuple a ∈ A, it emits a key-value

pair 〈aid, a〉, where aid is the ID of a. For each arriving tuple b ∈ B, Mapper 1 applies the filters

by using I to find a set of IDs of tuples in A that may match with b. Let these IDs be aid1, . . . , aidn.

Then Mapper 1 emits key-value pairs 〈aid1, b〉, . . . , 〈aidn, b〉. The other mappers proceed similarly.

Each emitted key-value pair is sent to one of the two reducers. For example, for a particular

key aid, Reducer 1 receives all key-value pairs with that key: 〈aid, a〉, 〈aid, b1〉, . . . , 〈aid, bm〉 (see

Figure 5.1.c). Then this reducer can apply rule Q to the pairs (a, b1), . . . , (a, bm).
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Falcon then empirically evaluates the end-to-end solution on datasets with up to 2.5M tuples

and extensively optimizes the solution. While promising, we don’t build on top of Falcon as it

uses Hadoop which is not the state of the art solution and moreover don’t fit the needs of many

enterprise customers. We do take the best practices and lessons learned from this solution while

building our own solution using Spark and MongoDB.

5.2.4 Related Work

Falcon was not the first solution to try to scale up blocking rule execution. Previously, two

MapReduce solutions to apply rules to tuple pairs in A × B have been proposed: MapSide and

ReduceSplit [62], but both were significantly less effective than Falcon.

MapSide assumes the smaller table fits in the memory of the mappers, in which case it can

execute a straightforward map-only job to enumerate the pairs and apply the rules. If neither table

fits in memory, then ReduceSplit uses the mappers to enumerate the pairs, then spreads them

evenly among the Reducers, which apply the rules.

As such, both MapSide and ReduceSplit are severely limited in that they still enumerate the

entire A×B, which is often very large (e.g., 10 billion pairs for two tables of 100K tuples each).

As far as we can tell, these are state-of-the-art solutions that can be applied to our setting.

(The works [89, 97, 71] are related, but consider specialized types of rules and develop specialized

solutions for these. Hence they do not apply to our setting that uses a far more general type of

rules.)

5.3 Proposed Solution

In this section, we propose a solution to scale up the execution of blocking rules using Spark

and MongoDB. In this setting, we assume that the two tables A and B and the blocking rules Q are

in MongoDB and we have a Spark cluster of N nodes to execute the blocking rules. We will name

this operator “rule executor” and will use this name in the rest of the chapter. In our proposed

solution, the execution of blocking rules can be viewed as a workflow with three key fragments:
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1. Infer and build indexes: The first fragment analyzes the rules (assuming the rule sequence

has been converted into a CNF rule) and infers index-based filters. Then, it builds the required

indexes I on table A and stores them in MongoDB. This is done by running a Spark job. Recall

that one of the problems with the “apply-all” solution in Falcon is that the indexes may not fit into

the memory. In our solution, we store the indexes into MongoDB and do not run into this problem.

Based on our experience with MongoDB, if the indexes are built carefully, the latency for the index

lookup query is negligible in the total runtime.

2. Index probing: In this fragment, we run another Spark job where we probe the indexes built

on table A for each record in table B. This probing helps us get a list of table A tuples that

are candidate match for a tuple in table B. We realize that the output of index probing can be

huge and hence we don’t store this in MongoDB. Instead, we simply stream the output to the next

fragment. Doing an individual index lookup query for each record in table B is inefficient and so

in our solution, we send a bulk query to MongoDB for index lookup. This raises certain memory

challenges that we will describe later.

3. Evaluation of rules: We apply the sequence of blocking rules to all the pairs that have survived

the index probing step to get the candidate set C. As mentioned the output of index probing is

stream through this fragment and the output of this is written to MongoDB.

We now describe the end-to-end solution of the rule executor operator with the help of Figure

5.2. To start with, we have two tables A and B in MongoDB. We also have a rule sequence Q

stored in MongoDB. As described above, the first fragment would infer the filters F by going

through the rule sequence and will build the required indexes using Spark jobs as shown in Figure

5.2.a. Let’s say we build an inverted index I1 on tokens and a size index I2 on the table A. The

indexes will also be stored as multiple collections in MongoDB.

Next, in the index probing fragment, we will first partition table B into smaller pieces (current

partition size is 500) and will read that partition from MongoDB into the memory of the Spark

node. For simplicity, let’s say we have partitioned table B into three pieces B1, B2, B3 and each

Spark node is running one executor and one thread. Then, the fragment would generate a bulk
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Figure 5.2: (a) Index creation (b) Execution of blocking rules (probing and applying rules)

index lookup query for all the tuples in table B and will read the portion of the index into the

memory of the Spark node. Specifically, for each tuple u, v, .. in the partition, it will first apply

tokenization and then will send a bulk inverted index I1 lookup query for all the tokens in the table

B partition and will bring back the slice of index into the memory of the Spark node. Similarly,

we will bring the slice of the size index I2 into the memory of the Spark node.

Next, it will do the index probing in memory for I1 followed by I2 and will generate a set

of possible candidate tuple pairs. For example, the table B record u is seen to be paired with

aid2, aid4. Finally, for all the surviving tuple pairs, the third fragment will apply the rule and

output the candidate tuple pairs to MongoDB. This is shown in Figure 5.2.b.

The above baseline solutions work well for cases where the size of input data is small. As the

size of data increases, the baseline solution raises major challenges that we will discuss next.
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Figure 5.3: Challenges in the rule execution workflow

5.3.1 Challenges

The baseline solution raises the following two important challenges. First, we envision the

rule executor operator to not fail with “out of memory” exceptions as the input data scales. In

the baseline solution, as shown in Figure 5.3 we observe two areas marked as X1 and X2 where

memory issues are observed. First, the solution could run into memory issues during the index

probing step i.e., X1 for a predicate in the rule Q. This could happen when for certain tokens the

bulk index lookup query returns a huge list of aids back to the Spark job from MongoDB. Sec-

ondly, the system could throw an “out of memory” exception when we are collecting the probing

results for each predicate in rule Q in a Spark dataframe. This is marked as X2 in the Figure.

The second challenge is to control the size of intermediate results in the workflow. In practice,

the solution could get a sequence of rules which have very poor pruning power. In those cases,

the output of index probing could be as big as the Cartesian product in the worst case. This is

marked as X3 in the Figure 5.3. Now to all the pairs that have survived the index probing step, the

evaluation of blocking rule Q could take hours to run. In addition, if not designed correctly, this

could also run into memory issues and cause the Spark job to fail. Hence, we need a way to control

the size of tuple pairs that go through the rule evaluation process without dropping the accuracy.
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Figure 5.4: Example of how dynamic partitioning of query is done

5.3.2 Proposed Solutions

In this section, we propose solutions to address the two important challenges: (i) memory

issues, and (ii) controlling the size of intermediate results.

A. Handling “out of memory” issues: In this part, we will show how we address the memory

issues seen during the index probing step. Recall that we have marked these memory issues as X1

and X2 in Figure 5.3. Now, let us zoom into how we propose to resolve these two issues.

1. X1 Memory exception: Recall, that we see X1 when we do a bulk index lookup query for

records in table B (number of records per partition is set to 500 currently) and the query result

set returned from MongoDB is huge and exceeds Spark’s executor memory limit. To be concrete,

this issue happens when most of the table B records in the partition are being paired with a lot

of table A records. Clearly, we cannot query for one table B record at a time as it would be

very inefficient and time-consuming. Instead, we solve this problem by implementing a “dynamic
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query partitioning”. This approach gets triggered during index lookup for each partition of table B

records.

We implement “dynamic query partitioning” approach as follows. First, we introduce a knob

i.e. a cut-off that will control the number of records for which we will send a bulk lookup query to

MongoDB. Next, for each record in the partition, we will apply tokenization and then will query

MongoDB to collect the size of table A records associated with each token. We will do this until

we have met the cut-off. Once we have met the cut-off, we will send a bulk index lookup query for

those table B records. We will repeat this process until all the table B records are processed in a

particular partition.

We now demonstrate how “dynamic query partitioning” works. To be concrete, we will use the

example in Figure 5.4.

Example 5.3.1. Let’s assume that we have built an inverted index of tokens on table A and have

stored it in MongoDB as a collection. For simplicity, we have an inverted index of 4 records

t1, t2, t3, t5. In addition, we also store the size of the list in the MongoDB collection as shown

in Figure 5.4. For example, the token t1 is mapped to 1, 2, 5, 6, 7, 8 records and has a size of 6.

Now, let’s assume that we have three tables B records in a partition that have been tokenized. The

cut-off is set to 10.

Now, for each token, we will send a query to get the sizes from MongoDB until the cut-off is

met. As shown in the figure, for the first record t1, t3, t4 would return sizes 6, 2, and 0 respectively.

This adds up to 8 which is less than the cut-off. So, we will move to the next record and get sizes

for t2. Now the total size is 11 which is more than the cut-off. Next, we will send a bulk query Q1

to get the table A records. We will repeat this until all the records are processed in the partition.

In this example, we will send two bulk queries Q1 and Q2.

To evaluate this approach, we ran multiple datasets [36] through the rule executor and did

not get any “out-of-memory” exceptions. In addition, our logs also reported the Spark executor

memory consumption to be under control.

While promising, this approach can lead to an increase in job runtime if the data has skew and

we are hitting the cut-off for each record in the partition. In this case, we will be sending multiple
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queries to MongoDB within each partitioning which can render the approach to be ineffective.

Another approach to this problem is to cache high-frequency tokens on each Spark nodes but this

needs some careful work as we don’t want to increase memory footprint by caching a lot of tokens

either.

2. X2 Memory exception: We also observe “out-of-memory” exception thrown by Spark job

when we are collecting index probing results for all the predicates in the blocking rule Q. This

problem arises when a lot of records from table A are being paired with a record from table B for

each index lookup.

To solve this problem, we force the Spark optimizer to flush the results of one index probing to

disk before moving on to probe the second one. This approach reduces the Spark executor memory

footprint by flushing the results of a single index probing to disk. While this approach is promising,

it does come with a cost. With this approach, you might end up writing a lot of data to the disk

when running the rule executor for datasets in the range of 20-30M tuples.

B. Controlling the size of intermediate results: In this part, we solve the problem of exploding

intermediate results. Recall that if the system has learned a bad blocking rule (i.e., a rule with poor

pruning power), the index probing could be ineffective and we could end up getting a candidate set

of tuple pairs equal to the size of the Cartesian product of the two tables.

From Figure 5.3, this challenge has been marked as X3. If the index probing is ineffective, we

could end up evaluating a huge number of tuple pairs against the blocking rules. This can incur a

lot of machine time as for each tuple pair, we would first compute the required features (complex

string similarity measures) and will then check to see if it satisfies the blocking rules or not. Again,

if the rules learned have a bad pruning power, we could get a large candidate set.

Let’s “zoom in” to this problem. This situation happens when a tuple in table B is paired with

a long list of tuples from table A. Ideally, we should be able to put a limit to pairing a tuple in table

B with no more than k = 25 tuples from table A. Intuitively, these 25 table A tuples should be the

ones who have the highest possible Jaccard score with the tuple in table B. Computing the exact
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Figure 5.5: Applying MinHash technique after index probing

Jaccard score is going to very expensive. Fortunately, there is a way to approximate the Jaccard

score using the MinHash technique.

Use of MinHash technique: In Figure 5.5, we show where the MinHash technique is used in

the rule executor workflow. We use the technique after the index probing step is completed. We

believe that this is where we will have the maximum benefit of using MinHash and making sure

that in the worst case, the size of the candidate set is no more than |B| · k. We implement the

MinHash technique using a two-step process. First, we build hashes for all the tuples in table

A and B. Specifically, use h hash functions to generate a set of h hash values for each tuple.

Currently h is set to 10. A MinHash function converts tokenized data into a set of hash integers,

then selects the minimum value. The function then does the same thing repeatedly with different

hashing functions. We store the set of hash values for each tuple in table A and B into MongoDB.

The second step is to retrieve hash values for each tuple pair that has survived the index probing

step and compute the approximate Jaccard score. This is done by doing a pairwise comparison of

hash values for a particular tuple pair. We then select k = 25 tuples in A that have the highest
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Table 5.1: Datasets for our experiments

approximate Jaccard score for tuple in B. The pairs that have survived the MinHash technique

with k = 25 are then evaluated through the actual blocking rule.

We evaluate this strategy in detail in the evaluation section but this clearly is a trade-off between

runtime, recall and the size of the candidate set. Although this technique solves the problem of

bounding the size of the candidate set to no more than |B| · k and potentially lower job runtime, it

runs the risk of achieving lower recall. This knob can be adjusted to achieve higher recall but then

it could result in higher job runtime and a larger candidate set size.

5.4 Empirical Evaluation

5.4.1 Scaling Behavior of Rule Execution by Varying Cluster Size

In this part, we will examine the scaling behavior of the rule executor operator as we increase

the Spark cluster size horizontally. We now describe the experiment and the setup.

Table 5.1 describes three real-world datasets we will use for this experiment. The “Person”

dataset describes identity information within a single table. “Songs” describes songs within a

single table and was obtained from the freely available Million Song Dataset1. “Citations” match

citations between DBLP and Google Scholar [67]. “Songs bad rule” is another run on song dataset

but with a bad rule. This was done to examine the scaling behavior if the rule learned is a bad one,

1labrosa.ee.columbia.edu/millionsong
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Figure 5.6: Scaling rule execution by varying cluster size

i.e., having very low pruning power. Along with the dataset, the table 5.1 also contains the blocking

rules that were learned during the blocking phase of CloudMatcher.

In this experiment, we will run the code to execute blocking rules on the above three datasets

on a cluster of 3, 5, 10, 15, and 20 nodes respectively and will measure runtime. For every single

cluster size, every single dataset, we will run the rule executor three times and will report the

average runtime. Each node in the cluster has a 16 threads Intel Xeon E5-2666 v3 processor and

32GB of RAM.

In Figure 5.6, if we look at the runtime for “big citation”, as we vary the cluster size the runtime

decreases. To be specific, the runtime for big citation reduces from 38 minutes on a 3 node cluster

to 6 minutes on a 20 node cluster.

Key observations: Based on the experiments, here are the key observations.
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Table 5.2: Datasets for our experiment

1. On these three real-world datasets, as we increase the number of nodes, the runtime goes

down. The benefit is seen clearly for the bigger dataset because you have more reduction in

runtime.

2. We see that if the runtime is fairly low relatively on a smaller cluster, increasing the number

of nodes will give you lesser benefits. At some point, increasing the number of nodes is

probably not going to reduce your runtime anymore.

3. The runtime also depends on the complexity of the blocking rule. In Figure 5.6, the run

for “songs” which has 1M tuples runs in about 2.5 minutes on a 3 node cluster whereas

“songs bad rule” which is the same dataset but is running a bad rule takes about 12 minutes

to execute.

5.4.2 Scaling Behavior of Rule Execution by Varying Data Size

In this part, we will examine the scaling behavior of the rule executor as we increase the data

size keeping the cluster size fixed. We now describe the experiment and the setup.

Table 5.2 describes the datasets we will use for this experiment. For this experiment, we will

blow up the datasets that we discussed in Section 5.4.1 by a factor of 3x and 5x respectively. We

will fix the Spark cluster size to be 10 nodes where each node in the cluster has a 16 threads Intel
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Figure 5.7: Scaling rule execution by varying data size

Xeon E5-2666 v3 processor and 32GB of RAM. Next, we will run the rule executor code on

three versions 1x, 3x, and 5x for each dataset, three times and will report the average runtime.

In Figure 5.7, if we look at the runtime for “songs”, as we vary the data size, the runtime

increases.

Key observations: Based on the experiments, here are the key observations.

1. As we vary the dataset size, the runtime increases and we could see that in all the three cases

as shown in Figure 5.7. In the case of songs, we are able to get the rule executor to run on

5x i.e. 5M tuples under 6 minutes and in the case of big citations 5x i.e. (9.1M x 12.5M) in

about 7.5 hours.

2. For the three datasets, as we vary the dataset size by increasing it 3x and 5x factor, we

observe data skew to be the factor for the large increase in the runtime. This means that for

certain datasets like big citation if the skew is heavy, we may not be able to run 10x unless

we put in more control over the trade-off between the runtime and recall.
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Table 5.3: Examining MinHash strategy on the datasets

5.4.3 Examining MinHash Strategy

We now examine the MinHash strategy by running the rule executor over the datasets de-

scribed above. We run the rule executor over the datasets twice. First, we turn off the MinHash

knob and record the numbers (for e.g., size of the candidate set, recall) and then later we turn on

the MinHash knob and record the numbers.

The first two columns of the Table 5.3 represents the dataset and the size of the dataset that

we will use to probe the indexes. The next three columns labeled as “Avg # aids”, “Min # aids”,

and “Max # aids” tell us about the average, minimum, and the maximum number of records from

table A that are a candidate for a record in table B after the index probing is completed. The next

column “# of pairs after index probing” tell us the number of candidate tuple pairs generated after

the indexes are probed.

Next, we report the size of the candidate set “|C|”, “Recall”, and “# dropped” when the Min-

Hash knob is turned off. Here “# dropped” represents the number of pairs that survived the index

probing step but were killed off by the blocking rules. In rest of the columns, we report the numbers

times MinHash strategy was hit when the knob was turned on, the number of pairs that survived

the MinHash with k set to 25, and then the size of candidate set, recall and number of pairs that

were killed of by the blocking rule post MinHash.

Now, let us zoom into the run for one dataset. For example, if we look at the “big cit3x” run

where the number of records in table B is 7.5M, we see that a single tuple from B was paired
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with an average of 1074 records from table A. The maximum number of tuples paired with a

single record from table B was 35,223. Then, the number of pairs that survived the index probing

step is 8.09B. Now, first when we ran the rule executor with the MinHash knob turned off, the

size of the candidate set was 37.24M and the recall recorded was 95.46. The number of pairs

that were killed off by the blocking rule was 8.05B. On the other hand, when we ran again with

the MinHash knob turned on, the MinHash strategy was triggered for 7.1M records out of 7.5M

table B records. The MinHash strategy was able to cut down the number of tuple pairs for rule

evaluation to 180.7M instead of 8.09B when the MinHash knob was turned off. The size of the

candidate set was recorded as 6.4M and the recall was 94.93. The number of tuple pairs killed off

by the blocking rule was 174.2M. As you can notice, the MinHash strategy helped in cutting down

the size of the candidate set with a minimal drop in the recall.

Key observations: Based on the experiments, here are the key observations.

1. For the dataset, as we blowup to 3x and 5x, more tuples from A are paired with a record in

B and the output of index probing could be a huge set of tuple pairs. This also means that

the MinHash strategy would get triggered very often. For the big cit3x and big cit5x the

MinHash strategy gets triggered more than 90% times.

2. The MinHash strategy helps bring down the set of tuple pairs that will go through the rule

evaluation process tremendously as seen for the songs3x, big cit1x, big cit3x, and big cit5x

runs. In addition, we don’t see a huge drop in recall for most of the runs except for the

songs5x where the recall drops from 99.27 to 90.09. We believe that the recall could be

improved by changing the k value from 25 to a higher number but that may also increase

your runtime. Clearly there is a trade-off here between the runtime, recall, and the size of

the candidate set.

5.5 Conclusion

In this part of the work, we have proposed a solution to scale up blocking rule execution on

two tables A and B using MongoDB and Spark. We have presented the key ideas underlying our
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solution, how prior work such as Falcon have built a solution using MapReduce and some related

work. Then, we have discussed the proposed solution, challenges (memory issues and exploding

intermediate results), and proposed solutions to these challenges. Finally, we examine the scaling

behavior of the solution by varying the cluster size and the data size and also evaluate how well the

challenges are addressed. Our work demonstrates that the solution can scale to large tables without

running into memory issues or large intermediate results.
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Chapter 6

Conclusion and Future Work

This dissertation studies entity matching (EM), which finds data instances that refer to the same

real-world entity. This problem has been a long-standing challenge in data management and will

become even more important as data-driven applications proliferate. As a result, it has been studied

intensively over the past several decades, by the database, AI, KDD, and WWW communities,

among others. However, the vast majority of work on EM has focused on developing algorithmic

solutions. Few if any current works have focused on developing end-to-end EM systems and

evaluating them in real-world settings.

To address the above problems, in the past few years I have been building CloudMatcher

a cloud service for EM. I envision CloudMatcher to be a fast, easy-to-use, scalable, and highly

available service on the Web. Specifically, to use this service, a user simply needs to go to Cloud-

Matcher’s Web site, uploads two tables to be matched, perform some basic pre-processing, then

push a button. CloudMatcher will perform EM end to end. To do so, it can either use a set

of users to label tuple pairs or use crowd workers on Amazon’s Mechanical Turk (or some other

crowdsourcing platform such as CrowdFlower, etc.) for labeling (as matched / no-matched). The

user just has to pay for the labeling if he or she decides to use Mechanical Turk. In the end,

CloudMatcher will return the desired matches.

In this dissertation, I make the following contributions. First, I design scalable solution ar-

chitecture for CloudMatcher such that it can do EM tasks at large scale, supports hands-off cloud

service, can run multiple EM workflows simultaneously, can support multi-tenants, and is very

easy-to-use for any lay user. In developing the system, I ensure that the system can recover from
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crashes, is fault-tolerant, efficiently utilizing underlying cluster resources, and supports high avail-

ability at all times. The CloudMatcher codebase is now 47K LOC involving 7 contributors. It has

been used at UW-Madison in domain sciences, in a data science class at UW-Madison by 70 stu-

dents, and at several organizations to do EM. This work has been published at BIGDAS-KDD’17.

Second, I evaluate the CloudMatcher system on a variety of data sets across domain sciences

group at UW, enterprise customers, non-profit organizations, and with 70 data-science students

at UW-Madison. The results from CloudMatcher are very promising. I describe the results to

do EM, challenges, and lessons learned in detail. Then, I also compare CloudMatcher with two

other existing EM solutions and discuss the findings in detail. The details about this work have

been published on an industrial track at SIGMOD’19.

Third, in this part, I motivate the need for developing atomic services in the EM space. Ver-

sion v1.0 of CloudMatcher system only supported a single EM workflow. As we interacted with

domain science users and enterprise customers, we realized that we need to enhance the system

and allow the users to run different EM workflow. Toward this goal, I show that breaking the

CloudMatcher workflow into a set of basic services then implementing those benefits many do-

main scientists and EM users. In developing this architecture and solution, the goal was to let the

user mix and match a bunch of these services to compose different EM workflows. Besides, I also

worked with the Columbus team to design and develop a solution where these individual services

can be hosted on a system like Columbus as an application and can be used to mix and match with

other apps or packages outside CloudMatcher.

Finally, I zoomed into the scaling of the blocking rule execution component of the EM work-

flow. This problem is time consuming and raises major scalability challenges. Previous work such

as Falcon [37] has proposed solutions to scale up the execution of blocking rules but has examined

table size of up to only 2-3M tuples. It has not looked into data with 10M tuples or beyond. In

this work, I propose a solution that can execute rules on tables with 10M tuples each and even

beyond. Another issue with Falcon is that it provides a Hadoop-based solution that is no longer

the state of the art. Besides, the solution doesn’t provide much control to the end-user to have a

trade-off between job run-time and accuracy. In this work, we propose a solution that provides
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more control on a job level to the user by providing knobs that the user could control and choose

between runtime and accuracy.

There are many interesting challenges and research directions that could follow this disserta-

tion. In what follows I discuss these directions and possible ways of improving the system.

Optimization Opportunities in CloudMatcher I believe that there are many areas in Cloud-

Matcher where we could do some optimization and improve the system performance on different

tasks in the EM space. Let me describe them briefly.

• In CloudMatcher, the data is currently ingested through CSV files. We also write the in-

termediate data to HDFS in CSV format. Parsing a CSV file can be inefficient in terms of

time and space. This situation is worse as we scale to large data. Converting intermediate

data or the output data to Parquet [17] or equivalent format would improve the read/write

performance. These formats (Parquet) are space-efficient and also have a low disk footprint.

Besides, we should also look into caching and optimizing file transfer to improve perfor-

mance.

• The system should aim to use the native cloud infrastructure. For example, we store the

data into HDFS though we run in AWS. We should aim to use S3 as it is the state of the art

solution now and can be much more efficient. Similarly, in order to handle crash recoveries,

fault tolerance, infrastructure, and system health we should be using AWS CloudWatch [3]

instead of ad-hoc scripts.

• Auto-scaling and power save mode of operation. We should always deploy a cluster using

the auto-scaling feature such that the system could automatically scale up/down based on the

load on the cluster. This immensely improves the system performance on the runtime than

a fixed cluster size deployment. In addition, the deployment cluster should be able to go in

power save mode when not in use for a brief period of time.

• There are several operators in the EM space that could be further optimized for runtime.

For example, we could improve the sampling operator by improving the performance of the
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index lookup step. We have identified that creating an inverted index is not time-consuming,

whereas index probing can be very expensive and could take the sampling step to take longer.

This indexing could be improved by using ElasticSearch.

• Masking pair selection using the pair labeling time. The Falcon work talks about this opti-

mization and discuss how this could cut down on the user wait time. We should incorporate

this optimization as it would tremendously improve the user experience if the user wait time

is minimized or completely eradicated. This situation arises mostly in the matching stage

when we have a huge candidate set and we are learning a matcher using active learning.

Each iteration of active learning to identify controversial examples could take more than

1-2 minutes (depending on the cluster size) and this leads to the user wait time. The idea

here is to cache a higher number of pairs to be labeled in the first iteration say 40 examples.

Now, let’s say if the user has labeled 20 pairs, the system could show the user the next 20

examples to label but internally has retrained the classifier and has scheduled the example

selection procedure to run thus masking the pair selection using the pair labeling time. This

could even be done on a streaming basis if carefully implemented.

Data Profiling and Cleaning We believe that for running end-to-end EM workflow to achieve

high accuracy we need the following two services as a part of pre-processing steps: a data profiler

and a data cleaning service. In CloudMatcher, we already have a basic profiling step that could

judge the type of attributes, missing value %, and uniqueness of each attribute. This is the bare

minimum requirement as we generate features based on the attribute types. What would be inter-

esting is if we are also able to figure out the identity of the attribute if it’s an address, date, or name

and then apply appropriate features. Another thing the profiler could do is identify if the charac-

teristics of data during the “delta” load are the same as the “initial load” or not. This information

could be useful in judging if we should apply the blocker and matcher from the initial load to delta

load or not.

During our evaluation of CloudMatcher (see Section 3.2), we encountered cases where the

accuracy numbers were not good and the main reason behind that was that the data was very dirty
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(had a lot of missing values, sprinkled attributes, etc.). We believe a data-cleaning service at the

beginning of the EM workflow could help to improve the accuracy numbers.

Enhancing Crowdsourcing Component In CloudMatcher, we have a baseline crowdsourcing

solution where one could run the EM task in a completely hands-off manner by using crowd work-

ers as labelers. In this case, the user just uploads the two tables, specify a crowdsourcing platform,

and some crowd configuration and click a single button to start the matching process. Once the

matching is completed, the predicted matches are returned back to the user.

We believe that the crowdsourcing work in CloudMatcher could be significantly improved

by doing the following enhancements. First, better management of crowd workers and process-

ing crowd answers. For example, we can identify the best way to infer answers by estimating

worker accuracy and labels. Second, optimizing the entire crowdsourcing operation and masking

the heavy machine time operations when crowd work is in progress. Third, assessing the expertise

of crowd workers and assigning questions based on their expertise. Some of the previous work has

studied this problem [98, 99]. Finally, incorporating crowd feedback into the question-answering

process to improve the labeling process. There are many other things that we could do with the

crowdsourcing solution(for example, what is an efficient user interface to chose for asking crowd

workers to label a particular type of data, etc.).

Cost Models Providing CloudMatcher as an EM cloud service make it imperative to have a cost-

model associated with it in the near future. The model could be formed by keeping the following

points into consideration such as the number of active learning iterations, the cost of labeling

tuple pairs per iteration, time to label cost, model retrieval/update cost, etc. This could help solve

optimization problems such as given a budget constraints by the user, how to run the EM workflow

and yet achieve higher accuracy? Also, given time constraints, how to select the resources to

complete the EM job achieving higher accuracy?

Collaborative EM From our experience with real-world users, collaborative labeling for an EM

task is a popular use case for CloudMatcher. In other words, many users do not want to take their

data to any crowdsourcing platform for labeling because of data sensitivity issues. The solution
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they are looking for is an “in-house” crowdsourcing platform where the workers are none other

than their own employees (possible experts in the data domain). This will not only keep the data

within the company security boundaries but will also leverage the expertise of an individual on the

data, hence targeting higher quality labels. In CloudMatcher we provide a labeling service that

can be technically used by multiple users to label the same set of training data but there is a lot

that can be done here. For example, we could let the user decide on the labeling policies, strategy

to gather answers, assignment strategy, deal with cases where the workers are not sure about the

labels (need of supervisor), etc.The same idea could be extended to collaborative data cleaning for

EM tasks.

Real-time EM Scenario With the CloudMatcher implementation, we believe that we have a

solution for the two EM needs that many real-world users encounter: the EM need at the initial

load, and for the delta load. However, there is a requirement for real-time matching from many

enterprise customers as well. We believe that the blocker and matcher could be used to solve this

problem but it raises many interesting challenges. First, how do we address the latency issue?

Typically, in the case of real-time matching the user is looking for a sub-second latency. The

approach that we follow for initial and delta load would not fit into the sub-second latency model.

Secondly, in the case of real-time matching the user could enter a full, partial or very limited search

query. Our blocker and matcher from CloudMatcher may not render good results. Third, even if

the solution is able to return results to the user, how should we rank those? Finally, we need a way

to calculate the accuracy of the solution.

Toward this requirement, we believe that the solution could be a two-fold process. First, a

blocking step as in CloudMatcher but probably a simple TF-IDF than complex string similarity

measures. We could try to leverage ElasticSearch technology but at this moment we are not sure

what would be the pros and cons. The second step would be ranking the results in a way that the

pair that the user is looking for appears in the top 5 results. In the second step, we could refine

the ranking using the blocker and matchers we have learned during the initial and delta load. This

could be an interesting research topic for EM.
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Resource Management and Scheduling We believe that for a large system like CloudMatcher

we need to worry about resource management and resource sharing when we are running multiple

EM workflows simultaneously for multiple users. This is a challenge currently as we don’t have

a good understanding of the resource requirements of a particular task in the EM workflow. For

example, currently, we don’t know the CPU, memory, and disk requirements for a particular task.

For now, we run the system with a default configuration that is to have set conservative limits on

what we expect worst-case output would be and assume concurrent execution would require worst-

case resource usage from all tasks. This could be improved significantly if we have a task profiler

which could say run on a small sample of data and gather system requirements in an efficient

manner.

Even though we have scaled up the blocking rule execution part, we still have to deal with the

Spark configuration issue (i.e. the number of executors to run, number of cores per executor, the

default batch size, executor memory, etc.). These issues come up more frequently in production as

we scale the data. The idea is to have a task profiler or an automatic approach to assign systems

resources to each task. Besides, we also need to record this information to do the scheduling of

tasks in an efficient manner.

Other enhancements Finally, there are a few more enhancements that could be done in the future

to further improve the CloudMatcher system.

• Allow matching to be done on data sources with different schema. Currently, in Cloud-

Matcher, we match two data sources that have the same schema. For the sources, that don’t

have the same schema, we do an ad-hoc process to build attribute correspondence mapping.

This should not be an ad-hoc process and should be part of the EM workflow. We should

develop the user interface and let the user do the mapping of attributes between the two data

sources.

• The system should allow users to upload data in different formats (such as JSON, etc.) and

not just CSV. Also, we should update the system to be able to point to databases on which

the users want to do deduplication or entity matching task.
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• Improving user interface and adding more expressive UI is a key thing for a system like this.

Adding visualization at various stages could make the system user-friendly. For example, for

long-running tasks, the user should be able to see the runtime statistics and progress. This

could help them plan the work accordingly.

• Verification of predicted matches: Need to have a verification component that could verify

the correctness of the predicted matches. Some of the techniques proposed in recent crowd-

sourced EM solutions [42, 91, 90] can be used to implement such a verification component.

Above is an incomplete list of enhancements that could be done to improve the performance of

the system.



87

Bibliography

[1] Amazon Mechanical Turk. http://www.mturk.com.

[2] Anaconda https://www.anaconda.com/.

[3] AWS cloudwatch https://aws.amazon.com/cloudwatch/.

[4] BigGorilla http://www.biggorilla.org/.

[5] Celery http://www.celeryproject.org/.

[6] CrowdFlower https://www.crowdflower.com/.

[7] Dedupe https://dedupe.io/.

[8] DeepMatcher datasets https://github.com/anhaidgroup/deepmatcher/blob/

master/Datasets.md.

[9] Django https://www.djangoproject.com/.

[10] Docker https://www.docker.com/.

[11] Gunicorn https://gunicorn.org/.

[12] IEEE Data Engineering Bulletin, Special Issue on Large-Scale Data Integration, 2018,
http://sites.computer.org/debull/A18june/issue1.htm.

[13] In data science, the insurance industry reaches for the sky, https://link.medium.com/
CZzTdh9zY3.

[14] Networkx https://networkx.github.io/.

[15] NGINX https://www.nginx.com/.

[16] pandas-profiling. https://github.com/pandas-profiling/pandas-profiling.

[17] Parquet https://pypi.org/project/parquet/.

[18] RabbitMQ https://www.rabbitmq.com/.

[19] Samasource https://www.samasource.org/.



88

[20] Terraform https://www.terraform.io/.

[21] The Columbus Ecosystem of Data Solutions https://columbustech.io/.

[22] Twisted https://twistedmatrix.com/.

[23] Z. Abedjan, L. Golab, and F. Naumann. Profiling relational data: A survey. PVLDB,
24(4):557–581, 2015.

[24] C. Binnig, A. Fekete, and A. Nandi, editors. Proc. of the Workshop on Human-In-the-Loop
Data Analytics (HILDA), 2016.

[25] P. S. G. C. et al. Smurf: Self-Service String Matching Using Random Forests. PVLDB,
12(3), 2019.

[26] S. Chaudhuri et al. A primitive operator for similarity joins in data cleaning. In ICDE, 2006.

[27] S. S. Chawathe et al. The TSIMMIS Project: Integration of heterogeneous information
sources. In IPSJ, pages 7–18, 1994.

[28] P. Christen. Febrl -: An open source data cleaning, deduplication and record linkage system
with a graphical user interface. In SIGKDD, 2008.

[29] P. Christen. Data Matching: Concepts and Techniques for Record Linkage, Entity Resolu-
tion, and Duplicate Detection. Springer Publishing Company, Incorporated, 2012.

[30] P. Christen. A survey of indexing techniques for scalable record linkage and deduplication.
IEEE TKDE, 24(9):1537–1555, 2012.

[31] V. Christophides, V. Efthymiou, T. Palpanas, G. Papadakis, and K. Stefanidis. End-to-end
entity resolution for big data: A survey. CoRR, abs/1905.06397, 2019.

[32] X. Chu, I. F. Ilyas, and P. Koutris. Distributed data deduplication. PVLDB, 9(11):864–875,
2016.

[33] X. Chu, I. F. Ilyas, S. Krishnan, and J. Wang. Data cleaning: Overview and emerging
challenges. In SIGMOD, 2016.

[34] M. Dallachiesa et al. Nadeef: A commodity data cleaning system. In SIGMOD, 2013.

[35] N. Dalvi, R. Kumar, B. Pang, and A. Tomkins. Matching reviews to objects using a language
model. In EMNLP, 2009.

[36] S. Das, A. Doan, P. S. G. C., C. Gokhale, P. Konda, Y. Govind, and D. Paulsen. The magel-
lan data repository. https://sites.google.com/site/anhaidgroup/useful-stuff/

data.



89

[37] S. Das et al. Falcon: Scaling up hands-off crowdsourced entity matching to build cloud
services. In SIGMOD, 2017.

[38] S. Das, P. S. G.C., A. Doan, J. Naughton, G. Krishnan, R. Deep, and V. Raghavendra.
Scaling up crowdsourced RDBMS joins to large tables. 2016. UW-Madison Technical
Report, available at www.cs.wisc.edu/~sanjibkd/falcon-tr.pdf.

[39] S. Deep, X. Hu, and P. Koutris. Join project query evaluation using matrix multiplica-
tion. In Proceedings of the 39th ACM SIGMOD-SIGACT-SIGAI Symposium on Principles
of Database Systems, 2020.

[40] S. Deep and P. Koutris. Compressed representations of conjunctive query results. In Pro-
ceedings of the 37th ACM SIGMOD-SIGACT-SIGAI Symposium on Principles of Database
Systems, pages 307–322, 2018.

[41] S. Deep and P. Koutris. Ranked enumeration of conjunctive query results. arXiv preprint
arXiv:1902.02698, 2019.

[42] G. Demartini, D. E. Difallah, and P. Cudré-Mauroux. Zencrowd: Leveraging probabilistic
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