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Motivation

Entities invaluable asset for numerous current
applications and systems
Encode a large part of our knowledge

Many names, descriptions, or IDs (URIs)

Plethora of different “entities” have
the same name
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Motivation

Entity Resolution is required for data integration, link discovery,

L

- Goal remains the same for the last 50+ years

query answering, Web / object-oriented searching, etc.

BUT the challenges to be addressed are constantly evolving
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Entity Resolution

* |dentifies and aggregates the different entity profiles that
describe the same objects [1, 2, 3, 4]

 Primary usefulness:

— Improves data quality and integrity

— Fosters re-use of existing data sources
 Example application domains:

— Linked Data

— Building Knowledge Graphs

— Census data

— Price comparison portals
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Types of Entity Resolution

* The given entity collections can be of two types:
+ [3,5]

— Duplicate-free data
— E.g., DBLP, ACM Digital Library, Wikipedia, Freebase

— Contain duplicate entity profiles

—E.g., Google Scholar, CiteseerX
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Types of Entity Resolution

* Based on the quality of input, we distinguish entity
resolution into 3 sub-tasks:

1. Clean-Clean ER (a.k.a. Record Linkage in databases)

2. Dirty-Clean ERT_ Equivalent to Dirty ER
3. Dirty-Dirty ER -/ (a.k.a. Deduplication in databases)
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Generation 1: Tackling Veracity

| schema |

| Alignment —

— — — —

Blocking [—> Matching —)l CIustering:

Earliest approach
Scope:

— Structured data

Goal:

— Achieve high accuracy despite inconsistencies, noise, or
errors in entity profiles

Assumptions:
— Known schema — custom, schema-based solutions




Step 1: Schema Alignment / Matching

* Scope:
— Record Linkage

e Goal:

— Create mappings between equivalent
attributes of the two schemata, e.g., profession
= job

* Types of Solutions:

— Structure-based

— Instance-based

— Usage-based

— Hybrid

Generation 1: Tackling Veracity




Step 1: Schema Alignment / Matching

 Taxonomy of Main Schema Matching Methods
(in chronological order)

Cupid [1] Structure-based Name similarity, Constraints,
Contextual similarity

Similarity Flooding [2] Structure-based Name similarity, Contextual
similarity

COMA [3] Hybrid Name similarity, Constraints,
Contextual similarity

Distribution-based [4] Instance-based Value distribution

5gER
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| _Schema_ ]

Step 2: Blocking e [

Blocking

—>

Matching

C

—)IL Clustering |

—

* Scope:

— Both Deduplication and Record Linkage

e Goal:

— ER is an inherently quadratic problem, O(n?):
every entity has to be compared with all others

— Blocking groups similar entities into blocks

 Comparisons are executed only inside each block

* Complexity is now quadratic to the size of the block

(much smaller than dataset size!)

Generation 1: Tackling Veracity




Computational cost

Brute-force

h Blockin
Input: ,‘.approac 8

Entity Collection E

Duplicate

Pairs

|E| entities

E.g.: For a dataset with
100,000 entities:
~101° comparisons,

If 0.05 msec each —
>100 hours in total

|E| entities
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General Principles of Blocking

1. Represent each entity by one or more signatures
called blocking keys

— Focus on string values
2. Place into blocks all entities having the same or
similar blocking key

3. Two matching profiles can be detected as long as
they co-occur in at least one block

— Trade-off between recall and precision!

Genera tion 1: Tackling Veracity




Taxonomy of Blocking Methods [1]

Key Type | Redundancy | Matching Key selection
awareness | awareness

Standard Blocking [2] Hash-based Red.-free Static Non-learning
Suffix Arrays [3] + [4,5] Hash-based Red.-positive Static Non-learning
Q-grams Blocking [6] + [4] Hash-based Red.-positive Static Non-learning
MFIBlocks [7] Hash-based Red.-positive Static Non-learning
Sorted Neighborhood [9] + [4,10] Sort-based Red.-neutral Static Non-learning
Duplicate Count Strategy [11] Sort-based Red.-neutral Dynamic Non-learning
Sorted Blocks [12] Hybrid Red.-neutral  Static Non-learning
ApproxDNF [13] Hash-based Red.-positive Static Learning-based
Blocking Scheme Learner [14] Hash-based Red.-positive Static Learning-based
CBlock [15] Hash-based Red.-positive Static Learning-based
FisherDisjunctive [16] Hash-based Red.-positive Static Learning-based
5gER
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Genealogy Tree of Non-learning Blocking Methods [1]

Standard Blocking (SB) [2]

Suffix Arrays
Blocking (SA) [3]

—

Extended SA [4] Improved SA
[5]

Sorted
Neighborhood (SN)

[9]

Sorted Blocks
[12]

Extended SN [4] Accumulative

Adaptive SN
[10] Sorted Blocks
Q-gr:ams Duplicate Incrementally New Partition
Blocking [6] Count Strategy Adaptive SN [12]
(DCS) [11] [10] Sorted Blocks
New Partition
[12]
Extended Q-grams MFIBlocks pcsy+ [11]
Blocking [4] [7]
5gER
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]

. Schema ] . . .
Ste p 3 : M atCh I ng :_Alig:ment I—) Blocking —>| Matching —)IL Clustering |

— — — — = —

e Estimates the similarity of candidate matches.

* Input
— A set of blocks
* Every distinct comparison in any block is a candidate match

* Qutput
— Similarity Graph
* Nodes — entities
* Edges - candidate matches

* Edge weights - matching likelihood (based on
similarity score)
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Evolution of Matching

Active Learning Methods [1,2]
T

Supervised Methods [3,4]

Probabilistic Methods [5,6] Unsupervised Methods [7,8]

\/

Learning-based Methods Collective Methods [9,10,11]

A

Rule-based Methods [6]

All are heavily based on string similarity measures [6].

Generation 1: Tackling Veracity




I Schema

. ] , . .
Step 4: Clustering  Agmens [~>] 2478 [ Mating [ csters|

1

* Partitions the matched pairs into equivalence clusters
i.e., groups of entity profiles describing the same
real-world object

* Input
— Similarity Graph:
* Nodes - entities
* Edges - candidate matches

* Edge weights - matching likelihood (based on similarity
score)

* Qutput
— Equivalence Clusters

5gER
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Clustering Algorithms for Record Linkage

Relies on 1-1 constraint
— 1 entity from source dataset matches to 1 entity from target dataset

1. Unique Mapping Clustering [1][2]
— Sorts all edges in decreasing weight

— Starting from the top, each edge corresponds to a pair of duplicates if:
* None of the adjacent entities has already been matched
* predefined threshold < edge weight

2. Row-Column Clustering [3]
— efficient approximation of the Hungarian Algorithm

3. Best Assignment Clustering [4]

— efficient, heuristic solution to the assignment problem in unbalanced
bipartite graphs

4. Exact Clustering [7]
— each entity is matched with its reciprocally most similar entity

5. Kiraly Clustering [7]

— efficient solution to the stable marriage problem
e -
Generation 1: Tackling Veracity




Clustering Algorithms for Deduplication

e A wealth of literature on
clustering algorithms

* Requirements:
— Partitional and disjoint Algorithms

* Sometimes overlapping may be
desirable
— Goal: Create sets of clusters that
* maximize the intra-cluster
weights
* minimize the inter-cluster edge
weights

Generation 1: Tackling Veracity

Clustering Algorithms

O\

Supervised Unsupervised
(Extrinsic) (Intrinsic)

Hierarchical

Non-Exclusive EX.CI_USII'VE
(Overlapping) (Disjoint)

Classification of clustering algorithms
[6]

5gER
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Dirty ER Clustering Algorithms Characteristics [3]

* Most important feature “Unconstrained algorithms”

— Algorithms need to be able to predict the correct number of
clusters

Need to scale well
— Time complexity < O(n2)

Need to be robust with respect to characteristics of the data
— E.g., distribution of the duplicates

Need to be capable of finding ‘singleton’ clusters
— Different from many clustering algorithms

* E.g., algorithms proposed for image segmentation

5gER
(courtesy of Oktie Hassanzadeh)
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Summary of Experimental Results [3]

Robustness Against

- c >

ERR= - =

= | zg3| 28 |92 |28

d 228 | &g |28 |25
Partitioning High Low Low Low High
CENTER High High Low Low High
MERGE CENTER High High Low Low High
Star Medium High Low Low High
SR Low Medium High High Low
BSR Low Low High High Low
CR Low High Medium | High High
OCR Low High Medium | High Low
Correlation Clustering Low High Low Low High
Markov Clustering High High Medium | Medium High
Cut Clustering Low Low Low Low High
Articulation Point High Medium Low Low High
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Generation 2: Tackling Volume and Veracity

| “Scherna P

Schema . . . o
|Alignment |—> Blocking —> Matching —)l CIustermgI

— — — — — — —

 Same workflow as Generation 1
* Scope:

— (tens of) millions of structured entity profiles
* Goals:

— High accuracy despite noise
— High time efficiency despite the size of data

* Assumptions:
— Known schema — custom, schema-based solutions

e




Solution: Parallelization

Two types:

* Multi-core parallelization
— Single system - shared memory
— Distribute processing among available CPUs

* Massive parallelization
— Cluster of independent systems
— Map-Reduce paradigm [1]
e Data partitioned across the nodes of a cluster

* Fault-tolerant, optimized execution

* Map Phase: transforms a data partition into (key, value)
pairs
* Reduce Phase: processes pairs with the same key

Generation 2: Tackling Volume & Veracity




Parallelization Methods per Step

* Blocking

e Dedoop [2]
 MapReduce-based Sorted Neighborhood [3]

* Matching

— Multi-core approaches [7][8]

— MapReduce-based: Emphasis on load balancing
* BlockSplit & PairRange [4][5]
e Dis-Dedup [6]
* Message-passing framework [9]
* Clustering

e Fast Multi-source Entity Resolution (FAMER) framework
[10][11]
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G3: Tackling Variety, Volume and Veracity

T erhen
| schema Block | Block | .
—
| Clustering i Building | | Processing | Matching

— — — —]

\ 4

Clustering

* Scope:

— User-generated Web Data

Voluminous, (semi-)structured datasets.
e BTCO9: 1.15 billion triples, 182 million entities

Users are free to add attribute values and/or attribute names
unprecedented levels of schema heterogeneity.

e Google Base: 100,000 schemata for 10,000 entity types

e BTC09: 136,000 attribute names




Example of Web Data

DATASET 1

/ Entlty 1

acronym=unicef

headquarters=Cakftrnia

name=United Nations Children’s Fund

\ address=Los Angeles, 91335

name=Ann Yeneman

Entity 2 /

~

oose Schema
Bindin

Split
values

position=unicef

address=Calif,

Attribute
Heterogeneity

ZipCode=90210 Ay

N

Generation 3: Tackling Variety, Volume & Veracity

Noise

DATASET 2
Entity 3

organization=unicef
California

tatus=active

Los Angeles, 91335

Entity

first e=Ann
lastName=Veneman

residence=California

zip_code=90201

5gER
ICWE 2024
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Block | |  Block

SC h ema CI u Ste ri N g | CI_uste_rinir) Building _ﬁirtﬁ,sﬁ_ng_ll—) Matching [->{ Clustering

 Schema Matching - not applicable

* |nstead, partition attributes according to their syntactic
similarity, regardless of their semantic relation

Goal:
— Facilitate next steps

* Scope:
— Both Clean-Clean and Dirty ER

Attribute Clustering [1][2][3]

* Create a graph, where every node represents an attribute
* For each attribute name/node n,
* Find the most similar node n;
* If sim(n;n;) >0, add an edge <n;,n>
— Extract connected components
— Put all singleton nodes in a “glue” cluster

Generation 3: Tackling Variety, Volume & Veracity




Block Block

| S _ .
B | OCk B U I | d | n g LCI:stZI:::g |_) Building _)| _ansﬂg_!—’ Matching [—>{ Clustering

* Unlike Blocking in G1/G2, it considers all attribute
values and completely ignores all attribute names

— schema-agnostic functionality

* Core approach: Token Blocking [1]

1. Given an entity profile, extract all tokens that are
contained in its attribute values.

2. Create one block for every distinct token with
frequency > 2 - each block contains all entities with the

corresponding token.

Pros:
e  Parameter-free
. Efficient

* Unsupervised

5gER

ICWE 2024 I
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Example of Token Blocking

DATASET 1

name=United Nations Children’s Fund

|

acronym=unicef

|

headquarters=California

_

Entity 2

name=Ann VYeneman

address=California

/” Entity 1 \

<«

position=unicef <

unicef

DATASET 2
Entity 3

organization=unicef
hdq=California

status=active

Entity 4
firstName=Ann
lastName=Veneman

residence=California

California

Ann

Generation 3: Tackling Variety, Volume & Veracity

Veneman

5gER
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Genealogy of Block Building Techniques [8]

Token Blocking (TB) [1]

Attribute  RDFKeyLearner [6] TYPiMatch [4]
Clustering

Blocking [2] Prefix-Infix(-Suffix) Blocking

[3]

Semantic Graph
Blocking [5]

MapReduce-based parallelizations in [7]

Generation 3: Tackling Variety, Volume & Veracity




| Schema Block I Block

. ] . .
B I OC k P rOCESSI ng LCI_us’ﬂinir) Building _:T_P"Es-"i_"g_!_) Matching [->{ Clustering

* High Recall due to redundancy

* Low Precision due to:
1. the blocks are overlapping - redundant comparisons

2. high number of comparisons between irrelevant entities
- superfluous comparisons

Solution:

restructure the original blocks so as to increase
precision at no significant cost in recall

5gER
Generation 3: Tackling Variety, Volume & Veracity ICWE 2024
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Block Processing Techniques

Generic approach
— Assign a matching likelihood score to each item
— Discard items with low costs

Block-centric methods
* Block Purging [1,2,3]
* Block Filtering [4]

* Block Clustering [5]

Generation 3: Tackling Variety, Volume & Veracity




Comparison Cleaning Methods [17]

Spectral Neighborhood Comparison Transitive
(SPAN) [15] Propagation [6] LSH [16]
Comparison
Pruning [7] \
Weighted Edge Comparison
Pruning (WEP) [8] Scheduling [14]
Ca rd‘inality Edge Weighted Node Low Entity Co-occurrence
w Pruning (WNP) [4,8] Pruning (LECP) [13]
Extended Canopy Cardinality Node . Can‘opy - BLAST (11} Large Block Size
Clustering [9,10] Pruning (CNP) [4,8] ustering [12] Low Block Co-occurrence Pruning (LBSP) [13]
l Reciprocal Weighted Pruning (LBCP) [13] CooSlicer [13]
Reciprocal Cardinality ~ Node Pruning (ReWNP) [4] l

Node Pruning (ReCNP) [4] Low Block Co-occurrence

Excluder (LBCE) [13]

5gER
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| Schema Block I Block

(] . 'I
E nt Ity IVI atC h I ng |_C|_uste_rini|_) Building _)l_P“ES-"i_"g_!_) Matching [—>{ Clustering

* Collective approaches to tackle Variety
* Most methods crafted for Clean-Clean ER
 General outline of
SiGMa [1], PARIS [2], LINDA [3], RIMOM-IM [4,5]
— Bootstrap with a few reliable seed matches.

— Using value and neighbor similarity, propagate initial
matches to neighbors.

— Order candidate matches in descending overall similarity

— lteratively mark the top pair as a match if it satisfies a
constraint

— Recompute the similarity of the neighbors
— Update candidate matches order

* MinoanER [6] performs a specific number of steps,
rather than iterating until convergence
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| Schema Block I Block

. o ] . '
E nt I ty CI u Ste rl n g |_ C'_USEirEI_) Building _)I_Prffﬁii_ng_!_) Matching [—>{ Clustering

 Methods of G1 & G2 are still applicable

— Only difference: similarity scores extracted in a
schema-agnostic fashion, not from specific
attributes

e SplitMerge [1]

— inherently capable of handling heterogeneous
semantic types

[1] M. Nentwig, A. GroRR, and E. Rahm. Holistic entity clustering
for linked data. In ICDM Workshops, pages 194-201, 2016.

Generation 3: Tackling Variety, Volume & Veracity




Schema Clustering References

1. G. Papadakis, E. loannou, T. Palpanas, C. Niederée, W. Nejdl. A Blocking
Framework for Entity Resolution in Highly Heterogeneous Information Spaces.
IEEE Trans. Knowl. Data Eng. 25(12): 2665-2682 (2013)

2. G.Simonini, S. Bergamaschi, H. V. Jagadish. BLAST: a Loosely Schema-aware
Meta-blocking Approach for Entity Resolution. PVLDB 9(12): 1173-1184 (2016)

3. G. Papadakis, L. Tsekouras, E. Thanos, G. Giannakopoulos, T. Palpanas, M.
Koubarakis. The return of JedAl: End-to-End Entity Resolution for Structured and
Semi-Structured Data. PVLDB 11(12): 1950-1953 (2018)

Generation 3: Tackling Variety, Volume & Veracity




Block Building References

1.

G. Papadakis, E. loannou, C. Niederée, P. Fankhauser. Efficient entity resolution for large
heterogeneous information spaces. WSDM 2011: 535-544

G. Papadakis, E. loannou, T. Palpanas, C. Niederée, W. Nejdl. A Blocking Framework for
Entity Resolution in Highly Heterogeneous Information Spaces. IEEE Trans. Knowl. Data
Eng. 25(12): 2665-2682 (2013)

G. Papadakis, E. loannou, C. Niederée, T. Palpanas, W. Nejdl. Beyond 100 million entities:
large-scale blocking-based resolution for heterogeneous data. WSDM 2012: 53-62

Y. Ma, T. Tran. TYPiMatch: type-specific unsupervised learning of keys and key values for
heterogeneous web data integration. WSDM 2013: 325-334

J. Nin, V. Muntés-Mulero, N. Martinez-Bazan, and J. Larriba-Pey. On the use of semantic
blocking techniques for data cleansing and integration. In IDEAS, pages 190-198, 2007.
D. Song and J. Heflin. Automatically generating data linkages using a domain-independent
candidate selection approach. In ISWC, pages 649-664, 2011.

V. Christophides, V. Efthymiou, K. Stefanidis. Entity Resolution in the Web of Data.
Synthesis Lectures on the Semantic Web: Theory and Technology, Morgan & Claypool
Publishers 2015.

George Papadakis, Dimitrios Skoutas, Emmanouil Thanos, Themis Palpanas: A Survey of
Blocking and Filtering Techniques for Entity Resolution. CoRR abs/1905.06167 (2019)

Generation 3: Tackling Variety, Volume & Veracity




Block Processing References — Part |

1. G. Papadakis, E. loannou, C. Niederée, P. Fankhauser. Efficient entity resolution for large
heterogeneous information spaces. WSDM 2011: 535-544

2. G. Papadakis, E. loannou, T. Palpanas, C. Niederée, W. Nejdl. A Blocking Framework for
Entity Resolution in Highly Heterogeneous Information Spaces. IEEE Trans. Knowl. Data
Eng. 25(12): 2665-2682 (2013)

3. G. Papadakis, E. loannou, C. Niederée, T. Palpanas, W. Nejdl. Beyond 100 million

entities: large-scale blocking-based resolution for heterogeneous data. WSDM 2012: 53-
62

4. G. Papadakis, G. Papastefanatos, T. Palpanas, M. Koubarakis. Scaling Entity Resolution
to Large, Heterogeneous Data with Enhanced Meta-blocking. EDBT 2016: 221-232

5. J. Fisher, P. Christen, Q. Wang, E. Rahm. A Clustering-Based Framework to Control Block
Sizes for Entity Resolution. KDD 2015: 279-288

6. G. Papadakis, E. loannou, C. Niederée, T. Palpanas, W. Nejdl. Eliminating the
redundancy in blocking-based entity resolution methods. JCDL 2011: 85-94.

7. G. Papadakis, E. loannou, C. Niederée, T. Palpanas, W. Nejdl. To compare or not to
compare: making entity resolution more efficient. SWIM 2011.: 3.

8. G. Papadakis, G. Koutrika, T. Palpanas, W. Nejdl. Meta-Blocking: Taking Entity
Resolutionto the Next Level. IEEE Trans. Knowl. Data Eng. 26(8): 1946-1960 (2014).

9. P. Christen. A Survey of Indexing Techniques for Scalable Record Linkage and
Deduplication. IEEE Trans. Knowl. Data Eng. 24(9): 1537-1555 (2012).

10. G. Papadakis, G. Alexiou, G. Papastefanatos, G. Koutrika. Schema-agnostic vs Schema-
based Configurations for Blocking Methods on Homogeneous Data. PVLDB 9(4): 312-
323 (2015).

Generation 3: Tackling Variety, Volume & Veracity




Block Processing References — Part |l

11. G. Simonini, S. Bergamaschi, H. V. Jagadish. BLAST: a Loosely Schema-aware
Meta-blocking Approach for Entity Resolution. PVLDB 9(12): 1173-1184 (2016)

12. A. McCallum, K. Nigam, L. H. Ungar. Efficient clustering of high-dimensional data
sets with application to reference matching. KDD 2000: 169-178.

13. D. C. Nascimento, C. E. S. Pires, and D. G. Mestre. Exploiting block co-occurrence
to control block sizes for entity resolution. Knowledge and Information Systemes,
pages 1-42, 2019.

14. G. Papadakis, E. loannou, T. Palpanas, C. Niederée, and W. Nejdl. A blocking
framework for entity resolution in highly heterogeneous information spaces. IEEE
TKDE, 25(12):2665-2682, 2013.

15. L. Shu, A. Chen, M. Xiong, and W. Meng. Efficient spectral neighborhood blocking
for entity resolution. In ICDE, pages 1067-1078, 2011.

16. R.C. Steorts, S. L. Ventura, M. Sadinle, and S. E. Fienberg. A comparison of
blocking methods for record linkage. In Privacy in Statistical Databases, pages
253-268, 2014.

17. George Papadakis, Dimitrios Skoutas, Emmanouil Thanos, Themis Palpanas: A Survey

of Blocking and Filtering Techniques for Entity Resolution. CoRR abs/1905.06167
(2019)

Generation 3: Tackling Variety, Volume & Veracity




Entity Matching References

1. S. Lacoste-Julien, K. Palla, A. Davies, G. Kasneci, T. Graepel, Z. Ghahramani.
SIGMa: simple greedy matching for aligning large knowledge bases. KDD 2013:
572-580

2. F. M. Suchanek, S. Abiteboul, P. Senellart. PARIS: Probabilistic Alignment of
Relations, Instances, and Schema. PVLDB 5(3): 157-168 (2011)

3. C.Bohm, G. de Melo, F. Naumann, and G. Weikum. LINDA: distributed web-of-
data-scale entity matching. In CIKM, pages 2104-2108, 2012.

4. J.Li,J. Tang, Y. Li, and Q. Luo. Rimom: A dynamic multistrategy ontology
alignment framework. TKDE, 21(8):1218-1232, 2009.

5. C.Shao, L. Huy, J. Li, Z. Wang, T. L. Chung, and J.-B. Xia. Rimom-im: A novel
iterative framework for instance matching. J. Comput. Sci. Technol., 31(1):185—
197, 2016.

6. V. Efthymiou, G. Papadakis, K. Stefanidis, and V. Christophides. MinoanER:
Schema-agnostic, non-iterative, massively parallel resolution of web entities. In
EDBT, pages 373—-384, 2019.

Generation 3: Tackling Variety, Volume & Veracity




G4: Tackling Velocity, Variety, Volume and Veracity

* Scope:
— Applications with increasing data volume and time
constraints

* Loose ones (e.g., minutes, hours) - Progressive ER
e Strict ones (i.e., seconds) - Real-time (On-line) ER

* End-to-end workflows for Progressive ER

I_Sch_em:-I . g ... L : . _J—___|
I_Michi—ng_!_’ Blocking >| Prioritization > Matching Clu_st(-:-:ng_I
(a) SEIER T E PR PP E
| “schema | Block | |  Block | , v . \ ] \ .
I_C'Liteﬂg_!_) Building | Processing I—> Prioritization [—>| Matching [ Clustering
(b) 5gER
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Progressive Entity Resolution

Unprecedented, increasing volume of data - applications
requiring partial solutions to produce useful results

may require some
pre-processing

Generation 4: Tackling Velocity, Variety, Volume and Veracity

# Matches Found

get most of the benefit
much earlier

v

# Compartsors 5gER
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Outline Progressive ER

* Requires:
— Improved Early Quality
— Same Eventual Quality

* Prioritization
— Defines optimal processing order for a set of entities
— Static Methods [1,2]:

e Guide which records to compare first, independently of Entity Matching
results

— Dynamic Methods [3]:

* If ¢;;is a duplicate, then check ¢;,; ; and ¢;

i1 jj+1 @s well.

* Assumption:
— Oracle for Entity Matching

Generation 4: Tackling Velocity, Variety, Volume and Veracity




Taxonomy of Static Prioritization Methods

Standard Blocking ]
Sorted Suffix Arrays l
Neighborhood Blocking Token Blocking ®
(SN) (SAB) | - 8
Meta-blocking
(Blocking Graph)
§ i v - Hierarchy " Ordered
_'.? Proirse;swle =l of Record > List of
g B ( ) [1] Partitions - Records
g (HRP) [1,4] . (OLR)[1]
N el S A M A U
_g Schema-Agnostic P;‘ogressEls\lle ?(L_“cf'x
T | PSN (SA-PSN) [2] rrays Blocking a-
z (SA-PSAB) [2] 3
_E _,_ ————————————————————— S Emm E Em § s mm e —J( ——————————— L u(%
8 \ 4 . . . 2,
) Local SA-PSN . . - Progressive S
o _ . . -
& (LS-PSN) [2] . . . Block .
£ g Scheduling
S | £ (PBS) [2] Progressive
L4 o ¥ .
= Profile
(GS-PSN) [2] i i : (PPS) [2]
Comparis'on-based Block-based Profile-based Hybrid 5gER
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Real-time Entity Resolution

Same workflow as Generations 1 and 2:

| “Scherna P

Schema
| Alignment —

Blocking [—> Matching —)l CIustering:

— — — — — — —

Same scope (so far):
e Structured data

Different input:
e stream of query entity profiles

Different goal:

* resolve each query over a large dataset in the shorted
possible time (& with the minimum memory footprint)

Generation 4: Tackling Velocity, Variety, Volume and Veracity




Techniques per workflow ster

Incremental Blocking

 DySimll [1] - extends Standard Blocking
 F-DySNI [2,3] - extends Sorted Neighborhood
* (S)BlockSketch [4] - bounded matching time, constant memory footprint

Incremental Matching

e QDA [5]-SQlL-like selection queries over a single dataset

* QuERYy [6] - complex join queries over multiple, overlapping, dirty DSs
* EAQP [7] - queries under data

* Evolving matching rules [8]

Incremental Clustering

* Incremental Correlation Clustering [9]
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G5: Leveraging External Knowledge

Applies to any of the previous generations
— No change in the end-to-end workflows

Performance improves by incorporating one of

the three types of contextual information:
1. Human common sense through crowd-sourcing
— Open web data through:
2. Pre-trained Language Models (PLMs)
3. Large Language Models (LLMs)

PLMs apply to both blocking and matching,
unlike crowd-sourcing and LLMs, which apply
exclusively to matching

e




Crowd-sourcing

* Process/work divided among a large number of people,
either paid or unpaid

* |dea: tasks are simple for human intelligence, but
complex for computers

* Approach:

— Break a problem into microtasks, called Human Intelligence
Tasks (HITS)

— Choose an online community

* Amazon Mechanical Turk

e Figure Eight (former CrowdFlower)
— Assign to every individual, called worker, a series of HITs
— Each worker is paid per executed HIT - monetary cost

— Popular for solving many tasks, e.g., CrowdDB 5QER
ICWE 2024
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https://www.mturk.com/
https://www.figure-eight.com/

Crowd-sourcing for Entity Resolution

* Delegate the entity matching decisions to the workers
i.e., transform pairwise comparisons into HITs

* Challenges:
1. Generating HITs: CrowdER [8], ZenCrowd [9]

2. Formulating HITs:
Pair- & cluster-based [8], Hybrid [10], Crowdlink [14]

3. Balancing accuracy and monetary cost:
Random ordering [3], probabilistic question selection [2], Edge- and
node-centric ordering [1], maximize progressive recall [4], adaptive
crowd-based deduplication [12], attribute labeling and clustering [15],
partial-order based framework [17], bDENSE [18], probabilistic ER
with crowd errors [11, 16], and pair-wise error correction layer [13]

4. Restricting the labor cost:
Corleone [5], Falcon [6], and CloudMatcher [7]

5gER
ICWE 2024
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Embeddings

* Based on the distributional hypothesis

i.e., words appearing in the same context share meaning

 Each word is represented as a distribution of weights
(positive or negative) across specific dimensions

* Goal: capture semantic d-dimension
string similarities

* Popular embeddings
pre-trained over huge
corpora:
- Word2Vec [5]
- Glove [6]
- fastText [7]

5gER
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Deep Learning

» Specific class of Machine Learning / Data Mining

e Teaches computers to do what comes naturally to
humans: learn by example

 Goal: learn a complicated function from the data

e |deal for complex tasks involving multi-dimensional data
like the embedding vectors of PLMs

 Has transformed many fields, e.g., computer vision,
speech recognition, natural language processing, etc.

— Similar performance, or even better, to human expert
performance Recurrent network

e Detailsin [1]

—— output layer
input layer \ Y 4 (class/target)
hidden layers: “deep” if > 1




Initial Approaches of Deep Learning

SEMPROP [2] for
— Semantic + syntactic matcher

AutoBlock [3] for

— Combines similarity-preserving representation learning

with nearest neighbor search

- DeepMatcher [8], Multi-Perspective Matching [9],
and DeepER [4] for
— Attribute embedding, summarization, and comparison
— Dee p Lea rni ng SOl Utlo ns Architecture module Options
Granularity: Training:
Attribute embedding {1} Word-based (3) Pre-trained
. (2) Character-based {4) Learned
(1) Attribut (1) Heuristic-based (2) ENN-based
° FOI IOWI ng a p p roa C h es \ttribu 5;1111]111;111'11‘11:[:111 (3) _-ijL:;]]iil[:nnjl;n?ed L-:J;_!- H'_rl:-l'i?jmf
;1::]]:+ ::ltf: (1) Fixed distance (cosine, Euclidean)
— I m p Frove wea kn esses i’l:"}':l-';‘it‘-ﬂ.liltiﬂ:] {2) Attribute (2) Learnable distance (concatenation,
i comparison element-wise absolute difference,
element-wise multiplication)
Classifier NN (multi-layer perceptron)




HierGAT [10]

 Weaknesses of existing initial approaches
— Assume all words / attributes are equally important

— Don’t consider that words from different domains may
have different meanings

* Create and process resolution using a
 Encodes entities, attributes, and words
» Captures related relationships

Assigns different weights given category

e -




Unicorn [11]

 Weaknesses of existing initial approaches:

— Task-specific solutions that disable the opportunities
for generalization or sharing learnt knowledge

1: match or 0: non-match

* Proposed a unified model for 1
“data matching” task in data | e
integration e
— Encoder: converts pair (a,b) Ef(f)
into a learned representation : IR
— Mixture-of-Experts: enhances R (h) (S)gﬁg)
the learned representation into EE{—“*. S |
a better representation 2 OO R
— Matcher: binary classifier m wm* ——
E a Eﬁ e = (tree) Graph Entity




Sudowoodo [12]

 Weaknesses of existing initial approaches:
— Require creating large-scale, high quality labeled datasets

— Require separate modeling, annotation, and
experimentation for each (sub) task of the process

e Contrastive learning: self-supervision approach that
learns data representations where similar data items are
close while different ones are far apart

— Done by pre-training a representation model

This fine-tuned model is used to generate the
embeddings.

The learned representations either directly used or
facilitate fine-tuning to support different tasks. sgex




CollaborEM [13]

 Weaknesses of existing initial approaches

— Require a large number of labeled pairs
— Insufficient feature discovery

* Generate labeled tuple pairs construct a graph that

— |s the smallest, i.e., with fewer nodes and edges than
graphs of other approaches

— Preserves the semantic relationships between each tuple
and its corresponding attribute values and between

different tuples via shared Sims 2 glamour Tife

value-level nodes g L stuff pack

_:—"'-'-F.-FF

€] 'ﬂﬂ"ufamfz aspyr media

Price
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Large Language Models (LLMSs)

. Core idea: ask a chatbot whether a given pair of
entity descriptions are matching or not
- each question is called “prompt”

. Challenge:
- Unlike PLMs, the embedding representation is

transparent
- They constitute interactive approaches that are
sensitive to the form of the prompt

. Solutions:
- Prompt engineering!

e




Basic prompt engineering [1]

Three parameters that can be configured independently:

1. Problem definition:
— "Are Product A and Product B the same?“ OR
— "Are Product A and Product B equivalent?"

2. In-context learning:
— zero shot OR

— few shot
« Random Selection or
 Manual Selection by experts

Yes Yes Task Output

Foundation Model Foundation Model

3 E N t i ty S e ri a I i Za t i O n: Is there an error in Country? Is there an error in Country? Task Description
| ) Country: USA, City: Miami? No Task
- W |t h a | | att r| b utes O R Country: Spain, City: Paris? Yes  Demonstrations
5 g Country: England, City: Kyoto? Country: England, City: Kyoto?  Task Input
— with a subset of attributes v o e,

Conclusions for GPT3-175B:
— Few shot outperforms zero shot to a significant extent
— Attribute selection is better than using all attributes
— Problem definition can have a large impact

— Comparable performance with DL-based matching algorith@ﬁEngR

2024
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Fine-grained prompt engineering [2]

Three parameters that can be configured independently:

1. Problem definition

— General (they refer to entities)
— Domain specific (they refer to entity types, e.g., products)

2.Language
— Simple (e.g., do two entities match?)
— Complex (e.g., do two entities refer to the same real-world product?)

3 O ut p ut Task Desc. Do the following two product descriptions match?
— Free (no output specifications) Demonstr-  Product 1: ‘Title: DYMO D119 mm x 7 m’
ations Product 2: ‘Title: Dymo D1 (19mm x 7m — BoWw)’

— Forced (e.g., reply "Yes" or "No")

4. Entity Serialization

— Single attribute
— Multiple attributes

Answer Yes.

Task Desc. Do the following two product descriptions match?

Demonstr-  Product 1: Title: DYMO D1 Tape 24mm’

ations Product 2: ‘Title: Dymo D1 19mm x 7m’
5.In-context learning Answer  No.
— Zero shot Task Desc. Do the following two product descriptions match?
— Few shot Task Input  Product 1: ‘Title: DYMO D1 — Roll (1.9¢cm x 7m)’

° examples selection Product 2: ‘Title: DYMO D1 Tape 12mm x 7m’

— atrandom, by expert or by context similarity
* number of examples (e.g., 6, 10 or 20)

6. Ir'\structlf)ns with matching rules SgER
7. Fine-tuning




Fine-grained prompt engineering — Part Il

Conclusions using 6 LLMs:

3 hosted:
1. gpt3.5-turbo-0301
2. gpt3.5-turbo-0613

3. gpt4-0613

3 open-source:
1. SOLAR 70B
2. Beluga2

3. Mixtral-8x7B

Main takeaways:

1
2
3
4
5

. No prompt consistently outperforms all others

. Open-source LLMs have similar effectiveness with hosted ones

. LLMs comparable with DL-based matchers even in zero-shot settings
. Few shot and instruction-based prompts outperform zero shot

. Fine-tuning significantly improves effectiveness




Prompt strategies [3]

Three different approaches:
1. Match strategy:

Pair-wise questions (as in previous works)

2. Comparison strategy:

Given two entities, find the most similar to a specific entity.

3. Selection strategy:

Given k candidates for a specific
entity, identify the matching one

or none of them.

Do these two records refer to the same real-world entity?

(1) Cruzer Force USB Flash Drive 32GB Type-A 2.0 Chrome

(2) Sandisk USB Flash Drive 32GB Cruzer Glide 2.0/3.0

LLM Responsefy[s} (a) Matching

Which of these two records is more consistent with the given record:
Cruzer Force USB Flash Drive 32GB Type-A 2.0 Chrome
(A) Sandisk USB Flash Drive 32GB Cruzer Glide 2.0/3.0
(B) Pendrive Sandisk Cruzer Force - SDCZ71-032G-B35

(RN [e 3= Record B (b) Comparing

Select a record from the following list that refers to the same real-
world entity as the given record:

Cruzer Force USB Flash Drive 32GB Type-A 2.0 Chrome

(1) Sandisk USB Flash Drive 32GB Cruzer Glide 2.0/3.0

(2) Pendrive Sandisk Cruzer Force - SDCZ71-032G-B35

(3) Sandisk Extreme Pro 3.1 Solid State Flash Drive 128GB

(4) Kingston DataTraveler G4 32 GB USB-stick

LLM Response {11 W (¢) Selecting




Batch Prompting [4]

- Goal: reduce the cost of hosted LLMs, which charge in proportion to the
number of input tokens, through batching, i.e., multiple pairwise
guestions with the same demonstrations.

- BatchER options:

— Question Batching

based on PLMs or structure-aware similarities like Jaccard similarity or edit
distance

* Random
* Similarity-based (using clustering algorithms like DBScan and K-Means )
* Diversity-based (using one pair from each similarity-based cluster)
— Demonstration selection
* Fixed
* Top-k batch, i.e., the k most relevant demonstrations per batch
* Top-k question, i.e., the most relevant demonstration per pair in the batch

* Covering-based, i.e., for each pair in the batch, there is a demonstration with
distance lower than a threshold

« Conclusions:

— Batch prompting outperforms standard prompting both to effectiveness
and cost

— Best performance corresponds to Diversity-based Question Batching with
Covering-based Demonstration Selection
e
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Our tool for ER — pyJedAl!

| pyJedAl

« Alibrary of end-to-end ER workflows leveraging the Filtering-Verificaton
framework

« pyledAl is an open-source Python framework, supporting both experts and
novice users, that is leverages the latest breakthroughs in Deep Learning
and NLP techniques, which are publicly available through the data science
ecosystem

« Available at: https://github.com/Al-team-UoA/pyledAl,

- Extends theJed | tool that is implemented in Java
(available at: https://github.com/scify/JedAlToolkit)



https://github.com/AI-team-UoA/pyJedAI
https://github.com/scify/JedAIToolkit

pyJedAl Architecture
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5gER
ICWE 2024
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3 main Workflows

Data Similarity Entity Data Writing
. P . > = .
Reading Join Clustering & Evaluation
(a) ¢--filtering'=§ §verification-4
Data A Schema N Block Block Comparison o) Entity Entity X Data Writing
Reading Matching Building Cleaning Cleaning Matching Clustering & Evaluation
(b) - filtering================- - verification=-====—- 4
Data N . . Entity Entity Data Writing
. > Vect t —> Ind —> —> . —> . —> .
Reading ectorization ndexing Querying Matching Clustering & Evaluation

(<) -—————————— filtering====m===m==== 4 - verification-===~- =

(a) Joins-based workflow
(b) Blocking-based workflow
(c) NN-based with embeddings workflow

5gER
ICWE 2024
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Blocking-based workflow

D t s h q q I q ‘ it
ata | | Schema | J Block Block Comparison | Prioritization Entity Entity | | Data Writing

Reading | |Clustering| |Building | |Cleaning| | Cleaning Matching | |Clustering | |& Evaluation

% Link to tutorial:

https://pyjedai.readthedocs.io/en/latest/tutorials/CleanCleanER.html

5gER

ICWE 2024 I



https://pyjedai.readthedocs.io/en/latest/tutorials/CleanCleanER.html

NN-based with embeddings workflow

Data | | Schema Block | | Block Comparison | | Entity Data Writing
Reading| |Clustering Building Cleaning Prioritization| |Matching| |& Evaluation

% Link to tutorial:

https://pyjedai.readthedocs.io/en/latest/tutorials/pyTorchWorkflow.html

e



https://pyjedai.readthedocs.io/en/latest/tutorials/pyTorchWorkflow.html

Joins-based workflow

Data Similarity Entity Data Writing

2
Reading Join Clustering & Evaluation

L 3

% Link to tutorial:

https://pyjedai.readthedocs.io/en/latest/tutorials/SimilarityJoins.html

5gER
ICWE 2024
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https://pyjedai.readthedocs.io/en/latest/tutorials/SimilarityJoins.html

Install pyJedAl
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Conclusions

Most promising works focus on:

1. Deep Learning
® Pros:
— High accuracy
* Cons:
— High training time
— Too many training instances

2. Crowd-sourcing
* Pros:
— High accuracy
* Cons:

— High monetary cost
— Not scalable to very large datasets

e




Challenges

Many challenges ahead
e Address shortcomings of Deep Learning

— e.g., transfer learning for reducing labelling cost
* Cover gaps

— e.g., incremental ER for semi-structured data

e New domains

— e.g., adapt aforementioned techniques to privacy-
preserving Entity Resolution

e




ER Systems

e Literature focuses on stand-alone methods

* More emphasis on end-to-end systems
— Examples: Magellan [1], JedAl [2]
— Partially cover the 4 generations

— More efforts meeting the following requirements
[1,3]:
* open-source, extensible systems
* process data of any structuredness
no coding! for users
guidelines for creating effective solutions
covers the entire end-to-end pipeline exploit
a wide range of techniques




Automatic Configuration

Facts:

* Several parametersin every method
— Applies to all generations and workflow steps

* Performance sensitive to internal configuration
 Manual fine-tuning required

Open Research Directions:
* Plug-and-play methods
e Data-driven configuration




Introduction
Generations; 15t 2nd 3rd Ath gth
Hands-on Session
Challenges &

time for
additional
- questions

Final Remarks

Thank youl! Oksl0

information & material r I
related to the tutorial E

is available online https://edu.nl/97bsv
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