PLMs for Data Preparation

——Fine-tune language models for single tasks
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Motivation

* The Dilemma of complex ML tasks (e.g.,NLP)

_
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Basic Concepts

CITwo types

Task-Specifc Model
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Main Difference

III

“Apple is really delicious”  “Apple phone is very usefu

iPhone 14 iPhone 14 Plus



Non-contextual Embeddings

[0 Learn good embeddings without much
considering the downstream task

» Skip-Gram: capture sementics using nearby words

Target Word

Predmmd .
| the [ quick | brown | fox [ over [ the | lazy | dog |
| | | |
\ \"‘ / \ .‘[. /

Context Word Context Word
Window Size=4

*
L = —logP(we,1,We2, ..., Weo|Wo) = — longP’(wc,ﬂwo)

=1



Contextual Embeddings

[dLearn contextual embeddings
[hy,hy, - Jhr] = fene(x1, X2, , X7)

h1<—>h2<—>h3<—>h4<—>h5

h; hy hs h, h-

PP I I

X1 Xo X3 X4 X5 X1 Xo X3 X4 X5
(b) Recurrent Model

(a) Convolutional Model

» Convolutional Model: Aggregate local info from neighbours
h; h h; h, h;
> Recurrent Model: Bi-directional LSTM, GRUs A S AN s TA S o e o)
| pwriiEe e T e N, )
e == T Sl e " S, TT TS LTS s S
X1 X9 X3 X4 X5

» Transformer:Model the relation of every two words
(c) Fully-Connected Self-Attention Model



Contextual Embeddings

CIBERT
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Masked Sentence A Masked Sentence B Question Paragraph
< *
\ Unlabeled Sentence A and B Pair / \\\ Question Answer Pair J
Pre-training Fine-Tuning
Pre-train:

» Masked LM: mask a random percentage of tokens and try to predict those masked tokens.

> Next Sentence Prediction: A—> B(50%)A 7> B(50%)

Fine-tune:

» Swapping out the appropriate input and outputs.
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Word Embeddings for Data Preparation

OEntity Matching

» As a core problem of data integration, entity matching is to determine

whether two data instances refer to the same real-world entity.
* E.g., matching products from two e-commerce websites

Table A Table B
‘ id ‘ name ‘ description price id name ‘ description | price ]
samsung 52 ' series 7 samsung 52 ' series 7 (@, by,?) b samsung In52a750 ...  dynamic contrast ratio
a, NULL == === = 1 2148.99
black flat ... black flat panel lcd ... (@, by, ?) 120hz 6ms respons ...
a ? ?
a, sony 46 ' bravia ... bravia z series ... NULL - 2 b, sony bravia ... ntsc 16:9 1366 x 768 ... 597.72
as linksys wirelessn ... security router ... NULL (as, b3, ?) by linksys wirelessg ... 54mbps NULL

Matched

Entity
Pairs
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Word Embeddings for Data Preparation

[ODeepER architecture

> Attribute embedding: Covert each pair of
attributes to a pair of embeddings

» Design space: word-based, character-
based, learned

» Attribute similarity: Summairze the
embedding pair to get the attribute 2. Attribute Similarity
similarity representation Representation

1. Attribute Embedding

* Design space: RNN, attention, hybrid

» Classification: Compute the entity
similarity representation.

3. Classification

* Design space: MLP

[[] Neural Network (NN)

NNs with the same
pattern share parameters

Attr 1 Attr 2 Attr 3
i Al o - N
o o g o o o
B & A A @ B
o o o o o o
o o e o o o
° o o e o } Sequences of Words
o
= 5 E
‘ 4 ‘
E E E —_— —_—— Sequences of
p— - = Word Embeddings
4 \ 4
' ‘ 4
— — — } Attribute Similarity
— } Entity Similarity
‘
\
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Word Embeddings for Data Preparation

Table 3: Results for structured data.

Model F, Score

Dataset SIF | RNN | Attention | Hybrid | Magellan | 11
BeerAdvo-RateBeer | 58.1 72.2 64.0 72.7 78.8 -6.1
iTunes-Amazon, 81.4 88.5 80.8 88.0 91.2 -2.7
Fodors-Zagats 100 100 82.1 100.0 100 0.0
DBLP-ACM, 97.5 98.3 98.4 98.4 98.4 0.0
DBLP-Scholar, 90.9 93.0 93.3 94.7 92.3 2.4
Amazon-Google 60.6 59.9 61.1 69.3 49.1 20.2
Walmart-Amazon, 65.1 67.6 50.0 66.9 71.9 -4.3
Clothing, 96.6 | 96.8 96.6 96.6 96.3 0.5
Electronics, 90.2 90.6 90.5 90.2 90.1 0.5
Home, 87.7 88.4 88.7 88.3 88.0 0.7
Tools, 91.8 93.1 93.2 92.9 92.6 0.6

Table 4: Results for textual data (w. informative attributes).
Model F, Score

Dataset SIF RNN | Attention | Hybrid | Magellan AF,
Abt-Buy 35.1 39.4 56.8 62.8 43.6 19.2
Clothing, 84.7 | 853 85.0 85.5 82.5 3.0
Electronics, 90.4 92.2 91.5 92.1 85.3 6.9
Home, 84.5 85.5 86.1 86.6 82.3 4.3
Tools, 92.9 94.5 93.8 94.3 90.2 4.3

Table 5: Results for textual data (w.o. informative attributes).
Model F, Score

Dataset SIF | RNN | Attention | Hybrid | Magellan | ~Fr
Abt-Buy 32.0 38.5 55.0 47.7 33.0 22.0
Company 71.2 85.6 89.8 92.7 79.8 12.9
Clothing, 84.6 | 84.4 84.6 84.3 78.8 5.8
Electronics, 89.6 90.4 90.8 91.1 82.0 9.1
Home, 84.0 84.8 83.7 85.4 74.1 11.3
Tools, 91.6 92.5 92.6 93.0 84.4 8.6




Word Embeddings for Data Preparation

O Column Type Annotation

» Annotate the type of each attribute in the relational table
» Consider the embeddings of both attributes and cell values.

1. Source Corpus 2. Sampled Dataset and Features 3. Training and Testing Set 4. Semantic Type Detection
[ ¥ ’
‘ Unseen
Column Header ;::z;in Feature Categories Features  Types Data
HE Character Distributions — — Country - '
% Country ]Nae Date = — 5
[ ! Nigeria  |M Buhari | 88-18-2018 Word Embeddings Fel '8 - Date .=~ Neural Network Model
[ ] Germany A Merkel 06-14-2015 = ] g ]
/ - Paragraph Vectors j Prediction
~ |Canada J Trudeau 07-20{2017 , Il :
T Feature Global Statlstlcs — Name Location: 0.9 I;redlcted J
olumn Values ¢ - tion Name: 0.7 ypes an

Year: 0.8 Confidences
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Word Embeddings for Data Preparation

O Column Type Annotation

» Multiple columns should be considered when annotating a column.

Single-
column

models location?

A [Docity? [ [ [ [ [ [ [

: birthplace? name birthdate occupation birthplace city country  population
7 R R R ?2?? ?7?? T ?7??
Florence Florence Nightingale 1820-05-12 Nurse Florence Florence Italy 380,948
Warsaw Marie Curie 1867-11-07 Chemist Warsaw Warsaw Poland 1,777,972
London Alan Turing 1912-06-23 Comp Scientist London London UK 8,825,000
Braunschweig Johann Gauss 1777-04-30 Mathematician ~ Braunschweig Braunschweig Germany 248,023

Table A: Influential people in history

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

Table B: Cities in Europe
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Word Embeddings for Data Preparation

O Column Type Annotation

» Multiple columns should be considered when annotating a column.

Sato
Structured _
Prediction Mul&-gggfmn
MoneI
l l Topic-aware Model X111
: Si ) : Column-wise
Single-column Topic
| — — —
‘ = = = (F:ggf[mg ITI?tZIr?t Feature
‘ — — — .
| — — — Extractor Estimator Extraction
— — — ]
I
- J
~




Word Embeddings for Data Preparation

Multi-column tables D, it

Macro average F;

Support-weighted F;

All tables D

Macro average F;

Support-weighted F

BASE

SATO
SATONOSTRUCT
S ATOnxoToric

0.642 +0.015

0.735 +0.022 (14.4%7)
0.713 +0.025 (11.0%1)
0.681 +0.016 (6.6%1)

0.879 +0.002

0.925 +0.003 (5.3%1)
0.909 +0.002 (3.5%1)
0.907 +0.002 (3.2%7)

0.692 +0.007

0.756 +0.011 (9.3%1)
0.746 +0.011 (7.8%7)
0.711 +0.006 (2.9%7)

0.867 +0.003

0.902 +0.002 (4.0%1)
0.891 +0.003 (2.8%1)
0.884 +0.002 (2.0%1)
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Contextual Embeddings for Data Preparation

Table A: Cand.idate:., .................................................................... Btk |\/|atc.hed
Pairs @ \ . _Pairs
| Serialize |
Blocker]-> —> 7 :»[ Matcher ]—>
A T [ InjectDK |} )
Table B: /1 y U T ]®  Train
I Sample | —\ '
& Label 4 " (Summarize J3-{ Augment ],
|
|

O Improvement
» Inject domain knowledge: Span typing, Span normalization

» Long entries summarization: Feed only the most informative tokens

Operator Explanation
» Data augmentation span_del Delete a randomly sampled span of tokens
span_shuffle Randomly sample a span and shuffle the tokens’ order
attr_del Delete a randomly chosen attribute and its value
attr_shuffle Randomly shuffle the orders of all attributes

entry_swap Swap the order of the two data entries e and e’




Contextual Embeddings for Data Preparation

Table 5: F1 scores on the ER-Magellan EM datasets. The numbers of
DeepMatcher+ (DM+) are the highest available found in [17, 23, 34]

or re-produced by us.

Ditro DitTO

Datasets DM+ DrtTO (DA) (DK) Baseline  Size
Structured
Amazon-Google 70.7 75.58 (+4.88)  75.08 74.67 74.10 11,460
Beer 78.8 94.37 (+15.57) 87.21 90.46 84.59 450
DBLP-ACM 98.45 98.99 (+0.54) 99.17 99.10 98.96 12,363
DBLP-Google 947  95.6 (+0.9) 95.73 95.80 95.84 28,707
Fodors-Zagats 100 100.00 (+0.0) 100.00 100.00  98.14 946
iTunes-Amazon 91.2 97.06 (+5.86) 97.40 97.80 92.28 539
Walmart-Amazon 73.6 86.76 (+13.16) 85.50 83.73 85.81 10,242
Dirty
DBLP-ACM 98.1 99.03 (+0.93) 98.94 99.08 98.92 12,363
DBLP-Google 93.8 95.75(+1.95) 9547 95.57 95.44 28,707
iTunes-Amazon 79.4 95.65(+16.25) 95.29  94.48 92.92 939
Walmart-Amazon 53.8 85.69 (+31.89) 85.49 80.67 82.56 10,242
Textual
Abt-Buy 62.8 89.33 (+26.53) 89.79 81.69 88.85 0.5975
Company 92.7 93.85(+1.15) 93.69 93.15 41.00 112,632
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Contextual Embeddings for Data Preparation
O Column Type Annotation

» Serialize the entire table into a sequence of tokens.

» Simultaneously identify column type and column relations.
* Relation (person, location) — birthplace

------------------------------------------------------------------------

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

------------------------------------------------------------------------

Flo : 71,3

1 () ’ 93
Output layer T Output layer T !
A | ' !
Output layer ( Output layer ) ( Output layer ) ! Relation ;
AF <\ <\ . 299 Relat
: ???
E'ycLsy| | Evat | |[Evai2| - |E2icLs) |E2vaia| - [E3fcLs)||E3vais| - [E'3sep) Y Y V
f T T ? f T T T ?2?? ?2?? ?2??
Transformer layer
: Val 1 Val 3 Val 5
Transformer layer
Val 2 Val 4 Val 6
Transformer layer
EqfcLs) | Etvait1 | Eqvaiz | - EZ[CLS] EZVIS E3[CLS] E3VI5 E3[SEP]

A 4 4
| . |_A_| \_A_I

____________________________________________________________

_______________________________________________________________
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Contextual Embeddings for Data Preparation

Table 3: Performance on the WikiTable dataset.

Method Col type Col rel
P R F1 P R F1
Sherlock 88.40 70.55 78.47 - - -
TURL 90.54 87.23 88.86 91.18 90.69 90.94
Dobuo 92.69 92.21 9245 | 9197 9147 91.72
TURL+metadata 92.75 92.63 92.69 92.90 93.80 93.35
Dobuo+metadata | 93.25 92.34 92.79 91.20 94.50 92.82

Table 4: Performance on the VizNet dataset.

Full Multi-column only
Method Macro F1  Micro F1 | MacroF1  Micro F1
Sherlock 69.2 86.7 64.2 87.9
Sato 75.6 88.4 i 92.5
Dobuo 84.6 94.3 83.8 96.4
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DL-based Entity Matching(Deep EM)

» The Framework of Deep EM :
* Feature Extractor converts entity pair (a,b) into d-dimensional vector-based

representation (feature).
* Matcher takes the feature of entity pair as input, and predicts whether they match

or not.
Gradients
Entity a
111 j=M(x) =M b
Feature Extractor Matcher
[T [T
Entity b Feature x (a) Deep ER /
M
b b @ match ,
Table A: entity a Table B: entity N
\ i F(ay, b1) © o ,O
| id ‘ title category ‘ brand | price ‘ id | title category | brand ‘ price ‘ s
a balt wheasel ... stationery ... balt 239.88 _((2_1’_1;1_’ %))_ b baltinc. ... laminating ... mayline 134.45 O O ) O
a, kodak esp ... printers NULL 58.0 '(a'ZI'bEIB)' b, kodak esp 7 ... kodak NULL 149.29 ) ‘ O O
3, Y3, ’
as hp q3675a ... printers hp 19484 =r-==-== bs hewlett ... cleaning repair hp NULL /
F (az; bZ) y S,
F(as, bs) non-match

Problem: DL-based methods need a large amount of labeled training data.

25



Opportunity of Reusing Well-Labeled EM Datasets

»There are many well-labeled entity matching datasets,

either public on the Web or available in enterprises
e E.g., Magellan datasets and WDC datasets

Magellan datasets

The 784 Data Sets for EM

These 24

Current Projects v

Useful Stuff v

Past Projects v

Courses v

Outreach & Funding v

‘Some results on these data sets were reported n o

) Name Domain
1 Rostauranisl  Restaurants
2 Bkes Bikes

3 Moviest Movies.

4 Moviesz Movies.

s Moviess Moves.

6 Movies4 Movis

7 Restauranis2 _ Restauranis
0 Elctonics _ Elct

B Music Music

10 Rostaurantsd  Restaurants
" Cosmatics | Cosmetics
12 Ebookst Ebo

@ Ebooks2  Ebooks

" Boor Boor

s Bookst Books

1 Books2 Books

" Anime. Anme

0 Booke3 Books

1o Movess Movios

£

2 Restauransé _ Restaurants
2 "

2 Ctations

tatons.
Baby Products sm Products

Can we reuse th

ur VLDB-16 paper.
‘Sources
A
Zomato Yoip 013
Bikedekno Bikowale 13488
Rotten Tomatoss | IMDB 9497
" ™o 10001
Roten

moB. Tomatoss |3091

wazon Tomatoss 3026
Zomato Yoip 7691

azon BestBuy 4260
unes Amazon Music 487
Yeip Yolow Pages 9958
Amazon Sephora 2115
unes eBooks 611
Tunes eBooks 761
BoorAdvocate  RatoBoer 100
Amazon Bamos & Noble 3507
Goodre Bames & Noble 3688
MyAnmeLst  Anime Planet 3192
Bames & Nobie  Half 2022
Roger Evert moB. s

wazon Bamos & Noble 8675
Yelow Pages Vel 386
Amazon Bames & Noble 7622

jo Scholar  DBLP. 36

Babes R'Us Buy Buy Baby |5099

UW-Madison, Fall 2015,

tasks, such as wrapper construction,

cass project

HTML Files
5135
9963
7437
867

3125

11007

ese

data cleaning,visualzatin, etc. More detals

Input Tabes

5882
002

10017

303

Candidate Set

entity

Laboled Data | targz
L

EEE

3

WDC datasets

WDC Product Data Corpus and Gold Standard for Large-
Scale Product Matching — Version 2.0

SITY
ANNHEIM

Ralgh Peeters
‘Aona Primpell

This page provides Version 2.0 of the WDC Product Data Corpus and Gold Standard for Large-scale Product Matching for public download. The g

product data corpus consists of 26 million product offers originating from 79 thousand websites. The offers are grouped into 16 million clusters of
offers referring to the same product using product identifiers, such as GTINs or MPNs. The gold standard consists of 4,400 pairs of offers that were manually verified as matches
or non-matches. For easing the comparison of supervised matching methods, we also provide several pre-assembled training and validation sets for download (ranging from 9,000
and 214,000 pairs of offers).

News

« 2020-11-19: The Product Matching Task (Task 1) of the MWPD Semantic Web Challenge presented at ISWC2020 was based on this data corpus. The new test set used for
evaluating the system submissions as well as the summary_and system papers (including results) of the challenge are now available.
* 2020-08-24: The paper Training_of BERT for Product Matching using Version 2.0 of the corpus has been accepted at the DI2KG workshop held in conjunction

with

* 2020-07-01: We will present the paper Using_schema.org. for Training_and Product Matchers using Version 2.0 of the corpus at the WIMS2020
conference.

+ 2020-03-19: The CIP for the Semantic Web Challenge@ISWC2020 "Mining the Web of HTML-embedded Product Data" has been announced. The WDC Product Data Corpus

and Gold Standard V2.0 will be used as training and evaluation resources for the Product Matching task.

2019-10-23: Version 2.0 of the WDC product data corpus, gold standard, and training sets released.

2019-08-19: We have uj product categorization within the English subset of the WDC product data corpus.

« 2019-05-04: A paper about the WDC Training Dataset and Gold Standard for Large-Scale Product Matching was presented at ECNLP2019 workshop in San Francisco.
« 2018-12-19: Initial version of the product data corpus, gold standard, and training dataset released.

Ta rlget

for a new\unlabeled EM datase}t ?

26



Directly Reusing Feature Extractor and Matcher
Trained on Labeled Source?

45 BS Source 7
o - Stepl: Getting the Feature Extractor
[ > o , O =P F and the Matcher M trained by
Labeloy labeled data.
Source Data F
2T BT F Step2: Mapping the unlabeled target
e data into the feature space.

F
Unlabeled
Target Data Step3: Predicting the target data with

M directly.
Feature Space L. The M fails to predict the target data

due to the distribution change or
domain shift of feature space.
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Distribution Change or Domain Shift

> Similar domains

* Source (Citation): DBLP-ACM (Title, Authors, Venue, Year)

» Target (Citation): DBLP-Scholar (Title, Authors, Venue, Year)
> Different domains

* Source (Music): iTunes-Amazon (Album Name, Artist Name, Song Name, Album
Price, ...)
» Target (Citation): DBLP-Scholar (Title, Authors, Venue, Year)

Training only with source vs. Training with target (F1)

| souce | Target | Trainingonly with source | Training with target

Similar domains DBLP-ACM DBLP-Scholar 77.8 95.6
Different domains iTunes-Amazon DBLP-Scholar 68.2 95.6

Can we better reuse the source?

28



Domain Adaptation (DA) for Deep EM

> Learn domain-invariant and discriminative features.

AS BS ? . . .
Domain-invariant :
reducing distribution

Labeled
Source Data F Change'
Discriminative :
AT BT F extracting discriminative
o information.
F
Unlabeled

Target Data

Whether DA can be used for EM tasks?

29



DADER Framework

» Feature Extractor and Matcher

» Feature Aligner: the key module to realize domain adaptation.

Entity a®

Entity bS

Labeled Source Data

—

Feature Extractor

Gradients

_ M 1/0
Matcher

xS

(a) Deep ER

#
Entity a

() Utilizing m{

unlabeled I

Entity bT

target data.

Feature Extractor

Unlabeled Target Data

xT

o}
T e I

(b) DA for Deep ER

Feature Aligner

(1) Training F and M

P> \vith labeled data.

(3) Adjusting F and M to
align distributions of

and target, such that F and
M can work on target.
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Representative Method: MMD (Discrepancy-based)

» Feature Aligner is a function to measure maximum mean

discrepancy.
During training, the Maximum Mean Discrepancy of
I source and target feature spaces is computed and
Entity aS ER abel: Cross Entropy reduced. The smaller the MMD, the more similar the
Oss M . . .
[TTT] ﬂ 1/0 distributions.
T |
Entity b° Shared R 1.\/.1?? .pmg
Weights Class2 ***°" e,
Entity aT X Y
[EED\\ MMD Class 1
] F [ ] toss LamLump(xSaT) J
TTT] p=s
Entity bT Non-parameters "...
@ D ":4 Maximum Mean Discrepancy
@&

| Feature Space

Lyump = MTP 1Exs s [$(x°)] = Eyr_p [9(x)]II;
H<1

Reproducing Kernel Hilbert Space
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Representative Method: InvGAN (Adversarial-based)

» Feature Aligner is a binary domain classifier to discriminate
source/target dataset.

Entity aS

[T TT]
[TTT]

Entity bS

Entity aT

[TTTF

Entity bT

ER label: Cross Entropy
Loss Ly

xS
1/0
ﬂ\

xT

Domain label: Cross
ﬁ Entropy
Loss Ly

\

During training, the optimization objective of
Feature Aligner is to minimize the domain
classification loss, while Feature Extractor is to
generate the indistinguishable features that
confuse Feature Aligner.

Generator Discriminator

Fake Money

r%}/i\r/(lmﬂng(f M, A) = Lm(F, M)+ BLA(F, ﬂ),

La = E,s_ps1og A(F(x%)) + Ey1_prlog(l— A(F(x1))),
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Experiment

Datasets

Discrepancy-

Adversarial-based

Reconstruction-

NoDA based based AF1

Source Target MMD | K-order GRL InvGAN | InvGAN+KD ED
Walmart-Amazon Abt-Buy 65.8 72.6 68.3 68.4 56.0 69.6 394 6.8
Abt-Buy Walmart-Amazon 56.9 711 62.0 66.3 47.5 63.5 45.7 14.2
Similar DBLP-Scholar DBLP-ACM 97.2 97.2 96.2 96.9 97.1 97.2 96.8 0.0
Domain DBLP-ACM DBLP-Scholar 77.8 91.5 88.9 84.2 92.1 92.3 90.5 14.5
Zomato-Yelp Fodors-Zagats 85.4 92.2 87.7 89.1 94.5 93.5 78.0 9.1
Fodors-Zagats Zomato-Yelp 47.6 64.5 72.6 49.6 29.7 75.0 0.0 27.4
RottenTomatoes-IMDB Abt-Buy 40.6 43.6 414 42.7 23.8 53.9 13.8 13.3
RottenTomatoes-IMDB Walmart-Amazon 38.4 41.5 41.9 49.0 35.1 49.4 30.7 11.0
Different iTunes-Amazon DBLP-ACM 80.3 94.5 86.9 921 57.7 94.4 77.5 14.1
Domain iTunes-Amazon DBLP-Scholar 68.2 86.9 80.4 85.4 59.6 89.1 42.8 20.9
Book2 Fodors-Zagats 49.6 91.5 78.2 84.2 93.5 934 78.1 43.9
Book2 Zomato-Yelp 67.4 73.0 68.0 54.0 63.3 81.8 19.7 14.4
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Data Matching Tasks

0 Data matching generally refers to the process of deciding
whether two data elements are the same (a.k.a. a “match”)

Data Elements Seven Common Data Matching Tasks

Stri " g cakllngi bithivle) o a ipti b (: :I-Iei:::“el)English Lake
i : lescription
N Ci A N Ci A | peak | ranking \ map \ guide \ ; L
% Dave Smith IAtI:r:;a% 5 I IDavi:ngriith”Atl::ta% 3 I [halinfel | 203 [ ne | fe | (HallinFell District surrounded on three
sides by Ullswater

Tu P le Ontology matching

ppm—— Entlty alignment oo a4 (Ontology) b4 (Ontology)

-entity, -enti .
numberOfEmponees Catalog-cornell Catalog-washington

lnceptlon
Column —— Zen- Studlos 2003 (College-of-Engineering] (’ College -of-Arts-and-
ocafion headquatersLocatlon Earth-and-Pftmospheric- Earth-and-Space-
(Pinball-FX) (Budapest ) ; ] . ]

Sciences Sciences
Ontology
(tree) String matching Column type annotation Schema matching
as(String) —— bs (String) as (Column)———bs (Ontology) a7 (Column) b7 (Column)
Knowledge 5938 chestnut st 5938 chestnut street I\;:I; G&’;‘I’:" ssx
5 philadelphia pa philadelphia pa Female F
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Existing Solutions

ODue to their importance, almost all matching tasks have been studied
for decades, and remain to be important research topics.

» DeepMatcher!l and Ditto!?! for entity matching, Hybrid[3] and TURL[ for entity
linking , HNN+P2Vec!®! for column type annotation, etc.

» Current solutions are task-specific or even dataset-specific

CllLimitations of the specific models
» The learned knowledge cannot be shared across different models

» One model has to be learned for each task or dataset, which is inefficient and has a
high monetary cost

[1] Mudgal S, Li H, et al. Deep learning for entity

H matching: A design space exploration. SIGMOD 2018.
TaSk Type m PrEVIOUS SOTA (Labels) [2] LiY, Li J, et al. Deep entity matching with pre-trained

language models. VLDB 2020.

Entlty Matching DBLP-Scholar 95.6 (22,965) [3] Efthymiou V, Hassanzadeh O, et al. Matching web
tables with knowledge base entities: from entity lookups
H H to entity embeddings. ISWC 2017.
Strlng MatChlng PrOdUCt 6718 (1’020) [4] Deng X, Sun H, et al. Turl: Table understanding

through representation learning. SIGMOD 2022.

Entlty Allgn ment SRPRS: DBP-WD 99.6 (4,500) [5] Chen J, Jiménez-Ruiz E, et al. Learning semantic

annotations for tabular data. [JCAI 2019.

Can we build a unified model that learns from multiple tasks/datasets?
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Unicorn: A Unified Model for Data Matching

CTask unification: A unified model to serve a

variety of data matching tasks
Matcher

H

Mixture-of-Experts
7y

O Multi-task learning: Enabling knowledge
sharing across multiple data matching, which

may even outperform specific models Encoder
(a,b)
. . . . . 9] nti atchin ntity Linkin ntity Alignmen
OZero-shot prediction: Making predictions for < I T N e
a NEW taSk Oor a new dataset With Zero 5— I;) Column Type Annotation String Matching
labeled matching/non-matching pairs £ £ (a,b) (a,b)
[¥]
= g Schema Matching Ont(ology Matching
a,b a,b
OBuilding such a unified model is hard f

Ontology Knowledge

» Heterogeneous formats: Data elements have
(tree) Graph Entity

different data formats

String Tuple Column

s 8
o ®

8 g
:nw
2 o

» Unique matching semantics: Tasks have
different data matching semantics
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A General Framework of Unicorn

(a) Multiple Data Matching tasks

Entity Matching Task Entity Linking Task Schema Matching Task 0/1

i &

Encoder i Y = I
, — : Entity Mixture-of-Experts o W
Pair-to-Text Serialization : Matching | X' \
- ' i feature alignment, . :
text x = S(a, b) : Entity ( g ) onm' @)
Pre-Trained LM = o Linking ! m | "'-
- : Schema i e
x = F(x) Uy ® ! '
+— Matching | VO
(b) Representations of data (c) Representations of data
pairs without feature alignment pairs with feature alignment

» Encoder converts any pair of elements with heterogeneous formats into a learned
representation x based on Pair-to-Text Serialization and Pre-trained Language Model

» Mixture-of-Experts (MoE) layer enhances the representation x into a better representation x”
with feature alignment

» Matcher predicts either 1/0 (match/non-match) by taking the above representation as input
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Table 4: The overall Result for Unified Prediction. Unicorn w/o MoE is a variant of Unicorn that has no MoE layer. Unicorn is our

Experiment

proposed framework with Encoder, MoE and Matcher. Unicorn ++ is improved with MoE optimization for Expert Routing,.

| Task Type | Task | Metric || Unicorn w/o MoE | Unicorn | Unicorn ++ || Previous SOTA (Paper) |
Walmart-Amazon F1 85.12 86.89 86.93 86.76 (Ditto [25])
DBLP-Scholar F1 95.38 95.64 96.22 95.6 (Ditto [25])
Entity Matching Fodors-Zagats F1 97.78 100 97.67 100 (Ditto [25])
iTunes-Amazon F1 94.74 96.43 98.18 97.06 (Ditto [25])
Beer F1 90.32 90.32 87.5 94.37 (Ditto [25])
Efthymiou Acc. 98.08 98.42 98.44 90.4 (TURL [7])
Column Type Annotation T2D Acc. 98.81 99.14 99.21 96.6 (HNN+P2Vec [4])
Limaye Acc. 96.11 96.75 97.32 96.8 (HNN+P2Vec [4])
e T2D F1 79.96 91.96 92.25 85 (Hybrid I [16])
Entity Linking Limaye F1 83.12 86.78 87.9 82 (Hybrid 11 [16])
Address F1 97.81 98.68 99.47 99.91 (Falcon [35])
Names F1 86.12 91.19 96.8 95.72 (Falcon [35])
String Matching Researchers F1 96.59 97.66 97.93 97.81 (Falcon [35])
Product F1 84.61 82.9 86.06 67.18 (Falcon [35])
Citation F1 96.34 96.27 96.64 90.98 (Falcon [35))
Qi A FabricatedDatasets | Recall 81.19 89.6 89.35 81 (Valentine [22])
& DeepMDatasets Recall 66.67 96.3 96.3 100 (Valentine [22])
Ontology Matching | Cornell-Washington | Acc. 90.64 92.34 90.21 80 (GLUE [11])
N [ — SRPRS: DBP-YG Hits@1 99.46 99.67 99.49 100 (BERT-INT [44])
yAle SRPRS: DBP-WD | Hits@1 97.11 97.22 97.28 99.6 (BERT-INT [44])
| AVG 90.8 94.21 94.56 || 91.84
| Model Size 139M 147M 147M || 996M




Outline

O Challenges and Open Problems
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Open Problems of PLMs

O Automatic domain knowledge injection

» Can we automatically identify and collect domain
knowledge in the wild?

[0 Data cleaning

» Can the contextual embeddings generated by PLMs benefit
various data cleaning tasks?

[0 Domain-adaptive data augmentation

» Can we synthesize labeled data by considering the domain
adaption problem?
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Thanks
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DADER Design Space

» Feature Extractor: RNN, LMs
» Matcher: MLP

» Feature Aligner: Discrepancy-based, Adversarial-based,
Reconstruction-based

Modules Categorization
Feature Extractor (I) Recurrent neural network (RNN)
() (II) Pre-trained language models (LMs)
Matcher Multi-layer Perceptron (MLP)
M)
: (a) MMD
(1) Discrepancy-based () K=order
Feature
Aligner (<) GRL
(;) (2) Adversarial-based (d) InvGAN
(e) InvGAN+KD
(3) Reconstruction-based (f) ED




Representative Method: MMD (Discrepancy-based)

» Feature Aligner is a function to measure maximum mean

discrepancy.
During training, the Maximum Mean Discrepancy of
I source and target feature spaces is computed and
Entity aS ER abel: Cross Entropy reduced. The smaller the MMD, the more similar the
Oss M . . .
[TTT] ﬂ 1/0 distributions.
T |
Entity b° Shared R 1.\/.1?? .pmg
Weights Class2 ***°" e,
Entity aT X Y
[EED\\ MMD Class 1
] F [ ] toss LamLump(xSaT) J
TTT] p=s
Entity bT Non-parameters "...
@ D ":4 Maximum Mean Discrepancy
@&

| Feature Space

Lyump = MTP 1Exs s [$(x°)] = Eyr_p [9(x)]II;
H<1

Reproducing Kernel Hilbert Space
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Representative Method: InvGAN (Adversarial-based)

» Feature Aligner is a binary domain classifier to discriminate
source/target dataset.

Entity aS

[T TT]
[TTT]

Entity bS

Entity aT

[TTTF

Entity bT

ER label: Cross Entropy
Loss Ly

xS
1/0
ﬂ\

xT

Domain label: Cross
ﬁ Entropy
Loss Ly

\

During training, the optimization objective of
Feature Aligner is to minimize the domain
classification loss, while Feature Extractor is to
generate the indistinguishable features that
confuse Feature Aligner.

Generator Discriminator

Fake Money

r%}/i\r/(lmﬂng(f M, A) = Lm(F, M)+ BLA(F, ﬂ),

La = E,s_ps1og A(F(x%)) + Ey1_prlog(l— A(F(x1))),
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Representative Method: ED (Reconstruction-based)

» Feature Aligner is a decoder to reconstruct the initial data for

source and target.

. ﬂ ER label: Cross Entropy
S
Entity a Loss Ly
[LTT] 10
F M
Entity bS x5
Shared
Weights
Entity aT o
- H ’
Entity bT Reconstruction: Cross
ﬁ Entropy
Loss Ly

v

During training, the auxiliary reconstruction task
can ensure the shared Feature Extractor (encoder)
to extract important and shared information from
both domains.

One example of Encoder-Decoder (ED) Architecture: Bart

[CLS] balt wheasel --- 239.88 [SEP] balt 134.45 [SEP]
[icLs) [ Tok, | [Tok, ] ... [ Tok ] [1sEP) [ Toki, |
[ Decoder: Auto-regressive Transformer Layers ]

1‘ hidden representation

A A
l I

| [ l [ [ l
[ Encoder: Transformer Layers ]

|E[CLS]|| E1 ” E2 || Ei ||E[SEP]||Ei+1|
A A A A A A

(icLs]) [ Toki | [ Tok, ] ... [ Tok | [ISEP] [ Toks, |
[CLS] balt wheasel --- 239.88 [SEP] balt 134.45 [SEP]

Lrec = E,_psypT | LeE(A(F(x)), x) ]
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