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Structuring Text into Knowledge Graph

Given “LeBron James is returning to Miami Heat...”
. Find fact tuple: (LeBron James, is returning to, Miami Heat)

is returning to

i .. ® |
for ® :
® 1
Scientific literature Scientific knowledge graph i | eBron
Unstructured Structured | James )

Named entities




Science |IE: Conditional Statements

“We showed that extracellular acidic pH reduces the activity of TRPV5/V6
channels, whereas alkaline pH increases the activity of TRPV5/V6 channels

in Jurkat T cells.”

Fact tuple 1: (extracellular acidic pH, reduces, {TRPV5/V6 channels: activity})
Fact tuple 2: (alkaline pH, increases, {TRPV5/V6 channels: activity})
Condition tuple: (TRPV5/V6 channels, in, Jurkat T cells)

“During T lymphocyte activation as well as production of cytokines, ...”

Condition tuple 1: (-, during, {T lymphocyte: activation})
Condition tuple 2: (-, during, {cytokines: production})



Three-Level Scientific KGs

Fact tuple 1: (extracellular acidic pH, reduces, {TRPV5/V6 channels: activity})
Fact tuple 2: (alkaline pH, increases, {TRPV5/V6 channels: activity})
Condition tuple: (TRPV5/V6 channels, in, Jurkat T cells)

fact }onditian
fact
suby. Di obj.

suby. oby.
redu

subj. /— oby.
INncre

extracellula alkaline ' TRPV5/V6 Jurkat T
r acidic pH pH channels cells




Three-Level Scientific KGs (cont’d)

“During T lymphocyte activation as well as production of cytokines, ...”
Condition tuple 1: (-, during, {T lymphocyte: activation})
Condition tuple 2: (-, during, {cytokines: production})

fact
condition
condition

obj. duri duri obj.

( T lymphocyte ! ( cytokines !




Sequence Labeling for IE

input\
We | showed |that|extracellular|acidic] pH |reduces|the|activity | of | TRPV5/V6 [channels| ,
O O O /I'B-f1C\I-f1C I-f1C B-fZP\O B-f3A | O B-f3C I-f3C | O
output1 “Begin” / \ “Concept” I “Pri edicatex “object”

“ : 7] “r elatlon 7 “A ttl’ IbU te 7
“tact” subject

—

whereas|alkaline| pH |increases|the|activity| of | TRPV5/V6 | channels | in | Jurkat cells | .
O O O O O] O |O O @) @) O [O] O |O

Fact tuple 1: (extracellular acidic pH, reduces, {TRPV5/V6 channels: activity})



Multi-Output Sequence Labeling

We | showed |that|extracellular|acidic] pH |reduces]|the|activity | of | TRPV5/V6 [channels| ,
O O O B-f1C I-f1C|I-f1C| B-f2P | O | B-f3A | O B-f3C I-f3C | O

O O O O O O O O O O O O O

O O O O O O O O O O O O O

whereas|alkaline| pH |increases|the|activity| of | TRPV5/V6 | channels | in [Jurkat| T | cells | .
O O O O O] O |O O O O O |O] O |O

O B-f1C |i.sic| B-f2P | O | B-f3A| O B-f3C I-f3C O O |O] O |O

O @) O O O O O B-c1C -c1C B-c2P B-c3C I-c3C |-c3C| O

Fact tuple 1: (extracellular acidic pH, reduces, {TRPV5/V6 channels: activity})
Fact tuple 2: (alkaline pH, increases, {TRPV5/V6 channels: activity})
Condition tuple: (TRPV5/V6 channels, in, Jurkat T cells)




Sequence Labels

[ N localhost

B-f1C [ I-f1C B-c1C |[1-c1C

We | showed = that  extracellular acidicpH = reduces = the | [
activity | of ~ TRPV5/V6 channels | , whereas = alkalinepH | i B-f1A | I-1A B-c1A I-c1A

increases | the | activity | of =~ TRPV5/V6channels | in | B-f2P | |-f2P B-c2P I-c2P

Jurkat | ;J cells | . ' merge token(s) into a span | B_f3C I—fSC B'CSC I'C3C
J ) ) e

| Add a fact I _J [ Save for statement ] B-f3A | I-f3A B-c3A |-c3A

open slots for a new tuple ! idrag spans into slots 2’ save annotations | O

— subject —— relation — object ———

concept attribute concept attribute . 3 rt t t
Factl:| | alkalinepH || NIL || increase | TRPV5/\V6...|| activity | expert annotators
Fact2: | |extracellul..|| NIL || reduces ||TRPV5/VE..|| activity | « 31 PubMed paper abstracts (docs)
Condition 1: | TRPV5/V6...|| NIL || in | Jurkat Tc... || | e > 30 minutes per anno. per doc

336 statement sentences
« 756 fact tuples
* 654 condition tuples

10



More Signals from Massive Data

« Unlabeled data
« 15,544,338 documents
* 140,949,399 statement sentences

 Feature extraction
* Tokenization

. Part.of-spesch tagging
. Pirase TKDE’18
* Phrase mining ,
. C t detection C oncept ACL’20sub
oqcep e ectio H(ConceptXT elation) KDD’18c, TextGraphs’19
R D (entity X Qitribute X Value X Estart X tend) WWW’19a, FEVER20
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Multi-Input Multi-Output Sequence Labeling

whereas|alkaline| pH |increases|the|activity| of | TRPV5/V6 | channels | in |Jurkat| T |cells | .
NNS NN |[NN| VBZ ([DT| NN |IN NNP NNS IN' | NNP [nnp| NNS | .
O B-P |I-P| O Ol B-A|O B-C |-C O | B-C |I-C| I-C |O

O O O
O B-f1C |[¢1c| B-f2P | O [ B-f3A| O B-f3C |-f3C O O |0 O (O
O @) @) O O O O B-c1C -c1C B-c2P) B-c3C I-c3C [-c3C| O

MIMO (BiLSTM/BERT)
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Evaluation

Token Label Prediction (%)

R

F1 / fact, cond.

Tuple Extraction (%)

R

F1 / fact, cond.

Allennlp OpenlE (Stanovsky et al. 2018) - - _ 42.60 | 38.22 40.29/ -, -

Stanford OpenlE (Angeli et al. 2015) - - _ 47.11 41.62 4419/ -, -

Structured SVM (Tsochantaridis et al. 2015) 32.68 | 25.80 | 28.83/32.76,24.71 | 47.62 | 46.15 | 46.87/45.01, 48.72
CREF (Lafferty et al. 2001) 60.07 | 41.92 | 49.37/56.23,41.87 | 65.19 | 62.44 | 63.78 /64/07, 63.44
BILSTM-LSTMd (Zheng et al. 2017) 61.00 | 56.26 | 58.53/65.16,51.78 | 71.57 | 66.55 | 68.97 /69.51, 68.41
MO (BILSTM based) - - - 71.80 | 72.34 | 72.07/72.39, 71.73
MIMO (BiLSTM based) 67.80 | 58.24 | 62.66/66.67,58.58 | 75.35 | 74.67 | 75.01/74.91,75.10
BERT-BILSTM 70.07 | 70.19 |70.13/74.30,65.88 | 78.64 | 73.67 | 76.08/76.14, 75.99
MO (BERT based) - - - 77.38 | 79.19 | 78.27/76.74, 79.89
MIMO (BERT based) 75.91 71.08 | 73.41/76.01,70.75 | 81.06 | 80.53 | 80.79/79.94, 81.64
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Case Study

increased in vitro pre-mature-

SUbj stmt5 using senescence mode
- M\

fact -condition /  obj

: - stmt10 from  obl .
incubation _— ] e des-fluoro-anacetrapib-
A 1ac conaition

cell prolifer o . . treated animals

polycystic kidney disease
Oy, e stmt1  in obj.
inhibition‘ — fact ndition cell proliferation

cetuximab -himotuzumab
MiR-199a-5p

stmt8 o‘d'/‘
L Ghiorin e6-PDT

VPA treatment
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Case Study (cont’d)

OGD exposure sub Increase stmt4 in
' FACT @ oo i @ PC12cells
stmt10 in

RNAi-mediated

knockdown P S obj. Mouse granulosa cells
- o ' FACT ‘TCONDITION
apoptosis regulation _
L . stmt 1 e . Endoplasmic
inhibition - ©__FACT @CONDITIONo > ‘2."® Reticulum Stress

S o
att \é | |
< % 5 via ) . )
. . | | b«
calcium influx <. obJ cerebral ischemia

stmt 8
i, FACT CONDITIO _
pre-ischemic W%_, O subj. hippocampal CAS3 cells

reduce after
concept§/aﬂributes prgdicates stmts predi‘cates concept§/attributes

Y

facts conditions
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Two Works

« Extracting conditional statements for biomedical literature
(KDD’19, EMNLP’19, TCBB)

« Extracting experimental evidence for data science (WWW’20)

Experimental
Evidence

Scientific
Statement
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Motivation

PPDSparse: A Parallel Primal-Dual Sparse Method for Extreme Classification
by CMU, UT Austin, Pentuum [KDD 2017]

Data Metrics FastXML | PfastreXML | SLEEC | PDSparse | DiSMEC | PPDSparse
Amazon-670K Ttrain 5624s 6559s 20904s 174135s 921.9s
Ntrain=490449 P@1 (%) 33.12 32.87 35.62 43.00 43.04

Nies=153025 P@3 (%) 28.98 29.52 31.65 MLE 38.23 38.24
D=135909 P@5 (%) 26.11 26.82 28.85 34.93 34.94
K=670091 model size 4.0G 6.3G 6.6G 8.1G 5.3G

Ttest /Ntest 1.41ms 1.98ms 6.94ms 148ms 20ms

WikiLSHTC-325K Ttrain 19160s 20070s 39000s 94343s 271407s 353s
Ntrain=1778351 P@1 (%) 50.01 57.17 58.34 60.70 64.00 64.13
Nies:=587084 P@3 (%) 32.83 37.03 36.7 39.62 42.31 42.10
D=1617899 P@5 (%) 24.13 27.19 26.45 29.20 31.40 31.14
K=325056 model size 14G 16G 650M 547M 8.1G 49G
Ttest/Ntest | 1.02ms 1.47ms 4.85ms 3.89ms 65ms 290ms

Delicious-200K Ttrain 8832.46s 8807.51s 4838.7s 5137.4s 38814s 2869s
Ntrain=196606 P@1 (%) 48.85 26.66 47.78 37.69 44.71 45.05

Ntest=100095 P@3 (%) 42.84 23.56 42.05 30.16 38.08 38.34
D=782585 P@5 (%) 39.83 23.21 39.29 27.01 34.7 34.90
K=205443 model size 1.3G 20G 2.1G 3.8M 18G 9.4G

Ttest/Ntest 1.28ms 7.40ms 2.685ms | 0.432ms 311.4ms 275ms
AmazonCat-13K Ttrain 11535s 13985s 119840s 2789s 11828s 122.8s
Nirain=1186239 P@1 (%) 94.02 86.06 90.56 87.43 92.72 92.72

Niesr=306782 P@3 (%) 79.93 76.24 76.96 70.48 78.11 78.14
D=203882 P@5 (%) 64.90 63.65 62.63 56.70 63.40 63.41
K=13330 model size 9.7G 11G 12G 15M 2.1G 355M

Ttest/Ntest 1.21ms 1.34ms 13.36ms 0.87ms 0.20ms 1.82ms
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Motivation (cont’d)

AnnexML: Approximate Nearest Neighbor Search for Extreme Multi-label Classification
by Yahoo Japan Corporation [KDD 2017]

Dataset AnnexML SLEEC FastXML PfastreXML  PLT PD-Sparse | Most common
P@1 | 0.9355 0.8919  0.9310 0.8994 09147  0.8931 0.2988
AmazonCat-13K  P@3 | (.7838 0.7517  0.7818 0.7724 0.7584  0.7403 0.1878
P@5 | 0.6332 0.6109  0.6338 0.6353 0.6102  0.6011 0.1486
P@1 | 0.8650 0.8554  0.8295 0.8263 0.8434  0.7771 0.8079
Wikil0-31K P@3 | 0.7428 0.7359  0.6756 0.6874 0.7234  0.6573 0.5050
P@5 | 0.6419 0.6310  0.5770 0.6006 0.6272  0.5539 0.3675
P@1 | 0.4666 04703  0.4320 0.3762 0.4537  0.3437 0.3873
Delicious-200K  P@3 | 0.4079 0.4167  0.3868 0.3562 0.3894  0.2948 0.3675
P@5 | 03764 0.3888  0.3621 0.3403 0.3588  0.2704 0.3552
P@1 | 0.6336 0.5557  0.4975 0.5810 0.4567  0.6126 0.1588
WikiLSHTC-325K P@3 | 0.4066 0.3306  0.3310 0.3761 0.2913  0.3948 0.0603
P@5 | 0.2979 0.2407  0.2445 0.2769 0.2195  0.2879 0.0380
P@1 | 0.6386 0.5839  0.4934 0.5891 - - 0.1529
Wikipedia-500K P@3 | 0.4269 0.3788  0.3351 0.3937 - - 0.0583
P@5 | 03237 0.2821  0.2586 0.3005 - - 0.0368
P@1 | 0.4208 0.3505  0.3697 0.3919 0.3665  0.3370 0.0028
Amazon-670K P@3 | 0.3665 0.3125 0.3332 0.3584 0.3212  0.2962 0.0027
P@5 | 0.3276 0.2856  0.3053 0.3321 0.2885  0.2684 0.0023
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Motivation (cont’d)

Dataset (%) SLEEC FastXML | PfastreXML | PDSparse
AmazonCat P@1 || 90.56/89.19 | 94.02/93.10 | 86.06/89.94 | 87.43/89.31
-13K P@3 || 76.96/75.17 | 79.93/78.18 | 86.06/77.24 | 87.43/74.03

P@5 || 62.63/61.09 | 64.90/63.38 | 63.65/63.53 | 56.70/60.11
Delicious P@1 || 47.78/47.03 | 48.85/43.20 | 26.66/37.62 | 37.69/34.37
-200K P@3 || 42.05/41.67 | 42.84/38.68 | 23.56/35.62 | 30.16/29.48

P@5 || 39.29/38.88 | 39.83/36.21 | 23.21/34.03 | 27.01/27.04
WikiLSHTC P@1 || 58.34/55.57 | 50.01/49.75 | 57.17/58.10 | 60.70/61.26
-325K P@3 || 36.70/33.06 | 32.83/33.10 | 37.03/37.61 | 39.62/39.48

P@5 || 26.45/24.07 | 24.13/24.45 | 27.19/27.69 | 29.20/28.79
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Motivation

On dataset, method makes a metric <'1:| Experimental Literature survey
of XXX (score) on the task. evidence Component Method design
Definition
Usagel

What are the datasets we can use? /?esear ch study

How do people evaluate the methods? Extre.me

What is the “state-of-the-art”? (multi-label) Recommender ... ..

@ Goal classification systems

/ Research problems
Experimental Evidence Extraction System i Data Science

with Hybrid Table Features and Ensemble Learning

Develop a computational method to build the system
» Feature extraction

» Learning strategies
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PDFs in
Digital Libraries

4 IEEE

ELACL 1=
N

o

System Pipeline

Tables in PDF

(ACM TIST 2011)
Table Iil. Performance Comparisons (A Smaller MAE or RMSE Value Means a Better Performance)
Mrainingy o] =5
Data UserMea NMF | PMF | TCF
90%

1.77%
(07T
2.18%

0.7026 | 0.7022 | 0.6992 | 0.6988

05008

Tag | 05627 | 05628 | 0.5597 | 0.5503
[0:7207

Douban

ot || 07081 | 0.7078 | 07016 | 0.7042
(05767

Taay || 05706 | 05702 | 0569 | 0.5685

O i | oo | 071 | orias
ST

1.33%
LT
3.20%

08290 | 0.8287 | 0.8255 | 0.8256

10792 | 10790 | 10744 | 1.0739
. 08193 | 0.8491 | 0.8147
TTT760 [ 1

5% [2os7| 110161 | 11013 l,omm

[1Best ine vs the prop
[ ] Conflictil papers

Epinions

MAE on Epini (80%
RMSE on Epinit (80%

Experimental Result

Database (ERD

A B (c D E

Method  Dataset  Metric Score  Source

10 UserMean Epinions  MAE 0.9319 TOIS11-paper7-table3
11 UserMean MAE  |0.9285 TIST11-paper3-table3

12 UserMean Epinions MAE  0.9285 WSDM11-paperl2-table5

=
109 ItemMean Epinions  RMSE |1.1973 TOIS11-paper7-table4

110 ItemM RMSE |1.2584 TIST11-paper3-table3
111 ItemMean Epinions RMSE 1.2584 WSDM11-paperl12-tableS
112 Trust RMSE  1.2132 TIST11-paper3-table3
113 NMF Epinions RMSE |1.1832 TOIS11-paper7-table4
114 NMF Epinions RMSE |1.1832 TIST11-paper3-table3
115 NMF RMSE 1.1832 WSDM11-paper12-table5
116 SVD Epinions RMSE 1.1812 TOIS11-paper7-table4
117|TCF RMSE 11761 TIST11-paper3-table3
118 PMF Epinions RMSE |1.1760 TOIS11-paper7-table4
119 PMF Epinions RMSE |1.1760 TIST11-paper3-table3
120 PMF RMSE 11760 WSDM11-paperl12-table5
121 SoRec RMSE  1.1492 TOIS11-paper7-table4
122 RSTE Epinions  RMSE |1.1256 TIST11-paper3-table3
123 RSTE RMSE |1.1256 WSDM11-paper12-table5

124 SR1VSS Epinions RMSE 1.1016 WSDM11-paperl2-table5
125 SR1PCC Epinions RMSE 1.1013 WSDM11-paper12-table5
126 SR2VSS Epinions RMSE 1.0958 WSDM11-paperl2-table5
ﬂl SR2PCC Epinions RMSE |1.0954 .WSDM11~paper12-tabIe5

NN
o«

169 SoRec Moviel enc  RMSF

This is the most challenging task!

QLIS

—

o Eo

-]
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Table Components

« Caption: d

d i
° - P(R) .S.se.!:.-by..dzﬁereat-ﬁppmaghe.s .............................................. .
ROW names' P w®) Algorithm Precision | Recall | F1 P(Q) Accuracy
C Textual 0.746 0.693 0.727 | 0.722
e Column names: P©) o 0582 [0re Tne73 {0553
PR Barly Fusion | 0.730 0-B(. - *)37 Tomy
. . . Late Fusion 0.634 0.610 | 0.622 | 0.604
« Name indicator: WR) CCR 0.831 | 0.805 | 0.818 | 0.809

+ Table body: B(P®, P©), d) VU

______________________

(a) 1x 1,1 row indicator, caption
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Table Templates

'_%_5_515_-535-_%;_; _______ Ej ------------------------ 3 '_T_aP_le_ o o : wi(C1) pP(C1) ® P(C1)
w

w(R) P(C) P(C) w(C2) P(C2) P(C2)

PR B(p(R p(C) d) PR)| - B(p(R) p(C) d) I PR)| - IBI(pI(RI),IpI(C;)’I p'(éz)') 1 PR)| - B(p(R) p(C1), p(C2))

______________________

(a) 1x 1, 1 row indicator, caption (b) 1 X 1, only caption (c) 1% 2,2 column indicators (d) 1 x 2,1 row indicator
P(C1) R1)|\w(R2) C c P(C1)
w(R1|w(Rz P(C) P(C) wRD|wR2
P(C2)

P(Cz)

""" P®)IPRa) B(p<R1> p‘Rz) p‘C’) P e B(p‘R‘) p(R2> p‘C’) [

PR)| - B(p(R) p(C1) p(CZ)) S it St wht e i Skl (R N S s St wi i L i L

(e) 1 X 2, no indicator (f) 2 X 1, 2 row indicators (g) 2 X 1, no indicator (h) 2 % 2, 2 row/column indicators

Figure 3: Eight major table templates: We will use the first seven templates which cove* more than 95% I)f the tables in our
dataset. The cells in the table’s body are triplets based on rows/columns/caption. (Best viewed 1n color)
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Table Templates (cont’d)

Tlblexcoo Td T iblexseo d__1 |wen P(C1) P(C1)
(R)
wrR) PO p<C> e P(C2) W P(C2)
PR)| - B(p(R) p(C) d) .-;EI PR)| - B(p(R) p(C) d) PR - IBI(pI(RI)’ 'p(c; >,' F;(éz)') i PR)| - B(p(R) p(C1), p(Cz))
(a) 1x 1, 1 row indicator, caption (b) 1 X 1, only caption (c) 1X 2,2 column indicators (d) 1 X 2,1 row indicator
| — |
C 1 2,
P WR|wiRe) P(©) P(©) . 200
HCI | | 1x2: ¥65%
PR) B (p(R) p(CI1)I ")(éz)') ‘ PR)|P(Ra) B(p(R1-)Q(R2) p(C)) PR1) P(Rz)B(p(Rﬂp(RZ)_p(Cp PR1)|p( % 160 31%
B e 3 138
(e) 1 X 2, no indicator (f) 2 x 1, 2 row indicators (2) 2 X 1, no indicator (h) 2 ﬁ 1x1: 25%
Figure 3: Eight major table templates: We will use the first seven templates which cover more th: “s 120 / 19%
dataset. The cells in the table’s body are triplets based on rows/columns/caption. (Best viewedincq  ~ 14% 15% 86
o 80 1 1 % 66 2x1: 7%
Q 's
Top 2 popular templates = il
> 40 27 A
Z 1% 20
N 3
0 N
(a) (b) () (@ () @ (@ (h
Template
Figure 5: The distribution of table templates.
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Problem Definition

‘Table 4: Performance on Ehelmwi_\ Datasat Mothod
set by different ap_p_x:(_)aches.____c_i ................................. : ~N M—» Precision
wi(R) Algorithm | Precisionf CCULaC Twitter Textual Recall 0.693
Textual 0,746 =693 27 | 0.722
Visual 0.584 O.FE1 Fn=73 | 0.553
PR Early Fusion | 0.730 0.BC. - )3T Torir Twitter CCR F1 0.818
Late Fusion | 0.634 0.610 | 0.622 | 0.604 -
CCR 0.831 | 0.805 | 0.818 | 0.809 Twitter CCR Accuracy 0.809

P =Ur-[R.C.d, 3]P(R(=)) u P(Co), I:> L = {"method”, “dataset”, “metric”}.
Problem: Given a set of tables extracted from PDFs {T'} ,

(1) classify the concepts into three categories f: P — L
(2) unify the cells into (method, dataset, metric, score)-tuples.

25



Ensemble Learning

Concept-to-Label f P - L

Rule-based classifiers Learning-based classifiers
- Three Assumptions - Semantic concept Embeddings
- Structural concept Embeddings

T ________________________________________________________________ I___

Seeds Run iteratively
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Assumption 1

Row/column header indication. If the upper-leftmost cell of the table has a
specific word (e.g., “Methods”, “Algorithm”), the names on the corresponding
columns/rows are more likely to have the label as the word indicates.

"""""""""""""""""""""""""""""""""""""""""""""""""""

‘Table 4: Performance on the Twitter testing data;

i§<ﬂ:_b%m[nlz-§ﬂp_r_9§9h§_s_:__g ________________________________________ i

w({) Algorithm | [ Precision | Recall | F1 P{9 Accuracy
=Toxrmar— | 0.746 0.693 | 0.727 | 0.722
Visual 0.584 0.Fen nNE73 | 0.553
PR Early Fusion | 0.730 0. B(. ) Toq17
Latc Fusion | 0.634 0.610 | 0.622 | 0.604
CCR 0.831 0.805 | 0.818 | 0.809

2
mini($.y) = >, 2 2 (quS(pEP(”)—IPl'V/(WGWU)) . (6)

T=[R,C,...](w,P)eRUC le L <P

— \
label prediction ¢ word indication y
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Assumption 2

Row/column type consistency. Concepts on the same column/row are
likely to have the same type of label. For example, if we know “Precision” is
a “metric”, then “Recall” is likely to be a “metric”.

"""""""""""""""""""""""""""""""""""""""""""""""""""

w(R) Algorithm rprecision mm
Textual 0.746 0.693 | 0.727 | 0.722
Visual 0.584 0.ra1 N ET73 | 0.553

PR Early Fusion | 0.730 0.BC. )37 o717
Latc Fusion | 0.634 0.610 | 0.622 | 0.604
CCR 0.831 0.805 | 0.818 | 0.809

m;X]z(¢)= Z Z Z¢(P€P(l*(P<)a (3)

T=[R,C,...]| PERUC peP
majority of the concepts
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Assumption 3

Cell context completeness. A table often covers all the three types of
labels on its columns, rows, and caption, in order to provide complete
contexts to explain the values in the cells. For example, if the caption has a
dataset name and row names are methods, then the column names are
likely to be metric.

W(F )A_El@orlthm Precision | Recall | F1 P(a) Accuracy
Textual 0.746 0.693 | 0.727 | 0.722
Visual 0.584 0.Fer 1 or73 1 0.553

PH Early Fusion | 0.730 0. B(. ) sr o717
Latc Fusion | 0.634 0.610 | 0.622 | 0.604
CCR 0.831 0.805 | 0.818 | 0.809

max Jy(¢) = > |Ukeqasy Gl (10)

T=[...,8B(B1,B,B3)]

29



Learning-based Classifier

Semantic concept embeddings (BERT!)

Seen Concepts
[Paper text] On the other hand, the proposed CCR model can

improve the performance of both precision and recall than the LEMON > Method
two single models. Meanwhile, CCR performs best among all the | aAmazon , Dataset
methods in terms of both F1 and accuracy score.

Precision > Metric

Structural concept embeddings (HEBE?)

Unseen Concepts

Table 4: Performance on the Twitter testing data .

set by different approaches. d 1 g 1 LEMON CCR > ?
w(®) Algorithm Precision | Recall | F1 P(G) Accuracy \\
Textual 0.746 0.693 | 0.727 [ 0.722 7 Twitter > ?
Visual 0.584 0727 T n=73 [ 0.553 Pl -
PR Early Fusion | 0.730 0.BC. )3 o |7
Late Fusion | 0.634 0.610 | 0.622 | 0.604 ) ~A\mazon
CCR 0.831 | 0.805 | 0.818 | 0.809 Twitter CCR

[1] Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.

[2] Gui et al., Embedding learning with events in heterogeneous information networks. In TKDE 2017. 30



Review: Tablepedia System

Data Science Paper
PDF Collection

J

Table
Extraction

-

Table
Unification

| —
1 L

DB Operations for QA on
Experimental Evidence

iset by different approaches.

wi(R) Algorithm Precision | Recall | F1 P(C) Accuracy
Textual 0.746 0.693 | 0.727 | 0.722
Visual 0.584 0.72 "~ =731 0.553
PR Early Fusion | 0.730 0B, )37 Torir
lmmeeet=t 2 te Fusion | 0.634 0.610 [ 0.622 | 0.604
CCR 0.831 0.805 ‘ 0.818 | 0.809
Table xx:xxx D T bleveoo d
W) PO PO

PR| 7 BER, pO, ) |[PR| T BE®, p©, d)

] ) - ) p(c)
)| P(C) W P(C2) P(C2)

PRI - ‘B(p}n‘;v pen, E«;ﬂi i PRI - ‘B(p““". plen, p]cz;j I P®)| - B(p®), p(€), p(C2)) -

lwiRs)|wira) P©) P©) P
P v P2
Pl B(pR), p®R2, p©) |0 o 0 E T

PRolPRal B(p(R1), pRz), p(©)) | [P

Rule-based classifiers
(three assumptions)

| "1
\ Learning-based classifiers
(two embedding methods)

AN

usal

~—
_—

\\)

Table 4: Performance on the Twitter testing data
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Results

Rule-based (Assumptions:) Learning-based (Embeddings:) || Ensembled
A1: Header indication | A2: Type consistency | A3: Completeness || E1: Structural | E2: Semantic
TableUni-R v v v X X X
TableUni-L X X X v v X
TableUni-(R+E1) v v v v X v
TableUni-(R+E2) v v v X v v
TableUni-(Al1+L) v X X v v v
TableUni-(A2+L) X v X v v 4
TableUni-(A3+L) X X v v v v
| TableUni-(R+L) || v v v I v | v | v |
] Method || Micro F1 || Macro F1 | S " bedding i
— TableUni-R 0.6908 (0.0040) | 0.6542 (0.0047) f(?m?_n 'Ctr? m Pj[ '?g 'SI‘ more
R>L TableUni-L 0.6333 (0.0024) | 0.6072 (0.0021) eltective than structural.
Rule is better than Learning. TableUni-(R+E1) [[ 0.7505 (0.0039) | 0.7115 (0.0053) > E1>E?2
TableUni-(R+E2) || 0.8175 (0.0021) | 0.7798 (0.0029)
TableUni-(A1+L) || 0.6980 (0.0024) | 0.6612 (0.0026)
A2 > A1 > A3 < TableUni-(A2+L) || 0.7567 (0.0037) | 0.7179 (0.0046)
_ TableUni-(A3+L) || 0.6474 (0.0032) | 0.6129 (0.0038)
Type consistency [ TableUni-(R+L) || 0.8307 (0.0022) | 0.8104 (0.0023) | — R+L is the best!

is the most effective.

Using all the Five (Three plus Two) is the best!
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Results (cont’d)

1 1
0.8 0.8
0:0.6 mO.G
o o
04 04
—A1+L —A2+L —A3+L — R+E1 —A1+L —A2+L —A3+L —R+E1 —A1+L —A2+L —A3+L ——R+E1
0.2 0.2 0.2
—R+E2 —R —L —R+L —R+E2 —R —L —R+L —R+E2 —R —L —R+L
0 0 0
0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 0.7 08 09 1 0 01 02 03 04 05 06 07 08 09 1
FPR FPR FPR
(a) Dataset (b) Method (c) Metric

Figure 6: ROC curves comparing the variants of our proposed TableUni methods with respect to the type of classes.

* Rule is better than Learning.
« Type consistency (Rule 2) is the most effective.

« Semantic embedding is more effective than structrual embedding.
* Rule + Learning is the best!
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Results (RecSys)

(ACM TOIS 2011) (ACM TIST 2011)
Table IIl. MAE Comparison with Other Approaches on Epinions Dataset Table Il. Performance Comparisons (A Smaller MAE or RMSE Value Means a Betler Performance) A B C D E
Methods 90% Training | 80% Training | 70% Training | 60% Training '.T.“Metm e Dimensionality = 5 — i ]
User Mean 0.9294 [09319] 0.9353 0.9384 mm‘ | MAE U:;;;:';”i] == i L Sn. 4 | 0.9005 o L= . 1 ] 1 Method Dataset  Metric Score Source
Item Mean 0.8936 0.9115 0.9316 0.9528 w 11688 12375 11649  LI575 | L1697 | 11950 11333 | L1109 | —10 'U |
Trast 0.9006 09044 0.9082 09163 o e o3| Qeare | Qaen | odou | o] serMean Epinions MAE 0.9319 TOIS11-paper7-table3
NMF || 0.8938 0.8975 09229 09430 Mo etricdy s peanematean NSF TP T et smee | nsre | 11 UserMean  Epinions  MAE  |0.9285 TIST11-paper3-table3
sp | SO [ 08739 L bons 0941 e MAE OO 0TS 08T oM oss | o om0 07 1) UserMean Epinions MAE  0.9285 WSDM11-paper12-table5
SoRec || 0staz | o888 | osisi | osess — | son |MAE [[DSSETORIN osei | ossse | oisoss: [ osais : — v
ST o —— o ot WSOM 2011) 109 ItemMean Epinions RMSE |1.1973 TOIS11-paper7-table4
1o |_SVD 0.8702 08921 0.9189 0.9382 o Tsble i Purformance Comparieons (Dimenonalty = 10) 110 ItemMean Epinions RMSE [1.2584 TIST11-paper3-table3
L - 7 S e DU e 111 ItemMean Epinions  RMSE  1.2584  WSDM11-paper12-table5
(Acu.r.:.o:\lsﬁzmos.';'! o . ; "::;‘;" £7&ﬂ_5""n li.ﬁf)‘ E-:;;Eg :’;% uﬂ‘r!l-lv- "“in 062 | 0.6088 112 Trust Epinions RMSE 1-2132 TlSTll-papefa'tables
Miethods || 90% Training | 80% Training | 70% Training | 60% Trsining Do | 00 LR romw v s 113 NMF Epinions RMSE |1.1832 TOIS11-paper7-table4
UserMesn J| Liozt | PRISER] | 104 | Laoes O P I A e e 24 () ) ) e L (Y Epinions RMSE |1.1832 TIST11-paper3-table3
LN A T A e e U T TR 195 NMF Epinions RMSE |1.1832 WSDM11-paper12-tableS
. :;1: :::;.; ::: :x; :igt: N :::::: —Z'l:':'% :n"z};f ;:Jli%‘i EE;} ll‘%} 1o | Lo7ee ,:‘,.m urm 116 SVD Epinions RMSE 1.1812 TOIS11-paper7-table4
Sofec | 1399 | basso | e | i T | [Cm Y e [ g e [ovo [owr (B8] 117 | TCF Epinions RMSE 11761 TIST11-paper3-table3
S T e —— e o B et bossine ve 118 PMF Epinions RMSE [1.1760 TOIS11-paper7-tabled
P . /60 X X | | ne vs the propos
Soec | 1300 [ | ties0—vams RMSE on Epinions (80% Training) L——] Confiicting between papers 119 PMF Epinions RMSE |1.1760 TIST11-paper3-table3
120 PMF Epinions RMSE |1.1760 WSDM11-paperl2-table5
121 SoRec Epinions RMSE 1.1492 TOIS11-paper7-table4
122 RSTE Epinions RMSE |1.1256 TIST11-paper3-table3
123 RSTE Epinions RMSE [1.1256 WSDM11-paperl2-table5
124 SR1VSS Epinions RMSE 1.1016 WSDM11-paperl2-table5
125 SR1PCC Epinions RMSE 1.1013 WSDM11-paperl2-table5
126 SRCVSS Epinions RMSE 1.0958 WSDM11-paperl2-table5
127 SR2PCC Epinions RMSE 1.0954 WSDM11-paperl2-table5
169 SoRec Movielens RMSE ... 34




Results: Asking ERD

Question 2: Find top-performing methods on a dataset.

-
-

Question 1: Find related methods, metrics, and datasets.

Query: How many methods were used for the Epinions dataset? Query: What are top 3 methods on Epinions in terms of RMSE?

select Method, Score from ERD where Dataset = “Epinion” and

select count(distinct Method) from ERD where Dataset="Epinions”
Metric = “RMSE” order by Score limit 3;

—-

36. (“UserMean’”, “ltemMean”, “Trust”, “NMF”, “SVD”, “TCF” ...) e
“SR2pcc” (1.0954), “SR2vss” (1.0958), “SR1pcc” (1.1013).
& Query: How many metrics were used to evaluate Amazon dataset?

Question 3: Find conflicting reported numbers.

select count(distinct Metric) from ERD where Dataset="Amazon”

L-El ( ) | Dataset (%) || SLEEC | FastXML | PfastreXML | PDSparse |

15. (“Precision”, “Recall”’, “F1”, “Accuracy”, etc ...) AmazonCat P@1 || 90.56/89.19 | 94.02/93.10 | 86.06/89.94 | 87.43/89.31

-13K P@3 || 76.96/75.17 | 79.93/78.18 | 86.06/77.24 | 87.43/74.03

[ ) - . . o P@5 || 62.63/61.09 | 64.90/63.38 | 63.65/63.53 | 56.70/60.11

ab Query: How many datasets used with Amazon in the sams table? Delicious P@1 || 47.78/47.03 | 48.85/43.20 | 26.66/37.62 | 37.69/34.37

| l select count(distinct Dataset) from ERD where Source=(select -200K P@3 || 42.05/41.67 | 42.84/38.68 | 23.56/35.62 | 30.16/29.48

—— (distinct Source) from ERD where Dataset= “Amazon”); P@5 || 39.29/38.88 | 39.83/36.21 | 23.21/34.03 | 27.01/27.04

WikiLSHTC P@1 || 58.34/55.57 | 50.01/49.75 | 57.17/58.10 | 60.70/61.26

53. (“DBLP”, “Wikipedia”, “Delicious”, “Epinions”, etc ...) -325K P@3 || 36.70/33.06 | 32.83/33.10 | 37.03/37.61 | 39.62/39.48

P@5 || 26.45/24.07 | 24.13/24.45 | 27.19/27.69 | 29.20/28.79

Question 2: Find top-performing methods on a dataset.

Query: What are the top 3 methods on Amazon in terms of F1?

-
B

select Method, Score from ERD where Dataset = “Amazon” and
Metric = “F1” order by Score limit 3;

“LEMON” (0.953), “LEMON-auto” (0.91), “LC” (0.815).

Table 1: Our system found inconsistent precision scores re-
ported by two papers [42] (left numbers) and [36] (right
numbers) in ACM SIGKDD 2017 Research Track for multi-
label classification. Precision differences of bigger than 3%
are underlined, which has been able to be claimed as signif-
icant improvement on the well-accepted benchmarks.
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