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Two Papers in KDD 2017 on Extreme Classification

Data Metrics FastXMLI PfastreXML ISLEEC PDSparse | DiSMEC | PPDSparse
Amazon-670K Ttrain 5624s 55505 " 20904s 174135s 921.9s
Ntrain=490449 P@1 (%) 33.12 32.87 35.62 43.00 43.04

Niesr=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 20070 39000s 94343s 271407s 353s
Nirain=1778351 P@1 (%) 50.01 57.17 58.34 60.70 64.00 64.13

Niest=587084 P@3 (%) 32.83 37.0 36.7 39.62 42.31 42.10
D=1617899 P@5 (%) 24.13 27.1 26.45 29.20 31.40 31.14
K=325056 model size 14G 16 650M 547M 8.1G 4.9G

I 1 | Ttest [Niest 1.02ms 1.47ms 4.85ms 3.89ms 65ms 290ms
IDelicious-20‘(;g*\Ttﬁm\—8832.4fzs_ 33 oo = —ana ~osa

Nirain=1966 P@1 (%) | 4885 (PfastreXML, Delicious-200K, P@1, 26.66)

Niesr=100095 % 42.84 T 1< S S —
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

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

Ntest=306782 P‘(\'& [ZA) 7Q Q3 76 24 76 QA 70 AR 78 11 7R 14

S 1 [1] “PPDSparse: A Parallel Primal-Dual Sparse
.. Method for Extreme Classification”, KDD 2017.




The Second Paper

Dataset AnnexML SLEEC FastXML | PfastreXML | PLT PD-Sparse | Most common
P@l1 0.9355 0.8919  0.9310 0.899; T 0.9147 0.8931 0.2988
AmazonCat-13K  P@3 0.7838 0.7517  0.7818 0.7724 0.7584 0.7403 0.1878
P@5 0.6332 0.6109  0.6338 0.635 0.6102 0.6011 0.1486
P@l1 0.8650 0.8554  0.8295 0.8434 0.7771 0.8079
Wikil0-31K P@3 0.7428 0.7359  0.6756 0.7234 0.6573 0.5050
P@5 0.6419 0.6310  0.5770 .6Q 0.6272 0.5539 0.3675
| P@1 |—04666— 04703 04320 | 0.3762 0.4537 0.3437 0.3873
Delicious-200K I/P%m . 0.3894 0.2948 0.3675
P@5 0.3764 0.3888  0.3621 0.3403 0.3588 0.2704 0.3552
P@l 0.6336 0.5557  0.4975 0.5810 0.4567 0.6126 0.1588

WikiLSHTC-325K P@3 | 0.4066 03306  0.331 T
P@s | 02979 02407 o244 (PfastreXML, Delicious-200K, P@1, 37.62)

P@1 | 0.6386 05839 04934 0.5891 _ _ 0.1529
Wikipedia-S00K P@3 | 04269 03788  0.3351 0.3937 - - 0.0583
P@5| 03237 02821 02586 0.3005 - - 0.0368
P@1 | 04208 03505 0.3697 03919 03665  0.3370 0.0028
Amazon-670K P@3 0.3665 0.3125 0.3332 0.3584 0.3212 0.2962 0.0027
[2] “AnnexML: Approximate Nearest Neighbor Search 0

7 for Extreme Multi-label Classification”, KDD 2017. <) >




Comparing the Two Papers

Underlined when difference > 3%

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 IMQI 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
/ \

The first paper

(on the left)

The second paper

(on the right)
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On dataset, method makes a metric <j Experimental Literature survey

of XXX (score) on the task.
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evidence  component Method design

Definition
Usage l
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What are the datasets we can use? /esearc study
How do people evaluate the methods? Extreme
What is the “state-of-the-art”? (multi-label) Recommender .

classification systems

. —
@ Gaal.of this project! \ / / Research problems

Experimental Evidence Extraction System in Data Science
Hybrid Table Features and Ensemble Learning

Our proposed approach (will be introduced later in detail)
Develop a computational method to build the system
* Feature extraction

10 * Learning strategies RIE
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Pipeline

PDFs in : Experimental Result
Digital Libraries TaplesinFok Database (ERD

A B € D E

(A?'x\:f:ei?;::ce Comparisons (A Smaller MAE or RMSE Value Means a Batter Performance) —L_Method  Dataset  Metric Score Source
<4>> I E E E T'S“““gMemcslU Dimensionality =5 10 UserMean Epinions  MAE }0.9319 TOIS11-paper7-table3 ‘
4 e | ror . Trust | SoRec | RSTE 11 UserMean Epinions MAE |0.9285 TIST11-paper3-table3 9
0% |RMSE| 11688 | 12375 | L1649 | 11575 | L1697 | L1959 3| 11109 12 UserMean Epinions MAE  0.9285 WSDM11-paperl2-tableS
A e e e e R R =5 N
g —— o — 109 ItemMean Epinions  RMSE }141973 TOIS11-paper7-table4 ‘
. 90 | MAE | 0131 | 00765 | 05713 | 08651  0.0005 | 00039 5 110 ItemMean Epinions RMSE |1.2584 TIST11-paper3-table3
/,.‘) - W (lulagsi évéggg é‘;gil év;gi; 111 ltemMean Epinions RMSE 1.2584 WSDM11-paper12-table5S SQL
" |RMSE[[1.1817 | 11832 | 1.1760 | 11761 | 1.2132 112 Trust Epinions RMSE 1.2132 TIST11-paper3-table3
(WSDM 2011) 113 NMF Epinions RMSE [1.1832 TOIS11-paper7-table4
> B o ﬁ 114 NMF Epinions  RMSE |1.1832 TIST11-paper3-table3 ﬁ r Q
- [‘:‘* o 0.6288 110.6732 [0.5693 [ 05683 [ 5579 | 0,557 | 05548 | 0.5543 115 NMF Epinions RMSE |1.1832 WSDM11-paperl2-table5
| 2T =026 | 0702z | 0.6992 | 0.6988 116 SVD Epinions RMSE 1.1812 TOIS11-paper7-table4
‘ \ m‘ Umu L ] h;‘m“’i 05627 | 0.5623 | 0.5597 | 0.5598 117|TCF Epinions RMSE 1.1761 TIST11-paper3-table3
4 Atk ticecs e | e 07081 | 04078 | 07046 | 0.7043 118 PMF Epinions RMSE [1.1760 TOIS11-paper7-tabled
( In\\:v'::;'r 0.5706 | 05702 | 0.5690 | 0.5685 119 PMF Epinions RMSE |1.1760 TIST11-paper3-table3
) o [ TsE orr2 | omiw | omm | omizs 120 PMF Epinions RMSE |1.1760 WSDM11-paper12-table5
» B l\:\f e 08200 | 0.8287 | 0.8258 | 0.8256 121 SoRec Epinions RMSE 1.1492 TOIS11-paper7-table4
A C M o JSE I w0792 | Loroo | 10744 | 10730 122 RSTE Epinions  RMSE ‘1.1256 TIST11-paper3-table3
Fpinions I [ R S et P 123 RSTE Epinions RMSE [1.1256 WSDM11-paper12-tableS
bt e i/;:‘; T LI g | o1 | 100ss 124 SR1VSS Epinions RMSE 1.1016 WSDM11-paper12-table5
MAE on Epini (80% Training) ] Best baseline vs the proposed 125 SR1PCC Epinions RMSE 1.1013 WSDM11-paperl2-table5
RMSE on Epinions (80% Training) [____] Conflicting between papers 126 SR2VSS Epinions  RMSE  1.0958 WSDM11-paper12-tableS
127|SR2PCC Epinions RMSE |1.0954 -WSDMll-paperlz-tableS
1AQ SnRer Mavial ene  RMSF

This is the most challenging task!

12 <) (>
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Before Talking about Building ERD

Use Tabular to transform PDF into CSV comma-separated Valug)

https://github.com/tabulapdf/tabula-java

Define table components with 8 templates

(ACM TOIS 2011)

Table Ill. MAE Comparison with Other Approaches on Epinions Dataset

l 90% Training [

0.9319
0.9115
0.9044
0.8975
0.8946
0.8946
0.8638

0.8921

i

80% Training

Table IV. RMSE Comparison with Other Approaches on Epini

Methods
User Mean 0.9294
Item Mean 0.8936
!
Trust 0.9005
["NMF 0.8938
. SVD 0.8739
5D } I
PMF 0.8678
SoRec 0.8442
[ NMF 0.8712
!
SVD 0.8702
10D } I {
PMF 0.8651
SoRec 0.8404
(ACM TOIS 2011)
Methods || 90% Training |
User Mean 1.1927
Item Mean 1.1678
Trust 1.1697
NMF 1.1649
) SVD 1.1635
5D 4
PMF 1.1583
SoRec 1.1333
NMF | 1.1621
1op |_SVD_[[ 11600
PMF 1.1544
SoRec 1.1203

80% Training 70%

1

i
11761 | 1
1.1861
1.1845
1.1798
1.1530
1.1832
1.1812

marcm|

Training

2014
2276
1797
2090
2067
2008
1690
2073
2011

1968

1660

0.9353
0.9316
0.9082
0.9229
0.9214
0.9127
0.8751
0.9211
09189
0.9092
0.8722

ons Dataset

60% Training
1.2082
1.2505

1.1894

2311

70% Training | 60% Training

0.9153

0.9430
0.9421
0.9350
0.8948
0.9408
0.9382
0.9328
0.8921

(ACM TIST 2011)

Table IIl. Performance Comparisons (A Smaller MAE or RMSE Value Means a Better Performance)

MTraining,

Dimensionality = 5

Data M"UserMeanltemMeari NMF | PMF | TCF | Trust
90% | MAE | 09 0.9768 ' 0.8738 | 0.8676 ' 0.9005 | 0.9054
: RMSE' 1.1688 1.2375 1.1649 1.1575 1.1697 1.1959
80% MAE | 09285 @ 09913 @ 08975 | 0.8951 0.9044 0.9221
RMSE' 11817 | 1.2584 1.1861 1.1826 1.1761 1.2140
Tr.unmg“”r" Dimensionality = 10
Data '~ "UserMeanltemMean.  NMF PMF TCF Trust
90% | MAE | 09 0.8712 | 0.8651 = 0.9005 | 0.9039
) RMSE 1.1621 1.1544 1.1697 1.1917
809 MAE 0.8951 | 0.8886 @ 0.9044 | 09215
“ 'RMSE 11832 | 11760 | 11761 | 1.2132
(WSDM 2011)
Table Yerformance Comparisons (Dimensionality 10)
Dataset [ "Training | Metrics rMean [ Tten [ NSF T PMF T RSTE T SR1
TXIAT G0N0 | 0028 | 05732 | 05000 | 0415 | g anmn
Eenee 0.5627
Douban | - 60 TOVISE T orom
Improve !
NXE I | 05706
Improve
v TAISE Torm
Improv i
MAEF
. pron 08200

Epinions }

1.0 LI

12 685" P

Inaprove - T o
T2 | T7e0 | 1.1250 | — I

SoRec
0.8442

0.8638
1.1630

SoRec
0.8404

08401

1.1013

0.6002

0.7046

0.5600

0.7129

0.8258

10744

0817

1.0058

RSTE
0.8377
1.1109
0.8504
1.1346

RSTE
0.8367

| SR,

0.5543
0.6988
| 0.5503
| 0.7042
| 0.5685
| 0.7125
0.8256
| 1.0739

MAE on Epinions (80% Training) [ | Best baseline vs the proposed
RMSE on Epinions (80% Training) [____| Conflicting between papers

Four tables
from different papers
in Recommender Systems



Table Components

Caption: d

Row names: PR

Column names: P©)

Name indicator; W®)

Table body: B(P!

14

R PO, d)

W(F) Precision | Recall | F1 P(Q) Accuracy
Textual 0.746 U9 107 1072
Visual 0.584 B 0l | 0555

P Early Fusion | 0.730 TRl A AT
Late Fusion | 0.634 0.610 | 0.622 | 0.604
CCl 0.831 0.805 | 0.818 | 0.809

1 I I I I I I | [ | I I

(a) 1 X 1, 1 row indicator, caption




Table Templates

{Tablexxioo  d | {Tablexxixoe | w(C1) P(C1) p(cy
wR
w(R) P(C) P(C) w(C2) P(Cz) P(C2)
PE _____E?ﬁE’fFf)__P_‘?f_f’_) _____ PO B®,p©, d) PO - B(p®), pl©, P‘C”> |[[P®] - B, peo, prea) -
(a) 1x 1,1 row indicator, caption (b) 1 X 1, only caption (c) 1x 2,2 column mdlcators (d) 1x 2,1 row indicator
F05) 200 1x2: 65% )

P(CZ)

es
>
o

PR - B(p(R

'UA
9
'UA
(@)
N
C;
a7t

-
N
o

19%
86

(e) 1 X 2, no indicator

Figure 3: Eight major table temp

Number of T:

2x1: 79
dataset. The cells in the table’s ba 80 1 1 % ¥ * &
PN

: N

/ ?;13{3 Top 2 popular templates

ndicators

tables In our

4%
20

() @ (e () (9
Template

15 Figure 5: The distribution of table templates.

(h)




Problem Definition; Table Unification

The “roles” of row names, column names, and terms in captions are unknown.

(ACM TIST 2011) . " £
gble Performance Confparisons (A Smaller MAE or RMSE Value Means a Better Performance) d - - -
aining, |. — - — = = — : - Method Dataset Metric Scol Source
Data MAE ¥ . ;" : .' I 0 1 T:-.n'.';r"I.-Q"'l'l‘..-ll"ﬂ;!--l'l:";?_\"‘Q‘bh seriviean ons . 9 T0l511-paper7-table3
80% | RMSE 1656 | 12375 L1640 | LISTS ST 11959 [ 1155 | 110D 11 |User! pinions MAE |0.9285 TIST11-paper3-table3
s | R e T Loy ro T T e e w7"OserMean Epinions MAE  0.9285 WSDM11-paper12-table5
ainingy, , - Dimensionality = 10 E
PDm ‘“‘““'[IM eanfltemMean [ PMF TCF_| Trust | SoRec | RSTE 109|itemMean Epinions RMSE |[1.1973 TOIS11-paper7-tabled4
S e 0:8"2 M 2;?3';‘3 | Yooy 110|itemMean Epinions RMSE |1.2584 TIST11-paper3-table3
0.9913]] 0.8961 % ‘l’-g“l’;g 8580 7 111|itemMean Epinions RMSE 1.2584 WSDM11-paper12-tableS
: : : - * 112 | Trust Epinions RMSE 1.2132 TIST11-paper3-table3
Table 5 Perfo. Comparisons (Dimensionality = 10) 113|NMF Epinions RMSE |[1.1832 TOIS11-paper7-table4
i i e an-'ﬂ(:;an ]lz:;;m 0.\}1:; OP;::; E;TE SR1... | SRI,.. P 114 NMF Epinions RMSE [1.1832 TIST11-paper3-table3
= . vl Bodbod Bastod Beand 15 1 ROSTE ; 115|NMF Epinions RMSE [1.1832 WSDM11-paper12-table5
improecl] 17.59% In]".smﬂ 031‘255 Yorw | 2185 | 07026 | 07022 [ 0.6992 | 0.6988 116/SVD Epinions RMSE 1.1812 TOIS11-paper7-table4
e | e L] te07 | O [ % | T30 ) 5627 | 05623 | 05697 | 0.5508 117|TCF Epinions RMSE 11761 TIST11-paper3-table3
o B s g;;zgi‘ T:ff: 0.7081 | 0707 | 0.7046 | 0.7042 118|PMF Epinions RMSE |(1.1760 TOIS11-paper7-table4
" l:‘h}i i) :J:(.’:l; gg 015:5;;8 (:f;g: o700 | 05702 | 05090 | 0.5688 119/ PMF Epinions RMSE |[1.1760 TIST11-paper3-table3
" NS A567 | 00971 | 00982 | D411 | 01295 | oo e T e 120| PMF Epinions RMSE |[1.1760 WSDM11-paper12-tableS
N W 121/SoRec  Epinions RMSE 11492 TOIS11-paper7-tabled
. - ' P 0.829% | 08287 | 0.8258 | 0.8286
ok, (lmprovell 961% | 15.46% ""%" 4574 | 1.33% 122 |RSTE Epinions RMSE |[1.1256 TIST11-paper3-table3
- opravel]_s12% | 1327 _;f%z;_ sors | 30 | 1072 | LO™0 | 10744 | 10730 123|RSTE Epinions RMSE |1.1256 WSDM11-paper12-tableS
“pinions VAT 5 L R " -
o | Amprove [l —TIE—TTTRIT 5 685 | a.99% ] 0545 | asdel | 0847 Joseaa] 124|SR1VSS Epinions RMSE 1.1016 WSDM11-paper12-table5
o e 7 | 6ro Freer] 11016 | 11013 | 1osse [T0883) 125/SRIPCC  Epinions RMSE 1.1013 WSDM11-paper12-table5
(80% Training) [_____] Best baseline vs the proposed 126 /SR2VSS Epinions RMSE 1.0958 WSDM11-paper12-tableS
RMSE on Epinions (80% Training) [__] Conflicting between papers 127|SR2PCC  Epinions  RMSE |1-0954 -IWSDMn-paperlz-tabIeS
1RQ CARar AMavial ane RAACE

16 ') L



Problem Definition; Table Unification

‘Table 4: Performance on the|Twitter Dataset Method Metric Score
set by different approaches. & i 5> Twitter > Textual Precision 0.746
w) [Precision f—Recatt T FT P Accuracy Twitter Textual Recall 0.693
[extual [ 0.746 —6693 1 0.727 [ 0.722
Visual 0.584 0.727 1T n=73 | 0.553
P® Early Fusion | 0.730 0.B(, )3 Tori7 Twitter CCR F1 0818
Cate 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. B]P(RV)) u PLC0), If‘> 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.

17 <) (>
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Ensemble Learning

Concept-to-Label f:P — L

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

Al —— A2 —— A3 —— E1 —— E2

1 |

Seeds Run iteratively

19 VA



Row/column header indication. If the upper-leftmost cell of the

table has a specific word (e.g.,
on the corresponding columns/rows are more likely to have the label

as the word indicates.

Table 4: Performance on the Twitter testing dataj

SM[I}!_?RR{Q@Q@_S_"_? ________________________________________ i

“Methods”, “Algorithm”), the names

w() Algorithm | | Precision | Recall | F1 P{(§) Accuracy
=fesemar—— | 0.746 0.693 | 0.727 | 0.722
Visual 0.584 0.Fa1 c=73 | 0.553
P® Early Fusion | 0.730 0. B, )37 o717
Latc Fusion | 0.634 0.610 | 0.622 | 0.604
CCR 0.831 0.805 | 0.818 | 0.809

2
351’1‘?]1(9{), y) = Z Z Z Z b(p € POy~ |p| Y(w e wOyl, ()
T=[R,C,...] (w,P)eRUC leL pep/ \
20 label prediction ¢ word indication Y < (>



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( ) Algorithm JI_Pre(nsmn WW Accuracy
Textual 0.746 0.693 | 0.727 | 0.722
Visual 0.584 0.Fe1 1 ~E73 1 0.553

PA Early Fusion | 0.730 0. B, )37 o717
Latc Fusion | 0.634 0.610 | 0.622 | 0.604
CCR 0.831 0.805 | 0.818 | 0.809

@)= 2y 2y JertiO @

T=[R,C,...]| PERUC p€eP
majority of the concepts

21 <) (>
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Cell context completeness. A table often
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)Algorlt.hm Precision | Recall | F1 P© Accuracy
" Toxtual 0.746 0.693 | 0.727 | 0.722
Visual 0.584 0.Fe1 1 ~E73 1 0.553
PA Early Fusion | 0.730 0. BC. ) 3sm Toq7
Latc Fusion | 0.634 0.610 | 0.622 | 0.604
CCR 0.831 0.805 | 0.818 | 0.809
> |Ukeqrzsy gl (10)

m;XJ3(¢) =

T:[..., 8(31’329‘83)]




| earning-based Classifier

Semantic concept embeddings (BERT!")

[Paper text] On the other hand, the proposed CCR model can
improve the performance of both precision and recall than the
two single models. Meanwhile, CCR performs best among all the
methods in terms of both F1 and accuracy score.

Structural concept embeddings (HEBEP])

Seen Concepts

LEMON > Method
Amazon > Dataset
Precision > Metric

Unseen Concepts

LEMON
_S,e_t_,hy,_d!ﬁqrep_t_agpr_qaghgs ______________________________________________ = CCR > ?
w(R) Precision | Recall | F1 P(Q) Accuracy S
Textual 0.746 0.693 | 0.727 [ 0.722 y 0.953 Twitter > ?
Visual 0.584 0.547 A =73 70.553 0.727 =
P® Early Fusion | 0.730 0.BC. )37 Tor7 - A
Late Fusion | 0.634 0.610 | 0.622 | 0.604 ) y
CCR 0.831 0.805 | 0.818 | 0.809 Twitter CCR
23 [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.



Review: Our System

~
Data SCIence Paper iTable 4:4 !’erformance on thta Twitter testing dz\tai
PDF Collection e
= S ‘\ ‘:[{‘; :)",’j)'f ‘|n,:>,; t:,zz
h G5 “\ " :T)\l :':B(-, g ')l‘7 Tn;
PDF Table - - e Fusio (::UI:[I :)Z()m ill,ﬁg'l E::ml)x
Cropping ( ‘ 0.831 0.805 | 0.818 | 0.809
Ve Y S MY S S R ;
Table Table Template || [ oo m s
Extractlon Recognition iy 2 2] D Pc) Pe)
> < PRI - B(pR), p(C1), piC2)) -||PR) - B(piR), p(C1), p(Ca)) P‘R‘A B(p™), p(C1, p(C2)
Table e L I P
Cleaning ProlPraf B(pRi), pRe), p(€)) ([PEiIpr| B(p®Y), pf p'e) lpmolp
NI Y
( Row and Column )| n 1
- Rule-based classifiers
Name Type (three assumptions)
\_Classification "
Table " Experimental | Learning-based classifiers |
ifi i f two embedding methods
Unification Evidence DB ( 9 ) |
Construction:
Table Integration C D)
N\ — K g /\ v
— L . \ ~ \
DB Operations for QAon | — e
. . /
Experimental Evidence
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Experimental Results

Rule-based (Assumptions:) Learning-based (Embeddings:) || Ensembled
A1: Header indication | A2: Type consistency | A3: Completeness || E1: Structural | E2: Semantic
TableUni-R (4 4 v X X X
TableUni-L X X X v 4 X
TableUni-(R+E1) 4 v v 4 X v
TableUni-(R+E2) v v v X 4 v
TableUni-(A1+L) (4 X X 4 v v
TableUni-(A2+L) X v X v v v
TableUni-(A3+L) X X 4 v (4 v
[TableUni-(R+L) | % | v | v v | v | v |
‘ Method || Micro F1 || Macro F1 | . . .
TableUni-R 0.6908 (0.0040 0.6542 (0.0047) Semaptlc embedding IS more
R>L < TableUni-L 0.6333 (0.0024) | 0.6072 (0.0021) effective than structural.

Rule is better than Learning.

A2>A1>A3 <

26

Type consistency
is the most effective.

TableUni-(R+E1

0.7505 (0.0039

0.7115 (0.0053)

~— | ~~—

TableUni-(R+E2

0.8175 (0.0021

0.7798 (0.0029)

TableUni-(A1+L

0.6980 (0.0024

0.6612 (0.0026)

~— | ~—

TableUni-(A2+L

0.7567 (0.0037

0.7179 (0.0046)

TableUni-(A3+L)

S~ |~ [~ | |~ |~ | |~ | ~—

0.6474 (0.0032

0.6129 (0.0038)

TableUni-(R+L) || 0.8307 (0.0022

~—"

—>E1>E2

[ 0.8104 (0.0023) | — R+*L is the best!

Using all the Five (Three plus Two) is the best!

<) (>



More Results: The Same Observations

—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 0.1 02 03 04 05 06 07 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 structual embedding.
* Rule + Learning is the best!

27 <) (>
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Asking ERD

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

a Query: How many methods were used for the Epinions dataset?

EJ select count(distinct Method) from ERD where Dataset="Epinions”
36. (“UserMean”, “ltemMean”, “Trust’, “NMF”, “SVD”, “TCF” ...) | {5 o)
6 Query: How many metrics were used to evaluate Amazon dataset?
LJ select count(distinct Metric) from ERD where Dataset="Amazon”

15. (“Precision”, “Recall’, “F1”, “Accuracy”, etc ...)

Query: How many datasets used with Amazon in the same table?

-
-

select count(distinct Dataset) from ERD where Source=(select
(distinct Source) from ERD where Dataset= “Amazon”);

53. (“DBLP”, “Wikipedia”, “Delicious”, “Epinions”, etc ...)

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

“LEMON” (0.953),

Metric = “F1” order by Score limit 3;
“LEMON-auto” (0.91),

“LC” (0.815).

A

LMethod

10 UserMean
11 UserMean
12 UserMean

109 ItemMean
110 ItemMean
111 ItemMean
112 Trust

113 NMF

114 NMF

115 NMF

116 /SVD
117|TCF

118 PMF

119 PMF

120 PMF

121 SoRec
122 RSTE

123 RSTE

124 SR1VSS
125 SR1PCC
126 SR2VSS
127|SR2PCC
169 SnRer

B

Dataset
Epinions
Epinions
Epinions

Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions
Epinions

C

Metric
MAE
MAE
MAE

RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE
RMSE

Mnviel ene  RMSF

D

Score

Source

0.9319
0.9285

TOIS11-paper7-table3
TIST11-paper3-table3

0.9285

WSDM11-paperl2-table5

1.1973
1.2584

TOIS11-paper7-table4
TIST11-paper3-table3

1.2584
1.2132

WSDM11-paperl2-table5
TIST11-paper3-table3

1.1832
1.1832
1.1832

TOIS11-paper7-table4
TIST11-paper3-table3
WSDM11-paperl2-table5

1.1812
1.1761

TOIS11-paper7-table4
TIST11-paper3-table3

1.1760
1.1760
1.1760

TOIS11-paper7-table4
TIST11-paper3-table3
WSDM11-paperl2-table5

1.1492

TOIS11-paper7-table4

1.1256
1.1256

TIST11-paper3-table3
WSDM11-paperl2-table5

1.1016
1.1013
1.0958

|1.0954 .IWSDMll-paperlz-tabIeS

WSDM11-paperl2-table5
WSDM11-paperl2-table5
WSDM11-paperl2-table5

<




Asking ERD (cont’d)

Question 2: Find top-performing methods on a dataset. g : ¢ B £
— - 1 Method Dataset Metric Score Source
Query: What are top 3 methods on Epinions in terms of RMSE? 10 UserMean Epinions MAE |0.9319 TOIS11-paper7-table3

11 UserMean Epinions MAE 0.9285 TIST11-paper3-table3
12 UserMean Epinions MAE 0.9285 WSDM11-paperl2-table5

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

Metric = “RMSE” order by Score limit 3; —
“SR2pce” (1.0954), “SR2vss” (1.0958), “SRipcc” (1.1013), 109 ItemMean Epinions RMSE |1.1973 TOIS11-paper7-tabled
110 ltemMean Epinions RMSE [1.2584 TIST11-paper3-table3

111 ltemMean Epinions RMSE 1.2584 WSDM11-paperl2-table5

Question 3: Find conflicting reported numbers. 112 Trust Epinions RMSE 1.2132 TIST11-paper3-table3
[ Dataset (%) || SLEEC | FastXML | PfastreXML | PDSparse | ﬁi NMF Epinions  RMSE 11,1832 TOIS11-paper7-table4
NMF Epinions RMSE [1.1832 TIST11-paper3-table3
AmazonCat P@1 |[ 90.56/89.19 | 94.02/93.10 | 86.06/89.94 | 87.43/89.31 118 NMF Epinions  RMSE 11832 WSDM11-paper12-tables
-13K P@3 || 76.96/75.17 | 79.93/78.18 | 86.06/77.24 | 87.43/74.03 i svo Epinions | RMSE | 1.1812 | TOIS11.paper7-tabled
-200K P@3 42.05/41.67 | 42.84/38.68 | 23.56/35.62 | 30.16/29.48 - L Ep ?"i°"s RMSE 11.1760 TO'Sn'papeﬂ'ta;'eA'
P@5 || 39.29/38.88 | 39.83/36.21 | 23.21/34.03 | 27.01/27.04 gz gr\MmF: Ei::::: mzi i'ggg uign;-ff-ii::z-::bles
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 12y SoRec Epinions  RMSE  1.1492  TOIS11-paper7-tabled
P@5 || 26.45/24.07 | 24.13/24.45 | 27.19/27.69 | 29.20/28.79 128|RSTE Epinions |RMSE |1.1256 |TIST11-paper3-table3
123 RSTE Epinions RMSE |1.1256 WSDM11-paperl2-table5
Table 1: Our system found inconsistent precision scores re- 124 |SR1VSS Epinions RMSE 1.1016 WSDM11-paperl2-table5
ported by two papers [42] (left numbers) and [36] (rlght 125 /SR1PCC Epinions RMSE 1.1013 WSDM11-paperl2-table5
numbers) in ACM SIGKDD 2017 Research Track for multi- 126 SR2VSS Epinions RMSE 1.0958 WSDM11-paperl2-table5

127|SR2PCC Epinions  RMSE |1.0954 _lWSDMll-paperlZ-tableS

label classification. Precision differences of bigger than 3%
169 SnRer Manviel enc  RMSF

are underlined, which has been able to be claimed as signif-
29 icant improvement on the well-accepted benchmarks. < >
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A novel system that extracts experimental evidence from
data science literature in PDF format.

31

An effort-light method that leverages both rule-based and
learning-based methods to unify the tables of experimental
results database.

Capabilities for exploration and analysis over the structured
knowledge to facilitate research and practice.
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