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TABLES IN SCIENTIFIC PAPERS

» Structured information about scientific process
» similar structure across documents
» Could support reviews or search

» Examples of tables for human readers

How do we automatically process tables that
were not designed for automatic processing?
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PROBLEMS

» Tables must be extracted from PDFs

» reconstruct from PDF text-boxes!

TABLE 1. RANKING OF SUBMITTED METHODS TO TASK 1.1
. s Method N Recall (%)  Precision (%)  F-s
» Every author uses different conventions Method Name coill (%) Precision (%) _Fscore
TH-TextLoc 75.85 86.82 80.96
I2R_NUS_FAR 71.42 84.17 77.27
. Baseline 69.21 84.94 76.27
I f Text Detection [15], [16] 73.18 78.62 75.81
» e.g. structure, jargon, layout, Tormats Bt Jh 186 559
BDTD_CASIA 67.05 78.98 72.53
OTCYMIST [7] 74.85 67.69 71.09
Inkam 52.21 58.12 55.00

» No Knowledge Base to link concepts
» Interpretation is goal-specific

» Both construction and querying
must be user-oriented and flexible
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TAB2KNOW

» A system for constructing and querying a Knowledge Graph of
information extracted from tables in scientific papers

1. Structural foundation: simple graph of extracted structure
2. Semantic layer: predicted types of tables and columns
3. Entity layer: similar cells resolved to entity clusters

» Based on user-written rules and queries

» used as weak supervision for machine learning models



TAB2KNOW: BUILDING A KNOWLEDGE BASE FROM TABEES IN SCIENTIFIC PAPERS

WEAK SUPERVISION S“OfI(EI

» Hand-labeling data is expensive and inflexible

» ...so write labeling functions instead!
» Snorkel (Ratner et al, VLDB2020)

» DryBell @ Google (Bach et al., SIGMOD 2019)

» Overton @ Apple (Christopher Ré et al., ArXiv 2019)
» Aggregate weak signals for training ML models

» exploit labeling function correlations and sparsity
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WEAK SUPERVISION S“OfI(EI

def 1f 1(x): »
’ return heuristic(x)
n def 1f 2(x):
PANN return classifier(x)
, def 1f 3(x):
return re.find(p, X)

LABELING GENERATIVE DISCRIMINATIVE
FUNCTIONS MODEL MODEL

Y
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EXAMPLE: TABLE TYPES

[1-lo #S #1-W  #[o-W | #[1-V  #I5-V Models Rerank size | Beam size | GMV | Latency
en-de | 1.9M | 55M 52M 40k 50k miDNN 50 - 291% 9%
en-fr | 2.0M 50M 51M 40k 50k miRNN 50 5 5.03% 58%
en-es | 1.OM | 49M 51M 40k 50k miRNN-+att. 50 5 5.82% 401%
(a) Input (b) Observation
Qe DP concentration parameter for eachc € V'
P . .
Type Example Words v(e|c) CFG base dlStI‘ll.)utIOIl |
. . . x Set of non-terminal nodes in the treebank
Offensive disgusting, filthy, nasty, S Set of I . p h
rude, horrible, terrible, aw- et of sampling s¥tes (.one oreachx € x)
ful, worst, idiotic, stupid S A block of sampling sites, where S C S
dumb, ugly, etc. b = {bs}ses Binary variablestobesampled (bs =1 —
Non-offensive help, love, respect, believe, frontier node)
congrats, hi, like, great, z Latent state of the segmented treebank
fun, nice, neat, happy, m Number of sites s € S's.t. bg = 1
good, best, etc. n = {nc.}  Sufficient statistics of z
An~™ Change in counts by setting m sites in S

(c) Example (d) Other
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EXAMPLE: TABLE TYPES

Type Example Words
Offensive disgusting, filthy, nasty,
rude, horrible, terrible, aw-
ful, worst, idiotic, stupid,
dumb, ugly, etc.
Non-offensive help, love, respect, believe,
congrats, hi, like, great,
fun, nice, neat, happy,
good, best, etc.

(c¢) Example

select distinct ?table where {
SERVICE bds:search {

?matchedValue bds:search "example" .

}
?table dct:title ?matchedValue .
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EXAMPLE: TABLE TYPES

JllEioElCe Label Matrix

L (N x M)

Data, X
(N points)

Labeling functions
(M functions)

» Two options for aggregating labels:
» Majority Vote
» Snorkel Model

» Many options for ML model, but must not overfit!
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ENTITY RESOLUTION

» Vlog: Large-scale reasoning on contexts of cell values
» e.g.column header, column type, author, ...

» If similar, merge cell values into entity clusters

ceNoTypLabel(X,L),ceNoTypLabel(Y, L
eNoTypLabel(X,C,L),eNoTypLabel(Y,C, L
eTableLabel(X,T, L), eTableLabel(Y,T, L

elTypLabel(X, S, L),eTypLabel(Y,S, M), STR_EQ(L, M
eAuthLabel(X, A, L),eAuthLabel(Y,A, M), STR_EQ(L, M

L4l
el Tl
2
<~ <R
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SUMMARY

TABLE L RANKING OF SUBMITTED METHODS TO TASK 1.1
Method Name Recall (%) Precision (%) F-score Method Name Recall (%) Precision (%) F-score
USTB_TexStar 82.38 93.83 87.74 USTB_TexStar 82.38 93.83 87.74
TH-TextLoc 75.85 86.82 80.96 TH-TextLoc 75.85 86.82 80.96
I2R_NUS_FAR 71.42 84.17 77.27 I2R_NUS_FAR 71.42 84.17 77.27
Baseline 69.21 84.94 76.27 Baseline 69.21 84.94 76.27
Text Detection [15], [16] 73.18 78.62 75.81 Text Detection [15], [16] 73.18 78.62 75.81
I2R_NUS 67.52 85.19 7534 .7~ . I2R_NUS 67.52 85.19 75.34
BDTD_CASIA 67.05 78.98 7253\ 1, Table Extraction [“BbrD_casia 67.05 78.98 72.53
OTCYMIST [7] 74.85 67.69 71.09 OTCYMIST [7] 74.85 67.69 71.09
Inkam 52.21 58.12 55.00 Inkam 5221 58.12 55.00
Input: PDF Figure Q g
Naive KB
APls Ontology Table type classification Header detection
. | O '
\ Semantic Scholar EEE ./v Method Name Recall (%) Precision (%) F-score
EEEEE USTB_TexStar 82.38 93.83 87.74
m m [ @ TH-TextLoc 75.85 86.82 80.96
I2R_NUS_FAR 71.42 84.17 77.27
. Baseline 69.21 84.94 76.27
SPARQL Queries Text Detection [15],[16] 73.18 78.62 75.81
SPARGL 1 Snorkel o 12R_NUS 67.52 85.19 75.34
QL Query BDTD_CASIA 67.05 78.98 72.53
2§22Qt Query 2 OTCYMIST [7] 74.85 67.69 71.09
QL Query 3 ;7 ] Inkam 52.21 58.12 55.00
' 2 ) Table Interpretation L : A A )
Q Column type classification
Rules ~
@ |:> VLog |:>
/— \\ - - -
(3 Entity Linking ~

Assets Output: KB (with linked entities)
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RESULTS: TABLE TYPES

» Gold standard: 400 sampled tables, manual annotation
» 4 table types, 39 label queries

» Features from table caption, header cells and body cells

Model Prec. Recall F1 AUC
SVM 0.71 0.79 0.74 0.86
LR 0.72 0.79 0.74 0.84
NB 0.80 0.82 0.79 0.91

ML model performance
on Tab2Know data

11
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RESULTS: COLUMN TYPES

» 22 column types

» 55 label queries

Task MV Snorkel
Table Types 0.50 0.71
Column Types 0.56 0.49
(Our corpus)

Column Types 0.39 0.65

(Tablepedia)

Accuracy of label aggregation

Model Prec. Recall F1
NB 0.52 0.48 0.47
SVM 0.58 0.56 0.53
LR 0.58 0.56 0.53

ML model performance
on Tab2Know data

Model Prec. Recall F1
Yu et al. [31] 0.82 0.81 0.81
NB 0.84 0.82 0.81
SVM 0.90 0.89 0.89

LR 0.92 0.91 0.91

ML model performance

on Tablepedia data

12
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RESULTS: ENTITY RESOLUTION

» 3 entity creation rules + 4 entity merging rules

» 65% entities are sensible, 97% mergers are good

Label # Links

N mnist 288
: Ko T
N o wiki 146
531157 400047 493910 8 cifar-10 108
en-es 65
311999 after 183
X analysis 66
I Fg subset 49
M 0/0/0 9
f4(x) 6
No link. r4 r5 ré r7 All

Number of entities per rule Examples

13
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RESULTS: KNOWLEDGE GRAPH

» 143k PDFs from Semantic Scholar
» 73k tables extracted
» 23M links in graph

» Demo

14



