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Outline

3

Time (SGT/PDT) Presenter Topic

00:00 – 00:35
09:00 – 09:35

Jay Pujara Table structures

00:40 – 01:15
09:40 – 10:15

Pedro Szekely Semantic models of tables

Break
01:30 – 02:05
10:30 – 11:05

Huan Sun Neural representation learning

02:10 – 02:45
11:10 – 11:45

Muhao Chen Downstream tasks

Questions & discussion
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Asking questions

4

Please wait until 
the end of each 
tutorial section 
to ask questions 

about the 
material

Tutors will be available after 
the end of the tutorial for 

more open-ended discussion
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Why tables?
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We use tables to convey important information
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Example: COVID cases

Humans can quickly 
understand these tables 
and extract knowledge. 

Can AIs?
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Expressing that information is tedious otherwise

Among African Americans there were 5,569 total deaths, representing 
30.2% of total deaths. Of the 5,569 total deaths, 1,330 deaths were 
probable deaths (representing 32.9% of all probable deaths) while 
4,239 were confirmed deaths (representing 29.4% of all confirmed 
deaths).  Additionally, there were 9,432 non-fatal hospitalizations 
(representing 34.7% of all non-fatal hospitalizations) and 15,927 cases 
that did not require hospitalizations (representing 28.7% of all cases 
where hospitalization was unnecessary).

7
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Tables (and surface forms) are diverse
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Example: COVID cases

• Labels for classes differ

• Percentage and units: 
data, metadata, or header?

• What percentage?

• Which CA?
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Tables structures can be complex

Months in 
Roman 
numerals

Data spec in a cell next 
to months

Holy dimensional 
nesting, Batman!

Lots of sheets, 
each one 
different

Table 
segmentation

Often data in 
the real 
world differs 
from “neat” 
dataframes.
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Core tasks in table understanding
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table segmentation cell role prediction functional block 
detection

join identificationstructure
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Core tasks in table understanding

table segmentation cell role prediction functional block 
detection

join identification

semantic typing semantic modeling schema mapping entity linking

representation completion knowledge 
extraction

augmentation

structure

knowledge
alignment
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Core tasks in table understanding
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table segmentation cell role prediction functional block 
detection

join identification

semantic typing semantic modeling schema mapping entity linking

verification

representation completion knowledge 
extraction

augmentation

retrieval summarization question 
answering

structure

knowledge
alignment

downstream
tasks
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Core tasks in table understanding
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table segmentation cell role prediction functional block 
detection

join identification

semantic typing semantic modeling schema mapping entity linking

verification

representation completion knowledge 
extraction

augmentation

retrieval summarization question 
answering

structure

knowledge
alignment
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Table design principles

14
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Principles of (human) table organization
•Keep it simple: 
• only provide necessary information for the use case
• explicitly provide the information necessary – avoid reader computation
• reduce the number of categories and subcategories to find data
• avoid 2-dimensional tables
• round numbers

•Use spatial cues:
• reading often left-to-right, top-to-bottom – important information first
• keep related items nearby
• use spacing, lines/rules, font style and weight, and indentation to organize
• easier to compare values in a column
• sort items based on salient value
• span redundant values

15

X. Wang. Tabular Abstraction, Editing, and Formatting. Thesis, 1996
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Principles of (human) table organization
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• Keep it simple: 
• only provide necessary information for the use case
• explicitly provide the information necessary – avoid reader computation
• reduce the number of categories and subcategories to find data
• avoid 2-dimensional tables
• round numbers
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Principles of (human) table organization
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• Use spatial cues:
• reading often left-to-right, top-to-bottom – important information first
• keep related items nearby
• use spacing, lines/rules, font style and weight, and indentation to organize
• easier to compare values in a column
• sort items based on salient value, span redundant values
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Guide to table structures

18
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Parts of a table

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation

19
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Parts of a table

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation
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Parts of a table

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation
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Parts of a table

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation
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Parts of a table

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation
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block
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Parts of a table in stylistic manuals

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation

24

Stubhead

Stub Body

Boxhead

Chicago Manual of Style, 1993
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Parts of a table in dataset annotations

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation

25

Metadata

Left 
Attr.

Header

Notes

D
erived

Data
Chen, Z., Cafarella, M.: Integrating spreadsheet data via accurate and low-effort extraction. In: KDD 2014.
Koci, E., Thiele, M., Romero Moral, ́O., Lehner, W.: A machine learning approach for layout inference in spreadsheets. In: IC3K 2016.
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Parts of a table from a knowledge perspective

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation

26

valueattributes

attributeproperties

item

attribute

property

The number of acceptances in the workshops category at the KDD conference
for the year 2020 was 25 based on the source Jay’s made-up data..

property
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Parts of a table from a knowledge perspective

Table 1: Number of acceptances by category of work in conferences1

Year Conference Papers Workshops Tutorials Total

Research Industry
2021 KDD 800 500 25 40 1365

2021 WWW 700 400 25 40 1165

2020 KDD 600 300 25 35 960

2020 WWW 500 200 25 35 760

1. The source of this data is Jay’s made-up data generation

27

valuesattributes

attributesheaders
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Common relational table 
structures

28
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Classical table structures - horizontal

29
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Classical table structures - vertical

30
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Classical table structures - matrix

31
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Structural table 
understanding

32
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Three tasks in table structure understanding

Classify Cell Types

Identify Blocks

Detect Layouts

33

Pujara J, Rajendran A, Ghasemi-Gol M, Szekely PA. A Common Framework for Developing Table Understanding Models.  ISWC Satellites 2019 
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Three tasks in table structure understanding

Classify Cell Types

Identify Blocks

Detect Layouts

34

Pujara J, Rajendran A, Ghasemi-Gol M, Szekely PA. A Common Framework for Developing Table Understanding Models.  ISWC Satellites 2019 

Structural Semantic

datatypes

(number, year)

semantic type

(Person,  Time)

role-based

(header)

ontology-based

(Companies)

relational join

(indexing, 
hierarchy)

semantic model

(properties,
isA)
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Cell Classification

Number

Location

String
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Block Detection

Metadata

Data

Header

Attribute
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Layout Prediction

Header 
of

Global 
information of
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TL;DR of prior approaches to table structures
• conditional random fields
• Sequence-based features of white space

• graphical models
• Use style, type information, adjacency, orientation as potential functions

• supervised machine learning
• Collect content, stylistic, font, and spatial features, use SVM/RF to predict

• heuristic rules
• Find domain specific patterns that identify structural elements

38

Koci, E., Thiele, M., Romero Moral, ́O., Lehner, W.: A machine learning approach for layout inference in spreadsheets. In: IC3K 2016.

Chen, Z., Cafarella, M.: Integrating spreadsheet data via accurate and low-effort extraction. In: KDD 2014.

Pinto D, McCallum A, Wei X, Croft WB. Table extraction using conditional random fields. 

Eberius J, Werner C, Thiele M, Braunschweig K, Dannecker L, Lehner W. 
Deexcelerator: A framework for extracting relational data from partially structured documents. CIKM 2013.

Shigarov A, KhristyukV, Mikhailov A, ParamonovV. TabbyXL: Rule-based spreadsheet data extraction and transformation. ICIST 2019. 
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Common feature sets in methods

39

Content
• data type
• semantic type
• link
• numeric format
• numeric range
• length
• tokens
• capitalization
• special characters
• punctuation
• keywords
• formulas

Spatial
• row position
• col position
• neighbors
• neighbor styles 

match
• neighbor types 

match
• neighbor types

Format
• indentation
• bold, italic, strike
• underline style
• sub/super
• font face, size
• font color
• fill color
• alignment
•merging
• borders

Koci et al., IC3K 2016
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Cell embeddings for 
structural table 
understanding

40
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Cell Embeddings for Table Structure

𝐸!

𝐸"

Cell 
Embeddings

Cell Stylistic Embeddings

Cell Contextual Embeddings

41

Gol MG, Pujara J, Szekely P. Tabular cell classification using pre-trained cell embeddings. ICDM 2019.
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Unsupervised Learning of context: 𝐸!

Gol et. al, ICDM 2019

Predict (embedded) cell content 
using neighboring cells

Predict (embedded) neighbor 
content using cell content
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Unsupervised encoder-decoder architecture 

43

Predict (embedded) cell content 
using neighboring cells

Predict (embedded) neighbor 
content using cell content

Contextual cell embedding
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Unsupervised Learning of context: 𝐸!
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Unsupervised Learning from styles: 𝐸!

Gol MG, Pujara J, Szekely P. Tabular cell classification using pre-trained cell embeddings. ICDM 2019.
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Autoencoder for learning from styles: 𝐸!

Gol MG, Pujara J, Szekely P. Tabular cell classification using pre-trained cell embeddings. ICDM 2019.

Stylistic cell 
embedding
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Spatial
view of
cell
embeddings
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RNN-Based Cell Classification Approach

!𝑦!" ∝ argmax
#

𝑝 𝑦!"# 𝑥!", 𝑥!$%", 𝑥!$&", … , 𝑥!"$%, 𝑥!"$&, … )
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Beyond embeddings: 
hybrid table understanding

49
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Hybrid models for table understanding

50

Cell embeddings Predictions from
Base Classifier

A & B -> C
B & C -> E
...

Logical Rules & Constraints

Probabilistic 
Soft Logic

Sun K, Rayudu H, Pujara J. A Hybrid Probabilistic Approach for Table Understanding. AAAI 2021
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Background: Probabilistic Soft Logic

Predicates Variables

Weight

C1 C2

Bach SH, Broecheler M, Huang B, Getoor L. Hinge-Loss Markov Random Fields and Probabilistic Soft Logic. JMLR 2017
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Modeling probabilistic relationships (via PSL)

Collective 
Classification

Entity 
Resolution

Link
Prediction

Label(C1, L) & Adj(C1, C2) 
-> Label(C2, L)

Label(C1, L) & Label(C2, L) & Adj(C1, C2)  
-> SameBlock(C1, C2)

Label(B1, ‘Attr’) & Label(B2, ‘Val’) 
-> Rel(B1, B2, ‘Idx’)

52
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Hybrid System Architecture

Sun et al., AAAI 2021
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Cell Classifier

Cell embeddings Base Classifier
Initial Cell Data 
Type Predictions

PSL Model

CELabel(C, T) -> DataType(C, T)

IsEmpty(C) -> DataType(C, “Emp”)

HasNum(C) & !HasAlpha(C) -> 
DataType(C, “Cardinal”)

Final Predictions

Sun et al., AAAI 2021
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Block Detector

Cell embeddings Base Classifier
Initial Cell 
Functional Role 
Predictions

PSL Model

CELabel(C, T) & In(C, B) -> BlockType(B, T)

LeftNeighbor(B1, B2) & LeftNeighbor(B2, 
B3) & BlockType(B1, T) & BlockType(B3, T) -
> BlockType(B2, T)

FirstRow(B1) -> BlockType(B1, “header”)

Final Predictions

Cell Data Types
(cell classifier outputs)

Bayesian CART 
based Candidate 
Block Generator

Candidate 
Blocks

Sun et al., AAAI 2021
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Block Detector - Bayesian CART-based Block Generator

● Data Type distribution
● Depth of the node

Sun et al., AAAI 2021
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Layout Predictor

PSL Model

Above(B1, B2) & BlockType(B1, “header”) 
& BlockType(B2, “data”) -> LayoutType(B1, 
B2, “header of”)

BlockType(B1, “data”) & BlockType(B2, 
“data”) & Adjacent(B1, B2) -> 
LayoutType(B1, B2, “Empty”)

Final Layout Graph

Blocks & Types

Positional 
Relationships 
between Blocks

Sun et al., AAAI 2021
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Evaluation snapshot

Cell classification

Layout Prediction
Block Detection

Sun et al., AAAI 2021
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Improving over cell-level structural models

Cell based 
functional role 

detection

Sun et al., AAAI 2021
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Improving over cell-level structural models

Collective block-
level structural 

models

Sun et al., AAAI 2021
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Synopsis
• Table understanding is an important problem with many constituent 

tasks ranging from structural understanding, knowledge alignment, to 
downstream applications

• Understanding table structure is a foundational task enabling 
knowledge-centric table understanding

• In the past decade, structural models have evolved from using many 
cell-level features to incorporating more contextual information and 
using deep learning 

•Hybrid, neuro-symbolic models now have state-of-the-art 
performance by incorporating human expectations of table design 
into predictions from deep learning, correcting potential errors

61


