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Recap: Semantic Parsing

* General definition: natural language — formal meaning representations

NL: John likes fruits

L F: Vx FrRuIT(x) = LIKES(x, JOHN)
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Recap: Semantic Parsing

* General definition: natural language — formal meaning representations

NL: John likes fruits

LF: Vx FruiT(x) = LIKES(x,JOHN) (lambda expressions, CCG, AMR etc.)

* NL2Code: natural language — high-level programming languages

NL: List all users

Follows Us.erID F?IlowerID
LF: SELECT Name FROM User Profiles @ -

User_Profiles UID | Name | Email | Partition ID | Followers
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Natural Language Interface to Databases

Traditionally, database information is accessed
using structured query language (SQL).

SELECT Arriving Time FROM Flights
WHERE Flight Number = “CzZ327”

SELECT Quantity FROM Product
WHERE Name = “Hoverboard x10”

SELECT Name FROM Country WHERE
Continent = “Asia” ORDER BY

SELECT T2.name FROM Instructor AS Tl JOIN LifeExpectancy LIMIT 1

Department AS T2 ON Tl.Department ID =
T2.ID GROUP BY Tl.Department ID HAVING

AVG (T1.Rating) > (SELECT AVG (Rating) FROM
Instructor)



Natural Language Interface to Databases

Our goal is to learn semantic parsers over tables and databases that maps natural
language utterances to executable database queries.

‘, Give me the arriving time of “CZ327".

How many “Hoverboard x10” are left in
stock?

Show Asian countries ordered by life
expectancy.

Which departments have instructors in general
rated above average?



I. Content-Aware Textual-Tabular Encodings for Table Semantic

Parsing (TSP)

Bridging Textual and Tabular Data for Cross-Domain
Text-to-SQL Semantic Parsing. Lin et al. 2020.
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ColloQL: Robust Cross-Domain Text-to-SQL over Search
Queries. Radhakrishnan et al. 2020.
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II. Pre-training Textual-Tabular Representations with

Semantic Scaffolds

GraPPa: Grammar-Augmented Pre-training for
Table Semantic Parsing. Yu et al. 2020.
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SParC: Cross-Domain Semantic Parsing
in Context. Yu et al. 20109.

Editing-Based SQL Query Generation
for Cross-Domain Context-Dependent
Questions. Zhang et al. 2019.

NLQ

CoSQL: A Conversational Text-to-SQL
Challenge Towards Cross-Domain

Natural Language Interfaces to ? -
Databases. Yu et al. 2019.




I. Content-Aware Textual-Tabular Encodings for Table Semantic

Parsing (TSP)

Bridging Textual and Tabular Data for Cross-Domain
Text-to-SQL Semantic Parsing. Lin et al. 2020.
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1SP Problem Overview

Domain Twitter

---------------------------------------------
. 3
* 3

_4 Follows User ID | Follower ID @Tf‘:\bles are the ;
: :  simplest
— L. . relational
User_Profiles UID [ Name | Email | Partition ID | Followers i databases

- *
v, (34
lllllllllllllllllllllllllllllllllllllllllll

List the name and number of followers for each user

SQL SELECT name, followers FROM User Profiles



1SP Problem Overview

Domain Twitter

Follows User ID | Follower ID
= 1=
— ) . . —
User_ Profiles UID | Name | Email | Partition ID | Followers
Strong/Fully
. supervised SP
List the name and number of followers for each user

SQL SELECT name, followers FROM User Profiles



1SP Problem Overview

Domain Twitter

= Follows Us:er ID f?llower ID
= . . . —
User_ Profiles UID | Name | Email | Partition ID | Followers
Weakly-
supervised SP
List the name and number of followers for each user

’

Learning Executable Semantic Parsers for Natural Language Understanding. Liang et al. 2016.



TSP Problem Overview

Domain Twitter

Follows User ID | Follower ID
= er ol
— . : ) "
User_ Profiles UID | Name | Email | Partition ID | Followers

List the name and number of followers for each user

SQL SELECT name, followers FROM User Profiles

Domain Academic

Journal JID | Homepage | Name

= - —

- — —— e
Publication PID | Abstract Title ... | JID | Year

- Return me the number of papers on PVLDB

SQL SELECT COUNT (DISTINCT t2.title)
FROM Publication AS T2 JOIN Journal AS T1

ON T2.JID = T1.JID WHERE T1.name = “PVLDB”

Cross-

Database

salesforce



TSP Problem Overview

Domain Twitter

Follows User ID | Follower ID
= er ol
— : . . —
User_ Profiles UID | Name | Email | Partition ID | Followers

List the name and number of followers for each user
SQL SELECT name, followers FROM User Profiles

SLI/M,LLQY LV\/teV\/t, / ......................................................................................................................................................................................
Domain Academic

different DB schema

results Ln D[YHS’CLOHLLH = Journal JID [Homepage | Name

, , — R

different SRL Logical = — e
Publication PID | Abstract Title ... | JID | Year

Formes

- Return me the number of papers on PVLDB

SQL SELECT COUNT (DISTINCT t2.title)
FROM Publication AS T2 JOIN Journal AS T1
ON T2.JID = T1.JID WHERE T1.name = “PVLDB”
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1SP Problem Overview

Domain Twitter

Follows UslerID F‘c‘)llowerID
_— . . , —
User_ Profiles UID | Name | Email | Partition ID | Followers

List the name and number of followers for each user

SQL SELECT name, followers FROM User Profiles

Domain Academic

A Loy\,g tai,l, of = Journal JID | Homepage | Name
» fre et entit — DR Leverage value-field
1 H Publication PID | Abstract Title ... | JID | Year mappings in the DB

’Cg‘PCS \

- Return me the number of papers on PVLDB

SQL SELECT COUNT (DISTINCT t2.title)
FROM Publication AS T2 JOIN Journal AS T1

ON T2.JID = T1.JID WHERE TI1.name = “PVLDB”



[extual- labular Data Encoding

-------------------------------------------
3 *

Question Database Schema @ Environment :

. .
------------------------------------------

Show names of properties that are either houses or apartments

Properties
Property Property type Property Date on Date
id code name market sold
Apartment
Field .

Picklists House Reference Property Types
Shop " Property type  Property type
Other . code description

Apartment

Field
House
Shop
Other




[extual- labular Data Encoding

Serialize Table Header/DB Schema

- Show names... - T | Properties | ...

Property Type Code

Reference Property Types | ...

Property Type Code | C

Show names of properties that are either houses or apartments

Properties

Property Property type Property Date on Date

id

Apartment
Field
House
Shop
Other

/

code name market sold

. Reference Property Types
" Property type  Property type

code description
Apartment
Field .
House
Shop

Other




[extual- labular Data Encoding

Serialize Table Header/DB Schema

Lexical Representation

BERT

*

- Show names... - T | Properties | ...

Property Type Code

C

Reference Property Types | ...

Property Type Code | C

Show names of properties that are either houses or apartments

Properties

Property Property type Property Date on Date

id

Apartment
Field
House
Shop
Other

/

code name market sold

. Reference Property Types
" Property type  Property type

code description
Apartment
Field .
House
Shop

Other




[extual- labular Data Encoding

Separate Question/Table/Field Encoder

Question Encoder VRN Ehne C-Name Encoder T-Name Encoder C-Name Encoder
Encoder
Lexical Representation BERT
- Show names... - T | Properties |... | € | Property Type Code | € |... | T | Reference Property Types | ... | C | Property Type Code | C

Show names of properties that are either houses or apartments

Properties
Property Property type Property Date on Date
id code name market sold
Apartment
Field .
House Reference Property Types
Shop " Property type  Property type
Other . code description
Apartment
Field
House
Shop
Other




[extual- labular Data Encoding

Cross-Component Attention

Question-Schema Attention

---------
Phe ~

Structure Dependencies A

w‘a Graph Attention

Lexical Representation

Question Encoder IAREnE C-Name Encoder T-Name Encoder C-Name Encoder
Encoder
BERT
- Show names... - T | Properties | ... Property Type Code | € | ... | T | Reference Property Types | ... | C | Property Type Code | C

Show names of properties that are either houses or apartments

Properties
Property Property type Property Date on Date
id code name market sold
Apartment
Field .
House Reference Property Types
Shop " Property type  Property type
Other . code description
Apartment
Field
House
Shop
Other




[extual- labular Data Encoding

Cross-Component Attention

Architecture

Schema Graph Attention
\ ‘/\ Redundancy

Question-Schema Attention

---------
Phe ~

Structure Dependencies A -
Question Encoder VRN Ehne C-Name Encoder T-Name Encoder C-Name Encoder
Encoder
Lexical Representation BERT
- Show names... - T | Properties | ... | C | Property Type Code | C | ... ‘ T | Reference Property Types | ... | C | Property Type Code | C ‘

Show names of properties that are either houses or apartments

Properties
Property Property type Property Date on Date
id code name market sold
Apartment
Field .
House Reference Property Types
Shop " Property type  Property type
Other y code description
Apartment
Field .
House
Shop
Other




Recap: Attention

’ Forward I (c (T ]. To | Teew [ 70 ) -
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Attention Is All You Need. Vaswani et. al. 2017.

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. Devlin et. al. 2018.
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Architecture

Redundancy

Lexical Representation BERT

- Show names... - T | Properties | ... | € | Property Type Code | C ‘ T | Reference Property Types |... | C | Property Type Code | C ‘

Show names of properties that are either houses or apartments

Properties
Property Property type Property Date on Date
id code name market sold
Idea: Encode question, DB schema and the cross-modal Apartment /
: : : : Field .
contextualization using pre-trained deep BERT. ouse Reference Property Types
Shop " Property type  Property type
Other . code description
Apartment
Field
House
Shop
Oth
Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020. ~




[extual- labular Data Encoding

hQ hg
Bi-LSTM
L
Hybrid Representation BERT
*
- Show names... - T | Properties |... | € | Property Type Code | € |... | T | Reference Property Types | ... | C | Property Type Code | C

Show names of properties that are either houses or apartments

Properties
Property Property type Property Date on Date
id code name market sold
Idea: Encode question, DB schema and the cross-modal Apartment /
: : : : Field .
contextualization using pre-trained deep BERT. ouse Reference Property Types
Shop " Property type  Property type
Other . code description
Apartment
Field
House
Shop
Oth
Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020. ~




[extual- labular Data Encoding
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3

Hybrid Representation BERT

*

- Show names... - T | Properties|... | C | Property Type Code | C |... | T | Reference Property Types | ...

Property Type Code | C

Show names of properties that are either houses or apartments

Idea: Encode question, DB schema and the cross-modal
contextualization using pre-trained deep BERT.

Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020.
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id

Apartment
Field
House
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Other
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Other
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Bridging

| | | | | |
hQ O O O O O O
| | | | | |
Bi-LSTM
L2
Hybrid Representation BERT
*
- Show names... - T | Properties | ... | C | Property Type Code | C | ... ‘ T | Reference Property Types | ... | C | Property Type Code | C

Show names of properties that are either (houses) or (apartments )

Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020.
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Bridging
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Hybrid Representation BERT
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- Show names... - T | Properties | ... | C | Property Type Code | C ‘ T | Reference Property Types | ...

Property Type Code | C

Show names of properties that are either (houises) or CapartrPents)
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Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020.
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Bridging
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- Show names... - T | Properties | ... | C | Property Type Code Apartment C|...| T | Reference Property Types |... | C

Property Type Code Apartment Cl..

Show names of properties that are either (houses) or (apartments ) N
roperties

................... @partmenb
Field

Content_Aware TextuaI_Tabular Data EnCOding: ................................................. ................... .
Encode question, DB schema and related DB cells
as a tagged sequence using BERT.

Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. Lin et. al. 2020.

Property Property type Property Date on Date
id code name market sold

| Reference Property Types

Property type  Property type
code description

(Apartment)
Field
Shop
Other

Vs




—1
—1
—1
N,
—> D
N
— OO N
oo
— 0O N

Decoder

— 00O
— O N
— O
— 00O

Bi-LSTM

--------

*

BERT
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- Show names... - T | Properties | ... | € | Property Type Code Apartment C |..| T | Reference Property Types | ... | C | Property Type Code Apartment C

Show names of properties that are either Chouises) or (apartrpents)

Properties
Property Property type Property Dateon DR~ =
id code name  magke”
................... @partmenb ok o —~ 05
SQL SELECT Property Name FROM Properties WHERE Field L -

Property_Type_COde = “House” UNION ................................................. ................... . , > yTypes
SELECT Property Name FROM Properties WHERE ’ 5 Property type
Property Type Code = “Apartment” description

CApartment)|
Field

Shop
Other
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Effective heuristics for pruning the search space of a sequential pointer-generator decoder
- SQL syntax
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Effective heuristics for pruning the search space of a sequential pointer-generator decoder
- SQL syntax

- The FROM clauses set the scope of a SQL query and the table fields appeared in the rest of the clauses can only
belong to the tables in FROM

SELECT TZ.name FROM Instructor AS Tl JOIN Department AS T2 ON Tl.Department ID = T2.ID
GROUP BY T1.Department ID HAVING AVG(Tl.Rating) > (SELECT AVG(Rating) FROM Instructor)



Schema-Consistency Guided Decoding

Effective heuristics for pruning the search space of a sequential pointer-generator decoder

- SQL syntax
- The FROM clauses set the scope of a SQL query and the table fields appeared in the rest of the clauses can only
belong to the tables in FROM

SELECT TZ.name FROM Instructor AS Tl JOIN Department AS T2 ON Tl.Department ID = T2.ID
GROUP BY T1.Department ID HAVING AVG(Tl.Rating) > (SELECT AVG(Rating) FROM Instructor)

Rewrite a SQL query with FROM clauses in the front

FROM Instructor AS T1 JOIN Department AS T2 ON T1.Department ID = T2Z2.ID SELECT TZ.name

GROUP BY Tl.Department ID HAVING AVG(Tl.Rating) > (FROM Instructor SELECT AVG (Rating))

Lemma: Let Yexec be a SQL query with clauses arranged in execution order, then any table field in Yexec Will appear
after its corresponding table token.




Schema-Consistency Guided Decoding

- Generate SQL queries in execution order and unmask DB fields dynamically

I uctor \\I N T | Departments N N T N




Schema-Consistency Guided Decoding

- Generate SQL queries in execution order and unmask DB fields dynamically
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- Show names... - T | Instructor | C | ... C|...| T | Departments N N T N

FROM Instructor
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- Generate SQL queries in execution order and unmask DB fields dynamically

- Show names... -T Instructor | C | ... C|..] T | Departments | C | ... Cl...|T N

FROM Instructor JOIN Department



Schema-Consistency Guided Decoding

Generate SQL queries in execution order and unmask DB fields dynamically

- Show names... -T Instructor | C | ... C|..] T | Departments | C | ... Cl...|T N

FROM Instructor JOIN Department ON Instructor.Department ID = Department.ID SELECT
Department .name GROUP BY Instructor.Department ID HAVING AVG(Instructor.Rating) >
(FROM Instructor SELECT AVG(Instructor.Rating))



Schema-Consistency Guided Decoding

Generate SQL queries in execution order and unmask DB fields dynamically

- Show names... -T Instructor | C | ... C|..] T | Departments | C | ... Cl...|T N

FROM Instructor JOIN Department ON Instructor.Department ID = Department.ID SELECT

Department .name GROUP BY Instructor.Department ID HAVING AVG(Instructor.Rating) >
(FROM Instructor SELECT AVG(Instructor.Rating))

V/ Vectorizable

V Applied during inference

v/ Schema consistency not guaranteed, used
In combination with post-decoding checks

v/ Not limited to sequence decoders



Spider (Yu et al. 2018)

Expert-annotated, cross-domain, complex
text-to-SQL dataset

Assumption:

For each
Train Dev Test
# DBs 146 20 40

# Examples 8,659 1,034 & 2,147

| Dataset

salesforce

Database Primary key Foreign key
Instructor ID | Name | Department _ID | Salary
primary ey
Department ID | Name | Building | Budget

Question What are the name and budget of the departments

with average instructor salary above the overall average?

SQL

SELECT TZ.name, TZ.budge

t

FROM Instructor AS Tl JOIN Department AS TZ ON

Tl.Department ID = T2.ID

GROUP BY Tl.Department I

HAVING AVG(Tl.salary) >
(SELECT AVG (Salary)

D

FROM Instructor)



EXperiments

Inference steps

- Compute fuzzy string match between the input question and the picklists of each DB field to identify value
mentions

~or each DB field, keep top-K matches and use them to augment the DB schema representation

Run semantic parser

Evaluation
- Exact set match
- Logical form match ignoring values and SQL component order invariance
- Execution accuracy

- Check If the execution results of the predicted SQL query matches the executions results of the ground-truth
SQL query



EXperiments

Inference steps

- Compute fuzzy string match between the input question and the picklists of each DB field to identify value
mentions

~or each DB field, keep top-K matches and use them to augment the DB schema representation

Run semantic parser

Evaluation
- Exact set match
- Logical form match ignoring values and SQL component order invariance
- Execution accuracy

- Check If the execution results of the predicted SQL query matches the executions results of the ground-truth
SQL query

-----------------------------------------------------------------------
. .

. @ Better evaluation for
i text-to-SQL is still an :
. open research problem

- o
----------------------------------------------------------------------

Semantic Evaluation for Text-to-SQL with Distilled Test Suites. Zhong et al. 2020.



Ablation Stuady

Model Exact Set Match (%)
Mean Max
BRIDGE (k = 2) 65.8 + 0.8 66.9
- SC-guided decoding 654 +£0.7 66.3 (-0.6)
- static SQL check 64.8 +0.9 65.9 (-1.0)
__ -executionorder = 64.2+01 64.3(2.6)

- table shuffle & drop 63.9 £ 0.3 64.3 (-2.6)

- anchor text 63.3+0.6 63.9(-3.0)

- BERT 17.7+0.7 18.3 (-48.6)
Model Easy Medium Hard Ex-Hard All
count 250 440 174 170 1034
BRIDGE (k = 2) 88.7 684 54 44 66.9

-value augmentation 83.5 66.6 494

39.8 63.9

salesforce




| eaderboard Performance

Model Dev Test
Global-GNN (Bogin et al., 2019b) & 527 474
EditSQL + BERT (Zhang et al., 2019) 57.6 534
GNN + Bertrand-DR (Kelkar et al., 2020) 57.9 54.6
IRNet + BERT (Guo et al., 2019) 61.9 54.7
RAT-SQL v2 & (Wang et al., 2019) 62.7 57.2
RYANSQL + BERT; (Choi et al., 2020) 66.6 58.2
RYANSQL v2 + BERT} ¢ 70.6 60.6
RAT-SQL v3 + BERT, & (Wang et al., 2019) 69.7 65.6
BRIDGE (k =1) (ours) & © 65.3 —
BRIDGE (k = 2) (ours) & © 65.5 59.2

(Spider leaderboard as of June 1st, 2020)




| eaderboard Performance

Model Dev Test

Global-GNN (Bogin et al., 2019b) & 527 474

EditSQL + BERT (Zhang et al., 2019) 57.6 534

GNN + Bertrand-DR (Kelkar et al., 2020) 57.9 54.6

IRNet + BERT (Guo et al., 2019) 61.9 54.7

RAT-SQL v2 & (Wang et al., 2019) 62.7 37.2 G New results as of Nov.

RYANSQL + BERT}. (Choi et al., 2020) 66.6 582 2200

RYANSQL v2 + BERTjy, ¢ 70.6 60.6 Y;’:C),ngg'?gg) 70.0

RAT-SQL v3 + BERT;, & (Wang et al., 2019) 69.7 65.6 @
. ¢ Our model synthesizes

BRIDGE (k = 1) (ours) & 9 653  — . completeSQlLqueries |

BRIDGE (k = 2) (ours) & 65.5 59.2

(Spider leaderboard as of June 1st, 2020)



crror Analysis

Qualitative observations

N

What are the names and release years for all the songs of the youngest singer?

SELECT Song_Name, Age FROM singer ORDER BY Age LIMIT 1
SELECT song_name, song_release_year FROM singer ORDER BY age LIMIT 1

What are the full names of all left handed players, in order of birth date?

SELECT first_name, last_name FROM players ORDER BY birth_date
SELECT first_name, last_name FROM players WHERE hand = 'L’ ORDER BY birth_date

What are the names of students who have 2 or more likes?
SELECT Likes.student_id FROM Likes JOIN Friend ON Likes.student_id = Friend.student_id

GROUP BY Likes.student_id HAVING COUNT(*) >= 2
SELECT Highschooler.name FROM Likes JOIN Highschooler ON Likes.student_id =
Highschooler.id GROUP BY Likes.student_id HAVING count(¥*) >= 2

salesforce

Robustness issue

Rare relation & value
surface form

Commonsense

“Friend” table stores
students who has a
friend, not all students



Performance by DB

Exact match accuracy on each DB in the Spider dev set. The DBs are sorted by size (smallest -> largest) from top
to bottom.

poker_player
singer
tvshow
flight_2
course_teach
voter_1

pets_1 Better characterization of “similar”
museumvﬁ\gs;t examples could help transfer learning
network_1
battle_death
orchestra
cre_Doc_Template_Mgt
concert_singer
employee_hire_evaluation
world_1
real_estate_properties
car_1
dog_kennels
student_transcripts_tracking

0.0 0.2 0.4 0.6 0.8 1.0
Exact Set Match



Fine-tuned BER T Attention Visualization &

' ' [CLS] [CLS] (CLS] [CLS] [CLS] [CLS] [CLS] [CLS] [CLS] [CLS)
B e rtVI Z (VI g 2 O 1 9 ) show show show show show show show show show show

names names names names names names names names names names
of of of of of of of of of of
people people people people people people people people people people
whose whose whose whose whose whose whose whose whose whose
nationality nationality nationality nationality nationality nationality nationality nationality nationality nationality
is is is is is is is is is is
not not not not not not not not not not
russia russia [ russia russia J russia russia russia russia russia russia
[SEP] [SEP] [SEP] [SEP] [SEP) [SEP] [SEP] [SEP] [SEP] [SEP]
(M m (m (7] (7] (M M (7] (M (T]
poker poker poker poker poker poker poker poker poker poker
player player player player player player player player player player
(C] [C] [C] [C] [C] [C] (C] (C] [C] [C]
poker poker poker poker poker poker poker poker poker poker
player player player player player player player player player player
id id id id id id id id id id
[C] [C] [C) [C] [C] [C] (C] (C] [C] [C]
people people people people people people people people people people
id id id id id id id id id id
(C] [C] [C] [C] [C] [C] [C] (C] (C] [C]
. . final final final final final final final final final final
Brid ging table table table table table table table table table table
made made made made made made made made made made
(C] [C] [C] [C] [C] [C] (C] [C] (C] [C]
best best best best best best best best best best
finish finish finish finish finish finish finish finish finish finish
(C] (C] [C) [C] [C) [C] [C] [C] (C] (C]
money money money money money money money money money money
rank rank rank rank rank rank rank rank rank rank
(C] (C] [C] [C] [C] [c) [C] [C] [C] [C]
earnings earnings earnings earnings earnings earnings earnings earnings earnings earnings
m m m m m m (M (M m 7]
people people people people people people people people people people
[C] [C] [C] [C] [C] [l [C] [C] [C] [C]
people people people people people people peopie | People people people
id id id id id id id id id id
[C] [C] [C] €] [C] [C] (C] [C] (C] . [C]
nationality . nationality nationality nationality nationality nationality nationality nationality nationality nationality
\J J v] V] Y V] V] v] V] V] v]
russia russia russia russia russia russia russia russia russia russia
(C] [C) I © [C] [C] [C] (C] (C] (C] [C]
name name name I name name name name name name
(C] (C] [C] C] [C] [C] (C] (C] [C] [C]
birth birth birth birth birth birth birth birth birth birth
date date date date date date date date date date
[C] [C] [C] [C] [C] [C] . (C] [C] (C] (C]
height height height height height height height height height height
[SEP] [SEP] [SEP) [SEP] [SEP) [SEP] [SEP] [SEP] [SEP] [SEP]

(a) Layer = 2 (b) Layer = 4 (c) Layer =5 (a) Layer = 10 (b) Layer = 11



Fine-tuned BERT Attention Visualization &

I I [CLS] [CLS] (CLS] [CLS)
BertViz (Vig 2019) -
names names nEmes names
of of of of
P I o f f o o I k people people people people
¢ OO Ing e eCt In SpeCIa tO enS whose whose whose whose
[T] d [ C] I 1 nationality nationality national@ hationality
is is IS IS
a n ) aye r not not not not
russia russia russia russia
[SEP) [SEP) [SEP] [SEP)
m-————am m m
poker — poker poker poker
player player player ~—— player
[C] | © C] I
poker poker poker /f"_, 7 poker
player player player — player
id id id id
[C] [C] (C] (C]
people people people people
id id id id
[C] (C] (C] (C]
final final final final
table table table table
made made made made
[C] [C] [C] [C]
best best best best
finish finish finish finish
[C] [C] [C] [C]
money money money money
rank rank rank rank
[c] [C] C] (€]
earnings earnings earnings earnings
(7] M m m
people people people people
(] ©l C) [C)
people people people people
id id ] .
id id
' [9] [C]' ' [C] [C]
natronal{u:/]y ;ﬂonamy nationality nationality
] . v] v]
russclza réss'a russia russia
(C] [C] C] €]
name name
@ ) ™ i
zi':“ 2”:“ birth birth
?Ce; [(?] e date date
height height . ] [C].
(SEP) (SEP) height height
[SEP] [SEP]

. (b)



L ive Demo https://naturalsgl.com &

Photon = Select Database  concert_singer - X Upload Database
% ERD € Content ®, Chat started by Photon - 2:24 pm
concert
concert_ID concert_Name Theme Stadium_ID Year
1 Auditions Free choice 1 2014
2 Super bootcamp Free choice 2 2 2014
3 Home Visits Bleeding Love 2 2015
4 Week 1 Wide Awake 10 2014
5 Week 1 Happy Tonight 9 2015
5 v <<« <f¥2 > >
stadium
Stadium_ID Location Name Capacity Highest Lowest Average
1 Raith Rovers Stark's Park 10104 4812 1294 2106
2 Ayr United Somerset Park 11998 2363 1057 1477
3 East Fife Bayview Stadium 2000 1980 533 864
4 Queen's Park Hampden Park 52500 1763 466 730
5 Stirling Albion Forthbank Stadium 3808 1125 404 642
5 v <<« <f¥2 > >
singer
Singer_ID Name Country Song_Name Song_release_year Age Is_male

) Query Result

NN N NI NSNS NN NN NN NN NN NN NN SN NN NN NN EEEEEEEEEEWg

@ Can be turned into a
data collection tool

o*
*
0

D

)

»

=
=
=
=

Hello! Please input your question in o
NL to query the DB

[ Type Here 4 ]

© Copyright 2020 Salesforce.com, inc. All rights reserved.
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* Contextualizing the input utterance, DB schema structure and DB content is
critical for text-to-SQL semantic parsing.



lakeaway

* Contextualizing the input utterance, DB schema structure and DB content is
critical for text-to-SQL semantic parsing.

* By stretching the usage of special tokens in pre-trained language models we
can effectively model such contextualization using multi-head self-attention over
tagged seqguences.




lakeaway

» Contextualizing the input utterance, DB schema structure and DB content is critical
for text-to-SQL semantic parsing.

* By stretching the usage of special tokens in pre-trained language models we can
effectively model such contextualization using multi-head self-attention over tagged
seguences.

» Explicitly modeling the “structures” of data could still offer benefit and is worth
exploring.

e Jrustworthiness, interpretation and robustness are all critical for practical text-to-
SQL semantic parser deployment.



II. Pre-training Textual-Tabular Representations with

Semantic Scaffolds

GraPPa: Grammar-Augmented Pre-training for
Table Semantic Parsing. Yu et al. 2020.

Transformer Encoder | |

f !

[ <s> show the student id that have more than 6 class . ] ‘ </s> classid </s> studentid </s> ... ... </s>
Pre-train with MLM loss Pre-train with SQL semantic loss
Questions over Tables Synthetic Text-to-SQL Examples Tables
e T N T Show the student id that have more than © class. ™\ T ™
Which <mask>withmost ) ow the student i ! ave more than © class . [

: SF1EC ~ ~ 0 * \ Class |
|{ official languages. : I{ SELECT student_id FROM class GROUP BY student_id HAVING COUNT(*) > 6 | | (d,... student ) |
| (B Show the state that have no less than airports . Is mple Table. : e !
| What is the id of the <mask> | | SELECT state FROM airports GROUP BY state HAVING COUNT(*) »= 3 1 24P s Airports {
: recent customer? 11 ' I (id, city, .., state) ]

-, =z e

I ‘ I | | b |
| Which <mask> r;ave atv 1 Show the open year that have below "o shop . | { e gpen_year) II
\ lounge? J \_ SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(*) < 2/ \ ;

N —7 o A A = S — -

Sample New Examples
A d Text-to-SQL Synchronous Context-Free Grammar

T e e e e ~ e R ~
{ Show the locations that have at least \I { ROOT — {Show the COLUMNO that have OP0 VALUEO TABLEQ., )
| performances . | nduce Gramm | SELECT COLUMNO FROM TABLEO GROUP BY COLUMNO HAVING COUNT(*) OPO VALUEQ) :
| SELECT location FROM performance joduce Srammar | I OP0 = {>, <, >=, ...} |
: GROUP BY location HAVING COUNT(*) >= 2 : [T :
\ o J l\ > —» {more than, higher than, J




L anguage ana lable Understanding

Annotators check database schema (e.g., database: college)

Table name CoILInns
— r 2

Table1 instructor |id|name|department id |salary|....

foreign key

Table 2 department id| name | building | budget | .......

primary
key

Table n

Ann s cr

Complex What are the name and budget of the departments
question  With average instructor salary greater than the
overall average?

Complex SELECT T2.name, T2.budget
SQL FROM instructor as Tl JOIN department as
T2 ON Tl.department id = T2.id
GROUP BY Tl.department id
HAVING avg(Tl.salary) >
(SELECT avg(salary) FROM instructor)

Semantic Parsing (Yu et al. 2020)

Year | City Country | Nations
1896 | Athens Greece 14
1900 | Paris France 24
1904 | St. Louis | USA 12

2004 A-t.hens éréece 201
2008 | Beijing China 204
2012 | London UK 204

x1: “Greece held its last Summer Olympics in which year?”

Y1: {2004}

x2: “In which city’s the first time with at least 20 nations?”

y2: {Paris}

x3: “Which years have the most participating countries?”

y3: {2008, 2012}

xz4: “How many events were in Athens, Greece?”

ya: {2}

xs5: “How many more participants were there in 1900 than
in the first year?”

ys: {10}

Question Answering (Pasupat and Liang 2015)

There is growing need for table understanding in the field,
often in the context of natural language...

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

salesforce

Candidates

District Incumbent Party Result
California 3  John E. Moss democratic re-elected
California 5  Phillip Burton democratic re-elected

California 8 George Paul Miller democratic
California 14 Jerome R. Waldie republican re-elected
California 15 John J. Mcfall republican re-elected

lost renomination democratic hold

John E. Moss (d) 69.9% John Rakus (r) 30.1%
Phillip Burton (d) 81.8% Edlo E. Powell (r) 18.2%
Pete Stark (d) 52.9% Lew M. Warden, Jr. (r) 47.1%
Jerome R. Waldie (d) 77.6% Floyd E. Sims (r) 22.4%
John J. Mcfall (d) unopposed

Entailed Statement

Refuted Statement

1. John E. Moss and Phillip Burton are both re-elected in the
house of representative election.

2. John J. Mcfall is unopposed during the re-election.

3. There are three different incumbents from democratic.

John E. Moss and George Paul Miller are both re-elected in the house |
of representative election.

John J. Mcfall failed to be re-elected though being unopposed.
There are five candidates in total, two of them are democrats and
three of them are republicans.

Fact Verification (Chen et al. 2020)

Table Title: Gabriele Becker
Section Title: International Competitions
Table Description: None

Year | Competition | Venue | Position | Event | Notes
Representing Germany
1992 World Junior Championships Seoul, South Korea 10th (semis) 100 m 11.83
. . . > . 7th 100 m 11.74
1993 | European Junior Championships | San Sebastidn, Spain 3d 4X100 m relay 1760
12th (semis) 100 m 11.66 (wind: +1.3 m/s)

1994 World Junior Championships

Lisbon, Portugal

2nd 4x100 m relay 44.78
ee World Championships Gothenburg, Sweden o (%-rfcilnals) 4x1(}(())0 mnrlelay élégél1

Original Text: After winning the German under-23 100 m title, she was selected to run at the 1995 World Championships

in Athletics both individually and in the relay.

Text after Deletion: she at the 1995 World Championships in both individually and in the relay.
Text After Decontextualization: Gabriele Becker competed at the 1995 World Championships

in both individually and in the relay.

Final Text: Gabriele Becker competed at the 1995 World Championships both individually and in the relay.

Table Summerization (Parikh et al. 2020)



Language and lable Unaerstanaing &

District Incumbent Party Result Candidates

- Annotators check database schema (e.g., database: college) Year | City Country | Nations .
E Table name Columns 1896 Athens Greece 14 E California 3  John E. Moss democratic re-elected John E. Moss (d) 69.9% John Rakus (r) 30.1%
E \ - e N 1900 Paris France 24 . California 5  Phillip Burton democratic re-elected Phillip Burton (d) 81.8% Edlo E. Powell (r) 18.2%
E _ . . 1904 | St. Louis USA 12 . California 8 George Paul Miller ~ democratic lost renomination democratic hold Pete Stark (d) 52.9% Lew M. Warden , Jr. (r) 47.1%
E Table 1 instructor e departﬁent—ld s i L L. L. L. . California 14 Jerome R. Waldie republican re-elected Jerome R. Waldie (d) 77.6% Floyd E. Sims (r) 22.4%
3 foreign key 2004 | Athens Greece 201 : California 15 John J. Mcfall republican re-elected John J. Mcfall (d) unopposed
Table2 department |id|name| building |budget | ... 2008 | Beijing China 204 : Entailed Statement ‘ Refuted Statement \
E pr}i(mary 2012 London UK 204 E 1. John E. Moss and Phillip Burton are both re-elected in the 1 J?hn E. Mosts :.nd Grzo:ge FEO LA S i o mee I de hetes
E : =Y . “G held its last S Ol ics in which 99 E house of representative election. 5 j) r:eljri;e? ;fIV'T Z:C ';n' lected though bei q
: Z1- reece hela its last summer Qiympics in wnich year: . 2. John J. Mcfall is unopposed during the re-election. - Jonn S Vidtalifaried to be re-elected though being unopposed.
: Table n - 12004 . ) ) . 3. There are five candidates in total, two of them are democrats and
. Y1 { } . 3. There are three different incumbents from democratic. .
: . § | three of them are republicans. J
: Ann rs create: x2: “In which city’s the first time with at least 20 nations?”
: : {Paris} :
. Complex What are the name and budget of the departments ya: { . F Verifi .
: : : : . o : iIfication (Chen l. 202
: question  Wwith average instructor salary greater than the x3: “Which years have the most participating countries?’ : act Verification (Chen et al. 2020)
: overall average? y3: {2008, 2012} :
Complex sELECT T2.name, T2.budget z4: “How many events were in Athens, Greece?”
" SQL FROM instructor as Tl JOIN department as . . cel... .
: > oN T1 4 ment id - T2 14 ya: {2} : Table Title: Gabriele Becker
-aepartment_ic = -t « . . . . Section Title: International Competitions
: GROUP BY Tl.department id xs5: “How many more participants were there in 1900 than - Table Descrintion: None
. HAVING avg (Tl.salary) > in the first year?” . prom
(SELECT avg(salary) FROM instructor) ys: {10} Year | Competition | Venue | Position | Event | Notes
Representing Germany
. 1992 World Junior Championships Seoul, South Korea 10th (semis) 100 m 11.83
: Semantic Parsing (Yu et al. 2020) Question Answering (Pasupat and Liang 2015) 1993 | European Junior Championships | San Sebastidn, Spain 7th 100 m 11.74
. : 3rd 4x100 m relay 44.60
: : . . . . 12th (semis) 100 m 11.66 (wind: +1.3 m/s)
EEEEEEEEEEEEEEEE NN N NN NN NN NN NN NN NN NN NN E NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN NN EEEEE NN SN NN NN SN SN SN SN NN EEEEEEEEEEEEEEEEEEEEEEEEmn® 1994 WOrldJunlorChamplonShlpS LleOn,POrtugal 2nd 4X100mrelay 44.78
. . 7th (g-finals) 100 m 11.54
1995 World Championships Gothenburg, Sweden 3d T 301

Original Text: After winning the German under-23 100 m title, she was selected to run at the 1995 World Championships
in Athletics both individually and in the relay.
Text after Deletion: she at the 1995 World Championships in both individually and in the relay.

We p re 't ra i n j 0 i n t re p rese n tat i 0 n fo r teXt a n d ta b I eS W It h Text After Decontextualization: Gabriele Becker competed at the 1995 World Championships

in both individually and in the relay.

pOte nt|a| beneﬁt adCross tas kS, fOCUSIHg on table Séma ntic Final Text: Gabriele Becker competed at the 1995 World Championships both individually and in the relay.
parsing and question answering tasks.

Table Summerization (Parikh et al. 2020)

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.



Pre-trained Language and lable Representation

- Data: 26M tables and their English contexts from English Wikipedia and the
WDC WebTable Corpus

- Objective: standard MLM; Masked Column Prediction (MCP); Cell Value
Recovery (CVR)

- Content Snapshot: sampled rows that summarize the information in T most
relevant to the input utterance

In which city did Piotr's last Ist place finish occur?

Utterance Token Representations Column Representations

Year Venue : Position Event In| which | city did | Year Venue Position ...
R; | 2003 :Tampere 3rd ! EU Junior Championship
R [ - ——— g S sssss [ Vertical Pooling ]
Ry | 2005 : Erfurt Ist  EUU23 Championship | — .-
""""""""""""""""""""""""""""""" Vertical Self-Attention Layer :
R3 | 2005 : Izmir : 1st ! Universiade yer (x V).
""""" f""""":'"""""’:"""'""'""""_"'"," : In which cit ves 2005 Erfurt 1st [
R4 | 2006 :Moscow +  2nd  ;World Indoor Championship| Ra [c1s) Y g S S
.......... - !
Ry | 2007 :Bangkok Ist Universiade 'Ry [CLS]| In |which city @ .o | ? 2005 Izmir 1st
Selected Rows as Content Snapshot : { Rz, Rs, Rs} 1 Rs [cLs] | In| |which city | « |2 2007 Bangkok 1st

(A) Content Snapshot from Input Table =~ (C) Vertical Self-Attention over Aligned Row Encodings

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

(B) Per-row Encoding (for each row in content snapshot, using R, as an example)

Utterance Token Vectors 2005 Erfurt 1st

.('I.ell Vectors

. ' [CLS] In | which| city || did ...
: [ Cell-wise Pooling ] [

Cell-wise Pooling ] [ Cell-wise Pooling ]

[ Transformer (BERT) ]

TaBERT: Pretraining for Joint Understanding of Textual And Tabular Data (Yin et al. 2020)

- Data: 3.3M Infoboxes and 2.9M WikiTables with
relevant text snippets including table caption, article title,
article description, segment title and text of the segment

salesforce

- Objective: standard MLM and relevant table prediction

- Table Content is flattened and inserted into the table

schema
“op [P o) _computelopP,) Rank | .. | Days N8
NONE 1 37 0.9
COUNT O.1 9+9+2=2 2 31 0.9
SUM 9x37 +.9x31+ .2x15 = 64.2 3 17 0
AVG 642 +2 =321 4 15 0.2
Soreg™ 1X2 + .8x64.2 + 1x32.1=54.8 0
Aggregaton ,
prediction tCeII seltectlon'
[CLS] T, TN [SEP] T T
E[C_LS] E1 EN E[S_EP] E’1 E’M
[CLS] Tok 1 Tok N [SEP] Tok 1 Tok M
l J \ |
Question Flattened Table

TAPAS: Weakly Supervised Table Parsing via Pre-training

(Yin et al. 2020)
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Challenges

- Data: 26M tables and their English contexts from English Wikipedia and the

WDC WebTable Corpus /

Large, nolsy training data

- Data: 3.3M Infoboxes and 2.9M WikiTables with
relevant text snippets including table caption, article title,
article description, segment title and text of the segment

In which city did P'z'otr's last Ist place finish occur? Utterance Token Representations Column Representations “ P_(op) compute(op,P_,T) m_ P,
Year | Venue : Position Event In which city did @ Year Venue Position ... NONE 0 _ 1 37 0.9
R; | 2003 ! Tampere 3rd : EU Junior Championship [ Voo P ] COUNT O.1 9+49+2=2 2 31 0.9
-------------------------------- femenemeeeeeeeeieeeeeens ertical Pooling
Ry | 2005 Erfurt Ist : EBUU23 Championship | ——— SUM 0.8 .9x37 +.9x31+.2x15=64.2 3 :7 0
"""""""""""""""""""""""""""""""" Vertical Self-Attention L | +9= 4 S 0.2
R3 | 2005 i Izmir st | Universiade ' eriieal e ention Layer (x V) : ave O 64.2 +2 =321 o
""""" R AR Sy I I hich ity | ... 2005 £ 1 | - _
R4 | 2006 :Moscow +  2nd  ;World Indoor Championship| Rz [cLs] sl [ i oty g Briurt st Spred™ %2 +.8x64.2 +.1x32.1=54.8
Rj | 2007 |Bangkok | Ist | Universiade Bs [[crs)| [n | [which| |eity | .. [2] [ 2005 | | Iamir | | 1st Aggregation Cell selecti
' : : e ell selection
Selected Rows as Content Snapshot : {Rz, R3, Rs } : Bs [CE8]] [fn] (whieh Sity | |2 2007 Bangiok et prediction t t '
(A) Content Snapshot from Input Table ( C) Vertical Self-Attention over Aligned Row Encodings : -
_________________________________________________________________________________ precTowmamame [CLS] T | .| T, [SEP] T |- [ T,
: (B) Per-row Encoding (for each row in content snapshot, using R, as an example) ,
E Utterance Token Vectors e : E E E E E’ E
{ 2005 Erfurt 1st Cell Vectors | ! [CLS] 1 N [SEP] 1 M
. ' [CLS] In | 'which | city @ |did !
: [ Cell-wise Pooling ] [ Cell-wise Pooling ] [ Cell-wise Pooling ] ! ' t t t t '
E : [CLS] Tok 1 Tok N [SEP] Tok 1 Tok M
: [ Transformer (BERT) :
| | l J l J
' Question Flattened Table

TaBERT: Pretraining for Joint Understanding of Textual And Tabular Data (Yin et al. 2020)

TAPAS: Weakly Supervised Table Parsing via Pre-training

(Yin et al. 2020)
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Challenges

- Objective: standard MLM; Masked Column Prediction (MCP); Cell Value

Recovery (CVR)
\ /

Learning objective does not explicitly enforce
alignment between text and table

+ Objective: standard MLM and relevant table prediction

In which city did Piotr's last Ist place finish occur? Utterance Token Representations Column Representations “ P (op) compute(op,P_,T) m_ P,
. ' sge ! a s
Year | Venue : Position | Event In which | city did Year Venue | |Position| ... NONE O - 1 37 0.9
R; | 2003 ! Tampere 3rd : EU Junior Championship [ Voo P ] COUNT O.1 9+ 94+.2=2 2 31 0.9
-------------------------------- N P ertical Pooling
R, | 2005 : Exfut : st | BUU23 Champiomship | ———————————————— SUM 0.8 .9x37 +.9x31+.2x15 = 64.2 j :Z 0
"""""""""""""""""""""""""""""""" Vertical Self-Attention L : +2= 0.2
Ry | 2005 | Immir : st Universiade | eriiea’ Sel-Attention Layer (x V), ave O 64.2+2=321 o
"""""" f"""""7"'""""E""'""""""""""" : I hich it ves 2005 Erfurt 1st I = =
R4 | 2006 :Moscow +  2nd  ;World Indoor Championship| Ra [c1s) sl Il M oty g Thur S Spred™ X2 +.8x64.2 + 1x32.1=54.8
R | 2007 :Bangkok P st Universiade ' Rs [[cLs)| |1n | |which| | city | ..|2| | 2005 | | Izmir 1st Aggregatlon __________________________________________________
' : : | : . o Cell selection
Selected Rows as Content Snapshot : {Rp, Rs, Rs} I Rs |tcus)| [In] [which| | city | - [2| [ 2007 | |Bangkok| | 1st prediction ' t t
(A) Content Snapshot from Input Table ( C) Vertlcal _S(_eli'-;\_t;e_n_ti_o;l_o_v_el_' Ahgned il;);v_l‘_ll_lc_o_d_il;g_s ___________ . -
___________________________________________________________________________________________________________ [CLS] T1 TN [SEP] T : T .
(B) Per-row Encoding (for each row in content snapshot, using R, as an example)
Utterance Token Vectors ee E E E E E’ E
2005 Erfurt 1st Cell Vectors [CLS] 1 N [SEP] 1 M
In |which | city @ did t t ' t t '

[

Cell-wise Pooling ] [ Cell-wise Pooling

)

[

Cell-wise Pooling

)

|

Transformer (BERT)

. [CLS]

TaBERT: Pretraining for Joint Understanding of Textual And Tabular Data (Yin et al. 2020)

S Al U U —

[CLS]

Tok 1

Tok N

[SEP]

Tok 1

l

I

Question

l

Tok M

)

Flattened Table

TAPAS: Weakly Supervised Table Parsing via Pre-training

(Yin et al. 2020)



Synthesize [ext-to-SQL Data

- Induce synchronous context-free grammar (SCFG) from existing text-to-SQL datasets.
- Synthesize text-SQL pairs from high-quality tables (340k) using the SCFG.

- Pre-train the model on the synthetic data using a novel text-schema linking objective that predicts the
syntactic role of a table field in the SQL for each text-SQL pair

- Include masked language objective (MLM) as a regularization over existing table-and-language
modeling datasets

Non-terminals Production rules

TABLE — ; I. ROOT — (“For each COLUMNO , return how many times TABLEQ

COLUMN — ¢; with COLUMNI OoP0O VALUEOQO 77,

VALUE — v; SELECT COLUMNO , COUNT ( * ) WHERE COLUMN1 OPO

AGG — ( MAX, MIN, COUNT, AVG, SUM) VALUEO GROUP BY COLUMNO )

OP — ( =, <, #, ... , LIKE, BETWEEN ) ) \

SC — ( ASC, DESC ) 2. ROOT — What are the COLUMNO and SOLUMNI of the TABLEO

MAX — (“maximum”, “the largest”...) whose COLUMN2 is OPO AGGO COLUMN?2 77,

< — (“no more than”, “no above”...) SELECT COLUMNO , COLUMN1 WHERE COLUMN2 OPO ( SELECT
AGGO ( COLUMN2 ) ) )

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.
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Grammar-Augmented Pre-training

I‘ o SELECT I WHERE I I 0

- e o 5

Roberta |
[ <s> show the student id that have more than 6 class . ] </s> classid </s> studentid </s> ... ... </s>
TPre-train with MLM loss Pre-train with SQL semantic loss T
Questions over Tables Synthetic Text-to-SQL Examples Tables
o > r~ Show the student id that have more than © class \\ "~ N\
Which <mask> with most fnore than ; [

: : | Class \
|{ official languages. : |{ SELECT student_id FROM class GROUP BY student_id HAVING COUNT(*) > 6 I | (id, ., student. id) |
| | Show the state that have no less than airports . I Sarmole Taby : :
| What is the id of the || SELECT state FROM airports GROUP BY state HAVING COUNT(¥) >= 3 :43’"" itnad _ Airports |
: <mask> recent customer? : I | | (id, city, ..., state) |

I
. I | |
: Which <mask> have a TV : : Show the open year that have below o shop . | I (ad dresssm:)':) en.yea) I
\\ lounge? // \  SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(*) < 2 // \\ T /’
Sample New Examples
Annotated Text-to-SQL Examples Synchronous Context-Free Grammar
T T T T T T T T T T T T ~ ~— "~~~ "~~~ "~~~ ~ "~~~ "~~~ "~~~ ~"~"~"~"~"~ "/~ "~/ T T T T T T ~
I/ Show the locations that have at least \I ( ROOT —* {Show the COLUMNO that have OP0 VALUEO TABLEO., \
| performances . | uce G | SELECT COLUMNO FROM TABLEO GROUP BY COLUMNO HAVING COUNT(*) OPO VALUEQ} :
| SELECT location FROM performance e rammar»: OP0 = {>, <, >=, ...} |
: GROUP BY location HAVING COUNT(*) >= 2 : | e e |
\ ) | > = {more than, higher than, ...} /I
T - \ _______________________________________ —

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.
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Cxperiments

Spider and WikiSQL

Find the first and last names of the
students who are living in the dorms that
have a TV Lounge as an amenity.

database
with 5 tables

SELECT T1.FNAME, T1.LNAME
FROM STUDENT AS T1 JOIN LIVES IN AS T2

ON T1.STUID=T2.STUID
WHERE T2.DORMID IN

( SELECT T3.DORMID
FROM HAS AMENITY AS T3 JOIN DORM AMENITY AS T4
ON T3.AMENID=T4.AMENID
WHERE T4.AMENITY NAME= ’'TV LOUNGE')

Weakly Supervised

Semantic Parsing Tasks
WikiTQ and WikiSQL

In what city did Piotr’s last 1st place finish occur?

a table
with 6 columns

“Bangkok, Thailand”

WikiTableQuestions (Pasupat and Liang. 2015); WikiSQL (Zhong et al. 2017); Spider (Yu et al. 2018)

salesforce



Our best model GraPPa (MLN+SSP) achieves
new state-of-the-art performance,
surpassing previous work by a margin of 4%

Fully Supervised Semantic Parsing Results

Models Dev. Test
Global-GNN (Bogin et al., 2019) 52.7 47.4
EditSQL (Zhang et al., 2019b) 57.6 534
IRNet (Guo et al., 2019) 61.9 54.7
RYANSQL (Choit et al., 2020) 70.6 60.6
TranX (Yin et al., 2020a) 64.5 -
RAT-SQL (Wang et al., 2019) 62.7 57.2

w. BERT-large 69.7 65.6

w. RoBERTa-large 69.6 -

w. GRAPPA (MLM) 71.1(+1.4) -

w. GRAPPA (SSP) 73.6(+3.9) 67.7(+2.1)

w. GRAPPA (MLM+SSP) 73.4(+3.7) 69.6(+4.0)

GraPPa

Spider Results

: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

Our best model GraPPa (MLN+SSP) achieves new
state-of-the-art performance. The improvement

salesforce

from the base model is even more significant when
there is less training data.

Models Dev. Test
(Dong & Lapata, 2018) 79.0 78.5
(Shietal., 2018) 84.0 83.7
(Hwang et al., 2019) 87.2 86.2
(He et al., 2019) 89.5 88.7
(Lyu et al., 2020) 89.1 89.2
Guo2019ContentEB 90.3 89.2
w. RoBERTa-large 91.2 90.6
w. GRAPPA (MLM) 91.4 90.7
w. GRAPPA (SSP) 91.2 90.7
w. GRAPPA (MLM+SSP) 91.2 90.8
w. RoBERTa-large (10k) 79.6 79.2
w. GRAPPA (MLM+SSP) (10k) 82.3(+2.7) 82.2(+3.0)

WikiSQL Results



Weakly Supervised Semantic Parsing Results

Our best model GraPPa (MLN+SSP) achieves
new state-of-the-art performance, improve
from RoBERTa by a margin of 1.8%. The
Improvement is even more significant using
10% of the training data.

Models Deyv. Test
(Liang et al., 2018) 42.3 43.1
(Dasigi et al., 2019) 42.1 43.9
(Agarwal et al., 2019) 43.2 44 .1
(Herzig et al., 2020b) - 48.8
(Yin et al., 2020b) 52.2 51.8
(Wang et al., 2019) 43.7 44.5

w. RoBERTa-large 50.7(+7.0) 50.9(+6.4)

w. GRAPPA (MLM) 51.5(+7.8) 51.7(+7.2)

w. GRAPPA (SSP) 51.2(+7.5) 51.1(+6.6)

w. GRAPPA (MLM+SSP) 51.9(+8.2) 52.7(+8.2)

w. RoBERTa-large x10% 37.3 38.1

w. GRAPPA (MLM+SSP) x10% 40.4(+3.1) 42.0(+3.9)

GraPPa

WikiTableQuestions Results

: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.

salesforce

Our best model GraPPa (MLN+SSP) achieves new
state-of-the-art performance.

Models Deyv. Test
(Liang et al., 2018) 72.2 72.1
(Agarwal et al., 2019) 74.9 74.8
(Min et al., 2019) 84.4 83.9
(Herzig et al., 2020b) 85.1 83.6
(Wang et al., 2019) 79.4 79.3
w. RoBERTa-large 82.3(+2.9) 82.3(+3.0)
w. GRAPPA (MLM) 83.3(+3.9) 83.5(+4.2)
w. GRAPPA (SSP) 83.5(+4.1) 83.7(+4.4)
w. GRAPPA (MLM+SSP) 85.9 (+6.5) 84.7 (+5.4)

Weakly Supervised WikiSQL Results



—ffect of Different Pre-training Objectives

RoBERTa [ GraPPa(MLM) " GraPPa(SSP) I GraPPa(MLM+SSP)

75 90.6 90.7 90.7 90.8
84.7
gy 3 83.5 83.7
80
73.6 73.4
Dev set 65 |—
results
50.9 21.7 51.1 2.7
| I
35 ——— e A e —— e e

Spider Fully-sup. WikiSQL WlleQ Weakly-sup. WikiSQL

GraPPa: Grammar-Augmented Pre-training for Table Semantic Parsing. Yu et al. 2020.
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- GraPPa is an effective pre-training approach for table semantic parsing.



[akeaway

- GraPPa is an effective pre-training approach for table semantic parsing.

- It learns a compositional inductive bias in the joint representations of textual
and tabular data via a novel text-schema linking objective over synthesized
question-SQL pairs.



[akeaway

- GraPPa is an effective pre-training approach for table semantic parsing.

- It learns a compositional inductive bias in the joint representations of textual
and tabular data via a novel text-schema linking objective over synthesized
question-SQL pairs.

- On four popular fully supervised and weakly supervised table semantic
parsing benchmarks, GRAPPA significantly outperforms RoBERTa-LARGE as
the feature representation layers and establishes new state-of-the- art results
on all of them.



III. Conversational Table Semantic Parsing

SParC: Cross-Domain Semantic Parsing
in Context. Yu et al. 20109.

Find the names of the first 5 customers.

Database about shipping company containing 13 tables

sQLDB

Editing-Based SQL Query Generation @ st
for Cross-Domain Context-Dependent ~
Questions. Zhang et al. 2019.

CoSQL: A Conversational Text-to-SQL
Challenge Towards Cross-Domain

Natural Language Interfaces to
Databases. Yu et al. 2019°.




CoSQL: A Conversational Text-to-SQL Challenge

In real world, users typically issue sequences of questions
when querying a database

Context-dependent utterances reflect special linguistic
phenomena such as co-references and omission

Besides well-formed information seeking questions, users
may issue utterances that require clarification and trigger
other dialogue actions

System responses are better to be paired w/ accessible
natural language responses

salesforce

Rs:

Qq :
S

: Database about student dormitories containing 5 tables

: What are the names of all the dorms? INFORM_ SQL
. SELECT dorm name FROM dorm

: (Result table with many entries)
: This is the list of the names CONFIRM SQL

of all the dorms.

: Which of those dorms have a TV lounge? INFORM SQL

: SELECT Tl.dorm name FROM dorm AS Tl JOIN has amenity AS

T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3 ON
T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’

: (Result table with many entries)

: This shows the names of dorms CONFIRM SQL
with TV lounges. .

: What dorms have no study AMBIGUOUS
rooms as amenities?
Do you mean among those CLARIFY
with TV Lounges?
Yes. AFFIRM

SELECT Tl.dorm name FROM dorm AS Tl JOIN has_amenity
AS T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3
ON T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’ EXCEPT SELECT Tl.dorm name FROM dorm AS T1
JOIN has amenity AS T2 ON Tl.dormid = T2.dormid JOIN
dorm amenity AS T3 ON T2.amenid = T3.amenid WHERE
T3.amenity name = ‘Study Room’

: Fawlty Towers
: Fawlty Towers is the name of the dorm  CONFIRM SQL

that has a TV lounge but not a study
room as an amenity.

: Thanks! THANK YOU

: You are welcome. WELCOME

salesforce



CoSQL: A Conversational Text-to-SQL Challenge

In real world, users typically issue sequences of questions
when querying a database

Context-dependent utterances reflect special linguistic
phenomena such as co-references and omission

Besides well-formed information seeking questions, users
may issue utterances that require clarification and trigger
other dialogue actions

System responses are better to be paired w/ accessible
natural language responses

salesforce

Rs:

Qq :
S

: Which

: SELECT Tl.dorm name FROM dorm AS Tl JOIN has amenity AS

: Database about student dormitories containing 5 tables

: What are the names of all the dorms? INFORM_ SQL
. SELECT dorm name FROM dorm

: (Result table with many entries)
: This is the list of the names CONFIRM SQL

of all the dorms.

e ——— ‘n\\
{ those dorms hg
Cthose dorms §

£
¢
™

ve a TV lounge? INFORM SQL

T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3 ON
T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’

: (Result table with many entries)

: This shows the names of dorms CONFIRM SQL
with TV lounges. .

: What dorms have no study AMBIGUOUS
rooms as amenities?
Do you mean among those CLARIFY
with TV Lounges?
Yes. AFFIRM

SELECT Tl.dorm name FROM dorm AS Tl JOIN has_amenity
AS T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3
ON T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’ EXCEPT SELECT Tl.dorm name FROM dorm AS T1
JOIN has amenity AS T2 ON Tl.dormid = T2.dormid JOIN
dorm amenity AS T3 ON T2.amenid = T3.amenid WHERE
T3.amenity name = ‘Study Room’

: Fawlty Towers
: Fawlty Towers is the name of the dorm  CONFIRM SQL

that has a TV lounge but not a study
room as an amenity.

: Thanks! THANK YOU

: You are welcome. WELCOME

salesforce



CoSQL: A Conversational Text-to-SQL Challenge

In real world, users typically issue sequences of questions
when querying a database

Context-dependent utterances reflect special linguistic
phenomena such as co-references and omission

Besides well-formed information seeking questions, users
may issue utterances that require clarification and trigger
other dialogue actions

System responses are better to be paired w/ accessible
natural language responses

salesforce

Rs:

Qq :
S

+ Thanks!
: You are welcome.

: Database about student dormitories containing 5 tables

: What are the names of all the dorms? INFORM_ SQL
. SELECT dorm name FROM dorm

: (Result table with many entries)
: This is the list of the names CONFIRM SQL

of all the dorms.

: Which of those dorms have a TV lounge? INFORM SQL

: SELECT Tl.dorm name FROM dorm AS Tl JOIN has amenity AS

T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3 ON
T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’

: (Result table with many entries)
: This shows the names of dorms CONFIRM SQL

with TV lounges.

: What dorms have no study AMBIGUOUS

rooms as amenities?

Do you mean among those
with TV Lounges?

Yes. AFFIRM

SELECT Tl.dorm name FROM dorm AS Tl JOIN has_amenity
AS T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3
ON T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’ EXCEPT SELECT Tl.dorm name FROM dorm AS T1
JOIN has amenity AS T2 ON Tl.dormid = T2.dormid JOIN
dorm amenity AS T3 ON T2.amenid = T3.amenid WHERE
T3.amenity name = ‘Study Room’

: Fawlty Towers
: Fawlty Towers is the name of the dorm  CONFIRM SQL

that has a TV lounge but not a study
room as an amenity.

salesforce



CoSQL: A Conversational Text-to-SQL Challenge

In real world, users typically issue sequences of questions
when querying a database

Context-dependent utterances reflect special linguistic
phenomena such as co-references and omission

Besides well-formed information seeking questions, users
may issue utterances that require clarification and trigger
other dialogue actions

System responses are better to be paired w/ accessible
natural language responses

salesforce

mm

D; : Database about student dormitories containing 5 tables

Q1 : What are the names of all the dorms? INFORM SQL

S1 . SELECT dorm name FROM dorm

A1 : (Resul entries)
/AR : This is the list of the name \\“;; CONFIRM SQL
N of all the dorms. :

Q2 : Which of those dorms have a TV lounge? ~INFORM_SQL

So : SELECT T1l.dorm name FROM dorm AS Tl JOIN has_amenity AS
T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3 ON
T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’

: (Result. table with many entries
: This shows the names of dorms—=S=s

CONFIRM SQL

Q3 : What dorms have no study AMBIGUOUS

——— —

: Do you mean among those \\\“\;
. with TV Lounges?

_— —

Qs : Yes. ' AFFIRM

S4 : SELECT T1.dorm name FROM dorm AS Tl JOIN has_amenity
AS T2 ON Tl.dormid = T2.dormid JOIN dorm amenity AS T3
ON T2.amenid = T3.amenid WHERE T3.amenity name = ‘TV
Lounge’ EXCEPT SELECT Tl.dorm name FROM dorm AS Tl
JOIN has_amenity AS T2 ON Tl.dormid = T2.dormid JOIN
dorm amenity AS T3 ON T2.amenid = T3.amenid WHERE
T3.amenity name = ‘Study Room’

CLARIFY

XA
fren AN T

O S s S ®

- Fawlty Towers is the name of the dor
that has a TV lounge but not a study
= JOoOm as an amenity.

Q8 : Thanks! o THANK YOU

Rs : You are welcome. WELCOME

salesforce



CoSQL: A Conversational Text-to-SQL Challenge

D; : Database about student dormitories containing 5 tables

In real world, users typically issue sequences of questions e
. Q1 : What are the names of all the dorms? INFORM SQL
when querying a database

S1 . SELECT dorm name FROM dorm

ult table with many entries)

: hlS is the hst of the names—os

\) CONFIRM SQL
. of all the dorms.

Context-dependent utterances reflect special linguistic Q2 : Which of those dorms have a TV lounge? INFORM_Sor
phenomena such as co-references and omission Sy i SELECE ™1 dorm name FROM dom hS TL JOIN has_smenity s

T2.amenid = T3.amenid WHERE T3.amenit§_name = TV
Lounge’

Az : (Result table with man entrles) P

~K, : This shows the names of dorms iy _o” o
, Wltﬁ ST\(; lcb;unges o 7 a‘\
Besides well-formed information seeking questions, users Qs chl)l“sf o e‘s -

may issue utterances that require clarification and trigger
other dialogue actions

— AFFIRM
_~

afie FROM dorm AS Tl JOIN has_amenity

“\ dormid = T2.dormid JOIN dorm ._amenity AS T3
o n:.d = T3.amenid WHERE T3.amenity name = ‘TV

) ge EXCEPT SELECT Tl.dorm name FROM dorm AS T1
JOIN has_amenity AS T2 ON T1. dormid = T2.dormid JOIN
dorm amenity AS T3 ON T2.amenid = T3.amenid WHERE
T3.amenity name = ‘Study Room’

System responses are better to be paired w/ accessi*
natural language responses

‘ Fawlty Towers is the name of the dor
that has a TV lounge but not a study
=.100m as an amenity.

salesforce Qs

Rs : You are welcome. WELCOME

Thanks! THANK YOU

ﬁ )
-<

\
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Wizard-of-Oz Data Collection

Wizard-of-Oz data collection pipeline:

( Step 1 \ / Step 2 \ / Step 3 \
Show gold examples Exam and Filter Turkers User-System side Turkers

to train Turkers only allow qualified dialog interactions
Turkers to continue

. ‘? u intermediate
:/ — g-sql examples system interface user interface
el A BV A A T

Annotated by Turkers  Gold answers

. II |
- — ;Iq>uality check
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Chatting Interface

Reference Table: Order_Items

Content
I [

1 9
2

3 5
4 14
5 15
6 4
7 6
8 2
9 13
10 14

Reference Table: Product_Suppliers

Content
( Ul ! 1

4 3 2017-06-19
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8 4 2017-07-02
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3 3 2017-10-14 19:15:37

7 1 2017-08-22
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15 4 2017-12-08
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36274.56

7273.74

8042.78

29836.26
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TASK ID: 3669, You are Assistant

Enter Message

Step 1: select USER labels:

inform_sql () | infer_sql ) | ambiguous (] | affirm

greeting [/ | good_bye [ | | thank_you (| | drop (| |
Other Labe

Step 2: select EXPERT labels:

confirm_sql () | clarify [ | reject (] | request_more

Other Labe

Step 3: If the user's question can be answered by SQL, write/execute SQL query, and click “SQL confirm” button to

show the result table to the user.
Step 4: write message and click send

Step 5: After the whole dialog ends, on the left panel: 1) grade the user’s performance, 2) write some comments if
there are some mistakes needed to be corrected during the future dialog review. 3) click button "DIALOG

| negate

| greeting

| not_related

| sorry

| welcome

| cannot_understand

| good_bye

COMPLETED"
SELECT product id FROM Order Items GROUP BY product id HAVING count(*
SELECT product id FROM Product Suppliers GROUP BY product id HAVING
sum(total amount purchased > 80000

Results (3 rows)

product_id

4

m

>

| cannot_answer

| drop

RESET

3 UNION

salesforce




Data Statistics

CoSQL SParC  ATIS
# Q sequence 3,007 4298 1658
# user questions  15,598* 12,726 11,653

# databases 200 200 1
# tables 1020 1020 27
Avg. Q len 11.2 8.1 10.2
Vocab 9,585 3794 1582
Avg. # Q turns 5.2 3.0 7.0
Unanswerable Q v X X
User intent v X X
System response v X X

Context-dependent
text-to-SQL

Natural language
response generation

Dialogue action
prediction

(1)

(II) (III)

ATIS (Hemphill et al. 1990, Dahl et al. 1994); SParC (Yu et al. 2019)



| eaderboard: https://vale-lily.github.i0/cosdl
-~ COSQL 1.0 FJ ™

A Conversational Text-to-SQL Challenge
Towards Cross-Domain Natural Language Interfaces to Databases

What is CoSQL?

CoSQL is a corpus for building cross-domain Conversational
text-to-SQL systems. It is the dilaogue version of the Spider
and SParC tasks. CoSQL consists of 30k+ turns plus 10k+
annotated SQL queries, obtained from a Wizard-of-Oz
collection of 3k dialogues querying 200 complex databases
spanning 138 domains. Each dialogue simulates a real-world
DB query scenario with a crowd worker as a user exploring the
database and a SQL expert retrieving answers with SQL,
clarifying ambiguous questions, or otherwise informing of
unanswerable questions.

CoSQL Paper (EMNLP'19)

CoSQL Post

Leaderboard - SQL-grounded Dialogue State Tracking

In CoSQL, user dialogue states are grounded in SQL queries. Dialogue state tracking (DST) in
this case is to predict the correct SQL query for each user utterance with INFORM_SQL label
given the interaction context and the DB schema. Comparing to other context-dependent text-
to-SQL tasks such as SParC, the DST task in CoSQL also includes the ambiguous questions if
the user affirms the system clarification of them. In this case, the system clarification is also
given as part of the interaction context to predict the SQL query corresponding to the question.
As in Spider and SParC tasks, we report results of Exact Set Match without Values here.

Rank Model Question Interaction Match
Match
1 EditSQL 40.8 13.7
Yale University & Salesforce
Research

(Zhana et al EMNLP '"19) code


https://yale-lily.github.io/cosql

I. Content-Aware Textual-Tabular Encodings for Table Semantic

Parsing (TSP)

Bridging Textual and Tabular Data for Cross-Domain
Text-to-SQL Semantic Parsing. Lin et al. 2020.

Live Demo: https://naturalsgl.com

Open Source: https://github.com/
salesforce/TabularSemanticParsing

Auditions

eeeee

Week 1 Happy Tonight

Bayview Stadium

Forthbank Stadium

salesforce
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I. Content-Aware Textual-Tabular Encodings for Table Semantic

Parsing (TSP)

Bridging Textual and Tabular Data for Cross-Domain
Text-to-SQL Semantic Parsing. Lin et al. 2020.

Live Demo: https://naturalsgl.com

Open Source: https://github.com/
salesforce/TabularSemanticParsing

Photon iE Select Database  concert_singer & Upload Database
% ERD £ Content ® Chat started by Photon - 2:24 pm

concert

concert_ID concert_Name Theme Stadium_ID Year

1 Auditions Free choice 1 2014

2 Super bootcamp Free choice 2 2 2014

3 Home Visits Bleeding Love 2 2015

4 Week 1 Wide Awake 10 2014

5 Week 1 Happy Tonight 9 2015

5 v << | < 2(>|>
stadium

Stadium_ID Location Name Capacity Highest Lowest Average

1 Raith Rovers Stark’s Park 10104 4812 1294 2106

2 Ayr United Somerset Park 11998 2363 1057 1477

3 East Fife Bayview Stadium 2000 1980 533 864

4 Queen’s Park Hampden Park 52500 1763 466 730

5 Stirling Albion Forthbank Stadium 3808 1125 404 642

5 oY << | < 2(>|>

singer

Singer_ID Name Country Song_Name Song_release_year Age Is_male

3 Query Result

Hello! Please input your question in .
NL to query the DB

[ Type Here s | 2 ]

© Copyright 2020 Salesforce.com, inc. All rights reserved.

II. Pre-training Textual-Tabular Representations with

Semantic Scaffolds

GraPPa: Grammar-Augmented Pre-training for
Table Semantic Parsing. Yu et al. 2020.

Transformer Encoder | LJ
[ <s> show the student id that have more than 6 class . J [ </s> classid </s> studentid </s> ... ... </s>
TPrv-lrain with MLM loss IPre-lrain with SQL semantic loss
Questions over Tables Synthetic Text-to-SQL Examples Tables
T T T AN Show the student id that have more than © class - ™\ - N
Which <mask>with most ’ - : {

x ] Class \
I{ official languages. : I{ SELECT student_id FROM class GROUP BY student_id HAVING COUNT(*) > 6 | | (d,... studentid) |
I e 11 Show the state that have po less than /re¢ airports . IS o Tablo I ..... |
| What is the id of the <mask> | | SELECT state FROM airports GROUP BY state HAVING COUNT(*) >= 3 124mp N }
: recent customer? 11 l I (id, city, .., state) I

11 oo e
i e L | | o |
Which k> ha v r P
| m,:: > n ve a 1 Show the open year that have below "o shop . | { T e Il
\\ inge / \\ SELECT open_year FROM shop GROUP BY open_year HAVING COUNT(*) < 2 // \ y
L N e -
Sample New Examples
A d Text-to-SQL Synchronous Context-Free Grammar

e ~ T e S I ~
{ Show the locations that have at least - \I { ROOT — {Show the COLUMNO that have OP0 VALUEQ TABLEC., \
| performances . | induce Grammar | SELECT COLUMNO FROM TABLEO GROUP BY COLUMNO HAVING COUNT(*) OPO VALUEO) :
| SELECT location FROM performance I—>: OP0 = {>, <, >=, ...} |
: GROUP BY location HAVING COUNT(*) >= 2 I [ !
1 — p {_ > — {more than, higher than, ...} ]
e — = |\ SNSSR .. =
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Parsing (TSP)

Bridging Textual and Tabular Data for Cross-Domain
Text-to-SQL Semantic Parsing. Lin et al. 2020.

Live Demo: https://naturalsgl.com

Open Source: https://github.com/
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II. Pre-training Textual-Tabular Representatio

Semantic Scaffolds

ns with

GraPPa: Grammar-Augmented Pre-training for

Table Semantic Parsing. Yu et al. 2020.
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SParC: Cross-Domain Semantic Parsing

in Context. Yu et al. 20109.

Editing-Based SQL Query Generation
for Cross-Domain Context-Dependent
Questions. Zhang et al. 2019.

CoSQL: A Conversational Text-to-SQL
Challenge Towards Cross-Domain

Natural Language Interfaces to ? -
Databases. Yu et al. 2019°.
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