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Why Text-to-SQL Systems?
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e Manydifferent data sets are generated by users, systems and sensors
e Datarepositories can benefit many types of users looking for insights, patterns, information, etc
e Hence, the benefit of data exploration becomes increasingly more prominent.




Why Text-to-SQL Systems?

e Datavolume and complexity make it difficult to query data.

e Database query interfaces are notoriously user-UNFRIENDLY.

SELECT * FROM CITIES
WHERE 50 <

(SELECT AVG(TEMP_F)
FROM STATS WHERE
CITIES.ID = STATS.ID);




Why Text-to-SQL Systems?

Expressing queries in natural language can open up data access to everyone

To satisfy the needs of casual users of databases,
we must break through the barriers that presently prevent
these users from freely employing their native languages

which cities have
year-round average
temperature above
50 degrees?

Ted Codd (circa: 1974)
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The Text-to-SQL Problem

SELECT city FROM cities
WHERE 50 < (SELECT AVG(max_temperature
FROM weather_daily_forecast_log w
WHERE cities.city_id = w.city_id);

weather_status

id
weather_st

Weather Logs
number PK

varchar2(30)

which cities have

weather_daily_forecast_log

T

'

i

'

| weather_hourly_forecast_log

i |id number PK
year'round average Phoenix O 1| city_id number FK

1 | start_timestamp timestamp

| end_timestamp timestamp
temperatu re above [e} | | weather_status_id number FK

I | temperature number(3,1)
50 degrees’) | | feels_like_temperatur number(2)

1 | humidity_in_percenta number(3)

| wind_speed_in_mph  number(2,2)

| | wind_direction char(2)

I | pressure_in_mmhg number(2,2)

| | visibility_in_mph number(2,2)

'

city_id number PK FK
calendar_date date PK
weather_status_id number FK

min_temperature number(3,1)
max_temperature number(3,1)
avg_humidity_in_percenta number(3)

sunrise_time timestamp
sunset_time timestamp
last_updated_at timestamp

source_system varchar2(20)




Challenges

From the NL side

e Complexity of NL Q
o Ambiguity “Show information about °
o  References - Schema Linking “model” refers to OR ?
o Inferences “President before Obama?”
o  Vocabulary Gap “composer” vs “songwriter”

e User Mistakes {::;
o  Spelling mistakes “Which singer won the most °°n?”
o  Syntactical/Grammatical mistakes “Show most actor played movies * 0O O




Challenges

From the SQL side

e Complex Syntax:

@)

“Which countries have a GDP higher than the EU average?”

e Database Structure:

O  Theuser’s data model may not match the data schema

“Find directors who released a movie this year”

OOO

Simple NLQ that
might need 3,4 or

SQL is a structured language with a strict grammar and limited expressivity

Sounds simple but
needs a complex
nested query

5 JOINs
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System Workflow
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Generations of Text-to-SQL Systems

Keyword systems
a search engine-like functionality, where user queries contain just keywords, like “drama movies".

e Discover & 2]
generates query interpretations as subgraphs (candidate networks) of the database
schema graph.

e DiscoverlR P 3]

information retrieval-style ranking heuristics to enhance the term disambiguation

process.

2 [4]
e Spark ¢

improved ranking and fast execution methods
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Generations of Text-to-SQL Systems

Enhanced Keyword systems

e queries with aggregate functions, GroupBy, comparison operators, and keywords that map to
database metadata.
e syntactic constraints on their input to make sure they can parse the user query.

e.g., ‘count movies actress “Priyanka Chopra™".

e ExpressQ &2 151

e SODA &2 16
enriches the system knowledge (i.e. inverted indexes) with additional knowledge
sources

14



Generations of Text-to-SQL Systems

Natural language systems

e allow queries in natural language,
“What is the number of movies of “Priyanka Chopra™".

e NaLIR 2 7]
syntactic parser tounderstand NL.

e ATHENA & (8]
ontologies and ontology-to-data mappings

15



What movies have
the same director as
“Revolutionary Road”

System Workflow

T

User Interface

Query

Disambiguation & Understanding

Results ? —

SELECT DISTINCT movie tittle

FROM  movie, block0, block1
WHERE movie.mid = block0.mid AND
g 2 block0. pk_director =
Entity Interpretation SQL T ek pe dicc
Parser 1q M S _—
Ter[ns & a’pper Asozaotot Generator EX SELECT director.did, movie.mid
K d Sch El FROM movie, director, directed_by
CYWOE chema Element WHERE movie.mid = directed_by.msid AND
Phracac ' A [ Return ] [ same ] y directed_by.did = director did
ROOT movie MOVIE . Bk
SELECT director.did, movie. mid
Revolutionary road MOVIE.TITLE FROM  move, director, directed_by
Return [ director ] [ director ] WHERE movie fittle = “Revolutionary Road” AND
moviae MOVIE y movie. mid=directed_bymsid AND
= . - - — directed_by.did = director.did
[ director] [ movies | (movies ] (_movie ] !
director DIRECTOR
[ movie ] [ same | = e Knowledge ¢ Database

2 [ Revolutionary Road |

Bases
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e Language to Logical . e TypeSQL « SQlova
Form with Neural * Seq2sQL + WikisQL ¢ Coarse-to-Fine o IRNet ~ TaB
Attention * SQLNet * Spider « X-SQL o HydraNet
e « RAT-SQL .
. e BRIDGE
e SyntaxSQLNet ¢ SmBoP
¢ |[E-SQL
) ) ) ) )
2016 2017 2018 2019 2020

e Datasets

A timeline of NL2SQL systems using Deep Learning




Text-to-SQL as Neural Machine Translation

Neural machine translation (NMT) approaches
map the text-to-SQL problem to a language translation problem
and they train over a large body of <NL, SQL> pairs.

18
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WikiSQL

e Large crowd-sourced dataset for developing NL interfaces for relational

databases
o 80K NL/SQL pairs over 25K tables

e NL questions on tables gathered from Wikipedia

o Not entire databases!
o The SQL queries that can be performed are quite simple

e Contains many mistakes
o Research suggests that the upper bound has been reached
o Human accuracy estimated at 88%

2 91 5eq25SQL (2017)

20



WikiSQL: Example

N LQ Player No.
What nationality is the player Muggsy Bogues?
Leandro 20
Barbosa
SQL:
Muggsy 14
. . Bogues
SELECT nationality
WHERE player = muggsy bogues Jerryd 5
Bayless

Table: Toronto Raptors all-time roster

Nationality

Brazil

USA

USA

Position

Guard

Guard

Guard

Years in
Toronto

2010-2012

1999-2001

2010-2012

School
/Club
Team

Tilibra

Wake
Forest

Arizona

21



WikiSQL.: (Bad) Example e, 20000 0000 83000 108000 100000

NLQ:
Name the most late 1943 with late 194 in slovenia
SQL:

SELECT max(late 1943)
WHERE ! |ate 1941 = slovenia

A table copied incorrectly from Wikipedia resulted to
the generation of a SQL query that does not make much sense
and a NLQ that is even more incoherent!

Late Late Sept. Late Late
1941 1942 1943 1943 1944

Croatia 7,000 | 48,000 78,000 122,000 150,000
Serbia (Kosovo) 5,000 6,000 6,000 7,000 20,000
Wikipedia Macedonia 1,000 2,000| 10,000 7,000 66,000
(original table) Montenegro 22,000 6,000 | 10,000 24,000 30,000
Serbia (proper) 23,000 8,000 | 13,000 22,000 204,000
WikisQL Slovenial821(831(84] | 2 000 4000 6000 | 34,000 38,000
(badly copied) Serbia (Vojvodina) | 1,000 1,000 3,000 5,000 | 40,000
Total 81,000 135,000 215,000 329,000 648,000
! Late Late Sept. Late Late 1978 Veteran
1941 1942 1943 1943 1944 membership
Croatia 7000 48000 | 78000 122000 150000
Slovenia 2000 4000 6000 34000 38000
Serbia 23000 8000 13000 22000 204000

Table: Yugoslav Partisans: Composition
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Spider

e Large-scale complex and cross-domain text-to-SQL dataset
o 10,181 questions and 5,693 SQL queries on 200 DBs from 138 different domains

e Annotated by 11 Yale students

e Queries of varying complexity

o Categories: Easy, Medium, Hard, Extra Hard
o SQL elements such as JOIN, GROUP BY, UNION

e |essqueries and tables than WikiSQL but better quality and complexity

¢? [10] Spider (2018)

23



Spider: Example

NLQ:
How many heads of the departments are older than 56 ?
SQL:

SELECT count(*)
FROM head
WHERE age > 56

department

Department_ID
Name

Creation

Ranking
Budget_in_Billions

[ management

Department_ID PK, FK
head_ID PK, FK
temporary_acting

(Num_Employees

PK

head

head_ID

name
born_state
lage

PK

Database: Department Management
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Spider: Example

NLQ:

Which department has more than 1 head at a time?
List the id, name and the number of heads.

SqQL:

SELECT T1.department_id, T1.name, count(*)
FROM management AST2

JOIN department AST1

ON T1l.department_id = T2.department_id
GROUP BY T1.department_id

HAVING count(*) > 1

department

Department_ID
Name

Creation

Ranking
Budget_in_Billions
(Num_Employees

PK

[

management head

Department_ID  PK, FK head_ID
head_ID PK, FK name

temporary_acting gg(ren_state

PK

Database: Department Management
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Natural Language Representation

How can we give natural language to a neural network?

e LSTM Neural Networks (1995) ¢ [12] e TheTransformer (2017) ¢2 [16]
e Word Embeddings e Therise of language models

o  One-hot Embeddings o BERT(2018) ¢ [17]

o Word2Vec(2013) (2 [13] o RoBERTa(2019) (2 [18]

o GloVe(2014) (2 [14] o  TaBERT (2020) ¢2 [20]

o  WordPiece Embeddings (2017) ¢2 [15] o GraPPa(2020) ¢2 [20]

27



GloVe Embeddings

e Create meaningful vector representations

e Unsupervised learning based on word
co-occurrence in the training corpus

e Useful linear substructures for word
relations

e Easyto find semantical near neighbours

e Pre-trained vectors created from large
corpuses are available for download

? [14] GloVe (2014)
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BERT

e Avery large pre-trained neural network

o BERT Base: 110M parameters
o BERT Large: 340M parameters

e Canbe applied to awide variety of NL tasks
o The pre-trained model is fine-tuned with additional task-specific layers
o Provided very good results (usually state-of-the-art) in many NL tasks
m Semantic Similarity (STS-B: 86.5 %)
m Linguistic Acceptability (CoLA: 60.5%)
m Natural Language Inference (QNLI: 92.7%)

¢ [17] BERT (2018)
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BERT: Architecture

Output: A sequence of tokens of equal
length to the input

Uses many Transformer layers

Input: A sequence of token embeddings

o  Uses Wordpiece embeddings

30



BERT: Pre-training

e Training corpus of 3.3B words
o  BooksCorpus (800M words)
o  English Wikipedia (2.5B words)

e The modelis simultaneously

pre-trained on two tasks

o  Masked Language Modeling (MLM)
o  Next Sentence Prediction (NSP)

Input = [CLS] the man went to [MASK] store [SEP]
he bought a gallon [MASK] milk [SEP]

Labels = MLM1: the, MLM2: of, NSP: IsNext

@ Mask LM
i *

Mask LM
. 5

L)) )l )] (]

BERT
|E[CLSI || E, | | Ey || EISEPIH Eii | | Ew |
e s e

() o) - (=)
\_r_l

Masked Sentence A

\_l_/

Masked Sentence B

Unlabeled Sentence A and B Pair
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BERT: Fine-tuning

e Anapplication of Transfer Learning
o  We have a model (BERT) trained on a very
large corpus and a more general task
o  We add some extra layers and perform
additional training on our task

e We must make two decisions
o  Howto give our task’s input to BERT
o  How touse BERT’s output to make
predictions for our task

- s
EES EBEMmE BB
BERT
[femll & | [E ][ Een|[ & | [&]
= p | e

(=)o) () )(m) . (o)

e e ]
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Text-to-SQL Approaches

Three main categories of text-to-SQL systems based on decoder output

e Sequence-to-Sequence
e Grammar-based

e Sketch-based Slot Filling

34



Sequence-to-Sequence O ttion 3016
2 191 Seq25QL (2017)
e We consider two sequences:
o NLQ (input sequence)
o SQL query (output sequence)

e Text-to-SQL becomes a sequence-to-sequence transformation problem
o The network learns to generate a sequence of tokens, which is the SQL query

nﬁj Simplifies the text-to-SQL problem

More possibilities for errors

o  Nothing prevents syntactical errors when predicting
o Rarelyused inrecent works

35



Sketch-based Slot-filling & [psaertzon

¢ [23]SQlova(2019)

e We have a sketch of the query with missing parts that need @@ [24]HydraNet (2020)

to be filled

Sketch used by SQLNet:

SELECT <COLUMN>
(WHERE <COLUMN> (AND <COLUMN> ) )

Further simplifies the task of producing a SQL query into smaller
sub-tasks

€4 Hard to extend for complex queries

36



Grammar-based

e Generate asequence of rules instead of simple tokens

e Apply therules sequentially to get a SQL query

[;3_3 Easier to avoid errors

Can cover more complex SQL queries

€4 Needs more complex design

& [25]IncSQL (2018)
@ [26]IRNet (2019)

@ [27]1RAT-SQL (2020)
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Text-to-SQL
Systems

Taking a closer look on key
text-to-SQL systems

S S A

Seq25QL
SQLNet
HydraNet
SQLova
IRNet
RAT-SQL
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Seq2SQL

e GloVe Embeddings
e Common LSTM encoder for all networks

e Separate networks predict different parts
of the SQL query

e Trained using reinforcement learning

2 91 5eq25SQL (2017)

[How many
engine types did

|Val Musetti use? J

(Entrant
Constructor
Chassis
Engine

No

| Driver

N

Seq2SQL
Aggregation

\ 4

SELECT

| classifier )
(SELECT column |

COUNT

| pointer )
WHERE clause

Engine

pointer

| decoder

WHERE
Driver =
Val Musetti
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SQLNet

e Completely sketch-based
e Each component has its own LSTM encoder

e Introduces Column Attention
o  Aneural module in each network that tries to
emphasize words in the NLQ that might be
connected to the table’s headers

e Without Reinforcement Learning

? [22] SQLNet (2017)

(WHERE
(AND

SELECT <AGG> <COLUMN>

Column Selection

Condition Number

Condition Column

Condition Operation

Condition Value
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HydraNet

e Works with the same sketch as SQLNet

e Almost completely relies on BERT

o  Simple linear networks make predictions for the
sketch’s slots using BERT’s output

e Each column is processed separately

o  Thisisin contrast to the common approach of
processing all the table info at once

¢? [24] HydraNet (2020)

L) Gl ) ()

BERT

|El°LSI ” E, | | Ex | Ejser) | E/ | | Ev |

==l s | e o

(=)o) () )(m) . (o)

e ]

N =

|

42



HydraNet

ﬁsiﬁcation Token-specific \
tasks tasks
i - .

BERT
[fale]. ElE=lE]. &
\_'_I |_,_l

NLQ Column name,

type and table
@~
NLQ and Table Column

INPUT: For each column of the table, construct the input:
([CLS], NLQ, [SEP], column_type, table_name, column_name, [SEP])

Give input to BERT
Classification tasks: Pl6, € Sqla) = Sigmmd(w
> Predictif columniisinthe SELECT clause
> Predict an aggregation function for columni
> Predictif columniisinthe WHERE clause
> Predict an operator in WHERE clause for columnii
Predict the condition value for column i:
>  For each NLQ tokenj predict if: (a) it is the start of the

value, (b) if it is the end of the value

-h9)

P(yJ. = start|c,q) = softmax(W_,_, j
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SQLova

Question Header 1 Header 2
[ ]
Same sketch as SQLNet [CLS] what is the °°° [SEP] player [SEP] country °°°
. . vV VYVvY vV vV VvV Vv
e Givesall column names at the same time | BERT |
v vV vy v v
e Uses a much more complex network after I I I I s I I sme
taking the BERT outputs Ehicisn, ot Be bl L - 3 —

o  Verysimilar to SQLNet

e Achieves lower accuracy on WikiSQL than

HydraNet
BERT OUtpUt Where operator
[ I I I T T I I I I T ]
[LST™M-q] [LSTM-h|  [LSTM-q] [LSTM-h| [LSTM-q] | LST]M-h | |LST:VI-q| |LSTM™-h| |LST:VI-q| [LST™M-h| [LSTM-q] [LSTM-h]
[setf attention| [cotumn attentic’)nj [Column attention [column attention
pom Loy — — =
é) [23] SQLova (2019) Selacteolimn oggrr:t%? o Where number Where colums Where operator Where value
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A note on Execution-Guided Decoding

e Sketch-based approaches greatly
reduce the possibility of errors

e There arestill afew possibilities
o  Aggregation function mismatch (e.g.
AVG on string type)
o  Condition type mismatch (e.g.
comparing a float type column with a
string type value)

¢? [11] Execution-Guided Decoding (2018)

Execution guided decoding helps the
system avoid making such choices at
prediction time

By executing partially complete
predicted SQL queries, the system can
reject choices that create execution
errors or yield empty results
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IRNet - Encoding

e Performs Schema Linking
o  Addstokens that indicate matches to
either a table, column or value of the
database

e NL, column and table encoding
o  Simple Word Embeddings or BERT

e Additional token processing to create a
single token for each entity

¢? [26] IRNet (2019)

<

A4

NL: Show | the years and | book titles for all books in descending | order | by year
Typ one Y Column none Colum one i nol ) one one on none Column
1 1
J B L

Hy, Hy, Hy, ‘ e e

TTTTRTTT e el RS R el +

i, Hx5 (o - €, b3

2 +
NL Representation P2 Column Representation
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IRNet - Decoding

Generates SemQL instead of SQL

Generate a SemQL query as an
Abstract Syntax Tree

o ¢ .28] ASyntactic Neural
Model for General-Purpose
Code Generation (2017)

When generating a column or table
name, it can make a prediction
from:
o  Allschema columns
o  Columns already used in
generated query (memory)

Schema Encoder

Column: year | booktittle title
Type: Exact Exact Partial Memory,
Match Match Match Table: bookclub | movie 1 year
E. ommm [ ] (] E; s ] 2 book title
year
book title
Memory Memory
Decoder — e—s——Schema o——Schema
Z:=R Ru=SelOrd Sel:=AA  A:=NoneCT book club  A:=NoneCT year  bookclub 0Ord == decs A book club
SelectColumn  SelectTable SelectColumn SelectTable

ApplyRule ApplyRule ApplyRule ApplyRule SelectColumn SelectTable ApplyRule ApplyRule

NLEncoder wmmm ssmm ] s s Gl NN N S ] G NN G
NL: Show for all books in descending | order | by year

none Table none

and years

book titles

Column

the

none

none Column none none none none none Column

Type:
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IRNet - SemQL

NL: List the names of the customers who have once bought product
“food”.

SQL: SELECT T1.customer_name FROM customers AS T1 JOIN
orders AS T2 JOIN order_items AS T3 JOIN products AS
T4 WHERE T4.product_name = “food” GROUP BY
T1l.customer_id HAVING count(*) >= 1

SemQL:
Z
1
R
/\
Select  Filter
| —
A Filter and Filter
—1 ™N [
none ( P = A > A
customer_name none C(C T count C T
customers [ ‘ I I
product_name *
products products

Z = intersect R R |union R R | except RR | R
R ::= Select | Select Filter | Select Order

| Select Superlative | Select Order Filter

| Select Superlative Filter

Select :=A|AA|AAA|AAAA|AA--A
Order ::=asc A | desc A
Suerlative ::= most A | least A

Filter ::= and Filter Filter | or Filter Filter
|>A|>AR | <A |<AR
|>A|=AR |=A|=AR
|#A | # AR | between A
| like A | not like A|inAR|notin AR

A =maxC T|minCT |countCT
|sumC T |avg CT |noneCT

)
i

= column
T ::=table
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RAT-SQL

e Question-contextualized schema graph
o  Schema nodes and NLQ word nodes

o Edges are relations between them from:

m Schemarelations,
m  Name-based Linking and
m  Value-based Linking

e Encoding with GloVe & LSTM or BERT

# [27] Rat-SQL (2020)

In which city is theN_ JFK airport

COOOOOLO
f

A name-based
value-based namesaasel linking

s linking
linking
'/ aiprﬁrt%untry abbrev airline id  airline name
o OO OO
primary key \

airport code airport name <> country

A foreign ke
lorei%n key flighN

source airport O<—> <—><> dest airport : :

primary key prTmaryke
airline<>‘ b flight number abbreviation country

Question-contextualized Schema Graph: Grey nodes represent schema
nodes and red nodes represent NLQ nodes.

primary key

airlines
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RAT-SQL (cont.)

Specially modified Transformers, for
relation-aware self-attention, biases the
network towards known relations

SQL generation as an AST, by predicting a

sequence of decoder actions
o ¢? [28] A Syntactic Neural Model for
General-Purpose Code Generation (2017)
o  Encoded representations are used to fill column
and table names in the AST

Tree-structured

id name

/
SELECT decoder
B B
count(*) WHERE— =
Y E_G;o!/_t,/@n_.?i )
0.1 9.1 0.8\
How many  airlines airline airline airports city

siafe|
uonuene-jes ™
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Key Text-to-SQL
Systems Overview

Comparing design choices that
each system has to answer

How is the input encoded?
What kind of output is produced?
How to handle schema linking?

How is Natural Language represented?
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Key Text-to-SQL Systems Overview

1. Howistheinput encoded? 3.  How to handle schema linking?

o  Does the system get all the needed o  Canthe network do it by itself?

information to solve the problem? .
o Isthere room for improvement for the

o Isitgiveninameaningful way? available schema linking methods?
2. Whatkind of output is produced? 4,  Howis Natural Language represented?
o  How to achieve high expressivity and o NLis one of the main sources of
generate complex SQL queries? complexity in the text-to-SQL task
o  How to avoid generating syntactically or o  Improving NL representation has a
semantically incorrect queries? direct effect on performance
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Key Text-to-SQL Systems Overview

Input encoding Decoder Output

First neural
approach for
text-to-SQL

L

Seq2SQL

Sequence

Separate encoding

First completely
sketch-based

\

(]

SQLNet

of NLQ and schema

“Natural” use of
BERT

'

Combined earlier
approaches with
BERT

HydraNet

SQlLova

Concatenation of

Decoding as
SemQL AST

IRNet

Schema Linking

No, the network
will figure it out

NL Representation

Word Embeddings

NLQ and schema

Representing
input as a graph

RAT-SQL

F

Yes, outside the
neural network

Language models -
Transfer Learning

3rd best for WikiSQL (1st is 0.5% better)

Best for Spider
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Challenges

Evaluation
o  Fine-grained query categorization

Database-based approaches generate semantically correct SQL queries, NMT approaches
promise to be able to generalize to different types of queries and data

The text-to-SQL problem is still very hard!

Different data sets present different intricate characteristics
o Nouniversal solutions
o  Domain-specific or application-specific solutions: ontologies, knowledge bases

Understanding the full range of queries: from keywords to NL
o Different systems allow different query expressivity
o  Combining systems
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Thank you for your attention :)

George Katsogiannis-Meimarakis
Georgia Koutrika
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