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An Overview of the Survey: the entire lifecycle of NL2SQL
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(d) NL2SQL Error Analysis

(a) NL2SQL Model Evolution Stream Graph

- Recent advances in NL2SQL solutions, driven
by pre-trained language models (PLMs) and
large language models (LLMs)

(b) Benchmarks and Training Data Synthesis
- How to collect high-quality training data
- How to synthesize high-quality training data

(c¢) NL2SQL Evaluation
- Multi-angle evaluation
- Scenario-based evaluation

(d) NL2SQL Error Analysis
- provide a taxonomy to summarize typical
errors produced by NL2SQL methods
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What is Natural Language to SQL (NL2SQL)?

p
ﬁ Who are the three youngest P
— winners across all matches? -

L And their ranks? .

NL Query DB

54_____ SQL{ SELECT winner name, winner rank FROM ]

i matches ORDER BY winner age LIMIT 3
L
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NL2SQL Human Workflow

Step-1 NL Understanding

l"‘fl [ Find the number of dog pets that are raised by ifemale student ]
— — —

| stwdet

PetID PetType PetAge ==® StulD Sex Age

—> Table Linking

e

---------------------- o PetID SITID) Columns Linking
I --->» Database Content
Step-3 Translating the NL Intent into the SQL o--® Foreign Key

Select count(*) FROM student AS T1 JOIN has pet AS T2 ON T1.stuid=T2.stuid
JOIN pets AS T3 ON T2.petid=T3.petid WHERE T1.:cx=F’ AND T3.pettype=‘Dog’
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C1. Ambiguous NL Query

NL25QL Task Challenges
- :
Find the of all customer who checked out books on exactly 3 different o)
2093

Labor Day i

Datab se:

n Customer Book

: Customerld Bookld|Title|LiteraryGenre | SubjectGenre | ---

: H v Novel Magic

| BookOrder - —> Table Linking

: ! Customerld | Bookld [OrderDate| - : Columns Linking

g ® f 01/05/23 ! --->» Database Content

FEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEER :I aEEEm ..‘»‘ : Additional |nf0rmation
__________ LR ®--® Foreign Key

.

Additional Information: Note that Labor Day stand for May 1

10



NL2SQL Task Challenges
Find the wnmm who checked out books on exactly 3 different Es o

) Natural Language Query:
fq guage Query:

C1. Ambiguous NL Query

C2. Requiring Domain Knowledge

Labor Day i i ] ] )
: - C4. Multiple Possible SQL Queries
Datab se: /
: /
- . f
- | Customer Book i AQL:
Custo'merld Bo%kld Title Liter:lrxGenre Sugj&ete.% SELECT
: : ove A9C FROM Customer
: : NATURAL JOIN BookOrder NATURAL JOIN Book
! =S WHERE OrderDate = ‘01/05/23’
! BookOrder - —> Table Linkin GRO c d /05/
: Customerld | Bookld |OrderDate| --- ! Columns Lin MO 18 (ISR, )
............. e reeeeeeaep] 01/05/23 .- Databasecc HAVING COUNT(DISTINCT SubjectGenre) = 3;
: NS ' Additional In LiteraryGenre
---------- ‘*‘--------' @®--® Foreign Key SELECT
FROM Customer
Additional Information: Note that Labor Day stand for May 1 WHERE CustomerId = (SELECT CustomerId

FROM BookOrder NATURAL JOIN Book

WHERE OrderDate = ‘01/05/23’

GROUP BY CustomerId

HAVING COUNT(DISTINCT SubjectGenre)=3);
LiteraryGenre 1



NL2SQL Task Challenges

) Natural Language Query:

Find the

Labor Day in 2023.

of all customer who checked out books on exactly 3 different o)

C1. Ambiguous NL Query

C2. Requiring Domain Knowledge

C3. Complex Schema

C4. Multiple Possible SQL Queries

Database:
C5. Database Schema Dependency
Account Book
Accld Password|Customerld| |[Bookld|Title|Lit G SubjectG : :
v | ? 007 e |er:lroyvelenre . j(:/lcagiinre C6. Database Domain Adaption
. [Customer . [BookOrder
' |Customerld : . | Bookld [Accld | SELECT
: ¢ ' ! ¢ o FROM Customer

_________________

________

——————————————————————————————————————————————————

Additional Information: Note that Labor Day stand for May 1

NATURAL JOIN Account

NATURAL JOIN BookOrder

NATURAL JOIN Book

WHERE OrderDate = 'May 1st 2023°

GROUP BY Customerld,

HAVING COUNT(DISTINCT SubjectGenre) = 3;

12



Challenges

Complex Database

and Dirty Content

NL2SQL Challenges

NL2SQL Translation g

Uncertain NL Query §

Complex Relationships Among Tables
Ambiguity in Attributes and Values

Domain-Specific Schema Designs

Large and Dirty Database Values

Technical
Challenges in
Developing NL2SQL
Solutions

J

|
(se8uaqreyo yuaaaygur)

\

saguajrey) yselL
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Uncertain NL Query

Type Explanation Example
Dexical/Ambignity A smgle word with multiple * The word “bat” can refer t.o: 1) an c.mzz?wl, 2)a
meanings baseball bat, or 3) the action of swinging
SontacticIAmBi ity A sentence can be parsed in * Mary [saw [the man [with the telescope]]]

multiple ways

Mary [saw [the man]] [with the telescope]

Under-specification

Linguistic expressions lack
sufficient detail to convey specific
intentions or meanings clearly

Labor Day in 2023 refers to September 4th in
the US but May st in China

User Mistakes

Spelling mistakes and grammatical
errors

calendar = calender

14



Complex Database and Dirty Content

Type

Explanation

Example

Complex Relationships Databases often contain hundreds of tables

The FIBEN Benchmark(!Thas 152 tables

Among Tables with complex interrelationships. per database.
: o e An attribute or value named “status” could
e er . Attributes and values within a database can be Y V, ue nat Y Y
Ambiguity in refer to an order’s shipping status in the

Attributes and Values

ambiguous, making it difficult for NL2SQL
systems to determine the correct context.

shipping table, while in the payment table,
it might represent the payment status.

Large and Dirty
Database Values

In large databases, efficiently handling vast

data volumes is critical, and data values
may sometimes be inaccurate or “dirty”.

In BI scenario, the database may contain
thousands of tables.

Missing values, duplicates, or
inconsistencies.

Domain-Specific
Schema Designs

Different domains often have unique database
designs and schema patterns. The variations in

schema design across domains make it

difficult to develop a one-size-fits-all solution.

Healthcare databases may include complex
relational structures including patient
records, medical history, and treatment
plans, requiring specialized joins and query
patterns.

[1] Jaydeep Sen, Chuan Lei, Abdul Quamar, Fatma Ozcan, Vasilis Efthymiou, Ayushi Dalmia, Greg Stager, Ashish R. Mittal, Diptikalyan Saha, Karthik Sankaranarayanan:
ATHENA++: Natural Language Querying for Complex Nested SQL Queries. Proc. VLDB Endow. 13(11): 2747-2759 (2020)

15



NL2SQL Translation

Challenge 1: Free-form NL vs. Constrained and Formal SQL

Natural language is flexible, while SQL queries must follow strict syntax rules.

Challenge 2: Multiple Possible SQL Queries

A single NL query can correspond to multiple SOL queries that fulfill the query intent,
leading to ambiguity in determining appropriate SQOL translation.

™ Natural Language Query:

y— SQL:
Find the of all customer who checked out books on exactly 3 different on
Labor Day in 2023. SELECT
FROM Customer
Database: NATURAL JOIN BookOrder NATURAL JOIN Book
WHERE OrderDate = ‘01/05/23’
Customer Book GROUP BY CustomerId,
Customerld| [ Bookld|Title|LiteraryGenre | SubjectGenre | --- HAVING COUNT(DISTINCT SubjectGenre) = 3;
L J B . !
! . Novel Magic
: = SELECT
E BookOrder | —> Table Linking FROM Customer
! CuﬁoweNd|Bogmd(ydaDam-~ ! Columns Linking WHERE CustomerId = (SELECT CustomerId
"""""" + | 01/05/23 D R FROM BookOrder NATURAL JOIN Book
| 1 Additional Information ) .
-.----------------_.I o--0 ForeignKey WHERE OrderDate = @1/05/23
GROUP BY CustomerlId
Additional Information: Note that Labor Day stand for May 1 HAVING COUNT(DISTINCT SubjectGenre )=3);
?

Example

16



NL2SQL Translation

Challenge 3: Database Schema Dependency

The NL2SQOL translation process is highly dependent on the database schema it interacts with.

* Example: The same user intent can result in different SQL queries for different database schemas

“ < Natural Language Query:

i SqQL:
Find the of all cuistomer who checked out books on exactly 3 different on
Labor Day in 2023. SELECT
FROM Customer
Database: NATURAL JOIN BookOrder NATURAL JOIN Book
WHERE OrderDate = ‘01/05/23'
Sl E | _ GROUP BY CustomerlId,
Custo'merldl [ - BogklleltIe LiteraryGenre | SubjectGenre | -- HAVING COUNT(DISTINCT SubjectGenre) = 3;
. i Novel Magic
E = SELECT
E BookOrder E — Table Linking FROM Customer
: CuaopeﬂdlBogddedaDauam ! Columns Linking WHERE CustomerId = (SELECT CustomerId
"""""" | 01/05/23 L FROM BookOrder NATURAL JOIN Book
: 1 Additional Information . ,
‘-___--__--___---_: o--0 ForeignKey WHERE OrderDate = @1/@5/23
GROUP BY CustomerId
1]

17



NL2SQL Translation

Challenge 3: Database Schema Dependency

The NL2SQOL translation process is highly dependent on the database schema it interacts with.

* Example: The same user intent can result in different SQL queries for different database schemas

™ Natural L ery:
m atural Language Query:

Find the of all cuistomer who checked out books on exactly 3 different on
Labor Day in 2023.

Database: The update in the DB schema

Account Book

Accld Password|Customerld| |[Bookld|Title|LiteraryGenre | SubjectGenre | ---

v | v v Noyvel JMagic SELECT
! : ! — NATURAL JOIN Account
: : : NATURAL JOIN BookOrder
: Customer : . [BookOrder NATURAL JOIN Book
 [Customerld Sl  EEEERET larde;Dta;%z?’ WHERE OrderDate = 'May 1st 2023’
et S GROUP BY CustomerId,

HAVING COUNT(DISTINCT SubjectGenre) = 3;
Additional Information: Note that Labor Day stand for May 1



Technical Challenges in Developing Solutions

Type Explanation

The SQL generated by NL2SQL models must be both correct and optimized for

SQL Efficiency the SQL execution efficiency.

There 1s often a trade-off between model performance and efficiency, as larger
Model Efficiency models generally deliver better results due to scaling laws but suffer from high
latency.

Acquiring high-quality NL2SQL training data is challenging. The limited
publicly available datasets are often insufficient for training robust models, and
noisy annotations further compromise their quality.

Insufficient and Noisy
Training Data

19



Technical Challenges in Developing Solutions

Type Explanation

Deploying NL2SQL models, especially those powered by large language

_ i luti ) . . :
LS BEITE LT models, requires substantial resources, including hardware and API costs.

Data privacy is crucial for NL2SQL systems, especially when the databases

Data Privac ; .
y contain sensitive data.

For NL2SQL models to be widely used, they must be trustworthy and reliable,
consistently delivering accurate results across various datasets and use cases.
Trustworthiness also requires that the model’s decisions are transparent.

Trustworthiness and
Reliability

20
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Challenges Solving with Language Models

Level
Type
NL Challenges Token-level Recognition Synonym Recognition Semantic Understanding Domain Knowledge Query Multi-turn Dialogues
_ Recognition
DB Challenges Single-table Queries Simple Multiple Tables Multiple Tables with Massive Tables and Values Real-world Databases
Complex Schema
NL2SQL Challenges Single-table SQL Multi-table SQL Advanced SQL Feature Adapting to Changed Efficient SQL Generation
Support Schema
(a) The Definition of Challenges Levels
/’\Chal.lenges . Large Language Model Era
Solving Capacity A
{ R
[oc) . EEXperts S Novices
o Experts ~  Novices LLM-based Methods
{! _ PLM-based Mehtods NL Challenges
am EXperts p Novices DB Challenges
lac) Neural Network-based Mehtods NL Challenges
TargetUsers &7 ¢y hors Novices s NL2SQL Challenges

Rule-based Methods NL Challenges D8 Challenges

NL2SQL Methods NL2SQL Challenges

NL Challenges DB Challenges

Capabilities DB Challenges NLZIGIL el Engies @ Pre-trained LM e.g. GPT4
NL2SQL Challenges 9 Neural LM e.g. Bert, T5
NLP Methods (1) statistical LM e.g. LSTM
e.g. N-gram Year
1990s 2013 2018 2020 )

(b) The Evolution of NL2SQL Solutions
Figure: The Evolution of NL2SQL Solutions from the Perspective of Language Models. 22



Recap: LLM vs. PLM

PLMs (Pre-trained Language Models): G s G Gshara Publicly Available
* Trained on large text corpora _2‘“9\2020/\2021 - G ms Y2 panGu-a 551 }jrnie301

* General language understanding G"T'3@/codex ® < _ €2 e = CPMZ

* Examples: BERT, T5 nC _>,m_ O FLAN G Lavpa

; mspurYuan 1.0 :
Anthropic [A\ HyperCLOVANAVER \ @ AlphaCode @ Pythia

WebGPT@ /”'1\2 ©) chinchinia (wse] Vieuna 2 InternLM i Baichuan2

Ernie 3.0 Titan $fge  InstructGPT ® 2022 / W RWKV Y2 panGu-x (WA MPT £7 QWEN
‘ HUAWEI .

LLMs (Large Language Models): Gopner@)  Cotein © Gz @ s Gowaa i b 5

. . GLam 5 MT-NLG g 0 G PaM & Flants 0 A G PaM2

A subset of PLMs with larger size < . ot \ /@ vam o 2 Aauiz
.o CodeGeeX >A GPT-NeoX-20B [O) » G Flan-PaLM O CodeGen2  JFE  skywork
and more tralnlng data BLOOM GLM . Tk-Instruct AIZ— \ / ,\( Luminous . StarCoder ~ese  XVERSE

. . ) ‘ 7-10
* Superior language understanding and w0 €D v @ Cohere @ y \f’f_’lj“:B ) Faleon A Groket
i BLOOMZ ( ) -
emergent capabilities canten oo Wem 3 3, — | |

. — 9.1 =

° Examples: GPT—4, LLama2 OPT-IML (Q chatcer & GPT4@ 00 LLaMAz
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https://dblp.org/pid/60/5414-1.html
https://dblp.org/pid/153/5200.html
https://dblp.org/pid/81/6685-35.html
https://dblp.org/pid/276/5476.html
https://dblp.org/pid/07/2924-2.html
https://dblp.org/pid/221/9047.html
https://dblp.org/pid/01/5624.html
https://dblp.org/pid/306/1456.html
https://dblp.org/pid/71/2721.html
https://dblp.org/pid/83/504-1.html
https://dblp.org/pid/83/504-1.html
https://dblp.org/pid/267/0681.html
https://dblp.org/pid/233/1238.html
https://dblp.org/pid/347/9514.html
https://dblp.org/pid/142/6239.html
https://dblp.org/pid/286/8197.html
https://dblp.org/pid/47/9409.html
https://dblp.org/pid/134/5628.html
https://dblp.org/db/journals/air/air57.html

How to adapt LLM/PLM to NL2SQL.?

 The LLMs are a type of PLMs characterized by superior language understanding and
emergent capabilities

f PLM ) Pre-train/Fine-tune

Pre-train/Fine-tune«\ [RYE VGl

NL2SQL

Prompt >

Steps for applying PLMs to downstream tasks:
1. Pre-training: Training a model on large-scale data to learn general knowledge.
2. Fine-tuning: Adapting a pre-trained model to a specific task using specialized data.

Steps for applying LLLMs to downstream tasks:
1. Pre-training (optional)
2. Fine-tuning (optional)
3. Prompt the LLMs with different strategies (e.g, In-context learning)

24



NL2SQL Solution in the Era of LLMSs

Pre-train and Fine-tune LLMs for NL2SQL:
LLM* = F fine-tune (-F pre-train (LLM, Dp)a D f )

* Diverse datasets (D,) include a broad range of linguistic patterns and domain-general knowledge, enabling
the model to develop robust understanding capabilities.
* Specialized datasets (D) are closely aligned with the NL2SQL task.

Text corpus Pretrained LM

Complete

Wikipedia and vl
11,038 books q T—
—— D = =) SQ'-
(Self-supervised) =
Training Finetuning NL2SQL
Transformer-based LLM: ) v

Predict the next word ~ Publed
given a sequence of
previous text

List of documents Pretrain the LM

O You can get more idea from Section Practical Guidance for Developing NL2SOL Solutions (click it)

25



NL2SQL Solution in the Era of LLMSs

In-Context Learning for NL2SQL.:

The goal 1s to optimize the prompt function P
to guide the LLMs.

Fruim(P | NL,DB,K) — SQL,

* K denotes additional information or domain-specific
knowledge related to NL or DB.
* P is aprompt function that transforms the input (NL, DB, K)

into a suitable textual prompt for the LLMs.

with an input that provides further context . Write a
response that appropriately completes the request .*/

are provided based on similar problems : */
SELECT count (*) FROM authors

SELECT count (*) FROM farm

CREATE TABLE continents (

ContId int primary key ,

Continent text ,

foreign key ( ContId ) references countries ( Continent )

) ;

SELECT

Example: In-context learning for NL2SQL

26
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An Overview of Language Model-Powered NL2SQL

* Pre-Processing

* Schema Linking

* Database Content Retrieval

* Additional Information Acquisition
* NL2SQL Translation Methods

* Encoding Strategy
* Decoding Strategy
* Task-specific Prompt Strategies

Intermediate Representation
* Post-Processing

* Correction

* Consistency

* Execution- Guided

* N-best Rerankers

|:?| NL Query 8 Database

Pre-Processing (Optional)

Schema Database Content Additional Information
Linking Retrieval Acquisition
:-, :., Student l:-) 8
. . Name Age .

Name 13
8 16-year-old 16

NL2SQL Translation Methods

Encoding  sequential Encoding Graph-based Encoding ... > <

Strategy 3 5

s

S

Encoder glla

Backbone 1 Encoder-Only Decoder-Only g ’g_

Model Decoder s

o 2

""""""" | £ S

""""" g %

PLM LLM 2 e

U

Decoding Beam Search Constraint-aware Incremental Decodin ® E
Strategy g =

Post-Processing (Optional)
Correction Consistency Execution-Guided N-best Rerankers

\ - Dx\
®—> —> - \ D_) (_r%- D—)@—)

Correction Vote @ SOL Execution D % Rank

\)
Sl;j SOL Query
Figure: An Overview of NL2SQL Methods in the LM Era 28



TABLE I: Comparisons of Existing NL2SQL Solutions.

Pre-Processing

NL2SQL Translation Methods

Post-Processing

Methods Years | Finetuning
Schema | DB Content | Additional Information Backbone Encoding Intermediate Task-specific Decoding Correction | Consistency Execution N-best
Linking Retrieval Acquisition Model Strategy Representation | Prompt Strategy Strategy Guided Rerankers

CHESS [51] 2024 - v v v Decoder-Only Sequential Encoding - CcoT Greedy Search v v v -
CodeS [46] 2024 - v v - Decoder-Only Sequential Encoding - - Greedy Search - - v -
SFT CodeS [46] 2024 v v v v Decoder-Only Sequential Encoding - - Greedy Search - - v -
FinSQL [47] 2024 v v - v Decoder-Only Sequential Encoding - - Greedy Search v v - -
DTS-SQL [52] 2024 v v - - Decoder-Only Sequential Encoding - - Greedy Search - - - -
TA-SQL [53] 2024 - v - - Decoder-Only Sequential Encoding Sketch Structure COoT Greedy Search - - - -
SuperSQL [45] 2024 - v v v Decoder-Only Sequential Encoding - - Greedy Search - v - -
ZeroNL2SQL [44] 2024 v - - - Encoder-Decoder | Sequential Encoding Sketch Structure Decomposition Beam Search v - v -
PET-SQL [54] 2024 v v - v Decoder-Only Sequential Encoding - - Greedy Search - v - -
CoE-SQL [55] 2024 - - - v Decoder-Only Sequential Encoding - CoT Greedy Search v - - -
PURPLE [56] 2024 - v - v Decoder-Only Sequential Encoding - - Greedy Search v v v -
MetaSQL [57] 2024 - v - v Decoder-Only Sequential Encoding - Decomposition Greedy Search - - - v
DEA-SQL [58] 2024 - v - v Decoder-Only Sequential Encoding - Decomposition Greedy Search v - - -
DIN-SQL [5] 2023 - v - v Decoder-Only Sequential Encoding Syntax Language Decomposition Greedy Search v - - -
DAIL-SQL [6] 2023 - - - v Decoder-Only Sequential Encoding - - Greedy Search - v - -
C3-SQL [59] 2023 - v - - Decoder-Only Sequential Encoding - coT Greedy Search - v - -
RESDSQL [7] 2023 v v v - Encoder-Decoder | Sequential Encoding | Syntax Language Decomposition Beam Search - - - -
T5-3B+NatSQL+Token Preprocessing [60] | 2023 v v v - Encoder-Decoder | Sequential Encoding Syntax Language - Greedy Search - - - -
ACT-SQL [61] 2023 - v - v Decoder-Only Sequential Encoding - CoT Greedy Search - - - -
ODIS [62] 2023 - - - v Decoder-Only Sequential Encoding - - Greedy Search - - - -
MAC-SQL [63] 2023 - v - - Decoder-Only Sequential Encoding - Decomposition Greedy Search v - v -
SC-Prompt [64] 2023 v - - - Encoder-Decoder Separate Encoding Sketch Structure - Beam Search v - - -
CatSQL [65] 2023 v - - - Encoder-Only Sequential Encoding Sketch Structure - Beam Search v - - -
SQLFormer [66] 2023 v v - - Encoder-Decoder | Graph-based Encoding - - Beam Search - - - -
G3R [67] 2023 v v v - Encoder-Only Graph-based Encoding - COoT Beam Search - - - v
Graphix-T5 [43] 2022 v v v - Encoder-Decoder | Graph-based Encoding - - Constraint-aware Incremental - - - -
SHiP [68] 2022 v - v - Encoder-Decoder | Graph-based Encoding - - Constraint-aware Incremental - - - -
N-best List Rerankers [69] 2022 v v v - Encoder-Decoder | Sequential Encoding - - Constraint-aware Incremental - - - v
RASAT [70] 2022 v - v - Encoder-Decoder | Graph-based Encoding - - Constraint-aware Incremental - - - -
PICARD [71] 2022 v - v - Encoder-Decoder | Sequential Encoding - - Constraint-aware Incremental - - - -
TKK [72] 2022 v - v - Encoder-Decoder Separate Encoding Sketch Structure Decomposition Constraint-aware Incremental - - - -
S?SQL [73] 2022 v v v - Encoder-Only Graph-based Encoding - - Greedy Search - - - -
RAT-SQL [74] 2021 v v v - Encoder-Only Graph-based Encoding | Syntax Language - Beam Search - - - -
SmBoP [75] 2021 v - v - Encoder-Only Graph-based Encoding - - Beam Search - - - -
RaSaP [76] 2021 v v v - Encoder-Only Graph-based Encoding - - Beam Search - - - -
BRIDGE [77] 2020 v - v - Encoder-Only Sequential Encoding - - Others - - - -
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Pre-Processing

Motivation:
* The pre-processing ensures the accurate mapping and processing of key
information within the limited input, by i1dentifying the tables and columns related

to the given NL query.
* The pre-processing serves as an enhancement to the model’s inputs 1n the

NL2SQL translation.

:.) :.) Student l :9 8

. . Name Age .
N =

8 EyEERE 16 p

Schema Linking Database Content Retrieval Additional Information

Acquisition
31



Schema Linking

Motivation:

* Schema complexity and presence of irrelevant tables with NL in database.
* The model has input limitations, e.g., the input limit of ChatGPT 1s 4096 tokens.

Goal:
* Identify the tables and columns related to the given NL.
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Worktlow of Schema Linking

Schema

id

Grade

id — Teacher 1d
Name Describe
Subject

Age

-

Student id —

Course 1d —

\

— 1d
Name

Grade level
Class

Age

L id

Course name

NC COUTS(

NL Query

g
Display the names of all students who
have received an 'A' grade and the names

>s they are enrolled in.

|

Schema Linking

Module

.
id Name
Student id _| Grade level
Course 1d _ Class
Age

L 1id
id Teacher id
o
Stbtee
#ige
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Method Classification of Schema Linking

Method classification: —

* String Matching-based Schema Linking
* Neural Network-based Schema Linking 8
* In-Context Learning for Schema Linking

E

Schema Linking
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String Matching-based Schema Linking

IRNet designs string-based schema linking and an intermediate representation called SemQL.

* Ituses n-grams (1-6 length) extracted from user queries as query candidates

It evaluates the string-level similarity between the query candidates and the database schema,
then classifies them as Exact or Partial matches.

Column: vyear | book tittle | --- title
: Memory
Schema Encoder Type: .\Enftith I\EI):EL :/T;]cahl Table: book club | movie 1 book title
E,. onmm omm o Ei: omm o 2 year
book title year
Memory
Decoder e Schema
Z =R R:u=Select Order Select :=AA = NoneCT bookclub A:=NoneCT  year book club Order := decs A book club
ApplyRule ApplyRule ApplyRule ApplyRule SelectTable ApplyRule SelectColumn  SelectTable ApplyRule SelectColumn  SelectTable
o — s s S o o — s — s —— @ — O —
. Hy
e @S Embedding
NLEncoder mmmm mmmm /maam o G G D IS G [ ] Gl I G Encoder Units
Question: Show | the | booktitles | and years for all books in descending | order | by year @B Decoder Units
Type: none ! none Column none Column none none Table none none none none Column

35



String Matching-based Schema Linking

Limitations:
* False positives when candidates share common words.

* Lack the ability to handle synonyms.

36



Neural Network-based Schema Linking

RESDSQL proposes a ranking-enhanced encoding and skeleton-aware decoding framework.
* A cross-encoder i1s trained to classify tables and columns based on the mput query.

" Seq2seq Pre-trained Language Model SQL skeleton SQL query
: ﬁ — N
select from _ where l select fli?hts o fli?htno from .. where ..
A I3 A F 4 i | . e
Ranking-enhanced encoder |--» Skeleton-aware decoder

B

<BOS> select _ from _ where ..

What are .. City "Aberdeen"?|flights: flights.flightno, flights.sourceairport, ..|airports:
airports.city, airports.airportcode, ..|flights.destairport = airports.airportcode ..

Question + Ranked schema sequence + Optional foreign keys.

flights: flights.flightno, flights.sourceairport, ..|airports: airports.city, airports.airportcode, ..

Rank and filter schema items. (using original names)

Cross-encoder

| | | |

What are .. City "Aberdeen"? |airlV¥nes: airline id. airline name. ..|airports: city, airport code, .. .:7
N J _J

Question Serialize schema items in default order. (using semantic names)
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Neural Network-based Schema Linking

FinSQL, a model-agnostic LLMs-based NL2SQL framework for financial analysis.

* Organizing the tables into a batch
* Devising a Parallel Cross-Encoder to retrieve relevant tables and columns from

hundreds of schema items

Cross Encoder

T A R
____________________________________ 9 o8 1 02 o1
_______ Q |~ =10 [Craf][Cin] T [Coqf

Cros§ Enioder ) T T I ) ]
_________________________________ 0.8/0.110.9 0.1/0.2/0.8 0.8]0.1/0.1 0.2/0.1/0.7 0.7/0.0j0.1 0.3/0.1/0.2
Q T |C1-1]C1-2|C1-3|C1_4|C1_5
Q Ty |Ca_1|Co_2|Co_3|Ca_4|Co_5
Q T3 |C3-1|C3-9|C3_3|C3_4|C3_5

Original Cross-Encoder (RESDSQL)

Parallel Cross-Encoder (FinSQL)
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Neural Network-based Schema Linking

Limitations:

* Highly rely on the quantity and quality of training data

« Struggle to generalize effectively across databases with new schemas
or domains
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In-Context Learning for Schema Linking

CHESS breaks down the NL2SQL task into a 3-staged pipeline, including entity and context
retrieval, schema selection, and query generation.
* Utilizing GPT-4 to extract keywords from both NL and Hint.

* It implements an efficient schema selection with different prompts.
Entity and Context
Retrieval
(G in e EEE “
I
: Entity Retrieval
Question 1y, Keyword 1
& Hint 1 Extraction i
: Context Retrieval : Relgvapt
\ g Descriptions
Q ____________________________ /_J
(= \ — \
1 1 1 1
1 i 1
—:> Qolumn —> Tabl.e —> Column —:— Selected Schema Candlda'te_) Revision ——»{Final SQL
| Filtering Selection Selection | ; Generation I
1 [ ! !
____________________ e
Schema Selection Query Generation
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In-Context Learning for Schema Linking

MAC-SQL 1s a multi-agent collaborative framework for NL2SQL.
* The Selector agent performs the schema linking task.
* The Selector 1s activated only when the length of the database schema prompt exceeds a

User

User

|
|
|
Quesﬁon!

Final
sQL

{lllllllq

Selector ’

4 Database schema )

Table schools

CDSCode | County Street .. | Phone Y

109835 Alameda | Sperber . | 581-0202

Table satscores

cds sname | NumGE1500 | ... | NumTstTakr Y

109835 | 2346.0 | 400 . [ 191

Table frpm

CDSCode | FRPM Count | Meal .. | Charter (Y/N) Y

109835 | 2346.0 4369.0 | ... | 581-0202 :
- r(&ﬁ
Method Simple Mod. Chall. All |
IMAC-SQL + GPT-4 65.73 52.69 40.28  59.39

w/o Selector 65.73 52.04 35.14 57.28(])

w/o0 Decomposer 01.51 48.82 36.89 33.54()

w/o Refiner 63.24 4452 3333  54.76()) J

) ~

o e e e e e R R e e e e e e e e e

Task Description

As an experienced and professional database administrator, your task is to ...

Instruction

1. Discard any table schema that is not related to the user question and evidence.

2. Sort the columns in each relevant table in descending order of relevance and keep the top §
columns.

3. Ensure that at least 3 tables are included in the final output JSON.

4. The output should be in JSON format.

Demonstration

[DB_ID] banking_system

[Schema] Table schemas of account,
[Foreign keys] ...

[Question]: What is the gender of the youngest client who opened account in the lowest average
salary branch?

[Evidence]: Later birthdate refers to younger age;

client, loan, district ...

A11 refers to average salary

[Answer]

T json

{ "account”: "keep_all",
"client"”: "keep_all”,
"loan”: "drop_all”,

_'district”: ["district_id"”, "A11 "A2", ...1 )}

Test Question

[DB_ID] {db_id}
[Schema] {desc_str}
[Foreign keys] {fk_str}
[Question] {query}
[Evidence] {evidence}
[Answer]
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In-Context Learning for Schema Linking

Limitations:

* Large schema may exceed context length limitation
* Highly rely on the quality of the prompt

* High API cost
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Database Content Retrieval

Motivation:

Due to the large databases and input limitations of the model,
retrieving cell values 1s resource-intensive.
Effectively handle some SQL clauses such as WHERE and JOIN .

Goal:

Efficiently retrieve cell values related to the given NL.
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Workflow of Database Content Retrieval

p
Schema

Grades | | _

d L
Student id

Course 1d
Grade A B

1d
Name

Subject

Age

\_

Students NL Query

— 1d
Name

Grade level
Class

Age

- id
Course name
Teacher id

Describe

r

Schema

Display the names of all students who

have received an 'A' crade and the names

o

of the courses they are enrolled in.

N

Grades | | _

Database Content Retrieval
Module

/| 1d
Student id

Course 1d
Grade A B

id
Name
Subject
Age

~\

— 1d
Name
Grade level

Class
Age

Course

L id
Course name
Teacher 1d

Describe
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Method Classification of DB Content Retrieval

Method classification: =

L, Student
* String Matching-based Database Content Retrieval *~ Name P;ge
* Neural Network-based Database Content Retrieval 6-gear-old T

* Index Strategy for Database Content Retrieval

Database Content Retrieval
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String Matching-based Database Content Retrieval

BRIDGE designs an anchor text matching to automatically extract cell values mentioned in
the NL.

* It uses a heuristic method to calculate the maximum sequence match between the
problem and the cell values to determine the matching boundary.

BERT
s (
Properties | ... Property Type Code .House .Apartment Reference Property Types | ... | € | Property Type Code . House .Apartment C
\_ |\
Show names of properties that are either (houses) or (apartments) Properties
Property Property type Property Dateon Date
id code name market  sold
Field ]
Reference Property Types
Shop " Property type  Property type
Other - code description
Field
SQL SELECT Property Name FROM Properties WHERE Property Type Code = “House” UNION Shop
SELECT Property Name FROM Properties WHERE Property Type Code = “Apartment” Other

Xi Victoria Lin, Richard Socher, Caiming Xiong:
Bridging Textual and Tabular Data for Cross-Domain Text-to-SQL Semantic Parsing. EMNLP (Findings) 2020: 4870-4888 47



String Matching-based Database Content Retrieval

Limitations:
* Struggles with synonyms
* High computational cost for large databases
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Neural Network-based Database Content Retrieval

TABERT uses a method called database content snapshots.
* It uses an attention mechanism to manage information between cell values across
different rows.

In which city did Piotr's last 1st place finish occur?

Utterance Token Representations Column Representations

Year | Venue : Position | Event |In| |which| [city | [ did | - | Year | [venue| [Position] ..

Ry [ 72003 "iTampere | 3rd | EU Junior Championship |
R e :-x --------------------------- [ Vertical Pooling ]
Ry | 2005 | Erfurt 1st EU U23 ChampionshipJ _____________________________________________________________
Ry | 2005 Lzmi T Universiade : ertical Self-Attention Layer (x V):
--------------------- i bbb bbbtttk I ] i i o
Ry | 2006 Moscow ; 2nd iWorld Indoor Championship R’ [[CLS] [Inl IWthhl | city ‘ : l 2002 } [Erfurt l £LiE ] :
.......... Jecccccncccpsscccsnncadescccnnnaccncncsnconccnnned ,
Rg | 2007 :Bangkok | st | Universiade ' Rg [[cLs)| [1n]| [which| [city | «[2| [2005 | | Tzmir | [ 1st | -

Selected Rows as Content Snapshot : {Ry, R, Rs} | 2007 | |Bangkok | | 1st | w.

R5 tcts]| [1n] [which]| [city | .. [z

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

...........................................................................................................

Utterance Token Vectors

{cis] [1n]| [which| [ciey |[did] w

E [ Transformer (BERT) J :

—

ERa [CLS] Inwhich city did Piotr's ... [[sn:p] Year | real | 2005 [SEP] Venue | text | Erfurt [SEP] Position | text | 1st [SEP] .../ .

Pengcheng Yin, Graham Neubig, Wen-tau Yih, Sebastian Riedel:
TaBERT: Pretraining for Joint Understanding of Textual and Tabular Data. ACL 2020: 8413-8426 49



Neural Network-based Database Content Retrieval

Graphix-T5S improves structural reasoning capabilities by modeling the relationship

between cell values and the NL query.
* 1t uses a value-match relation that defines the relationship between cell values and

questions.
Question: How many French car manufacturers are there?
—_— T5-3B: SELECT COUNT(*) FROM car makers WHERE country = "France"
= oo TAPRI-TS-3B: SELECT COUNT(*) FROM car_makers AS T1 JOIN countries AS T2 ON T1.country
_® =T2.countryid WHERE T2.countryname = "France"
Gold: SELECT COUNT(*) FROM car_makers AS T1 JOIN countries AS T2 ON T1.country
S b L 133 = T2.countryid WHERE T2.countryname = 'France':
/ country ,
.\(‘.lmf-,\lﬂl([& Bulun:\—TL;.
countryid Muti-hop Path [French countryname  countries ‘]
.\Jluc-.\iat;h’; .\me-le‘it’; I\nui;n-hc\>
French  countryname  countryid country

Question Column  VALUE-MATCH x 1s part of the candidate cell values of column y.
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Neural Network-based Database Content Retrieval

Limitations:

* Lead to the misinterpretation of ambiguous or context-sensitive
queries.

* Require significant computing resources.
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Index Strategy for Database Content Retrieval

CodeS introduces a coarse-to-fine cell value matching approach.
[t builds the index for all values using BM25.
* The index 1dentifies candidate values that are relevant to NL.

(b) Database prompt construction

Database Metadata:
. Table 1: [ [ [ [ | Column types; Comments;
Questlon Table 2 = CICIT Primary keys;
Tablen: [ " [ | Foreign keys;
Schema filter Value retriever
ion- 1 a4 )
Question-related Matched database
database 1
information / & values /j

( Database prompt )




Index Strategy for Database Content Retrieval

CHESS uses a Locality-sensitive Hashing algorithm for approximate nearest

neighbor searches.

* It indexes unique cell values to quickly identify the top similar values related to
the NL query.

Question Keyword
& Hint Extraction

____________________________

\ e —
: ! ! i y 4 \\,\
l H l / \,\
i—>: Qolumn —> Tablg —> COIUH.m . Selected Schema Candldgte_) Revision ——> Final SQL |
: Filtering Selection Selection : , Generation ' '\ )
\ /
\ 1 I I ~__—

————————————————————————————————

Entity and Context
Retrieval

\I
4
J

é

» Entity Retrieval

Relevant

Context Retrieval e
escriptions

-
\é
-~ e - -

L

Schema Selection Query Generation



Index Strategy for Database Content Retrieval

Limitations:

* Time-consuming to build.

* Requires frequent updates for dynamic databases, which increases
inference overhead.
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Additional Information Acquisition

Motivation:
» Incorporate additional information (e.g., domain @ -
knowledge) to improve the comprehension capabilities '
of NL2SQL models for understanding the NL query, /C)
performing the schema linking, and benefiting the
NL2SQL translation. Addiﬁgtjlluli:ifggnmaﬁon
Goal:

» To retrieve useful information such as Demonstration examples,
Specific domain knowledge, Formulaic Evidence, and Format
Information for the NL2SQL backbone model or specific modules.
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Method Classification?

Method classification:

* Sample-based Methods
 Retrieval-based Methods

.6
pe

Additional Information
Acquisition
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Sample-based Methods

DIN-SQL inserts additional information through few-shot learning across multiple stages of
the workflow.

* These stages comprise schema linking, query classification, task decomposition, and self-
correction.

* It allows DIN-SQL to effectively tackle various challenges, including the complexity of
schema links, 1dentification of multiple table joins, and handling of nested queries.

SQL generation

(a )
llllllllllllllllllllllllllllllllllllllllll "
: _Table singer, columns = [singer_ID, ...] : >( Easy = | e,
: Table concert, columns = [concert_ID, ...]: *  Select name from singer .

: Where Citizenship!= ‘French’ :

Q: “What are the names of the singers
. who are not French citizens?” »
- \_ =)

Mohammadreza Pourreza, Davood Rafiei: DIN-SQL: Decomposed In-Context Learning of Text-to-SQL with Self-Correction. NeurIPS 20238




Sample-based Methods

CodeS utilizes metadata examples of cross-domain databases as the main additional
information, including data types and annotation text, which help the model resolve
potential ambiguity 1ssues and understand entity relationships

e This extracted information 1s transformed into coherent text and concatenated with the
question query to form the final input context.

(a) Incremental pre-training | (b) Database prompt construction ! (¢) Bi-directional augmentation for new domain
L ~ ~, | adaptation
StarCoder (1B, 3B, 7B, 15B) ‘ : Da;lablase Metadata: | Question-to-SQL augmentation SQL-to-question augmentation
| : SEIAE S = Column types; Comments: | | /A T e Ve - ~
p - - Question Table 2- Values: Primary keys: A few questions [ Afew templates
‘ Training Corpus \ | e Foreign keys: collected from for (question,
SQL-related dat |\ e " Jy o\ actualusers ) \__SQL) pairs
= 9 = Zl,e ,? ,e = ,a, ? | | Annotate the Infill templates with new
11GB 2 epochs ] ! corresponding SQL queries domain database
DL ‘ Schema filter ‘ ’ Value retriever A few (question, 4 large set of
1 epoch N [ | SQL) pairs template (qu_estxom_
6GB | N P \_SQL) pairs
NL-related data ! e 5 e ~
””” 4 - 5 GB """ lepoch]| | ‘ Quezz:)aré;:iated\‘ Matche% database | ! ’ @ GPT-3.5
: 1 _— : values !
| (Random sampling for training) | ! \‘M/ Simulate user prgferences to Re“me templated questions
S 2/ | ! produce new (question, SQL) pairs with the help of comments
I N ( : irs )
| CodeS (1B, 3B, 7B, ISB)I | L Database prompt ) | L Augmented (question, SQL) pairs )

Haoyang Li, Jing Zhang, Hanbing Liu, Ju Fan, Xiaokang Zhang, Jun Zhu, Renjie Wei, Hongyan Pan, Cuiping Li, Hong Chen:
CodeS: Towards Building Open-source Language Models for Text-to-SQL. Proc. ACM Manag. Data 2(3): 127 (2024) 59



Sample-based Methods

Limitations:

* Increasing computational cost
* Potential hallucination caused by low-quality samples or wrong knowledge
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Retrieval-based Methods

ReBoost engages with the LLMs model using the Explain-Squeeze Schema Linking
mechanism.

* This mechanism 1s a two-phase strategy. Initially, it presents a generalized schema to the
LLMs to establish a foundational understanding.

* Subsequently, 1t employs targeted prompting to elicit detailed associations between query
phrases and specific database entities, thereby enhancing accuracy in mapping queries to
database structures without incurring excessive token cost.

Query Rewrite e
'Table singer, Columns=[singer_id, country, ..] :

f—\ 'Table concert, Columns=[concert_id, country, ]
Extract < e e e
'‘Q: What are all distinct countries where singers | + Select DISTINCT country from
above age 20 are from? ] r singer where age > 20
B T e e oD s et T s a T eei: [ty S
Transform End loop
J; p .
Replace > Explaln-Sq_uefaze —>» SQL Generation SQL Boosting
Schema Linking

Guanghu Sui, Zhishuai Li, Ziyue Li, Sun Yang, Jingqing Ruan, Hangyu Mao, Rui Zhao: Reboost Large Language Model-based Text-to-

SQL, Text-to-Python, and Text-to-Function - with Real Applications in Traffic Domain. CoRR abs/2310.18752 (2023) ol



Retrieval-based Methods

REGROUP constructs a formulaic knowledge base encompassing various domains, such
as finance, real estate, and transportation.

* It leverages a Dense Passage Retriever (DPR) to compute similarity scores for the
retrieval results from the formulaic knowledge base.

* Subsequently, an Erasing-Then-Awakening (ETA) model 1s used to integrate the entities
in these formulaic knowledge items with the entities in NL and schema.

Formulaic Knowledge Bank — —

> -
i BRIC Countries: Country in BRIC Countries: Nation in
* Age = now() - Date of Birth {Brazil, Russia, India, China} {Brazil, Russia, India, China}
+ Density = Number / Area = 7 7
+ Speed = Distance / Time — ———‘—'\ A 1136
* {BBRIC‘IC%unmeS:I %Qungz‘m ) Profit = Revenue — Cost of Revenue | —» N —
razil, kussia, Inaia, na — Seling and Maintenance Expense — |
« EBIT = Net Income + + Othorincorme-Tax Profit = Revenue — Cost '
Interest + Taxes 7 7
« EBIT = Revenue — Cost of =
Goods Solds — Operation Retriever Grounding Model SELECT Name, Revenue - Cost
Expense FROM Company WHERE Nation
* Profit = Revenue — Cost of in (‘Brazil’, ‘Russia’, ‘India’, ‘China’)
Revenue — Selling and 1 1t ORDER BY Revenue - Cost
Maintenance Expense + PR ininininluiuituininluiuiininlsiuiuiinieieieiiiieieieiie——— DESC LIMIT 1
1
i A China Asia 1245 109 |
i B America North America 223.1 48.1

1
E = Parser
1

Which company from BRIC countries
has the largest profit ?

____________________________________________________

Longxu Dou, Yan Gao, Xuqi Liu, Mingyang Pan, Dingzirui Wang, Wanxiang Che, Dechen Zhan, Min-Yen Kan, Jian-Guang Lou:
Towards Knowledge-Intensive Text-to-SQL Semantic Parsing with Formulaic Knowledge. CoRR abs/2301.01067 (2023)



Retrieval-based Methods

Limitations:

* Insufficient exploration of retrieving formulated or structured domain knowledge
bases
* Computational cost of retrieving and embedding additional information
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Encoding Strategy

Motivation:

* Converts unstructured and semi-structured data into a form that can be
processed for generating SQL queries.

* The encoding process captures the semantic meaning of the NL input and the
structural information of the database schema, enabling the model to
understand and map the user’s intent to the corresponding SQL query.

Goal:

 Transform NL and database schema into a structured format that can
be effectively utilized by a language model.
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Method classification of Encoding Strategy

Method classification:

Sequential Encoding Strategy

Graph-based Encoding Strategy

Separate Encoding Strategy

NL Query DB Schema

W

NL Query+DB Schema

Encodingl

Hidden Layer
Representation

(a) Sequential Encoding (b) Graph-based Encoding

DB Tables DB Columns
ONL Query Tokens______ ... . NL QueryDB Schema NL QueryDB Schema
: Q3 D
C1 T Structure Prompt Content Prompt
(8 T2 c2 Q4: Construction Construction
> :
Q2 Encodingl Encodingl
e Encodmg """"""" Hidden Layer Structure Prompt

Construction
of SQL Content

Representation

Hidden Layer of SQL Sturcture

Representation

(c) Separate Encoding

An Overview of the Encoding Strategies
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Sequential Encoding Strategy

BRIDGE enhances the alignment between text and the database schema.
* It represents the NL question and database schema as a tagged sequence.
* It inserts matched database cell values (anchor texts) after the corresponding fields.

hg hs
u u ] = ™ o f;)rim y
HHH |:| Bg E E g E g fj"oreg
il L] I Il 1 | Ul Jove
| Bi-LSTM |
t

BERT |

- Show names... -Tl Properties| Izl Property Type Code . House .Apartment Izl | T | Reference Property Types | Izl Property Type Code . House .Apartment IE' l

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

Properties

Property Property type Property Dateon Date
id code name market sold
Field .
Reference Property Types
Shop " Property type  Property type
Other . code description
Field
{House)
SQL SELECT Property Name FROM Properties WHERE Property Type Code = “House” UNION Shop
SELECT Property Name FROM Properties WHERE Property Type Code = “Apartment” Other
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Sequential Encoding Strategy

RESDSQL uses a ranking-enhanced encoder to sort and filter schema items, thereby
reducing the complexity of schema linking during encoding.

* This method ensures that the most relevant schema items are prioritized, improving the
overall efficiency of the encoding process.

~ Seq2seq Pre-trained Language Model SQL skeleton SQL query
5 s N N
select _ from _ where _ l select flights.flightno from .. where ..
Q I T 5 ¥E I 1 i T oo
Ranking-enhanced encoder }'l Skeleton-aware decoder
A

A A f A A

<BOS> select ; from ; where ..

What are .. City "Aberdeen"?|flights: flights.flightno, flights.sourceairport, ..|airports:
airports.city, airports.airportcode, ..|flights.destairport = airports.airportcode ..

Question + Ranked schema sequence + Optional foreign keys.

‘flights: flights.flightno, flights.sourceairport, ..|airports: airports.city, airports.airportcode, ml

Rank and filter schema items. (using original names)

‘ Cross-encoder ‘

| | | | | |

\What are .. City "Aberdeen"3|eirlines: airline id, airline name, ..|airports: city, airport code, -

Question Serialize schema items in default order. (using semantic names)
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Sequential Encoding Strategy

Limitations:

* Its linear approach, which treats all inputs as sequences of tokens, may fail
to fully capture the complex relationships between the database schema
and NL query.

* This can affect the model’s ability to understand and generate complex
queries.
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Graph-based Encoding Strategy

RAT-SQL introduces a relation-aware self-attention mechanism.

» It allows the model to explicitly consider and utilize predefined relational information when jointly
encoding the question and the database schema.

* These relationships are represented as a graph structure, and it can more effectively capture the
structural information in the schema and its alignment with the NL query.

An illustration of an example schema as a graph G One RAT layer in the schema encoder.

airports country abbrev airlineid  airline name
ity O—fFe—O OO
primary k)e:’\ primary:ey CeT
: i Table-Ques T-Tabley
airport code airport name country 3 : CeT able
A foreign ke airlines {Table'Q Pri. KGY\ j
foreign key fli g hN f X

4
source airport OH <—’O dest airport — — :
primeny oy Siary ke OO How many airlines a/r'I/ne airline airports city
air|ine<>‘r {O flight number abbreviation country id name
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Graph-based Encoding Strategy

S?SQL uses ELECTRA as its pre-trained language model.

* It enhances encoding by injecting syntactic structure information at the encoding stage, improving

the semantic understanding and generation of models.

Decoupling Constraint

Edge Embedding H

@ Question Token

@ Schema Table
QO Schema Column

Question-Schema Interaction Graph

[ Pretrained Language Model l

' '

Question Structure

P T
obj con) case: case- \
w/ o Ny N ! EQ"WN'/EE‘% h

List the name and tonnage in descending order for the names .

Linking Structure

List the name and tonnage in descending order for the names .

A A A
lumn Column
1
‘ﬁ v ; ________
name tonnage fat

Schema Structure

battle
id | name | data | —s Lo
ship

List the name and tonnage in
descending order for the names.

name ‘ tonnage I location ‘ O/I\o

‘ battle “ name H ship H tonnage H

An overview
of S2SQL framework.
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Graph-based Encoding Strategy

G’R introduces the LGESQL encoder.

* It captures and integrates multisource heterogeneous information by constructing and utilizing a
heterogeneous graph and a Graph Attention Network (GAT) , thereby enhancing the representation
capability for NL and database schema.

,/}E:El_o_n_s_e_q_l.le_ry:_e_s_at time step t-1 Actio_n_ sequences z_it_ EIEI}(’: _step t
: t[at |.
i
________________ e
estion Schema
A | | [a |
v :
. ( LGESQLI Encoder |
1 H 1
] v v : i l :
| Question representation Schema representation /[ Feed Forward ]\ , An OVCI V leW Of the
! —m —m i With Res. & Norm. !
1 1 .
: t

, | (Em) | architecture of G'R
: © § With Res. & Norm. : f K
:_E_nf_q{_[_e_)_-_____________""____""_““"_"_"""_»“““""""3 T W—T E ramewor .
| ST ' ! Nx1

i it Self-Attention '

: % P With Res. & Norm.

.0, 0 N Y,

Multi-layer GAT ] POSlth[‘lal o)
[ embeddmgs
EEw —  EHE)

! Grammar rule representation Input
| Bipartite Graph Reader SQL Decoder
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Graph-based Encoding Strategy

Limitation:

* Require more sophisticated algorithms for constructing and processing
graph structures.

* Need a large amount of training data to fully leverage 1ts structural
advantages.
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Separate Encoding Strategy

TKK employs task decomposition and multi-task learning strategies in encoding.

* It breaks down the complex NL2SQL task into multiple subtasks.
* In this way, 1t can progressively acquire and combine knowledge.

4 N ( SELECT document_name FROM documents GROUP BY
V(\)/::toz;rti;h;:ea;mr:(s)sct)fcticr)’;::\rgﬁr:ts g;a;::\;i:%t? Text-to-SQL document_type_code ORDER BY count(*) desc LIMIT 3
thre most common strustures S0 Parsing INTERSECT SELECT document_name FROM documents GROUP
_ ’ \__BY document_structure_code ORDER BY count(*) desc LIMIT 3 )
1 o Task Decomposition |
SELECT [ [SELECT] What are the names of documents that B ( )
Subtask have both one of the three most common types and [SELECT] document_name
ubtas __one of three most common structures? ; {S} ; {C} ) L )
FROM [FROM] What are the names of documents that b f h
K have both one of the three most common types and [FROM] documents
Subtask|  5ne of three most common structures? ; {S} ; {C} L )
where [ [WHERE] What are the names of documents that | ( h
subtask| N@ve both one of the three most common types and TKK [WHERE]
ubtas (__one of three most common structures? ; {S} ; {C} ) L Y,
(" [GROUP_BY] [HAVING] [ORDER_BY] [LIMIT] ) r D
GHOL What are the names of documents that have both [GROUP_BY] document_type_code [HAVING] [ORDER_BY]
Subtask|  one of the three most common types and one of count(*) desc [LIMIT] 3
\_ three most common structures? ; {S} ; {C} ) ~ ~
sqL ( [SQL] What are the names of documents that have ) ( [INTERSECT] [SELECT] document_name [FROM] documents
Subtask both one of the three most common types and one e Knowledge Acquisition [GROUP_BY] document_structure_code [ORDER_BY] count(*)
ubtask| o three most common structures? ; {S}; {C} wiedge Acquisiti L desc [LIMIT] 3 )
("~ [SELECT] [FROM] [WHERE] [GROUP_BY] ) N (~ [SELECT] document_name [FROM] documents [GROUP_BY] )
Main [HAVING] [ORDER_BY] [LIMIT] [SQL] What are document_type_code [ORDER_BY] count(*) desc [LIMIT] 3
task the names of documents that have both one of the > TKK [INTERSECT] [SELECT] document_name [FROM] documents
three most common types and one of three most [GROUP_BY] document_structure_code [ORDER_BY] count(*)
\_ common structures? ; {S} ; {C} J desc [LIMIT] 3 J

|
9 Knowledge Composition
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Separate Encoding Strategy

SC-Prompt divides text encoding into two stages: the structure stage and the content
stage, with each stage being encoded separately.

SQL Structure 5 SOL Query Q7 =S + C
:.§.’F.r.‘.‘.§f‘.‘.‘.f.‘?..E.".‘.’..'f‘.’.'?f‘.ff.,‘ {SELECT [col] : i SELECT id
i Translate the question :FROM [tab] : FROM highschooler
: into an SQL structure :WHERE [col] :  _: WHERE id '

: NOT IN

........................................ . NOT IN ]
: (SELECT student 1id:

: (SELECT [col]é

* L/ * *
----------------------------------------------------------------------

Content Prompt PcFo N, D, 5 oy i QD)= Q"(D)
Populate the SQL .' i [tab] highschooler:
th : [col] id
Str uc.tL.”’ e wit : [col] student id : SC-prompt framework with
. specific values: 5 ... ltab] friemd two-stage prompt learning

SQL Content C
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Separate Encoding Strategy

Limitations:

* Require multiple processing of input data
* May extend the training and inference time of the model
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Decoding Strategy

Motivation:

* The choice of decoding strategy directly affects the quality and
performance of the generated SQL queries.

* An excellent decoding strategy not only produces syntactically correct SQL
queries but also ensures that the semantics of the SQL queries align with
the NL and can even optimize the execution efficiency of the queries.

Goal:

* Convert the representations generated by the encoder into the target
SQL queries.
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Method classification of Decoding Strategy

Method classification: ' o i e
« Greedy search-based decoding strategy ; < KO~ / < < T /ﬁ<ﬁ<®

* Beam search-based decoding strategy < i ® ) B
* Constraint-aware incremental decoding . < < N @<g g
:: N ____________________________
strategy (';i Greedy Search-based (b) Beam Search-based _(c) Constraint-aware
Decoding Decoding Incremental Decoding
Selected Tokens (& satisfied with constraints
Unselected Tokens (3 Unsatisfied with constraints

An Overview of the Decoding Strategies
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Greedy Search-based Decoding Strategy

The greedy search-based decoding strategy i1s a

simple and fast approach for decoding.

* At each decoding step, greedy search selects the token with
the highest current probability as the output.

* This strategy builds the final output sequence by continuously
choosing the locally optimal solution.

* Since the default decoding strategy of GPT series models
(e.g., GPT-4) 1s greedy search-based decoding, NL2SQL
solutions based on GPT {fall into this category.

Output
Probabilities
( ¢ N
Add & Norm
Feed
Forward
e B Add & Norm
_ .
sadle e Multi-Head
Feed Attention
Forward 7 7 Nx
Nix Add & Norm
("l Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention
At At 2
\_‘ J \_ — )
Positional o ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding

Inputs

Outputs

(shifted right)

The Transformer-Model Architecture
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Greedy Search-based Decoding Strategy

Limitations:

* Greedy search only considers the optimal solution at the current step,
1ignoring long-term dependencies and overall optimal solutions.

* May result in the generation of SQL queries that are not globally optimal.

* Errors at each step could lead to biases in decision-making in subsequent
steps, potentially accumulating errors throughout the decoding process,
especially when handling complex queries.
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Beam Search-based Decoding Strategy

RAT-SQL combines relation-aware graph structure encoding and generation techniques.
* During the decoding process, RAT-SQL uses beam search to generate multiple

candidate SQL queries
* These queries are then reranked, and the optimal query 1s selected based on graph

structure information.

Tree-structured
decoder

SELECT
T
count(*) WHERE— =

.............

. Column?:
e

-~
0.1 0.1 08—

Choosing a column in a tree decoder.

siofe|
uonuene-jes >

How many  airlines airline airline airports city
id name
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Beam Search-based Decoding Strategy

SmBoP uses a semi-autoregressive bottom-up decoding approach, improving decoding
efficiency by parallelizing the construction and scoring of sub-trees, achieving
logarithmic time complexity.

. > >
ILAA

((ee) (o] (oe] (oe]]7,
| Reipresent-bieam |

(T T o o), |
[ Prune frontl\er | ]

[ WCe ) (o] UATI xT] [7_| s >g_] E. An overview of the decoding
N\ procedure of SMBOP.
Score- frontler

[ Cross Attention | ]

\

Co -G (o) Go G )

What are the names of actor: name actor age 60
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Beam Search-based Decoding Strategy

Limitations:

* More data needs to be processed at each decoding step.

* This significantly increases the demand for memory and computational
resources and results in slower decoding speeds than greedy search.
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Constraint-aware Incremental Decoding Strategy

PICARD (Parsing Incrementally for Constrained Auto-Regressive Decoding) introduces the
constraint-aware incremental decoding strategy.

The constraint-aware incremental decoding strategy 1s specifically designed for NL2SQL

tasks.
This strategy aims to ensure the generation of syntactically correct SQL queries by
incorporating constraints during the decoding process.

SIx]<

[Tlustration of constrained beam search with beam
size 2 and PICARD.

N [<RS][<]X)
2363 |
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Constraint-aware Incremental Decoding Strategy

Due to 1its ability to improve the accuracy of SQL generation, PICARD has been adopted as a
decoding strategy by several models, such as N-best List Rerankers.

* Compared to versions without PICARD, these models have shown improved accuracy.

Incremental Parser for at Beam Search Time

Constrained Decoding . I
concert_singer |~ concert_singer

select count(*
concert_ / . VEN ‘
/ concert_singer |\ |
) concert- /select count()
/concert\D D Syntax Issue

"** Concert_singer | —Concert_singer |

select count(*) from

D—Concert_/ Concert_ /select count(*) select count(*) from
\D Concert-: \Concert_singer |
select count()
[

~"concert_singer |
\select count(*) from singer
concert_singer |

select count(*) from vocal
Schema Issue

— Concert_singer |

select count(*) from singer
\Concert_singer |
select count(*) from vocal:

D Schema Issue

\B Syntax Issu

[ Text-to-SQL

............................

..............................

|How many singers are there?\l concert_singer | singer : singer_id , ..., name | song : song_id, ... , sales

NL Query

PICARD explained by an example. The prediction
pattern is “(Database name) | (pred SQL)”.
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Constraint-aware Incremental Decoding Strategy

Limitations:

* Incremental decoding and progressively adding constraints may require
more computational resources and processing time.
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Task-Specific Prompt Strategy

Motivation:
* Instruct the LLMs to optimize the SQL query generation process
according to task-specific rules.

Goal:

* Improve the accuracy of translating complex semantic NL query into
the corresponding SQL query.
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Task-Specific Prompt Strategy

Method classification:

Chain-of-Thought
* Task Decomposition
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Chain-of-Thought

CHESS transforms NL 1nto SQL statements using a streamlined pipeline that relies on
LLMs and CoT.

* This CoT process comprises entity and context retrieval, schema selection, SQL
generation, and revision.
Entity and Context @
Retrieval

S )
1 \}
: Entity Retrieval :
Question I Keyword 1
& Hint 1 Extraction !
E 1
! Context Retrieval — Rele.va!nt
" Descriptions
g L s s e g e g ’ >,
o= ==-==-"-"-"" \ - - s s=====" \ o
[ 1 1 1 N
1 ; 1
: Cplumn Ly Tablg N Column : Selected Schema Candldgte_> Revision ——>»{Final SQL |
: Filtering Selection Selection ; ; Generation "
. 1 1 1 R >
___________________ ” L S S e e e N
Schema Selection Query Generation

Jiaqi Guo, Zecheng Zhan, Yan Gao, Yan Xiao, Jian-Guang Lou, Ting Liu, Dongmei Zhang:
Towards Complex Text-to-SQL in Cross-Domain Database with Intermediate Representation. ACL (1) 2019: 4524-4535
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Chain-of-Thought

Limitations:
* Hallucination caused by unknown domain knowledge
* Hard to control the output of key components
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Decomposition

TKK divides the mnitial NL2SQL parsing tasks into various small individual subtasks, with
cach corresponding to the mapping of the NL query to one or more clauses of the SQL query.

* This decomposition approach allows the model to concentrate on learning the generation of
cach clause, thereby compelling the model to understand the problem, the database schema,
and the alignment between each SQL clause.

C N (" SELECT document_name FROM documents GROUP BY
What are the namee.of docusments that have both Text-to-SQL document_type_code ORDER BY count(*) desc LIMIT 3
DRSO RESSOSLEOmmorn e sl el Parsing INTERSECT SELECT document_name FROM documents GROUP
three most common structures? ; {S} ; {C} -

®, \__BY document_structure_code ORDER BY count(*) desc LIMIT 3 )
1 o Task Decomposition !
serect [ [SELECT] What are the names of documents that ) f )
Subtask have both one of the three most common types and [SELECT] document_name
ubtask|  one of three most common structures? ; {S} ; {C} )
FROM ( [FROM] What are the names of documents that ) ( )
i have both one of the three most common types and [FROM] documents
Subtask|  one of three most common structures? ; {S}; {C} L )
WHERE ( [WHERE] What are the names of documents that ) i )
have both one of the three most common types and TKK [WHERE]
Subtask
one of three most common structures? ; {S} ; {C} L )
( [GROUP_BY] [HAVING] [ORDER_BY] [LIMIT] ) s 3
GHOL What are the names of documents that have both [GROUP_BY] document_type_code [HAVING] [ORDER_BY]
Subtask|  one of the three most common types and one of count(*) desc [LIMIT] 3
\ three most common structures? ; {S} ; {C} ) - /
SQL] What are the names of documents that have ([ [INTERSECT] [SELECT] document_name [FROM] documents )
sqQL =
both one of the three most common types and one " g [GROUP_BY] document_structure_code [ORDER_BY] count(*)
Subtask L of three most common structures? ; {S} ; {C} ) o Knowledge Acquisition & desc [LIMIT] 3 )
(~  [SELECT] [FROM] [WHERE] [GROUP_BY] ) (" [SELECT] document_name [FROM] documents [GROUP_BY]
Main [HAVING] [ORDER_BY] [LIMIT] [SQL] What are document_type_code [ORDER_BY] count(*) desc [LIMIT] 3
task the names of documents that have both one of the TKK [INTERSECT] [SELECT] document_name [FROM] documents
three most common types and one of three most [GROUP_BY] document_structure_code [ORDER_BY] count(*)
& common structures? ; {S} ; {C} =, desc [LIMIT] 3 v,

o Knowledge Composition

Chang Gao, Bowen Li, Wenxuan Zhang, Wai Lam, Binhua Li, Fei Huang, Luo Si, Yongbin Li:
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Decomposition

MAC-SQL incorporates a Decomposer agent designed to break down the user's original
problem into several subproblems.

* This decomposition process aims to lessen the complexity of the origin question,
enabling the generation of simpler SQL queries to solve each individual subproblem.

, __________________ \
List school names of charter schools with an SAT
— P e e T T excellence rate over the average.
[ IIII
: Selector ] ’ Decomposer
Q”s‘:{ I y- N DECOMPOSER
uestion, [ patabase schema User Question

‘ Table schools

Sub question 1 Sub question 2

CDSCode ‘ County ‘ Street | ‘ Phone Y 1 excellence rate over the average.

____________________________________________________

109835 | Alameda | Sperber | ... | 581-0202 l

List out school names of charter
schools with an SAT excellence rate
over the average.

|

I

[

l

I

‘ [
sub sQL 2 I
I

l

I

I

l

Get the average value of SAT
excellence rate of charter schools.

SubSQL1

SELECT AVG(CAST(T2. NumGE1500'
AS REAL) / T2 NumTstTakr)

Table satscores
Get the average value of SAT excellence rate

\
1
1
1
1
1
1
1
1
1
1
cds | sname [ NumGE1500 | ... | NumTstTakr Y SubQ@1 | e schools. |
109835 | 2346.0 | 400 . 191
I | ‘ | saL1 SELECT AVG(NumGE1500 / NumTstTakr)
Table from FROM frpm JOIN .. WHERE ..
CDSCode | FRPM Count | Meal | .. | Charter (Y/N) Y l
109835 | 2346.0 | 4369.0 | ... | 581-0202 ‘ '
. |
1
1
1
1
1
1
1
1
I
4

User

D

SELECT T2.'sname’

SubQ2 List out school names of charter schools with
an SAT rate over the average.

Final | Refiner | SELECT sname FROM .. JOIN ..

FROM frpm AS T1

REAL) / T2."NumTstTakr" > (

Rl QL2 | ere SAT_Excellence Rate > SQLL and .. FROM frpm AS T1 INNER JOIN satscores AS T2
g [ @ SQLlite execute ] l INNER‘JOIN satsc‘:ores l\\S T? ONT1 .‘CDS‘Code‘ =T2.cds’ .
: T————— S R ON T1.)CDSCode’ = T2.cds WHERE T1.'Charter School (Y/N)" = 1
! Exception:saltes OpsrationaError sy 0 O S PrasaL WHERE T1.'Charter School (Y/N)" = 1 AND CAST(T2.'NumGE1500° AS
\

e '

<Sub answer 1>

)

\__________________J

Bing Wang, Changyu Ren, Jian Yang, Xinnian Liang, Jiaqi Bai, Qian-Wen Zhang, Zhao Yan, Zhoujun Li:
MAC-SQL: A Multi-Agent Collaborative Framework for Text-to-SQL. CoRR abs/2312.11242 (2023)



Decomposition

DIN-SQL employs a sophisticated categorization module for decomposition.

* It classifies queries into distinct complexity groups: Easy, Non-Nested Complex, and Nested Complex,
with the reference of NL and database schema.

* By strategically identifying and separating schema linking, join conditions, and nested structures, the
module facilitates a structured generation of SQL queries and amplifies the accuracy of translating
complex the NL query into executable SQL.

SQL generation

.
Table singer, columns = [singer_ID, ...]
: Table concert, columns = [concert_ID, ...]:

:  Select name from singer :
: Where Citizenship!= ‘French’ :

Q: “What are the names of the singers
who are not French citizens?”

Mohammadreza Pourreza, Davood Rafiei: DIN-SQL: Decomposed In-Context Learning of Text-to-SQL with Self-Correction. NeurIPS 20235



Decomposition

Limitations:
* Increasing computational cost
* Lowing efficiency because the model need to finish more sub-tasks
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Intermediate Representation

° ° NL Query:
MOtl ‘7 atlon : Which film has more than 5 actors and less than 3 in the inventory?
film film_actor inventory
title Iﬂh“_ldl name Ifﬂm,ldl tag Iﬂlm_ldl

* Design a grammar-free intermediate 000 Tt e TR

®--®Foreign Key

Intermediate Representation:

representation compared to SQL as the bridge

(e.g. NATSQL)
SELECT film.title

between the "free—form" NL query and the WHERE count(film_actor.*)>5 And count(inventory.*)<3

SQL-like Sketch Structure
(e.g. SC-Prompt)

"constrained and formal" SQL query. ST ST

FROM [table] [table] film

JOIN [table] [table] film_actor

ON [table].[column] [table].[column] film.film_id
=[table].[column] [table].[column] film_actor.film_id
GROUP BY [column] [column] film_id

HAVING count([column]) > n [column] * [n] 5

INTERSECT
Goal. (SELECT [column] [column] title
° FROM [table] [table] film

JOIN [table] [table] inventory
° [ 1.[ ] [ 1.0 ] film.film_i
* Capture the essential components and e M F L] e
GROUP BY [column] [column] film_id

HAVING count([column]) < n) [column] * [n] 3

relationships of an NL query without the

SELECT Ti.title

b FROM film AS T1 JOIN film_actor AS T2 ON T1.film_id = T2.film_id
strict syntax rules of SQL, il R e s
INTERSECT
SELECT T1.title
FROM film AS T1 JOIN inventory AS T2 ON T1.film_id = T2.film_id
GROUP BY T1.film_id HAVING count(*) < 3
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Method Classification of Intermediate Representation

Method classification:
* SQL-Like Syntax Language

* SQL-Like Sketch Structure

NL Query:
Which film has more than 5 actors and less than 3 in the inventory?
film film_actor inventory
title | fitm_id | ... name | film_id | ... tag [film_id| ...

_______________

®--®Foreign Key

Intermediate Representation:

SQL-like Syntax Language
(e.g. NATSQL)

SELECT film.title

WHERE count(film_actor.*)>5 And count(inventory.x*)<3

SQL-like Sketch Structure
(e.g. SC-Prompt)

SELECT [column]
FROM [table]

JOIN [table]

ON [table].[column]
=[table].[column]
GROUP BY [column]
HAVING count([column]) > n
INTERSECT

(SELECT [column]
FROM [table]

JOIN [table]

ON [table].[column]
=[table].[column]
GROUP BY [column]

[column] title

[table] film

[table] film_actor

[table].[column] film.film_id
[table].[column] film_actor.film_id
[column] film_id

[column] * [n] 5

[column] title

[table] film

[table] inventory

[table].[column] film.film_id
[table].[column] inventory.film_id
[column] film_id

HAVING count([column]) < n) [column] * [n] 3

SQL:

SELECT Ti.title

FROM film AS T1 JOIN film_actor AS T2 ON Ti.film_id = T2.film_id
GROUP BY T1.film_id HAVING count(*) > 5

INTERSECT
SELECT T1.title

FROM film AS T1 JOIN inventory AS T2 ON T1.film_id = T2.film_id
GROUP BY T1.film_id HAVING count(x) < 3
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Intermediate Representation

Question :

NatSQL is a Wldely recognized SQL_llke Which film has more than 5 actors and less than 3 in the inventory?

. . SQL :
SyntaX language that ehmlnates SQL SELECT Tl.title FROM film AS T1 JOIN film_actor AS T2 ON T1.film_id = T2.film_id GROUF
BY T1.film_id H VG count(* B INTERSECT SELECT Tl.title FROM film AS T1 J
Statement Operat()rS, kGYWOrdS, Set inventory AS T2 ON Tl.film_id = T2.film_id GROUP BY T1.film_id HAVING count(x) < 3
operators, and other elements seldom - _fi‘iflff?i ‘titm, ‘f‘ifi‘;‘;‘:;“?ﬁ"-” m’ ING count(®) > &
[NTERSECT SE I title F { film, inventory G JP BY film_id HAVING count(*) < 3

found 1n user problem descriptions.

lee IR of SyntaXSQL (Remove the JOIN ON and FROM Clause)

. . ] T film.title GROUP BY film.film_id ¥ 3 count(*) > 5 INTERSECT
* It enhances schema linking by SELECT film title GROUP BY film film_id HAVING count(s) < 3
mlnllelng the necessary number Of ._S’emQL (Remove the J?{N_ O,N FROM and GROUP BY Clause. Mer?e }:l_le HAVING and WHERE clause)
SE I film.title WHERE c -(film_actor.x> 5 INTERSECT
SChema items. SE I film.title WHERE count(inventory.x) < 3
NatSQL : (Further remove the set operators based on SemQL)
ELECT film.title WHERE count(film_actor.*) > 5 and count(inventory.*) < 3

Yujian Gan, Xinyun Chen, Jinxia Xie, Matthew Purver, John R. Woodward, John H. Drake, Qiaofu Zhang:
Natural SQL: Making SQL Easier to Infer from Natural Language Specifications. EMNLP (Findings) 2021: 2030-2042 100



SQL-Like Syntax Language

QPL leverages the problem decomposition

Operator  Description

strategy to improve the parsing of intricate

Scan Scan all rows in a table with optional filtering predicate
SQL querles Aggregate Aggregate a stream of tuples using a grouping criterion into a stream of groups
) Filter Remove tuples from a stream that do not match a predicate
. . Sort Sort a stream according to a sorting expression
° By breaklng down a SQL quel'y IIltO TopSort Select the top-K tuples from a stream according to a sorting expression
. . . Join Perform a logical join operation between two streams based on a join condition
mOdularlzed Sub quer1687 the CompleXIty Of Except Compute the set difference between two streams of tuples
the or1 glnal query 1S reduced. Intfersect Compute the set intersection between two streams of tuples
Union Compute the set union between two streams of tuples
* This approach mitigates parsing difficulties Tuble 2: Description of QPL Operators

associated with complex problems and
cross-domain complex queries.

SOL Optimizer PL CTE
QL Query Exec. Plan Q

>|| Results \

Ben Eyal, Moran Mahabi, Ophir Haroche, Amir Bachar, Michael Elhadad:
Semantic Decomposition of Question and SQL for Text-to-SQL Parsing. EMNLP (Findings) 2023: 13629-13645 101



SQL-Like Syntax Language

QDMR decomposes the original question into a number of atomic questions

* Each atomic question serves as an intermediate representation of the original question and
can be translated into a set of small-scale formal operations involving tasks such as selecting
entities, retrieving attributes, or aggregating information.

QDMR Step Phrase-DB Linking SQL

1. ships l. SELECT (ship.id) SELECT ship.id FROM ship;

2. injuries 2. SELECT (death.injured) SELECT death.injured FROM death;

3. number of #2 for each #1 3. GROUP (count, #2, #1) SELECT COUNT (death.injured) FROM ship, death WHERE
death.caused_by_ship_id = ship.id GROUP BY ship.id;

4. #1 where #3 is highest 4. SUPER. (max, #1, 1#3) SELECT ship.id FROM ship, death WHERE

death.caused_by_ship_id = ship.id GROUP BY ship.id OR
DER BY COUNT (death.injured) DESC LIMIT 1;

5. the name of #4 5. PROJECT (ship.name, #4) SELECT ship.name FROM ship, death WHERE
death.caused_by_ship_id = ship.id AND ship.id IN (#4);

Tomer Wolfson, Daniel Deutch, Jonathan Berant:
Weakly Supervised Text-to-SQL Parsing through Question Decomposition. NAACL-HLT (Findings) 2022: 2528-2542 102



SQL-Like Syntax Language

Limitations:

* High complexity and inadequate coverage of database structures
* Cost of manual design and deployment
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SQL-Like Sketch Structure

CatSQL constructs a general template sketch with slots serving as initial placeholders.

* Its base model focus on the parsing of user queries to fill these placeholders, consequently

decreasing the computational resource cost.

* It implements a novel semantic correction algorithm to assess the semantic accuracy of the

resulting SQL queries and rectify any semantic i1ssues detected in the generated queries.

Question i Schema

' Additional Information:

J[CLS] what is average life -language ? - [SEP] : - [SEP] - code - [SEP] -name - [SEP] ----district [SEP] ' life expectancy{SEP] “name - [SEP]

(1)4

GraPPa Encoding Network

\ ih[CLS] hﬂ: hqz hﬁ: hlh hQu q1s Q16 h h'-‘z h‘f h‘z h‘i h‘§ e h‘:%z hMI h’w} h'w’l hME iﬁé“
______________________________________________________________________________________ e e
v v v
CAT Decoder Network Conjunction Network FROM Decoder Network
Ls1 s [ 83 84 |85 |+~ | Softmax J j s! 7’( s] 7 s |
__SELECT Clause | | | | ;
; l l l l ETabIe(country) Table(countrylanguage)Table([£0S])
COLiLanguage) OP(=) VAL("Eninsh")AGG(NONE) CON(AND)NESTE[?(N) INTERSECT(N) UNION(N) EXCEPT(N)  NONE(Y) NESTED(N) NESTED(N) NESTED(N)
. WHERE/HAVING Clause 3 Set Operation L FROMClause .
N _J . - N -

@ ®

Han Fu, Chang Liu, Bin Wu, Feifei Li, Jian Tan, Jianling Sun:

CatSQL: Towards Real World Natural Language to SQL Applications. Proc. VLDB Endow.

@

16(6): 1534-1547 (2023)
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SQL-Like Sketch Structure

SC-prompt utilizes a two-stage divide and conquer method for NL2SQL parsing
* It mstructs PLM to generate specific SQL structures.

* In the subsequent phase, 1t directs the PLM to generate SQL structures containing actual
values to fill the previously provided placeholders.

SQL Structure S SQL Query Q"=5+C

S_tructur ePromptPs 'SELECT [col] : SELECTld ................. :
: Translate the questton :FROM [tab] : FROM highschooler :
: into an SQL structure ' iWHERE [col] : WHERE 1id
........................................ :NOT IN : NOT IN

{ (SELECT [col]i / i (SELECT student id:

FROM friend)

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

......................................

Content Prompt Pc_p¢, N, D, s

....................................... [col] id

: Populate the SQL [tab] hlghschooler
truct ith [col] id

SUGICLELS Wi [col] student_id

: specific values: S [tab] friend

.........................................

............

............................

SQL Content C

Zihui Gu, Ju Fan, Nan Tang, Lei Cao, Bowen Jia, Sam Madden, Xiaoyong Du:
Few-shot Text-to-SQL Translation using Structure and Content Prompt Learning. Proc. ACM Manag. Data 1(2): 147:1-147:28 (2023)
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SQL-Like Sketch Structure

ZeroNL2SQL integrates the schema alignment capabilities of PLM with the complex reasoning
capabilities of LLMs.

* Initially, 1t utilizes PLM to produce SQL sketches for achieving schema alignment and
subsequently employs LLMs to execute complex content reasoning for populating missing
information.

 Additionally, it also proposes a predicate calibration method for guiding the design of language
models for SQL sketches based on database instances and selecting the optimal SQL query.

- i ) e A\
User Question Q: SELECT course FROM student
Which course has the highest score for the student WHERE SE
. —_— LECT course FROM student
named timmothy ward? QL Ske,tCh ORDERBY _ LIMIT _ Son QU?ry WHERE given_name = ‘timmy’
Generation q Completlon . AND last nam_e = ‘ward’
Database schema D ;... (PLM) SELECT course FROM student, course (LLM) ORDER BY LIMIT 1
course: id, course, teacher WHERE ___ LIMIT ___ Score
student: id, given_name, last_name, score , course 0 sesess )
J
A Sorted SQL sketch candidate set Dy, Final SQL query

Zihui Gu, Ju Fan, Nan Tang, Songyue Zhang, Yuxin Zhang, Zui Chen, Lei Cao, Guoliang Li, Sam Madden, Xiaoyong Du: 06
Interleaving Pre-Trained Language Models and Large Language Models for Zero-Shot NL2SQL Generation. CoRR abs/2306.08891 (2023)l



SQL-Like Sketch Structure

Limitations:
* High computational cost
* Hard to construct accurate sketch when the query 1s much more complex
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Outline

* NL2SQL Problem and Background
* Language Model-Powered NL2SQL Solutions

* Pre-Processing
 NL2SQL Translation Methods
* Post-Processing

 NL2SQL Benchmarks

* Evaluation and Error Analysis
* Practical Guidance for Developing NL2SQL Solutions
* Open Problems
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Post Processing

Motivation:

* Post-processing 1s a crucial step to refine the generated SQL queries,
ensuring they meet user expectations more accurately.

* This involves enhancing the initial SQL output using various

strategies.
Correction Consistency
Con Q)
\Lay,
R
- =) - >3
Correction Vote B

Execution-Guided

N -
D~ L8

SOL Execution

N-best Rerankers

&N
)-£03
—ﬁﬂ

9
Rank
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Correction

b3~ =)~ 2

Correction

SQL Correction Strategies

Motivation:

 The SQL generated by the model may sometimes contain syntax errors.

* SQL Correction Strategies aim to prompt LLMs to correct syntax errors
in SQL.

Goal:
* Convert the buggy SQL query into the correct SQL queries.
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SQL Correction Strategies

DIN-SQL introduces a self-correction module for refining SQL queries generated by NL-
to-SQL models, addressing issues like redundant keywords or missing functions.

Two prompts are used: a general prompt for the CodeX model, which explicitly asks to
identify and fix errors in the “BUGGY SQL,” and a milder prompt for GPT-4, which simply
asks the model to point out potential issues without assuming the presence of errors.

SQL generation

............................................
: Table singer, columns = [singer_ID, ...] :
: Table concert, columns = [concert_ID, ...]:

:  Select name from singer .
: Where Citizenship!= ‘French’ :

: Q: “What are the names of the singers
who are not French citizens?”

- _J

Pourreza, Mohammadreza, and Davood Rafiei. "Din-sql: Decomposed in-context learning of text-to-sql with self correction." Advances in
Neural Information Processing Systems 36 (2024).
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Fin-SQL introduces an output calibration
algorithm to avoid executing time-
consuming SQL queries on large
financial databases.

Fin-SQL corrects spelling errors,
performs fuzzy matching for invalid
columns, and ensures that all tables
containing referenced columns are
included in the FROM clause.

This approach helps improve SQL query

accuracy without actual query execution.

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

[SELECT]|[ FROM | [WHERE] SELECT| [ FROM | [WHERE

.
> x Iypo
: Errors
: [ ] ( [ J [ ] Ol ®
, v
: SQL Parsing
: v
: ]

: Self-Consistency
E lr«:l%l

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

Alignment of tables and columns

N o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e
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SQL Correction Strategies

Limitations:
* Primarily focus on specific syntax errors correction
* Lack of generalized error correction for other SQL errors
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Consistency

Output Consistency o
- \/3\/
Motivation: [0)

* In complex reasoning problems, there are multiple reasoning paths
that can lead to a unique correct answer. It first samples multiple

different reasoning paths and then selects the most consistent answer
to significantly improve the quality of the output.

* Inthe NL2SQL task, being similar to reasoning tasks, can also have
multiple ways to write SQL queries that express the same meaning.

Goal:

* Vote to determine the final SQL to enhance the consistency of model
outputs.
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Output Consistency

C3-SQL incorporates the Consistency
Output (CO) component to enhance
the reliability of SQL queries
generated by large language models,
addressing their inherent
randomness.

CO samples multiple reasoning
paths to generate different SQL
queries, executes them, and uses a
voting mechanism to select the most
consistent result after removing
errors.

Dong, X., Zhang, C., Ge, Y., Mao, Y., Gao, Y., Chen, lu, Lin, J. and Lou, D. 2023. C3: Zero-shot Text-to-SQL with ChatGPT. arXiv.

s

Clear Prompting Calibration Bias Prompting

_____________________

I professionals living there?

| ### Complete sqlite saL query only and with no / 1 You are now an excellent SQL writer, first I'l give you some tips, and | need you | !
! explanation, and do not select extra columns that ! Calibration Bias .ﬁ 10 romember the tize, and do not make same mistakes. 1
: are not explicitly requested in the query, ! 1 Prompting 1 .
, ### Sqlite SQL tables, with their properties: : | : (o) Tip1: COUNT(*) should not be included in the SELECT statement, when it is :
1 € 1 1 m only needed in the ORDER BY clause. ....... 1
ll # Owners ( state, owner_id, first_name ) I 1 1
: # Professionals ( state, first_name, last_name) & 1 @ | Thank you for the tip! I'l keep in mind that ...... | 1
1 1 1

: I O Tip2: Avoid using "IN", "OR", and "LEFT JOIN" to prevent extra results in SQL :
1 ### Which states have both owners and : mM queries. ...... .
1

1

! SELECT Thank you for the tip! I'll keep in mind that ...... I

L e A 4 . N 7

e ot ot o s o P o i it o i - Y,
I Schema Linking II sQL Generation

—————————————————————— N / EE——

! Question: . “Vote for final SQL

1 - Consistency £ Q I

1 Which states have both owners and : based on execution |

: professionals living there? : g | SELECT state FROM owners WHERE state IN (SELECT | 1 [Execution !

1 Schema: v state FROM professionals) | Result! :

1 i ! 1

1 Table Name Column Name 1 v SELECT owners.state FROM owners INNER JOIN ! [Execution :

: Professionals | first_name last_name | ... 1 ))) 4 professionals ON owners.state = professionals.state : Result2 Sel 1

1 ‘ [

N N 1
: Dogs dog_id owner_id | .. 1 [ SELECT owners.state FROM owners INTERSECT Execution SaL -,
1 ) A
1| Owners owner_id | first_name | ... ; SELECT state FROM 1 _Resuttt :
1
: Treatments | treatment_id dog_id | ... : SELECT owners.state FROM owners WHERE owners.state| | |Execution '
[ T T I ' = (SELECT state FROM p 1| Result1 ;l
\
\ v . sampleasetofSQLs = e e e .

e oo e g ) _ Sanjple aset of SQLs y




Output Consistency

Fin-SQL addresses the randomness of
LLM outputs by generating multiple
candidate SQL queries in parallel. It
evaluates the equivalence of these
queries based on keyword consistency
and clusters them accordingly.

The final query is selected from the
largest cluster, improving the consistency
and reliability of SQL query generation.

ROOT ROOT
| ——
[SELECT]|[ FROM | [WHERE] SELECT| [ FROM | [WHERE

Alignment of tables and columns

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

.
— Fix Typo
: Errors
| > '

: SQL Parsing
' ¥

: ]

: Self-Consistency
! Y

-~

N o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e
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Output Consistency

The self-consistency method for LLMs uses high temperatures to create diverse
outputs but may suffer from performance degradation due to increased
hallucinations.

PET-SQL addresses this by employing a cross-consistency strategy where multiple
LLMs generate SQL queries at lower temperatures and select results through
execution-based voting. This approach enhances query diversity while preserving
LLM performance at lower temperatures.

Final SQL Generation (Sec 3.3) Cross-consistency (Sec. 3.4)
Few-shot demos

|
: ' ' Demos ] - !
[ Q1:Findthe numberofusers. || PreSQL based Schema Linking (Sec 3.2) | — % !
| SQL1: j P EReEmmesesEEmsEmEERETEamERE N [ SQL1 —> —1> F1NS0L :
“How I I I : : ¥ ) !
| in . — Naive
many —» :-»: —» SQL SQL) —» ;'”:ed — ;#f(_“f"fg_“: ) B,
. ol . l chema N D euinininind > 13,
singers?” | SQL-Tailored Prompt ' ! ' . . B :
' (Sec 3 1) s B B 8 Difficul :
:( o€ . : : : a4 : awarell |
I Simplified I
; ### (Listing 2) | E Prompt _.. 'f_%" : N :
I
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Output Consistency

Limitations:
> Increased inference cost and time

» Reliance on multiple queries may not address all types of errors
» Effectiveness may decrease as LLM capabilities improve
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Execution-Guided

N -
D-= s

SOL Execution

Execution-Guided Strategies

Motivation:

* The execution result of an SQL query is a crucial piece of information,
as it may indicate the quality of the query itself. For instance, if the

query execution results in errors or NULL values, it might indicate an
issue with the SQL query.

Goal:

* Incorporating the results of SQL queries to guide subsequent
processing of the SQL.
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Execution-Guided Strategies

Executable SQL query §’

ZeroNL2SQL generates SQL queries iteratively [ SQL Parse )
by checking the executability of multiple (column, value)
candidate SQL sketches. _ \ .

It provides error feedback to the LLMs, refining e o

the query until a feedback limit is reached, at Jﬁh
which point the current sketch is discarded. —L 1
This process continues until the LLMs generate - : /

. . if mi h:
an optimal, executable SQL query as the final e :::V et el
output.

\
Final SQL Query S”

Gu, Z., Fan, J., Tang, N., Zhang, S., Zhang, Y., Chen, Z., Cao, L., Li, G., Madden, S. and Du, X. 2023. Interleaving Pre-Trained Language
Models and Large Language Models for Zero-Shot NL2SQL Generation. arXiv. 120



Execution-Guided Strategies

MAC-SQL introduces a Refiner agent that detects and corrects SQL errors in a multi-
agent collaboration framework.

The agent evaluates SQL queries for syntactic correctness, execution feasibility, and
whether they retrieve non-empty results from the database. If errors are found, it uses
feedback or guidance to correct the SQL, enhancing the model’s self-diagnosis and
overall

SQL generation

............................................
: Table singer, columns = [singer_ID, ...] :
: Table concert, columns = [concert_ID, ...]:

: Select name from singer :
: Where Citizenship!= ‘French’ :

Q: “What are the names of the singers
who are not French citizens?”

— _J

Wang, B., Ren, C., Yang, J., Liang, X., Bai, J., Chai, L., Yan, Z., Zhang, Q.-W., Yin, D., Sun, X. and L1, Z. 2024. MAC-SQL: A Multi-Agent
Collaborative Framework for Text-to-SQL. arXiv. 121




Execution-Guided Strategies

Limitations:

» Increased SQL generation time, especially with large databases
» Dependency on execution results may not address logical errors
» Limited scalability for complex or extensive databases
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N-best Rerankers

N-best Rankers Strategies 0.

Motivation:

* In cross-domain scenarios, the generated SQL queries may exhibit
subtle variances in both structure and semantics.

* We can reranking the generated SQL by larger model or using
additional knowledge.

Goal:

* Reordering the top n results from the original model using a larger
model or incorporating additional knowledge sources.
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N-best Rankers Strategies

G3R addresses the issue of unstable and dependent on threshold settings by
introducing a feature-enhanced SQL Reranker based on pre-trained language models
with hybrid prompt tuning, allowing it to bridge domain gaps without adding extra

parameters.

: E : assification . : : ontrastive learning : :
1

[ 1
[} 1
. -H(<s>) | H([M]) | -H(</S>) |:
Pl A 1

() 1
() L 1
¥ !
Nx i ! [ Pre-trained language model } H
[ 1

EEN

J| i a :
/ i E T, ; I vf || it l | was || M] || question | l queryl UI [SEP] | i
—D

Encoder Attention
With Res. & Norm.
T b
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N-best Rankers Strategies

Limitations:

» Limited applicability to LLMs with stronger inference capabilities
» Reduced effectiveness as LLMs increase in size and sophistication
» Reliance on additional models or knowledge for effective filtering
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Why We Need Benchmark?

Motivation:

* To quantify the performance of NL2SQL models
* To provide sufficient data for training NL2SQL models
* To simulate the challenges in real-world application scenarios
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An Overview of NL2SQL Benchmarks

,,/_,. Human Annotations E Rules-based Synthesis @ LLMs for Data Synthesis
AN
7
Timeline Before 2017 2017 2018 2019 2020 2021 2022 2023 2024

Lt T T
Z.ATIS Z. IMDb  ZuAdvising Y/ MIMISQL  Z.SEDE P¥/.ScienceBenchmark
Single-domainLGeOQuerer Yelp Z.FIBEN Z.BULL
Z:RestaurantZs Scholar Z:BookSQL
,{_Academic
7, WikiSQL Z,Spider Z,SParC  Z,SQLUALL  Z,CHASE Z/,PAUQ Z.BIRD  Z Archer
Z.CoSQL  ZViText2SQL Z. Spider-Syn ZiknowsaL ¥/, Dr.Spider
Z.cspider F3Z.DusqQL FIMT-TEQL @Z-AmbiQT
Cross-domain ,{_KaggIeDBQA
LSpider-DK

LSpider—ReaIistic
QLPortugueseSpider

Z/.SParC Z.CHASE
Multi-turn LCQSQL
Z.Spider-Syn ¥/, Dr.Spider
Robusthess LSpider—ReaIistic
/ KaggleDBQA Z.BIRD  Z Archer
Knowledge LSpider—DK
/ ...............................................................
Efficiency FEIRD
Ambiguity @ AmbiQT
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Single-domain Dataset

Motivation:

* Early NL2SQL datasets focused on specific domains, often featuring
simple SQL query structures

* Recent single-domain datasets feature more complex databases and SQL
queries specific to particular scenarios

Question: Which funds have a fund establishment size exceeding 1 billion?
And what 1s their three-year annualized return rate?

SQL Query: SELECT a.secuabbr, a.annualizedrrinthreeyear
: mf_netvalueperformancehis == a mf_fundarchives b
a.innercode = b.innercode
b.foundedsize > 1000000000;

Table Name & Column Name Table and Column Description

mf netvalueperformancehis Latest range performance of public fund net value
secuabbr Fund abbreviation

annualizedrrinthreeyear Three-year annualized return rate (%)

mf fundarchives Public fund overview

foundedsize Fund establishment size (units)

An example in BULL dataset
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Cross-domain Dataset

Motivation:
* Cross-domain datasets challenge
the generalization capabilities of @
NL2SQL systems across
different domains, requiring e i~
these systems to generalize not o
only to new SQL queries but also " -
to new databases. Ny X

Database domain distribution in BIRD dataset
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Multi-turn Dataset

Motivation:

In a real-world setting, users tend to
ask a sequence of thematically related
questions to learn about a particular
topic or to achieve a complex goal.

: Database about student dormitory containing 5 tables.
: Find the first and last names of the students who are living
in the dorms that have a TV Lounge as an amenity.

: How many dorms have a TV Lounge?

. SELECT COUNT (*) 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'

, - What is the total capacity of these dorms?

. SELECT SUM(T1l.student capacity) FROM dorm AS Ti1
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'

: How many students are living there?

. SELECT COUNT (*) FROM student AS Tl JOIN lives_in

AS T2 ON Tl.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')

- Please show their first and last names.

. SELECT Tl.fname, Tl.lname FROM student AS Tl JOIN

lives in AS T2 ON Tl.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.amenit¥_pame = 'TV Lounge')

An example in SParC dataset
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NL2SQL Datasets: Considering Robustness

Motivation:

In real-world applications,
NL2SQL systems need to
handle diverse user groups

and various database

domains, making robustness a
growing focus within the

community:.

VYhO are the three youngest \Winner_Name|Winner_Rank|Loser_Name|
winners acros§ a" matCheS? Serena Williams 1 Simona Halep
And their ranks?

the 3 youngest Winners Serena Williams 1 Simona Halep
across all matches.

Picard

SELECT winner name, winner_rank FROM
matches ORDER BY winner age LIMIT 3

DB Perturbation

/" Pre-perturbation i ina_/

Find the name and rank of \Winner_Name|Winner_Rank|Loser_Name|

Player_]D First Name | Last Name || :

Find the name and_ rank of Champ_ ne\Winner_RanklLoser_Namell|
the 3 youngest winners Serena Williams 1 Simona Halep i
across all matches. |

Picard

SELECT T2.champ name, T2.winner_ rank points
from matches as Tl join players as T3 on
Tl.winner_id = T3.player_ id

{Incorrect: miss the constraints about 3 youngest winners}

/" NLQ Perturbation » o7+ SQL Perturbation » S
: Player ID | First Name | Last Name : Player ID | First Name | Last Name

Picard

SELECT winner_age, winner_rank FROM matches

order by winner age ASC LIMIT 3

. |Incorrect: select winner_age instead of winner_name

Find the name and. rank of \Winner_Name|Winner_Rank|Loser_Name||| :
the 8 youngest winners Serena Williams 1 Simona Halep :
across all matches.

Picard

SELECT winner name, winner rank FROM
matches WHERE winner age = 8

/. |Incorrect: predict age=8 instead of LIMIT 8 ]

An example 1 Dr.Spider dataset
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NL2SQL Datasets: Conmderlng S()L Efficiency

SIZG(M]
4500

Olympies
orm Ula 1

Motivation:

e Databases 1n real-world
scenar1os often contain massive
amounts of data, and a user
question can be solved by
multiple SQL queries.

* These SQL queries can vary in
execution efficiency, which has
attracted attention from the
community:.
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Knowledge-Augmented NL2SQL Datasets

___________________________________________________

| Nation | GDP_| _Shipin | _ ShipOut
o . i A 14.72 1550 2650
Motivation: s s sen 2 |
> NL2 S QL SyS tems 0 ften i\ What'’s the balance of trade of BRIC countries? ,,i
requlre domaln_ SpeCIﬁC N T ! --------------- ! SELECT Ship_Out — Ship_In, Nation
knowledge to effectively Nl B W ™ o100 v, Russia
e s s ‘China’)
perform the NL2SQL task 1
in real-world appllcatlons Formulaic Knowledge Bank
within specific domains. e e v
India, China}
Trade Surplus : Export > Import
An example in KnowSQL
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NL2SQL Datasets: Considering NL Ambiguity

Motivation:
» In real-world NL2SQL tasks, various ambiguities often arise, such as

semantic ambiguities in NL and overlapping database schema.

Kind of | o t| Example
ambiguity | Question Text | SQL #1 SQL #2
Column 1240 List the ids of SELECT roll_number SELECT admission_number
Ambiguity (C) all students. FROM students FROM students
Table 1417 How many singers SELECT COUNT (*) SELECT COUNT(*) FROM
Ambiguity (T) do we have? FROM artist performer
Join What are the makers SELECT maker, model 2ELEET '£2 Raker, 'tL.modet IGReM
Ambiguity (J) | 25®|and models? FROM model e P L Ly
guity ' AS t2 ON t1.model_id = t2.model_id
Precomputed 101 Find the average weight | SELECT AVG(weight), pettype|SELECT avg_weight, pettype
Aggregates (P) for each pet type. FROM pets GROUP BY pettype |FROM pets_weight

An example in AmbiQT
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Synthetic NL2SQL Datasets

Motivation:

Despite the fact that many datasets have been manually annotated so far,
the rapid development of LLMs in the NL2SQL field has led to a

growing demand for NL2SQL data.
@

@ Seeding Phase

Seed Question
Find all Starburst galaxies.

Seed SQL
SELECT

SQL-to-NL Translation
Phase

. @ Discriminative Phase

Extracted AST Template

: Generated AST (2)
Select T(4) C({( )

: Generated SQL (2)

: Generated Questions (2)

e Find redshift of spectroscopic objects with

survey equal to 'eboss’

o What is the redshift of objects with survey

not equal to ‘eboss’

"
" | Generated AST (1) " | Generated Questions (1) " | Validated Question (1)
® | Select T(0) C(1) -
" | @ Find the center object which has nearest 7/
neighbor with neighbormode2 | ® |  with neighbor mode 2
= Generated SQL (1)
T1. " | e Find the center id of nearest neighbor Find FReareel-nels
FFFFF 1 object with neighbor mode smaller than 2 - e

" Validated Question (2)

]
= v Find redshift of spectroscopic objects with

survey equal to ‘eboss

Fre dohii-afob " P

————

End-to-end architecture
for automatic training
data generation in
ScienceBenchmark
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The Statistics of NL2SOL Benchmarks

TABLE II: Statistics of NL2SQL Benchmarks.

Redundancy Measure DB Complexity Query Complexity
Dataset #-Unique  #-Questions ; #-Tables #-Cols  #-Records ; ; Scalar  Math
#-Questions Queries  / #-Queries #DBs  #-Tables / DB / Table / DB Tables Selects Agg g, Comp
ATIS [118 5280 947 56 1 25 25 524 162243 8B 1.9 022 0 0
GeoQuery 877 246 3.6 1 7 7 4.14 937 2.22 0 0.01
Restaurants 378 23 16.4 1 3 3 4.00 19295 243 117 035 0 0
196 185 Iil 1 17 17 3.12 58249674  3.48 1.04 054 0 0
131 89 1.5 1 17 17 394 40147386 291 .01 030 0 0
128 110 12 1 8 8 5 4823945 241 1 0.45 0 0
817 193 42 1 10 10 250 |ATaI62IsN  3.38 .02 068 0 0.02
80654  [S0ZSTN 1 26531 26531 1 6.34 17 1 1 0.28 0 0
4387 205 214 1 15 15 7.40 332596 3.41 1.21 040 0 0.11
11840 6448 1.8 206 1056 5.13 5.01 8980 1.83 117 054 0 0
10228 8981 1.1 166 876 5.28 5.14 9665 1.58 110 044 0 0
8350 8007 1 166 876 5.28 5.14 9665 1.54 111 042 0 0
11840 6408 1.8 206 1056 5.13 5.01 8980 1.83 1.17 054 0 0
20000 10000 2 - . - - . 1.74 1 0 0
11276 8296 1.4 2108 4028 191 9.18 71 1.22 129 040 003 0.16
300 233 1.3 1 152 I 246 11668125 | 559 1.56 0 0.04
9693 5223 1.9 166 876 5.28 5.14 9665 1.17 112 054 0 0
25003 20308 13 208 840 4.04 5.29 20 1.49 125 | 073 0 0.30
9693 5275 1.8 166 876 5.28 5.14 9665 1.85 1.17 054 0 0
15408 13900 1.1 350 1609 4.60 5.19 4594 1.81 1.16 031 0 0
1034 550 1.9 166 876 5.28 5.14 9665 1.68 117 059 0 0
535 283 1.9 169 887 5.25 5.14 9494 1.71 116 054 0 0
508 290 1.8 166 876 5.28 5.14 9665 1.79 121 050 0 0
272 249 1.1 8 17 2.12 10.53 595075 1.25 1.5 069 0 0.04
12023 11421 1.1 1 29 29 7.28 . 1.90 1.29
4525  [OSI 40076 BTN 670 5.51 . 1.69 1.15 S 0 0
9876 5497 1.8 166 876 5.28 5.14 9693 1.82 117 053 0 0
28468 . . 488 . - . . - - . - -
15269 3847 4 549 2197 4 554 28460 1.81 119 052 0 0
10962 10840 1 80 611 7.64 7.14 4585335 2.07 109 061 020 027
3046 3128 1 166 876 5.28 5.14 9665 1.85 1.17 S 0 0.01
ScieneeBenchmark 5031 3654 1.4 - . - - - 1.45 1 0.24 0 0.07
BULL ! 7932 5864 1.4 3 78 26  AREN 85631 1.22 1 0.13 JNoEzZ 0 05
BookSQL | 145] 78433 39530 2 1 7 v 8.86 1012948 1.25 112 s 0SS
Archer 518 260 2 10 68 6.8 6.81 31365.3 3.89 ___

Xinyu Liu, Shuyu Shen, Boyan Li, Peixian Ma, Runzhi Jiang, Yuyu Luo, Yuxin Zhang, Ju Fan, Guoliang Li, and Nan Tang. 2024.
A Survey of NL2SQL with Large Language Models: Where are we, and where are we going? arXiv:2408.05109 [cs.DB] https://arxiv.org/abs/2408.05109
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NL2SQL Benchmark Discussion & Insights

* From the Redundancy Measure perspective

* We observe a trend from early datasets to recent ones where datasets have grown 1n
size, including increases 1in the number of questions and unique queries

* From the Database Complexity perspective
* The number of databases (and tables) in datasets correlates with the tasks (e.g.,
Single-domain vs. Robustness) they serve
* From the Query Complexity perspective

* Recent datasets show a growing emphasis on Scalar Functions and Mathematical
Computations in SQL queries, which introduces challenges in SQL generation
structure not seen 1n earlier datasets
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The Next For NL2SQL Benchmark

* Despite the growing number of datasets proposed by the NL2SQL
community, we find that current datasets still exhibit a gap in SQL
complexity compared to real-world scenarios

* Recent datasets generally feature lower counts of SELECT keyword,
indicating fewer nested SQL queries or complex set operations

 Challenges related to Scalar Functions (e.g., ROUND) and
Mathematical Computations (e.g., Addition) also need further attention
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NL2SQL Evaluation Metrics

* Accuracy

* Execution Accuracy (EX)
 String-Match Accuracy (SM)

* Component-Match Accuracy (CM)
* Exact-Match Accuracy (EM)

* Efficiency
* Valid Efficiency Score (VES)

* Robustness
* Query Variance Testing (QVT)
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NL2SQL Evaluation Metrics

* Accuracy
* Execution Accuracy (EX)

* N : the size of dataset
* V:: the execution result set of the i-th ground-truth SQL query
* v, : the execution result set of the i-th predicted SQL query

e 1(¢): an indicator function that equals 1 if the condition inside is satisfied,
and 0 otherwise
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NL2SQL Evaluation Metrics

* Accuracy
 String-Match Accuracy (SM)

Zi]\il 1 (Yi — Ai)

M =
S N

* N : the size of dataset
* Y;: the i-th ground-truth SQL query
* Y;: the i-th predicted SQL query

e 1(¢): an indicator function that equals 1 if the condition inside is satisfied,
and 0 otherwise
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NL2SQL Evaluation Metrics

* Accuracy
* Component-Match Accuracy (CM) SQL Components:
 SELECT
N C _vC
o 2l (Yi =Y, ) + WHERE
CM™ = N - GROUP

* N : the size of dataset
« Y.L :the component of the i-th ground-truth SQL query Y,
* Y,“: the component of the i-th predicted SQL queryy;

e 1(¢): an indicator function that equals 1 if the condition inside is satisfied,
and 0 otherwise
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NL2SQL Evaluation Metrics

* Accuracy
* Exact-Match Accuracy (EM)

i 1 (/\CkeCYiCk = ?zck)
N

EM =

* N : the size of dataset

* (i: the k-th component of SQL query (e.g., WHERE)

. Yick: the k-th component of the i-th ground-truth SQL query
* v Ck: the k-th component of the i-th predicted SQL query

(4
e 1(¢) : an indicator function that equals 1 if the condition inside is satisfied,
and 0 otherwise
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NL2SQL Evaluation Metrics

* Efficiency
 Valid Efficiency Score (VES)

>, 1(Vi= Vi) R (Y, ) R(v.v) - | 20D

N \ E(%)
* N : the size of dataset
 V.: the execution result set of the i-th ground-truth SQL query Y;

VES =

* . : the execution result set of the i-th predicted SQL query Y;

* E(*) : measures the efficiency of specific SQL query, which can be refer to
execution time
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NL2SQL Evaluation Metrics

* Robustness
* Query Variance Testing (QVT)

QVT = 2 (Z”’“ 1 1(8(Qy) = >>

N

m;

e N : the size of dataset
* ¢ (Q;;) the predicted SQL query for the j-th NL variation of Y,

* m; : denotes the number of different NL variations for the SQL query Y;
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MT-TEQL

° MT_TEQL Type Illustrative Examples
o Common Interrogative Prefix | what is/are, which is/are
 NL Utterance Variations Common Declarative Prefix tell me, return, find, list
e Database Schema Variations Special Interrogative Prefix when, where, how many
Special Declarative Prefix count

Categorizations of frequently-used prefixes in typical

NLIDB utterances
( N ( N N ( R
| VENDOR ID INAME | COUNTRY m| 10 | countrY name |vsnoon ID| NAME | COUNTRY | IVENDOR IDI NAME |
VENDOR [ COUNTRY | 1D | VENDOR ID | | VENDOR NAME | VENDOR COUNTRY| VENDOR VENDOR
IID I VENDOR ID | YEAR | WEIGHT | ENGINE ID I CAR | () |ve~ooa ml WEIGHT | YEAR | | 5 0)) IVENDOR ml YEAR | WEIGHT I
\_ CAR ) \_ J L CAR VAN CAR
Normalization Flattening Column Shuffle Column Removal
N ( N N
|VENDOR ID| NAME | COUNTRY | | ) |ve~noa 10| YEAR | WEIGHT | lVENDOR ml NAME | LOCATION l IVENDOR ml NAME | COUNTRY l
' g VENDOR CAR VENDOR VENDOR
| ) |VENI;0R ml YEAR | WEIGHT | |VENooR ml NAME I COUNTRY | l ) lvenooa ml YEAR | WEIGHT l I 0] ] VENDOR ID I YEAR I WEIGHT I ENGINE ID l
\ CAR ) \ VENDOR ) k CAR -/ K CAR )
Opaque Key Table Shuffle Column Renaming Column Insertion

[llustrative examples of schema-oriented MRs

Ma P, Wang S. Mt-teql: evaluating and augmenting neural nlidb on real-world linguistic and schema variations[J]. Proceedings of the VLDB
Endowment, 2021, 15(3): 569-582. 149



NL2SQL360

« NL2SQL360
* SQL Complexity
* SQL Characterisitics (e.g., JOIN)
* Database Domain Adaption
* NL Query Variance Testing
* Economy

NL2SQL360
Lifecycle

 Efficiency

e Features
e Multi-angle & Fine-grained Evaluation
e Scenario-based Evaluation

Li B, Luo Y, Chai C, et al. The Dawn of Natural Language to SQL: Are We Fully Ready?. VLDB 2024. 150



NL2SQL360: User Interface

Configuration Leaderboard Step @ |Metric-Angles:  cecuton accuracy > Data-Angles:

B Deimats Ranking vs. Angles Step @ e
Step D-a o RESDSQL-38 + NatsaL () O[}\
Dataset: Spider-Dev RESDSQL-3B e v ., RESDSQL-3E + NatSQL

. Value: 86.1

s | Rank: 1
@® Upload Dataset Graphix O\"// -
DAILSQL
Step D-b

DAILSQL(SC) ()

<

I> Models
- Ste o DINSQL
p@-a_
C35QL
Model: DAILSQL(SC)
Domain of Competition SQL with JOIN Nested SQL Query Variance
® Upload Model
Step @-b - Subset #-JOIN
@ DAILSQLSO) DAILSQL DINSQL (@ C3SQL @ RESDSQL-38 + NatSQL () RESDSQL-38 ([l Graphix Distribution #-JOIN
ko Scenarios . EX
100
= 100 #-JOIN1
® DAILSGL(SC) 9.7 - -
Scenario: 0 DAILSGL 78.1 L I — — :7‘”{ :
DINSQL S 41
e c350) ¢ [ 1 - i:j L ; - — m— —

® Define Scenario @ RESDSQL-38 + Nat5QL

® RESDSQL-38
® Graphix

#-JOIN 1 #-JOIN 2 #-JOIN 3 #-JOIN 4 DAILSQL(SC)  DAILSQL DINSQL C3SQL  RESDSQL-3B RESDSQL-3B  Graphix
#-JOIN Models  *+ Natsal

Li B, Luo Y, Chai C, et al. The Dawn of Natural Language to SQL: Are We Fully Ready?. VLDB 2024. 151



NL2SQL360: User Interface

------------------------- > Metric-Angles:

Configuration

ko Datasets

&~
’ [
Dataset: Spider-Dev L’
7’
/7
/7
® Upload Dataset ,”
/
/
% v
/
/
/
Bo Models !
!
1] S
]
Model:  DAILSQL(SC)
'
'
]
® Upload Model
1
'
1 v
I
1
I
ko Scenarios |
1
1 A
Scenario: Bl Scenario X
@® Define Scenario
v

LiB, Luo Y, Chai C, et al.

The Dawn of Natural Language to SQL: Are We Fully Ready?. VLDB 2024.

Data-Angles:

Leaderboard

-

-

DAILSQL(SC)
DAILSQL

C3sQL

DINSQL

Graphix

RESDSQL-3B + NatSQL
RESDSQL-3B

SQL with Agg SQL with Limit Nested SQL

Subset #-Agg

DINSQL @ C3SQL @ RESDSQL-3B + NatSQL

Distribution #-Agg

RESDSQL-38 (@ Graphix

@ DAILSQL(SC) DAILSQL

EX
100 . . - .
[ [

80

DAILSQL €35QL  RESDSQL-3B RESDSQL-3B Graphix
i 1.2 3 > Models * NatsQl
4

#-Agg 3

DAILSQL(SC) DINSQL

#-Agg 2

#-Agg 1

152



NL2SQL360 Case Study

* Dataset: Spider e Metric:
* Model: * Execution Accuracy (EX)
* LLM-based methods: * Exact-Match Accuracy (EM)
« DAILSQL, DAILSQL(SC)  Valid Efficiency Score (VES)
« DINSQL * Query Variance Testing (QVT)
« (C3SQL
* SFT CodeS-1B/3B/7B/15B e Multi-Angle:
e PLM-based methods: * SQL Characteristics
« RESDSQL-3B, RESDSQL-3B + NatSQL * SQL Complexity
e Graphix + PICARD * NL Variance

* Database Domain Adaption
« Efficiency

* SQL Efficiency

* Economy (Cost)
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NL2SQL360: Leaderboard

. SFT CodeS-15B

. RESDSQL-3B + NatSQL

‘ RESDSOQL-3B

Graphix + PICARD

4 DAIL-SQL
5 DAIL-SQL (SC)

6 DIN-SQL

‘ C3s0L

85.5% @

83.9% 4

82.3% 4
80.6% 4
80.6% O
79.0% O
75.8% O
69.4% O

@ RrespsoL-38+ NatsQL 76.7% 4

. SET CodeS-15B
3 DIN-SOL
4 DAIL-SQL (SC)

‘ c3soL

6 DAIL-SQL

Graphix + PICARD

‘ RESDSQL-3B

76.2% @
757% QO
75.0% O
73.3% O
72.8% O
69.6% 4
69.1% 4

1 DIN-SQL
1 DAIL-SQL (SC)
(2 DAIL-SQL

' SFT CodeS-158

- Graphix + PICARD

‘ C3s0L
‘ RESDSQL-3B

63.6% O
63.6% O
57.6% QO
51.5% @
455% 4
424% QO

39.4% 4

. RESDSQL-3B + NatSQL 33.3% 4

(@ RespsQL-38 + NatsQL 96.6% 4

. SFT CodeS-15B
. RESDSQL-3B

5 DIN-SQL

6 DAIL-SQL (SC)

7 DAIL-SQL

‘ C3s0L

96.0% 4
95.5% @
95.1% 4
94.1% O
93.6% O
93.3% O
93.0% O

(a) Test Results in Domain of Competition

(b) Test Results in SQL with JOIN
Figure 3: NL2SQL Models on Spider from Different Angles (O: Prompting LLM, @: Fine-tuning LLM, #: Fine-tuning PLM).

Leaderboard Link: https://nl2sgl360.github.io/

(c) Test Results in Nested SQL

(d) Test Results in Query Variance
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Subset

NL2SQL360 Case Study — JOIN Finding

EX (%)

wjfo Logical-
Connector

w/ Logical-
Connector

wfo ORDER-BY

w/ ORDER-BY

(3]
2
-
<l
w
=
<
a

DAILSQL
DINSQL

Prompting

LLM-based

€3sqQL

90.6 89.6 89.8 86.7

SFT
CodeS-15B

78.9

86.7

SFT

CodeS-7B

733 64.5

843

85.0 80.2

65.6 544

841 794

80.6

SFT

CodeS-3B

79.4

73.0

SFT
CodeS-1B

Fine-tuning

33.3

fia]
i
]
o
%]
[m]
n
w
o

PLM-based

-
o
2
T
=
+

39.4

RESDSQL-3B

Graphix
+PICARD

50 84.9 80.9
0

WERCNE 891 89.8 874

We find that:
DINSQL outperforms in LLMs with prompting.
RESDSQL + NatSQL outperforms in PLMs.

Commonality:
Both methods use NatSQL as the intermediate
representation (IR) of SQL.

Finding:
Taking NatSQL reduces the complexity of predicting
JOIN operations and potentially enhances the model

performance. Question :
Find the name of students who have a pet
SQL :
SELECT Tl.name FROM student AS T1
JOIN has_pet AS T2 ON Tl.stuid=T2.stuid
NatS@L : (Extend FROM clause)
SELECT student.name 'EOM student, has_pet
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NL2SQL360 Case Study — Subquery Finding

LLM-based PLM-based

w/o Squuery w/ Squuery
9.0 0.1 8.3 | |

= I So_i I - (P): Prompt-based
B T I I T (FT): Fine-tuning-based
40

T

EX (%)

WERIOLE 891 89.8 874 877 90.6 89.6 89.8 86.7

757 733 76.2 789 733 645

o)

T T T 30 T T T T
w/o Subquery -8 9 83.4 83.3 86.0 867 84.3 79.4 LM LLM LLM PLM LLM LLM LLM PLM
= - a— — P (F)  (FT) Py (F)y (FT)
é’ w/ Subquery 63.6. 51.5.51.5 33.3 333 394 I
wn o — -
wjfo Logical-

83.4 82.7 86.4 87.0 85.0 80.2
Connector

In scenarios involving subqueries, LLM-based methods
outperform PLM-based methods overall, with methods
using GPT-4 showing particularly better performance.

w/ Logical- | 2 767 74.4 689 68.9 656 544
Connector

wfo ORDER-BY : B8 851 83.2 851 86.3 841 794

w/ ORDER-BY 4 4 751 781 84.4 82.3 80.6 73.0

The inherent reasoning ability of these models 1s likely

5 z £ & ¢ %% % 52 g §¢ crucial for success in predicting the subqueries.
Prompting Fine-tuning

Li B, Luo Y, Chai C, et al. The Dawn of Natural Language to SQL: Are We Fully Ready?. VLDB 2024. 156



NL2SQL360 Case Study — QVT

* To further evaluate the robustness and flexibility of NL2SQL solutions in handling variations

in natural language queries, we propose a new metric called Query Variance Testing (QVT).
This metric assesses how well the models can adapt to different forms of NL queries.

Query Variance Testing (QVT): Given a SQL query Q,, there typically exist multiple corresponding NL

queries, denoted as pairs {(N, Q,), (N,, Q)), ..., (N, Q;)}. The formula for computing QVT accuracy is
defined as follows:

1 M E7 1 (F(Niy) = Qi)
QVT - M Z m;

i=1

* M is the total number of SQL queries in the test set.

* m; 1s the number of natural language query variations corresponding to the SQL query O, .

* F(N;) represents the SQL query generated by the model for the j-th natural language query
variation of Q,.
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NL2SQL360 Case Study — QVT

OPLM-based O LLM-based O Fine-tuning '\A,‘ Prompting

97
RESDSQL-3B +
96.5 Graphix + O NatSQL
96 PICARD ) CodeS-3B
O CodeS-7B
95.5 O ©)
=33 _
< o RESDSOL-3B O Codet. 158
> 945 =
© CodeS-1B DINSOL — )
%4 e ‘<2, — DAILSQL(SC)
93.5 ©  f \\’/'
93 €3 <= paisoL
C3sQL — v/ Q
92.5
76 78 80 82 84 86 88

EX (%)

* Fine-tuned LLMs generally exhibit higher QVT than prompting LLMs.

* Notably, although the Graphix+PICARD method underperforms in overall EX compared to all prompt-based
LLMs, it surpasses them in QVT.

* Fine-tuning the model with task-specific datasets may help stabilize its performance against NL variations.
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Error Analysis

Motivation:
* Error Analysis provides valuable insights into the limitations and
challenges faced by current models.

Goal:

* By systematically examining errors, researchers can identify specific
areas for improvement, enhance model robustness, and develop more
effective training strategies.
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Existing Taxonomies for NL2SQL Errors

* Schema Linking sy

* Misunderstanding Database f‘:’ﬁx‘

* Misunderstanding Knowledge ) s

* Reasoning

* Syntax-Related Errors P o

 Database related Errors ’
R

SQL-PaLM
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Existing Taxonomies for NL2SQL Errors

* Schema Linking

 JOIN
* GROUPBY

* Queries with Nesting and

Set Operations
* Invalid SQL
* Miscellaneous

Mohammadreza Pourreza, Davood Rafiei:

Wrong cols

15% Wrong tables
12%
Schema-linking
37%

Wrong Wrong
cols entities
13% 10%

JOIN
21% i
R Invalid 3% OP 1%
Cond 2%
Wrong Cond
8% GROUP-BY i R
13% Nested 4%
Wrong cols 13%
8% DISTICT
s Wrong e
detected Set
506 Op sub-query
4%
DIN-SQL

DIN-SQL: Decomposed In-Context Learning of Text-to-SQL with Self-Correction. NeurIPS 2023
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Existing Taxonomies for NL2SQL Errors

Limitations:
* Designed for specific datasets
* Limited scalability

* Due to inconsistent taxonomies, the annotated data cannot be shared
or compared between different studies

Therefore, it 1s imperative to develop a standardized and effective
taxonomy for analyzing NL2SQL Errors
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Principles for NL2SQL Errors Taxonomy

 Comprehensiveness: The taxonomy should encompass all potential errors that
could occur during the NL2SQL conversion process.

*  Mutual Exclusivity: Each error type should be clearly distinct with no overlap,
to avoid ambiguity 1n error classification.

* Extensibility: The taxonomy should be adaptable to incorporate new error
types as NL2SQL technologies and methodologies evolve.

* Practicality: The taxonomy should be practical and applicable in real-world
settings, aiding developers in diagnosing and correcting errors effectively
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Our Two-level Taxonomy

e
° ° % > 0 *
* Error Localization: Focus on % %55%° O
- 5 P A o -
. . . R (2) /& (;).O__‘\, %O\o (&) N
identifying the specific parts of A\ oy W
%% gl )
o ° 5_2 <</+ olo
the SQL where errors occur 258 o
Value = @R 0’\5‘\“0
e 22X SELECT i
6 WHERE 25.5% \nsuﬂ"de“t 2/.2 b
15.2% Order 1.5%
* Cause of Error: Focus on Join Type G:4% Aggregation 0.7%
Incor™ FROM GROUP BY
understanding why the model is PRt 153 166% g5
O o Equality 0%
. a
wrong when generating SQL. & 15.9% 2
<C\SI Q°\° £ = & %4 yOO’%
i ST B\ N
e 7 " = ’
. v o s~ @ s 3 )i
¢ £ 53 o% 3
GROUP By vs. Subquery 4‘; é' ™R < ° ?n Miss GROUP BY
0.4% S & = 3 0.7%
JOIN vs. Subquery 0.4% a

Redundant GROUP BY 0.4% 165
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A Roadmap of Optimizing LLMs for NL2SQL

Guidance for Data-driven LLM Optimization

Condltlon 1 Data PriVaCY- Privacy-reserved data Privacy-free data
o o @ Open-source LLMs ﬁ Closed-source LLMs
Condition 2: Training Data Volume.
Optimize Fraining Optimizg inference
. Massive NL2SQL- L f Small f With
Note that also need consider reintod data  laboied (NL.SOL DB} labeled (ML SQLDB). iabeledt {NL, SQL,DB)

hardware resources and API COStS ﬁ Pre-train [ﬁ Fine-tune ﬁ Few-shot ﬁ Zero-shot

Large amount of Small amount of Large amount of Small amount of
Hardware Hardware API Budget API Budget

Conditions [ﬂ) Suggestions Resources
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A Roadmap of Optimizing LLMs for NL2SQL

A Case Study

CodeS designs open-source NL2SQL LLM to solve data privacy risks when using GPT-4

(a) Incremental pre-training

StarCoder (1B, 3B, 7B, 15B)

(d) Supervised fine-tuning of CodeS

Training set

[Database prompt + Questio

(Test sample)

fupervised. | SFT CodeS

Database prompt SQL query
+ Question

Inference

(Predicted SQL query)

CodeS (1B, 3B, 7B, 15B)

(" Training Corpus h
SQL-related data
_____ 1_1_(_}i3"_" 2 epochs
NL-to-code data
"""6_G_1§ _____ 1 epoch
NL-related data
""_4_5652"" 1 epoch
\(Random sampling for trajning)/

Haoyang Li, Jing Zhang, Hanbing Liu, Ju Fan, Xiaokang Zhang, Jun Zhu, Renjie Wei, Hongyan Pan, Cuiping Li, Hong Chen:CodeS:

(Test sample)

Training Demonstration
set retriever

Several helpful text-to- )
SQL demonstrations )

(e) Few-shot in-context learning of CodeS
[Database prompt + Question]

Inference( Predicted
SQL query

Guidance for Data-driven LLM Optimization

Privacy-reserved data Privacy-free data

@ Open-source LLMs uﬁ Closed-source LLMs

v

Optimize training

Massive NLZKarge amount of Small amount of Without
related data labeled (NL,SQL,DB) labeled (NL, SQL,DB) labeled (NL, SQL,DB)

027 Pre-train @ Fine-tune [ﬂ) Few-shot

Large amount of Small amount of Large amount of Small amount of
Hardware Hardware API Budget API Budget

Optimize inference

lﬁ Zero-shot

Conditions 6 Suggestions Resources

Towards Building Open-source Language Models for Text-to-SQL. Proc. ACM Manag. Data 2(3): 127 (2024)
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Decision Flow of Selecting Modules

NL2SQL Guidance Token cost ¥

Noise from redundant database schema

Complex database —lﬁ Schema Linking

schema with numerous
tables and columns

Time cost 1

Mismatch between
database content and
NL details

Retrieval

Have strong domain specificity

in NL and database

The success rate of SQL execution

Time cost 1
Output consistency (Token cost 1)
) Output
Time cost 1 Consistency

(Token cost 1)

Execution-Guided
Strategies

Filter non-executable SQL

Iﬂ)— Execution results

Time cost 1 can be accessed

Other scenarios to be considered...

_ﬁ Database Content

Time cost 1t
Token cost

db Additional Information
Acquisition

{The accuracy of the SQL value selection 1t

The semantic understanding ability ™
The adaptability of the system ™
Time cost 1

Token cost 1T

Need to guidance model —{I'3 Task-specific

The ability of model's understanding 1t
understand NL2SQL task Prompt Strategy ‘[

Token cost 1t

Have effective IR to bridge

NL and SQL The gap of NL and SQL +

Intermediate

SQL Correction .
Representation

. Time cost 1
Strategies

System complexity

6—The generated SQL
has syntax errors

The SQL generated from
multiple inference paths
is inconsistent

Scenarios ﬁ Recommendations _[Advantages L, Disadvantages
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Decision Flow of Selecting Modules

e Scenario 1:
* Complex Database Schema with
Numerous Tables and Columns. Schema
 Recommendation: Linking
* Schema Linking. —
 Advantages: ¢
 Reduced token costs. 8
 Decreased noise from the
redundant database schema.
* Disadvantages:
* Increased time costs.
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Decision Flow of Selecting Modules

e Scenario 2:
e Mismatch between Database Content and NL.

* Recommendation: Database Content

e Database Content Retrieval. Retrieval
 Advantages: —
» Increased the accuracy of SQL value selection. -2  jo—r"70%K
* Disadvantages: Name =
16-year-old 16

* Increased time costs.
 JIncreased token costs.
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Open Problem- Open NL2SQL Problem

* Problem & Goal:
* Open NL2SQL Problem: Querying Multiple Databases.

* In many real-world scenarios, such as government open data
platforms, answering complex questions often requires querying
multiple databases and aggregating results.

* Database Retrieval

* Handling Heterogeneous Schemas

* Answer Aggregation

* Domain Adaptation

* Scalability and Efficiency

* Evaluating and Benchmarking 174



Open Problem- Cost-effective NL2SQL Methods

e Problem & Goal:

Cost-effective NL2SQL Methods: Balancing Performance and Costs.

LLM-based NL2SQL methods show potential but face challenges due
to high token consumption, which impacts both costs and inference
times. Conversely, PLM-based methods excel at complex SQL query
processing and schema interpretation.

Modular NL2SQL Solutions
Multi-agent Framework
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Open Problem- Trustworthy NL2SQL Solutions

e Problem & Goal:

Trustworthy NL2SQL Solutions: Enhancing Accuracy and Reliability.

e Motivation:

Ensuring the accuracy and reliability of generated SQL queries 1s
essential to reduce risks and minimize manual intervention.

Interpreting NL2SQL Solutions
Multi-agent Framework
NL2SQL Debugging Tools
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Open Problem- NL2SQL with Ambiguous and
Unspecitied NL Queries

* Problem & Goal:
 NL2SQL with Ambiguous and Unspecified NL Queries: Addressing
Vague Inputs.
* Motivation:
* Ambiguous or unspecified queries are common 1n real-world
scenarios and pose challenges for NL2SQL systems.

* NL Query Rewrtiter.
* NL Query Auto-completion.
* Training with Ambiguous Queries.
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Open Problem- Adaptive Training Data Synthesis

* Problem:
* Adaptive Training Data Synthesis: Improving Model Generalization.
* Motivation:
* Learning-based NL2SQL methods often struggle with new domains
and require high-quality, diverse training data for effective
performance.

* Adaptive Data Synthesis.
* Incorporating Feedback.
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