Q<> SCHOOL OF .-J .
) COMPUTING & ~== k=
o ~ )) DATA SCIENCE 7:% STAR lab.

rsity of Hong Kong

ICDE 2026 Beyond SQL Workshop

BIRD-SQL: Towards Automatic

Data-Centric Code Generation

Prof Reynold Cheng
o 3 Science D|V|S|on'



https://reynold.hku.hk/

Data Science

For Social Good

<l
VJL(-’ STAR lab

» Social Technology And Research Laboratory

SCHOOL OF
25 COMPUTING &
& DATA SCIENCE

The University of Hong Kong

e A vk 906 o AR M TG &
sty The Hong Kong Jockey Club Charities Trust

== HKU Musketeers Foundation

Institute of Data Science

S E B ABE LR S W R SR

Loy IJ Department of Social Work and Social Administration
The University of Hong Kong

St WlAssrewe TRt RS R

U LKS Faculty of Medic;ine

School of Public Healt

* 7+ years in website, app, game, and video production | piOME
* 8 local and international awards - G

GENEVE

WJL{ STAR lab. —




Intelligent Applications

) Social Media & Content Platform
Instagram, TikTok, X (Twitter), ...

/ \\\ <) Productivity & Technology
\ Google, Microsoft, OpenAl, ...
amazon

* E-commerce & Finance
Amazon, PayPal, ...

\ <) Entertainment & Lifestyle
YouTube, Spotify, ...




Behind the Surface: the Hidden Data Infrastructure

User Interactions Trigger Data Operations

Click Search

Data iRetrieval

15 | Data Storage

oM
1‘!!!!” :::>\u’<§!P

Quer:y Processing
| Data Layer

User Interface (Ul

Every click, search, or action triggers a chain of data operations beneath the surface.




Database Access for Café Chatbot

a Hey App! Show me that café | saved last week in Kyoto. Now that I'm back in New York,
can you find me the closest café that’s most similar to it?




What we see: the Application Layer

( Application Layer:
* Daily Schedule Management

Mobile Computer Use
Devices

© Instant Social Networking

Daily Life :," Digital

Ecosystem J Interactive Computer Use

°  Digital World ...




Applications and Databases

Application Layer:
The Visible Tip of Usage

Computing

\ h |

) a)'/Database' Management

*Data Indexing & Querying

Q | Analysis & Visualization
| ‘\Q 'Data Science

Database Layer:
The Hidden Foundation

— e — — — — — — — — — — — — — — — — — — — — — — — — —

Application Layer:
- Daily Schedule Management

= Instant Social Networking
= Interactive Computer Use
"~ Digital World ...

() e e e

— e —— — — — — — — — — — — — — — — — — — — — — — — —

Database Layer:

Efficiency & Organization - Structured storage and
optimized data retrieval

Integrity & Reliability - Consistent and accurate
transaction handling

Insight & Intelligence - Transforming raw data into
meaningful analysis

——— — — — — — — — — —




Database Coding: Categories

Tables Python Pandas
Databases SQL
Documents Private Lib Code

Spreadsheet / Notebook  Excel / Google Sheet
Functions




Data Centric Code Generation (DCCG)

Application Layer:
The Visible Tip of Usage

Computing

\

l ﬂ/Database' Management

hData Indexing & Querying

Analysis & Visualization
al '\ Data Science

Database Layer:
The Hidden Foundation

Database Layer:
= Efficiency & Organization - Structured storage and

optimized data retrieval

- Integrity & Reliability - Consistent and accurate

transaction handling

Insight & Intelligence - Transforming raw data into
meaningful analysis

Data Centric Code Generation

Automate coding for database interaction




Questions

. Can Al streamline application development?
- Agentic solutions for automatic data coding

. Are database Al models reliable and robust?
- Benchmarking for DB-Al models

. Can database agents enable social applications?
- Family care and BIM applications




1. Data-Centric Code
Generation (DCCQG)

Automated generation of code driven by data
semantics, modeling, and management




DCCG: Classification

+ ® Data Understanding
< ()

Tables Python Pandas

~ Human Computer Interaction

(HCI)
Databases SQL - . .
- Multi-modal Understanding
& Design
Documents Private Lib Code

Spreadsheet / Notebook Excel / Google Sheet Functions




DCCG: Classification

4 7 DataUnderstanding

O Tables Python Pandas

~ Human Computer Interaction

(HCI)
[ Jatabases > ] ~ Multi-modal Understanding
& Design
Documents Private Lib Code

Spreadsheet / Notebook Excel / Google Sheet Functions




Text-to-SQL

e natural language questions = executable SQL queries

CARS DATA
—Y I

MPG :
Horsepower },)) { What is id of the car with the max horsepower?

> Makeld ORDER BY Horsepower DESC LIMIT 1
Model

CARS NAMES [SELECT Id FROM CARS DATA } B

Make




Text-to-SQL in Chatbot

Queries in a Conversation (Yelp)

My dad is visiting me in Mountain View. What do you

think about dinner choices?

Generated SQL:
I found Cascal, a moderate Spanish restaurant with — SELECT * FROM resfouronfs

great tapas platters, appetizers, and drinks. It has ' — : + "
a great ambience with live music on the weekends and ) WHERE location Mountain View

both indoor and outdoor seating with heat lamps to
keep guests warm.

How about Italian instead? I really like the food there
when I visited Florence last year.

Generated SQL:
I found Vaso Azzurro Ristorante, a moderate Italian SELECT * FROM restaurants
restaurant near Mountain View. It has a lively . — B . ”
atmosphere and offers excellent customer service. <+ WHERE ].O.COHOH - NlOU!’!fOf{’,I View
Reviews say their pasta is authentic and perfectly AND cuisines = ANY( Italian )
seasoned.

Oh, what is the ham called in Italian?

Prosciutto is the Italian word for ham. < <4+—— GPT responds directly

Thanks. We'll be visiting Stanford. How about in Palo

Alto?

Generated SQL:

I found Terun, a 4 star Italian and Pizza restaurant *
near Stanford in Palo Alto. Reviews say the pizza is = SELECT FROM r?sr‘c:urcnfs "
great and they can seat customers outside without a WHERE location = "Palo Alto
reservation. AND cuisines = ANY("Italian”)

WJ‘{ STAR lab




Text-to-SQL

Developers and Al agents can
interact with databases using
natural language.

Examples: CloudSQL, AlloyDB

¥ Help me code [[EIE0

which posts have the miost positive comments in the last six weeks CANCEL

SELECT
“thl_posts”™ . "post_id”,
"thl_posts™."title”
FROM
“tbl_posts®
JOIN
“thl_comments”
o]

“tbl_posts® . “post_id” = “tbl_comments”

WHERE

“tbl_comments” . “created_at” == HOW ()
GROUP BY

“tbl_posts”. "post_id”,

“rhl Ansre” "titla”

Rate this suggestion gy &1 @D

-“post_id”

= INTERVAL "6 weeks®

x

UPDATE




Hallucinations in Text-to-SQL

4 List paper IDs, paper names, and paper descriptions for all papers.] DOCUMENTS

document_id

LLM : !  template_id
SELECT paper id, paper name, paper description document_name
FROM documents ; x document_description

TEMPLATES
1d : .

Gold — template_id
SELECT document id, document name, ision mimber
document description FROM documents; =

template_details

Graphix-T5: Mixing Pre-Trained Transformers with Graph-Aware Layers for Text-to-SQL Parsing
Li, J. and Huj, B. and ... Cheng, Rand Li, Y. (AAAI 2023)
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LLM-based Text-to-SQL Evolution

() Pretrained Language Models

() Deep Natural Networks
(O Rule-based Methods

TaBERT
NaLIR HydraNet
Seq2sSQL Grappa
sDsQL MBR-Exec

Ryan-SQL Coder-Reviewer

Before 2023

() Large Language Models: In-context Learning

() Large Language Models: Fine-tuning

Graphix-T5 el

RESDSQL StructGPT -

LEVER SD+SA+Voting
) QDecomp

Self-Debugging Least-to-Most

DESEM+P sQL-PaLM

DIN-SQL

2023.1

RAG+SP&DRC
c3
DAIL-SQL

Symbol-LLM
SQL-LLaMA

oDIS
ACT-SQL
MAC-SQL

2024.2

DEA-SQL
FUSED
DELLM
SGU-SQL
PoT
SQL-CRAFT
FUXI

CLLMs
CodeS
StructLM
DTS-SQL

MetaSQL
PET-SQL
PURPLE

MCS-sQL
CHESS
SuperSQL
Distillery
E-SaQL
CHASE-SQL

2024.4

1

1

@
Msc-sQL |
XiYan-SQL | "
Dubo-SQL |
KaSLA !

1
RSLSQL ! g:;sm
Dubo-SQL 1 ¢ eForcE
TAsaL

2025.1




Graphix-T5

Question Input:

total
Find Enrollment

Find total enrollment
student for schools that o '
has different types of RECF \
iliati MOD
affiliation _______,--"'7 NN .

student
. METH ‘enrollment I
Database Input: RECP ’/mﬁer
NN = SCMUD Graph Input
| University: School_ID, m el e P P
School, Enroliment ... MOD -
| Basketball_match: - affiliation
School_ID o — MOD _o /NN

Affiliation

Graphix-T5: Mixing Pre-Trained Transformers with Graph-Aware Layers for Text-to-SQL Parsing
Lj, J. and Huj, B. and ... Cheng, R and Li, Y. (AAAI 2023)




Graphix-T5

( SQL ) ( sQL ) ( sQL ) ( SQL )
R S B S R 1
Random Init. Pre-trained (T5) Pre-trained (T5) Pre-trained (T5)
[ Transformer J ( Transformer ) ( Transformer ) ( Tt
Decoder [ Transformer ] [_ Transformer j ( Transformer ) ( .,
. [ Transformer J L ( Transformer i ( Transformer ) ) ] ( Transformer )
T 4
( '
Pre -trained (BERT) Pre-trained (T5) A Pre-trained (T5) A Pre-trained (T5)
( Transformer ( Transformer J ( Transformer ) ( Graphix Layer )
E
neoder ( Transformer &} ( Transformer ) ( Transformer ] @ ( Graphix Layer ) &}
‘ wse
( Transformer ( Transformer j (_ Transformer ) ( Graphix Layer
\ \_ L.

[ Question I Schema J

!

[ Question | Schema J

!

[ Question | Schema

( Question | Schema

)J
|

(a) RATSQL (b) T5 (c) GNN-T5

(d) Graphix-T5




Xiyan-SQL

S . / Schema Filter &ultlple SQL Generation / SQL Selection \
: Input " e ‘ - SEEE .. Y et Koot _'sl '/ """ \l _SEsmaiienig s "
; Question \ |{ Multi-path 3 P ! i, | Generation-p-Self-refine .:Y' SQL1 | i '_/' Candidate N mmems -

1 & . . . ' ) l. ( . . S S
\ &Evidence P | syt b ek N : SQL2 e f??f%amzatwn !, 4| Selection | !
1 ! ! - [column ; 'L_» ' R, : [ 2N S i 1| model '
1 ! . ' \ Yt \\ 3
i :" : Table :—’lr i ;"E i Generation—»Self-refine .:l i L3 :—»: ,‘ (1] :{, 0 Rt ’
: = Full ! i Col § ) ) L s : 1 3 \\D o JR ! '
| - (o L R 177! e 0000
ez cnema . : R A RN - - [ 5 1 ! 5 \

| - | e T I N son: (@ (O Fina oL
\ ! e o _ '| Generation-pSelf-refine & : \———— S\ G ;

s -’ \ Filtered\ p,,, | 1! SOL SRS SoS v B~

SChemaS ....................... 4 Jandidates

[3] Liu, Yifu, et al. "Xiyan-sql: A novel multi-generator framework for text-to-sql." IEEE Transactions on Knowledge and Data Engineering (2026).




CHASE-SQL

What is the eligible free rate of the @
10th and 11th schools with the highest
| t 1 (5 2)
oL men f‘ohrr::::':,.;';; jngrades SELECT ('Free Meal Count (K-12)' / 'Enrollment 9
USER (K-‘z)‘) FROM ’frpm‘ P ‘ FIXE
g )
\
@ CANDIDATE GREEATORS (SELECT Percent (%) Eligible Free (K-12) 9
[ N ) FROM frpm’ ... ‘
' % ) FIXER
.4 i DC COT SELEC]’ (‘Free Meal Count (K-12)" / 'Enroliment ]_9_’
@ =© (K-12) ) FROM “frpm’ ... FIXER
S —| 4 S:aoD >
LSH VALUE RETRIEVER
\NITH Frre RateAS ( SELECT Percent (%) Eligible
> ool Froo (K-12) FROM ‘frpm’ ... ->
FIXER

( o
+5 %
\ \ {:?} i o J
DATABASES * ;
[SELECT (‘Free Meal Count (K-12)" / 'Enroliment —‘
(K-12)') FROM ‘frpm’ ...
FINAL RESPONSE s"-‘°“°" AGENT

DATABASES

[5] Pourreza, Mohammadreza, et al.
"CHASE-SQL: MULTI-PATH REASONING AND PREFERENCE OPTIMIZED CANDIDATE SELECTION IN TEXT-TO-SQL.”, ICLR 2025

‘JL(’smfz lab.



SHARE

Main Idea: Small

a User Question

For all the set of cards that has Japanese translation,
what Is the percentage of them are only available in
non-foil? In non-foil refers to isNonFoilOnly = 1

) 2. SAM + LOM: Fix errors on problematic steps

[4] Qu, Ge, et al. "SHARE: An SLM-based hierarchical action CorREction assistant for text-to-SQL." ACL 2025.

@) ErrorSQL qg Action Trajectories q§ Fixed Action Trajectories
wITHSEiEC¢S ( # Step 1: Filter language as Japanese # Step 1: Filter language as Japanese
isNonFoilonly dfl = df.where (element = sets.language, filter dfl = df.where (element = set_translations language ,
r —f k) . 1 »
language Parse = Japanese) Revise filter = Japanese’)
) FROM sets } # Step 2: Further filter to non-foil rows ) # Step 2: Further filter to non-foil rows
SELECT df2 = dfl.where ( element = sets.isMonFoilOnly, df2 = dfl.where ( element = sets.isMonFoilCnly, filter
Q@ filter= 1) Q@y =1
CAST(SUM{CASE WHEN 0:3@ 0:3@
iS';lg::::;g:,lyT:H: TEL;znguzﬁE} .‘O‘ # Step 3: Calculate the percentage of non-foil .‘O‘ # Step 3: Calculate the percentage of non-foil
SLMs Japanese rows among all rows SLMs Japanese rows among all rows
AS REAL) * 100.9 / COUNT(*) AS res = df.select ( cast{df2.count(), real) * 100 / res = df.select ( cast{df2.count(), real) * 100 /
percentage_japanese_nonfoil df1.count() ) df1.count))
FROM cte; ’ :



SHARE

Main ldea: Small Language Models, Infer Step-by-Step Reasoning behind Declarative SQLs

LLMs ° Revi
. evised SQL
a User Question Input Question ) O‘ Generate New SQL Q
For all the set of cards that has Japanese translation, > O‘?@
W
what is the percentage of them are only available in .‘O‘ Input Fixed WITH cte AS (
non-foll? In non-foil refers to isNonFoilOnly = 1 . . .
Reasoning Trajectories SELEgTHS isNonFoilonly
Q g FROM sets
Error SQL @< Action Trajectories - Fixed Action Trajectories INNER JOIN set_translations
ON sets.code =
T l'EIr:E"{I\:S { # Step 1: Filter language as Japanese set_;;:;;[atlnns -setCode
N "-L'I'-J-’ nFoilonly dfl = df.where (element = sets.language, filter dfl = df.where (element = set_translations.language , £t lati 1 _
JonenroL Nty = ‘Japanese’) filter = Japanese') jot-trans’atlons. language =
language Japanese
\ FROM sets 5’ 9 # Step 2: Further filter to non-foil rows )
R df2 = dfl.where ( element = sets.isNonFoilOnly, df2 = df1.where ( element = sets.isMonFoilOnly, filter SELECT
CAST(SUM(CASE WHEN oy  er=1) oy CAST(SUM(CASE WHEN
lSH?'.'_rU_l Lj . .L-'Jﬂ:,[;. 'f‘r\EL;"f—' @ -”[ ) & &C # Step 3: Calculate the percentage of non-foil é::?nzglkg:t}{ z i@;“?llcgb:_f_(a}
;c IERI-ZI.'-‘I!]I "« 100.0 ,,'cﬁu]:l. o) A Japanese rows among all rows AS t £ :1 . *
= HEALS AR f LUVNTAES 83 res = df.select ( cast{df2.count(), real) * 100 / res = df.select [ cast(df2.count(), real) * 100 / percentage_nontoll_japanese
percentage_japanese_nonfoil dfi.countl) ) df1.count)) FROM cte;
FROM cte; S ’

) 3. LLM: Revise SQLs given fixed action trajectories

[4] Qu, Ge, et al. "SHARE: An SLM-based hierarchical action CorREction assistant for text-to-SQL." ACL 2025.




2. Benchmarking of
Data Intelligence

How reliable is an Al model for data-centric tasks?




Evaluation framework for text-to-SQL




Spider 1.0

Spider 1.0

Yale Semantic Parsing and Text-to-SQL Challenge

What is Spider? Leaderboard - Execution with Values
Nov 12, 2024: We have released Spider 2.0 full paper, Our current models do not predict any value in SQL conditions so that we do not provide
data and code. Follow the guideline to submit your scores execution accuracies. However, we encourage you to provide it in the future submissions. For
to the leaderboard! value prediction, your model should be able to 1) copy from the question inputs, 2) retrieve

from the database content (database content is available), or 3) generate numbers (e.g. 3 in
"LIMIT 3"). Notice: Test results after May 02, 2020 are reported on the new release (collected
some annotation errors).

Aug 28, 2024: The early access version of Spider 2.0 (a
more realistic and challenging text-to-SQL task) is now
available! We expect to release the whole dataset in 1-2

weeks. As this is a preliminary release, there may be Rank Model Test
errors. Your feedback would be invaluable in refining the
dataset! 1 MiniSeek 91.2
Spider is a large-scale complex and cross-domain semantic Anonymous
parsing and text-to-SQL dataset annotated by 11 Yale students. Code and paper coming soon
The goal of the Spider challenge is to develop natural language
interfaces to cross-domain databases. It consists of 10,181 1 DAIL-SQL + GPT-4 + Self-Consistency 86.6
questions and 5,693 unigue complex SQL gueries on 200 Alibaba Group
databases with multiple tables covering 138 different domains. (Gao and Wang et al.,'2023) code
In Spider 1.0, different complex SQL queries and databases
appear in train and test sets. To do well on it, systems must 2 DAIL-SQL + GPT-4 86.2
generalize well to not only new SQL queries but also new Alibaba Group
database schemas. (Gao and Wang et al.,'’2023) code

[6] Yu, Tao, et al. "Spider: A large-scale human-labeled dataset for complex and cross-domain semantic parsing and text-to-sql task." EMNLP 2018.

R




Spider 2.0

Spider 2.0

Evaluating Language Models on Real-World Enterprise Text-to-SQL Workflows

ICLR 2025 é

About Spider 2.0 Leaderboard
Spider 2.0 is an evaluation framework comprising 632 real-world
text-to-SQL workflow problems derived from enterprise-level Spider 2.0-Snow Spider 2.0-DBT  Spider 2.0-lite

database use cases. The databases in Spider 2.0 are sourced from
real data applications, often containing over 1,000 columns and
stored in local or cloud database systems such as BigQuery and
Snowflake. This challenge calls for models to interact with

Spider 2.0-Snow is a self-contained text-to-SQL task that includes well-prepared database
metadata and documentation, includes 547 examples, all hosted on Snowflake, which offers
participants free quotas.

Methods with -* use special settings (ground-truth tables) and are not included in the ranking.
Since we continually check the accuracy of the evaluation metrics (while the questions remain
fixed), the scores may change slightly over time.

complex SQL workflow environments, process extremely long
contexts, perform intricate reasoning, and generate multiple SQL
queries with diverse operations, often exceeding 100 lines, which
goes far beyond traditional text-to-SQL challenges.

Rank Method Score
( » Paper ) ( ©) Code ) )

Genloop's Sentinel Agent v2 Pro

96.70
Genloop
( W Twitter ) ( <] Submit )
2 Nati ini
a |ve'm|n|. 9653
usenative.ai

[7] Lei, Fangyu, et al. "Spider 2.0: Evaluating language models on real-world enterprise text-to-sqgl workflows." ICLR 2025

<l




Overall Leaderboard Single-Model Leaderboard )

Leaderboard - Execution Accuracy (EX)

Oracle Dev Test

Model Code Size
Knowledge (%) (%)

Human Performance

92.96
Data Engineers + DB Students \/
https://bird-bench.qgithub.io/
y Agentar-Scale-SQL
1 .
Ant Group [link]  UNK v 7490 81.67
[ Sep 25, 2025 |
- [Pengfei Wang et al. '25]
é ) AskData + GPT-40
AT&T CDO - DSAIR UNK v 76.14 80.88
Sep 22, 2025
[Shkapenyuk et al. '25]
63 LongData-SQL
UNK 74.32 77.53
LongShine Al Research v
CHASE-SQL + Gemini
J Google Cloud UNK v 7490 76.02
o |O - )

)g :'s.]'. n‘z ) |°b [Pourreza et al. '24]



https://bird-bench.github.io/
https://bird-bench.github.io/
https://bird-bench.github.io/

BIRD-SQL is Featured by Leading Al Companies

@ OpenAl

Research Products Safety Company

Distyl ranks 1st on BIRD-SQL benchmark

Distyl, an Al solutions partner to Fortune 500 companies, recently placed 1st on the BIRD-
SQL benchmark, the leading text-to-SQL benchmark. Disty!’s fine-tuned GPT-40 achieved
an execution accuracy of 71.83% on the leaderboard and excelled across tasks like query
reformulation, intent classification, chain-of-thought, and self-correction, with particularly
high performance in SQL generation.

Leaderboard - Execution Accuracy (EX)

Model Size Oracle Dev (%) Test (%)
Knowledge
Human Performance
N/A v N/A 92.96
Data Engineers + DB Students

(1] Distillery + GPT-d40 R ” o721 T8
July 22,2024 Distyl Al Research
9 EXSL + granite-34b-code 348 . 6747

Aug 1,2024 IBM Research Al

1000+ Google
citations since
2023

(3] RECAP + Gemini ”
July 14,2024 Google Cloud

0 ByteBrain
Jul2,2024 ByteDance Infra Lab

Gemini 2.0 Flash

Gemini 2.0 Flash builds on the success of 1.5 Flash, our most popular model yet for developers, with
enhanced performance at similarly fast response times. Notably, 2.0 Flash even outperforms 1.5 Pro

on key benchmarks, at twice the speed. 2.0 Flash also comes with new capabilities. In addition to
supporting multimodal inputs like images, video and audio, 2.0 Flash now supports multimodal output
like natively generated images mixed with text and steerable text-to-speech (TTS) multilingual audio.

It can also natively call tools like Google Search, code execution as well as third-party user-defined

functions.
CAPABILITY BENCHMARK DESCRIFTION
General MMLU-Pro Enhanced version of popular MMLU dataset
with questions across multiple subjects with
higher difficulty tasks
Natural2Code Code generation across Python, Java, C++,

JS, Go . Held out dataset HumanEval-like,
not leaked on the web

Bird-SQL (Dev) Benchmark evaluating converting natural
language questions into executable SQL

eBench Code generation in Python. Code
eneration) Generation subset covering more recent
examples: 06/01/2024 - 10/05/2024

LiveCod

ACTS Grounding Ability to provide factuality correct
responses given documents and diverse
user requests. Held out internal dataset

Gemini 1.5
Flash 002

67.3%

79.8%

45.6%

30.0%

82.9%

Gemini 1.5
Pro 002

75.8%

85.4%

54.4%

34.3%

80.0%

Gemini 2.0
Flash
Experimental

76.4%

92.9%

56.9%

35.1%

83.6%



Data Statistics
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a) Database domain distribution w/ size

TEXT B REAL
I INTEGER DATE_RELATED
50 50.6 47.1
40.2
% g 35.0
Q
ap 30
3
]
g 20
~
8.7
i 56
train
51.3 494

50
3
40 373
Q.
&30
]
g 20
[

10 8.0

33
test total

b) Database value type distribution

J 12Ktext-to-SQL pairs on 95 DBs
(33.4 GB, 37 domains)

80 open-source DBs for training

= 15 additional relational

databases for evaluation




Data Statistics

TEXT BN REAL = o .
—INTEGER DATE_ RELATED © 300 + global submissions: code
g g 2 . size(:ns)oo ; ;
1iide. . o . = gen, database, NLP teams.
) :mn '., , I g z:

B RNy P B Ok -
e g:g:" . 2500 ' = & M'cr°s°ﬁ 1 '. dqtqbrlcks Staﬂfotl'd
vorid # n University
smpson._episodes  cateor e smdla 49.4

-! L] L]

o ol - Compiled in textbook,

=]
= 5 Stanford Homework, etc.
i &

10 8.0 H
33 z -!"
il ° ol ~ Unlock Tech Growth of RAG,
a) Database domain distribution w/ size b) Database value type distribution

Multi-Agent, Knowledge
Generation, etc.




BIRD helps to unlock technical contributions

ImageNet 132 11 92.4 Deep Learning




BIRD-SQL: Question Types

Question Type | Sub Type Question / SQL
Fundamental Match-based How many gas stations in CZE has Premium gas?
Type SELECT COUNT (GasStationID) FROM gasstations
WHERE Country = 'CEE' AND Segment = 'Premium'
Ranking What are the titles of the top 5 posts with the highest
popularity?
SELECT Title FROM posts ORDER BY ViewCount DESC
LIMIT 5
Comparison How many color cards with no borders have been ranked
higher than 12000 on EDHRec?
SELECT COUNT (id) FROM cards WHERE edhrecRank
> 12000 AND borderColor = 'borderless'
Counting How many of the members' hometowns are from
Maryland state?
SELECT COUNT (T2.member_id) FROM zip code AS T1
INNER JOIN member AS T2 ON Tl.zip code = T2.zip
WHERE Tl.state = 'Maryland'
Aggregation What is the average height of the superheroes from

Marvel Comics?

SELECT AVG(T1.height cm) FROM superhero AS T1
INNER JOIN publisher AS T2 ON Tl.publisher id =
TZ.id WHERE T2.publisher name = 'Marvel Comics'




BIRD-SQL 2023

https://bird-bench.qgithub.io/

Large and Realistic Database Values

I? What is the average salary of the worst perfarming managers?

SELECT AW GICASTIREPLACTISUDSTR g i A% BEALT] FROM
ernphoyes AS T1 JOIN position AS T2 ON T1.pasitionlD = T2. positianlD

WHERE T1.performance = "Poor’ ANID T2 positicntitle = 'Manage’

Reasoned Database:



https://bird-bench.github.io/
https://bird-bench.github.io/
https://bird-bench.github.io/

BIRD 2023 Construction
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Query-to-SQL (BIRD 2025-26) ' Q@

Text-to-SQL

« SELECT-Only
& Plain Text

Text
‘ Who is the best ... I

— SQL =
SELECT ...

7




BIRD 2025 Home Page

L(’ STAR lab

BENCHMARK RESEARCH SITE
&
> BIRD 2025

CATEGORIES

Home Ecosystem Categories Projects Why It Matters Explore Collaborate With BIRD 2025

Organized around the key aspects of real-world data work

Each category tracks one capability area.

DB Querying

1 project

Evaluation for translating natural language into

correct SQL across real-world DB environment.

BIRD-SQL

=N Human-centric Interaction
2 projects

Evaluation for multi-turn, interactive, agentic

collaboration with users on data tasks.

BIRD-Interact Tapilot-Crossing

m Bl Analysis & CRUD

3 projects

Evaluation for end-to-end business intelligence
workflows and database manipulation beyond

simple SELECT queries.

LiveSQLBench BIRD-Interact

BIRD-Vision (Data-Vista)

% Data Science
2 projects

Evaluation related to broader data science
workflows and interactive analytical problem

solving.

Tapilot-Crossing DS-CodeTrans

o DB App Debugging

3 projects

Evaluation for diagnosing and fixing failures in
database-powered applications and SQL-centric

systems.

BIRD-Critic 1.0 BIRD-Critic 1.5

BIRD-Critic 2.0

-~ Digital

QJ
2 projects

A category for multimodal or broader digital data-
intelligence tasks, including visual and hybrid data

workflows.

BIRD-Critic 2.0 BIRD-Vision (Data-Vista)




BIRD-Critic




BIRD-CRITIC 1.0

@ User Issue

| have a certain hierarchy of data in the
card_type table, where each row
represents a type of cards with a unique
identifier, a type name, and a reference to
its parent card through the parent_uuid.
The data is structured in a way that cards
can be grouped under parent cards,
forming a tree-like hierarchy. | initially
managed to create a recursive query that
fetches the data, but the result isn't in the
format | desire. The query correctly
returns each card along with a list of
parent uuids. However, instead of having
the list of parent uuids, | would prefer to
have a structured output where each
parent card includes a list of its child cards.
For example, | want to convert the result
into a structure where each parent card
lists all its direct child cards grouped
together, forming a tree-like structure.
This would help me better visualize the
hierarchy and relationships between the
cards, with each parent card having an
array of its children's uuid values. Can you
guide me on how to achieve this
transformation using SQL?

) ErrorsqL

WITH RECURSIVE nodes AS (
SELECT
uuid,
card_name AS name,
ARRAY[]::uuid[] AS parents
FROM card_type
WHERE parent_uuid IS NULL

UNION ALL

SELECT
c.uuid,
c.card_name AS name,
nodes.parents || c.uuid
FROM card_type ¢
JOIN nodes ON nodes.uuid =
c.parent_uuid
)
SELECT * FROM nodes;

{3 Output Format

Q Recursive Join

(2 Child Card Agg

E.?L Revised SQL

WITH RECURSIVE RCTE_NODES AS (
SELECT

, 1 AS Wl

, ARRAY[]::uuid[] AS children
, true AS has_next

AS card_type

WHERE parent_uuid IS NULL

» (EXISTS(SELECT 1 FROM card_type
AS cat2

SELECT root_uuid AS uuid, root_name,
array_agg(children) AS children
FROM RCTE_NODES

WHERE has_next = false

GROUP BY root_uuid, root_name

ORDER BY root_uuid




Types of User Issues

Query-like
(SELECT-ONLY)

¥ | have a query that
calculates the number of
referrals each user has
made. However, | want to
count a referral only if the
referred user has activatec
their premium account’,
How can | achieve this?’

Google Cloud Next Proprietary



Leaderboard:

Leaderboard - BIRD-CRITIC-1.0-Open (570) verified @)
@ OVERALL POSTGRESQL MYSQL SQL SERVER ORACLE
Rank Model SR (%) Institute Link Date Tier
Human Performance 76.67 ah L
& AlphaData
1 e 48.25 ) [ 2026-02:27 " Leadi
CMCC-Department of Digital Intelligence - g Tlea e
2 Gemini-3.1-Pro-Preview 45.96 G . Elite
3 @ XiYan-SQL-CRITIC 44.37 (D) & .. Elite
& ByteBrain-Agent + Deepseek-r1 5 ;
4 @ 43.33 { 25-06- . Elit
ByteDance Infra System Lab x Renmin University of China Ill @ e
6 AlphaData+Deepseek-ri o — .
5 CMCC-Department of Digital Intelligence 43.15 - il
6 Claude-Opus-4-6 40.88 A .« Elite
7 GPT-5-High 34.96 .« Elite
8 Grok-4 33.68 o] ¥ Superior
9 DeepSeek-R1 3351 (w4 ¥ Superior
10 Claude-Sonnet-4.5 33.33 A ¥ Superior
11 03-mini-2025-01-31 33.33 G ¥ Superior
12 ol-preview-2024-09-12 33.33 &) ¥ Superior
13 GPT-5 33.02 ¥ Superior

Google Cloud Next Proprietary



BIRD-Interact




BIRD-Interact

Single-turn Text-to-SQL

@ What are schools whose mailing city address is in Fresno?
° Please return their CDSCode.
(A. Ask question )

SELECT T2.CDSCode FROM schools AS T2 WHERE *
T2.MailCity = 'Fresno’

(B. Semantic Parsing)




Resolving Ambiguity in Multiple Turns

(. How many -/« users are in NY over the /ast
g - ew years?

Rrsaucesarcns:

{ Ambiguous Query ) .
User ' : Could you clarify what age range should be
Simulator con81dered elderly for this query?

7S Let’s define “elderly” as 65 years old or older | System

4 for this query.

Ty Got it. And whether “NY” refers to the entire
state of New York or just New York City?

E \_Seeking Clarification )

2 ( It means the whole New York state. J

» \_ Clarification

And what is the specific time period you
consider as “the last few years” for this query?

P Seekmg vg Clarification )
& | [ It’s the recent 5 years ﬁ'omthlsyear I
()

1_ “Clarification

(Got it. Then the SQL should be: \
SELECT COUNT(*) AS total_elderly_users

FROM users
WHERE state = 'New York'
AND EXTRACT(YEAR FROM AGE(birth_date)) »= 65
AND created_at >= CURRENT_DATE - INTERVAL 'S

\YEAR - )

_ SQL Generation ),

Google Cloud Next

Proprietary



Interaction Time Scaling Law:

ITS Law: A model satisfies this law if, given enough interactive turns, its performance
can match or even surpass that of the idealized single-turn task.

--~- ldealized Performance
40 40 40 40
30 ’/O\_O___o "
— 20 20 S e O 5O
(=]
™
A
10 10 10 + 10 |
3 0 3 5 7 0 3 5 7 0 3 5 7 0 3 5 7
2 Claude-3.7-Sonnet (-c) 03-Mini (-c) GPT-40 (-c) Qwen-3 (-c)
n | SO NN L —O— Interactive Performance
0 -~~~ |dealized Performance
@ 40 40 40 40
v ]
b | SR ISV S N
= L e 30
n
20 /0/0/ 20 /_o\o
10 10 |
0 3 5 7 0 3 5 7 0 3 5 7 0 3 5 7
Claude-3.7-Sonnet (-a) 03-Mini (-a) GPT-40 (-a) Qwen-3 (-a)

User Patience

Figure 4: The performance of different LLMs with different user patience on BIRD-INTERACT-LITE.
The red line denotes a-Interact mode (-a); the blue line denotes c-Interact mode (-¢). And the dotted
line (Idealized Performance) denotes the performance under ambiguity-free single-turn text-to-SQL.




@ BIRD-LiveSQLBench




&o» Periodic Update

l'/r Code Generation -\l

def cownt{nues]:
freq = Counter|nums)
max = Trég.values()
count = len(| | -

1}

l\_ return fount

kK for k, v in
freg. itessi|)
if v == max

¢ J@% b

User Solution

def count{nums):
freq = Counter(nums)
cnts = freg.values()
max_freq = max{cnts)

Problem Statement

You are given a positive integer
array ‘nums”, Return the tatal
frequencies of elements in

‘nums’ such that those Input return |
elements all have the cnts. count{max_fregls
maximum frequency, nums = [1,3,3,4,4] . max_freq
- a - -
f Self Repair Test Qutput Prediction Code Execution
Step 1. 3and 4 have the
— def count{nums): . counti[1,3,3,4,4] J==??
EE freq = Counter(nums) MImmmm'u_ Ard is 4
max = freqg.values{) Step 2. max frequency is 2

count = lenl|

k for k, v in
x freq. items(}

if w == max

Step3.2°2isd
Step 4, Ansis 4

N
. " return cownt ISR

Y G-Pass@k Leaderboard Y

LiveMathBench-202412

G-

LLM Greed
s e pass@16_0.5

Llama-3.1-8B-

. 24.0 18.2
Instruct =
t:?.'jﬂenz,ﬁ-?ﬂ-lnstruct 37.0 365
&
Hlama-3.3-708- 40.3 36.2
Instruct =
InternLM3-8B-
mem o 44.5 43.0
Instruct =
Claude-3.5-Sonnet & 46.7 44.1

G- G- mG-
Pass@16_0.75 Pass@16_1.0 Pass@16
11.3 4.5 10.4
27.2 16.0 258
28.9 19.1 27.5
354 23.0 3386
36.2 26.6 35.3

Proprietary



cod Multi-Scale RDBs

Large-Scale (>1000 cols)




o> DDL and DML support

¥ Create a reportanalyzing _
artists' album release ¥¥ lwantto afutomatlif':ally_update a
patterns and sonic summary for each artist

. . whenever the popularity of one
evolution over time ... 99 of their tracks changes ... 9y

sal - <ol K

WITH artist_relsases AS |
SELECT
art.zid A5 artisg_id,

«= Croate or replace functioa to update the artist susmary table
CREATE OR REPLACE FUNCTION update popalar track count()

art.nam AS arvise nams, RETURNS TRIGCER AS 3§
alb.zid AF album_id, DEGIN
alb.asas A5 albus casa, -~ Update the total popular_tracks count for the artist
alb.atyp AS _'1"-“"' -= First, we find the artist’s ID based on the track 1D
Jﬂggiﬁgﬁgjjrwm IS WULL THEM 'First Albus® With artiat 1048
WHEW ar.days_since_previous ¢ 365 THEW ‘Less than 1 year' SELECY art
WHEN af.dayd_sioce_peevious < TI0 THEN "1-} yeara’ FROM sp_track artists
ELSE “Ower I ysars' JOIN sp_tracks ON sp_tracks.zid = sp track artists.trk
END AS releass_cycle WHERE sp_tracks.spid = NEW.sid
FROM artist relsases as )

JOIN album_features af ON ar.album_id = af.album_id
WHERE ar.actist_nase IN |

SELECT artist_nams

FROM artist_reloases

-= Now, we update the count of popular tracks for this artist
UPDATE artist_susmary
SET total popular tracks = (

GROUP BY artisk_fd, astist_nase SELECT COUNT(*)

HAVING COONT(=) >= ] e
1 == Create trigger to fire after update on pval column of sp_trach
ORDER BY ar.artist nese, ar.eelesss_dste DESC CREATE TRIGGER trigger update_popular_tracks
LINIT 100y APTER UPDATE OF pval ON sp_track info

FOR EACH ROW
EXECUTE PROCEDURE update popular track coumt();

Google Cloud Next Proprietary



con Multi-Form Knowledge

Bank

"typeT: "domaln_trewindge”,

“eatraes*y |
(
"sane”: “Ditete Stage”
“oes. “Setines diseas 5

"nane™1 "Tusor Grage”,

"description”: “Sefires lusar grade.”,
“OTANITIOAT TEP Uhelr Ao laet MISTOlagie grede I (G0 4 CEA', TRS Temar prade 18 NS Grade, else ‘Law Gradet.*

“mase® | “Converaing Patient*,
"Detinet & CONCErning patient Sesed on stajisg and climical vtatus,”,
A Mghorion patiest vill Be cosaidered ab concerning.”

“Sancriptlon

ALk Patlest™,
Setines & MLgh-rish PATIAAt Based on ALAJIAY oot CLIALCAL $1Mt %,

“mane® "Wigh Rivk Sacker”,
“Sescriptloa”t “Setines & Blgh-rith incler Based on fumber pack years seched.”,

“nanet | “Meanied Disessa™,
© "Dutices & advenced direare Based on ¥1aging.”,
A patlenl L4 cosaifered Bdvanced Sliedie i thels Stage ewest pATRGLOGIC Stage L% "Stage 111' o "Stage IV',”

=,

Lawp intervel.”,

“rane”1 “Rocommesded Pollowdy In
“descripn “Catines Teconmended

“nane”: “Yollowsp Types™,
“Seacription™: “Setioes followwp types.”,
“Getinintion®) “fhere are twn tyses of Tollowwe Includlog “Iaoging' oo “Lob werk'*

Google Cloud Next

wir xtage avert pathalogic viage L4 "Stage 111' or “Stage IV', thew €inesne stage in "Acvesced Stage’, wlse “Farly Stage".”

T %A patient Lb connifered ALgA-rish 1f 1heir stage event gatheliogic stege I8 'Stage I1I1° er 'Stage IV", OR Lt their wital states is

A MARET LN CORRIBered NIgh FERR LT TRELT Seser DROR pRArE SARad L5 S00e Than D0, AME SOOSRTE Weats GOaTer TAeA 18 Bt Livar 1

T "Far “Inaging’, the recommended interval 5 ) Seetha for A3gh ritk PEtiest aad & moats far thoue Aot Righ riIk Dyt Nawe Barretts, ©

lodes Lefermation s druge, radlatiens, snd goaeral Tollowsn Status (freatmeet_and_follows. bt _grugs &

Esophageal Cancer Clinical Knowledge Bank

Risk Factors and Patient Classification

Patients with cumulative exposune sxceading 20 pack years ane classified as hbavy smokers, represanting &
substantially elevated risk profile. Those with positive but lower expesure rates ane designated as light kers,
with a mone moderate risk assessment. For more granular risk assessment, smokers can be classified as high risk
(more than 30 pack years), moderate risk (between 10-30 pack years), or low sk (less than 10 pack years).

Body Mass Index provides a standardized assessment of nutritional status and has demonsirated sssociations with
both risk and progrosis:

LU
BMI = i

Nutritional s1atus Is categorized based on BMI values: below 18.5 indicates underwaight, between 18.5-24.9
regresents normal weight, 25-26.9 signifies overweight, and 30 or greater constitutes obesity, A nutrition alert is
triggened when B falls below 17 or exceeds 35, indicating potential nutritional intervention requirements.

Acohol intake represents another established risk factor. Frequent consumplion, defined as intake exceeding thres
timas waakly, carries particular significance. The combinaticn of frequancy and velume provides the most
comprehensiee risk assessment, with daily heavy consumption representing the highest risk category.

Patient risk score offers a comprehensive assessment using weighted risk factors based on clinical significance. The
score is calculated by adding assigned points 1o specific risk factors: 3 points for heavy smoking history {20+ pack
years), 2 peints for docwmented Barrell's esophagus, and 4 points Tor advanced disease (Stage Il or IV).

Follow-up and Treatment Approaches

Follow-up protocols vary based on patient risk classification, Two primary follow-up types exdst: "imaging” and "Lab
Woark® For imaging, the recommended interval is 3 manths for high-risk patients, B months Tor non-high-risk
patients with Barretl's esophagus, and 12 months lor all athess. For laboratory work, the recommended interval is 2
menths for high-risk patients and & months for a8 others, immaediate follew-up attention is warranted when patlents
with Stage Il or IV disease either lack proper follow-up decumentation or haven't been seen in over & months.

Treatment approaches are categorized based on timing relative to surgery. Neoadjuvant therapy refers to treatment
administened bafore primary surgical mteraantion, simed al [umar downsizing or impraving oparative cutcomes,
This s indicated by a documented history of pre-surgical treatment. Adjuvant therapy sncompasses treatments
delivered after primary surgery 1o reduce recurmence risk, indicated by the presence of postoperative treatmant
information. Treatment categories include “Neoadjuvant Only,” “Aduvant Only,” or “Meither.®

Performance status provides critical ingights into treatment tolerance and progrosis using the Eastem Cooperative
Oncology Group scale. Good performance encompasses scones of 0-1, mederate performance includes scores of
2-3, and poor performance is designated by scores sxcesding 3, These classifications strongly influence treatmaent
selection and inbensity.

Proprietary



eaderboard:

Model Base Agent

. Only models with results for al/selected Base datasets are shown. Switch benchmark sets to compare Base and Large independently.

Rank / Window

61

2025-05 —2025-09

62

2025-05 — 2025-09

63

2025-05 — 2025-09

4
2025-05 — 2025-09

5/
2025-05 — 2025-09

6
2025-05 — 2025-09

7
2025-05 — 2025-09

8
2025-05 — 2025-09

9
2025-05 — 2025-09

Model

G

Gemini 3.1 Pro

Claude Opus 4.6

GPT-5.5 (xhigh)

GPT-5.5 (low)

Kimi K2.6

GLM-5.1

Qwen3.6 Max

GPT-54

GPT-5.3 Codex

Organization

Google

Anthropic

OpenAl

OpenAl

Moonshot Al

Zhipu Al

Alibaba

OpenAl

OpenAl

Success Rate (%) -

43.10

39.43

37.36

37.24

36.43

35.29

33.79

33.56

33.33

Avg. Cost (USD) / Task

® 0.0990

Link

&

@B B Y B B

Model Base Agent

Only models with results for all selected Base datasets are shown. Switch benchmark sets to compare Base and Large independently.

Rank / Window

81
2025-05 — 2025-09

é 2
2025-05 — 2025-09

63

2025-05 — 2025-09

4
2025-05 — 2025-09

5
2025-05 — 2025-09

)
2025-05 — 2025-09

Model

Claude Opus 4.6
(OpenHands CLI)

Claude Sonnet 4.5
(OpenHands CLI)

Kimi 2.5 (OpenHands
CLI)

MiniMax M2.1
(OpenHands CLI)

Qwen3 Coder 480B
(OpenHands CLI)

GLM 4.7 (OpenHands
CLI)

Organization

Anthropic

Anthropic

Moonshot Al

MiniMax

Alibaba

Zhipu Al

Success Rate (%) |-

41.60

38.99

35.99

31.62

2677

23.99

Avg. Cost (USD) / Task

Link

&
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Why does Al need an index?

- As Al becomes more capable and general-purpose, its
capability can no longer be captured by a single benchmark

Score.
How does performance
Ne) differ across aspects?

- Al evaluation is shifting:

single benchmark > multidimensional
accuracy capability indices

WJL(’ STAR lab




Why does Al need an index?

Some domains and their Indices:

General Domain: Artificial Analysis Index Software Engineering: OpenHands Index
a horizontal index for general Al model capability, covering a vertical index for software engineering agents, covering issue
reasoning, knowledge, mathematics, coding, science, and resolution, frontend development, testing, greenfield coding,
agentic tasks. information gathering, cost, and runtime.
@®OpenHands Issue Resolution  Greenfield  Frontend  Testing  Information Gathering Aot

Independent o o o |
analysis of Al _ : e A N
Understand the Al landscape to choose the best o Joads, res! hardware Sristch o e fot W ALkt b0
model and provider for your use case o] Index Overall L
Hions A —
l]n‘tel‘lli%en‘ct‘a“ séo Hihic b oo Speed . lPr?ce % Issue Resolution ————————— & sWEbec

-7 GreenfieldDev @~.—+— 5 *X‘

f G field Di m i . @@ . \

% Frontend Dev =~ —————— ih Sue-opsch Tt 9 = a

G € G
7 Testing _— a SWT-bench 2 * -

X Info Gathering —————— &) GAIA

soopentanas  Different skills needed for
software engineerin




Limitations of Data-Centric Benchmarks

Classic data-centric benchmark tests narrow skill:

WikiSQL: single-table natural language to SQL
Spider: complex, cross-domain text-to-SQL
BIRD: large-scale database-grounded text-to-SQL

» BIRD-Critic: SQL debugging tasks
°
:J [1]1 V. Zhong, C. Xiong, and R. Socher, “Seq2SQL: Generating Structured Queries from Natural Language using Reinforcement Learning,” 2017.
t./ [2] T. Yu et al., “Spider: A Large-Scale Human-Labeled Dataset for Complex and Cross-Domain Semantic Parsing and Text-to-SQL Task,” EMNLP, 2018.

? ( ST ﬂ ‘2 lQb [38]J. Lietal., “Can LLM Already Serve as A Database Interface? A Blg Bench for Large-Scale Database Grounded Text-to-SQLs,” NeurlPS 2023.




Multi-Aspects of Data Intelligence

BUT, real data work also requires many aspects, e.g. Bl analysis, data transformation, debugging, human-Al interaction,
multimodal data understanding, and data science reasoning.

9 DB Data /f\o
W\« Querying Science l.

(= ‘
//"// ™
i i Best model f
- \\ / Overall model : Different strengths : SZern;ic;ge Blor
EE Bl & Data . performance? | by capability? debugging, interaction,
—:'g' Manipulation Data-Centric or data science?

™ Interaction

Tasks

Visual | = I
& “
Multi-Modal ||II

Analysis

/ 9
Human- ' \
Centric : " \
N\,

Q=
Debugging &

Troubleshooting




Data Intelligence Index

From Single-Task Evaluation to Comprehensive Data Intelligence

Data work is more than Text-to-SQL

Traditional Comprehensive data intelligence
single-task evaluation
@ B
- ~N q L . "lll-

Text-to-SQL broaden the : 2. Bl Analysis &
evaluation scope LRk eryieg : 4 Data Manipulation

@ —— ( ... |ntell)l?;:nce -------- [ |
& <

single isolated task 3. DB Application : 4. Human-centric
& ) Debugging Interaction
X J — \ y
</> more...
——
8 2

5. Data Science




Data Intelligence Index

Data Intelligence Index: from single-task to comprehensive data-intelligence.

S

1. DB Querying

Data
Intelligence

3. DB Application

A
wall
f 2. Bl Analysis &
Data Manipulation

Debugging :
[ )
</>
=4

5. Data Science

5% STAR lab

Eo SN

a v

4. Human-centric
Interaction

more...

DB Querying — natural language to SQL over real-world
database schemas

Bl Analysis & Data Manipulation — B/ reasoning plus
database operations such as UPDATE, CREATE, and DELETE

DB Application Debugging — diagnosing and fixing broken
SQL/database applications

Human-centric Interaction — multi-turn, ambiguous,
collaborative data interaction

Data Science — data-science pipelines and code translation
across data tasks




Data Intelligence Index

Current Rankings

More results|

a Data Inte'L'Ligence Index v0.3 Base Agent Model Profiles Hover legend to highlight

Each axis is normalized to the top score in that benchmark. Missing results remain
Base direct single-step generation Agent CLI tool-use loop Blank
Evaluating frontier Al on data-centric intelligence across various aspects, including DB querying, Bl analysis, application

debugging, human-centric interaction, digital, data science, and more.
DB Query

47.85 47.74

45.52 44.92

42.68

Data Science Bl & Manip.
41.54
$0.0203 $0.0266
. G 7 Human-centric App Debug
GPT-5.5 xhigh Gemini 3.1 GPT-5.5 low Opus 4.6 Kimi K2.6 GLM-5.1
OpenAl Google OpenAl Anthropic Moonshot Al Zhipu Al

@ GPT-55xhigh (@ Gemini3.1 (@ GPT-55low (@ Opus 46

Data Intelligence Index = average score across each aspect. - Presented by The BIRD Team - bird-bench.github.io - May 2026 @ Kimik26 @ GLM-51




Data Intelligence Index

W Claude Opus 4.6 Leads

Dominates overall with 45.7 index score. However, even the top model
scores under 50, signaling that "Data Intelligence" remains an unsolved

research frontier.

'@ Human-Centric Gap

Interaction and debugging are major bottlenecks. BIRD-Interact scores

peak at only 28.8, highlighting the difficulty of multi-turn agentic reasoning.

$ Cost-Performance Efficiency

Kimi 2.5 and Qwen3 Coder provide exceptional value. Kimi 2.5 achieves

~40 score at 1/4th the cost of leading models.

HKU BIRD GROUP Source: https://livesqlbench.ai/data-intelligence-index/

COST VS PERFORMANCE PARETO FRONTIER

Cost vs Performance

Data Intelligence Index

46

44

42

40

36

34

32

$0

Pareto frontier

. Kimi 2.5

. \77, Qwen3 Coder

@® GLM47

3 @ MiniMax M2

$0.05

@

$0.1 $0.15
Avg Cost per Task ($)

$0.2

verage cost per task vs Data Intelligence Index

@ LY opus 4

$0.25

bird-bench gthub.io



Data Intelligence Index

The top results are tightly clustered: GPT-5.5 xhigh leads with a DIl score of 47.85,
followed by Gemini 3.1 at 47.74, GPT-5.5 low at 45.52, and Opus 4.6 at 44.92.

e The overall race is close.
EIA The gap between GPT-5.5 xhigh and Gemini 3.1 is only 0.11 DIl points,

showing that no single model dominates the full data-centric stack.

0 *  We evaluated 6 frontier models in the current Base setting.
il

e 5w Gemini 3.1 is strongest on SQL-centric accuracy.
r(l Gemini 3.1 leads Mini-Dev (multi-dialect) with 50.00, LiveSQLBench DIl with 42.33,
and BIRD-Critic with 50.00, making it the most consistent model across DB querying,
Bl/data manipulation, and app debugging.

a o Human-centric interaction favors Opus 4.6.

® Opus 4.6 has the best Human-centric aspect score at 58.28,
£ ahead of GPT-5.5 xhigh at 56.58 and GPT-5.5 low at 55.58.

e GPT-5.5 xhigh stands out in data science.
</> On DS-CodeTrans, GPT-5.5 xhigh scores 52.67,
ahead of GPT-5.5 low at 50.00 and Kimi K2.6 at 43.00.

e Coverage still matters.
N GLM-5.1 is competitive on Mini-Dev (multi-dialect) (48.33) and BIRD-Critic (43.33)
t./ but trails on DS-CodeTrans (35.33), while Kimi K2.6 is stronger on BIRD-Interact (60.33)

)\QJ 3 ST n [2 |Ob than on LiveSQLBench DIl (33.00).

PR




3. AlxDB for Social Good

Family care and BIM applications




JockeyClub B

SMART Family-Link Project

The Jockey Club SMART Family-Link Project @ﬂéﬁn

Computer Science

Prof. Reynold Cheng

Professor, Department of Computer Science,
Associated Director of Institute of Data Science, HKU

Sector Capacity Building for Innovation
through Multi-disciplinary Collaboration

School of Nursing

Prof. Kelvin Wang
Professor, School of Nursing, @
Li Ka Shing Faculty of Medicine, HKU > i —_— 11
> L-J. .. — =5
Agency-based ® Service
data Data Analytics Innovations

Prof. Daniel Wong

Chair Professor, Department of Social Work and 1 1 NGO partners
Social Administration, HKBU

70| O RIE®
® @ atﬁﬂ%ﬁﬁ HKFWS
P

Prof. Ng Siu Man

A T B0F E B b D M
? Christian Family Service Centre @anfﬁg?m ».,,E»’mamg
Professor, Department of Social Work and Social
Administration, HKU Blended MOde (ﬂ) dR e @
4’ T o

5.5 STAR lab




l Open Family Data

% 558505 o st B
SMART Family-Link Project

10 open datasets from three go Child Protection IRt R NRRE AN

Elder Abuse

) Lo Ethnic Minorities

LAE

P lati
o p u a Io n nent/datagovhk/DataSpec_0312_Student_Enrolment_in_Primary_Schosls_by_Distric

istrict_and_Grade_tc pdf

Explore Open Data on
DATA.GOV.HK

Innovate with Open Data. Drive change through Information.

Poverty

=5

Sexual Violence

d«

=

3

i
Ey— Spouse/Cohabitant Battering

Hot Keywords: Health Weather Public Transport Tax Community

7

Single Parents

Suicide LTS By L]

BREin (wRbT)

S 5,220+ 2,200+ & |
) Unemployment

taset Available API Available
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DataBot

Al chatbot for social data analysis

DataBot

Available ® @ @

& DataBot

Hello! HIFB]LAR IR ?

FABFNE2021F B RKRFZES ?
@ DataBot Unemployment
2021 BIERFEEER6.1% o
RIERFHS 2 >




I C a s e St u d y 43° SMART Family-Link Project

How many physical elder abuse cases were
recorded in Hong Kong from 2018 to 20227




Application of Graphix-T5 in BIM

* Application in Building Information Management (BIM) system

With Mengtian Yin & Prof. Llewellyn Tang in Faculty of Architecture.>

a) The picture that user requests b) The rendered model graph

5% STAR lab

Eo SN

a v




Demo (App in BIM):

® The Actual Procedures by Semantic Parsing:

<Under cooperation with Mengtian Yin & Prof. Llewellyn Tang in Faculty of Architecture.>

GENLGS!
aansd

[Seorch the exterior wall with the thermel
transmittance higher than 10 W/(m2°K).

1) Users generate instructions

Interpret |

Name Entities | Triples | SPARQL Sentence |

Execution | show results | show all




Demo (App in BIM):

® The Actual Procedures by Semantic Parsing:

<Under cooperation with Mengtian Yin & Prof. Llewellyn Tang in Faculty of Architecture.>

(conas o sercr

Search the exterior wall with the thermal
transmittance higher than 10 W/ (2°K).

1) Users generate instructions

Interprat |
TECT rexte

2) Graphix-PLM translates them into
BIMQL via semantic parsing.

Name Entities | Triples | SPARGL Sentence

Exacution | show results | show all |

exteriord_0 waiM_0
_a762 5547
,_a762 _4046
._a762 22640
. 2762 3958
3762 ase_4771

licPropertySingleValue_3762 cwall 5348

3762 ase_4871

3752 ase_22730




Demo (App in BIM):

® The Actual Procedures by Semantic Parsing:
<Under cooperation with Mengtian Yin & Prof. Llewellyn Tang in Faculty of Architecture.>

(conas o sercr

Search the exterior wall with the thermal
transmittance higher than 10 W/ (2°K).

1) Users generate instructions

Interpret |
seLE

2) Graphix-PLM translates them into
BIMQL via semantic parsing.

extes
kizn

Name Entities | Triples | SPARGL Sentence |
Exacution | show results | show all |

et AT TR TRN i D 3) Execute BIMQL in the system.

licPropertySingleValue_3762 cwall 5348

3762 ase_4871

3752 ase_22730




Demo (App in BIM):

® The Actual Procedures by Semantic Parsing:

<Under cooperation with Mengtian Yin & Prof. Llewellyn Tang in Faculty of Architecture.>

GBS sl searcL

Search the exterior wall with the thermal
transmittance higher than 10 W/ (2°K).

1) Users generate instructions

| 2) Graphix-PLM translates them into
4. | BIMQL via semantic parsing.

E:n:n Entiies | ‘i:'plsj SPARGL Sinl‘nncel ‘ | H ’

xecution | show results | show al | ) { = 41 i | .

— L : sk J-I-- | 3) Execute BIMQL in the system.
::r.'sz :mas ,g‘ o “+ HI A ,

_aTe2 ase_4771
licPropertySingleValue_3762 cwall 5348

3762 ase_4871

3752 ase_22730




Graphix on Architecture

Application on Building Information System (BIM) : Graphix also achieve success in an
interdisciplinary research collaboration with School of Architecture in HKU:

1) Users generate instructions
Semantic Parsing

=)

Execute BIMQL

2) Graphix-PLM parse them into
BIMQL via semantic parsing

3) Generate results by executing
BIMOL in the BIM.

a) The real photograph that user desires b) The rendered BIM model

Demo:

S \ LSRRI N

<)
»
“ a) Type user queries

b) Generate and execute BIMQL via semantic Parsing




Our Contributions to DCCG

Benchmarking
) BIRD-sQL
BIRD-CRITIC (Bench)

BIRD-Interact

Tapilot-Crossing (Bench)

VvV Y

NeurlPS 2023 DB Spotlight

NeurlPS 2025 Main

ICLR 2026 Oral
ICML 2025

Others Generalist Environment

Methodologies
Graphix-T5

TA-SQL
Tapilot-Crossing (Agent)

SHARE
Bird-RL

ZeroEA

v VvV V¥V v

AAAI 2023 Oral

ACL 2024 Findings

ICML 2025

ACL 2025 Main

NeurlPS 2026 Submission

VLDB 2024

Applications and Agents

) DarGO
) SWE-SQL (Agent)

) New Compute Use

NeurlPS 2025 Main
NeurlPS 2025 Main




4. Future Work




Enterprise Text2SQL

0 Enterprise Text2SQL
Industrial applications (e.g. Google Analytics and Salesforce)
Include various DB systems (SQLite, DuckDB, BigQuery, Snowflake)
Project codebases along with documents.

O Requires LLMs to interact with environment

ﬁ Question
i Spider 2.0-lite /
Spider 2.0-snow
Traditional Text2SQL Task (@ Tex;;ngL Al rired
* L [ DBSchema
SQL Query
ﬁ Question ( Spider 2.0 )
o * :gtif‘ ; Eode:ase
o = tabase
More complex enterprise ( ) 4
Text2SQL task. @ LM Agent . @cume%ts
SQLSE/’Z:thonl Fe:gzg‘:k Inten-nedia& ‘
J Final Result \ Resut (95~ -/ /)
@




Enterprise Text2SQL

Q: I need a daily report on key sales activities—covering tasks completed, @ L Model
events held, leads generated, and the status of opportunities. — anguage Wodels
Text-to-SQL Workflow Environment SQL ¥ (oo Gooprsnoutiata sa...
Database Documents (WITH opportunity AS ( )
r N\ SELECT {{ dbt.date_trunc('day', 'close_date') }}
B0 uﬁ Jdb E% Database Metadata CacE AS close_date,
° .@ 2% Q ? @ ==] External Knowledge WHEN is_won THEN ‘Won'
SYStem el . 3 WHEN NOT is_won AND is_closed THEN ‘Lost’
~ % SQL Dialect Docs WHEN NOT is_closed AND LOWER(forecast_category)
o a IN ('pipeline', 'best case') THEN 'Pipeline’
Real % .-.'. a rsalesfarce — .\ b % Quer)’ Interface SQLs/ END AS st?tus .
Apps -y Google Ads Python FROM {{ var('opportunity') }}
Codebase ¥ dbt “ |
eee [ * 100 lines omitted]
Table 1:| activity_date account_id see type @@ macros/ @@ models/ ~—7
C lex Exec | LEFT JOIN event on ds.date_day =
omp : B data/ D schema.yml| feedback| salesforce_event.activity_date
Schema ¢ es¢ (8695 columns omitted) . LEFT JOIN opportunities_created
D project.yml D leads.sql ON ds.date_day = opportunities_created.created_date
. N ves LEFT JOIN opportunities_closed
§ Table 495:| opportunity_id | stage_name e | @ salesforce.db  eee +20 files ON ds.date_day = opportunities_closed.close_ date
- \_ J




Future work: Enterprise Text2SQL

O A case: LLM as agent to interact with environment to solve the task.

Success case 1: about patents analysis

### 17 Steps

Action 0: Agent’s action to _ o
execute “Is” cmd in bash to | | Action 0 Bash(code="1s")

show files. Action 1:) Bash(code=“cat README.md")
Action 2: BQ_GET _TABLES(database name="patents-public-data”, dataset name="patents”,
Action 2/3: save_path="dataset_metadata.csv’)

Action 3: BQ_GET_TABLE_INFO(database name="‘patents-public-data”, dataset_ name="‘patents”, ta-
ble=*‘publications”, save_path="publication_info.csv’)

Action 4: execute sq Action 4: BQ_EXEC_SQL(sql_query=.. ., is_save=False)

but meet the error Observation-4: Error occurred while fetching data: 400 No matching signature for function DATE Argu-
Observation-4: ment types: INT64 Signature: DATE(TIMESTAMP, [STRING]) Argument 1: Unable to coerce type INT64
to expected type TIMESTAMP

Thought-4: The error indicates that I’'m trying to use the DATE function on an INT64 field, which is
Thought-4: Agent starts to | invalid. The date fields in the dataset are stored as integers in YYYYMMDD format. I need to convert these
thinking and try to solve the | integer date fields to DATE using the PARSE DATE function. I'll update my SQL query to properly parse
bug the dates and include the condition for published applications.

show DB and tables

error information

Action-14: BQ_ EXEC _SQL(sql_query=..., is_save="/workspace/result.csv”)

Observation-14: Error occurred while fetching data: 400 No matching signature for function DATE Argu-

ment types: INT64 Signature: DATE(TIMESTAMP, [STRING]) Argument 1: Unable to coerce type INT64
: to expected type TIMESTAMP

s Action-15: BQ_EXEC_SQL(sql_query=..., is_save="/workspace/result.csv’)

Observation-15: Now that the results are saved to /workspace/result.csv.

4’J Finish the task Action-16: Terminate(output="result.csv’)

ke » J




Software Engineering Coding for Data Tasks

p Bird-Critic 1.5: Benchmarking SWE Agents on Data Management Tasks

s

SWE-Bench Data Management
(Repo Focus) Intelligence Bird-Critic 1.5
Diverse Ecosystem Landscape & Coverage
4 N7~ ) w r = &
1. Frappe (Python) 2. Sylius (PHP) 3. Strapi (Node .js) 4. Discourse (Ruby)
L @ : @t 5 .
E Frappe &g Sylius P strapi e - Discourse
& el 3 O
T Vertical Domain Focus E-commerce Framework Headless Content Management Community Forum Platform
@ 12+ Vertical Applications Specialized for custom and Manages content for any Modern software for online
2 scalable online stores. platform or device. discussions.
<& E Core — /— Plugins
; *— Plugins




Multimodal Data + SQL

~ Data-centric agent for multimodal reasoning (SQL queries + image understanding + tool calling)

C’?@User Question Database
Airbnb is running a promotion: for all the listings shown
in the table, any nights beyond the first 7 will be CREATE TABLE airbnb (
charged at a 15% discount. A user has requested .
accommodation for their trip from 08/10/2025 to property_id INTEGER PRIMARY KEY, -- Unique ID for the property
08/24/2025. Their group consists of two couples and a name TEXT NOT NULL,  -- Property name

mutual friend, and they have also provided a reference
photo of their preferred room. Based on their :
preferences, select the listing that best matches their view TEXT NOTNULL, ~ --e.g., 270° Ocean View, Bay Sunset View, ...

expectations and calculate the total cost of their stay. style TEXT NOT NULL, -- e.g., Modern Minimalist, Scandinavian Cozy, ...
rooms_baths TEXT NOT NULL, -- Number of Bedrooms/ Number of Bathrooms
cooking_allowed TEXT NOT NULL, -- Yes / No / Limited

location TEXT NOT NULL, --City / Country

kitchen_type TEXT NOT NULL, -- None, Indoor Open Kitchen, Outdoor Kitchen,...
special_features TEXT, -- Notable highlights

capacity INTEGER NOT NULL,  -- Max number of guests

price_per_night REAL NOT NULL  -- Price per night in USD

);

property_id name view style price_per_night
| l 1 Bayfront Escape Bay Sunset View Scandinavian Cozy 410
A. Coral Wave Residence, 5687.0
| B. Vista Azul Penthouse '6050 0 | 2 Ocean Breeze Villa 270° Ocean View Modern Minimalist 480
[ . g : l
| C. Coastal Horizon House, 5887.0 [
| D. Ocean Breeze Villa, 5808.0 | 7 Harbor Light Loft W;k a‘.e:m"" Modern Minimalist . 390
| |

E. None of the above.




Scientific Data + SQL

=,

User Questions

Please tell me the proportion of graphene samples
observed between March and May that show the
defects depicted in the figure, relative to the total
number of graphene samples observed in that period.

Try Visual Search X

Search with a picture instead of text

ey :
L g Drag one or more images here or browse

- |

g Paste image or URL 23 Take photo

~ Data-centric agent for multimodal reasoning (SQL queries + image understanding + tool calling)

Input Figures

Dty A"‘\\D .
Yas AL ADSRATN IR
AN \;\2'»\

SN DR
R
't," RN

e ‘:,ali.-.;g‘%“gw:@;
alte e : N "

Figure Explanations

Scanning Tunneling Microscopy (STM) figure is used to visualize the surface of
materials at the atomic level. The types observed in the STM figure above includes
vacancy and substitution.




HKU-CDS Shanghai T&R Site

Zhangjiang Hi-Tech Park in the Pudong New Area of Shanghai

A: Auditorium

B: Student Amenities & Learning Commons
C: CDS Main Building

D: CDS Tech Landmark
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COMPUTING &

HIRING!

We invite outstanding scholars of all academic ranks
and all research fields related to CS/Al and Data
Science to join our fast-growing school.

TENURE-TRACK ASSISTANT PROFESSOR (Al + X)

Application Deadline: 31 May 2026 APPLY NOW

Requirements:

* PhD in CS/Al/Data Science or related field
» Excellence in research/teaching

« Strong cross~disciplinary research record

TENURE-TRACK PROFESSOR/ ASSOCIATE PROFESSOR/ ASSISTANT PROFESSOR

Application Deadline: 30 June 2026 APPLY NOW

Requirements:

« PhD in CS/Al/Data Science or related field

» Excellence in research/teaching

« Strong research record

* Academic leadership and international recognition for
Professor level

WHAT WE OFFER

» Highly competitive salary and start-up package
) * Hong Kong salary tax capped at 15%

* Gratuity and retirement benefits of up to 15% of salary
L./ * Housing benefits

“7.% STAR lab
. ———— CONTACTUS ———————— @ www.cds.hku.hk -




9 ° Bird 2025 Homepage

Expert Panel Reynold Cheng Binyuan Hui Chenhao Ma

Core Members Nan Huo Xiaohan Xu Xiaolong Li  Bowen Qin Shipei Lin Shuzheng Si Ziwei Tang

Google Cloud Yannis

Per Jacobsson Fatma Ozcan
Collaborators Papakonstantinou

"h'(’smfz lab. 0] Alibaba

AR TN,




	Slide 1:  BIRD-SQL: Towards Automatic Data-Centric Code Generation 
	Slide 2
	Slide 3: Intelligent Applications
	Slide 4: Behind the Surface: the Hidden Data Infrastructure
	Slide 5: Database Access for Café Chatbot
	Slide 6: What we see: the Application Layer
	Slide 7: Applications and Databases
	Slide 8: Database Coding: Categories
	Slide 9: Data Centric Code Generation (DCCG)
	Slide 10: Questions
	Slide 11: 1. Data-Centric Code Generation (DCCG) 
	Slide 12: DCCG: Classification
	Slide 13: DCCG: Classification
	Slide 14: Text-to-SQL
	Slide 15
	Slide 16: Text-to-SQL
	Slide 17: Hallucinations in Text-to-SQL
	Slide 18
	Slide 19: Graphix-T5
	Slide 20: Graphix-T5
	Slide 21: Xiyan-SQL
	Slide 22: CHASE-SQL
	Slide 23: SHARE
	Slide 24: SHARE
	Slide 25: 2. Benchmarking of  Data Intelligence
	Slide 26: Evaluation framework for text-to-SQL
	Slide 27
	Slide 28
	Slide 29
	Slide 30: BIRD-SQL is Featured by Leading AI Companies
	Slide 31: Data Statistics
	Slide 32: Data Statistics
	Slide 33: BIRD helps to unlock technical contributions
	Slide 34: BIRD-SQL: Question Types
	Slide 35: BIRD-SQL 2023
	Slide 36: BIRD 2023 Construction
	Slide 37: Query-to-SQL (BIRD 2025-26)
	Slide 38: BIRD 2025 Home Page 
	Slide 39: BIRD-Critic
	Slide 40: BIRD-CRITIC 1.0
	Slide 41: Types of User Issues
	Slide 42: Leaderboard:
	Slide 43: BIRD-Interact
	Slide 44: BIRD-Interact
	Slide 45: Resolving Ambiguity in Multiple Turns
	Slide 46: Interaction Time Scaling Law: 
	Slide 47: BIRD-LiveSQLBench
	Slide 48
	Slide 49: Multi-Scale RDBs
	Slide 50: DDL and DML support 
	Slide 51: Multi-Form Knowledge Bank
	Slide 52: Leaderboard:
	Slide 53: Why does AI need an index?
	Slide 54: Why does AI need an index?
	Slide 55: Limitations of Data-Centric Benchmarks
	Slide 56: Multi-Aspects of Data Intelligence
	Slide 57: Data Intelligence Index
	Slide 58: Data Intelligence Index
	Slide 59: Data Intelligence Index
	Slide 60
	Slide 61: Data Intelligence Index
	Slide 62: 3. AIxDB for Social Good
	Slide 63: The Jockey Club SMART Family-Link Project
	Slide 64
	Slide 65: DataBot AI chatbot for social data analysis
	Slide 66: Case study 
	Slide 67: Application of Graphix-T5 in BIM
	Slide 68: Demo (App in BIM):
	Slide 69: Demo (App in BIM):
	Slide 70: Demo (App in BIM):
	Slide 71: Demo (App in BIM):
	Slide 72: Graphix on Architecture
	Slide 73: Our Contributions to DCCG
	Slide 74: 4. Future Work
	Slide 75
	Slide 76
	Slide 77
	Slide 78: Software Engineering Coding for Data Tasks
	Slide 79: Multimodal Data + SQL
	Slide 80: Scientific Data + SQL
	Slide 81
	Slide 82
	Slide 83

