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• Social Technology And Research Laboratory

• 7+ years in website, app, game, and video production

• 8 local and international awards



Intelligent Applications

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

Productivity & Technology
Google, Microsoft, OpenAI, …

E-commerce & Finance
Amazon, PayPal, …

Entertainment & Lifestyle
YouTube, Spotify, …



Behind the Surface: the Hidden Data Infrastructure

Click Search …

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



Database Access for Café Chatbot

Hey App! Show me that café I 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?

Sure! I found it in your favorites. Let me search the similar one in New York that is closet.
Got it. Here it is – “Bloom & Bean”, with a very similar vibe and is 5-minute walk from you.

Local Retrieval + Cloud Search

Is it open on Sunday at 8 p.m.? I’d like to go then.

Yes. It’s open util 10:30 p.m. on weekend. There’s also a new dessert shop nearby that
matches your usual picks.

Local Retrieval + Cloud Search

Oh nice! Add it to my itinerary.

Done. It’s now in your weekend plan and synced across your devices.

Local Synchronization



What we see: the Application Layer

Daily Life

Mobile
Devices

Computer Use

Digital
Ecosystem

Application Layer:

Daily Schedule Management

Instant Social Networking

Interactive Computer Use

Digital World …



Applications and Databases

Daily Life

Application Layer:
The Visible Tip of Usage

Mobile
Devices

Computing
Usage

Digital
Ecosystem

Database Layer:
The Hidden Foundation

Database Management

Data Indexing & Querying

Data Analysis & Visualization

Data Science

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

…

Application Layer:

Daily Schedule Management

Instant Social Networking

Interactive Computer Use

Digital World …



Database Coding: Categories

1

Input Source Code

Tables Python Pandas

Databases SQL

Documents Private Lib Code

Spreadsheet / Notebook Excel / Google Sheet 
Functions



Data Centric Code Generation (DCCG)

Daily Life

Application Layer:
The Visible Tip of Usage

Mobile
Devices

Computing
Usage

Digital
Ecosystem

Database Layer:
The Hidden Foundation

Database Management

Data Indexing & Querying

Data Analysis & Visualization

Data Science

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 AI streamline application development?
• Agentic solutions for automatic data coding

• Are database AI models reliable and robust?
• Benchmarking for DB-AI models

• Can database agents enable social applications?
• Family care and BIM applications



1. Data-Centric Code 
Generation (DCCG) 

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



DCCG: Classification

Data Understanding

Human Computer Interaction
(HCI)

Multi-modal Understanding
& Design

1

Input Source Target Code

Tables Python Pandas

Databases SQL

Documents Private Lib Code

Spreadsheet / Notebook Excel / Google Sheet Functions



DCCG: Classification

Data Understanding

Human Computer Interaction
(HCI)

Multi-modal Understanding
& Design

1

Input Source Target Code

Tables Python Pandas

Databases SQL

Documents Private Lib Code

Spreadsheet / Notebook Excel / Google Sheet Functions



Text-to-SQL

14

• natural language questions→ executable SQL queries



Text-to-SQL in Chatbot

Stanford 224V, 2023



Text-to-SQL

16

Developers and AI agents can 

interact with databases using 

natural language.

Examples: CloudSQL, AlloyDB



Hallucinations in Text-to-SQL

List paper IDs, paper names, and paper descriptions for all papers.

SELECT paper_id, paper_name, paper_description

FROM documents;

SELECT document_id, document_name,

document_description FROM documents;

LLM：

Gold：

DOCUMENTS

document_id

document_name

document_description

TEMPLATES

template_id

vision_number

template_details

template_id

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



Hong, Zijin, et al. "Next-generation database interfaces: A survey of llm-based text-to-sql." arXiv preprint arXiv:2406.08426 (2024).

LLM-based Text-to-SQL Evolution



Graphix-T5

19

Graph Input

Find total enrollment

student for schools that
has different types of
affiliation

| University: School_ID,

School, Enrollment …
| Basketball_match:
School_ID

Question Input:

Database Input:

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



Graphix-T5

20



Xiyan-SQL

[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

[5] Pourreza, Mohammadreza, et al. 

"CHASE-SQL: MULTI-PATH REASONING AND PREFERENCE OPTIMIZED CANDIDATE SELECTION IN TEXT-TO-SQL.”, ICLR 2025



SHARE

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

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

1. BAM: Convert SQLs to step-by-step reasoning trajectories

2. SAM + LOM: Fix errors on problematic steps



SHARE

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

1. BAM: Convert SQLs to step-by-step reasoning trajectories

2. SAM + LOM: Fix errors on problematic steps

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 AI model for data-centric tasks?



Evaluation framework for text-to-SQL

How many 
provinces does 

Canada have?

select count(*) from country 
where 

country.name=“Canada”;

select count(province) from 
country where 

country.ID=“Canada”;
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Spider 1.0

[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.
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Spider 2.0

[7] Lei, Fangyu, et al. "Spider 2.0: Evaluating language models on real-world enterprise text-to-sql workflows." ICLR 2025
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BIRD-SQL 2023

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

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


BIRD-SQL is Featured by Leading AI Companies

1000+ Google 

citations since 

2023



Data Statistics

12K text-to-SQL pairs on 95 DBs 
(33.4 GB, 37 domains)

80 open-source DBs for training

15 additional relational 
databases for evaluation

5



Data Statistics

300 + global submissions: code
gen, database, NLP teams.

5

Compiled in textbook,
Stanford Homework, etc.

Unlock Tech Growth of RAG,
Multi-Agent, Knowledge
Generation, etc.



BIRD helps to unlock technical contributions

ImageNet 13.2           92.4

Spider 1.0

Deep Learning

53.5           91.2 Schema Linking

BIRD-SQL 40.1           77.1

Agent

Knowledge Retrieval

Efficiency

RAG(human: 92.9)



BIRD-SQL: Question Types

13



BIRD-SQL 2023
https://bird-bench.github.io/

2

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


BIRD 2023 Construction

6



Google Cloud Next Proprietary

Query-to-SQL (BIRD 2025-26)

Diverse User Query Types
-  Issue Query : Seek for help

-  Ambiguous Query

-  Multimodal Query

Who is the best … 
Text

SELECT …
… …
ORDER BY … …

SQL

Who is the best 
… … ?

Text

SELECT …                    CREATE 
…

… …                                   … …
ORDER BY … …         ALTER …

SQL … But I got … … 
Help me to …

Debug

Can you explain 
what is … … ?

Ambiguous

Order a hotel like:
Vision

Video

Speech

SELECT-Only 
& Plain Text

Text-to-SQL Query-to-SQL
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BIRD 2025 Home Page 



Google Cloud Next Proprietary

BIRD-Critic



BIRD-CRITIC 1.0



Google Cloud Next Proprietary

Types of User Issues

Query-like

(SELECT-ONLY)

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

Management

(DBA Operation)

In the following SQL, 
how could I make the 
`RETURNING` clause join 
to something else and 
return the joined row(s)? 
Here it only returns the 
row from 
`transactions_1k` that 
was updated, but I'd like 
it to return that row 
joined to something in 
another table…

Personalization

(Named 

Operation)

I need to retrieve the 
minimum value of type 
for each unique 
"pure_cardid". My main 
challenge is how to 
correctly perform both 
the string manipulation 
and the aggregation in a 
single query. But my 
current SQLs miss the 
later requirements.

Efficiency

(Runtime Error)

In the superhero 
database, a user is 
allowed to view details of 
a superhero if their 
user_id matches the 
superhero's publisher_id 
or .... Both tables have 
about 2 million rows. The 
query is slow, especially 
when using an OR clause. 
Is there a way that 
improves the performance 
significantly?



Google Cloud Next Proprietary

Leaderboard:



Google Cloud Next Proprietary

BIRD-Interact



BIRD-Interact



Google Cloud Next Proprietary

Resolving Ambiguity in Multiple Turns



Interaction Time Scaling Law: 



Google Cloud Next Proprietary

BIRD-LiveSQLBench



Google Cloud Next Proprietary

Periodic Update



Google Cloud Next Proprietary

Multi-Scale RDBs

… 

Base-Scale (36-100 cols) Large-Scale (>1000 cols)



Google Cloud Next Proprietary

DDL and DML support 

I want to automatically update a 
summary for each artist 
whenever the popularity of one 
of their tracks changes … 

Create a report analyzing 
artists' album release 
patterns and sonic 
evolution over time ...

SQLSQL

[30+ lines]



Google Cloud Next Proprietary

Multi-Form Knowledge 
Bank



Leaderboard:



Why does AI need an index?

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

• AI evaluation is shifting:

single benchmark 

accuracy

multidimensional 

capability indices



Why does AI need an index?

Some domains and their Indices:

General Domain: Artificial Analysis Index Software Engineering: OpenHands Index

a horizontal index for general AI model capability, covering 

reasoning, knowledge, mathematics, coding, science, and 

agentic tasks.

a vertical index for software engineering agents, covering issue 

resolution, frontend development, testing, greenfield coding, 

information gathering, cost, and runtime.

Different skills needed for
software engineering

https://artificialanalysis.ai

https://openhands.dev/blog/openhands-index



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

• …

[1] V. Zhong, C. Xiong, and R. Socher, “Seq2SQL: Generating Structured Queries from Natural Language using Reinforcement Learning,” 2017. 

[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. 

[3] J. Li et al., “Can LLM Already Serve as A Database Interface? A BIg Bench for Large-Scale Database Grounded Text-to-SQLs,” NeurIPS 2023. 

[4] J. Li et al., “SWE-SQL: Illuminating LLM Pathways to Solve User SQL Issues in Real-World Applications,” NeurIPS 2025. 



Multi-Aspects of Data Intelligence

BUT, real data work also requires many aspects, e.g. BI analysis, data transformation, debugging, human-AI interaction, 

multimodal data understanding, and data science reasoning. 



Data Intelligence Index

more…



Data Intelligence Index

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

• DB Querying — natural language to SQL over real-world 

database schemas 

• BI Analysis & Data Manipulation — BI 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↓



Data Intelligence Index

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.

COST VS PERFORMANCE PARETO FRONTIE R

HKU BIRD GROUP Source: https://livesqlbench.ai/data-intelligence-index/ bird-bench.github.io



Data Intelligence Index



3. AIxDB for Social Good
Family care and BIM applications



Computer Science

The Jockey Club SMART Family-Link Project

i-Connect

Blended Mode

Agency-based
 data Data Analytics

Service 
Innovations

Sector Capacity Building for Innovation 
through Multi-disciplinary Collaboration 

Prof. Reynold Cheng

6
3

11 NGO partners

Professor, Department of Computer Science, 

Associated Director of Institute of Data Science, HKU

School of Nursing

Prof. Kelvin Wang
Professor, School of Nursing, 

Li Ka Shing Faculty of Medicine, HKU

Social Work

Prof. Daniel Wong
Chair Professor, Department of Social Work and 

Social Administration, HKBU 

Prof. Ng Siu Man
Professor, Department of Social Work and Social 

Administration, HKU 



● 10 open  datasets from three government and open sources.

Open Family Data

Child Protection

Elder Abuse

Ethnic Minorities

Population 

Poverty

Sexual Violence

Single Parents

Spouse/Cohabitant Battering

Suicide

Unemployment 



DataBot
AI chatbot for social data analysis



Case study 

How many physical elder abuse cases were 

recorded in Hong Kong from 2018 to 2022?

Databot From 2018 to 2022, there were 1,572 physical elder abuse cases recorded in 

Hong Kong.

accurate

Google AI overview:

From 2018 to 2022, a total of 486 physical elder abuse cases were recorded in 

Hong Kong. These cases were reported to the police. The breakdown is as 

follows: in 2018, there were 190 cases, in 2019 there were 72, in 2020 there 

were 56, in 2021 there were 67, and in 2022 there were 101. 

wrong

Deepseek Based on the available search results, the exact annual breakdown of physical 

elder abuse cases in Hong Kong from 2018 to 2022 is not explicitly provided…

Unable to answer

ChatGPT Here is the data on physical elder abuse cases recorded in Hong Kong 

from 2018 to 2022, based on official statistics from the Social Welfare 

Department (SWD):

Year Number of Physical Elder Abuse Cases

2018 226

2019 199

2020 237

2021 229

2022 244

Total (2018-2022): 1,135 cases 

wrong



Application of Graphix-T5 in BIM

67

• Application in Building Information Management (BIM) system

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

Semantic Parsing

Execute BIMQL

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



Demo (App in BIM):

68

• The Actual Procedures by Semantic Parsing:

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

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14. Web-based NLI for BIM model retrieval; (a) interface with the uploaded BIM model; (b) the retrieval 

results after inputting the second query in Table 11. 

1) Users generate instructions

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



Demo (App in BIM):
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• The Actual Procedures by Semantic Parsing:

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

1) Users generate instructions

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14. Web-based NLI for BIM model retrieval; (a) interface with the uploaded BIM model; (b) the retrieval 

results after inputting the second query in Table 11. 

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

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



Demo (App in BIM):
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• The Actual Procedures by Semantic Parsing:

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

1) Users generate instructions

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14. Web-based NLI for BIM model retrieval; (a) interface with the uploaded BIM model; (b) the retrieval 

results after inputting the second query in Table 11. 

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

3) Execute BIMQL in the system.

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



Demo (App in BIM):
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• The Actual Procedures by Semantic Parsing:

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

1) Users generate instructions

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14. Web-based NLI for BIM model retrieval; (a) interface with the uploaded BIM model; (b) the retrieval 

results after inputting the second query in Table 11. 

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

3) Execute BIMQL in the system.

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



Graphix on Architecture

72



Our Contributions to DCCG

73

Benchmarking
BIRD-SQL NeurIPS 2023 DB Spotlight

BIRD-CRITIC (Bench) NeurIPS 2025 Main

Others Generalist Environment

BIRD-Interact ICLR 2026 Oral

Tapilot-Crossing (Bench) ICML 2025

Applications and Agents

DarGO NeurIPS 2025 Main

SWE-SQL (Agent) NeurIPS 2025 Main

New Compute Use

Methodologies
Graphix-T5 AAAI 2023 Oral

Tapilot-Crossing (Agent) ICML 2025

SHARE ACL 2025 Main

TA-SQL ACL 2024 Findings

Bird-RL NeurIPS 2026 Submission

ZeroEA VLDB 2024



4. Future Work



Enterprise Text2SQL

 Enterprise Text2SQL
◼ Industrial applications (e.g. Google Analytics and Salesforce)

◼ Include various DB systems (SQLite, DuckDB, BigQuery, Snowflake)

◼ Project codebases along with documents.

 Requires LLMs to interact with environment

Traditional Text2SQL Task

More complex enterprise
Text2SQL task.



Enterprise Text2SQL



Future work: Enterprise Text2SQL
 A case: LLM as agent to interact with environment to solve the task.

Action 0: Agent’s action to
execute “ls” cmd in bash to
show files.

Action 4: execute sql
but meet the error

Observation-4:

error information

Action 2/3:

show DB and tables

Thought-4: Agent starts to
thinking and try to solve the
bug
….

Final correct SQL

Finish the task



Software Engineering Coding for Data Tasks



Multimodal Data + SQL

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



Scientific Data + SQL

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



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

HKU-CDS Shanghai T&R Site





The Bird Team

Expert Panel

Jinyang Li Xiaohan XuNan Huo

Reynold Cheng Binyuan Hui

Shuzheng SiBowen Qin

Chenhao Ma

Ge Qu Shipei LinCore Members
Xiaolong Li

Bird 2025 Homepage

Ziwei Tang

Fatma Ozcan Yannis 

Papakonstantinou
Per Jacobsson

Google Cloud 

Collaborators
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