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A “Simple” Data Analysis Case
The data are multi-source and heterogeneous.

KDD Cup 2026 Data Agent Track
https://dataagent.top/
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A “Simple” Data Analysis Case
The reasoning is diverse.The data are multi-source and heterogeneous.
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Literal Semantic

Closed World Open World

Manual Autonomy

SQL NL

Structured Unstructured + structured

Database Data System 
Understanding

Reasoning

Semantics

Generation

Planning

Database à Data Systems
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An autonomous system is crucial for Data+AI applications.

Data/Query/Business
Understanding Gaps

Task Reasoning Gaps

Adaptability Gaps

Semantic Data Organization
 Semantic Query Parsing

Pipeline Orchestration

LLM/Code/Tool Hybrid 
Execution

NLP & Semantics

Planning

Reasoning
Generation

Lack of Semantic Understanding

Absence of Reasoning

Limited Adaptability

Autonomous Data System
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• Connotation
• Autonomy: without continuous human intervention

• Perception: Task & Environment Understanding
• Orchestration: Task Decomposition
• Reasoning & Planning: Optimization & Execution
• Memory: Perception, Understanding, Semantics, Context
• Self-reflection: Feedback
• Multi-Agent Collaboration

• Continuous Learning: from new data & behavior
• Dynamic Adaptability: Adapt to different domains
• Proactivity: Predict the future and take initiative

Data Agent (Agentic Data System)

Autonomously executes data tasks without human intervention, 
creating an E2E autonomous loop from raw data to business actions. 

Data-
related
Tasks

Data 
Management

Config Tun.

Query Opt.

Sys. Diag.

Data 
Preparation

Data Clean.

Data Integ.

Data Disc.

Data 
Analysis

Struct.
TableQA, 
NL2SQL, 
NL2VIS

Unstruct.

Report Gen.
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Data Agent (Agentic Data System)

[1] Sun Z, Wang J, Zhao X, et al. Data Agent: A Holistic Architecture for Orchestrating Data+ AI Ecosystems

Data Agent

Autonomously executes data tasks without human intervention, 
creating an E2E autonomous loop from raw data to business actions. 
• Denotation: a paradigm shift towards autonomous data processing systems.

• Data Analytics Agent
• Unstructured Data Agent

• Semantic Structured Data Agent

• Data Lake Agent

• Multi-Modal Data Agent

• Data Management Agent

• Data Preparation
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Data Agent: Framework
• A holistic view of diverse sources to unify data-related tasks
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Scenario: Data Management

1) User Request
A sales dashboard
query now takes
42s.Can you
optimize it and
explain why it is
slow?

Analyst / DBA

2) Data Agent Workflow

1

Understand
workload

Interpret intent,
SLA, and
workload
context.

2

Ground on
system

evidence
Read schema,
statistics, logs,
and resource

signals.

3

Analyze
plans &

bottlenecks
Inspect query plan,
cardinalities, skew,

I/O, and locks.

4

Invoke DM
tools

Use SQL rewrite,
index advisor,

config
tuning, and system

diagnosis tools.

5

Verify &
recommend
Validate latency

improvement and
return actionable

fixes.

Data-Agent-specific core
Planning Tool Use Memory Verification

3) Outcome

Optimized SQL /
indexes

Better execution plan

Verified improvement
42s  3.8s

Clear diagnosis
root cause +
recommended actions

Evidence & Context Used by the Data Agent
Schema &
metadata

tables, columns,
indexes,
constraints

Workload logs

SQL text,frequency,
latency patterns

Execution plans

operators, costs,
cardinalities

System metrics

CPU, memory, I/O,
waits, locks

Why this is a Data Agent (not just an LLM agent)

Grounded in live database evidence

Uses specialized data-system tools

Verifies changes before recommending them
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Scenario: Data Preparation

1) User Request
Build a customer-360
table for churn
prediction
from CRM, orders, web
logs, and support
tickets.

Data Scientist / Analyst

2) Data Agent Workflow

1

Discover
sources
Find relevant

tables,
logs, documents,

and schemas.

2

Profile data
quality

Detect missing
values, outliers,

drift,
and conflicts.

3

Clean &
standardize

Apply cleaning
rules,

normalization, and
schema alignment.

4

Resolve &
integrate
Deduplicate

entities
and join multi-

source
records.

5

Validate &
publish
Check quality

constraints, lineage,
and release a

feature-
ready table.

Data-Agent-specific core
Planning Tool Use Memory Verification

3) Outcome

Unified customer-
360 table

Higher data quality

Feature-ready
dataset

Duplicate rate
18%  1.2%

Evidence & Context Used by the Data Agent

CRM data
profiles,
contacts,
segments

Orders &
transactions
products, spend,
returns

Web logs

sessions, events,
campaign signals

Support tickets

issues,
categories,
resolutions

Why this is a Data Agent (not just an LLM agent)

Grounded in heterogeneous enterprise data

Executes cleaning and integration tools
Tracks lineage and validates quality before
publishing
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Scenario: Data Analysis

1) User Request

Revenue dropped in
APAC last month.
Find the main
causes and prepare
an executive report.

Business Analyst
/ Manager

2) Data Agent Workflow

1

Understand
the

question
Define KPI, scope,
time period, and

drill-down
dimensions.

2

Query
structured

data
Retrieve sales,
customer, and

operational
signals.

3

Analyze
unstructured
evidence

Read reviews,
tickets,

and textual
feedback.

4

Generate
insights

Compare
segments,

test hypotheses,
and create charts.

5

Summarize
&

report
Produce a traceable

report with
recommendations.

Data-Agent-specific core

Planning Tool Use Memory Verification

3) Outcome

Root causes identified

Multi-source evidence

Executive report +
charts

3 prioritized actions

Evidence & Context Used by the Data Agent

Sales tables
orders, revenue,
product, region,
time

Customer reviews
ratings, comments,
sentiment

Support tickets
issue trends,
status history

Business KPIs
targets, budget,
seasonality,
churn

Why this is a Data Agent (not just an LLM agent)

Combines structured and unstructured data
Grounds reasoning in executable 
queries and evidence
Delivers traceable, reproducible analysis
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Data Agents vs. General LLM Agents 

Aspect General LLM Agents Data Agents

Core Goal

• Automate general user tasks
• Generate or organize content
• Assist with planning, search, writing, and 
dialogue

• Solve data-centric tasks over data systems
• Support analysis, optimization, operation, and governance
• Produce verifiable data artifacts, e.g., SQL, reports, dashboards, 
workflows

Core 
Capabilities

• Reason over prompts and limited context
• Invoke generic tools, e.g., search, 
calculator
• Rely mainly on user inspection for error 
correction

• Ground reasoning in schemas, data values, metadata, and 
constraints
• Execute over large, heterogeneous, and dynamic data sources
• Detect, verify, repair, trace, and roll back errors before they 
propagate

Typical 
Applications

• Chatbots and personal assistants
• Writing, summarization, search, and writing
• General task planning and content 
generation

• Data intelligence: Text-to-SQL, Table QA, autonomous analysis
• Business intelligence: dashboards, reports, decision support
• Data systems: ETL, cleaning, tuning, optimization, governance

Formally, a data agent 𝐴 operates on raw data 𝐷 within an environment 𝐸 (e.g., 
DBMS, code interpreters, APIs, etc.), utilizing LLMs 𝑀, ultimately producing an 
output 𝑂 to tackle the data-related task 𝑇 :

𝑨: 𝑻, 𝑫, 𝑬,𝑴 → 𝑶
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The errors take many different forms

wrongly retrieved 
“evidence” for reasoning
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The errors take many different forms

Seemingly impossible low-level file-parsing errors!
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Data Agent: Modules

1. Applications Chat2BI NL2SQL TableQA Report
Generation

Semantic
Analytics

Multimodal
Analytics

Data Science
Copilot

2.
Orchestration
Plane

NL2Pipeline Workflow
Orchestration

Workflow
Optimization

Pipeline
Execution

Reflection &
Repair

Workflow
Library

3. Planning &
Reasoning Core

Task
Decomposition

Goal
Management

Replanning &
Recovery

Policy /
Strategy Selection

Hypothesis
Generation

4. Engine Plane Agent
Modeling

Agent
Scheduling

Agent
Interaction

Tool
Selection

Agent-Tool
Scheduling

Agent-Tool
Interaction

Tool
Registry

5. Memory &
State Layer

Working
Memory

Long-term
Memory

Vector
Store

Workflow State
Store

Artifact
Cache

6. Knowledge &
Skill Layer

Skills / SOP
Library Templates Best Practices &

Heuristics
Schema / Dataset

Knowledge
Prompt / Policy

Library

7. Data Plane Semantic
Metadata

Semantic
Organization

Semantic
Catalog

Semantic
Exploration

Semantic
Indexing

Data Quality &
Profiling

Lineage &
Provenance

Data &
Compute
Sources Relational

DBs
Data Lake /

Files
Warehouse /
Lakehouse Streaming APIs /

SaaS
Knowledge

Bases CPU / GPU

C1:
Workflow

Orchestration &
Cost-aware
Execution

C2:
Long-horizon
State, Memory
& Skill Reuse

C3:
Semantic

Grounding over
Heterogeneous

&
Multimodal Data

Cross-cutting

Verification
&

Evaluation

Observability
&

Monitoring

Security &
Governance

Human-in-
the-loop
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• The term “Data Agent” is applied inconsistently:
• Sophisticated agentic data systems to autonomously interact with data lakes, invoke external tools, 

orchestrate and optimize tailored pipelines for complex data-related tasks
• More rudimentary, narrowly scoped systems acting as simple query responders

The Terminological Ambiguity of Data Agents

Conflate systems of different autonomy, 
reliability, and complexity under a 

imprecisely defined umbrella term.

Ø User-Side Risk: User expectation mismatch
Ø Governance Risk: Unclear accountability
Ø Industry-Side Risk: Exaggeration and hype

24



• Such a terminological ambiguity is not unprecedented: 
Automotive industry and driving automation community had encountered similar challenges

• SAE introduced the J3016 standard, a six-level taxonomy for driving automation

Hierarchical Taxonomy for Data Agents

https://www.synopsys.com/blogs/chip-design/autonomous-driving-levels.html

Precedent in Self-Driving

25



Hierarchical Taxonomy for Data Agents

We Advocate a Hierarchical Taxonomy for Data Agents

• Map the progressive transitions of dominance and responsibility in data-related tasks from 
human to data agent as autonomy increases from L0 to L5

• Unified framework to compare existing works, delineating capability boundaries, and clarifying 
accountability, enabling practitioners to align expectations and intervention with autonomy levels.

• We will elaborate on the formal definition for each level in the following
26



• Conventionally, all data management, preparation, and analysis tasks are performed entirely 
by humans without intelligent assistance. 

• Formally, the human 𝐻 is responsible for the entire process, orchestrating (𝜋!) pipeline 𝑃
and executing (𝜖!), while the data agent 𝐴 is uninvolved yet:

𝐻: 𝜋! 𝑇, 𝐷, 𝐸 → 𝑃; 𝜖! 𝑃,𝐷, 𝐸 → 𝑂
𝐴: ∅

L0: Manual Labor in Early Ages

Human-driven Data Management, Preparation, Analysis

27



• Align with the early wave of LLM assistants
• Prompt-response paradigm: data agents act as nascent, stateless query-responsive assistants
• Incapable of perceiving and interacting with the environment
• Formally, the human 𝐻 remains responsible for both pipeline orchestration (𝜋!) and execution (𝜖!),

while data agent 𝐴 can respond 𝑟 upon human query 𝑞 for assistance
𝐻: 𝜋! 𝑇, 𝐷, 𝐸 → 𝑃; 𝜖! 𝑃,𝐷, 𝐸, 𝑟 → 𝑂.
𝐴: 𝑞,𝑀 → 𝑟

L1: Preliminary Assistance

Definition for L1 Data Agents (Assistance)
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• Query-Responsive Assistance: interpret and respond to user queries on demand
• Efficiency Boost: improve efficiency by offloading trivial and routine operations, such as unit 

conversions or standard preprocessing code generation.
• Lowering Barriers: lower comprehension barriers for non-technique or novice users

Progress: Efficiency in Routine Tasks

L1: Preliminary Assistance (Progress and Limitations)

Limitations of L1 Data Agents
• Stateless Nature: operate in a “prompt-response” paradigm without maintaining state over 

time.
• Lack of Perception: unable to perceive or interact with the external environment (databases, 

APIs) autonomously, preventing a closed-loop refinement and optimization
• Human Dependency: The human users still manually execute, integrate, and verify outputs. 

Data agents cannot perform end-to-end procedures, limiting autonomy to atomic, static 
subtasks.
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• Data agents can perceive and interact with the environment (e.g., data lakes, DBMS, code interpreters, 
APIs, etc.), enabling partial autonomy to perform task-specific procedures independently.

• Data agents operate within human-orchestrated pipelines
• The data agent 𝐴 gains environmental perception and interaction capabilities 𝐷, 𝐸 , capable of 

handling specific data-related tasks by executing (𝜖!) pipeline 𝑃 orchestrated by human 𝐻:

𝐻: 𝜋( 𝑇, 𝐷, 𝐸 → 𝑃. 𝐴: 𝜖) 𝑃, 𝐷, 𝐸,𝑀 → 𝑂

L2: Perceive the Environment

Definition for L2 Data Agents (Partial Autonomy)
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• Progress — Perception & Interaction:
• L2 data agents can connect to real-world systems, autonomously executing specific 

procedures and optimizing based on environmental feedback
• Dependence on Human-Designed Pipelines:

• L2 data agents comply with pre-established pipelines orchestrated by humans, lacking the 
ability to independently orchestrate task-tailored new pipelines

• L2 data agents operate within human-crafted agentic modules, architectures, and 
collaboration mechanisms

• Task-Specific Rigidity:
• Systems are closely tied to specific tasks/domains (e.g., modules specialized only for NL2SQL)
• Lack of versatility and generalizability to handle diverse and comprehensive tasks that 

potentially span the full data lifecycle in real-world scenarios

L2: Perceive the Environment

The Glass Ceiling of L2 Data Agents (Limitations)
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• Data agents autonomously orchestrate and optimize pipelines rather than following human-defined 
ones; managing diverse and comprehensive tasks potentially spanning the entire data lifecycle, rather 
than isolated and task-specific procedures

• Critical Leap: data agents assume task dominance from L3, while humans oversee the process. 
• Formally, the data agent 𝐴 autonomously manages the entire pipeline from orchestration 𝜋! to 

execution 𝜖!, tackling versatile and comprehensive data-related tasks 𝑇 under human 𝐻 supervision:

𝐴: 𝜋) 𝑇, 𝐷, 𝐸,𝑀 → 𝑃; 𝜖) 𝑃, 𝐷, 𝐸,𝑀 → 𝑂. 𝐻: 𝑆𝑢𝑝𝑒𝑟𝑣𝑖𝑠𝑒(𝜋), 𝜖))

L3: Striving for Autonomous Data Agents

Definition for L3 Data Agents (Conditional Autonomy)
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• Limited Autonomy in Orchestration:
• Challenge: Current Proto-L3 systems still rely on predefined operators/tools.
• Opportunity: Skill Discovery [1] and Autonomous Operator Synthesis [2,3]. Autonomously 

generate, evaluate, and curate new tools/skills dynamically.
• Incomplete Data Lifecycle Coverage:

• Challenge: Existing agents focus narrowly (mostly on Analysis, or involve basic preparation), 
largely neglecting Data Management (tuning, diagnosis) and broader Data Preparation.

• Opportunity: Versatile Generalists. Handle the diverse and comprehensive data-related 
tasks across the full spectrum in the data lifecycle: Management → Preparation → Analysis.

L3: Striving for Autonomous Data Agents

Challenges and Research Opportunities Towards True L3

[1] Sun Z, Wang J, Zhao X, et al. Data Agent: A Holistic Architecture for Orchestrating Data+ AI Ecosystems
[2] Sun J, Li G, Zhou P, et al. AgenticData: An Agentic Data Analytics System for Heterogeneous Data[J]. arXiv, 2025.
[3] Wang J, Li G, Feng J. iDataLake: An LLM-powered Analytics System on Data Lakes[J]. Data Engineering, 2025 33



• Deficiencies in Advanced Reasoning:
• Challenge: Trapped in tactical fixes and unproductive loops due to a lack of strategic 

reflection.
• Opportunity: Meta-Reasoning. Incorporating causal reasoning, meta-reasoning for cross-

process optimization, and sophisticated memory architectures for abstract strategic 
knowledge.

• Adaptation to Dynamic Environments:
• Challenge: Current evaluations use static data, ignoring real-world data drift.
• Opportunity: Self-Evolution and Dynamic Benchmarking.

• Enable data agents to adapt to evolving data environments without human intervention.
• Establish and simulate a dynamic environment to rigorously evaluate and benchmark 

data agents’ robustness under changing conditions

L3: Striving for Autonomous Data Agents

Challenges and Research Opportunities Towards True L3 (Cont’d)

34



L3: Striving for Autonomous Data Agents

Data agents need fundamental breakthroughs to achieve L3 autonomy.

Perception

Task 
Understanding

Environment 
Understanding

Model 
Understanding

Tool 
Understanding

Optimization 
Goal

Planning

Task 
Decomposition

COT/GOT

Reflection

Meta-Agent

Meta 
Reasoning

Actions

Call LLMs

Call Data 
Science Tools

Call Humans

Call Skills

Tools

ML Libs

Feature 
Libs

DB Tools

Viz Tools

Verifier

Memory

Vector 
Database

Metadata

Knowledge

Semantic 
Catalog

Semantic 
Context

Data Agent

… … …

…
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L4-L5: Vision of Proactive and Generative Data Agents

Definition for L4 Data Agents (High Autonomy)

• Data agents autonomously monitor and explore data lakes to proactively identify valuable and 
emerging tasks, rather than simply responding to given goals/instructions.

• Data agents present high reliability, no supervision is needed, and humans just receive the output.
• Formally, the data agent 𝐴 takes full initiative, not only orchestrates 𝜋! and executes 𝜖! pipeline 𝑃 but 

also autonomously discovers task 𝑇" to begin with:
𝐴:𝐷𝑖𝑠𝑐𝑜𝑣𝑒𝑟" 𝐷, 𝐸,𝑀 → 𝑇#; 𝜋" 𝑇′, 𝐷, 𝐸,𝑀 → 𝑃; 𝜖" 𝑃,𝐷, 𝐸,𝑀 → 𝑂. 𝐻: 𝑅𝑒𝑐𝑒𝑖𝑣𝑒(𝑂)
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• Autonomous Problem Discovery:
• Move beyond execution to critical evaluation. Identifying anomalies, gaps, or emerging 

tasks without explicit task instruction
• Research Direction: Developing Task-Oriented Awareness and Intrinsic Curiosity.

• Trustworthy Self-Governance:
• Operate as reliable generalists that orchestrate robust pipelines tailored for self-discovered 

tasks, and self-manage resources, security, and accuracy without human oversight.
• Research Direction: Robust effectiveness, efficiency, and safety guarantees

• Long-Horizon & Holistic Planning:
• Make strategic trade-offs (e.g., balancing immediate cleaning costs vs. long-term analytical 

accuracy).
• Research Direction: Capabilities for long-term planning and strategic decision-making, 

beyond local optimizations

L4-L5: Vision of Proactive and Generative Data Agents

Research Directions Towards L4
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L4-L5: Vision of Proactive and Generative Data Agents

Definition for L5 Data Agents (Full Autonomy)

• Beyond merely applying existing methods, Data agents actively create new knowledge by identifying 
when conventional approaches are insufficient and innovating novel solutions.

• Formally, the data agent 𝐴 not only autonomously identifies the promising task 𝑇" but also invents a 
new method Φ (e.g., a new theory, algorithm, or paradigm) to address it, while human 𝐻 disengages:
𝐴:𝐷𝑖𝑠𝑐𝑜𝑣𝑒𝑟" 𝐷, 𝐸,𝑀 → 𝑇#; 𝐼𝑛𝑛𝑜𝑣𝑎𝑡𝑒" 𝑇′, 𝐷, 𝐸,𝑀 → Φ; Φ 𝑇′, 𝐷, 𝐸,𝑀 → 𝑂. 𝐻: ∅
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Data Agent: Core Challenges

1. Applications Chat2BI NL2SQL TableQA Report
Generation

Semantic
Analytics

Multimodal
Analytics

Data Science
Copilot

2.
Orchestration
Plane

NL2Pipeline Workflow
Orchestration

Workflow
Optimization

Pipeline
Execution

Reflection &
Repair

Workflow
Library

3. Planning &
Reasoning Core

Task
Decomposition

Goal
Management

Replanning &
Recovery

Policy /
Strategy Selection

Hypothesis
Generation

4. Engine Plane Agent
Modeling

Agent
Scheduling

Agent
Interaction

Tool
Selection

Agent-Tool
Scheduling

Agent-Tool
Interaction

Tool
Registry

5. Memory &
State Layer

Working
Memory

Long-term
Memory

Vector
Store

Workflow State
Store

Artifact
Cache

6. Knowledge &
Skill Layer

Skills / SOP
Library Templates Best Practices &

Heuristics
Schema / Dataset

Knowledge
Prompt / Policy

Library

7. Data Plane Semantic
Metadata

Semantic
Organization

Semantic
Catalog

Semantic
Exploration

Semantic
Indexing

Data Quality &
Profiling

Lineage &
Provenance

Data &
Compute
Sources Relational

DBs
Data Lake /

Files
Warehouse /
Lakehouse Streaming APIs /

SaaS
Knowledge

Bases CPU / GPU

C1:
Workflow

Orchestration &
Cost-aware
Execution

C2:
Long-horizon
State, Memory
& Skill Reuse

C3:
Semantic

Grounding over
Heterogeneous

&
Multimodal Data

Cross-cutting

Verification
&

Evaluation

Observability
&

Monitoring

Security &
Governance

Human-in-
the-loop
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Core Data Agent Challenges Across Autonomy Levels

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫
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Hierarchical Taxonomy for Data Agents

Structured Review Through this Lens

Check our full paper list: https://github.com/HKUSTDial/awesome-data-agents 41
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Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Data-aware Workflow Orchestration and Cost-aware Execution (40 min)
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Ø Part I: Data Agents: Motivation, Definition, Autonomy Levels, and Core Challenges

Ø Part II: Towards Autonomous Data Agents: Key Challenges and Current Practices
Ø Data-aware Workflow Orchestration & Cost-aware Execution

Ø Long-horizon Agentic State, Memory & Skill Reuse

Ø Semantic Grounding over Heterogeneous & Multimodal Data

Ø Part III: Research Opportunities and Open Challenges 

Outline
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Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Data-aware Workflow Orchestration and Cost-aware Execution (45 min)
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Data-aware Workflow Orchestration & Cost-aware Execution

What is it?
•Orchestration decides what to do and in 
what order — decomposing a high-level data 
goal into an executable pipeline / DAG of 
operators, tools, and agents.
•Cost-aware Execution decides how to run 
it efficiently — choosing plans, models, and 
tools under latency, money, and accuracy 
budgets, with feedback-driven refinement.

From one query to a managed pipeline

Goal
“analyze churn”

Plan
DAG / operators

Run
tools + models

Observe
feedback

Optimize
cost/quality

Output
insight

The agent closes the loop: 
plan → execute → observe → re-plan.

Orchestration = the brain of the data agent; 
Cost-aware execution = its discipline.
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Two Tightly-Coupled Sub-Problems

① Workflow Orchestration
•Task understanding & decomposition
•Operator / tool / agent selection
•Pipeline (DAG) construction & ordering
•Dynamic re-planning on feedback

Q: WHAT to do, in WHAT order?

② Cost-aware Execution
•Plan / model / tool routing by cost
•Sampling, caching & reuse of results
•Execution-time optimization (selectivity)
•Budget & accuracy trade-offs

Q: HOW to run it cheaply & reliably?

Good plans waste resources without cost discipline; 
Cheap execution is useless on the wrong plan.
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Why Orchestration & Execution Matter

Data lakes are too big to ingest
Agents must sample, probe schemas, and refine 
queries on demand — a fixed prompt can't hold 
the whole lake.

Tasks span the full lifecycle
Real goals chain management → preparation →
analysis; no single tool suffices, so steps must be 
orchestrated.

Errors cascade downstream
A wrong join or filter early on corrupts every later 
insight — execution needs verification and 
rollback.

LLM calls are expensive
Naïve pipelines issue redundant, costly model 
and tool calls; budgets demand cost-aware 
routing and reuse.

Without orchestration & cost-aware execution, data agents stay 
stuck at brittle, one-shot assistance.
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Motivated Example: Rigid Pipeline vs. Orchestrated Agent

✗ Fixed, Human-wired Pipeline

Clean
fixed step

Join
fixed step

SQL
one shot

•Same steps regardless of the question
•No re-planning when a step fails
•Redundant full-table scans & LLM calls
•Errors propagate silently to the report

✗ Brittle, costly, hard to trust

✓ Data-aware Orchestrated Agent

Plan
tailored DAG

Route
cheapest tool

Verify
+ re-plan

•Builds a pipeline tailored to the query
•Re-plans & repairs on execution feedback
•Caches, samples & routes by cost budget
•Validates each step before it propagates

✓ Adaptive, efficient, auditable
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Evolution Across L1–L5

Level Orchestration Execution Data awareness Cost awareness

L1
Assistance

Human-designed one-shot 
workflow; agent suggests a step.

Human executes and verifies 
outside the agent. Prompt / few-shot context only. Implicit; user controls tokens 

and tools.

L2
Partial 

autonomy
Predefined pipeline for a specific 

task.
Agent runs tools with local 

feedback and retries.
Schema / execution feedback 

within the task.
Local heuristics: retry, prune, 

route, stop.

L3
Conditional 
autonomy

Agent composes and optimizes a 
tailored workflow or DAG.

Agent manages multi-step 
execution under supervision.

Cross-source task context, 
lineage, evidence.

Global budget over workflow: 
latency, tokens, compute, risk.

L4
High 

autonomy

Agent proactively discovers tasks 
and plans long-horizon 

workflows.

Continuous execution without 
routine supervision.

Persistent understanding of 
evolving data lake.

Strategic trade-offs across 
tasks and time.

L5
Full autonomy

Agent invents new operators and 
workflow paradigms.

Self-governing execution and 
validation. Creates new data abstractions. Learns new cost models and 

optimization strategies.

The key frontier today is L2 → L3: 
from executing a human-defined procedure to designing the workflow itself.
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Representative Works

Level Orchestration Paradigm Representative Works Lifecycle Coverage

L1 Prompting (prompt–response, 
one-shot)

DIN-SQL (NeurIPS'23)
DAIL-SQL (VLDB'24) Data Analysis (NL2SQL)

L2 Predefined / human-designed 
workflows

D-Bot (VLDB'24)
CleanAgent (VLDB'25)
MAC-SQL (COLING'25)

Management · Preparation · 
Analysis

L3 Autonomous orchestration 
(Proto-L3)

Data Interpreter (ACL'25)
AgenticData (2025)
DeepAnalyze (ICML’26)

Toward the full lifecycle

We trace orchestration up the autonomy ladder: from prompting, to predefined workflows, to 
autonomous pipeline composition — then look ahead to L4/L5.
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DIN-SQL [NeurIPS'23]: Decomposed In-Context Learning of Text-to-SQL with Self-Correction

The one-shot bottleneck
A single zero/few-shot prompt must map a hard 
natural-language question — with joins, nesting, and 
aggregation — to correct SQL in one leap. Complex 
queries break this.

Why it matters
•LLMs struggle to do schema linking, structure 
planning, and clause writing all at once.
•Implicit reasoning stays hidden, so mistakes are 
hard to localize or correct.
•No environment access: the model cannot run 
the SQL or learn from execution.
•Goal: make the reasoning explicit — purely 
through prompt design.
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DIN-SQL: Decomposed In-Context Learning of Text-to-SQL with Self-Correction

Decomposed in-context learning — a fixed, human-authored prompt chain
•Each sub-task has its own hand-crafted prompt; outputs are progressively combined into final SQL.
•A self-correction prompt reviews and repairs the draft — still without executing it.
•“Orchestration” = a static chain the authors designed; every query takes the same fixed steps.
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DIN-SQL: Decomposed In-Context Learning of Text-to-SQL with Self-Correction

Spider
SOTA at release

Gains on complex splits

•Decomposition demonstrably improves one-shot 
accuracy and lowers the barrier for non-experts.
•But it is pure prompting: stateless, no 
perception, no cost-aware runtime control.
•Takeaway: helpful structure, yet the workflow is 
human-designed and frozen — the hallmark of L1.
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DAIL-SQL [VLDB'24]: Text-to-SQL Empowered by LLMs: A Benchmark Evaluation

Prompt design was ad-hoc
Before DAIL-SQL, NL2SQL prompting was a grab-bag of tricks. It was unclear which question 
representation, examples, and organization actually matter for accuracy.
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Text-to-SQL Empowered by Large Language Models: A Benchmark Evaluation

A systematic study of the prompt design space

Question
Representation

5 forms

Example
Selection
4 strategies

Example
Organization

3 schemes

(Optional)
SFT

open-source LLMs

•DAIL-SQL combines a structure-aware question representation with skeleton/similarity-based 
example selection.
•It also studies supervised fine-tuning, extending the analysis to open-source models.
•“Orchestration” = choosing the best prompt template; the call itself is still single-shot.
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Text-to-SQL Empowered by Large Language Models: A Benchmark Evaluation

•Established strong, reproducible prompt-engineering baselines that later agentic systems build on.
•Token-budgeted prompts hint at cost-awareness, but there is no execution-time control or feedback.
•Takeaway: even the best L1 prompting remains a static, one-shot interaction.
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L1 Recap: Useful Assistance, But No Workflow Ownership

✓ Progress
•Decomposition + prompt 
engineering sharply improve one-
shot quality.
•Lower the comprehension barrier 
for non-expert users.
•Offload trivial, routine coding 
(e.g., boilerplate SQL).

✗ Limits
•Stateless prompt–response; no 
memory across turns.
•No environmental perception or 
interaction.
•Human still executes, integrates, 
and verifies.
•No cost-aware runtime control or 
feedback.

L1 is an assistant for workflow design, not a workflow 
orchestrator.
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D-Bot [VLDB'24]: Database Diagnosis System using Large Language Models

Diagnosis needs scattered expertise
Database anomaly diagnosis demands 
deep, fragmented expert knowledge. 
Manual root-cause analysis is slow, and 
a single LLM prompt only yields 
generic, unreliable advice.

Need: structured, knowledge-
grounded, interactive diagnosis.
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D-Bot: Database Diagnosis System using Large Language Models

Multi-agent diagnosis over a human-designed workflow

Agent roles & collaboration are predefined — the agent fills the template, it doesn't design it.
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D-Bot: Database Diagnosis System using Large Language Models
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CleanAgent [VLDB'25]: Automating Data Standardization with LLM-based Agents

Problem

• Data cleaning requires detecting 
errors, choosing repair strategies, 
and verifying outcomes.
• One wrong repair can damage 
downstream models or analysis.
• Cleaning decisions should be 
traceable and revisable.

Cost-aware cleaning means early stopping when marginal repair value is low.
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CleanAgent: Automating Data Standardization with LLM-based Agents

• Organize cleaning into 
specialized modules such as 
detection, repair, validation, and 
memory.
• Use execution feedback and 
historical context to refine 
actions.
• Iterate until quality checks or 
stopping conditions are 
satisfied.



63

CleanAgent: Automating Data Standardization with LLM-based Agents

More robust cleaning than one-shot prompting. Execution and validation reduce hallucinated repairs.
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MAC-SQL [COLING'25]: A Multi-Agent Collaborative Framework for Text-to-SQL

Big schemas & faulty SQL need teamwork
On large databases, a single pass struggles with 
schema overload and buggy queries. One-shot 
generation can't recover when the SQL simply 
doesn't run.

Why it matters
•Huge schemas overwhelm the prompt and 
dilute relevant columns.
•Generated SQL often fails on first execution and 
needs repair.
•Need: collaboration to prune, decompose, 
and fix via execution feedback.
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MAC-SQL: A Multi-Agent Collaborative Framework for Text-to-SQL

The agent roles and message flow are predefined; the agent does not compose new workflows.
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MAC-SQL: A Multi-Agent Collaborative Framework for Text-to-SQL

Execution accuracy(EX) and Valid efficiency score (VES) on 
both dev and test set of BIRD dataset.

•Execution-feedback repair markedly 
improves robustness on complex, real-world 
databases.
•Perception + local feedback = L2; the 
collaboration template is still human-
designed.
•Takeaway: feedback-driven repair within a 
fixed multi-agent workflow.
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L2 Recap: Perception + Execution, But Bounded Workflows

✓ Progress
•Perceive the environment & invoke real 
tools.
•Refine outputs via local execution 
feedback.
•Cost-awareness as retries, schema 
pruning, caching.

✗ The glass ceiling
•Pipelines, roles & collaboration are 
human-designed.
•Task-specific rigidity (e.g., tuned only for 
NL2SQL).
•No orchestration across the full data 
lifecycle.
•Reactive executors, not self-directed 
orchestrators.

L2 systems are powerful executors, but not self-directed 
orchestrators.
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Data Interpreter [ACL'25]: An LLM Agent For Data Science

Fixed pipelines can't adapt
Data-science tasks are dynamic: sub-
goals shift and steps fail at runtime. A 
statically wired pipeline cannot react, so 
the agent must build and revise the plan 
itself.

Orchestration as Hierarchical Graph Modeling

•The agent autonomously decomposes a 
high-level task into a Task Graph and an 
executable Action Graph.
•Iterative Graph Refinement dynamically 
modifies the graph based on graph-executor 
feedback.
•No human-wired DAG: the agent 
composes and repairs the workflow itself 
— Proto-L3.
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Data Interpreter: An LLM Agent For Data Science

•Autonomously plans, executes, and repairs data-science pipelines without a human-authored DAG.
•Limits: largely analysis-focused, leans on preprocessed data, uses a predefined action set.
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AgenticData [ArXiv 2025]: An Agentic Data Analytics System for Heterogeneous Data

Beyond fixed operators & narrow scope
Real workloads span management, preparation, and analysis 
across heterogeneous sources — and often need operations 
no fixed operator library provides.

Multi-agent planning with on-the-fly operator synthesis
•Supports predefined AND non-predefined operators, 
the latter curated via LLM-based code generation.
•Customized MCP servers connect heterogeneous 
sources; a feedback-driven planner builds tree-
structured pipelines.
•Broadens task scope across management, 
preparation & analysis — the widest of the three.
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AgenticData: An Agentic Data Analytics System for Heterogeneous Data

•Generates operators on the fly and 
spans the lifecycle across 
heterogeneous sources — the most 
ambitious Proto-L3.
•Takeaway: closest to self-directed 
orchestration; trustworthy operator 
synthesis is the missing piece.
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DeepAnalyze [ICML’26]: Agentic Large Language Models for Autonomous Data Science

DeepAnalyze, an end-to-end agentic LLM that achieves autonomous data 
science, supporting entire data science pipeline and open-ended data research
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

73

DeepAnalyze emulates the analysis process of human data scientists by introducing 
five actions

1. Analyze tasks and plan
2. Access and explore the raw

data in the environment
3. Understand intermediate 

execution results 
4. Perform analysis, modeling, 

and visualization iteratively
5. Summarize and generate a 

data analysis report

<Analyze>

<Code>&<Execute>

Data Scientists

<Understand>

actions

<Answer>

DeepAnalyze
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

Curriculum-based Agentic Training: Single-ability Fine-tuning + Multi-ability Agentic Training
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

• The goal is to automatically construct high-quality trajectory data tailored to end-
to-end data science tasks

• Reasoning Trajectory Synthesis
– Enhancing public data science datasets 

by synthesizing reasoning trajectories 
distilled from state-of-the-art LLMs

• Interaction Trajectory Synthesis
– No public datasets!
– A Multi-agent data synthesis method

• Questioner: formulating problems
• Solver: interacting with the environment
• Inspector: validating the result trajectories
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

• Evaluating end-to-end data science pipeline orchestration on DataSciBench, 
where each task involves multiple key steps 

F1: Data Preparation
F2: Plot Validity
F3: Data Exploration
F4: Data Visualization
F5: Data Modeling

DeepAnalyze-8B 
achieves the SOTA
results among open-
source LLMs and 
outperforms most 
close-source LLMs, 
ranking 2nd only to 
GPT-4o
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

Code

Model & Data

4.1K+ GitHub Stars
600+ Forks
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

Orchestration is important for entire data pipeline
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DeepPrep [ArXiv 2026]: An LLM-Powered Agentic System for Autonomous Data Preparation

• An Extension of DeepAnalyze for Operator-Based Pipeline 
Orchestration in (Semantic) Tabular Data Processing

• Supporting 30 types of operators, e.g., cleaning, transformation, etc.
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DeepPrep: An LLM-Powered Agentic System for Autonomous Data Preparation

DeepPrep extends the cost–accuracy Pareto frontier, achieving accuracy close to 
baselines built on strong close-source LLMs at substantially lower inference cost.
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DeepPrep: An LLM-Powered Agentic System for Autonomous Data Preparation

Code

Model & Data



82

CoDA-Bench [ICML 2026]: Can Code Agents Handle Data-Intensive Tasks?

Existing benchmarks evaluate only one 
side:
• Code benchmarks such as SWE-Bench 

focus on repo-level coding, code repair, 
or terminal operations, but rarely test 
large-scale data discovery.

• Data benchmarks such as DA-Code 
usually provide the target data, 
reducing the need to search among 
noisy files.

Real data-intensive tasks require both
Code Intelligence and Data Intelligence.

CoDA-Bench jointly evaluates code and data intelligence in a 
data-intensive Linux sandbox.
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CoDA-Bench: Can Code Agents Handle Data-Intensive Tasks?

How CoDA-Bench Is Built:
1.Build a dataset co-occurrence graph from Kaggle datasets 

and notebooks.
2.Extract solution anchors from real Kaggle notebook results
3.Refine task difficulty with a generator-discriminator loop and 

human validation.

21,122 nodes 
93,727 edges
323 communities

Selected:
53 communities
829 datasets

Co-occurrence Graph
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CoDA-Bench: Can Code Agents Handle Data-Intensive Tasks?

Agents Struggle with Data-Intensive Tasks

Main Findings:
1.Overall performance remains low; even 

strongest agent achieves only about 56% EA.
2.Data discovery is a key bottleneck, but not 

the only one; oracle data setting only 
partially improves performance.

3.Failures are mainly concentrated at the two 
ends: data discovery and code generation.

System DA 
(%)

EA 
(%)

Hard 
EA (%)

Cost
($)

Openhands + GPT-5.2 73.3 56.1 36.2 0.73

Openhands + Gemini-3-Pro 81.2 54.9 39.5 1.29

Codex CLI + GPT-5.1-Codex 71.7 54.6 33.6 0.54

Even with the correct data, the 
accuracy only about 60.5%.
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L3 Orchestration — Gaps Toward L4

Limited autonomy
Still lean on predefined operators/tools. 
JoyAgent's “tool evolution” & AgenticData's 
code-gen are early steps; need continuous skill 
discovery.

Incomplete lifecycle
Mostly analysis + light preparation; data 
management (tuning, diagnosis) is under-served. 
Need versatile generalists.

Tactical, not strategic
Fix immediate errors but get stuck in loops. Need 
causal & meta-reasoning across processes.

Static environments
Evaluated on static data, ignoring drift. Need 
self-evolution + dynamic benchmarks.
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L4: High Autonomy

From supervision to self-governance
Human supervision is removed. The agent proactively monitors and explores 
data lakes, discovers worthwhile tasks on its own, and plans over long 
horizons. The human becomes an onlooker.

What changes?
•Autonomous problem discovery — surface tasks (data drift, anomalies) without 
instructions.
•Long-horizon, holistic planning — cross-process cost / benefit trade-offs over time.
•Trustworthy self-governance — reliable generalist across the full lifecycle.
•Cost-aware execution goes global — optimize across many tasks, not one pipeline.
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Outlook — L5: Full Autonomy

From applying methods to inventing them
The ultimate vision: a generative data scientist. When existing operators and 
pipelines fall short, the agent invents new methods, tools, and even workflow 
paradigms. The human disengages.

What changes?
•Generative orchestration — invent new operators & workflow paradigms on demand.
•Self-devised cost models — the agent designs its own execution strategies.
•Pioneering examples — new sampling theory, federated prep frameworks, novel viz 
grammars.
•Human involvement — unnecessary, and potentially detrimental.
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Recap: Orchestration & Cost-aware Execution

•Two coupled sub-problems. Orchestration decides WHAT to do and in what order; cost-aware 
execution decides HOW to run it efficiently and reliably.

•A clear storyline up the autonomy ladder. L1 prompting → L2 predefined → L3 autonomous 
composition.

•Open problems. Operator / skill discovery, full-lifecycle coverage, strategic reasoning, and cost & safety 
guarantees stand between L3 and true autonomy.

L2 → L3
Transfer of dominance

Executor → self-orchestrator. 
Compose & optimize own 

pipelines.

L3 → L4
Remove supervision

Add proactive task discovery + 
long-horizon, global cost planning.

L4 → L5
Invent paradigms

Generative operators, self-evolving 
cost-aware execution.
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Ø Part I: Data Agents: Motivation, Definition, Autonomy Levels, and Core Challenges

Ø Part II: Towards Autonomous Data Agents: Key Challenges and Current Practices
Ø Data-aware Workflow Orchestration & Cost-aware Execution

Ø Long-horizon Agentic State, Memory & Skill Reuse

Ø Semantic Grounding over Heterogeneous & Multimodal Data

Ø Part III: Research Opportunities and Open Challenges 

Outline
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Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Long-horizon Agentic State, Memory and Skill Reuse (~45 min)



91

Who are the three youngest 
winners across all matches? 

And their ranks?

User Text 
Query

Text-to-SQL  Model

SELECT winner_name, winner_rank FROM 
matches ORDER BY winner_age LIMIT 3

SQL

DB 
Information

Motivating Example (Text-to-SQL)
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Text-to-SQL (Human Workflow)

Find the number of dog pets that are raised by female studentFind the number of dog pets that are raised by student

Step-1 NL Understanding

Step-2 Schema Linking and Database Content Retrieval

Pets

PetID PetType PetAge ...

Dog

Step-3 Translating the NL Intent into the SQL

Student

StuID Sex Age ...

F

Has_Pet

PetID StuID ...

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.sex=‘F’ AND T3.pettype=‘Dog’
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Task Formulation: Mimic Human Experts

• Human Expert Workflow for Text-to-SQL

Understand 
Intent 

Link to 
Schema

Design SQL 
Logic Compose SQL Test

Yes
Q

DB
SQL

No
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Task Formulation: Mimic Human Experts

• Human Expert Workflow for Text-to-SQL

Understand 
Intent 

Link to 
Schema

Design SQL 
Logic Compose SQL Test

Yes
Q

DB
SQL

No

• From Human Actions to Agent Actions 

Understand Intent Question Rephrasing
👷 🤖

Link to Schema

(Revise, clarify ambiguities, rephrasing)

Schema Selection
Cell Value Selection

Design SQL Logic Column Function 

SQL Generation

SQL Revision

Compose SQL

Validate & Iter.

(decides which tables / columns / values)

(joins, aggregations, functions)

(assemble an initial executable query)

(iteratively test, debug, and optimize the query)
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Task Formulation: Mimic Human Experts

• Human Expert Workflow for Text-to-SQL

Understand 
Intent 

Link to 
Schema

Design SQL 
Logic Compose SQL Test

Yes
Q

DB
SQL

No

• From the Fixed pipelines to Dynamic (Pipelines) Actions

Tree-based Search:
• Each edge corresponds to an agentic action 

in the query construction process,
• Each node represents a reasoning state at a 

specific step, and
• Each path corresponds to a sequence of SQL 

construction actions for Text-to-SQL task.



How Does a Data Agent Work on a Text-to-SQL Task?

𝑞 = “What’s the rank of Bob in the 
football match?”
𝐷 = “CREATE TABLE `players` (…)”

Column Value Thinking:
In the above question, there is a specific 
filter about match type and player name. 
So I need use `player`.`name` = ‘Bob’ and 
`match`.`match_type` = ‘football’.

𝑎!: Column Value
Identification

𝑎": Column Function
Identification

𝑎#: SQL Generation

Column Function Thinking: …

SQL Generation Thinking:
Based on my previous thoughts, I need a 
WHERE clause to filter the match type 
and player, and there is no functions 
needed. Thus, the final SQL query is:
SELECT T1.rank FROM players AS T1 
JOIN matches AS T2 ON T1.id = 
T2.player_id WHERE T1.name = ‘Bob’ 
AND T2.match_type = ‘football’;

𝒗𝟎

𝒗𝟏

𝒗𝟐

𝒗𝟑

Edges (Actions) Nodes (Reasoning States)

LLM-as-Action-Model

𝑎(: Termination
𝒗𝟒

Input

Output

Question

Question Database Previous
Actions

Action LLM Next State

𝑎* 𝑣!"#

LLM-as-Action-Model

Rephrase Question

Schema Selection

Column Value 
Identification
Column Function Identification

SQL Generation

SQL Revision

Termination

𝑎+

𝑎,

𝑎!

𝑎"

𝑎#

𝑎-

𝑎(

Action Space

Boyan Li, et al, Alpha-SQL: Zero-Shot Text-to-SQL using Monte Carlo Tree Search, ICML 2025. 
https://github.com/HKUSTDial/Alpha-SQL

Database

https://github.com/HKUSTDial/Alpha-SQL
https://github.com/HKUSTDial/Alpha-SQL
https://github.com/HKUSTDial/Alpha-SQL
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Boyan Li, Yuyu Luo, Alpha-SQL: Zero-Shot Text-to-SQL using Monte Carlo Tree Search, ICML 2025. 

https://github.com/HKUSTDial/Alpha-SQL

Alpha-SQL Solution Overview

https://github.com/HKUSTDial/Alpha-SQL
https://github.com/HKUSTDial/Alpha-SQL
https://github.com/HKUSTDial/Alpha-SQL
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Alpha-SQL Takeaway: Search State Is Task-Local Memory

Boyan Li, Yuyu Luo, Alpha-SQL: Zero-Shot Text-to-SQL using Monte Carlo Tree Search, ICML 2025. 
https://github.com/HKUSTDial/Alpha-SQL

• Alpha-SQL shows that Text-to-SQL is not just one-shot SQL decoding. It can be 
formulated as a stateful search process over reasoning actions.

• State: partial reasoning path · selected schema/values/functions · candidate SQLs
• Memory: visited nodes · action history · execution/self-consistency feedback
• Verification: self-supervised reward and SQL execution guide search

• Design Rule: Make intermediate reasoning states explicit before they can be 
searched, verified, or reused.
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What Should Be Remembered? (State, Memory, Skill)

State = where the workflow is now

DM: workload, plans, metrics, actions
DP: versions, cleaning steps, lineage
DA: hypotheses, SQL/code, artifacts

-

-

-

Memory = what happened and why
Supports Reasoning, Audit, Verification.

Skill = what can be packaged and reused
Supports Reuse and Adaptation

Takeaway: Not all memory is text. In data agents, structured state often matters more than chat logs.

Supports Resume, Branching, Rollback.

[Alpha-SQL, ICML 2025]
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Evolution Across L1–L5 for “Long-horizon Data Tasks”

• The key frontier today is the transition from L2 to L3, from L2 Task-Local to L3 Workflow Memory
• L4/L5 are not just "more storage"; they represent advanced memory management and skill evolution.

Level Agentic State Memory Form What is Remembered Skill Reuse Capability

L1 Assistance
Prompt-driven
Data Assistant

No persistent
state Chat history Current prompt /

dialogue only
None

L2 Partial Autonomy
Human-guided
Workflow Executor

Task-local
execution state

Task-local
memory

Intermediate results,
execution logs,
error feedback

Local retry /
ad-hoc scripts

L3 Conditional
Autonomy
Agentic Workflow
Orchestrator

Workflow-level
state

Workflow
memory

Plan, DAG state,
provenance, artifacts,
validation results

Reusable SOPs
/
procedural skills

L4 High Autonomy
Proactive
Data Agent

Cross-task /
cross-agent
state

Long-lived
shared
memory

Historical tasks, user/
domain preferences,
shared experience

Shared skill library
across
agents/tasks

L5 Full Autonomy
Self-evolving
Autonomous Data
Agent

Self-evolving
process state

Self-evolving
skill base

Failure patterns,
learned methods, new
operators, meta-
experience

Autonomous skill
creation,
refinement,
and reuse
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Evolution Across L1–L5 for “Long-horizon Data Tasks”
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Evolution Across L1–L5 for “Long-horizon Data Tasks”

• The key frontier today is the transition from L2 to L3, from L2 Task-Local to L3 Workflow Memory
• L4/L5 are not just "more storage"; they represent advanced memory management and skill evolution.
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Representative Papers for Long-horizon State, Memory, and Skill Reuse

Scenario L1/L2-style anchor
(task-local)

L3-style anchor
(workflow / persistent memory)

Key Takeaway for 
“Long-horizon Data Tasks”

Data 
Management

λ-Tune
LLM-generated 

complete DB 
configurations

(SIGMOD 2025)

AgentTune
Multi-agent DB 

knob tuning with 
workload 
feedback 

(SIGMOD 2026)

From task-local configuration candidates to 
feedback-driven tuning and KG-

grounded diagnosis memory: workload 
traces, query plans, metrics, anomaly 

patterns, and verified action effects become 
reusable DBA playbooks.

Data
Preparation

CleanAgent
Declarative APIs +

LLM agents for
data standardization

(VLDB 2025 Workshop)

AutoPrep
Planner–Programmer–Executor data-

prep workflow
(VLDB 2025)

From column-level standardization to 
question-aware preparation workflows: 
table versions, generated code, execution 
feedback, and transformation provenance 

make data prep resumable and 
reproducible.

Data
Analysis

Alpha-SQL
MCTS over partial SQL 

/ reasoning states
(ICML 2025)

DeepEye
Workflow engine + memory-augmented 

planner + glass-box DAG + SOPs
(SIGMOD 2026)

From partial-SQL search states to auditable 
analysis workflows: hypotheses, SQL / 
code, execution logs, evidence chains, 
charts / reports, and user edits become 
inspectable DAG artifacts and reusable 

analysis skills.

DBAIOps
KG-grounded O&M 
diagnosis memory + 
“800+” anomaly models

(VLDB 2026)
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Scenario Lens: Data Management
• Slow-query diagnosis and DB maintenance need stateful evidence, not just one-off 

tuning suggestions.

Workload Traces

Query Plans

System Metrics

Tuning Action

Validator

DM Memory Panel

Diagnosis Graph
Anomaly Models

Before/After Metrics

DM must remember workload traces, query plans, system 
metrics, and action effects.
Every recommendation should be verified against performance 
and operational safety.

The reusable unit is a diagnosis / tuning playbook.

L2 λ-Tune (SIGMOD 2025)
Task-local candidate tuning from current workload/context.

L3/L4-style DBAIOps (VLDB 2026)
Diagnosis experience as knowledge graph + 800+ reusable anomaly models.

DM memory must be safety-aware and rollback-aware
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λ-Tune [SIGMOD 2025]

• Problem: Harnessing Large Language Models for 
Automated OLAP Workload Tuning

• Agent Level: L2 Agent — LLM leverages pre-trained 
knowledge (memory & skills) to directly generate 
complete DB configurations

• Challenge Addressed: Long-horizon tuning with state 
management, knowledge reuse from pre-training, and 
skill transfer across workloads
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λ-Tune System Architecture

Key Pipeline Steps

1.Workload Compression: SQL queries → ILP Compressor →Query Snippets

2.Prompt Generation: Template + Compressed Workload + Hardware Specs → Prompt

3.LLM Invocation: Send prompt to LLM (GPT-4) → Get k candidate configurations

4.Configuration Selector: Incremental evaluation with geometric timeouts

5.Configuration Evaluator: Lazy index creation + DP query scheduling

Input
OLAP Workload W, Hardware H,
Database System D, Token Budget B

Output
Best Configuration
(System Parameters + Physical Design)

Giannakouris V, Trummer I. λ-tune: Harnessing large language models for automated database system tuning. SIGMOD 2025
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λ-Tune as an L2 Agent: Key Takeaway

1. Memory Reuse

• LLM‘s pre-trained weights encode DB tuning 
knowledge from manuals, forums, and best practices.

• Short-lived candidate-evaluation history

2. Skill Transfer

• No explicit long-lived reusable playbook; reuse is 
prompt/template level

3. State Management

• Current workload + hardware + candidate configs 
+ measured outcomes

• Tracks configuration evaluation state across 
multiple rounds to avoid redundant work.

4. Bounded Exploration

• Principled approach (ILP + geometric timeout) 
instead of exhaustive search.

Key Distinction from Traditional ML Tuning

No training data needed
(zero-shot approach)

▪No reward signal or RL 
exploration required

Leverages "common sense" from 
pre-training as reusable skills

Strong verification loop; weak long-lived DBA memory
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• Problem: High-dimensional continuous knob tuning space requiring safe exploration and domain expertise.
• Core Method: Decompose the tuning process into specialized agents: Workload Analyzer, Knob 

Selector, Range Pruner, and Configuration Recommender 
• Execution: Tree-based iterative search generating and ranking multiple candidate configurations.
• Verification: Refine the configuration based on DBMS feedback (performance and execution 

features) and generate new candidate configurations for a beam search strategy

Config Tuning: AgentTune (SIGMOD 2026)

Li Y, Li H, Zhang J, et al. AgentTune: An Agent-Based Large Language Model Framework for Database Knob Tuning[J]. SIGMOD, 2026 110
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• Problem: High-dimensional continuous knob tuning space requiring safe exploration and domain expertise.
• Core Method: Decompose the tuning process into specialized agents: Workload Analyzer, Knob 

Selector, Range Pruner, and Configuration Recommender 
• Execution: Tree-based iterative search generating and ranking multiple candidate configurations.
• Verification: Refine the configuration based on DBMS feedback (performance and execution 

features) and generate new candidate configurations for a beam search strategy

Config Tuning: AgentTune (SIGMOD 2026)

Li Y, Li H, Zhang J, et al. AgentTune: An Agent-Based Large Language Model Framework for Database Knob Tuning[J]. SIGMOD, 2026

Strong intra-task feedback loop; weak 
long-lived cross-workload memory.

Memory: Short-lived execution history (evaluated 
configurations and DBMS feedback) within current session.

State: Current workload features, hardware specs, selected 
knobs, and pruned safe ranges.

Skill: LLM's pre-trained knowledge of DB manuals; 
prompt-level instructions. No explicit long-lived playbook.
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DBAIOps [VLDB 2026]

• Problem: Database O&M combining reusable graph-based expert 
diagnosis experience with the reasoning capability of LLMs.

• L3-style Data Agent Level:
• workflow-level diagnosis with reusable anomaly models, and 

graph-based diagnosis paths.
• long-lived shared O&M memory across 25 database systems 

and real deployments.

• Challenge Addressed:
• C1: Characterize heterogeneous O&M experience.
• C2: Identify implicitly correlated metrics from occurring 

anomalies.
• C3: Adaptively explore diagnosis paths and generate 

actionable reports.
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DBAIOps System Architecture

1. Experience Graph Construction: O&M Documents / Cases / Scripts → Heterogeneous Experience Graph
2. Anomaly Model Initialization: Metric Hierarchy + Correlation Rules → Reusable Anomaly Model Vertices
3. Runtime Anomaly Processing: Target DB Metrics → Triggered Anomaly Models + Alert Descriptions
4. Graph-based Experience Retrieval: Triggered Vertices → Two-Stage Graph Exploration → Relevant 

Diagnosis Paths
5. Root Cause Analysis: Diagnosis Paths + Metric Evidence → Reasoning LLM → Diagnosis Report

Input
Anomaly-related Metrics, DB Instance,
Experience Graph, Anomaly Models

Output
Comprehensive Diagnosis Report
(Root Cause Analysis + Practical Solutions)

Wei Zhou et al., DBAIOps: A Reasoning LLM-Enhanced Database Operation and Maintenance System using Knowledge Graphs, VLDB 2026.

From offline experience integration to 
online graph-augmented diagnosis

Key Pipeline Steps
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DBAIOps: Graph-Grounded Diagnosis Memory for Database O&M Agents

Core Techniques
▪1. Correlation-aware Anomaly Perception
Metrics are processed by Anomaly Models to detect 
both explicit alerts and implicit metric correlations.

▪2. ExperienceGraph-based Semantic Grounding
O&M documents, scripts, historical cases, metrics, and 
tools are organized as heterogeneous graph paths.

▪3. Adaptive Evidence Exploration
Triggered anomaly vertices guide graph traversal; 
statistical clipping removes irrelevant paths.

▪4. Reasoning LLM for Actionable Diagnosis
The LLM reasons over retrieved graph paths and metric 
evidence to produce root causes and solutions.

Long-lived DBA experience becomes graph-grounded, reusable diagnosis memoryCore Insight
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DBAIOps as an L3-style Data Agent: Key Takeaway

1. Memory Reuse
• Experience graph stores DBA-style diagnosis paths 

rather than isolated document chunks.
• Anomaly models encode reusable multi-metric 

patterns of specific issues.

2. Skill Transfer
• Tool vertices link executable diagnosis scripts to 

experience paths.
• Graph paths function as reusable O&M playbooks 

for recurring anomalies.

3. State Management
• Triggered anomaly vertices, expanded graph, 

collected metrics, and diagnosis report.
• ADF decides whether graph exploration to new 

vertices continues or terminates.

4. Deterministic Verification
• Metric evidence and graph clipping constrain LLM 

reasoning.
• Reports target both DBAs and common users.

Key Distinction from Traditional O&M Diagnosis

Executable experience graph
not scattered rules or  chunks

Implicit correlation-aware detection
captures hidden metric-to-anomaly relations

▪Graph-guided root cause reasoning
grounds LLM diagnosis in evidence paths

From fragmented O&M experience to reusable DBA-style diagnosis paths
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Takeaway: Memory Is a Safety Contract for System-Changing Actions

• In Data Management, the challenge is not deciding what to do next, but deciding 
what can be trusted to run again. 

• Memory turns one-off interventions into reusable operational knowledge by preserving 
the conditions, risks, and observed outcomes behind each decision.

• Design Rule: Reliable automation requires remembered effects, not just recorded actions.

Workload
trace

1

Plan +
metrics

2

Tuning
action

3

Sandbox
verify

4

Promote or
rollback

5

State
workload snapshots · query

plans ·
indexes · knobs · DB metrics ·

action history

Memory

before/after effects · root-
cause

evidence · failed actions ·
rollback points

Skill reuse
tuning playbooks conditioned

on
workload, DBMS version,

hardware,
and safety constraints
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Source Tables v1.0

Profiling & Cleaning v1.1

Standardization v1.2

Entity Resolution v2.0

Validation

Quality Report Panel
Rules Decisions Provenance

DP must remember dataset versions, transformations, 
schema/entity decisions, and quality rules.

What matters is not only the final clean table, but also how it 
was produced.

The reusable unit is a cleaning / integration recipe, not a one-
off fix.

L1/L2 CleanAgent (2025)
Narrow but practical automation for data standardization.

L2-style AutoPrep (2025)
Multi-agent Planner → Programmer → Executor for question-aware preparation.

DP memory must be provenance-aware and reproducibility-aware

Scenario Lens — Data Preparation
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• Problem: Automatic data standardization — users express requirement once, system handles the rest
• Core Method: CleanAgent can interact with raw data and execution environment (like Python or 

Docker), receiving feedback to refine generated code during data standardization
• Introduce a memory module to maintain the historical conversation context

Data Cleaning: CleanAgent (VLDB Workshop 2025)

Qi D, Miao Z, Wang J. CleanAgent: Automating data standardization with llm-based agents[C]. VLDB 2025 Workshop: Data Driven AI.

Memory Lens

State: Current dataframe/column, target type,
generated API call, cleaned output
Memory: Local operation context within agent
conversation
Skill: External library functions (not newly distilled
procedural memory)

Good local verifiability via validation +
change report; weak long-lived memory
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AutoPrep Framework (VLDB 2025)
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• Inspired by DBMS, AutoPrep separates high-level (logical) data prep(DP) 
operations from the concrete codes (physical) for execution
– Phase 1: Task Planning. Design a Planner agent to generate all data prep tasks and plan 

them in sequence, i.e., a chain of logical operations (e.g., Derive)
– Phase 2: Task Programming & Execution. Assign the Programmer agent to implement 

each logical operation and an Executor agent for execution with iterative debugging

Main Idea: decompose the complex problem into smaller, manageable sub-tasks

Memory Lens
State: NL question, logical plan, code, outputs
Memory: Run-level intermediate prep state

DP as workflow: plan → code → exec. Persistent
lineage memory remains missing.



Takeaway: Memory Is Versioned Semantic Lineage
• In Data Preparation, the final clean table is not enough. A reliable data agent 

must remember how each transformation changed the data semantics, 
which rules were confirmed, and which versions remain reproducible.

• Design Rule: No verified lineage, no promotion to downstream analytics.

1

Raw table
v0

2

Profile
quality

3

</>

Transform
code

4

Intermediate
v1 / v2

5

Validate +
publish

State
dataset/schema versions ·

intermediate tables · constraints ·
matching pairs · pipeline stage

Memory
quality reports · transformation

lineage · confirmed rules ·
error patterns · schema mappings

Skill reuse
cleaning · integration ·

normalization · entity-resolution ·
recipes with preconditions and tests
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Scenario Lens — Data Analysis
• Root-cause analysis and executive reporting need evidence-aware reasoning memory

Business Question

Hypothesis Generation

SQL/Code Execution

Intermediate Results

Chart Generation

Executive Report

Evidence Chain Memory

Failed Hypotheses Validated Findings

Long-term Knowledge Report Templates

DA must remember hypotheses, SQL/code, intermediate 
results, charts, and report artifacts.
The key quality test is whether every insight is backed by an 
evidence trail.

The reusable unit is an analysis / visualization / reporting 
template.

L2 Alpha-SQL (ICML 2025)

L3-style DeepEye (SIGMOD 2026)

DA memory must be evidence-aware and reasoning-aware No evidence chain, no trustworthy insight

MCTS over partial SQL states

SDLC + workflow engine + memory
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The System Architecture of DeepEye

DeepEye: A Steerable Self-driving Data Agent System. SIGMOD 2026. https://arxiv.org/abs/2603.28889  
https://github.com/HKUSTDial/DeepEye 122
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The System Architecture of DeepEye

DeepEye: A Steerable Self-driving Data Agent System. SIGMOD 2026. https://arxiv.org/abs/2603.28889  
https://github.com/HKUSTDial/DeepEye 125
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The System Architecture of DeepEye
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DeepEye Takeaway: Workflow DAG Is Long-Horizon Memory

• DeepEye turns heterogeneous data analysis from short-context interaction into an 
inspectable workflow artifact. The agent does not only produce an answer; it preserves 
the executable path that produced the answer.

• State: node status · I/O ports · configurations · intermediate artifacts
• Memory: workflow DAG · execution logs · provenance · knowledge docs · SOP experience
• Skill reuse: reusable nodes and verified workflows (SOPs) that can be adapted to future tasks
• Verification: compiler, validator, optimizer, and executor make the workflow inspectable and 

controllable

• Design Rule: If an analysis cannot be inspected as a workflow artifact, it cannot be 
reliably reused.

DeepEye: A Steerable Self-driving Data Agent System. SIGMOD 2026. https://arxiv.org/abs/2603.28889  
https://github.com/HKUSTDial/DeepEye 131
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Takeaway: No Evidence Chain, No Trustworthy Insight

• In Data Analysis, memory must bind every claim to the reasoning path that 
produced it: question, hypothesis, SQL/code, intermediate results, visual 
evidence, and report text.

• Design Rule: Every insight should be traceable, replayable, and verifiable.

1

Business
question

ambiguous goal

2

Hypotheses
+ plan

decompose / branch

3

SQL / code
execution

query · script

4

Evidence
+ charts

tables · plots

5

Report /
action

recommendations

State
question decomposition · hypotheses

·
SQL/code · intermediate results ·

charts · draft report

Memory

validated/rejected hypotheses · failed
SQL ·

evidence tables · business definitions ·
user preferences

Skill reuse
KPI drill-down · cohort analysis ·

root-cause analysis ·
visualization/report templates
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Takeaway: What is common, what is different?
• Common pattern: execution traces can be distilled into reusable procedural memory. 
• Difference: each scenario has different state semantics and verification boundaries.

Dimension DM DP DA

Memory object System effects Data transformations Reasoning evidence

State granularity DB / workload / plan / 
config

Record / table / pipeline / 
version

Question / hypothesis / 
artifact / insight

Skill type Tuning + diagnosis 
playbook

Cleaning + integration 
recipe

Analysis + visualization + 
report template

Verifier Latency · throughput · cost 
· safety

Constraints · quality · 
downstream effect

SQL correctness · stats 
validity · evidence coverage

Main risk Unsafe production side 
effect Silent semantic corruption Unsupported insight / 

hallucination

Reuse boundary DBMS · workload · 
hardware

Schema · domain · data 
distribution

Business metric · goal · user 
context

DM remembers system effects; DP remembers data transformations; 
DA remembers reasoning evidence.
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A Common Substrate — Agentic Data File System
Unifying State, Memory, and Skill across DM, DP, and DA

Instead of each agent building its own isolated memory silo, the next generation of data 
agents requires a unified, persistent file system to manage long-horizon execution. 

Data Management Data Preparation Data Analysis

Agentic Data File System (ADFS)

State Space Checkpoints Intermediate Tables Execution Graphs

Memory Space Provenance Evidence Chains Diagnosis History

Skill Space Tuning Playbooks Cleaning Recipes Analysis Templates

ADFS-like Foundation: The foundational infrastructure for agentic state, memory, and skill reuse.
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From Memory Reuse to Agentic Evolution
The ultimate goal: Meta-agents that learn and evolve

Long-horizon reliability is not just about executing a single task perfectly. It is about building 
a system that accumulates experience, distills it into skills, and evolves over time.

1. Discovery

Agents explore the state 
space, generate 

hypotheses, and execute 
actions. Successes and 
failures are recorded in 

the Memory Space.

2. Distillation

Meta-agents analyze the 
memory space to identify 

successful patterns, 
abstracting them from 
specific contexts into 

generalized procedures.

3. Reuse

Distilled procedures are 
stored in the Skill Space

(e.g., ADFS) and retrieved 
by agents to solve similar 

future tasks efficiently.

4. Evolution

The system continuously 
refines its skills, 

deprecates outdated 
ones, and adapts to new 

data distributions and 
workloads autonomously.

Tutorial Takeaway

To build reliable Data Agents, we must move beyond short-context LLM calls. 
We need State to resume and branch execution, Memory to preserve provenance and evidence, Verification to 
control risk, and Skills to turn successful traces into reusable workflows.
The reusable unit is not a prompt or an answer, but a verified workflow artifact.
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Ø Part I: Data Agents: Motivation, Definition, Autonomy Levels, and Core Challenges

Ø Part II: Towards Autonomous Data Agents: Key Challenges and Current Practices
Ø Data-aware Workflow Orchestration & Cost-aware Execution

Ø Long-horizon Agentic State, Memory & Skill Reuse

Ø Semantic Grounding over Heterogeneous & Multimodal Data

Ø Part III: Research Opportunities and Open Challenges 

Outline
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Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)
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Symbolic operators (abstrac1ons) 
Tradi&onal DB operators whose logic is specified by explicit 

symbols: predicates, keys, expressions, rules

Semantic operators
AI-native operators whose logic is specified by natural 
language intent and interpreted by models/tools
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Symbolic Operators vs Semantic Operators: Join as an example
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sem_xxx(input data, intent/spec, context, model/tool, contract) 
→ data product + confidence + provenance

sem_filter(
input data = customer_reviews,
intent/spec = "keep reviews complaining about delivery delay",
context = product category, recent logistics policy, examples of delay complaints,
model/tool = small classifier + LLM verifier,
contract = precision ≥ 0.9, output review_id + rationale + evidence span

)

Output: filtered_reviews + confidence + provenance

What is a semantic operator?

sem_map sem_filter sem_extract sem_join sem_groupby sem_summarizesem_count
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Why seman1c operators are important to 
data agents?

- Inside databases
- Outside databases

142



Traditional Join
Symbolic predicate over already-clean values

JOIN(R, S) where R.a = S.b

Example SQL

FROM Customers C
JOIN Contracts D

ON C.name = D.customer_name

Works when both sides use exact keys or 
normalized values. Fails for aliases, translations, 
paraphrases, and ambiguity.

Misses: 阿里云→ Alibaba Cloud
Confuses: Alibaba Group ≠ Alibaba Cloud

Semantic Join
Semantic-based predicate grounded by evidence

JOIN(R, S) where sem_match(R.e, S.text)

Conceptual SQL

FROM Customers C
SEMANTIC JOIN Contracts D
ON sem_match(C.name, D.text)

Joins when the document refers to the same real-
world entity, even if the surface form differs.

Outputs: joined tuple + evidence span + confidence + 
provenance + constraint checks

from value 
equality

to entity identity

Alibaba Cloud  ->  D1   evidence: 阿里云 confidence: 0.96

Tencent Cloud  ->  D2   evidence: Tencent cloud division   confidence: 0.89

Alibaba Group  ->  D4   rejected: related but different entity

Symbolic Operators vs Semantic Operators: Join as an example
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Why semantic operators are important to 
data agents?

- Inside databases
- Outside databases
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Running example: analyze customer churn
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Running example: analyze customer churn
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Semantic operators have been widely studied by the database community
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Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)
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Semantic operators: Topic * Autonomy Map
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Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)
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Semantic operators: L1

, RetClean



Seman&c Operators: L1
Model tuning

Fine-tune or adapt LLMs for table 
understanding, table QA, extraction, and 
transformation.

Slogan

Table-tuning helps today; semantic 
operators survive tomorrow.

Limitation
Model-specific; hard to keep pace with fast LLM 
updates.

Data grounding

Retrieve better tuples, examples, documents, or 
evidence before asking the LLM.

Slogan

LLMs are strong reasoners; good data 
makes them reliable.

Limitation
Depends on retrieval quality; still mostly one-shot 
assistance.

Model distillation

Use large LLMs to teach smaller models for 
cheaper repeated execution.

Slogan

Need cheaper scale? Distill big-model 
intelligence into small-model execution.

Limitation
Cheaper but narrower; may fail on long-tail or 
complex cases.
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Seman&c Operators: L1
Model tuning

Fine-tune or adapt LLMs for table 
understanding, table QA, extraction, and 
transformation.

Slogan

Table-tuning helps today; semantic 
operators survive tomorrow.

Limitation
Model-specific; hard to keep pace with fast LLM 
updates.

Data grounding

Retrieve better tuples, examples, documents, or 
evidence before asking the LLM.

Slogan

LLMs are strong reasoners; good data 
makes them reliable.

Limitation
Depends on retrieval quality; still mostly one-shot 
assistance.

Model distillation

Use large LLMs to teach smaller models for 
cheaper repeated execution.

Slogan

Need cheaper scale? Distill big-model 
intelligence into small-model execution.

Limitation
Cheaper but narrower; may fail on long-tail or 
complex cases.
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Seman&c Operators: L1
Model tuning

Fine-tune or adapt LLMs for table 
understanding, table QA, extraction, and 
transformation.

Slogan

Table-tuning helps today; semantic 
operators survive tomorrow.

Limitation
Model-specific; hard to keep pace with fast LLM 
updates.

Data grounding

Retrieve better tuples, examples, documents, or 
evidence before asking the LLM.

Slogan

LLMs are strong reasoners; good data 
makes them reliable.

Limitation
Depends on retrieval quality; still mostly one-shot 
assistance.

Model distillation

Use large LLMs to teach smaller models for 
cheaper repeated execution.

Slogan

Need cheaper scale? Distill big-model 
intelligence into small-model execution.

Limitation
Cheaper but narrower; may fail on long-tail or 
complex cases.
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Question: Powerful closed-sourced LLMs can extract data, but can it be cheaper?168



Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Published as a conference paper at ICLR 2026

Figure 3: Overview of LITECOST, containing two stages: (1) CoST: Structure-First Reasoning and
Trace Generation through structure analysis, trace generation, quality verification, and iterative refine-
ment; and (2) SLM Fine-Tuning: SFT → GRPO process, including SFT for structure/format/steps,
followed by GRPO with dual signals for answer/format quality and process consistency.

corpus. Once the structure type is chosen, we invoke a dynamic schema construction procedure in
which the LLM parses the question and enumerates task-specific attributes/entities (e.g., Company,
Asset, Year), ensuring precise alignment with the question semantics.

(A2) CoST Trace Generation. Following structure analysis, we adopt an instruction-based chain-of-
thought paradigm that performs step-by-step reasoning to progressively generate the trace to guide
schema-aligned extraction. The task is specified through three key components: 1) task description,
a template specifying step-wise requirements; 2) input text, the source documents; and 3) the
dynamically generated schema. Guided by schema-informed instructions, a strong LLM extracts,
aligns, and serializes into a deterministic structured format, emitting both the reasoning trace and the
final structured output. The template of trace generation is provided in Appendix A.2.

(A3) Quality Verification. The module aims to assess the quality of the generated structured data by
evaluating its ability to answer the original question. Since ground-truth structured data is unavailable,
we adopt an LLM-as-Judge approach (Zheng et al., 2023), where a strong LLM evaluator (e.g., GPT-
4o) assesses the extracted responses. Inference outputs that exactly match the reference answers are
deemed correct and retained for subsequent training. Further details are provided in Appendix A.3.

(A4) Iterative Refinement. At its core, the module employs an Iterative Structuralizer that refines
low-quality samples by regenerating structured knowledge for GRPO training. Rather than discarding
flawed but challenging cases, it reuses them recursively with the question and context, reframing
the task as supplemental extraction and providing richer supervision than vanilla fine-tuning. The
iterative update rule, sufficiency evaluator, and stopping criteria are detailed in Appendix A.4.

Final Output. After the CoST pipeline, the final output is (c→, S→), where c→ is the CoST trace
(generated in A2), and S→ the structured output refined through quality verification (A3) and iterative
refinement (A4). This pair provides high-quality supervision for training and downstream reasoning.

3.2 STAGE B (G2): SLM FINE-TUNING (SFT → GRPO)
Given the supervised training data, LITECOST first warms up the model with Supervised Fine-Tuning
(SFT). We then apply reinforcement learning with Group Relative Policy Optimization (GRPO),
introducing a dual-level reward that jointly optimizes (1) outcome reward, which evaluates the format
compliance and answer correctness, and (2) process reward, which scores step-wise reasoning against
ground-truth evidence to enforce a reliable extraction path.

Training Data Template. Each training sample is defined as z = (i, d, c→, y→), where i is the question,
d the document input, c→ the CoST reasoning trace (enclosed by <reasoning>...</reasoning>),
and y→ the structured output (enclosed by <answer>...</answer>). In SFT, the model learns to
generate (c→, T →) from (i, d), while GRPO also conditions on (i, d) and optimizes with dual-level
rewards (process, outcome) against the verified targets.

4
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026) 
L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Semantic Operators: L1
Model tuning

Fine-tune or adapt LLMs for table 
understanding, table QA, extraction, and 
transformation.

Slogan

Table-tuning helps today; semantic 
operators survive tomorrow.

Limitation
Model-specific; hard to keep pace with fast LLM 
updates.

Data grounding

Retrieve better tuples, examples, documents, or 
evidence before asking the LLM.

Slogan

LLMs are strong reasoners; good data 
makes them reliable.

Limitation
Depends on retrieval quality; still mostly one-shot 
assistance.

Model distillation

Use large LLMs to teach smaller models for 
cheaper repeated execution.

Slogan

Need cheaper scale? Distill big-model 
intelligence into small-model execution.

Limitation
Cheaper but narrower; may fail on long-tail or 
complex cases.

Prompt Prompt +
Extracted Data

Prompt +
Retrieved Data

172



Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)
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Semantic operators: L2

174



Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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177

Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive



178

Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Challenges: Prompt-based Code Generation

1. Users often provide weak prompts, which describe imprecise or vague 
transformation requests 
-> rewrite as strong prompts

2. Strong prompts are not enough: need additional knowledge, code libraries 
-> optimized with executionfeedback



Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

L1

L2
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive Stage 1: Weak2Strong Prompt (L1)
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

L1

L2
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost, 
and explainable data transformation (VLDB 2025) 

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Stage 2: Prompt2Code (L2)

Prompt2Code Max Attempt

Intermediate Code

Final Code

Lazy-RAG  Sanity-
Check 

Reflection

Strong Prompt

Executor

✅❌

Fix Suggestion Relevant 
Docs

Code 
Generator

i

i

ii

iii
iii

ii
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Semantic Operators: L2

Transformation execution
MegaTran · Prompt2Code

Generate transformation code, run it, inspect errors, and repair 
with sanity-check reflection plus Lazy-RAG.

Slogan
From prompt to runnable operator.

Limitation
Weak2Strong improves the prompt; L2 is the execute–debug–retry 
loop. The pipeline is fixed.

Pipeline rewrite & validation
DocETL

Decompose document tasks, rewrite operator plans, and validate 
candidate outputs with agent-generated checks.

Slogan
Complex documents need plans, not one big prompt.

Limitation
Improves a given workflow; not full L3 orchestration.
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DocETL: Agentic query rewriting and evaluation for complex document processing (VLDB 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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DocETL: Agentic query rewriting and evaluation for complex document processing (VLDB 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive 1. Big picture — agentic optimizer for document pipelines.
2. Main rewrite example — split/gather for long documents.
3. Quality control — validation and refinement through gleaning.

Disclaimer: the figure is from the DocETL paper 185
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DocETL: Agentic query rewriting and evaluation for complex document processing (VLDB 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Three different ways of rendering chunk 3

Key insight: not only “chunk the document”, but “chunk the document and 
intelligently reconstruct the right context for each chunk”.

1. Big picture — agentic optimizer for document pipelines.
2. Main rewrite example — split/gather for long documents.
3. Quality control — validation and refinement through gleaning.

Disclaimer: the figure is from the DocETL paper
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DocETL: Agentic query rewriting and evaluation for complex document processing (VLDB 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

In DocETL, LLMs are not trusted as one-shot operators. They are wrapped inside an execution framework 
with validation, feedback, and refinement.

1. Big picture — agentic optimizer for document pipelines.
2. Main rewrite example — split/gather for long documents.
3. Quality control — validation and refinement through gleaning.

Disclaimer: the figure is from the DocETL paper



Semantic Operators: L2

Transformation execution
MegaTran · Prompt2Code

Generate transformation code, run it, inspect errors, and repair 
with sanity-check reflection plus Lazy-RAG.

Slogan
From prompt to runnable operator.

Limitation
Weak2Strong improves the prompt; L2 is the execute–debug–retry 
loop.

Pipeline rewrite & validation
DocETL

Decompose document tasks, rewrite operator plans, and validate 
candidate outputs with agent-generated checks.

Slogan
Complex documents need plans, not one big prompt.

Limitation
Improves a given workflow; not full L3 orchestration.
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Core Data Agent Challenges and Tutorial Roadmap

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)
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Document-to-Database: Extraction Meets Relational Semantics (VLDB 2026)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

190



Document-to-Database: Extraction Meets Relational Semantics (VLDB 2026)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Document-to-Database: Extraction Meets Relational Semantics (VLDB 2026)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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DataMosaic (VLDB 2026 Demo)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Semantic Operators: L3

Constraint-guided Doc2DB Construction
DataMosaic

It has a central orchestrator that coordinates entity 
extraction, relationship extraction, constraint verification, 
repair, and targeted re-extraction inside a closed extract–
verify–iterate loop

Slogan

Not just extract tables – construct databases.

Limitation
Requires automated fact-checking, external knowledge integration, 
and automated constraint mining as future directions.
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Palimpzest: Optimizing AI-Powered Analytics with Declarative Query Processing (CIDR 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Real Estate Search: In this use case, a homebuyer wants to use online real estate listing 
data to find a place that is 
(a) modern and attractive, and 
(b) within two miles of work. 

Disclaimer: the figure is from the Palimpzest paper 195



Palimpzest: Optimizing AI-Powered Analytics with Declarative Query Processing (CIDR 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Legal Discovery: In this use case, prosecutors conducting an investigation wish to identify 
emails from defendants which are 
(a) related to corporate fraud (e.g., by mentioning a specific fraudulent investment vehicle)      
(b) do not quote from a news article reporting on the business in question. 

Disclaimer: the figure is from the Palimpzest paper 196



Palimpzest: Optimizing AI-Powered Analytics with Declarative Query Processing (CIDR 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive
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Palimpzest: Optimizing AI-Powered Analytics with Declarative Query Processing (CIDR 2025)

L1 · suggest L2 · execute L3 · orchestrate L4 · proactive

Disclaimer: the figure is from the Palimpzest paper 198



Semantic Operators: L3

Constraint-guided Doc2DB Construction
DataMoasic

It has a central orchestrator that coordinates entity 
extraction, relationship extraction, constraint verification, 
repair, and targeted re-extraction inside a closed extract–
verify–iterate loop

Slogan

Not just extract tables – construct databases.

Limitation
Requires automated fact-checking, external knowledge integration, 
and automated constraint mining as future directions.

Declarative Query Processing
Palimpzest

If you zoom into one Palimpzest operation, such as a 
semantic convert or filter, then that operator itself looks like L2: it 
executes an AI-powered transformation and may use 
model/prompt/implementation choices. But the Palimpzest
paper as a whole is better classified as L3.

Slogan
From semantic operators to optimized AI pipelines.

Limitation
Does not yet discover the analysis goal, invent new operators, or 
autonomously manage the full end-to-end data workflow
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Core Data Agent Challenges Across Autonomy Levels

Level

Challenge L1 Assistance

Prompt-driven
Data Assistant

L2 Partial
Autonomy

Human-guided
Workflow Executor

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

L4 High
Autonomy

Proactive
Data Agent

L5 Full
Autonomy

Self-evolving
Autonomous Data Agent

C1. Data-aware
Workflow
Orchestration &
Cost-aware
Execution

C2. Long-horizon
Agentic State,
Memory & Skill
Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

Human-
designed
workflow; agent
suggests.

Execute human-
designed pipelines
with local feedback.

Auto-compose and
optimize workflows /
DAGs.

Proactively discover
tasks and plan long-
horizon execution.

Invent new
operators, tools,
and workflow
paradigms.

Stateless; no
persistent
memory.

Short-term task
memory and
execution feedback.

Workflow state +
provenance +
reusable skills /
SOPs.

Long-lived cross-
task memory and
shared skill reuse.

Self-evolving
knowledge and
skill base.

Prompt / few-shot
/ RAG-based
grounding.

Environment-aware
schema, entity, and
evidence
grounding.

Semantic catalog +
metadata +
multimodal
evidence alignment.

Continuous
semantic
maintenance over
evolving data lakes.

Create new
semantic
abstraction and
representations.

Progression Assist & Suggest Execute & Improve ≫ Orchestrate & Optimize ≫ Proactively Act ≫ Invent & Evolve≫
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Ø Part I: Data Agents: Motivation, Definition, Autonomy Levels, and Core Challenges

Ø Part II: Towards Autonomous Data Agents: Key Challenges and Current Practices
Ø Data-aware Workflow Orchestration & Cost-aware Execution

Ø Long-horizon Agentic State, Memory & Skill Reuse

Ø Semantic Grounding over Heterogeneous & Multimodal Data

Ø Part III: Research Opportunities and Open Challenges 

Outline
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Data Agent Opportunities in Data Lifecycle Management
① Data 

Generation
② Data 

Transform
③ Data 

Analytics
④ Data 

Engineering
⑤Data 
Usage

⑥Data 
Insight

① OLTP 
• Regression

• Cardinality/Cost 
Estimation

• Online Optimization
• Query Rewrite
• Plan Selection

• Offline Optimization
• Knob/Index/View Advisor

• Prediction
• Workload
• Resource
• Data

• Database QAs
• Database Diagnosis
• SQL Dialect Translation

② Data Transformation 
• Data Standardization

• Automate Extract, 
Transform, Load

• Auto schema mapping
• Identifying patterns
• Low code ETL
• Predictive auto-scaling
• Adaptive 

Transformation
• Multi-goal Optimization

• Change data capture
• Automate CDC
• Predictive analytics
• Reduce Human Cost

③ OLAP 
• In-Database ML

• In-Database Model
• In-Database Vector
• In-Database RAG
• Anomaly Detection
• Risk control analysis

• SQL+ML Analytics  
• TableQA
• In-DB Semantics Analytics

• Autonomous Analytics
• Autonomous workload 

management
• Autonomous data format
• Autonomous serverless

Data Agent Opportunities in Data Lifecycle Management
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Data Agent Opportunities in Data Lifecycle Management
① Data 

Generation
② Data 

Transform
③ Data 

Analytics
④ Data 

Engineering
⑤Data 
Usage

⑥Data 
Insight

④ Data Engineering  
• Data Preparation 

• Data Discovery
• Data Selection
• Data Cleaning
• Data Transformation
• Data Integration
• Data Generation
• Data Mixing
• Data Extraction
• Data Labeling
• Meta Data Manag.

• Data Flywheel
• Data Fabric

⑤ Descriptive Data Usage 
• Prompting

• Automation/Examples
• RAG

• Multi-hop RAG
• Graph RAG
• Agentic RAG 

• LLM Inference
• Prefill/Decoder disagg.
• KV cache
• Scheduling
• Data/Model/Resources 

Parallism
• Quantization 

⑥ Proactive Data Interpretation 
• Proactive Insights

• Trends summarization
• Insight discovery
• Predictive decision 

making
• Cognitive Analytics

• Proactive Data Agent
• Chat2Data
• Chat2BI
• NL2Viz
• In-DB Semantics Analytics
• Unstructured data 

analytics 
• Multi-model data analytics 

on data lake

Data Agent Opportunities in Data Lifecycle Management
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Conclusion

• Data+AI is important for data management and analytics

• It urges the use of Data+AI techniques to revolutionize data systems

• Data science, Data Analytics, Data Lake

• Data Agent is a promising direction for Database, Data, Data+AI
• Agent Orchestration and Scheduling
• Multi-Agents Interaction
• Agent Memory
• Proactive Data Management  

• Open-source systems for Data Agent
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Thank you!
Repo: https://github.com/HKUSTDial/awesome-data-agents
Paper: https://arxiv.org/pdf/2510.23587

Any Questions?


