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Introduction
The Dawn of Data Agents
A Tackling data-related tasks can be demanding

A Long-standing aspiration in data science and analytics:

LLMs and LLM agents are
bringing us closer to this vision

Data Preparation __‘_ 3
Data Analysis :é-

{9 Time-consuming

Labor-intensive

<3 Knowledge-heavy




Introduction

The Dawn of Data Agents

A Data Agent: a comprehensive architecture designed to orchestrate the Data + Al ecosystem, which

autonomously addresses a wide spectrum of [ :
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Introduction

The Dawn of Data Agents: An Example
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Introduction

Data Agents vs. General LLM Agents

Formally, a data agent O operates on raw data ‘'O within an environment ‘O (e.g., DBMS, code interpreters,
APIs, etc.), utilizing LLMs 0 , ultimately producing an output U to tackle the data-related task “Y:

5" YOROR) ) ©

Aspect

General LLM Agents

Data Agents

Primary Task and Content Centric: Data-Lifecycle Centric:
Focus Completing defined tasks or generating content. Data management, preparation, and analysis.
Problem Self-contained and Static: Exploratory and Dynamic:
Scope Acts on explicit instructions and a finite prompt. Actively explores and navigates vast, dynamic data lakes.
Small-Scale and Ready-to-Use: Large-Scal e and ARawo:
Input Data ) : : . . :
Typically receives manageable, clean inputs. Designed to handle heterogeneous, dynamic, and noisy raw data.
Tool General-Purpose Toolkit: Specialized Data Toolkit:
Invocation Web search, calculators, OCR, image generators, etc. DB loaders, SQL equivalence checker, visualization libraries, etc.
Primary Generative Artifacts: Data Products and Insights:
ou Human-consumable product: dialogues, reasoning, Configurations, processed data, insights, visualizations, analytical
P images, etc. report, etc.
Error Localized: Cascading:
Consequence | Typically affects limited to only the direct output. Errors can cascade, affecting downstream insights.




Introduction

The Terminological Ambiguity of Data Agents

A The term fAiData Agento is applied inconsistent |
A Sophisticated agentic data systems to autonomously interact with data lakes, invoke external tools,
orchestrate and optimize tailored pipelines for complex data-related tasks
A More rudimentary, narrowly scoped systems acting as simple query responders

DATA AG ENT ? Conflate systems of different autonomy,

reliability, and complexity under a
Imprecisely defined umbrella term.

U User-Side Risk: User expectation mismatch
SQL QUERY:
FROM... U Governance Risk: Unclear accountability

U Industry -Side Risk: Exaggeration and hype
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Precedent in Self-Driving

A Such a terminological ambiguity is not unprecedented:
Automotive industry and driving automation community had encountered similar challenges
A SAE introduced the J3016 standard, a six-level taxonomy for driving automation

LEVELS OF DRIVING AUTOMATION

_--
/ \
/ AR

Hierarchical Taxonomy for Data Agents

@
%

O
ZA

f"‘l

0

NO
AUTOMATION

Manual control. The
human performs all

driving tasks (steering,

acceleration, braking,
etc.).

DRIVER
ASSISTANCE

The vehicle features a
single automated
system (e.g. it monitors
speed through cruise
control).

PARTIAL
AUTOMATION

ADAS. The vehicle can
perform steering and
acceleration. The
human still monitors all
tasks and can take
control at any time

CONDITIONAL
AUTOMATION

Environmental detection
capabilities. The vehicle
can perform most
driving tasks, but
human override is still
required

HIGH
AUTOMATION

The vehicle performs all
driving tasks under
specific circumstances.
Geofencing is required
Human override is still
an option

FULL
AUTOMATION

The vehicle performs all
driving tasks under all
conditions. Zero human
attention or interaction
is required,

THE HUMAN MONITORS THE DRIVING ENVIRONMENT

THE AUTOMATED SYSTEM MONITORS THE DRIVING ENVIRONMENT




Hierarchical Taxonomy for Data Agents

We Advocate a Hierarchical Taxonomy for Data Agents

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

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

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

: 0 Human in charge ¢ Data Agent in charge 3
L}

: Level O Level 1 Level 2 Level 3 Level 4 Level 5

0 "\ - 2 2 2

0 7 . )

L}

L}

]

L}

]

ar

' w Solo Integrating wOrchestratlng w Overseeing Delegating

L} ° 9 9 . o :

: None Responder Procedural Autonomous Proactive Generative
) No Autonomy Assistance Partial Autonomy Conditional Autonomy  High Autonomy Full Autonomy
| ]



Hierarchical Taxonomy for Data Agents
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LO: Manual Labor in Early Ages

Human-driven Data Management, Preparation, Analysis

| need to analyze this CSV table.
First, | hope to convert Fahrenheit
degrees to Celsius...

nvironment

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

A Formally, the human "Ois responsible for the entire process, orchestrating (* ) pipeline b and
executing { ), while the data agent 0 is uninvolved yet:

o (Vo) © On (BROM0) © ¢
oq
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L1: Preliminary Assistance

Definition for L1 Data Agents (Assistance)

OK, let me write a python script to
read CSV and convert Fahrenhelt
degrees to Celsius. ~python...

| need to analyze this CSV table.
First, | hope to convert Fahrenheit
degrees to Celsius...

Level'o

@

L1 Data Agent

A Align with the early wave of LLM assistants
A Prompt-response paradigm: data agents act as nascent, stateless query-responsive assistants
A Incapable of perceiving and interacting with the environment
A Formally, the human "Oremains responsible for both pipeline orchestration (“ ) and execution § ),
while data agent 0 can respond i upon human query r for assistance
‘af ("YIOHO) © 0 (0hOROH) © 68
BN’ ) © |
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L1: Preliminary Assistance (Data Management)
Config Tuning: _-Tune (SIGMOD 2025)

A Construct prompt templates with information of OLAP
workload, hardware specification, target database system

A Prompt LLMs to generate/recommend multiple database
configuration candidates (SQL commands)

A Select the best configuration from the candidates

Workload Compression

Workload Compressor (ILP) Snippets

@, mc.company_type_id = ct.id
q mc.movie id = t.id
> > =
'\/é t.id = mc.movie_id
N7 mi idx.info type id = it.id

Prompt Generation

me C uration parameters em .
ers might include system-level configurations, like memory, query optimizer or query-
configuration s .
a row in the following list has the following format:
a join key A):{all the joins with A in the workload}

. like index recommendations

tle.mov d: [ fo.movie_id' 1 d')

nfo.per; d: ['ak .person_id' d')

ame.id: [ £ n_role id']

ompani pany_id: [ mpany_nam d')

rkl Y th the foll ng sp y: 61G 8

Configuration Evaluator

E‘;E%C O

()

Configuration Selector

Configurations
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CTA Query

R

What is the semantic
type of Col M?

2 |

{label_1, ..., label_n}

&

>

Knowledge Graph

A A

L

A

L1: Preliminary Assistance (Data Preparation)

Data Discovery: RACOON (TRL@NeurlPS 2024)

A Retrieval matching entities and relevant knowledge in the accompanying knowledge graph
A Construct contextual information based on retrieved knowledge
A Augment the prompt to enhance the performance of column-type annotation

>o Processor >

O—@
o—@

ntity Label | Entity Triplet

LLM

Racoon
4

"

> o Augmentor

> 190

Instruction

Your task is to look
at and assign ...

Serialization

\

* Context
Given this table,

Composition

Vanilla Prompt *

¥

© Retriever

wp N

to look at ...

4

Instruction |* Context
Your task is | Given this

* Labels
table ...

annotate ...

1dwolid pauswbny-ny

Select from {label_1,
..., label_n}




L1: Preliminary Assistance (Data Analysis)

Structured Data Analysis: Dater (SIGIR 2023)

A Prompt LLMs to decompose huge tables into sub-tables, questions into sub-questions
A Tackle sub-questions using intermediate SQLs generated by LLMs
A Deploy LLMs to reason the final answer

Evidence Decomposer

pate | visttor | Seore | e | Decision | Attendance | Record sub-table
Feb.2 | minnersota | 4-1 | columbus |backstorm 18529 30_'319 Date Visitor | Home
. [ . 30-19 Feb. 2 minnersota | columbus Reasoner
Feb. 5 detroit 3-2 | minnersota | backstorm 18568 - |
= (LLMs)
| | Feb. 7 dallas minnersota
Feb.7 dallas 1-0 | minnersota  backstorm 18568 30_'420
Feb.9 | ™ |34 | dallas |backstorm| 18568 e
Evidence : . .
sub-question reliable sub-question
Decomposers {...} times Minnesota played at home. {6} times Minnesota played at home.
(LLMs) {...} times Minnesota played away. {8} times Minnesota played away.
parsing l fillingI
Question 1}
) ) ) SELECT COUNT(*) e
during the 2007 - 08 minnesota wild FROM w WHERE home = ‘Minesota’ : :
season , minnesota played at home TS (S 0 execute Interpreter Lo
. UNT I 1
more times than they played away. FROM w WHERE visitor = ‘Minesota’ 8

Question Decomposer
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L1: Preliminary Assistance (Progress and Limitations)

Progress: Efficiency in Routine Tasks

A Query -Responsive Assistance: interpret and respond to user queries on demand
A Efficiency Boost: improve efficiency by offloading trivial and routine operations, such as unit
conversions or standard preprocessing code generation.

A Lowering Barriers: lower comprehension barriers for non-technique or novice users

Limitations of L1 Data Agents

A StatelessNature: oper ate i espfomrsemptparadi gm without

A Lack of Perception: unable to perceive or interact with the external environment (databases,
APIs) autonomously, preventing a closed-loop refinement and optimization

A 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.

16
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L2: Perceive the Environment

Definition for L2 Data Agents (Partial Autonomy)

o I

My NL2SQL system should interpret query, explore
databases and make a plan, then generate SQL and
reflect based on execution results...

I wanna convert users’ natural
Ianguage queries into SQLs!

Design &

>
Orchestrate
Pipeline L2 Data Agent

2 (Percepton ) (Cpraming ): i
<‘E ] [ Memory ] [ Tool Calling ] 1 §
0 ? =
: mm :
y )

Environment f5) Key Factors

Data agents can perceive and interact with the environment (e.g., data lakes, DBMS, code interpreters,
APIls, etc.), enabling partial autonomy to perform task-specific procedures independently.
Data agents operate within human-orchestrated pipelines
The data agent 0 gains environmental perception and interaction capabilities (OHO), capable of handling
specific data-related tasks by executing ¢ ) pipeline 0 orchestrated by human O

af ('VORO)© 08 64 (GHOMOM ) © ©
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L2: Perceive the Environment (Data Management)

Config Tuning: AgentTune (SIGMOD 2025)

A Decompose the tuning process into specialized agents: Workload Analyzer, Knob Selector, Range
Pruner, and Configuration Recommender
A Refine the configuration based on DBMS feedback (performance and execution features) and

generate new candidate configurations for a beam search strategy

@ User
Request

=] —P

Workload
Analyzer

_______________

Workload
Features

Query Semantic Features

*  Workload scale
e R/W ratio

Data Access Features

*  Distribution of access
across tables

Execution Features

* CPU utilization rate
»  Buffer pool hit ratio

© Knob Selector

Database Knobs

i

’@ LILM

'
GG -

O Range Pruner

Revised Knob Range
Control =

KnobJ.I_I_I_L
vt/

—

© Configuration Recommender

ste s b, Wb, ot
v U ¥ ¥
Special Min Max p

Value Value Value

Selected
Database Knobs

3
> @LLM

>
Knob with @ LLM
Pruned Range

Default @ i
Configuration '_%
& % w
e v Jor Jor T
Selected Config.
Je O e et

High-quality
Configuration
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L2: Perceive the Environment (Data Preparation)

Data Cleaning: CleanAgent (VLDB Workshop 2025)

A CleanAgent can interact with raw data and execution environment (like Python or Docker),
receiving feedback to refine generated code during data standardization
A Introduce a memory module to maintain the historical conversation context

oD
Table T l [ Standardized
+ User’s Requirements Table T’
CleanAgent
€@ Historical © Historical
Message Chat Message
Manager _

Column-type @ C;: email ‘ OSuccessI_Error o

C,: phone Execution

Annotator Executor
o O df = clean_email( l I
9 Historical df, nemailn)

Message df = clean_date( Tools
df, “ date”) TPy *

‘ e docker
{ ToolsCl I) \_. é
A L
%o

python’eataprep ) Python
Programmer

i Until successfully
u standardize input table T
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L2: Perceive the Environment (Data Analysis)

Structured Data Analysis: ReFORCE (arXiv 2025)

A Actively explore and interact with databases through an iterative column exploration mechanism,
guided by execution feedback
A Enable progressive self-correction and self-improvement during NL2SQL translation

Q: Which single port, listed under region number '6585', is located within a U.S. | Step4. Column Exploration for 4 Threads |
state boundary and appears most frequently inside the geographic areas of |5 ——— .
named tropical storms with wind speeds of at least 35 knots in the North Atlantic o puee e G [P BEE il s e
basin, excluding those labeled 'NOT_NAMED'? sort_longitude, port geon FROM 0 T
“bigquery-public ta.geo_international_ports.world_port_index”
@ | Step1. Database Information Compression Self-Correct WHERE region_number = LIMIT 20;

{'status': 'error', 'error_msg': "##ERROR##400 Column port_geom
of type GEOGRAPHY cannot be used in SELECT DISTINCT at [8:3]}

Table full name: bigquery-public-data.noaa_hurricanes.hurricanes
Column name: sid Type: STRING Description: Storm Identifier. S e --Description / Thinking process:

Table full name: bigquery-public-data.geo_us_boundaries.zip_codes ( )d Tscrlp — ] -- Error arose because GEOGRAPHY columns cannot be with DISTINCT.
Column name: zip_code Type: STRING ES MO UL -- Solution: remove ‘port geom’ from the DISTINCT list.

External knowledge that might be helpful: (c). Table-level ITLM' -- Goal: identify ports belonging to region 6585

# BigQuery UDF Definitions: ... based schema linking SELECT DISTINCT port_name, country, port_latitude, port_longitude

The table structure information is ({database name: {schema name: [table name[}}): ... GRts) " G-l hiten e AU [erifad Bl e e

WHERE region_number = LIMIT 20;
@ | Step2. Candidates Generation ‘ > | Step3. Majority Voting: 8

(a). Table Grouping

e

index_number, port_name, country,port_latitude,port_longitude
8570,MAYPORT,US, 30.4, -81,4333

Failed to Reach a Consencus 8180,CAPE CHARLES,US, 37. 266667, -76. 016667
______________ " -- SQL2. Identify which of those ports fall inside a U.S. state
port_name ] boundary (keeps port_geom, no DISTINCT used).
= gS_QEJJ:HHFjQ;RTH _: E:> index_number,port_name,state_name,port_geom
B ' 7430,QUONSET POINT,Rhode Island,POINT(-71.441 5833333333333) ...
port name !
._p_li’iBEE_S:rp_N_: -- SQL6. Count how many 235 kt storm points (within km) each

candidate port experiences.

index_number, port_name,storm_hits
e 8440 ,SWANSBORO, 131

(2)o
aVe
k/7\}

Agent port_name EO 8430, MOREHEAD CITY, 130
[ CHARLESTON ) = 8420,BEAUFORT, 130
| [ : -- SQL7. FINAL ANSWER - the single U.S. port (region ) most
Databases 'l_p_qrt_—_n_a_n_]?'_(_:ﬁ_A_F\’_L_E_S_-l_—QN_ _; Step6. Majority VOtil'Ig: @ frequently intersected by named 2 kt storms.
! port_name: CHARLESTON ! :D Concencus Enforcement Eﬁ:;;ﬁgig:e”‘f"""t

‘\ Step5. Redo Candidates Generation

Based on Exploration Results
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L2: Perceive the Environment

The Glass Celling of L2 Data Agents (Limitations)

A Progress & Perception & Interaction:
A L2 data agents can connect to real-world systems, autonomously executing specific
procedures and optimizing based on environmental feedback
A Dependence on Human -Designed Pipelines:
A L2 data agents comply with pre-established pipelines orchestrated by humans, lacking the
ability to independently orchestrate task-tailored new pipelines
A L2 data agents operate within human-crafted agentic modules, architectures, and collaboration
mechanisms
A Task-Specific Rigidity:
A Systems are closely tied to specific tasks/domains (e.g., modules specialized only for NL2SQL)
A Lack of versatility and generalizability to handle diverse and comprehensive tasks that
potentially span the full data lifecycle in real-world scenarios
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L3: Striving for Autonomous Data Agents

Definition for L3 Data Agents (Conditional Autonomy)

A 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

A Critical Leap: data agents assume task dominance from L3, while humans oversee the process.

A Formally, the data agent 0 autonomously manages the entire pipeline from orchestration “ to execution
7 , tackling versatile and comprehensive data-related tasks “Yunder human "Osupervision:

o¢ ("Yiohom ) © OIf (OROHOMD ) © 68 "OfYo 1) Qi D i Q 2



