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A "Simple” Data Analysis Case

The data are multi-source and heterogeneous.

context/ Data Sources Description

The data source types under the context/ directory vary by task. The participant's Agent must detect and read
the subdirectories and files that actually exist:

context/

B3 csv/
- sales_2023.csv

= products.csv
(] db/

— Q shop.sqglite

— @ warehouse.db

(] json/
- [@) orders.json
i customers.json

£3 doc/

s

- -] data_dictionary.md
- D analysis_report.md

D knowledge.md

Subdirectory / File

E csv/

D json/

@ doc/

AN
D knowledge.md

Content Type

Structured

sy lables

B m

SQlLite
Database

Structured
Data

Data
Documentation

Background
Knowledge

Description

One or more CSV files,
directly readable with pandas
and other tools

One or more .sqlite / .db
files containing multiple
relational tables

Semi-structured data files
in JSON format

Data reports and analysis
documents in Markdown
or other formats

Background knowledge
document related to the task,
including business definitions
and terminology explanations
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The reasoning is diverse.

- Sequential Chain
A

Each step depends on the previous step's output. Errors
propagate downstream.

&9 Branching & Merging

B1 B2

C (merge)

Parallel sub-queries across different data sources, then merge
results.

C Iterative Loop

Iterative refinement where the agent revisits and corrects
intermediate results.




Database - Data Systems

Database Data System

Understanding
s Unstructured + structured

Reasoning

Semantics

Generation

= Open World

Planning

Autonomy
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Autonomous Data System

An autonomous system is crucial for Data+Al applications.

Data/Query/Business NLP & Semantics  gemantic Data Organization

Understanding Gaps ' Semantic Query Parsing
Lack of Semantic Understanding

. Planning . )
Task Reasoning Gaps -~ Pipeline Orchestration
Absence of Reasoning
. Reasoning ~ LLM/Code/Tool Hybrid
Adaptability Gaps Generation ' Execution

Limited Adaptability



Data Agent (Agentic Data System)

Autonomously executes data tasks without human intervention,

creating an E2E autonomous loop from raw data to business actions.

« 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

Management

Data ]
Preparation

Config Tun.
Query Opt.
Sys. Diag.

-~ Data Clean.

-~ Data Integ.

Data

Analysis

-~ Data Disc.

Struct.
TableQA,
NL2SQL,

NL2VIS

-~ Unstruct.

- Report Gen. g



Data Agent (Agentic Data System)

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

Agentic Data Systems

(Config Tuning) (Query Opt.) ( Data Cleaning ] ( Data Integ. ]

* Unstructured Data Agent

Structured Data Analysis ] ( Unstructured Data Analysis )”

( System Diagnosis ] ( Data Discovery )

' NL2SQL j{ NL2VIS ! TableQA j--- (__ Report Generation )

IDENDIENNEN. SSRGSty

Data Management Data Preparation

e Semantic Structured Data Agent
* Data Lake Agent
* Multi-Modal Data Agent

3 Data Agent

* Data Management Agent

* Data Preparation

Semi-structured Data

Data Lake

Unstructured Data
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Data Agent: Framework

« A holistic view of diverse sources to unify data-related tasks

@ 0 @

Data Inference ;
Infe rence Data loT Mobile apps Web
System Preparation < %
Email Social Documents
media
S )
MOdeI Relational Business Images/video
Infe rence databases applications
o / -
'y !d - - _ _ N :
‘ _» Tr;mmg Model @ Fine- Flmla)-tunlng \ PRIVATE DATA 7
of OPEN | O Pre :::tion franing LCLIL Pre :::tion BE&E |
| DATA P e 1’5 0 m§
A —— .y
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| | 4 X

®

T

e
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Data Flywheel

]

Rely on labor-intensive coding,
hard for Adaptability ®

e Manual Intervention — Autonomy

)
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Scenario: Data Management

2) Data Agent Workflow

g & °a %2 %

= Groundon ™ Analyze ™ Invoke DM - Verify &

'1) User Request‘

A sales dashboard
query now takes
42s.Can you
optimize it and
explain why it is

Understand

system lans &
slow? workload y P tools recommend @D Optimized SQL/
. Use SQL rewrite, . = indexes
e | DS apeciquarypin | eraen, | vadsclaeney ||
workload and resource 16, £ Il tuning, and system return actionable ITT p
context. signals. diagnosis tools. fixes.

/4 Verified improvement

Data-Agent-specific core nll 425 - 3.8

Clear diagnosis

|
|
|
|
|
|
|
| evidence bottlenecks
|
|
|
|
|
|
| root cause +

élli} Planning &Tool Use g Memory @Verification

_________________________________ v = ded acti
Analyst / DBA A A N A recommended actions
’ 1 1 [ I
1 1 1 1
Evidence & Context Used by the Data Agent Why this is a Data Agent (not just an LLM agent)
Schema & Workload logs Execution plans System metrics * Grounded in live database evidence
metadata I:;g [ 4 .
tables, columns, SQL text,frequency, operators, costs, N CPU, memory, /0, * Uses specialized data-system tools
indexes, latency patterns cardinalities waits, locks . _
constraints e 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.

o 12 o o o
¢ , & L& X U

Discover - Profile data - Clean & - Resolve & Validate &

sources quality standardize integrate publish g Unified customer-
=
tables, values, outliers, rules, entities constraints, lineage, ~
logs, documents, drift, normalization, and and join multi- and release a 1] Higher data quality
and schemas. and conflicts. schema alignment. source feature-
records. ready table.

Feature-ready

Data-Agent-specific core dataset

|

|

|

|

|

|

|

Find relevant Detect missing Apply cleaning Deduplicate Check quality | = 360 table

|

|

|

|

. cgs  _ac |

é][g’} Planning &Tool Use g Memory @ Verification |

Py Duplicate rate

Sl ----———_——_—_——_—_———— o 18% — 1.2%
Data Scientist / Analyst A A A A
: g 1 1 1 1
Evidence & Context Used by the Data Agent Why this is a Data Agent (not just an LLM agent)
CRM data Orders & Web logs Support tickets e Grounded in heterogeneous enterprise data
EE_!, : _\II_? transactions @ @ , , : :
profiles, products, spend SeSSIoNs. Bvents issues, e Executes cleaning and integration tools
contacts, returns campaign signals categories, , Tracks lineage and validates quality before
segments resolutions publishing
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Scenario: Data Analysis

2) Data Agent Workflow

@ 2 3 @ 5
@»%»@»m =

I
I
I
I
I
I
| question data evidence report
I
I
I
I
I
I

1) User Request 3) Outcome

Revenue dropped in
APAC last month.
Find the main

causes and prepare =) —
an executive report. Understand Query Analyze Generate Summarize
the structured unstructured insights &
@ Root causes identified
Define KPI, scope, Retrieve sales, Read reviews, Compare
time period, and customer, and tickets, segments, Produce a tra}ceable @ _ _
drill-down operational and textual test hypotheses, report with Multi-source evidence
dimensions. signals. feedback. and create charts. recommendations.

Executive report +

Data-Agent-specific core charts

Plannin Tool Use Memor Verification
Q]E? 9 & @ y @ @ 3 prioritized actions

Business Analyst

/ Manager ‘__4______* _____ $_____? _________
1 ! L L .l .. i ]
Evidence & Context Used by the Data Agent Why this is a Data Agent (not just an LLM agent)
e Combines structured and unstructured data
Sales tables Customer reviews ~  Support tickets __ Business KPIs Grounds reasoning in executable
1| orders, revenue, . i} . trend [ /\ targets, budget, ° ) .
product, region rat'rt'gs’ C?mme”ts’ 'StS‘tJe L‘?”t S, seasonality queries and evidence
- ’ ’ sentimen status histor ’ . . .
time Y churn e Delivers traceable, reproducible analysis
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Data Agents vs. General LLM Agents

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

A:(T,D,E,M) - O

General LLM Agents Data Agents
« Automate general user tasks  Solve data-centric tasks over data systems
Core Goal | Generate or organize content » Support analysis, optimization, operation, and governance
* Assist with planning, search, writing, and » Produce verifiable data artifacts, e.g., SQL, reports, dashboards,
dialogue workflows
* Reason over prompts and limited context » Ground reasoning in schemas, data values, metadata, and
* Invoke generic tools, e.g., search, constraints
Core Iculat « Execute over large, het d dynamic dat
Capabilities calculator | | xecute over large, heterogeneous, and dynamic data sources
* Rely mainly on user inspection for error * Detect, verify, repair, trace, and roll back errors before they
correction propagate
. ) Ch.a.t oI Elie pe.rsorlwal SRR "  Data intelligence: Text-to-SQL, Table QA, autonomous analysis
Typical » Writing, summarization, search, and writing : : ) _ .
A )  Business intelligence: dashboards, reports, decision support
Applications | * General task planning and content _ : . N
generation » Data systems: ETL, cleaning, tuning, optimization, governance
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Data Agents: Errors Come in All Shapes and Size _

One agent, many failure modes

User query "Schema hallucination |

€0)) 1. Perception & Intent Errors

Intent misinterpretation

=\
| Wrong SQL (Wrong Join) « &

Please analyze the profit Database Schema (Hallucinated)
. growth of VIP customers . -
A Bl in East China in the last quarter customer_orders S SELECT a.region, SUM(b.profit)

FROM orders a

»
. i i Long-horizon
(PDF + table + voice) cust_id name | region : vip_level | ... JOIN' customers b Start — S(ep} — Step2 — Step3 g-Norizo!
I ‘ -

s X planning collapse

! INT | TEXT | TEXT | BOOLEAN : (ON a.id = b.id -- wrong join! & 2 " =
» s ; %F table parsing error L__'___; GROUP BY a.region; A
(S ..||||..3“§5 B Multi e Infinite loops &
ultimodal parsing failure = . - ; : ;
\;_;‘;,Q x| e s 4 x P Region | Sales | Profit | ' Regon  Sales | Profit , T ineffective retries
East China | 12,580 | 2,350 East | 12,580 2,350 \ e
e s 9,860 1,520 ¥ .
: id name age | Sch halliinat South China 9,860 = 1,520 South e . region profit A—— p Wrong dependency
- : North 8, y , : :
! INT TEXT INT chema hallucination North China = 8,430 1,210 o ; East 9,999,999 ordenng
South 9,876,543
Profit = revenue - cost Profit calculation error v : -4 North | 9,654,321

: , ' Wrong tool
Profit = revenue - cost E e — L selection

= 2,350 / 12,580 § :

= 18.69%

=500 - 300 Missing implicit
commonsense

=200 X =-200

3. Interaction & Execution Errors 4. Evaluation & Output Errors

"'\l .'Lﬁ’
3 H < : : : . _> Bl SQL Result
Execution timeout & p . 4

region O Silent errors
timeout  resource exhaustion

East

ModuleNotFoundError Missing runtime & - s ~ & 1/

Visualization
= ¢ disasters

'

No module named 'xxx dependencies

ACCESS DENIED Unauthorized access &
[ Permission denied ' security blocking

Prompt (120K tokens)

,

<A ;"a‘;l‘;‘,”\‘/‘;‘;’°‘“ Overconfidence &
//\/ confident! blind confirmation

Analysis complete! Everything
Context (P looks normat Looks successful,
s 3¢ Conclusion: Profit in East China but actually
i = - increased significantly!
explosmn o s 7 X - ) Recommendation: Keep the /)WTOHQ

current strategy. ;\C\Ua\\‘j wﬂg

. (truncated)

Chaotic Failure Ecosystem (just the tip of the iceberg)

A antic drift 5t Ur)it Data quality Null =N Fprmal | _Encoding Timezone (X} Conc.urrency <> Cache. o API rate Thirgj-par;y = Netwo(}( Result‘ b Missing
4r Semantic mismatch A issues traps =T disorder ‘</>J issues errors AR conflicts > inconsistency v limiting service failure * instability truncation a logs 1 5



Data Agents: Errors Come in All Shapes and Size _

One agent, many failure modes

Pleasa analyze the profit Database Schema (Hallucinated)
growth of VIP customers - . -
in East China in the last quarter customer_orders S ELECT a.region, SUM(b.profit)

‘e : FROM orders a G Long-hori
iei 2 >DF + table + voice) ¢ id : : oilevel [ ; Start — Stepl — Step2 — Step3 Ong_ orizon
Intent misinterpretation custid | name | region | vip_level | ‘ JOIN customers b , 5% planning collapse
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I
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S~ . "Schema hallucination |
] ery J =
(0)) 1. Perception & Intent Errors ser qu : (" Wrong SQL (Wrong Jon) =+

(o ¢ mee’ i : R

} '-‘;,‘ .|||||..m( k!) Multimodal parsing failure Ry Region | Sales | Profit

26 % X X EastChin. 12580 | 2,350 East | 12,560 2,350
e e — \

& ! id name age | Y South China 9,860 1,520 South = 9,860 1,520

S | INT TEXT  INT Schema hallucination North China | 8,430 1,210 North 8,430 1,210
1

Infinite loops &
ineffective retries

region profit e O Wrong dependency
East 9,999,999 ‘ ordering
—— South 9,876,543
it = - S rofit calculation error : . ' orth
e = ;;\;em;eoo = Missing implicit v 5 7 , 2:654.221 Wrong tool
: % 5 commonsense Profit = revenue - cost X e . .~ selection
=200 X =-200 = 2,350 / 12,580 ' “

= 18.69%

3. Interaction & Execution Errors 4. Evaluation & Output Errors

\"\l ,'*3
. : P SQL Result

Execution timeout & | : 5 region O Silent errors
timeout  resource exhaustion -

>~
S5

Visualization
disasters

ModuleNotFoundError Missing runtime

'

J,
No module named 'xxx dependencies 5

-~

N i \ P - : s g = ] The trend looks
ACCESS DENIED  Unauthorized access & v — . > AT it Overconfidence &
[ Permission denied security blocking - ¢ i = — p confident! blind confirmation

Prompt (120K tokens) ' \ - Sy — = Analysis completel Everything Looks successful,

looks normal!
Context 3 @ Conclusion: Profit in East China but actually
= explosion “= increased significantly!
. (truncated)

Recommendation: Keep the mwrong
current strategy. ;\C\Ua\\‘j w(/

Chaotic Failure Ecosystem (just the tip of the iceberg)

SN antic drift 5t Ur)it Data quality Null =N Fprmal a1 _Encoding Timezone [ X Conc.urrency <> Cache. o API rate Thirgj-par;y = Network Result‘ b Missing
4r St i mismatch A issues traps =T disorder ‘</>J issues errors MR conflicts > inconsistency v limiting service failure * instability truncation a logs ,I 6



Data Agents: Errors Come in All Shapes an

One agent, many failure modes

€0)) 1. Perception & Intent Errors

- -

\7. I | | ;
lﬁ“)xllhl nux \!J *

D —————

I id name age
—l

i INT TEXT INT
1

Profit = revenue - cost
=500 - 300
=200 X =-200

Intent misinterpretation

Multimodal parsing failure

Schema hallucination

Missing implicit
commonsense

3. Interaction & Execution Errors

timeout

ModuleNotFoundError
No module named 'xxx

ACCESS DENIED
[ Permission denied

Prompt (120K tokens)

'

. (truncated)

Execution timeout &
resource exhaustion

Missing runtime
dependencies

Unauthorized access &
security blocking

Context
explosion

User query
Please analyze the profit
growth of VIP customers

(PDF + table + voice)

( PDF table parsing error )

Region Sales | Profit Region
East China | 12,580 2,350 East
South China 9,860 = 1,520 South
North China = 8,430 1,210 North

Profit = revenue - cost
= 2,350 / 12,580
= 18.69%

Chaotic Failure Ecosystem (just the tip of the iceberg)

"4\" Semantic drift 5t Unit

mismatch

A Data quality
issues

»
Null = Format PR ‘
traps =T disorder (

VT |
Profit calculation error

in East China in the last quarter

Sales | Profit
12,560 | 2,350
9,860 1,520
8,430 1,210

Encoding

J issues

Schema hallucination |
Database Schema (Hallucinated)

customer_orders A
o = S

I I
cust_id name @ region : vip_level | ...
|

TEXT | BOOLEAN :
|

INT TEXT

k__r___l

Timezone
errors AR conflicts

@ e Concurrency <> Cache

inconsistency

| Wrong SQL (Wrong Joi; oo

SELECT a.region, SUM(b.prof't)
FROM orders a

JOIN cust¢

(ON a.id =

GROUP BY

region profit

East 9,999,999
South 9,876,543
North 9,654,321

APl rate

ii- limiting

service failure

d Civa

Start — Stepl — Step2 —» Step3

“5—X

SQL Query —p ej X
Ly

\"\l é Lﬁ’

SQL Result

East

>~

\J
. | -

~
The trend looks

~ stable! Very
confident!

ol

Analysis complete! Everything

@ looks normal!
Conclusion: Profit in East China
“= increased significantly!

Long-horizon
planning collapse

Infinite loops &
ineffective retries

Wrong dependency
ordering

Wrong tool
selection

4. Evaluation & Output Errors
(V)

Silent errors

Visualization
disasters

Overconfidence &
blind confirmation

Looks successful,
but actually

Recommendation: Keep the mwrong
current strategy. ;\C\Ua\\‘j w(/

= Network LT
* instability truncation

g Missing el
logs



Data Agents: Errors Come in All Shapes and Size _

One agent, many failure modes

User query "Schema hallucination |

Please,agalyze the profi Database Schema (Hallucinated)
growth of VIP customers

in East China in the last quarter customer_orders PP
(PDF + table + voice)

€0)) 1. Perception & Intent Errors

Intent misinterpretation

| Wrong SQL (Wrong Joi; oo

SELECT a.region, SUM(b.profit)

>
FROM orders a Start — Stepl — Step2 — Step3 Long-horlzon

, JOIN customers b , 3 -4 % Pplanning collapse
INT | TEXT | TEXT | BOOLEAN : (ON a.id = b.id -- wrong join! & : !
|

" PDF table parsing error ) e GROUP BY a.region; A

I I
cust_id name @ region : vip_level | ...
|

(o ¢ ‘mee” Z ) . '
}ﬁ“""'|||"'rlx(x k!J s Multimodal parsing failure

Infinite loops &

Region | Ssles | Profit Region Sales | Profit ineffective retries

East China | 12,580 2,350 East | 12,580 | 2,350
South China 9,860 = 1,520 South | 9,860 1,520
North China = 8,430 1,210 North 8430 1,210

T
I id name age

v inati 5o profit A < Wrong dependenc
=l INT TEXT INT Schema hallucination g dep y

East 9,999,999 ‘ ordering
S

. outh 9,876,543

Profit = revenue - cost Profit calculation error v : : -4 North | 9,654,321
=500 - 300

=200 X =-200

Missing implicit
commonsense

: , ' Wrong tool
Profit = revenue - cost E e — : selection

= 2,350 / 12,580 §

= 18.69%

3. Interaction & Execution Errors 4. Evaluation & Output Errors

"'\l é Lﬁ’
SQL Result

region O Silent errors

East

Execution timeout &
timeout  resource exhaustion

"~
S5

Visualization
disasters

ModuleNotFoundError Missing runtime
No module named 'xxx' dependencies

ACCESS DENIED Unauthorized access &
[ Permission denied ' security blocking

Prompt (120K tokens)

J
N

,

" Thetrend looks Overconfidence &

stable! Ve s 3 5
/«/\/ i blind confirmation

Analysis complete! Everything
Context (P looks normat Looks successful,
s 3¢ Conclusion: Profit in East China but actually

explosion increased significancly!

. (truncated)

Recommendation: Keep the mwrong
current strategy. ;\C\Ua\\‘j w(/

Chaotic Failure Ecosystem (just the tip of the iceberg)

N antic drift 5t Ur)it Data quality Null =N Fprmal a1 _Encoding Timezone [ X Conc.urrency <> Cache. o API rate Thirgj-par;y = Network Result‘ b Missing
4r St i mismatch A issues traps =T disorder ‘</>J issues errors AR conflicts > inconsistency v limiting service failure * instability truncation a logs ,I 8



Data Agents: Errors Come in All Shapes and Size _

One agent, many failure modes

User query " Schema hallucination | 7 .

| Wrong SQL (Wrong Joi; oo

€0)) 1. Perception & Intent Errors

Intent misinterpretation

Please analyze the profit Database Schema (Hallucinated)
. growth of VIP customers . -
A Bl in East China in the last quarter customer_orders S SELECT a.region, SUM(b.profit)

: FROM orders a G Long-hori
| I on rizon
(PDF + table + voice) cust.id name | region | vip_level | ... § JOIN customers b Start — S(ep} — Step2 —> Step3 g WOz
i } , s 3 Pplanning collapse

. INT | TEXT | TEXT | BOOLEAN ! ... (ON a.id = b.id -- wrong join! JR = i
» s ; %F table parsing error L__'___;l GROUP BY a.region; A
(S ..||||..3“§5 B Multi e Infinite loops &
ultimodal parsing failure - ; - : : ;
lg_ﬁ,‘_)x LY 4 x P Region | Sales | Profit | ' Regon  Sales | Profit , T ineffective retries
East China | 12,580 | 2,350 East | 12,560 2,350 \
e
; hina| 9,860 | 1,520 South | 9,860 1,520 4 . :
v—‘: id  name age | L South China — e , region profit A . Wrong dependency
; oth | 8430 1, , : ;
| INTTEXT INT North China | 8,430 1, } East 9,999,999 ordering
South 9,876,543
Profit = revenue - cost Profit calculation error v : -4 North | 9,654,321

Missing implicit

SQL Query —p Wrong tool
commonsense @ X

=IS00% 300 selection

=200 X =-200

Profit = revenue - cost
= 2,350 / 12,580
= 18.69%

3. Interaction & Execution Errors 4. Evaluation & Output Errors

"'\l .'Lﬁ’
3 H < : : : . _> Bl SQL Result
Execution timeout & p . 4

region O Silent errors
timeout  resource exhaustion

East
= Visualization
= ¢ disasters

J
<]

'

No module named 'xxx dependencies

ACCESS DENIED Unauthorized access &
[ Permission denied ' security blocking

Prompt (120K tokens)

ModuleNotFoundError Missing runtime &

-~

<A ;"a‘;l‘;‘,”\‘/‘;‘;’°‘“ Overconfidence &
//\/ confident! blind confirmation

Analysis complete! Everything
Context (P looks normat Looks successful,
s 3¢ Conclusion: Profit in East China but actually

explosion

2 == — - o pctualy W

increased significantly!

Chaotic Failure Ecosystem (just the tip of the iceberg)

SN antic drift 5t Ur)it Data quality Null =N Fprmal a1 _Encoding Timezone [ X Conc.urrency <> Cache. o API rate Thirgj-par;y = Network Result‘ b Missing
4r St i mismatch A issues traps =T disorder ‘</>J issues errors MR conflicts > inconsistency v limiting service failure * instability truncation a logs ,I 9



Data Agents: Errors Come in All Shapes and Size _

One agent, many failure modes

User query "Schema hallucination |

€0)) 1. Perception & Intent Errors

Intent misinterpretation

=\
| Wrong SQL (Wrong Join) « &

Please analyze the profit Database Schema (Hallucinated)
. growth of VIP customers . -
A Bl in East China in the last quarter customer_orders S SELECT a.region, SUM(b.profit)

FROM orders a

»
. i i Long-horizon
(PDF + table + voice) cust_id name | region : vip_level | ... JOIN' customers b Start — S(ep} — Step2 — Step3 g-Norizo!
I ‘ -

s X planning collapse

! INT | TEXT | TEXT | BOOLEAN : (ON a.id = b.id -- wrong join! & 2 " =
» s ; %F table parsing error L__'___; GROUP BY a.region; A
(S ..||||..3“§5 B Multi e Infinite loops &
ultimodal parsing failure = . - ; : ;
\;_;‘;,Q x| e s 4 x P Region | Sales | Profit | ' Regon  Sales | Profit , T ineffective retries
East China | 12,580 | 2,350 East | 12,580 2,350 \ e
e s 9,860 1,520 ¥ .
: id name age | Sch halliinat South China 9,860 = 1,520 South e . region profit A—— p Wrong dependency
- : North 8, y , : :
! INT TEXT INT chema hallucination North China = 8,430 1,210 o ; East 9,999,999 ordenng
South 9,876,543
Profit = revenue - cost Profit calculation error v : -4 North | 9,654,321

: , ' Wrong tool
Profit = revenue - cost E e — L selection

= 2,350 / 12,580 § :

= 18.69%

=500 - 300 Missing implicit
commonsense

=200 X =-200

3. Interaction & Execution Errors 4. Evaluation & Output Errors

"'\l .'Lﬁ’
3 H < : : : . _> Bl SQL Result
Execution timeout & p . 4

region O Silent errors
timeout  resource exhaustion

East

ModuleNotFoundError Missing runtime & - s ~ & 1/

Visualization
= ¢ disasters

'

No module named 'xxx dependencies

ACCESS DENIED Unauthorized access &
[ Permission denied ' security blocking

Prompt (120K tokens)

,

<A ;"a‘;l‘;‘,”\‘/‘;‘;’°‘“ Overconfidence &
//\/ confident! blind confirmation

Analysis complete! Everything
Context (P looks normat Looks successful,
s 3¢ Conclusion: Profit in East China but actually
i = - increased significantly!
explosmn o s 7 X - ) Recommendation: Keep the /)WTOHQ

current strategy. ;\C\Ua\\‘j wﬂg

. (truncated)

Chaotic Failure Ecosystem (just the tip of the iceberg)

*4\” Semantic drift 5t Ur)it A Data quality Null =1 Fprmal f/)‘ _Encoding Timezone zo Conc.urrency < Cache. 2 API rate Thirgj-par;y = Network Result‘ a Missing
mismatch issues traps disorder L) issues errors B conflicts > inconsistency v limiting service failure * instability truncation logs 20



The errors take many different forms

How Fact Revisions in Long-Form Text Cause Incorrect Answers

Information conflict, revision over time, and failure to select the final confirmed value

. (@ ReAct Agent |

J P

3 F-OrigmabiNarm: (Gai i o) Retrieval (R Reasoning / Acting (A
In 2008, the company was founded as ‘ Q L ‘ Q 2 ! A SETeR i OUtPUt

Alpha Systems. Agent retrieves multiple ‘ Agent reasorzs over candidates
5 relevant passages about ‘ using ReAct (Thought — Action : . .
Source: §1 (p. 2) theicompanyams: iisecvationr): Q: Wh:t I'Sff Fh.e I;ompa:y s
curren ICIal) hame?
( 2.C ted N . - ) O Thought 1: N (officia 3
’_ . Corrected Name (Later revision) Retrieved Candidates ) The question asks for the
In 2012, the company rebranded and company'’s current/official name. 3 .
changed its name to Beta Solutions. .| C1: Alpha Systems v Retiond: A‘ Beta SOIUtlons
Source: §3 (p. 8) (§81,p.2) Q Search for mentions of (Selected from 02)
N J name changes and final status.
( \ (o . B
’ 3. Temporary Status (Transitional) C2: ?;;ta S:)lutlons J ‘ ® Observation 1: Selected an early
: , P- F Itipl . .
During 2014-2015, the company operated \ . C:zg%;‘;:?(;_ul candidate instead of
under the name Beta Solutions (interim) . S : the final confirmed value.
during the merger process. C3: Beta Solutions (interim) .
\\ Source: §5 (p. 15) (85, p. 15) e Faulty Decisiqn:
- — * , . e Why this s incorrect
4. Final Status (Confirmed) W Ca: Gasmm;;;echnologles] as the answer. o The final confirmed name is
In 2016, following the merger completion, & (88, p. ¥ Gamma Technologies (C4).
the company adopted the name / Action (Final): )
Gamma Technologies as its official & Return C2 as the final ® The agent failed to perform
|ega| name. answer. sufficient revision-aware
V Source: §8 (p. 27) ) ¢ N rea;oning to rfeach the latest,
authoritative fact.
Pl o e e S S e e ) e s e e > i e e \
The document contains multiple, conflicting, =~ = | - - — - .’E A Failure Mode: Early Candidate Bias | ! NS J
time-dependent mentions of the same fact. I The agent stops at an early, locally coherent candidate (C2) =~ ~ I ° d
\e ) E instead of continuing to locate the final confirmed value (C4). | Wro n g y ret rl eve
N i s U s G s G i s et s i i s s s i i = 4

leading to incorrect answers. Robust models need revision-aware reasoning and temporal / structural understanding to prefer final confirmations.

s 11 A TF o
_‘@’_ Key Takeaway: In long-form text with fact revisions, agents may retrieve multiple candidates but fail to prioritize the most re%yfllﬂag,n ce fo r reaso T In g
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The errors take many different forms

Example 2: Reasoning & Execution Trace

Agent Thought (Summary) ' Tool Call Parameters / Code Logic Observation / Result

o b List available files to Nat o o + Found db/postHistory.db, json/posts.json,
understand data sources. e L maxacepth- json/users.json, knowledge.md
\J
e Read the knowledge guide . path: knowledge.md v/ Understood Posts, Users,
to understand schema. regcrcoc max_chars: 4000 postHistory structure
\J
Inspect SQLite database ) L v Found table postHistory
séherma inspect_sqlite_schema path: db/postHistory.db (Id, Postld LastEditorUserld,
Y
@ A Frviraadinspestaissn e path: json/posts.json Failed: 'utf-8' codec can't
Y: g posts.json. J max_chars: 4000 decode byte Oxb3 in position 28
Y
@ i Trreadingiusersisen i path: json/users.json Failed: 'utf-8' codec can't
. . read on
freiX ry g J IOV max_chars: 4000 decode byte @xda in position 17
Y
e </> Handle JSON encoding et Open files in 'rb' mode, v Confirmed files are encoded
issue with Python. < inspec bytes t. diagnose encoding b I iI UTF-8 (invalil bytes ignorenl f. I ° I
v Seemingly impossible low-lévéel file-parsing errors!
e @ Search postHistory for the “ el SEL M postHlsto Found Postld = 8222
target post title. e Lt Lt WHERE Title LIKE '‘%Computer Game Datasets%' LastEditorUserld = 88
Y
e </> Load posts.json with UTF-8 s 5 : e e s v ViewCount = 1708
/ and find post details. = oadlIpostascRi(LITY=8)  fiad Iti=8222 OwnerUserld = 37
A
0 < /> Get user info for owner Sdtuta oyt Load users.json (UTF-8), v Owner: 37 (Tim Stone)
and last editor. a lookup Id = 37 and Id = 88 Last editor: 88 (mbq)
¥
@ Determine last user
</> WROIBOStEONE execute_python Use LastEditorUserld = 88 v Last user: mbq
Y
S v Result:
@ | Return final answer. answer columns: ["total_views", "last_user"] total_views = 1708
last_user = mbq
Exploration / Doc Failed Attempt B Python / SQL Execution ' Final Answer
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Data Agent: Modules

00 N Report Semantic | | Multimodal | | Data Sci
1. Applications por . : aa saience
00 PP kel MEAsel UEleds Generation Analytics Analytics Copilot
I 2.
| g Orchestration | NL2Pieline Workflow Workflow Pipeline Reflection & Workflow
| P P Orchestration Optimization Execution Repair Library
___ee o T .- -—-—-——-—-—-—-—-——.-——-————_
@ 3. Planning & Task Goal Replanning & Policy / Hypothesis
Reasoning Core | Decomposition Management Recovery Strategy Selection Generation
A
| . Agent Agent Agent Tool Agent-Tool Agent-Tool Tool
| % 4. Engine Plane Modeling Scheduling | | Interaction Selection Scheduling Interaction Registry
- e e "
|
. orking ong-term ector orkflow State rtifac
, @ 5. Memory & Worki Long-t Vect Workflow Stat Artifact
, =¥ GState Layer Memory Memory Store Store Cache
|
I 6. Knowledge & Skills / SOP Templates Best Practices & Schema / Dataset Prompt / Policy
ill Layer ibrar euristics nowledge ibrary
| Skill Lay Library P Heuristi Knowled Lib
s s e e e e S L L e L L L L L L L L L L L L L L L L L L L L T L L L e e e LI
,' s 7. Data Plane Semantic Semantic Semantic Semantic Semantic Data Quality & Lineage &
| - ) Metadata Organization Catalog Exploration Indexing Profiling Provenance
|
@ Data & - B = D A =[] =
= Compute = o sl
Relational Data Lake / Warehouse / . APIs / Knowledge
Sources DBs Files Lakehouse ST SaaS Bases GRDIERE

Cross-cutting

J

Verification
&
Evaluation

r~

Observability
&
Monitoring

o

Security &
Governance

Human-in-
the-loop




The Terminological Ambiguity of Data Agents

« 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

DATA AG ENT ? Conflate systems of different autonomy,

reliability, and complexity under a
imprecisely defined umbrella term.

» User-Side Risk: User expectation mismatch

SQL QUERY:

e » Governance Risk: Unclear accountability
> Industry-Side Risk: Exaggeration and hype
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Hierarchical Taxonomy for Data Agents

Precedent in Self-Driving

* Such aterminological 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

LEVELS OF DRIVING AUTOMATION

0

5

NO DRIVER PARTIAL CONDITIONAL HIGH FULL
AUTOMATION ASSISTANCE AUTOMATION AUTOMATION AUTOMATION AUTOMATION
Manual control. The The vehicle features a ADAS. The vehicle can Environmental detection The vehicle performs all The vehicle performs all

human performs all single automated perform steering and capabilities. The vehicle driving tasks under driving tasks under all
driving tasks (steering, system (e.g. it monitors acceleration. The can perform most specific circumstances. conditions. Zero human
acceleration, braking, speed through cruise human still monitors all driving tasks, but Geofencing is required. attention or interaction
etc.). control). tasks and can take human override is still Human override is still is required.

control at any time required an option

THE HUMAN MONITORS THE DRIVING ENVIRONMENT THE AUTOMATED SYSTEM MONITORS THE DRIVING ENVIRONMENT

25



Hierarchical Taxonomy for Data Agents

We Advocate a Hierarchical Taxonomy for Data Agents

0 Human in charge L Data Agent in charge i
Level 2 Level 3 Level 4 Level 5

Level 1

* Map the progressive transitions of dominance and responsibility in data-related tasks from

human to data agent as autonomy increases from LO to L5

« Unified framework to compare existing works, delineating capability boundaries, and clarifying

o , ® , ® ,
:
w Solo w Integrating wOrchestrating w Overseeing Delegating None
None Responder Procedural Autonomous Proactive Generative
No Autonomy Assistance Partial Autonomy Conditional Autonomy  High Autonomy Full Autonomy

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



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

.,

« 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 (my) pipeline P
and executing (ey), while the data agent 4 is uninvolved yet:

H:ny(T,D,E) - P;ey(P,D,E) - O
A:Q

27



L1: Preliminary Assistance

Definition for L1 Data Agents (Assistance)

OK, let me write a python script to
read CSV and convert Fahrenheit
degrees to Celsius. " python...”

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

« 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 (my) and execution (ey),

while data agent A can respond r upon human query q for assistance
H:ny(T,D,E) - P;ey(P,D,E,7) = O.

A:(q,M) >
28



L1: Preliminary Assistance (Progress and Limitations)

Progress: Efficiency in Routine Tasks

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

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,
APls) 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.

29



L2: Perceive the Environment

Definition for L2 Data Agents (Partial Autonomy)

| wanna convert users’ natural My NL2SQL system should interpret query, explore
language queries into SQLs! databases and make a plan, then generate SQL and
reflect based on execution results...
O O
<, o
.@ - :’- = = ™ ~E
{
@ Task Design& | e :Gaining Perception
— —_ > | (= —’CI@ Oh— | S T T —
— \

Orchestrate

User User Pipeline L2 Data Agent L ev e|’1
: Craepion ) (pamins ;S0
5: E [ Memory ] [ Tool Calling ] : §
[ ’ C
. s s
y ——————— -
Environment 5) Key Factors

« Data agents can perceive and interact with the environment (e.g., data lakes, DBMS, code interpreters,
APls, 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 (e,4) pipeline P orchestrated by human H:

H:my(T,D,E) > P. A:e,(P,D,E,M) - 0
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L2: Perceive the Environment

The Glass Ceiling of L2 Data Agents (Limitations)

* 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
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L3: Striving for Autonomous Data Agents

Definition for L3 Data Agents (Conditional Autonomy)

This time, help me analyze I’ll orchestrate a tailored pipeline to manage,
customer churnI prepare, and analyze relavent data. Firstly, ..

User L3 Data Agent Optimize
- ¢
i} [ Perception ] [ Planning . %-I
o [ Memory ] [ Tool Calling ] O g_
" Pvitesgens N S
@ Key Factors . Q) Environment

« 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 m, to
execution €4, tackling versatile and comprehensive data-related tasks T under human H supervision:

A:nts(T,D,E,M) - P; €,4(P,D,E,M) - 0. H:Supervise(m,,€,)
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L3: Striving for Autonomous Data Agents

Challenges and Research Opportunities Towards True L3

* Limited Autonomy in Orchestration:
« Challenge: Current Proto-L3 systems still rely on predefined operators/tools.
« Opportunity: Skill Discovery !l and Autonomous Operator Synthesis?3l. 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.
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L3: Striving for Autonomous Data Agents

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

« 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
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L3: Striving for Autonomous Data Agents

Data agents need fundamental breakthroughs to achieve L3 autonomy.

r N\
Task Task . Vector

| Understanding | Decomposition | el s g e [ Database

Environment Call Data Feature

| Understanding | COT/GOT = science Tools |~ Libs g ieeene
Model ,

~ Understanding | Reflection — Call Humans |— DB Tools —  Knowledge
Tool , . Semantic

~ Understanding | Meta-Agent -  Call Skills — Viz Tools — Catalog

| Optimization | _ Meta a i Semantic
Goal Reasoning g Context

LN ] L X ] L X ] LN J 35



L4-LS: Vision of Proactive and Generative Data Agents

Definition for L4 Data Agents (High Autonomy)
@ced' buyout users a%
S monthly subscriber are decreasing. Let’s investigate it!

_______________
i >, O

”,

= 7 Got some fun insights,y, o

'\ take a look? o
Sl Orchestrate
S — o oh —
> — \—/

User L4 Data Agent Optimize  Pipeline

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

:[ Perception ] [ Planning ]:

[
[ Memory ][Too|Ca||ing]EO§

) o
f5) Key Factors Environment

uoINoaXg &

« 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 m, and executes €4 pipeline P but
also autonomously discovers task T’ to begin with:

A: Discovery(D,E,M) > T'; mwy(T',D,E,M) - P; €4(P,D,E,M) - 0. H:Receive(0)
36



L4-LS: Vision of Proactive and Generative Data Agents

Research Directions Towards L4

« 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:
« QOperate 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
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L4-LS: Vision of Proactive and Generative Data Agents

Definition for L5 Data Agents (Full Autonomy)

Current database knobs need to “Bayesian Optimization is slow and costly, its variants and other
be tuned to improve performance. /methods are still limited. I'll develop new method to tackle it.
O

O

Q 0 Q j\
t—@ Inno%:ting>

L5 Data Agent New Method

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

1| Perception ][ Planning ]:

| Memory | ( Tool CaIIing]éOE

|
o | Multi-agents |  eecees
]

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

f5) Key Factors Environment

Answer

uoMNoeX3 o)

« 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 @ (e.g., a new theory, algorithm, or paradigm) to address it, while human H disengages:

A: Discovery(D,E,M) -» T'; Innovate,(T',D,E,M) - ®; ®(T',D,E,M) > 0. H:0
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Data Agent: Core Challenges

00

... Report Semantic Multimodal | | Data Science
1. Application . : : ;
oo pplications CIEIZE] MRS TableQA | | &eneration Analytics Analytics Copilot
C1 | g 2. ] ] ]
. Orchestration o Workflow Workflow Pipeline Reflection & Workflow
Workflow | Plan atio ‘ NL2Pipeline Orchestration Optimization Execution Repair Library
Orchestration & e gl
CI:Eost-aV\{are @ 3. Planning & Task Goal Replanning & Policy / Hypothesis
xecution Reasoning Core | Decomposition Management Recovery Strategy Selection Generation
e
| : Agent Agent Agent Tool Agent-Tool Agent-Tool Tool
l % 4. Engine Plane Modeling Scheduling | | Interaction Selection Scheduling Interaction Registry
|
c2: '@ svemoya | womng | | Longem | [ Voo | [ Wordowsiate | [ ot |
. . orking ong-term ector orkflow State rtifac
- —
SLtortlg :\‘norlzon , = State Layer Memory Memory Store ‘ Store ‘ Cache
ate, Niemory L e e e e
& Skill Reuse - -
ii 6. Knowledge & Skills / SOP Templates Best Practices & Schema / Dataset Prompt / Policy
I Skill Layer Library P Heuristics Knowledge Library
- - - e e e e e L L e e e e e e T e e e e e
C3: ' s Semantic Semantic Semantic Semantic Semantic Data Quality & Lineage &
Semantic : - 7. Data Plane Metadata Organization Catalog Exploration Indexing Profiling Provenance
Groundingover | | - __________ _-—--—-—- -—--——-—- - -—"-—-—-—-_ - -—"—-— - _—-———-“—-———-—_-—————_
Heterogeneous Data & - — ey
& = Compute == @ —_— Q ii 10
Multimodal Data Sources Relational Data Lake / Warehouse / Streamin APls / Knowledge CPG ; EiPU
DBs Files Lakehouse 9 SaaS Bases

Cross-cutting

J

Verification
&
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N

Observability
&
Monitoring

o

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

Level

Challenge

C1. Data-aware

Workflow
Orchestration &
Cost-aware

Execution

C2. Long-horizon

Agentic State,
Memory & Skill

Reuse

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

S

@ Progression

2

L1 Assistance

Prompt-driven
Data Assistant

Human-
designed
workflow; agent
suggests.

Stateless; no
persistent
memory.

Prompt / few-shot
/ RAG-based
grounding.

Assist & Suggest

@

L2 Partial
Autonomy

Human-guided
Workflow Executor

Execute human-

designed pipelines optimize workflows /

with local feedback.

Short-term task
memory and
execution feedback.

Environment-aware
schema, entity, and

evidence
grounding.

Execute & Improve

oy

L3 Conditional
Autonomy

Agentic Workflow
Orchestrator

Auto-compose and

DAGs.

Workflow state +
provenance +

reusable skills /
SOPs.

Semantic catalog +
metadata +
multimodal

evidence alignment.

Orchestrate & Optimize

©

L4 High
Autonomy

Proactive
Data Agent

Proactively discover
tasks and plan long-

horizon execution.

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

Continuous
semantic
maintenance over
evolving data lakes.

Proactively Act

o0

L5 Full
Autonomy

Self-evolving

Autonomous Data Agent

Invent new
operators, tools,
and workflow
paradigms.

Self-evolving
knowledge and
skill base.

Create new
semantic
abstraction and
representations.

Invent & Evolve



Hierarchical Taxonomy for Data Agents

Structured Review Through this Lens
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Core Data Agent Challenges and
Level @ @ @ @3 @

. L2 Partial L3 Conditional L4 High LS Full
L1 Assistance
Challenge Autonomy Autonomy Autonomy Autonomy
Prompt-driven Human-guided Agentic Workflow Proactive Self-evolving
Data Assistant Workflow Executor Orchestrator Data Agent Autonomous Data Agent

; Human- : : Invent new
C1. Data-aware . Execute human-  Auto-compose and  Proactively discover

Workflow o
Oé Orchestration & dGSIQned designed pipelines optimize workflows / tasks and p|an Iong— operators, tools,

CEEENELE workflow; agent with local feedback. DAGs. horizon execution. and w_orkﬂow
Execution suggests. paradigms.

Data-aware Workflow Orchestration and Cost-aware Executlon (40 min)

()~ J Memory & skill persistent memory and
Reuse Y reusable skills / shared skill reuse. skill base.
memaory. execution feedback.
SOPs.
i ; ' + Continuous Create new
C3. Semantic Prompt / few-shot ~ENvironment-aware Semantic catalog t' .

@ Groundingover | RAG-based schema, entity, and metadata + semantic semantic
Heterogeneous & coundin evidence multimodal maintenance over abstraction and
Multimodal Data g g. grounding. evidence alignment. evolving data lakes.  representations.

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

> Part Il: Towards Autonomous Data Agents: Key Challenges and Current Practices
> Data-aware Workflow Orchestration & Cost-aware Execution
» Long-horizon Agentic State, Memory & Skill Reuse

» Semantic Grounding over Heterogeneous & Multimodal Data

» Part lll: Research Opportunities and Open Challenges
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Core Data Agent Challenges and
Level @ @ @ @3 @

. L2 Partial L3 Conditional L4 High LS Full
L1 Assistance
Challenge Autonomy Autonomy Autonomy Autonomy
Prompt-driven Human-guided Agentic Workflow Proactive Self-evolving
Data Assistant Workflow Executor Orchestrator Data Agent Autonomous Data Agent

; Human- : : Invent new
C1. Data-aware . Execute human-  Auto-compose and  Proactively discover

Workflow o
Oé Orchestration & dGSIQned designed pipelines optimize workflows / tasks and p|an Iong— operators, tools,

CEEENELE workflow; agent with local feedback. DAGs. horizon execution. and w_orkﬂow
Execution suggests. paradigms.

Data-aware Workflow Orchestration and Cost-aware Executlon (45 min)

()~ J Memory & skill persistent memory and

Reuse Y reusable skills / shared skill reuse. skill base.

memaory. execution feedback.
SOPs.
i ; ' + Continuous Create new

C3. Semantic Prompt / few-shot ~ENvironment-aware Semantic catalog t' .
@ Groundingover | RAG-based schema, entity, and metadata + semantic semantic

Heterogeneous & coundin evidence multimodal maintenance over abstraction and

Multimodal Data g g. grounding. evidence alignment. evolving data lakes.  representations.
@ Progression Assist & Suggest Execute & Improve Orchestrate & Optimize Proactively Act Invent & Evolve a4



Data-aware Workflow Orchestration & Cost-aware Execution

What is it?

From one query to a managed pipeline

eOrchestration decides whatto do and in

what order — decomposing a high-level data
goal into an executable pipeline / DAG of o [P AG) et

Run
tools + models

|

operators, tools, and agents.

eCost-aware Execution decides how to run

it efficiently — choosing plans, models, and Observe Optimize
feedback cost/quality

tools under latency, money, and accuracy

budgets, with feedback-driven refinement.

Output
insight

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

Orchestration = the brain of the data agent;

Cost-aware execution = its discipline.



Two Tightly-Coupled Sub-Problems

4 )
(1) Workflow Orchestration (2) Cost-aware Execution
eTask understanding & decomposition *Plan / model / tool routing by cost
eOperator / tool / agent selection eSampling, caching & reuse of results
*Pipeline (DAG) construction & ordering eExecution-time optimization (selectivity)
eDynamic re-planning on feedback & °Budget & accuracy trade-offs
Q: WHAT to do, in WHAT order? Q: HOW to run it cheaply & reliably?

N J

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.

Errors cascade downstream

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

Tasks span the full lifecycle

Real goals chain management — preparation —
analysis; no single tool suffices, so steps must be
orchestrated.

LLM calls are expensive

Naive 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.




Motivated Example: Rigid Pipeline vs. Orchestrated Agent

X Fixed, Human-wired Pipeline

SQL

one shot

Join
fixed step

S

|

eSame steps regardless of the question
*No re-planning when a step fails
eRedundant full-table scans & LLM calls

eErrors propagate silently to the report

-

X Brittle, costly, hard to trust

v Data-aware Orchestrated Agent

Route
cheapest tool

Verify
+ re-plan

Ao

Plan
tailored DAG

|

*Builds a pipeline tailored to the query
*Re-plans & repairs on execution feedback
eCaches, samples & routes by cost budget

*\/alidates each step before it propagates

~

v Adaptive, efficient, auditable

48



Evolution Across L1-L5

Orchestration

Data awareness Cost awareness

L1 Human-designed one-shot Human executes and verifies 5 4/ feu chot context only. | MPlicit; user controls tokens
Assistance workflow; agent suggests a step. outside the agent. P Y and tools.
L2 : o . : . -
Partial Predefined pipeline for a specific Agent runs tools with local Schema / execution feedback = Local heuristics: retry, prune,
task. feedback and retries. within the task. route, stop.
autonomy
L3 . :
e Agent composes and optimizes a Agent manages multi-step Cross-source task context, | Global budget over workflow:
Conditional : ) - . i :
autonomy tailored workflow or DAG. execution under supervision. lineage, evidence. latency, tokens, compute, risk.
L4 i ' : . . . : :
Hiah Agentaﬁ(rjoagur:/: :Z:lfﬁg\r/iigsnt%ks Continuous execution without Persistent understanding of Strategic trade-offs across
9 P g routine supervision. evolving data lake. tasks and time.
autonomy workflows.
LS Agent invents new operators and  Self-governing execution and Creates new data abstractions Learns new cost models and
Full autonomy workflow paradigms. validation. '

optimization strategies.

The key frontier today is L2 — L3:

from executing a human-defined procedure to designing the workflow itself. "



Representative Works

Orchestration Paradigm

Lifecycle Coverage

Representative Works

L1 Prompting (prompt-response,

one-shot)

Predefined / human-designed
L2

workflows
L3 Autonomous orchestration

(Proto-L3)

DIN-SQL (NeurlPS'23)

DAIL-SQL (VLDB'24) Data Analysis (NL2SQL)

D-Bot (VLDB'24)

CleanAgent (VLDB'25)
MAC-SQL (COLING'25)

Data Interpreter (ACL'25)
AgenticData (2025)
DeepAnalyze (ICML26)

Management - Preparation -
Analysis

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 [NeurlPS'23]: Decomposed In-Context Learning of Text-to-SQL with Self-Correction

Wrong cols
15% Wrong tables
12%

Schema-linking

37%
Wrong

Wrong
CO!)S entities
13% 10%
JOIN
= .
21% Failures Invalid3% Op 1%
Cond 2%
Wrong Cond
tables o 4
l 0,
8% GROUP-BY 3% DESC
13% Nested 4%
13%
Wrogg/0 cols # DISTICT
Not W 5%
detected Set SUb-rolr:g
5% Op % v
4% 9%

Figure 1: Statistics of simple few-shot failures
using CodeX Davinci (Op refers to operators, Cond
refers to conditions, and cols refers to columns)

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

o[ | Ms struggle to do schema linking, structure
planning, and clause writing all at once.

e|mplicit reasoning stays hidden, so mistakes are
hard to localize or correct.

eNo environment access: the model cannot run
the SQL or learn from execution.

*eGoal: 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

SQL generation

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

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

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

-

Decomposed in-context learning — a fixed, human-authored prompt chain
eEach 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

Model EX | EM
DIN-SQL + GPT-4 853 | 60
(Ours) .
RESDSQL-3B + NatSQL (DB content used) 799 | 72 S p I d er
[Lietal. 2023a] SOTA at release
DIN-SQL + CodeX davinci 78.2 | 57 . .
(Ours) Gains on complex splits

Graphix-3B+PICARD (DB content used) 776 | 74
[Li et al., 2023b]

SHiP+PICARD (DB content used) 76.6 | 73.1
[Zhao et al., 2022]

N-best Rerankers + PICARD (DB content used) | 75.9 | 72.2

[Zeng et al., 2022] eDecomposition demonstrably improves one-shot
RASAT+PICARD (DB content used) 755 1 70.9 accuracy and lowers the barrier for non-experts.
[Qi et al., 2022]

eBut it is pure prompting: stateless, no

T5-3B+PICARD (DB content used) 75.1 | 71.9 . i .
[Scholak et al., 2021] perception, no cost-aware runtime control.
RATSQL+GAP+NatSQL (DB content used) | 73.3 | 68.7 eTakeaway: helpful structure, yet the workflow is
[Gan et al., 2021] human-designed and frozen — the hallmark of L1.
RYANSQL v2 + BERT - 60.6
[Choi et al., 2021]
SmBoP + BART - 60.5

[Rubin and Berant, 2020]
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1 Table continents, columns = [ContId, Continent]

2 Table countries, columns = [CountryId, CountryName,
b Continent]

3 Q: How many continents are there?

4 A: SELECT

Listing 1: Example of Basic Prompt

1 Given the following database schema:
2 continents: ContId, Continent
3 countries: CountryId, CountryName, Continent

5 Answer the following: How many continents are there?
6 SELECT

Listing 2: Example of Text Representation Prompt

1 ### Complete sqlite SQL query only and with no
L explanation

2 ### SQLite SQL tables, with their properties:

3 #

4+ # continents(ContId, Continent)

5 # countries(CountryId, CountryName, Continent)

6 #

7 ### How many continents are there?

8 SELECT

Listing 3: Example of OpenAl Demostration Prompt

Prompt design was ad-hoc

DAIL-SQL [VLDB'24]: Text-to-SQL Empowered by LLMs: A Benchmark Evaluation

1 /* Given the following database schema: */

2 CREATE TABLE continents(

3 ContId int primary key,

4 Continent text,

5 foreign key(ContId) references countries(Continent)

6 );

7

s CREATE TABLE countries(

9 CountryId int primary key,

10 CountryName text,

11 Continent int,

12 foreign key(Continent) references continents(ContId)

13 );

14

15 /* Answer the following: How many continents are there?
b x/

16 SELECT

Listing 4: Example of Code Representation Prompt

Below is an instruction that describes a task, paired
L with an input that provides further context. Write a
L response that appropriately completes the request.

### Instruction:
Write a sql to answer the question "How many continents
ly are there?"

### Input:
continents(ContId, Continent)
countries(CountryId, CountryName, Continent)

### Response:
SELECT

Listing 5: Example of Alpaca SFT Prompt

Before DAIL-SQL, NL2SQL prompting was a grab-bag of tricks. It was unclear which question
representation, examples, and organization actually matter for accuracy. 54



Text-to-SQL Empowered by Large Language Models: A Benchmark Evaluation

A systematic study of the prompt design space

Question Example Example (Optional)
Representation Selection Organization SFT
5 forms 4 strategies 3 schemes open-source LLMs

*DAIL-SQL combines a structure-aware question representation with skeleton/similarity-based
example selection.

o[t 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

Question Query GPT-4 GPT-3.5-TURBO TEXT-DAVINCI-003 Vicuna-33B

Few-shot Selection Similarity ~ Similarity

EM EX EM EX EM EX EM EX
0-shot - - - 22.1 723 346 74.4 31.7 71.7 6.9 437
Random 0.23 0.47 41.7 774 459 73.9 38.2 70.6 14.4 479
Question Similarity selection 0.39 0.65 533 78.8 51.9 74.3 44.1 72.3 16.5 48.5
1-shot Masked Question Similarity selection 0.57 0.80 582 79.1 574 76.0 47.9 75.0 214 487
DAIL selection 0.56 0.95 62.1 80.2 595 75.5 51.9 76.9 22.8 49.2
Upper Limit 0.56 0.98 63.7 81.0 614 77.2 53.1 77.5 227 494
Random 0.23 0.48 439 794 49.0 73.6 41.7 71.6 16.8  46.9
Question Similarity selection 0.37 0.63 563 79.2 538 74.7 52.2 74.1 21.1 471
3-shot Masked Question Similarity selection 0.54 0.78 66.1 815 61.1 77.3 59.7 77.0 27.7 523
DAIL selection 0.53 0.94 69.1 81.7 63.9 77.8 64.4 79.5 30.7 53.6
Upper Limit 0.53 0.98 71.5 834 66.2 79.2 66.7 81.1 31.2 544
Random 0.23 0.48 51.6 795 529 75.7 49.0 72.1 - -
Question Similarity selection 0.36 0.61 58.2 799 559 75.1 54.8 73.2 - -
5-shot Masked Question Similarity selection 0.52 0.77 66.8 82.0 62.3 77.9 64.7 78.6 - -
DAIL selection 0.52 0.94 719 824 66.7 78.1 67.7 80.5 - -
Upper Limit 0.51 0.97 744 844 68.8 79.6 70.7 82.4 - -

eEstablished strong, reproducible prompt-engineering baselines that later agentic systems build on.
eToken-budgeted prompts hint at cost-awareness, but there is no execution-time control or feedback.

eTakeaway: even the best L1 prompting remains a static, one-shot interaction. -



L1 Recap: Useful Assistance, But No Workflow Ownership

- N
v Progress X Limits
eDecomposition + prompt eStateless prompt-response; no
engineering sharply improve one- memory across turns.
shot quality.

*No environmental perception or
e| ower the comprehension barrier interaction.

for non-expert users. eHuman still executes, integrates,

eOffload trivial, routine coding and verifies.

(e.g., b0||erp|ate SQL)’ eNo 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

Slow

o Criteria \ Method | Human | Classifier | D-Bot
ueries
27% Audit Supported Anomaly | Most | Metric-Based | Most
Consistency iy Expense High Low Low
Plan Efficiency Low High High
e Generalizability High Low High

(a) Anomaly Events

%y Ok, I cannot find
any more causes. Let’s
write the report &)

== [CpuHigh alert] was
triggered, and so I need
to retrieve 5 metrics ...

5 ' can be optimized by
3. adding one index ...

4
% One query took up <
60% cpu time. It may
- be the bottleneck!

(c) Diagnosis by Human

From the 5 CPU
metrics, I find some
abnormal events ..,

(b) Comparison of Diagnosis Methods

Fixed Numeric Metrics

inactive_memory process_blocked process_running

11469304832 l 1 1 123

Normalization
Classifier
(E.g., Decision Tree, MLE RNN)
Fixed
Labeles

|
Selected Label
(Missing Index)

(d) Classifier for Fixed Scenario

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

Anomalies Overall Metrics Finer-Grained Metric Analysis
& Root Causes )
. = System Average Load A Read / Write Rate " .. Memory_inactive_anon_bytes
Slow Query Execution 5 : = g Expert: Identify large table insert
e e e L e e L e L v 15m e
E CompleX SQLS E "name": "large_data_insert",

Memory dirty by{es p "content": "Identify excessive inserted tuples in a table or
z query operations.",

‘ FUII Resource Usage =l Assigner.' A CritiC alert occurs ‘ —l i | "metrics": ["inserts","query","index_schema"],

"steps": "For each inserted table, if the count of inserted

g g S g S

tuple is equal to or exceeds the {threshold}, it's

Load-1min: 175% beyond threshold ~Memory Relevant Metrics == = )

)
]
Ne = eI TR S e e © ; flagged as a potential root cause."
e \ |
i large Table Inserts | ‘
Database Hanging Analysis Results Database Activity Analysis
U 1 o o e s G L N
:  Long Running SQLs i _ s b et Expert: Recommend some resolving solution
S isiiatatetatatetbuiiniotatetuinintriptaiubuiieiniedainibs T'he excessive memo usage SELECT current_catalog, current._... admin 624,630
iintsitutstedetuduiristriotrirneiy ittty ry usagi
H Dead/ocks ‘: may be Caused by intensive SELECT CURRENT_CATALOG AS d... admin "name": "large_data_insert_optimization",
Mo msm s e e e 2 . bl % S — "content": "Provide optimization guidance (e.g., table
inserts over a table. e e e e e e o N design and query refinement).",
b h- . . o I saqL User 57 Calls v " — — — — — —
Database Cras lng We investigate dmdmg : INSERT INTO products VALUES ~ user! : mekpl LRt e et i et SR e v alndon-Schona el
................................ i | . ) "steps": "Examine the insert operators that may cause high
i FU” DISk Space ! the table data .... : INSERT INTO products VALUES user1 : index update costs. And recommend table redesigns, such
R R Y ) ! Srmyee i ) as index update or partitioning for manageable table

L L e T
e

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

HumanDBA D-Bot(GPT-4) D-Bot(GPT-3.5) B&&Z DNN (XX] DecisionTree GPT-4 GPT-3.5

S 10] 9 104 L0 Y 1010 g S 101 Y 101
< < < < < <

g 0.8 - . - A = 2 <

> 0.8 10,77 > 0.81[" > 0.81[..10.27 > > 0.8 - > 0.8 -
S A 3 g | 3 3 8
506 / 506 5 06 / 5 5 0.6 0.58 5 0.6
S 2 0 44 bt S % Y v 5 v

v} AR . V] 9} R O O 0.41] O

<< 049} % 06 <C 0.4 1 < 0.4+ / < << 0.4 b.28 <C 0.4 1
= By = = A : = + . =

2 024 / § 0'240'23 ? 0.2 2 024[" / ? ? 02 & 2 02
14 \ / b ] 14 Q / 14
g0 LEx \ / 5.0 Lk 0.0 L e © 0.0 Lk / “ 0.0

(a) loT (b) E-Commerce (c) Financial (e) File Sharing

Figure 8: Performance Comparison (Result Accuracy). Note Acc is a general numerical metric, which cannot fully reflect the
diagnosis capacity (e.g., whether the diagnosis process is reasonable)

HumanDBA 2zz21 D-Bot(GPT-4) D-Bot(GPT-3.5) GPT-4 GPT-3.5

El.o- 210-0_92 31.0- El.o— El.o- El.o—

T T o] T T 0.78 T L

> 0.8 > 0.8 | > 0.8 > 0.8~ > 0.8 1 > 0.8 1

@ @ ® @ ® @

:3: 0.6 é 0.6 30_ é 0.6 A é 0.6 52 é 0.6 - 5 0.6

£ 041 < 04[] % \ 2 041 0.30 < 0.4 0-35 2 0.4 0.38 2 041

é 0.2 0.184 14 é 0.2 1 o % 0 09 é 0.2 0-160 11 é 0.2 1 oo % 0 08%:15 é 0.2 0.17 é 0.2 O0.18
3 0 z&iww%§émgmu.&%mgmmé&mggmml&zggwm%&

T (b) E-Commerce (c) Financial (d) Business Intelligence (e) File Sharing (f) Social Media

Figure 9: Performance Comparison (Human Evaluation). We do not include DNN and DecisionTree because they either have the
black-box problem or fail to provide root cause analysis that is easy to understand by humans.
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CleanAgent [VLDB'25]: Automating Data Standardization with LLM-based Agents

09
LA

Input Table T
Name | Admission Date Address
Abby FriJan 1st
10:36:28 2021
L. “‘ ;ﬁ ‘, o o
Scott 1996.07.10 AD at 1111 S
15:08:56 Figueroa St,
LA, 90015
Standardized Table T’
Name | Admission Date Address
Abby 01/01/2021 1234 W
10:36:28
Scott 01/15/2020
15:08:56 Figueroa St.,
LA, 90015

|
L)

CleanAgent

| want the output format of the date
columns as ‘MM/DD/YYYY HH:MM:SS’

from dataprep.clean \
import clean_country
from dataprep.clean \
import clean_date
df = clean_date(
df = df,
column = ‘Ad
output_format=
MM/DD/YYY

)

df = clean_address(

df = df,
N

column = ‘Address’

2

Y HH:MM:SS’

\

/

Problem

e Data cleaning requires detecti

e

errors, choosing repair strategies,

and verifying outcomes.

e One wrong repair can damage

downstream models or analysis.

e 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

Table T ] Standardized
+ User’s Requirements Table T’
CleanAgent
€ Historical © Historical
é _ Message é Mg::"ger R é e Organize cleaning into
Colmmpe @ Citema Bsuccess/Error e speua!lzed moc.:lules.suc.h as
P C,: phone t Execution detection, repair, validation, and
Annotator . Executor
_ O df = clean_email( memory.
9 Historical df uemailn) J, I .
Message ’ Tool e Use execution feedback and
g df = clean_date( LI , , .
df. “ date”) TPy * historical context to refine
eyt Jocker actions.
Tools R . :
= (D —— * [terate until quality checks or
otossres | P oni sucestoly stopping condiions are
t izei satistied.
BT U standardize input table T
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CleanAgent: Automating Data Standardization with LLM-based Agents

e CleanAgent o Python_Programmer

Let's begin with uploading a CSV file that need to be cleaned! python

pandas pd
origin_data.csv uploaded, it contains 6 rows and 7 columns! dataprep.clean clean_email, clean_country, clean_phone, clean_d

Dl el ik ColChalbii it el el df = pd.read_csv('/Users/danruiqi/Desktop/Danrui/Research/CleanAgent/examp
Start Standardization

0 User_Proxy

Use dataprep library to clean the table /Users/danruigi/Desktog.,
chainlit/.files/fd0d74a7-d846-4082-a40d-8d50f7635c2f/2f321¢ Q Code_Executor

df['email_address'] = clean_email(df['email_address'], output_format='emai

exitcode: 1 (execution failed)
Code output:
Traceback (most recent call last):

Raw code

Please follow the three steps:

File ", line 8, in
G Column_Type_Annotator df['email_address'] = clean_email(df['email_address'], output_format="'email’)

Name: address, TypeError: clean_email() got an unexpected keyword argument ‘output_format'

AGE: | donnot know,
weight__: | donnot know, e CleanAgent
Admission Date: date,
email_address: email,

Country of Birth: country, Click this action button to show the cleaned table:
Contact (Numbers): phone

Data Standardization Completed!

Show Cleaned Table

Please using corresponding clean functions and write code to clean t =

More robust cleaning than one-shot prompting. Execution and validation reduce hallucinated repairs. -



MAC-SQL [COLING'25]: A Multi-Agent Collaborative Framework for Text-to-SQL

2

Big schemas & faulty SQL need teamwork
List school names of charter schools with an SAT excellence

rate over the average. On large databases, a single pass struggles with
= schema overload and buggy queries. One-shot
generation can't recover when the SQL simply

frpm: CDSCode, County Code, School Code, Charter School(Y/N) eesnt AR

satscores: cds, sname, AvgScrMath, NumTstTakr, NumGE1560, ..
schools: CDSCode, NCESDist, County, City, Zip, ..

O] Why it matters

SAT Excellence Rate = CAST(NumGE1500 AS REAL) / NumTstTakr *Huge schemas overwhelm the prompt and
dilute relevant columns.

. . . .
SELECT ST.sname FROM frpm FR JOIN satscores ST Generated SQL often fails on first execution and

ON FR.CDSCode = ST.cds WHERE FR. Charter School (Y/N)" =1 needs reF)aih
AND SAT_Excellence_Rate > .
( SELECT AVG(SAT Excellence Rate) FROM frpm fr JOIN *Need: collaboration to prune, decompose,

satscores st ON fr.CDSCode = st.cds

WHERE fr.~Charter School (Y/N)- = 1) and fix via execution feedback.
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MAC-SQL: A Multi-Agent Collaborative Framework for Text-to-SQL

I

| Selector ] Decomposer :
User

ion! [ N\ [ N |
Question, [ patabase schema User Question I
____________________________________________________ [
i Table schools i List school names of charter schools with an SAT i !
i CDSCode | County Street ... | Phone Y E_ excellence rate over the average. i |
| | | 109835 Alameda |Sperber | ... |581-0202 | | | T TTTooToommemmrens 1 """""""""""" ]
I Table satscores :
| Y Sub Q1 Get the average value of SAT excellence rate !
I cds sname | NumGE1500 | ... | NumTstTakr of charter schools. [
D | | | 109835 | 2346.0 | 400 . [ 191 1
: saL 1 SELECT AVG(NumGE1500 / NumTstTakr) |
User | | [ Table frpm FROM frpm JOIN .. WHERE .. i
| | | CDSCode | FRPM Count | Meal | ... | Charter (Y/N) Y l I
| 109835 2346.0 4369.0 | ... | 581-0202 ' !
I \ Sub Q2 List out school names of charter schools with |
| an SAT excellence rate over the average. :

i I
Final Refiner SELECT sname FROM .. JOIN .. :

saL | = J saL2

I . WHERE SAT_Excellence_Rate > SQL1 and .. [
*' [
, SQLite execute l |
[ SQLite error: syntax error g e P § I
I - - - I Final SQL i [
Exception: sqlite3.OperationalError B e e TP - |

I
v Wrong SQL )N )1

N e e e e e e e e e o e o e e e e e e e Y e Y Y e Y e e e e Y Y e e e M Y Y Y Y M M M e M M M M 2 o =7

The agent roles and message flow are predefined; the agent does not compose new workflows. .



MAC-SQL: A Multi-Agent Collaborative Framework for Text-to-SQL

Dev Test

Method EX VES EX VES
Palm-2 27.38 - 33.04 -
ChatGPT + CoT 36.64 4230 40.08 56.56
Claude-2 42.70 - 49.02 -
GPT-4 46.35 49.77 54.89 60.77
DIN-SQL + GPT-4 50.72 5879 5590 59.44
DAIL-SQL + GPT-4 5476 56.08 5741 61.95
SQL-Llama 32.87 55.67 - -
MAC-SQL + SQL-Llama 43.94 57.36 - -

+ Oracle Schema 51.43 58.24 - -
MAC-SQL+GPT-3.5-Turbo 50.56 61.25 - -

+ Oracle Schema 65.78 60.62 - -
MAC-SQL + GPT-4 59.39 66.39 59.59 67.68

+ Oracle Schema 70.28 62.63 - -

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

eExecution-feedback repair markedly
improves robustness on complex, real-world
databases.

ePerception + local feedback = L2; the
collaboration template is still human-
designed.

eTakeaway: feedback-driven repair within a
fixed multi-agent workflow.
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L2 Recap: Perception + Execution, But Bounded Workflows

/

v Progress

ePerceive the environment & invoke real
tools.

eRefine outputs via local execution

feedback.

eCost-awareness as retries, schema
pruning, caching.

X The glass ceiling

ePipelines, roles & collaboration are
human-designed.

eTask-specific rigidity (e.g., tuned only for
NL2SQL).

eNo orchestration across the full data
lifecycle.

eReactive 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

: . i Hierarchical Graph Model E (" ~N
rojec as| ﬂ Dependency i Fixed pipelines canlt adapt

ssssssssss .00 sensor_01 ] -— ° -
This is a dataset featuring sensor readings from water pump, aimed at o s o | oo o ! D ata science ta S kS are d yn amic: su b
predicting machine operational status (normal or faulty). Your tasks include conducting a e : . . .
comprehensive data analysis encompassing correlation analysis, causal inferences, data PR s ssesres | | g Oa | SS h |ﬂ: an d ste p S fa I | at runtime. A
exploration, anomaly detection, and feature engineering. B 200 | onis | prasio |

statically wired pipeline cannot react, so
the agent must build and revise the plan

Project

Visualization

1 - Data 2 - Correlati 4 - Feature 5 - Model Training 7 - Visualization M |_F
Exploration on Analysis Engineering | tS e .
Classificat Model Visualize the analysis \_ Y,
assifica odel 4
hesd Correlation Seners -ion Serializati- and prediction

Csv Selection

Report on

quality graphs.

Orchestration as Hierarchical Graph Modeling

Fill
Missing
Value

Target
Mean
Encoder

Confusion
Matrix

Descriptive
Statistics

*The agent autonomously decomposes a
high-level task into a Task Graph and an
| 1 executable Action Graph.

|
I
]
]
[}
]
I
|
|
:
results with high- |
|
|
|
|
]
]
]
]
I
|
I

Data Random

Splitting Forest
XGBoost

3D - Out.llel's Variance

etection Based

Selection
Isolation 6-Moqel
Forest Evaluation
-7 1 elterative Graph Refinement dynamically
T et O« Gonerat O e O - + modifies the graph based on graph-executor
task graph action graph * graph f
eedback.
Graph Generation
&

Execution Process | *NO human-wired DAG: the agent

Task Graph Generator [ Action Graph Generator ] [ Graph Executor ]

Input Output Input * Output Feedback &

project info | | task graph taskgraph | | actiongraph  Trajectory | composes and repairs the workflow itself

[ | Large Language Model }—[ Tools j - PrOtO- L3 °

Sy Py S —————p———————— N ——— 68




Data Interpreter: An LLM Agent For Data Science

AutoGen -~ Data Interpreter
- Openlnterpreter = OpenDevin
SCTP House Prices
TaskWeaver

Machine learning tasks

* SVPC: Santander Value Prediction Challenge

* ICR: Identifying Age-Related Conditions

* SCTP: Santander Customer Transaction Prediction
* BCW: Breast Cancer Wisconsin

* House Prices Prediction

= * Titanic Survival Prediction

Real-world open-ended tasks

* OCR: Optical Character Recognition
*  WSC: Web Search and Crawling

e T2I: Text-to-Image

*  WPI: Web Page Imitation

WSC T21

e Autonomously plans, executes, and repairs data-science pipelines without a human-authored DAG.

e[ imits: 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 D

AgenticData: a data analytics system for heterogeneous data

Planner

Data Profiling Agent

| Data Summary | |Business Understandingl |Schema Understandingl

Beyond fixed operators & narrow scope

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

Data Planning Agent

| Task Decomposition | | High-level Planning | | Data Selection I‘

Data Manipulation Agent

SQL Generation Tool Calling | Filter Code Generation I
. J
- Fundamental Infrastructure
Long-term Explored Knowledge
VectorDB = LLM @ Memoryzn :r]t—term Fe:back Knowledze
Optimizer Validator H ° ° - - °
I Cost Estimation I I Rule-based Optimize I I Grammar Validation | : MUItI agent plannlng WIth on the fly operator SyntheSIS
I Quality Estimation I I Plan Selection I I Semantic Validation I | 'SUppOI’tS predeflned AND I’]Oﬂ-predeflﬂed OperatOFS,
Executor . .
Execution Mode the latter curated via LLM-based code generation.
| Executor Selection I | Pull-based Execution | | Push-based Execution I .
eCustomized MCP servers connect heterogeneous
Relational Operators Semantic Operators . .
[soRT ] [_UnioN ] [_pRoJEcT | || [_EximacT | sources; a feedback-driven planner builds tree-
| AGG ||_MERGE || FITER | | SCAN |

structured pipelines.

Customized MCP Server

Database Server File Server Web Server *Broadens task scope across management,
I PG Server I I CSV Server I I Google API I ° ° °
preparation & analysis — the widest of the three.

| Oracle Server | | JSON Server | | X API |

| MysQL Server | | TXTServer | | duckduckgo | 70




AgenticData: An Agentic Data Analytics System for Heterogeneous Data

what would be the average fee that the card scheme GlobalCard would charge

For account type H and the MCC description: Eating Places and Restaurants,
for a transaction value of 18 EUR? Provide the answer in EUR and 6 decimals

New run

NoneType -

Data Description

Data Profiling Agent

Data Server Configuration

'TXTServer_merchant': TXTServer('dataagent/test/resource/data/context/’),
‘CSVServer_merchant': CSVServer ),
‘JSONServer_merchant': JSONServer( ),
‘PGServer_merchant': PGServer( postaresal://
postgres:password@127.0.0.1:5432/mydb’)

— I =

STEP1: Distinguish whether the dataset is a fact dataset or an auxiliary

STEP2: Get schema and samples

STEP2': Two-layers

Schema Description Segment

} }

>

Data Planning Agent

STEP1: Select related fact datasets which are
necessary for solving the given task

Domain Knowledgd

of Fees Calculate

7. Rex

on the auxiliary datasets

of the datasets

=

STEPS: Search for the auxiliary
datasets for complementary
information

and construct the knowledge base

|| STEP3": Embedding segments,
in VectorDB.

LLM into descriptions. from auxiliary dataset.

|
STEP4: Add summary given by STEP4’: Extract facts datasets |

ed Fees

Table of Enumerate Values Segment

2. Acco

unt Type.

v

STEP2: Search for related domain knowledge from
VectorDB for better understanding the task.

v

STEP3: Decompose the given task into steps with
Chain-of-thought for accuracy.

Operator Description

STEP4: Generate high-level logical plan with only
operator names, scan configurations and the
structure.

Data Manigulate Agent

STEPS: Generate attributes details for the high-

Validated

=
| s level plan.
‘ I |
y
N ’
L | L
v
Generated Logical Plan Plan Validate Agent Executor Final Answer
‘ Grammar Check Semantic Check Execute the plan bottom-up by ‘get_next methods
Not Validated Not Success, Raise Exception

final_answer:
0.123217

Opti[nizer

—h

Memory

Long-term Memory
Historical General Good Cases

Summarized Common Knowledges

Memory
Scheduler
Memory
Eviction

Short-term Memory

Data Errors (From Validator&Executor)

Semantic Errors (From Validator)

Grammar Errors (From Validator&Executor) |

Temperary
Area

Table 1: Accuracy Comparison on DABStep (%).

LLM Hard
Qwen3 50.79
Gemini2.5 41.01
GPT-03 19.84

Easy
94.44
80.56
81.94

Systems
AgenticData
Leaderboard Amity
Leaderboard MultiStep

Table 2: Accuracy Comparison on Spider-2.0-Lite (%).

LLM
Qwen3
Qwen3

Accuracy
44.5
35.6

Systems
AgenticData
Leaderboard ReFoRCE

Table 3: Accuracy Comparison on Wikipedia (%).
LLM | Accuracy

Qwen3 95
Qwen3 94

Systems
AgenticData
Palimpzest

eGenerates operators on the fly and
spans the lifecycle across
heterogeneous sources — the most
ambitious Proto-L3.

eTakeaway: closest to self-directed
orchestration; trustworthy operator
synthesis is the missing piece.

71



DeepAnalyze [ICML’26]: Agentic Large Language Models for Autonomous Data Science

DeepAnalyze, an end-to-end agentic LLM that achieves autonomous data
sclence, supporting entire data science pipeline and open-ended data research

____________________________________________________________

k csv - i © Data Preparation
mg ﬂ action © Data Analysis
Rt = -> © Data Modeling
Data SOlll’CC E © Data Visualization
i Environment Orchestratlon © Data Insight

Research on the data, g i — L
feedbac/e& 7 ‘reasoning i =

Research | - c-pAlidatys€-o0b . Analyst-grade
Goal Autonomous Data Science Report
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

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

_________________________________________

:Response: | Intermediate
. . 1 esuits
Data Scientists mm) DeepAnalyze g_pletethlstask,Ineedtoa)loadthedata,i
' (2) observe its structure, (3) select a statistical E &
P e e e | " - del, ... (8) finall: T alysis r o
'1. Analyze tasks and plan ! <Analyze> ! i’q‘f il st ot e o .
i 4. i < /Analyze> i
i i — f<C ode>y E
: 2. Access and explore theraw | | ;’;‘%°‘§;“§asai§dt : § ﬂﬂﬂﬂ
! ! - — p“_r_ea CSVi aacsv___ . I Statisti nalysi
. datain the environment | “<Code>&<Execute> [ || pl==fnSton o aen).. | O S
! E E </ Code> i \A
i 3. Understand intermediate i 1 ‘Z“R%“Xf::]a |
! . | — : ame Age ary Department =|=| —
i execution results i <Understand> | P o OB T
i . . i i <Understand> . E g E |
4. Perform analysis, modeling, | —_actionse—y || | bae ey thovteentie o
. and visualization iterativel i AITEIE |
| y i | T ngg
i 5. Summarize and generate a | =———<Answer> iymReponofDm;... i |
i i H A \  Data Modeling
i data analysis report ’
= Real-world Environment —
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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

Data Science Tasks

03
B DeepAnal
Data Preparation  Data Analysis Data Modeling Visualization Data Insight Report Generation .‘%].‘ e e p n a y z e

. b P A 1
Learning Path of Human et iData. m s R B i
Basic S Data-centric  Instruction: ;

Abilities o Give me a comprehensive data analysis report based on these files.}

Q % ) oo '\ Requlrements 1)...2)... '

O 2 '_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_ """"""""" 4
as’ = 2 - 9 => {Response: ! Intermediate

Beginner Practitioner Data Scientist . Results
To complete this task, I need to (1) load the data,

(2) observe its structure, (3) select a statistical

Curriculum.based Agentic Training Of Deep Analyze model, ... (8) finally generate an analysis report. i

Next, I will first look at the data.

</Analyze)|
<Code>

Processed Data

Single-ability Multi-ability | et I]J]ﬂﬂ
A genttc il import pandas as pd
Data-centnc SFT Data Analysis —+{ df=pd.read_csv('data.csv’) Statistical Analysis
Reasonjng » prmt(”=== First 5 Rows ===\n", df.head()) ..
= Structu.ral Data = Data- oriented # 7 \A
Understanding Plpellne xecute
Code Data-oriented DeepAnalyze | Dosluich
TTM Repor Generation pAnalyze |f EECACE CR T L -
e e Hi</Execute>) 1 Pip
E <Understand> i g: ET
A Through the execution results, I know the csv file i
. . is about ..., it has 4 columns... ! Visualization
Agentic Reasoning , [% p [% -p@ Interaction Q iy g Analyze ) | :
Dat Trajectory Synthesis I Trajectory Synthes1s P B (= - s tand> e Code><Execute MO
a a ‘-‘ § l)l\(l” ation Reﬁnement i '.“ i Files? Code C) Exectrte E . - i
. B M ; 6 o Al 1 i .
Synthes1s Existing Datasets SOTA LLMs Data in Eriwronment i O i ‘s Epait o LAt | Data Modeling
s ' ________________________________________ -
Real-world Bl Shell:  Python Pandas SQL Pytorch Scikit-learn  Matplotlib Seaborn J|

Environments Files: Datal.txt Data2.csv Data3.xlsx Data4.db Data5.sqlite ~ Data6.json Data7.md e 74



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

] . ] SOTA LLMs Key Reasoning Vocabulary
¢ ReaSOHIHQ Trajectory SyntheSIS But Let me check Look at each row
. . . & @ A\ Let’s revisit structured data Wait ...
— Enhancing public data science datasets | .
by SyﬂtheS|Z|ﬂg reasornng trajectorles %Reasoni‘zg Traci @ Insert key reafom'ng words= [%
distilled from state-of-the-art LLMs Distiation

* Interaction Trajectory Synthesis
— No public datasets!

Refinement

(a) Reasoning Trajectory Synthesis

Tasks Questioner— Solver
A Multl d hesl hod —] st
— ulti-agent data synthesis metho T’ Gy cieinarcion, By S
. . - Modeling i v Environment Change
* Questioner: formulating problems Rescarch $
* Solver: interacting with the environment T Oerve civronmént dnteraction]
. . . . - —> . 1 — —
- Inspector: validating the result trajectories g —EctiwendEnuronmenti™ B - &

(b) Interaction Trajectory Synthesis
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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

Coarse-grained Metrics Fine-grained Metrics
Models Success  Completion VLM F1: Data F2: Plot F3: Data F4: Data F5: Data  Score
Rate Rate Preparation  Validity  Exploration  Visualization = Modeling

Close-Source API-Based Agent

o1-mini 29.77 45.26 2.87 44.63 19.27 36.01 30.94 23.81 38.78
GPT-40-mini 50.63 57.78 3.05 60.30 48.02 57.84 59.24 53.54 54.18 . _
GPT-4o 66.31 68.44 391 75.93 56.14 69.33 71.35 57.67 64.51 F1: Data Preparation
GPT-4-Turbo 51.93 58.87 3.09 62.30 41.62 5775 60.25 50.75 54.65 F2: Plot Validity
Claude-3-5-Sonnet 47.48 58.11 2.14 49.07 36.94 55.84 52.87 46.04 52.29 . -
GLM-4-Flash 30.32 34.04 1.33 36.53 29.42 32.57 27.64 14.44 30.74 F3: Data Exploration
F4: Data Visualization
Open-Source LLM-based Agent F5' Data M odeling
Llama-3.1-8B-Instruct 2473 33.89 1.29 38.24 18.25 21.98 22.89 25.85
Gemma-2-9B-it 7.07 11.00 1.06 26.16 16.90 23.81 18.11 17.15
GLM-4-9B-Chat 25.72 30.38 1.69 31.51 23.15 28.07 27.19 19.14 DeepAnalyze-8B
Qwen2.5-7B-Instruct 43.83 50.74 1.43 51.18 36.41 47.25 4524 34.77 :
Qwen2-7B-Instruct 22.84 25.58 1.16 30.93 20.78 28.73 25.87 7.52 achieves the SOTA
Yi-1.5-9B-Chat-16K 38.20 42.35 0.73 38.14 36.36 35.64 37.08 27.79 results among open-
CodeLlama-13B-Instruct 10.49 14.64 0.04 11.67 11.34 9.43 14.43 5.15 LLM d
CodeLlama-7B-Instruct 2.88 3.97 0.00 3.53 237 257 1.74 1.59 source S an
StarCoder2-15B 2.07 2.61 0.07 2.57 1.81 1.59 3.43 1.19 outperforms most
Deepseek-Coder-6.7B-instruct 37.03 41.62 1.93 43.49 34.57 46.36 46.49 18.09 | LLM
Qwen2.5-Coder-7B-Instruct 45.18 53.11 1.48 51.58 43.21 43.87 42.50 35.23 close-source S,
Agentic Model ranking 2nd only to
DeepAnalyze-8B 59.91 66.24 2.86 71.68 67.86 58.62 69.09 33.33 GPT-40
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DeepAnalyze: Agentic Large Language Models for Autonomous Data Science

b |
. A -
L;%Lliéfﬁiéi {| Notebook
Model & Data * A
) GitHub a
o o
il = 94 &
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

Discover data from massive Prepare the discovered data in Analyze data to extract
amounts of data. the target format. insights.
: °Q
- 99
% DeepDiscover DeepPrep 8% DeepAnalyze ‘@
Data 1 % 1 Insight

—————————————————————————————

Perception Planning Action Evolving Memory

a0 o - g
i 5 = 20 = = S =
5

Data Understanding

4
I

Multimodal Self-Evolving

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

Reasoning

Agentic Core Capabilities
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DeepPrep [ArXiv 2026]: An LLM-Powered Agentic System for Autonomous Data Preparation

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

* Supporting 30 types of operators, e.g., cleaning, transformation, etc.

(a) Code Generation (b) ReAct

3 The Result LLM generated Group by director 3
Barged = Table is Deduplicate Join all name and genre ;
|
|
|
|
|
|

5
T
c
~

Table-level Specification
1 I need a table containing ratings by genre
for each director in 2019 and 2020.

movies.merge(director Empty

UM 5 table movies tables director..  genre ..
left_on='dir_id',righ _> x — — — — St Sci-Fi
=t on=‘id') .merge(rati (») C(::?snm Sci-Fi ;Rclior

ngs, left_on itle',r o *
ight_on="movie") Executor Source  Intermediate tables | :

Column-level Specification
director_name: The name of the director
genre: A single movie genre category.
2019: Average rating for movies in 2019.
2020: Average rating for movies in 2020. SplitColumn (c) DeepPrepw

I
|
|
|
|
|
|
|
:

e g SelectColumn (ratings, ...) [ |——s[].....
! |:| Pivot
I
|
|
|
|
|
|

“.‘523‘:‘.’},":““" Tables  with updated movies === ================--- _
merged|[*rating’] ... X Unable to rollback for debugging

Source Tables ' (ratings, values, ...)
Table: movies \ \ (ratings, , ...
d - title dirid  genres : / - |:] ......
1 jurassic park 101 Sci-Fi : [—] ......
1  jurassic park 102 Sci-Fi X / Grc(m;))B
! director... genre ..
i Source > — — . — —| Ssteven..  SciFi .
17 the dark knight 103  Sci-Fi, Action ) Tables . SelectColumn Chris...  Sci-Fi, Action ...
' Dadupiicate ValueTransform |, : ;
Table: ratings Table: directors = | (movies, id) f titl (ratings, values, ...)  SplitColumn, Pivot, ... !
movie  values rating id ? : I (mo{v fes, title, ) . N !
. ! - Explode Deduplicate b m = = = — !
Jurassic... 8.2 (2022) 8.2 101 Steven ... : I (movies, genres) (movies, genres) :V Rollback to add missed
: '\ --------------- ) data preparation operators

______________________________________________________________________________________________________________________
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DeepPrep: An LLM-Powered Agentic System for Autonomous Data Preparation

Synth-Spider Synth-Bird Parrot
7011 -Hii T #?,'“—Aﬁﬁ{ 60 A /,ZA? Ly ?(
y— O""Af & ﬁ—”—pf:%f © 40 1 ﬁ___-§%p§ﬁ ¥ o 4
4 ! O &) | / / g @]
601 J o = / / o o 351 W f
) " / 401 LY / é] b
© ,' ! v o % ’ v 30 A ! ( A 2
0T Tl L AR ) e
$ |4 o = # ve x (P K
401 1 A X 20 - II, 201 | '[!
! @ v A &2 A i &
[} 101 O 154 !
30 W ]
, L 0 LU LU L ] 19 fihd IR ,
10~ 107 107 107 10° 107 107 107" 10° 107 107 107 10
Cost ($) (Log Scale)
Claude-4 Qwen3-14B Qwen3-4B Qwen3-06B ¢ MCTS-OP # MontePrep V PaS -== Qurs Pareto
GPT-5 Qwen3-8B Qwen3-1.7B % DeepPrep A ReAct @ CodeGen @ AutoPrep --- Previous Pareto

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

X + v

& Agent Console

@ 127.0,0.1:49670 Q e

Source tables Target table schema description

PRSI | AR PR AEAT S 14

Model & Data

O G itH I Confirm target description




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

. o import pandas
import pandas lal as pd

as pd — =

df = —> df

pd. read_csv..

pd: read_csv- ¢ Agent df['date'] =
['date'] = pd. to_datetime(
pd.to_datetime( df['date'])
df['date’]) (SWE-Bench, pd. to_datetime(

Terminal-Bench...) e

Evaluate Code Intelligence

Data-Intensive Environment

@ @ import pandas as pd
import json
s e
=] =) “~-pd.read_csv('sales.csv')
&= =4 meta =
a a @ “~~.__json.load(open('config.j
@‘ eee son'))

B 7 - text =

extract_pdf('report.pdf')

@@@ —

# Solution
1. First, you

@m <—Ageht B should read a

& =) table...
@ @ (DS-1000, DA-Code, 2. Then, integrate
DataSciBench...) information of...
Evaluate
# Solution

1. First, discover a table
containing country names

l EJ l - 2 Then, integrate GDP values

~— Agent

with country names.

Finally, we can conclude that...

CoDA-Bench Jointly Evaluates

Code and Da

1 Intelligence

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?

@ Data-Intensive Environment Construction

Community A/E\

[Question] What are the top 5 frequently
assigned genres for TV shows...?

/I\ Prompting LLM

@) Solution-Based Task Construction

\Y

- —y,
df = pd.DataFrame({"category": category_names,

\ 7 ~ ## Data Analyze
/@_@\\ | want to show the data of ..

\ [ Dataflow AnaIy5|s I

1

|

|

"frequency": category_frequencies}) 1

1

1

1

v

Community B @ /
df["percentage"] = df["frequency"] / df["frequency").sum() * 100
/\ \ / df["percentage"] = round(df["percentage"), 3)
7 Rl AT
~ — - I Category Count |
\@/ | International Tv.. 1351 Solution Anchor
aee aee I

Community C 1

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.

Co-occurrence Graph [l 4

X

((

€) Adversarial Task Evolution

Discriminators

Question —» 7 ¥  _p SOlve

D, D, .. D, rate

'

Generator

L ﬁ‘ﬁ‘ﬁ FlnaICheck
CoDA- Bench

Human Expert

High solve rate, make it harder

21,122 nodes
93,727 edges
323 communities

Selected:
53 communities
829 datasets
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CoDA-Bench: Can Code Agents Handle Data-Intensive Tasks?

Svstem DA EA Hard Cost 70 _
y %) %) EA®) (%) BN Community
[0 Oracle
Openhands + GPT-5.2 733 56.1 36.2 0.73 65
A=4.9%
A=10.8%

Openhands + Gemini-3-Pro 812 549 39.5 1.29

(o)}
o

Codex CLI + GPT-5.1-Codex 717 546 33.6 0.54

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

Execution Accuracy (%)
o (9
(@) (9

IS
(9]

partially improves performance. 40— pT.5 5 (OpenHands) Claude Code
3.Failures are mainly concentrated at the two Agent
ends: data discovery and code generation. Even with the correct data, the

accuracy only about 60.5%.

* Agents Struggle with Data-Intensive Tasks
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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?

e Autonomous problem discovery — surface tasks (data drift, anomalies) without
instructions.

eLong-horizon, holistic planning — cross-process cost / benefit trade-offs over time.
*Trustworthy self-governance - reliable generalist across the full lifecycle.

eCost-aware execution goes global — optimize across many tasks, not one pipeline.
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Outlook — L5: Full Autonomy

s

\_

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?
eGenerative orchestration — invent new operators & workflow paradigms on demand.

eSelf-devised cost models — the agent designs its own execution strategies.

*Pioneering examples — new sampling theory, federated prep frameworks, novel viz
grammars.

eHuman involvement — unnecessary, and potentially detrimental.
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Recap: Orchestration & Cost-aware Execution

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.

*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.




» Part |: Data Agents: Motivation, Definition, Autonomy Levels, and Core Challenges

> Part Il: Towards Autonomous Data Agents: Key Challenges and Current Practices
» Data-aware Workflow Orchestration & Cost-aware Execution
> Long-horizon Agentic State, Memory & Skill Reuse

» Semantic Grounding over Heterogeneous & Multimodal Data

» Part lll: Research Opportunities and Open Challenges
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Core Data Agent Challenges and
Level @ @ @ @3 @

. L2 Partial L3 Conditional L4 High L5 Full
L1 Assistance
Challenge Autonomy Autonomy Autonomy Autonomy
Prompt-driven Human-guided Agentic Workflow Proactive Self-evolving
Data Assistant Workflow Executor Orchestrator Data Agent Autonomous Data Agent
; Human- : : Invent new
o o Data-aware Execute human-  Auto-compose and  Proactively discover
orkflow des|gned operators, tools,

0-0-C Orchestratlon &

designed pipelines optlmlze workflows / tasks and plan long-

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

C2. Long-horizon . Workflow state + [ ong-lived cross- Self-evolvin
s e Stateless;no  Short-term task . J J
’ : provenance task memory and knowledge and
Memory & Skill persistent memory and ble skills / ) _
Reuse : reusabple sKills shared skill reuse. skill base.
memaory. execution feedback.
SOPs.
i - ' + Continuous Create new
I Prompt / few-shot Enwronment. aware Semantic catalog " |
@ Grounding over / RAG-based schema, entity, and metadata + Seman IC semantic
Heterogeneous & oundin evidence multimodal maintenance over abstraction and
Multimodal Data g g. grounding. evidence alignment. evolving data lakes.  representations.
@ Progression Assist & Suggest Execute & Improve Orchestrate & Optimize Proactively Act Invent & Evolve
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Motivating Example (Text-to-SQL)

Who are the three youngest 4 Schema Linking h
winners across all matches? —_
And their ranks? ~ 1
Text
Us:er Query Information 8
i . Database Content Retrieval
i Text-to-SQL Model | = e
i P
: . Name Age o
i Name 13
i 16-year-old 16
. gL SELECT winner_name, winner_rank FROM
| matches ORDER BY winner_age LIMIT 3 » , L
i 1 Additional Information Acquisition
LLLTY 'i _') -
-
-------------------------- —R £
-
eee. VI \§ J
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Text-to-SQL (Human Workflow)

Step-1 NL Understanding

g { Find the number of dog pets that are raised by iemale s‘ﬁudent ]

PetID PetType PetAge == StulD Sex Age
] : i :
E Dog @2/ =/ o ! F :
| i :
i i ------------------------------ : --------------------------
| N i — Table Linking
""""""""""" y D SHtliD) i Columns Linking

______________________ ; ---)» Database Content

Step-3 Translating the NL Intent into the SOL e--® Foreign Key

{ Select count(*) FROM student AS T1 JOIN has pet AS T2 ON T1.stuid=T2.stuid J

JOIN pets AS T3 ON T2.petid=T3.petid WHERE T1.:c:=F> AND T3.pettype=°‘Dog’ o




Task Formulation: Mimic Human Experts

* Human Expert Workflow for Text-to-SQL

EIIIIIIIIIIIIIIIIIIIIIIIIII‘: llllllllllllllllllllllllllll : lllllllllllllllllllllllllllll Ellllllllllllllllllllllllll:NO

Understand Link to Design SQL Compose SOL

Intent Schema Logic
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Task Formulation: Mimic Human Experts

* Human Expert Workflow for Text-to-SQL

E llllllllllllllllllllllllll ‘: llllllllllllllllllllllllllll : lllllllllllllllllllllllllllll Ellllllllllllllllllllllllll:NO

Understand Link to Design SQL

Intent Schema Logic Compose SQL

* From Human Actions to Agent Actions

Understand Intent OIY LY W CT LTIl (Revise, clarify ambiguities, rephrasing)

Schema Selection
Cell Value Selection

Link to Schema (decides which tables / columns / values)

Design SQL Logic Column Function (joins, aggregations, functions)

Compose SQL SQL Generation (assemble an initial executable query)

Validate & lter. SQL Revision (iteratively test, debug, and optimize the query) 94



Task Formulation: Mimic Human Experts

* Human Expert Workflow for Text-to-SQL

E llllllllllllllllllllllllll ‘: llllllllllllllllllllllllllll : lllllllllllllllllllllllllllll Ellllllllllllllllllllllllll:NO

Understand
Intent

Link to
Schema

Design SQL
Logic

Compose SQL

» From the Fixed pipelines to Dynamic (Pipelines) Actions

Edges (Actions)
Vo
a;: Column Value
Identification

I az:SQL Generation | /\
g e

gy
[
\

----------------------
2O LLM-as-Action-Model

Nodes

q = “What'’s the rank of Bob inthe
football match?”
D =“CREATE TABLE " players™ {(...)”

Column Value Thinking:

In the above question, thereis a
specific filter about match type and
player name. So | need use
“player’. name” =‘Bob’and
“match’ .  match_type " =‘football’.

Column Function Thinking: ...

SQL Generation Thinking:

Based on my previous thoughts, |
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 AST1
JOIN matches AST2ON T1.id =

T2.player_id WHERE T1.name = ‘Bob’

AND T2.match_type = ‘football’;

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 SOL

construction actions for Text-to-SQL task.
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How Does a Data Agent Work on a Text-to-SQL Task?

Action Space

a; Rephrase Question Edges (ACtiO“S) Nodes (Reasoning StatQS) ®
Az Schema Selection q = "What's the rank of Bob in the R
football match?” —
@3 Column Value D = "CREATE TABLE “players'(...)" Question  Database
|dentification as: Column Value Input

a4 Column Function Identification |dentification —
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.

A5 SQL Generation

. . 1
@e SQL Revision I a,: Column Function

- Termination e e e e e e e = -

Column Function Thinking: ...

LLM-as-Action-Model

? | ag: SQL Generation | SQL Generation Thinking:
L\ o e R Based on my previous thoughts, | need a
R Q I WHERE clause to filter the match type
' - Previons : e and player, and there is no functions
Question  Database A ctions I 1 a;: Termination needed. Thus, the final SQL query is: R
\ l I —========" SELECT T1.rank FROM players AS T1 saL
' = v JOIN matches AS T2 ON T1.id =
dy, —> (N —> . = = T2.player_id WHERE T‘l .name = Bob Output
A O A AP ™ e e e »| AND T2.match_type = ‘football’;
Action LLM Next State AeA LLM-as-Action-Model

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



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

Alpha-SQL Solution Overview

3 @ MCTS for Candidate SQL Generation SQL Selection
-~ . oo
Z ~~— O Q. %o
L Question Database Previous { I
c Actions . . . . .
k=) L | (a) Selection (b) Expansion (c) Simulation (d) Backprogation ‘ ‘ ‘ ‘
° Y
P @ a 22 11
g o —> @ — o N\ o ~
] RO A ‘
> (21
:II Action LLM Next [ [ [
st AN AN AN AN AN A" /\ | o
. I ‘ I I
| , | |
/\ /\ ! b
A1 Rephrase Question l ¥ l l
=== Visted Edge . ‘ ‘ . <n7 <7 S <A
ady Schema Selection : f i i i saL
8 History Node v I Reward ( ]
© a3  Column Value Identification . . Y
Qo . Termination ' ‘
(7] Visited Node S b
c A4 Column Function Identification QL. Y.
K] Execution - o
]
2 Qs SQL Generation Self-
consistency
Qg SQL Revision UCT Selection Self-supervised Reward
Q(w,a) InN(v) L& %
inati a = argmax +c i — ] == Selected SQL
a7 Termination §EA ( N, a) N, a) ) R(y,q,D) N Z I[EX(y,D) = EX(y;, D)] saL
1

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

« 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.

Boyan Li, Yuyu Luo, Alpha-SQL: Zero-Shot Text-to-SQL using Monte Carlo Tree Search, ICML 2025.
https://github.com/HKUSTDial/Alpha-SQL
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What Should Be Remembered? (State, Memory, Skill)

Action Space

69 Short-Context Failure 4 Workflow Memory Success
(Text-to-SQL) (Text-to-SQL)

g Which product line had the highest D> & S
revenue grOth in 2024? .j\x v} @y SchemaSelecton | T q = "What's the rank of Bob in the -y

1
|
1
|
f ' - football match?” -
\l' Planner Tool Calls Verifier Artifacts : a3 Column Value ;Zt”gng]A?E TABLE “players' (...)" Question Database
|
1
|
1
|
1
|
1
|
1
|
1
|
1
|
1
|
1
|
1
/I-

@3> Rephrase Question Edges (Actions) Nodes (Reasoning States)

Step 1: Retrieve schema Identification az ColumnValue | /N - Input

@ @ @ @ @4 Column Function Identification Identification

sales product  date_dim

Column Value Thinking:

Persistent Workflow Memory
Qs SQL Generation In the above question, there is a specific

___________ . filter about match type and player name.
@6 SQL Revision I a,: Column Function | /\ So | need use “player.’name’ = ‘Bob’ and

o ! Identification I
@y Termination L .

l

|

: State £) Provenance
\l' | * schema » fool outputs,

|

|

|

5 s summary * SQL versions,
ﬁ) Step 2: Draft SQL * join path « execution logs
> confext lost

< skl

« SQL repair,
disambiguation,
join correction

‘match’.’match_type’ = football’.

LLM-as-Action-Model . . . . |Column Function Thinking: ...

@ T a SOL Generation | /\ SQL Generation Thinking:
B\ o - Based on my previous thoughts, | need a
2 Q 1 ‘ . WHERE clause to filter the match type
— Previous | 1 e e e and player, and there is no functions
Actions 1 l needed. Thus, the final SQL query is:
e — e il ‘ SELECT T1.rank FROM players AS T1
v JOIN matches AS T2 ON T1.id =
dy —» 5 s =c] T2.player_id WHERE T1.name = ‘Bob’ Output

[A Execution failed / wrong SQL] ol
enerare

\L \% . o T’ruste\d

= - : b answer
RS P
o= || 5|

schema notes SQL draft  join/filter config

Question  Database

1IN B o e »| AND T2.match_type = ‘football’;
Aion LM Newswte| A LI M-as-Action-Model

x Short-Context Failure (Text-to-SQL) Q/ Workflow Memory Success (Text-to-SQL)
-

) and reuses verified repair skills
.

O State = where the workflow is now {# Memory = what happened and why
Supports Resume, Branching, Rollback. Supports Reasoning, Audit, Verification.
- DM: workload, plans, metrics, actions
" DP: versions, cleaning steps, lineage ¢ Skill = what can be packaged and reused

- DA: hypotheses, SQL/code, artifacts Supports Reuse and Adaptation

Takeaway: Not all memory is text. In data agents, structured state often matters more than chat /095.99



Evolution Across L1-L5 for “Long-horizon Data Tasks”

2 Level O Agentic State @ Memory Form @ What is Remembered ﬁ? Skill Reuse Capability

L1 Assistance
Prompt-driven
Data Assistant

No persistent
state

Current prompt /
dialogue only

Chat history

L2 Partial Autonomy Intermediate results,

Task-local 2,
&K Human-guided execution state Task-local execution logs, & Localretry /
Workflow Executor memory error feedback ad-hoc scripts
L3 Conditional
r.‘nEb Autonomy Workflow-level 2 Workflow Plan, DAG state, 3 Reusable SOPs
Agentic Workflow state memory provenance, artifacts, / |
Orchestrator validation results procedural skills
L4 High Autonomy  Cross-task / Long-lived Historical tasks, user/ Shared skill library
@: Proactive cross-agent 8 shared domain preferences, &% across
Data Agent state memory shared experience agents/tasks
L5 Full Autonomy ] _ Failure patterns, Autonomous skill
Self-evolving Self-evolving @ Self-evolving learned methods, new + ¢ creation,
Autonomous Data process state skill base operators, meta- refinement,
Agent experience and reuse

« 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. 100



Evolution Across L1-L5 for “Long-horizon Data Tasks”

L1 Assistance
Prompt-driven
Data Assistant

No persistent
state

Current prompt /
dialogue only

Chat history None

L2 Partial Autonomy 1 < |ocal X Intermediate results,
: ) Task-local : Local retry /
> % Human-guided execution state memo ST Lelsis) ad-hoc sgi ts
Workflow Executor ry error feedback P

L3 Conditional

r.‘nEb Autonomy Workflow-level 2 Workflow Plan, DAG state, 3 Reusable SOPs
Agentic Workflow state memory provenance, artifacts, /
Orchestrator validation results procedural skills
L4 High Autonomy  Cross-task / Long-lived Historical tasks, user/ Shared skill library
@= Proactive cross-agent 8 shared domain preferences, &2 across

Data Agent state memory shared experience agents/tasks
L5 Full Autonomy ] _ Failure patterns, Autonomous skill
Self-evolving Self-evolving @ Self-evolving learned methods, new + ¢ creation,
Autonomous Data process state skill base operators, meta- * refinement,
Agent experience and reuse

« 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. 101



Evolution Across L1-L5 for “Long-horizon Data Tasks”

L1 Assistance

No persistent

Prompt-driven state Chat history
Data Assistant
L2 Partial Autonomy Task-local -
% Human-guided execution state Task-local
Workflow Executor memory

L3 Conditional

dEb Autonomy Workflow-level Workflow
Agentic Workflow state memory
Orchestrator
L4 High Autonomy  Cross-task / Long-lived
@: Proactive cross-agent E shared
Data Agent state memory
L5 Full Autonomy ] _
Self-evolving Self-evolving Q@ Self-evolving
Autonomous Data process state skill base
Agent

Current prompt /

_ None
dialogue only

Intermediate results, —

execution logs, “ Local retry /

ad-hoc scripts

error feedback

Plan, DAG state, Reusable SOPs
provenance, artifacts, /
validation results procedural skills

Shared skill library

Historical tasks, user/ -
domain preferences, M across

shared experience agents/tasks

Failure patterns, Autonomous skKill

learned methods, new 0 creation,

+ .
operators, meta- refinement,
experience and reuse

« 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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Evolution Across L1-L5 for “Long-horizon Data Tasks”

L1 Assistance
Prompt-driven
Data Assistant

R

L2 Partial Autonomy
Human-guided
Workflow Executor

L3 Conditional

Autonomy
Agentic Workflow

Orchestrator

L4 High Autonomy

Proactive
Data Agent

No persistent
state

Task-local
execution state

Workflow-level
state

Cross-task /
cross-agent
state

(<[P

Chat history

Task-local
memory

Workflow
memory

Long-lived
shared
memory

Current prompt /

_ None
dialogue only

Intermediate results, —

execution logs, “ Local retry /

error feedback ad-hoc scripts

LS5 Full Autonomy
Self-evolving
Autonomous Data
Agent

Self-evolving
process state

J

Self-evolving
skill base

Plan, DAG state, Reusable SOPs
provenance, artifacts, E /

validation results procedural skills
Historical tasks, user/ Shared skill library
domain preferences, across

shared experience agents/tasks
Failure patterns, Autonomous skill
learned methods, new 0 creation,
operators, meta- refinement,
experience and reuse

« 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. 103



Evolution Across L1-L5 for “Long-horizon Data Tasks”

L1 Assistance

No persistent Current prompt /

Prompt-driven Chat history : None
state I I
Data Assistant elelogius el
L2 Partial Autonomy 1 < |ocal N Intermediate results,
KR Human-guided execution state Task-local execution logs, <, Localretry/
Workflow Executor memory error feedback ad-hoc scripts
L3 Conditional
dEb Autonomy Workflow-level 2 Workflow Plan, DAG state, f Reusable SOPs
Agentic Workflow state memory provenance, artifacts, /
Orchestrator validation results procedural skills
L4 High Autonomy  Cross-task / Long-lived Historical tasks, user/ Shared skill library
@: Proactive cross-agent 8 shared domain preferences, &R across
Data Agent state memory shared experience agents/tasks

L5 Full Autonomy ] _ Failure patterns, Autonomous skill
Self-evolving Self-evolving Self-evolving learned methods, new creation,

Autonomous Data process state skill base operators, meta- refinement,
Agent experience and reuse

« 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. 104



Representative Papers for Long-horizon State, Memory, and Skill Reuse

L1/L2-style anchor L3-style anchor Key Takeaway for
y y y ld y
(task-local) (workflow / persistent memory) “Long-horizon Data Tasks"”
A-Tune Ag_entTune DBAIOps From task-local co.m‘igurati.on candidates to
Multi-agent DB feedback-driven tuning and KG-
Data LLM-generated knob tuning with KG-grounded O&M ded diaanosis memory: cload
Management comp Ee (D12 workloagd Sl IMEmeT) = 7 races. quory. IOSIs etrics, anom loa
g configurations “800+” anomaly models traces, query plans, metrics, anomaly
(SIGMOD 2025) feedback (VLDB 2026) patterns, and verified action effects become
(SIGMOD 2026) reusable DBA playbooks.
From column-level standardization to
CIeanAgent AutoPre question-aware preparation workflows:
Declarative APIs + P
Data Planner-Programmer-Executor data- table versions, generated code, execution
E . LLM agents for feedback and : :
reparation data standardization prep workflow eedbpack, and transtormation provenance
(VLDB 2025 Workshop) (VLDB 2025) make data prep resumable and
Orkshop reproducible.
From partial-SQL search states to auditable
Alpha-SQL DeepEye analysis workflows: hypotheses, SQL /
Data MCTS over partial SQL | |Workflow engine + memory-augmented code, execution logs, evidence chains,
Analysis / reasoning states planner + glass-box DAG + SOPs charts / reports, and user edits become
(ICML 2025) (SIGMOD 2026) inspectable DAG artifacts and reusable
analysis skills.
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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

N2

" Query Plans
J

|~ System Metrics

N2

# Tuning Action
N2

@ Validator

4 DM Memory Panel

Diagnosis Graph Before/After Metrics
Anomaly Models

» 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.

A-Tune (SIGMOD 2025)

Task-local candidate tuning from current workload/context.

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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A-Tune [SIGMOD 2025]

A-Tune: Harnessing Large Language Models for Automated
Database System Tuning

Victor Giannakouris
Cornell University
Ithaca, NY, USA
vg292@cornell.edu

Abstract

We introduce A-Tune, a framework that leverages Large Language
Models (LLMs) for automated database system tuning. The design
of A-Tune is motivated by the capabilities of the latest generation of
LLMs. Different from prior work, leveraging LLMs to extract tuning
hints for single parameters, A-Tune generates entire configuration
scripts, based on a large input document, describing the tuning
context. A-Tune generates alternative configurations, using a prin-
cipled approach to identify the best configuration, out of a small set
of candidates. In doing so, it minimizes reconfiguration overheads
and ensures that evaluation costs are bounded as a function of the
optimal run time. By treating prompt generation as a cost-based
optimization problem, A-Tune conveys the most relevant context to
the LLM while bounding the number of input tokens and, therefore,
monetary fees for LLM invocations. We compare A-Tune to various
baselines, using multiple benchmarks and PostgreSQL and MySQL
as target systems for tuning, showing that A-Tune is significantly
more robust than prior approaches.

Keywords
Database, Tuning, Large Language Models, Physical Design
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1 Introduction

The performance of database management system changes dramat-
ically as a function of various tuning choices, including settings
for system configuration parameters as well as physical design
choices such as indexing, sorting, or partitioning. This has mo-
tivated a large body of research on automated database system
tuning. Recent work exploits machine learning to find near-optimal
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configurations [5, 6, 13, 23] but suffers from high training and explo-
ration overheads. This has motivated a new line of research [11, 20],
exploiting LLMs to heuristically prune the search space for tuning.
Similar to human database administrators, such models leverage
commonsense knowledge, extracted from text documents, to nar-
row the focus to tuning options that seem “reasonable”, given the
tuning context. This paper presents A-Tune (LAnguage Models for
Better Database Administration), a system that exploits capabilities
offered by the latest generation of LLMs, including the likes of
GPT-4 and Claude 3, to optimize various tuning choices for specific
systems and OLAP workloads, including system parameter settings
as well as physical design decisions.

A-Tune. Prior approaches to LLM-enhanced database tuning [11,
20] parse text documents (e.g., the database manual) to extract
value recommendations for specific parameters. They still need to
perform an optimization stage in which hints about specific param-
eters are combined into complete configurations. This approach is
in line with the limitations of early-stage language models such as
BERT [4] and GPT-2 [14]. For those models, input and output sizes
are limited to a few hundred tokens, restricting the scope of these
models to settings for single parameters (rather than entire config-
urations). Modern LLMs such as GPT-4 support input and output
sizes of hundreds of thousands of tokens. The design of A-Tune
is motivated by these advances. It exploits increased input sizes
by feeding to the language model a description of all information
relevant for tuning, including the workload and target system. It
also exploits the increased output size by generating entire configu-
rations, rather than hints about single parameters. As shown in our
experiments, modern LLMs such as GPT-4 are typically able to map
information about the workload to efficient database configuration
settings. Hence, unlike prior systems, A-Tune avoids expensive op-
timization steps, combining settings for single parameters. Instead,
it delegates more responsibility to the language model itself.
Prompt Generation. First, A-Tune automates the prompt genera-
tion step by crafting prompts tailored to the input workload (analyt-
ical SQL queries), hardware specifications, and the database system.
Our approach incorporates a workload representation method that
decomposes the input SQL queries into much smaller, mergeable
components, called query snippets. As costs increase in the prompt
size, minimizing monetary fees while conveying the most relevant
information is challenging. We select the most informative subset
of snippets to include in the prompt, given a bound on the number
of prompt tokens (which are proportional to processing fees for
providers like OpenAl). We formulate workload representation as a
cost-based optimization problem that we solve by a transformation
to integer linear programming. Using the resulting prompt, A-Tune

* 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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A-Tune System Architecture

Giannakouris V, Trummer |. A-tune: Harnessing large language models for automated database system tuning. SIGMOD 2025

Workload Compression

Workload Compressor (ILP) Snippets

@, mc.company_ type_id = ct.id
( mc.movie_id = t.id
> =
\/% t.id = mc.movie_id
\<Q\/// mi idx.info type id = it.id

»

Prompt Generation

Recommend some configuration parameters for postgres to optimize the system's performance. Such
parameters might include system-level configurations, like memory, query optimizer or query-
level configuration, like index recommendations.

Each row in the following list has the following format:

{a join key A}:{all the joins with A in the workload}

aka_title.movie_id: ['movie_info.movie_ id', 'title.id']
cast_info.person_id: ['aka_name.person_id', 'name.id']
char_name.id: [‘cast_info.person_role_id']
movie_companies.company id: ['company name.id'])

The workload runs on a system with the following specs: memory: 61GiB cores: 8

DBMS

Configuration Evaluator

e {%)
T X

_"ALTER SYSTEM SET shared buffers = '15GB'; J‘

"ALTER SYSTEM SET shared buffers = '15GB';
) . Configuration Selector
ALTER SYSTEM SET shared buffers = 15GB';
“"ALTER SYSTEM SET shared buffers = '15GB';
:
"ALTER SYSTEM SET work mem = '1GB'; “,

"ALTER SYSTEM SET random page _cost = 1.1;

.
"ALTER SYSTEM SET seq page _cost = 1.0; ",
"ALTER SYSTEM SET cpu_tuple_cost = 0.01; ",
“CREATE INDEX idx_cast_info_role_id ON
cast_info(role_id); ",

Configurations

Input

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

Key Pipeline Steps

Output

Best Configuration
(System Parameters + Physical Design)

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
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A-Tune as an L2 Agent:

1. Memory Reuse 2. Skill Transfer
* LLM's pre-trained weights encode DB tuning * No explicit long-lived reusable playbook; reuse is
knowledge from manuals, forums, and best practices. prompt/template level

» Short-lived candidate-evaluation history

3. State Management 4. Bounded Exploration
« Current workload + hardware + candidate configs * Principled approach (ILP + geometric timeout)
+ measured outcomes instead of exhaustive search.

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

©® Strong verification loop; weak long-lived DBA memory

Key Distinction from Traditional ML Tuning

No training data needed ¥ No reward signal or RL Leverages "common sense" from
(zero-shot approach) exploration required pre-training as reusable skills
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Config Tuning: AgentTune (SIGMOD 2026)

* 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

User .
- ; Workload Workload © Knob Selector @ Range Pruner © Configuration Recommender
eques Analyzer Features Revised Knob R
; Query Semantic Features @ @ @ cvise ob Ranee Knob with @ LIM <
o= Workload scale Database Knobs @ ; Pruned Range
R/W ratio Control Default
J.I_I_I_L.» €rau =
- D - - l KI;Ob f / Conﬁguratlon '_
! ata Access Features B Sk Rt el g
= { Distribution of access = @ LLM @ @ @ @ Recommended % _ Execute |
Workload [F O 6 S T S e across tables Special Min Max g Conﬁguratlons __________ g ____ “then revise
| Workload Parser | | - l Value Value Value ///Selected Config,
------- {""" Execution Features @@ T = % = %@% £=E = %
Fm———— === = e . LR = = =, = = =
. CPU utilizationrate | |  ~~ ~ || L2 | | =@ = 2 = e YE =9 = 2 =
: Collection Buffer pool hit ratio Selected » @ LLM
_________________ Database Knobs S B
|

High-quality
Configuration
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Config Tuning: AgentTune (SIGMOD 2026)

* 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

State: Current workload features, hardware specs, selected

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

User

Workload

knobs, and pruned s:afe ranges.

Workload Workload © Knob Selector O Range Pruner |||@ Configuration Recommender
Analyzer Features
R Knob R: ;
:— ------------ Query Semantic Features @ @ @ o Svised e T Knob with @ LLM T
" Schema Parser I Workload scale Database Knobs @ ; Pruned Range
——————— ; e R/W ratio Control it
J.l_l_l_L-» efaul =
:— ————————————————— l KI;Ob f / Conﬁguratlon '_ 4
Tokenizer =T
! Data Access Features it S A K =
{ Distribution of access > @ LLM @ @ @ @ Recommended éﬁ Eg _Execute| | —» ‘. %
(aha mbalaalal sy wly gt gkt | across tables Special Mln Max Step Conﬁguratlons ............. then tevise | Seeee
:— i _\Y(zrl_df)ad_P_afsfr_ | |- l Value Value Value // /SeleCted Config, High-quahty
{ Execution Features @ @ T = =% g g . E Configuration
:- _______ . CPU utilization rate —© % =9 % _z....% :% _E __%
; Collection Buffer pool hit ratio Selected > LLM
_________________ Database Knobs o

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

Strong intra-task feedback loop; weak

long-lived cross-workload memory. .




DBAIOps [VLDB 2026]

DBAIOps: A Reasoning LLM-Enhanced Database Operation and
Maintenance System using Knowledge Graphs
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ABSTRACT

The operation and maintenance (O&M) of database systems is criti-
cal to ensuring system availability and performance, typically re-
quiring expert experience (e.g., identifying metric-to-anomaly re-
lations) for effective diagnosis and recovery. However, existing
automatic database O&M methods, including commercial products,
cannot effectively utilize expert experience. On the one hand, rule-
based methods only support basic O&M tasks (e.g., metric-based
anomaly detection), which are mostly numerical equations and
cannot effectively incorporate literal O&M experience (e.g., trou-
bleshooting guid in Is). On the other hand, LLM-based
methods, which retrieve fragmented information (e.g., standard
documents + RAG), often generate inaccurate or generic results.
To address these limitations, we present DBAIOps, a novel hybrid
database O&M system that combines reasoning LLMs with knowl-
edge graphs to achieve DBA-style diagnosis. First, DBAIOps intro-
duces a heterogeneous graph model for representing the diagnosis
experience, and proposes a semi-automatic graph construction al-
gorithm to build that graph from thousands of documents. Second,
DBAIOps develops a collection of (800+) reusable anomaly models
that identify both directly alerted metrics and implicitly correlated
experience and metrics. Third, for any given anomaly, DBAIOps
employs an automatic graph exploration mechanism that explores
the relevant paths over the graph and dynamically explores poten-
tial gaps (missing paths) without human intervention. Based on

1. Anomaly "E.‘.
Processor

Redo log I/Oconstrained”
LGWR limited by
concurrent 1/0

3. Root Cause Analyzer

Femory pressure
degrading process
efficiency

Experience Retriever

()

Rule-based Tool
Metric Analysis.

DeepSeek-R1

Root Cause Analysis

'8 LGWR Process Overload: The log writer
process cannot keep up with the
transaction volume.

= Excessive Commit Frequency:
Applications committing too frequently

improper Redo Log Configuration: Redo
logs are too small o poorly configured

#1/0 Subsystem Bottlenecks: Slow storage
performance for redolog files.

- (@) Listing of All Possible Root Causes

@ obicure Experise Report
[Normal]
time: 2.98ms < 77.44ms (baseline).

- oo >
CO0ANS) (sasene) excesve 1O my
occur. @) pre-defined Thveshold-based
Metric Checking
WetricSummary
Warring] Reds o urge  log bufferor
O e pighlog e s vt

® ©
Figure 1: A database O&M is chall - (a) Expert
DBA needs to analyze diverse information from triggered anomalies.
(b) Empirical O&M may apply misleading rules (caused by incorrect
thresholds). (c) LLMs may lack O&M experience and fail to diagnose
even with sufficient relevant metric information.
doi:10.14778/3797919.3797937

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at

the explored diagnosis paths, DBAIOps leverages r ing LLM
(e.g., DeepSeek-R1) that inputs the relevant pathways, identifies
root causes, and generates clear diagnosis reports for both DBAs
and common users. Our evaluation over four mainstream database
systems (Oracle, MySQL, PostgreSQL, and DM8) demonstrates that
DBAIOps outperforms state-of-the-art baselines, 34.85% and 47.22%
higher in root cause and human evaluation accuracy, respectively.
DBAIOps supports 25 database systems and has been deployed in
20 real-world scenarios, covering domains like finance, energy, and
healthcare (https:// www.dbaiops.com).

PVLDB Reference Format:

Wei Zhou, Peng Sun, Xuanhe Zhou, Qianglei Zang, Ji Xu, Tieying Zhang,
Guoliang Li, and Fan Wu. DBAIOps: A Reasoning LLM-Enhanced Database
Operation and Maintenance System using Knowledge Graphs. PVLDB,
19(6): 1319 - 1331, 2026.

*Xuanhe Zhou is the corresponding author.

1319

ps://github.com/weAIDB/DBAIOps.

1 INTRODUCTION

Database operation and maintenance (O&M) aims to detect, analyze,
and resolve various anomalies that arise in target database instances.
It is of great importance to meet the rigorous requirements during
the online usage of these i such as high availability (e.g.,
less than 52.6 minutes of downtime per year for critical services
such as financial and e-commerce systems [27]) and performance
(e.g., service-level agreements (SLAs) enforced by cloud service

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit i d/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.

Proceedings of the VLDB Endowment, Vol. 19, No. 6 ISSN 2150-8097.
doi:10.14778/3797919.3797937

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

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

Offline Experience Integration

Anomaly

AnomalyModel

ExperienceGraph

I;)j }Anomaly

|
Model
I T - " -
ipt tes | Cases Metric Hierarchy » Metric-based Vertices Graph Metadata Automatic Graph
: scnps— o I (1' Construction 4" Model Intialization Initialization Implementation
[_! -
| i | Metrics t Hybrid Model B Fine-Grained & a Rule-based Graph &  Graph
\__feeors Extension mmm Metric Hierarchy “ 3 Enrichment & Database
E g
Xperience L
Experience-based Online Diagnosis
[
=] AnomalyProcessor Anomaly ExperienceRetriever

Model

|
' |
I Oracle Postgres | Metrics
| ¥ .. A Multi-Metric Implicitly Correlation) | Vertex
| L= | E— Anomaly Detection
\

Indentification

J Statistical-based %%
Graph Clipping |« e
Experience e Graph
Multi-Modal )} —

Graph Inference

T DB Proximity Discovery|

arget DBs RootCauseAnalyser Expanded o
I/ PO "\ Diagnosis
| |.‘3:| |,‘f:| | Reports [5) Context-Enhanced —
(L g = | —— Diagnosis Reasoning **== Prompt Generation Metrics
ﬁﬁﬁﬁﬁ —t

Results
° °
Key Pipeline Steps

From offline experience integration to
online graph-augmented diagnosis

Input

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

Output

Comprehensive Diagnosis Report
(Root Cause Analysis + Practical Solutions)

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

Anomaly Model Tag ® Tool Metric Experience
e Expand == Explored Path
Graph Inference and Proximity Discovery .
—— Containment

’ ~
’ . ’

Relevance

_______________________________

R 1/0 Performance
Analysis

1. Trigger the Anomaly

Proximity | Model vertex

Discovery

N,

LGWR Write
® Performance

1
1
1
1

\

e 2. E)-(pand the graph 1
path to other fragments I I
REDO ' I

0 ALLOCATION

1
1
1 1
1 1
1 1
1 1
1 1
1
' . Average
1
1

S .
2 DDL Analysis 2 Wait Time

=

Proximity
Discovery

Table Structure
® Change

______________________________

6-1. Continue and
expand the graph

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

collectegt metrics Adaptive Detector Fuction (ADF) v F T T TN
PGt A — - - v 0 Abnormal
' Y IR Volatility (¢ and State Function Weighted Status | , )N =°_ _ _ _ _
, L]y L0 :=>. CV ) Calculation Adjustment Evaluation N |
1 Metric within , : —~ y .. 3 orma
\ Time Interval ! Dynamic Baseline (Bt) & Weight -
A © Deviation (D) Computation Calculation 6-2. Exit and return the

. diggnosis evidence

_____________________________________

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.

Core Insight

Long-lived DBA experience becomes graph-grounded, reusable diagnosis memory
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DBAIOps as an L3-style Data Agent:

1. Memory Reuse 2. Skill Transfer

« Experience graph stores DBA-style diagnosis paths « Tool vertices link executable diagnosis scripts to
rather than isolated document chunks. experience paths.

* Anomaly models encode reusable multi-metric « Graph paths function as reusable O&M playbooks
patterns of specific issues. for recurring anomalies.

3. State Management 4. Deterministic Verification

« Triggered anomaly vertices, expanded graph, * Metric evidence and graph clipping constrain LLM
collected metrics, and diagnosis report. reasoning.

» ADF decides whether graph exploration to new * Reports target both DBAs and common users.
vertices continues or terminates.

©® From fragmented O&M experience to reusable DBA-style diagnosis paths

Key Distinction from Traditional O&M Diagnosis

Executable experience graph Implicit correlation-aware detection " Graph-guided root cause reasoning
not scattered rules or chunks captures hidden metric-to-anomaly relations grounds LLM diagnosis in evidence 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.

2
0 70 010
\ \
! 1 ! I 1 1
\ @ / .i \ / » @ * \ @ p ‘ \ ,
\ 7 \ Vi \ \ Ve
NS oo S - ~__~- ~_ _ -
Workload Plan + Tuning Sandhox Promote or
trace metrics action verify roliback

= ) State Memory 3|(I|| reuse
[ J [ J

tuning playbooks conditioned

workload snapshots - query before/after effects - root-
plans - cause
indexes - knobs - DB metrics22¢ evidence - failed actions :
action history ‘_;;3; rollback points

workload, DBMS version,
hardware, 2
and safety constraints ':,
00
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Scenario Lens — Data Preparation

1 » DP must remember dataset versions, transformations,

S Source Tables v1.0 s .
T ' schema/entity decisions, and quality rules.
Q Profiling & Cleaning Vi » What matters is not only the final clean table, but also how it
v , was produced.
E. Standardization v1.2 o
T ! » The reusable unitis a cleaning / integration recipe, not a one-
¢ Entity Resolution v:2-0 off fix.
J
¥ Validation CleanAgent (2025)
e e R Narrow but practical automation for data standardization.
Quality Report Panel

|
|
|
| Rules |} Decisions ] Provenance
|

_______________________________

AutoPrep (2025)

Multi-agent Planner — Programmer — Executor for question-aware preparation.

DP memory must be provenance-aware and reproducibility-aware
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Data Cleaning: CleanAgent (VLDB Workshop 2025)

* 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

N

()

Table Tl ] Standardized Q Memory Lens
+ User’s Requirements Table T’

CleanAgent State: Current dataframe/column, target type,

@ Historical © Historical
é Message é Chat Message é generated API call, cleaned output
Manager

Column-type @ C1:email Osuccess/Error oo Memory: Local operation context within agent
Annotator Czllohone (Execution g o cutor conversation
€ Historical 0df=clean_e|T\a|I( l I . . . .
df, “email”) , Skill: External library functions (not newly distilled
Message df = clean_date( Letells
df, “ date”) 1Py & procedural memory)
teyeen - Jocker
Tools )
e CD N P ©@ Good local verifiability via validation +
thon"eat i Until successfully R F
python"dataprep | Python @ ctandardize Input table T change report; weak long-lived memory

Programmer
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AutoPrep Framework (VLDB 2025)

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

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 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 [gfelelElnlntElgelelslali to implement
each logical operation and an |[REleUteIgEIell for execution with iterative debugging

[ which country has the

most medals in February?

Date | Cyclist | Medal | Age
02-28 | Alej(ESP) "3 35
Jan.1st | Dav.ITA 2" 28
02/22 | Alex.(ITA) | "2*" | 28

r

&

o )
&5 Planner e

{
i Country = Derive("Extract
| country code", Cyclist)

= Derive

extract(col="Cyclist", func=lambda x:
re.search(r'\((.*?)\)',x).group(1))

=1 Normalize

to_numerical(col="Medal",
func=lambda x: int(x.replace('""', ")))

format_datetime(col="Date",
format="%m-%d")

= Filter

filter(rel_col=["Date", "Cyclist",
"Medal"])

. AP
‘le .(%1 Executor Prepared Table
| Bugs y .
I <€———| | execute engine | Date | Country | Medal Answer
I : . : P | [ 02-28| ESP 3 - .
| Programs | i | el 0201l ITA 2 Extraction
| W)= =)
X L ! 4 02-22 ITA 2
lFix | @ ~—F—
1 )

—_—_—— e —_—— — — — —_ —_ — —

Q 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.
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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.

n =" . a =" a =" : =" E =" .
. . . . . . . . . .
. . . . . . . . . .
. . . .
.

. _3 : . T g@ . O .
Raw table Profile Transform Intermediate Validate +
v0 quality code vl/v2 publish
] state G0 Memory Skill reuse
dataset/schema versions - quality reports - transformation cleaning - integration -
intermediate tables - constraints - lineage - confirmed rules - normalization - entity-resolution -
matching pairs - pipeline stage error patterns - schema mappings| |recipes with preconditions and tests
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Scenario Lens — Data Analysis

* Root-cause analysis and executive reporting need evidence-aware reasoning memory

e ———— » DA must remember hypotheses, SQL/code, intermediate
5 results, charts, and report artifacts.
@ Hypothesis Generation » The key quality test is whether every insight is backed by an
v evidence trail.
</> SQL/Code Execution
Y * The reusable unit is an analysis / visualization / reporting
BB Intermediate Results temp|ate_
v
|[= Chart Generation
v
B Executive Report m Alpha-SQL (ICML 2025)
M= - - - - - - - -—— - —--—---—-- ! MCTS over partial SQL states
| @Evidence Chain Memory :
| . . T
: 5 DeenEye (SIGMOD 2026)
e e e e e - ! SDLC + workflow engine + memory

DA memory must be evidence-aware and reasoning-aware Q No evidence chain, no trustworthy insight
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The System Architecture of DeepEye

? DeepEye
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DeepEye: A Steerable Self-driving Data Agent System. SIGMOD 2026. https://arxiv.org/abs/2603.28889
https://qgithub.com/HKUSTDial/DeepEye 122



https://arxiv.org/abs/2603.28889
https://github.com/HKUSTDial/DeepEye

Q4 2025 Revenue Peak
Analysis
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The System Architecture of DeepEye
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The System Architecture of DeepEye

) — Datasource [ I [ Video | »
Memory ’ Generator | Generator |

Data
Orchestrate File System Code [ Dashboard | -
 Structured - Pl —_— [ Opetator Executor Generator Data Video
& Planner — =

L ! — ) Knowledge [ Report | @ LW

Semi-structured Search | Generator | —t |I][|III
(i r] N S Node =

i [~ O OO0 DD OO0 OIS ]
L Q > ) 3 Agent Node Tool Node —>

Dashboard

) Unstructured .
LIS

(]

(]

(]

(]

[

0

' Video @ File System$

Knowledge : Generator | Operator

(]

. $
(]

(]

(]

(]

(]

0

sQL [ Code
Generator | Executor

( 1. Compiler 2. Validator )

"B 81}0(8 M 8)'}0(8 info u——ﬁﬂ

[ Dashboard Knowled
(Knowledge Doc) Generator EP Search ( 3 Optimizer ) 4___I_ExeCl_J_t_(_)r )
) ) “ “ Analytical
Meta-data Report Datasource i .
( ) Gengrator @ Read $ M 8%8 8%8 Report
(SOP Experience) L meeres o eemens S [
Infra: @wmyso. @rostgresaL £ Redis V\jVexdB MINIO Jf Amazonss Celery @ Docker EPkas @ FastAPI/ vite &P React NGINX
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W Unified Node Protocol: Turn Every Analytics Capability <=
into Building Blocks 0] %

Databases, files,
knowledge bases, and L [ Database } ( CSV / File ] [PDF/ Report] u(nowledge] [Python / Tocﬂ [ Dashboardj
v A \/

code tools... are all first

converted into
standard nodes!

Deep Eye = Orchestrating Multlmodal Data

__ with a Unified Interface
o8 il*:_ {Qu estion e\ Elﬁ;::ﬁ:nning » Node DAG <> |I ] | Multimoda Result
‘o ? : I, Planning & Orches.tratlon & — — —| Integrated Output
.“‘.' % Decomposition 2o : ol

SN o0




Q :
N\ DeepEye
Unified Node
Protocol

In DeepEye, every
node (Node) uses
the same identity
specification for
decision-making and
communication!

any combination,
unlimited!

¢UHOW TO DO(D: EVERY NODE HAS THE SAME IDENTITY

[

Unified standard, s

@ DeepEy

—
ID : node_8f3c9a
Type ; : ToolNode / AgentNode
Version : v1.0.0
Created : 2025-05-18 10:30:00

Basic information
and capabllities
of the node.

—

/N

Execution Logic

Core logic and
execution
methods of
the node.

-

)
y U,
— 5
I 0) C
Input Port Output Port Configuration
Definition of ports | | Definition of ports Parameters,
that accept that produce optlo:s,b ?"d
external input. external output. g
2 \\ J \ resources.

Ve
-

. Any node can be uniquely recognized, connected,
" configured, and executed!

p
@ LCTILTED : Deterministic operation,

e.g., DataConnector / CodeExecutor;
takes input, produces output, no ambiguity.

\
/9 LOE NGOG : LLM reasoning node;

has private context Wiscal,
responsible for complex reasoning.
N\ Ao

Context Isolation :
Only exposes 1/0,
hides internal

reasoning noise.




In the DeepEye Unified Node Protocol, how is an “SQL Generation Node” implemented under the protocol?

Example: SQLGeneratorNode = generate candidate SQL from the question + schema + knowledge base

Unified Protocol
Template Card

N=<D,I,0,C, &>
Q Description
o Input Port
0 Output Port
G Configuration

Q Execution Logic
\

What the node does

What inputs it needs

What outputs it
produces

Which parameters
are configurable

How the task is
executed

——
Any node must

fillin these 5 fields

before it can be

plugged into DeepEye

orchestration!

PlannerreadsD/1/0
to choose nodes and wiring

SQL
A

Node Implementation Blueprint

Node Name: SQLGeneratorNode

Internal Sub-DAG: Three-Branch Parallel Generation

D Description

linked schema, and retrieved knowledge-base evidence.

Generate candidate SQL from the natural-language question, )

¢ question: string
linked_schema: SchemaGraph
retrieved_values: Dict[column, values]
knowledge_passages: List[Text]
constraints: JSON

| Input Port

Three branches in parallel, shared input

[( question ) ( linked_schema ) ( retrieved_values )}
5

sql_candidates: List[SQLQuery]
reasoning_summary: Text
used_schema: SchemaGraph

O Output Port

model = Qwen/DeepSeek
generation_mode = Skeleton / ICL/ D&C
max_candidates; temperature

dialect = SQLite / PostgreSQL

C Configuration

v

v

Skeleton
Generator

0G0
@]

Plan the SQL
skeleton first

v

ICL
Generator

Q

Retrieve similar
examples and

_transfer SQL patterns )

€ plan_sql_components()

@ generate_skeleton() / retrieve_examples() /
decompose_question()

© fill_schema_and_values()

O emit_candidate_sqls()

Execution
Logic

D&C
Generator

Lo

Decompose complex
questions, then

_compose sub-SQLs

o

Validator checks
port types

Executor executes C / ®

invokes the node's
internal algorithms 2

upstream O must match
downstream |

~
Output candidate SQLs
for downstream nodes

@ &y

With the protocol,
everything becomes
orchestratable!

Very 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://qgithub.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 veritfiable.

N\
. . . .
Ll . B .
I I . . .
. . .

Business Hypotheses Evidence Report/

gquestion +plan execution + charts action
ambiguous goal decompose / branch query - seript ;. tables - plots ——— recommendations
. -
=l State Gl Memory 9 Skill reuse
question decomposition - hypotheses validated/rejected hypotheses - failed KPI drill-lown - cohort analysis -

SQL/codle - intermeiate results - evidence tables .?,?.Liness definitions - _root-cause analysis -

charts - draftreport user preferences visualization/report templates
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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.

Memory object System effects Data transformations Reasoning evidence

State granularity DB / workload / plan / Record / table / pipeline / Question / hypothesis /

config version artifact / insight
skill tvpe Tuning + diagnosis Cleaning + integration Analysis + visualization +
yP playbook recipe report template
. Latency - throughput - cost Constraints - quality - SQL correctness - stats
Verifier . :
- safety downstream effect validity - evidence coverage
. nsafe production side : : : Unsupported insight /
Main risk SRS [PIOCIUET | Silent semantic corruption HPPOTEeE INSIY
effect hallucination
DBMS - workload - Schema - domain - data Business metric - goal - user
Reuse boundary T
hardware distribution 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.

S Data Management V¥ Data Preparation |~ Data Analysis

N N N

Agentic Data File System (ADFS)

@ State Space Checkpoints Intermediate Tables Execution Graphs

& Memory Space Provenance Evidence Chains Diagnosis History

3¢ Skill Space Tuning Playbooks Cleaning Recipes Analysis Templates

£ ADFS-like Foundation: The foundational infrastructure for agentic state, memory, and skill reuse.

X
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From Memory Reuse to Agentic Evolution

The ultimate goal: Meta-agents that learn and evolve

f 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.

Q \ ¢ ~ P4
tg.)
Agents explore the state Meta-agents analyze the . The system continuousl|
9 P 9 y . Distilled procedures are y , , , y
space, generate memory space to identify : ) refines its skills,
stored in the Skill Space
hypotheses, and execute successful patterns, (e.g., ADFS) and retrieved deprecates outdated
actions. Successes and abstracting them from = . ones, and adapts to new
, , N . by agents to solve similar o
failures are recorded in specific contexts into . data distributions and
) future tasks efficiently.
the Memory Space. generalized procedures. workloads autonomously.

3 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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» Part |: Data Agents: Motivation, Definition, Autonomy Levels, and Core Challenges

> Part Il: Towards Autonomous Data Agents: Key Challenges and Current Practices
» Data-aware Workflow Orchestration & Cost-aware Execution
» Long-horizon Agentic State, Memory & Skill Reuse

» Semantic Grounding over Heterogeneous & Multimodal Data

» Part lll: Research Opportunities and Open Challenges
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Core Data Agent Challenges and

Level

Challenge

C1. Data-aware

Workflow
Orchestration &
Cost-aware

Execution

C2. Long-horizon

C3. Semantic
Grounding over
Heterogeneous &
Multimodal Data

@ Progression

2

L1 Assistance

Prompt-driven
Data Assistant

Human-
designed
workflow; agent
suggests.

Stateless; no

Prompt / few-shot
/| RAG-based
grounding.

Assist & Suggest

@ @ 9

L2 Partial L3 Conditional L4 High
Autonomy Autonomy Autonomy
Human-guided Agentic Workflow Proactive
Workflow Executor Orchestrator Data Agent

Execute human- Auto-compose and  Proactively discover
designed pipelines optimize workflows / tasks and plan long-
with local feedback. DAGs. horizon execution.

Workflow state + Long_”\/ed Cross-

Short-term task

Semantic catalog + Continuous

metadata + semantic
multimodal maintenance over

evidence alignment. evolving data lakes.

Environment-aware
schema, entity, and
evidence
grounding.

Execute & Improve Orchestrate & Optimize Proactively Act

oo

L5 Full
Autonomy

Self-evolving

Autonomous Data Agent

Invent new
operators, tools,
and workflow
paradigms.

Self-evolving

0 min)

Create new
semantic
abstraction and
representations.

Invent & Evolve
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From Database Abstractions to Semantic Operators

Database researchers turn messy application logic into reusable operators.
Semantic operators are the next abstraction layer for Al-native data processing.

Application Area Classic DB Abstraction
8 9 B N
- Range query, nearest neighbor, o
&EB Spatial databases <patialioin J—> Eol
\&& T e : -
6 N\ (3 AT N
Windows, continuous queries,
((K)) Sensor / stream systems || evefadtaion /—-) A
- NS - - — =
[ — == B\ 14 )
=) | Keyword h, ranki —
— yword search, ranking, —
=Q Text / IR systems || inverted index, top-k S— L
G S — — =2
( [ seh tching, entit ’
. ; chema matching, entity
L Data integration || recolution, record linkage | &)

OLAP / analytics

Uncertain /
provenance-aware data

J

Takeaway

Group-by, roll-up, drill-down, ) ‘D

aggregation

Confidence, lineage, e @
) NW

why-provenance

Semantic-Operator Opportunity

Semantic similarity search and
semantic join over places, images, or scenes

Semantic event detection and grouping
of abnormal patterns in logs or telemetry

Semantic filter and top-k ranking,
e.g. papers with surprising claims

Semantic join across heterogeneous
sources, e.g. records referring to the same company

Semantic group-by and semantic aggregate,
e.g. group tickets by root cause

Semantic outputs with confidence scores,
evidence, and provenance

DB history: abstract application logic into operators. Data-agent future: abstract Al reasoning
into semantic operators.
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Symbolic operators (abstractions)
Traditional DB operators whose logic is specified by explicit
symbols: predicates, keys, expressions, rules

Semantic operators
Al-native operators whose logic is specified by natural
language intent and interpreted by models/tools



Customer Table

join

Symbolic Operators vs Semantic Operators: Join as an example

Concrete enterprise example: joining a customer table with contract (table/documents)

Case 1: structured table

Alibaba Cloud
Tencent Cloud

ByteDance

join
customers

with
contracts

join

(i)

E Contract Table

D1 Alibaba Cloud Cloud hosting
D2 Tencent Cloud Storage
D3 ByteDance Advertising
D4 Alibaba Group Procurement

Case 2: raw documents

a Contract Documents

This agreement is signed with P2z for
cloud hosting...

The contract is entered into by Tencent cloud division ...

Agreement with ByteDance Ltd. for
advertising services ...

This contract is signed by Alibaba Group for
procurement ...



What is a semantic operator?

sem_xxX (input data, intent/spec, context, model/tool, contract)
> data product + confidence + provenance
sem_filter( A
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 )

[ sem_count ] [ sem_map ] [ sem_filter ] [ sem_extract ] [ sem_join ] [sem_groupby] [sem_summarize]
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Why semantic operators are important to
data agents?

- Inside databases
- Qutside databases



Symbolic Operators vs Semantic Operators: Join as an example

Traditional Join Semantic Join
Symbolic predicate over already-clean values Semantic-based predicate grounded by evidence
JOIN(R, S) where R.a=S.b JOIN(R, S) where sem_match(R.e, S.text)
Example SQL Conceptual SQL
—
FROM Customers C FROM Customers C
JOIN Contracts D frg;:j;f;t;e SEMANTIC JOIN Contracts D
ON C.name = D.customer_name to entity identity ON sem_match(C.name, D.text)
Works when both sides use exact keys or Joins when the document refers to the same real-
normalized values. Fails for aliases, translations, world entity, even if the surface form differs.

paraphrases, and ambiguity.

Misses: FEEZ > Alibaba Cloud Outputs: joined tuple + evidence span + confidence +

Confuses: Alibaba Group # Alibaba Cloud SRS S CeREEI EIEEE

Alibaba Cloud -> D1 evidence: filEEZ= confidence: 0.96

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

Alibaba Group -> D4 rejected: related but different entity 143




Why semantic operators are important to
data agents?

- Inside databases
- Qutside databases



Running example: analyze customer churn

Customer Churn Analysis

2. Churn analysis asks three questions

1. What is customer churn? N7
Cancel Netflix & S E @ PR
subscription th is Why ar.e What predicts
\ ‘ leaving? they leaving? future churn?
Close a Customer churn N f\/
bank account = o l l
customers stop
using a product
or service Identify which Find the main Discover patterns
Do not renew customers are reasons behind and signals that
% a SaaS contract likely to churn. churn. help predict who
may leave next.
N - S P
P 5%

(@)/ ) Goal: understand churn events, explain their causes, and predict future churn.
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Running example: analyze customer churn

Heterogeneous enterprise data

CRM records

A multi-operator analytics workflow

$

Billing data

Support tickets

080

X

Ly

Customer reviews

R i/ e
O J J
\ —) N.
Discover |p/ Extract »  Clean
find relevant pull issues, standardize
sources sentiment, IDs, dates,
events . fields
/ J

P

9,
C
Join

link customers
across
systems

(R A —
=48 \ ¢
> Transform —p»| Report
' |
build churn | summarize
features / drivers and
cohorts ‘ evidence
N ;/

churning,
and why?

» at-risk customers
¢ churn drivers

* supporting evidence
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Semantic operators have been widely studied by the database community

a®p
N

System family

LOTUS

Palimpzest

DocETL

Sema / SEMA-SQL

SemBench

VectraFlow

Q- Core idea

Declarative semantic operators: filter, map, join,
aggregate, top-k, transform, extract, ...

Declarative Al workloads over unstructured data.

Agentic rewrites for document-processing pipelines.

Semantic operators inside SQL/DB runtime.

Benchmark for semantic query-processing engines.

Continuous semantic operators over event/text
streams.

@ Main goal

Operator algebra + optimization + statistical accuracy
guarantees.

Cost / quality / latency optimization across models and
prompts.

Rewrite rules, validation prompts, and multi-objective
plan search.

Optimizer/runtimes for batching, reordering, UDF
rewriting, AQE.

Scenarios x modalities x operators, beyond task-level
accuracy.

Streaming semantics, windows, group-by, joins, long-
horizon state.
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Core Data Agent Challenges and
Level @ @ @ @3 @

. L2 Partial L3 Conditional L4 High LS Full
L1 Assistance
Challenge Autonomy Autonomy Autonomy Autonomy
Prompt-driven Human-guided Agentic Workflow Proactive Self-evolving
Data Assistant Workflow Executor Orchestrator Data Agent Autonomous Data Agent

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)

' - ' + Continuous Create new
C3. Semantic Prompt / few-shot Environment-aware Semantic catalog

@ Groundingover | RAG-based schema, entity, and metadata + semantic semantic
Heterogeneous & evidence multimodal maintenance over  abstraction and

: rounding. , - i '
Multimodal Data g g grounding. evidence alignment. evolving data lakes. representations.

@ Progression Assist & Suggest Execute & Improve Orchestrate & Optimize Proactively Act Invent & Evolve
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Semantic operators: Topic * Autonomy Map

L1: prompt L2: execute + feedback L3: orchestrate L4: proactive

Transform Table-GPT, Jellyfish MegaTran, EVAPORATE, Palimpzest, = AOP, AgenticData, Data semantic stream / self-
DocETL Interpreter triggered transform
monitors

Clean RetClean, LakeFill, AutoPrep, CleanAgent, SketchFill, AgenticData / DeepAnalyze quality drift monitors;
LLMClean IterClean as broader workflows continual cleaning agents

Extract LiteCost, LongRAG, DataPuzzle, Doctopus, QUEST, AOP/iDatalLake/AgenticData  continuous extraction and
PDFTriage, VisDoM, MACT when extraction is part of a  alerting on new corpora
Docopilot plan

Join / BATCHER, Jellyfish, LLMCTA ~ Agent-OM, MILA, COMEM, SEED, iDataLake, AgenticData schema-drift and identity-

integrate FDJ resolution monitors

Discover / ArcheType, AutoDDG, Chorus, LEDD, DataVoyager, iDatalLake, AOP, long-lived catalog agents

search Pneuma DBDescGen AgenticData
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Core Data Agent Challenges and
Level @ @ @ @3 @

. L2 Partial L3 Conditional L4 High LS Full
L1 Assistance
Challenge Autonomy Autonomy Autonomy Autonomy
Prompt-driven Human-guided Agentic Workflow Proactive Self-evolving
Data Assistant Workflow Executor Orchestrator Data Agent Autonomous Data Agent

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)

Environment-aware Semantic catalog + Continuous Create new
schema, entity, and metadata + semantic semantic
evidence multimodal maintenance over abstraction and
grounding. evidence alignment. evolving data lakes. representations.

C3. Semantic
@ Grounding over
Heterogeneous &

Multimodal Data

Prompt / few-shot
/| RAG-based
grounding.

@ Progression Assist & Suggest Execute & Improve Orchestrate & Optimize Proactively Act Invent & Evolve
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Semantic operators: L1

Operator family

Representative systems

Typical L1 behavior

Transform / wrangle

Clean

Integrate / match

Discover / annotate

Analyze / visualize

Extract from docs

Table-GPT, Jellyfish

LakeFill, LLMClean, RetClean

BATCHER, Jellyfish, LLMCTA

ArcheType, AutoDDG, Pneuma, LLMCTA

BINDER, DIN-SQL, Prompt4Vis, Step-
Text2Vis

LiteCOST, LongRAG, PDFTriage, VisDoM,
Docopilot

Serialize tables/records; ask LLM to infer values, schema
matches, or transformations.

Retrieve tuples or generate constraints/rules; human or
downstream system applies.

Prompt or batch prompt for entity/schema/column decisions.

Dataset summaries, profiles, semantic column types, metadata.

Answer/code/spec generation for TableQA, NL2SQL, NL2VIS.

Retrieve/filter/answer over long or visually rich documents.



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.



Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)

L2 - execute L3 - orchestrate

N

; N 8 B
@ Missing-value identification @ Column finding
=) Instruction: % Instruction:
Given the table below, which Given the table below,
row and column has a missing value? which column has the value “93"?
Table (preview): Table (preview):
| row-id | name | grade | math | art | music | ... | row-id | name | grade | math | art | music | ...
| row-1 | Jennifer | G-2 | 98 | 94 | 89 | ... | row-1 | Jennifer | G-2 | 98 | 94 | 89 | ...
| row-2 | James [ *G=2" |99+ 93" | &..% | row-2 | James [G=2" 997 «86,1|% "93% | % .%
D Model response: D Model response:
In row “row-2", column “music” x The value “93” is in column “art” x
7
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)

L2 - execute L3 - orchestrate

T-1: Missing-value identification (MV)
T-2: Column-finding (CF)

T-3: Table-QA (TQA)

T-4: Column type annotation (CTA)

T-5: Row-to-row transform (R2R)

T-6: Entity matching (EM)
T-7: Schema matching (SM)
T-8: Data imputation (DI)
T-9: Error detection (ED)
T-10: List extraction (LE)

T-11: Head value matching (HVM)

T-12: Natural-language to SQL (NS)

T-13: Table summarization (TS)
T-14: Column augmentation (CA)
T-15: Row augmentation (RA)

I T-16: Row/column swapping (RCSW)

I T-17: Row/column filtering (RCF)

E T-18: Row/column sorting (RCS)

Identify the row and column position of the only
missing cell in a given table

Identify the column-name of a specific value that
appears only once in a given table

Answer a natural-language question based on the
content of a table ([11, 42, 49])

Find the semantic type of a column, from a given
list of choices ([16, 25, 63])

Transform table data based on input/output
examples ([23, 24, 27])

Match rows from two tables that refer to the
same real-world entity ([32, 38, 41, 66])

Match columns from two tables that refer to the
same meaning ([30, 36, 44])

Predict the missing values in a cell based on the
table context ([7, 37])

Detect data values in a table that is a likely error
from misspelling ([14, 45])

Extract a structured table, from a list that lacks
explicit column delimiters [9, 13, 19]
Match column-headers with its data values
drawn from the same table
Translate a natural-language question on a table
into a SQL query ([62, 65])

Produce a natural-language summary for the
content in a table
Augment a table with additional columns
compatible with a given table
Augment a table with additional rows compatible
with a given table
Manipulate a given table, by swapping the
position of two rows or columns
Manipulate a given table, by filtering on given
rows or columns

Manipulate a given table, by performing sorting
on given rows or columns

Table understanding
Table Understanding
Table QA
Table understanding
Data transformation
Table matching
Table matching
Data cleaning
Data cleaning
Data transformation
Table matching
NL-to-SQL
Data augmentation
Data augmentation
Data augmentation
Table manipulation

Table manipulation

Table manipulation

synthesized
synthesized
(42]

[16, 25]

synthesized
(test: [24])

(1]

synthesized
(test: [30])

synthesized
synthesized
synthesized
synthesized
[65]
synthesized
synthesized
synthesized
synthesized

synthesized

synthesized

Task description (related work) Task category Table data

Test only
Test only
Test only
Test only
Train/Test
Train/Test
Train/Test
Train/Test
Train/Test
Train only
Train only
Train only
Train only
Train only
Train only
Train only

Train only

Train only
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)

Q Diverse (instruction, completion) pairs Synthesized diverse (instruction, table, completion) triples

= 2
G Instruction-tuning: Bed-time story @ T-15: Schema-match, on table ID-957
Instruction: Write a short bed-time story . Instruction: The Table-A and Table-B _—
about three bears living in a forest. below have columns that correspond to

Completion: The three bears and a wish ... eacticteniaertthe Ratchingleats.

Y " 113 's301 )
0 IR tioh fink uF Smcts it > e T-13: Table summary, on table ID-6301 |

‘ ; : ‘ Instruction: Please inspect the table
Instruction: Give me a quote from a \ . :
. [aias below, and provide a succinct summary eoe
famous person on the topic of honesty. ‘ SFthelkeymeintsinithatable
Completion: Here is a quote from Vs B
‘ Mark Twain about telling the truth ... ‘ @ T-8: Data imputation, on table ID-5918
|
(2 Instruction-tuning: Sentiment analysis \ E Instruction: The cell marked as [TARGET] in 24
© s the table below is missing, what value
Instruction: What sentiment does the following should be there? Use JSON {“answer": "?"}.
tweet convey? “Had the most average coffee in sie% row-id | Country Gontinent GDP sise
the new cafe downtown. row-1 USA Americas 26,854,599
Completion: It is neutral to mildly negative. row-2 China [TARGET] 19,373,586
The word ‘average’ suggests that the coffee x P 5 =
was neither outstanding nor terrible. Completion: Chinais in Asia, so it is
\ P oy “answer": “Asia"}. ¥
o Ins;ruct -GPT 4" GPT Table-tuned GPT
aMa Chat-GPT
'g' Chat-GPT Table-tuned Chat-GPT
PaLM LLaMa-Chat :
Instruction-tuning Table-tuning

o Instruction-tuning improves general instruction following; table-tuning specializes language models for table understanding and table tasks.
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)

L2 - execute L3 - orchestrate

P ; : . E 7~ n N § L'
1) Diverse table tasks for fine-tuning 2) Fine-tune Table-GPT 3) Prompt for many tasks
7= N 3 \
(== ' x \ ‘ Row: 7
Missing-value Column @@ Wh'ch row, . > | . ] ‘
identification — 1 finding fE—— Table the missing value? F-1
== \ J \ taad )
QA
e g Summary
Y Summarize \ g ‘
. _— his table || s =
Column type EE =y B ® Go @ b this : =
annotation — L ) ey /
Row-to-row Entity 7 N -
transform matching fine-tuning ° Match the same } A ‘
@ C° entity across |ramaseni > @’
_____ — § two tables. ) ==)
A |—| Table-GPT |—| Leih |
.| imputation ( ) \ SQL Query ‘
Schema [ Error Translate this fhetisae | SELECT..
matching detection . question to SQL. 1 FROM ...
. ‘ _ WHERE ...
Table Column ?1 Row/column .Fme-tuned for ( = Fillin the ‘ ' Filled Cell
7 summarization augmentation |~ | filtering diverse table tasks == missing cell. et > 42
NL-to-SQL 4 Filter rows 77\‘1 " Filtered Rows
(translate to SQL) ? where revenue | “-v+o > [% |
\ drops. 4 |
L Multi-task fine-tuning data ) 9 r L Multi-task prompting over tables o

Why L1? Table-GPT supports many tasks through prompting after fine-tuning,
but it remains a prompt-response assistant: no environment interaction,

no tool execution, no autonomous pipeline control.
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)

L2 - execute

L3 - orchestrate

Ability to generalize to new unseen
tasks (no task-specific training)

A

Table-tuning

----------- > Table-GPT

Chat-GPT LLaMa-Chat
Stanford Alpaca

Instruction-tuning

Table-tuning

GPT-3 LLaMA
----------- >

PaLM

Unicorn DoDuo
TURL TaBERT

>

Performance on table-tasks

table-tuning improves table understanding and table-task performance.

{ @ Instruction-tuning improves generalization;
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Table-GPT: Table-tuned GPT for Diverse Table Tasks (SIGMOD 2024)

L2 - execute L3 - orchestrate

Zero-Shot Zero-Shot
Task Type Task Dataset | v
GPT-3.5 +table-tune GPT-3.5 +table-tune l ChatGPT | +table-tune | ChatGPT | +table-tune
| | !
Column Finding Spreadsheets-CF 0.461 0.713 0.682 0.816 0.699 0.807 0.803 0.848
Efthymiou 0.757 0.886 0.784 0.847 0.823 0.882 0.806 0.861
Limaye 0.683 0.755 0.719 0.853 0.742 0.769 0.832 0.853
Column Type Annotation
Sherlock 0.332 0.449 0.528 0.538 0.454 0.482 0.521 0.553
T2D 0.776 0.875 0.83 0.915 0.827 0.886 0.853 0.912
Column (no separator) 0.261 0.294 0.383 0.441 0.299 0.351 0.468 0.474
Column (with separator) 0.305 0.457 0.519 0.643 0.422 0.520 0.635 0.665
Missing Value Identification
Row (no separator) 0.768 0.851 0.774 0.882 0.822 0.840 0.859 0.894
Row (with separator) 0.875 0.959 0.917 0.976 0.923 0.936 0.960 0.968
Table Question Wiki 0.45 0.486 0.454 0.478 0.512 0.521 0.520 0.527
Data Imputation Spreadsheets-DI 0.423 0.558 0.57 0.625 0.524 0.594 0.609 0.649
Amazon-Google 0.153 0.657 0.659 0.676 0.239 0.566 0.680 0.701
Beer 0.5 0.727 0.815 0.923 0.741 0.923 0.783 0.963
DBLP-ACM 0.402 0.847 0.954 0.912 0.833 0.932 0.961 0.938
Entity Matching DBLP-GoogleScholar 0.206 0.861 0.809 0.896 0.632 0.912 0.823 0.924
Fodors-Zagats 0.083 0.872 0.872 0.977 0.809 1.000 0.872 0.977
Walmart-Amazon 0.268 0.691 0.519 0.711 0.206 0.678 0.664 0.824
iTunes-Amazon 0 0.788 0.826 0.943 0.393 0.862 0.833 0.929
- Lo Spreadsheets-Real 0.058 0.565 0.319 0.552 0.058 0.544 0.443 0.551
lani WebTables-Real 0.077 0.643 0.338 0.545 0.078 0.656 0.364 0.684
Schema Matching DeepM 1 1 1 1 0.857 1 1 1
BingQL-Unit 0.213 0.427 0.339 0.446
BingQL-other 0.431 0.588 0.558 0.607
Row-to-Row Transformation FF-GR-Trifacta N.A. 0.712 0.788 N.A. 0.772 0.825
Headcase 0.636 0.705 0.704 0.795
Stackoverflow 0.662 0.745 0.800 0.758
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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.
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025)

L2 - execute L3 - orchestrate

Hard Missing-Value Imputation: Direct Prompting vs Retrieval-Augmented Reasoning

A) Direct prompting only

___________

P-204 | eGFR 42 mL/min/1.73m? | i [MISSING] !

( g Fill in the missing CKD stage for patient P-204. 1

[ggo LLM }
¥

0 Prediction: Stage 3a? J

("8 i %)

Needs domain thresholds for eGFR staging

May hallucinate or guess from weak local context

Input: incomplete tuple only J

(((
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025)

L2 - execute L3 - orchestrate

When redundancy is scarce, imputation must search and combine evidence from external sources

'/ : N\
| A. Enough redundancy self-contained
Incomplete tuple
Representative State District Party Birth date
Bob Riley Alabama NA NA NA
‘ repair from the same table
| )
‘ Sufficient redundancy within one table
Representative State District Party Birth date
Bob Riley Alabama AL-3 R NA
Bob Riley Alabama NA R Oct. 3, 1944
Bob Riley Alabama AL-3 NA Oct. 3, 1944
| Don Siegelman Alabama NA Democratic July 6, 1945
hC 7
| ‘ local redundancy is enough
\ B\
\ Completed tuple
1 Representative State District Party Birth date |
Bob Riley Alabama AL-3 R Oct. 3, 1944
S J
l\ =%
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025)

L2 - execute L3 - orchestrate

Retrieve — Rerank — Reason

Inputs

Data lake .
Retriever top-K Reranker top-k Reasoner Output

] l l I @ encoder + @ rank retrieved . m LLM fills —> Completed tuple t’
Incoﬁete tuple t vector search tuples missing values ....-
L |

TRAINING Train only the two learned modules
Train Retriever / Encoder Train Reranker
learn tuple-level representations for retrieval learn fine-grained relevance among retrieved tuples
Data lake ' Incomplete t Relevance
g Tuple pairs i Encoder P » | supervision g Reranker
tuples anchor / +/ - contrastive learning -+ top-K LLM/checklist labels ranking groups
goal: retrieve relevant tuples from heterogeneous tables goal: keep the most useful evidence for imputation
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025)

L2 - execute L3 - orchestrate

Training Data Synthesis for Training the Encoder

Consider a sample tuple with a caption and attribute/value pairs:
Caption: “Harrisburg, Pennsylvania, Sports”

(club: Harrisburg ..., league: USL Soccer, venue: Skyline ...)

delete_cap
@ Caption replace_cap
shuffle_cap

: shuffle_attr
£ Attribute
delete_attr

replace_val

‘ Value

empty_val

_ Type | Operatr | Bample |

Harrisburg, NA, Sports

Harrisburg, Pennsylvania, Athletic
Pennsylvania, Harrisburg, Sports

new attribute order: (league, venue, club)

new attribute set: (club, venue)

(Harrisburg ..., United Soccer League, Skyline ...)

(Harrisburg ..., NA, Skyline ...)
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025)

L2 - execute L3 - orchestrate

Synthesizing Training Data for the Reranker

Q list of museums in north yorkshire / list of museums in victoria (australia)
name town/city | region type O name location region type ‘
Incomplete Candldate
Tu Te National Railway N/A N/A Railwa Tuple Australian Railway | Williamtown | Melbourne Railiva
P Museum Y upie Historical Society North suburbs y
l /.\ J
> | ) <
It
Evaluator (LLM)
3 o = =\
Evaluation Checklist
‘ Efictence 1 Does the candidate provide missing attribute values " Response: Yes
| | for the query tuple? i
ﬁ Relevance aDZ::):;T c;?i::t:n?.:sg ilpe:thvesame eatityer ‘ Response: Somewhat Relevant
y Ity
\ Logical Are the provided values logically compatible . § ,
5@ Consistency with the query context? ‘{ Response: Partially Consistent
1 J/
A L 4
a N e M)
Scored Training Example Training Data for Reranker
% ¢ Query tuple t Query tuple t Candidate c, ‘(Candidate ¢, || Candidate c, Candidate ¢,
 Candidate tuple ¢ ; + E i ; i
* (Checklist responses Score: 3 Score: 2 Score: 1 Score: 0
e Score = 3 \ <
— v J
€ o N Scored candidates used to train the reranker )

Use an evaluator to score retrieved candidate tuples, then assemble scored groups as supervision for reranker training.
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Data Imputation with Limited Data Redundancy Using Data Lakes (VLDB 2025)

L2 - execute L3 - orchestrate

LakeFill Dataset Statistics and Imputation Accuracy

Benchmark Statistics and Dataset Names

| Incomplete Tuples Data Lake |

st = > Sl S N " R T L A e xﬂﬁfﬁmg
WikiTuples (WT) 665 | 6,887 207,912 2,674,164 3.98 Party, Director, Team, . 100
Show Movie (SM) | i | ‘ 30 ‘ 3 ' 19,586 A 1 . Age Rating ‘ 6
Cricket Players (CP) 1 | 2 | 2 | 94164 | 1.38 | Nationality, Batting Style | 20
Educaton(ED) | 2 | es4 | 17 | 11132 | 4 | Address, Zipcode, Phone | 30
Zomato (ZM) 1 \ 529 16 468,252 3.48 Location 30

FIFA World Cup (FF) 1 | ®ee | | wepm | 1.44 | Home/AwayTeam Goals | 30 |

Exact Match (EM) Accuracy of Data Imputation

“Tup.” denotes tuples.
_““___
0.63 0.75 0.119 0.904 0.475
Ry 2 w/ tup. (BM25) 0679 0.75 0.908 0.905 0.754 0.543
w/ tup. (LakeFill) 0.881 0.875 0.977 0.921 0.914 0.927 ’
w/o 0.809 0.75 0.112 0.938 0.0 0484
GPT-40 w/ tup. (BM25) 0.815 0.833 0.928 0.932 0.758 0551
w/ tup. (LakeFill) 0.907 0.917 0.978 0.97 0.924 0.948 ’

Upper table introduces dataset names/statistics; lower table reports EM accuracy across the same datasets.
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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.
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026)

L2 - execute L3 - orchestrate

@ How did the trend of ADM Endeavors, Table-T1
:cnc.'s operating profit margin evolve [
rom 2021 to 20247 —
ADM Endeavors, Inc. | 715,076 | 5,841,788 | 2022
Documents: > |ADM Endeavors, Inc. 121,237 | 5,158,755 | 2021

D | 10-k financial reports from 2021-2024 ADM Endeavors, Inc. | 91,884 | 5,097,046 | 2024

ADM Endeavors, Inc. report various asset ADM Endeavors, Inc.| 353,044 | 5,271,456 | 2023
categories in thousands of dollars, which E
include operating income of $1,21,237 and Graph-G1 .
operating expenses of 5,158,755 in 2021, Dlgta_l
| The other expenses are respectively... / PrOdUICtlon
—> Retail Screen Product
&) " sales Printing —~  Output

@ In ADM Endeavors' departments, how |
. 10—
many steps are required from lead - :
. . mbroidery
generation to final product output?
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026)

L2 - execute L3 - orchestrate

Operating expenses for 2023 and 2024
p| are unavailable, so the margin for
—>

those years cannot be determined. X

0N

From 2021 to 2024, ADM Endeavors, Inc.'s
operating profit margin first increased,
then declined. It peaked at 12.24% in 2022,
then fell to 1.80% by 2024. v

C,
. We need to know how the retail sales

Q2,D — ) —p| connects to the final product delivery,.
as their relationships are unclear. X

The complete process from SEO/Web
»| (lead generation) to final product output
consists of a minimum of three stages. ¢

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



Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026)

L2 - execute

Distilling Chain-of-Structured-Thought from Powerful LLMs into Small Models

@ Long-document
analytical tasks

0 —
ull

How did operating
profit margin change
from 2021 to 2024?

How many steps are
required from lead
generation to final
output?

-

L3 - orchestrate

@ Powerful LLM Teacher

Ve

|
|

:_\I iﬁ, Large Language Model
21 (Teacher)
4

Produces Chain-of-Structured-Thought

Year Income Expense
@ 2021 1,120 820
2022 1,250 910
Table 2023 1,420 970
2024 1,580 1,020
Fo B-Gr-@
&
Graph
Operating profit margin increased from
Grounded 18.4% in 2021 to 22.4% in 2024, a rise

Shcwan of 4.0 percentage points.

collect

=eo, traces
L]

v
/’f—\
‘\—’_’/

Distillation data

g question

document
context

8 structured
thought
0 answer

J

Teacher generates structured intermediate
reasoning + final answers.

Use powerful LLMs to teach structured reasoning once;

-

use small models to perform analytical document tasks cheaply at scale.

€© Fine-tune Small Model O Small Model
(SLM) at Inference
( B
% Year Income Expense
2021 | 1,120 820
Table
LiLl 2024 | 1,580 1,020
X ”:” 3 & 0-0—-0-9
» Graph k—}
supervised
distillation Fine-tune
_’ Operating profit margin
Small Model e increased from 18.4%
(SLM) Grounded 1202110224% in
RN 2024, arise of 4.0
percentage points.
Learn toimitate | | oo
structured reasoning ’ lower cost
patterns. ( 9 )
‘ Cf:l) lower latency )
( 2% scalable
\ e, -
Teacher Small Model
for supervision for deployment
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026)

L2 - execute L3 - orchestrate

Stage A: CoST: Structure-First Reasoning and Trace Generation

Input

Question
[=] Documents
@ Ground Truth

09 CoST Template

v [
Graph
R Table

88 Chunks

[Schema]
(Attribute A,B,C...)

Al. Structure Analysis

Schema-6uided Instruction: @
Generate a table from docs

A3. Quality Verification Output

adhere to {schema} , give _> —> & 0

the extraction steps

v

Let's think step by step, .
First, entity extraction: @
Attribute A: Entity Al, A2..
Attribute B: Entity B1, B2...
Second,entity alignment:

(A1, B1,..) (A2, B2, ..))
Third, summarization:

A2. Trace Generation A4 . Iterative Refinement

Complex Reasoning \/

(D%

Al

General-Purpose SLM

LLM " Ground I cesy
Result  Truth . Yes -}[: Trace
vNo
Serialized
‘ Structured
Output(SSO)
—> Iterative |— | 5
@ Structurlizer
][ Green: Correct

Process Reward

o~ . PolicyOptimization ~+/
@3 Preference Alignment ﬂ/
"
P
SFT Training
Stage B: SLM Fine-Tuning:

GRPO Training
SFT — GRPO

»  Outcome Reward '@

Red: Wrong

ORE

Q

Ilo

v

Al

LiteCoST-Model
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Long-document QA with Chain-of-structured thought and fine-tuned SLMs (ICLR 2026)

L2 - execute L3 - orchestrate

Comparison of Different Models for Structured Long-Document QA
(Finance Subset of Loong)

Green highlights indicate improvements over the corresponding base model.

Closed-Sourced Models & Large Language Models

LLaMA-3.1-8B-Instruct 8B 55.03 0.20 51.60 0.15 51.50 0.04 44.75 0.02 51.32 | 010
GPT-40-mini 8B 84.42 0.70 80.40 0.67 77.38 0.40 65.35 0.18 78.08  0.51
Qwen2.5-14B-Instruct 14B 83.74 0.57 82.12 0.56 69.96 0.24 66.41 0.10 75.60  0.38
GPT-40 (Abacha et al., 2025) 200B 84.10 0.73 80.53 0.60 81.50 0.50 64.30 0.25 7932 | 054
Deepseek-R1 (Guoetal., 2025)  671B 84.27 0.62 78.97 0.55 75.42 0.34 74.40 0.35 78.18  0.46
LLaMA-3.2-3B-Instruct (Base) 3B 49.90 0.16 52.10 0.14 47.89 0.07 46.85 0.06 4937  0.11
LLaMA-3.2-3B-Instruct (Ours) 3B 81.27 0.53 78.08 0.49 78.34 0.36 64.75 0.16 7695 0.40

13137 10.37 125.98 70.35 130.45 10.29 1717.90 10.10 | 127.58 | 10.29

Qwen2-7B-Instruct (Base) 7B 63.10 0.36 67.85 0.37 60.83 0.18 52.25 0.09 62.10 0.26
Qwen2-7B-Instruct (Ours) 7B 83.97 0.62 81.55 0.59 81.00 0.43 67.98 0.18 7993 048
120.87 10.26 113.70 70.22 120.17 10.25 171373 10.09 | 117.83 | 10.22
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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.
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Core Data Agent Challenges and

Level

Challenge

2

L1 Assistance

Prompt-driven
Data Assistant

@ %y 9 o0

L2 Partial L3 Conditional L4 High LS Full
Autonomy Autonomy Autonomy Autonomy
Human-guided Agentic Workflow Proactive Self-evolving
Workflow Executor Orchestrator Data Agent Autonomous Data Agent

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)

C3. Semantic
@ Grounding over

Heterogeneous &

Multimodal Data

@ Progression

Prompt / few-shot
/| RAG-based
grounding.

Assist & Suggest

Environment-aware] Semantic catalog + Continuous Create new
schema, entity, and | metadata + semantic semantic
evidence multimodal maintenance over abstraction and

grounding. evidence alignment. evolving data lakes.  representations.

Execute & Improve Orchestrate & Optimize Proactively Act Invent & Evolve
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Semantic operators: L2

Work How feedback enters

</> Generate code - runit

% 9
ro Q Inspect runtime / sanity-check errors

MegaTran

Boundary

Transform by Q Reflector suggests fixes Fixed transformation task;

generated code local repair, not pipeline

planning.
[F] Lazy-RAG retrieves code and docs

Decompose document operations

—
—Q

Bt

Synthesize validation prompts

_ DocETL

Rewrite & —— ' . _

validate operator Test candidate rewrites Optimizes a given workflow;
pipelines not task discovery.

<

Select a better plan
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

Data Transformation

e (a) format @ (b) extract Q (c) discrete_map
@ What Person name abbreviation di’:)’s;t ;‘;’; I%’Z’L Map HEX to RGB
Charles Wooten cnn.com.au #C2DCE9
It converts data from ( ] ( ] [ l
one format, structure, i ¢ ¢
orYaluEtte arother: | CWooten | [ comau | | 194220233 |
G (d) continuous_map @ (f) unit_convert 0 (e) misc_transform
Im pO rtance Convert central time Convert Celsius Convert latitude, longitude
to eastern time to Fahrenheit to MGRS format
It is essential for [ 147amcsT | | 33°C ] | 4411,-77.33 ]
integration and ¢ ¢ i
compatibility in data
| 1247pmEST | | ot ] | 18TUP1353886730 }
management.
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

Three Families of Data Transformation Solutions

Comparing human-based, algorithm-based, and LLM-based approaches.

m Input: task specification and available data profiling tools and code libraries

Available Tools

(i) Column (ii) Few Examples (iii) Intention Profiling Tools Code Libraries
T Clrarles Wooten = C. Wooten S J-.I /> e
Mike Jordan = M. Jordan tring format -
Data Pattern Transformation Utility
Speciﬁcation Sam Horton = S. Horton Profiling Discovery Functions Libraries
Existing solutions
s = P . E
Human-based Algorithm-based LLM-based
Experts write transformation code Experts design profiling algorithms, Prompt-based or
then generate code code-generation methods
@ Pros € Cons & Pros € Cons @ Pros € Cons
* High accuracy * Expensive * Accurate when * Needs expert design « Flexible + Can be error-prone
Exolafakl transformation class is known Liriite ‘ ;
¢ Explainable + Slow e o t;::tse transformation s iliowWicost « Hard to explain
Q Best quality, but high human cost. G)/ Efficient, bu_t only for supported m General and cheap,
transformation classes. but less reliable.

MegaTran aims to combine the advantages: high accuracy, low cost, @ @ @ T
A Cost Explainabil
i MegaTran and better explainability through generated code. b = Xp ainabiity
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

Prompt Quality Shapes Code Quality

/" — — = s = — — \
TASK convert Excel serial dates Q Weak prompt - Bad code Task misunderstood / overfitting
to human-readable dates —
def solution(input):
D E day_of_year = int(input)
g # Wrong: treats input as day-of-year, not Excel serial date
1 Serial date Human date days_in_month = [31, 28, 31, 30, 31, 30, 31, 31, 30, 31, 30, 31]
2 39938 05/05/2009 rcr‘lonth ; 0
ay =
3 39934 05/01/2009 for dim in days_in_month:
if day_of_year <= dim:
4 39958 05/25/2009 i
A8 day = day_of_year
break
9 Weak prompt day_of_year -= dim
return f"{month:02d}/{day:02d}/2009" # Overfits to year 2009
Write a function to transform ‘
the input data into the desired output. e
" Strong prompt = Good code Correct approach
Examples | (minimal / none) LLM 0 gpP P PP
=
import datetime
7 N
| (@') Strong prompt def solution(input):
‘ excel_date = int(input)
| = continuous_map(): Convert a # Excel serial dates start from 1899-12-30
given Excel serial date to the base_date = datetime.datetime(1899, 12, 30)
‘ Corresponding datetime format. converted_date = base_date + datetime.timedelta(days=excel_date)
1 = e e # Format as MM/DD/YYYY
‘ Examples | Provide input-output examples return converted_date.strftime("%m/%d/%Y")

S . —

Better task grounding and examples lead to more reliable generated code.
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

L2 - execute L3 - orchestrate

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
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

Weak-to-Strong Prompts with Lightweight-to-Powerful LLMs

L1

(o i) Instruction
Specification (e ;
format(), extract(), discrete_map(), \ 4
e WeakZStrong O continuous_map(), unit_convert(), S A |
= Weak Prompt Operator - trong Prompt2Code
v —_— Prom miscellaneous_transform()
pt e RFoRPE Powerful
Lightweight SWE R
Column |=—> —ml LLM
LLM A
Examples
Intention @ Generate the abbreviation for a
k Description given person's name
\. oy

I L

e Cost $ @ Accuracy
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

Task Distribution

Dataset

- 200+
15% Tasks

Expert 3
@ Labeling

Stage 1: Weak2Strong Prompt (L1)

N
Offline: Fine-tuning
Base LLM Fine-tuned
. ) ? LLM
nnotate AN
Fine-tuning + e LU PA ) = => N
Datasete s ||l sesa = L ag v L\ /)
4 - \
I & ‘\vr ~ /
S e e ,// )

=

Fine-tuned -~ ]
LLM y, Instruction

21%
Weak
B extract Prompt
| format

unit_convert

continuous_map

&
Operator — —>» Strong

discrete_map

misc_transform

. Offline: Build capability
= -8 (annotate data and fine-tune)

Online: Use capability to strengthen
prompts with reasoning and instructions
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

Weak-to-Strong Prompts with Lightweight-to-Powerful LLMs

L1

(o i) Instruction
Specification (e ;
format(), extract(), discrete_map(), \ 4
e WeakZStrong O continuous_map(), unit_convert(), S A |
= Weak Prompt Operator - trong Prompt2Code
v —_— Prom miscellaneous_transform()
pt e RFoRPE Powerful
Lightweight SWE R
Column |=—> —ml LLM
LLM A
Examples
Intention @ Generate the abbreviation for a
k Description given person's name
\. oy

I L

e Cost $ @ Accuracy
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Weak-to-strong prompts with lightweight-to-powerful LLMs for high-accuracy, low-cost,

and explainable data transformation (VLDB 2025)

L2 - execute L3 - orchestrate

Stage 2: Prompt2Code (L2)

Pr'omptZCode : @ Max Attempt’|

Strong Prompt

Code .
Generator
el
4 e PY
J@ > C%DPY .’®4nal Code
PY _ . _

Intermediate Code Executor
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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)

Police Misconduct Identification

Analyze heterogeneous police records to extract key facts and generate officer-level
summaries of potential misconduct and procedural violations.

& Heterogeneous B e R £ b
0 Police %ecords 9 Information Extraction e Officer Summaries & Alerts
=| Use-of-force reports . Extracted fields ,—k
E Internal affairs @ Officer ID / name : il
Investigations » @ Date / time » = ® Repeated complaint history
2 iti i Incident type e
=] Citizen complaints o L - ® Procedural violation flags
Q Location
C}J Body-cam logs @ Complaint / finding A ® Concerning trend highlights
o >, s 3 |
B Emails / correspondence @ Outcome )
Long, messy, multi-format records Extract key information from long documents Generate concise summaries for journalists

@ Investigative Goal Q Find problematic officers ‘ l’i Surface recurring issues ‘ y Support data-driven reporting
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DocETL: Agentic query rewriting and evaluation for complex document processing (VLDB 2025)

AT — 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.

Officer A,
fabricating
If “no change” is evidence User-Defined Officer A
good epougg (as User-Defined Map Reduce > exhibited
Lf;jrm/ne y an For each police officer Sgt. B,' Sqmmar/ze all
agent), we stop involved in this case, extract | excessive — misconduct for
applying rewrites for any cases of misconduct. use of force this officer.
the relevant in Case X Cite specific... [N3...
operation. \
A 4
Key Officer C, A 4
Apply Rewrites (Agent) witness Apply Rewrites (Agent)
|:| Plan to evaluate tampering
|:| Plan selected \l/ \L \L
Plan evaluated (but
Pro;ect/on
not selected) No change (NC) Synthesis Data Decomposition (Chunking)
Map Map || Map Split | Gather = Map | Reduce
B B — ]

NC NC NC NC

Disclaimer: the figure is from the DocETL paper 185



DocETL: Agentic query rewriting and evaluation for complex document processing (VLDB 2025)

5" oronestrate 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.

Three different ways of rendering chunk 3

s e 0.5 previous chunks — . : map summaries of all
8 - = Chunk 1 from the tail and 0.5 8T - Chunk 1 1 previous § === e Chunk1 [ previous chunks
- s - next chunks from :_ = - chunk from T - = -
-
__ = the head __ = - the head it - T Sy
i — Chunk 2 : — Chunk 2 s —_ Chunk 2 Summary Summary
- — - e —— Chunk 1 e R Chunk 2
= - = Chunk 3 =™ e Chunk 3 o~ = Chunk 3 ﬂ (s:::::v'\‘a?’y Summary
- = s Chunk 3 e I Chunk 3
— e Chunk 4 — - Chunk 4 — - Chunk 4 Summary

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

Disclaimer: the figure is from the DocETL paper 186



DocETL: Agentic query rewriting and evaluation for complex document processing (VLDB 2025)

5" oronestrate 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.

Feedback (1)
l Output (1) Names: You did not mention Officer Y...
Names: Offiger X, (or
Input Transcript Data Processing LLM / Potential misconduct: None fail T ,a’? festry
Egﬁi;gg:]x] jé?;?cggu\i]r“?ff‘e —P) Extract all police officers and output 2 Validation Agent limit)
S EIIEEE El e S b S \ Names: Officer X. Y Does this contain all officers and instances...otherwise, ~(———|Final
T RS e give feedback on how to improve... Output

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

Disclaimer: the figure is from the DocETL paper 187



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

- O Q

@ 9 oo

. L2 Partial L3 Conditional L4 High LS Full
L1 Assistance
Challenge Autonomy Autonomy Autonomy Autonomy
Prompt-driven Human-guided Agentic Workflow Proactive Self-evolving
Data Assistant Workflow Executor Orchestrator Data Agent Autonomous Data Agent

Semantic Grounding over Heterogeneous & Multimodal Data (40 min)

' - ' + JContinuous Create new
C3. Semantic Prompt / few-shot Enwronment' aware | Semantic catalog ti .

@ Grounding over / RAG-based schema, entity, and | metadata + Seman IC semantic
rleterogeneous & | o evidence multimodal maintenance over  abstraction and
Multimodal Data g g. grounding. evidence alignment.jevolving data lakes.  representations.

@ Progression Assist & Suggest Execute & Improve Orchestrate & Optimize Proactively Act Invent & Evolve
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Document-to-Database: Extraction Meets Relational Semantics (VLDB 2026)
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Document-to-Database: Extraction Meets Relational Semantics (VLDB 2026)

@ (a) A financial report @ (b) Database schema definition E (c) Extracted Company table

Red = error; Blue = correct

Blue = entity mentions

Purple = attribute values o Entity Table cid name fiscal_year cash_begin  cash_end
Red (underlined) = sources of errors e Company (cid, name, fiscal_year,
: ' cash_begin, cash_end) 1 Arena Tech 2023 9,867,000 11,200,000

Arena Te?ch repo.rted SO'lld performance in fiscal year « Key generation: cid GENERATED ——
2023, with cash increasing from 9,867,000 at the ALWAYS AS IDENTFY 2 Alpha Holdings 2024 ’ 32,368,000
beginning of the year to 11,200,000 at year end. : 18,524,000
Alpha Holdings filed its annual report for 2024. + + 3 Coyni Corp 2023 4,544,000 4,062,000
The report states that cash began at 18,524 (in & Relationship Table ;
thousand) and ended at 32,368,000. 4 Coyni Inc 2023 NULL NULL

¢ Hold(investor_id, investee_id)
Alpha Holdings is a long-term investor with a
significant stake in Arena Tech. According to the
company overview, Arena Tech is among the core 0 % S
holdings associated with Alpha Holdings. The report () (d) Extracted Hold relatlonshlps

further notes that Arena Tech invested in Coyni Corp.

¢ Foreign keys:
investor_id,investee_id — Company.cid

. % v Red = spurious; Orange = missin
' Integrity Constraints & Business Rules i §

Regarding Coyni Corp, the report records that its >

cash position declined from 4,544,000 to 4,062,000 i3 thiomtusliiovestmions: investor-gid invegeee:od
—(Hold(a, b) A Hold(b,a)) 1 2

¢,: Cash sanity bound:

during fiscal year 2023.

Elsewhere, Coyni Inc is mentioned as an affiliate cash_end / cash_begin < 10 2 1
company, but no corresponding financial figures B 1 3
¢3: Recursive investment:
arereported. = | 3 TEREISEEATESEEESL o o | ee————————
Hold(a, b) A Hold(b,c) = Hold(a,c) 2 3
@ Input: Heterogeneous 7 Extract: Key entities, - Aggregate: Across documents [ Analyze: |dentify patterns
police records attributes, and relations -~ to build structured data L and generate summaries
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Document-to-Database: Extraction Meets Relational Semantics (VLDB 2026)

Documents F Schema E
Unstructured and semi-structured Entities, relationships,
source documents. and structure.

Constraints

Business rules and
validation constraints.

(¢ 1
] .
] i = )\
v ¥ » ﬁ Entity Extractor AP > & (o_o) ) LLM Agent
it :_ iti — Lo Natural language
f \ v i Q (liztcrj;fzri:tltles frog f\ .) ) reasoning and Q8A.
]
9 ‘
‘ = g . )
E. . Relationship Extractor API Interface ____, (&&dp GCraphAgent
h J R > Extracts relationships Service f’ é S;al;;t:az:ir;ariysw and
DataMosaic OrC eStratOI' between entities. L’g p ¢
L3 AUTONOMY —
_— Constraint Verifier (fc\) > Constraint Validator
Autonomous Workflow Controller = ; _'L </> Validates constraints
4=-=-=-=-==- 'S Verifies data against and data rules
Decides, routes, and revises the constraints X. )
workflow based on intermediate
k results and feedback. ! Pocom |
> . R Data Quality Tools
f D,ata FIXEI’ . @ MCP > </> Profiling, cleaning,
———p Control / Routing S ion ) owiemi e en (om o, o o o 4 Zz(teasi:::eztandardlzes and quality checks.

= ==9 Data/ Results

Database D = X e
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DataMosaic (VLDB 2026 Demo)

B
m £ TASK = DATABASE <

bt -

e

Click or drag and drop to upload files
Supports PDF, TXT, MD, CSV, XLSX, DOCX

formats Processing Method Schema Choose Files

[y Choose Files from the left file library

[ Select Folder

File List (4) Select Al C*

2024-CIRTRAN CORP-j.txt

B... 1

] be your requirements in natural languag nd the Al w utomatica nderstand and generate t yrresponding data table
2024-Coyni, Inc.-j.txt g A itoma y unde n ge 1(; ) a

2024-CPI AEROSTRUCTURESI...
oB
B 2024-DAWSON GEOPHYSICAL ...
y

Processing Mode Serial v
Extract Mode Single v
Model GPT-40 c#1 v
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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 Al-Powered Analytics with Declarative Query Processing (CIDR 2025)

L3 - orchestrate

L2 - execute

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.

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

| Home List Price

. : Compute Address and

1 $1,550,000 I Price

: i [

! Property Highlights || | Within 2 Miles of MIT |
| Home Type I |

Within Price Range |
|

| Condominium } I

| Parking -

Compute Modern,
| Attached, Off Street

: Attractive, Natural Sunlight
[ |

: . ; Modern and Attractive with
: About 161 Auburn St Unit 161 ' Natural Sunlight

: Builtin 2015, this 1763 sq ft !
' contemporary townhouse is | é

E only minutes away from the
1 heart of Central Square...

Disclaimer: the figure is from the Palimpzest paper

| Home List Price
1 $739,000

| Property Highlights
. Home Type
. Single Family Residence

1

! Year Built
11850

|

' About 27 Winter St

' Priced to move. Single family E

E detached home in beautiful
: East Cambridge. Well cared
i for 2 bdr 1.5 bath gem...

Compute Address and
Price

|

|
Within 2 Miles of MIT

|

|

|
Within Price Range

|

[

Compute Modern,
Attractive, Natural Sunlight

|

Modern and Attractive with
Natural Sunlight

.

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

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.

___________________________________

. Message-ID: <5973689.1075852351200...> : ¥

Date Wed, 18 Jul 2001 16:06:10 -0700 (PDT)

From kevin.garland@enron.com ‘ Compute Sender, Subject
' To: ken.rice@enron.com, : I

. Subject: Enron Principal Investments Update .

___________________________________

. Message-ID: <20131220.107584114874...> E ¥
' Date: Wed, 6 Feb 2002 05:36:49 -0800 (PST) :
E From: enerfax1@bellsouth.net :
! To: enerfaxweb@yahoogroups.com
| Subject: Enerfax Daily's free web version of
| gas & power prices and info

Compute Sender, Subject

l

E Email Pertains to Fraudulent

Email Pertains to Fraudulent

i : Enron Entity ! Enron Entity

. Here is an update of our activities. : ' (. :

— | : — |

: Finalized processes to begin selling Hanover E Email is Not Quoting a News : Enron Executives Knew of Losses E Email is Not Quoting a News
Compressor shares. We own 4.6 million : Article or Outside Source | Enrons top executives and board of directors : Article or Outside Source
shares which are trading at $30.00/share for | knew as early as March... Rather than report | |

' a total value of $138 million. Hanover has I ' it to shareholders, Enron gave a . l
' been hedged through Raptor. However, the : ! partnership called Raptor another $800 :

‘ _ : structure that was used to hedge is ... : : million in Enron shares. : x

Disclaimer: the figure is from the Palimpzest paper
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Palimpzest: Optimizing Al-Powered Analytics with Declarative Query Processing (CIDR 2025)

L2 - execute

L3 - orchestrate

?: Declarative Interface: You declare what you want; Palimpzest decides how to do it.

O 00 N O U1 A W N =

e e i ol o e
N o A W N R

(1)

import palimpzest as pz

class Email(pz.TextFile):

mun

"""Represents an email, which can subclass a text file

sender = pz.StringField(desc="The email address of the sender", required=True)

subject = pz.StringField(desc="The subject of the email", required=True)

# define logical plan

emails = pz.Dataset(source="enron-emails", schema=Email) }e
emails = emails.filter("The email is not quoting from a news article or an article ...")) 9
emails = emails.filter("The email refers to a fraudulent scheme (i.e., \"Raptor\", ...)")

# user specified policy

policy = pz.MinimizeCostAtFixedQuality(min_quality=0.8)

# execute plan

results = pz.Execute(emails, policy=policy)

v You focus on the what; Palimpzest handles the how.

Declarative Optimized Reliable
Describe data, rules, Automatic plan generation @ Constraints and policies
and goals. and optimization. ensure quality and correctness.

'

IR
10

Efficient
Best plan chosen to minimize
cost with required quality.

(1)

(2]

(5

-

Create a custom schema for Email

The programmer uses Palimpzest to define
the structure (fields) of an Email.

Create a Dataset of Emails

e source="enron-emails" uniquely identifies a
preregistered set of files.

e schema=Email instructs Palimpzest to
transform raw data into the Email schema.

¢ The transformed results are stored in the
emails Dataset.

Filter the Dataset

e Line 10: keep emails not quoting news articles.

e Line 11: keep emails discussing fraudulent
investment entities.

Specify a policy

Describe how the system should choose among
multiple possible implementations.

Here: minimize cost subject to a minimum
quality (0.8).

Execute the program
Palimpzest will:

N\
; .5, } Generate a logical execution plan

Generate multiple optimized physical
execution plan candidates

+ Ch n ding to th ified polic
oose one according to the specified policy )

) 5
-

Execute the plan and yield results
Results
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Palimpzest: Optimizing Al-Powered Analytics with Declarative Query Processing (CIDR 2025)

Program Creation Program Optimizer Plan Executor ]
/" Candidate Physical Plans Sample-Based Statistics Collection
Homes = pz.Dataseti.: ) _CD-)' [ )] I+ R / Sentinel Physical Plans \
: o' | homes = homes.convert(...) [—h [—A—]oo (24 ... h
TV } . . A\ LY ] _ @
A ‘ near mit = homes.filter(...) [—ﬁ [_A_]h 7Y A
A =D =2
cheap = near mit.filter(...)
@
v i

éandidate Logical PIarQ
) ) J

IDO01 | 32 Vassar St | $600K TRUE

Cost Estimation
&
Plan Selection

(¥ 444
BEb
[EEEEE:

Relational Results T

S

Disclaimer: the figure is from the Palimpzest paper 198



Semantic Operators: L3

Constraint-guided Doc2DB Construction Declarative Query Processing

DataMoasic Palimpzest

It has a central orchestrator that coordinates entity If you zoom into one Palimpzest operation, such as a

extraction’ relat|onsh|p extraction, constraint Veriﬂcation’ semantic convert or filter, then that operator itself looks like L2: it
repair, and targeted re-extraction inside a closed extract— executes an Al-powered transformation and may use
verify—iterate loop model/prompt/implementation choices. But the Palimpzest

paper as a whole is better classified as L3.

Slogan Slogan

Not just extract tables - construct databases. From semantic operators to optimized Al pipelines.
Limitation Limitation

Requires automated fact-checking, external knowledge integration, Does not yet discover the analysis goal, invent new operators, or
and automated constraint mining as future directions. autonomously manage the full end-to-end data workflow

199



Core Data Agent Challenges Across Autonomy Levels

e @ %y g

. L2 Partial L3 Conditional L4 High
L1 Assistance
Challenge Autonomy Autonomy Autonomy
Prompt-driven Human-guided Agentic Workflow Proactive
Data Assistant Workflow Executor Orchestrator Data Agent

C1. Data-aware

Workflow
Orchestration &
Cost-aware

Execution

horizon execution.

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

C2. Long-horizon

Agentic State,
Memory & Skill

Reuse

Continuous
semantic
maintenance over

C3. Semantic
@ Grounding over
Heterogeneous &

Multimodal Data

@ Progression

Orchestrate & Optimize Proactively Act

Execute & Improve

Assist & Suggest

Proactively discover
tasks and plan long-

evolving data lakes.

oo

L5 Full
Autonomy

Self-evolving

Autonomous Data Agent

Invent new
operators, tools,
and workflow
paradigms.

Self-evolving
knowledge and
skill base.

Create new
semantic
abstraction and
representations.

Invent & Evolve
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» Part |: Data Agents: Motivation, Definition, Autonomy Levels, and Core Challenges

» Part Il: Towards Autonomous Data Agents: Key Challenges and Current Practices
» Data-aware Workflow Orchestration & Cost-aware Execution
» Long-horizon Agentic State, Memory & Skill Reuse

» Semantic Grounding over Heterogeneous & Multimodal Data

> Part lll: Research Opportunities and Open Challenges
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Data Agent Opportunities in Data Lifecycle Management

(@ Data

Generation

@ Data

Engineering

@ OLTP

Regression

» Cardinality/Cost
Estimation

Online Optimization

* Query Rewrite

* Plan Selection

Offline Optimization

* Knob/Index/View Advisor

Prediction

« Workload
* Resource
e Data

Database QAs

Database Diagnosis
SQL Dialect Translation

® Data Transformation
« Data Standardization
 Automate Extract,
Transform, Load
« Auto schema mapping
» ldentifying patterns
* Low code ETL
* Predictive auto-scaling
« Adaptive
Transformation
« Multi-goal Optimization
« Change data capture
 Automate CDC
» Predictive analytics
 Reduce Human Cost

@ 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
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Data Agent Opportunities in Data Lifecycle Management

(1 Data
Generation

@ Data

Engineering

@ 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

®) 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

® Proactive Data Interpretation
* Proactive Insights
« Trends summarization
* Insight discovery
» Predictive decision
making
« Cognitive Analytics
* Proactive Data Agent
« Chat2Data
« Chat2Bl
« NL2Viz
* In-DB Semantics Analytics
* Unstructured data
analytics
* Multi-model data analytics
on data lake 203




Conclusion

e Data+Al is important for data management and analytics

* It urges the use of Data+Al techniques to revolutionize data systems

e Data science, Data Analytics, Data Lake

* Data Agent is a promising direction for Database, Data, Data+Al

* 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

o
000

Any Questions?



