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A data-management perspective
I work on LLMs and data management systems.

Two projects, one in each direction.
Both raise questions about how agents use and
update knowledge graphs.

A systems perspective
Questions for this

community

I am not an expert
I am learning. . .
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One interaction, two directions

LLM4DB: models assist data work. DB4LLM: data systems support models.

Thanks Gemini
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Machine learning inside the engine
ML4DB: a foundation for this work

Learned indexes
models guide
data access

Learned
cardinality
models estimate
result sizes

Learned
optimization
models guide
plan choices

Instance
optimization
systems adapt to
a workload

Amajor focus: learning how to execute a given workload.

Agents also change how that workload is generated.

Example: Kraska et al., The Case for Learned Index Structures, SIGMOD 2018
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What large language models changed
1 The interface

Natural language broadens access to data and operations.

2 The operator
Model calls enter query plans through semantic operators.

3 The caller
An agent issues queries, inspects results, and chooses its next action.

Agents make workload generation part of the interaction.
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LLM4DB: agents carry out workflows
Agents explore, execute, check and revise

BI chatbots
questions answered with live SQL

Schema exploration
browse the schema before writing SQL

Autonomous analytics
plan, query and revise over many steps

Data-engineering copilots
inspect, migrate, validate pipelines

Spider 2.0: queries→ workflows1

Spider 1.0 91%
BIRD 73%
Spider 2.0 21%

Different benchmarks,
not a time trend.
Evaluate the whole workflow
Answer quality
Total cost and latency
Failure and recovery

The unit of work is now a trajectory—and so is the unit of failure.

1F. Lei et al, Spider 2.0: Evaluating Language Models on Real-World Enterprise Text-to-SQL Workflows, Proc.ICLR, 2025.
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DB4LLM: serving an agent as a client

Agent MCP client MCP server DBMS

tool call JSON-RPC SQL

one common path from an agent to a database

To an agent, the DBMS is a menu: list tables describe a table run SQL

Agents need usable context
Relevant schemas, tool descriptions and
bounded results

Agents query speculatively
Parallel, overlapping, exploratory
queries1

The system shapes what the agent can see and do next.

1Liu et al., Supporting our AI overlords: Redesigning data systems to be agent-first, Proc. CIDR, 2026
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The two directions form a feedback loop
Agent MCP server DBMS

list tools
catalogue, as tokens

describe a table
schema, as JSON text

run SQL

rows, as JSON text

answer

Agent→ system
Exploration, queries and
retries create the
workload.
Actions determine system
demand.

System→ agent
Tool descriptions,
schemas and results
shape the next action.
System output becomes
model input.

Optimize the interaction: answer quality, total cost and latency.
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Today
1 Multi-agent analytics over federated sources

Relational, graph, document

LLM4DB

2 An AI-native data management stack
Designing for LLM-agent workloads

DB4LLM

3 Other work, if time permits
NL2SQL Benchmarking, NL2SQL evaluation, vector indexing, MCP servers

4 Where this meets knowledge graphs
Open problems — and discussion topics
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Analytics over Heterogeneous
Federated Systems

1 · Multi-agent orchestration · LLM4DB

Xiangru Jian PhD thesis
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The question a domain expert actually asks

“Assess credit risk across our top 20 suppliers: correlate payment delays with
ownership structures, and flag suppliers whose audited statements show
deteriorating liquidity.”

Relational DBMS
Payment delays,
outstanding receivables.

Knowledge graph
Ownership traversal.
Three suppliers,
one parent.

Document collection
Layout-aware extraction
from audited PDFs.

The ownership result determines which evidence we need next.
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A plan that adapts to intermediate results
Runtime bindings
Supplier IDs determine which entities
to inspect

Dependent steps
A missed supplier can distort later
evidence

Adaptive access
A parent entity triggers further
document retrieval

Evidence composition
An aggregate, an ownership path, a
document passage

1

2

3

4

1 · Identify the supplier set
Output: supplier IDs

2 · Traverse ownership
Output: a shared parent

3 · Retrieve financial evidence
For suppliers and the parent

Start with a plan; refine it as results arrive.
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Why the existing approaches fall short
Single-modality interfaces
text-to-SQL · KGQA · RAG
Each confined to one modality.
Cannot route across sources.

Polystores
BigDAWG · Calcite
Decomposition stays the user’s job.
Structured data, fixed schema
mappings.

Single LLM agents
plan, then invoke tools
All sources treated alike. One early
error carries through every step.

Multi-agent frameworks
AutoGen · Camel · MetaGPT
Coordination by conversation. No
checkable plan, no provenance.

None models source capability, validates results, or assembles a trace.
The missing layer: compositional orchestration.
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Architecture for the supplier workflow

Metadata Repository
Sources · capabilities · schemas

User Agent
clarify the task

Orchestrator
plan and re-plan

Executor
run and check

one per query

results + provenance

Specialized Data Agents (SDAs): one per source
SDA 1

supplier set

Relational

SDA 2
ownership paths

Knowledge Graph

SDA 3
liquidity evidence

Documents

SDA N
further sources

Other sources

Remaining current focus
+
Evaluation (benchmark)

SIGMOD
2027

ACL 2026

ICLR 2025 ICDE 2026
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Specialization at the source level

Design choice: one agent per
source.
Action space: the operations its
environment permits.
Specialize schema knowledge, tools and
validation.

Evaluate the gain against coordination
overhead.

Each source exposes its own action space

Relational DBMS 1
SQL · schema exploration

Relational DBMS 2
T-SQL dialect · partial schema

Knowledge graph
SPARQL · ontology · entity resolution

Document collection
Retrieval · layout-aware extraction
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No global schema: a metadata repository

What each source holds, and what
each agent can do.
Source metadata. Agent registry.
Reusable plans.

Replaces the mediator’s global schema.

Add or change a source and only the
repository changes.

Metadata
Repository

User Agent
clarify intent

Orchestrator
plan-stage lookup

Executor
re-route at runtime
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Provenance by construction

Design goal: bind each claim to its
evidence.
Retain the source, operation and
supporting result at every step.

Keep source disagreement visible.
Abstain when support is insufficient.

Review the shared-parent supplier
group

a relational aggregate
source + SQL + result

shared-parent ownership paths
graph + traversal + edges

dated liquidity evidence
document + page + passage
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Open questions and evaluation

Query understanding and disambiguation
What does “top 20” mean, and over which period?
Adaptive decomposition
When should new evidence change the plan?
Routing and intermediate validation
Which source can answer, and how do we check its result?
Metadata maintenance
How do source descriptions stay accurate as data changes?
Evaluate the orchestration layer
Compare plans, answer quality, provenance and total cost

1

2

3

4

5

Entity alignment and provenance composition: the KG connection.
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An AI-Native Data Management
Stack

2 · Designing for LLM-agent workloads · DB4LLM

Kerem Akillioglu PhD thesis
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Two workload patterns
Fixed semantic workflows
A model operation repeated over many rows
A known task and reusable execution plan
Example: sentiment classification in SQL

Adaptive agent workflows
Queries and tools chosen during execution
Exploration, retries and changing context
Example: ad hoc analytics with an agent

Two targets: reduce repeated inference; supply useful context.
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Accuracy, cost and latency
Accuracy constraint
Choose an acceptable task-quality target.
Validate against trusted labels; agreement
with an LLM is not ground truth.

Total cost and latency
Count model calls, setup, database
execution and validation across the whole
workflow.

Measured baseline: 10 million rows
Model LLM cost Time

GPT-5.5 $18,400 11 h

GPT-5-mini $1,500 6 h

GPT-5-nano $600 6 h

Per-row semantic classification
LLM expenditure and elapsed time

Objective: lower total cost and latency subject to the accuracy target.
Earlier results: K. Akillioglu et al., Research Challenges in Relational Database Management Systems for LLM Queries, Proc. AIDB, 2025.
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An AI-native stack: two components in focus

Data Prep Query Processing Observability

Structured

Unstructured

Query Engine
Query Optimizer

Operators

Views · Caching · Indexing Tooling

Metadata & Context

LLM Queries Agents

Agents

Users

Early work
Query optimizer

Metadata & context
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A bolt-on optimizer for semantic classification
Early work: replace repeated LLM calls with a task-specific classifier
An LLM labels a sample; a coding agent writes and tests candidate classifiers.

1 2 3 4 5

5

Draw & label
a sample
an LLM labels
a small subset

Coding agent
writes and tests

candidate
classifiers

Save each
attempt’s

config,
hyperparameters,

val. accuracy

Selects
the best
classifier

Compiles
a UDF

deploys it as an
in-database
function

train
sample

validation
sample

feedback & iterate

Phase 1: Candidate code generation Phase 2: Classifier selection
and deployment

Deployment objective
Run the selected classifier as a UDF inside the database.
Amortize labeling and search costs over the remaining rows.
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Metadata and context: a worked example

Illustrative task: “Which leads should we follow up on?”

Source evidence
CRM: 123 · Acme Corp · Qualified
Note: Lead123 · “ready to buy”

Proposed context supplied to the agent
Where: CRM table + sales-note collection
Link: verified Lead123 ↔ 123 mapping
Meaning: what “Qualified” denotes
Rule: Qualified + high intent → call

Agent action
Join the records, infer high intent,
apply the rule→ high-priority call.

Retrieve the relevant mapping and rule
for this step; clarify if either is uncertain.
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Ai Native Metadata & Context Layer For Accuracy

DB 1

agent step 1

DB 2

agent step 2

DB 3

agent step 3

Context + metadata carried forward

Agents can write SQL, but they often fail because they
lack organizational context. How can we build a metadata
system that automatically infers and adapts to different

databases, schemas, and data characteristics?
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Future work: ambiguity and shared writes

READS: resolve ambiguity
Schemas and metadata may be incomplete.
The user’s request may also be ambiguous.
A plausible interpretation is not enough.

Proposed direction
Clarify intent iteratively and retrieve
the context needed for the next step.

WRITES: coordinate shared state
Agents may act on the same data.
Their updates can conflict or use stale state.
Validation and coordination are required.

Proposed direction
Isolate uncertain writes; validate,
then merge or reconcile conflicts.

These questions return when agents update knowledge graphs.
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Other Work, Briefly

3 · Two LLM4DB projects, two DB4LLM projects
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Four other threads

SQLyzer LLM4DB
Diagnoses NL2SQL errors by SQL
construct.

≈21,000 pairs 37 subtypes

Semantic evaluation LLM4DB
Evaluates whether generated SQL
answers the question.

structural
match

execution
match

LLM
judge

MIRAGE DB4LLM
Hybrid graph construction for vector
search.

layer 0 — refinement
upper layers — increment

MADBench DB4LLM
Separates MCP overhead from
end-to-end agent performance.

agent MCP server DBMS
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SQLyzer Benchmark
for NL2SQL Models

Sepideh Abedini, SQLyzr: A Comprehensive Benchmark and Framework for Evaluating Text-to-SQL Systems, University of Waterloo, MMath Thesis, 2026.
https://hdl.handle.net/10012/23045
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SQLyzr: Comprehensive Text2SQL Benchmark

▶ Benchmark components:
▶ Workload: NL questions paired with annotated SQL queries

▶ ∼21,000 NL-SQL pairs curated from well-known Text2SQL
benchmarks: Spider, BIRD, Beaver

▶ Realistic workload which is aligned with the usage pattern of
real-world databases

▶ Dataset: populated databases used for evaluation
▶ Each database can be scaled by inserting synthetically generated rows

to enable evaluation on larger-scale databases
▶ Evaluation metrics: accuracy and efficiency measurements

▶ New evaluation metrics in addition to the conventional Text2SQL
metrics, providing a more practical evaluation of models
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Evaluation Metrics
ACCURACY METRICS
▶ Exact Match (EM): Extending

SPIDER’s Exact Match metric by
comparing the ASTs of the queries.

▶ Execution Accuracy (EA): Check
whether the execution result of the
gold and predicted SQL queries on
the corresponding databases
match.

▶ Relaxed Execution Accuracy
(REA): A more lenient version of
execution accuracy, ignoring minor
issues of the predicted query.

EFFICIENCY METRICS
▶ Query Execution Time (QET): Execution

time of the predicted SQL queries on the
corresponding databases.

▶ Prediction Token Usage (PTU): Total
number of API tokens used by the
text-to-SQL model for prediction.

▶ Relative Execution Time (RET): The
measure of a predicted query’s efficiency
relative to the gold query.

▶ Complexity Consistency Score (CCS):
The measure of the predicted query’s
complexity relative to the gold query.
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SQL Classification
▶ Existing classifications are

simplistic:
▶ Spider: Easy, Medium, Hard,

Extra-Hard
▶ Bird: Simple, Moderate,

Challenging

▶ SQLyzr taxonomy of SQL
queries:
▶ 6 Categories
▶ 37 Sub-Categories
▶ Rule-based category

assignment using the AST of
queries
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SQLyzr Pipeline

Query
generation

Category
assignment

Accuracy/
Efficiency
assessment

Report
generation

Error
analysis

Workload
augmentation
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SQLyzr Framework Features

▶ Modular and unified
benchmarking framework:
▶ Allowing effortless

integration of new
Text2SQL models,
workloads, evaluation
metrics, categories, etc.

▶ Configurable options:
Number of Iterations, LLM
Temperature, Models and
Workload, etc.
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SQLyzr: Fine-Grained Error Analysis
▶ If execution accuracy is low, evaluate at fine-grain
▶ Error Fixing Suggestions

▶ For each incorrect predicted query, SQLyzr finds fixing feedback
▶ SQLyzr finds error-fixing rules that can fix the errors in the

predicted query
▶ A textual description of the fix is provided to the user
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Using LLMs for Semantic
Evaluation of NL2SQL Queries

Harrum Noor, What Do You Mean? Using Large Language Models for Semantic Evaluation of NL2SQL Queries, University of Waterloo, MMath Thesis, 2025.
https://hdl.handle.net/10012/21632
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Evaluation of Text-To-SQL (Txt2SQL) Queries
Find customers who have placed more than
five orders and calculates their total spending,
the total number of orders, and their average
order value. It then segments these customers
into two groups: the top 10% of spenders
(based on total spending) and all other
customers. This segmentation helps to
highlight high-value customers within a group
of more active shoppers, enabling more
targeted marketing or further analysis.
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Problem with Current Metrics

EXECUTION ACCURACY

Measures correctness by
comparing results of the
predicted and actual SQL

Query: Show all products with
price greater than $50.
Expected SQL: SELECT * FROM
products WHERE price > 50;

Predicted SQL: SELECT * FROM
products WHERE price > 51;

EXACT MATCH ACCURACY

Measures correctness through
strict string matching of SQL

Query: Show all products with
price greater than $50.
Expected SQL: SELECT * FROM
products WHERE price > 50;

Predicted SQL: SELECT * FROM
products WHERE price >= 51;

Dagstuhl Seminar 26411, 2026 40



Evaluating Txt2SQL Translations with LLMs
Training

Testing

Data
Curation

Fine Tuning
Qwen 2.5

Testing on a
dataset

Qwen’s
Result: True
or False

Secondary
evaluation
using EA

EA’s Result:
True or
False

EA and
Qwen
Agree?

No

Does EA
say
Incorrect?

No
Use Qwen’s
predictions Yes

Use as final
prediction
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Workflow
Spider (7000+)
SPLASH (7000+)
SMBOP (19000 +)
ResdSQL (19000+)
NatSQL (20000+)

Training Set
Qwen 2.5 Trained

Model

Spider (2000+)
SPLASH (900+)
SMBOP (2000 +)
ResdSQL (3000+)
NatSQL (4000+)

Test Set Trained
Model +

EA
Prediction

▶ Curation deleted some queries
▶ Detailed classification of queries

Qwen 2.5 Alone EA Alone EA+
Qwen

92% 88% 98%
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Model Training - Prompt Engineering
▶ You are a world-class SQL expert. Please evaluate whether the

following SQL query semantically answers the given natural
language question. You may include reasoning or analysis, but
conclude your answer with either the word ‘true’ or ‘false’.

We use ChatML format to input
records into Qwen

Sample Qwen input
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MIRAGE-ANNS

Sairaj Voruganti, MIRAGE-ANNS: Mixed Approach Graph-based Indexing for Approximate Nearest Neighbour Search, University of Waterloo, MMath Thesis, 2025.
https://hdl.handle.net/10012/21582
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Vector Databases

Embedding
Model

Vector
Vector
Vector
Vector
Vector

Vector

Pan et al. Survey of vector database management systems, VLDB J., 2024.
Pan et al. Vector database management techniques and systems. Companion to SIGMOD, 2024.
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Vector Querying Pipeline

Embedding
Model

Data
Vectors

Vector
Vector
Vector
Vector
Vector

Vector
Query System

Vector
Index

Application

Qu
ery

Query
Vector
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Vector indexing
▶ Indexes help intelligently

organize the embeddings to
optimize retrieval

▶ 4 types of indexes commonly
used
▶ Hashing-based
▶ Tree-based
▶ Quantization-based
▶ Graph-based

▶ Graph-based indexes have been
shown to achieve high recall
and throughput on billion-scale
datasets

Query
Vector

Entry
point

https://bit.ly/3YMEGTu
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Graph-Based Index Construction
INCREMENT-BASED

Layer 2

Layer 1

Layer 0

Entry point

Nearest neighbor

Query point

REFINEMENT-BASED

▶ E.g. Vamana1, HNSW2

▶ Insert points one-by-one and treat each
point as a query

▶ E.g. KGraph3 (NNDescent4), NSG5

▶ Initialize random kNNG
▶ For each node, change any 2-hop

neighbor into a 1-hop neighbor if it is a
new k-nearest neighbor

▶ Repeat until convergence

1 Subramanya et al. DiskANN: fast accurate billion-point nearest neighbor search on
a single node. In Proc. 33rd Annual Conf. on Neural Information Processing Syst.,
2019.
2 Malkov and Yashunin. Efficient and Robust Approximate Nearest Neighbor Search
Using Hierarchical Navigable Small World Graphs. IEEE Trans. Pattern Anal. Mach.
Intell., 2020.

3 Dong et al. Efficient k-nearest neighbor graph construction for generic similarity
measures. Proc. 20th Intl. Conf. on World Wide Web., 2011.
4 Bratić et al., NN-Descent on High-Dimensional Data. Proc. 8th Intl. Conf. on Web
Intelligence, Mining and Semantics, 2018.
5 Fu et al. Fast approximate nearest neighbor search with the navigating spreading-
out graph. PVLDB, 2019.
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Graph-Based Index Construction
INCREMENT-BASED

Layer 2

Layer 1

Layer 0

Entry point

Nearest neighbor

Query point

REFINEMENT-BASED

▶ Benefits: ∼O(log N) online
search, incremental inserts, high
recall

▶ Drawbacks: Slow construction
due to ANNS for each point
inserted

▶ Benefits: Fast construction
▶ Drawbacks: Slow for online

queries, no incremental inserts,
low recall
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MIRAGE – An Engineering Solution
▶ New approach to graph-based indexing
▶ Combine increment-based and

refinement-based approaches
▶ Layer 0 using refinement, upper layers

using increment
▶ Indexing speed of refinement-based

approaches
▶ Superior search of increment-based

approaches

▶ Experimental results
▶ 2x QPS as compared to HNSW, NSG, and

NNDescent
▶ Up to 7x faster indexing than HNSW and

2.5x faster than NSG

Voruganti and Özsu. MIRAGE-ANNS: Mixed approach graph-based indexing for approximate nearest neighbor search. Proc. ACMManag. Data, 2025.
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MADBench:
Measuring Agentic DBMS

Yaseen Ahmed MADBench: Measuring Agentic DBMS, University of Waterloo, MMath Thesis, 2026.
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Existing benchmarks miss the middleware
D
BM

S
w
or
kl
oa

ds
→

decomposes the protocol layer→

Text-to-SQL benchmarks
score final SQL accuracy; the path
the query travels through the
middleware is invisible

AI-NativeBench
decomposes protocol cost for
general agent workflows; no DBMS
backends

?MADBench
built for the empty quadrant

protocol tax with and without the agent,
on the same grid

MCP agent benchmarks
score task outcomes across servers
and tools; no DBMS workloads

MADBench is built for the empty quadrant.
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One coupling, measured two ways

MCP server

list the tables

describe a table

run SQL DBMS

one coupling

AI agent

Track A · the protocol alone
A harness replays five fixed TPC-H queries.
No AI anywhere: any time beyond the DBMS is
middleware.
SF 1 · 3 · 10 · 5,378 recorded runs

Track B · an agent does the job
30 questions: 15 routine, 15 complex SQL.
Answers checked against the gold result rows.
SF 1 · 3 · 1,080 verified attempts

Same six couplings in both tracks. That separation is the thesis.
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Every millisecond gets a name

Tdisc
discovery

Tlife
lifecycle

Thand
handover

Tser
serialize

Tparse
parse

Txport
transport

Tteardown
teardown

Tdb
database

ε

residual

PTR = (Ttotal − Tdb) / Tdb
0 means no tax, 1 means the tax equals database time

every boundary is a recorded event; the residual ε stays under 5% on 99.4% of traces

Ttotal = Tdb + Tdisc + Tlife + Thand + Tser + Tparse + Txport + Tteardown + ϵ

the identity is checked per trace: terms must sum to
the recorded total within the residual bound
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Six couplings, one grid
PostgreSQL MySQL DuckDB

anthropic-pg

dbhub

mcp-alchemy

✓measured not supported not supported

✓measured ✓measured not supported

✓measured ✓measured ✓measured

six valid couplings; both tracks run on the same grid

tool surface

anthropic-pg
1 tool

dbhub
2 tools

mcp-alchemy
4 tools

Unsupported pairs are excluded, never imputed.
Tool surface is a design choice: what an agent can explore, and what it must read up front.

Dagstuhl Seminar 26411, 2026 55



Three findings

1 MCP overhead varies by three orders of magnitude
Median PTR ranges from 0.0031 (DuckDB, in-process) to 7.32
(anthropic-pg, cold start) on the same five queries.

2 The process model sets the tax
Subprocess servers pay startup every session; the pooling server skips
startup but pays at shutdown, enough to flip the ranking.

3 Protocol speed does not predict agent success
The lowest-tax coupling lands mid-pack; another collapses from 61.1%
to 17.8% when the data triples.

The deployment question is a coupling question, not a server question.
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Where This Meets Knowledge Graphs

4 · Open problems — and discussion topics
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The graph was already here

slide 13

The query
Ownership traversal
finds the concentrated
risk.

slide 17

The agent
SDA 2 is a knowledge-
graph agent with its
own action space.

slide 19

The trace
The ownership path is
one of three evidence
bindings.

Not a survey of the field — the places where our research ran into it.
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1. What should a graph expose to an agent?

what a KG agent does today

SPARQL

Ontology navigation

Entity resolution

chosen by analogy with a human user

?

what a planner might need

A readable capability description

Ontology summarization

Cost estimates before traversal

“What can I ask you?”

An agent pays by the token.
That is not the caller SPARQL was designed for.
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2. Entity resolution

Resolution at runtime
A supplier is a row, a node, and a name
in a PDF.

Not preprocessing — what needs
aligning depends on earlier results.

row node mention? ?
the same supplier, three times
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3. Provenance

Across the boundary
Graph provenance is mature: named
graphs, RDF-star, PROV-O.

Documents and model output have
nothing comparable.

graph PDF model

one trace a human can follow
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4. Agents that write to graphs

A knowledge graph is shared
mutable state that agents write.

This community treats that as data
quality. I think it is also
concurrency control.
An uncertain extraction is a branch, not a
fact. And SHACL is sitting right there.

Agent 1 branch 1

Agent 2 branch 2

SHACL?

the graph

What is the unit of isolation in a graph?
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Five things I would spend three days on

1 Action spaces for knowledge graphs

2 Runtime entity resolution across modalities

3 Agent writes as concurrency control

4 A federated benchmark with a graph really in it

5 Graph structure for agent memory

Still not an expert. Better problems, though.
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