=R

KathDB: An Explainable Multimodal Database
Management System with Human-Al Collaboration

Guorui Xiao, Enhao Zhang, Nicole Sullivan, Will Hansen,
and Magdalena Balazinska

Paul G. Allen School of Computer Science & Engineering
University of Washington

PAUL G. ALLEN SCHOOL
OF COMPUTER SCIENCE & ENGINEERING



YW UNIVERSITY of WASHINGTON

Time for Multimodal DBMSs - Retail

Challenge: This query spans text, tables,
images, and videos and is in natural language Find fun cat toys under $20, and

verify that their review videos
contain actual visual evidence of
) cats playing with the toys.

e e e e Mu rate lave it)

, il B NS ! Smank s on Jai m::mlivmx?zzm?zm
) - id y <<tk # Jok'ri7v Broke but good pR— '
/ | '}‘ : Reviewed in the United States on Novembegnside P oot | Gosoma | Addoos I Piciot 0 | Nome | P ]

‘,' 4 ( ‘S \ ” Verified Pu-rc‘hase ~ switcht — ”::
/= " Good until it broke. My cat LOVEDDD this , ME e
should. The size of it is very good | can lay v eslrssdy o, *'” = —_—

Cat Toy Images Purchase Review Review Video Item Table

Images Unstructured Text Videos Tables

Image source:
[1] https://www.amazon.com/s?k=cat+toys
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Time for Multimodal DBMSs - Medical Applications

PID Name Surname  Gender DoB Country StreetAddress City Postal

10000 Adena Reeves F 1962-08-28 Montenegro P.O. Box 936, 9290 Aptent  Morkhoven 71344
Ave

10001 Buffy Wamer M 2009-05-25 Guinea-Bissau P.O. Box 624, 5536 Nunc St. Graz 68114-

186

10002 Kaye Green F 1994-07-23 Norway P.O. Box 650, 1264 Tellus. Bojano TO4
St 3wo

10003 Keiko Gonzalez M 1973-12-27 Iraq 1889 Magna. Street Chelsea 8084

10004 Kylynn Carver F 1974-01-22 Tanzania Ap #357-247 Per Rd. Oberhausen 53534

10005 Daquan Sosa F 1961-12-28 Holy See (Vatican City Ap #727-5634 Mauris, Eberswalde- S690ER

State) Avenue Finow

10008 Rebekah Navarro F 1974-02-01 Saudi Arabia P.O. Box 698, 3686 Dui Wolvertem 2976

Avenue

10007 Zane Benson M 2002-10-12 Mauritania Ap #852-3480 Ornare Ave Dufftow!

F 19R5-NR-31 Isla nf Man SOR-243R Sit Rd Rathurst
Patient Lab Results

Tables

Doctor’s Notes Medical Images

Unstructured Text Images

Image source:
[1] httos://www.mobius.md/bloa/step-by-step-quide-to-taking-perfect-clinical-notes

[2] httos://www.echelon.health/five-reasons-radioloay-is-important-in-healthcare/
[3] researchaate.net/publication/271388038 Anonymously Analyzing Clinical Datasets? tp=eyJib250ZXh0lip7ImZpcnNOUGENZSI6119kaXJIY3QiL CJwYWdlljoiX2RpcmVidCJOf



https://www.mobius.md/blog/step-by-step-guide-to-taking-perfect-clinical-notes
https://www.echelon.health/five-reasons-radiology-is-important-in-healthcare/
http://researchgate.net/publication/271388038_Anonymously_Analyzing_Clinical_Datasets?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoiX2RpcmVjdCJ9fQ
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Time for Multimodal DBMSs - User Study

Interviewee
pseudonyms

Self-identified gender

identity

Industry

Job role

Mode of
work

Alexandra
Georgette

Jackie

Julia
Pauline
Samantha
Brad

Dave

Jase
Marc

74 Trey
Z q Andy
{ o Vel Kerr

y Lane

@ UXtweak

Question/Task Description

Unstructured Text

Image source:
[1] https://www.uxtweak.com/ux-research/

[2] https://www.researchaate.net/publication/279231766 _Gender_identity inclusion in_the workplace broadening_ diversit:

Transgender woman
Transgender woman
Transgender woman

Transgender woman
‘ransgender woman

gender woman

~gc|\dur man

Transgender man

Transgender man
nder man
nder man
Genderqueer
Genderqueer
Genderqueer

Interviewees Info

Charity

Retail
Architecture/
design

Local government
Charity
Healthcare
Higher education

Special needs
education
Construction
Travel

Retail
Consulting
Higher education
Fashion

Tables

management research and

ractice through the case of transgender emplovees in the UK

Office worker
Cashier
Office manager

Administrator
Fundraising assistant
Nurse

PhD student/research
assistant

Teaching support staff

Builder

Online coordinator
Sales associate

IT support assistant
Administrator
Creative assistant

Full-time
Part-time
Full-time

Full-time
Part-time
Full-time
Part-time

Full-time

Full-time
Full-time
Part-time
Full-time
Full-time
Full-time

Audio Recording

Audio


https://www.uxtweak.com/ux-research/
https://www.researchgate.net/publication/279231766_Gender_identity_inclusion_in_the_workplace_broadening_diversity_management_research_and_practice_through_the_case_of_transgender_employees_in_the_UK
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Advances in Al Make Multimodal DBMSs Feasible

1. Advances in Models 2. Advances in NL2SQL 3. LLMs for Query Planning &
[GPT-series, Gemini, Qwen, OLMO, ...] [BigQuery+Gemini, ...] Execution [Caesura, DocETL, ...]

*. L]
X Gemini & 3
...and
_ e User Query
o Y N \

"~ Natural Language

close and
to SQL Translation

right of

9 I
r k Show the total sales \)
? ,.-”',' for each product? . NLZSQL \@/ Join
¥ ) ¢ QL Query { Model

©

FROM sales_data
GROUP BY product_name;

Scan

Agents can help with query execution

(5]

[ These advances enable us to build LLM-powered multimodal DBMSs ]

[5]: [Zhang et al. 2025 SIGMOD] 2
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Evaluating Multimodal Queries with Existing Systems

o Optimized Some Level
Traditional DBMSs W/ Al Operators {”“ Easy f°’}[ Query M’“ "’”"'a""“’}[ Explainable }

[Google, 2026], [Kakkar et al., 2025 SIGMOD], ... Non-Experts Execution Coliaboration & Traceable

Some Level

DeepResearch Systems Easy for No Query Human-Al Explainable
[OpenAl, 2025], [Perplexity, 2025, ... Non-Experts Optimization || Collaboration & Traceable
Optimized Some Level

Al-Powered Data Systems e Query soumarAll|  Explainable
[Liu et al., 2025 CIDR], [Urban et al., 2025 CIDR], ... on-Experts Execution oliaboration & Traceable

Can we build a multimodal DBMS that is friendly to non-experts,
supports user interactions, and optimizes queries execution?
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KathDB: An LLM-Powered Explainable Multimodal DBMS

| Query Parser

Query Optimizer

Execution Engine

A

KathDB

A Unified Relational View +
Raw Multimodal Data

I Unstructured
Text

B

and
more

Video

Audio

Key Features

A

N

N

Generates code at operator level &
explores trade-offs between time,
accuracy, and explainability.

~

.

Unifies multimodal data with a
relational layer and tracks lineage.

~

J

-~

Interacts with users at different
stages during query execution.

~

J




KathDB Performs Code Gen. For Each Operator

Find fun cat toys under $20, and verify that their review videos
contain actual visual evidence of cats playing with the toys.

Key Stages What KathDB Does

Query Sketch Gen. - Generates a sequence of Actions in natural language

e

Logical Plan Gen.

Ve

Physical Plan Gen.

- Groups Actions into logical Steps
- Builds a Logical Plan from Steps

- Generates code for each Step (e.g., Python, SQL, API Calls, etc.,)
- Profiles query plan with sampled input




KathDB Performs Code Gen. For Each Operator

Key Intermediate Representation

Query
Sketch

Action Action_0 | | Action_1
. Verb + Object Select toys that Select frames that
Short phrase are fun contain cat & toys

Goals

- Collaboratively refine query w/ users



KathDB Performs Code Gen. For Each Operator

Key Intermediate Representation Goals
Query . _Action : | Action_0 |  Action_1
Sketch . Verb + Object : Select toys that Select frames that - Collaboratively refine query w/ users
:_ _ Short phrase _ _: are fun contain cat & toys
Loai Step_0 . Step_1 , - Identify "hard" Actions
ogica / I Action_0 I Action_1 Action_2 . " " . .
| _ , - Group "easy" Actions into Steps
Plan " | select tovs that are fun | - . Select frames that Join selected frames with I
I 4 I I contain both cat and toys | | toys image object table | _

10



KathDB Performs Code Gen. For Each Operator

Key Intermediate Representation Goals

Query . Action : | Action 0| | Action 1

Sketch . Verb + Object : Select toys that Select frames that - Collaboratively refine query w/ users
\__ Short phrase _ _: are fun contain cat & toys

Logical Ste_p 0 . : Step_1 : , - Identify "hard" Actions

e | Action 0 | | - __Adln2 . _ Group "easy" Actions into Steps

- Select toys that are fun . - Sglect frames that Join s‘elected frgmes with I
N —— | | [comenbomeatandtoye] | tove Image oblectianle | .

e

. def select_frame_and_join_objects(R, S):
Physical P : = Jects(R, S) - Generate code at operator level
Plan [f = RIR['object’] =="...] /cat & toy frames | | _ E5ch function is closed over relations
Step 0 siep 7] IreS = pd.merge(, S) //toy match | | - Optimize query plans

11
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KathDB: An LLM-Powered Explainable Multimodal DBMS

= —r === o mm n mm n s s o = e -
: Key Features
| Query Parser R

N

)

_y P s
. Query Optimizer < Generates code at operator level &
Al I explores trade-offs between time,
Execution Engine accuracy, and explainability.

i KathDB

| Unifies multimodal data with a

< Query < relational layer and tracks lineage.

A

-
<

A Unified Relational View + X )
| Raw Multimodal Data

4 B
= Interacts with users at different

H o J stages during query execution.

~ Y

g @] [»

Video Audio

more

I Unstructured
Text

12
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KathDB Provides Explainability via Lineage Tracking

Objects

Objects

Entities

Relationships

Relationships

Mentions

Attributes

Attributes

Relationships

Frames

Videos

Attributes

Text

1

2.3 Execution Engine And Explainer
As shown on the right of Figure 1, KATHDB ’s execution engine

seeks user clarification for the latter (Section 5). After execution,

sers can ask NL questions (e.g., how a particular tuple was derived
or why an operator behaved as it did) about any intermediate tuple
or the entire pipeline, a key capability enabled by our provenance
model (Section 3) and the interactive debugger (Section 5).

Unstructured Text

Relational
Layer

Views over multimodal data allow lineage tracking }
13
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KathDB: An LLM-Powered Explainable Multimodal DBMS

= - —n o h mm n s mm s mm s mm s = -
: Key Features
| Query Parser R
- r ]
PA — g
) Query Optimizer < Generates code at operator level &
X © I explores trade-offs between time,
. Execution Engine < S accuracy, and explainability. )
NL
P KathDB \
| Unifies multimodal data with a
relational layer and tracks lineage.
Query " A Unified Relational View + L y
Result | Raw Multimodal Data - <
Table -
I = = ! o = Interacts with users at different
. H @H L0 H ,:Zfel stages during query execution.
| unstructured \ Y

Text Video Audio

14



KathDB Interacts With Users At Different Stages

NL Parser
* Clarifilcation '
Query : :
‘ Feedback
......... fun cat| [1) Fun for users?
toys under $20| [2) Fun for cats?
2) Fun for cats
usD ... ... ... )
l i
/1\\ User
Z

15



KathDB Interacts With Users At Different Stages

Physical Plan Gen (Sampled Data)
|
Remark
ﬁ Remark: Feedback
All items are Sort the items
markeg a3 and give me
J“n ' top-three
1
o User
N/
NL Parser
03 ery 1 Clarification fate Knowlec
| Feedback
......... fun cat| [1) Fun for users?
toys under $20| |2) Fun for cats?
2) Fun for cats
UsD ... ...... )
| 1
1) User
A

16



KathDB Interacts With Users At Different Stages

Physical Plan Gen (Sampled Data)
|
Remark
ﬁ Remark: Feedback
All items are Sort the items
markeg a3 and give me
¢fun : top-three
1
o User
N/
NL Parser Query Evaluation (Full Data)
1 ,‘ |
03 ery 1 Clarification | Remark
| Feedback | Remark: Feedback
......... fun cat| |1) Fun for users? Atuple Examine text
toys under $20| |2) Fun for cats? without )
usp . 2) Fun for cats video reviews about
l ¢ cat's reaction.
| 1 T
© User 737 User
A A

17
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KathDB Preliminary Case Study

Sort the films in the table
by how exciting they are,
but require that the poster
be described as ‘boring’

\

KathDB

SR

Y, Exciting Posters

Boring Posters

Name Year | Excitement Score
Guilty by Suspicion | 1991 0.999...
Clean and Sober 1988 0.973...

18



KathDB Preliminary Case Study - Challenge 1/3

by how exciting they are, but
require that the poster be
\ described as ‘boring’

/Query: Sort the films in the table

)

Film (title, year)
Plot (title, plot_ summary) // raw text data
Poster (image bytes) // raw image data

@ Works collectively with users to refine query.

! ! Populates relational views over images and text
data on-demand.

Proposes a quantitative metric that considers both objects
extracted from the plot AND the recency of a movie to score
how exciting a film is to a user.

19




KathDB Preliminary Case Study - Challenge 2/3

4 N

Film (title, year)
No Explicit JOIN Key Plot (title, plot_ summary) // raw text data
Poster (image bytes) // raw image data

= /

@ Resolves unexpected runtime issue.

Proposes to download and
install an OCR model to
extract text from posters and
JOIN with film titles.

Guilty By
Suspicion

20



KathDB Preliminary Case Study - Challenge 3/3

Name Year | Excitement Score How is this
Guilty by Suspicion | 1991 0.999... ; n
Clean and Sober 1988 0.973... Q derived”

& Explains how a tuple is derived based on lineage and function
implementations.

excitement_score is a weighted sum of E * fuzzy _keywords_counts +
D.3|* recency.

@ Updates the logic and re-runs a partial query.

21
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KathDB: An LLM-Powered Explainable Multimodal DBMS

KathDB answers NL queries over large multimodal data

Key Fiatures Projecf Page
( A [ 3

Interacts with users at different stages during query
execution.

4 N
Unifies multimodal data with a relational layer and

tracks lineage.
o J

4 N\
Generates code at operator level & explores trade-offs

between query time, accuracy, and explainability.

A

(&

https://db.cs.washington.edu/projects/kathdb/
22
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Backup Slides

26



YW UNIVERSITY of WASHINGTON

Evaluating Multimodal Query with existing systems

Existing systems | Easy for non-expert | Traceable Derivation

HumanAl Interaction | Query Optimization

DeepResearch « x ( « X
Systems

Compile a research report on how data management research has
changed in past 3 years

To make sure | compile a report that fits your needs, could you clarify a few things:
1. Are you looking for trends in academic research, industry practices, or both?
2. Do you have specific areas of data management in mind (e.g., data governance, data lakes, metadata
management, real-time analytics, etc.)?
3. What level of technical depth are you looking for—general overview, detailed technical analysis, or
executive summary style?

4. Should the focus be global or limited to a specific region or industry?

Once | have this information, | can begin the research task for you.

6P

1. Academic research 2. Database Management Systems 3. General

Overview 4. Only from top-tier conferences like SIGMOD, VLDB, and
1CRE

Trends in Database Management Research
from Top Conferences (2023-2025)

@ I'm identifying key trends and emerging
themes in Database Management Systems
from SIGMOD, VLDB, and ICDE conferences
(2023-2025), including LLMs and DB
integration, learned indexes, and cloud-
native architectures.

Q Searched for SIGMOD 2023 keynote topics

@ I'm selecting the article titled "SIGMOD 2023
highlights - Megagon Labs" to delve into the
main topics of the conference.

M¢ Read megagonlabs.medium.com

® The trends at SIGMOD 2023 show a strong
focus on traditional database systems, with
system papers, machine learning
applications in specific data types, and
emerging areas like representation learning

&
Trends in Database Research (2023-2025)

Introduction

Over the past three years, database management systems (DBMS) researt
technological waves while strengthening core foundations. Top-tier confer
VLDB, and IEEE ICDE - have showcased shifts in focus from traditional opt
processing toward themes like machine learning integration, cloud-native :
models. This report surveys key trends and innovations from 2023 througt

research themes, rising and fading topics, and influential papers from thes

Enduring Core Topics and System Innovations

Classic Database Problems Remain Vital: Fundamental DBMS topics hav
significant attention. SIGMOD 2023, for example, featured many sessions
and query processing,” indicating that traditional areas remain popular me
query optimization and execution are ongoing; a 2025 SIGMOD best paper

pessimistic cardinality estimation technique using statistical norms, reflect

IR B m e B e e i et e R o B e e T e et e e e e T P e e o e el
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Evaluating Multimodal Query with existing systems

Existing systems | Easy for non-expert | Traceable Derivation Multimodal HumanAl Interaction | Query Optimization
State-of-the-art Al-powered X X
Data Systems & _ x

# define columns for datasets

text_animal_cols =
{"name": "animal", "type": str, "desc": "The type of animal mentioned in the text"},
{"name": "color", "type": str, "desc": "The color of the animal mentioned in the text"},
1

image_animal_cols = [

{"name": "animal", "type": str, "desc": "The type of animal in the image"},
{"name": "color", "type": str, "desc": "The color of the animal in the image"},

def run_text_image_join():
"""Build a plan that joins a dataset with text to a dataset with images"""
pz.TextFileDataset(id="animals1", path="join-data/animal-texts/").sem_map(text_animal_cols)

= pz.ImageFileDataset(id="animals2", path="join-data/animal-images/").sem_map(image_animal_cols)
= dsl.sem_join(ds2, condition="both animals are canines with the same color")

config = pz.QueryProcessorConfig(
policy=pz.MaxQuality(),
execution_strategy="parallel"
join_parallelism=64,

28
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> Query parser > = > Query optimizer >->> Execution engine >

Query: Sortthe given filmsinthe | F =~~~ - ~=°°~% [ it e ol e e s e M [ s o A A T e e 1

f
|classify_boring{ Igen_excit"get_yearl

System catalog

|

(output) Logical plan

- Related tables
- Related images
- Schema & types

expilain ru i )
pipeline they lack color, detail, or

action based on various
b visual...

{ "name": “classify_boring"",
"description": "Analyze wsual features of
each film's poster..." },
“inputs": [ "films_with_image_scene”, ...},
"output”: "films_with_boring_flag" },

explain tuple
1621

b

final_score: weighted sum:
0.7 * 0.99999988 + 0.3 * 1.0
=0.99999992 ... ...

table by how exciting they are, but ' > ' ! ' ' 1
the poster should be ‘boring’ | ! NL parser ! ! Physical plan generator ! : Query executor !
o ' i | Code generator : ! \
1 1 1 1 1
: (output) COT query sketch | 4 g ; ; ,
F a 8l s esaams 1 1 1 1 1
Verification, | S izathe plot summary txt] | ¢ '| | Plan verifier (agentic) | |* '
L Request - using vector similarity... : : : :
4 J : analyze its visual features {Using : : Cost Estimation : :
1 1 either outputted objects/relations| | 1 1 1 -
! or image pixels)... 1 1 1
¥ 7 1 ) » .
I think | like the newer| N[EZErrErT] | b : M (output) Final physical plan |
movies compared to 1 ¢ I 1 g e 4 1
older movies. 1 1 T —— x 1
Logical Plan Generator| 1 : L+—g| |—_|C°mb’"eé '
I 1
1 1 1
1 1 1
] 1 1
1 1 1
1 1 1
] ] 1
] 1 1
1 1 1
1 1 1
I
]
]
1

29
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[ ... ... .. /] Other function signatures

{ "name": "classify_boring"",
"description": "Analyze visual features of each film's poster..." },
"inputs": [ "films_with_image scene", ... ],

"output": "films_with_boring_flag" },
......... /I Other function signatures ]

Figure 3: Function signature generated by the logical plan
generator.

30
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LID 1 Table
film_table | *--

Year: 1991

Excitement: 0.99...

E

T— LID 1621 Row
N6 COMUNE_aCois Title:Guilty ..
ver_id: 1

Final_score: 0.99...

K@h

Coarse

[Explain the pipeline?]

7

«er -.. ...1: Flags posters as "boring"?
they lack color, detail, or action based
on various visual features.

10: Ranks these films by their
combined score, highlighting the most
notable among those with boring

posters ... ... ...
- /

/\@u\

Fine-grain

[ Explain tuple 16217 ]

K ...... Plot contains many indirect m
direct keywords related to "threat",
"death", "attack”, "kill", etc.\\n - Score
is extremely high (=0.99999988).
**recency_score**: Assigned as 1.0
(likely the most recent or very recent
film). **final_score**: \\n - Weighted
sum: 0.7 * 0.99999988 + 0.3 * 1.0 =

k 0.99999992. ... ... ... /

31
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KathDB: An LLM-Powered Explainable Multimodal DBMS

Parsing Interaction Plan Gen Interaction Query Eval Interaction

[ Iterative Collaboration with Users 1

43

.. fun't ® ..
o un toys @ ) P

;’:’Z ; A) fun for buyer ?

~_.t

[Traceable Query Result Explanation }

Operator Level Code Generation
Multi-Objective Plan Optimization

@ B) fun for cats ? ambiguous profiling result ‘ unexpected runtime input|
Relational View over Multimodal Data Lineage Tracking
_____________ -

Extract structured data from multimodal data Input | | Result
I ':'| =
E B || ol | |
_____________ _ . J \. J
Function as Operator Query Plan Generation
@ ™ @ ) Function Step-1: Code Gen.
| = o s et o ) s o ot i) o ) i (i ] o
4

fn_specification,
fn_implementation)

@ ' E(version_id, , Step-2: Plan Profiling

Step-3: Plan Optimization
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