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

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

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



Time for Multimodal DBMSs - Retail

2Image source:
[1] https://www.amazon.com/s?k=cat+toys
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Find fun cat toys under $20, and 
verify that their review videos 
contain actual visual evidence of 
cats playing with the toys.

Challenge: This query spans text, tables, 
images, and videos and is in natural language 

https://www.amazon.com/s?k=cat+toys


Time for Multimodal DBMSs - Medical Applications 
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[2] https://www.echelon.health/five-reasons-radiology-is-important-in-healthcare/
[3] researchgate.net/publication/271388038_Anonymously_Analyzing_Clinical_Datasets?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoiX2RpcmVjdCJ9fQ
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http://researchgate.net/publication/271388038_Anonymously_Analyzing_Clinical_Datasets?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoiX2RpcmVjdCJ9fQ


Time for Multimodal DBMSs - User Study
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Image source:
[1] https://www.uxtweak.com/ux-research/
[2] 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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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


Advances in AI Make Multimodal DBMSs Feasible
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2. Advances in NL2SQL
[BigQuery+Gemini, …]

1. Advances in Models
[GPT-series, Gemini, Qwen, OLMO, …]

3. LLMs for Query Planning & 
Execution [Caesura, DocETL, …]

These advances enable us to build LLM-powered multimodal DBMSs  

[5]: [Zhang et al. 2025 SIGMOD]

[5]



Evaluating Multimodal Queries with Existing Systems
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Can we build a multimodal DBMS that is friendly to non-experts, 
supports user interactions, and optimizes queries execution?

Traditional DBMSs W/ AI Operators
[Google, 2026], [Kakkar et al., 2025 SIGMOD], …

DeepResearch Systems
[OpenAI, 2025], [Perplexity, 2025], …

AI-Powered Data Systems
[Liu et al., 2025 CIDR], [Urban et al., 2025 CIDR], …
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Generates code at operator level & 
explores trade-offs between time, 

accuracy, and explainability.

KathDB: An LLM-Powered Explainable Multimodal DBMS
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NL
Query

A Unified Relational View + 
Raw Multimodal Data

Query Parser

Query Optimizer

Execution Engine

Query
Result
Table

Unifies multimodal data with a 
relational layer and tracks lineage.

Interacts with users at different 
stages during query execution.

Key Features

KathDB



KathDB Performs Code Gen. For Each Operator
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- Generates a sequence of Actions in natural language

- 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

NL Query

Query Sketch Gen.

Logical Plan Gen.

Physical Plan Gen.

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



KathDB Performs Code Gen. For Each Operator
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Query 
Sketch

Key Intermediate Representation Goals

- Collaboratively refine query w/ users



KathDB Performs Code Gen. For Each Operator
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Query 
Sketch

Key Intermediate Representation Goals

- Collaboratively refine query w/ users

Logical 
Plan

- Identify "hard" Actions 
- Group "easy" Actions into Steps



KathDB Performs Code Gen. For Each Operator
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Query 
Sketch

Key Intermediate Representation Goals

Logical 
Plan

Physical 
Plan

- Identify "hard" Actions 
- Group "easy" Actions into Steps

- Generate code at operator level 
- Each function is closed over relations 
- Optimize query plans

- Collaboratively refine query w/ users



KathDB: An LLM-Powered Explainable Multimodal DBMS
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Query Parser
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Generates code at operator level & 
explores trade-offs between time, 

accuracy, and explainability.

Unifies multimodal data with a 
relational layer and tracks lineage.

Interacts with users at different 
stages during query execution.

Key Features
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KathDB Provides Explainability via Lineage Tracking

Views over multimodal data allow lineage tracking

Videos Unstructured TextImages
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… …

Objects
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Attributes
Relational
Layer



KathDB: An LLM-Powered Explainable Multimodal DBMS
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Raw Multimodal Data
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Query
Result
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Generates code at operator level & 
explores trade-offs between time, 

accuracy, and explainability.

Unifies multimodal data with a 
relational layer and tracks lineage.

Interacts with users at different 
stages during query execution.

Key Features

KathDB



KathDB Interacts With Users At Different Stages
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KathDB Interacts With Users At Different Stages
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KathDB Interacts With Users At Different Stages
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KathDB Preliminary Case Study
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Sort the films in the table 
by how exciting they are, 
but require that the poster 
be described as ‘boring’ Boring PostersExciting Posters

KathDB



KathDB Preliminary Case Study - Challenge 1/3
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Film (title, year)
Plot (title, plot_summary) // raw text data
Poster (image_bytes) // raw image data

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



KathDB Preliminary Case Study - Challenge 2/3
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Film (title, year)
Plot (title, plot_summary) // raw text data
Poster (image_bytes) // raw image data

No Explicit JOIN Key



KathDB Preliminary Case Study - Challenge 3/3
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excitement_score is a weighted sum of 0.7 * fuzzy_keywords_counts + 
0.3 * recency.
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KathDB: An LLM-Powered Explainable Multimodal DBMS

Interacts with users at different stages during query 
execution.

Unifies multimodal data with a relational layer and 
tracks lineage.

KathDB answers NL queries over large multimodal data

https://db.cs.washington.edu/projects/kathdb/

Generates code at operator level & explores trade-offs 
between query time, accuracy, and explainability.
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Evaluating Multimodal Query with existing systems
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Evaluating Multimodal Query with existing systems
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KathDB: An LLM-Powered Explainable Multimodal DBMS
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Iterative Collaboration with Users

Traceable Query Result Explanation

Operator Level Code Generation
Multi-Objective Plan Optimization


