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Next-Generation Data Systems
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Structured data

Unstructured data

← Can’t use SQL to 
query this type of 
data
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Use Case: Public Defenders
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California's Racial Justice Act (2020): 
Defendants can challenge convictions for 
racial bias 

Analysis requires: extract evidence from 
court documents; compare across cases. 
Millions of documents a year.  

Only ~12 successful challenges in 4 years 
(out of ~10k eligible) because the task is so 
hard!
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Use Cases are Everywhere
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What side effects do patients report for Ozempic?

Which contracts have unfavorable arbitration clauses?

What are common complaints in customer reviews?

Interdisciplinary challenges: 
Multi-operation, need to run at scale 
Ambiguous operation definitions 
Human-defined; context-dependent

DB

HCI AI
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LLM-Powered Data Processing is Taking Off
Real and high-stakes 
deployments: e.g., journalists, 
public defenders, climate 
scientists 

Industry adoption: Snowflake, 
BigQuery, Databricks 

Growing research community 

DocETL: a system we built at 
UC Berkeley.
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Today
1. Example DocETL query 

2. Why authoring DocETL (and LLM-powered) queries is hard for users 

3. DocWrangler, our IDE for DocETL 
i. What we built, and why 
ii. What we learned
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Example: DocETL Pipeline/Query
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type: reduce
reduce_key: name
prompt: “Summarize the common implicit 
biases shown by this judge across all 
their trial transcripts”
output:
schema:
common_biases: str

type: map
prompt: “Determine the name of 
the judge in this trial”
output:
schema:
name: str

id transcript name

… … …

name common_biases

… …
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type: reduce
reduce_key: name
prompt: “Summarize the common implicit 
biases shown by this judge across all 
their trial transcripts”
output:
schema:
common_biases: str

type: map
prompt: “Determine the name of 
the judge in this trial”
output:
schema:
name: str

HCI Problems with the DocETL Paradigm
Users struggle to write good queries!
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Research question: How can users steer LLM-powered unstructured 
data analysis?



What Do Users Do with LLM-Powered Data Systems? Shreya Shankar.

DocWrangler
A mixed-initiative IDE for DocETL. 

Key contributions: 
1. Three Gulfs framework of user-facing challenges 
2. Direct manipulation + LLM-powered UI components to enhance user 

agency at each gulf 
3. Insights into user behavior in this new paradigm of LLM-powered data 

analysis
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Steering Semantic Data Processing with DocWrangler. Shankar*, Chopra* et al. UIST ’25. 🏆
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Key Idea: Three Gulfs Framework
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Steering Semantic Data Processing with DocWrangler. Shankar*, Chopra* et al. UIST ’25. 🏆

First goal: Develop a model of user-facing challenges. 

So…collect lots of data: 
Hundreds of Discord messages and Github issues 
Dozens of contextual inquiry and semi-structured 
interview studies
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Key Idea: Three Gulfs Framework
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Gulf of 
Comprehension

Gulf of Specification

Gulf of Generalization (new!)

Steering Semantic Data Processing with DocWrangler. Shankar*, Chopra* et al. UIST ’25. 🏆

Hard to understand data 
(or LLM outputs) at 
scale; visualizations not 
as helpful

Hard to express 
complex intent 
in the DSL

LLMs make mistakes at scale, even 
when pipeline is well-specified
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Illustrating the Gulf of Comprehension

“Extract all 💊 
from each 
transcript”

Task

Discovering 
what you 
really want & 
the long tail of 
LLM behaviors

Challenge Expand to inspect row-by-row
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In-Situ Notetaking to Comprehend Data Better

“Extract all 💊 
from each 
transcript”

Task

Discovering 
what you 
really want & 
the long tail of 
LLM behaviors

Challenge
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In-Situ Notetaking to Comprehend Data Better

“Extract all 💊 
from each 
transcript”

Task

Discovering 
what you 
really want & 
the long tail of 
LLM behaviors

Challenge
20 milligrams

40 milligrams
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Illustrating the Gulf of Specification

“Extract all 💊 
from each 
transcript”

Task

Turning your 
notes and 
requirements 
into better 
prompts

Challenge
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Interactive Assistance in Specifying Operations

“Extract all 💊 
from each 
transcript”

Task

Turning your 
notes and 
requirements 
into better 
prompts

Challenge
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Illustrating the Gulf of Generalization

“Difficulty remembering to 
take medication” is not the 
primary complaint

“Extract all 💊, 
side effects, 
and patient 
complaints 
from each 
transcript”

Task

Too complex 
for a single 
LLM call

Challenge
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Automatic Decomposition to Help Generalize

“Extract all 💊, 
side effects, 
and patient 
complaints 
from each 
transcript”

Task

Too complex 
for a single 
LLM call

Challenge

“Difficulty remembering to 
take medication” is not the 
primary complaint
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Automatic Decomposition to Help Generalize

Complaints are now more 
comprehensive!

“Extract all 💊, 
side effects, 
and patient 
complaints 
from each 
transcript”

Task

Too complex 
for a single 
LLM call

Challenge
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DocWrangler User Study: Design
10 participant think-aloud lab study 

60-90 minute sessions 
3-5 analysis tasks per session 

Online deployment 
BYO API keys 
~4,500 pipelines; ~30GB of data (~5 billion words!) 
30+ S&P 500 industries represented 

Quantitative and qualitative analysis
24
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What Did We Learn?
1. Users iterate a lot to get one query 

2. Users avoid reading raw documents, even when we make it easy 
E.g., they create exploratory ops to summarize documents in task-specific ways 
Even when trying to validate LLM behavior… 

3. Underspecification drives discovery 
E.g., Users tune attribute granularity & use visualizations to refine 
“Prompt rubber ducking” (P9) — outputs help users discover more things to ask for 

4. Users need to slow down! 
>50% of prompts auto-refined with zero notes 😬 
Output schemas as "speed brakes” (P8) — forces users to think about what they want

25

Participant Activity Distribution
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filter(“Does the patient trust the doctor?”)

??
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Impact: DocWrangler Users
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Impact: DocETL Community
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Reflecting…One Year Later
Have we “solved” usability of LLM-powered data systems? No! 

Some “axioms” in LLM-powered data processing: 
Revision: users will revise queries as they learn from outputs 
Evaluation: manual validation doesn’t scale…so LLMs will evaluate LLMs 

New opportunities for us: 
Revision: relax (accuracy constraints) early and reuse (intermediates) often 
Evaluation: LLM judges as first-class semantic operators 

Some work here, like Semantic Integrity Constraints (Lee et al. VLDB 2025)
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IEEE Data 
Engineering 
Bulletin; June 2026



Unstructured & LLM-powered data systems: a new subfield. 

New usability challenges for data systems; in 

Comprehending the documents 

Specifying intent in natural language prompts 

And ensuring that LLMs are generalizing to all documents. 

What’s next? I’m starting a new lab and hiring! We will build 
open-source data systems & interfaces for human-AI 
collaboration.
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Summary


