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Building systems to do this reliably and 
efficiently is hard!
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User’s Goal: 
Study the climate 
initiatives undertaken by 
Scottish companies.
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User’s Goal: 
Statistical analyses of 
explicit and implicit biases 
in court transcripts, police 
reports, news articles, etc.
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Task: Detect and compare racially 
coded language and implicit bias 
across similar court cases.
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Task: Detect and compare racially 
coded language and implicit bias 
across similar court cases.

Data Volume: 1,500 pages per case; 
300 related cases; 135 million words 
per analysis + images. 

Cost: $11 million a year if analyzing data 
for all cases.
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Unifying Characteristics
Unstructured data tasks often require, at scale:

Complex reasoning

over all documents

to generate open-ended, subjective outputs

that feed into downstream aggregations and summaries.
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How can data systems reason 
over unstructured data?

How can users steer and 
debug data systems that 
expose AI capabilities?

How can we measure AI 
output reliability of AI-

generated outputs?
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Programming Model
Background
In data systems, users build pipelines of operators (e.g., filter, map, reduce, join).

LLM Analogy
Expose LLMs through semantic operators*, each defined by

 Natural language description of the task
 Operator type (e.g., map, filter)
 Desired output schema

Goal: run a pipeline of semantic (and possibly relational) operators, accurately 
and cheaply.

12
*coined by Patel et al. VLDB 2025
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type: filter 
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Like a semantic map, but with filter 
semantics.
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1. Define the plan space 
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3. Search for the optimal plan
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(New) Goal: multiple plans spanning 
the accuracy—cost frontier

Challenges:  
Accuracy estimation is 
expensive (can’t explore too 
many alternatives)  
Accuracy doesn’t cleanly 
compose
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map(“Extract racially 
charged statements.”) 

map(“Find statements that 
might exhibit gender bias.”) 

map(“Is the judge changing how they 
speak when talking to the defendant?”) 

Map Map Map Map

map(“Combine or deduplicate all 
of the previously extracted 
statements of implicit bias.) 

Classical query optimizers rely on 
the idea that the optimal plan is 
composed of optimal sub-plans.

Not true for semantic operators. 
LLM behavior is context-sensitive 
and fuzzy! Doesn’t cleanly compose.

Can correct or augment intermediates!
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Multi-Objective Agentic Rewrites for Unstructured Data Processing. Wei*, Shankar* et al. Under submission.

1. Select pipeline

2. Rewrite pipeline

3. Evaluate on samples
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• LLM agent decides what directive to apply and creates the new 
operators (e.g., prompts, code, etc).

• We evaluate the new plan on a sample, recording cost and accuracy.
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6 workloads (legal, game 
reviews, biomedical, gov 
reports, clinical, enterprise 
reports) 
3 Baselines 
Systems could choose from 
11 models 
We produce the most 
accurate plan every time

Baseline

LOTUS

PZ—
ABACUS

GPT-5 
Agent

Our accuracy (@ 
baseline max 

accuracy)

2.10×

1.38×

1.95×

Our cost (@ 
baseline max 

accuracy)

0.487×

0.575×

0.375×
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Challenges in Agentic Query Optimization
Each optimization run takes 1–5 
hours!
We have to run plans on samples 
to estimate accuracy

New question:
Can we design rewrites that 
guarantee the new plan stays 
within a target accuracy of the 
current plan?
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The Task Cascade Rewrite
map => map* -> map 
filter => map* -> filter 

Procedure: 
1. Reorder documents for cheaper 

partial reads. 
2. Generate lots of surrogate map 

operations. 
3. Select tasks, thresholds, and order 

for the cascade.
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We show that: 
Constructing an optimal 
task cascade is NP-Hard 

(in the task space).
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partial reads. 
2. Generate lots of surrogate map 

operations. 
3. Select tasks, thresholds, and order 
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We show that: 
Constructing an optimal 
task cascade is NP-Hard 

(in the task space).

We therefore do (3) with a 
greedy algorithm.

Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.
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Task Cascades with Guarantees
Goal: Select cascade thresholds to minimize oracle model usage while 
guaranteeing accuracy  (relative to the oracle model). 

We can get accuracy guarantees of the following form: 

 

where A is the accuracy function,  represent cascade outputs, and  is a 
user-defined failure rate.

≥ T

Pr(A( ̂Y) ≥ T) ≥ 1 − δ

̂Y δ
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Need an estimator with bounded false positive rate: Pr( ̂A(ρ) − A(ρ) ≥ ε) ≤ δ

Example decision rule (Hoeffding): certify 𝜌 if ̂A(ρ) = T +
log( |C | /δ)

2n

Final threshold: ρ* = min{ρ ∈ C : ρ is certified}
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Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.
|C| = 100; 𝛿 = 0.05 

Lots of docs required!

This is for one non-oracle task. 
To scale up; divide 𝛿 by # tasks.
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Sequential Test for Selecting Safe Thresholds
Given: Confidence thresholds 
C, estimator E. 

Problem: Number of docs 
required grows with log |C|! 

Solution: Sequential procedure. 
1. Start at  
2. While , move to  
3. Stop at first  with  
4.  

t1
E(ti) = 1 ti+1

tj E(tj = 0)
treturn ← tj−1
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Task Cascades: Recap & Results

50

Motivation: Rewrite directives expose many execution strategies, but 
many are low-accuracy and evaluating accuracy is expensive. 

Task Cascades—enabled by new algorithmic tools—safely replace 
expensive operators with cheaper ones, while guaranteeing accuracy. 

map => map* -> map 
filter => map* -> filter 

Result across 8 real-world workloads: 48.5% cheaper than model 
cascade baselines and 86% cheaper than operators pre-rewrite.

Task Cascades. Shankar, Zeighami, Parameswaran. Under Revision at SIGMOD ’26.



Building Effective AI-Powered Data Systems. Shreya Shankar, 2025.

Recap: Optimizing Semantic Data Pipelines

51



Building Effective AI-Powered Data Systems. Shreya Shankar, 2025.

Recap: Optimizing Semantic Data Pipelines
For unstructured data and semantic operators:

Transformations: semantic rewrite directives (not syntactic rules)

51



Building Effective AI-Powered Data Systems. Shreya Shankar, 2025.

Recap: Optimizing Semantic Data Pipelines
For unstructured data and semantic operators:

Transformations: semantic rewrite directives (not syntactic rules)
Search:

Complete plans (not necessarily subplans)
Learned heuristics (UCT) + LLM agents
Statistical tools to estimate whether rewrites will be helpful

51



Building Effective AI-Powered Data Systems. Shreya Shankar, 2025.

Recap: Optimizing Semantic Data Pipelines
For unstructured data and semantic operators:

Transformations: semantic rewrite directives (not syntactic rules)
Search:

Complete plans (not necessarily subplans)
Learned heuristics (UCT) + LLM agents
Statistical tools to estimate whether rewrites will be helpful

51

How can data systems 
reason over 

unstructured data?



Building Effective AI-Powered Data Systems. Shreya Shankar, 2025.

Recap: Optimizing Semantic Data Pipelines
For unstructured data and semantic operators:

Transformations: semantic rewrite directives (not syntactic rules)
Search:

Complete plans (not necessarily subplans)
Learned heuristics (UCT) + LLM agents
Statistical tools to estimate whether rewrites will be helpful

51

Build on database foundations, but adapt 
them—significantly!—for LLM realities.

How can data systems 
reason over 

unstructured data?
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DocWrangler as a Design Probe

54

• A: Pipeline 
editor 

• B: Input & 
Output 
inspector 
(reminiscent of 
data wrangling, 
programming-
by-example)
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An Output A User Reaction

I want the analysis to include 
dosages for all medications.
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A User Reaction

“Current dosage” is not specific. 
I want the exact dosage for 

Synthroid…

An Output
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A User Reaction

I don’t want the LLM to extract over-
the-counter meds or supplements. 

Prescription meds only.

An Output
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Diffs for 3.3k 
pipelines

63%
19%

18%

No change
Minor change
>10 char diff in an operation

If semantic operators need 
authoring tools, what discovery-

oriented tools do we build?
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What tools do users need to 
accelerate pipeline discovery?

Why is semantic data 
processing so hard?
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Towards a Principled Understanding
Building one tool doesn’t solve all 
problems; e.g., 

It’s hard to remember all the 
changes to make; 
Each edit adds more detail; 
Operators become bloated and 
hard to validate and manage.
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Iteration
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We don’t just need better tools; we need a theory for 
understanding where tools are needed.
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How do we map the space of 
user challenges?

What tools do users need to 
accelerate pipeline discovery?

What tools do users need to 
accelerate pipeline discovery?
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Gulf of 
Comprehension

Gulf of 
Specification

Gulf of 
Generalization

Three gulfs model applies to the ecosystem of 
tools for unstructured data processing.

Not every tool needs to solve all three gulfs.
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Gulf of Comprehension

Gulf of 
Specification

Gulf of 
Generalization

- Docs overwhelm users 
- LLMs generate data 

that also needs to be 
comprehended
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Gulf of 
Comprehension

Gulf of Specification

Gulf of 
Generalization

- How to express a 
complex query as some 
prompt(s)?
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Gulf of Generalization

- Tasks may be too complex for LLMs 
- Requires decomposition or 

restructuring of the pipeline

Gulf of 
Comprehension

Gulf of 
Specification
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Steering Semantic Data Processing with DocWrangler. Shankar*, Chopra* et al. UIST ’25. 🏆
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facing challenges 

Enables better solutions and 
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Systems Perspective 

Precise diagnosis of user-
facing challenges 

Enables better solutions and 
evaluation

HCI Perspective 

New methodology: “lateral” 
deployment 

Empirical foundation for 
studying how people build, 
adapt, and reason about AI

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

AI in Society
How can data systems reason over 
unstructured data? DocETL (3.1k ⭐)

How can users steer and debug data 
systems that expose AI capabilities? 

DocWrangler (UIST 🏆)

How can we measure the reliability of 
AI-generated outputs? EvalGen & a 

course (3.5k practitioners)
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Algorithms are one solution. 
My question: what can the interface do?
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Kapse et al., “Building Resilient Prompts Using an 
Evaluation Flywheel”, OpenAI Cookbook, Oct. 6 2025.

Spreading the 
gospel of 
grounded theory!
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Interface

Optimizer

Execution Engine

Storage

DocETL

Takes a long 
time

Opportunities for 
acceleration

Data is too 
big

RL agents to learn 
query rewrites
Open-source LMs; 
custom KV caching
Compression for 
unstructured data
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DocETLDocWranglerDocDiscovery? DocInsights?

Lifecycle gaps: 
Before: tools to help decide what to analyze 
During: collaborative environments for iterative refinement 
After: interfaces to communicate interpretive, non-deterministic 
findings
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Moonshot: How AI Reshapes 
Knowledge Work

Two observations from DocETL: 
AI capabilities shape questions 
AI capabilities shape what types of data can exist 

How do workflows evolve as users discover AI possibilities and limitations? 

Can we build systems to support newly emerging research methodologies? 

Requires collaboration: e.g., economists, policymakers, scientists, social 
scientists, theorists
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