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Computer Science vs. Data Science

Computer 1950- Software Engineer Write software to make computers work
Science

Plan A Design A Develop A TestA Deploy A Maintain

Data Science 2010- Data Scientist Extract insights from data to answer questions

Collect A Clean A Integrate A Analyze A Visualize A Communicate



Undergraduate Data Science Courses
Berkeley % Stanford

UNIVERSITY OF CALIFORNIA UniverSity
Data 100: Principles and Techniques of DATASCI 112: Principles of Data Science
Data Science
d Equip students with real data and tools for data science careers d Acquire and process tabular, text, hierarchical, and geospatial data
d Foster computational and analytical problem -solving skills d Discover patterns through data aggregation and visualization
d Prepare for advanced Berkeley -level DB, ML, and Stats courses d Apply machine learning to solve real  -world prediction problems
ID Assignments Data Science Systems ID  Assignments DataScienceSystems
1 Prerequisite Math ([})Jal% (%ggetzgtlon 1 | Fastest Lap Prediction Dag,anspand Analysis
2 Food Safety DataPrepand Analysis 2 | Detecting Bias in Football Officiating 3 Ngtwgrskx
: w Pandas — - w GeoPandas
3 NYT Articles w DuckDB 3 | Course Preequisite Network Analysis Data Vilsu?lki)zation
_ _ : ot w Matplotli
4 Bike Sharing Daltfl‘ V'fuﬁgzat'on 4 | How Much A Broker Really Matters | w Seaborn
: w Matplotli Statistical Machine Learning
S5 Modeling and OLS w Seaborn 5 | What Makes a Movie Successful? | w Scikitlearn
— ) Statistical Machine Learning — : w Numpy
6 Probability and Estimators | ¢, scikitlearn 6 | Investigating Dating APP Deep Learning
@ Scipy . . 3 P
7 Analyzing IMDB with SQL 6 Numpy 7 | Analyzing global education data y

https://ds100.0rq https://web.stanford.edu/class/datascil1?2
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Mature, Influential, but Hard to Change

(

g

Array programming with NumPy

CR Harris, KJ Millman, SJ Van Der Walt, R Gommers... - nature, 2020 - nature.com

... NumPy is the foundation upon which the scientific Python ecosystem is constructed. Itis ...
NumPy-like interfaces and array objects. Owing to its central position in the ecosystem, NumPy ...
¥t Save 99 Cite Cited by 25366 Related articles All 20 versions

** )
N?7 NumPy

Core numerical
computing library

19 years
30k github Yy

25 k citations

J

4 )
@ SciPy

Core Scientific
Computing Library

24 years
13k github ¥y

40 k citations

SciPy 1.0: fundamental algorithms for scientific computing in Python

... Here we capture a selective history of some milestones and important events in the growth

of SciPy. Despite what we highlight here, it is important to understand that a project like SciPyj ..

-

\iﬁr Save YY Cite Cited by 40281 Related articles All 43 versions

J

.fewm

Core Machine
Learning Library

18 years
62k github ¥¥

1 1 6 k citations

poF] Scikit-learn: Machine learning in Python

F Pedregosa, G Varoquaux, A Gramfort... - the Journal of machine ..., 2011 - jmir.org

... We benchmarked the scikit-learn coordinate descent implementations of Elastic Net. It ...

For medium to large data sets, scikit-learn provides an implementation of a truncated PCA ...

¥¢ Save 19U Cite Cited by 116462 Related articles All 29 versions 99 )




Four Shifts Redefining Data Science Systems

1. Scenario

2. Technique

3. Modality

4. Hardware

Current

Data Scientist

Limited Use of DB Techniques

Table

CPU

h 4 4 4

Future

Data Science Agent

Deeper Integration of DB Techniques

Multi -modality
€ Tabler Texti Imaget Video1 Audio (

Heterogeneous Hardware
eFSX/ JSX/ Dvfhqgl!
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Four Shifts Redefining Data Science Systems

Current Future

1. Scenario Data Scientist Data Science Agent



What Is a Data Science Agent (DS Agent)?

A data science agent takes a data science task as input
and completes it by delivering code, results, models, or reports

_ Data Science Agent _
Data Science Task Deliver
d Question
Q Plan Tool Check A Code
d Data context » » A Result
d Constraints Decompose SoL/ Tests and
and choose Python diagnostics A Model
d Success criteria path [ APIs A Report
iterate until the deliverable is reliable
Question 1: What tasks can DS Agent support? Question 2: DS Agent vs General Agent

We answer by analyzing DS agent benchmarks There are many new opportunities faced by DS Agent



Evolution of Data Science Agent Benchmarks

Trend: Mo ving from

Code snippet

d (2022) DS-1000
d (2023) ARCADE
d (2024) DA-Code
d (2024) DSEval

—

Isolated Stage

Data Preparation

A (2024) SpreadsheetBench
A (2025) PARROT

A (2026) PrepBench

A (2026) DataPrep -Bench

Visualization

A (2024) VisEval

A (2025) nvbench 2.0

A (2026) SciVisAgentBench

code snippets , to isolated stages

ML Modeling

A (2023) MLAgentBench
A (2024) MLE-Bench

A (2024) DSBench

Data Analysis

A (2024) InfiAgent -DABench
A (2024) QRData

A (2024) DSBench

A (2025) DataSciBench

A (2025) IDA_Bench

. to end-to -end data tasks

—)

Endto-End

d (2024) Spider2 -V

d (2024) Spider2.0

d (2025) ELT-Bench

d (2025) KramaBench

d (2025) DABstep

d (2025) FDABench

d (2025) DAComp

d (2026) DAB

d (2026) AgenticDataBench

Task Granularity



Code Completion

Task Code - Snippet: Can It Write Correct Data Science Code?

DS1000: A Natural and Reliable Benchmark for Data Science

Code Generation 2022
https://ds1000-code-gen.qgithub.io

. :
. Code Completion Task

o "Problem:

I have a dataframe with column names, and | want to find the one
that contains a certain string, but does not exactly match it. I'm
searching for 'spike' in column names like 'spike-2', 'hey spike’,
'spiked-in' (the 'spike’ part is always continuous).

| want the column name to be returned as a string or a variable, so
I access the column later with df [ 'name'] or df [name] as
normal. | want to get a list like[ ' spike-2"', 'spiked-in"'].
I've tried to find ways to do this, to no avail. Any tips?

A:
<code>
import pandas as pd
data = {'spike-2': [1,2,3], 'hey spke': [4,5,6],
'spiked-in': [7,8,9], 'no': [10,11,12]}
df = pd.DataFrame(data)
s = 'spike'
' </code>
BEGIN SOLUTION
<code>
[insert]
</code>
END SOLUTION
<code>
print(result)
' </code>

Deliver

(python code)

Reference Solution

result = [col for col in df.columns
if s in col and col != s]

_____________________________________________________________________

pmmmm————

b

Task: Generating correct data science code
(NumPy/Pandas etc.)

Solving each task requires:
A diverse library APIs
A avoiding memorized solutions




Notebook

Completion Task

Code - Snippet: Can It Write Correct Data Science Code?

ARCADE Natural Language to Code Generation in Interactive Data Science Notebooks (2023)

https://github.com/google-research/arcadenl2code

Notebook

[1]

[2]

[3]

Cells 12 (c1, c2) are the notebook context, and Cell 3 (c3)
contains the intent.

Completion Task

import pandas as pd
df = pd.read_csv('stores.csv')

# Schema of Dataframes:
# Columns in df with example values:
# Stu_Name (Mike),Engineering (90),English (89),Math (92)

q /
Get the students with an average score above 90 Mo,
for science subjects

Task:

Multi -turn NL -to -code generation in notebooks

Deliver (notebook)

[3a] »Vanilla Prediction (no exemplars):
df[ 'Engineering"' ]+df[ 'Math' 2
'Stu_Name', 'Science_Avg'

df[ 'Science_Avg'
df[df[ 'Science_Avg' 90

Solving each task requires:

A understanding notebook context (code + execution state)
A multi -turn interaction history

A ambiguous NL intents



Data Preparation

FPr e PrepBench: How Far Are We from NatutadnguageDriven Data Preparation?
pre

https://github.com/TsinghuaDatabaseGroup/prepbench

Data Preparation Task

1. Align the schemas, merge the two tables, and normalize date formats.
2. Drop rows with missing fee and derive a quarter field.
3. For each quarter and track, compute the average registration fee.

5 Raw Tables

main_reg
reg_date attendee track paid
VLDB 2024 Main Registration
2024/02/14 Jagadish Res. 200
2024-2-16 JAGADISH Research 250
2024-03-02 Alice Chen Ind. 170
2024-5-10 Henry Patel Research 240
2024/05/18 Maya Singh Ind. 190

workshop_reg

date name track amount
Feb 15 2024 Bob Li Industry 150
Jun 01 2024 James Park Demo 130
date name track amount
2024-02-23 David Kim Industry
2024-02-28 Grace Lee Demo 120

Task:NL-driven data preparation pipelines

Isolated Stage: Can It Complete One Data Science Stage?

The FullLifecycle Problem

Below are the prepared table and the corresponding transformation code.
() Prepared Table

Analyzed ™
python

import pandas as pd

d main = pd.read_csv(main_path).rename(columns={"reg_dat
CO e wk = pd.read_csv(workshop_path).rename(columns={"name"
[["date", "attendee", "track", "paid"]]

df = pd.concat([main, wk], ignore_index=True)

df["date"] = pd.to_datetime(df["date"], errors="cc

df["paid”] = pd.to_numeric(df["paid"], errors="

df["track"] = df["track"].str.lower().replace({"res.":"research","ind.":"industry"}).str.title()

tendee"”, "amount":"paid"})

© Yy
workflow @

—
oox
Input P}j:ct Uﬁn PE’:ct FiIYter D;mup
Prepared Table
P re p are d quarter track avg fee

2024Q1 Research 250
2024Q1 Industry 160
data 2024Q1 Demo 120
2024Q2 Research 240
2024Q2 Industry 190
2024Q2 Demo 130

& Copy code

"date"})[["date","attendee", "track","paid"]]

Solving each task requires:

A intent disambiguation

A imperfect / messy real -world data
A code -to -workflow translation




Data

Task

Analysis

Isolated Stage: Can It Complete One Data Science Stage?

InflAgent-DABench: Evaluating Agents on Data Analysis Tasks

) GitHub

Data Analysis Task

https://inflagent.qithub.io

p

\.

Problem \

Is there a linear relationship between the GDP
per capita and the life expectancy score in the
Happiness_rank.csv? Conduct linear regression and
use the resulting coefficient of determination
(R-squared) to evaluate the model’s goodness of
fit ... [omitted for brevity]

El Happiness_rank.csv

Country Happiness Rank GDP per Capita Life Expectancy -

Switzerland 1 1.39651 0.94143
Iceland 2 1.30232 0.94784
Denmark 3 1.32548 0.87464
Norway 4 1.45900 0.88521

code

result

Deliver

To answer this question, I need to load the dataset,
conduct a linear regression analysis between GDP per
capita and life expectancy score ...

python sandbox input:

import pandas as pd
from sklearn.linear_model import LinearRegression

# Load the dataset
df = pd.read_csv('/mnt/Happiness_rank.csv')

# Extract the columns for GDP per capita and life expectancy score
gdp_per_capita = df['Economy (GDP per Capita)'].values.reshape(-1, 1)
life_expectancy = df['Health (Life Expectancy)'].values

# Conduct linear regression

model = LinearRegression()

model.fit(gdp_per_capita, life_expectancy)
predicted_life_expectancy = model.predict(gdp_per_capita)

# Calculate R-squared
r_squared = rZ_score(life_expectancy, predicted_life_expectancy)
print(r_squared)

Final Answer

. The R-squared value is approximately 0.67,

which indicates a poor fit for the linear
regression model.

Task:NL dataanalysis questions

Solving each task requires:
A multi -step reasoning + code execution
A generalizing across diverse datasets/domains




ML Modeling

Task Isolated Stage: Can It Complete One Data Science Stage?

MLEBench: Evaluating Machine Learning Agents on Machine Learning Engineering?

https://github.com/openai/mle -bench

ML Modeling Task

Agent
Competition
P Dataset P
< 4 train.csv test.csv @ Thinking...
Descrlptlon sample_submission.csv .
Train model Test model

Train a model to
achieve the highest
accuracy....

v Debug Create submission

Leaderboard @ 2

MLE-Bench

v
63.4% +— Grader <

Deliver - ------ -~

Solving each task requires:

Task:Endto-end ML engineering on Kaggle competitionsA full ML pipeline design( gdwdz prghozh{)shul phgw
A resource -constrained iteration (limited time)
A debugging/recovering from errors across complex ML environments



visumzaton I Stage: Can It Complete One Data Science Stage?

Task

VisEval A Benchmark for Data Visualization in the Era of Large Language Models

https://github.com/microsoft/VisEval

Visualization Task Deliver

grouped = ship.groupby ([ 'Type', 'Nationality']).size().unstack()

Query: Give me a stacked bar chart for showing the total number of each ship type # Sort the data in descending order
sorted = grouped.sort_values (by='Type', ascending=False)

and categorize it by ship nationality, and | want to order names in desc order.
Code # Plot a stacked bar chart
sorted.plot(kind='bar', stacked=True, figsize=(10, 8))
plt.xlabel( 'Ship Type'})

Number of Each Ship Type Categorized by Nationality

Dataset: K EDIENTLE Type Nationality Tonnage .
1 Nationali
1 Corbridge Cargo ship United Kingdom 3687 = u;ned:(:gdom
s United States

IS

2 Farringford  Battle United States 3146
3 Dromonby Cargo ship  United Kingdom 3627

w

Number of Ships

[N)

Visualizatior .|

0-

Ship Type

Task:NL- . lizati . Solving each task requires:
ask:NL-to-visualization generation A mapping NL intent to chart design (type/encoding)
A producing valid, legal, readable visualization code



Endto-End

Task End-to -End: Can It Finish the Whole Data Task?

Spider 2.0Evaluating Language Models on R&sbrld Enterprise Texto-SQL Workflows

https://spider2 -sal.github.io

Enterprise Texto-SQL

Deliver
Workflows Task
. .. . . waTH opportunity AS ( )
Q: I need a daily report on key sales activities—covering tasks completed, SELECT {{ dbt,date trunc('day’, close date') }}
events held, leads generated, and the status of opportunities. As close_date,
CASE
: WHEN is_won THEN ‘"Won'
Text-to-SQL Workflow Environment WHEN NOT is_won AND is_closed THEN 'Lost’
Database Documents . WHEN NOT is_closed AND LOWER(forecast_category)
= IN ('pipeline', 'best case') THEN 'Pipeline’
Diverse ° [E Sy Q ? E:@ Database Metadata COde FRD:N?{AS s'E:-_:tus cunity’) 1)
o = var( ' opportuni
System EE An : External Knowledge ), PP y
SQL Dialect Docs
i 5 . rsalesfor:e = .\ oo Query Interface ess [ * 100 lines omitted]
Apps ' ol
' LEFT JOIN event on ds.date_day =
Codebase ndbt : salesforce_event.activity date
LEFT JOIN opportunities_created
Table 1:| activity_date account_id vee type Il macros/ I models/ ON ds.date_day = opportunities_created.created_date
Complex LEFT JOIN opportunities_closed
; : vee i B daca/ D A ON ds.date_day = opportunities_closed.close_date
Schema (8695 columns omitted) .
D project.yml D leads.sql _ J
Table 495:| opportunity_id | stage name sese  amount @ salesforce.db ses +20 files

Task Evaluate LLMs on realorld enterpriselevel text Solving each task requires:

to-SQL workflows d understanding database metadata
d consulting SQL dialect documentation
d handling complex workflows



Endto-End

Task End-to -End: Can It Finish the Whole Data Task?

KramaBench: A Benchmark for Al Systems on Eiatdnsight Pipelines over Data Lakes

https://github.com/mitdbg/KramaBench

Enterprise Texto-SQL

Deliver
Workflows Task
A 4
( \ “ Data discovery: Discover which file(s) contain
Task: According to the Consumer Sentinel information about the 2024 fr‘eraud reports from CSN.
Network, what is the total amount of money Schema detection: Understand the correct schema for
defrauded in 2024, summing over all payment _the tables contained in the data file(s)
? Gi i i illi FL“ Table extraction: Extract tables by collecting subsequent
methods”? Give an integer in millions o b L s el L
ata rows until a line with fewer than two non-empty cells.
\dollars. ) data ' v Py J

ipeline Data cleaning: Strip spaces, commas, dollar signs, K/IM |
p p suffixes, and convert strings to numeric values.

Input Data Lake v

Data Analysis: Identify the column containing the total

loss and compute its sum.

A 4
Data Reporting: Divide the sum by 1,000,000 to express

F_ﬁ F_bl F_ﬁ ﬁ . \ the result in millions of dollars )
— — — — Y

[ Reference answer: "5435mi$" ]

Task:Endto-end datato-insight workflows over Solving each task requires:

realworld data lakes. wdata discovery over heterogeneous files
wmulti-file data integration
wnoisy data extraction and cleaning



What Is a Data Science Agent (DS Agent)?

A data science agent takes a data science task as input
and completes it by delivering code, results, models, or reports

_ Data Science Agent _
Data Science Task Deliver
d Question
Q Plan Tool Check A Code
d Data context A Result
. Decompose » SQL/ » Test d
d Constraints and choose Python di;gsnsc;;tincs A Model
d Success criteria path I APIs A Report
iterate until the deliverable is reliable
Question 1: What tasks can DS Agent support? Question 2: DS Agent vs General Agent

We answer by analyzing DS agent benchmarks There are many new opportunities faced by DS Agent



DS Agent vs. General Agent

General
Agent

Data Science
Agent

Planning
Decompose task into

Using Tools

Call tools / APIs to act

Checking

Verify output meets the goal

Delivering

Return the final answer

steps
Planning Using Tools Checking Delivering
d WRSALifecycle Problem | |d Wk h -Cdnmgl Problem | |[d Wkh VTO Htxlyldld Wkh Wuixvw S




The Data -Science -Lifecycle Problem

DataScienceLifecycle

Acquisition

!

Cleaning

!

Integration

!

Visualization

!

Analysis

!

Presentation

!

Dissemination

@ Task is underspecified

Therequeststarts asan analyticalquestion, but
the agent must infer data needs, assumptions,
methods,andreport structure.

Stages are coupled

Cleaning, joins, modeling, and visualization
changeone another;, a downstreamfinding can
forcereplanningupstream



The Data -Cleaning Problem

Asking an LLM to clean the data

-

Tables and data volume are too large

LLM context

—l

(fixed token budget)

All tables >> context window @ the LLM can't see them all

Cleaning needs domain knowledge

valid to: 2026-05-31
- LLM reads it as
an actual date

valid_to: 9999 -12-31

'9999 -12-31' means 'still active' ¢ a DB convention, not a date

@ Context -length limit

When tables and data volume grow large, the
dataset can't fit in the model's context window
q so the LLM never sees all of it.

Limited domain knowledge

Many cleaning tasks need domain expertise
(matching entities, decoding units and codes)
which a general LLM often lacks.



The SQL Equivalence Problem

Predicted SQL

SELECTcarrier ,
1.0 * SUNI
CASEWHEMNrr_delay > 15
THEN1 ELSEO END
) / COUNTL)
AS delay_rate
FROMilights
WHERIEancelled = 0
GROURY carrier ;

SCENARIO 1
Evaluate NL2SQL

Check the model's predicted SQL is
equivalent to the groundruth SQL.

Groundtruth SQL

SELECTcarrier ,
AVG
CASEWHENarr_delay > 15
THEN1.0 ELSE0.0 END
) AS delay _rate
FROMlights
WHERIEancelled =0
GROUMBY carrier ;

SCENARIO 2
Majority vote

Several models generate SQL;
group them by equivalence, then
pick the majority as the answer.

@ Formal verification (limited SQL)

Formalverification provesequivalenceonly for a
limited fragmentof SQLt manyreal queriesfall

outsideit.

@ Data-driven testing (False Positive)

Datadriven testing can declare two different
gueries equal T when the data misses the

cornercaseghat separatethem.



The Trust Problem

{ Database vs Search Engine
Database (SQL) Search engine

Q: rows where delay > 15 Q delayed flights weather

4 ]

1 relevant n

2 relevant n

3 off -topic 6

[ 1428 1 exact ] 4 relevant n
must be 100% correct top -k is good enough

Users judge a DS agent like a database, not search
¢ sothey expectitto be correct near 100% of the
time.

@ Result should be explainable

Show how the result was produced q its
data, steps, and assumptions @ SO users
can see why to trust it.

Trust, but verify

Trust the result to keep moving, but run a
separate verify job q extra LLM calls plus
human review q to confirm it.



DS Agent vs General Agent

The FuHLifecycle Problem

The DataPreparation Problem prepsench @ viLDB 2026]

The SQL Equivalence Problemhrsevag viDB 2025 / VLDB 2026 (demo)]

The Trust Problem

[1] Jingzhe Xu, Rui Wang, Jiannan Wang, GuoliddgpBench: How Far Are We from NatlrahguageDriven Data Preparation?LDB 2026.
[2] Chunyu Chen, Zhengjie Miao, Yong Zhang, Jiannan RénBkval: Plaaware Test Database Generation for SQL Equivalence Eval¥édtioB. 2025.
[3] Chunyu Chen, Zhengjie Miao, Yong Zhang, Jiannan Rén8ival: Interactive Counterexamgiiszzen Evaluation for Texo-SQLYLDB 2026 (demo).


https://dbgroup.cs.tsinghua.edu.cn/jnwang/

What Makes Data Preparation Hard?

Collection Cleaning Integration Analysis

- J

Y

How much time is spent on preparation?

1. Too many tasks (e.g., standardize date, dedup address, etc)
2. Humanshave different levels of expertise (in data science and programming)

3. Domain specific (finance, social science, healthcare, economics, etc.)



GUI-driven Data Preparation
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NL-Driven Data

Raw Tables

main_reg
reg_date attendee
VLDB 2024 Main Registration
2024/02/14 Jagadish
2024-2-16 JAGADISH
2024-03-02 Alice Chen
2024-5-10 Henry Patel
2024/05/18 Maya Singh
workshop_reg
date name
Feb 15 2024 Bob Li
Jun 01 2024 James Park
date name
2024-02-23 David Kim
2024-02-28 Grace Lee
¥
Prepared Table
quarter track
2024Q1 Research
2024Q1 Industry
2024Q1 Demo
2024Q2 Research
2024Q2 Industry
2024Q2 Demo

track paid
Res. 200
Research 250
Ind. 170
Research 240
Ind. 190
track amount
Industry 150
Demo 130
track amount
Industry
Demo 120
avg fee
250
160
120
240
190
130

Preparation

. (c) Emerging Paradigm: NL-Driven

1. Align the schemas, merge the two tables, and normalize date formats.
2. Drop rows with missing fee and derive a quarter field.
3. For each quarter and track, compute the average registration fee.

5 Raw Tables
Below are the prepared table and the corresponding transformation code.
5 Prepared Table
Analyzed ™
python & Copy code

import pandas as pd

# Load both input tables, harmonize schemas, and standardize types/values.
main = pd.read_csv(main_path).rename(columns={"reg_date":"date"})[["date","attendee","track","paid"]]

wk = pd.read_csv(workshop_path).rename(columns={"name":"attendee","amount":"paid"})
[["date","attendee", "track","paid"]]
df = pd.concat([main, wk], ignore_index=True)

df["date"] = pd.to_datetime(df["date"], errors="coerce")
df["paid"] = pd.to_numeric(df["paid"], errors="coerce")
df["track"] = df["track"].str.lower().replace({"res.":"research”,"ind.":"industry"}).str.title()

# omitted due to space constraints

Merged the two tables after aligning schemas, then removed rows with missing fee.
You did not specify how to handle duplicate attendee records, here | keep the latest record by date.



Prepare Data with NL  (http:// tiny.cd preppin)

Prepare the data for this task using natural language (NL).

Youshouldnot refer to the groundtruth code or output data.

2024: Week 51 - Strictly Positive Improvements? <

December 18, 2024

Challenge by: Jenny Martin

It was the final of this year's series of Strictly Come Dancing at the weekend, which made me have a few more questions
I'd like to answer using the dataset we used in a challenge a few week's back. If you've yet to catch up on this year's final,
don't worry this data doesn't include results from this year.

As | watched the final this year | found myself wondering, is it the contestant that makes the biggest improvement that is
most likely to win? Or is it the contestant that has been consistently good since week one? Let's work out the percentage
improvement of the finalists from week 1 in order to answer this question!

One additional question, does getting perfect scores in the final guarantee you'll win?
Input

The input is the same as challenge 42. If you recall this data was webscraped and so it does require a little cleaning
before we can start answering the questions.

28



How Far Are We from NL  -Driven Data Preparation?

Interactive Disambiguation

1 dMergethe two tabled ®¢ Howtd handleduplicaterecords?

Prep-Code Generation

2 & b 2 NI date fbrinddst walg mnZnnn &aléa aCSoNHzZ NBE mMp HAHMDDPE

Codeto-Workflow Translation

3 452834 G(KA& 22AYy 1 S Susibldzyand edlitifes WithauNduchNE ckde. 1y



Comparison with Prior Benchmarks

Capability
Benchmark Task Interactive  Prep-Code Workflow
Disambig. Generation Translation
BIRD-INTERACT | NL2SQL /(SQL) X X
PRACTIQ  |NL2SQL /(SQL) X X
DS-1000 NL2Code X v (cell) X
ARCADE NL2Code X v (cell) X
PARROT NL2Pipeline X v (schema + cell) X
ELT-Bench NL2Pipeline X v/ (schema) X
CRABS Code2Workflow | X X v (descriptive)
PREPBENCH gﬁﬁf;i‘;rkﬂnw v (prep-code) v (schema + cell) fé::f:f:t.?i:ll;e

wBIRBINTERACT dz2 S -INTERACToRedginiig Texto{ v[ 9@l fdzZ GA2y F2NJ [[aa @Al [Sya 2F 58yl YAO LYGSNIOlA2yasze
B!

WPRACTIG 2y3a S Ffdx adtw!/ ¢LvYto{ VI NEODGIRDEG sRIBSNEOANNGEY A K YIEYyasgSNIo6fS vdzZSNASazé bl ! /]
wDS1000[ F A Sdémamdndzs 1ashfl GdzNF f | yR wStEAF6fS . SYyOKYFN)] F2NJS5FdGlF {OASyOS / 2RS DSySNIGAz2yZé L/
WARCADE Ay S Ff®Y abl GdzNIf [l y3Add IS G2 /2RS DSYSNIGA2Y AYy LYdGSNYOGAGS 5140 {OASYyOS b2iSc
wPARRODS S |ot @A ISE ASBlY . NARIAYI bl ddNI & [Fy3Idzk3S FyR 5FGF t NBLINFGA2Y tALISEAYSazeé NI AD
wELT™enchWA y S (-Behch: AEEnND-9 &R . SYOKYIFN)] F2NJ 9@l fdzZ GAy3a 'L ! 3Syda 2y 9[ ¢ tALStAYySazé +£[5. HnAHpAC
WCRAB A S Ff &Y &/SWIE VYA Q t{AWASNIGAIONT G S3& F2NJ . 2dzyRAYy3I [[a LYGSNIINBGFGA2Y 2F teliKz2y b2iS



An Overview of PrepBench Construction

https://www.preppindata.com/

Preppin’ Data
Challenge

%
Pf@pplﬂ Home Challenges Book PREPcipes How to... Index Data Curious

Data e
Task Parsing

and Cleaning

v

Ground-Truth
Preppin’ Data Code Generation

v

weekly data preparation challenge Disambiguation
Assets Construction

Challenges ¢

Workflow
Synthesis



https://www.preppindata.com/

Benchmark Statistics

[a—
e
-3

Case count
>
[=} —

—
=

13579111417 24
(a) Table count

13579111315 18

00 (b) Ambiguity count
‘- _

75%

50%

25%

CDF

(d) Row count (e) Lines of Code

3 6 9 12 15 18
(c) Preparation steps

0 100 10% 10° 10* 10° 0 100 200 300 O 20 40 60

(f) Operator count

306 Tasks

829 Input Tables

32 Domains

3C18 Prep Steps per Task

100+ Mmedian Lines of Code



Evaluation Pipeline in PrepBench : Three Modes

” O [ Source Materials ,[ Constructed Materials ] Original text Clarified text Code snippet
— 1 = G 11 e = i
Q ! - — T a for each quarter date.dt.to_period("
7 = 1 B @ </> @ for each quarter. - % "Vvyyow.  QY).astype(st)
< ' Original Input  Ground- truth E E Disamb  Ground-truth  Disamb deduplicate keep the def keep_latest():
! request tables outputs ! ! request code KB attendee records . latest record.
: : : : Mode 2: Prep-Code Mode 3: Codeto-
Mode 1: Interactive Disambiguation b :

0 Generation Workflow Translation
(0 [P —————— . S — R .
o |==) Original ; A ) |28 Disamb 3 GT o2 Operator

1l 1 = 1 ' o= perator !
= | request + EEE tables: Z User | request + i :_</> code T l:E definitions
S Ae NSimulator || | """ttty YT | |ttty T '
S v N v v
© | I 1 L
C_JES 'g' Question —— Igl Igl

Budget @ </>
Lﬁ * 165 Di b KB GTcod ‘1' ‘1'
[Disam code
['.: Prep-code 4 =3 Workflow } [ E Prep- code ] [ I:g:l Workflow J




Current Agents Struggle with Prep

-Code Generation

End-to-end Prep -Code accuracy and average per -task cost across 10 models

Accuracy (%) higheris better

GP15.1-Codex
Gemini 3 Flash
ClaudeSonnet4.5
Kimi K2 Thinking
DeepSeel/3.2
GLM4.7
Qwen3235BA22B
DevStral 2

Grok Code Fast 1

GPT4o

GPT5.1-Codex leads at 54.9%, with Gemini 3 Flash close
behind at 53.3%, just 1.6 points lower.

Avg. Cost/ Taskxu n € w - JlofeBs Better

GP15.1-Codex
Gemini 3 Flash
ClaudeSonnet4.5
Kimi K2 Thinking
DeepSeel/3.2
GLM4.7
Qwen3235BA22B
DevStral 2

Grok Code Fast 1

GPT4o

I 115.40
B 240
I, 11400
I 5.0

|

B 2

I o0

| 189

B s
I 10540

Gemini 3 Flash matches top accuracy at 21t4@nder 1/5
the pertask cost of GPb.1-Codex (115.40)



Key Takeaways
A LLMs still fall short the best model only reaches 54.9% accuracy on
end-to-end data preparation.

A Two problems make it worse weak disambiguation and shaky
workflow translation both hurt accuracy.

A Quality beats quantity in disambiguatiom asking more questions
doesn't mean better answers.

A PrepBenchmeasures the gag a principled benchmark that tracks
progress and shows what's missing.



DS Agent vs General Agent

The FuHLifecycle Problem
The DataPreparation Problem prepsench @ viLDB 2026]

The SQL Equivalence Problemhrsevag viDB 2025 / VLDB 2026 (demo]

The Trust Problem

[1] Jingzhe Xu, Rui Wang, Jiannan Wang, GuoliddgpBench: How Far Are We from NatlrahguageDriven Data Preparation?LDB 2026.
[2] Chunyu Chen, Zhengjie Miao, Yong Zhang, Jiannan RénBkval: Plaaware Test Database Generation for SQL Equivalence Eval¥édtioB. 2025.
[3] Chunyu Chen, Zhengjie Miao, Yong Zhang, Jiannan Rén8ival: Interactive Counterexamgiiszzen Evaluation for Texo-SQLYLDB 2026 (demo).


https://dbgroup.cs.tsinghua.edu.cn/jnwang/

Is LLM -generated SQL correct?

Execution accuracyfhe number of correctly translated SQL queries over the total
number of testing questions

How many singers do we SELECT count(*) FROM  SELECT count(*) FROM

have? singer singer True
Show name, country, age

: SELECT name, country, ag
for all singers ordered by FROM singer ORDER BY : SELECT name, country, a False

age from the oldest to the FROM singer

youngest.
X X X X

DESC




Is LLM -generated SQL correct?

Check query equivalence to determine the correctness of the predicted query

Gold Query
| N v | ~
SELECaditor name SELECaditor_name
FROMeditor asT FROMeditor asT
WHERH.editor_id=25 WHERH.editor_id=25
ANDT.age<40 ANDT.age< 40
T y N Y,
\

ELEC&ditor id
FROMeditorasT
Q WHERH.editor_id=25
ANDT.age< 40
o _/




Checking Query Equivalence

® Formal Verificatiol ® DataDriven Testing

v 900 v
8 Ours . [EMNLP 2020]
— Spider-TS
Q
S 600 VeriE QL[OOPSLA2024]
o O
Q
n
© 300 O
“5 SQLSolver [SIGMOD 2024]
$#

0 100 200

Average running time(sec.)

Performance of equivalence evaluation methods on 1534 pairs ¢

gueries from a texto-SQL model for the BIRD benchmark

-

~

Formal Verification

«Compare: query representation
«Output: semantic equivalence

=Siepiis Used in current Textib-SQ

benchmarks (fuzzy testing

DataDriven Testing A

«Compare: query results
«Output: local equivalence




Test Data Generation through Fuzzing

[ SELECaditor_nameFROMeditor asTWHERH.editor_id=25ANDT.age< 40
Generating SQL Variants Randomized Tables
(1) SELECditor_idX ’
Set of test instances
(2) SELECX FROMeditor_infoX = o |
J — = =
e R oo e | N
(3) SELECX WHERH.age>40X S ae

24 eve 8

(4) SELECX WHERH.age< 35X
X

Commonly used in popular Tetd-SQL approaches




Test Data Generation through Fuzzing

[ SELEC&ditor nameFRONeditor asT WHERH.editor _id=25ANDT.age<40

Generating SQL Variants

A The query variants are ad hoc
A False positives

(1) SELEGaditor_idX 1

(2) SELECX FROMeditor_infoX * T T T |
. ) . = i | -

(3) SELECX WHERH.age> 40X " N

@ SELECX WHERH.age< 35 X 1

X



Test Data Generation through Fuzzing

SELEC&ditor nameFRONeditor asT WHERH.editor _id=25ANDT.age<40

Randomized Tables

A Time consuming

To o

Set of test instances
{ !

1 liag = -— -
EDITOR ID | NAME - W
25 -—" W
I:> 262 ~t Annn —] —]
24 EDITOR ID | NAME AGE i
25
2625 alice 35
24
25 bob 5

24 eve 8



Can we borrow the branch coverage
from Software Community?

4 )
if x >10:;
print("Foo")
elifx +y 50
print("Bar")
J

/SELEQT.name
FROMPlayer p, PlayerAttributes pa
WHERIp.age< 25
ANDpa.rating>8

KAN Dp.id =pa.player_id

AHow does it apply to

. O (Ttp name)
SQL queries? l
e Np, pid=PA.pid
m Query Plan Coverage! / \
Op.age<25 Opa. ratmg>8
|
P PA



Query Plan Coverage

2, Mo del guery semantics of th
| Symbolic expressions, similar to formal verificatb@msed methods
Tp name 3 4: any instance where the query returns nempty results
P
Al so encode the semantics o0
M p.pid = PApid For each operator type, define a set of possible negative branches (the

P /' \ Rz operator does not produce an output)

E.g.3 p h tlere dxists some tuples failing to pass the selection
Opage <25  IPArating>8 condition

| E.g.3 o fhr some tuple from the left, there exists no tuples in the
P P"i right part to join with



Comparing with Baselines

bird mam Not Equivalent @z Unsupport/Unknown

100

gg 58.41 50.33 58.12

40 ' 32.40 30.18

20 17.93 |/ 13.56 553

0 : : .
SQLSolver VeriEQL Spider-TS ParSEval
spider

100 P

80

60 34.53

40 28.53 25.44 24.08 :

28 14.31 14.02 7 . 14.70 399
SQLSolver VeriEQL Spider-TS ParSEval

Takeaways
A Higher Support : 98% supported vs. ~70% (best formal -verification baseline)

A Stronger Detection:  +8% more inequivalent pairs vs.  SpiderTS



Comparison with Existing BIRD Testcases

Method Ratio of NEQ pairs | Total running time | Total disk space
PARSEVAL 59.45% 45.20 sec. 88 MB
BIRD test suite 50.33% 192.95 sec. 1.7 GB
Predicted Query
SELECaditor name A SELECDISTINCeéditor nhame
FROMNeditorasT FROMeditorasT
WHERH.editor_id=25 WHERH.editor_id=25
X X
N J N\
Takeaways

A More Disproved PairsParSEvaletects 9% more neaquivalent pairs.
A Faster EvaluationParSEvaipeeds up the total evaluation time by 4.2x.



Part 1 Summary: Key Takeaways

Code snippets
Isolated stages

o To Po

. Data Science Agent Challenges:

2

A The DS-Lifecycle Problem

A The Data-Cleaning Problem
A The SQL-Equivalence Problem
A

The Trust Problem

. Data Science Benchmark Trend

End-to-end DS pipelines

Code snippet

» (2022) DS-1000
» (2023) ARCADE
+ (2024) DA-Code
+ (2024) DSEval

Isolated Stage

Data Preparation ML Modeling

+ (2024) SpreadsheetBench ~ * (2023) MLAgentBench
+ (2025) PARROT + (2024) MLE-Bench

+ (2026) PrepBench + (2024) DSBench

+ (2026) DataPrep-Bench
Data Analysis
Vi lizati « (2024) InfiAgent-DABench
EREL Il - (2024) QRData
« (2024) VisEval « (2024) DSBench
« (2025) nvbench 2.0 + (2025) DataSciBench
+ (2026) SciVisAgentBench  * (2025) IDA_Bench

—

End-to-End

+ (2024) Spider2-V
« (2024) Spider2.0

« (2025) ELT-Bench
« (2025) KramaBench
« (2025) DABstep

« (2025) FDABench
« (2025) DAComp

« (2026) DAB

Planning

» The DS-Lifecycle Problem

« The Data-Cleaning Problem

Using Tools Checking

» The SQL Equivalence Problem

Delivering

« The Trust Problem




Four Shifts Redefining Data Science Systems

Current Future

2. Technique  Limited Use of DB Techniques Deeper Integration of DB Techniques



pandas: The Python DataFrame Library :
!l pandas

A Opensource Python library for tabular data cleaning, transforming, and analyzing DataFrames.

A Created in2008 opensourced in 20009.

A One of the mosused Python libraries?00M+ downloads/monthon PyPI; taught alongside NumPy in

most data science courses.

Wes McKinney

Created pandas in 2008. BS in Mathematics, MIT (2007); quantitative researcher at AQR Capital
Management (20032010).

Sources: wesmckinney.com/about; pypistats.org



Polars: A Rust -Based Query Engine for DataFrames

e
|I i Dolars

A Opensource DataFrame library written in Rust, with a lazy execution API and dnbgiilery optimizer.
A Started in2020 now 38k+ GitHub stars and 575M+ downloads.

A Applies database techniques query optimization, columnar storage, muttireadingt commonly10¢100x

faster than pandas on the same workload (see previous slide).

Ritchie Vink

Started Polars in 2020. MSc in Structural Engineering; previously a data engineer at adidas and KLM
Royal Dutch Airlines.

Sources: ritchievink.com/about; pola.rs; github.com/po$#polars



Polars: A Rust -Based Query Engine for DataFrames

i,
!Ii!!!l "™ Polars

Polars in 2 minutes

*A query engine with a DataFrame front-end

azy evaluation -> query optimization
Minimizes materializations

Data types constructed to amortize access and allocation costs
Written in a low level language to have full control of performance,
memory, threading and critical paths

Designed for effective parallelism

Designed for out-of-core processing (larger than RAM)

Tight integration with 10 (zero copy)

Ritchie Vink What polars does for youEuroPython2023
https://youtu.be/UwRIFtSd-8?si=TH TwuidIWQfGoT &t=131



https://youtu.be/UwRlFtSd_-8?si=T5-4TwuidIWQfGoT&t=131
https://youtu.be/UwRlFtSd_-8?si=T5-4TwuidIWQfGoT&t=131
https://youtu.be/UwRlFtSd_-8?si=T5-4TwuidIWQfGoT&t=131
https://youtu.be/UwRlFtSd_-8?si=T5-4TwuidIWQfGoT&t=131
https://youtu.be/UwRlFtSd_-8?si=T5-4TwuidIWQfGoT&t=131

Polars Embraces Database Techniques for
10 £100x Performance Gains

mlpandas

(2008)

Adopt database
technologies

HIHTHM
!I!II'!"" Polars

(2021)

DB Techniques Used by Polars

Execution

Model Eager Eager / Lazy Lazy Execution + Query Optimizer
Exl\iggtei?n Single -threaded Automatic multithreading Parallel Execution Engine
Storage Row-based Columnar Columnar Storage
Layout
oy Moopmzslonsacser Logia Pl s Ot Query lanner + Opimizr

Type System

Weak typing (dynamic)

Static schema + type
inference

Schema Enforcement

I/O Layer Multiple copies, slow loading Zero-copy + streaming Streaming I/O + Memory -mapped Files
Pipeline Each step executed Lazy loading + combined . .
Execution independently execution DiREleesEn) Eeruian FHzeine




A Lot of Exciting Opportunities

Accelerating data loading by 10x€onnectorX@Loke022

Enabling query federation across DS engif@scio@/LDB2025
How to pick up a research problem

Embracing open source in academia

[1] Xiaoying Wang, Weiyuan WiinzeWu, Yizhou Chen, Nigkymiak Changbdu, Lampro$lokas George Chow, Jiannan WatgnzhengVang, Eugene Wu, Qingqing Zhou
ConnectorXAccelerating Data Loading From DatabaseRataframes VLDB2022

[2] Xiaoying Wang, Jiannan Waignzhen@Vang, Yong Zhangccia Bolton Query Federation/LDB 202.



ConnectorX embraces database techniques,
achieving 13 x faster data loading

Database
Dataframe

PostgreSQl_ I::I pqndqs



ConnectorX embraces database techniques,
achieving 13 x faster data loading

Database

— ; Dataframe
#from pandas 1mpc.>rt read sql 72 GB
from connectorx import read sql
v /
Ne A read sql(sgl = "SELECT * FROM lineitem",
con = "postgresqgl:///tpch db")
Total Time Peak Memory
I
F’OstgreSQL Pandas 12.46 mins  95.6 GB |.§| pandas

13X 33X



How Does read sgl Work?

Execution+ Transfer Deserialization Convertto Dataframe
’ : | : Y
< IEIEE
 O8AL5EY MI AYFYSEY al A0S 1 Alce 37 20Tz
DB mm) [ SGL5EY HI Ayl YSEY 4G.ommmp 2 Bob 29 19 4l
9ALSEY oX Gyl YSEY &/ I NBEE 3 a0 34 23 ¢
. ) 01110110 _ :
10101010 ; X X X X
0000000 & ===t

MMMMMM X Client Machine



Why Is read _sqgl slow?

OnClient >80%

\
[ |

i Exectution + Transfer @@z Deserialization =@ Convert to Dataframe @ Other Overheads

N 77

4 6 8 10 12 14
Time Cost (Minutes)

ClientSideProcessings the bottleneck!

57



Why Is read sgl memory costly?

Client Machine

— "0 rame | P ae |
G8aL5éY mMI aylvYSEY altA0Ses 4T B¢ 8¢Tz

DB ) [ 9aL5¢Y HI aylVYSEY . 2P aDt 1Boby AW PO it
9 AL56Y 0X Ayl YSEY A/ NRt £33 ABAd € ¥g o 3

01110110 ! x X X X
10000000 &
10000000 t
MMEAMMMX 52.6GB 1. Inflate! 24.4GB

124GB \ ‘/I\/I

emory: 95.6GB
2. Duplications! Y



Key ldeas

wHowto savememory?
wEfficientdatarepresentationc AvoidPythonobjectinflation.
wStreamworkflow ¢ Donot keepmultiple copies of entiredata.

wHowto speedup?
wParallelexecutionc Leveragingnultiple CPUcores.
wPreallocation¢ Avoid data copying.
wPythonstring allocation optimization ¢ Reducingontentionon GIL.

wHowto be extensible?

wModular interface ¢ Extensibléo new databasesdataframes
wDSlfor type mappingc Saves 97%.0C



Evaluation Setup

wDatasetsTPCH (60Mrows, 16 cols), DDoS (12.8M rows, 85 cols)
wBaselinesPandasDask Modin, Turbodbc

Bandiwith
AWS EC2 r5.4xlarge 16 vCPUs 128GB  10Gbps
PostgreSQL D D
= read_sq =|| P
MySsoL =° > =°

| @_/ _——— /
DBMSA |:E| pandas ﬁcﬁR0w>>>



Speed Comparison

1500 -
Pandas
1250' Dask
Modin
” 1000 Turbodbc
O ConnectorX
(- 750'
@)
O 500
Up)]
250 1
X X

0 : . . :
PostgreSQL MySQL DBMS-A  SQLite

TPC-H

Jakeaway : ConnectorX Is

much faster than ALL other
baselines in ALL scenarios .



Memory Comparison

mw Pandas 722 Pandas-Chunk mmmDask Modin Turbodbc mmm ConnectorX

100

50| ||
% 7 %
Al A 12

GB

7
| I}

OpostgresqL MySQL DBMS A SQLite
TPC-H

Takeaway : ConnectorX is one of the BEST solution in ALL scenarios.




https:// github.com /sfu-db/connector -x

sfu-db/connector-x

Fastest library to load data from DB to DataFrames in Rust and Python

python rust sql database cpp

Rust - ﬁ 2k - Updated 9 hours ago

) 2t

35M+ Downloads 2K+ Stars 50+ Contributors

i :I||I|} |||EI|. PO Iz

Mar 13 Lecture #12: Networking Protocols
» Don't Hold My Data Hostage: A Case for Client Protocol Redesign (M. Raasveldt, et al., VLDB 2017)‘ A DVA N c E D
IliConnectorX: Accelerating Data Loading From Databases to Dataframes{O@WET -1 IR =l )N (o) T 1L 1)) D u T ! B n s E SYSTE M s

« Tigger: A Database Proxy That Bounces With User-Bypass, (M. Butrovich, et al., VLDB 2023) (Optional)

» The End of Slow Networks: It's Time for a Redesign (F. Binnig, et al., VLDB 2016) (Optlonal) CMU 15-721 - Spring 2024




A Lot of Exciting Opportunities

Accelerating data loading by 10x€onnectorX@Lp=022
Enabling query federation across DS engindscio@/LDB¥025
How to pick up a research problem

Embracing open source in academia

[1] Xiaoying Wang, Weiyuan WiinzeWu, Yizhou Chen, Nigkymiak Changbdu, Lampro$-lokas George Chow, Jiannan WaignzhengVang, Eugene Wu, Qingqging Zhou
ConnectorXAccelerating Data Loading From Databasd3dtaframes. VLDB2022

[2] Xiaoying Wang, Jiannan WaigganzhendgVang, Yong Zhangccio Bolton Query FederatiorVLDB 2032.



Motivation: Composable data science systems

Research Goal o Modularize the core components of data systems and
open -source them as reusable components

13 Dataframe systems!

« Modin (2018): pandas API on Ray/Dask
« Koalas (2019): pandas APl on Spark, later renamed “pandas API on Spark”

+ pandas (2008): dataframes in Python
« Spark (2009): distributed dataframes with PySpark
« Dask (2014): distributed pandas dataframes

« Polars (2020): multicore dataframes in Python via Rust
(2022): Ibis invested in heavily by Voltron Data
» Snowpark Python (2022): PySpark-like dataframes on Snowflake
« Daft (2022): distributed dataframes in Python via Rust
» BigQuery DataFrames (2023): pandas API on Google BigQuery (via Ibis!)

« Vaex (2014): multicore dataframes in Python via C++
(2015): backend-agnostic dataframes in Python
 cuDF (2017): pandas APl on GPUs

8 Numpy systems!

o ' 0:0’ .
I | dask| rw | NZF o), O | ]
"« o Y 1Orcn| TensorFlow
xarray CuPy NumPy The next
array

library...




Data Science Engines Need Query Federation

\
@~ DuckDB Spc:f,\z
DATAFUSION | CllckHouse Products
j4l pandas g dask 55,
Federated Query
SELECT ... pOIarS
FROMmMy.Products P m | I
JOIN my.Sales S ||||| {HH
ON S.pid=P.id I -. n
JOIN pg.Cust C
Aot 35KGithub Stars
ON S.cid=C.id Customers
WHERE ... 230M PyPI| Downloads
GROUP BY ...
ORDER BY ... @ Postgre SQL



BUT, Query Federation Is NOT Well Supported

wKey optimizations areot or only partiallysupported.

n n n

Federation Support

Join Pushdown
Query Partitioning

Query Partitioning
wCan we fix them one by one?
Requiresntrusivechanges.
Requires substanti@ngineering efforts
Requiresepeatedefforts.




Accio : Bolt -on Query Federation

With only 50+ lines of code, Accio gives new engines efficient federated querying

Existing Solution: Our Solution:
/" Builtdin O\ /" Bolton
Polars Polars :_

DuckDB DuckDB  pJAGEi]

\Spark (Qp / \Spark ./




Setup & Workflow

SELECT... FROMIbl.R, db2.S, dbl.T WHERE.a=S.a ANDR.b=T.b

‘ Accio Rewrite ....

q D\-\\ | polars
| \ |

| \i




Cost-based Join Pushdown

wChallenges
wSearchspaceslarge.- Containjoin ordering!
wNo control overthe physicalexecution.- Uniqueto bolt-on!

wProposea new join pushdownalgorithm
wPrioritizingjoinsby ;

OE aNo B "QQo BQ
OE iAo BR'Y

O'QE TYRROY)

wUsea heuristicalgorithmfor join orderingfor costestimation.



Query Partitioning

wlradeoffbetween and
wExample querySELECTa, b FROMR
wSrategy 1: SELECTa, b FROMR Il (X
AStrategy 2: SELECTa, b FROMR where a ¥ a ¢ bfan qQ

wProposean extensiblemechanisnthat could:

wAccommodatevariousquery partitioning strategies.
wSeamlesslintegratedinto the costbasedrewrite process.



Evaluation Setup

wDatasetsTPCGH (SF=1, 10, 5Q)OB
wDSENnginesSpark DuckDBchDB DataFusionPolars

CPU Bandwidth

32vCPUs  128GB 1Gbps10Gbps

/]

[ s |

polars _o/

lI I| . o . aaracke
S @ s DuckDB Spork

< DATAFUSION" || ' ClickHouse




Spark wiwo Accio v.s. Trino (10Gbps)

| =
60 A

1072 ;
40 - f B Spark
iy 1.
0 I -+ 10" 5 2

Q3 Q5 Q7 Q8 Q9 Ql0 Ql2 Q14 Q18 Q19 JOB
TPC-H (SF=10)

Latency (s)

Takeaway 1. Accio significantly improves the performance of federation for Spark.

Takeaway 2. With Accio, Spark consistently outperforms Trino.




A Lot of Exciting Opportunities

Accelerating data loading by 10Xdonnectorx@vibe2022
Enabling query federation across DS engineso@/Lps025

How to pickup aresearchproblem

Embracing open source in academia

[1] Xiaoying Wang, Weiyuan WiinzeWu, Yizhou Chen, Nigkymiak Changbdu, Lampro$-lokas George Chow, Jiannan WaignzhengVang, Eugene Wu, Qingqging Zhou
ConnectorXAccelerating Data Loading From Databasd3dtaframes. VLDB2022

[2] Xiaoying Wang, Jiannan WaigganzhendgVang, Yong Zhangccio Bolton Query FederatiorVLDB 2032.



How to pick up a research problem

« Some current projects include:

o Chatbot Arena, an open platform for human preference evaluations for Large Language Models (LLMs).

o VLLM, a high-throughput inference engine for LLMs.

o SkyPilot, a framework for running Al and batch workloads on different clouds.

o Ray, a low-latency distributed execution framework for Al workloads on heterogeneous clusters.

o Apache Spark, a cluster computing frameworks to efficiently support interactive, and iterative computations.

Many slidesare copiedfrom dCS294: Al for Systems and Systems for Al Logistics, OverviewgTrends
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Work on great problems!

cMany studentsare good problem solvers
wGood grades

wGood scores
WX

wAs such, the biggest differentiatortlse problem you are working on



Four Questions to ask when picking a problem

What will happen if | solve this problem?
w  The more people care, the better
Who else is working on the problem?
W Increases the chances of being first to solve this problem
Why me?
W You have an expertise to solve the problem
s there a meaningful milestone | can get to fast?

W Help you make rapid progress, iterate, better understand the problem



Case Study: Data Preparation



