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pandas: Swiss-Army Knife of Data Science

pandas is a popular Python library for data cleaning, transformation, and analysis.

pd.read_csv(…)

pd.read_json(…)
pd.read_excel(…)

df.dropna(…)

df.fillna(…)

pd.get_dummies(…)

pd.join(…)

df.pivot(…)

df.transpose(…)

Rich API: 600+ functions for data loading, 
cleaning/preparation, and analysis

Interoperability: Easy to integrate with 
existing data tools, e.g., Jupyter Notebook
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People Love pandas
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3M+ daily downloads pandas is used by 25% of 
the surveyed developers



Visualizations Come in Handy when Exploring Data with pandas
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Preparing Data Involves a Substantial Amount of Code

?? ?

What parts of the data should I look at?

What transformations do I need to apply?
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Creating Many Visualizations Involves Much Code
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What should my visualizations look like?

What encodings or chart types should I pick? “over 20%—the majority—of duplicated code in notebooks is vis code”

[Koenzen et al. VL/HCC 2020] 

users only visualize during “the late stages of their workflow”

[Batch et al. TVCG 2018] 
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An Always-On Dataframe Visualization Tool [VLDB’22]

Used by many data practitioners 



Key Challenges

• How do we display visual recommendations to users in a seamless manner?
• What recommendations should we show to advance analysis?
• How do we allow users to steer recommendations?
• How do we return results in a reasonable amount of time?
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Always-on Dataframe Visualization Beyond Tables
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Key Challenges

• How do we display visual recommendations to users in a seamless manner?
• What recommendations should we show to advance analysis?
• How do allow users to express the intent with minimal efforts?
• How do we return results in a reasonable amount of time?
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The Choice of Visualization Recommendations
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To mirror human analyst behavior, visualization recommendations 
map to analytical actions from their current exploration state.

How do we represent the current state of exploration?
[Attributes being visualized,  Filters being applied] 



Transitions in the Visualization Space
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Attributes: {AverageCost, SATAverage}
Filters: { }

Attributes: {AverageCost, SATAverage}
Filters: {“HighestDegree=Bachelor’s”}

Attributes: {AverageCost, SATAverage, PredominantDegree}
Filters: { }

Transition in 
filter space

Transition in 
attribute space



Space of Analytical Actions
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{ }

Country Horsepower Cylinder…

Country & 
Horsepower

Country & 
Cylinder

Horsepower & 
Cylinder…

Country &
Horsepower &

Cylinder
…

{ }

Brand=Ford Brand=Tesla Cylinder=8…

Brand=Ford & 
Cylinder=8

Brand=Tesla & 
Origin = US …

Origin=US

Add Filter Remove Filter
Remove Attribute

Add Attribute

Swap

Swap

Attribute Hierarchy Filter Hierarchy

… …



Key Challenges

• How do we display visual recommendations to users in a seamless manner?
• What recommendations should we show to advance analysis?
• How do we allow users to steer recommendations?
• How do we return results in a reasonable amount of time?
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Data-centric Intent
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Key Insight: Empower users to specify data-centric aspects in a 
lightweight manner, with the system automatically filling in the 
“gaps”



Creating Visualizations on Demand
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Vis([“stringency”],df)

Let’s start by looking at stringency!

In[*]:

How did that change my chart?

Vis([“stringency”],df)In[*]:

Show me other visualizations involving stringency

In[*]: VisList([“?”,”stringency”],df)

Ok, but how does it change over time?

Vis([“stringency”,”Day”],df)In[*]:



Formal Basis and Comparison
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Key Challenges

• How do we display visual recommendations to users in a seamless manner?
• What recommendations should we show to advance analysis?
• How do we allow users to steer recommendations?
• How do we return results in a reasonable amount of time?
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Visualization Recommendation is Costly
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Min/max and cardinality for each 
unique value for each column 

Computing the interestingness scores 
for candidate visualizations

Collecting metadata for deciding 
data types and chart types Recommend visualizations



System Optimizations

• Intelligent workflow-based optimizations (WFLOW)
• Approximate early pruning of search space (PRUNE)
• Cost-based scheduling of actions (ASYNC)
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Intelligent workflow-based optimizations (WFLOW)
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No optimization

Optimizations
1) We can lazily compute only when users print df
2) We can cache and reuse results across the session (with careful accounting…)

WFLOW



Approximate early pruning of search space (PRUNE)
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Approximate the interestingness 
scores using sampled data

Collecting metadata for deciding 
data types and chart types Recommend visualizations



Cost-based scheduling of actions (ASYNC)
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Experiment Evaluation
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Num of Columns Num of Print df Num of Print series
AirBnb 12 14 7

Communities 128 14 4



Experiment Evaluation
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Modin: A “drop-in” Scalable Replacement for pandas

28

pandas API SQL API [Future] API

Ray Dask [Future] Execution 
Engine

!7k daily downloads
7.7k Github stars

" 100+ contributors



Modin: A “drop-in” Scalable Replacement for pandas
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pandas API SQL API [Future] API

Core Operators (VLDB’20)

Parallel Execution [VLDB’22]
Rule-based Decomposition

Metadata Management [VLDB’22]
Metadata Independence

Ray Dask [Future] Execution 
Engine

Please check out Modin here



Lessons Learned from Building Lux

• Integration with existing workflows
• Integration with downstream tools
• The ability for customization
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Thank You!

Democratizing Data Work via No-code and Low-code interfaces
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Backup Slides



About me
• PhD’20 at UChicago

• Jan. 2021 – now: Postdoc with Prof. Aditya G. Parameswaran at UC Berkeley

• My Research: building usable, scalable, and cost-effective solutions for data scientists
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