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What is visualization?

“The grammar of graphics”

Visualization = mappings from data columns to geometric properties
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Visualization in practice

Task: Sum up values for each group in each column and map to a stacked bar chart
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The visualization expects an
input data with three columns

Each maps to x, height, color
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In practice: Visualization = data transformation + design specification
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“transpose” the table

Challenge: Data transformation

Prepares the input data to match the
visualization design.
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How end users communicate visualization ideas in practice?
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Observation: End users use partial visualizations to communicate their ideas.



Our design: Visualization by Example
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How can we synthesize
visualization from examples?
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Data-layout independent




Synthesis Task Vpartial
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Synthesize py, py such that the synthesized visualization p\(p( 1')) contains V,
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Task decomposition
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Task decomposition

Task 1: Decompile visualization
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Step 2: Synthesize Data Transformation
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Step 2: Synthesize Data Transformation
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Step 2: Synthesize Data Transformation
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Step 2: Synthesize Data Transformation
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Step 2: Synthesize Data Transformation
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Reasoning with abstract semantics

Propagate concrete values through partial
programs to analyze their behaviors
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Step 2: Synthesize Data Transformation
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Step 2: Synthesize Data Transformation
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Synthesis algorithm review

2. Scale up combinatorial search
with value-based abstraction
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 Excel /R tutorials

1. Decompose the task with
visualization decompilation
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e Test synthesis time with partial visualizations
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Can Falx solve practical visualization tasks?

Evaluation with example size = 4
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Does abstraction and decomposition play important roles in Falx?

Evaluation with example size = 4
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Visualization by Example [POPL 20]

What | didn’t cover:

(1) How to design the language £, to support easy decompilation
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(2) Interactive model design
(e.g., how to create example / how to handle ambiguity)
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Falx: Synthesis-powered Visualization
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Visit falx.cs.washington.edu now!
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