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Visualizations of ML Algorithms
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Motivation
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Five Visualization Tasks 

1. ML Data
2. ML Structure
3. ML Features
4. ML Learning Process
5. ML Prediction Results



Visualizations of Datasets
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Visualization of Data, e.g., embedding space

t-SNE
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SVD



Visualization of 
NN Structure
AlexNet Style

LeNet Style 

Net2Vis Style
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Visualization of NN model structures
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Visualization of NN Learning
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Olah, C., Mordvintsev, A., & Schubert, L. (2017). Feature 
visualization. Distill, 2(11), e7.
https://distill.pub/2017/feature-visualization/

Interaction between Neurons
Customized hyperparameter

https://distill.pub/2017/feature-visualization/




Visualization of Results, e.g., activation map

Grad-CAM
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Visualization of Results, e.g., activation map
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Generation of Training/Test Data
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Conceptual Drawings



Combi: Structure and Result



Combi: Structure and Result



Combi: Structure and Result









Combi: Structure and Result



Combi: Structure and Result



Data Visualization Literacy Framework

Börner, Katy, Andreas Bueckle, and Michael Ginda. 2019. Data visualization literacy: Definitions, 
conceptual frameworks, exercises, and assessments. PNAS, 116 (6) 1857-1864.



Data Visualization Literacy (DVL)

Data visualization literacy (ability to read, make, and explain data visualizations) 
requires:

• literacy (ability to read and write text in titles, axis labels, legends, etc.), 

• visual literacy (ability to find, interpret, evaluate, use, and create images and visual 
media), and

• mathematical literacy (ability to formulate, employ, and interpret math in a variety of 
contexts). 

Being able to “read and write” data visualizations is becoming as important as being able to read 
and write text. Understanding, measuring, and improving data and visualization literacy is 
important to strategically approach local and global issues.
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DVL Framework: Desirable Properties

• Most existing frameworks focus on READING. We believe that much expertise is gained 
from also CONSTRUCTING data visualizations.

• Reading and constructing data visualizations needs to take human perception and cognition 
into account.

• Frameworks should build on and consolidate prior work in cartography, psychology, 
cognitive science, statistics, scientific visualization, data visualization, learning sciences, etc. 
in support of a de facto standard.

• Theoretically grounded + practically useful + easy to learn/use.

• Highly modular and extendable.
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DVL Framework: Development Process

• The initial DVL-FW was developed via an extensive literature review. 

• The resulting DVL-FW typology, process model, exercises, and assessments were then tested 
in the Information Visualization course taught for more than 17 years at Indiana University. 
More than 8,500 students enrolled in the IVMOOC version (http://ivmooc.cns.iu.edu) over the 
last six years.

• The FW was further refined using feedback gained from constructing and interpreting data 
visualizations for 100+ real-world client projects.

• Data on student engagement, performance, and feedback guided the continuous improvement 
of the DVL-FW typology, process model, and exercises for defining, teaching, and assessing 
DVL. 

• The DVL-FW used in this course supports the systematic construction and interpretation of 
data visualizations.  
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Data Visualization Literacy Framework (DVL-FW)

Consists of two parts:
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DVL Typology
Defines 7 types with 4-17 
members each.

DVL Workflow Process
Defines 5 steps required to 
render data into insights.



Data Visualization Literacy Framework (DVL-FW)
Consists of two parts that are interlinked:

28

1

2 3

4

5

6

7

DVL Typology +  
DVL Workflow Process 



Visual Analytics Certificate -
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Visual Analytics Certificate -
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Visual Analytics Certificate -
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Data Visualization Literacy Framework (DVL-FW)
Implemented in Make-A-Vis (MAV) to support learning via horizontal transfer, scaffolding, 
hands-on learning, etc.
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Typology of the Data Visualization Literacy Framework

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 25.
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http://scimaps.org/atlas2


Typology of the Data Visualization Literacy Framework

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 26-27.
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http://scimaps.org/atlas2
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Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 30-31.
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Visualization Types
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Bubble Chart

Chart

Map

Tree

Pie Chart

Graph

Temporal Bar GraphScatter Graph

Proportional Symbol MapChoropleth Map

Tree MapDendrogram

Bimodal Network 
Layout

Force-Directed Network 
Layout

Network



Visualize: Reference Systems
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Table
columns by rows

Graph
x-y coordinates

Map
latitude/
longitude

Network
local similarity

Visualization Types
• table
• chart
• graph
• map
• network layout
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Visualize: Reference Systems, Graphic Symbols and Variables
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Scatter Graph Geospatial Map      UCSD Science Map        Network

Graphic Variables

Graphic Symbols

Visualizations 4
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Typology of the Data Visualization Literacy Framework
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Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 32-33.
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Typology of the Data Visualization Literacy Framework

41

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 34-35.
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Graphic Variable Types 

Position: x, y; possibly z Quantitative

Form:

• Size Quantitative

• Shape Qualitative

• Rotation (Orientation) Quantitative

Color:

• Value (Lightness) Quantitative

• Hue (Tint) Qualitative

• Saturation (Intensity) Quantitative

Optics: Blur, Transparency, Shading, Stereoscopic Depth

Texture: Spacing, Granularity, Pattern, Orientation, Gradient

Motion: Speed, Velocity, Rhythm 

42



See Atlas of Knowledge 
pages 36-39 for 
complete table.

Qualitative

Also called:

Categorical Attributes
Identity Channels

Quantitative

Also called:

Ordered Attributes
Magnitude Channels
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See Atlas of Knowledge 
pages 36-39 for 
complete table.
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Data Visualization Literacy Framework
Applied to ML Algorithms



Visualization of Results, e.g., activation map
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Related Work

Graphic Symbols Graphic Variables

TotalPoint Line Area Surface Volume Text Numerals Images Icons Position Form Color

Net2Vis X X X X X X 6

NN-SVG-FCNN X X X X 4

NN-SVG-LeNet X X X X X X 6

NN-SVG-AlexNet X X X X X X X 7

Understading * X X X X X 5

ConvNetJs-MNIST X X X X X X 6

TensorFlow Playground X X X X X X X X 8

GANlab X X X X X X X X 8

Grad-Cam X X X X 4

Deepmind StarCraft II X X X X X X X X X X X 11

Mlxtend X X X X X X 6

Weka X X X X 4

EnsembleMatrix X X X X X 5
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* "Understading"= "Understandingneuralnetworksthroughdeepvisualization(Yosinski et al., 2015)"
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Q&A
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