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Two Approaches for
Data Analysis

Machine
L earnino

Visualization

Automated Interactive (human in the loop)
Clearly defined tasks Exploratory analysis
Fast computation Deeper understanding

>Millions of data items Thousands of data items




My Research:
True Integration of Both Worlds

Visual Analytics Systems
for Real-World Tasks

New Visual Analytics High-Impact
Computing _ Applications
Paradigms Machine g /isualization

| earnino

Data Mining Methods
for Visual Analytics




High-Dimensional Data
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High-Dimensional Data
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High-Dimensional Data
Documents

» Bag-of-words vector
m Document 1 = “John likes movies. Mary likes too.”
® Document 2 = “John also likes football.”

Vocabulary  Doc 1 Doc 2
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Visualizing
High-Dimensional Data

Clustering
» Goal: Provide the Groupings of High-Dimensional Data

» K-means, hierarchical clustering, Gaussian mixture
model, nonnegative matrix factorization, semi-supervised
methods, ...

Data items

. . Clusterin
o |||||||||||||| g E>

Columns as
data items




Visualizing
High-Dimensional Data

Dimension Reduction
» Goal: Provide the 2D mapping of High-Dimensional Data

» Principal component analysis, multidimensional scaling,
linear discriminant analysis, t-distributed stochastic neighbor
embedding, ...

Data items
low-dimensional
Dimension data
Dimensions Reduction
Sl || |11111]1[{
Columns as

data items o



Visual Insight to Machine Learning
Handwritten Digit Recognition
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Visual Insight to Machine Learning
Handwritten Digit Recognition
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Challenges In
Machine Learning + Visualization

When Used in Visual Analytics...
Interaction

Machine Numbers> Interpretation

Learning
Visualization

Screen space

/—[ Machine learning methods should be ]—\

* More interpretable

« More user-interactive

 Real-time responsive, i.e., faster

N P Y,
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UTOPIAN: User-Driven Topic
Modeling Based on Interactive NMF

Btreemaps, layout, hierarchical

[TVCG 2013]
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Visualization Example:
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Topic summaries are NOT perfect.
# UTOPIAN allows user interactions for improving them. 14




Interaction Demo Video
http://tinyurl.com/UTOPIAN2013

InfoVis-VAST Paper Data
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http://tinyurl.com/UTOPIAN2013

Why NMF (instead of LDA)?

Consistency from Multiple Runs

Documents’ topic membership changes among 10 runs

InfoV|s/VAST paper data set 20 newsgroup data Set
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Documents’ topic membership changes between iterations

InfoVIS/VAST p

Why NMF (instead of LDA)?

Empirical Convergence
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NMF
Run  Topic 1l
visualization
#1 design
visualization
#2 design
LDA
Run Topic 1

document
#1 similarities

document
#2 query

NMF vs. LDA

Topic Summary (Top Keywords)
InfoVIS/VAST paper data set

Topic 2
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Topic 2
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analysis
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spatial
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graph
layout

graph
layout

social
tree

text

document

Topic 5

visual
analytics

visual
analytics

Topic 5

measures
multivariate

multidimen-
sional
high

Topic 6  Topic 7
data color
sets weaving
data color
sets weaving

Topic6  Topic 7
tree dimension

animation treemap
tree dimension

aggregation treemap

Topics are more consistent in NMF than in LDA.

Topic quality is comparable between NMF and LDA.



UTOPIAN

Interactions and Key Techniques

Topic modeling > Visualization

« NMF e Supervised t-SNE
« Refining topic keywords

« Merging topics
« Splitting a topic
« Creating new topics from seed

Interaction

documents/keywords
Weakly- Per-Iteration
supervised Visualization

NMF Framework

19



Supervised t-SNE:

Visualizing documents

Original t-SNE

Documents do not have
clear topic clusters.
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Weakly Supervised NMF:

Supporting user interactions

Weakly supervised NMF [pmkb 2014

i [IA — WH [[¢2 + ll(W = WMy [I2 + BIIM,(H = DyH) 2

W, H,: reference matrices for W and H (user-input)

My, My : diagonal matrices for weighting/masking columns
and rows of W and H

» Algorithm: block-coordinate descent framework

21



PIVE:

(Per-lteration Visualization Environment)

https://youtu.be/zZURFA9PSE s
Motivation
» Many algorithms are iterative methods.

PIVE

» Integration methodology of iterative methods for Real-
Time interactive visualization [Choo et al., VAST'14 Poster]

[ Standard approach ] [ PIVE approach ]

; . Per-iteration . -
Per-iteration . P! Visualization
routine jounne 0
Input data > P Visualization Input data P> A 0

Interaction

Computational method

l
L Interaction L



https://youtu.be/zURFA9P5E_s

Compare and Contrast:
Joint Topic Discovery

[KDD’15]
Formulation
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Compare and Contrast:
Joint Topic Discovery

[KDD"15]
Formulation
min  1/n,|| A = W H, |2 + 1/ny|[ A, = WLH, || % +
W>=0, H>=0 all| Wy o =Wy [ + BIIWT 4 W, 4[|

where W, = [Wi,C Wi,d]
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Geospatio-Temporal Topic

Modeling

http://aperture.xdataonline.com/#/
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TopicLens: Efficient Multi-Level Visual
Topic Exploration

[Under review]

No Lens Topic Lens
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TopicLens: Efficient Multi-Level Visual
Topic Exploration

[Under submission]

Key aspects of backend topic modeling and dimension
reduction methods

Real-time response

® How can we ensure real-time response against highly-dynamic
user interactions such as lens?

Continuity and consistency with previous results

® How can we allow users to maintain the continuity and
consistency between the previous and the new results?
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InterAxis: Steering Scatterplot Axes

via Observation-Level Interaction
[TVCG’15]

http://www.cc.gatech.edu/~hkim708/InterAxis/
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http://www.cc.gatech.edu/~hkim708/InterAxis/

ConceptVector: Building User-Driven
Concepts via Word Embedding

Under review]
http://conceptvector.org

Concept Name: Immigration-related
Concept Type: Unipolar
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VisIRR Demo
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New Computing Paradigms
for Visual Analytics

Adaptive hierarchical refinement
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» Leveraging ideas from other literatures, e.g., wavelet
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