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A dataset with three clusters, in a 2D subspace, and Swiss roll in a 2D manifold embedded in

two 1-D subspaces, respectively. 3D space.
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Post-processing Automatic models & Conventional
Visualization

Intra-processing Interactive subspace analysis

Pre-processing
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visualization to make sense of
alternative clusterings in high-
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S. Liu, et al. Visual exploration of high-
dimensional data through subspace
analysis and dynamic projections.
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Stage Methods Limitation

Post-processing Automatic models & Conventional Blind model-choosing
Visualization

Intra-processing Subspace exploration

Pre-processing
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(1) 3x3 Dimension Projection Matrix (2) Dimension Plot

X. Yuan, et al. Dimension projection
matrix/tree: Interactive subspace visual
exploration and analysis of high dimensional
data. IEEE TVCG. 2013.
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J. Xia, et al. Visual subspace clustering
based on dimension relevance. JVLC. 2017
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Toolbar MDS Plots on Corresponding Dimensions

(2) Dimension Plot

X. Yuan, et al. Dimension projection
matrix/tree: Interactive subspace visual
exploration and analysis of high dimensional

data. IEEE TVCG. 2013.
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Stage Methods Limitation

Post-processing Automatic models & Conventional Blind model-choosing
Visualization

Intra-processing Subspace exploration Trail-and-error

Pre-processing Exploratory Analysis ?
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Data Transformation

8 Dimension Reduction Subspace Clustering Regression Analysis Topological Data Analysis
E linear projection[KC03], Dimension Space Exploration Optimization & Morse-Smale Complex
Data 8 non-linear DR[WMO04], [TFH11, YRWGI13]. Design Steering [GBPW10, CL11].
Transformation / £  Control Points Projection[DST04], ~ Subset of Dimension[TMFx12], ~ [BPFGI11, DWI3]. Reeb Graph &
= Distance Metric[LMZ:14], Non-Axis-Parallel Subspace Structural Summaries Contour Tree[PSBMO07],
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Overview

Data/Feature

Analysis Tasks AL e
Abstraction

T1: NO. of clusters Partition

Geodesic distance

T2: Linear or Non-linear

Local tangent space

T3: Intrinsic dimensionality

T4: Distribution LTS Diversity

T5: Locality Assumption k-neighborhood locality

Visual

Design
LTSD-GD View
T-SNE View
Est. Local dimensionality
Scree plot of point-wise LTSs
Scree plot of structures

Identified structures view
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 Shared Nearest Neighbors (SNN) graph
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-Joshua B. Tenenbaum, et al. A Global Geometric Framework for Nonlinear Dimensionality Reduction. Science. 2000.



Y5 FFREY: Local Tangent Space (LTS)

e Locality assumption: for each point, there is a small
neighborhood, which contains only points of the same manifold

LTS

— The local tangent space is fit by k-nearest neighbors (SVD)



Y5 IEFREY: Local Tangent Space Divergence (LTSD)

e A divergence measurement between two subspaces

e |tis defined by the principal angels between two subspaces

| cos201) + ...+ cos?0dpNdy) / }
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 k-neighborhood locality

— The locality assumption may not hold due to noise and complicated
structure, e.g. intersection.




The LTSD-GD view
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Two planes

Intersected
planes
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manifolds

LTSD-GD
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Comparisons

LTSD-GD PCA t-SNE ISOMAP LLE
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Visual analysis interface
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t-SNE view
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Scree plot of pointwise LTSs

Scree plot of pointwise LTSs
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Scree plot of structures

Scree plot of structures
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Bar chart of estimated local dimensionality

Bar chart of estimated local dimensionality
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Case study: the synthetic 12-D dataset

12D, 750 points, in six clusters
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Exploring The Synthetic 12D Data

750 points, 12 dimensions (in 6 Gaussian clusters)



Case study: the Hopkins 155 dataset

62D, 297 points
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Case study: the MINST dataset
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