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High Dimensiona
Visualization
• D = {x1, x2, …, xn}  n‐ points, d{ 1, 2, , n} p ,
• d > 3
• n large• n – large
• All real valued
• Need to 

• imagine 
• validate 
• analyze

al Data 

d – dimensional
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MotivationMotivation
• Seeing helps understandingg p g
• Large data – cannot see com
• Dimensions a bigger problem• Dimensions a bigger problem

• Validate classification and clu

N d i li ti h• Need visualization approach
• provide insight
• are within canvas• are within canvas
• can be accurate and/or appro
• are like scatter plotsare like scatter plots
• can efficiently handle large d

mpletely!
m 4 d and higherm – 4‐d and higher
ustering results

h th thes that

oximate (metaphor)

ata and higher dimensions
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Applications – So
Requirements
• Across all Subspaces proximp p
• Shape and size of clusters
• Spread of data across the ca• Spread of data across the ca
• Data Sets

S• Sports
• Real Estate
• Spatial temporal• Spatial‐temporal
• Earthquake
• Potentially any real valued dPotentially, any real valued d

ome 

ity of pointsy p

anvasanvas

ata setata set
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Some ProblemsSome Problems
• Can we find how clusters in 
overlap across various subsp

• HEIDI
ll d• Can we visually determine s

cluster and explore data set 
• BEADS & PEARLS• BEADS & PEARLS

• Can we present high dimens
• CROVHDCROVHD

• Useful for
• Understanding and interpretiUnderstanding and interpreti
• Clustering
• Classification
• Image pattern based index

high dimensional data 
paces?

d h f dize and shape of a data 
visually?

sional data as a scatter plot?

ing dataing data
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HEIDI ExamplesHEIDI - Examples

X – brown; Y – skyblue;  {X,Y}

ss
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HEIDI Real-estate
Listings

e Property 
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HEIDI NearestHEIDI – Nearest 
• D = {x1, x2, …, xn}  n‐ points, d –1 2 n
• Construct a n×n matrix where

• Element (i,j) is a bit vector
Bi f bi• Bit p of bit vector 

• is set to 1, if xj is in k nearest nei
• otherwise it is set to 0
• For the pth subspace of the data

• Length of bit vector is 2d‐1
• Visualize bit vectors using RGB• Visualize bit‐vectors using RGB
• Size of matrix is n×n × [(2d ‐1) 
representation based on imagrepresentation based on imag

So, what have you got now?

NeighborsNeighbors
– dimensional

ighbor set of xi, 

a

B combination of colorsB combination of colors
bits mapped to RGB 
e type]e type]

? – a Heidi Matrix as shown
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Beads ExampleBeads Example
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Beads ExampleBeads Example – Iris Data Set– Iris Data Set
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Basis for BeadsBasis for Beads
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Beads ApproachBeads - Approachhh
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PEARLS VisualizPEARLS Visualiz

13

zationzation



Pearls VisualizatiPearls Visualizati
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on Systemon System



Visual ExplorativeVisual Explorative
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e Queryinge Querying



PEARLS VisualizPEARLS Visualiz
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CROVHD – Concentr
VisualizationVisualization 
for high dimensional d

2d 3d2d 3d

50d 80d

ric Rings of 

data
5d 20d5d

110d 150d
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CROVHD- Example
graph
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Nearest NeighboNearest Neighbo

19
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Related WorkRelated Work
• Parallel Coordinates [Inselbe[
• VISA provides subspace ove
• Best fit spheres or ellipsoids• Best fit spheres or ellipsoids
[Fitzgibbon, et al 1999, Calaf

• Illustrative parallel coordina• Illustrative parallel coordina
2008]
All 2 d b tt l• All 2‐d subspaces scatter plo

erg 1985]g ]
rlap [Assent et al 2007]
s at high dimensionss at high dimensions 
fiore 2002]
tes [McDonnell & Muelllertes [McDonnell & Muelller

tots

20



SummarySummary
• Subspace overlaps in high dp p g
• Different aspects of HEIDI
• Shape and Structure of clust• Shape and Structure of clust
• High Dimensional Scatter Plo

(VAKD 2009, VAST 2009, LDAV

imensions ‐ HEIDI

ters BEADS & PEARLSters – BEADS & PEARLS
ots – CROVHD

V 2013)
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Open ProblemsOpen Problems
• Ordering of points in Heidig p
• Tight fit of shapes – compos
to 3d shapesto 3d shapes

• Exploration with navigation 
• Explorative analysis and ana• Explorative analysis and ana
• Time and space efficiency
• Integrated visualization tool 

sition of shapes – extending 

in Beads and Heidi
alytics from CROVHDalytics from CROVHD

kit for Rd data
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Take away!Take away!
• Subtle work
• Fun with visualization
• Vast open areas to work in• Vast open areas to work in 
• Dashboards for visual analyt
• Domain specific vertical solu
• Deep mathematical problemp p
loss‐less visuals

tics
utions
ms – shape fitting – multiple p g p
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Thank you!

Kamal Karlapalem

kkamal@iitgn ac inkkamal@iitgn.ac.in



OutlineOutline
• Motivation and Applicationspp
• Problems
• Heidi• Heidi
• Beads
• CROVDH
• Related Work
• Summary
• Open Problems• Open Problems

s
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Heidi Visual ReHeidi – Visual Re
• D = {x1, x2, …, xn}  n‐ points, d{ 1, 2, , n} p ,
• Construct a n×n matrix whe

• Element (i,j) is a bit vectorElement (i,j) is a bit vector
• Semantics of each bit in bit v
• The matrix is visualized as an
• Patterns in image need to be

Generalization of gray scalg y
mat

elationship Matrixelationship Matrix
d – dimensional
re

ector can be user specified
 imageg
 interpreted

e visualization of  distance 
trix
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Heidi – specific cas
Nearest Neighbors
• D = {x1, x2, …, xn}  n‐ points, d –1 2 n
• Construct a n×n matrix where

• Element (i,j) is a bit vector
Bi f bi• Bit p of bit vector 

• is set to 1, if xj is in k nearest nei
• otherwise it is set to 0
• For the pth subspace of the data

• Length of bit vector is 2d‐1
• Visualize bit vectors using RGB• Visualize bit‐vectors using RGB
• Size of matrix is n×n × [(2d ‐1) 
representation based on imagrepresentation based on imag

So, what have you got 

se –

– dimensional

ighbor set of xi, 

a

B combination of colorsB combination of colors
bits mapped to RGB 
e type]e type]

now? – a Heidi Matrix 
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SubspacesSubspaces
Dimensions – 0 1 2 3;Dimensions – 0, 1, 2, 3;   
Number of subspaces = 24

sets of subspaces = 215-1 p

0,1,2 0,1,3

0,1 0,2 0,3

0 1

= 16; 

0,1,2,3

0,2,3 1,2,3

3 1,2 1,3 2,3

2 3
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ExamplesExamples

X – brown; Y – skyblue;  {X,Y}
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ExamplesExamples

X – brown; Y – skyblue;  {X,Y}
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Examples: CompExamples: Compposite Heidi 20dposite Heidi – 20d
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Examples: CompExamples: Compposite Heidi=50dposite Heidi=50d
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Real estate PropeReal-estate Propeerty Listingserty Listings
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Example k neigExample – k-neig
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ghbour graphghbour graph



Heidi Matrix IssuHeidi Matrix - Issu
• Ordering of points in a clusteg p
• Size of the matrix
• Mapping of colors to bit vec• Mapping of colors to bit vec
• Types 

uesues
er

ctorsctors
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Representative HRepresentative HHeidi ImagesHeidi Images
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N= 1,00,000 and d=
prominent subspac

=100, 
ce
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OutlineOutline
• Motivation and Applicationspp
• Problems
• Heidi• Heidi
• Beads
• CROVDH
• Related Work
• Summary
• Open Problems• Open Problems

s
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BEADS ForminBEADS – Formin
• Given a cluster – that is, a se,
among themselves but well 
points

• Need to determine shape an
• Partition points into subsetsPartition points into subsets
• Each subset forms a bead
B d d t ll• Beads are mapped to well‐s

• Beads are placed in canvas t
d f l kland size of cluster – a neckla

g a Necklaceg a Necklace
et of points much closer p
separated from other sets of 

nd size of the cluster
s of pointss of points

ifi d 2 d hpecified 2‐d shapes
to visually represent shape 
ace
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Beads ApproachBeads - Approachhh
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Basis for BeadsBasis for Beads
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Beads shape aBeads – shape a
• P = set of distinct p values for LP   set of distinct p values for Lp
• Aim: Identify ‘p’ and radius ‘rp’ th

covers the bead tightly
h• Two approaches

1. Iterate from p by considering dista
between centroid and furthest pobetween centroid and furthest po
using Lp, select the p  which has th
smallest distance.

2 Fi d th f di t2. Find the sum of distances among 
pairs of points using Lp, and select
that has smallest sum of distancef

• The selected p gives the shape.
• The size is given by the diameter u

the Lthe Lp

nd sizend size
normnorm
hat 

ances 
oint  oint
he 

llall 
t the p 
es

using 
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ExamplesExamples
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Example Iris DaExample – Iris Daata Setata Set
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More resultsMore results

Many 
i l

Many
circles

y
square

10-D Hyper-sphere 10-D Hyp

y y
es

per-cube 5-D NBA Player Data
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OutlineOutline
• Motivation and Applicationspp
• Problems
• Heidi• Heidi
• Beads
• Pearls
• CROVDH
• Related Work
• Summary• Summary
• Open Problems

46
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PEARLSPEARLS
• Basic 3D shapes to visualize p
• Level of abstraction betwee
• Interactive techniques make• Interactive techniques make
and intuitive. 

• Techniques for detailed anal• Techniques for detailed anal
• Useful in cluster analysis and

ithi l t (C St diwithin clusters. (Case Studie

47

high dimensional clusters.g
n data point & cluster level. 
e cluster analysis informativee cluster analysis informative 

lysis of individual pearlslysis of individual pearls. 
d concept identification 
)es)



Need for 3 d PeaNeed for 3-d Pea
• Overlap in 2 Dp

• 3 D gives an extra dimension
• rotate the camera and view f

• Position of a bead conveys
and the quadrant.

• In 3‐D, position conveys
1. distance from cluster centroid

d2. quadrant
3. value in chosen dimension

• Facilitates data dimension• Facilitates data dimension
extra dimension

48

arlsarls

from various angles.

only its distance from centre

interactive technique due tointeractive technique due to



PEARLS VisualizPEARLS Visualiz
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Pearls VisualizatiPearls Visualizati
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Visual ExplorativeVisual Explorative
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Video of Explorat
Querying
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SummarySummary
• PEARLS can be effectively used

• exploring cluster as a query resu
• supports expression of m
interaction and aid of data mini

• follow complex lines of inq
interactions one can follow com

I l t f d t l i t k• In a lot of data analysis task
points of interest as set of mat

• It is also difficult to updateIt is also difficult to update
found. Moreover, a viewer m
will find interesting.

• PEARLS visualization uses cl
makes the analysis of datase
interesting data points via expinteresting data points via exp

53

d for visual data analysis
ult.
multidimensional queries through
ng.g
quiry using sequences of simple
mplex line of enquiry.
k it i diffi lt t if d tks, it is difficult to specify data
thematical and Boolean rules.
rules when new interests arerules when new interests are

may not know apriori what they

ustering to group points and
et easier. This helps in finding
plorationploration.



SummarySummary
• PEARLS does not suffers from

• inability to plot complete dat
• loss of speed and interaction
number of visual objects(pearl

• May suffer from over plotty p
when some pearls are overs

• an effective text based vie
l ll d hvisualization vertically and ho

54

m drawbacks like
taset

s) is << number of data points.

ting and decline in legibilityg g y
shadowed by larger pearls
w and ability to rotate the 3‐D

ll l h blorizontally solves this problem.



OutlineOutline
• Motivation and Applicationspp
• Problems
• Heidi• Heidi
• Beads
• CROVDH
• Related Work
• Summary
• Open Problems• Open Problems

s
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CROVDH – Conce
VisualizationVisualization 
for high dimensiona• Given a data set x1, x2, …, xn1, 2, , n

• Determine a scatter plot visu
• Spilt the 2 d space into 2d qu• Spilt the 2‐d space into 2d qu
• Map each xi to (r, θ) coordin

R i b d di f• R is based on distance from c
• θ is based on quadrant and th
from some base axisfrom some base axis

• Divide regions of 2‐d space a
Gi i l b d• Give region colors based on 

• Can also show actual points

ntric Rings of 

al data d‐dimensional data
ualization
uadrantsuadrants
ates

id icentroid to point
he relative angle within quadrant 

as concentric circles
l ti d itrelative density
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Uniform 100,000 [0
dimensions increas

2d 3d2d 3d

50d 80d

0,1] points
sing

5d 20d5d

110d 150d
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CROVDH Visualiz
data set

zation of IRIS 
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CROVDH Visualiz
data set

zation of IRIS 
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CROVDH Visualiz
data set

60

zation of IRIS 



CROVDHCROVDH

Figure 2 (a) - Scatter plot of 4d sy
The grey boxes represent overlap

61

The grey boxes represent overlap
nthetic dataset of 10000 instances. 
ping points which are plotted in 5(b)ping points which are plotted in 5(b) 



Enhanced CROVEnhanced CROV

Figure 3(a): Basic CROVHD plot of
points. 3(b): Modified CROVH

62

VDHVDH

f 10d synthetic dataset with 2000 
HD plot of the same dataset.



Nested ViewNested View

(a

Figure 11:  (a) is initial scatter plo

(a
)

63

instances. (b) and (c) are scatter 
respective bins. 

(b)

ot of 4d synthetic dataset with 10000 
(c)

plots produced when clicked on 



ExampleExample

(i)

64

Figure 24: Scatter plot of 15d NBA data
dataset has 2 clusters

aset with 2055 points. This 



Visualizing NeareVisualizing Neare
• It focuses on representingp g

dimensional space on the
• 3‐d conic visualization exp3 d conic visualization exp

across quadrants, and hel
nearest neighbours to pe

65

est Neighboursest Neighbours
g the data distribution in d‐g
e surface area of a cone.
plicitly shows neighboursplicitly shows neighbours 
lps users to comprehend 
rform further analytics.



ExampleExample

Figure 29 (a) 2D visualization of Iris d
(b) 2D visualization is converted into

66

(b) 2D visualization is converted into 
black) and its neighbours are highligh
neighbours.

dataset (4 dimensions and 150 points). 
Cone visualization The selected point (inCone visualization. The selected point (in 

hted. (c) Information about the nearest 



Example k neigExample – k-neig
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OutlineOutline
• Motivation and Applicationspp
• Problems
• Heidi• Heidi
• Beads
• CROVDH
• Related Work
• Summary
• Open Problems• Open Problems

s

68



Related WorkRelated Work
• Parallel Coordinates [Inselbe[
• VISA provides subspace ove
• Best fit spheres or ellipsoids• Best fit spheres or ellipsoids
[Fitzgibbon, et al 1999, Calaf

• Illustrative parallel coordina• Illustrative parallel coordina
2008]
All 2 d b tt l• All 2‐d subspaces scatter plo

erg 1985]g ]
rlap [Assent et al 2007]
s at high dimensionss at high dimensions 
fiore 2002]
tes [McDonnell & Muelllertes [McDonnell & Muelller

tots
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OutlineOutline
• Motivation and Applicationspp
• Problems
• Heidi• Heidi
• Beads
• CROVDH
• Related Work
• Summary
• Open Problems• Open Problems

s
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SummarySummary
• Subspace overlaps in high dp p g
• Different aspects of HEIDI
• Shape and Structure of clust• Shape and Structure of clust
• High Dimensional Scatter Plo

imensions ‐ HEIDI

ters BEADS & PEARLSters – BEADS & PEARLS
ots ‐ CROVDH
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OutlineOutline
• Motivation and Applicationspp
• Problems
• Heidi• Heidi
• Beads
• CROVDH
• Related Work
• Summary
• Open Problems• Open Problems

s
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Open ProblemsOpen Problems
• Ordering of points in Heidig p
• Tight fit of shapes – compos
to 3d shapesto 3d shapes

• Exploration with navigation 
• Explorative analysis and ana• Explorative analysis and ana
• Time and space efficiency
• Integrated visualization tool 

sition of shapes – extending 

in Beads and Heidi
alytics from CROVDHalytics from CROVDH

kit for Rd data
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Take away!Take away!
• Subtle work
• Fun with visualization
• Vast open areas to work in• Vast open areas to work in 
• Dashboards for visual analyt
• Domain specific vertical solu
• Deep mathematical problemp p
loss‐less visuals

tics
utions
ms – shape fitting – multiple p g p
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