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Time and Space Complexity
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Visualization
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Curse Of Dimensionality
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LINEARMETHODS |+

X : Samples € RV*4
Principal Component Analysis !

v : Projection Vector

Linear
PCl = Xv
Expla:in the variancein the Objective
data! arg min || X — XVVTH
v
Constraint
Similarity to Linear viv =7
R e gr_ eSS| On? , Toy binary classification data set s :
2 T Solution

XIXV = AV
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LINEARMETHODS

Maximising the variance of Maximising the distance
data
the whole set between groups

Linear Discriminant Analysis
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Sometimes, no
This axis yields better class separability —» { -

labels better than
having labels!

This axis has a larger distance between means




LINEARMETHODS

Linear Discriminant Analysis
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Sometimes, no
labels better than
having labels!

T The embeddings are linearly
Y=w X dependent on the input
| — i |2
Jw)=—F— > The objective to optimize
§1°+ 52
!
T
Tw) = = Spw Optimize with respect to the weights
wl'S yw

!

SE,ISB w= YJw ...Reduced to Eigendecomposition

The solution!
w* =8, (1 —p2)
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LINEARMETHODS - Graph Based Algorithms

Laplacian Eigenmaps
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Construct a Graph with |
Adjacency Matrix! Degree Adjacency Laplacian
'@' No of neighbours Presence of edge Degree - Adjacency

Preserving local
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LINEARMETHODS - Graph Based Algorithms

Laplacian Eigenmaps I(y) = Z(% _ yj)2aij
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Construct a Graph with i,j
Adjacency Matrix! Ily) = Z yz'QDﬁ‘Z yJQ-Dj—Q Z Uil
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Preserving local _
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Eigenvalue Eigenvector everywhere!
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Locally Linear Embeddi © © °
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MODERN APPROACHES

t-Distributed Stochastic Neighbour Embedding

Use class
information!

Sometimes, no
labels better than

having labels!

PPEEREgERERRERED

exp(—Ilx; — xj1I* / 207)
Swzi exp(=llxi = xi |2 / 20%)
_exp(=llyi—y;IIP)
ke exp(=llyi =y ?)

Pjli =

qjli

KL Divergence!
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Uniform Manifold Approximation and Projection
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MODERN APPROACHES

Contractive Autoencoders

penalises sensitivity
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Bottleneck Layer
Input Image Output Image

Encoder Decoder
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Parameterization

What if we have new
data? Need more
dimensions?

«<an in Multian,

simensionality [ [1[]2[]s[ ],

Visualization

and Clustering

Are they the same
problem? Or are
they different?
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