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 Aim:
 To find outliers using ‘commute time
distance’ which is computed from a
random walk of a weighted graph derived
derived from the data similarity matrix.
 To avoid the O(n3) direct computation of
computation of commute time distance, a
distance, a subspace approximation is
combined with a pruning technique.

 Introduction:

- Commute time: the expected
number of steps that a random walker
walker starting at i will take to reach j
reach j once and go back to i for the
the first time:

 Distance and density capture:

Spearman rank tests for
LOF, EDOF, and CDOF

n(i, j ) = m(i, j ) + m( j , i )
- Compute direct from the pseudopseudo-inverse of the graph
Laplacian matrix L+:

EDOF

n(i, j ) = VG(lii+ + l +jj − 2lij+ )
n(i, j ) = VG(ei − ej)T L+(ei − ej)
VG = ∑idii: graph volume
ei: i-th column of identity matrix I

 Global and local outliers
 Statistical
and
distance
based
approaches can only find global outliers.
outliers.
 Density based method (LOF) can find
local outliers. Disadvantages of LOF are its
are its computational time O(n3) and global
global outliers may be ranked lower than
than local ones.
 We present a new method to find outliers
outliers using a measure called ‘commute
‘commute time distance’ (CTD). Unlike
Euclidian distance, CTD between two
nodes captures both the distance between
between them and their neighborhood
neighborhood densities. Using CTD, we
can capture both global and local outliers
outliers using a distance based method.
method. So we can unify both global and
and local outlier detection using the CTD
CTD measure.

 Background:
 Similarity graph:
- ε-neighborhood graph
- Fully connected graph
- k-nearest neighbor graph
 Random walk: a sequence of nodes on a
on a graph visited by a random walker,
and described by a Markov chain:
- P(s(t+1)=j|s(t)=i) = aij/ai = pij
where ai =∑jaij
- The rule of walk: π(t+1) = PTπ(t)
π(t) = (PT)tπ(0)
π(t) = [π1(t), π2(t), …, πn(t)]T: the state
probability distribution at time t
 Commute time distance:
- Access time m(i, j): the expected
number of steps a random walker
starting at i will take to reach j for the
the first time:

⎧0 if i = j
⎪
m(i, j ) = ⎨1 +
∑ pik × m(k , j ) otherwise
⎪⎩ k∈N ( i )

LOF

space: O(n2)
time: O(n3)

- Complexity:

 Conclusions:

 Subspace Approximation:
~ ~
~
n~ (i, j ) = VG( l + + l + − 2 l + )
ii

jj

ij

m

~
where lij + = ∑ λ+k vikvjk
k =1

λ+k : m largest eigenvalues of L+ (m<<n)
~
vij : entries of matrix V
~ : matrix containing m largest
V

eigenvectors of L+

~
 Compute n (i, j )‘on demand’: pruning
pruning
technique
reduces
computation significantly
 Bound of the approximation:

CDOF

the

m

n(i, j ) − n~ (i, j ) ≤ VG ∑ λi+
i =1

 Algorithm:
 Construct
the
mutual
k-nearest
neighbor graph from the dataset
 Compute the graph Laplacian matrix L
matrix L
~
V m smallest
 Compute the matrix
(the
smallest eigenvectors with nonzero
eigenvalues of L)
 Find top N outliers using the
approximate commute time distance
based technique with pruning rule

 Unify the detection of both global and
and local outliers using CTD
- CTD captures both distances
between observations and their
local neighborhood densities
 The ability to rank outliers globally
 Approximate CTD and the use of
pruning rule
- Accelerate the algorithm
significantly
- Still maintain the accuracy of the
the detection
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 Preliminary Results:
 Accuracy and ranking:
LOF
k nearest
neighbor
graph
CDOF

EDOF

