
Graph sketching-based Space-efficient Data
Clustering

SIAM Data Mining, 2018

A. Morvan1,2 K. Choromanski3 C. Gouy-Pailler 1 J. Atif 2

1CEA, LIST
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Introduction

Objectives

Context

Resources-limited devices collecting huge volume of data

A clustering algorithm...

Recognizing arbitrary non-convex cluster shapes

With no parameter

In a time linear to the number of points N

Under high space constraints
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Approach MST-based clustering

Principle

Minimum-Spanning-Tree-based (MST) clustering algorithm

MST: A useful and compact summary of the data
dissimilarity graph

Appealing property: helping to recover
arbitrarily-shaped clusters

Idea: perform suitable cuts on the MST
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Approach Related work

Related work

Graph clustering [Schaeffer, 2007]

DenGraph [Falkowski et al., 2007]: graph version of DBSCAN

[Ailon et al., 2013] recovering clusters with dissimilar sizes

Convex optimization [Oymak and Hassibi, 2011, Chen et al., 2012,
Chen et al., 2014a, Chen et al., 2014b]

MST-based graph clustering

[Zahn, 1971, Asano et al., 1988, Mitra et al., 2003,
Grygorash et al., 2006]

Space-efficient clustering

Streaming k-means [Ailon et al., 2009]: only the centröıd is stored

CURE algorithm [Guha et al., 2001]: O(N2 log(N)) time complexity

CluStream [Aggarwal et al., 2003] and DenStream [Cao et al., 2006]
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Approach Cluster Dispersion and Separation

Cluster Dispersion and Separation

Cluster Dispersion

∀i ∈ [K], DISP(Ci) =

{
max

j, ej∈Ci
wj if |E(Ci)| 6= 0

0 otherwise.

Cluster Separation

∀i ∈ [K], SEP(Ci) =

{
min

j, ej∈Cuts(Ci)
wj if K 6= 1

1 otherwise.
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Approach Validity indices

Validity Index of a Cluster and of a Clustering Partition

Validity Index of a Cluster

VC(Ci) =
SEP(Ci)−DISP(Ci)

max(SEP(Ci),DISP(Ci))
∈ [−1, 1]

Validity Index of a Clustering partition

DBCVI(Π) =

K∑
i=1

|Ci|
N

VC(Ci) ∈ [−1, 1]

b b bϵ 1

VC(Cϵ
left) VC(Cϵ

right)

b b b
ϵ 1

VC(C1
left) VC(C1

right)

VC(Cεleft) = 1
VC(Cεright) = ε− 1 < 0

VC(C1
left) = 1− ε > 0

VC(C1
right) = 1
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Approach Algorithm

Algorithm DBMSTClu(T )

Input: T

Compute
the

DBCV I
for each

cut

Apply
the best
cut on T

Does the
best cut
improve

the
DBCV I?

Return the
clustering
partition

yes

no
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Approach Scalability

Scalability

MST computation

Graph sketching [Ahn et al., 2012] in O(N log3(N)) space complexity
in the semi-streaming setting

Approximate MST recovery from the graph sketch

Linear time and space complexities of
DBMSTClu

1 A cut in cluster Ci lets VC(Cj), ∀j 6= i
unchanged.

2 Recurrence relationship of SEP and DISP
in T . Iterative version of the Depth-First
Search to determine DBCVI for each cut
left and right: Double Depth-First Search.
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Experimental results Safety of the sketching

Safety of the sketching
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SEMST DBSCAN DBMSTClu

Silhouette coeff. ARI DBCVI

SEMST 0.16 -0.12 0 0 0.001 0.06

DBSCAN 0.02 0.26 0.99 0.99 -0.26 0.15
DBMSTClu -0.26 0.26 0.99 0.99 0.18 0.15
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Experimental results Scalability of the clustering

Scalability of the clustering

Mushroom dataset (8124 nodes), time to recover 23 clusters:
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DBSCAN: 9s DBMSTClu: 3.36s

In the Stochastic Block Model, time (s) to
recover the K clusters w.r.t N :

K\N 1000 10000 50000 100000 250000 500000 750000 1000000

5 0.34 2.96 14.37 28.91 73.04 148.85 218.11 292.25

20 0.95 8.73 43.71 88.51 223.18 449.37 669.29 889.88

100 4.36 40.25 201.76 398.41 995.42 2011.79 3015.61 4016.13
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Conclusion

Conclusion

Take-home message: DBMSTClu is an ...

MST-based

parameter-free

space-efficient clustering algorithm

for arbitrarily-shaped clusters

https://github.com/annemorvan/DBMSTClu

Future perspectives

A fully online clustering algorithm

Exact clustering partition recovery theoretical guarantees (submitted)

A Differentially Private clustering algorithm based on a private release
of the MST (submitted)

https://annemorvan.github.io/
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Conclusion

Thank you for your attention!

Today, poster presentation in Salon A-C
from 7pm to 9pm!

anne.morvan@cea.fr1

1Anne is partly supported by the DGA (French Ministry of Defense).
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Appendix

Graph sketching
[Ahn et al., 2012, Cormode and Firmani, 2014]

A compact structure for G in O(N log3(N))

L levels of
representation:{
h : [M ]→ [L]
Pr[h(j) = l] = 1

2l

1-sparsity test

If τ = φ z
ι
φ mod p then a(i) is 1-sparse. If a(i) is

1-sparse: always + answer, otherwise − answer with
prob. at least 1−M/p.
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Thank you for your attention!
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