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Motivation

Challenge: Large scale clustering

Experiments

Large scale spectral clustering using landmarks based on hubness

Spectral clustering

Hubness

l : data sample from 𝑐 clusters,                                          .
l 𝑆: Similarity matrix.
l 𝐿: Laplacian matrix.
l 𝑘: the number of nearest neighbors
l 𝒯: hubness scores

x1,..., xn X = [x1,..., xn ]∈ Rm×n

l Hubness score: the number of times a data point occurs among the 𝑘
nearest neighbors of other data points, calculated as

𝒯 𝑥( =*
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𝑝(+ ,

𝑝(+ = 1
1, 𝑥(is among the 𝑘 𝑛𝑒𝑎𝑟𝑒𝑠𝑡 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 𝑜𝑓𝑥+,
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

l Given data points and the number of desired clusters 𝑐.
l Construct a similarity matrix 𝑆 ∈ 𝑅.×. as

l 𝑆(+ = exp − RSTRU
VWX

,
l Modify 𝑆 to be a sparse matrix,
l Compute the Laplacian matrix 𝐿 as

l 𝐿 = 𝐼 − 𝐷T-/V𝑆𝐷T-/V, where 𝐷(+ = ∑+,-. 𝑆(+,
l Compute the first 𝑐 eigenvectors of 𝐿 as 𝑉 ∈ 𝑅.×^,
l Compute the normalized matrix 𝑈 of 𝑉,
l Apply 𝑘-means to 𝑈 to obtain 𝑘 clusters.

Proposed method

l To accelerate spectral clustering for big data, we give the first 
algorithm that runs in linear time with high quality.
l Use the topological property (hubness) to construct sparse 

representation.
l Fast hubness computation method.

Notation

l The proposed method use similarity between hubs and other data 
points to construct a sparse representation. 
l First, select hubs from data points.
l Compute similarity between hubs and other data points.
l Compute largest eigenvectors for similarity matrix.
l Apply 𝑘-means to eigen-vector space to obtain final results.

l Experimental datasets

l Compare the proposed method LSC-R and LSC-K with the original 
spectral clustering and related approximation spectral clustering 
method Nystrom, LSC-R, LSC-K.

l Reported the best clustering performance by searching a set of 
numbers of sampling points are range in 100, 200, …, 700. 

l Each methods have repeated 20 times and report the average value.
l Evaluation metrics: Accuracy (ACC) 

Dataset Type # of samples # of features # of clusters 

Chainlinks 2-D artificial 
data 10,000 3 20 

USPS Handwritten 
digits 9,298 256 10 

SDD Sensorless
drive diagnosis 58,509 48 11

PenDigits Handwritten 
digits 10,992 16 10 

SenVehicle Vehicle sensor 
data collection 78,823 100 3

(d) Gaussian dimension (2-D, 1-NN)

(b) Gaussian distribution (1-D, 1-NN) 

(a) Uniform distribution (1-D, 1-NN) 

(c) Uniform dimension (2-D, 1-NN)
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Clustering Results (ACC % ± std) of Different Feature Selection Methods Table 4.3: The Clustering Performance of Different Methods Measured by ACC
data set Chainlinks USPS SDD PenDigits SenVehicle
Original 22.90 0.89 65.74 2.17 22.87 1.28 80.01 0.08 61.39 0.006

Nystrom 18.53 0.40 69.57 0.80 27.32 1.13 68.56 2.14 66.22 0.04

LSC-R 22.34 0.45 70.19 4.32 25.92 0.97 78.39 1.96 68.34 0.38

LSC-K 23.46 0.56 75.67 1.51 25.69 1.32 80.88 2.98 67.10 3.85

LSC-RH 21.66 0.53 79.03 3.58 30.49 1.19 85.03 1.17 69.10 0.76

LSC-KH 26.42 0.75 78.24 2.98 32.62 1.45 87.68 0.39 69.29 0.54

Table 4.4: The Clustering Performance of Different Methods Measured by NMI
data set Chainlinks USPS SDD PenDigits SenVehicle
Original 44.25 0.75 78.63 1.10 26.74 2.54 79.13 0.20 26.69 0.002

Nystrom 39.04 1.48 64.47 0.76 30.29 1.69 65.90 1.33 28.53 0.02

LSC-R 42.20 0.98 74.01 1.56 29.31 1.68 75.97 0.97 30.90 0.31

LSC-K 43.45 1.13 78.49 1.51 30.58 1.87 78.78 1.35 30.72 1.17

LSC-RH 40.62 0.91 76.97 1.43 35.10 2.57 79.12 1.47 31.43 0.35

LSC-KH 45.89 0.85 79.21 0.57 36.29 1.43 83.37 0.82 30.74 0.29

that the proposed LSC-RH and LSC-KH methods outperform other accelerated methods on the four
real-world data sets. The improvement of the LSC-KH in both runtime and clustering results is
significant compared with LSC-K. In the pre-process part of LSC-K and LSC-KH, the k-means-
base hubness selection may be faster than k-means centers because of the less k used in LSC-KH,
which is the same thing happens on the artificial data Chainlinks.

We compare LSC-KH with LSC-RH, LSC-KH achieves the best results four times, but LSC-
RH achieves the best results once, which indicate that the hubness-based selection method is ben-
efited from the partition by k-means. However, because of k-means, LSC-KH always consumes
more runtime than LSC-RH.

Note that all the five accelerated spectral clustering methods reduce the runtime from the
original spectral clustering, especially for the data set SenVehicle which has the largest size, the
speedup is the most remarkable.

The runtime between LSC-KH and LSC-RH shows that the k-means partition method con-
sumes much time than the random partition method. We are not surprised that k-means-based
hubness selection method will slower than the random-based hubness selection method. We can see
that the runtime of this part is comparable small if the parameters are well selected.

For the LSC-RH method, its runtime is very close to the fastest method LSC-R and perfor-
mance is very close to the best method LSC-RH. If we need a balanced large scale spectral cluster-
ing, it will be the best choice because of the outstanding balance of effectiveness and efficiency.

It is interesting to note that the clustering quality does not always increase as the number
of landmarks increase. In the case of clustering on Sensorless data set, all algorithms seem to get
worse according to increasing of landmark points. This indicates that more landmarks may make
the approximation error as equation (2.12) larger on some data sets.
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Table 4.1: Properties of data sets
data set # of samples # of Features # of Clusters

Chainlinks 10,000 3 20
USPS 9,298 256 10
SDD 58,509 48 11

PenDigits 10,992 16 10
SenVehicle 78,823 100 3

Table 4.2: Runtime of different approaches (second)
data set Chainlinks USPS SDD PenDigits SenVehicle
Original 58.10 15.89 37.898 3.61 420.07 33.62 31.36 2.78 1395.01 170.46

Nystrom 1.45 0.20 1.24 0.047 8.70 2.47 1.29 0.12 5.62 5.78

LSC-R 0.60 0.11 0.490.05 7.42 2.95 0.42 0.06 5.74 5.90

LSC-K 2.27 0.42 3.27 0.62 40.10 15.27 2.07 0.40 31.73 34.11

LSC-RH 0.85 0.12 0.72 0.04 8.24 2.53 0.65 0.06 6.67 6.87

LSC-KH 1.99 0.18 2.62 0.11 24.69 6.22 1.91 0.14 16.80 17.26

600. Comparing with the normalized spectral clustering (the original one), accelerating methods
reduce the most computation time from 58.10s. When landmarks become 700, LSC-KH is faster
than LSC-K because of the runtime of k-means of LSC-K spending more when k is big since LSC-
KH does not need to big local groups to compute local hubness scores in low dimensional data
sets.

We also find that the performance tends to be better with a more significant number of the
landmark. We will continue to discuss this in the real-world experiments.

4.2.2 Experiments on the real data

To further test the methods, four popular real data sets are chosen in this experiment. They are Sen-
sorless Drive Diagnosis, USPS [28], SensIT Vehicle (seismic) [29], and PenDigits [30]. Table 4.1
summarizes the information of the data sets. We introduce the information about them as follows.

USPS: A data set of handwritten image data within 10 clusters from 0 to 9 digit. Each column
represents an image that has 256 dimensions.

Sensorless Drive Diagnosis (SDD: A signal data set collected from electric current drive
[31]. Because of the intact and defective components in the drive, 11 classes are detected and
measured several times and different working conditions including speeds, load moments and load
forces. As a result, 48 features are generated in the data set. The [0,1]-scaled data is used in our
thesis.

PenDigits: As the name suggests, it is handwriting image data set created by E. Alpaydin,
Fevzi. Alimoglu at Bogazici University.

SenVehicle: A vehicle data set collected by a sensor network.
We report the performance of five methods as well as the original spectral clustering on all

the data sets in Tables 4.2, 4.4 and 4.3, respectively. Clustering results regarding NMI/ACC show
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l Results:
Runtime of Different Feature Selection Methods (second)

l Many traditional clustering are weak for large 
scale clustering task.

l Previous theories and computations were 
based low rank approximation or sparse 
representation, which by nature suffer from 
severe limitations because important 
topological information are often lost in their 
approximations.

l How can clustering algorithm meet this 
mandate for both quality and speed?

Output: Hubs
Compute Hubs

Input: Data

Divide Into 
Local Parts

Data points

Hubs

Representation

x1,..., xn

l To achieve higher speed for computing hubness, a local computing 
method is proposed.
l Divide data into local parts by random.
l Compute hubs that are data points with largest hubness scores in 

each local group.
l Then use the hubs and other data points construct a sparse 

representation matrix.


