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Summary

We propose a new parallel learning algorithm of latent local support vector machines

(SVM), called latent-lSVM for effectively classifying very high-dimensional and large-scale

multi-class datasets. The common framework of texts/images classification tasks using the

Bag-Of-(visual)-Words model for the data representation leads to hard classification problem

with thousands of dimensions and hundreds of classes. Our latent-lSVM algorithm performs these

complex tasks into two main steps. The first one is to use latent Dirichlet allocation for assign-

ing the datapoint (text/image) to some topics (clusters) with the corresponding probabilities. This

aims at reducing the number of classes and the number of datapoints in the cluster compared

to the full dataset, followed by the second one: to learn in a parallel way nonlinear SVM mod-

els to classify data clusters locally. The numerical test results on nine real datasets show that the

latent-lSVM algorithm achieves very high accuracy compared to state-of-the-art algorithms. An

example of its effectiveness is given with an accuracy of 70.14% obtained in the classification of

Book dataset having 100 000 individuals in 89 821 dimensional input space and 661 classes in

11.2 minutes using a PC Intel(R) Core i7-4790 CPU, 3.6 GHz, 4 cores.
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1 INTRODUCTION

There are more and more multimedia data stored electronically, with increasing number of internet users and mobile internet access sharing

videos, songs, or photos. There are more than 1 billion daily active users—nearly one-third of all people on the Internet (around 46% of the world

population)—on Youtube and Facebook (Amazon and Yahoo! have even more), 600 000 hours (68 years) of videos are uploaded on Youtube every

day, and 46 000 years are viewed at the same time. Almost all mobile phones can take photos: 2 trillions photos will be shared this year. There are

310 millions Twitter users and more than 600 millions Weibo users (the “Chinese Twitter';' Asia is the first Internet region with more than 50% of

Internet users in 2016). The number of data is always increasing and their sizes too: 4K or 3D videos, sound in Dolby 5.1, higher and higher photo

resolution, text messages replaced by voice messages. This leads to very huge amount of data; there is a need for high performance classification

algorithms in order to help us find what we are looking for. We present a new fast and accurate parallel local support vector machine (SVM)

algorithm for the classification of very large scale and high-dimensional multi-class datasets. The experimental results are performed on two

different kinds of datasets: image and text classification.

The classification of texts/images is one of the important research topics in text mining, computer vision, and machine learning. The purpose is to

ask a computer to assign the predefined class label to the text/image. The popular frameworks for text/image classification involve the main steps

as follows: the feature extraction of texts/images, encoding features, the representation of texts/images, and learning classifiers.1–3

In text categorization tasks, the common approach consists of the word splitting, the representation of texts with the bag-of-words (BoW 4) model

and training supervised classifiers such as naïve Bayes, decision trees, and SVMs.5 The dictionary has many thousands vocabulary words. Therefore,

the BoW representation brings out datasets with a very large number of dimensions. And then, the SVM model is suited for classifying this kind of
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data without any feature selection or reduction methods.6–8 First benchmarks includes 20-Newsgroups,9 Reuters-210 and RCV1 11 with 20 118 103

classes, respectively. More recently, our system of the Book classification at the Learning Resource Center of Can Tho University in Vietnam handles

the Book dataset with 661 subjects. Partalas et his colleagues 12 proposed a benchmark LSHTC for large-scale text classification with the number

of classes up to 325056. It is very difficult to train an automatic classification model for efficiently dealing with such very-high-dimensional and

large-scale multi-class datasets.

In image classification tasks, the performance of a system largely depends on the image representation approach and the machine learning

scheme. The popular approach (first publications, Sivic and Zisserman3 and Li and Perona13) for representing images uses the Scale-Invariant Fea-

ture Transform method (SIFT 14,15), the bag of visual words representation model (BoW). The SIFT features are locally based on the appearance of

the object at particular interest points, invariant to image scale, rotation, and also robust to changes in illumination, noise, and occlusion. And then,

the representation of the image in the BoW model is constructed from the local descriptors and the counting of the occurrences of visual words in

a histogram like fashion. The image representation in this approach leads to datasets with a very large number of dimensions (eg, many thousands

of visual words with each one containing only a small amount of information). For dealing with these datasets, one solution is to reduce the number

of dimensional input spaces, eg, using probabilistic latent semantic analysis (pLSA 16) in Bosch et al17 and Deselaers et al,18 using Correspondence

Analysis19 in Pham and Morin.20 Another solution proposed in previous studies21–25 is to use the learning algorithms such as SVM,5 ensemble-based

models that are suited for classifying very high-dimensional datasets. Furthermore, the emergence of ImageNet dataset, 21,26 Fingerprint datasets
27 poses more challenges in training classifiers. Fingerprint datasets contain from 57 to 559 individual classes of fingerprint images. ImageNet is

much larger in scale and diversity than other benchmark datasets with more than 14 million images and 21 841 classes.

The new benchmarks of text/image classification tasks yield huge classification challenges of very high-dimensional and large-scale multi-class

datasets.

In this extended version of Do and Poulet,28 we propose a new parallel learning algorithm of latent local SVM, called latent-lSVM to effectively

classify very high-dimensional input spaces and large-scale multi-class datasets. Instead of building a global SVM model, as done by the classical

algorithm which is very difficult to deal with large-scale multi-class datasets, the latent-lSVM algorithm performs the classification task into two

main steps. The latent-lSVM algorithm uses latent Dirichlet allocation (LDA 29) for assigning the datapoint (the representation in the BoW model)

to some topics (clusters). This aim is to reduce the number of classes and the number of datapoints in the cluster compared to the full dataset.

Then, the latent-lSVM algorithm constructs in parallel an ensemble of local models (a local one is to nonlinearly classify the data locally in each

cluster) that are easily trained by the power mean SVM algorithm (PmSVM 23). The numerical test results on nine real datasets 27 (with from 57 to

661 classes) showed that the latent-lSVM algorithm achieves very high accuracy compared to state-of-the-art algorithms, including AdaBoost of

decision trees,30 random forests,31 and SVM.5

The paper is organized as follows. Section 2 briefly introduces the SVM algorithm. Section 3 presents our proposed latent-lSVM algorithm for

the nonlinear classification of very high-dimensional and large-scale multi-class datasets in multicore computers. Section 4 shows the experimental

results. Section 5 discusses about related works. We then conclude in Section 6.

2 SUPPORT VECTOR MACHINES

2.1 Support vector classification for two classes

Let us consider a binary classification problem (simple two-dimensional example depicted in Figure 1) with the dataset D consisting of m datapoints

{x1, x2, … , xm} in the n-dimensional input space Rn, having corresponding labels {y1, y2, … , ym} being ±1. For this classification problem, there are

many possible ways to separate the data into two classes. The SVM algorithm porposed by Vapnik 5 tries to find the best separating plane (denoted

by the normal vector w ∈ Rn and the scalar b ∈ R), ie, furthest from both class +1 and class −1. It is accomplished through the maximization of the

margin (or the distance) between the supporting planes for each class (x.w−b = +1 for class+1, x.w−b = −1 for class−1). The margin between these

FIGURE 1 Classification of the datapoints into two classes
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supporting planes is 2∕||w|| (where ||w|| is the 2-norm of the vector w). Any point xi falling on the wrong side of its supporting plane is considered to

be an error, its error distance denoted by zi (zi ⩾ 0). Therefore, SVM has to simultaneously maximize the margin and minimize the error. The standard

SVM pursues these goals with the quadratic programming 1.

minα(1∕2)
m∑

i=1

m∑
j=1

yiyjαiαjK⟨xi, xj⟩ − m∑
i=1

αi

s.t.

⎧⎪⎨⎪⎩
m∑

i=1
yiαi = 0

0 ⩽ αi ⩽ C ∀i = 1,2, … ,m,

(1)

where C is a positive constant used to tune the margin and the error and a linear kernel function K⟨xi, xj⟩ = ⟨xi · xj⟩.

The support vectors (for which 𝛼i > 0) are given by the solution of the quadratic programming 1, and then, the separating surface and the scalar

b are determined by the support vectors. The classification of a new data point x based on the SVM model is as follows:

predict(x, SVMmodel) = sign

(#SV∑
i=1

yiαiK⟨x, xi⟩ − b

)
. (2)

The study in Platt32 illustrated that the computational cost requirements of the SVM solutions in Equation 1 are at least O(m2) (where m is the

number of training datapoints). Variations on SVM algorithms use different classification functions.33 No algorithmic changes are required from the

usual kernel function K⟨xi, xj⟩ as a linear inner product, K⟨xi, xj⟩ = ⟨xi · xj⟩ other than the modification of the kernel function evaluation, including

• a polynomial function of degree dK⟨xi, xj⟩ = (⟨xi · xj⟩ + 1)d,

• a Radial Basis Function (RBF) K⟨xi, xj⟩ = e−𝛾||xi−xj||2
.

The SVMs are accurate models for dealing with classification, regression, and novelty detection in the very high-dimensional datasets. Successful

applications of SVMs have been reported for such varied fields including facial recognition, text categorization and bioinformatics,34 and quality

control of beer.35

2.2 Support vector classification for multi-class

There are two strategies to extend the binary SVM solver for dealing with the multi-class problems (c classes, c ⩾ 3). The first one is considering the

multi-class case in one optimization problem.36,37 The second one is decomposing multi-class into a series of binary SVMs, including one-versus-all5

and one-versus-one.38 In practice, the most popular methods are one-versus-all (reference LIBLINEAR 39) and one-versus-one (reference LibSVM
40) and are due to their simplicity. The one-versus-all strategy (as illustrated in Figure 2) builds c different binary SVM models where the ith one

separates the ith class from the rest. The one-versus-one strategy (as illustrated in Figure 3) constructs c(c − 1)∕2 binary SVM models for all the

binary pairwise combinations of the c classes. The class is then predicted with the largest distance vote.

This is the first algorithm we use in our approach (latent-lSVM) the second one (LDA) is decribed in the following section.

FIGURE 2 Multi-class support vector machine (one-versus-all)
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FIGURE 3 Multi-class support vector machine (one-versus-one)

FIGURE 4 Global support vector machine (SVM) model (left part) versus local SVM models (right part)

3 LATENT LOCAL SVM

In recent applications like the classification of texts/images, the emergence of large text benchmark LSHTC,12 Book dataset, ImageNet datasets,21,26

and Fingerprint datasets27 poses more challenges in training SVM models. The popular BoW 4 used for the representation of texts/images leads to

datasets with a very large number of dimensions (eg, many thousands of visual words with each one containing only a small amount of information).

In addition, these datasets contain large number of classes (hundreds, even thousands of classes). This yields huge classification challenges of the

very high-dimensional and large-scale multi-class datasets.

We propose a new learning algorithm of SVM, called latent-lSVM, to effectively classify very high-dimensional input spaces and large-scale

multi-class image datasets. Instead of building a global SVM model, as done by the classical algorithm which is very difficult to deal with large-scale

multi-class datasets, the latent-lSVM creates a partition of the full dataset into k joint clusters and then it is easier to learn a nonlinear SVM in each

cluster to classify the data locally. Figure 4 shows the comparison between a global SVM model (left part) learnt from the full dataset and three local

SVM models (right part) learnt from the subsets, using a nonlinear RBF kernel function with 𝛾 = 102 and a positive constant C = 105.

3.1 Latent Dirichlet allocation

Since the standard BoW model is used to represent texts/images, the training dataset is sparse (very few non-null values) and very high-dimensional

input space (many thousands of words). The LDA 29 model is well-known as an effective model for dealing with this kind of data. Therefore, we

propose to use LDA to split the full training set into k joint subsets.

The graphical LDA model as illustrated in Figure 5 is a three-level hierarhical Bayesian model, in which each document (ie, text/image) d of a

collection D is modeled as a mixture 𝜃d of k latent topics (ie, clusters), each topic t is a multinomial distribution 𝜙t over words. This means that 𝜙t

states out which words are important in topic t and 𝜃d informs which topics appear in document d. The topic mixture 𝜃d of document d is a probability

distribution drawn from a Dirichlet prior with parameter 𝛼. The distribution 𝜙t of words for mixture topic t is drawn from a Dirichlet prior with

parameter 𝛽 . For the ith word wd,i in document d, a topic assignment zd,i = t is drawn from 𝜃d and then wd,i is generated from 𝜙t.
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FIGURE 5 Graphical model representation of latent Dirichlet allocation

Given the N observed words w, the LDA inference is to compute the posterior distribution over the latent topic assignments z, the topic mixtures

𝜃 of documents, the topics𝜙. Unfortunately, computing this posterior distribution exactly is intractable.29 The collapsed Gibbs sampling algorithm is

one of the most popular method to perform approximate inference for LDA in practice.41,42 In Gibbs sampling procedure, the mixtures 𝜃 and topics

𝜙 are marginalized out, it needs only sampling the latent topic assignments z. Given the vocabulary size W, the number of times the word w assigned

to the topic t (denoted by Nw,t), the number of times a word in document d assigned to topic t (denoted by Nd,t), and the number of times topic t

assigned to words in document collection D (denoted by Nt); the conditional probability of zd,i is

p
(

zd,i = t|zd,i, α, β
)
∝ p

(
wd,i|zd,i = t, zd,i, β

)
p
(

zd,i = t|zd,i, α
)

=
Nd,i

w,t + β

Nd,i
t + Wβ

(
Nd,i

d,t
+ α

)
,

(3)

where the superscript d, i means that the count takes no account of word i in document d.

An iteration of Gibbs sampling draws a sample for zd,i according to Equation 3 for each word i in each document d and then the counts Nd,t, Nt, Nw,t

are updated. After enough iterations, the sampler converges to the target distribution, and then given z, the estimates for 𝜃 and 𝜙 are computed.

Tuning hyper-parameters𝜶 and𝜷 . While using LDA to partition the full training set into k joint subsets, it must be noted that the Dirichlet priors 𝛼

and 𝛽 significantly influence the behavior of the LDA model. 𝛼 represents document-topic density. With a higher value of 𝛼, documents are made up

of more topics, and with a lower value of 𝛼, documents contain fewer topics. 𝛽 represents topic-word density. With a high value of 𝛽 , topics are made

up of most of the words in the document collection, and with a lower value of 𝛽 , they consist of fewer words. In experimental studies,43 Griffiths and

Steyvers proposed for 𝛽 = 0.01 and α = 50

k
with the number of topics k.

We have described the two algorithms we use in our approach (latent-lSVM), let us see now, how we combine them to learn latent local SVM

model for effectively handling very-high-dimensional input spaces and large-scale multi-class image datasets.

3.2 Learning latent local SVM models

The learning algorithm latent-lSVM is described in Figure 6 and Algorithm 1. The first step of the training process is to learn a LDA 29 model, denoted

by LDAM for partitioning the full dataset Trainset into k joint clusters C1,C2, … ,Ck. It assumes that the datapoints belonging to the nearest classes
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FIGURE 6 Training algorithm of latent local support vector machine (SVM) models. LDA, latent Dirichlet allocation

have the same distribution (the homogeneous group). And then, the number of classes and the number of datapoints in each data cluster Ci(i = 1, k)
is less than the number of classes and the number of datapoints in the full dataset, as shown in Figure 4. Therefore, the construction of an ensemble

of local SVM models lSVM1(C1), lSVM2(C2), … , lSVMk(Ck) makes the second step easier than the global SVM model. We obtain the Latent-lSVM

model, denoted by Latent-lSVM-model = {LDAM, lSVM1, lSVM2, … , lSVMk}.

Since the collapsed Gibbs sampling algorithm used for LDA training, Porteous et al42 and Liu et al44 proposed the parallel implementation of

Gibbs sampling procedure. It means that the first step of Algorithm 1 learns in parallel LDAM to partition full training set D into k joint subsets

denoted by C1,C2, … ,Ck . Furthermore, the second step of Algorithm 1 needs training independently k local models from k clusters C1,C2, … ,Ck .

It is a nice property for parallelizing this task. Therefore, the simplest development of the parallel Latent-lSVM algorithm is based on the shared

memory multiprocessing programming model OpenMP 45 on multi-core computers. And then, the parallel Latent-lSVM can speed-up the training

task linearly scaling with the number of threads.
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FIGURE 7 Prediction of x with latent local support vector machine (SVM) models. LDA, latent Dirichlet allocation

3.3 Prediction in latent local SVM models

The prediction of the class for a new datapoint x is decribed in Figure 7. The LDA inference step based on the LDA model LDAM is to assign the

datapoint x to the clusters C1,C2, … ,Ck with the corresponding probabilities p1, p2, … , pk. Then, the local models lSVM1, lSVM2, … , lSVMk are used

to predict the class of x, and the results are ŷ1 = pred(lSVM1, x), ŷ2 = pred(lSVM2, x), … , ŷk = pred(lSVMk, x). Finally, the datapoint x is predicted in the

class ŷ with the largest vote among the prediction classes {p1.ŷ1, p2.ŷ2, … , pk.ŷk} (ie, the sum of the p's for the same class response over all clusters).

ŷ = the majority class in{p1.ŷ1, p2.ŷ2, … , pk.ŷk} (4)

3.4 Performance analysis

Let us examine the performance of local SVM models with the parallel Latent-lSVM algorithm.

Algorithmic complexity. We consider the two-class classification problem. The study in Platt 32 illustrated that the computational complexity

of the SVM algorithm (with respect to the solution of the quadratic programming (1)) is at least the square of the number of training datapoints. It

means that the algorithmic complexity of training a global SVM model is O(m2) (where m is the number of training datapoints).

Our latent-lSVM algorithm learns k local SVM models in the parallel way on multi-core computer. The full dataset with m individuals is partitioned

into k clusters (the cluster size is about m
k

). The computational complexity of the parallel LDA learning on P-core processor 46 is O(m
P
). The training

complexity of a local SVM is O((m
k
)2). Therefore, the algorithmic complexity of the parallel training k local SVM models on a P-core processor is

O( k
P
(m

k
)2) = O(m2

kP
).

This complexity analysis illustrates that parallel learning k local SVM models in the Latent-lSVM algorithm is kP times faster than building a global

SVM model (the complexity is at least O(m2)).

For the multi-class problem (c classes, c ⩾ 3), the one-versus-all global SVM (eg, LIBLINEAR 39) learns c binary SVM models, and the

one-versus-one global SVM (eg, LibSVM 40) performs c(c−1)∕2 binary SVM models. Furthermore, the clustering step in the Latent-lSVM algorithm

allows reducing the number of classes cred in the cluster, compared to the full training set. It means that cred = c
α

where 1 ⩽ 𝛼 ⩽ c. The local multi-class

SVM training is 𝛼 or 𝛼2 times faster than the global one using one-versus-all or one-versus-one strategies, respectively.

Generalization capacity. Turn back to Theorem 1 proposed by Vapnik. 5

Theorem 1. (Vapnik5p.139). If training sets containing m examples are separated by the maximal margin hyperplanes, the expectation (over training sets)

of the probability of test error is bounded by the expectation of the minimum of three values: the ratio sv
m

, where sv is the number of support vectors; the

ratio 1

m
R2

Δ
, where R is the radius of the sphere containing the data and Δ is the value of the margin; and the ratio n

m
, where n is the dimensionality of the

input space:

EPerror ⩽ E
{

min
(

sv
m
,

1
m

[
R2

Δ

]
,

n
m

)}
. (5)
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Theorem 1 illustrates that the maximal margin hyperplane found by the minimization of
[

R2

Δ

]
can generalize well. It means that the generalization ability

of the large margin hyperplane is high.

In the latent-lSVM, the full dataset with m datapoints is partitioned into k clusters (the cluster size is about mk = m
k

). Here, the index notation k is used

to present m in the context of the cluster (subset). And then the expectation of the probability of test error for a local SVM model (learnt from a cluster) is

bounded by

EPerror ⩽ E

{
min

(
svk

mk
,

1
mk

[
R2

k

Δk

]
,

n
mk

)}
. (6)

Without loss of generality, we consider a binary classification problem because two most popular methods, one-versus-all and one-versus-one, decompose

a multi-class problem into a series of binary ones.

The performance analysis starts with the comparison between the margin size of the global SVM model for the full dataset and the local SVM model

learnt from a cluster illustrated in Theorem 2.

Theorem 2. Given a training dataset with m datapoints X = {x1, x2, … , xm} in the n-dimensional input space Rn, having corresponding labels Y =
{y1, y2, … , ym} being ±1, a maximal margin ΔX hyperplane is to separate furthest from both class +1 and class −1, there exists a maximal margin ΔXk

hyperplane for separating a subset of mk datapoints Xk ⊂ X into two classes so that the inequality ΔXk
⩾ ΔX holds.

Proof. We remark that the maximal margin ΔX hyperplane wglobal can be seen as the minimum distance between two convex hulls, H+ of the

positive class P and H− of the negative class N (the farthest distance between the two classes, illustrated in Figure 8). For subset Xk ⊂ X con-

taining the subset of the positive class Pk ⊂ P and the subset of the negative class Nk ⊂ N, it leads to the reduced convex hull Hk+ of H+ for the

positive class and the reduced convex hull Hk− of H− for the negative class. And then the minimum distance between Hk+ and Hk− can not be

smaller than between H+ and H−. It means that the maximal marginΔXk
hyperplane wk for Xk is larger or equal than the maximal marginΔX one

for fullset X.

Theorem 3. Given a training dataset with m datapoints X = {x1, x2, … , xm} in the n-dimensional input space Rn, having corresponding labels Y =
{y1, y2, … , ym} being ±1, a model of local SVMs learnt by Latent-lSVM described in Algorithm 1 on the training dataset can guarantee the classification

performance compared to the global SVM one.

Proof. The classification performance of a local SVM model in the latent-lSVM is studied in term 1

mk

[
R2

k

Δk

]
in Equation 6. In the comparison with

the global SVM constructed for the full dataset X, a local SVM model using a subset Xk ⊂ X of mk datapoints can guarantee the classification

performance because there exists a compromise between the locality (the subset size, ie, Rk ⩽ R and mk ⩽ m) and the generalized capacity (the

margin size, ie, consequence of Theorem 2ΔXk
⩾ ΔX ).

Role of the parameter k. According to the performance analysis in terms of the algorithmic complexity and the generalization capacity, it illus-

trates that the parameter k is used in the latent-lSVM to give a trade-off between the generalization capacity and the computational complexity. This

can be understood as follows:

FIGURE 8 The comparison of the maximal margin hyperplane of the global support vector machine (ΔX ) learnt from the full dataset (X) and the
local one (Δk) learnt from the subset (Xk)
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• If k is large, then the latent-lSVM algorithm reduces significant training time (the speed up factor of local SVMs over the global one is k). And then,

the size of a cluster is small; the locality is extreme with a very low generalization capacity (respect to 1

mk

[
R2

k

Δk

]
). When k → m, the latent-lSVM

algorithm is closed to the 1 nearest neighbor classifier.

• If k is small, then the latent-lSVM algorithm reduces insignificant training time. However, the size of a cluster is large; it improves the generalization

capacity. When k → 1, the Latent-lSVM algorithm is approximated the global one.

It leads to set k so that the cluster size is large enough (eg, 200 proposed by Bottou and Vapnik47).

4 EVALUATION

We are interested in the classification performance (accuracy and training time) of our proposal (the latent-lSVM algorithm) for classifying very

high-dimensional and large-scale multi-class datasets. Therefore, we here report the comparison of the classification performance obtained by

Latent-lSVM and the best state-of-the-art algorithms, including SVM,5 AdaBoost of J48 (AdaBoost-J48 30), and random forests (RF-CART 31).

4.1 Software programs

In order to evaluate the effectiveness in classification tasks, we have implemented latent-lSVM in C/C++, OpenMP 45, using the parallel latent Dirichl

et allocation program (PLDA+ 44) and the highly efficient PmSVM23 with one-versus-all strategy for multi-class).

PmSVM replaces the kernel function K⟨xi, xj⟩ in Equations 1 and 2 of the standard SVM with the power mean kernel Mp⟨xi, xj⟩ (xi and xj ∈ Rn
+),

which is well-known as a general form of many additive kernels (eg, 𝜒2 kernel, histogram intersection kernel or Hellinger's kernel):

Mp⟨xi, xj⟩ = n∑
z=1

(xp
i,z
+ xp

j,z
)

1
p , (7)

where p ∈ R is a constant.

PmSVM also uses the coordinate descent method 48 for dealing with training tasks. Furthermore, the gradient computation step of the coor-

dinate descent algorithm and the parameter p can be estimated approximately by using polynomial regression with very low cost in both training

and testing tasks. Therefore, the use of PmSVM in our latent-lSVM implementation pursues the interesting goals of the complexity reduction (low

computational cost) and without the need of parameter tuning.

We also use the highly efficient standard SVM algorithm LibSVM 40 with one-versus-one strategy for multi-class. The rest (AdaBoost-J48,

RF-CART) are implemented in Weka library. 49 All experiments are run on a PC with Linux Fedora 20, Intel(R) Core i7-4790 CPU, 3.6 GHz, 4 cores

and 32 GB main memory.

4.2 Classification of fingerprint image datasets

We do setup experiment with seven real fingerprint datasets from our previous research 27 for comparative studies. Fingerprints acquisition

was done with Microsoft Fingerprint Reader (optical fingerprint scanner, resolution: 512 DPI, image size: 355×390, colors: 256 levels grayscale).

Datasets FP-57, FP-78, … , and FP-559 are the fingerprint images of 57, 78, … , and 559 colleagues, respectively (between 15 and 20 fingerprints

were captured for each individual – class label). And then, local descriptors are extracted with the Hessian-Affine SIFT detector proposed in Mikola-

jczyk and Schmid.50k-means algorithm 51 is used to group the descriptors into 5000 clusters.* The datasets are described in Table 1. The evaluation

protocol is illustrated in the last column of Table 1. The datasets are already divided into training set Trn and testing set Tst(approximately, respec-

tively, 2/3 and 1/3 of the full dataset). We used the training data to build and tune the parameters of classification models. Then, we classify the

testing set using the resulting models.

Tuning parameters

We propose to use RBF kernel type in SVM models because it is general and efficient. 52 Cross-validation protocol (twofold) is used to tune the

hyper-parameter 𝛾 of RBF kernel (RBF kernel of two individuals xi, xj, K[i, j] = exp(−𝛾||xi − xj||2)) and the cost C (a trade-off between the margin size

and the errors) to obtain the best correctness. The cost C is chosen in {100,101,102,103,104,105,106}, and the hyper-parameter 𝛾 of RBF kernel

is tried among {10−5,10−4,10−3,10−2,10−1,100,101}. And then, the optimal parameters with 𝛾 = 0.0001, C = 100000 give the highest accuracy

for all datasets.

AdaBoost-J48 and RF-CART build 200 trees. The out-of-bag samples (the out of the bootstrap samples) are used during the forest construction

to find the parameters of RF-CART (with p′ = 1000 random dimensions for nonterminal node splitting, min_obj = 2 for early stopping).

*The number of clusters/visual words was optimized between 500 and over 10 000; 5000 clusters are the optimum in this experiment.27
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TABLE 1 Description of fingerprint image datasets

ID Dataset #Datapoints #Dimensions #Classes Evaluation protocol

1 FP-57 1052 5000 57 700 Trn - 352 Tst

2 FP-78 1372 5000 78 950 Trn - 422 Tst

3 FP-120 1918 5000 120 1438 Trn - 480 Tst

4 FP-153 2372 5000 153 1700 Trn - 672 Tst

5 FP-185 2765 5000 185 2000 Trn - 765 Tst

6 FP-235 3485 5000 235 2485 Trn - 1000 Tst

7 FP-389 6306 5000 389 4306 Trn - 2000 Tst

8 FP-559 10270 5000 559 7270 Trn - 3000 Tst

TABLE 2 Parameters of LDA used in latent-lSVM for
fingerprint image datasets

ID Dataset #Clusters (k) Alpha (𝛼) Beta (𝛽)

1 FP-57 10 10 0.01

2 FP-78 15 10 0.01

3 FP-120 15 10 0.01

4 FP-153 15 10 0.01

5 FP-185 15 10 0.01

6 FP-235 30 10 0.01

7 FP-389 30 10 0.01

8 FP-559 30 10 0.01

Abbreviations: LDA, latent Dirichlet allocation; SVM, support
vector machine.

TABLE 3 Classification correctness (%) on fingerprint image datasets

Classification Accuracy(%)

ID Dataset AdaBoost-J48 RF-CART LibSVM Latent-ISVM

1 FP-57 91.48 93.47 95.46 98.30

2 FP-78 89.34 92.42 94.79 98.58

3 FP-120 89.17 88.33 92.50 99.05

4 FP-153 84.52 91.67 92.86 97.32

5 FP-185 85.10 89.02 93.46 97.65

6 FP-235 84.10 87.50 92.10 98.20

7 FP-389 81.95 86.30 92.65 97.75

8 FP-559 72.13 84.07 93.67 97.87

Latent-lSVM requires to tune the Dirichlet hyper-parameters of LDA. According to heuristical method proposed by Griffiths and Steyvers,43 the

good model quality has been reported for 𝛽 = 0.01 and α = 50

k
with the number of topics (clusters) k. Furthermore, Wallach et al53 illustrates that

selecting the number of topics k is one of the most important modeling choices. Latent-lSVM uses𝛽 = 0.01 and alpha, k, so that each cluster has about

500 individuals. The idea gives a trade-off between the generalization capacity 54 and the computational cost. Table 2 presents the hyper-parameters

of Latent-lSVM used in the classification.

Classification accuracy

The classification results in terms of correctness are given in Table 3 (the best ones are in bold) and Figure 9.

Latent-lSVM and LibSVM outperform RF-CART and Adaboost-J48 in the classification of all datasets. The results show that RF-CART has a

slight superiority against Adaboost-J48 (mean rank score of, respectively, 3.1 and 3.9). The accuracies of RF-CART and AdaBoost-J48 are already

somewhat less affected by the increase in the number of classes, decreasing from 93.5% to 84.07% for RF-CART and from 91.5% to 72.13% for

Adaboost-J48.

LibSVM holds the rank 2 on each experimented dataset, with a mean accuracy of 93.44%, while Latent-lSVM gets the best result on each of the

eight datasets with an average accuracy of 98.09%, which corresponds to an improvement of 4.65 percentage points compared with LibSVM. This

superiority of latent-lSVM on LibSVM is statistically significant, in so far as according to the signed rank test, the P value of the observed results (8
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FIGURE 9 Classification correctness (%) on fingerprint image datasets

TABLE 4 Classification correctness (%) on
Book dataset

Algorithm Classification Accuracy(%)

AdaBoost-J48 50.61

RF-CART 65.36

LibSVM 69.48

Latent-lSVM 70.14

wins of Latent-lSVM on LibSVM with 8 datasets) is equal to 0.007813. In addition, these two methods lose only little efficiency when the number

of classes increases, since the corresponding accuracies decrease from 98.30% to 97.87% for latent-lSVM and 95.5% to 93.67% for LibSVM.

4.3 Classification of Book dataset

Book dataset is the real book collection at the Learning Resource Center of Can Tho University in Vietnam. It consists of 114 998 books in a

quadruplet format < Title;Abstract;Keywords; Subject >. The aim is to automatically assign the subject to the book based on the information

< Title;Abstract;Keywords >. Due to the book information in Vietnamese and in English, there are not only one-syllable words but also multiple syl-

lables ones. We use JvnTextPro 55 well-known as a good Vietnamese word segmentation, to perform the word splitting. The dictionary has 89 821

vocabulary words. The representation of books in the BoW model brings out the table with 114 998 rows and 89 821 columns. Furthermore, there

are 661 subjects. Therefore, it yields huge classification challenges of very high-dimensional and large-scale multi-class dataset.† The dataset is ran-

domly divided into training set with 100 000 rows and testing set with 14 998 rows. The training set is used to build the classification model and

tune the parameters. Then, the classification results are reported on the testing set using the resulting models.

Tuning parameters

The classification models of AdaBoost-J48 and RF-CART consist of 200 trees. The training algorithm RF-CART uses p′ = 3000 random dimensions

for nonterminal node splitting, min_obj = 2 for early stopping.

The algorithm latent-lSVM partitions the training set into k = 50 joint clusters using the Dirichlet prior parameters 𝛽 = 0.01 and alpha = 10.

The optimal parameters of SVM using the RBF kernel with 𝛾 = 0.00001, C = 1000000 are chosen by the grid search with cross-validation protocol

(as described above in the classification of fingerprint images).

Classification accuracy

We obtained classification accuracies on Book dataset presented in Table 4 and Figure 10. Once again, the results show that Latent-lSVM achieves

the highest correctness with 70.14%. LibSVM and RF-CART are ranked second and third with 69.48% and 65.36%, respectively. Adaboost-J48 is

not suited for classifying Book dataset (very high-dimensional and large-scale multi-class) with the 50.61% accuracy. Latent-lSVM has a impressive

superiority against Adaboost-J48 (approximately 20%).

† Dataset available to Researchers only upon request by email (dtnghi@cit.ctu.edu.vn).
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FIGURE 10 Classification correctness (%) on Book dataset

TABLE 5 Training time (min) for Book dataset

Algorithm Training time, min

LibSVM 489.21

Latent-lSVM (1 thread) 21.50

Latent-lSVM (2 threads) 14.85

Latent-lSVM (4 threads) 11.13

Latent-lSVM (8 threads) 11.15

FIGURE 11 Training time (minute) for Book dataset. SVM, support vector machine

4.4 Training time

Given the differences in implementation, including the programming language used (C/C++ versus Java), the parallelization in multi-core, a compar-

ison of computational time is not really fair. Therefore, we only report here the training time of our latent-lSVM against LibSVM for Book dataset.

Due to the PC (Intel(R) Core i7-4790 CPU, 4 cores) used in the experimental setup, we try to vary the number of OpenMP threads (1, 2, 4, and 8

threads) for all training tasks of latent-lSVM.
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The training time of LibSVM and latent-lSVM for Book dataset presented in Table 5 and Figure 11 shows that the latent-lSVM using 1 thread is

22.75 times faster than LibSVM. The training time of Latent-lSVM is improved while increasing the number of threads. However, with the restriction

of our computer (4 cores), there is no speedup in training process of Latent-lSVM when we set the number of threads over 4. Finally, the latent-lSVM

using 4 threads is 1.93 and 43.95 times faster than the one using 1 thread, LibSVM, respectively.

5 DISCUSSION ON RELATED WORKS

Our proposal is in some aspects related to local SVM learning algorithms. The first approach is to classify data in hierarchical strategy. This kind of

training algorithm performs the classification task with two main steps. The first one is to cluster the full dataset into homogeneous groups (clus-

ters) and then the second one is to learn the local supervised classification models from clusters. The paper of Jacobs et al 56 proposed to use

the expectation-maximization clustering algorithm 57 for partitioning the training set into k joint clusters (the expectation-maximization clustering

algorithm makes a soft assignment based on the posterior probabilities 58); for each cluster, an NN is learnt to classify the individuals in the cluster.

The mixture of SVMs algorithms proposed by Kwok,59 Collobert et al,60 and Fu and Robles-Kelly 61 construct local SVM models instead of NN ones

in Jacobs et al.56 CSVM 62 uses k-means algorithm 51 to partition the full dataset into k disjoint clusters; then, the algorithm learns weighted local

linear SVMs from clusters. More recent kSVM 63, krSVM 64 (random ensemble of kSVM), and tSVM 65 propose to parallely train the local nonlin-

ear SVMs instead of weighting linear ones of CSVM. DTSVM 66,67 uses the decision tree algorithm 68,69 to split the full dataset into disjoint regions

(tree leaves), and then the algorithm builds the local SVMs for classifying the individuals in tree leaves. These algorithms aim at speeding up the

learning time.

The second approach is to learn local supervised classification models from k nearest neighbors (kNN) of a new testing individual. First local

learning algorithm of Bottou and Vapnik 47 find kNN of a test individual; train an NN with only these k neighborhoods and apply the resulting network

to the test individual. k-local hyperplane and convex distance nearest neighbor algorithms are also proposed in Vincent and Bengio.70 More recent

local SVM algorithms aim to use the different methods for kNN retrieval, including SVM-kNN 71 trying with different metrics, ALH 72 using weighted

distance and features, and FaLK-SVM 73 speeding up the kNN retrieval with the cover tree.74

A theorical analysis for such local algorithms discussed in Vapnik75 introduces the trade-off between the capacity of learning system and the

number of available individuals. The size of the neighborhoods is used as an additional free parameter to control generalization capacity against

locality of local learning algorithms.

Incremental SVM learning methods 76–80 improve memory performance for massive datasets by updating solutions in a growing training set

without needing to load the entire dataset into memory at once.

Evolving fuzzy rule-based classifiers proposed by Angelov et al81,82 use the various architectures (single model and multi-model) and learning

mechanisms for dealing with data streams in online mode. Pratama et al83 and Lughofer et al84 propose on-line adaptation, evolution, and incremen-

tal active learning strategies to develop these evolving fuzzy-rule-based classifiers for stream data. Evolving fuzzy rule-based classifiers are applied

in fault detection and diagnosis 85 and activity recognition.86

6 CONCLUSION AND FUTURE WORKS

In order to deal with the increasing amount of data electronically stored, we have presented a novel machine learning algorithm, latent-lSVM, that

achieves high performances for classifying very high-dimensional and large-scale multi-class datasets in multi-core computers. Experimental results

are led with two kinds of datasets: image classification and text classification. Latent-lSVM algorithm uses LDA to group, in a first step, text/images

into clusters to reduce the number of data-points and the number of training classes. Then the Latent-lSVM learns the PmSVM model for each

cluster, in a parallel way, to nonlinearly classify the data locally. The experimental results on seven real datasets of fingerprint images showed that

latent-lSVM algorithm is very efficient in comparison with RF-CART, AdaBoost of J48, and libSVM (the average improvement goes from 4.65% to

13.37%). Latent-lSVM achieves an accuracy of 97.87% in the classification of fingerprint dataset having 5000 dimensions into 559 classes. The

accuracy is improved too on text classification datasets compared to other state of the art algorithms. This means that our algorithm performs

better than others, concerning accuracy, for large scale and high-dimensional datasets with large number of classes. Furthermore, it performs the

classification in a very rapidly way due to the parallelization of the learning task in multi-core computers and does not require high memory capacity.

It can be adapted to the available memory of the computer used.

In the near future, we intend to develop a distributed implementation for large scale processing on an in-memory cluster-computing platform,

Apache Spark 87 (running times or up to 100× faster than Hadoop MapReduce, or 10× faster on disk). A promising future research aims at auto-

matically tuning the hyper-parameters of Latent-lSVM. We would like to provide more empirical test on large scale benchmarks like ImageNet

datasets21,26 and comparisons with other large scale linear SVM solvers.24,39,88
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