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ABSTRACT
We propose the parallel bagging support vector machines
using stochastic gradient descent (Bag-SVM-SGD) on multicore computers for effectively classifying very-high-dimensional
and large-scale multi-class datasets. The Bag-SVM-SGD
learns in a parallel way from under-sampling training dataset
to create ensemble binary SVM-SGD classifiers used in the
One-Versus-All (OVA) multi-class strategy for performing
text/image classfication tasks with million of datapoints in
millions of dimensions and thousands of classes. The numerical test results on four large scale multi-class datasets
(ImageNet, LSHTC4, Book) show that our Bag-SVM-SGD algorithm is faster and more accurate than the state-of-the-art
linear algorithm LIBLINEAR. An example of its effectiveness is given with an accuracy of 62.41% obtained in the
classification of LSHTC4 dataset having 728,067 datapoints
in 1,617,900 dimensions into 2,713 classes in 104.15 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 one billion daily active users - nearly one-third of
all people on the Internet (around 46% of the world population) - on Youtube and Facebook (Twitter, Amazon and
Yahoo! have even more). 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. The
automatic classification of texts/images plays an important
role in information management tasks, including auto-tagging
emails, news, images, detecting or discovering topics, filtering. The popular frameworks for text/image classification
[Fabrizio 2002; Manning et al. 2008; Sivic and Zisserman
2003] involves the main steps as follows: the feature extraction of texts/images, encoding features, the representation
of texts/images with the Bag-of-Words (BoW [Salton et al.
1975]) model and training supervised classifiers such as naı̈ve
Bayes, decision trees, support vector machines (SVM [Vapnik 2000]). The dictionary has millions 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 data without any
feature selection or reduction methods [Do 2014; Do and
Tran-Nguyen 2016; Doan et al. 2015; Dumais et al. 1998;
Joachims 1998; Lewis and Gale 1994; Li and Perona 2005;
Sivic and Zisserman 2003; Wu 2012].
Nevertheless, the emergence of new benchmarks of text/image
classification tasks yields huge classification challenges of veryhigh-dimensional and large-scale multi-class. For example,
ImageNet dataset [Deng et al. 2010, 2009] has more than 14
million images and 21, 841 classes. LSHTC4 dataset [Partalas
et al. 2015] has 2.4 million documents and 325, 000 classes.
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Our Book dataset consists of 115, 000 abtracts and 661 subjects. It is very hard for any machine learning algorithm to
be able to handle such datasets.
This challenge motivates us to study the bagging support
vector machines using stochastic gradient descent (Bag-SVMSGD) for effectively dealing with very-high-dimensional and
large-scale multi-class datasets. We propose to extend the
binary SVM-SGD algorithm [Bottou and Bousquet 2008;
Shalev-Shwartz et al. 2007] to develop the bagging binary
SVM-SGD classifiers learnt from under-sampling training
dataset. These Bag-SVM-SGD models trained in the parallel
way on multi-core computers are used in the One-VersusAll multi-class strategy to perform text/image classfication
tasks with million of datapoints in millions of dimensions and
thousands of classes. The numerical test results on large scale
multi-class datasets (ImageNet, LSHTC4, Book) show that
our Bag-SVM-SGD algorithm is faster and more accurate
than the state-of-the-art linear algorithm, LIBLINEAR [Fan
et al. 2008].
The paper is organized as follows. Section 2 briefly introduces the SVM-SGD algorithm and our proposed BagSVM-SGD algorithm for dealing with very high-dimensional
and large-scale multi-class datasets in multi-core computers.
Section 3 shows the experimental results. We then conclude
in section 4.

2

BAGGING SUPPORT VECTOR
MACHINES USING THE
STOCHASTIC GRADIENT DESCENT
FOR LARGE-SCALE MULTI-CLASS
DATSETS
2.1 Support vector machine for binary
classification

T-N. Do et al.
where λ is a positive constant used to tune the trade-off
between the margin size and the error.
And then, [Bottou and Bousquet 2008; Shalev-Shwartz
et al. 2007] proposed the stochastic gradient descent (SGD)
method to solve the unconstrained problem (1). The SGD
for SVM (denoted by SVM-SGD) updates w on T epochs
with a learning rate η. For each epoch t, the SVM-SGD uses
a single randomly received datapoint (xi , yi ) to compute the
sub-gradient ∇t Ψ(w, [xi , yi ]) and update wt+1 as follows:
wt+1 = wt − ηt ∇t Ψ(w, [xt , yt ])
= wt − ηt (λwt + ∇t L(w, [xt , yt ]))

∇t L(w, [xt , yt ]) = ∇t max{0, 1 − yt (w.xt )}

−yt xt
if yt (w.xt ) < 1
=
0
otherwise

(2)

(3)

The SVM-SGD using the update rule (2) is described in
algorithm 1.
Algorithm 1: SVM-SGD(D, λ, T ) for binary classification
input :
training dataset D
positive constant λ > 0
number of epochs T
output :
hyperplane w
1
2
3
4

begin
init w1 s.t. ∥w1 ∥ ≤ √1λ
for t ← 1 to T do
randomly pick a datapoint [xt , yt ] from
training dataset D
1
set ηt = λt
if (yi (wt .xi ) < 1) then
wt+1 = wt − ηt (λwt − yi xi )
else
wt+1 = wt − ηt λwt
end
end
return wt+1
end

Let us consider a binary classification problem with the
5
dataset D = [X, Y ] consisting of m datapoints X = {x1 , x2 , . . . , xm }
6
in the n-dimensional input space Rn , having corresponding
7
labels Y = {y1 , y2 , . . . , ym } being ±1. The SVM algorithm
8
porposed by Vapnik [Vapnik 2000] tries to find the best sep9
arating plane (denoted by the normal vector w ∈ Rn ), i.e.
10
furthest from both class +1 and class −1. It is accomplished
11
through the maximization of the margin (or the distance)
12
between the supporting planes for each class. The margin
13
between these 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
As mentioned in [Bottou and Bousquet 2008; Shaleverror distance denoted by zi = 1 − yi (w.xi ) ≥ 0. The error
Shwartz et al. 2007], the SVM-SGD algorithm quickly conzi is rewritten by L(w, [xi , yi ]) = max{0, 1 − yi (w.xi )}. And
verges to the optimal solution due to the fact that the unthen, SVM has to simultaneously maximize the margin and
constrained problem (1) is convex optimization problems on
minimize the error. The SVM pursues these goals with the
very large datasets. The algorithmic complexity of SVM-SGD
unconstrained problem (1).
is linear with the number of datapoints. An example of its
effectiveness is given with the binary classification of 780,000
datapoints in 47,000-dimensional input space in 2 seconds on
m
λ
1 X
a PC and the test accuracy is similar to standard SVM, e.g.
min Ψ(w, [X, Y ]) = ∥w∥2 +
L(w, [xi , yi ])
(1)
2
m i=1
LIBLINEAR [Fan et al. 2008].
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Figure 1: Multi-class SVM (One-Versus-All)
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Figure 2: Multi-class SVM (One-Versus-One)

2.2

Parallel bagging SVM-SGD for
large-scale multi-class

When dealing with very large number of classes, e.g. c = 1, 000
classes, the One-Versus-One strategy is too expensive because
it needs training 499, 500 of binary classifiers and using them
in the classification (compared to 1, 000 binary models learned
by the One-Versus-All strategy). Therefore, the One-VersusAll strategy is suited for handling this case. And then, we
propose to use the One-Versus-All approach to train c binary
SVM-SGD classifiers. However, the multi-class SVM-SGD
algorithm using One-Versus-All leads to the two problems:

class 2
0.6
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Support vector machines 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 [Guermeur 2007; Weston and Watkins 1999]. The
second one is decomposing multi-class into a series of binary
SVMs, including One-Versus-All [Vapnik 2000], One-VersusOne [Kreßel 1999]. In practice, the most popular methods
are One-Versus-All (ref. LIBLINEAR [Fan et al. 2008]), OneVersus-One (ref. LibSVM [Chang and Lin 2011]) and are due
to their simplicity. The One-Versus-All strategy (as illustrated
in Figure 1) builds c different binary SVM models where the
ith one separates the ith class from the rest. The One-VersusOne strategy (as illustrated in Figure 2) 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.

(1) the SVM-SGD algorithm deals with the imbalanced
datasets for building binary classifiers,
(2) the SVM-SGD algorithm also takes very long time to
train very large number of binary classifiers in sequential mode using a single processor,
Due to these problems, we propose the parallel bagging
SVM-SGD algorithm (denoted by Bag-SVM-SGD) being able
to efficiently handle the large number of datapoints in veryhigh dimensional input space and large-scale multi-class on
standard personal computers (PCs). The first one is to build
ensemble binary classifiers with under-sampling strategy. The
second one is to parallelize the training task of all binary
classifiers with multi-core machines.
Bagging binary SVM-SGD classifier
In the multi-class SVM-SGD algorithm using One-VersusAll approach, the learning task of binary SVM-SGD classifier
is try to separate the ci class (positive class) from the c − 1
other classes (negative class). For very large number of classes,
this leads to the extreme unbalance between the positive
and the negative class. The problem of binary SVM-SGD
comes from line 4 of algorithm 1. Given a classification
problem with 1, 000 classes, the probability for a positive
datapoint sampled is very small (about 0.001) compared with
the large chance for a negative datapoint sampled (e.g. 0.999).
And then, the binary SVM-SGD classifier focuses mostly on
the negative datapoints. Therefore, the binary SVM-SGD
classifier has difficulty to separate the positive class from the
negative class, well-known as the class imbalance problems.
One of the most popular solutions for dealing with the
imbalanced data [Japkowicz 2000; Visa and Ralescu 2005;
Weiss and Provost 2003] is to change the data distribution,
including over-sampling the minority class [Chawla et al.
2003] or under-sampling the majority class [Liu et al. 2009;
Ricamato et al. 2008]. Nevertheless, over-sampling the minority class is very expensive due to large datasets with millions
datapoints.
Given the training dataset D consists of the positive
class D+ (|D+ | is the cardinality of the positive class ci )
and the negative class D− (|D− | is the cardinality of the
negative class). Our bagging binary SVM-SGD trains κ
SVM-SGD classifiers {w1 , w2 , . . . , wκ } from mini-batch using
under-sampling the majority class (negative class) to separate
the positive class ci from the negative class. Since the original
bagging [Breiman 1996] uses bootstrap sampling from the
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training dataset without regard to the class distribution. Our
bagging SVM-SGD follows the idea of bagging in more appropriate strategy for dealing with class imbalanced. At the
ith iteration, the mini-batch mBi includes np datapoints randomly sampling
q without replacement from the positive class
|D |

D+ and np |D−
datapoints sampling without replacement
+|
from the negative class D− , and then the learning algorithm
1 learns wi from mBi . Such a mini-batch improves the chance
for a positive datapoint sampled in learning algorithm 1. The
Bag-SVM-SGD averages all classifiers {w1 , w2 , . . . , wκ } to
create the final model w for separating the class ci from other
ones. The Bag-SVM-SGD is described in algorithm 2.
Algorithm 2: Bag-SVM-SGD(ci , D, λ, T, κ) classifier used in the One-Versus-All approach of largescale multi-class SVM
input :
positive class ci versus other classes
training dataset D
positive constant λ > 0
number of epochs T
number of SVM-SGD models κ
output :
hyperplane w
1
2
3

4
5

begin
splitting training dataset D into
the positive data D+ (class ci ) and the negative
data D−
for i ← 1 to κ do
creating a mini-batch mBi by sampling
without replacement np datapointsq
from D+
′
′
and D−
from D− (with |D−
| = np

6
7
8
9

|D− |
)
|D+ |

wi = SVM-SGD(mBi , λ, T )
end
P
return w = κ1 κi=1 wi
end

Parallel training of Bag-SVM-SGD
The Bag-SVM-SGD algorithm independently trains c binary classifiers for c classes in multi-class SVM-SGD. This
is a nice property for parallel learning. The main idea is to
learn c binary classifiers in parallel to speedup training tasks
for large-scale multi-class datasets. The simplest development
of parallel Bag-SVM-SGD described in algorithm 3 is based
on the shared memory multiprocessing programming model
OpenMP on multi-core computers.

3

EVALUATION

In order to evaluate the performance (accuracy and training time) of the Bag-SVM-SGD algorithm for classifying a
large amount of data in very-high-dimensional and largescale multi-class, we have implemented the Bag-SVM-SGD
in C/C++, OpenMP [OpenMP Architecture Review Board
2008]. We are interested in the best state-of-the-art linear

Algorithm 3: Parallel training ensemble binary BagSVM-SGD classifiers in the One-Versus-All approach
of large-scale multi-class SVM
input :
training dataset D with c classes
positive constant λ > 0
number of epochs T
number of SVM-SGD models κ
output :
hyperplanes {w1 , w2 , . . . , wc }
1
2

3
4
5
6

begin
#pragma omp parallel for
schedule(dynamic)
for ci ← 1 to c do
/* class ci */
wci = Bag-SVM-SGD(ci , D, λ, T, κ)
end
end

SVM algorithm, LIBLINEAR (a library for large linear classification [Fan et al. 2008], the parallel version on multi-core
computers). Therefore, we here report the comparison of the
classification performance obtained by the Bag-SVM-SGD
and the LIBLINEAR.
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.

3.1

Description of datasets

The Bag-SVM-SGD algorithm is designed for dealing with a
large amount number of data in very-high-dimensional and
large-scale multi-class, so we have evaluated its performance
on the four following datasets.
ImageNet 100
This dataset consists of the 100 largest classes from ImageNet [Deng et al. 2010, 2009], including 183,116 images. In
each class, we sample 50% images for training and 50% images for testing (with random guess 1%). First, we construct
BoW of every image using dense SIFT descriptor (extracting
SIFT on a dense grid of locations at a fixed scale and orientation [Lowe 2004; Vedaldi and Fulkerson 2010]) and 5,000
codewords. Then, we use feature mapping from [Vedaldi and
Zisserman 2012] to get the high-dimensional image representation in 15,000 dimensions. This feature mapping has been
proven to give a good image classification performance with
linear classifiers [Vedaldi and Zisserman 2012].
ILSVRC 2010
This dataset contains 1,000 classes from ImageNet [Deng
et al. 2010, 2009], including 1.2 million images for training,
50 thousand images for validation and 150 thousand images
for testing (with random guess 0.1%). We use BoW feature
set provided by [Deng et al. 2010] and the method reported
in [Wu 2012] to encode every image as a vector in 21,000
dimensions. We take roughly 900 images per class for training
dataset, so the total training images is 887,816.
Book collection
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Table 1: Training time (minutes) on ImageNet 100
# OpenMP threads
1
63.42
30.49
26.13
7.00

Algorithm
LIBLINEAR
Bag-SVM-SGD

70

60

Training time (minutes)

Book dataset is the real book collection at the Learning Resource Center of Can Tho University in Vietnam. It consists
of 114998 books in a quadruplet format:
< T itle; Abstract; Keywords; Subject >.
The aim is to automatically assign the subject to the book
based on the information < T itle; Abstract; Keywords >.
Due to the book information in Vietnamese and in English,
there are not only one-syllable words but also multiple syllables ones. We use JvnTextPro [Nguyen et al. 2010] 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, 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 randomly divided into training set
with 100,000 rows and testing set with 14,998 rows (with
random guess ∼ 0.1513%).
LSHTC4 dataset
The LSHTC4 dataset [Partalas et al. 2015] is a benchmark
for large-scale text classification. The dataset originates from
the DBpedia site. The LSHTC4 is represented in the BoW
model. The dictionary has 1,617,900 vocabulary words. The
categories in the DBpedia site have the complex relationships.
Since the LSHTC4 is multi-label benchmark, a text (datapoint) may belong to more than one category with respect
to the hierarchy of categories. We convert the multi-label
LSHTC4 to the multi-class one. The top category is assigned
for a text. Furthermore, the dataset only includes the categories having more than 100 individuals. We obtain the
new multi-class LSHTC4 dataset with 728,067 datapoints
in 1,617,900 dimensions into 2,713 classes. And then, the
dataset is randomly divided into training set with 628,067
rows and testing set with 100,000 rows (with random guess
∼ 0.0369%).
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Figure 3: Training time (minutes) on ImageNet 100

3.2

Tuning parameters

With such large datasets in very high-dimensional, linear
SVM models have given competitive performances compared
to non-linear classifiers but training and testing are much
faster [Doan et al. 2013; Yuan et al. 2012]. That is why we
propose to use linear SVM models for classifying these large
datasets in the experiments.
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.
The positive constant C = 100, 000 (a trade-off between
the margin size and the errors in learning SVM algorithms,
the same tuning in [Do 2014; Do and Tran-Nguyen 2016;
Doan et al. 2015]) was used in LIBLINEAR.
Our Bag-SVM-SGD algorithm learns κ = 50 binary SVMSGD classifiers and regularization term λ = 0.00002 to separate one class from other ones.
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, 4 threads) for all training tasks.

3.3

Classification results

Firstly, we would like to compare the training time of the
Bag-SVM-SGD to the LIBLINEAR on four large-scale multiclass datasets as described above.
Training time
Table 1 and Fig. 3 present the training time of algorithms
for ImageNet 100. It shows that the Bag-SVM-SGD is 4.36
times faster than LIBLINEAR with 4 OpenMP threads.
For ILSVRC 2010 having large amount of images (1 million
images) and very large number of classes (1,000 classes), the
LIBLINEAR using 4 OpenMP threads takes 1,037.00 minutes
to train the classification model for this dataset. Our BagSVM-SGD algorithm performs the learning task in 37.04
minutes with the same setting (4 OpenMP threads). This
indicates that the Bag-SVM-SGD is 28 times faster than the
LIBLINEAR.
For Book collection having medium number of texts (100,000
texts) and large-scale multi-class (661 classes), the training

4
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Table 2: Training time (minutes) on ILSVRC 2010
# OpenMP threads
1
3106.48
1037.00
145.14
37.04

10

3,000

2,500
Training time (minutes)

12

4

Training time (minutes)

Algorithm
LIBLINEAR
Bag-SVM-SGD

14

8

6

4
2,000

2
1,500

0
1-Thread

4-Threads

1,000

500

LIBLINEAR

0
1-Thread

Bag-SVM-SGD

Figure 5: Training time (minutes) on Book collection

4-Threads

Table 4: Training time (minutes) on LSHTC4
LIBLINEAR

Bag-SVM-SGD

Algorithm
LIBLINEAR
Bag-SVM-SGD

Figure 4: Training time (minutes) on ILSVRC 2010
Table 3: Training time (minutes) on Book collection

Algorithm
LIBLINEAR
Bag-SVM-SGD

# OpenMP threads
1
12.34
5.57
1.47
0.46

time of the LIBLINEAR using 4 OpenMP threads is 5.57
minutes, compared to 0.46 minutes of the Bag-SVM-SGD.
Once again, the Bag-SVM-SGD is 12.11 times faster than
the LIBLINEAR.
LSHTC4 is the bigest dataset with 600,000 texts in 1,617,900
dimensions into 2,713 classes. The LIBLINEAR can not deal
with LSHTC4 due to the Segmentation fault (core dumped)
error. The Bag-SVM-SGD has finished the training task in
381.59 minutes (using 1 OpenMP thread) and 104.15 minutes
(using 4 OpenMP threads).
Training time reported in tables 1, 2, 3 and 4 show that
our Bag-SVM-SGD can reduce learning time linearly with
the number of cores used in training tasks.

4

# OpenMP threads
1
N/A
N/A
381.59
104.15

Classification accuracy
Table 5 and Fig. 7 present the classification results in terms
of accuracy. The Bag-SVM-SGD achieves very competitive
correctness compared to the LIBLINEAR on ImageNet 100
and Book collection datasets.
ILSVRC 2010 is a very large-scale multi-class dataset.
Thus, it is very difficult for many state-of-the-art algorithms
to obtain a high rate in classification performance. In particular, with the feature set provided by ILSVRC 2010 competition the state-of-the-art system [Deng et al. 2010] reports an
accuracy of approximately 19% (it is far above random guess,
0.1%). More recent, Balanced trees [Mai et al. 2017] can
achieve 20.45% correctness. Our Bag-SVM-SGD algorithm
gives a higher accuracy rate than [Deng et al. 2010] and with
the same feature set (22.61% versus 19%). The improvement
is about 3.61%. The Bag-SVM-SGD also outperforms the
LIBLINEAR with an improvement of 2.5% correctness rate.
Only Bag-SVM-SGD has finished the training task on
LSHTC4 dataset with an accuracy of 62.28%.

4
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Table 5: Overall classification accuracy (%)

Algorithm
LIBLINEAR
Bag-SVM-SGD

ImageNet 100
54.07
53.70

Dataset
ILSVRC 2010
21.11
22.61

LSHTC4
N/A
62.41

70

400

350

60

Classification accuracy (%)

300
Training time (minutes)

Book
64.61
64.69

250

200

150
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1-Thread

4-Threads

0
ImageNet 100

ILSVRC 1000

Book

LSHTC4

Bag-SVM-SGD
LIBLINEAR

Bag-SVM-SGD

Figure 6: Training time (minutes) on LSHTC4
Figure 7: Overall classification accuracy (%)
These results show that our Bag-SVM-SGD has a great
ability to scale-up to a large amount of datapoints in veryhigh-dimensional input space and large-scale multi-class.

4

CONCLUSION AND FUTURE
WORKS

We have presented the parallel bagging support vector machines using stochastic gradient descent (Bag-SVM-SGD) on
multi-core computers that achieves high performances for
dealing with a large amount of data in very-high-dimensional
and large-scale multi-class. The main idea of the Bag-SVMSGD is to learn in a parallel way from under-sampling training
dataset to create ensemble binary SVM-SGD classifiers used
in the One-Versus-All (OVA) multi-class strategy for performing classfication tasks with million of datapoints in millions
of dimensions and thousands of classes. The numerical test
results on four large scale multi-class datasets (ImageNet,
LSHTC4, Book) show that our Bag-SVM-SGD algorithm

is faster and more accurate than the state-of-the-art linear
algorithm LIBLINEAR.
In the near future, we intend to develop a distributed
implementation for large scale processing on an in-memory
cluster-computing platform, Apache Spark [Zaharia et al.
2010] (running times or up to 100x faster than Hadoop
MapReduce, or 10x faster on disk).
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