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Abstract In this paper, a fast-convergence distributed
support vector machine (FDSVM) algorithm is proposed,
aiming at efficiently solving the problem of distributed
SVM training. Rather than exchanging information only
among immediate neighbor sites, the proposed FDSVM
employs a deterministic gossip protocol-based commu-
nication policy to accelerate diffusing information around
the network, in which each site communicates with others
in a flooding and iterative manner. This communication
policy significantly reduces the total number of iterations,
thus further speeding up the convergence of the algorithm.
In addition, the proposed algorithm is proved to converge
to the global optimum in finite steps over an arbitrary
strongly connected network (SCN). Experiments on
various benchmark data sets show that the proposed
FDSVM consistently outperforms the related state-of-the-
art approach for most networks, especially in the ring
network, in terms of the total training time.

Keywords support vector machine, message passing
interface, distributed computing, parallel computing, con-
vergence, speedup

1 Introduction

As a powerful learning algorithm based on the statistical
learning theory [1], support vector machine (SVM)
recently receives increasing popularity in the community
of data mining, for it delivers impressive generalization
performance in a wide variety of machine learning
problems, such as text categorization [2], face recognition
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[3], bioinformatics [4], and the like. However, the
computation and storage requirements of SVMs increase
rapidly with the number of training vectors, rendering
many problems of practical interest out of their reach.
Various approaches have been proposed over the last
decade, aiming at improving the efficiency of SVM.

Traditional researches focus on accelerating the sequen-
tial algorithm of SVM [5-7]. One approach, namely,
chunking, divides the training data into smaller subsets that
are optimized iteratively until the global optimum is
reached [6,7]. Sequential Minimal Optimization (SMO),
which reduces the chunk size to two vectors, is the most
popular algorithm of this kind [7]. Another optimization
strategy, namely, shrinking, consists in eliminating non-
support vectors earlier in the training process. The SVM"s
proposed in Ref. [5] incorporates the shrinking technique
with caching of the kernel data, achieving considerable
savings in computation cost.

In attempts to obtain better efficiency, parallel comput-
ing techniques are adopted to exploit the parallelism in the
sequential algorithm of SVM, which have been proved
more suitable than chunking and shrinking approaches,
especially on large-scale data sets [8,9]. A parallel
implementation of SVM"¢™ utilizes a novel technique,
namely, variable projection method, to solve the parti-
tioned subproblems [9]. Cao et al. in Ref. [8] identified the
most costly operations in a modified SMO algorithm [10]
and then parallelize these tasks to deliver a great speedup.
There also exist some variations of the standard SVM that
are better suited for parallelization [11,12]. Nevertheless,
parallel implementations of SVM usually require a
centralized access to the training data set, while the
dependencies among operations within a single iteration
impose limits on the potential functional parallelism.

More recently, a distributed computing framework is
incorporated to break through the limits of current
parallelization mechanisms. Since the support vectors
(SVs) naturally represents the discriminative information
of a data set, SVMs are inherently suited for a distributed
framework where different sites can potentially exchange
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only a small portion of training data, i.e., the local SVs.
Syed et al. proposed the first distributed SVM algorithm
that finds SVs locally and processes them altogether in a
central processing site; the solution of which, however, is
not globally optimal [13]. In Ref. [14], Graf et al.
developed a cascade SVM that guarantees the global
optimum, in which multiple processors for training SVM
are organized as a binary cascade architecture. Wang and
Jia improved upon the cascade SVM by designing a
delicate “multi-trifurcate cascade” (MTC) architecture
[15]. The MTC-SVM utilizes the multiplexing technique
to process data in a pipelining manner, which is claimed to
obtain fast feedback and high utilization ratio of computing
nodes. Both the cascade SVM and the MTC-SVM,
however, are constrained to a specific network topology.
Lu et al. proposed a distributed parallel SVM (DPSVM) in
a general network configuration, namely, strongly con-
nected network (SCN), in which multiple nodes exchange
local SVs with the immediate neighbors and together
converge to a single global optimum in an iterative fashion
[16]. A most recent work puts forward a distributed SVM
in ad hoc sensor networks, in which a dynamic consensus
algorithm is used to evaluate the global nonlinear classifier
[17]. Their algorithm, nevertheless, gives only a sub-
optimal solution. To the best of our knowledge, the
DPSVM in Ref. [16] is the fastest DSVM that not only
guarantees the global optimum but also puts few restric-
tions on the network topology configuration.

In this paper, we propose a fast-convergence distributed
support vector machine (FDSVM) for distributed data
classification in strongly connected networks, which is
mainly motivated by the observation that the DPSVM
experiences a severe degradation of performance under the
environment of sparse networks, e.g., the ring network
[16]. In general, the proposed FDSVM improves upon the
original DPSVM to obtain faster convergence speed while
retaining a globally optimal solution. The principle of the
proposed algorithm consists in accelerating the informa-
tion diffusion over the SCN by relaxing the communica-
tion constraints of exchanging the local SVs only between
immediate neighbors. The updated communication policy
allows each site to not only send its own local SVs but also
forward newly received SVs until all the sites completely
collect the total set of local SVs. Intuitively, this relaxation
may increase the communication cost per iteration;
however, the acceleration of information fusion will
significantly reduce the number of iterations to converge,
which in turn achieves substantial savings in the total
computation cost. Empirical studies are carried out on
various benchmark data sets with several network topology
configurations. The experimental results indicate that the
proposed approach outperforms the DPSVM for most
networks, especially in the ring network, in terms of the
total training time.

The remainder of the paper is organized as follows. The
DPSVM in SCN is reviewed in the next section. Section 3

presents the algorithmic flow and implementation of the
proposed FDSVM. The empirical study is given in Sect. 4,
followed by some concluding remarks and suggestions for
future research in Sect. 5.

2 Brief overview of DPSVM in SCN

2.1 Problem

Consider the following problem for distributed training
SVM. The training data are assumed to be arbitrarily
distributed among L sites within an SCN. An SCN is a
directed network in which it is possible to reach any node
starting from any other node by traversing the directed
edges.

Suppose there are N, training vectors in site / and N
training vectors in all sites, where ZlelNl = N. Each
training vector is denoted by z;,i=1,2,...,N, where
z; €R", and y; € {—1,+4 1} is its label. As to a site /, its
task is to seek a hyperplane to separate the positively and
negatively labeled instances in the local training set N,. The
hyperplane is defined by w'z + b = 0, where w € R" is a
vector orthogonal to the hyperplane, and b € R is the
bias. The decision function is thus defined as
H(x) = sgn(w'z +b). To maximize the generalization
ability of SVM, the algorithm seeks to maximize the
margin of the classifier, which is further defined by the
distance of the two parallel hyperplanes w'z + b = 1 and
wiz4+ b= -1, ie, 2/|w|*. For general linearly non-
separable problems, a set of slack variables &; is introduced
so as to allow the misclassification of some training
vectors. More details about the SVM classification
problem are provided in Ref. [1].

2.2 Algorithm

For the convenience of description, some notations used

throughout this paper are summarized in Table 1.
Specially, SVs are the training vectors that lie on the

marginal boundary or are misclassified, which represent

the discriminant information of the underlying
Table 1 Some notations used in the paper

symbol definition

t the number of an iteration in the computation process

! the site number of a site in the target distributed system

L total number of sites in the target distributed system

E total number of directed links in the target distributed system
N total training data set

Ny total SVs in the global training data set

N local training set in site / at iteration ¢

IPS; the set of all the immediate precedent sites of site /

IDS; the set of all the immediate descendant sites of site /




218 Front. Electr. Electron. Eng. 2012, 7(2): 216223

classification problem. The basic idea of DPSVM lies in
exchanging SVs among the immediate neighbor sites over
an SCN and updating the local classifier for each site
iteratively, until every site converges to a global optimal
solution. Algorithm 1 presents the main steps of DPSVM.

Algorithm 1  Algorithmic flow of the original DPSVM

1. Initialization: The iteration number and local SV sets are reset,
t<0, SV <@, 1 =12,..,L. The local training sets are initialized
arbitrarily such that U%_ N0 = N.

2. repeat

3. tet+1

4. for eachsite /, / = 1,2,...,Ldo

S. Receive SVs from its immediate precedent sites IPS;

6 Update the local training set, N™ <N 1U{x,:x; € SP™ 1,
Vm € IPS;}

7. Solve the problem on N"and record the optimal objective value Wt

8. Calculate the local SV set SV, and pass it to all sites in IDS;
9. end for
10. until 2" = p""! forall 1 = 1,2,....L

Lu et al. in Ref. [16] first proved that the DPSVM
satisfies both conditions of global lower bound and
nondecreasing, which together ensure that the stopping
criterion, A" = K1 VI € {1,2,....L}, can be met in finite
number of iterations. Meanwhile, it is proved that the SV
sets of the immediately adjacent sites are identical once
upon the DPSVM converges. Given that each site in an
SCN is accessible by every other site, SV’ will converge to
the SV set for the union of total training vectors from all
the sites, Ngy, which guarantees that the final local solution
of each site is globally optimal. For rigorous proofs of
convergence to the global optimum, refer to Ref. [16].

2.3 Performance study

The DPSVM is tested in Ref. [16] with a broad range of
parameter settings, including network configuration (size
and topology), synchronization policy, online implementa-
tion option, and initial data distribution. The empirical
study indicates that the DPSVM is robust within a wide
variety of initial data distributions. In the meantime, the
synchronous implementation always dominates the asyn-
chronous one in terms of the total training time, while the
online implementation is much faster than the offline one.
On the other hand, the experimental results also reveal that
network configuration has a dramatic impact on the
performance of DPSVM. Taking into account both the
size and topology of a network, a new metric, namely, the
density of a network d, is defined as follows:
E

Iy

where FE is the total number of the directed links, and L is
the total number of sites in the distributed system. It is
reported that the DPSVM scales well for most network
topologies (including binary cascade, random sparse,
random dense, and fully connected), with the exception
of the ring network that is the sparsest SCN topological
structure. In general, denser network topologies outper-
form sparser ones, while there is a remarkable decline of
performance in terms of convergence speed over the ring
network. The great degradation can be mostly attributed to
the sharp increase in the total number of iterations, which is
in turn determined by the low information exchange rate
(in the ring network, the precedent site receives informa-
tion from its descendant after at least L —1 iterations).

3 The proposed distributed SVM

3.1 Motivation

The algorithm proposed in this paper is mainly motivated
by the observation that the DPSVM achieves state-of-the-
art performance in network topologies with medium or
high density while undergoing a severe degradation in the
ring network that is representative of sparse networks.
Thus, it is natural to consider how to obtain a comparative
performance in the ring network compared with the denser
network topologies.

First, let us take a closer look into the training time of
DPSVM. In general, the total training time, 7}, can be
roughly divided into two main parts, 7., and T,,,,,. The
former stands for the computation cost of solving the local
optimization problem in each site, while the latter stands
for the communication cost of exchanging the local SVs
over the SCN. The communication cost per iteration is
proportional to the number of exchanged SVs. Given that
the total number of SVs is limited compared with the total
training data set, both the T, and T, are assumed to
be roughly proportional to the total number of iterations.
This assertion is in accordance with the experimental
results plotted in Ref. [16], especially in both the ring
network and the fully connected network. Therefore, the
deficiency of DPSVM in the ring network could be mostly
attributable to the sharp increase in the total number of
iterations to convergence.

Why does DPSVM converge over the ring network in a
much larger number of iterations? We will readily find that
the information fusion in the ring network is much slower
than that in the dense networks, e.g., the fully connected
network. It takes at least L — 1 iterations for a site in the ring
network to receive information from its descendant site
while only a single iteration in the fully connected
network. Furthermore, it is the constraint of exchanging
local SV sets only between neighbor sites that slows down
the information fusion around the sparse networks, in
which a site is connected to just a limited portion of the
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whole sites in the distributed environment. By contrast, a
site in the fully connected network is able to receive
local SV sets from all the other sites in just a single
iteration.

Thus, it is natural to guess that if the rate of information
fusion over an arbitrary SCN equals that in the fully
connected network, the DPSVM would converge in nearly
the same number of iterations. This could be achieved by
removing the constraints of exchanging information only
between immediate neighbors, allowing each site to not
only send its own local information but also forward the
information received from neighbors iteratively, until a
consistent state is reached. Since the strong connectivity of
an SCN ensures that each site in the network can be
accessed from any other site, the communication process
under this updated policy will surely end up with every
site’s collecting total information from all the other sites in
the network. This situation is consistent with what the
DPSVM acts in the fully connected network. Given that
the computation cost accounts for the main part of the total
training time, although the new communication policy
might increase the communication cost per iteration, the
modified DPSVM would deliver the same comparative
performance over an arbitrary SCN as compared with the
fully connected network, for the total number of iterations
would be remarkably reduced.

3.2 Algorithm flow

As stated above, the principle of the proposed FDSVM
consists in the acceleration of fusing information across an
arbitrary SCN, which improves upon the original DPSVM
by relaxing the restrictions in communication within a
single iteration. The new communication policy allows
each site to send its own local SVs and forward the
received SVs from its neighbors as well, until every site
collects the total SVs from all the other sites.

In general, the proposed FDSVM works as follows.
Each site within an SCN first trains the local SVM
classifier via the local training data set and calculates the
local SVs. After that, every site keeps sending the local
SVs and forwarding the newly received SVs to its
descendant sites. Meanwhile, each site keeps receiving
the SVs from its precedent sites, until there is no newly
arrived information. Then, the local training data set is
updated by adding the total local SVs from all the other
sites, and the local SVs are recalculated. The distributed
computation process is repeated until the stopping criterion
is satisfied, i.e., all the sites converge to the globally
optimal solution. Algorithm 2 shows the main steps of the
proposed FDSVM.

3.3 Communication strategy

Unlike the original DPSVM in which each site is restricted
to exchange SVs only with its immediate neighbors via the

Algorithm 2 Algorithmic flow of the proposed FDSVM

1. Initialization: The iteration number and local SV sets are reset,
t<0, SV" @, 1=12,.,L. The local training sets are initialized
arbitrarily such that UL N0 = N.

2. repeat
3. tet+1
4. for eachsite [,/ =1.2,...,.Ldo

5. Keep receiving SVs from its immediate precedent sites /PS), until there
is no newly arrived information

6. Update the local training set, N* «N"~'U{x :x; € Sy™ 1,
Vm e {1,2,...]-1,1 + 1,...L}}

7. Solve the problem on N*/, and record the optimal objective value /4"’
8. Calculate the local SV set SV, and pass it to all sites in /DS,

9. Forward the received SVs to all sites in IDS)

10.  end for

11. until A = p¥"! forall [ =12,...,L

directed links, the proposed FDSVM allows transmitting
information between any two sites over an SCN.
Intuitively, this relaxation will accelerate fusing informa-
tion across the SCN; however, it will also increase the
communication cost per iteration. Thus, how to diffuse
information effectively and efficiently is the key to the
success of the proposed FDSVM.

Since each site has a unique piece of initial information,
the problem of information fusion in the proposed FDSVM
can be formalized as a consensus problem (also named as
virtual synchronization in some literature [18]), in which
all the sites should finally agree on a certain state, i.e., the
full set of SVs in the proposed FDSVM. Gossip protocol,
also named epidemic protocol [19], has long been
recognized as a satisfactory solution to information
dissemination in distributed systems, which is appealing
for its robustness, simplicity, and scalability [20-22]. In
this paper, a deterministic gossip protocol-based commu-
nication strategy is deployed.

In the view of a single site, the communication process
mainly consists in spreading information in a flooding and
iterative manner. Specifically, each site begins with
sending its own local SVs to the sites in /DS, while
receiving the local SVs from the sites in /PS,. After then, it
keeps forwarding the received SVs to IDS; until there is no
newly arrived SVs from [PS,. In the end, every site will
completely collect the local SVs from all the other sites in
the distributed system, rather than only those from its
immediate precedent sites in the original DPSVM.
Theoretically, the complexity of the proposed communica-
tion strategy is bounded by di, where di refers to the
diameter of the network. Furthermore, the diameter of a
network is defined as the length of the shortest path (i.e.,
the number of links in the path) between the furthest pair of
nodes in the network.
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3.4 Proof of convergence

Proposition 1  The proposed FDSVM in an arbitrary
SCN acts the same as the original DPSVM in the fully
connected network with the same sites.

Proof Without loss of generality, we only consider the
site / at iteration . In the proposed FDSVM, the site / will
not start the computation process until it collects the local
SVs of the previous iteration from all the other sites in the
SCN. That is, the local training data set of the site / at
iteration ¢ can be denoted as

N« N"TU{x; € SV
Vm € {1,2,...,]- L1+ 1,..L}}.

On the other hand, considering the original DPSVM in
the fully connected network with the same sites, the site /
starts processing its data upon receiving the local SVs of
the previous iteration from all the immediate precedent
sites, i.e., the sites in IPS;, which means that the local
training set can be defined as

NY <N 'U{x; :x; € SV™ !, Ym € IPS}}.

Given the full connectivity of the network, the site /
has a two-way link to any other site, i.e.,
IPS; = {1,2,...,1- 1,1 + 1,...,.L}, which indicates that every
site in the proposed FDSVM has the same local training set
at the same iteration as that in the original DPSVM. Since
the result of SVM algorithm is only determined by the
status of the training data set, it is safely concluded that the
proposed FDSVM in an arbitrary SCN acts the same as the
original DPSVM in the fully connected network with the
same sites. [

Theorem 1  The proposed FDSVM over an arbitrary
SCN converges to the global optimal solution in finite
steps.

Proof Proposition 1 shows that the proposed FDSVM
in an arbitrary SCN acts the same as the original DPSVM
in the fully connected network with the same sites. Given
that the original DPSVM over an SCN has been proved to
converge to the global optimal solution in finite steps [16]
while the fully connected network is clearly an SCN, we
could conclude that the proposed FDSVM over an
arbitrary SCN converges to the global optimal solution in
finite steps. [

In addition, the proof above also reveals that the
proposed FDSVM is expected to have similar performance
with the original DPSVM in the fully connected network,
which is to be validated in Sect. 4.

3.5 Implementation

Lu et al. in Ref. [16] have demonstrated that their proposed
DPSVM has a suite of implementation options. These
implementation options have dramatic impact on

1) MPJ Express Project. http://mpj-express.org/

Front. Electr. Electron. Eng. 2012, 7(2): 216223

performance in terms of training time and communication
overhead. Taking into consideration the recommendations
made in Ref. [16], we choose the implementation options
of our proposed FDSVM as follows.

Network configuration includes two main measures of a
network, size, and topology. Limited by the number of
severs available, the proposed FDSVM is implemented in
a distributed system with only four sites. However, as
pointed in Ref. [16], it is no longer very meaningful to have
more than N/Ng sites, where Ng;- denotes the number of
SVs for the global problems. In addition, with the number
of the distributed sites increasing, the efficiency of parallel
implementation declines, in which the metric of efficiency
is defined as the obtained speedup divided by the number
of sites available. Thus, the distributed system with four
sites is thought to be a rational tradeoff between the cost
and utilization of the computation resource. On the other
hand, network topology is also a key issue in the
distributed algorithm implementation. Three network
topology configurations are considered in our proposed
FDSVM, including a ring network, a random dense
network, and a fully connected network, all of which are
depicted in Figs. 1(a), 1(b), and 1(c), respectively.

(@)

Fig. 1 Three network configurations used in implementation of
the proposed FDSVM. (a) Ring network, d = 0.33; (b) random
dense network, d = 0.83; (c) fully connected network, d = 1.0

Timing of local computation also plays an important role
on the effect of data accumulation, furthermore, training
speed. We adopt the synchronous strategy in the proposed
FDSVM, in which each site will not start processing local
data until it has completely collected the SVs from all the
other sites. The synchronous strategy indicates that each
site. may need to wait for all the other sites to finish
processing. To minimize the gap among the computation
cost of all the sites, we uniformly distribute the total
training data around all the sites in the initialization phase.

4 Experimental details
4.1 Test bed

To verify the advantages of our algorithm, we implement
both the proposed FDSVM and the DPSVM in Java with
MPJ Express", which is the Java version of Message
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Passing Interface (MPI). The LibSVMVYERSION 29 ig adopted
as our local SVM solver, in which a slack factor is
introduced, while the penalty factor parameter is set to the
default value, 10.2 We test our proposed algorithm over
the data sets provided by University of California, Irvine,
at the website of LibSVM?, including ala, a2a, a3a, ada,
aSa, aba, a7a, a8a, and a9a, which are derived from the
famous UCI repository broadly cited in the field of
machine learning® (the detailed characteristics of these
benchmark data sets are shown in Table 2). Throughout
this section, we use Intel Core 2 2.13 GHz processor with 1
GB RAM to solve local SVM problem while the
distributed system is connected by 100 Mb/s LAN.

Table 2 Benchmark data sets used in comparison study

data set fftraining vectors ftfeatures fclasses
ala 1605 123 2
ala 2265 123 2
a3a 3185 123 2
ada 4781 123 2
aSa 6414 123 2
aba 11220 123 2
a7a 16100 123 2
a8a 22696 123 2
a9a 32561 123 2

4.2 Closer investigation of DPSVM

We first implement the original DPSVM and take a closer
look into the composition of its running time. The DPSVM
is run in the ring network using all the benchmark data sets
listed in Table 2. The running time is plotted in Fig. 2, in
which the total training time is split into three different
parts, including computation cost, communication over-
head, and cost of all the other operations (file manipulation,
initialization, and termination of the parallel run-time
environment, etc.).

The results indicate that the computation cost accounts
for the main portion of the total training time, especially
with the number of training vectors increasing. Taking the
benchmark of a6a, a medium-scale data set, as an example,
the computation cost amounts to 72.34% of the total
running time, while the communication overhead takes up
only a comparatively low percentage, i.e., 16.88%. Thus,
we would preferably consider the optimization of compu-
tation cost, even at the expense of sacrificing the
communication efficiency, which will more remarkably
reduce the total training time.

On the other hand, the original DPSVM is implemented
over the three different networks shown in Fig. 1 using all

250000 QD others
1 communication cost —
200000k [ computation cost
@
2 150000f
=0
&=
g 100000
50000 \
f} L | Se— —|H|| | |n I

ala a2a a3a ad4a a5a aba a7a aBa a9

data set

Fig. 2 Composition of original DPSVM’s running time in ring
network

the benchmark data sets. The results are shown in Fig. 3,
which cohere with the conclusion made in Ref. [16] that
the convergence of DPSVM slows down with decreasing
network density.

600000  —3—ring
r —O—random dense
500000 —A— fully connected

400000

3000001

200000

total training time/ms

100000

0O

ala a2a a3a ada aS5a aba a7a aBa a%a

data set

Fig. 3 Comparison of performance of original DPSVM over
different networks

4.3 Performance comparison between DPSVM and
FDSVM

In this section, the proposed FDSVM is compared with the
DPSVM over the three different networks depicted in
Fig. 1. It is noticeable that both algorithms do not stop until
convergence, which indicates that the final results of both
algorithms over each benchmark data set are identical.
We first record the total training time in terms of elapsed
CPU seconds. The results over three different network
configurations are plotted in Figs. 4(a), 4(b), and 4(c),

2) Chang C C, Lin C J. LibSVM: A library for support vector machines. http://www.csie.ntu.edu.tw/~cjlin/libsvm/
3) LibSVM data: Classification (binary class). http://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/
4) Frank A, Asuncion A. UCI Machine Learning Repository. http://archive.ics.uci.edu/ml
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respectively.

The proposed FDSVM consistently outperforms the
DPSVM in the ring network and the random dense
network, which is in accordance with our assertion made in
Sect. 3.1 that the proposed algorithm would have

550000 F [_JDPSVM
500000 [ FDSVM
450000
400000
350000
300000
250000
200000
150000
100000
50000

0

| N TR O |

total training time/ms

ala a2a a3a ada aSa aba aZ7a aBa a9
data set

(a)
180000
160000 -
140000
120000

CprsvMm
I FDSVM

100000

80000
60000
40000
20000

0

total training time/ms

ala a2a a3a ada aSa aba aZ7a aBa a9
data set

(b)

160000 I DPSVM
ool [ FpsvMm

120000

100000

80000 -

60000

total training time/ms

40000
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0
ala a2a a3a ada aSa aba a7a aBa a9

data set
(c)

Fig. 4 Comparison of performance of the proposed FDSVM and
DPSVM with three different network configurations. (a) Ring
network; (b) random dense network; (c) fully connected network

advantages over the original DPSVM in terms of
convergence speed. In the fully connected network, both
algorithms obtain similar performance, which empirically
validates the deduction made in Sect. 3.5 that the proposed
FDSVM acts the same as the DPSVM over the fully
connected network. To sum up, the gap between the
performance of both algorithms becomes more remarkable
with the density of the network decreasing.

Furthermore, we take a closer investigation into the
improvement of performance, in which the running results
are recorded in terms of the total number of iterations to
convergence. The results are presented in Table 3, which
explain the performance gap between the two algorithms
well. The proposed FDSVM takes only two iterations to
converge in all the three networks, the number of which is
equivalent to that of the DPSVM in the fully connected
network. This could attribute to the communication policy
used in the FDSVM, which achieves the same rate of
information fusion over an arbitrary SCN as that of the
DPSVM in the fully connected network.

Table 3 Convergence speed of FDSVM and DPSVM in terms of total
number of iterations

random dense fully connected

ring network

data set network network
DPSVM FDSVM DPSVM FDSVM DPSVM FDSVM

ala 5 2 3 2 2 2
a2a 5 2 3 2 2 2
a3a 5 2 3 2 2 2
ada 5 2 3 2 2 2
a5a 5 2 3 2 2 2
aba 5 2 3 2 2 2
a7a 5 2 3 2 2 2
a8a 5 2 3 2 2 2
a9a 5 2 3 2 2 2

5 Conclusion and future study

In this paper, a distributed algorithm, namely, FDSVM, is
proposed for distributed training SVM, which mainly
improves upon the original DPSVM [16] in attempts to
obtain faster convergence speed. The inspiration of the
proposed FDSVM mostly comes from the observation that
the DPSVM experiences a severe deficiency in the ring
network due to a sharp increase in the number of iterations
to converge. Rather than simply exchanging information
among immediate neighbor sites, a deterministic gossip
protocol-based communication policy is deployed to
accelerate diffusing information around the network,
aiming at reducing the number of iterations upon
convergence. This improvement significantly decreases
the computation cost, which accounts for the main portion
of the total training time. Besides, the proposed FDSVM
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over an arbitrary SCN is proved to converge to the global
optimum in finite steps. Empirical study conducted on
various benchmark data sets shows that the proposed
FDSVM consistently outperforms the DPSVM for most
networks, especially in sparse networks, e.g., the ring
network, in terms of the total training time.

In addition to the topology of the network, the size of the
network is also an influential factor to the algorithm
performance. However, the size exceeding N/Ng) is proved
to be meaningless [16], for the communication and waiting
cost introduced will offset the gain of parallelization. Our
further research is mainly concerned with the incorporation
of both functional parallelism and data parallelism, which
is expected to improve the scalability.
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