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Parallel Implementation of Back-Propagation
Algorithm in Networks of Workstations

S. Suresh, S.N. Omkar, and V. Mani

Abstract—This paper presents an efficient mapping scheme for the multilayer perceptron (MLP) network trained using back-
propagation (BP) algorithm on network of workstations (NOWSs). Hybrid partitioning (HP) scheme is used to partition the network and
each partition is mapped on to processors in NOWs. We derive the processing time and memory space required to implement the
parallel BP algorithm in NOWs. The performance parameters like speed-up and space reduction factor are evaluated for the HP
scheme and it is compared with earlier work involving vertical partitioning (VP) scheme for mapping the MLP on NOWs. The
performance of the HP scheme is evaluated by solving optical character recognition (OCR) problem in a network of ALPHA machines.
The analytical and experimental performance shows that the proposed parallel algorithm has better speed-up, less communication
time, and better space reduction factor than the earlier algorithm. This paper also presents a simple and efficient static mapping
scheme on heterogeneous system. Using divisible load scheduling theory, a closed-form expression for number of neurons assigned
to each processor in the NOW is obtained. Analytical and experimental results for static mapping problem on NOWs are also
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IN the last few decades, extensive research has been
carried out in developing the theory and the application
of Artificial Neural Networks (ANNs). ANN has emerged
to be a powerful mathematical tool for solving various
practical problems like pattern classification and recogni-
tion [1], medical imaging [2], speech recognition [3], [4], and
control [5]. Of the many Neural Network (NN) architectures
proposed, the Multilayer Perceptron (MLP) with Back-
Propagation (BP) learning algorithm is found to be effective
for solving a number of real world problems. The speed and
storage space requirements to implement this can be
circumvented using parallel computing techniques [6], [7],
(8], [9], [10], [11], [12], [13], [14], [15], [16], [17], [18], [19],
[20], [21]. Since ANNSs are inherently suitable for parallel
implementation, a lot of research is being carried out to
implement ANN in commercially available parallel com-
puters like Distributed-memory Message Passing Multi-
processor (DMPM) [6], Connection machine [7], the warp
[8], the MPP [9], and the BBN Butterfly [10]. The MLP
network trained using BP algorithm can be parallelized by
partitioning the number of patterns [11], [12], or by
partitioning the network [20], [21], [22], [23], [24], [25],
[26], or by combination [11]. Several researchers have
developed parallel algorithms for implementing in different
types of parallel computers like transputers [16], systolic
arrays [18], [20], multiple bus system [14], and hypercube
[11], [27] for diverse range of applications. A detailed
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survey on parallel implementations of BP algorithm in a
variety of computer architectures is given in [16].

As the cost of dedicated parallel machines is high,
computing on a network-of-workstations (NOWs) is proven
to be economical alternative for a wide range of engineering
applications [24]. The most important feature for these
computing networks is that it enables the use of existing
resources. Furthermore, these resources can be shared with
the other applications that require them. For a small
application, computing on NOW is comparable with
hypercube multiprocessor [25]. Mapping fully connected
MLP on homogeneous SUN 3/50 workstation is considered
in [26].

In [26], the vertical partitioning (VP) scheme is used to
divide the MLP into m equal subnetworks and each
subnetwork is mapped on a processor in the network. In
many real world problems, MLP with an equal number of
neurons in all layers is quite uncommon. From a practical
point of view, the requirement of homogeneous NOW setup
may not be viable and finding optimal mapping of NN
architecture is computationally intensive. The intention of
the present work is to remove these restrictions by focusing
on the development of a very efficient scheme for general
MLP network in heterogeneous NOWSs. This paper also
provides a framework for comparing the proposed method
with existing scheme [26].

This paper presents a hybrid partitioning (HP) scheme for
general MLP network with parallel BP learning algorithm on
heterogeneous NOWs. The proposed HP scheme avoids
recomputation of weights and require less communication
cycle per pattern. The communication of data among the
processors in the computing network is carried out using
grouped All-to-All broadcast (GAAB) scheme [29]. We derive
a closed-form expression for training single pattern in NOWs
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and also obtain the performance parameters like speed-up,
space reduction factor, and optimal number of processors for
homogeneous environment. In order to compare the pro-
posed scheme with earlier VP scheme [26], the training time of
VP scheme for single pattern in general MLP network is
derived and also the closed-form expression for the perfor-
mance parameters is obtained. The VP and HP scheme are
evaluated using optical character recognition problems in
homogeneous ALPHA workstations. The analytical and
experimental results show that the proposed HP scheme
performs better than the VP scheme.

Another important issue in parallel algorithm is mapping
the NN architecture onto the computing network. The
optimal mapping problem depends on the type of computing
network and workloads. Based on the type of workloads, the
mapping scheme can be divided into static mapping and
dynamic mapping problems. In the case of static, the NN is
partitioned and mapped on to the computing network and
this partition remains until training process is completed. In
the case of the dynamic mapping problem, the NN partition
will change with time due to other workloads in the
computing network. The mapping problem is a nonlinear
mixed integer programming optimization problem with
communication and memory constraints. The optimal static
mapping of MLP network in multicomputers is formulated as
mixed integer programming problem in [28]. The mapping
problem can be solved using approximate linear heuristic
optimization methods [14], [22]. An attempt to solve the static
mapping problem using genetic algorithm is described in
[16], [31]. The mapping problem using the approximate linear
heuristic methods and genetic algorithm is computationally
intensive.

In this paper, we also present a simple and computa-
tionally less intensive approach for static mapping problem
in NOWs. For static mapping to be meaningful, the
workstations are assumed to run in a single-user environ-
ment. The HP scheme provides a platform to formulate the
static mapping problem as scheduling divisible loads in
NOWs. In recent years, there is a great deal of attention
focused on divisible load scheduling problem in a dis-
tributed computing system/network, consisting of a num-
ber of processors interconnected through communication
links [33]. A divisible load can be divided into any number
of fractions and can be processed independently on the
processors as there are no precedence relationships. In other
words, divisible load has the property that all the elements
in the load require the same type of processing. Recent
research papers in divisible load theory can be found in
[34]. Using the concept of scheduling divisible loads, a
closed-form expression is derived for the number of
neurons assigned to each processor. The analytical and
experimental studies are carried out in a heterogeneous
ALPHA workstations. The results show that the HP scheme
using scheduling divisible loads is computationally less
intensive.

The use of computation intensive applications in NOWs
has the following advantages. NOWS provide high-degree of
performance isolation, i.e., they allow analysis of behavior on
a node-by-node basis or factor-by-factor basis. NOWs
provide incremental scalability of hardware resources. Well
tuned parallel programs can be easily scaled to large
configurations because additional workstations can always
be added to NOW. The NOW also offer much greater

communication speed at lower price using switch-based
networks such as ATMs. NOWs also provide distributed
service and support, especially for file systems. The techno-
logical evolution allows NOW to support a variety of
disparate workloads, including parallel, sequential, and
interactive jobs, as well as scalable computation intensive
applications [35]. This paper provides a theoretical frame-
work on analytical performance estimation and comparison
of different parallel implementation of BP algorithm in
NOWs.

The paper is organized as follows: In Section 2, we
introduce the BP algorithm and mathematical model for
execution of the algorithm in a uniprocessor simulation.
Section 3 describes the proposed HP scheme and also
derives the training time required to execute the parallel
BP algorithm. In Section 4, we present an earlier VP scheme
and expression for training time. We compare the analytical
performances of both the schemes in Section 5. The optimal
mapping of proposed scheme in heterogeneous NOWs
using divisible load scheduling is presented in Section 6.
Experimental performances of both the schemes on NOWs
are presented in Section 7 and the results are discussed in
Section 8.

2 MATHEMATICAL MODEL FOR BP

In this paper, we consider a fully connected MLP network
trained using BP algorithm with patternwise approach. A
single hidden layer MLP network with a sufficient number
of hidden neurons are sufficient for approximating the
input-output relationship [32]. Hence, in our analysis, we
consider MLP with three layers (I=0,1,2) having N
neurons in each layer. The different phases in the learning
algorithm and corresponding processing time are discussed
in the following sections.

2.1 Back-Propagation Algorithm
The BP algorithm is a supervised learning algorithm, and is
used to find suitable weights, such that for a given input
pattern (U°) the network output (Y;?) should match with the
target output (¢;). The algorithm is divided into three
phases, namely, forward phase, error BP phase, and weight
update phase. The details on each of these phases and the
time taken to process are discussed below.

Forward phase: For a given input pattern U", the activation
values of hidden and output layer are computed as follows:

N/*l
v, —f<ZWZ;U}1>’ i=L2- N, ()
=

where f(.) is a bipolar sigmoidal function. Let ¢, t,, and ¢,
be time taken for one floating point multiplication, addition,
and calculation of activation value, respectively. The time
taken to complete the forward phase (t;) is by

ty = N'(N" + N?) M, + t,.(N* + N'), (2)

where M, = t,, + t,.

Error back-propagation phase: In this phase, the deviation
between the network output and the target value is back-
propagated to all the neurons through output weights. The
67 term for ith neuron in output layer is given by
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Fig. 1. Parallel architecture for MLP in HP scheme.

61'2:()/iQ_ti)f,(')i:1727"'7N27 (3)

where f'(.) is the first derivative of the activation function.
The term (6}) for ith hidden neuron is given by
N2
621:f,()ZW]226]27 Z:1a2::N1 (4)
=1
The time taken to complete the error back-propagation

phase is represented by ¢, and is calculated as

ty = N'N*M,. (5)
Weight update phase: In this phase, the network weights
are updated and the updation process of any W}; depends

on the value of 6; and Y/~

W, =Wh+ney] ™ 1 = 1,2, (6)

where 7 is the learning rate. The time taken to update the

weight matrix between the three layers is represented by ¢3

and it is equal to

ty = N'(N* + N°)M,. (7)
Let t,. = BM,. The total processing time (7,) for
training a single pattern is the sum of the time taken to

process the three phases and is given as

Tseq =11+t +t3

= [N'K + BN?| M,, ®)

where K = 2N° + 3N? + .

Inputs

3 DISTRIBUTED PARALLEL ALGORITHM

In this section, we describe the proposed parallel BP algorithm
to train MLP in homogeneous NOWs.

3.1 Hybrid Partitioning Scheme

The Hybrid partitioning (HP) algorithm is a combination of
neuronallevel as well as synapticlevel parallelism [16]. Incase
of neuronal level parallelism or vertical slicing, all incoming
weights to the neurons local to the processor is kept in one
processing element. In synaptic level parallelism, each processor
willhave only the outgoing weight connections of the neurons
local to the processors. In the HP scheme, the hidden layer is
partitioned using neuronal level parallelism and weight
connections are partitioned on the basis of synaptic level
parallelism. The parallel architecture of the MLP network
used in the proposed scheme is shown in the Fig. 1. In case of a
homogeneous m-processor network, the hidden layer is
partitioned into % neurons and the input and output neurons
are common for all the processors, i.e., the blocks A and Bin
Fig. 1 are common for all the processors. The blocks P, A, and
B are kept at processor py, blocks P;, A, and B are kept at
processor p;, respectively. Each processor will store the
weight connections between the neurons local to the
processor.

3.2 Parallel Algorithm

Since we have partitioned the fully connected MLP network
into m partitions and then mapped onto m processors, each
processor is required to communicate with every other
processors to simulate the complete network. Each of the
processors in the network execute three phases of BP training
algorithm. Parallel execution of the three phases and the
corresponding processing time for each phases are calculated.
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Forward phase: In this phase, the activation value of the
neurons local to the processors are calculated. For a given
input pattern, using (1), we can calculate the activation
value for the hidden neurons. But, we need the activation
values and the weight connections (w?/) of neurons present
in other processors to calculate the activation values of
output neurons. Broadcasting the weights and activation
values are circumvented by calculating the partial sum of
the activation values of the output neurons. This partial
sum is exchanged between the processors to calculate the
activation values of the output neurons. The approximate
time taken to process the forward phase (¢7) is given by

0 N! 0 2 2 0
tl:ﬁ(N + N? + B)M, + BN°M, + T, (9)

com?

where TY, . is time taken to communicate the partial sum to
all the processors in the network.

Error propagation phase: In this phase, each processor
calculates the error terms &' for the local neurons. The
approximate time taken for processing error back-propaga-
tion phase (&) is

1
g = N M,.

= (10)

Weight update phase: In this phase, the weight connec-
tions between the neurons local to that processor alone
are updated. To update the weight connection between
the ith hidden neuron and jth input neuron, we need
activation value at the jth input neuron and ¢! term in the
ith hidden neuron. Since both the activation value as well
as the error term are present in the processor, no
intercommunication is required. The processing time to
update the weight connections (¢3) is given by

o N 0 2
3 =— (N"+ N?)M,. (11)
m
Let 7) be the time taken to train a single pattern in
proposed HP scheme, and it is equal to the algebraic sum of
time taken to process all the three phases.

(12)

1

T) =1+t +ty = [%K + N%} M, +1T,.

In the GAAB scheme [29], all the values to be broadcast

are grouped together and broadcasted as a single message.

This reduces the overhead for processing each broadcast.

The communication time to broadcast a message of size D
in GAAB scheme is calculated below:

teom = m(,Tini + Tt‘g(D))7 (13)

where T, is time taken to send/receive one floating point
number, T;,; is communication start-up time, and ¢(D) is
the scaling of grouped broadcast scheme. Normally, g(D) is
much less than D, which is the worst case for one-to-one
broadcast scheme [29].
The communication time (7)) required for broad-
casting data of size N? is given by
T:om AJL“

= m[Tin; + T.g(N?)] = mA? (14)

com

where Tj,; = M,a, t. = M7y, and A% = a+ vg(N?).

By substituting (14) in (12), we obtain

Nl
Ty=| K+ N?*B+mA°, | M,.

(15)

The processing time in the HP approach shows that the
computation time (the first term in the above equation) will
decrease with the increase in number of processors and
communication time (proportional to number of processors)
as in (14) will increase with the increase in number of
processors.

4 DISTRIBUTED PARALLEL ALGORITHM

We now derive the expression for time taken to train the
MLP with parallel BP algorithm described in [26].

4.1 Vertical Partitioning Scheme

In [26], the MLP network is vertically partitioned (VP) into
m partitions and each partition is mapped on to a processor
in NOWs. In the VP scheme, each layer having N ! neurons,
is divided into ],\TL’ neurons that are assigned to each
processor in the computing network. The weight connec-
tions are partitioned on the basis of combination of inset
and outset grouping scheme [16]. This leads to duplication
of weight vectors in different processors and results in extra
computation in weight update phase.

4.2 Parallel Algorithm

Parallel execution of the three phases of the BP algorithm
and the corresponding training time for each phase are
calculated for VP scheme.

Forward phase: In order to calculate the activation values
of the output neurons, we need activation value of all the
hidden neurons. Hence, before starting the calculation of
activation values of output neurons, the activation values of
neurons in the hidden layer are exchanged between the
processors. Let the time taken to execute the communication
process be equal to t! . The time taken to process forward
phase (¢}) is equal to the sum of time taken to compute
activation values of the local neurons and communication
time (¢! ).

com

(16)

com”*

7 Nl . N-
;= (N + N+ ) M, + 2 BM, + 1]

Error propagation phase: In order to calculate the term §' in
the local hidden neurons, we need error term &> of all the
output neurons present in the other processors. Hence, the
time taken to compute error propagation phase (¢3) is equal
to the sum of the computation time required for calculating
the error terms §' and communication time (2, ) required to
broadcast the term 6.

1
N N2M, + ¢

CR
t2 - m com*

(17)

Weight update phase: Since the VP scheme has a
duplicated weight vector, we need an extra computational
effort to keep the consistency in the weight connection. The
time taken to process this phase (3) is equal to the sum of
the time taken to update the weight connection between the
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neurons local to that processor and the time taken to update
the duplicated weight connections.

N! N?
th="— <2N2 -—

+ N“> M,.
m m

(18)
Let 75 =tl ~+1t . The total processing time in
VP algorithm (7}) for training a single pattern is the sum
of time taken to process the three phases and is given as
[NV N N?

T; - [m (K+N2 _—) +8 :|M(1+Tfmn (19)
Using the GAAB scheme given in (13), the total
commumcatlon time (7?,,) required to broadcast the data

com

of size & and A is given as
Teom = MAcom M, (20)
where A3 = 2o+ W[g( ) + g( )}
The training time (19) can be modified as
s N! N B s
T; = {m <K+N2 m) + = N? +Amm} w o (21)

The processing time for the VP scheme also shows that
the computation time will decrease with increase in the
number of processors and the communication time will
increase with increase in the number of processors.

5 ANALYTICAL PERFORMANCE COMPARISON

In this section, we calculate the various performance
measures like speed-up, space reduction ratio, maximum
number of processors, and optimal number of processors.
We also provide the processing time difference between the
two methods. Finally, we present the advantages of the
HP scheme over the VP scheme.

5.1 Maximum Number of Processors

Let the maximum number of processors for the VP scheme
be M and the HP scheme be ;. The maximum number of
processors for the VP scheme is equal to number of hidden
neurons or number of output neurons, whichever is the
minimum, i.e., min(N!, N?). In most of the practical cases,
M? = N? since the number of output neurons is always less
than the number of hidden neurons. The maximum number
of processors M, used in the HP scheme is equal to the
number of hidden neurons N!'. Since N' >> N?, the
proposed HP scheme exploits parallelism very well.

5.2 Speed-Up Analysis
Speed-up for m-processor system is the ratio between the
time taken by uniprocessor (m = 1) to the time taken by
parallel algorithm in m-processor network.

T

S(m) =24,

T (22)

From (8) and (15), the speed-up ratio for the proposed
HP scheme (S°(m)) can be formulated as

N'K + N8
MK+ N2+ mAe

m com

5%(m) =

(23)
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Similarly, from (8) and (21), speed-up ratio for the
VP scheme (5%(m)) is

N'K + N23
MK+ N2 -2 4 V34 mAs

com

S%(m) = (24)

In most of the practical problems, N' >> N?, then the
term N2( is small and neglected in the speed-up equation.
Hence, the speed-up ratio for both the algorithm is
modified as below:

N'K
Nt 0
m K+ mAmm
N'K
Z\IK N1N2( )

m m?

§°(m) = (25)

S5(m) = (26)

+ mAs

com

If the network size is extremely larger than the number
of processors m, then the speed-up ratio will approach m in
HP approach and it is less than m for VP scheme. This is
due to extra computation required in weight updation
phase and extra communication in exchanging the hidden
neurons activation values.

Suppose, if N! = N? =
modified as follows:

N, then the above equations are

L N(5N +28)

S%(m) = %(5]\[ +(m+1)p) + mAL,,
N(5N +20)

5%(m) = N(6N + 26— ) +mas,,

It is clear from the above equation that if N >> m, then
S°(m) converges to m and S5*(m) converges to 2m. Hence,
the speed-up factor for HP scheme is approximately
16 percent more than the VP scheme.

5.3 Storage Space Requirement

The total space requirement to execute the BP algorithm in
single processor (1M,) is the sum of space requirement to
store weight matrix, space required for activation and error
terms.

M, = N'(N"+ N? +2) + 2N? + N°. (27)

The ratio between the space required by a single
processor and the space required for the m-processor
network is defined as space reduction ratio M(m).

M,
M(m) = T
P

(28)

The total space required to execute the proposed
HP scheme (M)) in m processors system is the sum of
space requirement to store weight matrix, space required
for activation values, error terms, and the buffer size
required to receive the data from different processors.

Nl

M =—(N°+ N*+2)+3N*+ N°. (29)
m

The total space required for VP approach (M;) is the sum

of space required for weights, error values, activation

values of the neurons local to the processor, and the buffer

requirement to communicate the data.
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(30)

N1
Mp=—L+3N*+N"+2N',
m

where L = 2N? + N + 1 — 2 Space reduction ratio for the
proposed HP algorithm (]V[ °(m)) is given by the ratio
between (27) and (29)

NY(N + N2 4 2) +2N? + N°
NL(NO 4+ N2 4+2)+3N2 4 NO'

m

M°(m) = (31)

Similarly, space reduction ratio (A/*(m)) be for the VP
approach

NY(N° 4+ N% +2) +2N2 + NO

M (m) ==
L +3N2+ N0+ 2N!

(32)

In case of a larger MLP network configuration and a small
number of processors, the space reduction ratio will converge
to number of processors (m) in the proposed HP approach,
whereas it will be less than the number of processors for
VP approach. This is due to the fact that the extra space
required to store the duplicated weights and communication

buffer required for activation values of hidden layer in the
VP scheme.

If N! = N2 = N, then the above equations are modified
as follows:
m(2N +5)
MO (m) = A== T2
(") =N +dm + 2
2N

It is clear from above equations that if N >> m, then M°(m)
will converge to m, whereas M*(m) will converge to 2m.
The results indicate that the proposed HP scheme has better
space reduction ratio.

5.4 Optimal Number of Processors

From (15), it is clear that if we increase the number of
processors, the time taken to communicate will also increase
and the time taken for computation will decrease. The total
processing time will decrease first and then increase after a
certain number of processors. So, there exists an optimal
number of processor m*, for which processing time is
minimum. We calculate the closed form expression for
optimal number of processors for the proposed HP algorithm
by partially differentiating the training time expression T
with respect to m and then equating it to zero.

ory N!
L= —— K+ A 33
5= |~ A1 (33)
Hence, optimal number of processors m* is equal to
N'K\®
Y= 34
" (%J i

Similarly for the VP algorithm, we derive a condition for
optimal number of processors by partially differentiating
the equation for processing time 7, with respect to m and
equating to zero.

A m® — Alm + 2N'N? =0,

com

(35)

where A! = N'(N? 4+ K) + N?83. From the above equation,
we can observe that obtaining closed-form expression for
m* is difficult.

5.5 Difference between the Processing Times
From (15) and (21), the difference in processing time is

calculated as follows:

TS - T = [A2 4 (A, — A%, )|M,,

com com

(36)

where A? = N? ”inl N ﬂ). The first term in the above

equation is due to recomputation of weights in the
VP algorithm, the second term is due to extra calculation
of activation function for output neurons in HP approach,
and the third term is due to difference between the
communication time. Now, we consider two different
conditions for network architecture with grouped AAB
scheme, namely, 1) the number of neurons in each layers are
equal and 2) the number of neurons in the hidden layer is
greater than the output layer.

Case 1: Now, consider an MLP network with an equal
number of neurons in all the layers, i.e., N'=N,1=0,1,2.
First, we will find out the difference between the commu-

nication term (42, — A% ) by substituting N' = N in (20)
and (14) as
S o N
Acom Aaom = |:Oé + 279 (E) - ’Yg(N):| : (37)

Since the communication time will not increase with the
increase in the size of the message size for a grouped AAB
scheme, the terms vg(N) and ~vg(X) are neglected. Hence,
the difference between the communication time is approxi-
mately equal to m,a.

By substituting the difference between the communica-
tion terms and N' = N in (36), the difference in processing
time is reduced to

TS - T0 = [Nm—_l (% - 6) - ma} M, (3®)

m

For analytical study purpose, we assume the value of
equal to 40 and « equal to 55 as mentioned in [26]. Suppose
each and every processor contains one neuron per layer
(N = m), then the difference between the processing time is
equal to [16m + 39]M,. From this it is clear that the time
taken by HP scheme is less than the VP scheme. In the
general case, the proposed HP scheme is better than the VP
scheme if a > (m — 1) . For a larger number of proces-
sors, the fraction =1 is almost equal to 1. Hence, the
condition is further simplified to a > (5 — 1).

Case 2: In general, most of the practical problems will
have more number of hidden neurons than the output
neurons, i.e., N'>> N2, hence maximum number of
processors for VP scheme described in Section 5 is equal
to N? and N! for the HP approach. Let m be equal to N?, the
above equation can be simplified as

Nt
S 0 __ 1 2
T —T) = |N' =+ 8+ N (a— )| M. (39)

N2

Time taken to train the MLP using the HP scheme is better
than the VP scheme if 3 < : v’ + 52— @ The communication

]\2
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|:| GAAB
tla)i tg; |:| Forward
k + ' >( |:| Error and Update
Pi
| -
P2 | | AAAAAAAAAAAAAAAA
Pi | | ________________
Pi+1 | |
Pm | |

Fig. 2. Timing diagram for the HP algorithm.

time factor (o) will be greater than the activation factor § and,
hence, the HP scheme is more efficient to train the MLP
network using distributed BP algorithm.

5.6 Improvement over a VP Scheme

The improvements of the proposed HP scheme over the VP
scheme [26] are:

e The proposed algorithm uses only one set of
communication, when compared with two sets of
communication used in VP approach.

e Recomputation of weights is avoided in HP Scheme.

e The proposed HP approach can exploit the paralle-
lism by using more number of processors than the
VP scheme.

e Mapping the proposed HP scheme on NOWs is
simpler than the VP scheme. This aspect will
discussed in the next section.

6 MapPPING MLP NETWORK ON NOWs

The mapping problem of MLP network on a NOWs entails
the search for an optimal mapping of the neurons to the
processors so that the training time is minimum. The
mapping involves schemes for assigning neurons to
processors and schemes for communicating data among
the processors in the computing network. A mapping
scheme depends on the network architecture, computing
network, and communication scheme. Here, we develop a
closed-form expression for mapping HP scheme on hetero-
geneous NOWs.

Let m be the number of workstations in the computing
network. In the HP partitioning scheme, mapping the
network on NOWs means dividing the hidden layer
arbitrarily, i.e., the number of neurons in the hidden layer
is divided into m parts and mapped onto the processors.

The timing diagram for different phases of training process
in different processors is shown in Fig. 2. Let n; be the
number of hidden neurons assigned to the processor p;. The
time taken to train single pattern in the processor p; is
expressed as

Ty =ty + o (40)
where t} and ¢ are the time taken to complete commu-
nication and the computation process

by, = mlo’ + fyif(NZ)}Mé
t¢ = [n;(2N° + 3N* + ') + N5 M.

The M!, (, o, 4' are corresponding values of the
parameters in processor p;. For a given MLP architecture,
the communication time is linearly proportional to the
number of neurons assigned to the processors and it is
independent of the number of hidden neurons assigned to
the processors. The computation time for any processor has
two components. The first component depends on the
number of hidden neurons assigned to the processor and
the other component is a constant for given MLP architec-
ture. Hence, the computation time taken for processor p; can
be rewritten as

& =nit) + 1,

. (41)

where t} = (2N” 4+ 3N? + 3" M}, t;, = N*3' M.

Let us assume that all the processors in the network will
stop computing at the same time instant. This assumption
has been shown to be necessary and sufficient condition to
obtain optimal processing time [33]. From the timing
diagram, we can write the following equations:

ity 4ty + 0 = niaty 1 1 (42)

Piv1’

i=1,2,---,m—1.
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TABLE 1
Time Parameter in ALPHA Machines
Workstation | ¢, ta tac T Tini
group inps | inps | in ps | in ps | in ps
1 1.732 | 1.732 | 535 0.3 64.5
2 0.637 | 0.637 | 13.5 0.1 442

The above equations can be rewritten as

n; = Nip1 fix1 + i, 1=1,2,---,m —1, (43)

i i+l g4a i a
where f;11 = % and g; = B Tl Hp’;,l e

From this, it can be seen that there are m — 1 linear
equations with m variables and together with normalization
equation (31", n, = N') we have m equations. Now,
closed-form expression to find the number of neurons
assigned to each processor can be formulated. Each of the n;

in (43) is expressed in terms of n,, as

n; =Nyl + Ny 1 =1,2,---.m—1, (44)

where L; =[[}';,, f; and N; = Z;"’:_Z-l 9p 1=, fj, and the
number of neurons (n,,) assigned to processor p,, is
N — X(m)
m = " ~r/_\ 45

where

X(m)-ni”igp(ﬁ fj)

=1 p=i Jj=i+1
m—1 m

Yim)=1+>_[] #

i=1 j=i+1

Equation (45) shows that there exists an optimal number
of processors (m*) beyond which the training time will not
decrease with increase in the number of processors. The
necessary and sufficient condition for optimal training time
using all the m processors in the network is given by

X(m)—"i"igp<ﬂ

i=1 p=i j=itl

fj) < N%.

From (44) and (45), we can easily calculate the number of
hidden neurons assigned to each processor. We will show
the results obtained and advantage of this DLT approach
through some numerical examples for easy understanding.

6.1 Numerical Example

Let us consider a two-group of workstations connected by
an Ethernet, one of which is a file server. The parameters of
workstation groups is shown in Table 1. The values of actual
parameters are larger than the values shown in Table 1
because calculations are performed by software. To illus-
trate the partitioning and mapping algorithm, we consider a
three layer MLP network as described in Table 2. The
MLP architectures are mapped on to eight workstations
(four in each group). Using the closed-form expression for

TABLE 2
Network Architectures

Binary number | Network structure | Total weights

representation N x N' x N?
N, 12 x 12 144 x 144 x 12 22464
No 6 x 8 48 x 48 x 6 2592

partitioning the hidden neurons given in (45), the analytical
training time is calculated for the heterogeneous NOWs. In
case of network Nj, nine hidden neurons are assigned to
each processor in the first group (p1 — ps) and 27 hidden
neurons are assigned to each processor in the second group
(ps — ps). Similarly, for network N, two hidden neurons are
assigned to each processor in first group and 10 hidden
neurons are assigned to each processor in second group.
The time taken to complete the training process for network
N; and N, are 0.0118 and 0.0020 seconds, respectively.

7 EXPERIMENTAL STUDY

In this section, we present the performance of the proposed
HP algorithm in NOWs and compare the results with the
VP approach. Both the algorithms are implemented in
ALPHA machines connected through Ethernet. Eight work-
stations are selected from group “1” for experimental studies.
The values of system parameters are shown in Table 1. In
order to verify the performance of both the methods, we have
chosen optical character recognition problem. The hand-
written numbers 0 through 9 forms the character set. Each
number is represented as 16 x 12 (192 bits) bitmap images.
Several hand-written images are used for eachnumber to train
the neural network. The training set consists of 6,690 images
and the testing set consists of 3, 330 images, slightly different
from the images used for training.

For comparative analysis, we solve this problem using the
proposed method and the VP method givenin [26]. The neural
network architecture (IN3) used for classifying the digital
numbers is 192 x 192 x 10, i.e., 192 input nodes, 192 hidden
nodes,and 10 outputnodes. The networkis trained using both
the methods. Network training is stopped if the 95 percent of
patterns are classified accurately or the number of epoch is
equalto5, 000. After the training process, the network s tested
with 3, 330 patterns. Among the 3, 330 test patterns, 90 percent
of the patterns are classified correctly. The analytical speed-
up factors for both the algorithms are shown in the Fig. 3a. We
can see that the HP scheme has better speed-up factor than the
VP scheme. This is due to the fact that computation and
communication overheads are more in the VP approach than
in the proposed HP method. The analytical space reduction
ratiois shownin the Fig. 3b. The spacereduction factor is more
for proposed method than for the VP scheme. The total
analytical and experimental time taken for training the
MLP network with different number of processors for
HP and VP schemes are shown in Fig. 4. The analytical
training time is always less than the experimental results
because the synchronization, other workloads and overheads
are not included in our formulation. As we can observe from
the figure, the training time for HP scheme is less than that of
the VP scheme.
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Space ratio

No. of processor

Fig. 3. Analytical results for the OCR problem.

The same experiment is carried out in heterogeneous
NOWs for the HP scheme. For this purpose, four work-
stations from each group are selected. The mapping of
network N3 is calculated using the closed-form expression
given in previous section. In mapping the network on two
workstations group (four in each group), the first group of
workstations assigned 13 hidden neurons each and second
group assigned 37 hidden neurons each. The experimental
time and analytical time taken to simulate the training
process in 8 processors network are 163.48 seconds and
115.24 seconds, respectively. The difference between the
analytical training time and experimental time are due to
synchronization and overheads.

8 RESULTS AND DISCUSSION

In this section, we discuss the analytical performance, such as
space requirement, speed-up, and optimal number of
processors for a given network configuration. We have
considered two different networks, namely, N; and NN;, for
classifying binary image of numbers as stated in [26] to
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Fig. 4. Experimental training time for in NOWSs.
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TABLE 3
Analytical Comparison
Factor VP HP % Saving
S(5) 47686 | 4.8774 | 2.2827
"teonms 0.0350 | 0.0345 | 1.2707
Hoom 0.0007 | 0.0003 | 50.7806
N M(5) 43524 | 4.8453 | 10.1723
m* 12 50 .
"Teom at m* | 0.0146 | 0.0040 | 72.4474
T, at m* | 0.0162 | 0.0074 | 54.1589
S(5) 42092 | 4.4066 | 4.6907
g 0.0045 | 0.0046 | 2.1460
T 0.0007 | 0.0003 | 49.8639
Ny M(5) 3.7333 | 4.5527 | 17.9980
m* 6 18 -
"Teom at m* | 0.0038 | 0.0015 | 59.8669
T, at m* | 0.0046 | 0.0027 | 40.6901

*All time in sec

evaluate the performances. The major performance factors
like speed-up, storage factor, optimal number of processors,
and processing time at m* are calculated for both the
algorithms. The network configuration for classifying binary
numbers is shown in the Table 2. Table 3 shows the
comparison between performance measures for both the
algorithms. For the network N;, the optimal number of
processors for VP algorithm is less than or equal to the number
of output neurons 12, whereas in the proposed HP scheme it
can be any value between 1 and N'. Optimal number of
processors m* for a given network configuration N; isequal to
50in the HP approach and it is equal to 6 for the VP algorithm.
At teh optimal number of processors, the processing time for
proposed HP scheme is approximately 54 percentless than for
the VP approach. Since the maximum number of processors is
restricted to N? in the VP approach optimal number
processors is less than or equal to N?. A similar observation
can be made for speed-up, where speed-up is heavily
influenced by the communication time and extra computation
is required to execute the parallel algorithm.

We can observe from Table 3 that the proposed HP scheme
has a space reduction ratio of 4.8453 in case of 5-processor
network, whereas 4.3524 is the space reduction ratio for
VP scheme for a given network V;. The 10 percent less space
reduction is achieved by avoiding the duplicated weight
vector. The same is reflected in computation time. Since the
proposed HP scheme is using single communication set, the
communication time is comparatively less than that of the
VP scheme. This is clear from Table 3, where the commu-
nication time in the proposed HP scheme is equal to 0.0003 for
given network N; with m = 5. For the same number of
processors and network, the communication time is equal to
0.0007 in the VP algorithm. The same can be observed in case
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Fig. 5. Comparison of speed-up and space ratio between two algorithms
for network Nj.

of network N,. From the above observations, we can say that
the proposed HP scheme is better than the VP scheme for
parallel implementation of BP algorithm.

Fig. 5a shows the speed-up factor (with and without
start-up time) and Fig. 5b shows the space reduction factor
for different number of processors for the network N; using
both the methods. From the above figure, we can observe
that the HP scheme has better speed-up and space
reduction factor than the VP scheme. In order to verify
the performance of both the methods, we present the
analytical speed-up obtained for various values of «, as
shown in Fig. 6. The figure indicates that the HP method
performs better than the VP scheme.

9 CONCLUSION

In this paper, an optimal implementation of distributed
BP algorithm to train MLP network with single hidden layer
on a ALPHA NOWSs is presented. Hybrid partitioning
technique is proposed to partition the network. The parti-
tioned network is mapped onto NOWSs. The performance of
the proposed algorithm is compared with the vertical
partitioning [26]. Using the hybrid partitioning scheme,
recomputation of weights is avoided and the communication
time is reduced. Another advantage in the proposed scheme
is that, a closed-form expression for optimal number of
processors can be formulated. From this, it is possible to
calculate the optimal number of processors for any given
network configuration. This paper also presents a simple
mapping scheme for MLP network on NOWs using divisible
load scheduling concept. The mapping scheme is computa-
tionally less intensive. Analytical results for the benchmark
problems and the experimental results for optical character
recognition problem show that the proposed HP method is
efficient and computationally less intensive than the
VP scheme.
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