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Abstract

This study analyses how we can optimally implement
the backpropagation training algorithm on a parallel
architectures with heterogeneous processors. We use
pattern-partitioning parallelization on a master-slave
model based on the PVM (Parallel Virtual Machine)
network. The training pattern set is distributed among
the heterogeneous processors using a static approach
(i-e., the mapping is unchanged during the learning
process). Our optimization criterion is based on min-
imizing the execution time of backpropagation learn-
ing. We provide a mapping algorithm which guaran-
tees minimum computation time. With respect to time
minimization, we use an optimal number of the avail-
able processors. The computations and communica-
tions are overlapped, considering the following strat-
egy: each processor has to perform a task directly
proportional to it’s speed. We show that the optimal
mapping problem of the patterns is a polynomial-time
problem, solvable by dynamic programming.

We have implemented our mapping method on a
network of six PC’s using the PVM message-passing
system, and we have tested the parallel implementa-
tion of backpropagation on Sejnowski’s NetTalk bench-
mark. Using the optimal allocation of patterns, the
obtained time reduction of backpropagation learning
were between 14.5% and 53.7%, compared to the equal
allocation method. Higher gains in performance are
expected for a larger number of varying speed com-
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puters in the network.
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1 Introduction

Backpropagation [16] is the most widely used training
algorithms for feedforward neural networks, in spite of
the wellknown general inefficiency of this algorithm.
Moreover, since it was one of the first general-purpose
neural networks’ learning algorithm, it became a stan-
dard and several authors tried to improve in several
ways its performance. This has motivated researchers
to study parallel implementations as a means to re-
duce the training time. References to their work may
be found in [4], [6], [8], [9], [10], [11], [12], [14].

There is no consensus on how to simulate artificial
neural networks on parallel machines. During the last
years, researchers have been trying to achieve maxi-
mal performance on their favorite (or available) par-
allel machine. Backpropagation networks were imple-
mented on almost all known general-purpose parallel
architectures, including: linear arrays [15], multiple
bus systems [6], message-passing multicomputers [3],
hypercubes [10], transputer based architectures [8], [9],
and LAN’s of workstations [5].

Backpropagation can be parallelized by network-
partitioning, by pattern-partitioning, or by a combi-
nation of these two schemes. In network-partition-
ing, nodes and weights of the neural network are
partitioned among different processors, and thus the
computations of node activations, node errors, and



weight changes are parallelized. The idea of pattern-
partitioning [13] is to distribute the training examples
over the processors, i.e. slices the training set and as-
signs one slice to each processor while keeping a com-
plete copy of the whole network in each processor node.

The implementation of a neural network on a hetero-
geneous parallel architecture give rise to a hard prob-
lem. This problem concerns the optimal mapping of
the network and of the training patterns among the
heterogeneous processors. This optimization model is
generally a NP-complete integer (or mixed) program-
ming problem which can be solved either directly (for
instance, by branch-and-bound), or simplified heuris-
tically to a polynomial problem. The mapping algo-
rithms can be static or dynamic. In the static case,
we assume that the mapping is unchanged throughout
the learning process. In the dynamic case, we assume
that the background workload is time varying; hence,
it may be necessary to perform a remapping as work-
load changes.

Only few optimal mapping schemes have been re-
ported to implement neural network algorithms on
parallel architectures with heterogeneous processors.
Chu and Wah presented an approximation algorithm
for the optimal mapping of large neural networks
on multi-computers, given a user-specified error de-
gree that can be tolerated in the final mapping [3].
Saratchandran et al. [8], [9] optimized pattern par-
titioning in backpropagation learning on a heteroge-
neous array of transputers. They solved the optimiza-
tion problem in two ways: by branch-and-bound and
by genetic algorithms.

In this paper, we use the pattern-partitioning paral-
lelization. This scheme is particularly suited for feed-
forward neural networks with backpropagation learn-
ing where the size of the training set is large com-
pared to the size of the network. Meanwhile, pattern-
partitioning is a coarse grained method. Its efficiency
collapses when small training sets are handled and
when many processors are used.

We use a master-slave heterogeneous model based
on a PVM network. The training pattern set is dis-
tributed among the processors using a static approach.
We succeeded in modeling the optimal mapping prob-
lem as a polynomial problem, solvable by dynamic pro-
gramming.

2 The
Model

PVM Master-Slave

PVM is a software package that allows programs to be
run on a heterogeneous network of Unix computers [7].
It consists of two parts, a daemon process that resides
on all the computers making up the virtual machine
and a PVM library containing user callable C functions
for message passing, spawning processes, coordinating

tasks, and modifying the virtual machine. The speed
of communication between machines across a network
is slow in comparison with that of dedicated concur-
rent processing hardware. It depends on the network
and the machine load. Consequently, running parallel
programs under PVM is only beneficial when commu-
nications are minimized. The major advantage offered
by PVM is that it allows the processing power and
large memory capacity of workstations to be exploited.

One of the most common programming model used
in developing parallel application under PVM is the
master-slave model. In this model we have a con-
trol program called master and a number of slave pro-
grams. The master program is responsible for spawn-
ing slave programs, initialization and collection of re-
sults. The slaves programs perform the computation
on data allocated by the master or by themselves. The
master-slave model involves no communication among
the slaves. Only the master can communicate with
slaves by message-passing.

The PVM master-slave communication is in some
way ”asymmetrical”. The master can use a multiple-
broadcast (managed and optimized by the PVM sys-
tem) when sending one message to the slaves. This
multiple-broad-cast can be regarded as a parallel pro-
cess (from the user’s point of view). The message-
passing from the slaves to the master is different, since
the master can receive only one message at a time.
Therefore, the user has to schedule in an optimal way
the message-passing from the slaves to the master.

3 Distributed Backpropagation

Backpropagation trains a given feedforward neural
network for a given set of learning patterns. The train-
ing of the neural network can be viewed as discovering
values for its weights in order to match the effective
outputs of the network with the desired outputs, for
each input pattern.

In backpropagation learning, weights can be up-
dated in two ways:

1. In the per-pattern regime the weights are updated
after each training pattern is presented;

2. In the set-training regime the weight increments
are computed for each training pattern. The in-
crements are summed for all patterns and the
weights are updated with the total increment after
all patterns have been presented one time [16].

Pattern-partitioning schemes to parallelize back-
propagation are applicable only to set-training updat-
ing [10]. Therefore, our pattern-partitioning scheme is
based on a set-training regime.

We assume a master-slave model with n slaves. The
training set S is partitioned into n subsets, S;, i =
1,2,...,n. These training subsets are distributed to



the available processors (n slaves). Each slave process
contains a complete copy of the whole neural network.

One epoch of the backpropagation algorithm has the
following coarse description:

1. The weight changes and bias for the current epoch
are initialized to zero.

2. Each slave process (F;) carries out the forward
and the backward phase for each pattern assigned
to it.

3. Each slave process also accumulates the weight
changes and error according to the local patterns.

4. Each slave process sends the weight changes and
errors to the master. The master process com-
putes the sum of all weight changes and of all
errors.

5. The master broadcasts the new weights to all
slaves. The weights are updated on each slave.
The master checks if the convergence is reached.

The timing diagram for an epoch is shown in Figure
1. In this diagram we used the following notations:

e P P, ..., P, are the slave processes.
e M is the master process.

e tinit(i) is time taken to initialize the weight
changes and error.

e P(i) is the number of patterns allocated to the
slave process P;.

e T(i) is time taken to perform the forward and
backward phase of the algorithm for a single pat-
tern.

® t.omm iS time taken to send the weight changes
and errors from the slaves to the master.

® tpeqst 1S time taken to broadcast the updated
weights.

In order to obtain the minimum epoch time we have
to overlap communication time (t.omm) With compu-
tation time and to find a proper pattern distribution
among the processors.

4 Optimization of pattern map-
ping

To schedule is to allocate a set of tasks or jobs to re-
sources such a way that optimizes the use of these
resources. If these tasks are not interdependent, the
problem is known as task allocation. The general
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Figure 1: The timing diagram for an epoch

problem of determining an optimal schedule on a het-
erogeneous parallel architecture is known to be NP-
complete [18]. Nevertheless, simplified versions of task
allocation could be solved by dynamic programming
[1], a method which leads usually to a polynomial so-
lution.

Our pattern-mapping optimization problem can be
formulated in the following way. We have to distribute
p patterns among n heterogeneous processors, mini-
mizing the parallel computation time. In other words,
we have to minimize the parallel computation time for
one epoch, on n heterogeneous processors, considering
also the weight passing from each slave to the master.

We shall cascade the computation times on the n
processors in the following way. The computation
time for one epoch on a faster processor has to over-
lap (as much as possible) with computation plus mes-
sage passing times on a slower processor. This would
make the faster processor to be the last one sending
it’s weights to the master after one epoch. This means
also that we have to map more patterns to a faster pro-
cessor than to a slower one. Hence, we prefer to use
the fastest processors over the slowest ones. Moreover,
we shall actually use an optimal number of processors,
which is a subset of the available n processors. This
subset consists of the fastest processors.

We shall use the following notations:

e P = a vector of n elements, where P(i) > 0 is
the number of patterns assigned to processor i,
1<i<n,P(1)+...4+P(n)=p.

e T = a vector of n elements, where T'(i) is the
backpropagation processing time for one pattern
(and one cycle) assigned to processor i, 1 < i < n.

We shall suppose from now on, without restricting
the generality, that T(1) < T(2) < ... < T(n).

Our objective is to find an optimal vector P*
(P(i) >0,1<i<mn, P1)+...4+ P(n) = p), min-
imizing the parallel computation time. In this case,



it is obviously better to send more work to the faster
processors (those with a low T'(4)). The first processor
(the fastest) has to be the last one sending the weights
to the master. The parallel processing time is propor-
tional to T'(1) P(1) (and this means to P(1), since T'(1)
is constant). Therefore, we have to minimize P(1).

The task allocation problem can be simplified by
considering the following assumption.

Assumption 1

The vector P* (P*(i) > 0,1 < i < n,P*(1)+ ...+
P*(n) = p) is optimal if

T(i)P*(i) > T(i+1)P*(i+1)+teomm, 1<i<n—1

This assumption reduces the size of the search space,
giving us the possibility to find a polynomial solution
to the optimization problem. The meaning of this re-
striction is that we always try to have no idle time
periods for the fastest processors, by keeping them as
much as possible busy. The result is an unequal pat-
tern distribution with overlapping of communication
time and computation time.

For any vector P* respecting Assumption 1, we have
the following two properties (the proofs are obvious,
since T(1) <T(2) <...<T(n)):

Property 1

P*(i)> P*(i+1), 1<i<n-1

Property 2

P*(i)=0 = P*(i+1)=0, 1<i<n-1

Instead of minimizing the number of patterns allo-
cated to the fastest processor, we can reverse the prob-
lem, maximizing the number of patterns allocated to
the slowest processor. Based on Assumption 1, we can
find now an optimal solution P* by dynamic program-
ming.

Dynamic programming solution:

We define a gain array g of n x p elements, where g(i, j),
for 1 <i<nand1<j<p,is the maximum number
of patterns allocated to processor i (the slowest) if we
distribute j patterns to processors 1,2,...,1.

We initialize the array as follows:

g(l7j):j7 j:17"'7p
g(i,1) =0,

We have to compute the rest of the elements of g.
The optimality principle holds and we have:

9i,5) =0 ifg(i=1,j~1)T(i~1) < T()+teomm

9(i,j) = max{klg(i — 1,j — k)T(i — 1) > KT(i) +
tecomm},  Otherwise

1=2,...,n

Observations on the implementation:

We can complete g line by line, or column by column.
We can reduce computation time (up to a multiplica-
tive constant) observing that:

If for some j =1,...,p:

9(i,j) =0 then g(q,j) =0, for g=i+1,...,n

This is in accordance with Property 2.
Another observation is that:

9(6,j) =0 = g(i+1,j+1) =0

After completing g, the solution to our optimization
problem can be obtained backwards:

P*(n) = g(n,p)
P*(n—1) =g(n—1,p—P*(n))

In general:

P*(i) = g(i,(p— P*(n) — P*(n— 1) — ... — P*(i +
1), 1<i<n-1

Efficiency of the algorithm:

An element ¢(%, j) can be computed in O(p) time. The
whole array can be completed in O(np?) time. Subse-
quently, the optimal solution is found in ©(n) time.

5 Experimental results

To demonstrate the performance of our optimal map-
ping method we conducted our experiments on a net-
work of PC (Pentium 166Mhz) using PVM message
passing system. The parallel implementation of back-
propagation was tested on NetTalk benchmark. The
NetTalk is a text to phoneme transcription network
proposed by Sejnowski and Rosenberg [17]. This net-
work is a feedforward neural network with three lay-
ers. Input to the network represent a sequence of seven
consecutive characters from sample English text. The
network learns to map these to a representation of a
single phoneme corresponding to the fourth character
in the sequence. We used a binary encoding for charac-
ters and phonemes. The neural network has 36 input
neurons, 80 hidden neurons and 9 output neurons. In
our experiments we used the NetTalk training set, with
7570 patterns.

The set of experiments was done on a simulated het-
erogeneous computers. In order to simulate hetero-
geneity, we introduced different processing delays on
each computer. The backpropagation processing time
for one pattern considering the NetTalk network on a
Pentium PC 166Mhz is 2.3ms. We have considered
T[] =2.3ms and T[i + 1] = T[i] + 2.5ms,i =1,...,5.
The number of computers are scaled from 3 to 6. For



Table 1: Pattern allocation for heterogeneous comput-
ers

pat./ No. of processors
ep. 3 4 5 6
400 247,100, | 233,93, | - -
53 48, 26
500 304, 126, | 282, 116, | - -
70 64, 38
600 359, 153, | 331, 140, | 317,133, | 310, 130,
88 80, 49 75, 46, 73, 44,
29 27, 16
700 414, 180, | 381, 163, | 362, 145, | 352, 150,
106 95, 61 89, 57, 86, 54,
38 35, 23

each such configuration we have used two types of pat-
tern allocation. The first one was the usual approach
in which the patterns are equally distributed among
computers. This type of allocation will produce a poor
execution time due to the presence of waiting time as-
sociated to communications. The second one was the
optimal allocation based on the overlapping of com-
munications and computations, and on the following
politics: the allocation of patterns is proportional to
computer’s speed. The solution of the optimization
problem was obtained using the algorithm described
in Section 4. In this algorithm we used tcomm = 88ms
which was found experimentally.

The performance of the two allocation schemes was
reported as execution time for an epoch and as num-
ber of CUPS (Connection Updates per Second). The
number of CUPS can be calculated as in the following
formula:

(no. of weights) x (no. of patterns)

PS =
curs time for an epoch

For the neural network used in our experiments the
number of weights is 3600.

For example, consider a network of 4 computers and
the number of patterns for an epoch 400. Using our
optimal allocation method, the optimal distribution
of patterns is found to be 233, 93, 48, 26. The re-
sulting epoch time is 1321 ms. This is equivalent to
1.090 MCUPS. Using equal distribution i.e. 100 pat-
terns per computer, the epoch time is 1550 ms (927
KCUPS). The gain in performance was about 14.7%.
This example led us to the conclusion that the equal
distribution used in the case of heterogeneous network
is not the best way to allocate the patterns.

The results obtained solving the optimization prob-
lem considered in Section 4 are shown in Table 1.

In Table 2 we show the epoch time considering the

Table 2: Epoch time (ms)

patterns/ | allocation No. of processors

epoch method 3 4 5 6

400 equal 1963 | 1550 | - -
optimal 1247 | 1321 | - -

500 equal 1765 | 1793 | - -
optimal 1275 | 1237 | - -

600 equal 2576 | 2715 | 2800 | 2846
optimal 1600 | 1530 | 1630 | 1800

700 equal 2854 | 2872 | 3180 | 3113
optimal 1827 | 1554 | 1890 | 1895

Table 3: Performance in KCUPS

patterns/ | allocation No. of processors
epoch method 3 4 5 6
400 equal 733 | 927 | - -
optimal 1154 | 1090 | - -
500 equal 1019 | 1003 | - -
optimal 1411 | 1455 | - -
600 equal 838 | 795 | 771 | 758
optimal 1350 | 1411 | 1325 | 1200
700 equal 882 | 877 | 792 | 809
optimal 1379 | 1621 | 1333 | 1329

two allocation methods and different number of pat-
terns for an epoch. The execution time for an epoch
using the optimal allocation is considerably smaller
than in the case of using the equal allocation method.
The improvement in performance is between 14.7%
and 53.7%. The maximum values are obtained for 600
and 700 patterns per epoch.

The performance in KCUPS for each allocation is
summarized in Table 3.

6 Final remarks

Our optimization criterion is based on minimizing the
execution time of backpropagation learning. We pro-
vide a mapping algorithm which guarantees minimum
computation time. With respect to time minimiza-
tion, we use an optimal number of the available pro-
cessors. The computations and communications are
overlapped, considering the following strategy: each
processor has to perform a task directly proportional
to it’s speed. The fastest processor is always the lat-
est one in computing one epoch. Using the optimal
allocation of patterns we have obtained improvements
in performance between 14.7% and 53.7%, compared
to the equal allocation method. Higher gains in per-




formance are expected for a larger number of varying
speed computers in the network.

Variants of the basic backpropagation algorithm
with better convergence properties can directly be im-
plemented using the mapping method reported here.

Our optimal allocation method can be useful also in
the case of homogeneous systems. In this case only
the overlapping of computations and communications
is exploited.

A possible approach would be to solve the pattern
partitioning problem using another neural network. It
would not be for the first time neural computation is
used for task allocation in a heterogeneous network
[2]. Although, using such a connectionist method, we
do not expect an improvement, compared to our dy-
namic programming optimization. A more promising
future research would be to use our optimal pattern-
partitioning scheme in a general task allocation device
for distributed computing.

We plan to extend our experiments in two directions.
First, to use dynamic pattern mapping. Second, to
consider other PVM-based parallel architectures.
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