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Abstract 

The algorithms for supervised learning in artificial neural networks (ANN) require time and high 

computational power. As these algorithms gain popularity in a variety of domains, it is critical for 

them to run fast. Following a brief survey of the different dimensions of parallelism in ANN this paper 

analyses the performance comparison between different parallelization techniques to show the 

advantages and disadvantages of these strategies. 
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1. INTRODUCTION 

Artificial neural networks (ANN) attempt to replicate, in simplified form, the way a human brain 

works. “Typically, the human brain consists of approximately 10 11 neurons, each with an average of 

103 - 104 connections. It is believed that the immense computing power of the brain is the result of the 

parallel and distributed computing performed by these neurons”[1]. The biological models that inspire 

ANN systems are massively parallel with many simple biological cells working together to solve 

problems. Therefore, the implementation of massively parallel computational models on sequential 

machines is highly inefficient, thus it natural to develop algorithms that can be implemented on 

parallel computers. 

 

2. MULTILAYER PERCEPTRON 

The most attractive characteristic of an ANN is its ability to learn. A neural network is trained so that a 

set of inputs produces the desired (or at least a consistent) set of outputs. During the supervised 

learning, a set of training examples are presented that comprise the input vectors and the desired 

output vectors. Training is performed until the neural network learns to associate each input vector to 

its corresponding and desired output vector. Examples of ANN trained using supervised learning are 

the perceptron and the multilayer perceptron (MLP). An MLP consists of an input layer, at least one 

"hidden" layer, and one output layer, the neurons from each layer being fully connected (in some 

cases, partially connected) to the neurons from the next layer. 

 

 

Fig. 1.  multilayer perceptron (MLP) with one hidden layer 
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2.1. Back-propagation algorithm 

A type of multilayer perceptron is the back-propagation neural network. The back-propagation model 

is used as a pattern classifier or a feature detector because it can recognize different patterns presented 

to its inputs. 

The network topology is such that each neuron in a layer receives input from every neuron of the 

previous layer. Each neuron computes a weighted sum of all its inputs. Then a nonlinear activation 

function is applied to the sum resulting in an activation value of the neuron. 

In the first stage of the algorithm, the input values are propagated forward through the network to 

compute the output values. Then the output vector of the network is compared with a target vector, 

provided by a supervisor, resulting in an error vector. 

In the second stage, the values of the error vector are propagated back through the neural network. 

This pass attempts to correct any error made concerning the desired output. Each hidden layer then 

computes the contribution of its neurons to this error. This happens when each neuron in a layer 

calculates its from a weighted sum of the error of the succeeding layer. The weights for each neuron 

are adjusted in proportion to that neuron’s error. 

Back-Propagation Training Algorithm: 

1 Forward stage: 

1.1 Apply an input and its desired output vector. 

1.2 Propagate the input signals forward through the network and compute the output. 

1.3 Calculate the error vector. 

2. Backward stage: 

2.1 Propagate the error backward. 

2.2 Adjust the weight between layers. 

2.3 Repeat from 1.1. 

The training population of input pairs is called an epoch. Training takes place over several epochs 

until the average error for the training population falls below a threshold. The training stops at this 

point and the neural network has converged. Once convergence has been achieved, the training is 

considered successful based on the network’s ability to correctly generalize unseen input vectors. 

 

3.  DIMENSIONS OF PARALLELISM 

To realize an implementation on a parallel computer, parts of the algorithm that can be run in parallel 

must be identified. Exploration of the smallest computational units reveals the different dimensions of 

parallelism[2]. 

3.1. Training session parallelism 

Starting different training sessions on different processing elements describes training session 

parallelism. Every session may have its starting values for the weights and learning rates. The usage of 

parallel machines with complex control makes possible the training of different-sized neural networks 

at the same time.  

3.2. Training example parallelism 

This approach works by using the large number of examples as the source of parallelism. A subset of 

the examples is given to each of the processors and trains using the standard sequential technique. 

When the processor has processed its examples, the weight corrections are summed up across all 

processors which gives a global correction to the weights. 
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Training example parallelism does not cause communication overhead. Therefore it provides an 

almost linear speedup with the number of processors. However, this method demands that the 

processors have enough memory to store the activation values of all the nodes in a network. 

3.3. Layer parallelism 

In a multilayer network calculations can be pipelined allowing more than one training to go through 

the network at the same time. 

3.4. Node parallelism 

Node parallelism (neuron parallelism) uses the natural parallelism within the neural network. In the 

purest case, each processing element in is responsible for computing the activation of a single neuron. 

This form of parallelism means that the calculations are viewed as matrix operations and each row of 

the matrix map is let onto a processor. 

The activation values are sent forward after all nodes in a layer have been calculated. This means that 

the maximum parallelism is available for the widest mode layer. If this dimension of parallelism is 

fully utilized, the layers with fewer nodes cannot fully utilize the computational resource. 

In practice, it is difficult to determine the best way to realize parallelism because of the number of 

different ways in which the work of training can be divided into concurrently-executable pieces, the 

communication costs, and the absence of realistic analytic ways to predict the performance of parallel 

architectures. 

Training session parallelism and layer parallelism were considered unsuitable for this paper analysis 

for two reasons: they do not provide a general-purpose solution for neural network training and are not 

specifically studies of parallel algorithms. 

This paper examines the performance differences between exemplar and node parallelism using 

theoretical BSP cost model and a practical implementation on a cluster computer. 

 

4. ANALYZATION STRATEGIES 

This paper analyses the performance of exemplar and node parallelization techniques for supervised 

learning by comparing the results from BSP (Bulk Synchronous Parallelism) cost model and cluster 

computer implementation. 

4.1. Bulk Synchronous Parallelism 

Bulk Synchronous Parallelism (BSP) is a new parallel computation model designed for 

communication-intensive applications. The predictions of its cost model are usually within a few 

percent range from the actual performance.  

BSP’s advantages are: 

1. Separating communication from synchronization. 

2. Communication is global. This makes the congestion visible enough to be minimized by the system. 

A BSP is an abstract machine that consists of a set of processor-memory pairs connected by a 

communication topology.  A BSP program is a sequential composition of supersteps. Each superstep is 

a parallel element in which each processor executes the same code. The superstep consists of three 

phases: 

1. Local computation in each processor. 

2. Global communication among processors. 

3. A barrier synchronization, after which all communicated data gets stored in local memories. 

The cost of a superstep is computed from two architectural parameters. The first one g measures the 

ability of the communication network to deliver continuous data. The maximum number of incoming 
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or outgoing messages for a superstep is denoted by h. The ability of a communication network to 

deliver data is captured by the parameter g, defined such that it takes time hg for a processor to deliver 

h messages of size 1. The cost of communication is dominated by the time needed to cross the 

boundary between processors and network. The second parameter l measures the time needed for 

barrier synchronization. 

 

If we consider a superstep in which processor i takes wi instructions for its local computation and 

sends and receives hi words the cost of the superstep is the sum of the costs of three phases 

(computation costs + communication costs + number of supersteps). [3] 

This formula is not only theoretical approximation, but it has shown to be very accurate across a wide 

range of architectures and applications[4]. 

4.2. Computer cluster implementation 

 

 

Fig. 2. Cluster computer architecture 

 

An alternative to multiprocessor parallel computers is a cluster computer built using a network of 

workstations. A computer cluster is a collection of computers that work together as a single system.  

The cluster environment differs from a shared memory parallel computer in the communicational costs 

but has the advantage over multiprocessor parallel systems in that they are relatively inexpensive to 

construct and provide a highly scalable parallel platform. 

 

5. BSP COST ANALYSIS 

R.O. Rogers and D.B. Skillicorn [3] examined the relative cost of three parallelization techniques for 

supervised learning using multilayer perceptron. They observed that the number of weights W that 

have to be updated to learn one exemplar is: 

W = N2 (L – 1), 

where N is the number of input neurons, L is the number of layers. 

5.1. Exemplar parallelism 

The learning is divided into two phases:  

1. Each processor learns independently from a subset of exemplars. 

2. The global computation. 

The implementation happens using two BSP Cost analysis supersteps. 
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First superstep requires each processor to calculate W/p weight updates for every exemplar, which 

makes the computation cost: 

AEW / p, 

where A is the number of operations it takes to update each weight. 

At the end of the superstep, each processing element passes the weight correction to one processor. 

Where the global computation (second superstep) is done. The cost of the communication is: 

( p – 1 ) Wg, 

where p is the number of processors. 

Experimental results, shown by J.M.D.Hill and D.B. Skillcorn, merging corrections using a tree 

perform poorly on modern architectures because the synchronization performance is poor. The faster 

method is likely to be a BSP barrier synchronization. The barrier method of synchronization for a 

group of threads or processes means any thread or process must stop at a point and cannot proceed 

until all other threads or processes reach that barrier. 

Every calculation performed by the processor that computes the final weight correction from the 

corrections received from all of the other processors takes time - (p – 1)W.  

The overall BSP cost of exemplar parallel implementation is: 

 

5.2. Node parallelism 

For node parallelism to each processor are assigned N/p neurons. Inter-processor communication is 

needed when an error or activation has to be transferred between neurons assigned to different 

processors. The processors can be arranged in rows. These rows pass information in both directions – 

activation upwards and error downwards. Each communication forms a superstep. J.M.D.Hill and 

D.B. Skillcorn calculate the actual number of supersteps to be : 

( E – 1 ) + 2( p – 1 ).  

And the computation required for each superstep as: 

AW / p. 

At the beginning of each superstep every processor in a row sends values to each processor in a 

subsequent row. This communication requires to send and receive a proportionate share of the weights 

W, which makes the communication volume per superstep: 

 2W / p. 

If we set z as the number of supersteps: z = ( E – 1 ) + 2( p – 1 ).  

This makes the total BSP cost of Node parallelism: 

[AW / p]z + [2W / p]zg + zl 

5.3. Comparison of Exemplar parallelism and Node parallelism 

Both methods have almost the same computation time, except that the exemplar parallelism performs 

additional post-processing. It is the communication costs that significantly differ. Exemplar 

parallelism is the clear winner when the number of supersteps is taken into account, especially 

considering that the cost of a barrier synchronization (l) is large in today’s systems. The differences 

are even bigger as the number of exemplars increases. 
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6. CLUSTER COMPUTER IMPLEMENTATION 

M. Pethick, M. Liddle, P. Werstein, and Z. Huang implement the two strategies on a cluster computer 

in order to determine their scalability when the size of the network, the training population and the 

number of processors vary[7]. 

Their tests are made using three-layered neural networks with neurons organized as N x 3/4N x 1/2N, 

where values of N are 250, 500, 1000, or 2000. This configuration is chosen because it provided a 

regular pattern for several different neural network sizes, thus ensuring that network layout would not 

impact the scalability results. The training pairs are in the range of 0.1 – 0.9, tested using training 

populations containing 100, 1000, 10000, or 20000 training pairs. Each of the tests was conducted out 

on a cluster computer with 1, 2, 4, 8, 16, or 32 processors. Each test lasts for 50 epochs. The results 

show the speedup between the time taken to complete the core algorithm in the simulated environment 

and the time taken to complete the core algorithm by a cluster computer with 1 processor.  

6.1. Exemplar parallelism performance results 

The exemplar parallel implementation presents a strong correlation between the network performance 

and the dataset size. For every network, the speedup grows with the dataset. However, the results show 

a lower correlation between the performance and network size. The exemplar parallel realization 

shows that the speedup on 16 processors starts to drop when the network size increases to 2000. 

The results look like this because the data set size defines the amount of computation done by each 

process for an epoch, at the same time the size of the network defines the amount of data that is sent. 

Therefore the larger the dataset the higher the computation/communication ratio, which makes the 

speed up higher. When the network size reaches a threshold the communication overhead is large 

enough to overshadow the benefit due to parallelization of the network and the speedup starts to drop. 

 

Dataset size 5000 10000 20000 

Speedup Between 6 and 8 times 12 times Between 12 and 14 times 

Table 1.  Exemplar parallelism performance based on dataset size 

 

Neural network size 500 1000 2000 

Speedup More than 14 times More than 14 times Between 12 and 14 times 

Table 2.  Exemplar parallelism performance based on network size 

 

6.2. Node parallelism performance results 

The node parallel implementation shows a strong correlation between performance and the size of the 

neural network. For a given dataset size the speedup rises steadily with the increased size of the 

network. With the best performance being speedup of 5.99 times on 16 processors. For the tested 

range of neural network sizes, the speedup of the node parallelism version keeps growing steadily and 

reaches up to 16.36 on 32 processors.  

The experimental results present only a very limited correlation between performance and dataset size. 

For a given size of the network, the speedups are almost the same for different dataset sizes such as 

1000 and 10000, although there is a slight trend for the speedup on 32 processors when the dataset size 

grows to 10000. 
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Dataset size 5000 10000 20000 

Speedup Between 10 and 12 times Between 10 and 12 times Between 10 and 12 times 

Table 3. Node parallelism performance based on dataset size 

 

Neural network size 500 1000 2000 

Speedup Between 4 and 6 times Between 4 and 6 times 6 times 

Table 4. Node parallelism performance based on network size 

 

6.3. Comparison of Exemplar parallelism and Node parallelism 

The impact of the size of the network is higher on the exemplar parallel implementation than the 

impact of the data set size is on the node parallel implementation. The exemplar parallelism appears to 

perform slightly worse on the neural network size 2000 than the size 1000. This is generally expected 

as the neural network size determines the amount of network traffic and its communication load is 

more evenly distributed. 

The worst-case performance for node parallelism is when the network size is very small, while for 

exemplar parallelism the worst-case performance is when the dataset size is very small. In those cases, 

both applications show a significant slowdown as the number of processors increases. 

 

7. CONCLUSION 

BSP cost model shows the exemplar parallelism as the preferred technique, but the practical 

realization on a cluster computer shows that the choice of which strategy to use will be driven 

primarily by the type of learning required. For small datasets or very large networks, node parallelism 

manages to outperform exemplar parallelism. With large datasets, the exemplar parallel strategy 

usually outperforms node parallelism, especially with smaller network sizes. 
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