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Abstract

In this thesis, we focus on the problem of learning the stock price movement using

neural networks in distributed and shared memory environments. We parallelize the

Backpropagation Neural Network (BPNN) algorithm on an 8 node Beowulf cluster with
Message Passing Interface (MPI) and on an 8 processor Pentium III Symmetric Multi-
Processor (SMP) machine using OpenMP. We have developed algorithms for two types

of BPNN: neuron parallelism and trai,ni,ng set parallelism on the distributed architecture.

In neuron parallelism the hidden nodes are partitioned and distributed among the various

processors while in training set parallelism, the input data (stock prices) is partitioned

and distributed among the processors. On SMP, we exploit two different approaches for
parallelizing neural network with multithreading. The first approach, loop-leuel paral-

leli,sm is a fine-grained algorithm where the iterations of a loop are divided dynamically

among the threads by the compiler. In the second approach, coarse-gra'ined parallel,ism,

the user intervenes and creates a limited number of threads where each thread is given

an equal amount of workload.

We have conducted various experiments to study the performance of the distributed
and multithreaded algorithms. We have compared with a traditional autoregression

model to establish accuracy of our results. In loop-level parallelism we observed that
there is a limit to the number of threads that the system can handle on a specified

number of processors to produce reasonable performance. The coarse-grained approach

on OpenMP improved the performance to a certain extent. The comparison between our

MPI and OpenVIP results suggest that the training set parallelism outperforms all the

other types of parallelism considered in the study. There are opportunities to improve the

performance such as pipelining the network, which is left as future work. As one of the

first attempts to parallelize the neural netr,vorks for financial forecasting applications, the

current results are, however, encouraging in relation to the overall timings for execution

of traditional autoregression models or sequential BPNN algorithms.
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Chapter 1

Introduction

Financial institutions use forecasting for two reasons: to decrease loses and to increase

return on investment. Not long ago such forecasting was done with primitive, intuitive

rules of the trade. For example, the premise behind the technical analysis is that vari-

ables (internal and external) affecting the market are already factored into the market

price. Important indicators of technical analysis are filter and momentum indicators,

cycle theory, volume indicators and pattern analysis. Fundamental analysis is another

technique where trading decisions were made by forecasting market direction based upon

underlying economic factors affecting the particular stock market. Sometimes, these two

methods were not transparent to the front end traders themselves. Hence, decision mak-

ing is not straight forward using these tlvo techniques. It requires considerable effort

from the front end traders in using these techniques. Averages of the consecutive val-

ues of the variables were found to follor,v some invariant pattern and rvere found useful.

Therefore, moving averages of some quantities were found to be transparent for analysis

and became prominent in predicting future values not only in finance but in other fields
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such as weather prediction. In finance, moving averages were initially used for stock price

forecasting. One of the important models developed is called Auto Regressiue Moui,ng

Auerage (ARMA)which is more scientific with reproducible results and hence is applied

successfully for decision making. Moving averages follow a statistical inference model,

which allow the system to deduce or compute the coefficients for the variables from ob-

served data. There are systems for which the invariant behavior is not observable, at

least not with a naked eye. There are two complementary tasks in this area: estimat-

ing the model from observed data and analyzing the properties of the results generated

from estimated model. Model estimation is done in such cases with statistical inference

techniques such as autoregression. Arti,fi,ci,al Neural Networks (NN) are essentially sta-

tistical devices for performing inductive inference. For statisticians neural networks are

analogous to non-parametric, non-linear regression models.

As the market generated huge amount of data, using the moving averages to predict

future prices became a daunting task and knowledge of neural networks came to bear

fruit in finance. Instead of using all the past data available to predict future prices,

neural networks were developed wherein a network of nodes (or neurons) was trained

with a known set of past data to predict future prices with good accuracy. After this

training phase, the nerv set of data were used to accurately predict future values. Ever

since this development of neural networks for predicting future prices, neural netr,vorks

have been used in many areas within the financial field such as: credit authorization

screening, mortgage risk assessment, regularities in security price movements, portfolio
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selection and diversification, simulation of market behavior.

One of the major hurdles with the neural networks is the

hours of training with certain parametric conditions of the given

uncommon. This much of waiting is beyond the accepted norm

processes in certain financial sectors where the dynamics of the

and accurate decisions.

training times. Sixty

neural networks is not

these days for decision

market dictates quick

The overall objective of this thesis is to design and develop parallel neural network

algorithms for stock price forecasting with the focus of expediting the training process

to facilitate quick decision making. Our aim is not in rigorous statistical testing of the

forecasted results. In other words, our study aims at training the neural network by

parallel processing. In the following chapter we present some of the forecasting models

used in finance. We introduce parallel computing environments in chapter 3. In chapter

4 we discuss the sequential Backpropagation Neural Network (BPNN) algorithm and its

parallelization. We have developed parallel algorithms in both distributed and shared

memory architectures. In this study, we have developed two versions of the backpropaga-

tion algorithm in each of the two parallel computing approaches. In chapter 5 we present

the theoretical analysis of our algorithms. We present our experimental results in chap-

ter 6 and discuss the results elaborately. Concluding remarks we present in chapter 7

together with some possible future works.



Chapter 2

Related Work

Forecasting has been applied in many areas, from weather to business and economic

forecasting. Weather forecasts are of interest to the general public, farmers as well as

travelers because it helps them to plan and make decisions for the next day. Managers

in businesses use forecasts in their day-to-day planning and control of company opera-

tions. Reliable forecasts help managers to make timely decisions on: company financial

planning, investment in plant and machinery, acquisition of materials, human resources,

set production, inventory levels and so on.

The forecasting techniques used in business, industry and finance ate surueys, lhe

Delphi, method and various ertrapolation methods. Surueys are commonly used in market

research for industrial and financial products. This method relies on a questionnaire ad-

ministered by mail, telephone or personal interview. The responses help to find out the

views of consumers regarding future demand of a product and accordingly the managers
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could predict the future sales. On the other hand, Lhe Delphi, method relies on combining

the views of a number of experts. For this reason it is also called "jury of executive opin-

ion" [12]. Initially a group of experts is asked independently to forecast some particular

event. The results of this outcome are collected and discussed together. These experts

are then asked to explain their standing for prediction and after further discussion, a

second survey is conducted, a discussion follows and the process is repeated until the

experts reach a decision which is acceptable to every one. The ertrapolati,on method tries

to identify the past patterns and expects that these previous patterns in the data will

be repeated in the future under similar business condition. In this technique data are

observed at regular time intervals, say daily, weekly, quarterly or annually. A. Ti,me-series

is an extrapolation method which is an important tool used for forecasting. Time-series

method has been widely used across many fields. We present a brief description of one

of the traditional time-series forecasting called ARMA model in the following section.

2.L Time Series Forecasting

A time series is a set of observations ordered in time. Time Series analysis is concerned

with data which are not independent, but serially correlated, and where the relations

between consecutive observations are of interest. With the advent of widespread com-

puter applications, the much more general and statistically based methods of time-series

analysis known as autoregressi,ue mouing o,uerages (ARMA) are developed and applied in

forecasting.
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z.L.L ARMA Model

Time-series data refers to observations on a variable that occurs in a time sequence. We

use the symbol X¿ to stand for the numerical value of an observation; the subscript ú refers

to the time period when the observation occurs. Thus, a sequence of n observations could

be represented as: (X1,X2,Xs,....,Xn).ARMA is a statistical tool that is used to explain

the behavior of time-series data using only past observations on the variable in question.

In ARMA analysis, the time-sequenced observations in the data (...,X¿ -1,X¡,X¿¡1) are

statistically dependent. We use the statistical concept of correlation to measure the

relationships between observations within the series. In autoregression analysis we would

like to examine the correlation between X at time ú (X¿) and X at all earlier time periods

(XFr,Xt,Xt-r,...).

A general AutoRegression ,4Ã(p) model is defined as follows [20]

Xt: ótXtt * ózXt-z I þ3X¿4 + '........'.....'... + óoXr-o + 
",

where the /¿'s are the autoregression coefficients, X¿'s are the series under investigation

and p is the order of the model. Before an AR model can be used, its order p must be

specified. The appropriate value for p specifies the number of terms to be included and

it is much less than the length of the series. The noise term or residue e¿ is known as

Gaussian white noise.

The current term of the series can be estimated by a linear weighted sum of previous

terms in the series. The weights are the autoregressive coefficients /¿'s. The problem in

AR analysis is to derive the "best" values for þ¡ given a series X¿. The autoregressive
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coefficients could be found using nonlinear least square methods. The most common

method for deriving the coefficients involves multiplying the definition above by Xt-p

and taking the expectation values and normalizing. This gives a set of linear equations

called the Yule-Walker system of linear equations that can be solved numerically [20] .

2.L.2 The Method of Adaptive Filtering

Adaptive filtering can be applied as an AR method of the form described above. This

method starts lvith an initial set of /¿ values that are calculated with the procedure

described above and proceeds to adjust them according to the method ofsteepest descent

Ó¿r: ó¿t-t * 2Ke¡X¿-¿

;-1'- -) -r ""rP,

t:plI,p*2,.....n,

where @¿¿ is the nerv adaptive parameter, þ¿¡-1is the old parameter, K is the learning

constant that determines the speed of adaptation, and e¿ and X¿_¿have same definitions

as before. It is shown [20] that by repeatedly using the above equation under the nec-

essary conditions, parametric values (d¿'s) that give successively smaller Mean Squared

Error (MSE) can be easily attained.
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2.2 lNeural Network Forecasting

A Neural Network is one of the applications of Artificial intelligence [9]. Neural networks

were developed through studies of biological neuron perceptions [10]. In a sense, neural

networks are computer programs that are trained to behave and learn like a human brain

and remember some information from the past. A network is built with many neurons

called nodes which are similar to neurons in the biological field. It is a system composed

of many simple processing elements whose function is determined by network structure,

connection strengths, and the processing performed at computing elements or nodes. The

network looks for patterns, learns the patterns and develops the ability to forecast.

Though neural networks have been studied since 1940's [21] they are relatively new

methods for modeling and forecasting financial data, for example, stock/asset price.

Using neural networks, it is possible to search for regularities in the historical data that

could help predict the current asset price.

Kimoto [16] introduced modular neural networks that could learn the relationships

between the past technical and economic indices and predict the timing to buy and sell

a stock. Simulation of buying and selling stocks using the prediction system showed

an excellent profit. Stock price fluctuation factors could be extracted by analyzing the

neural networks. The neural networks learned the data well enough to show a very high

correlation coefficient, i.e. 0.991 whereas the multiple regression analysis showed a lower

coefficient, for example, 0.543.

Yoon and Swales [40] illustrated the neural networks approach to predict stock price
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performance and compared its predictive power with that of multiple discriminant anal-

ysis (MDA) methods. Inputs for the netr,vork were a list of nine variables: confidence,

economic factors outside the firm's control, growth, strategic gains, new products, antici-

pated loss, anticipaied gain, long-term optimism, and short-term optimism. The outputs

of the network were the predicted stock price performance of the firm; a firm whose stock

price performed well was classified as Group 1 and a firm whose stock price performed

poorly was classified as Group 2. The four layered network correctly classified 97% of

the mean training data and appropriately predicted 77.5% of the mean testing data: for

two sets 20 companies each, 18 were correctly classified into Group 1 whereas 13 com-

panies \Mere correctly classified into Group 2. The MDA method resulted in74% correct

classification for training set and 65% for the testing data set: again, for two sets of 20

companies each, about 12 and 14 companies were correctly classified into Group 1 and

Group 2 respectively.

Dutta [8] tried to rate different industrial bonds using neural networks. Valueline

Index and S&P Bond guide identified ten financial variables that had influence on the

bond rating. These ten variables were used as input for the neural network. Various

neural network configurations (two-layered, three-layered, different number of hidden

nodes etc.) were experimented with the Berkeley ISP ( the Interactive Statistical Package

developed at the University of California, Berkeley), which is normally used for multiple

regression analysis. neural network consistently outperformed the regression model in

prediction for bond rating. The success rate of prediction with neural networks was
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88.3% ,,vhereas with regression analysis it was only 66.7%. Besides, the total squared

error for both training and testing samples for regression analysis was about an order of

magnitude higher than that for neural network.

White [38] used neural networks for predicting one-day of return for holding IBM

common stock. Of the available 5000 days of return data, 1000 days were selected for

training purposes, whereas samples of 500 days before and after the training period

were used for testing the neural network's performance. The three-layer neural network

trained on the 1000 days detected the nonlinear structure of the market and a positive

correlation coefficient was found between the actual rate of daily return and predicted

rate of return.

Recently, Kanas [i5] compared out-of-sample forecasts of monthly return for Dow

Jones (DJ) and Financial Times (FT) indices generated by a nonlinear neural network

and linear model. This comparison was carried out on the basis of two approaches:

directional accuracy and forecast encompassing. Though the two models did not produce

good performance in terms of predicting the directional change of the two indices, the

neural network forecasts could explain the forecast errors of the linear model whereas the

Iinear model could not explain the forecasts errors of the neural network for both indices.

In addition, neural networks have been applied to many problems in finance, includ-

ing mortgage risk assessment, economic prediction, risk rating of exchange-traded fixed-

income investments, portfolio selection/diversification, simulation of market behavior,

index construction and identification of explanatory economic factors [34, 36]. Feedfor-
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ward networks with a single hidden layer and trained by least-squares are statistically

consistent estimators of arbitrary square-integrable regression functions under certain

practically-satisfiable assumptions (regarding sampling, target noise, the number of hid-

den units, the size of weights, and the form of the hidden-unit activation function) [37].

Such networks can be trained as statistically consistent estimators of derivatives of re-

gression functions and quantiles of the conditional noise distribution [39]. Here, we have

briefly discussed the general course of development of neural networks for finance. How-

ever, there are many works using neural networks in finance and economic forecasting

(for example, [14, 77,22], among many other works using forecasting techniques) and are

out of scope for reference in the current thesis.

Backpropagati.on(BP)is one of the most commonly used training algorithms for multi-

layer neural networks, in finance and other applications. The backpropagation algorithm

is computationally intensive and training times on the order of days and weeks are not

uncommon. As a result, some studies have been focused, though not for finance applica-

tions, on efficient parallel implementations of the backpropagation algorithm [32]. Two

main paradigms used to parallelize the backpropagation learning algorithm are: parti-

tioning the neural network called networlt-based paralleli,sm and partitioning the training

set of neural network called trai,ni,ng-set parallelism [31].

In network-based parallelism, the neural network is partitioned and distributed âmong

different processors. Each processor then simulates a group of neurons belonging to dif-

ferent layers of the neural network over the lvhole training set. In training-set parallelism

1i
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the neural network is duplicated on every processor of the parallel machine, and each

processor works with a subset of the training set. Each processor has a local copy of the

complete weight matrix of the neural network and accumulates weight change values for

the given training patterns. Pipelining is another technique [26] ihat allows the training

patterns to be "pipelined" between the layers. That is, the hidden and output layers

are computed on different processors. While the output layer processor calculates the

output and error values for the present training set, the hidden layer processor processes

the next training set. The forward and backward phase of backpropagation algorithm

could also be parallelized.

Rogers and Skillicorn [30] developed a cost model for different parallelization tech-

niques to train the neural networks based on different architectural parameters using

the Bulk Synchronous Parallelism (BSP) [35] cost model. They derived cost formulae for

both training-set and network-based parallelism. They concluded from their experiments

that the training-set parallelism is superior for almost all parallel architectures.

It is evident that parallelizing neural networks could help the training process for the

given application. However, there is no such study reported in the literature for stock

price forecasting with neural networks in parallel computing environments.

In the next chapter we introduce briefly several existing parallel architectures and

return to the discussion of neural network algorithms in chapter 4.

12



Chapter 3

Parallel Computing Environments

Parallel computing is a coordinated, simultaneous use of a number of processors to solve

a problem. It helps to perform large, complex tasks faster. A large task can be either

performed serially, one step following another or can be decomposed into smaller tasks

to be performed concurrently i.e., in parallel. Many large commercial parallel machines

are based on Flynn's taxonomy of computer architecture [18]. According to Flynn [18],

the main categories of computer architectures are SISD (Single Instruction Single Data),

SIMD (Single Instruction Multiple Data), MIMD (Multiple Instruction Multiple Data)

machines. They are described briefly in the following sections. A detailed description

could be found in [18].

3.1 Single Instruction Single Data (SISD) Model

In general, this type of machine is comprised of a processing unit and main memory.

Traditional sequential computers are based on this model introduced by Von Neuman.

13
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This computational model takes a single sequence of instructions and operates on a

single sequence of data. Data and progrâms are moved between the memory and the

processing unit. The main drawback of this architecture is that the speed of execution

of programs not only depends on the processor speed but also on the speed at which

the programs and instructions are brought from memory to the processor, referred to

as memory latency. Therefore, the performance of programs is limited by the speed at

which data are transferred from memory to the processor and vice-versa.

3.2 Single Instruction Multiple Data (SIMD) Model

This architecture has a single control unit and a number of processing units under that

control unit. During each instruction cycle, the control processor broadcasts the same

instruction to all of its subordinate processing units. Therefore, each processor performs

the same computation on different data sets. The processors work in lock step, thereby

requiring a global synchronization mechanism among the processors. Such parallel ma-

chines are called synchronous programming models. The Massively Parallel Processor [2]

and MasParMP-1 l24l are examples of SIMD architectures. One of the drawbacks of

SIMD computers is that the processors can not execute different instructions at the same

clock cycle. For instance, in a conditional statement (if-then-else), the code for each con-

dition must be executed sequentially. Under such circumstances, some processors may

be idling while others remain active, thereby, degrading the performance.

T4
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3.3 Multiple Instruction Multiple Data (MIMD)
Model

This architecture comprises of a number of autonomous processors: each processor is ca-

pable of executing a different program independent of other processors. IVIIMD are also

referred to SPMD (Single Program Multiple Data) models if the same program is exe-

cuted on every processor but with different data set. These are also called asynchronous

programming models because they do not have a global clock to synchronize the different

operations as in SIMD machine. MIMD systems may be divided into two sub-categories:

distributed and shared memory multiprocessors.

3.3.1 Distributed-Memory MIMD Multiprocessors

In this model multiple processors operate independently and each has its own private

local memory connected through an interconnection network as shown in Figure 3.1.

Figure 3.1: Generic Distributed-iViemory System.

In this architecture, each processor can only address its own local memory and it is

the programmer's responsibility managing partition, distributing and mapping data onto

the processors. The processors communicate via message passing primitives through the

interconnection network. Parallel Virtual Machine (PVM) and Message Passing Interface
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(MPI) are tr,vo such message passing libraries. Intel Paragon [25], CM-5 [5], ncube

are few examples of distributed machines.

3.3.2 Shared-Memory MIMD Multiprocessors

In this model, all the processors share a common global memory (Figure 3.2 ).

CPU-1 CPU.2

BUS

Memory-1 Memory-2 Memory-N

Figure 3.2: Generic Shared-Memory System.

Such machines are easy to build and program. Examples of such machines are SGI

Origin 3000, BBN Butterfly [3]. The users need not worry about partitioning their data

among the processors and only partition the computations. The drawback of shared

memory machines is that due to single address space concept, variables may be shared,

and resource sharing may limit the speed of the computation.

3.3.3 Multithreaded Paradigm

Massively parallel processors perform asynchronous computation by message passing

through an interconnection network. In 1987, Arvind and Iannucci [1] realized two

16
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fundamental latency problems that asynchronocity triggers: commun'icat'ion and syn-

chroni,zati,on. Communication, or remote access causes a processor to be idle until the

necessary data is fetched from the destination processor. In order to realize that the

necessary data is ready at the destination processor, the processors must synchronize.

There are many techniques to hide, reduce or tolerate latencies in hardware and soft-

ware. The most general technique is multi,threadi,ng which tries to overlap computation

with communication by means of threads (a thread is a set of few instructions). The

underlying principle in multithreading is that as long as there is enough parallelism in

the algorithm, the processors are always busy executing threads.

There are different types of multithreaded constructs (languages, libraries or hard-

ware). Tera [6] is a commercial multithreaded hardware architecture available at the

San Diego Supercomputing Center. There are other research oriented multithreaded

models such as Cilk [4, i9] which is a fine-grained multithreaded language developed at

MIT. EARTH [13] is another example which is a fine-grained data flow multithreaded

architecture developed at iVlcGill University (a fine-grained thread is a thread with very

few instructions). PThreads and Solaris threads are commercially available library rou-

tines developed at Sun Microsystems. Java is an object-oriented language that supports

threads. These language based threads are coarse-grained (many instructions per thread),

operating system dependent and slo'w.

Currently OpenMP is regarded as the standard language for multithreading. It is

designed for shared-memory multiprocessors.

L7



CHeprpn 3. PeRellpr. Corr¿purrxc ENvIRoNMENTS

OpenMP supports parallelism by including parallel directives/constructs in the pro-

gram. In general, an OpenMP program executes sequentially on a single thread (called

a master thread), just like a serial program. When the program encounters the parallel

constructs, a group of parallel threads (called slave threads) are created and each thread

executes a copy of the body of code enclosed within the parallel directive. When each

slave thread completes execution, the master thread gains control of the program and

continues the program execution in sequential basis until it encounters another parallel

directive.

Our work in this thesis concerns the development and implementation of parallel

algorithms for neural network on MIMD model of computing with both distributed (MPI)

and multithreaded shared-memory (OpenMP) approaches. As mentioned in chapter 1,

the focus is not on the rigorous statistical testing of the results.

In the next chapter we return to the neural network starting with the description of

sequential backpropagation neural network algorithm and its parallelization.

18



Chapter 4

Backpropagation lNeural Network

4.L Neural Network

A fully connected, layered, feedforward network is depicted in Figure 4.1. In this figure,

ri, hi, o¿ r€pr€s€nt unit activation levels of input, hidden and output units, respectively.

Weights on the connections between the input and hidden layers are denotedby w4¡,

while weights on connections between the hidden and output layers are denotedby wz¿¡.

This network has three layers, although it is possible and sometimes useful to have more.

Each unit in one layer is connected in the forward direction to every unit in the next

layer. Activations flow from the input layer through the hidden layer, to the output layer.

The knowledge of the network is encoded in the weights on connections between units.

A backpropagation network typically is initialized with a random set of weights. The

network adjusts its weights each time it processes an input-output pair. Each pair re-
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Figure 4.1: A Multilayer Feed-Forward Network.

quires two stages: a forward pass and a backward pass. The forward pass involves

presenting a sample input to the network and letting activations flow until they reach

the output layer. During the backward pass, the netr,vork's output (from the forward

pass) is compared with the target output and error estimates are computed for the out-

put units. The weights connected to the output units are used in order to derive error

estimates for the units in the hidden layers. Finally, errors are propagated back to the

connections stemming from the input units. The backpropagation algorithm usually

updates its weights incrementally, after seeing each input-output pair. After it has ex-

amined all the input-output pairs (and adjusted its weights many times) we say that

one epoch has been completed. This is explained further with the algorithm in the next

20
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section. This process is referred as neural network training/learning process. Training

a backpropagation network usually requires many epochs. An individual unit sums its

weighted inputs and produces a real value between 0 and 1 as output based on an activa-

tion function (sigmoid/bipolar). The activation function for a backpropagation network

should have several important characteristics: it should be continuous, differentiable,

and monotonically non-decreasing [9]. The computation of derivatives of the activation

function is generally easy. For the most commonly used activation functions, the value

of the derivative can be expressed in terms of the value of the function itself. The most

common activation function is the binary sigmoid function which has a range of (0,1)

and is defined as output: IlOl "-'"^), where sum is the weighted sum of the inputs

to a unit. Another common activation function is bipolar sigmoid, which has a range of

(-1,1) and is defined as output :2lQ + e-'"^) - 1.

Learning algorithms in neural networks are generally categorized as superui,sed and

unsuperu'ised learning. In supervised learning, the correct results (target values or desired

outputs) are known and are given to the neural network during training so that the

neural network can adjust its'weights to try to match its outputs to the target values. In

unsupervised learning, the neural network is not provided with the correct results during

training. Unsupervised neural networks usually perform some kind of data compression,

such as dimensionality reduction or clustering. Since this study is not concerned with

unsupervised learning, we do not discuss this learning category any further.

The backpropagation networlcs 'ivith supervised learning rules are the most popular
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and useful for time series forecasting. Standard backpropagation employs an optimiza-

tion method called the gradi,ent descent method to map the inputs to the outputs of

the network. This optimtzation method poses serious challenges when a large network

is involved, in terms of solving the resulting matrix problem, which by itself is an ac-

tive research problem requiring a lot of effort in scientific computing area (for example,

see [33]).

4.2 General Backpropagation Algorithm

Let, A be the number of units in the input layer, as determined by the length of the

training input vectors. Lel B, C be the number of units in the hidden layer and output

layer respectively. As shown in Figure 4.1 the input and hidden layers each have an extra

unit used for thresholding; therefore, the units in these layers are indexed by the ranges

(0,.......,A) and (0,.........,8). We denote the activation levels of the units in the input

layer by r¡, in the hidden layer by h¡, and in the output layer by o¡. Weights connecting

the input layer to the hidden layer are denoted by w4¡, where the subscript i corresponds

to the input units and , corresponds to the hidden units. Likewise weights connecting

the hidden layer to the output layer are denoted by wz¿¡, with z referring to hidden units

and j referring to output units.

The backpropagation [9,29) algorithm is described as follows: This is also explained

for financial forecasting in [1a].
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I Ini,ti,ali,zøti,on:

1. Initialize the weights in the network (set to small random values) and the activa-

tions of the thresholding units. The values of these thresholding units will never change.

For faster learning, we use Nguyen-Widrow [9] initialization. Weights from the hidden

units to output units are initialized to random values between -0.5 and 0.5. The initial-

ization of the weights from the input units to the hidden units is designed to improve

the ability of the hidden units to learn. This is accomplished by distributing the initial

weights and biases so that, for each input pattern, the net input to one of the hidden units

will be in the range that will facilitate ready learning by the hidden neurons. Further

details of this Nguyen-Widrow initialization can be found in [9].

I I Feedforward:

2. Choose an input-output pair. Suppose the input vector is r¿,(i,: 1,.....,,4) and

the target vector is t¿,(i,: I,...,C). Each input unit receives the input signal Í¿ and

broadcasts this signal to all units in the layer above, i.e., the hidden units.

3. Each hidden unit h¡,(i :1,....,.B) sums its weighted input signals, applies its

activation function to compute its output signal and sends this signal to all units in the

layer above (output units).

A

h-i,n¡: I r¿w|¿¡
¿:0

h¡ -- f (h-i,n¡)

23

4. Each output unit oj,(j : 1,....,C) sums its weighted input signals, applies its
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activation function to compute its output signal.

B

o-i,n¡ -lhnrzo,
i:0

o¡ : f (o-i,n¡)

III Backpropagati,on of error:

5. Each output unit o¡ receives a target pattern corresponding to the input training

pattern, computes its error/delta information term: 62j: (t¡ - o¡)Í'(o-in¡), and calcu-

lates its weight correction term A.u2rj given by Lw2¿¡ : r¡62¡ht. (where 4 is called learning

rate) and sends 62¡ to units in the layer below. A.wZ¿¡ is used later to update w2¡¡. The

learning rate 4 gives an estimate for moving in the gradient direction for convergence

towards the target value.

6. Each hidden unit h¡ sums its delta inputs (from units in the layer above 6l-'in, :

l.!-,6Znw2¡¿), multiplies it with the derivative of its activation function /' to calculateuz=I o Je/ t

its error information tetm, 67j:61-í.n¡f'(h-in¡). Each hidden unit then calculates its

weight correction term (used to update æ1¿¡ later) , Lu7¿¡ : r¡61¡r,i.

IIr Update Wei,ghts:

7. Each output unit o¡ updates weights, w2¿¡(i,:0,........,8). Each hidden unit å¡

updates weights, w7¿¡(i.: 0, ........,,4):

w2¿¡(new) - r2ü(old) + Lw2¿¡

wL¿¡(new) - rLuþld) + LwI¿¡

24

8. Go to step 2 and repeat. When all the input-output pairs have been presented to
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the network, one epoch i,s completed.

9. Repeat steps 3 to 8 for as mâny epochs as desired or the error is acceptably low.

The sequential backpropagation algorithm runs well and has a good running time

for a small network but when the network is large it takes a longer time to converge.

Therefore, the main drar,vback of a backpropagation algorithm is it's training time. For

example, 50 input variable combinations tested over three different hidden neurons with

five sets of randomly selected starting weights and a maximum number of 4 thousand

runs, results in 3 million iterations. The training time of 60 hours is not uncommon [11]

for such problems. Parallel processing could definitely help in accelerating the training

time of the network.

4.3 Parallel Backpropagation Algorithm: Distributed

Approach

To expedite the training process, r,ve have developed parallel neural network algorithms

in this thesis and implemented them on distributed and multithreaded architectures and

conducted various experiments to study the performance. In the distributed version

we have followed a very coarse-grained approach, where the data is partitioned and

distributed among the processors. In the multithreaded approach, lve experimented with

parameters such as thread size and number of threads in the system. We describe the

details of these two algorithms in the following sections.
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We have developed and implemented two types of parallelism in the distributed ap-

proach: neuron parallel'ism(NP) and trai,ning set parallelism (TSP). In NP, the neurons

are subdivided and distributed âmong the processors. In TSP, the input data is divided

among the processors but the network is replicated on every processor. Each processor

trains its own part of the network on its local data set examples, and the weights are

resolved by propagating the weights among the processors. The algorithms are imple-

mented on a Beowulf cluster using MPI.

4.3.L Neuron Parallelism

In our implementation we have used only one hidden layer, however for general under-

standing we describe the algorithm here with multiple hidden layers. In the backprop-

agation algorithm, the nodes within a hidden layer i, are independent of one another.

There is no communication required among these nodes. This lends itself easily to a

parallel implementation. However, the nodes between the two hidden layers h¡ and h¡a1

(7 refers to the number of hidden layers in the network) are dependent on one another

and therefore, require communication.

Figure 4.2 shows the technique of NP for a network r,vith one hidden layer and one

output. The total training data set is 1/. We presenl n 1 1{ subsets of data to the

network at a time. We assume P processors and the number of nodes at each hidden

Iayer is M. Every processor has a replicated copy of the input nodes. We partition and

distribute f; niaaen neurons to each of the processors. The edge r,veights corresponding
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Figure 4.2: Parallelization of the Neural Network - Neuron Parallelism

to the f; nodes local to each processor, reside within that processor.

Each node i,in a given hidden layer h¡+r, requires the value of all the nodes in h¡.

Therefore, each processor has to distribute its local node values calculated at ñ,¡ to its

neighboring nodes in different processors to calculate the value of output neuron at layer

hj*r. This communication can be performed as one broadco,st operation. However, to

proceed from one hidden layer to the next layer requires barrier synchronization. The

following steps comprise the parallel implementation.

processors calculate the activations for the hidden layer neurons residing lo-
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2. Each processor sends the activations of its neurons to all other processors as soon
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as these are computed.

3. Once the activations of all the hidden neurons are recelved, each processor calculates

the output value for the output layer neuron.

4. All processors calculate the deltas for the output neuron residing in them. (At

mentioned before, deltais error computed in the output layer based on the network's

actual output and the target output value. This error is directly proportional to

the derivative of activation function with respect to the weights, the constant of

proportionality being the learning rate. In other words, delta is defined as the

product of learning rate and the rate of change of the squared error in the output

neuron with respect to the change in the weights of the connections).

5. All processors send these delta values to all other processors.

6. The processors calculate the deltas for all the hidden neurons residing in them as

soon as they receive the deltas for the output neuron.

7. Finally the processors calculate the weight increments and update the incoming

and outgoing weights for those neurons that reside in them.

8. Repeat steps 1-7 to present 1/ data set to the network to complete one epoch.

4.3.2 Tbaining Set Parallelism

We describe here the TSP technique for training a parallel network. Each processor

maintains its own copy of the neural network and local weights. This style of parallelism
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is different from neuron parallelism in the sense that the input data is partitioned, rather

than the hidden nodes.

Ddd6f.ãiniñg

Dìrñbule

Updalo rcìghls dlh€

Figure 4.3: Parallelization of the Neural Network - Training Set Parallelism

Figure 4.3 illustrates the TSP technique. Given 1/ data set, and P processors, we

partition the data set into f; aata sets and distribute each set to the processors. Each

processor iterates through every data in its local data set f, and calculates the error

gradients or weight changes to the network. Upon completion of computation, each

processor broadcasts the error gradients to the other processors. Once each processor

receives the entire gradient information from all the other processors, it updates the

rveights of its network. This process continues for many epochs or until the error is

acceptably low. In effect, each network looks as if it had been trained with the entire

data set.
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For training set parallelism, the complete training set data is distributed among dif-

ferent processors. In this paradigm, each processor maintains its own network and own

local weights. For example, in our case of 2080 data sets, we could distribute first 520

data sets among P processors so that each processor gets (520|P) data points. Weights

remain the same for the first (520/P) data sets. Each processor accumulates the weight

changes for each training pair (data-set) and keeps weight changes in its own local mem-

ory. After completing the weight updates of the network for (5201P) data sets, each

processor broadcasts its local weights and weight changes to other processors. Each pro-

cessor calculates an average of the initial weights of P processors and required weight

change for the first 520 data sets. The new weight of the network is calculated by adding

the average weight change to the average weight. Each processor broadcasts these up-

dated weights to other processors so that for the next 520 data sets each processor works

with this new weight. This process continues until one epoch is completed, that is, 2080

data sets are presented to the network. After one epoch, the algorithm described above

repeats itself until the error is acceptably low.

4.4 Parallel Backpropagation Algorithm: Shared

Memory Multithreaded Approach

OpenMP supports both fi,ne-grai.ned paralleli,sm (FGP) and coarse-gra'ined paralleli,sm

(CGP) using the concept of parallel regions. We describe in this section the neural
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network multithreaded algorithms for these types of parallelism.

4.4.L Fine-GrainedfLoop Level Parallelism

This structure exploits the inherent loop structure in the program by parallelizing the

loops individually. The iterations of a loop are divided among the threads. In this

approach, we flood the system with as many threads as we require and allow the dynamic

scheduler in the system to allocate the threads among the processors. These threads can

be executed concurrently and asynchronously.

The parallel/distributed version of the neural network algorithm described in the

previous section, (for 1/ input data, M hidden neurons and one output) requires a bar-

rier synchronization to perform the reduction operation at the output layer. Hence, all

processors have to broadcast their final values to the master processor before the master

processor can compute the output. In a shared memory model, this extra overhead is not

required. Instead, we explicitly synchronize the output variable by placing it in a cri,ti,cal

section and allow each processor to access this critical section without any read-write

conflicts.

A portion of the actual computations of the neural network algorithm using loops

for the activation calculations of the hidden neurons (the weight update calculations are

also performed using loop-level parallelism r,vithout critical section) is given beiow in

OpenMP.
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#pragrna omp parallel for

{

for(j = 0; j < M; j++) {

for (i=0; i(n; i++) {

/x Some Computation is performed here*/

Ì

#pragna omp critical

{

/* 0utput is calculated herex/

Ì

In the above code, there are n input data and M hidden nodes. This code can

be easily explained through the execution diagram in Figure 4.4. Each vertical arrow

represents an executable thread. The master thread starts the algorithm and executes

the serial portion of the code before encountering the parallel /or directive. The master

thread invokes the loop creating X-l slave threads, X may be specified by the user. \iVe

assume in this diagram Nhat X : m. The X-l slave threads together with the master

thread creates X threads. These X threads divide the iterations of the for loop among

themselves, with each thread executing a portion of the iterations. The parameter X can

be varied according to the needs of the application. In this algorithm, when X : M, we

obtain pure fine-grained parallelism.
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Master Thread starts the algorithm

0.1

Master Thread encounters pilallel for directive
Slave Threads are creatcd

- - - - - Slave Thread enters critical section

Slave Th¡ead enters critical section

Slave Thread enters critical secrion

S¡ave Thread enters critical section

- 
Critical Section

------. InrplicilBidcr

-- - - MasterThread Resumes

Figure 4.4: Loop Level Parallelism in OpenMP

At the end of every iteration, the slave threads enter the mutually exclusive critical

section to calculate the output. Note that we have explicitly inserted this directive for

synchronization purposes to control access to the shared variable. After each thread has

completed its portion of the iterations, the thread waits at the end of the parallel for

construct for all the other threads to finish. OpenMP adds an implicit barrier at the end

of the parallel constructs. The threads are released of this barrier condition, once all the

threads finish and synchronize at the barrier. At this point, the slave threads no longer

exist and the master thread resumes execution of the code at the end of the parallel for

construct.
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4.4.2 Coarse-Grained Parallelism

Master thread

Parallel portion executed
by slave threads

Sequential portion
executed by master thread

Parallel port¡on executed
by slave threads

Master thread

Figure 4.5: Parallel Region in OpenMP

In this approach, we explicitly intervene by partitioning the workload into various

sections and distributing them to the threads. This is performed in OpenMP using the

concept of parallel regi,on. The parallel directive defines a parallel region shown below.

The number of threads to execute the parallel region can be defined by the user within the

code. The code within the paralle/ directive is executed concurrently and asynchronously

by ihe threads. For example, rvith Tthreads and n nodes, each thread can be allorved to

execute on ff nodes. The same code is replicated on each thread. Each thread, therefore,

has its own data environment. The threads and the data environments disappear at the
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end of the parallel region and the master thread resumes execution.

for Í = 1 to number-of-epochs do {

#pragma onp paralì-el

{

id=omp-get-thread-numO /x number of the thread

specified by user*/

/x Calculation of activations of hidden neurons done in

parallel fashion */

Ì

/x Activation cafcul-ation of output neuron and error*/

/x cal-culation of output and hidden neurons are done*/

/* sequentially by the master processor x/

#pragna omp parallel

{

id=omp-get-thread-num ( ) ;

/* t+eigtrt update of the weights connecting tox/

/x hidden-input and hidden-output neurons aretr/

/x done in parallel fashion.*/
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There are two parallel regions and one sequential region. The above code can be

best explained using Figure 4.5. The master thread starts the serial execution as before.

When it encounters the first parallel region to compute the activations of the hidden

neurons, a team of slave threads is created to execute this parallel region concurrently.

The code within this parallel region is replicated on every thread. At the end of the

parallel region, the master thread performs the activation calculations of the output

neuron and the error calculations of the output and hidden neurons sequentially. When

the master thread encounters the parallel region for the second time, a team of slave

threads are again created. The code within this parallel region, updating weights of its

neurons, is replicated on each slave thread as before.

The amount of computation and communication required for the neural network

training process is determined theoretically first. This is done in order to get an idea

of the feasibility of implementation of the algorithms on parallel architectures for their

practicality.

In the next chapter we derive the theoretical limits of these four algorithms based on

the computation and communication requirements.
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Chapter 5

Theoretical Analysis

In this section we present some of the analytical results of the algorithms.

5.1 Distributed Approach

In an SPMD model, a parallel backpropagation algorithm consists of the following steps

for both training set and neuron parallelisms: each processor performs the computations

on its local data set; communicates and exchanges information between the processors;

and applies a barrier synchronization to perform the final computation.

The processors in a Beowulf cluster are connected by a ring and every processor

requires to broadcast its message to every other processor, say to P - 1, processors. To

analyze the time complexity for two algorithms in the distributed approach, we assume

that ú, is the startup time and ú. is the communication cost for a fixed length message

(floating point) to traverse the interconnection network. We also assume that ú6 is the

JI
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average time required for the parallel machine to complete a barrier synchronization.

The training process consists of several batches of inputs from initial data set to the

network. This requires several epochs. The training time is the product of the number

of epochs and the time consumed for each epoch. During each epoch, the following

computations are performed: calculation of the activation for each neuron; calculation of

error gradient with respect to weight; and updating the weights.

Given r¿ neurons in the input layer and M neurons in the hidden layer, each hidden

neuron computes a weighted sum with n inputs and evaluates a bipolar sigmoid activation

function. Each hidden neuron is connected by an edge from all n input neurons with a

weight tl¿. Therefore, for M neurons, the total number of weights connecting the input

layer to the hidden layer is Mn : W1. The number of weights connecting from the

hidden layer to the output is M : W2. Since W2 is essentially much less than W1, we

will ignore W2. Therefore, the total number of weights in the network is W : Mn. The

computation of the error gradient at each neuron) involves each weight in the network,

which is approximahely W. The time required to update each weight, in the final step,

is therefore tr4l.

5.1.1 Tbaining Set Parallelism

For accuracy ofthe neural netrvork results, each ofthe the S data set is further subdivided

into I sets and distributed to the P processors. The computation time 7"1, for evaluating

the network and computing the error gradient is 9(f; W). Each processor then broadcasts
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the calculated error gradient to each of the P - 7 processors to update every weight in

the network. The total communication time is, therefore, T"o^* : 0(WI(P - 1)(¿, + ¿,)).

The total time required to update the weights, W, for I steps is 7"2 : O(WI(P - 1))

Time required for barrier synchronization is l. Therefore, the total time for the training

set parallelism (TSP) approach, including communications and computations is:

39

TotalTgp : T"t * T"z * T"o^* * Tborri",

: //r*wl + 0(wt(P - 1)(¿, + t")) + g(wt(P - 1)) + o(ttb)..P

5.L.2 Neuron Parallelism

In this algorithm, .42l hidden neurons are partitioned so fhal f hidden neurons are

distributed to P processors. The total computation time is 0($W). Each processor

accumulates the values of its hidden neurons and distributes the sum to the other P - L

processors for activation calculation of output neuron. This communication phase takes

0((tr+t")(P - 1)¡/). Before broadcasting the accumulated sum, a barrier is introduced to

perform the final computation at the output neuron. The total synchronization required

is //ú¡. Thus, the total time for the NP is:

Total¡¡p : T"o*p * T"o^^ * Tborr¿",

W: 0(;N) + 0((t, + t")(P - 1)1ú) + o(Ntb).
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5.2 Shared-Memory Multithreaded Approach

In this section, we derive the time complexity of both fine-grained/loop level parallelism

and coarse-grained parallelism.

5.2.1 Fine Grained or Loop-Level Parallelism

For the code discussed in section 4.4.7, the number of threads created is the number of

hidden neurons, M. Only the outer loop is parallelized. In loop-level parallelism, the

scheduler within the system distributes the work load among the processors trying to

evenly balance the load. Each thread then enters a critical section. However, OpenMP

does not provide fair access to the critical section, meaning that the threads are not

guaranteed access in some fashion such as first-in first-out or round robin. OpenMP

makes sure that a thread will be granted access to the critical section eventually. Under

this circumstance, a thread may be starved since other threads may get repeated access

to the critical section.

In our problem, threads enter the critical section only once. In the worst case, a

thread T, will enter the critical section after all the other M - L threads have had access.

Then the waiting time to compute the critical section (CS) is the product of the time to

compute the instructions within the section, ús5, and the number of threads ahead of 7

(: T x tcs).

In shared memory, there is no communication between processors or a barrier syn-

chronization. Each thread is fine-grained and performs computation independently and
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concurrently. As mentioned in section 4.4.I, all threads have an implicit barrier (IB),

however. This is additional overhead. Let us assume that each thread 7 takes time ú to

finish the whole algorithm. Let t¡e be the associated time for all threads to reach the end

of the loop. As we explain later, the overhead of the critical section waiting time and the

implicit barrier, play a major role in the performance of the multithreaded algorithm in

loop-level parallelism.

Therefore, the total computation time for fine-grained/loop level parallelism (LLP)

with the overhead incurred is:

TotaL¡¡p : Tcomp * Tcs I Touerhead,

: (t+t¿s*(M-1) +ú6)1f

5.2.2 Coarse-Grained Parallelism

In this approach, given M neurons, we predetermine the number of threads required and

allocate data to these threads. For example, with ?threads and n nodes, each thread can

be allowed to execute on fi nodes. Each thread executes the same code. In section 4.4.2,

we have shown the code for this approach. We notice that there are two parallel regions

and one sequential region. The activation calculation of the hidden neurons is performed

in parallel. The time required for this is $U. lt the end of the activation calculations,

all threads join the master thread. At this point the master thread resumes execution

of the serial part. OpenMP implicitly adds a barrier at the end of the parallel region

47



CHnprpn 5. TspoRnrrcel AwaLYSIS

directive. LeL tppy be the time required by all threads to join the master thread. The

time taken for sequential step to calculate the activations of output neuron and error

calculation of output and hidden neurons is 2M. Finally the weight updates are done in

parallel. This takes time ffN. Since there is no critical section, there is no additional

overhead and there is no communication because of shared-memory. Therefore, the total

computation time for coarse-grained parallelism (CGP) for 1/ data set is:

42

Totalgçp : Tparatlet I Tseriat t Torerheod.

,n.,W: ç¿ " i + 2M -l tp¡7)N

This is a first attempt of neural network implementation on OpenMP. It is very

difficult to analyze the multithreaded algorithm in general. There are no theoretical

models such as those (BSP [35], LOGP [7]) available for SPMD. However, we use the

above derived complexity results as a basis to analyze the performance results we present

in the next chapter.



Chapter 6

Performance Results

In this section we describe the performance results of the parallel implementations on

an 8 node Beowulf cluster with MPI and on an 8 processor SMP with OpenMP. Each

node in a Beowulf cluster consists of two Pentium III processors with speed of 501.146

MHz and has a memory of 526 MB with cache size of 512 KB. The SMP has Pentium

III processors with speed of 700.011MH2 and has a memory of 764 MB with cache size

1024KB. The inputs for the neural network for NP approach are daily stock prices for

200 consecutive days. The output is the predicted stock price for the following day. The

number of hidden neurons is about 75% of input neurons, that is 152 neurons. For TSP

rve use a small network of 25 input nodes representing stock prices of 25 days, 16 hidden

nodes and 1 output node that predicts the output for the following day. We used bipolar

sigmoid as the activation function. Using the data set of 2080 daily prices for a real-life

stock with a mean and standard deviation, the inputs are normalized and fed to the input
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units of the neural network. The data were obtained from Great-West Life. We initialize

the weights using Nguyen-Widrow initialization [20] which helped the neural network for

fast learning rather than a fully random initialization. Some of our results are already

published [27] and under review for publication [2S].

6.1 ARMA Model

Figure 6.1: Autoregression Model with varying order

Figure 6.1 shows the comparison of our results with one of the traditional time-series

models namely the ARMA model. The figure depicts the error with respect to order p

of the AR(p) model. The order p is the total number of previous stock prices included

for the prediction of the current stock price. We run the adaptive filtering AR model

1000 times to get the optimal set of autoregressive coefficients. It clearly shows that the
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testing error decreases as we consider more lagged variables. For our 2080 data set, we

get the lowest training error when we consider t52 lagged variables. The error in this

case is only 0.076. With the help of autoregressive coefficients, we tried to predict stock

prices for successive seven days and obtained a testing error of 0.061463. Both these

errors are calculated from the difference of square of the predicted stock and the actual

stock price for that day. We get an optimal test error for successive seven days with 10

lagged variables with an error of 0.043908.

One important observation from this figure is that the testing errors are better than

the training errors, a counter intuitive phenomenon. This could be due to the fact that

test data size is small and very structured. Since our aim is only on the parallel neural

network results, we do not pay attention to this phenomenon.

6.2 Distributed Approach

Figure 6.2 presents the execution time of the NP in MPI with respect to the number of

processors at various epochs. There is a gradual decrease in execution time as we increase

the number of processors for clifferent epochs. In NP, we partition and distribute the

hidden neurons to the processors. The processors execute the neural network algorithm

on their local data sets for a set of 200 data each time until all the data is fed in. In this

approach, there is a communication overhead of (ú, + t")*7*2080:14560+(t, + t") for 8

processors and 2080 data. This communication is required in each of the 1000 epochs

and hence leads to a very large overhead for the overall performance of the algorithm.
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Figure 6.2: Execution Time vs. Number of Processors for Neuron Parallelism in MPI

Also, the time required for synchronization per epoch is 2080ú6. Again, for 1000 epochs

(last epoch) this is a large overhead. However, the parallel implementation does produce

good performance as we increase machine size from 2 to 8 processors.

Figure 6.3 presents the execution time of the TSP algorithm for MPI with respect

to number of processors for various epochs. In this approach, the input data set (2080)

is partitioned and distributed to the processors. We observe a significant difference

in execution time compared to the NP algorithm in MPI shown in Figure 6.2. On 8

processors, the execution time for TSP with i5000 epochs (last epoch) is only 700 secs

and in NP with only 1000 epochs, it is already close io 5000 seconds. (see Figure 6.2).

The communication time (25 inputs and 16 hidden neurons) is only W(P - 1)(ú" + t") :

(25*16) x ( ) x Q) x(t,+t ):11200 x(ú,+ú"), where /is4andthesynchronizationtime
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Figure 6.3: Execution Time vs. Number of Processors for Training Set Parallelism in

MPI

compared to NP is only 4xt6. This has a significant impact on the overall execution time

of algorithm. In addition, since the network size is small, due to domain decomposition,

the computation time is smaller than that of a larger network as in NP. This implies

better scalability of the TSP algorithm.

A useful indication of the convergence of a neural network is the monitoring of the

correlati,on between the target and observed output layer values over each epoch during

training given by [9]:

Dl:, rnoi - N"T -o

the output for input dataset i,, T¡ is defined as the target output

is the total number of input datasets, O is the average output
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and ? is the â,verage target output. The coefficient r will lie in the range [-i,1]. A small

value of r near 0 implies no association and *1 means the output and target values are

strongly correlated and indication of the convergence of neural network towards a global

minimum.

Experiments with NP in MPI indicated that the correlation coefficient gradually

increases as lve increase the number of epochs. For example, in the second epoch, the

correlation coefficient is 0.77 while at the last epoch (1000), the correlation is 0.999005.

AIso, note that the coefficients are positively correlated, which implies that the neural

network converges as desired.

6.3 Shared-Memory Multithreaded Approach

Figure 6.4 shows the timing results for fine-grained algorithm for NP in OpenMP for

five epochs. We achieve the best performance with approximately 60 threads after which

the execution time starts to increase. This we attribute to the load imbalance and the

synchronization cost of entering the critical section. In loop-level parallelism, only the

outer loop is parallelized (section 4.4.1). Also, there is an explicit barrier at the end of

each loop, which is added by the system (OpenMP compiler). The critical section that

we need to add explicitly for synchronization purposes is an additional overhead. For a

large number of threads, the implicit barrier time t6 is greater than that required for a

small number of threads. The computation time decreases when we adopt a large number

of threads. However, the overhead incurred due to synchronization barrier dominates the
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Figure 6.4: Execution Time vs. Number of Processors for Fine-Grained Parallelism in

OpenMP

entire computation, for example if we used 100 threads. All threads have to wait until

the critical section is completed. The time taken for this rs 152*tss for 152 threads.

One of the reasons for the downtrend in the execution time for this approach is that

the parallelized loops are not distributed evenly (by OpenMP scheduler) among the

processors. Due to the poor performance results of this approach, lve have conducted all

our experiments (training and testing) wiih coarse-grained algorithm in OpenNIP and

compared our results with MPI on this algorithm. Note that since'we did not find any

significant improvement in the accuracy of the results for more epochs, the expertimental

results are given using 5 epochs.

Figure 6.5 presents the timing results for coarse-grained parallelism in OpenVIP with

respect to number of processors and various epochs. We notice in relation to the NP in

49



Cunprnn 6. PpRponuANCE Rpsul,ts

o
0)
U'

ta
o)

i=

9000

8000

7000

6000

5000

4000

3000

2000

1 000

0

--r- 250 Epoch

--r- 500 Epoch

---*- 750 Epoch

--I- 1000 Epoch

4

Number of Processors

Figure 6.5: Execution Time vs. Number of Processors for Coarse-Grained Parallelism in

OpenMP

MPI (Figure 6.2), the execution time decreases as we increase the number of processors.

The execution time for 1000 epochs (last epoch) on 8 processors is approximately the

same in both cases.

6.4 Comparison

Figures 6.6, 6.7, 6.8 and 6.9 capture the training and testing errors in four different

implementations against epochs. Since the number of epochs requirecl in neuron and

training-set parallelism is different, the training errors are plotted in separate figures.

We compare the errors of the algorithms (neuron parallelismT coarse grained parallelism)

in Figure 6.6 with AR Model. As it is clear from this figure neural network gives better
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Figure 6.6: Training Errors for Neuron, Coarse Grained Parallelism and AR Model

accuracy when compared to the traditional AR model. This is also true with training

set parallelism (as shown in Figure 6.7) ihough the scale is different in terms of number

of epochs. For 1500 epochs the training set parallelism gives better accurâcy than the

AR model. In addition, we observe the following points from these figures with respect

to the parallel implementation.

Figure 6.6, 6.7 demonstrate the training error for the parallel implementations in

N4PI, OpenNiP and the AR model at various epochs. We notice that OpenMP produces

the best training results. The AR model stagnates at about 0.08. Adaptive filtering of

the AR model gives a good acceleration if the coefficients are randomly chosen. Here, the

coefficients for regression analysis given by Wales Yulker [20] equation yields good esti-

mation of the coefficients for regression analysis. We see that adaptive filtering does not

51



Cseprpn 6. PpRpoRrr¿ANCE Rpsulrs

Accuracy (Training)

o
L
u¡
E)

'Ë
'õ
t-

1 000

100

10

1

0.1

0.01

---e-Training Sel
Parallelism

20000

Epochs

Figure 6.7: Training Errors for Training-set Parallelism

improve the initial estimation of coefficients. Further, in order to remove discrepancies,

the data was normalized by taking the difference from the mean. For the calculation of

coefficients of regression analysis, we used the difference values of successive stock prices.

We observe from this figure that all three algorithms train the neural network with better

accuracy. In other words, our algorithms do not compromise on the training errors of the

neural network. However, since the focus is on the development of parallel algorithms for

neural network training process we do not pay attention to the testing error as depicted

in Figure 6.8, 6.9. However, we make the following observations.

Figure 6.8, 6.9 demonstrate the testing error with 8 processors at various epochs.

The network was trained with 2080 data set but tested with 7 data set each with 200

inputs. The network training depends on the weight initialization as well as gradient

error. We notice that in N4PI, l\P version converges very fast. For NP, each processor
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Figure 6.8: Testing Errors for Neuron, Coarse Grained Parallelism and AR Model

initializes its weight matrix and updates its weights in each iteration independently. Since

the data is distributed among the processors in MPI implementation, the independent

weight initialization helps in reducing the error accumulation and hence helps in faster

convergence. In other words, with independent weight initialization, successive stock

price computations produce higher correlation value in relation to the target value.

Figure 6.10 presents the comparison of the three algorithms on 8 processors and at

the end of the last epoch in each case. For NP in MPI and CGP in OpenMP, the last

epoch is 1000 and for the TSP, the last epoch is 15000 (for 1000 epochs we noticed that

this approach was too fast, rvith very small execution time). Even with i5000 epochs,

we notice that the TSP gives the best execution time.

For NP in MPI and OpenlVIP the backpropagation algorithm trains a big network of

200 input nodes, 152 hidden nodes and one output node, which requires a large com-
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putation. On the other hand, in TSP, the network is of small size, so the computation

time is less than that of a bigger network. For NP in OpenMP, we get a better execution

time than NP in MPI because there is less associated communication cost in the shared

memory architecture as broadcast is eliminated by a common shared variable in critical

section.
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Algorithm Type Exec. Time (sec) Speedup (Tr"qlTp) Tlaining error Testing error

MPI(NP)1000 epoch 4773.65 .)À 0.048 0.00132

MPI (TSP)15000 epoch 683.28 2.32 0.029 0.01808

OpenMP(CGP)1000 epoch 4574.23 2.5 0.01 0.019

Table 6.1: Comparison of the three techniques
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Table 6.1 shows the comparison of the three algorithms at the end of the last epoch in

each case for 8 processors. The learning rate for NP and CGP is 0.01 and the momentum

is 0.04; for TSP the learning rate is 0.7 and the momentum is 0.6. We define the learning

rate as a scale factor that informs how far to move in the direction of gradient. Momentum

is a parameter that can be defined as the fraction of previous weight change that should

be added to the current lveight to proceed with a constant weight change in the same

direction. The absolute speedup for TSP with 15000 epochs is 2.32 while for I\P in MPI

and OpenMP it is 2.4 and 2.5 respectively. For a given architecture of neural network

and backpropagation algorithm we have to r,vork with a fixed problem size (for TSP) or

fixed hidden neurons (for NP).In order to get a close to linear speed up, the problem size

(or neurons) should be increased significantly in proportion to the machine size (number
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of processors) so that a large amount of computation will compensate the increased

communication overhead. Accuracy is another concern of neural network. In TSP, data

is divided into smaller chunks and distributed among a large number of processors. As a

result, the computation time decreases but the communication cost dominates the overall

efficiency. So we get a less speedup with TSP. Since the network is large, each processor

has to do a large amount of computation, we get a better speed up of 2.4 for NP in MPI.

The large computation compensates for the communication cost to some extent in this

case. The same argument can be made for NP in OpenMP. Moreover, a relatively better

speedup is achieved due to absence of broadcast operations and communication delay

that are inherent with distributed approach in MPL However, it does not provide very

good speedup as the shared memory machine has its own problems like context switching

between the threads, implicit synchronization, barrier for parallel regions, and improper

load balance, which contribute to the overall performance degradation.

We can summarize our results by stating that the TSP approach outperforms all other

approaches with reduced execution time. This is due to the fact that we decomposed the

large input data (stock prices), and distributed chunks ofthejob to the various processors

and thereby, working with smaller networks.
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Conclusion and Future Work

We have studied stock price forecasting problem by developing four different parallel

training algorithms for backpropagation neural networks. Neuron (NP) and training

set parallelism (TSP) algorithms are developed for distributed memory machines and

implemented on an 8 node Beowulf cluster using the standard programming method

called message passing interface (MPI). Fine-grained and coarse-grained multithreaded

algorithms are developed for shared memory machines for NP algorithm and implemented

on an 8 node SMP using the standard shared memory language called OpenMP.

Training the neural networks was shown to be accurate by:

o establishing a strong correlation between the network output and target value

o comparing u'ith one of the traditional time series methods called autoregression

model.

Comparison of the parallel algorithms with the traditional AR model for the train-
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ing errors showed that the OpenMP version produces the best results. The AR model

begins to stagnate at an error value of 0.08. The overall comparison between all three

algorithms on 8 processors indicates that the execution time of the TSP algorithm in

IVIPI outperforms all other algorithms. This, we attribute to the fact that network size

in TSP is smaller and the computation, therefore, is faster.

The absolute speedup for all three algorithms are approximately 2.5. In the TSP al-

gorithm, since the implicit data size is distributed among the processors but the network

is replicated in every processor, the computation time is less. However, since the values

have to be broadcast to all processors, communication increases the cost of of this algo-

rithm and hence leads to a reduced overall performance with a speedup of only 2.32. On

the other hand, the neuron parallelism technique in MPI also produces a speedtp of.2.4,

slightly higher than TSP. In NP, the task (data) size per processor is large and leads to less

communication overhead. However, the computation in each processor is coarse-grained.

As the problem size increases, the computation time also increases. Therefore, we do not

see a significant difference between speedups in TSP and NP. With the SPMD model

of computation followed in a distributed memory machine, the TSP and lt{P algorithms

are coarse-grained. It is a fact that in such machines, the algorithm should be designed

to avoid extensive communications. We tried this using the NP method. However, in

neural network, the problem has an inherent synchronization step lvhen proceeding from

one layer to the next. In this case, we have to block all processors from proceeding to the

next layer until the computations in the current layer is completed. This synchronization
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latency is expensive. This is the reason behind the observed minimal speedup in the NP

and TSP algorithms with MPI.

The fine-grained algorithm did not produce good results in OpenMP. This is because

we do not have control over the number of iterations that a thread can be allocated.

This is performed dynamically by the system. In OpenMP, there are implicit barriers

added by the system for the synchronization purposes and they add to the total overhead.

The performance stagnated after 60 threads. For this application having more than 60

threads does not improve the performance.

In the coarse-grained algorithm for OpenMP, we experimented with different thread

sizes. We distributed data to the threads. In other words, distribution of data to the

threads is left to the user. The speedup of 2.5 in this case is slightly higher than the NP

version with MPL This is due to the shared memory architecture, where broadcasting

is not necessary. While this is good, neural network still has synchronization step as

mentioned before and this, we feel is the primary bottleneck for all the algorithms.

Synchronization consumes a significant portion of the execution time of the algorithms.

In addition, context switching between threads in OpenMP, which takes few cycles of

operation, contributes to the overall performance degradation, when there are plenty of

threads.

There are opportunities to improve the performance with other types of algorithms

such as pipelining the network. However, as a first attempt to parallelize neural networks

for financial forecasting application, the current results are very encouraging in relation
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to the overall neural network training timings with traditional regression models.

For example, in pi,pelini,ng, the different weight layers are computed in different pro-

cessing elements. First, the hidden layer processor computes output values of training

pattern (a). The output processor reads the values and computes and the error values

of (a). The hidden layer processor concurrently processes the next training pattern (b).

Then it reads the hidden error for (a) and both processors accumulate the weight change

values for (a). This method pipelines the forward phase with the backward phase and

therefore, improves the concurrency in the application. This requires a major modifica-

tion in the algorithm and left as future work.

The theoretical analysis could be studied in depth to find the cost of the execution

for a given platform on which the algorithm is implemented. This requires a study of

the system level details to calculate the actual theoretical timings of the parameters

mentioned in chapter 5, such às tr, t", t¡e etc.

A rigorous statistical testing of the results is in order for practicability of the algo-

rithms. In other words, the testing results need to be substantiated further which is left

as our important extension of this thesis work.
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