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Abstract—

PPLS, a parallel version for the Partial Least-Squares algorithm,
is introduced in this article. The proposed algorithm is restricted to
the case of only one dependent variable for the regression model. Un-
like other approaches, such as the ones that calculate the PLS factors
through Hebbian learning, PPLS is exact and does not depend on ap-
proximation or convergence criteria. In our experiments with a small
data set, the algorithm shows a Speedup greater than 3 for the first 4
machines in a computer cluster architecture.
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I. INTRODUCTION

The PLS algorithm [GK86] has been widely used as

a chemometric tool for Near-Infrared spectral analysis

[HT88a, HT88b, BK87]. The simplicity of the technique

and robustness of the generated model, also make the partial
least-squares approac h a powerful tool for factor analysis, be-
ing applied to many other areas such as process monitoring,
marketing analysis and image processing [AM99, MMR99].
In this paper, we propose PPLS, a parallel version of the
Partial Least-Squares algorithm restricted to one depen-
dent variable. Compared to other parallel implementations
[HK98, MMT94, HMO98] that use Neural Networks, ours is
not based on any convergence rule such as Hebbian learning,
making its use simpler.

In our experiments with a small data set, the PPLS ap-
proach shows an efficiency above 74% when using four
nodes of our computer cluster.

In section 2, we present the classical non-parallel PLS al-
gorithm. In section 3, our parallel approach PPLS is pre-
sented, and, in section 4, its parallel performance is tested.

[I. PLS ALGORITHM

A. Modeling

Partial Least Squares (PLS) is a mu[tiwzuiafe statistical
method, based on the use of factors, which ls_a.lmed at pre-
diction [GK86]. The goal is to predict the values of a set of

yvariables y b;
Y based on the observed values of a set of variables
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?hi’f construction of a PLS model requires a set of obser-
vation samples (patterns) and also their respective future val-
ues. Let X be the matrix containing in its rows the patterns
ﬂ_f observations and Y be the matrix containing in its rows
the effective values to be predicted.

The PLS method is a modeling procedure that simultane-
ously estimates underlying factors in both X' and Y. These
factors are then used to define a subspace in X that 15 more
adequate to model Y. With PCR [BK&7], the rotation de-
fined by the cigenvectors is used to find a subspace in X that
subsequently is used to model Y. The approach taken by
PLS is very similar to that of Principal Component Analysis
(PCA) [LMPIT], except that factors are chosen to describe
the variables in Y as well as in X. This is accomplished by
usiﬁg the columns of the Y matrix to estimate the factors for
X . At the same time, the columns of X are used to estimate
the factors of Y. The resulting models are
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; and v are columns of T and U, respectively)- However:
when both matrices are used to estimate factors, the fﬂf?m‘s
for the X and ¥’ matrices have the following relationship:

=0t +¢€

where b 18 termed the inner relationship between & and_t and
is used to calculate subsequent factors if the intrinsic dimen-
sionality of X is greater than one. Geometrically, this states
hat the vectors u and £ are approximately equal except for
their lengths.

The main advantage of PLS is that it incorporates more
.nformation in the model-building phase.

B. The Algorithm

The classical Partial Least-Squares algorithm, as described
in [GK86], can be decomposed in the following steps:
. given a data set for training, a regression model is built.
This is the calibration or training step;
2, givenan independent data set, called test set, predictions
are made using the model that has just been built.
In the following subsections these two steps arc explained.

B.1 Model Training

The sequential PLS algorithm, as described in figure 1,
uses as the training set the n X m matrix X, and the n dimen-
sional vector ¥, Observe that X contains the n observations
of m independent variables. Y contains the corresponding
values for the dependent variable.

At each iteration, the following factors are calculated re-
garding the regression model between the scores for X and
b i

1. the weights w;;

2. the regression coefficient b; for the inner relation;

3. the loadings represented by pi.

As already stated, there is a key difference between PLS
and other regression methods [GK86] such as PCR. Both
methods construct a regression on principal components,
however the model constructed by PLS also uses information
from the dependent variable ¥ to bias the principal compo-
nents. In fact, as we can see in the second and third lines
of figure 1, the weighting factor w; being an eigenvector of
XTYYTX, provides a better quality for the prediction step.

B.2 Prediction Step

Given a trained model, obtained as described in the previ-
ous section, one can make predictions by using an indepen-
dent data set X. Figure 2 shows the algorithm for this step.
It should be noticed that the number of desired factors for the
prediction is indicated by the variable k.

A common procedure, when determining the optimal
number of factors k to be used in the prediction, consists in

s =RT /||r|

ti — xwi
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L=y ijt;rti

Pi=XT1y
Pi = pi/|lp4|

X=X—tp]
S=T=1 6

Fig. 1, Sequential PLS algorithm.

PLS Prediction J
for i=1tok

ti:x'ﬁg
y=y+bi -t
X=X—tip;

end

Fig. 2. Sequential PLS algorithm for the prediction of .
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PRESS [Gl{gﬁ] (Prediction Residu:?l Sum of Squares). .ThlS
kind of method, called cross-validation [BKBT], uses an inde-
Pefﬁdém Jataset X withan already known variable Y‘. PRESS
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Fig. 8. Efficiency for PPLS.



