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AB STRACT

We present in this paper an adaptive linear neural network architecture called PLSNET. This network is
based on partial least-squares (PLS) regression. The architecture is a modular network with stages that are
associated with the desired number of PLS factors that are to be retained. PLSNET actually consists of two
separate but coupled architectures, PLSNET-C for PLS calibration, and PLSNET-P for prediction (or
estimation). We show that PLSNET-C can be trained by supervised learning with three standard Hebbian
learning rules that extracts the PLS weight loading vectors, the regression coefficients, and the loading
vectors for the univariate output component case (single target values). The PLS information that is extracted
by PLSNET-C after training, i.e., three sets of synaptic weights, is used by the PLSNET-P as fixed weights
(through the coupling) in its architecture. PLSNET-C can then yield predictions of the output variable given
test measurements as its input. Two examples are presented, the first illustrates the typical improved
predictive capability of PLSNET compared to classical least-squares, and the second shows how PLSNET
can be used for parametric system identification.

Keywords: adaptive modular learning, classical least-squares, convergence, factor analysis, Hebbian
learning, minimal realization, overfitting, partial least-squares, system identification, supervised learning

1. INTRODUCTION

Partial least-squares (PLS), originally introduced by Wold1'2 is a statistical modeling technique that is
used extensively in analytical chemistry for quantitatively analyzing spectroscopic data. We have shown that
PLS can be used for numerous engineering problems, and problems in other scientific areas3. PLSNET, an
adaptive modular linear neural network architecture based on PLS regression, is presented in this paper. It
has been shown that PLS can yield better predictive performance than PCR (principal component regression)
and classical least-squares (CLS) methods for cases when it is not desirable to use all of the information
content residing in the empirical data to develop a calibration model used for prediction4. Specifically,
because PLS is afactor analysis (rank reduction) method, optimal selection of the number of PLS factors can
result in a calibration model whose predictive performance is considerably better than CLS. Specifically,
when the factor analysis is properly carried out it only allows those features of the data that are associated
with information of interest to be retained for development of the calibration model (or for prediction), and the
remaining data associated with noise are discarded. This can account for a more robust calibration model (or
reduced predictive error) for PLS.

The PLS calibration approach taken here assumes the univariate output component case. That is, only a
single response variable (target value) exists for each of the input exemplars. This type of PLS is referred to
as the PLS 1 algorithm45, and is first explained in a condensed algorithmic form, followed by the prediction
algorithm which uses information from the calibration phase. A supervised trained adaptive modular linear
neural network realization of the PLS calibration process (PLSNET-C) is introduced which is based on a set
of three standard Hebbian learning rules which allows extraction of the PLS weight loading vectors, the
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regression coefficients, and the loading vectors for the univariate output component case. The PLSNET-C
architecture is similar to the APEX (adaptive principal component exiraction) neural network of Kung, et aL6,
with the major difference that PLSNET-C includes during the training process the response (output)
information whereas the APEX method does not. PLSNET-C is also similar to the radial basis function
neural network based on orthogonal least-squares learning proposed by Chen, et aL'.

PLSNET actually consists of two separate but coupled neural architectures, i.e., PLSNET-C (calibration)
and PLSNET-P (prediction). The three sets of synaptic weights extracted by PLSNET-C are used by
PLSNET-P to predict the output (or dependent variable) given a test input. The first simulation example
presented illustrates how the extracted information (synaptic weights) from PLSNET-C can be directly
incorporated into the PLSNET-P neural network which can yield predictions (or estimates) given unknown
test inputs, with better predictive performance than CLS. The second example given shows how PLSNET
can be used for parametric system identification, where the system dimension and parameter vector can be
simultaneuously estimated.

2. PLS1 CALIBRATION AND PREDICTION ALGORITHMS

PLSNET is based on the PLS1 calibration and prediction algorithms. The PLS 1 calibration algorithm can
be presented as a recursive process, where each step in the process is derived from a CLS approach5.
Assuming a training data set, A E , and the associated target data, c 9' , where 9 denotes the field
real numbers and 9'' denotes all real mxn dimensional matrices, the following PLS 1 calibration and
prediction algorithms are presented, which follow the explanation given in Haaland and Thomas5.

2.1. PLS1 calibration algorithm

Step 1. Mean-centering and variance scaling of the data
Typically, this step is taken if it is necessary to remove a bias in the data, or if the data are collected in
different units. However, if there is no compelling reason to mean-center or variance scale the data, these
processes should not be carried out3.

First, an index h (number count for the PLS factors) is initially set to 1.

Step 2. Forming the weight loading vector, h E
This is a CLS calibration, and the model is given as

model: A = cwT + EA (1)

where the least-squares solution is given as

least-squares solution: = ATc/ cTc

then normalize M'h i.e.,

'h / II'hll2 (2)

where IJ•112 L -norm, and EA E in (1) contains the residuals associated with A.

Step 3. Generation of the score (latent variable) vector, E9mx1

In this step, A is now written with respect to the latent variables or the scores as

model: A =th + EA (3)
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where the least-squares solution is given as

least-squares solution: t =Ah I whwh =Ah (4)

Step 4. Relating the score vector, 1h to the elements of c

The relation between 1h and c is modeled as

model: c = Vhth + ec (5)

and the least-squares solution is given as

least-squares solution: 'h = t/1!'c , 1/1h (6)

where for each h increment (6) gives an estimate of vh ER which is the scalar regression coefficient (inner

relationship) relating 1h to the elements in c. The vector e ER' in (5) contains the PLS residuals
associated with c.

Step 5. Generation of bh E the PLS loading vector for A
The new model is given as

model: A = ihb + EA (7)

where the least-squares solution is given as

least squares solution: bh = ATIh / thth (8)

The vectors bh, for h =1,2,••, are the PLS loading vectors.
Step 6. Calculation of the residuals in A and c

A residuals: EA = A — Ihb (9)

c residuals: = C - (10)

Step 7. Increment h, substitute EA for A and ec for c in Step 2 and co nti nue for the

desired number of loading vectors (or the optimal number of PLS factors, h°).

2.2. PLS1 Prediction Algorithm

Step 1. Mean-centering and variance scaling

If A in the calibration phase was mean-centered and variance scaled, a ER'' (a given test measurement), is
also centered and scaled using the calibration data, set h =1.

Step 2. Calculation of the measurement intensity, th

thwha (11)
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Step 3 . Compute the updated estimate ofthe dependent variable, c

Ch Ch4 + h1h (12)

Step4. Calculation ofthe residual of a

eah eah4 '.h1h (where eaO a) (13)

Step 5. Loop back to Step 2.
Increment h (i.e., h — h + 1), substitute eah for a, until h =h° (where h° is the desired (or optimal)
number of PLS factors, or loading vectors or scores). The quantities h' vh bh are from the PLS 1
calibration phase, and c0 is the mean of the target values used in the PLS 1 calibration training phase, if the

data are mean-centered. When h =h° then the prediction ê = Cho.

3. PLSNET ARCHITECTURE AND LEARNING RULES

3. 1. PLSNET-Calibration (PLSNET..C)

The adaptive modular PLSNET neural network for the PLS calibration phase (i.e., PLSNET-C) is shown
in Fig. 1 . This architecture is based on the PLS 1 calibration algorithm above in Steps 1 -7, where all of the
neuron computing elements are linear. The various stages indicated in Fig. 1 are related to the number of PLS
factors that are to be retained. The modular nature of this architecture lies in the staging for each PLS factor
that is to be retained. That is, after PLSNET-C is trained and if it is desired to add an additional factor, this is
simply accomplished by adding another stage to the network. The network does not have to be completely
retrained, but trained only for the additional stage that is added, with the synaptic weights initially set for the
upper stages from the prior training phase. Figure 2 shows the portions of the PLSNET-C architecture (from
the first stage) that are associated with extraction of the PLS weight loading vectors, h in Fig. 2a, the

loading vectors bh in Fig. 2b, and the scalar regression coefficients (or inner relationships), 3h in Fig. 2c.
Each of the three subnetworks, from the first stage in Fig. 1, has an associated standard Hebbian learning rule
for extraction of the PLS information. In each of the three cases, the discrete-time learning rule can be
derived by establishing an error cost function, and then minimizing this error cost function with respect to the

PLS quantity that is to be extracted. Using the results by Amari8, the discrete-time learning rules for h' bh,

and i3h can be derived, respectively, from

+ 1) = - J.tVLw(wh) (14)

where VL(wh) = W(!h)

+ 1) = - b''b('h) (15)

Vh(k+l)Vh(k).tvVLv(Vh) (16)

Therefore, each of the gradients must be computed in (14)-(16), and the results are summarized in Table I. It
can be shown that if the learning rate satisfies the inequality
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mO< <(c1
i=J

where c1, for i =1, 2, ••, m are the training target values, and also

Ii >11 >11— — rv

PLSNET-C is guaranteed to converge.

(17)

(18)

A

Figure 2. Subnetworks of PLSNET-C for
extraction of the PLS (a) weight loading vectors,

Wh, (b) loading vectors, bh, and (c) regression
coefficients, 1'h

Table I: Summary of the PLSNET-C Learning Rules

PLS Information IError Function Error
Cost Function PLSNET-C Learning Rule

wh E 9' (Weight Loading Vector) e = -cwh L.,,,(Wh)= Ijej j(k + 1)= Wh (k)+ c(a -ch(k))

(Loading Vector) = a ihibh
1' b i2

Lb(bh)=
eaj 112 bh(k +1)= bh(k)+ tbIh(a -Ihjbh(k))

E (ScalarRegression Coefficient
or Inner Relationship) = CI - vhth L.(vh) = jIe 11h (k+ 1) = Vh(k) + P...1Ih1(cI -

I. Where the Learning Parameters must satisfy I.LW � I'b P-v II. h = 1, 2, ..., h° (optimal number of PLS factors)
ifi. c are the training target values IV. a1 are the training input exemplars V. I =1, 2, ..., m (no. of measurements)
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Figure 1. PLSNET-C adaptive modular architecture.
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3.2. PLSNET..Prediction (PLSNET-P)

The PLSNET-P architecture is shown in Fig. 3. The architecture is based on the PLS 1 prediction
algorithm given above. As with PLSNET-C, all of the neuron computing elements in Fig. 3 are linear.
PLSNET-P is not trained but uses as its synaptic weights the information that is extracted by PLSNET-C to
predict (or estimate) a value for the independent variable ê given test inputs atesti' for i = 1, 2, •. . . That is,

the synaptic weights ({h. bh,vh), for h = 1, 2, '. ., h°) in PLSNET-P are fixed, and obtained from
PLSNET-C after training. The coupling between PLSNET-C and PLSNET-C is ilusirated in Fig. 4.

There have been other neural network realizations of PLS, e.g., Holcomb and Moran9, where a linear
feedforward neural network architecture is presented. Also, nonlinear PLS neural network architectures have
been proposed by Qin and McAvoy10 and Malthouse11. However, the PLS neural network presented here
differs considerably from these three architectures, mainly in the adaptive modular nature of PLSNET-C.

(Stage 1
1st PLS Factor)

(Stage 2
2nd PLS Fact)

(Stage 2
2nd PLS Factor)

(Stage 3
3rd PLS Factor)

Figure 3. PLSNET-P For prediction (or estimation). Figure 4. Coupling of PLSNET-C and PLSNET-P.

4. SIMULATION EXAMPLES

In this first example, the predictive performances of PLSNET and a CLS approach are compared. All
simulations were performed on a Pentium P5-90 PC using Matlab 4.2.c. 1. The example consists of a set of
200 simulated near-infrared (NTR) spectra with associated concentration target values ranging from 2.7 mg/dl
(milli-grams/deci-liter) to 500 mg/dl for the components of interest in the spectra. The 200 spectra were
generated from a cardinal component of interest (shown in Fig. 5a as the lowest amplitude spectrum), and a
cardinal obscuring component (shown in Fig. 5a as the higher amplitude spectrum). The obscuring
component is the simulated NIR absorption of water which dominants the MR absorption of the component
of interest. Therefore, 200 simulated MR spectra were generated by adding the obscuring component to the
component of interest, with the obscuring component 3 orders of magnitude larger, and zero-mean Gaussian

noise with a relative variance of 2 =9 was added to the component of interest before adding the obscuring
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component with a random amplitude to simulate the non-ideal nature of a spectrophotometer, i.e., baseline
variations4. Five of the 200 simulated NIR spectra are shown in Fig. 5b. Because of the dominate effect of
the water absorption all of the spectra appear to be identical.

Under ideal conditions there exists a linear relationship between the amount of absorption and the
concentration of the analyte (component) of interest in an aqueous solution according to the well known
Lambert-Beefs law3. However, in many situations there can exist a nearly-linear (slightly non-linear)
relationship, therefore, the varying 200 reference concentration values were generated from the pure

component spectra, A° E (rn-spectra and n-spectral components or frequencies), i.e.,

3 1 n=1OOci=lo tan (10 a) (19)
j=1

for i = 1, 2, . . ., m = 200. The 200 spectra were divided into two equal data sets, {A,.ain,Ctrain} and
tAtest,Ctest} each with 100 spectra and concentrations. That is, starting with the concentrations, and
associated spectra, in ascending order the odd samples were assigned to the training set and the even samples
to the test set. A CLS model ( bfCLS) was developed from

, T -iT
bICLS (A.ainAtrain) Atraincirain , (20)

Figure 5c shows the CLS calibration model vector components as a function of the sample components (or
simulated frequencies). As seen in Fig. 5c the calibration model is very erratic and it would therefore be
expected that estimates based on this model would result in relatively poor predictions. Projecting the test
data absorption matrix Atest OfltO the CLS calibration model bfCLS the associated test concentrations (Ctest)
can be predicted, i.e.,

test-CLS = AtestbfCLS (21)

To assess how well the CLS model is able to predict the concentrations, we can compute the standard error of
prediction (SEP)4 from

mtest
SEP={ : (Citest iitest)2/mtest}1"2 (22)

i=1

where mtest is the number of samples and jtest is the estimate. For the CLS approach an SEP of 40.53
mg/dl was achieved, and the CLS predictions are shown in Fig. 5 (d).

PLSNET-C was trained with the training data set for 3 stages (3 PLS factors), the computed value for

was 1. 12O5x1O from (17), and J.tb = =0.05xj.t.. After 6000 training epochs the network converged,
and the first 3 weight loading vectors are shown in Fig. 5 (e), where it is obvious that only 2 factors should
be retained for prediction using PLSNET-P. The third weight loading vector shown (the relatively erratic
signal) is associated with noise and should not be retained. An independent validation method4 was carried
out which verified that retaining 2 factors is optimal. The concentration predictions estimated by PLSNET-P
using the synaptic weights from PLSNET-C for 2 PLS factors is shown in Fig. 5 (f), with an associated SEP
of 6.84 mg/dl. PLSNET is able to predict the concentrations for the test data much better than CLS because
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of the factor analysis capabilities of PLS. That is, in PLSNET only 2 factors out of 100 were retained for
prediction, whereas, CLS used all 100 factors including those associated with noise which increased the
prediction error as compared to PLSNET. Therefore, CLS is actually overfiuing4 the data, whereas,
PLSNET avoids this through the proper selection of the number of factors to retain.

:5

600 200 400
Reference Conc., mg/dI

Figure 5. (a) Cardinal components, (b) Simulated MR spectra, (c) CLS model vector, (d) CLS predictions,
(e) First 3 PLS weight loading vectors from PLSNET-C, and (f) PLSNET-P predictions.

The second example illustrates how PLS (PLSNET) can be used for parametric system identification12.
The basic approach involves using the auto-regressive moving average (ARMA) approach13'14. The
objective is to estimate (or predict) the parameters of a system given only the collected input/output data of the
system, without prior knowledge of the system characteristics. Applying PLS (PLSNET) to the identification
of the parameters of a single input/single output (SISO) discrete-time noise-free system, i.e., the coefficients
of the numerator and denominator polynomials of a strictly proper rational system z-transfer function or the
matrix elements of a canonical state-space model of the system, we use the ARMA matrix approach.
Specifically, given an appropriate input u(k) along with the system output (response) vector y(k) for
k=0, 1,2, ... , the ARMA matrix can be formed for a selected number of data samples, N, and an assumed
system dimension, n. The appropriate input to the system is always taken to be a stimulus that is "persistently
exciting of order 13,14, i.e., one that will excite the system in a manner so enough information will reside
in the output data to properly estimate the system parameters.

The strictly proper rational z-transfer function has the general form

Y(z)G(z)= =
U(z)

+ + + ... +

?+a1z'+ a2z'2+ ••+a
(23)

A time-domain difference equation can formed from (23), which can be written as
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y(k)+a1y(k—1)+a2y(k---2)+••• ay(k—n)
—bu(k— 1) —bu(k 2) —1u(k— 3) •• • — bu(k — n) (24)

where e(k;a1,a2, • • • • • • ,b) is an error term which is zero when the parameter vector
[a1,a2, • • ' , ,b,b, •• • ,b] contains the actual or true plant parameters14. Therefore, (24) can be written
as

y(k) = l,T(k)O+ e(k; 6) (25)

where ftT(k) = [—y(k— 1) —y(k — 2) • • ' — y(k — n) u(k —1) u(k —2) u(k —3) • ' ' u(k— n)]. For the time index
taken as k =n,n + 1, n + 2, • • , N , where n is the assumed system dimension and N is the total number of data
samples used from the data set (u(k),y(k)}, a set of equations resulting from (25) can be written as

y(N) = .li(N)O + t(N; 0) (26)

where yT(N) = [y(n) y(n + 1) y(n + 2) • • ' y(N)], T(N) [0(n) fr(n + 1) 2) 0(N)], CT(N; 0)
[E(n;0) S(n + 1; 0) e(n + 2; 0) • • • e(N; 9)], and (N) 9tN1x2, y(k) N-n+1 e(N; 0) N—n+1,
and 092n•

The basic problem with a CLS approach to the system identification problem, or any other method that
requires prior knowledge of the system dimension, is that the actual system, ñ , is not necessary known a
priori. There exist methods which have been developed to determine the dimension of the system (or order
estimation)13, however, PLS (PLSNET) naturally possesses this capability through thefactor analysis. That
is, if the assumed system dimension, n , is selected such that n > i, i.e., an over-specified system, then the
ARMA regression data matrix (N) and y(N) will reflect this over-specification. Therefore, using PLS
(PLSNET) the optimal number of PLS factors will indicate the dimension of the estimated parameter vector,
e, thus, yielding an estimate of the system dimension (order), , i.e., h° = 2,i . If the resulting model of the

system is a minimal realization (i.e., no transfer function pole/zero cancellations or a canonical state-space
model of the system is controllable and observable14) then 11 =ff, conversely, PLS (PLSNET) will yield a
minimal realization through the factor analysis to the otherwise non-minimal model of the system for which
uI<ff(given n>ff).

To apply PLSNET to the parametric system identification problem, training and test sets are developed
from the input/output data fu(k),y(k)}, i.e.,

training data set = (,1(N),y(N)} (27)

test data set = (28)

where the test data set in (28) is taken from a different portion of the collected data {u(k), y(k)) than that used
for the training data set in (27). It is assumed in generating the two data sets in (27) and (28) that the system
is over-specified, i.e., n> ff. To select the optimal number of PLS factors, an independent validation
method4 is applied using the test data in (28), where d'(N) A andy(N) c. After the optimal number of
factors is determined, which will give an estimate of the system dimension, , the parameter vector can
estimated by first forming a new set of data
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final data set = ()j(N,ñ),yj(N;ñ)} (29)

i.e., the fmal data set used to estimate 0 from the collected data {u(k),y(k)) . The number of samples used to
generate 1(N;uI) and y1(N;iI) does not necessarily have to be the same as used to develop
((N),y(N)} and , but must be N>2 ñ 14 An estimate of the parameter vector can
then be obtained by using an alternate method to perform PLS prediction5. This method consists of
generating a calibration model from the PLS weight loading vectors, h' the loading vectors, bh. and the

regression coefficients, vh for h = 1, 2, • • •, h° (optimal number of PLS factors). The data {h,bh,ih}
obtained from PLSNET-C can be used to form the following matrices

(30)

jT '2 '1I (31)

(32)

where * Eh0xh0 h0xh0 and Eh0x1 and h° = 211 . From (30), (3 1) and (32) the optimal PLS
calibration model (final calibration coefficients), j,JPLS' can be formed as

bfpLs *T(b*T)_1 (33)

The PLS calibration model (vector) given in (33), developed from the final data set, {f(N;ñ),yf(N;h))

can now be used for prediction. However, for our application, the PLS model, bfpLS. is the estimate of the

parameter vector, 0, i.e., bfpLS =0.

We now apply this approach for parametric system identification, and the example which follows
illustrates how the selection of the system order can be carried out, and using this estimate of the system
dimension the parameter vector can then be estimated. The system to be analyzed is 2nd-order with
parameters for the actual discrete system given as

0T [—0.5999 0. 05 1 —0.1] (34)

with the sampling period T = 2ir1 1000 sec and i =2 . The parameters in (34) are related to the strictly
proper rational z-transfer function given in its general form in (23). The simulated empirical data {u(k), y(k))
was generated in Matlab using (34), and Gaussian white noise with zero mean and unity variance as the input,
u(k). The input and output sequences have 1024 samples each, however, the first 100 samples in each were
used to generate the training data given in (27) and the next 100 samples were used to form the test data set
given in (28), with the system dimension over-specified as n =3. Using the training data, PLSNET-C
converged after 6000 training epochs to yield {h bh,vh) for h =1, 2, ..., 6. The SEP, given in (22), was
calculated for all 6 PLS factors using PLSNET-P with the test data, and plotted as a function of the number of
factors, the results are shown in Fig. 6 (this is the independent validation method). The predictions yielded
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by PLSNET-P are the estimates of the output, yjest(N), (i.e., itest) for each of the factors, h = 1, 2, •••, 6,
and are compared to the actual output from the test data set, i.e., ytesz(N) using the SEP performance
measure.

0.8

C,)

0.

O.2
C,)

0

Figure 6. Selection of the optimal number of PLS

factors from the PLSNET-C results, h° is selected
as 2, i.e., the estimate of the system dimension (order)
is i'i= 1 (for the minimal realization of the system).

Figure 7. Magnitude of the difference of the unit step

responses of the original system 2nd order system
(Y2) and the 1st order system (Y1) determined by
PLSNET.

From Fig. 6, the optimal number of PLS factors is selected as 2 (i.e., h° =2), and, the estimate of the
system dimension is ñ =1.

Therefore, the original system given in (34) is reducible and the minimal realization can be found by first
generating the final data set as given in (29), i.e., {1(N;ñ),y1(N;,1I)}. Using PLSNET-C, the PLS weight

loading vectors, the loading vectors, and the regression coefficients, i.e., {h,bh,i)h} for h =1, 2, were
generated after 3000 training epochs. From {h,bh,vh) the three matrices in (30)-(32) were generated, i.e.,

W, B, and . Finally, from W, B, and the PLS calibration model is generated according to (33), i.e.,

bj'pLs = °PLS = [—0.4999 1.0] (35)

which is the minimal realization of the original system given in (34). Figure 7 shows the magnitude of the
difference between the unit step responses for (34), the original 2nd order system, and (35), the 1st order
system, i.e., the minimal realization of (34). As shown in Fig. 7, the responses of the two systems are
essentially the same. However, this is not too surprising when the poles and zeros of the original 2nd order
system are calculated. They are given as poles2,,4_order system =[0.4999 0.1], and the zero is at
zero2nd_order system = [0.11.. Therefore, if the pole and zero at 0.1 is canceled, the resultant system is the
minimal realization found by PLSNET given in (35), which is controllable and observable.
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5. CONCLUSIONS

We have shown that the partial least-squares (PLS) statistical modeling method can be realized in a linear
adaptive modular neural network architecture (PLSNET). The neural network consists of two coupled
architectures, PLSNET-C for the calibration phase and PLSNET-P for prediction. PLSNET-P uses as fixed
synaptic weights the information that is extracted by PLSNET-P. It was shown that PLSNET-C is trained by
three standard Hebbian learning rules that allows the extraction of the PLS weight loading vectors, the
regression coefficients, and the loading vectors. Two examples were presented. The first illustrated how
PLSNET can perform better than classical least-squares (CLS) because of the factor analysis capability that
PLS possesses. Factor analysis allows PLSNET to retain only the essential features of the training data that
are relevant with respect to the target data, and by discarding all higher-order factors noise reduction can be
performed. The second example showed how PLSNET can be used for parametric system identification. It
was shown that PLSNET can simultaneously estimate the system dimension (order) and the parameter vector
from input/output data collected from the system. The factor analysis capability of PLSNET allows the
system dimension to be estimated, which results in the parameter vector estimate to be a minimal realization of
the system, i.e., one which is controllable and observable. Therefore, PLSNET can simultaneously estimate
both the system dimension and parameter vector.
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