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Abstract

Kernel method is frequently used for support vector machine classification
and regression prediction. Kernel computation for high dimensional data de-
mands heavy computing power. To shorten the computing time, we study the
performance issues of parallel kernel computation. We design the parallel algo-
rithms and apply them to the classification of fMRI images, which have extreme
high dimensionality. We first formulate the kernel calculation through linear
algebraic manipulation so that the operations can be performed in parallel with
minimum communication cost. We then implement the algorithms on a cluster
of computing workstations using MPI. Finally, we experiment with the fMRI
data to study the speedups and communication behaviors.

1 Introduction

Kernel based methods for regression and classification are powerful statistical
tools for machine learning. By transforming data from an input space into a fea-
ture space, data that is not linearly separable can be effectively separated and
classification accuracy is remarkably improved. Support vector clustering uses
kernels to cluster data in high dimensional space for unsupervised learning [1].
Kernel based regression can predict data with better precision than linear meth-
ods [7,21]. Kernel based support vector machines (SVM) have been successfully
used for many applications, such as speech recognition, face detection, disease
diagnoses, genetics, drug design, and text categorization [1,3,8,15,22,23,24,26].

Due to their importance in theory and application, we study kernel based
SVMs in this project. Specifically, we study the performance of kernel com-
putation for high dimensional data and apply the algorithms to fMRI image
classification. We will formulate the SVM computation linear algebraically so
that the algorithms are appropriate for parallel processing. We will implement
the algorithms in a cluster and test speedup, accuracy, and communication
efficiency with public domain data and the fMRI data.
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1.1 Background and related works

While kernel methods are widely applicable, kernel computation is time and
space consuming. This is especially true for high dimensional data. The KDD
cup thrombin data set has 139,351 features and 1909 data points [20]. The
CDK2 drug dataset has 14,223 compounds, each of which has 35,926,557 de-
scriptors [24]. The fMRI image, if represented by its raw voxel data, has 64K
features in each image. In the kernel methods, we need to store the training
set, we often need to store the kernel matrix, and we need memory space for
working data structures and copies of data. Though the kernel matrix itself is
not large if the number of data points is not large, the data matrix can take
a great deal of space. For such applications, the space requirement for ker-
nel computation can easily exceed the capability of computer’s main memory.
That is why related works generally use linear SVMs and avoid kernels for large
datasets.

The training time for large datasets can also be prohibitive. The solution
to a SVM involves quadratic programming, which is generally slow. To make
the quadratic search faster, SV M"9" was invented [9], which selects a smaller
working set than the training set at each iteration and reduces the amount of
computation. Similar strategies are used to achieve faster performance in the
quadratic programming to solve the SVMs [6,10,14,16], and different variants
of SVMs were proposed, such as SMO [16], SSVM [12], etc. To reduce space
and time consumption, an approximate SVM, the RSVM was introduced [11],
which randomly selects a subset from the training set and uses this reduced
subset to compute the kernel and make the kernel smaller.

The proximal SVM (PSVM) was invented as an alternative to speedup
the computation [4]. PSVM avoids the quadratic programming and solves the
SVM with linear computations only. Due to its simplicity and fast performance,
PSVM is becoming increasing popular [5,17]. PSVM can save computing time,
but its space requirement is high, since it must save the kernel matrix.

Incremental training methods were proposed for PSVM to save space and
to unlearn old data [3,5]. But they only considered linear classifiers without
kernels. Decremental learning for the linear PSVM was proposed to reduce
the contribution of old data [18]. Multi-categorical classification using incre-
mental PSVM was studied [19], but the kernel was not considered. A parallel
incremental learning algorithm was proposed for the linear PSVM [17]. An
incremental learning algorithm was suggested for high dimensional data, but
for linear SVM only [3].

In summary, related works often avoid using kernels for large and high
dimensional data. Parallel computation is not widely applied with SVM. The
only parallel SVM computation considers linear SVM without kernels [17].

1.2 Functional resonance magnetic imaging

Functional resonance magnetic imaging (fMRI) is an non-invasive neural imag-
ing technique that tracks brain activity. Unlike standard (or structural) MRI,
which images anatomical structure, fMRI images the blood oxygen level, or
BOLD response, which has been shown to be correlated with neural activity.
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Figure 1: The 16 images are one data point

Each point of the fMRI data contains 16 images (one 3D image group). Each
image has 64 x 64 voxels. Therefore each data point has 64 x 64 x 16 = 65, 536
values, which is the dimension of the data. Our purpose is to classify a patient
as demented or mentally normal. Figure 1 shows one image group, i.e., one
data point.

1.3 Goal of this project

To effectively use kernel methods for high dimensional data, we study parallel
and high performance kernel computation. We will use distributed memory on
a computing cluster and parallelize the computation across multiple computing
nodes. We first formulate the kernel computation for high dimensional data in a
way appropriate for parallel computing through linear algebraic manipulation.
We then implement and experiment with the algorithms. To experiment our
parallel algorithm, we first test it with the KDD cup data for correctness and
then apply it to analyze and classify the fMRI data.
The main issues involved in this project are.

e Formulation of the kernel matrix computation so that it is suitable for
parallel computing;

e Implementation of the formulated algorithms. Design of a proper commu-
nication pattern so that the communication overhead is as low as possible;
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e Tuning of parameters, such as variance used in the Gaussian kernel.
Weighting parameter in the SVM to minimize empirical error;

e Selection of the training set and the test set. By observing how well the
SVM generalize, we will try different kernels with different parameters,
and use various combination of data sets;

e Low level implementation issues such as endianness and feeding fMRI data
into the cluster’s frontier node after reading fMRI raw image by passing
its header file and data file.

Section 2 of this report outlines our algorithm formulation. Section 3 de-
scribes parallel implementation. Section 4 presents test results and Section 5
concludes the report.

2 Algorithm Formulation

In this section, we briefly present our algebraic manipulation in making the
kernel computation parallel, and then point out our core parallel computation
functions.

2.1 Nonlinear support vector machines

The nonlinear support vector machine can be formulated as follows, where we
follow the notation used by Mangasarian et al [13].

1
min  ve'y + i(u’u + %) (1)
subject to D(K(X,X")Du—ey)+y>e (2)
y=0 (3)

Solving the above optimization problem, we get w and v [13]. For a given
data point z, the separating surface (classifier function) is,

f(z) = sgn(K(a', X') Du — ) (4)

In the above equations, X € R™*" is the matrix containing all the training
data. m is the number of data points in the training set, and n is the dimension
of input space. We consider the case where n >> m. We use X’ to denote
transposition. X is the i*" row of matrix X, thus the i data point. D € R™*™
is the diagonal label matrix, D;; = 1, if the label at data point is 1; and D;; = —1
, if the label is —1. u € R™ and -, a scalar, are the parameters determining the
classifier function. If the classifier is linear, it uniquely determine a hyperplane.
v is a weighting parameter to emphasize the separation error vector y € R™ .
e € R™ is a vector of all ones. K € R™*™ is the kernel matrix between X and
X/,

K =K(X,X) (5)
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2.2 Proximal support vector machine—-PSVM

The optimization problem of (1), (2) and (3) is a quadratic programming prob-
lem. Its solution is a general nonlinear SVM. The proximal SVM is derived by
changing (1), (2) and (3) to (6) and (7) below.

1 1
min vl + 5 (lu+ ) )
subject to D(K(X,X')Du—ey)+y=ce¢ (7)

The solution to (6) and (7) is purely linear and defines the PSVM.

v=(/v+DKK' +ec)D)le=(I/v+GG) e (8)
u= DK'Dv (9)

v =—¢'Du (10)

y=uvfv (11)

G=DK —e) (12)

And the separating surface is

f(x) =sgn(K(z', XYK" + ¢")Dv (13)

The optimization problem of (6) and (7) is equivalent to that defined by (1),
(2) and (3). Both theoretic proof and geometric interpretation are given [4].
PSVM is much faster to solve than SVMs requiring quadratic programming.

2.3 The parallel kernel algorithm

The commonly used kernels are inner product based. Some of them are listed
in the following.
Gaussian kernel:

(K (X, X"))ij = exp(—p || X; — X;|) (14)
Homogeneous polynomial kernel:
(K(X, X)) = (< XiX; >)? (15)
P-kernel (probability kernel):
(K (X, X")ij = p(Xi)p(X;) (16)

where p(t) is the probability density function of ¢ .
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We take the Gaussian kernel as an example to formulate the kernel compu-
tation and then generalize the formulation to all other kernels. We partition
the data matrix X in the following column-wise way,

X = (X'x2..XP) (17)

Each X* is of dimension m x r, » = n/p, where p is the total number of
processing nodes in the architecture. We assume r is an integer. For the
Gaussian kernel,

(K (X, X))ij = exp(—pn 1 Xi = X;]*) (18)

1X: — X511 = (Xin — Xj1)2 + (Xi2 — Xj2)% + oo+ (X — Xjn)? (19)

= (Xh - X))+ .+ (X - X}T)22+ (X7 —X3)*+ o (X2 —X3)%+ ...
e (X = X5+ (X - XD
(20)
We define a matrix N € R™*™ as,

Nij = N(XZ,X]) = (Xz — Xj )2 + (Xz — Xj2)2 + ...+ (Xm — Xj )2 (21)

and
N = N*(X;, Xj) = (X5 - X[)2 + (X — X)* + ...+ (X — X5)? (22)

The N matrix consists of the squared norm-2 values of the training data. We
observe that,

p
k=1
and
p
N =) N* (24)
k=1
Therefore
(K(X, X'))ij = exp(—puNij) (25)

We can write the kernel matrix compactly as,
K = exp(—uN) (26)

In equation (22), N* is only dependent on partition X* of the sub-data ma-
trix. Equation (24) and (26) allow us to parallelize the kernel computation with
minimal communication cost. The algorithm for parallel kernel computation
on a producer/consumer model (see Section 3 for details) is outlined below.
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Parallel_compute_kernel( )
{

Producer partition X into sub-matrices according to (17)
Producer sends sub-matrices to consumer nodes
Consumer nodes compute sub-matrix N (22)
Consumer nodes send sub-matrix N to producer
Produce node sum sub-matrix N, (24)
Producer node computes kernel matrix, (26)

Suppose we have a data set of a million dimension, n = 2%0. Using our
partition on a cluster of p = 128 nodes, each partition has dimension r =
8K, which is much easier to handle. Since all commonly used kernels are
inner product based, their parallel computation can be carried out by slight
modification of the above algorithm.

It can be shown that if we partition the data row-wise, then we will have a
lot of communication during parallel computation. Therefore our partitioning
data column-wise to have smaller dimension on each node is a correct choice.

3 Implementation

We implement the parallel algorithm on the LosLobos cluster using MPI and the
C++ language. We use the producer/consumer model to design collaboration
of the cluster. The producer reads data file, partitions data and dispatches
subsets of data to consumer nodes, which compute the N* matrices and send
them back to the producer nodes.

3.1 Partitioning the data

In this subsection we discuss the low level issues and how we partition data.
The raw fMRI data is stored in big endian format. When processing the data
on a Linux cluster, which is based on little endian architecture, we need to swap
the bytes to read proper values. The dataset from Dartmouth College contains
data of 41 patients, of which all the young patients are nondemented. Among
the 27 adults, data of one of them is not complete. We use records of the 26
adult patients.

Each patient has been tested for 4 sessions, each of which has 128 trials.
Since each group of 8 trials has the same function and the first 8 trials are
just junk data, we take 15 raw image groups from each session, resulting in 60
image groups per patient. And we have totally 60 x 26 = 1560 image groups,
i.e., 1560 data points. In summary, we have a data matrix of mg = 1560 rows
and n = 65536 columns.

For a cluster of p = 32 computing nodes, we partition the dimension into 32
parts, each of dimension ngy = n/p = 2048. Among the mg rows, m = 1500
data points are used for training and 60 (one patient) for testing, to assemble
the leave one out cross validation (LOOCYV) configuration.
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Table 1: Data partitions on different clusters.

# of computing nodes # of rows # of columns

4
8
16
32
64

1560
1560
1560
1560
1560

16,384
8192
4096
2048
1024

<m) =f=i=t

Figure 2: The producer-consumer parallel model

The provider node reads from data files and sends each consumer node a
sub-matrix of R™*™ses, Data partitions for clusters of different sizes are listed

in Table 2.

On each consumer node, the received sub-matrix is split into training set
and testing set. The kernel matrix is computed only on the training set in
the training stage. The kernel between a data point and the training set is

computed during the classification stage.

3.2 Computing the kernel matrix

On each consumer node, the squared norm-2 of training set of the sub-matrix
is computed and sent to the provider node. The following code snippet shows
the operations. Due to symmetry, %m2nseg operations are required instead of

mZnseg operations.

for (i=0; i<M; i++){ //i
for (j=i; j<M; j++){ //j
sum=0.0;
for (k=0; k<NSeg; k++)

sum=sum+ (XTr[i] [k]-XTr[j] [k])=*(XTr[i] [k]-XTr[j][k]1);
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K[i][j1=K[j] [i]=sum;
Y /73
Y //4
MPI_Send(&K, M#M, MPI_FLOAT,...);

The provider node receives the squared norm-2 matrices, sums them up and
takes the exponential for the Gaussian kernel function. These operations are
shown below. The producer-consumer model is illustrated in Figure 2.

for (j=0; j<sizeCluster; j++){ // j, consumers
MPI_Recv(&KRecv, M*M, MPI_FLOAT,...);

for (k=0; k<M; k++)
for (L=0; L<M; L++)
K [k] [L]+=KRecv [k] [L];
} // j, consumers

for (r=0; r<M; r++)
for (s=0; s<M; s++)
K[r] [s]=exp((-1.0)*muxK[r] [s])

3.3 Solving the linear equations

In this subsection, we show how we save space and time through algebraic
manipulation for the linear programming.

To classify a data point according to (13), we need to solve equation (8).
We rewrite (8) in the following,

(I/v+ D(KK' +ee)D)v =e. (27)

To solve for v, we need to evaluate the matrix

P=(I/v+ D(KK'+ee')D)=(I/v+ P1), (28)

where
P1=D(KK'+ee')D = DQD, (29)

where
Q=KK'+e€. (30)

Since D is the label matrix, computation of P1 can be simplified. We show
how to simplify for the case of m = 3. Suppose,

dy
D=|d, | =(d dy ds) (31)
dy
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where each d; is a vector with element ¢ being equal to +1, all others zero.
Now,

d,Qdy d\Qdy d,Qds
P1=DQD = | d)Qd dQd> dyQds (32)
dQdy dyQdy dyQds

We take one element, djQdz, as an example to show how to simplify the
matrix multiplications.

q11 q12 Q13
1Qdy=(d(1) 0 0)x| g g2 g3 |x| d(2) | =d(1)xq2xd(2) (33)
431 q32 433 0

Therefore,
(P1)i; = DCol(i) x DCol(j) x gij, (34)

where DCol is a vector containing data labels. In this way, the square matrix
D € R™*™ is replaced by an array of m elements.

Further more, the intermediate matrices of ), P1, and the identity matrix
can be eliminated and their spaces are saved. The code that computes the
operations is shown below. The operations for P = (I/v + D(KK' + e€’)D)
is accomplished in one triple loop. If we did not eliminate the D, Q and P1
matrices, we need two more triples loops, in addition to more space usage.

for (i=0; i<M; i++){ //i
for (j=i; j<M; j++){ //j
sum=0.0;
for (k=0; k<M; k++)
sum=sum + K[i] [k]*K[j] [k]; //X[3]1 [k]=KT [k, j]
P[i][j1=DCol[i]*DCol[j]l*(sum+1.0); //plus one here
if(i==j) P[i][j]1=P[i][j]l+ (float)1l/nu ;
Y /73
Y //1

Due to our simplification through linear algebraic manipulation, we save three
m x m arrays, and 2 x m? times.
The matrix inversion is avoided by using Cholesky factorization. The basic
idea of Cholesky factorization is explained below.
To solve
Az = b, (35)

where A’ = A. We can factorize A into
A=LL (36)

where, L is a lower triangle matrix. We first solve for y from the following
equation using forward substitution,

10
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Ly=15b (37)

Then solve for x from the following equation using backward substitution,
Lr=y (38)

Thus, matrix inversion is not needed. For our case, A = P, b = e, and
x = v. The code for Cholesky factorization is listed in Appendix A. Our
implementation of the Cholesky factorization works in place, hence saves space.

3.4 Classification

The separating surface is given is equation (13). Its parallel computation is
described in the following. The provider node receives squared norm-2 matrics
between test data and the training set, sums them up, and takes the exponential
when the Gaussian kernel function is used. It then evaluate the separating
function and test on its sign. If it is positive, the data corresponds to a demented
patient. Otherwise, nondemented. The code is illustrated below.

for each test data { //i test data

for each consumer node j { // j, consumers
MPI_Recv(&X10, M, MPI_FLOAT,...);
for (k=0; k<M; k++)

X1[k]=X1[k]+X10[k];

Y /73

for (k=0; k<M; k++)
X1[k]=exp((-1)*mu*xX1[k]);

c=0.0;

for (ii=0; ii<M; ii++)
c=c+ KXKA[ii]*V[ii];

if ( >0 ){
demented .....
}
else {
nondemented. . .
}

} //i test data

4 Experiments

In this section we present our test results.

4.1 A small dataset

To verify that our coding for the PSVM is correct, we implemented a sequen-
tial version of the software and tested with the ionosphere dataset, m = 350,

11
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Table 2: Times spent on different operations.

Operations Time(sec) Percentage
Read data 0.1077 1.8 %
Kernel Computation  5.3536 91.1 %
Cholesky factorization 0.414 7.05 %

n = 35 [20]. The test ran on the LosLobos cluster using only one node. We
have achieved higher than 90% accuracy for cross validation. We have experi-
mented with the Gaussian kernel, the polynomial kernel, the tri-cube kernel and
the Epanechnikov kernel. We have also implemented and tested the Cholesky
factorization for matrix inversion.

The tests on the 350 x 350 kernel (Gaussian) for the ionosphere data on
single node show that 91% of computing time is spent on kernel computation,
as shown in Table 2. Since kernel consumes most of the training time, we are
justified to parallelize kernel computation, in addition to parallel classification.

4.2 Slow experiences with the fMRI dataset

Before we present our parallel performance, let’s take a look at how slow it
could be if we do not use parallel processing. The fMRI dataset is preprocessed
to comsist of my = 1560 data points, among which m = 1500 data points are
used as training set and the remaining 60 is for leave one out cross validation.
The data dimension is n = 65, 536. We wrote a sequential program and wanted
it run on a single CPU computer.

On the PC at my home (P-III 1GHz CPU, 128 MB RAM), it did not run
because of insufficient memory. On a PC with more memory, 256 MB RAM,
500 MHz PIII PC, it took 96678 seconds=26.8 hours to train and classify for
the 60 data points. On a Sun Ultra Sparc work station with 1 GB RAM, 750
MHz CPU, we ran the same instance and did not get timing information. The
code used to get the timing is shown below and the time used is reported to
be —1.374 seconds. From the code below, we can see when the end time kept
incrementing and crossed zero, it became smaller than the start time. That’s
why we got negative running time.

clock_t start, end;
start=clock();
SVM_Kernel();
end=clock();
cout<<"SVM time in sec="<<(double) (end-start)/CLOCKS_PER_SEC<<endl; \\
$ SVM time in sec=-1.374

With this slow performance, it is hard to continue our experiments.
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Figure 3: Parallel computing times

4.3 Parallel performance with the fMRI dataset

The fMRI dataset for training and testing is the same as in the sequential
case. Namely, it consists of mg = 1560 data points, among which m = 1500 as
training set and 60 for leave one out cross validation. The data dimension is
n = 65,536. Each test run trains the data and classify the 60 data points.

We tested our parallel algorithm on 4, 8, 16, 32, and 64 consumer nodes.
The times used is shown in Figure 3. The speedup is shown in Figure 4. With
32 computing nodes, we can run one test in 4 minutes, which is much better
than 26 hours.

The correct classification ratio is 91% on the trained data and 62% for cross
validation. Figure 3 and 4 are the cases for Gaussian kernels. When we use a
4-degree homogeneous polynomial kernel, we get 10.7% faster performance and
the correct ratio is 87% on trained data, and 61% for cross validation . Overall,
kernel computation consumes 85% of total computing time. The low correct
ratio could be due to the fact that we do not have enough training data. The
number of data point compared with data dimension is small and renders the
problem less well constrained (please see section 5 on future work to improve
accuracy).

The communication times used in all the runs are summarized in Figure
5. The times used to send the sub-data matrices need more attention. The
time used for the first node to receive the sub-matrix is large on small cluster
and small on large cluster. This is because that on a smaller cluster, each sub-
matrix is larger and takes longer to transmit. The opposite situation is true
for larger cluster. But the time when the last node received the sub-matrix
is almost all the same, between 50 and 60 seconds. This phenomenon implies
that communication overhead is not scalable and speedup will not scale up for
larger clusters. For clusters large enough, communication cost will dominate
total performance. When we increase the cluster size continually, we will get
to a point where speedup will decrease.

13
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5 Conclusions and Future Work

To use kernel based SVMs on high dimensional data and overcome the diffi-
culty of slow computing speed, we propose to build parallel SVMs. We have
formulated the PSVM, especially its kernel computation and classification to
exploit parallelism (22),(24). We have simplified linear algebraic operations
to save space and time (34). The algorithms are tested on a cluster for the
fMRI imaging data, which has a high dimension. Substantial speedup has been
achieved. Being able to reduce the running time from 26 hours to 4 minutes
allows us to test more algorithms and do more meaningful experiments.
Specifically, we have done the following in this project.

e Implementation of the PSVM as a sequential algorithm and profiling its
accuracy and running time.

e Implementation of the in-place Cholesky factorization to avoid matrix in-
version for numerical stability and space saving.

14
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e Formulation of the kernel based PSVM computation so that it is suitable
for parallel computing. Partition data column-wise to reduce communi-
cation cost.

e Implementation of the formulated parallel PSVM algorithms. Substan-
tial speedups have been achieved. Running time has been reduce from
26 hours to 4 minutes. Classification accuracies have been tested on the
Gaussian and polynomial kernels.

e Simplification of linear algebraic operations so that space and time are
saved. (Space saving, 3 x m?; time saving 2 x m?)

In the future we will focus on improving classification accuracy. Since the
slow speed problem has been solved and we are able to run an instance in a
couple of minutes, more experiments on different algorithms are possible. We
will improve accuracy in a couple of ways. One way is to collect more data. We
will contact the fMRI data center and see how we can get more data points on
the dame dataset. The second approach is to integrate temporal information
into consideration, since fMRI is both spatial and temporal. There is a new
classification algorithm based on sets of vectors that has been successfully used
to classify video surveillance images [25]. The method based on sets of vectors
considers the entirety of data collected over the course of time and thereby
integrates temporal structure into classification. However, this method involves
even larger amount of computation. We will try implement this algorithm in
parallel and apply it on the fMRI data.
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7 Appendix A

Code for the Cholesky factorization.

void chole2(string strMatrix, string strB, int dimm, int dimn)
{
//cholesky on matrix P; called in pO
string strTemp;
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int flag=0;
int i=0;
int m,j,k;
P[0] [0]=sqrt(P[0] [0]);
for (m=1; m<M; m++)

P[0] [m]=P[0] [m]/P[0] [O];
for (i=1; i<M; i+H){ // i

for ( k=0; k<=(i-1); k++)

P[il [i]1=P[il [i]1-P[k] [i]l*P[k][il; // A(k,i)"2;

if ( P[i][i] <0 ){
flag=1;
cout<< "Pii less than 0 at "<< i<<endl;
return ;
}
P[i] [i]l=sqrt(P[i][i]);
for ( j=i+1; j<M; j++){
for ( k=0; k<=i-1; k++){
P[i]1[j1=P[i] [j1-P[k] [i1*P[k][j];
}
P[il[j1=P[il[j1/ P[il[il; //A(i,j)=A(i,j)/A(i,1);
}
Y // i
[11171717771777/77/77//77/7////7///// forward substitution
v{ol=v([ol/p[0][0]; //b(1)=b(1)/A(1,1);
for ( i=1; i<M; i++){ // i =2:n
for( j=0; j <=i-1; j++) { //1:i-1
VIil=V[i] - P[j1[i]1=V[jl; // Db(i)=b(i)-A(j,i)*b(j);
}

V[i]l=V[il/P[i] [i]; //b(1)=b(i)/A(i,1i);
}
////7/7///7//7/7////7///7////7//////// Ybackward substitution
VIM-1]1=V[M-1]/P[M-1] [M-1]; //b(n)=b(n)/A(n,n);

for (i= M-2; i >=0; i—-){ //i=n-1: -1: 1
for ( j=M-1; j>=i+1; j—-){ //j=n: -1 :i+1
VIil=V[i]l-P[i] [jI1=*V[jl; //b(1)=b(i)-A(i,j)*b(j);
}
VIil=V[il/P[il[il; //b(1)=b(1)/A(i,1);




