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Abstract

Thispaper presentsthe selective orthogonal matrix least-squares
(SOM-LS) method for representing a multiport network charac-
terized by sampled data with the rational matrix. Recently, it is
needed in a circuit design to evaluate physical effects of intercon-
nects and package, and the evaluation is done by numerical elec-
tromagnetic analysis or measurement by network analyzer. Here,
the SOM-LS method will play an important role for generating the
macromodels of interconnects and package in circuit simulation
level. The accuracy of the macromodels is predictable and con-
trollable, that is, the SOM-L S method fits the rational matrix to the
sampled data, selecting the dominant poles of the rational matrix.
In examples, simple PCB models are analyzed, where the ratio-
nal matrices are described by Verilog-A, and some simulations are
carried out on acommercial circuit simulator.

1. Introduction

Designers of mixed analog/digital circuits begin to employ top-
down design and bottom-up verification methodologies [1], [2].
Due to the continued consumerization of the electronics market
place, electronics companies are required to develop these prod-
ucts very rapidly in order to ensure the market share. Therefore,
utilizing higher levels of abstraction, the designers intend to cope
with complexities in the designs and shorten the developing peri-
ods. On the other hand, physical effects such as interconnects and
power consumption to be observed at lower levels have been in-
creasingly significant in the overall performance of the systems
[3]. Furthermore, owing to success of shrinking process tech-
nologies, the micromechanical systems are to be implemented as
system-on-chip [4]. In these cases, low level effects must be in-
volved in models at higher levels of abstraction.

Model reduction algorithms [6]-[15] are suitable for produc-
ing the higher level models. These methods provide a small sys-
tem from a set of equations fully described by the lower levels of
details. The moment matching techniques [6], [7] and PVL [8]
provide a lower order rational function for linear time-invariant
single-input single-output (SISO) system. Furthermore, Krylov
subspace methods [9]-[ 11] obtain the reduced-order models of lin-
ear time-invariant multi-input multi-output (MIMO) systems pro-
jecting them into subspaces of lower dimensions. These ideas have
been aso applied to model reduction of linear time-varying sys-
tems [13] and weskly [14] or general nonlinear ones [15], focus-
ing on applicationsto communication [13], [14] and micromachine
[15]. These model reduction algorithms generate the models with-
out requiring additional modeling expertises from designers, and
the accuracy of the models are relatively predictable and control-
lable using Krylov projection methods with error bound [12].

Besidesthe availability of model reduction algorithms, numer-
ical methods for electromagnetic analysis such as finite elements
(FEM) method [16], the method of moment (MoM) [17], and fi-
nite difference time domain (FDTD) method [18], and measure-

ment by network analyzer are widely employed in the fields of
package and microwave. Since the system level behaviors then
are given by sampled data in the time or frequency-domain with
multiport networks expressed by admittance, impedance, and scat-
tering matrices, many researchers have paid their attentions to ap-
proximation of the sampled data by a rational matrix [19]-[27].
The essence of the rational approximation isto fit the rational ma-
trix to the sampled data by the least-squares (LS) methods. The
L Sfitting based macromodeling methods, however, could not pre-
servethe passivity of the original systems, which wasfault of these
methodsin comparing to the model reduction algorithmsfor linear
time-invariant systems [10], [11]. Fortunately, enforcing the ratio-
nal matrix to be passive has been reported in the recent published
works [26], [27].

In this paper, we present a method for approximating sam-
pled data by the rational matrix. First, the sasmpled data, which
are frequency-domain data of network parameter matrix, are sep-
arately approximated by a rationa function, then, we can obtain
the poles from the rational functions. Next, the residues are de-
termined by the orthogonal LS method so that the rational matrix
consisting of the poles and residuesisfitted to the sampled datafor
al the elements of the network parameter matrix. Here, the accu-
racy of the rational matrix is predictable and controllable, that is,
the LS method fits the rational matrix to the sampled data, select-
ing the dominant poles. Selection of the dominant polesis corre-
sponding to choosing the orthogonal vectors in orthogonalization
steps for solving the matrix equation with respect to the residues.
We call this method the selective orthogonal matrix |east-squares
(SOM-LS) method.

Itisknown that the L S methods minimize 2-norm of the resid-
ual matrix which is defined asthe difference between the right- and
left-hand sides of the matrix equation [33]. Here, it is considered
that the algorithms reach the minimum points via the process that
the 2-norm of residual matrix decreases monotonously during the
orthogonalization steps. Therefore, the 2-norm gives error bound
of the LS methods. The SOM-LS method explaits the feature of
2-norm and provides the least-squares solution. This method is
based on the Chen’s method [31] for SISO nonlinear system iden-
tification. Inthe Chen’s method, coupling coefficients of nonlinear
functions are determined using the LS method for SISO systems
so that the linear constraints are satisfied. The SOM-LS method
is the extension of the Chen’s LS method to MIMO systems. Al-
though the objective of this paper isto model linear time-invariant
multiport networks characterized by sampled data, this procedure
will be aso applicable to nonlinear systems by using nonlinear
functions such asradial basis function (RBF) [30] that composes a
neural network.

This paper is organized as follows. The section Il presents the
SOM-LS method for approximating sampled data by the rational
matrix. Thesection |11 presents how to describe the rational matrix
intheformat of Verilog-A whichislanguage for describing analog
parts of mixed analog/digital circuits on Verilog-AMS [1]. The



simulation results are obtained by a commercial circuit simulator,
and the proposed procedure will be demonstrated to be effective.
Some conclusions are given in the final section.

2. Selective Orthogonal Matrix Least Squares Method

In this section, a powerful method, so-called the selective orthogo-
nal matrix least-squares (SOM-L S) method, for representing mul-
tiport networks characterized by sampled data with the rational
matrix, is presented.

2.1. Determining Poles

The goal of this section is to approximate sampled data by the
rational matrix:
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where K ;, p;, and Y (s) are residue matrix, pole, and parameter
matrix, respectively. Sincethepolesp; (: = 1,2,..., N) areun-
known, we have to extract them from the sampled data. Therefore,
each element of the parameter matrix is separately approximated
by the rational function using the weighted LS method [21]. At
many pointsw; (I = 0,1,..., M) on the imaginary axis in the
complex plane, each element is enforced as
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When the frequency pointsw; arein awiderange, theweighted LS
method for constructing (2) sometimes becomes ill-conditioned.
Therefore, the frequency range should be partitioned into some re-
gions, and the sampled data are approximated in each region [24].

iz (Jwr)

2.2. Matrix Rational Approximation

Using IV poles obtained by the weighted LS method, the sampled
data are represented by the rational matrix. Then, the rational ma-
trix is constrained as

N
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However, one must desire a more compact model for efficient sm-
ulation. To achieve it, we need to select the dominant poles from
pi (i = 1,...,N). The next subsection provides a property of
the orthogonal matrix |east-squares (OM-L S) method which isem-
ployed to select the dominant poles and approximate the sampled
datawith the SOM-L S method.

2.3. Property of OM-LSMethod

Equation (3) is enforced in LS sense, then, a matrix equation is
solved in order to determine the residue matrices K; (: = 1,2,
..., N). We assume the matrix equation as

PH = F, 4

where P is the coefficient matrix constructed from (3), H is a
matrix consisting of the residue matrices, and F' is amatrix whose
entries are values of the parameter matrix Y (s) of (1) at the points
w (1=0,1,..., M) [24].

(4) is solved using the QR decomposition:

P = WA, )

where W and A are orthogonal and upper triangle matrices. Then,
the solution H can be written by

¢ = (Ww'w) wTE ©)
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The process of (6) and (7) is called the OM-LS method [31]. The
rest part of this subsection presents a property of this method,
which is useful for selecting the dominant poles from p; (i =
1,2,..., N) obtained from the weighted L S method.

The matrices P and W are rewritten using the column vectors

H =

as

P =
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(P1;P2---»PN) (8)
(wl,’UJQ,...,’LUN). (9)

For N > n, we define the residual matrix of (4) as

Z, = F-W,Gn., (10)
where
W, = (’lU17’IU2,,..,’an)T
Gn = (91,929,
The product Z~ Z ,, satisfies
zZlz, = FTF—inTwigigiT. (12)

i=1

The 2-norm of the residual matrix holds the following theorem.

Theorem 1 The sequencf||Z||2, || Z2|l2,-- -, || Zx||2}
decreases monotonously.
Proof) Equation (11) is rewritten by
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For x # 0, the quadratic form of (12) iswritten by
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holds. Thismeans || Z—1||2 > || Zx]|2- O

Note that the 2-norm of Z,, is evaluated by the maximum
eigenvalue of Z7 Z ,,, which is used on the implementation of the
SOM-L S method.



2.4. SOM-LSMethod

LS problems are encountered in various science and engineering
aspects. When a system is identified by a network consisting of
nonlinear/linear functions, we must determine the coupling coef-
ficients between these functions. The typical example is neura
network. Chen et al. present a learning algorithm for radial basis
function (RBF) networks [30], where the selective orthogonal LS
method [31] is used for satisfying the linear constraints. However,
all the functions are not necessarily essential. Hence, Chen pro-
vided the compact RBF network model by selecting RBF's, where
selecting RBF s is corresponding to choosing the orthogonal vec-
tors in orthogonalization steps of the LS method. In this subsec-
tion, we present the general version of the Chen's LS method,
which is an extention to MIMO systems. Although target of this
paper is to approximate the sampled data obtained from a linear
time-invariant system, with the rational matrix of complex s, the
SOM-LS method will be applicable to MIMO nonlinear system
identification. For example, the behavioral modelings using RBF
networks [28], [29] can be extended to MIM O systems.

We present the SOM-LS method using the modified Gram-
Schmidt (MGS) method. However, the idea can be easily extended
to the Householder based algorithm [31] which is more sophisti-
cated than one based on MGS.

The MGS method for solving (4) is summarized below.
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{
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At the kth iteration of MGS(), the coefficient matrix P =
P*~1 jsdescribed by

p-y  _ (wl,”,,wk_l,pgffl),,,.,P$71)>v(18)

By k— 1 iterations, k — 1 columns are orthogonalized and w1, . . .,
wy_1 have been obtained. Then we can select one of the vectors

p Y ... p™ asthe kth orthogonal vector wy. Theorem 1
holds regardless of the way how to choose the orthogonal vector,
which means that the 2-norm of the residual matrix (10) decreases
monotonously during the orthogonalization steps and reaches a
fixed value. Therefore, the 2-norm gives error bound of the LS

fitting. Hence, we determine w, so that the 2-norm is greatly re-
duced at each step. Since each column p{* " is corresponding to

a pole, selection of the dominant poles and approximation of the
sampled data is accomplished by the selective orthogonalization
procedure.

Fig. 1 shows an example of the SOM-LS method (detail of
this example will be given in Sect. 4), where SOM-LSisthe result
obtained by the SOM-LS method and OM-LSis the non-selective

case. We can see that the 2-norm reaches the fixed value in both
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Figure 1: 2-norm of the residual matrix Z,,.

cases and SOM-LSis more quickly reduced than OM-LS A more
compact model would be obtained by terminating the orthogonal-
ization steps.

2.5. Implementation

Matrix rational approximation of sampled datais implemented as
follows. Before applying the SOM-L S method, the following pre-
processing is needed.

e The sampled data of parameter matrix (e.g., admittance,
impedance, or scattering matrix) of multi-port networks are
separately approximated by the rational functions as (2),
where upper (or lower) triangular entries of the parameter
matrix are only approximated when the matrix is symmet-
ric.

e From the feature of parameter matrix, we can find same
polesfrom different elements[32]. Therefore, the duplicate
poles should be eliminated in order to avoid that the matrix
P of (4) becomes singular.

e The coefficient matrix P is made from single poles, red
and imaginary parts of complex poles [24].

The selective orthogonalization is summarized asFig. 2, where
{d, S1,...,R2,12} are column vectors of the matrix P, and d,
S, R, and I imply direct coupling, single pole, real part of complex
pole, and the imaginary part, respectively. First, S2 is orthogonal-
ized (selected) if theresidual matrix hasthelargest 2-norm, and the
shift operation is carried out as shown in the second row of Fig. 2.
Next, assuming that the residual matrix with R1 has the largest
2-norm, we execute the shift operation and orthogonalization sim-
ilarly. However, the next step is different from the previous two
cases. Since R1 and I1 arerelated to each other, they must not be
separated. Therefore, the shift operation and orthogonalization of
11 isfollowed by onefor R1.

The SOM-LS method is terminated if the condition

[|Zn]l2 <0 (19)

is satisfied, where § is auser-defined criterion.

3. Examples

Example 1 Transmission line
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Figure 2: Summary of the SOM-LS method for matrix rational
approximation.

Figure 3: 2-normin using [25].

The single conductor transmission line (0.5 [©2/ cm], 10.0
[nH /cm], 0.004 [nF/cm], 0.0005 [S/cm], and thelengthis1 [cm])
was used to evaluate the SOM-LS method, where the scattering
matrix with 10 [Q2] reference impedance was approximated. First,
the sampled data of upper half elements of the scattering matrix
were approximated for every GHz by rational functions, and we
obtained 6 single poles and 147 conjugate pairs from 3 elements
of the scattering matrix totally. According to the preprocessing, 3
single poles and 39 conjugate pairs were selected. Using the 81
poles, the matrix rational approximation was done. Fig. 2 shows
the 2-norm in using the SOM-LS method and the one obtained
by the OM-LS method, where SOM-LSand OM-LSin this figure
indicate the results obtained from the SOM-L S and OM-L S meth-
ods, respectively. We can see that the reduction ratio of SOM-LS
is greater than OM-LS

The results were also compared with the previous work [25].
The selective orthogonalization procedure in the previous work is
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Figure 4: PCB model and circuit of Example 2 (a)PCB model.
(b)Circuit.

based on the estimator

i£2

where g, = (gi,n...gr.n) € R¥ and & ;. is (i, j) element of
the matrix FTF € R¥*L in (10). This criteriais similar to the
Chen's original work for SISO system identification [31], but it
is unrelated to the feature of the LS method given by Theorem 1
Therefore, this method does not necessarily yield desirable reduc-
tion of the 2-norm as shown in Fig. 3. From this fact, we can say
that using of 2-norm of the residual matrix at each orthogonaliza-
tion step is suitable for the SOM-LS method.

2
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Example 2 Interconnect with linear termination on PCB

The simple PCB model shownin Fig. 4(a) wasanayzed by the
FDTD method, where the cell sizewas 0.8 [mm)] in both of z and
y directionsand 0.1 [mm] in z direction. Then, the sampled data
obtained from the FDTD method were represented by the rational
meatrix using the SOM-L S method. The SOM-L S method selected
8 poles from 204 poles. Fig. 5 shows the approximation results of
admittance matrix of the PCB model.

The rational matrix was described by Verilog-A, and the tran-
sient analysis of the circuit shown in 4(b) was carried out on Ca-
dence Spectrg35]. Although the time-domain response is ob-
tained by an explicit numerical integration scheme in the FDTD
method for electromagnetic analysis, the discretized Maxwell’'s
equations can be solved by animplicit numerical method on SPICE-
like simulator [34]. Therefore, the work in [34] provides the mod-
els categorized into the lowest level in the top-down design and
bottom-up verification methodologies. Fig. 6 shows the transient
waveforms obtained via the proposed procedure and the model in
[34], where both results are obtained by Cadence SpectreTable
1 shows the CPU time comparisons. We can see from this table
that the proposed procedure is much more efficient than the results
[34]. This means that the proposed procedure provides a higher
model to estimate lower effects.

Example 3 Interconnect with nonlinear termination on PCB
The simple PCB model shown in Fig. 7(a) was also analyzed
by the FDTD method, where the cell size was 0.8 [mm] in both
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Figure 5: Approximation results of admittance parameters of the
PCB model shown in Fig. 4. (a)(1, 1) element. (b)(2, 2) element.

Table 1: CPU time comparisons.

ref.[20] | proposed
Example 2| 550.94s 4.27s
Example 3| 416.96s 4.09s

and y directions of the surface and 0.1 [mm] in z direction. Then,
the sampled data obtained by the FDTD method were represented
by the rational matrix using the SOM-LS method. The SOM-LS
method selected 8 poles from 306 poles.

The transient responses of the circuit with nonlinear termina-
tion shown in Fig. 7(b) were computed using Cadence Spectre
Fig. 8 shows the transient waveform which is compared with the
work in [34]. As same with the previous example, we can see that
the proposed procedure is very efficient.

4, Conclusions

The top-down design and bottom-up verification methodologies
of mixed analog/digital circuits will be widely employed hence-
forth since it relaxes time-to-market pressures due to the continued
consumerization of the electronics market place. Recently, it be-
comes indispensable to evaluate physical effects on interconnects
and package which are obtained by sampled data via electromag-
netic analysis or measurement in many cases. Therefore, describ-
ing multiport networks characterized by sampled data in an envi-
ronment of the methodol ogies becomes very important. Hence, we

V] F T T T —

Figure 6: Transient voltage waveforms of V, shown in Fig. 4(b).

presented the sel ective orthogonal matrix least-squares (SOM-LS)
method for representing the sampled data with the rational matrix.
This method allows us to construct the compact models since the
sampled data are approximated, selected the dominant poles of the
rational matrix.

Inthe numerical examples, simple PCB model swere described
in the format of Verilog-A and the transient simulations were car-
ried out on a commercial circuit smulator. We confirmed that the
proposed procedure was very efficient.

The SOM-L S method generalizesthe Chen’smethod [31] which
isfor SISO nonlinear systemidentification. Therefore, this method
will be also applicable to modeling of MIMO nonlinear systems.
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