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Abstract—Convergence is a well-known issue for standard
space-mapping optimization algorithms. It is heavily dependent
on the choice of coarse model, as well as the space-mapping trans-
formations employed in the optimization process. One possible
convergence safeguard is the trust region approach where a surro-
gate model is optimized in a restricted neighborhood of the current
iteration point. In this paper, we demonstrate that although formal
conditions for applying trust regions are not strictly satisfied for
space-mapping surrogate models, the approach improves the
overall performance of the space-mapping optimization process.
Further improvement can be realized when approximate fine
model Jacobian information is exploited in the construction of the
space-mapping surrogate. A comprehensive numerical compar-
ison between standard and trust-region-enhanced space mapping
is provided using several examples of microwave design problems.

Index Terms—Computer-aided design (CAD), electromagnetic
(EM) optimization, microwave design, space mapping, trust-region
methods.

I. INTRODUCTION

PACE-MAPPING technology is exploited both in mi-
S crowave engineering and other areas [1]-[16] to deal with
computationally expensive objective functions.

The main idea behind space-mapping optimization is to shift
the optimization burden from an expensive “fine” (or high-fi-
delity) model to a cheap “coarse” (or low-fidelity) model by it-
eratively optimizing and updating a surrogate model, which is
built using the coarse model and available fine model data. If the
coarse model is a sufficiently accurate representation of the fine
model, space-mapping optimization may yield a satisfactory so-
lution after only a few fine model evaluations. This enjoys a
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substantial advantage over other techniques in terms of compu-
tational cost, such as direct optimization of the fine model using
gradient-based methods. The idea of surrogate-based optimiza-
tion is also exploited by other researchers [17]-[20], although
many of them construct a surrogate model by direct approxima-
tion of the fine model data with no underlying physically based
coarse model.

Probably the most serious issue for standard space mapping
is convergence, depending on the similarity between the fine
model and the space-mapping surrogate [3], [21]. Also, because
the zero- and first-order consistency conditions [17] between the
fine and surrogate models are not necessarily satisfied (i.e., the
surrogate model may not match the fine model with respect to
value and first-order derivative at any given iteration points), and
subsequent iterations are accepted regardless of objective func-
tion improvement, there is no guarantee that the specification
error will be reduced from iteration to iteration. In fact, after
a few successful iterations, the space-mapping algorithm may
produce a design that is worse than ones found so far [22].

Given an optimization problem, the convergence properties
and overall performance of the space-mapping algorithm can be
improved to some extent by a proper choice of the coarse model
and the space-mapping surrogate [21], [23]. On the other hand,
given the models and the mapping type, good algorithm perfor-
mance (measured by convergence and final design quality) is not
guaranteed and has to be verified experimentally by executing
the optimization process.

Trust-region methodology [24] can be used to amend the
convergence properties of space-mapping algorithms [23],
[25]. Formally, using trust-region methods with space-mapping
algorithms is not well justified because first-order consistency
[17] between the fine model and space-mapping surrogate
does not usually hold, and, therefore, trust-region methods for
space mapping become heuristic rather than rigorous. More
specifically, first-order consistency guarantees fine model
objective function improvement provided that the trust-region
radius is small enough [26]. Using trust-region methods in
the space-mapping algorithm is justified by the fact that a
physics-based surrogate model reflects the general features of
the fine model so that their local behavior is similar. Never-
theless, the objective function improvement is not guaranteed
regardless of how small the trust region is. First-order con-
sistency can be enforced in the space-mapping surrogate by
explicit use of sensitivity information [3]; however, this in-
creases the overall cost of the space-mapping optimization
process.

In this paper, we expand a systematic treatment of the trust-
region-enhanced space-mapping algorithms originated in [22],
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where we gave a heuristic explanation of why the trust region
actually works with space-mapping algorithms, as well as pro-
posed a modification of the trust-region-enhanced space-map-
ping algorithm, which uses an approximate fine model Jaco-
bian to enhance the surrogate model. Here, alternative ways of
creating surrogate models exploiting the fine model Jacobian
estimation are described. Also, additional in-depth analysis of
the trust-region-based space-mapping algorithms is presented.
In particular, an analytical argument is given to support the ex-
pected performance improvement for the algorithm using the
approximated fine model Jacobian.

A comprehensive numerical comparison between the stan-
dard and the three variants of the trust-region-enhanced space-
mapping algorithm is provided based on several examples of mi-
crowave design optimization problems. It is demonstrated that
the trust-region-enhancement indeed improves the robustness
of the space-mapping optimization process with respect to all
performance measures: the quality of the optimized design, the
convergence properties, and the computational cost of the opti-
mization process.

II. SPACE MAPPING WITH TRUST-REGION
CONVERGENCE SAFEGUARDS

A. Standard Space-Mapping Algorithm

Let Ry : Xy — R™, Xy C R" denote the response vector
of a fine model of the device of interest. Our goal is to solve

Tj = arg min U (Ry(z)) ¢))

where U: R™ — R is a given objective function, e.g., minimax
(1].

Direct optimization of the fine model is replaced by an itera-
tive procedure generating a sequence of designs z(*) € Xy, i=
0,1,2,...,and a family of surrogate models Rgl) : XS(Z) — R™,
X9 Cc R i=0,1,..., so that

) = arg ngnU (Rg’)(z)) . )

Let R. : X.— R™, X, C R"™ denote the response vec-
tors of the coarse model that describes the same object as the
fine modelg less accurate, but much faster to evaluate. Surrogate
models RgL) in (2) are constructed as follows:

R\ (z) = R.(z,p") 3)

where R, : X, — R™ is a generic space-mapping surrogate
model, which is R, composed with some suitable space-map-
ping transformations, and X, C X x X,, with X, being the pa-
rameter space of these transformations. A vector of space-map-
ping parameters, p(*), is obtained using the parameter extraction
procedure

p) = arg H%HZ ||Rf(.'1:(k)) — R.(z p)||. )
k=0
An example of the generic surrogate model is an
input space mapping of the form x— Bz + ¢, where
R.(z,p) = R.(z,B,c) = R.(B -z + c). A variety of
other space-mapping surrogates can be found in [1]-[4], [27].
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B. Robustness Issues

As the algorithm (2)—(4) accepts a new design z(*t1) regard-
less of the B¢ specification error improvement, convergence of
the space-mapping algorithm is not guaranteed [1]. Moreover,
as a perfect match between R(" and R ¢ at £(¥) is not ensured
(with respect to value and/or first-order derivatives), there is no
guarantee for the space-mapping algorithm to locate the (local)
fine model optimal solution [21].

Existing theoretical results for algorithm (2)—(4) or some of
its sub-classes provide convergence conditions, which are, how-
ever, difficult to verify beforehand [3], [21]. Moreover, condi-
tions for convergence are typically different from conditions for
convergence to the fine model optimal solution (i.e., its first-
order stationary point) [21]. This is because fine model sen-
sitivity information is not utilized by current space-mapping
algorithms.

Excellent results reported in the literature [1]-[13], obtained
with space-mapping algorithms, are largely dependent on care-
fully chosen coarse models and properly selected space-map-
ping type. No safeguard is offered in the standard space map-
ping for a not-so-well-selected coarse model or/and a mapping

type.

C. Trust-Region Enhanced Space-Mapping Algorithm

A trust-region approach [24] can be used to improve the
convergence properties of the space-mapping algorithm. In
particular, the surrogate optimization process (2) can be con-
strained to a neighborhood of ("), defined as ||z — (V|| < §(*),
as follows

20D = ar min

(@)

I,|| T - () || <56 v (RS (x)) &)
where 6(9) is a trust-region radius at iteration i. The trust-re-
gion radius is reduced if the improvement of the fine model
objective function is not sufficient, i.e., if (U(Rs(z"*V)) —
U(R;(2)))/(U(RP (2010) U (R (29))) is too small,
orif U(Rs(ztY)) > U(Ry(z™)), in which case the new de-
sign is rejected. Typically, the standard trust-region radius up-
dating rules [24] are used.

If, for all « = 0,1,2,..., the surrogate model satisfies the
zeroth- and first-order consistency conditions of the form

R{)(z") = Ry(z") ©)

T oo (2) = T, (27) (7)
where J denotes the Jacobian of the respective model, then,
under mild assumptions concerning smoothness of the models,
algorithm (5) is convergent to the local fine model optimum
[26]. The fundamental reason is that (6) and (7) ensure that
U(R;(z(*Y)) < U(Rs(z)) if the trust-region radius is suf-
ficiently small.

Unfortunately, (6) and (7) are not necessarily satisfied by the
space-mapping surrogate model. In particular, the space-map-
ping optimization process may get stuck at some point as the
reduction of the trust-region radius 6 does not bring any im-
provement to the fine model objective function, which results
in termination of the algorithm. In other words, the trust-region
method applied to the space-mapping algorithm, as in (5), is a
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heuristic procedure that may improve robustness of the algo-
rithm, but still does not ensure sufficient performance.

On the other hand, an important prerequisite of space-map-
ping algorithms is that R, is physics based so that the surrogate
model reflects the general features of R¢; in particular, the local
behavior of both models is similar. This, in combination with
the multipoint parameter extraction (4), ensures that (6) and (7)
may be satisfied approximately. Moreover, condition (6) can be
easily enforced by means of the output space mapping [3] using
the surrogate
+d® 8)

R (z) = Ry(z,p") +

with p(9) obtained by (4) and

d® = Rf(_,,;(i)) _ Rs(-’l"(i),P<i))- )

Numerical results presented in Section IV demonstrate that
the trust-region-enhanced (output) space-mapping algorithm
(8) and (9) indeed exhibits improvement over the standard
algorithm.

III. ROBUST TRUST-REGION SPACE-MAPPING ALGORITHMS

Relations (6) and (7) can be enforced if the space-mapping
surrogate explicitly uses fine model sensitivity information, e.g.,
as in the following model:

RY(z) = R,(z,

( ) +dD + ED . (g — £) (10)
where R(x,p(")) is any space-mapping surrogate with parame-

ters p(*) obtained with (4) and

d® :Rf(a:(i)) _ Rs(z(i),p(i))
E® =Jr, (Z(’i)) _

(1)
T, (. pony (™). (12)

Convergence of algorithm (5) with surrogate model (10)—(12)
is guaranteed under standard assumptions concerning the
smoothness of the fine and coarse models [26]. Note, however,
that the computational cost of space-mapping optimization may
substantially increase in this case because of the necessity of
calculating the fine model Jacobian at all iterations. Jacobian
estimation using finite differences exploits extra n fine model
evaluations per estimation, unless some other techniques are
used, such as adjoint sensitivity [28], which, however, is not
yet generally available in commercial electromagnetic (EM)
simulators.

In this section, we propose some modifications of the stan-
dard trust-region space-mapping algorithm that aim at ensuring
robustness of the algorithm without compromising the compu-
tational cost of the algorithm, i.e., avoiding explicit calculation
of the fine model Jacobian. All the proposed algorithms are
based on modifications of the surrogate model (10)—(12) so that
the exact fine model sensitivity data is replaced by a suitable
approximation.

Before we turn to specific models, let us discuss a naive ap-
proach, according to which the surrogate model Jacobian is cal-
culated using finite differences, whereas the fine model Jacobian
in (12) is replaced by a Broyden-based estimation (the iterative
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formula for estimating the fine model Jacobian) [2], [29], i.e.,
we have

E( — Jg?Rf — Tg.(poy (D) (13)
where the Broyden-based fine model Jacobian estimation
, ( FO g b h(z’)) ROT
J(Z) — J(L 1) it
B.R; B.R; T ROT @
1 =1,2, (14)
with £ = Ry (z®) — Ryp(z(=1), B = ) — (=1 and

JB_Rf = Omxn (Opxn 1S an m X m zero matrix, where m is
the dimension of the model response).

Unfortunately, model (10), (l 1), and (13) will not work well
in practice. The reason is that J 3’ R; contains information about

the fine model Jacobian at z(*) only for directions from X, @) —
span(h(l) AN 1S )) i.e., the subspace of R™ spanned by
vectors h(1 to h(l) As (14) is a rank-one formula, we need at
least n iterations of the space-mapping algorithm in order to get
an estimate of the fine model Jacobian that would be valid for
all directions. Before that, the term E® may actually mislead
the algorithm because J%?Rf - h is a zero vector for all direc-
tions h not belonging to X ,(LZ) so that the directional derivative of
(10) for such directions may substantially differ from the actual
derivative of the fine model.! Moreover, even if 4 is sufficiently
large, so that X ,(;) spans the entire R™ space, estimate (14) may
not be sufficiently accurate as many of the points used in the
Broyden update may be located too far from (%),

A. Surrogate Model With Restricted Broyden Update

The trust-region space-mapping algorithm with Broyden up-
date can be improved if the E® term (13) is restricted to the
subspace X;Ll) so that E@ . (z — ) = 0 for all z — z(®
from X ,(Li)L, the orthogonal complement of X (Li), defined as
X,(Li)J‘ ={zeR":z L yforally € X}(f)}. In this case,
the derivative of Rgi) at (¥ will coincide with the derivative
of Ry(z(,p) for all directions from X\")*, but it will use
the Jacobian estimation of the fine model for all directions from
X ,(LZ). An appropriate formula is as follows:

EO — (Jg?Rf _ JRS(-,pM)(Z(i))) PX,(,” (15)

where J g)

R, is given by (14), whereas P is an orthogonal

. X0
projection onto X ,(;) given by

Py = 3o
k=1

(16)

with v¥), &k = 1,2,..., being the orthonormal basis of X,Si’)
that can be obtained from h(k), k 1,2,..., using the
Gram-Schmidt procedure.

IIn fact, the directional derivative of (10) equals zero at (") for all directions
not belonging to X ﬁf) and it is close to zero in the neighborhood of z(%).
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Equation (15) basically says that we trust the fine model Ja-
cobian in directions where fine model data is available, how-
ever, the fine model Jacobian should match the surrogate Jaco-
bian in directions of “no data.” It can be further improved by
using only points that are sufficiently close to z(¥) so that in-
stead of considering X(,) = span(h™M A® .. "), we can
consider the subspace spanned only by those of h( ) that satisfy
R <+, where r() is a user-defined threshold; r(*) can be
either fixed, i.e., 7(") = C, orit can be related to the distance be-
tween the latest iteration designs, i.e., 7() = Cy-||z() —z(=D)||,
where C and C, are user-defined positive numbers.

B. Surrogate Model With Broyden-Based Jacobian Estimation
of the Fine and Surrogate Model [22]

Restriction of the E(*) term (13) to the subspace X ff) can also
be obtained if the Jacobians of the fine model and the space-
mapping surrogate R, (z7p(i)) are estimated jointly using the
Broyden update, i.e., with the following formula [22]:

i (@)

EY =Jgp an

where
(1) (i-1)

JB_Rf_RS - JB.Rf—RS

(19~ T5n) g ) -0 (18)

+ ROTR®

with F7 = (R;(z) — R.(a¥ p))~(Rp(z(~V) -
R (x(b 1) p(z )) (‘) = () g1 andJ( B.R;—R. = Omxn-

In this case, we do not need to project E® onto X, () as the
condition E® . (z — () = 0 for all z — () from X(Z)J'
automatically fulfilled.

As before, it is recommended to consider local updates using
points satisfying ||z*) — z®| < &), where r(*) is a user-
defined threshold (either fixed or relative to ||z(*) — z(—D|)).

It should be noted that (15)—(18) are two alternative methods
of determining the term E® in (10); however, it is difficult to
say beforehand which is better in terms of algorithm perfor-
mance. The numerical experiments of Section IV indicate that
both methods are comparable.

C. Robustness of Trust-Region Space-Mapping Algorithms

Note that in contrast to our standard trust-region space-map-
ping algorithm (5), the modifications proposed in this section
ensure improvement of the fine model objective function for suf-
ficiently small trust-region radius, which is a fundamental prop-
erty behind the trust-region methodology. In particular, for the
algorithms using the E term defined in Sections III-A and III-B.
we have U(R(z(*tD))) < U(Rs(z™)) (z0+Y) and z(*) are
two consecutive iteration points) provided that the trust-region
radius §(*) is sufficiently small. A sketch of this property is pro-
vided in the Appendix.

IV. VERIFICATION EXAMPLES

We provide a comprehensive numerical verification of
the trust-region-enhanced space-mapping algorithms. In
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Fig. 1. Third-order Chebyshev bandpass filter: geometry [30].
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Fig. 2. Third-order Chebyshev bandpass filter: coarse model (Agilent ADS).

particular, we compare the performance of the standard
space-mapping (SMgrp) algorithm (2)—(4), the trust-re-
gion-enhanced space-mapping (SMrg) algorithm (5) with
the output space-mapping model (8), (9), and the trust-re-
gion-enhanced algorithms using models (10), (11), (15)
(SMTg_p1) and (10), (11), (17) (SMTgr_p2). In all cases, the
algorithm was terminated if one of the following conditions
was satisfied: ||z(t1) — 2| < 1072, 60+ < 1073, or
U(Rs(z)) — U(Rp(z(*V)) < 1072 (SMrgr, SMTR_B1,
and SMg_p2 only).

A. Third-Order Chebyshev Bandpass Filter [30]

Consider the third-order Chebyshev bandpass filter [30]
shown in Fig. 1. The design variables are £ = [Lj L2S;S5]7
mm. Other parameters are W7 = Wy = 0.4 mm. The
fine model Ry is simulated in Sonnet em [31]. The coarse
model (Fig. 2) is implemented in Agilent Advanced De-
sign System (ADS) [32]. The design specifications are
[S21] > —3 dB for 1.8 GHz < w < 2.2 GHz, and
[S21] < —20 dB for 1.0 GHz < w < 1.6 GHz and
2.4 GHz < w < 3.0 GHz. The initial design is the coarse
model optimal solution z(®) = [14.7 15.3 0.62 0.50]” mm
(specification error + 7.2 dB).

Table I shows the optimization results. Two types of space-
mapping surrogate models were tested: input space-mapping
model R;(z) = R.(z + c¢) [2] and the combination of input
and frequency space-mapping model R, (z) = R. r(x + ¢) in
which R, p is the coarse model evaluated at frequencies dif-
ferent from the original sweep according to the linear mapping
w — f1+ fow [parameters f; and f5 are obtained using the usual
parameter-extraction process (4)] [3].

For this example, the standard space-mapping algorithm con-
verges for both surrogate model types, however, especially for
the input space-mapping model R.(z+c), the final design is not
as good as for trust-region-enhanced algorithms, particularly the
ones using the Jacobian estimation. Fig. 3 shows the initial fine
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TABLE 1
THIRD-ORDER CHEBYSHEV FILTER: OPTIMIZATION RESULTS [22]

Surrogate SM Specification Error Number of
Model Algorithm Final Best Fine Mc_)del
Found Evaluations
SMstp —0.1 —0.1 8
SMrr -0.1 0.1 8
RO oMy -10 10 1
SM1g.p) -1.0 -1.0 10
SMstp -0.4 -0.7 8
SMrr -0.7 -0.7 7
LV 0.7 7
SM1r.p2 0.7 0.7 8

ISl

Frequency [GHz]

Fig. 3. Third-order Chebyshev filter: Initial (dashed line) and optimized (solid
line) | S21| versus frequency; optimization using SMrr 5> algorithm with the
R.(z + ¢) model [22].

TABLE II
FOURTH-ORDER RING RESONATOR FILTER: OPTIMIZATION RESULTS

Surrogate SM Specification Error ;ﬁ?f/[e(l; d(::fi
Model Algorithm  Final  Best Found .
Evaluations
SMsmp 0.2 0.3 217
SMrr -0.5 -0.5 18
Rxre) SMrp 0.4 04 21
SMr1r.B2 -0.4 -0.4 17
SMgrp +0.2 0.3 21"
SMrr -0.1 -0.1 16
Ref0) SMipp 0.4 0.4 14
SM1r.p2 0.4 —0.4 16

# Convergence not obtained; algorithm terminated after 20 iterations.

model response and the optimized fine model response obtained
using the SMTr o algorithm with the R.(x + ¢) model.

B. Fourth-Order Ring Resonator Bandpass Filter [33]

As the next example, consider the fourth-order ring resonator
bandpass filter [33] shown in Fig. 4. The design parameters are
r = [Ll L2 L3 Sl SQ W1 WQ]T mm. The fine model Rf
is simulated in FEKO [34]. The coarse model (Fig. 5) is im-
plemented in Agilent ADS [32]. The design specifications are
|S21] > —1dB for 1.75 GHz < w < 2.25 GHz, and |S21| <
—20dB for 1.0 GHz < w < 1.5 GHz and 2.5 GHz < w <
3.0 GHz. The initial design is the coarse model optimal solu-
tion £(®) = [24.74 19.51 24.10 0.293 0.173 1.232 0.802]” mm
(specification error + 9.0 dB).

Table II shows the optimization results. Here, we consider
the following space-mapping surrogate models: the input space-
mapping model R,(z) = R.(x + ¢)[2] and the implicit space-
mapping model R,(z) = R. r(z) in which R, 1 is the coarse
model with the substrate height and dielectric constants used as
preassigned parameters [27] to improve the matching between
the surrogate and fine model.
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MACLIN __ MACLIN
Clin3 Clin4
W=W1 mm W=W1 mm
§=82 mm $=82 mm
Term 1 L=L2 mm L=L2 mm Term 2
:|: I Z=50 Ohm
MACLIN MACLIN
Clin1 Clin2
W=W1 mm W=W1 mm
$=81 mm S$=81 mm
L=L1 mm L=L1 mm
Fig. 5. Fourth-order ring resonator bandpass filter: coarse model (Agilent
ADS).

1S3

151

————b—— =k

8]

Frequency [GHz]
(b)

Fig. 6. Fourth-order ring resonator filter: initial (dashed line) and optimized
(solid line) |Sa1| versus frequency; optimization using SMrgr_p» algorithm
with the R (z 4+ ¢) model. (a) Full frequency range. (b) Magnification from 1.4
to 2.6 GHz and —22 to 0 dB.

Fig. 6 shows the initial fine model response and the optimized
fine model response obtained using the SMrgr_p» algorithm
with the R.(z + ¢) model. Fig. 7 shows the convergence plot
for the standard algorithm and the SMr_p2 algorithm both
working with the implicit space-mapping surrogate R, r(zx).

For this example, the standard space-mapping algorithm does
not converge for either surrogate model type. Also, the final de-
sign is worse than the best one found in the course of optimiza-
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1)

Iteration Index i

Fig.7. Fourth-order ring resonator filter: convergence plots for SMgrp (0) and
SMyr_p2(*), both using surrogate model R. ; (z) , versus iteration index.

L,

L,

L

Wy sl « W,
QOutput W,

Fig. 8. Wideband ring resonator bandpass filter: geometry [35].

tion, which is because the standard algorithm does not ensure
specification error improvement from iteration to iteration, as
discussed in Section II. Trust-region-enhanced algorithms ex-
hibit clear performance improvement.

C. Wideband Ring Resonator Bandpass Filter [35]

Our third example is the wideband ring resonator band-
pass filter [35] shown in Fig. 8. The design parameters are
x = [Ly Ly Ly Wi W5 S]T mm. The fine model is simulated in
FEKO [34]. The coarse model (Fig. 9) is implemented in Ag-
ilent ADS [32]. The design specifications are |S’21| > —1dB
for 3.0 GHz < w < 5.5 GHz, and |S21] < —20 dB for
20GHz < w < 2.7GHz and 5.8 GHz < w < 6.5 GHz.
The initial design is the coarse model optimal solution
z® = [6.803 6.179 4.598 0.615 0.050 0.159]
(specification error + 23.6 dB).

For this example, the following space-mapping surrogate
models were utilized: the combination of the input and fre-
quency space-mapping model R, (z) = R. r(x + ¢) in which
R. r is the frequency-mapped coarse model [3], and the im-
plicit space-mapping model Rs(z) = R, ;(x) in which R, 1
is the coarse model with the substrate height and dielectric
constants used as preassigned parameters [27].

Table III shows the optimization results. The standard space-
mapping algorithm does not perform well. For the input/fre-
quency space-mapping surrogate, it even fails to find a solution
satisfying the design specifications. The trust-region-enhanced
algorithms perform well ensuring both algorithm convergence
and a high-quality final design. The fine model responses: the
initial and optimal designs obtained using the SMg_p2 algo-
rithm with the R, ;(z) model are shown in Fig. 10. Conver-
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Fig. 9. Wideband ring resonator bandpass filter: coarse model (Agilent ADS).

TABLE III
WIDEBAND RING RESONATOR FILTER: OPTIMIZATION RESULTS

Specification Error Number of
Surrogate SM Fine Model
Model Algorithm  Final  Best Found .
Evaluations
SMgtp +6.7 +0.5 217
SM1x -0.4 -0.4 9
RAxte)  SMpps 04 04 1
SM1r.B2 0.5 0.5 13
SMgrp +1.3 -0.5 21*
SMrr -0.5 -0.5 9
Re1x) SMigs 0.5 0.5 10
SMTR~BZ 0.5 -0.5 11

¥ Convergence not obtained; algorithm terminated after 20 iterations.
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Fig. 10. Wideband ring resonator filter: initial (dashed line) and optimized
(solid line) | S21| versus frequency; optimization using SMrg_g- algorithm

with the R. ;(x) model. (a) Full frequency range. (b) Magnification from 2.5
to 6.0 GHz and —2 to 0 dB.

gence plots for SMgrp and SMrg_po working with the im-
plicit space-mapping surrogate R, r(z) are shown in Fig. 11.

D. Open-Loop Ring Resonator Bandpass Filter [36]

Our final example is the open-loop ring resonator
bandpass filter [36] (Fig. 12). The design parameters are
z = [Ly Ly Ly Ly Sy S> g]7 mm. Other parameter values
are W = 0.6 mm, W; = 0.4 mm. Ry is simulated in FEKO
[34]. The coarse model (Fig. 13) is implemented in Agilent
ADS [32]. The design specifications are |Sy1| > —3 dB
for 2.8 GHz < w < 3.2 GHz, and |S2| —20 dB for
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Fig. 11. Wideband ring resonator filter: convergence plots for SMgrp (o) and
SMrr_p2(*), both using surrogate model R, ;(x), versus iteration index.
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Fig. 12. Open-loop ring resonator bandpass filter: geometry [36].

1.5 GHz € w < 2.5GHz and 3.5 GHz < w < 4.5 GHz.
The initial design is the coarse model optimal solution
z(© = [39.389 8.987 5.036 4.553 0.268 0.100 1.000]” mm
(specification error + 11.8 dB).

Here, we use the following surrogate models: the frequency
space-mapping model R,(x) = R.p(z), and the implicit
space-mapping model R;(z) = R.r(z) with the substrate
height and dielectric constants used as preassigned parameters
[22].

The optimization results are shown in Table IV. For this
problem, the standard space-mapping algorithm does not per-
form well when the frequency space-mapping surrogate is used;
however, it is as good as the trust-region-enhanced algorithms
for the implicit space-mapping surrogate. This indicates that, in
a way, the trust-region mechanism is being “turned on” only if
necessary; otherwise, it does not interfere with the space-map-
ping optimization process. Fig. 14 shows the initial and final
fine model responses for the SMrgr_po algorithm with the
R. ;(z) model. Fig. 15 shows the evolution of the specification
error for SMgrp and SMrg_p2 algorithm using the R. r(x)
model. This figure illustrates a quite common behavior of the
standard space-mapping algorithm: after initial success, the
algorithm may not be able to yield further improvement if the
surrogate model type is not properly selected.

E. Discussion

The numerical results presented in Sections IV-A-IV-D indi-
cate the advantages of the trust-region-enhanced space-mapping
algorithms SMrr, SMTr_p1 and SMrg_ g2 over the standard
space-mapping algorithm SMgrp. The results can be summa-
rized as follows.

(a) Algorithms SMrg, SMtr_p1, and SMrr_p2 ensure
convergence for all considered test problems, which is
not the case for the standard space-mapping algorithm.

(b) In many cases, the basic trust-region algorithm SMrg
performs as well as the algorithms using the Jacobian
estimation (SMrgr_p1 and SMrr_Bs2), however, in

IEEE TRANSACTIONS ON MICROWAVE THEORY AND TECHNIQUES, VOL. 58, NO. 8, AUGUST 2010

MLOC |
TL1 — MLIN
W=W mm —— TL2
L=L1-L2-L3/2 mm[_| MSOBND MACLIN MSOBND W=W mm
Bend1 Clin3 Bend2 L=L2-L3/2 mm
MLIN W=W1 mm WI=Wmm  \w=wW1mm
W2=W1 mm MLIN =
L3 MCLIN s=S2mm MCLIN TL4 Term 2
W=W1 mm Clint MGAP |13 mm Clin2 W=W1mm €M
L=L4 mm W=W1 mm Gap1 W=W1 mm L=L4mm  Z7500hm
S=S1mm W=W1mm $=S1 mm
MSOBND — _ - MSOBND
Bend3 L=L3/2 mm S=g mm L=L3/2 mm Bend4
W=W1 mm W=W1 mm
MSOBND MSOBND
Bend5 MGAP Bend6
W=W1 mm MLIN Gap2 W=W1 mm
TL5 W=W1 mm MLIN
Term 1 W=W1 mm MACLIN S=g mm TL6
Z=_50 Ohm L=L4 mm Clind W=W1 mm
MSOBND W;w1mm MSOBND L=L4 mm
MLIN = W1 mm
Bend7 S=52 Bend8 MLoc
L7 —S2 mm =
W=W1 mm L=L3 mm W=W1 mm TL8
W=W mm — W=W mm
L=L1-L2-L3/2 mm — L=L2-L3/2 mm
] ]
L f L

Fig. 13. Open-loop ring resonator bandpass filter: coarse model (Agilent ADS).

TABLE IV
OPEN-LOOP RING RESONATOR FILTER: OPTIMIZATION RESULTS[22]

Specification Error Number of
Surrogate SM Fine Model
Model Algorithm  Final ~ Best Found Evaluati
valuations
SMstp +0.6 0.9 21*
SMrr -1.2 -1.2 11
Rerx) SMigs ~ -1.2 -12 11
SMr1r.p2 -1.2 -1.2 11
SMstp -1.8 -1.8 12
SMrr -1.8 -1.8 6
RC‘[(x) SMTR-BI -1.8 -1.8 6
SMr1r.B2 -1.8 -1.8 8

#Convergence not obtained; algorithm terminated after 20 iterations.

Frequency [GHz]

Fig. 14. Open-loop ring resonator filter: initial (dashed line) and optimized
(solid line) |S21 | versus frequency; optimization using the SMrr _ 52 algorithm
with the R. r(x) model [22].

Specification Error

Iteration index

Fig. 15. Open-loop ring resonator filter: evolution of the specification error for
SMsrp(0) and SMrr_p2(X), both using surrogate model R.. r(z) versus
iteration index [22].

some cases, the latter approach prevails: the SMrg
algorithm may simply get stuck because the property
U(Rf(z*+Y)) < U(Rs(=z)) may not hold even for
very small trust-region radius values (cf. Section III-C).
(c) Algorithms SMrgr_pg1 and SMTg_po can be considered
as equally good; the small differences in the final design
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quality and the computational cost of the optimization
process come from different ways of implementing the
E-term in model (10) (cf. Section III).

(d) In the cases when the SMgtp does well, both SMrgr and
SMtr_B1/SMTR_B2 have little or no effect, which is
exactly what we require.

(e) Using trust-region-enhancement makes the space-map-
ping algorithm less sensitive to the selection of surrogate
model type: SMgrp may perform well for certain surro-
gate model types and poorly for others, see Tables I-1V;
performance differences are much less pronounced in
trust-region enhanced algorithms.

These conclusions are in agreement with theoretical pre-
dictions. In particular, the convergence of the trust-region-en-
hanced algorithms, as well as iteration-to-iteration improve-
ment with respect to the specification error value (cf. Fig. 15)
is ensured by the trust-region mechanism itself. On the other
hand, extra information in the form of the fine/surrogate
model Jacobian estimation allows further improvement of
the final design quality because the fundamental property
U(Rp(z(*Y)) < U(Rs(z)) is ensured for sufficiently
small trust-region radius.

V. CONCLUSION

A systematic treatment of trust-region-enhanced space-map-
ping algorithms is presented. A basic trust-region space-map-
ping algorithm and its extensions exploiting the fine model Jaco-
bian estimation are considered. An extensive performance com-
parison with the standard algorithm indicates that the trust re-
gion approach discussed in this paper can be considered as an
important step toward improving the robustness of the space-
mapping optimization process.

APPENDIX

We provide an analytical argument showing that the mod-
ified trust-region-enhanced space-mapping algorithms of
Sections III-A and III-B ensure improvement of the fine model
objective function, i.e., U(R;(z"+V))) < U(R;(=™)), pro-
vided that the trust-region radius 8@ [cf. (5)] is sufficiently
small.

We assume, for simplicity, that the merit function U
is smooth. Suppose that the optimization of the surrogate
model R(" produces a new iteration point £0+t1) such that
U(Ry (z<L+1) { ). Design £("+1) must be then
rejected and model R( w111 be updated [e.g., using (10),
(11), (15) or (10), (11), (17)] so that the following relation
holds Ry(z(+V)) — R (z)) ~ J i) (@)« (xF+D — (D)
for a sufficiently small 6. In I;articular, we have that
JRS)@(Z))’;L( )
directional derivative along B = G+ — () Now, again
for the trust-region radius §() being sufficiently small, the
optimal solution Z"+1) of the updated surrogate will be located
almost on the line defined as () + ¢(z(+Y) — z()) ¢ € R.
More specifically, z(t1) ~ z() + ¢ - (2() — z0HD) with
¢ =860 /)|z0+) — z®|| > 0. We have the following relation
(VU denotes the gradient of U at z9): U(Ry(z*Y)) ~
U(Rs(z'))+VU Jr, ()]0 (0D —

~ Jr, (z(i))|h(i), where J(.)|h(i) denotes the

z()x
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U(Ry(z))=c - VU J o (3 >)‘ o - (@D = 3)), which
gives U(Ry(z(1)) ~ U(Rf(l'i ))—c- VU (R (z(+Y) —
R (z)), and finally, U(R;(z0+D)) ~ U(Ry(z™))-
(U(Ry(z+V)) — URY (29)))< U(R(z?)), as we as-
sumed U(R;(z(*V)) > U(Rs(zV)).
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