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T
he design and development of RF 
circuits and systems span several 
levels of abstraction. At the device 
level, accurate transistor compact 
models serve as a vital bridge be-

tween physical semiconductor devices and 
electronic design automation (EDA) tools. 
These models mathematically represent the 
electrical and thermal behavior of active 
devices. Before they can be used for circuit 
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design, their parameters must be extracted so that the 
compact model reproduces device characteristics ob-
tained from experimental measurements or technol-
ogy computer-aided design (TCAD) simulations with 
sufficient accuracy [1]. In recent years, however, pa-
rameter extraction has become increasingly complex. 
As new semiconductor technologies emerge, compact 
models have expanded to include more parameters to 
capture a broader range of physical effects not present 
in earlier technologies [2]. For instance, the Advanced 
SPICE Model for GaN HEMTs (ASM-HEMT) includes 
more than 200 model parameters [3].

Once the compact model has been extracted, the 
circuit design process begins. Compact models main-
tain a sufficient level of simplicity to be integrated into 
circuit simulators while still providing the accuracy 
needed to deliver reliable results across various geom-
etries and a wide range of bias conditions [4], [5]. Using 
these models, a designer can synthesize a circuit com-
prising tens of transistors and passive components to 
achieve a desired RF response. This introduces another 
layer of complexity, as designers must simultaneously 
satisfy multiple objectives and stringent constraints. 
When optimizing for more than one objective, the goal 
is typically to identify Pareto-optimal designs: that is, 
designs that are not dominated by any other feasible 
solution and therefore represent the best achievable 
tradeoffs among competing objectives [6].

Traditionally, both parameter extraction and cir-
cuit design have relied heavily on expert intuition and 
manual tuning. In device modeling, achieving a good 
fit often involves a series of iterative steps that can 
extend over several days or weeks just to extract a sin-
gle model card. This approach frequently leaves device 
modeling engineers uncertain whether the resulting 
model card represents a near-optimal parameter set or 
whether the model fit can be further improved. Simi-
larly, circuit design often requires extensive simula-
tions to understand underlying behaviors and meet 
target specifications, making it difficult to determine 
whether performance was left on the table when bal-
ancing competing objectives.

To reduce manual effort, engineers frequently turn 
to the built-in optimizers available in standard EDA 
tools [7]. Historically, these optimizers have been gra-
dient-based, relying on algorithms, such as Levenberg–
Marquardt or gradient descent [8]. However, most EDA 
tools do not readily provide gradient information, and 
it is not possible to obtain gradients directly from phys-
ical experiments. Consequently, gradients must often 
be approximated using computationally intensive 
numerical methods. While gradient-based optimiza-
tion can be effective for fine-tuning a nearly complete 
model card or circuit design, it is often susceptible to 
becoming trapped in local minima unless the user 

strictly constrains the parameter ranges, reduces the 
number of parameters, or provides an excellent initial 
guess.

In this article, we review how advanced derivative-
free optimization (DFO) methods can be applied to RF/
microwave design. DFO methods seek to minimize an 
objective function using only objective values, mean-
ing that no gradient information is required. Beyond 
simply not using gradients, DFO methods provide 
a practical and reproducible framework for solving 
expensive black-box optimization problems. When the 
variables, constraints, and objective functions are care-
fully crafted, these methods can substantially reduce 
the cost of exploring high-dimensional RF design 
spaces that would otherwise be computationally pro-
hibitive to search directly [9], [10], [11].

To make these ideas concrete, we focus on two 
closely related applications in the RF design flow. 
First, we consider compact model parameter extrac-
tion, where tens of model parameters must be 
extracted simultaneously to reproduce DC device 
behavior accurately across the relevant bias condi-
tions [2]. Second, we consider robust transistor sizing, 
where competing objectives and robustness consid-
erations must be incorporated directly into the opti-
mization problem [6]. Together, these examples show 
how DFO methods can make black-box optimization 
in RF/microwave design both practical and computa-
tionally efficient.

Overview of DFO in RF Design
Many core problems in RF/microwave engineering can 
be written as optimization problems

	
( )F x

x X
minimize
subject to !

� (1)

where x denotes a vector of design variables and the 
feasible set X captures physical bounds, discrete 
choices, and implicit feasibility constraints [12]. The 
form of F(x) depends on the RF task of interest.

Device Modeling and Parameter Extraction
In compact model parameter extraction, we seek to 
determine the model parameters x that make the simu-
lated curves align as closely as possible with the mea-
sured or TCAD-generated data. This can be formulated 
through the objective function

	 ( ) ( ( ), )F x N L y x y1
i

N

i i
1

=
=

t! � (2)

where ( ( ), )L y x yi it  denotes the loss function to be mini-
mized with respect to the model parameters x. Here, x 
is the optimization variable, yit  is the simulated value 
predicted by the compact model, and yi is the corre-
sponding measured or TCAD-generated value [2].
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Multiobjective Circuit Design
In circuit design, the optimization problem often involves 
k competing objectives, denoted by ( ), , ( ) .f x f xk1 f  In 
such cases, the objective vector can be written as

	 ( ) [ ( ), ( ), , ( )] .F x f x f x f xk
T

1 2 f= � (3)

In this multiobjective setting, a design is said to 
dominate another if it performs at least as well in every 
objective and strictly better in at least one. A design 
that is not dominated by any other feasible solution is 
said to be Pareto optimal. The set of such designs forms 
the Pareto frontier in the case of two objectives, or more 
generally, the Pareto surface in higher dimensions [6].

Practical Intuition for RF Optimization
At a fundamental level, derivative-free optimization 
follows an iterative process: 1) Propose a candidate 
design vector x based on historical data, and 2) evaluate 
the objective or objective vector F(x) through simulation 
or measurement. This loop is then repeated for a fixed 
number of evaluations, which is often the most practi-
cal stopping criterion when simulations are expensive, 
or until satisfactory performance is reached [10].

This approach aligns seamlessly with RF/micro-
wave engineering, as many practical design problems 
are already black-box in nature. For instance, in circuit 
design, a designer selects a set of parameters, launches 
an expensive circuit or electromagnetic (EM) simula-
tion, and then analyzes the results to decide on the next 
iteration. From this perspective, DFO is not a departure 
from traditional RF workflows. Instead, it automates the 
manual processes that engineers already perform, mak-
ing them more efficient, systematic, and reproducible.

Unlike gradient-based optimization methods, DFO 
does not require the objective function to be differentiable, 
nor does it assume that derivative information is analyti-
cally available. This is particularly important in RF work-
flows because design spaces often include discrete choices, 
feasibility constraints, nonconvergent simulations, and 
strongly coupled parameters [1]. Even when gradients can 
in principle be computed, their cost is not justified, espe-
cially when each function evaluation corresponds to an 
expensive simulation, such as a modulated large-signal 
simulation or a high-fidelity 3D EM extraction.

In practice, DFO is best viewed in RF design as an 
intelligent way to allocate a limited simulation or mea-
surement budget, rather than as optimization without 
gradients. In addition, when each evaluation is expen-
sive, the key question in RF design is not whether the 
global optimum can be guaranteed, since in most prac-
tical nonconvex problems it cannot [12], but whether 
the available simulation budget is being used effec-
tively. DFO addresses this problem by using prior eval-
uations to decide where to search next, making each 

new simulation more informed and therefore making 
better use of the available budget.

Many modern DFO methods implement this idea 
through some balance of global exploration and local 
exploitation. Early in the search, the algorithm samples 
broadly to identify promising regions of the design space. 
As more evaluations are collected, the search gradually 
becomes more focused on high-performing regions. In 
probabilistic and population-based methods, this is often 
done by identifying the best-performing subset of evalu-
ated designs and using their distribution to guide sub-
sequent proposals. In practical RF terms, the optimizer 
gradually shifts from learning where good designs might 
be to spending more of the budget near designs that are 
most likely to yield further improvement [13], [14].

To illustrate why this behavior is valuable in RF 
optimization, Figure 1 shows a representative objec-
tive-function landscape from RF device modeling. 
Inspired by loss-landscape visualizations from the 
machine learning (ML) community [15], [16], the high-
dimensional parameter space is projected onto a 2D 
subspace defined by two principal components (PC1 
and PC2). The resulting contour and 3D surface plots 
reveal a highly nonconvex projected landscape with 
multiple local minima. In such settings, gradient-based 
optimization methods can be sensitive to initialization 
and may converge to nearby local solutions. In compar-
ison, the superimposed projected trajectory in the con-
tour plot illustrates the broader exploratory behavior of 
a DFO algorithm, which can help the search traverse 
multiple basins and identify higher-quality solutions.

A Taxonomy of DFO Algorithms
DFO encompasses a broad range of algorithms, which 
can be grouped roughly into random-search methods, 
direct-search methods, population-based methods, 
and surrogate-based methods. This classification is not 
exhaustive, but it provides a useful framework for RF/
microwave engineers. More important than the cat-
egory itself, however, are the practical tradeoffs asso-
ciated with each method, since engineers must weigh 
robustness, sample efficiency, and implementation 
complexity against the cost of each evaluation.

At the simplest end of the spectrum, a random 
search evaluates candidate designs by sampling points 
directly from the feasible design space [17]. Although 
conceptually simple, it remains an important base-
line because it is easy to implement, straightforward 
to parallelize, and sometimes competitive when only a 
subset of variables strongly influences the objective. In 
most RF problems, however, its main value is as a refer-
ence point rather than a final design tool.

Direct-search methods, such as coordinate search 
or pattern search, improve on this idea by evaluating 
nearby points and accepting improving moves [10]. 
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These methods are appealing because of their simplic-
ity and can work well for local improvement, particularly 
in lower-dimensional problems or when a good initial 
design is available. Their main limitation is that they are 
less well suited to many RF compact model extraction 
and circuit-design problems, where the design space is 
high-dimensional and the variables are strongly coupled.

Population-based methods work with a set of candi-
date designs at each iteration rather than only one cur-
rent design. A well-known example is the covariance 
matrix adaptation evolution strategy (CMA-ES), which 
adapts a search distribution over time to favor promis-
ing regions of the design space [18]. These methods can 
be robust in rugged or multimodal landscapes and are 
often less sensitive to initialization, but this robustness 
typically comes at the cost of more function evaluations.

Surrogate-based methods use previously collected 
data to construct an auxiliary approximation of the 

objective function and then use that model to guide the 
next expensive evaluation [19]. These methods are par-
ticularly attractive when each evaluation is costly and 
only a limited number of evaluations can be afforded. 
Bayesian optimization is the best-known example. 
Related methods, such as the Tree-Structured Parzen 
Estimator (TPE), follow the same sequential model-
based philosophy, but are often convenient when the 
design space includes a mix of continuous, integer, cat-
egorical, or log-scaled variables [20].

The main tradeoffs and RF/microwave applications 
of the aforementioned DFO methods are summarized 
in Table 1. Ultimately, in RF/microwave design, no sin-
gle DFO algorithm is uniformly best. The right choice 
depends on the cost of each evaluation, the structure of 
the design space, and whether the main need is local 
refinement, global exploration, or efficient use of a lim-
ited evaluation budget.
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Figure 1. Representative objective-function landscape from RF device modeling visualized in a 2D principal-component 
subspace. (a) Three-dimensional surface plot of the loss as a function of the first two principal components, PC1 and PC2. 
(b) Corresponding contour plot with an illustrative projected search trajectory overlaid. The projected landscape is highly 
nonconvex, with multiple basins and local minima. Such visualizations help explain why local optimization methods can be 
sensitive to initialization, while derivative-free methods with stronger exploratory behavior may traverse multiple basins and 
discover better solutions.

TABLE 1. Representative DFO methods, key tradeoffs, and example applications in RF/microwave design.

DFO Method Well Suited For Key Tradeoffs RF Example 

Random search Early exploration or baseline 
studies

Simple to implement and parallelize, 
but often requires many trials

Initial parameter sweeps for device 
or circuit optimization

Pattern or 
coordinate search

Local refinement near a good 
design

Straightforward to apply, but 
sensitive to the starting point

Fine-tuning compact model 
parameters or matching networks

CMA-ES and 
evolutionary 
methods

Rugged or strongly coupled 
design spaces

Broad exploration of complex 
landscapes, but usually requires 
many trials

Compact model parameter 
extraction with low-cost simulations

Bayesian 
optimization and TPE

Expensive evaluations or mixed 
continuous–discrete spaces

Uses past trials efficiently, but can 
be less effective in high dimensions

Load-pull, EM, or mixed-variable 
circuit design
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Compact Model Parameter Extraction
Compact model parameter extraction is a clear example 
of a black-box optimization problem in RF/microwave 
design. A candidate parameter vector is proposed, the 
compact model is evaluated in a simulator, and the sim-
ulated characteristics are compared against measured 
or TCAD-generated data through a loss function. This 
loop is repeated until the mismatch between simula-
tion and data is reduced to an acceptable level [2].

In the examples that follow, the DFO workflow 
was implemented using Optuna [14] with the TPE 
algorithm, which models favorable and unfavorable 
regions of the parameter space and then samples new 
candidates from regions predicted to perform well [20].

A practical distinction between the conventional 
manual extraction flow and the proposed DFO-based 
workflow can be seen in Figure 2. In a conventional 
manual extraction process, parameters are often tuned 
sequentially by physical effect or operating region, with 
repeated fine-tuning required as parameter coupling 

causes changes in one region of operation to degrade the 
fit in another. On the other hand, the proposed approach 
formulates parameter extraction as a single optimiza-
tion problem in which parameter ranges, loss functions, 
and validation strategy are defined up front, and the 
optimizer iteratively searches for a parameter set that 
provides a good fit across the full training dataset.

Although the workflow may appear conceptually 
straightforward, the main difficulty lies in the inter-
action among model complexity, parameter coupling, 
and objective-function design. Modern compact mod-
els can contain tens or even hundreds of parameters, 
many of which affect multiple device characteristics 
simultaneously. As a result, the optimization land-
scape is often highly nonconvex, and sequential man-
ual tuning becomes slow, labor-intensive, and difficult 
to standardize across different devices.

More importantly, parameter extraction is not solved 
simply by embedding a good optimizer into a simulator. 
A low numerical error alone is not convincing evidence of 

a reliable compact model extrac-
tion. The outcome still depends 
critically on which parameters 
are exposed to optimization, 
what bounds are imposed, 
how fit quality is measured, 
and how the extracted model is 
validated beyond the data used 
directly during fitting. In this 
sense, DFO does not replace 
compact model expertise, but 
instead provides a systematic 
way to bring that expertise into 
the extraction workflow.

The main takeaway from 
this case study is not that DFO 
can automate compact model 
parameter extraction. Rather, 
it becomes useful only when 
the optimization workflow is 
built around carefully chosen 
model parameters, physically 
meaningful parameter bounds, 
a loss function tailored to com-
pact modeling rather than bor-
rowed naively from ML, and a 
validation strategy that checks 
whether the model remains reli-
able beyond the fitting set [2].

Loss Function Design
In compact model param-
eter extraction, the optimizer 
is only one part of the story. 
A fundamental issue is the 
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Figure 2. Comparison of two workflows for DC model parameter extraction in ASM-
HEMT: (a) The proposed DFO-based workflow, in which parameter ranges, loss functions, 
and a validation strategy are defined in advance and the search is performed iteratively 
(adapted from [2]); and (b) the conventional manual workflow, in which parameters are 
extracted and repeatedly fine-tuned by operating region (adapted from [3]).
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careful construction of a loss function that reflects the 
main priorities in device modeling. For instance, naively 
using the absolute error (or L1 loss) to fit DC I–V char-
acteristics tends to place more weight on larger current 
values, often leading to poor accuracy at lower currents

	 ( , ) .y y y yL i i i i1 = -t t � (4)

To address this issue, we apply a log transformation, 
which shifts the emphasis of the loss function from 
absolute errors to relative errors

	 ( , ) ( ) ( ) .log logy y y yLlog i i i i= -t t � (5)

We also introduce a threshold parameter e into the 
logarithmic transformation

	 ( , ) .log logu y y
y y

1 1
e e

= + - +t
tc cm m � (6)

This transformation has a simple interpretation in the 
context of DC I–V characteristics. For current levels 

below the threshold e, the contribution to the loss is 
strongly reduced. In practice, this discourages the opti-
mizer from spending excessive effort in regions that 
are physically unimportant, such as those dominated 
by measurement noise.

The effect of this transformation on the fitting 
objective is illustrated in Figure 3. The red curve shows 
the original current on a logarithmic scale, while the 
blue curve shows the transformed quantity used in the 
loss function. Once the current falls below e, the trans-
formed response is effectively flattened, so differences 
in that region contribute much less to the optimization 
objective. As a result, the fitting process places greater 
emphasis on current levels and bias regions that are 
more relevant for model extraction.

To further improve robustness to outliers or mea-
surement error, we clip the transformed loss using a 
threshold d

	 ( , )
,
,

| |
| |

.y y
u u

u
L

2

2clip
2
#

d

d

d
=t ) � (7)

This clipped loss imposes a fixed penalty once the 
magnitude of the transformed error exceeds d, which 
reduces the sensitivity of the fitting process to outliers 
and corrupted data [12].

Figure 4 conceptually illustrates how clipping 
improves robustness to large residuals. Under a conven-
tional quadratic loss, a small number of large residuals 
can dominate the objective and pull the fitted model 
away from the main data trend. In the clipped-quadratic 
loss, however, the influence of such residuals is lim-
ited once they exceed the threshold d, so the resulting 
fit is determined more by the majority of the data. This 
behavior is evident in Figure 4(c), where the penalty sat-
urates beyond the clipping threshold. In the extraction 
process, this improves robustness to outliers, corrupted 
samples, and occasional measurement artifacts.
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Model Assessment
When performing parameter extraction with tens of 
parameters, model assessment becomes essential. The 
goal is not simply to obtain a low fitting error on the 
data used during extraction, but to ensure that the 
compact model remains physically valid across differ-
ent voltages, currents, and operating conditions that 
were not used for fitting. This issue is closely related to 
generalization in statistics and ML, where good agree-
ment with training data alone does not guarantee good 
performance on unseen data [22].

To address this issue, the available data in each 
experiment are divided into training and test sets (e.g., 
80% for training and 20% for testing). The optimizer 
uses only the training set during extraction, while the 
test set provides an independent check on whether 
the model generalizes beyond the fitting data. This 
distinction is important because, as the number of fit-
ted parameters increases, it becomes easier to improve 

agreement on the training set without achieving com-
parable improvement on unseen data. In the follow-
ing examples, both training and test errors are tracked 
throughout the optimization process to guard against 
overfitting and assess generalization.

Pedagogical Example: Diamond Schottky 
Diode
The DFO workflow is first demonstrated through 
a simple three-parameter example using the SPICE 
diode model [23] to fit the DC I–V characteristics of a 
diamond Schottky diode [24], [25]. The fitted param-
eters are the ideality factor (n), saturation current (IS), 
and series resistance (RS).

Although this example is relatively simple and does 
not, by itself, require a derivative-free optimizer, it 
provides a clear setting in which to illustrate the main 
ideas introduced earlier. In particular, it highlights 
the role of the loss function, the importance of model 
assessment during parameter extraction, and the effect 
of robustness in the presence of corrupted data.

Because many DFO algorithms are stochastic, opti-
mization progress is often reported in terms of the 
best error found to date, denoted here as Error) , as a 
function of the number of trials. This is also the style 
of the convergence plot commonly used in the opti-
mization and ML communities [20]. The progression 
of Error)  for the training and test sets, together with 
the retrained result on the full dataset, is shown in Fig-
ure 5. The plot illustrates how the train-test split can 
be used to monitor generalization during parameter 
extraction, while the retraining step produces the final 
parameter set using all available data.

Finally, the diode example provides a convenient 
way to assess robustness to outliers by intentionally 
introducing corrupted data points. Under these con-
ditions, the clipped-loss formulation remains much 
less sensitive to the corrupted samples, whereas the 
non-robust loss exhibits visibly degraded fitting per-
formance. The effect of corrupted samples on the fit-
ted diode characteristics can be seen in Figure 6. Even 
when 50% of the measured samples are randomly cor-
rupted, the fit obtained with the robust loss remains 
closer to the main I–V trend, while the nonrobust fit 
is more strongly affected by the outliers. This simple 
example highlights why robust loss design can be 
important in compact model parameter extraction, 
especially when the data contain measurement arti-
facts or corrupted samples.

GaN HEMT Compact Model Extraction
After building intuition from the diode example, the 
same workflow is applied to the DC portion of the 
ASM-HEMT model for a 150-nm GaN-on-SiC HEMT. In 
this case, 35 parameters are extracted simultaneously 
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diamond Schottky diode using robust and non-robust loss 
functions. The voltage sweep ranges from 0.48 to 2 V in 40-
mV steps, for a total of 39 measurements. In this example, 
50% of the measurements were randomly corrupted to 
evaluate the robustness of the two loss functions (after [2]).
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to capture the device’s DC characteristics, including 
transport parameters, access resistances, self-heating 
terms, and gate-current parameters [3].

The resulting agreement between measured and 
simulated DC characteristics is shown in Figure 7. The 
extracted parameter set provides a good overall fit to 
both the output characteristics in Figure 7(a) and the 
transconductance behavior in Figure 7(b), indicating 
that the optimization captures the main bias-depen-
dent trends of the device across a wide range of bias 
conditions. This result is especially important because 
the parameters are extracted simultaneously rather 
than being tuned one operating region at a time, allow-
ing the final solution to balance coupled effects within 
a single optimization workflow.

This case study more closely reflects the difficulty 
of practical compact model extraction, where the 
parameter space is high-dimensional and many of the 
fitted quantities are strongly coupled [2]. Under such 
conditions, sequential hand-tuning becomes slow, 
labor-intensive, and difficult to reproduce. In contrast, 
the DFO-based workflow is able to obtain a good fit 
in fewer than 6,000 trials. Although physical intuition 
remains essential for defining meaningful parameter 
bounds and selecting the relevant model parameters, 
DFO substantially reduces manual tuning effort and 
improves reproducibility.

It is important to emphasize, however, that optimiza-
tion alone does not resolve all of the challenges in com-
pact modeling. If the selected model is inadequate and 
fails to capture the relevant device physics, a good fit 
may be impossible regardless of the optimizer [4]. The 
same is true when critical physical effects are omitted, 
when important model parameters are excluded from 
the optimization, or when the imposed constraints are 
not physically meaningful. In such cases, the optimizer 
may reduce the error for one set of characteristics, yet 
the extracted model may still fail to remain physical 
or to generalize to others. DFO should therefore be 
viewed as a powerful tool for parameter extraction, but 
not as a substitute for model adequacy, careful param-
eter selection, physically meaningful constraints, or 
validation under the operating conditions relevant to 
subsequent circuit design.

Robust Pareto Transistor Sizing
Once an accurate compact model with geometry scal-
ing has been extracted and validated across a wide 
range of bias conditions and temperatures, the next 
step is to use that model for circuit design. A typical 
challenge for circuit designers is to find the best tran-
sistor size for the intended RF application. In practice, 
however, this is rarely a single-objective optimization 
problem. Instead, there are usually many candidate 
solutions with competing tradeoffs.

For millimeter-wave power amplifiers, output 
power and efficiency must be balanced against ther-
mal constraints, stringent linearity requirements, and 
reliability [26]. For low-noise amplifiers (LNAs), gain 
and fmax must be balanced against minimum noise fig-
ure. More importantly, the best device size depends on 
the operating conditions, since a design that appears 
optimal at one nominal bias point may shift or degrade 
significantly as the bias changes during typical circuit 
operation.

As a result, transistor sizing can be formulated nat-
urally as a robust multiobjective problem rather than 
as a nominal search for a single best device size. The 
goal is not simply to identify a device geometry that 
looks attractive under one nominal condition, but to 
find designs that remain competitive across realistic 
operating variation. From this viewpoint, robustness 
is not something to be considered only after optimiz-
ing for a particular transistor size. In many cases, it 
changes which designs are worth considering at all. 
This is what makes transistor sizing a natural candi-
date for DFO [6].
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Figure 7. Measured and simulated (a) ID and (b) gm 
characteristics of the GaN HEMT after DC parameter 
extraction. For (a), the drain voltage VD was swept from  
0 to 20 V with a step size of 100 mV, and the gate voltage VG 
was swept from −2.9 to −0.1 V with ΔVG = 200 mV. For  
(b), the gate voltage VG was swept from −3 to −0.5 V with 
ΔVG = 100 mV, and the drain voltage VD was swept from 
0.1 to 18.1 V with ΔVD = 2 V (after [2]).
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Robust Pareto Formulation
To account for bias sensitivity, transistor sizing can 
be formulated as a robust multiobjective optimiza-
tion problem. Let x denote the design variables and 
let p P!  denote an operating parameter. In this set-
ting, the operating parameter is VGS, while the design 
variables correspond to transistor bias and geometry 
choices under the designer’s control. Because some 
performance metrics are to be minimized and others 
maximized, objectives to be maximized are multiplied 
by −1. For each objective fi(x, p), we define the corre-
sponding worst-case objective as

	 ( ) ( , )maxF x f x pi
p

i
P

=
!

.� (8)

A design is considered robust Pareto optimal if 
there is no other feasible design whose worst-case 
performance is at least as good in every objective and 
strictly better in at least one [27]. In this way, the goal 
is not just to optimize performance at a single operat-
ing point, but rather to identify transistor designs that 
remain competitive across realistic operating variation.

Design Variables and Simulation Flow
To demonstrate the methodology, a 150-nm GaN-on-
SiC HEMT technology is used together with a foundry 
compact model in Keysight ADS [28]. In this problem, 
the design variables are

	 ( , , , , )x V W N GDG GSGf fDS= � (9)

corresponding to the drain bias, finger width, number 
of fingers, and the gate-drain-gate (GDG) and gate-
source-gate (GSG) layout spacings. A qualitative HEMT 
layout helps visualize the meaning of Wf, Nf, GDG, and 
GSG, as shown in Figure 8. For each candidate design, 
performance is evaluated across multiple VGS values, 
and the worst-case value for each objective is retained. 
This produces a robust assessment of device quality 
under bias variation rather than a nominal ranking 
based on a single operating condition.

Power Amplifier Case Study
We consider two case studies. In the power amplifier 
setting, the device is evaluated at 30 GHz under a mod-
ulated 5G NR 64-QAM stimulus. Here, the objectives 
are chosen to reflect realistic transmitter operation. 
Specifically, we seek to maximize worst-case average 
output power and power-added efficiency while mini-
mizing worst-case average junction temperature. In 
this study, self-heating effects are included, since junc-
tion temperature is geometry-dependent and directly 
affects the overall tradeoff among power, efficiency, 
linearity, and reliability. Constraints are also incorpo-
rated, and designs that violate adjacent channel power 
ratio or gain requirements are treated as infeasible.

Once the worst-case objectives across the gate-bias 
range are obtained, a robust Pareto surface can be con-
structed to capture the tradeoffs among power, effi-
ciency, and thermal behavior. This tradeoff surface 
shows that there is no single universally best transistor 
size. Rather, there is a family of robust tradeoff solu-
tions whose value depends on the designer’s priorities 
and system constraints [6]. This behavior is illustrated 
in Figure 9, where the Pareto-optimal designs form the 
boundary of the achievable tradeoff surface. Designs 
on this front cannot improve one objective without 
degrading at least one of the others, whereas domi-
nated designs are inferior in all objectives relative to 
some other feasible solution.

N
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Drain

Source

Gate

GDG

GSG

Figure 8. Qualitative illustration of the HEMT layout 
and its corresponding design variables, including the finger 
width Wf, number of fingers Nf, and the GDG and GSG 
layout spacings (after [6]).
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Low-Noise Amplifier Case Study
In the LNA setting, the same device-geometry space 
is evaluated using small-signal simulations. Here, the 
objectives are to maximize worst-case gain and fmax 
while minimizing the worst-case minimum noise fig-
ure at the operating frequency of 30 GHz. Unlike in 
the power amplifier case, self-heating is not included 
in the LNA simulations, which reduces computational 

cost and enables a larger design sweep. Even so, only 
a small fraction of the explored geometries lie on the 
robust Pareto frontier. This again makes the tradeoff 
space among the competing objectives explicit and 
shows that, once robustness is imposed, many designs 
are no longer as competitive as they may appear under 
nominal conditions. This behavior can be seen in Fig-
ure 10, where the Pareto-optimal designs define the 
boundary of achievable tradeoffs among noise figure, 
gain, and fmax.

Efficient Design Discovery With DFO
After characterizing the full design space, we use 
HOLA [13] to recover strong device designs without 
performing an exhaustive search. Rather than optimiz-
ing the raw multiobjective metrics directly, HOLA con-
verts the robust design problem into a scalar preference 
function based on designer-defined targets, accept-
able limits, and priorities [13]. This formulation is well 
suited to RF design, where some metrics correspond 
to hard requirements, while others define tradeoffs 
among acceptable designs. The resulting optimization 
behavior is illustrated in Figure 11, which shows the 
progression of Score) as a function of the number of 
trials for four different target, limit, and priority set-
tings. In each case, the mean score improves rapidly 
during the early trials and then gradually approaches 
the corresponding optimal score, showing that strong 
robust designs can be identified after exploring only a 
small fraction of the full design space.

The main result of this case 
study is that HOLA identifies 
near-optimal robust designs 
after exploring only a small 
fraction of the full design 
space. In transistor sizing, 
the main practical bottleneck 
is often not whether a good 
design exists, but whether 
it can be found without an 
impractically large number of 
simulations.

This is where DFO becomes 
useful in practical RF work-
flows. It reduces the number of 
expensive simulations needed 
to reach designs that a skilled 
engineer would consider com-
petitive, while still accounting 
for robustness, tradeoffs, and 
design priorities.

Summary and Outlook
The two case studies pre-
sented in this review article 
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showcase adjacent stages in a typical RF design flow. In 
the first case, DFO is used to extract the parameters of 
a compact model that accurately reproduces measured 
device characteristics. In the second case, compact mod-
els are used to explore robust transistor sizing tradeoffs 
under realistic operating variation. This progression 
also highlights an important point: Meaningful circuit 
optimization depends on accurate compact modeling, 
since any circuit-level search is limited by the fidelity of 
the device model used in the simulator [5].

Across both case studies, the underlying problems 
share commonalities. In each case, we define a feasible 
design space using physics-based bounds and design 
rules, evaluate performance through a black-box sim-
ulator, and use a derivative-free optimizer to decide 
where to spend the next expensive evaluation. From 
this perspective, DFO is less about any single algo-
rithm and more about a general workflow that can be 
applied to RF design.

A key takeaway from both case studies is that the 
optimizer itself is only one part of the solution. In com-
pact model parameter extraction, the critical design 
choice is the loss function used to measure the error 
between measurement and simulation. In transistor 
sizing, the analogous design choice is the objective for-
mulation used to capture robustness and system-level 
tradeoffs. In both settings, the quality of the result 
depends on whether the objective carefully reflects the 
engineering goals of interest, such as a better fit in cer-
tain regions, higher performance across frequency, or 
satisfying key design specifications.

These examples also show that DFO can change the 
way RF design is done today. Rather than relying on 
manual tuning or exhaustive sweeps, the search for 
high-quality RF designs can be automated while pre-
serving physical intuition. This is particularly useful in 
RF problems where gradients are unavailable, unreli-
able, or prohibitively expensive to compute.

At the same time, DFO does not replace engineer-
ing intuition. Domain knowledge remains essential 
for defining parameter bounds, selecting operating 
regions, formulating constraints, and interpreting the 
resulting designs. DFO instead offers a systematic, 
reproducible framework for applying that intuition 
more efficiently.

Looking ahead, the same principles extend beyond 
compact model extraction and transistor sizing to many 
other RF workflows, including passive-component 
synthesis, pixelated RF/microwave layout design, EM 
structure optimization, and circuit-level codesign [29]. 
These problems are well-suited to DFO because the 
design variables are often binary or discrete, and per-
formance must be evaluated through expensive EM or 
circuit simulations. More recently, surrogate-assisted 
optimization has emerged as an increasingly active 

direction, in which neural networks are trained to 
approximate these computationally costly evaluations 
and then coupled with DFO methods to accelerate cir-
cuit design-space exploration [30]. In that setting, surro-
gate models can provide faster and cheaper evaluations 
to guide the search toward optimized designs, while 
expensive full-wave or circuit simulations are reserved 
for physical validation and selective refinement.

As RF systems continue to grow in complexity, work-
flows that combine compact models, surrogate models, 
and modern DFO methods will become increasingly 
important for navigating large design spaces with lim-
ited simulation budgets. The broader opportunity is 
not simply faster optimization, but a more scalable and 
reproducible way to explore RF design tradeoffs. To 
support reproducibility and encourage further explo-
ration, code for the optimization workflows discussed 
in this article is publicly available on GitHub [31], [32].
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