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Expert-Informed Dueling Deep Q-Learning
for mBVD Equivalent-Circuit Optimization of BAW Filters

Hongyi Chen

Abstract

To address the high parameter dimensionality, complex coupling, and substantial repeated-simulation costs associ-
ated with the design of bulk acoustic wave (BAW) filters with a fixed ladder topology, this paper proposes an automated
parameter optimization method based on the modified Butterworth–Van Dyke (mBVD) equivalent model and Dueling
DQN. First, the mBVD model describes the frequency-dependent impedance of each resonator, and cascaded two-port
ABCD matrices enable rapid calculation of the filter’s S21,dB response. Second, parameter tuning under a fixed topology
is formulated as a Markov decision process. Frequency-response curves, resonator parameters, and a global performance
summary are jointly used to construct the state, while high-dimensional continuous parameter adjustments are com-
pressed into a discrete action space comprising expert actions and local complementary actions. To extract local and
global patterns from the frequency response and address the strong dependence of the performance score on the state
itself, a deep value network is constructed using multiscale residual convolutions, dilated convolutions, attention pool-
ing, and dueling value decomposition. Experimental results show that the proposed method improves the performance
score from approximately −33.9 to −3.99, with the optimized frequency response satisfying the prescribed passband and
stopband constraints. Under the current experimental settings, it outperforms a PPO baseline that directly uses high-
dimensional continuous actions. Ablation results further indicate that the global performance summary and the dueling
architecture improve action-value assessment. This study demonstrates that combining equivalent-circuit simulation
with reinforcement learning enables rapid, low-cost parameter optimization of BAW filters.

Keywords: bulk acoustic wave filters; mBVD model; automated circuit design; deep reinforcement learning; Dueling
DQN; parameter optimization
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1 Introduction

Artificial intelligence (AI)-assisted engineering design is a
rapidly developing area of research and application, with
important advances in protein structure research and drug
molecule design. Automated radio-frequency (RF) device
design is another promising direction, and parameter op-
timization of bulk acoustic wave (BAW) filters is a repre-
sentative problem. As a core component of the RF front
end, a BAW filter provides channel selection and interfer-
ence suppression within limited spectral resources, and its
performance directly affects signal transmission quality in
communication systems. Such filters typically comprise
multiple BAW resonators, each of which converts electri-
cal energy into acoustic energy and vice versa through elec-
tromechanical coupling. Different parameters jointly affect
the resonance frequencies and frequency response, giving
rise to nonlinear and nonconvex parameter optimization.
The coupling of dozens of parameters within a single sys-
tem increases the design difficulty, and repeated parameter
adjustments are typically required to meet the target spec-
ifications.

BAW filters have a relatively well-established theo-
retical foundation, and commercial simulation software
can analyze the frequency responses of different structures
and parameter settings using relevant physical models. A
common design workflow combines optimization methods,
such as genetic algorithms and particle swarm optimiza-
tion, with repeated simulator calls to evaluate and select
candidate designs. However, this workflow may incur sub-
stantial software licensing and computational costs, par-
ticularly when individual simulations are time-consuming
and numerous iterative evaluations are required. Moreover,
conventional optimization workflows often have difficulty
directly transferring previous optimization experience to
new design tasks, so changes in the target specifications
generally require a new parameter search.

To reduce the costs of performance evaluation and pa-
rameter search, recent studies have introduced data-driven
modeling and reinforcement learning into circuit and filter
design. Surrogate modeling methods use parameter com-
binations and their corresponding frequency responses ob-
tained from simulations or measurements to learn the map-
ping between design parameters and performance, thereby
reducing the number of expensive simulations required dur-
ing optimization. Reinforcement learning instead learns
parameter-adjustment policies through interaction with a
design environment and explores the possibility of apply-
ing previous optimization experience to different design
objectives. These two approaches can also be combined:
a surrogate model provides rapid performance evaluation,
while a reinforcement learning agent learns a sequential
optimization policy. Related studies investigate reinforce-
ment learning-based circuit optimization, data-driven mod-
eling, and sample-efficient optimization from different per-
spectives [1–5], but do not all follow the same technical
approach.

For design workflows that rely on data-driven surro-
gate models, obtaining sufficiently representative and reli-
able training data is an important prerequisite. Generating
such data generally requires simulation or measurement re-
sources, making data acquisition a potentially substantial
barrier to research. Under the conditions of this study,
no public dataset directly applicable to modeling the tar-
get BAW filters was obtained. Furthermore, the mapping
from physical parameters, such as geometric dimensions
and material properties, to the frequency response involves
complex multiphysics coupling. Even when the simulation
model has a clear physical basis, translating engineers’ tun-
ing experience directly into effective learning actions in
such parameter spaces remains challenging. Without ap-
propriate action constraints, reinforcement learning may
also suffer from inefficient exploration.

To systematically analyze BAW filter performance, a
resonator can be represented by an equivalent circuit con-
sisting of resistors, inductors, and capacitors, allowing its
electromechanically coupled resonant behavior to be ex-
pressed as a circuit response. This representation facil-
itates analysis of how parameter changes affect the fre-
quency response and enables engineering tuning experience
to be expressed as parameter-adjustment operations with
clear circuit-level meaning. Incorporating such experience
into reinforcement learning action design may therefore
reduce exploration of parameter-adjustment combinations
that lack physical meaning, narrow the range of actions
available at each step, and thereby improve learning effi-
ciency and optimization performance.

Motivated by these considerations, this study uses
equivalent-circuit models of BAW resonators as its ba-
sic building blocks, connects multiple resonators in a lad-
der topology, and calculates the overall filter S21 curve
through cascaded two-port ABCD matrices. A perfor-
mance score is then computed according to the target spec-
ifications, yielding a low-cost BAW filter simulation envi-
ronment. Building on this environment and engineering
tuning experience, the continuous adjustment of dozens
of parameters is represented as a sequential decision pro-
cess with 16 discrete actions to reduce the exploration diffi-
culty of reinforcement learning. Experimental results show
that the resulting agent can obtain designs satisfying the
prescribed specifications within a relatively short training
time. Due to limitations in commercial simulation software
access and data availability, direct performance compar-
isons with existing methods under a common high-fidelity
simulation or measurement framework have not been con-
ducted. Rather than seeking a filter with globally optimal
performance, this study explores a computationally inex-
pensive approach to BAW filter parameter optimization
that does not depend on commercial full-wave simulation
software.

The main contributions of this paper are summarized
as follows:
1. An equivalent-circuit-model-driven reinforcement learn-

ing framework for BAW filter design is proposed. It in-
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tegrates the mBVD model, cascaded ABCD networks,
and DQN-based parameter optimization into a unified
closed loop for rapid frequency-response calculation and
iterative optimization.

2. An expert-knowledge-guided discrete composite action
space is constructed, transforming high-dimensional
continuous parameter optimization into a finite set of
tuning operations with physical meaning for filters. Lo-
cal complementary actions maintain basic reachability
in the parameter space, thereby reducing the explo-
ration difficulty of reinforcement learning.

3. A multisource-feature Dueling DQN network is designed
for filter frequency responses. Multiscale residual con-
volutions, dilated convolutions, and attention pooling
extract curve features, which are fused with resonator
parameters and a global performance summary to en-
hance action-value representation.

The remainder of this paper is organized as follows.
Section 2 introduces the theoretical foundations, includ-
ing reinforcement learning, DQN, the dueling architecture,
and equivalent-circuit modeling of BAW filters. Section 3
describes the BAW filter performance simulation system.
Section 4 presents the automated filter design agent based
on the simulation system and reinforcement learning, in-
cluding the problem definition, state space, action space,
state transitions, performance scoring, parameter initial-
ization, and value network. Section 5 presents the exper-
imental settings, optimization results, comparisons, and
ablation analyses. Section 6 concludes the paper and dis-
cusses future research directions. The appendices provide
details of the action space, experimental specifications, and
initial parameters.

2 Theoretical Background and Re-
lated Work

With the rapid development of deep reinforcement learning
for high-dimensional decision-making, continuous control,
and combinatorial optimization, introducing reinforcement
learning (RL) into electronic design automation (EDA) has
become an important research direction. Unlike conven-
tional rule-based or gradient-based automated circuit de-
sign methods, reinforcement learning does not require ex-
plicit analytical gradients of circuit performance with re-
spect to the design variables. Instead, it repeatedly inter-
acts with a circuit simulation environment and learns a
sequential decision policy from design trajectories to de-
termine how the circuit should be modified in its current
state. This property makes reinforcement learning partic-
ularly suitable for the high-dimensional, strongly coupled,
nonconvex, and simulation-driven black-box optimization
problems commonly encountered in analog and RF circuit
design [1, 4, 6, 7].

2.1 Reinforcement Learning, DQN, and
the Dueling Architecture

Reinforcement learning models the interaction between an
agent and its environment as a Markov decision process
(MDP),

M = (S,A, P,R, γ) , (1)
where S and A denote the state and action spaces, re-
spectively; P is the state-transition probability; R is the
reward function; and γ ∈ [0, 1] is the discount factor. At
time t, the agent selects action at according to state st,
and the environment returns reward rt and the next state
st+1. The objective of reinforcement learning is to learn
a policy π(a | s) that maximizes the expected cumulative
discounted return

Gt =

T−t−1∑
k=0

γkrt+k. (2)

The state–action value function Qπ(s, a) represents
the expected cumulative return obtained by taking action
a in state s and subsequently following policy π. The opti-
mal action-value function satisfies the Bellman optimality
equation

Q∗(st, at) = E
[
rt + γmax

a′
Q∗(st+1, a

′)
]
. (3)

Thus, once Q∗ is obtained, the optimal action in the cur-
rent state can be selected as

at = argmax
a∈A

Q∗(st, a) (4)

A deep Q-network (DQN) approximates the optimal
action-value function using a neural network Q(s, a; θ) pa-
rameterized by θ, making it suitable for decision problems
with high-dimensional states and discrete actions [8]. For
an experience sample (st, at, rt, st+1), DQN computes the
temporal-difference target using a target network:

yt = rt + γmax
a′

Q(st+1, a
′; θ−), (5)

The value network parameters are updated by minimizing

L(θ) = E
[
(yt −Q(st, at; θ))

2
]

(6)

where θ− denotes the target network parameters. Experi-
ence replay reduces correlations between samples by ran-
domly sampling historical interaction data, while the tar-
get network improves training stability through delayed
updates. Training typically uses an ϵ-greedy policy to bal-
ance random exploration against selection of the currently
best action.

Standard DQN directly estimates the Q value of each
action, whereas the dueling architecture decomposes it into
a state-value function V (s) and an advantage function
A(s, a) [9]:

Q(s, a) = V (s) +A(s, a)− 1

|A|
∑
a′∈A

A(s, a′). (7)

2
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Here, V (s) measures the overall value of the current state,
while A(s, a) describes the value of each action relative to
the average. Mean-centering the advantage function re-
moves the non-uniqueness of the decomposition into V (s)
and A(s, a). This architecture enables the network to
learn state quality and relative differences among actions
separately, making it suitable for parameter optimization
problems in which several discrete actions have similar val-
ues but the overall performance differs substantially across
states.

2.2 Reinforcement Learning-Driven Auto-
mated Circuit Design

A typical reinforcement learning-based circuit design pro-
cess can be expressed as the following closed loop. First,
given the target specifications spec, initial parameters are
obtained from expert experience, an existing design, or ran-
dom sampling and denoted by θ0. The simulator is then
invoked to obtain

y0 = sim(θ0), (8)

from which the initial state is constructed as

s0 = (θ0, y0, spec) . (9)

At decision step t, the policy network generates a
parameter-adjustment action based on the current state:

at ∼ πϕ(· | st). (10)

The environment updates the circuit according to the ac-
tion mapping U :

θt+1 = U(θt, at). (11)

The performance simulation model is then invoked to ob-
tain

yt+1 = sim(θt+1), (12)

and the reward is computed as

rt = R(st, at, st+1), (13)

The environment also checks whether the target specifica-
tions have been met, a simulation failure has occurred, or
the maximum number of design steps has been reached.
This yields a design trajectory

τ = {(st, at, rt, dt, st+1)}T−1
t=0 . (14)

During training, the interaction data in Eq. (14) are used
to update the policy parameters. DQN or discrete-policy
actor–critic methods can be used for discrete parameter
tuning, whereas DDPG, TD3, SAC, or continuous-action
PPO are more natural choices for continuous parameter op-
timization. This closed loop transforms a one-off static pa-
rameter search into a sequential optimization process that
accumulates interaction experience. When target specifica-
tions are included in the state and the policy is trained over

a task distribution comprising multiple specifications, re-
inforcement learning may further yield a goal-conditioned
optimization policy and transfer tuning experience across
related tasks. AutoCkt, GCN-RL, and subsequent goal-
conditioned reinforcement learning studies exemplify this
direction [1, 2, 10]. This paper focuses on fixed-topology
parameter optimization under a single prescribed specifi-
cation and does not further discuss cross-specification gen-
eralization.

2.3 Fast Simulator Design
During automated optimization, the optimization algo-
rithm typically calls a simulator repeatedly to evaluate
device performance under different design parameters and
update the design accordingly. However, high-accuracy
simulations based on physics-based models, such as finite
element analysis, are often computationally expensive, lim-
iting search efficiency. Researchers have therefore explored
neural-network-based surrogate models that learn the map-
ping between design parameters and device performance
and replace some of the expensive simulations required dur-
ing optimization.

Simon et al. [11] trained neural networks using one-
and two-dimensional modeling data for FBAR resonators
to construct a digital twin for resonance-frequency predic-
tion, replacing repeated device simulations and acceler-
ating resonator parameter optimization. Almalkawi and
Caron [12] used wafer-level resonator measurements to
train a multilayer perceptron (MLP) that maps resonator
area, series resonance frequency, and sweep frequency to
the complex reflection coefficient. Circuit cascading was
then used to construct a rapid response model for ladder fil-
ters, supporting filter performance analysis and RF module
co-design. He et al. [13] trained a three-dimensional FBAR
neural-network surrogate model using 5000 random elec-
trode shapes and their finite-element-simulated frequency
responses. The model enables rapid frequency-response
prediction for varying electrode geometries, with a predic-
tion speed approximately 10 times that of conventional
finite element methods, providing an efficient tool for res-
onator geometry optimization. Zhao et al. [14] further rep-
resented BAW filter circuit topologies as graphs and devel-
oped a filter performance surrogate model using a graph
attention network (GAT). Combined with a hybrid NSGA-
II and PSO optimization algorithm, this approach enables
rapid filter parameter optimization under multiple objec-
tives and constraints.

Although these methods no longer rely on simulation
software during subsequent optimization and enable rapid
performance estimation, training their surrogate models
depends on large volumes of sample data generated by
simulation software. The overall methodology therefore re-
mains dependent on such software. Given the limitations
of the available research resources, this study constructs
a fast theoretical simulation model based on the funda-
mental equivalent-circuit theory of BAW filters, neglecting

3
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(a) Electromechanical conversion
and thickness vibration

Top electrode

Bottom electrode

Piezoelectric
film

E3

Electrical–acoustic energy conversion

(b) mBVD equivalent circuit

Rs

R0 C0

Static electrical branch

Rm Lm Cm

Motional/acoustic branch

C0 ∝ εS33A/tp
∣∣ fs = 1/(2π

√
LmCm) ≈ v/(2tp)|Cm

C0
↔ k2

t

Rs: electrode loss; R0: dielectric loss; Rm: acoustic loss

Figure 1: Physical structure of a BAW resonator and its
equivalent-circuit representation. The electrode–piezoelectric
material stack enables electromechanical conversion and sup-
ports longitudinal thickness vibration. In the mBVD model,
(C0, R0) form the static electrical branch, representing static ca-
pacitance and dielectric loss, respectively; (Lm, Cm, Rm) form
the motional branch, representing the equivalent inertia, com-
pliance, and acoustic loss of mechanical vibration, respectively;
and Rs represents electrode and interconnect losses.

higher-order factors with relatively minor effects.

3 Equivalent-Circuit Simulation
System for BAW Filters

3.1 The mBVD Model
Bulk acoustic wave (BAW) resonators exploit electrome-
chanical coupling in piezoelectric materials to convert elec-
trical energy into acoustic energy and vice versa. When the
excitation frequency approaches the resonance frequency,
pronounced thickness-direction acoustic vibrations occur
in the piezoelectric layer, producing resonance and antireso-
nance characteristics. Cascading multiple BAW resonators
in a ladder topology and appropriately configuring the reso-
nance and antiresonance frequencies of the series and shunt
resonators allow low-loss signal transmission within the
passband, while series impedance and shunt bypass paths
suppress out-of-band signals, thereby producing a band-
pass response [15,16].

Figure 1 summarizes the two levels of correspondence
required by the circuit-level model used in this study. First,
the electrode–piezoelectric material–electrode stack under-
goes longitudinal thickness vibration under an applied elec-
tric field and converts the acoustic motion back into an
electrical response. Second, this physical process corre-
sponds to two parallel branches in the mBVD model: C0

and R0 describe the clamped capacitance and dielectric
loss; Lm, Cm, and Rm describe the equivalent acoustic
mass, compliance, and damping, respectively; and the se-
ries resistance Rs primarily represents electrode and in-
terconnect losses. Approximately, C0 ∝ εA/tp, fs =
1/(2π

√
LmCm) ≈ v/(2tp), and Cm/C0 is related to the

electromechanical coupling coefficient k2t .
Finite element models can describe the internal acous-

tic field of a resonator with relatively high accuracy, but at
substantial computational cost. To improve the efficiency
of circuit-level analysis and optimization, this study adopts
the modified Butterworth–Van Dyke (mBVD) equivalent
model for BAW resonators [17]. At angular frequency ω,
the equivalent impedance used by the simulator is

ZmBVD(ω) = Rs +
Zstatic(ω)Zmotional(ω)

Zstatic(ω) + Zmotional(ω)
, (15)

where

Zstatic = R0 +
1

jωC0
,

Zmotional = Rm + jωLm +
1

jωCm
.

(16)

This representation separates ordinary electrical capaci-
tance from electromechanically induced resonance while
retaining the principal loss mechanisms.

3.2 Two-Port Networks and ABCD Matri-
ces

A two-port network is a circuit module with an input port
and an output port, whose external characteristics can be
described by the voltages and currents at these ports. For
a ladder filter comprising multiple resonators, it is unnec-
essary to solve individually for the voltages and currents at
all internal nodes. Instead, each series or shunt branch can
be represented as an independent two-port element, with
network parameters describing its input–output relation-
ship.

This study uses the ABCD matrix, also known as the
transmission matrix, to represent a two-port network. Un-
der the convention that output-port current is positive
when flowing out of the network, the input and output
variables are related by[

V1

I1

]
=

[
A B
C D

] [
V2

−I2

]
, (17)

where V1 and I1 denote the input-port voltage and current,
respectively; V2 and I2 denote the output-port voltage and
current, respectively; and A, B, C, and D are frequency-
dependent network transmission parameters.

For a series element with impedance Z(ω), the ABCD
matrix is

Mseries(ω) =

[
1 Z(ω)
0 1

]
. (18)

For a shunt element with admittance Y (ω), the ABCD
matrix is

Mshunt(ω) =

[
1 0

Y (ω) 1

]
, Y (ω) =

1

Z(ω)
. (19)

In a BAW ladder filter, series resonators lie along the
main signal transmission path, whereas shunt resonators
connect transmission nodes to ground. Substituting the

4
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resonator impedance ZmBVD(ω) calculated by the mBVD
model into Eq. (18) or Eq. (19) yields the two-port matrix
of the corresponding resonator element.

ABCD matrices are particularly suitable for analyzing
cascaded networks. Suppose a filter comprises N two-port
elements along the signal propagation direction, with trans-
mission matrices M1,M2, . . . ,MN . The ABCD matrix of
the complete filter is then

Mtotal(ω) =

N∏
i=1

Mi(ω)

= M1(ω)M2(ω) · · ·MN (ω) =

[
A(ω) B(ω)
C(ω) D(ω)

]
.

(20)

Because matrix multiplication is not commutative, the mul-
tiplication order must match the actual cascade order.

Scattering parameters describe the relationships
among incident, reflected, and transmitted waves in an
RF network. In particular, S21 is the forward transmission
coefficient measured at port 2 when a signal is applied at
port 1. With the same real reference impedance Z0 at both
ports and port 2 matched, S21 can be calculated from the
overall ABCD parameters as

S21(ω) =
2

A(ω) +
B(ω)

Z0
+ C(ω)Z0 +D(ω)

. (21)

RF systems typically use Z0 = 50Ω. The corresponding
decibel representation is

S21,dB(ω) = 20 log10 |S21(ω)| . (22)

Thus, the complete filter’s S21 frequency response
is obtained by calculating the frequency-dependent
impedance of each BAW resonator, constructing the
ABCD matrices of the series and shunt elements, and cas-
cading them in topological order. This method avoids re-
peatedly solving the complete circuit’s nodal equations and
offers a unified computational formulation, straightforward
cascade extension, and high simulation efficiency. It is
therefore suitable for filter parameter optimization requir-
ing numerous frequency-response evaluations.

4 Learning Algorithm for Auto-
mated BAW Filter Design

For the parameter optimization of BAW filters with a
fixed ladder topology, this study constructs a reinforce-
ment learning environment based on the mBVD equiva-
lent circuit and uses Dueling DQN to learn the mapping
from filter states to effective parameter-adjustment actions.
This section presents the formal problem definition, state
space, action space, state transitions and performance eval-
uation, parameter initialization, and value network archi-
tecture.

4.1 Problem Formulation
Consider a filter comprising Nse series resonators and Nsh

shunt resonators. The design parameters of the ith series
resonator are expressed as

θsei =
(
f se
s,i, k

2,se
t,i , Zse

i

)
, (23)

where fs, k2t , and Z denote the series resonance frequency,
effective electromechanical coupling coefficient, and refer-
ence impedance, respectively. The parameters of the jth
shunt resonator are expressed as

θshj =
(
f sh
s,j , k

2,sh
t,j , Zsh

j , hj

)
, (24)

where hj denotes an additional reactance parameter in the
shunt branch, with its sign indicating an added capacitance
or inductance. The complete parameter vector is

θ =
[
θse1 , . . . , θseNse

, θsh1 , . . . , θshNsh

]
, (25)

with dimensionality

dθ = 3Nse + 4Nsh. (26)

The experiments use a ladder structure with Nse = Nsh =
4, giving dθ = 28.

Given the passband and stopband specifications, the
mBVD–ABCD simulation model calculates the frequency
response from the design parameters θ:

yθ(f) = S21,dB(f ; θ). (27)

The corresponding parameter optimization objective can
be expressed as

θ∗ = argmax
θ∈Θ

Φ(θ; spec) , (28)

where Θ is the feasible parameter domain, spec denotes the
target frequency-band specifications, and Φ is the compos-
ite performance scoring function.

To solve Eq. (28) using reinforcement learning, the
parameter-adjustment process is formulated as a finite-
horizon Markov decision process:

M = (S,A, P,R, γ) . (29)

The agent selects a parameter-adjustment action at in state
st. The environment updates the resonator parameters ac-
cordingly, recalculates the frequency response, and returns
the next state and immediate reward. By maximizing the
cumulative discounted reward, the agent learns a mapping
from the current filter state to an effective direction of pa-
rameter adjustment.

4.2 State Space Design
The filter state comprises three components: the frequency-
response curves, resonator parameters, and global perfor-
mance summary:

st = (Xcurve
t , xparam

t , xsum
t ) . (30)
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Figure 2: Simulation and reinforcement learning workflow

The frequency-response features Xcurve
t ∈ R5×Nc are

sampled along a logarithmic frequency axis, with Nc = 512
in this study. The five channels are

Xcurve
t =

[
xf , xS21 , xpass, xstop, xw

]
, (31)

namely, normalized frequency, normalized S21,dB, pass-
band specification margin, stopband specification margin,
and frequency-band importance weight. The passband
margin indicates whether the current response exceeds the
minimum passband transmission, while the stopband mar-
gin indicates whether it remains below the maximum stop-
band transmission. Frequency-band weights emphasize
passband edges and critical stopbands. Consequently, the
network observes both the shape of the frequency response
and the direction of deviation from the target specifications
at each frequency point.

The parameter features xparam
t ∈ Rdθ are obtained by

concatenating all current resonator parameters. To reduce
scale differences among physical quantities, the resonance
frequencies, electromechanical coupling coefficients, refer-
ence impedances, and additional reactance parameters are
normalized by their respective characteristic scales.

The global performance summary xsum
t ∈ R10 is de-

fined as
xsum
t =

[
Φ̄t, Φ̄

best
t , ∆Φ̄t, vp,max, vs,max, v̄p, v̄s, ρp, ef , ηt

]
. (32)

where Φ̄t is the current normalized score, Φ̄best
t is the best

historical score within the current episode, and ∆Φ̄t is the
score change between consecutive states; vp,max and vs,max

are the maximum passband and stopband violations, re-
spectively, and v̄p and v̄s are the corresponding mean vi-
olations; ρp denotes passband ripple, ef denotes center-
frequency deviation, and ηt denotes the current optimiza-
tion progress.

The global performance summary complements the
frequency-response curves. Although metrics such as max-
imum violation, mean violation, passband ripple, and
center-frequency deviation can be computed from the raw

curves, requiring the convolutional network to derive cross-
band statistics implicitly increases the difficulty of value
learning. Explicitly supplying these metrics enables the
agent to directly assess the main deficiencies, overall qual-
ity, and optimization stage of the current design, thereby
providing clearer global information for action-value esti-
mation.

4.3 Action Space Design
Directly requiring the policy to output continuous in-
crements for all resonator parameters produces a high-
dimensional continuous action space. Because the param-
eters and the S21 curve exhibit substantial nonlinear cou-
pling, random continuous actions often fail to provide ef-
fective exploration. This study therefore adopts an expert-
knowledge-guided discrete composite action space:

A = {a0, a1, . . . , a15} . (33)

The first 11 actions are expert actions targeting over-
all filter performance. They include center-frequency shift-
ing, passband-width adjustment, passband transmission
enhancement, stopband attenuation enhancement, band-
edge roll-off improvement, passband ripple smoothing, and
parameter restoration toward a reference design. Each
expert action simultaneously adjusts a group of related
parameters, giving the changes a clear circuit-level inter-
pretation. This expert action set was designed by com-
bining filter theory, candidate operations suggested by a
large language model, and multiple rounds of simulation
tests. Within the BAW filter automated-design literature
reviewed in this study, no work using the same composite
action design was identified.

The remaining 5 actions are local complementary ac-
tions, primarily used to adjust the frequencies of specific
series or shunt resonators and additional reactance parame-
ters, thereby covering local search directions not addressed
by the expert actions.
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This action space reduces the complexity of action
search while preserving the necessary local adjustment ca-
pability. The specific parameter increments and frequency-
response effects of each action are provided in Appendix A.

4.4 State Transitions and Performance
Evaluation

After an action is selected, the environment first updates
the corresponding resonator parameters according to the
action definition and constrains the results to the prede-
fined physically feasible domain. It then uses the mBVD
model to calculate the frequency-dependent impedance of
each resonator, converts these impedances into series or
shunt two-port elements, and cascades their ABCD matri-
ces in ladder-topology order to obtain the new S21,dB curve.
Finally, the state is reconstructed from the updated fre-
quency response, structural parameters, and optimization
history. In the absence of random device variations and
simulation noise, this state-transition process is determin-
istic.

To evaluate the current design, let y(f) = S21,dB(f).
For a passband Bp

i with minimum permitted transmission
lpi and a stopband Bs

j with maximum permitted transmis-
sion lsj , the pointwise violations are defined as

vpi (f) = max (0, lpi − y(f)) , (34)
vsj(f) = max

(
0, y(f)− lsj

)
. (35)

The specification-violation loss Lviol combines
weighted mean violations and worst-point violations
within each frequency band. Passband terms are assigned
higher weights, and frequency points near passband
and stopband edges also receive greater importance. In
addition to specification violations, the scoring function
includes three performance terms:
• Lperf : a loss based on the ratio of mean passband and

stopband powers, used to increase power separation be-
tween the two;

• Lshape: the variance of S21,dB within the passband, used
to suppress passband ripple;

• ec: the deviation of the actual response center from the
target passband, set to zero when the response peak lies
within the target passband.

The composite performance score is defined as
Φ(θ) = −

[
Lviol + Lperf + 0.05Lshape + 20 exp(ec)− 20

]
. (36)

A higher score indicates that the current filter frequency re-
sponse more closely matches the target specifications. The
scoring function is constructed according to the filter de-
sign requirements, with coefficients 0.05 and 20 adjusting
the numerical scales and relative contributions of the rele-
vant terms.

The score increment between consecutive states is
used as the immediate reward:

rt = Φ(θt+1)− Φ(θt). (37)

When a parameter adjustment improves filter performance,
rt > 0; otherwise, rt < 0. Compared with directly using
the absolute score, the difference-based reward more di-
rectly reflects the marginal effect of the current action and
provides continuous feedback with a clear direction.

4.5 Parameter Initialization
For each design task, reference parameters are first con-
structed from the target passbands. Suppose there are
NPB target passbands, with the ith passband spanning
[fp

i,lo, f
p
i,hi]. The reference frequency is defined as the mean

of the passband center frequencies:

fbase =
1

NPB

NPB∑
i=1

fp
i,lo + fp

i,hi

2
. (38)

The initial resonance frequencies of the series and
shunt resonators are set to

f se,0
s,i = fbaseξ

se
i , f sh,0

s,j = 0.98fbaseξ
sh
j , (39)

where ξsei and ξshj are linearly distributed over [0.998, 1.002].
The remaining parameters are initialized as

k2t = 0.06, Z = 50Ω, h = 0. (40)

This initialization follows three principles: locating
the response near the passband center, offsetting the se-
ries and shunt frequencies, and slightly spreading the fre-
quencies of resonators of the same type. The reference fre-
quency positions the initial response near the target pass-
band. The lower shunt resonance frequencies provide the
basic series–shunt frequency arrangement required for a
ladder network to produce a bandpass response. The small
linear spread breaks exact symmetry among resonators
of the same type, preserving degrees of freedom for sub-
sequent adjustment of bandwidth, passband ripple, and
band-edge roll-off.

During training, the environment also applies small
random perturbations around these reference parameters
while maintaining the basic configuration in which the
shunt resonance frequency does not exceed that of the cor-
responding series resonator. This procedure increases the
diversity of initial states, enabling the policy to learn pa-
rameter optimization behavior in the neighborhood of the
reference design rather than adapting only to a single ini-
tial state.

4.6 Multiscale Dueling DQN Network
DQN is used to solve the discrete sequential optimization
problem described above [8]. Training mechanisms, in-
cluding experience replay, a target network, and temporal-
difference updates, follow standard DQN. This subsection
focuses on the value network designed for the filter state.
The network input is

st = (Xcurve
t , xparam

t , xsum
t ) , (41)
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and the output comprises the values of all discrete actions:

Q(st) = [Q(st, a0), . . . , Q(st, a15)] . (42)

The network consists of a frequency-response encoder, a
context encoder, and a dueling value-decomposition mod-
ule, as shown in Fig. 3.

The frequency-response encoder uses one-dimensional
convolutions to process the five-channel curves. To cap-
ture both short-range features, such as passband ripple
and local resonance peaks, and long-range features, such
as passband width, center frequency, and stopband extent,
the encoder contains five multiscale residual convolutional
blocks. Each block uses four parallel kernel sizes:

K = {3, 7, 15, 31} (43)

Some blocks use strided convolutions to reduce resolution
along the frequency axis, while deeper blocks use dilated
convolutions with dilation rates of 2 and 4 to expand the
receptive field. Attention pooling is applied to the convolu-
tional output, enabling the network to focus on passband
edges, severe violation points, and critical stopbands, ulti-
mately producing a 128-dimensional curve feature vector
zcurvet .

The resonator parameters and global performance
summary are first concatenated and then encoded by a
two-layer fully connected network into a 128-dimensional
context feature vector zcontextt . The two feature types are
subsequently fused as

zt =
[
zcurvet ; zcontextt

]
∈ R256. (44)

This late-fusion scheme separately preserves the sequential
structure of the frequency response and the physical mean-
ing of the resonator parameters.

At the output, a dueling architecture decomposes the
state–action value into state value and action advantage
[9]:

Q(s, a) = V (s) +A(s, a)− 1

|A|
∑
a′∈A

A(s, a′). (45)

The state-value stream outputs a scalar V (s) to assess the
overall quality of the current filter state, while the advan-
tage stream outputs A(s, a) to measure the gain or loss of
each parameter-adjustment action relative to the average
action. Subtracting the mean advantage eliminates the
non-uniqueness of the value decomposition and gives V (s)
a clear interpretation as the average state value.

During filter optimization, the overall performance
can vary substantially across parameter states, whereas
the values of several small parameter-adjustment actions
within the same state are often similar. Standard DQN
must directly learn the absolute value of each action and
is therefore susceptible to the overall quality of the state.
The dueling architecture separately estimates whether the
current design is good and which action is relatively better.

This allows the network to first establish a stable assess-
ment of state quality and then distinguish the marginal ef-
fects of different actions, improving discrimination among
similar-valued actions and enhancing training stability.

5 Experiments and Results
The proposed method is evaluated through a case study of
BAW filter parameter design with a fixed ladder topology.
The frequency-band specifications, default initial parame-
ters, and initial response are provided in Appendix B. This
section first describes the experimental task and training
settings, then analyzes the DQN optimization results, and
finally examines the roles of the expert action space and
global performance summary through comparison with
continuous-action PPO and state-feature ablation.

5.1 Experimental Task and Settings
The passband and stopband specifications of the experi-
mental task are externally prescribed. The ith passband
specification is expressed as

Bpi =
(
fp
i,lo, f

p
i,hi, l

p
i

)
, (46)

where fp
i,lo and fp

i,hi are the lower and upper passband fre-
quency limits, respectively, and lpi is the minimum permit-
ted S21,dB within the passband. Similarly, the jth stop-
band specification is expressed as

Bsj =
(
f s
j,lo, f

s
j,hi, l

s
j

)
, (47)

where lsj is the maximum permitted S21,dB within the stop-
band.

The experiments use a ladder filter comprising 4 series
resonators and 4 shunt resonators. Each series resonator
has three parameters: resonance frequency, electromechan-
ical coupling coefficient, and reference impedance. Each
shunt resonator additionally includes a reactance parame-
ter. The total number of parameters to be optimized is
therefore

dθ = 4× 3 + 4× 4 = 28. (48)

The filter frequency response is calculated using the
mBVD equivalent circuit and cascaded ABCD matrices.
The agent selects a parameter-adjustment operation from
16 discrete composite actions and receives an immediate
reward equal to the difference in composite scores be-
tween consecutive states. Dueling DQN is trained for 300
episodes, with up to 500 parameter-adjustment steps per
episode. A performance score closer to 0 indicates bet-
ter agreement between the frequency response and the tar-
get specifications. Under the current settings, the initial
structural parameters yield a performance score of approx-
imately -33.9.
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Figure 3: Architecture of the multiscale Dueling DQN value network

5.2 DQN Optimization Results
After 300 training episodes, the best parameter set found
by DQN achieves a score of −3.99, an improvement of ap-
proximately 29.9 over the initial design. The corresponding
S21,dB curve is shown in Fig. 4.

The optimized frequency response satisfies all pass-
band and stopband thresholds, demonstrating that the
agent can effectively adjust the frequency arrangement,
coupling strengths, and impedance relationships of the se-
ries and shunt resonators through discrete composite ac-
tions. The remaining gap between the best score and 0 is
mainly attributable to the passband ripple term, while the
principal constraints on passband transmission and stop-
band attenuation are all satisfied.

Figure 5 shows the best score achieved in each train-
ing episode. As training progresses, the agent gradually ac-
cumulates action-value information across different states
and continues to discover better parameter combinations.
On the experimental platform used in this study, the com-
plete 300-episode training process takes approximately 200
minutes, indicating that the fast mBVD–ABCD simulation
model can support the large number of repeated perfor-
mance evaluations required by reinforcement learning.

5.3 Additional Design Specifications and
Resonator Counts

The results in Table 1 show that, under the default target
specifications, as the filter topology is expanded from 3s3p
to 5s5p, the number of optimization parameters increases
from 21 to 35, yet the best scores achieved by the different
topologies remain consistently around −3.99. This indi-

cates that the proposed state representation, expert-guided
discrete action space, and Dueling DQN can accommodate
topology-size variations within a certain range and achieve
similar final optimization performance across different pa-
rameter dimensions.

For the fixed 4s4p topology, when the target passband
width is increased to 120% of its original value, the perfor-
mance score improves from −42.1618 to −4.0523. When
the target passband is shifted upward in frequency by 30%,
the best score reaches −3.9941, which is essentially consis-
tent with the result under the default specifications. These
results indicate that the proposed method is applicable to
filter topologies of different sizes and can effectively opti-
mize design tasks with changes in passband location and
width.

By contrast, when the passband width is reduced
to 80% of its original value, the best score is −4.3532,
slightly lower than those obtained in the other experiments.
This suggests that the coupling among band-edge locations,
passband ripple, and stopband attenuation may become
stronger under narrow-passband conditions, increasing the
difficulty of coordinated parameter optimization.

5.4 Comparison and Ablation Analysis
Table 2 summarizes the results of the complete method,
continuous-action PPO, and state ablation experiments.

5.4.1 Removing the Dueling Architecture

To evaluate the role of the dueling architecture in the over-
all algorithm, a comparative experiment was conducted us-
ing a neural network without this architecture. Its learning
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Figure 4: The S21,dB curves of the initial design and the best design obtained by DQN. The blue dashed line denotes the initial
frequency response, while the green and red markers indicate the passband and stopband specifications, respectively.

Figure 5: Best performance score per episode during training
for different algorithm variants

curve (Without Dueling in Fig. 5) exhibits substantial os-
cillations and does not stabilize near the optimum. This
indicates that the dueling architecture helps improve train-
ing stability under the experimental settings of this study.

5.4.2 Comparison with Continuous-Action PPO

To analyze the role of the expert-guided discrete action
space, continuous-action PPO is additionally used for com-
parison. In this setting, the policy directly outputs contin-
uous adjustments to the 28 structural parameters, with
each action dimension assumed to follow an independent
Gaussian distribution.

After 500 training episodes, continuous-action PPO
fails to achieve a substantial performance improvement,
with a best score no higher than approximately −21.5, well
below the −3.99 obtained by DQN. This result indicates
that, under the current experimental settings, direct ran-
dom exploration in the high-dimensional continuous pa-
rameter space is inefficient. The effects of different param-
eters on the frequency response are strongly nonlinear and
coupled, so many continuous actions fail to produce consis-
tent performance improvements and may rapidly move the
current design away from an effective parameter region.

In contrast, expert actions combine multidimensional
parameter changes into physically meaningful operations,
such as center-frequency shifting, bandwidth adjustment,
passband transmission enhancement, and stopband atten-
uation enhancement. These operations reduce ineffective
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Table 1: Comparison of training results under different target specifications and resonator topologies

Target specification Ns Np

Parameter
dimension D Initial score Best score

Default specifications 3 3 21 −33.38 −3.9910
Default specifications 4 3 24 −36.0011 −3.9918
Default specifications 4 4 28 −33.9097 −3.9908
Default specifications 5 4 31 −31.9720 −3.9931
Default specifications 5 5 35 −29.6696 −3.9925

Passband width increased to 120% 4 4 28 −42.1618 −4.0523
Passband width reduced to 80% 4 4 28 −18.5345 −4.3532
Passband shifted upward in frequency by 30% 4 4 28 −34.2733 −3.9941

Note: Ns and Np denote the numbers of series and shunt resonators, respectively. The parameter dimension is calculated as
D = 3Ns + 4Np. Initial scores are inferred from the best scores and the score improvements recorded during training.

Table 2: Experimental results for different optimization meth-
ods and state configurations

Method Action or state configuration
Training
episodes

Best
score

Dueling
DQN

Discrete expert actions and
full state

300 −3.99

PPO 28-dimensional continuous
actions

500 −21.5

Dueling
DQN

Global performance summary
removed

300 −5.20

DQN Dueling architecture removed 300 −4.82

exploration and provide the agent with clearer search di-
rections. This experiment reflects differences between the
two action spaces under the task and training settings used
here; it does not imply that DQN outperforms PPO in all
continuous parameter optimization problems.

5.4.3 Ablation of the Global Performance Sum-
mary

To analyze the role of the global performance summary,
statistical features including the current score, maxi-
mum violation, mean violation, passband ripple, center-
frequency deviation, and optimization progress are re-
moved from the DQN state while all other settings remain
unchanged. Only the frequency-response curves and res-
onator parameters are retained.

After removing the global performance summary,
DQN achieves a best score of approximately −5.2 (Without
Global Statistics in Fig. 5), below the −3.99 obtained with
the full state. Although some global performance informa-
tion can in principle be inferred from the complete S21,dB

curve, requiring the convolutional network to implicitly cal-
culate cross-band maxima, means, variances, and center
locations increases the difficulty of action-value learning.
Explicitly providing these statistics helps the agent quickly
identify the main types of specification violations and the
overall optimization stage, thereby improving parameter

search performance.

6 Conclusions and Outlook
6.1 Conclusions
This paper proposes an automated design method for pa-
rameter optimization of BAW filters with a fixed ladder
topology, combining fast mBVD equivalent-circuit simula-
tion, an expert-guided discrete action space, and a multi-
scale Dueling DQN. The mBVD–ABCD model provides a
low-cost mapping from resonator parameters to the S21,dB

response. The composite state jointly describes the fre-
quency response, physical parameters, and global perfor-
mance. Expert actions transform high-dimensional con-
tinuous parameter changes into discrete tuning operations
with circuit-level meaning. Multiscale convolutions, atten-
tion pooling, and dueling value decomposition are used
to extract frequency-domain patterns, emphasize critical
frequency locations, and distinguish state quality from rel-
ative action advantages, respectively.

In the experimental task comprising 4 series res-
onators and 4 shunt resonators, the proposed method
improves the composite performance score from approx-
imately −33.9 to −3.99, with the optimized response
satisfying the prescribed passband and stopband thresh-
olds. Under the current settings, continuous-action PPO
achieves a best score no higher than approximately −21.5,
indicating the difficulty of direct exploration in a 28-
dimensional continuous action space. Removing the global
performance summary reduces the best DQN score to ap-
proximately −5.2, demonstrating the benefit of explicit
global performance summaries for action-value assessment.
Overall, the experimental results support the feasibility of
combining fast equivalent-circuit simulation with deep rein-
forcement learning for BAW filter parameter optimization.

In addition, the method discussed in this paper ad-
dresses how to investigate automated BAW filter design
without access to commercial simulation software or ex-
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tensive records of its simulation runs.

6.2 Limitations and Future Work
This study has the following limitations. First, the discrete
expert actions are primarily designed from human experi-
ence, and their effectiveness depends on the specific topol-
ogy and parameter ranges. Some actions are also used in-
frequently along the optimal trajectories. Future research
may investigate action pruning, adaptive step sizes, and au-
tomatic action composition based on action visitation fre-
quencies, advantage distributions, and actual performance
contributions.

Second, the mBVD model neglects some higher-order
acoustic modes, process variations, and layout parasitics,
so the results remain at the equivalent-circuit optimization
level. Future work may combine fast mBVD-based search
with finite element simulation, manufacturing-tolerance
analysis, and measurement data to construct a multifi-
delity optimization workflow, thereby improving physical
credibility and engineering transferability.
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A Expert Action Space Design and Response Effects
A.1 Action Space Design Principles
The design parameters of a BAW ladder filter include the resonance frequencies, electromechanical coupling coefficients,
reference impedances, and additional reactance parameters of the series and shunt resonators. If all parameters are
adjusted independently and continuously, the action dimensionality increases with the number of resonators, and many
random parameter combinations lack clear physical meaning. To reduce the exploration difficulty of reinforcement
learning, commonly used filter-tuning experience is encoded into a finite set of discrete composite actions:

A = {a0, a1, . . . , a15} . (49)

Here, a0–a10 are expert actions that primarily adjust center frequency, passband width, passband transmission, stop-
band attenuation, band-edge roll-off, and passband ripple. Actions a11–a15 are local complementary actions that cover
local parameter-adjustment directions not addressed by the expert actions. Each action corresponds to a deterministic
parameter-update operator

θt+1 = U (θt, at) , (50)
and the updated parameters must remain within the predefined physically feasible domain.

The filter parameters and the S21 curve are nonlinearly coupled. Accordingly, the action effects described below
represent the dominant response trends near the reference design and do not imply strictly monotonic effects at every
possible parameter state.

A.2 Parameter-Update Conventions
Let the series and shunt resonator parameters be

θsei =
(
f se
s,i, k

2,se
t,i , Zse

i

)
, (51)

and
θshj =

(
f sh
s,j , k

2,sh
t,j , Zsh

j , hj

)
. (52)

Here, hj is a scaled control parameter for an additional passive branch, rather than a physical quantity directly
expressed in farads or henries. When hj > 0, it corresponds to an additional shunt capacitance

Cj = hj × 10−12 F; (53)

and when hj < 0, it corresponds to an additional shunt inductance

Lj = (−hj)× 10−8 H. (54)

Thus, increasing hj increases capacitive compensation or reduces existing inductive compensation, whereas decreasing
hj reduces capacitive compensation or increases inductive compensation.

For relative updates, the notation
x← (1 + δ)x (55)

denotes an increase of δ×100% in parameter x. All composite actions act simultaneously on the specified set of resonators.

A.3 Expert Actions
A.3.1 Center-Frequency and Bandwidth Adjustment

Action a0: Upward center-frequency shift Increase the series resonance frequencies of all series and shunt res-
onators by 0.03%:

f se
s ← 1.0003f se

s , f sh
s ← 1.0003f sh

s . (56)
This action approximately preserves the relative frequency arrangement of the series and shunt resonators and primarily
shifts the entire filter passband toward higher frequencies.

Action a1: Downward center-frequency shift Decrease the series resonance frequencies of all series and shunt
resonators by 0.03%:

f se
s ← 0.9997f se

s , f sh
s ← 0.9997f sh

s . (57)
This action primarily shifts the entire filter passband toward lower frequencies.
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Action a2: Passband widening Increase the resonance frequencies of all series resonators by 0.03% while decreasing
those of all shunt resonators by 0.03%:

f se
s ← 1.0003f se

s , f sh
s ← 0.9997f sh

s . (58)

This action increases the frequency separation between the series and shunt resonators and typically widens the low-loss
transmission region near the reference parameters.

Action a3: Passband narrowing Define the difference between the mean series and shunt resonance frequencies as

∆f̄ =
1

Nse

∑
i

f se
s,i −

1

Nsh

∑
j

f sh
s,j . (59)

Then update
f se
s,i ← f se

s,i − 0.005∆f̄ , (60)

f sh
s,j ← f sh

s,j + 0.005∆f̄ . (61)
This action reduces the frequency separation between the series and shunt resonators, causing the passband to contract
toward its center within the current parameter neighborhood.

(a) Action a0: Upward center-frequency shift (b) Action a1: Downward center-frequency shift

(c) Action a2: Passband widening (d) Action a3: Passband narrowing

Figure 6: Frequency-response effects of center-frequency and passband-width adjustment actions. For clarity, each action is
applied 50 consecutive times to amplify the observed trend.

14

20
26
 S
. -
T. 
Ya
u 
Hi
gh
 S
ch
oo
l S
cie
nc
e 
Aw
ar
d 

仅
用
于
20
26
丘
成
桐
中
学
科
学
奖
论
文
公
示
 



A.3.2 Passband Transmission and Stopband Attenuation Adjustment

Action a4: Passband transmission enhancement Decrease the reference impedances of all series resonators by
0.9% while increasing those of all shunt resonators by 0.9%:

Zse ← 0.991Zse, Zsh ← 1.009Zsh. (62)

This action changes the relative impedances of the main transmission path and the shunt bypass paths and typically
helps reduce passband insertion loss near the reference design.

Action a5: Stopband attenuation enhancement Increase the electromechanical coupling coefficients of all shunt
resonators by 1%, while increasing capacitive compensation or reducing inductive compensation in the shunt branches:

k2,sht ← 1.01k2,sht , hsh ← hsh + 0.005. (63)

This action primarily strengthens signal bypassing through the shunt branches over the relevant frequency range, thereby
improving stopband rejection.

Action a6: Upper band-edge roll-off improvement Decrease the electromechanical coupling coefficients of all
shunt resonators except the last one by 1%:

k2,sht,j ← 0.99k2,sht,j , j = 1, . . . , Nsh − 1. (64)

By adjusting the distribution of coupling among the shunt resonators, this action primarily improves the shape of the
upper passband edge.

Action a7: Upper-passband transmission enhancement Increase the electromechanical coupling coefficients of
all series resonators by 0.2% while decreasing those of all shunt resonators by 0.2%:

k2,set ← 1.002k2,set , k2,sht ← 0.998k2,sht . (65)

This action changes the relative coupling strengths of the series and shunt resonators and primarily improves transmission
in the high-frequency region of the passband.

A.3.3 Passband Shape and Reference-Parameter Adjustment

Action a8: Passband ripple smoothing Simultaneously adjust the electromechanical coupling coefficients of the
series and shunt resonators, the reference impedances of the series resonators, and the compensation parameters of the
shunt branches:

k2,set ← 1.01k2,set , (66)
k2,sht ← 0.99k2,sht , (67)
Zse ← 1.015Zse, (68)
hsh ← hsh + 0.025. (69)

By jointly adjusting multiple parameters, this action changes the relative strengths of the resonant modes within the
passband and primarily reduces passband ripple. Because several coupled parameters are involved, its actual effect
depends strongly on the current filter state.

Action a9: Restoration toward the reference design Let fc be the target passband center frequency. Move the
frequency of every resonator toward fc by 10% of its current difference from fc:

fs ← fs + 0.1(fc − fs). (70)

At the same time, move the reference impedance of each series resonator toward 50Ω by 10% of the current difference:

Zse ← Zse + 0.1 (50Ω− Zse) . (71)

This action provides a restoration mechanism. When other actions move the parameters away from a reasonable region,
it gradually returns the design toward the reference parameters.
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(a) Action a4: Passband transmission enhancement (b) Action a5: Stopband attenuation enhancement

(c) Action a6: Upper-edge roll-off improvement (d) Action a7: Upper-passband transmission enhancement

Figure 7: Frequency-response effects of passband transmission and stopband attenuation adjustment actions. Each action is
applied 50 consecutive times to amplify the observed trend.
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Action a10: Upper-passband extension Increase the electromechanical coupling coefficients of all series resonators
by 0.6%:

k2,set ← 1.006k2,set . (72)

This action primarily adjusts the separation between the resonance and antiresonance frequencies of the series resonators
and can improve or extend the upper-passband response within the current parameter neighborhood.

(a) Action a8: Passband ripple smoothing (b) Action a9: Reference-parameter restora-
tion

(c) Action a10: Upper-passband extension

Figure 8: Frequency-response effects of passband-shape and reference-parameter adjustment actions. Each action is applied 50
consecutive times to amplify the observed trend.

A.4 Local Complementary Actions
Expert actions primarily adjust the overall parameters of resonators of the same type, effectively controlling the macro-
scopic filter response. However, they do not readily cover subtle frequency-response variations caused by individual
resonators or local groups. Five additional complementary actions are therefore introduced to improve reachability
within the local parameter space.

Action a11: Frequency increase of the first series resonators Increase the resonance frequencies of the first two
series resonators by 0.02%:

f se
s,i ← 1.0002f se

s,i, i ∈ {1, 2}. (73)

Action a12: Frequency increase of the first shunt resonators Increase the resonance frequencies of the first two
shunt resonators by 0.02%:

f sh
s,j ← 1.0002f sh

s,j , j ∈ {1, 2}. (74)

Action a13: Frequency increase of the middle series resonators Increase the frequencies of the series resonators
in the middle of the ladder network by 0.02%:

f se
s,i ← 1.0002f se

s,i, i ∈ Isemid. (75)

Action a14: Frequency increase of the middle shunt resonators Increase the frequencies of the shunt resonators
in the middle of the ladder network by 0.02%:

f sh
s,j ← 1.0002f sh

s,j , j ∈ Ishmid. (76)

Here, Isemid and Ishmid denote the index sets of the middle series and shunt resonators, respectively.

Action a15: Increased inductive or reduced capacitive compensation Decrease the shunt-branch control pa-
rameter by 0.001:

hsh ← hsh − 0.001. (77)

When h > 0, this action reduces the added capacitance; when h < 0, it increases the added inductance. Its adjustment
direction is opposite to the increases in h used in a5 and a8, providing bidirectional search capability for the additional
reactance parameter.
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A.5 Summary of the Action Space
Tables 3 and 4 summarize the parameter updates and primary design objectives of the discrete actions.

Table 3: Expert actions and their primary effects

Action Parameter update Primary design objective

a0 Increase fs of all series and shunt resonators by 0.03% Shift the center frequency upward
a1 Decrease fs of all series and shunt resonators by 0.03% Shift the center frequency downward
a2 Increase series fs by 0.03% and decrease shunt fs by 0.03% Widen the passband
a3 Reduce the mean frequency separation between series and

shunt resonators
Narrow the passband

a4 Decrease series Z by 0.9% and increase shunt Z by 0.9% Enhance passband transmission
a5 Increase shunt k2

t by 1% and increase h by 0.005 Enhance stopband rejection
a6 Decrease shunt k2

t by 1% except in the final stage Improve upper band-edge roll-off
a7 Increase series k2

t by 0.2% and decrease shunt k2
t by 0.2% Enhance upper-passband transmission

a8 Jointly adjust series and shunt k2
t , series Z, and shunt h Smooth passband ripple

a9 Restore fs toward the target center frequency and series Z
toward 50Ω

Return toward the reference design

a10 Increase series k2
t by 0.6% Extend the upper passband

Table 4: Local complementary actions and their primary effects

Action Parameter update Primary design objective

a11 Increase fs of the first two series resonators by 0.02% Locally adjust series resonance frequen-
cies

a12 Increase fs of the first two shunt resonators by 0.02% Locally adjust shunt resonance frequen-
cies

a13 Increase fs of the middle series resonators by 0.02% Supplement frequency search for middle
series resonators

a14 Increase fs of the middle shunt resonators by 0.02% Supplement frequency search for middle
shunt resonators

a15 Decrease shunt-branch h by 0.001 Reduce capacitive or increase inductive
compensation

Overall, expert actions regulate macroscopic performance, including center frequency, bandwidth, passband trans-
mission, and stopband attenuation, while local complementary actions provide finer-grained parameter adjustments.
Together, they transform the original high-dimensional continuous parameter optimization into a discrete sequential
decision problem with clear circuit-level meaning while retaining a basic capability to correct local frequency-response
features.

B Experimental Filter Specifications and Initial Response
B.1 Filter Specifications
The filter design objectives used in this study are jointly defined by passband and stopband constraints. Passband
constraints require S21,dB within specified frequency ranges to remain at or above the prescribed lower limits, whereas
stopband constraints require S21,dB to remain at or below the prescribed upper limits. The simulation frequency range
is obtained by extending the minimum starting frequency and maximum ending frequency across all specified bands. In
this experiment, it spans 80MHz to 9435.3MHz.

B.1.1 Passband Specifications

B.1.2 Stopband Specifications

B.2 Default Initial Equivalent-Circuit Parameters
The default structure comprises 4 series resonators and 4 shunt resonators. The default center reference frequency is
the mean of the three passband center frequencies, namely 1579.6MHz. The initial resonance frequencies of the series
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Table 5: Passband specifications of the experimental filter

ID Start frequency/MHz End frequency/MHz S21 lower limit/dB
P1 1569.42 1581.42 -1.5
P2 1598.06 1606.50 -1.5
P3 1559.05 1563.15 -1.5

Table 6: Stopband specifications of the experimental filter

ID Start frequency/MHz End frequency/MHz S21 upper limit/dB
S1 100.00 612.00 -47
S2 612.00 698.00 -46
S3 699.00 748.00 -45
S4 748.00 777.00 -45
S5 777.00 787.00 -45
S6 788.00 803.00 -44
S7 815.00 824.00 -44
S8 824.00 849.00 -44
S9 880.00 915.00 -44
S10 915.00 960.00 -43
S11 1094.40 1224.00 -42
S12 1427.00 1463.00 -41
S13 1526.00 1536.00 -44
S14 1627.00 1660.00 -23
S15 1695.00 1772.00 -45
S16 1772.00 2025.00 -44
S17 2300.00 2400.00 -46
S18 2401.00 2482.00 -46
S19 2496.00 2570.00 -47
S20 2570.00 2690.00 -47
S21 3300.00 3550.00 -53
S22 3550.00 3700.00 -54
S23 3700.00 4200.00 -49
S24 4400.00 5000.00 -63
S25 5150.00 5566.00 -66
S26 5566.00 5641.00 -66
S27 5641.00 7125.00 -46
S28 7125.00 8986.00 -62
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resonators are linearly spread around this reference frequency, while those of the shunt resonators are linearly spread
around 0.98 times the reference frequency. All initial coupling coefficients k2t are 0.06, all reference impedances Z are
50Ω, and all additional shunt-branch parameters h are initialized to 0.

B.2.1 Series Resonator Parameters

Table 7: Default initial series resonator parameters

ID fs/MHz k2t Z/Ω

Series 1 1576.4408 0.06 50.0
Series 2 1578.5469 0.06 50.0
Series 3 1580.6531 0.06 50.0
Series 4 1582.7592 0.06 50.0

B.2.2 Shunt Resonator Parameters

Table 8: Default initial shunt resonator parameters

ID fs/MHz k2t Z/Ω h

Shunt 1 1544.9120 0.06 50.0 0.0
Shunt 2 1546.9760 0.06 50.0 0.0
Shunt 3 1549.0400 0.06 50.0 0.0
Shunt 4 1551.1040 0.06 50.0 0.0

B.3 Initial S21 Curve and Score
Simulation is performed at 2000 frequency samples using the above specifications and default initial structural parameters.
The initial S21,dB response is shown as the blue dashed line in Fig. 4. The current scoring function first constructs loss
terms from passband violations, stopband violations, worst-point constraints, the passband-to-stopband power ratio,
passband fluctuations, and center-frequency deviation, and then takes their negative as the composite performance score.
Scores are therefore generally negative, with values closer to 0 indicating closer agreement with the specifications.

The composite performance score of this default initial structure is

Φinitial = −33.937478. (78)

This result indicates that the default initial parameters do not yet satisfy the target specifications. Subsequent
reinforcement learning training aims to improve this composite performance score through interactive parameter tuning
and gradually bring the response into compliance with the passband and stopband constraints.
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