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

Hongyi Chen

Abstract

The automated design of fixed-topology bulk acoustic wave (BAW) filters is challenging because the design space is
high-dimensional, the resonator parameters are strongly coupled, and repeated circuit simulations are costly. This paper
presents an automatic parameter-optimization framework that combines a modified Butterworth—Van Dyke (mBVD)
equivalent circuit with a dueling deep Q-network (DQN). The mBVD model describes the frequency-dependent impedance
of each resonator, while cascaded two-port ABCD matrices provide efficient evaluation of the filter transmission response,
S21,qp. Parameter tuning under a fixed ladder topology is formulated as a Markov decision process. The state jointly
represents the sampled frequency response, normalized resonator parameters, and a global performance summary. Instead
of exploring a 28-dimensional continuous action space directly, theagent selects from an expert-informed discrete action
set comprising physically interpretable global adjustments and local completion actions. A deep value network with
multiscale residual convolutions, dilated convolutions, attention pooling, and dueling value decomposition extracts both
local and global response patterns. Experiments on a ladder filter with four series and four shunt resonators show that the
proposed method improves the composite performance score from approximately —33.9 to —3.99 and meets the prescribed
passband and stopband limits. Under the evaluatedisettings, it also outperforms a proximal policy optimization (PPO)
baseline that directly controls 28 continuoussparameter increments. An ablation study further indicates that explicit
global performance statistics improve action-value estimation. These results demonstrate the feasibility of combining

fast equivalent-circuit simulation with deeprreinforcement learning for BAW-filter parameter optimization.

Keywords—bulk acoustic wave filter, mBVD model, automated circuit design, deep reinforcement learning, dueling

DQN, parameter optimization
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1 Introduction

The rapid development of wireless communications,
satellite navigation, radar sensing, and the Internet of
Things has placed increasingly stringent requirements on
radio-frequency (RF) front ends. Within limited spectrum
resources, an RF front end must provide precise channel
selection and effective interference rejection. Filters are
therefore critical components: their frequency responses
directly determine insertion loss, out-of-band rejection, fre-
quency selectivity, and ultimately communication quality.
Bulk acoustic wave (BAW) filters offer high operating fre-
quencies, high quality factors, small footprints, and favor-
able integration characteristics. They have consequently
become an important filtering technology for mobile com-
munications and high-frequency RF systems. In a ladder
topology, staggered resonance characteristics of cascaded
series and shunt piezoelectric resonators can be exploited
to form the desired passband while maintaining strong out-
of-band rejection [1,2].

Designing a BAW filter is intrinsically a high-
dimensional, nonlinear, and strongly coupled optimiza-
tion problem. For a prescribed topology, the ‘designer
must simultaneously determine the resonance frequency,
effective electromechanical coupling coefficient, reference
impedance, and, where applicable, additienal inductive or
capacitive compensation for multiple series and shunt res-
onators. The resulting Ss1 qp response must satisfy speci-
fications on passband insertion loss; passband ripple, stop-
band attenuation, and transition-band roll-off. Adjusting
a single parameter may. alter the center frequency, band-
width, passband flatness, and transmission-zero locations
at the same time. The resulting objective landscape is gen-
erally nonconvex; multimodal, and locally sensitive, which
limits the effectiveness of analytical or one-variable-at-a-
time tuning.

Conventional filter-design workflows rely heavily on
empirical formulas, manual tuning, or population-based
heuristics such as genetic algorithms and particle swarm
optimization. Although such methods can handle noncon-
vex objectives, they often require many repeated simula-
tions and do not readily reuse tuning experience accumu-
lated across optimization trajectories. Recent surrogate-

assisted evolutionary and Bayesian methods reduce this

cost by learning an inexpensive approximation to the elec-
tromagnetic response, but their performance still depends
Their

overall cost can therefore rise rapidly as the number of

on sampling quality and surrogate fidelity [3-5].

resonators and design variables increases.
(RL) has

emerged as a promising approach to automated analog-

Deep reinforcement learning recently

and RF-circuit design. Unlike one-shot black-box opti-
mization, RL treats parameter tuning as.sequential deci-
sion making: an agent observes the current circuit, se-
lects a parameter-update actionyand continues to refine
the design according to the measured performance change.
Through repeated interaction.with a simulator, the agent
can learn a mapping from circuit states to effective tuning
directions. AutoCkt, L2DC, and subsequent approaches
that incorporate graph neural networks or domain knowl-
edge havetdemonstrated the potential of RL for analog-
circuit sizing [6-10]. More recent studies have extended
this ddea to microwave-filter geometry, coupling-matrix
synthesis, and distributed filtering circuits [11-14].

Current frontier studies frequently formulate filter de-
sign in terms of physical geometry, full-wave electromag-
netic surrogate models, or coupling matrices [3,4, 12—-14].
These representations are closer to fabrication-oriented
practice because they either optimize realizable dimen-
sions, preserve high-fidelity electromagnetic behavior, or
connect directly to established filter-synthesis procedures.
Their practical advantage, however, comes with a substan-
tial entry barrier. Geometry-based surrogate learning com-
monly requires a commercial solver to run for long periods
and generate hundreds to many thousands of labeled de-
signs before optimization or RL training can begin. In
addition to workstation or cluster time, the required li-
censes, solver modules, and parallel-computing options can
be expensive. Publicly available academic and commercial
pricing examples indicate that the resulting software bud-
get may range from tens of thousands to several hundred
thousand Chinese yuan, depending strongly on the license
type, module combination, institutional discount, and com-
puting configuration. Such resources are difficult to obtain
for an individual student-led project.

For this reason, the present study adopts the mBVD
equivalent circuit together with cascaded ABCD matri-

ces as a deliberately low-cost research abstraction. The



mBVD model retains the dominant resonance, antires-
onance, electromechanical-coupling, and loss characteris-
tics of a BAW resonator, while the ABCD formulation
provides a transparent and computationally inexpensive
way to cascade multiple series and shunt elements and
obtain the overall two-port response [1,15]. This rep-
resentation is sufficiently expressive to study the central
algorithmic question—whether an RL agent can learn ef-
fective parameter-tuning strategies for a strongly coupled
multi-resonator filter—without first constructing a large
full-wave dataset. Its equations also have clear physical
and circuit interpretations that can be understood and im-
plemented within a secondary-school research project after
focused study. In particular, the relationships among reso-
nance frequency, coupling, impedance, and ladder-network
transmission make it possible to reason about parameter
effects and design physically interpretable expert actions.
The mBVD-ABCD model is therefore used as an appropri-
ate first-stage scientific model rather than as a replacement
for subsequent multiphysics, fabrication, and measurement
validation.

Directly transferring existing RL methods to BAW-
filter design nevertheless raises three difficulties. .First,
multiple resonators create a high-dimensional continuous
action space, and the relationship between parameter in-
crements and changes in the So; response is highly nonlin-
ear. Unguided continuous exploration therefore produces
few useful actions. Second, a filter,response contains lo-
cal features, such as resonant peaks, transmission zeros,
and ripple, as well as global attributes, such as center fre-
quency, passband width, and stopband attenuation. A
single-scale representation may fail'to capture both. Third,
RL requires a large number of simulator calls; an expensive
performance ' model can make training impractical.

Toaddress these issues, this work develops an
equivalent-circuit-driven RL framework for automatic

BAW-filter design.

cascaded ABCD matrices form an efficient simulator that

The mBVD equivalent circuit and

maps resonator parameters to Sa; gp. The original high-
dimensional continuous update space is compressed into a
set of physically interpretable compound actions, including
center-frequency shifts, bandwidth adjustments, passband-
transmission enhancement, and stopband-rejection en-

hancement. Additional local completion actions cover pa-

rameter directions omitted by the global expert actions.
This construction retains essential tuning flexibility while
suppressing physically uninformative exploration.

The state combines the sampled frequency response,
normalized resonator parameters, and explicit global per-
formance statistics. The response tensor contains normal-
ized frequency, normalized S2; qB, passband margin, stop-
The global

summary reports the current and best scores, specification

band margin, and band-importance weight.

violations, passband ripple, center-frequency error, and

episode progress. A multiscale one-dimensional residual

encoder with dilated convolutions~and attention pooling
extracts the response features. Separate context branches
encode the physical parameters and summary statistics,
after which a dueling DQN estimates the state value and
action advantages.[16;17].

The main contributions are summarized as follows.

1. An equivalent-circuit-driven RL framework integrates
the mBVD resonator model, cascaded ABCD-network
analysis, and DQN-based parameter tuning into a
closed-loop BAW-filter design process.

2. An expert-informed discrete action space converts high-
dimensional continuous optimization into a finite set
of physically meaningful filter-tuning operations. Local
completion actions preserve basic reachability in the pa-
rameter space and reduce the exploration burden.

3. A multisource dueling DQN jointly processes multiscale
frequency-response features, normalized resonator pa-
rameters, and explicit global performance statistics to
improve action-value representation.

4. A composite score accounts for mean and worst-
case specification violations, the passband-to-stopband
power ratio, passband ripple, and center-frequency er-
ror. The score increment between consecutive states is
used as the immediate reward. In the principal experi-
ment, the score improves from about —33.9 to —3.99 in
300 episodes (approximately 30 min). By comparison,
the best score of the 28-dimensional continuous-action
PPO baseline remains below approximately —21.5 af-
ter 500 episodes, and removing the global performance
summary reduces the best DQN score to approximately
—5.2.

The remainder of this paper is organized as follows.

Section 2 reviews RL, DQN, the dueling architecture, re-



cent RF- and microwave-filter optimization methods, and
equivalent-circuit simulation of BAW filters. Section 3 for-
mulates the optimization problem and describes the state,
action, transition, score, initialization, and value-network
designs. Section 4 presents the experiments, comparisons,
and ablations. Section 5 concludes the paper and discusses
future work. The appendices document the complete ac-

tion set, filter specifications, and initial circuit parameters.

2 Background and Related Work

RL is increasingly used in electronic design automa-
tion (EDA) because it does not require an explicit an-
alytical gradient of circuit performance with respect to
design variables. Instead, it learns a sequential tuning
policy from repeated interactions with a circuit simula-
tor. This property is particularly attractive for the high-
dimensional, strongly coupled, nonconvex, and simulation-

driven black-box problems encountered in analog and RF
design [6-8,10].

2.1 Reinforcement Learning, DQN, and
the Dueling Architecture

The interaction between an agent and its environment

is modeled as a Markov decision process (MDP)
M= (S, A P,R,), (1)

where S and A denote the state and aetion spaces, P is the
transition kernel, R is the reward function, and v € [0, 1]
is the discount factor. At step ¢, the agent selects action a;
in state s;, and the environment-returns reward r; and the
next state s;11. Theobjective is to learn a policy 7(a | )
that maximizes the expected discounted return

T—t—-1

Z Verirh: (2)

k=0

G, =

The action-value function Q™ (s, a) is the expected re-
turn‘obtained by taking action a in state s and subse-
quently following policy w. The optimal action-value func-
tion satisfies the Bellman optimality equation

Q" (st,ar) =E|r + 7y max Q" (st41,0)| - (3)

The corresponding greedy action is

= * . 4
a: argr;leaj(Q (s¢,a) (4)

A deep Q-network (DQN) approximates @Q* by a neu-
ral network Q(s, a; 0) and is well suited to high-dimensional
observations with discrete actions [16]. For a transition

(8¢, at, 7t St4+1), the temporal-difference target is
ye = 1o+ ymax Q(siyr, a5 07), (5)

where 6~ denotes the target-network parameters. The on-

line network is trained by minimizing

L(8) = E[(y, — Q(s0, ar’ e))ﬂ : 6)

Experience replay reduces correlations among training
samples, while delayed target-network updates improve sta-
bility. An e-greedy behavior pelicy balances random explo-
ration and greedy action selection.

The dueling architecture decomposes the action value

into a state-value.term V' (s) and an action-advantage term

A(s,a) [17):

Q(s,0) = V(s) + A(s, a) -

|A|ZAsa (7)

Mean-centering the advantages removes the identifiability
ambiguity between V and A. The network can therefore
learn the overall quality of a state separately from the rel-
ative merit of each action, which is beneficial when several

small tuning actions have similar values.

2.2 RL-Driven Automated Circuit Design

A typical RL-based circuit-design loop begins with a
target specification spec and an initial parameter vector
0y obtained from expert knowledge, an existing design, or

random sampling. A simulator returns

yo = sim(6yp), (8)
from which the initial state is constructed as
so0 = (0o, Yo, spec). (9)
At step t, the policy proposes an update action
ar ~ 7wy (- | 51),
and an update operator U modifies the circuit:
Or1 = U0, ar).

The simulator then evaluates

Yer1 = sim(Og11),



and the environment returns

ry = R(St, Qg, 8t+1). (13)

An episode terminates when the specification is met, sim-
ulation fails, or the maximum number of design steps is

reached. The resulting trajectory is

T = {(staa’ta’rhdtvsﬁ*l)}?:iol7 (14)

where d; indicates termination. DQN or a discrete actor—
critic method can be used for discrete tuning actions,
whereas DDPG, TD3, SAC, or continuous-action PPO is
more natural for continuous parameter increments.

This formulation turns static parameter search into a
sequential process that can accumulate tuning experience.
When the target specification is included in the state and
training spans a distribution of specifications, the policy
may further become goal-conditioned and transfer knowl-
edge across related tasks. AutoCkt, GCN-RL, and later
goal-conditioned methods illustrate this direction [7,9,18].
The present work focuses on fixed-topology optimization
for one prescribed specification and does not claim cross-

specification generalization.

2.3 Recent Automated Optimization of

RF and Microwave Filters

Recent filter-design studies can“be broadly divided
into surrogate-assisted black-box~optimization, neural in-
verse or forward modeling,.and RL-based sequential op-
timization. In the first category, Xue et al. proposed H-
SMEAFO, which combines response-feature objectives, hy-
brid surrogate models; and evolutionary search to perform
unsupervised.three-dimensional optimization of high-order
waveguide filters/[3].~Belen and Belen compared several
regression models for an edge-coupled sub-5G bandpass fil-
ter and used the resulting data-driven surrogate within a
Bayesian-optimization loop [4]. More recently, Lindemans
et al. introduced a physics-informed Gaussian process with
a complex-valued Szeg6 kernel. By modeling the spectral S-
parameters rather than only a scalar score, their Bayesian
optimizer can evaluate different response-based objectives
from the same surrogate [5]. These methods illustrate how
data-efficient global search can reduce the number of ex-

pensive full-wave evaluations.

RL-based approaches instead learn how design param-
eters should be changed as a function of the current re-
sponse. Dai et al. proposed a relational induction neural
network that discretizes geometric-parameter actions and
applies deep RL to second- and sixth-order microwaye fil-
ters [11]. Ye et al. trained an artificial-neural-network sur-
rogate for a hairpin filter and then used continuous-action
PPO to optimize its geometric dimensions; the trained
agent typically reached the prescribed geal within 5-15
design steps in the learned environment [12]. Fan et al.
applied an Actor—Critic PPO formulation to microwave-
filter coupling-matrix synthesis and’designed task-specific
action and reward functions for the resulting combinatorial
problem [13]. Gao et al. formulated distributed-filter lay-
out design as sequential geometric modification and incor-
porated initialization; state evaluation, and invalid-action
penalties to prevent overlapping resonators [14].

Neuralimodels can also accelerate a conventional op-
timizer without replacing it with a learned policy. Zhang
et al. combined an LSTM-feedforward network with poly-
nomial transfer-function approximation and a trust-region
method, avoiding repeated retraining of the neuro-transfer-
function model during low-pass-filter optimization [19].
Luo et al. used a multilayer-perceptron predictor to ini-
tialize particle-swarm optimization and retained CST sim-
ulations for final correction of a hairpin bandpass filter [20].
Such hybrid methods preserve a direct connection to high-
fidelity simulation, whereas RL can reuse sequential tuning
experience after training.

Most of these studies address microstrip, waveguide,
cavity, or distributed filters and optimize geometric vari-
ables or coupling matrices. In contrast, the present work
targets a ladder BAW filter and optimizes resonator-level
mBVD parameters under a fixed topology. Its expert-
informed discrete actions occupy a middle ground between
unrestricted continuous increments and a fully prescribed
design rule: they encode common coordinated adjustments
while leaving the action sequence to the dueling DQN. The
fast mBVD—-ABCD simulator also permits direct interac-
tion during training, avoiding the additional approxima-
tion error introduced by a learned electromagnetic surro-

gate.
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Figure 1: Simplified physical-to-circuit interpretation of a
BAW resonator.
electromechanical transduction and supports longitudinal thick-

ness oscillation. In the mBVD model, (Co, Ro) form the static

The electrode—piezoelectric stack performs

electrical branch, (Ly,, Cp, Ryn) form the motional branch, and

Rs represents electrode and lead loss.

2.4 Equivalent-Circuit Simulation of BAW
Filters

2.4.1 The mBVD Model

A BAW resonator exploits electromechanical coupling
in a piezoelectric material to convert electrical energy
into acoustic energy and vice versa. Near résonance,
strong thickness-mode vibration produces characteristic
resonance and antiresonance behavior. In a‘ladder net-
work, appropriately staggered series and'shunt resonators
provide low-loss in-band transmission,and attenuate out-
of-band signals through the combined effects of series
impedance and shunt bypass paths/[1,2].

Figure 1 highlights the two relations needed for the
circuit-level model. ¢ First; the electrode-piezoelectric—
electrode stack converts the.applied electric field into lon-
gitudinal thickness vibration and converts the resulting
acoustic motion  back«into an electrical response. Sec-
ond, this/physical behavior maps to two parallel mBVD
branches:. Cy and Ry describe the clamped capacitance
and dielectric loss, whereas L,,, C,,, and R,, represent
effective acoustic mass, compliance, and damping. The
series resistance R, accounts primarily for electrode and
lead loss. In approximate physical terms, Cy o c¢A/tp,
fs = 1/(2nv/LnCr,) = v/(2t,), and the ratio C,,/Cy is
governed by the electromechanical coupling coefficient k7.

Finite-element models can accurately resolve inter-

nal acoustic fields but are expensive for iterative circuit-

level optimization. The modified Butterworth—Van Dyke
(mBVD) model is therefore commonly used as an effi-
cient equivalent circuit [15]. At angular frequency w, the

impedance used by the simulator is

ZLstatic (w) Zmotional (W)

T =R + X
BVD (W) Zstatic(W) + Zmotional (W) b
where
1
Zstatic = RO + e
JwCo (16)

Zmotional = o + jWLm + = .
JwCiy,

This representation separates“the-ordinary electrical ca-
pacitance from the electromechanically induced resonance

while retaining the principal'loss mechanisms.

2.4.2 Two-Port Networks and ABCD Matrices

A ladder filter can be decomposed into cascaded two-
port elements, avoiding repeated solution of every internal
node voltage and current. This work represents each two-
portinetwork by an ABCD (transmission) matrix. With
the output-port current defined as positive when leaving

the network,

A B
Cc D

Wi
I

Va
—1I

: (17)

where A, B, C, and D are frequency-dependent transmis-
sion parameters.

For a series element with impedance Z(w),

1 Z(w
Mseries(w) = 0 (1 ) (18)
For a shunt element with admittance Y (w),
1 0 1
M'lun W) = 5 Y(w)=——. 19

Substituting Z,,pyp(w) into the appropriate matrix yields
the two-port representation of each series or shunt res-
onator.

If N two-port elements appear in propagation order

as My, ..., My, the overall transmission matrix is

N
Mtotal(w) = H M’L (w) = (20)

Because matrix multiplication is noncommutative, the mul-

tiplication order must match the physical cascade.



With equal real reference impedances Zy at both ports
and a matched output port, the forward transmission co-
efficient is

Sgl(w) = 2

Alw) + B(w)/Zy + C(w)Zg + D(w)”

For the conventional RF reference impedance Zy = 50 €2,

(21)

SQLdB(W) =20 10g10 |5’21(w)|. (22)

This formulation provides a uniform and scalable simulator
for the repeated frequency-response evaluations required

during parameter optimization.

3 Proposed Method

3.1 Problem Formulation

Consider a ladder BAW filter containing Ny, series res-
onators and Ny, shunt resonators. Each series resonator
is parameterized by its series-resonance frequency, effec-
tive electromechanical coupling coefficient, and impedance-

scaling parameter,

l)_(fsuktzv )

whereas each shunt resonator has an additional compensa-

(23)

tion parameter h;,

03) = (fo 2y 73 i) (24)
The complete design vector is therefore
6= [00),....60%), 05 w6l ], (25)
with dimensionality
S 3Nye + 4N (26)

For example, a 4s4p topologyhas.dg = 28 design variables.

Given passband and stopband specifications, the ob-
jective is to find.a feasible parameter vector that maximizes
a scalar response score:

*
= P
0" = uig pax &(6),

(27)
where © denotes the physically admissible parameter do-
main and ® is evaluated from the simulated Ss; response.
We cast this black-box optimization problem as a Markov
decision process. At each step, the agent observes the cur-
rent response and design context, applies a structured pa-
rameter update, and receives the improvement in ® as its

reward.

3.2 State Representation

The state combines three complementary information

sources:

(28)

St = (Xcurve,ta Xparam,tv Xsummary,t) .

The curve tensor Xeurver € R**51? is sampled on a fixed
normalized frequency grid. Its five channels:contain nor-
malized frequency, So; in decibels, passband margin, stop-
band margin, and band-importance weight. The two mar-
gin channels explicitly encode the distance to the corre-
sponding design limit, allowing one network to interpret
different band specifications'without reconstructing those
relationships from raw-frequency and transmission data
alone.

The normalized parameter vector Xparam,: preserves
the current structural configuration. The global perfor-

mance summary is a ten-dimensional vector,

& mbest T max -, max
Xsummary,t - [(I)tv (I)t vA(I)ta pb » €sh ,praﬂsba

(29)

Tpb; €C7Tt]a

where the entries denote the normalized current score, best
score in the current episode, latest score change, maxi-
mum passband and stopband violations, mean passband
and stopband levels, passband ripple, center-frequency er-
This

compact summary exposes the global optimization status

ror, and normalized episode progress, respectively.

while the curve branch retains local spectral detail. Its

contribution is examined in Section 4.5.

3.3 Expert-Informed Discrete Action

Space

Directly controlling every parameter independently
leads to a high-dimensional action space and weakens ex-
ploration efficiency. We instead use a discrete library of

coordinated parameter updates. The full action set is

Az{a07a17...

,a15}. (30)

Actions ag—ajg encode common filter-tuning operations,
bandwidth ad-

justment, passband-transmission enhancement, stopband-

including center-frequency translation,

rejection enhancement, ripple smoothing, and upper-edge

correction. Actions aj;—ays are smaller local completion



actions that perturb selected resonator groups after the re-
sponse approaches feasibility. Appendix A gives the exact
update rules.

This design embeds domain knowledge without pre-
scribing a fixed optimization trajectory. The agent still
learns when and how often to apply each operation, while
the coordinated updates reduce the effective search com-
plexity and preserve physically meaningful parameter rela-

tionships.

3.4 Transition Dynamics and Response

Score

After action a; is selected, the environment updates
the parameter vector subject to its physical bounds, evalu-
ates the mBVD-ABCD simulator, and constructs the next
state. Let y;(0) be the simulated S2; g value at frequency
sample k. Passband and stopband violations are defined
against their respective masks and limits. The aggregate
score used in this work is

©(8) = — [Luiol + Lpert + 0.05Lenape +20exp(ec) —20],  (31)

where Lyio1 penalizes specification violations, Lperf meas
sures passband and stopband performance, Lshape regular-
izes undesirable response shape, and e, is the normalized
center-frequency error. The exponential center-frequency
term strongly discourages solutions that satisfy local masks
at the wrong spectral location.

The immediate reward is the seore improvement,

ry = <I>(0t+1) — (I’(Bt), (32)

which aligns the cumulative return with progressive im-
provement while avoiding,a large-task-dependent offset in

the reward scale.

3.5 Topology-Aware Initialization

The initial parameters are generated deterministically
from the target passbands. Let fpase be the mean of
their center frequencies and let & be evenly spaced in
[0.998,1.002]. Series- and shunt-resonance frequencies are

initialized as
icz = foase&is (33)

All resonators initially use k¥ = 0.06 and Z = 504, and

all shunt compensation parameters are set to h = 0. This

:,}; = 0'98fbase§j'

Algorithm 1 Dueling-DQN training for BAW-filter opti-

mization

Require: Simulator M, action library A, online network
Q¢, target network Q-
1: Initialize replay buffer D and set ¢~ + ¢

2: for episode =1,...,F do

3: Initialize Oy using Eq. (33) and construct sq

4: fort=0,...,7—1do

5: Select a; using an e-greedy policy. derived from
o

6: Apply ay, enforce bounds, and simulate the next
response

7: Compute 7, using Eq:(32) and construct s¢41

8: Store (s, at4FzySpy1) in D

9: Sample a.minibatch from D and update ¢

10: Periodically update ¢~ < ¢

11: end for

12: end for

initialization places the resonances near the target operat-
ing region while retaining enough frequency staggering to

avoid a fully symmetric starting point.

3.6 Multiscale Dueling DQN

Figure 2 summarizes the proposed network. The re-
sponse branch consists of five multiscale residual convo-
lutional blocks. Each block uses parallel one-dimensional
kernels of sizes {3,7,15,31}, together with dilation factors
2 and 4, to capture narrow edge behavior and broad inter-
band trends simultaneously. Attention pooling converts
the final feature map into a 128-dimensional curve embed-
ding.

The parameter and global-summary vectors are pro-
cessed by fully connected layers to form a second 128-
dimensional context embedding. Concatenating both
branches produces a 256-dimensional shared representa-
tion. Dueling heads then estimate the state value and ac-
tion advantages, and combine them according to Eq. (7).
This architecture separates the general quality of a filter
state from the relative usefulness of each tuning operation.

Algorithm 1 outlines the training procedure. A replay
buffer is used to break temporal correlations, and a target

network stabilizes the bootstrapped value targets.



Value Network Architecture (Dueling DQN)

State s Curve Encoder

Frequency-response

Matrix
X(curve € ]RSXSlZ

MS-Res1 | [ MS-Res2
@ normalized log-frequency 6464 64596

® normalized S,, (dB) stride 2
@ passband margin
@ stopband margin
® importance weight

MS-Res3
962128
stride 2

MS-Res4
128128
dilation 2

stride 1

Multi-scale residual block
] parallel ConviD
kernels 3/7/15/31 - concat - 1x1 mixing - shortcut

MS-Res5
1285128
dilation 4

N

Original Data

Neural Block
Linear
128128
+GELU

Attention

et Key Feature

4

Circuit parameters
xparam g R3Ns+4N,

N, series + N, shunt Zecurve ¢ [R128

Performance summary
XU e R10

* current score

* best score

* score violation

improvement * mean stopband

* mean
passband

Zycontext ¢ p128

* max passband violation

violation * passband

* max stopband ripple

violation * center-
frequency error
* progress =

Context Encoder

Linear
[de+10]>128
LN + GELU

Linear
128128
+GELU

concat

-
Dueling Value Decomposition

-
Advantage Head

Linear Linear
2565128 128564 's‘:'ffsr
+GELU +GELU

State-Value Head

Lingar Linear
2565128 128564 "e':i’:'
+GELU + GELU
V(s) €R
L o

As,, ) ER™

Q(sya) = V(sy) +

A(sy a)- mean, A(sg, a)

Figure 2: Multiscale dueling-DQN architecture. The curve branch extracts local and long-range spectral features, while the

context branch encodes the current structure and global optimization status.

4 Experiments and Results

This section evaluates the proposed method on
fixed-topology ladder BAW-filter design.

frequency-band specifications, default parameters, and ini-

The ‘complete

tial response are provided in Appendix.B. We first describe
the task and training configuration, then present the DQN
results, and finally examine the contributions of the duel-
ing architecture, the expert-informed action space, and the

global performance summary.

4.1 Task.and Experimental Setup

The-design-targets arespecified by passband and stop-
band-tuples: The ith passband is

BY = (o Pus )

where [} is the minimum permissible Sa1 qp value. Like-

(34)

wise, the jth stopband is

B = (f5100 fimin ) s

where [5 is the maximum permissible S31 qp value.

(35)

The principal experiment uses a 4sdp ladder filter.

Each series resonator has three design variables, whereas

each shunt resonator has four; hence the design dimension
is

dg=4x3+4x4=28 (36)

The simulator spans the frequency range required by the
masks in Appendix B. The action space contains 16 dis-
crete actions, each episode contains at most 500 interaction
steps, and training runs for 300 episodes. Unless otherwise
stated, all methods use the same simulator, score defini-
tion, parameter bounds, initialization, and target specifi-
cations. A score closer to zero indicates better agreement

with the design requirements.

4.2 Initial Parameter Setting

For a task with Npg passbands, the center of passband
1 is
ho T fini

_ Jilo
fou = Tele T Ti (37

and the reference frequency is the mean of all passband

centers,

1 Npp

Non ; Jesi- (38)

fbase =



The initial series- and shunt-resonator parameters are

677" = (foase€®,0.06,50 Q) , (39)

60 = (0.98 foase", 0.06,5092,0) , (40)

where both &3¢ and fj-h are linearly distributed over
[0.998,1.002]. This setting places the initial response near
the target band, establishes the frequency offset required
by a ladder topology, and breaks exact symmetry through
a +0.2% frequency spread. The resulting 4s4p design has a
score of approximately —33.9 and still violates several pass-
band and stopband constraints. Exact values are given in

Appendix B.

4.3 DQN Optimization Results

The best dueling-DQN design achieves a score of
—3.99, compared with approximately —33.9 for the initial
structure. Training takes about 30 minutes on the exper-
imental platform. Figure 3 compares the corresponding
transmission responses. The optimized curve satisfies the
prescribed masks while preserving a smooth passband and
strong out-of-band rejection.

Figure 4 shows the best response score obtained in
each episode. The rapid early improvement indicates that
the expert-informed actions efficiently correct gross fre-
quency and bandwidth errors. Later episodes focus on
This

coarse-to-fine behavior is consistent. with the intended di-

smaller edge, ripple, and rejection adjustments.

vision between the expert actions and the local completion

actions.

4.4 Additional Design Specifications and

Resonator Counts

Table 1 reports results for five ladder topologies and
three modified passband specifications. For the topology
study, 'the parameter dimension grows from 21 for 3s3p
to 35 for 5s5p. The proposed method consistently reaches
a score near —4.0 despite substantial differences in initial
score and search-space dimension. It also remains effective
when the passband is widened, narrowed, or shifted upward
in frequency.

For the baseline specification, the best scores remain
near —3.99 as the topology grows from 3s3p to 5s5p. The

method also remains effective when the passband width or

center frequency changes. The narrower-passband task is
slightly more difficult, most likely because passband ripple,
band-edge placement, and stopband attenuation become
more tightly coupled. These values are representative best
results for the corresponding settings; repeated trialsswith
multiple random seeds would be needed for a statistical

comparison of training stability.

4.5 Comparison and Ablation-Studies

Table 2 summarizes the complete method, the
continuous-action PPO baseline, and the two ablation set-

tings.

4.5.1 Removing ‘the/Dueling Architecture

To evaluate the contribution of the dueling decomposi-
tion, we trained a.conventional DQN with the same inputs
and action,space. Its best score is —4.8, and the corre-
sponding.curve in Fig. 4 exhibits larger oscillations and
does not remain as close to the optimum. This behavior
suggests that jointly learning absolute action values makes
it harder to distinguish poor states from poor actions. Sep-
arating state quality from relative action advantage im-

proves value discrimination and stabilizes learning.

4.5.2 Continuous-Action PPO Baseline

The PPO policy directly outputs 28 continuous pa-
rameter increments, modeled as independent Gaussian
variables. After 500 episodes, its best score remains no
better than approximately —21.5, substantially below the
—3.99 obtained by the proposed DQN. Under the present
settings, random exploration in the raw high-dimensional
parameter space is inefficient because the parameter ef-
fects are nonlinear and strongly coupled. The expert ac-
tions instead combine parameter changes into physically
interpretable operations, thereby reducing ineffective ex-
ploration. This task-specific comparison should not be in-

terpreted as a universal ranking of DQN and PPO.

4.5.3 Ablation of the Global Performance Sum-

mary

In this experiment, the current score, violation statis-
tics, passband ripple, center-frequency error, and optimiza-

tion progress are removed from the state, while the re-
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sponse curve and resonator parameters are retained. The
best score decreases from —3.99 to approximately —5.2. Al-
though the omitted quantities can in principle be inferred
from the full response, asking the convolutional encoder
to reconstruct cross-band maxima, means, variations, and
center position makes action-value learning more difficult.

Explicit summary features therefore help the agent iden-
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tify the dominant violation and the current optimization

stage.

5 Conclusion

5.1 Main Findings

This paper presented an automated optimization
framework for ladder BAW filters that combines a fast
mBVD-ABCD simulator with an expert-informed dueling-
DQN agent. The method represents each design through
its full transmission response, structural parameters, and
global optimization status, while a library of coordinated
tuning actions reduces the difficulty of high-dimensional
exploration. On the main 4s4p task, the score improves
from approximately —33.9 to —3.99, and the optimized
response satisfies the specified passband and stopband lim-
its. Experiments across multiple topologies and modified
specifications show that the formulation remains effective
as the parameter dimension and target bands change. The

PPO comparison and ablation studies further indicate that



Table 1: Optimization results across filter topologies and design specifications.

Passband specification Nse Ngn  Dimension Change from default Initial score Best score
3 3 21 None —33.3800 —3.9910
4 3 24 None —36.0011 —3.9918
Default passband 4 4 28 None —33.9097 —3:9908
5 4 31 None —31.9720 =3.9931
5 5 35 None —29.6696 —3.9925
Wider passband 4 4 28 Width 120% —42.1618 —4.0523
Narrower passband 4 4 28 Width 80% —18.5345 —4.3532
Shifted passband 28 Center +30% —34.2733 —3.9941

Table 2: Comparison and ablation results on the 4s4p task.

Method Episodes Best score
Proposed dueling DQN 300 —3.99
Continuous-action PPO (28-D) 500 —21.5
Dueling DQN without global 300 —5.2
summary

DQN without dueling heads 300 —4.8

structured actions, the global performance summary, and
the dueling architecture all improve optimization efficiency

in the evaluated setting.

5.2 Limitations and Future Work

The current expert actions arerderived mainly from en-
gineering experience. Their.effectiveness therefore depends
on the topology and parameter range, and some actions are
rarely used along the best trajectories. Future work may
prune actions according to wvisit frequency and measured
contribution,-adapt their-step sizes, or learn useful action
combinations automatically.

The experiments cover several topologies and modified
passband. specifications, but they do not yet constitute a
systematic study of generalization across random initial
states and task distributions. Multi-task training and re-
peated evaluations with multiple random seeds should be
used to report means, standard deviations, and confidence
intervals.

Finally, the mBVD model omits some higher-order
acoustic modes, process variation, and layout parasitics.

The reported designs therefore remain equivalent-circuit-

11

level results. A multi-fidelity workflow combining fast
mBVD search with finite-element simulation, tolerance
analysis, and measured data would improve physical fi-

delity and engineering transferability.



A Expert-Informed Actions and

Their Response Effects

A.1 Action-Space Design Principles

The design variables of a ladder BAW filter include
the resonance frequency, effective electromechanical cou-
pling coeflicient, reference impedance, and compensation
reactance of its series and shunt resonators. If every vari-
able is adjusted independently and continuously, the ac-
tion dimension grows with topology size and many random
parameter combinations have little physical meaning. We

therefore encode common tuning experience as

A={ag,a1,...,a15}. (41)

Actions ag—ay19 are expert actions for center frequency,
bandwidth, transmission, rejection, roll-off, and ripple; ac-
tions aj1—a15 provide local directions not covered by the
global actions. Every action is a deterministic update
0;11 = U(O;, a;) followed by projection onto the feasible pa-
rameter domain. Because the parameter-to-response map-
ping is nonlinear, the effects described below are dominant
trends near the baseline design rather than globally mono-

tonic guarantees.

A.2 Parameter-Update Conventions

For a shunt resonator, the compensation parameter is

mapped to an external reactive element as

h>0: C=hx10"2F,

(42)
h<0:4L=(—h)x10"% H.

Thus, increasing h adds capacitance or weakens existing
inductive compensation, whereas decreasing h removes ca-
pacitance or strengthens inductive compensation. The no-
tation 2.4~ (14 6)a denotes a relative increase of  x 100%.
Unless a subset is specified, an action is applied simultane-

ously to every resonator of the indicated type.

A.3 Expert Actions

A.3.1 Center-Frequency and Bandwidth Adjust-

ment

Action ag multiplies all series- and shunt-resonance fre-

quencies by 1.0003, translating the passband upward while
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preserving their relative offsets. Action a; multiplies the
same frequencies by 0.9997 and therefore shifts the pass-
band downward. Action as multiplies the series frequencies
by 1.0003 and the shunt frequencies by 0.9997, increasing
the series—shunt frequency separation and generally widen-
ing the low-loss region.

For action ag, define the mean frequency separation

1 1
N 24 g 2
i j

Af= (43)

The series frequencies are reduced by 0.005Af and the
shunt frequencies are increased by-the same amount, nar-

rowing the passband around itscenter.

A.3.2 Passband-Transmission and Stopband Re-

jection

+— 0.9917%¢ and Zh
1.0092%%, modifying the balance between the main path

Action way applies Z%¢ —
and shunt paths to reduce passband insertion loss. Action
ds applies k2" < 1.01k7*" and h < h+0.005, strengthen-
ing shunt-path rejection. Action ag reduces k? by 1% for
every shunt resonator except the last, primarily correcting
the upper band edge. Action ay increases series k2 by 0.2%
and decreases shunt k2 by 0.2% to improve transmission

toward the upper side of the passband.

A.3.3 Passband Shape and Baseline Restoration

Action ag jointly applies k2°¢ < 1.01k>%°, k2" «
0.99k2°" 7% + 1.0152%, and h < h + 0.025 to smooth
passband ripple. Action ag moves all resonance frequen-
cies by 10% of their distance toward the target center and
moves series impedances by 10% of their distance toward
50 §2; it therefore serves as a restoring action when other
updates move the design away from a useful region. Fi-
nally, a1o applies k2*° + 1.006k>°° to extend or improve

the upper side of the passband.

A.4 Local Completion Actions

The expert actions mainly control global response
properties. Five additional actions improve local reacha-
bility: a1 and a2 increase the first two series- and shunt-
resonance frequencies, respectively, by 0.02%; a13 and a4

apply the same increase to the middle series and shunt



resonators; and a5 applies h < h — 0.001. The last ac-
tion supplies the compensation direction opposite to the h

updates in a5 and asg.

A.5 Action-Space Summary

The complete action library is summarized below. Let
Af denote the difference between the mean series- and
shunt-resonance frequencies, and let fiarget denote the tar-

get passband center.

Table 3: Expert actions and their principal purposes.

Action Parameter update Primary purpose
ao All fs x 1.0003 Shift center upward
ai All fs x 0.9997 Shift center downward
as Series fs x 1.0003; shunt Widen passband
fs X 0.9997
as Reduce mean series—shunt Narrow passband
frequency separation
ay Series Z x 0.991; shunt Improve transmission
Z x 1.009
as Shunt k? x 1.01; h 4+ 0.005 Improve rejection
ag Shunt kf x 0.99, except Correct upper roll-off
final stage
ar Series ktz X 1.002; shunt Improve upper passband
k7 x 0.998
as Jointly update kf, series Z, Smooth ripple
and shunt A
ag Move fs and series Z Restore baseline
toward their baseline values
aio Series kf X 1.006 Extend upper passband
Table 4: Local completion actions.and their principal pur-
poses.
Action Parameter update Primary purpose
a1 First two series fs x'1.0002 Local series correction
ais First two shunt fs x 1.0002 Local shunt correction
ais Middle series fs x 1.0002 Mid-ladder series search
aiyq Middle shunt fs x 1.0002 Mid-ladder shunt search
ais h < h — 0.001 Reverse reactance

adjustment

Figures 5—7 show the dominant response trends when

each expert action is repeatedly applied to the same base-
line design. Fifty repetitions are used only to make the

change readily visible.
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B Filter Specifications and Initial
Design

B.1 Filter Specifications

The simulator covers 80-9435.3 MHz using 2000 fre-
quency samples. Table 5 lists the three passbands, all of
which use a —1.5dB lower limit. Table 6 gives the stop-

band masks.
B.1.1 Passband Specifications

Table 5: Passband specifications.

Band Start (MHz) Stop (MHz) Limit (dB)
P1 1569.42 1581.42 —-1.5
P2 1598.06 1606.50 —-1.5
P3 1559.05 1563.15 -1.5

B.1.2 Stopband Specifications

Table 6: Stopband specifications.

Band  Start (MHz) Stop (MHz) Limit (dB)
S1 100.0 612.0 —47
S2 612.0 698.0 —46
S3 699.0 748.0 —45
S4 748.0 777.0 —45
S5 777.0 787.0 —45
S6 788.0 803.0 —44
S7 815.0 824.0 —44
S8 824.0 849.0 —44
S9 880.0 915.0 —44
S10 915.0 960.0 —43
S11 1094.4 1224.0 —42
S12 1427.0 1463.0 —41
S13 1526.0 1536.0 —44
S14 1627.0 1660.0 —23
S15 1695.0 1772.0 —45
S16 1772.0 2025.0 —44
S17 2300.0 2400.0 —46
S18 2401.0 2482.0 —46
S19 2496.0 2570.0 —47
S20 2570.0 2690.0 —47
S21 3300.0 3550.0 —-53
S22 3550.0 3700.0 —54
523 3700.0 4200.0 —49
S24 4400.0 5000.0 —63
S25 5150.0 5566.0 —66
S26 5566.0 5641.0 —66
S27 5641.0 7125.0 —46
528 7125.0 8986.0 —62
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(a) ao: center upward (b) a1: center downward (c) ag: wider passband (d) as: narrower passband

Figure 5: Frequency-response effects of the center-frequency and passband-width actions. Each action is repeated 50 times to

magnify the trend.

(a) a4: passband transmission (b) as: stopband rejection (¢) ae: upper-edge roll-off (d) a7: upper-pb transmission

Figure 6: Frequency-response effects of the passband-transmission and“stopband-rejection actions. Each action is repeated 50

times to magnify the trend.

B.2 Default Initial Equivalent-Circuit Pa~~ 'B.2.2 Shunt-Resonator Parameters
rameters

Table 8: Default initial shunt-resonator parameters.
The default topology contains four series.and four

shunt resonators. The mean of the three passband centers Resonator  fs (MHz) k¥  Z(Q) h
gives fpase = 1579.6 MHz. Series-resonance frequencies are Shunt 1 1544.9120 0.06 500 0.0
spread around this value, whereas shunt-resonance frequen- Shunt 2 1546.9760 0.06 50.0 0.0
cies are spread around 0.98 f4sc. Allinitial coupling coef- Shunt 3 1549.0400 0.06 50.0 0.0
ficients are 0.06, all reference impedances are 502, and Shunt 4  1551.1040 0.06 50.0 0.0

every initial shunt compensation parameter is zero.
B.3 Initial S5; Response and Score

With these specifications and default parameters, the
B.2.1 Series-Resonator Parameters response is simulated at 2000 frequency samples. The ini-
tial So1 gB curve is the dashed blue line in Fig. 3. The score

is the negative of a composite loss formed from passband

Table 7: Default initial series-resonator parameters. and stopband violations, the worst-case constraint error,
the passband-to-stopband power ratio, passband variation,
Resonator  fs (MHz) ki  Z (Q) and center-frequency error. Consequently, scores are gen-
Series 1 1576.4408 0.06  50.0 erally negative and values closer to zero indicate better
Series 2 1578.5469 0.06  50.0 agreement with the specifications. The default structure
Series 3 1580.6531  0.06 50.0 has

Series 4 1582.7592  0.06 50.0
e Dinitial = —33.937478. (44)
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(a) ag: smooth ripple (b) ag: restore baseline (c) aio: extend upper passband

Figure 7: Frequency-response effects of the passband-shape and baseline-restoration actions. Each action is repeated 50 times to

magnify the trend.

This value confirms that the initial response does not yet
meet the target masks; the role of reinforcement learning is
to increase the score and progressively satisfy the passband

and stopband constraints.
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