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ABSTRACT

Accurate and interpretable modeling of plate reverbs remains an
important challenge in virtual analog modeling of audio effects.
While existing neural network-based black-box approaches already
achieve high-quality synthesis and strong perceptual quality, they
often lack the possibility to identify the underlying physically mean-
ingful complex, long-memory modal behavior. In this work, we
address this limitation by proposing a restricted complex-valued
diagonal State Space Model (SSM), showing its equivalence to a
parallel second-order all-pole filter, also utilizing efficient training
via parallel state computation using the parallel scan algorithm.
Additionally, we propose a Matrix Pencil (MP) guided eigenvalue
initialization, improving synthesis quality and system identifica-
tion performance. We validate the approach on the DAFx plate
reverb benchmark, demonstrating accurate impulse response re-
construction and meaningful recovery of modal parameters.

1. INTRODUCTION

Artificial reverberation remains a central topic in virtual analog
modeling. In particular, metal plate reverbs remain an important
benchmark, combining characteristic studio coloration with the
challenging long-memory dynamics of dense modal resonances [ 1.
2]. Existing approaches to model reverberation can broadly be cat-
egorized into physical or structure-informed emulation and black-
box signal generation. While black-box models often achieve good
perceptual quality, structure-informed approaches offer the impor-
tant advantage that physically meaningful parameters remain ac-
cessible after training, enabling controllable parameterization and
system identification.

Recent advances in deep learning have led to a large body of
work on black-box emulation of audio effects, including rever-
beration, using Convolutional Neural Networks (CNNs), Tempo-
ral Convolutional Networks (TCNs), and recurrent architectures
such as Long Short-Term Memory Networks (LSTMs) [3.|4/|5].
Within this domain, reverberation presents a particularly challeng-
ing problem, as the long exponentially decaying responses with
high modal density make plate reverbs a natural long-memory se-
quence modeling task [1./6]. The line of work using Differential
Digital Signal Processing (DDSP) follows the idea of using deep
learning to parameterize Digital Signal Processor (DSP) structures
directly |7]. For reverberation and virtual analog audio effects,
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such DSP-informed neural and modal architectures have demon-
strated strong perceptual modeling performance. However, they
often remain largely black boxes and do not directly encode mean-
ingful modal parameters such as frequencies, damping factors, and
gains [7//8/9].

At the same time, recent advances in deep State Space Models
(SSMs) have established diagonal continuous-time recurrent archi-
tectures as highly effective models for long-range sequence and
raw audio processing [10]/11.[12![13]. Their stable, continuous-
time pole parameterization and efficient recurrent inference make
them particularly attractive for resonant audio systems. While
DDSP-based piano audio synthesis models also already demon-
strated the effectiveness of embedding structured resonant signal
models into differentiable architectures, recent SSM-based piano
synthesis showed that diagonal continuous-time SSMs can directly
learn similarly rich resonant decays with efficient causal infer-
ence and interpretable pole dynamics [14}/15]. Similarly, DDSP-
style reverberation models provide strong structured priors [9],
while the present work extends this line of work with a system-
identification-aware SSM reverberation model.

Motivated by these developments, this work bridges artificial
reverberation, modal system identification, DDSP, and trainable
SSMs. In particular, we reinterpret a restricted diagonal complex-
valued SSM as a differentiable modal resonator structure and com-
bine it with classical pole-estimation-based initialization for effi-
cient and explainable plate reverb modeling and system identifica-
tion. The main contributions of this work are as follows:

* We show that restricted discrete-time diagonal complex-
valued SSMs are exactly equivalent to parallel second-order
all-pole modal filter banks, directly linking trainable SSMs
to classical plate reverb synthesis. Based on this equiva-
lence, we propose an SSM layer for metal plate reverb mod-
eling with efficient parallel training via associative scan.

* We propose a Matrix Pencil (MP) [16] guided eigenvalue
initialization strategy which improves synthesis quality and
modal system identification compared to a standard SSM
initialization.

* We validate the proposed method on the DAFx plate reverb
benchmark and demonstrate accurate impulse-response fit-
ting together with meaningful modal parameter recovery.

The remainder of this paper is organized as follows. Section 2
reviews related work on deep diagonal SSMs, system identifica-
tion methods for resonant systems, neural virtual analog audio
effect modeling, and classical plate modal synthesis. Section 3
introduces the proposed diagonal complex-valued SSM formula-
tion and its interpretation as a parallel second-order all-pole modal
structure. Section 4 evaluates the approach on benchmark plate
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reverb system identification tasks, followed by conclusions in Sec-
tion 5. Audio samples are provided here

2. RELATED WORK

2.1. Deep State Space Models for Sequence Processing

Modern deep SSMs have emerged as strong alternatives to recur-
rent neural networks for long-range sequence modeling. S4 [10]
introduced structured continuous-time state-space layers with strong
long-context memory. Later simplifications such as DSS [17] and
S4D [11] showed that diagonal complex-valued state dynamics
are already highly expressive, while maintaining stable pole pa-
rameterizations. S5 further extends this line to a diagonal MIMO
formulation with efficient associative scan training [12]. More
recent audio-focused work such as S-Edge [13] adapts diagonal
continuous-time SSMs to raw audio tasks and hardware-efficient
deployment, while the Linear Recurrent Unit (LRU) further sim-
plifies diagonal complex recurrence [18].

The performance of deep SSMs is highly sensitive to the state
matrix initialization. S4 addresses this by proposing HiPPO-based
continuous-time dynamics that distribute poles over multiple time
scales, while DSS and S4D show that strong diagonal Single In-
put Single Output (SISO) performance can already be achieved by
directly diagonalizing the HiPPO-N matrix. S5 extends this same
HiPPO-N initialization to the diagonal Multi Input Multi Output
(MIMO) setting and empirically demonstrates strong performance
in this more general case.

2.2. System Identification Methods

Classical system identification methods for resonant systems often
recover modal parameters by fitting the signal as a sum of expo-
nentially damped sinusoids. Early Prony-type methods provide a
parametric formulation for estimating modal frequencies, damping
factors, and amplitudes [19]. Subspace-based methods such as ES-
PRIT further improve high-resolution spectral estimation through
rotational invariance of the signal subspace [20]. Closely related,
the Matrix Pencil Method estimates frequencies and damping fac-
tors by solving a generalized eigenvalue problem on measured data
and is known to be more robust to noise than polynomial Prony-
type approaches [16].

Related work in structured gray-box state-space identification
has shown that good initialization is crucial for non-convex op-
timization of physically constrained models. Yu et al. [21] im-
prove robustness over classical prediction-error methods through
low-rank Hankel factorization. Our work follows a similar phi-
losophy, specializing initialization to resonant modal systems via
Matrix Pencil pole estimates for diagonal continuous-time SSM
eigenvalues.

2.3. Virtual Analog Modeling for Audio Effects

Neural networks have been widely used for virtual analog model-
ing of audio effects [3]. While Steinmetz et al. [4] demonstrated
that TCN with large receptive fields are highly effective for long-
memory dynamic audio effects, their receptive-field-dependent la-
tency can hinder real-time deployment for long-memory effects
such as reverberation.

1| Audio samples https://platereverb.github.io/platereverb/
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To improve the modeling of longer temporal dependencies,
stateful architectures have been investigated. Simionato et al. [5]
showed that stateful models such as LSTM can achieve similar ac-
curacy to CNNs at lower latency and computational cost.

Ramirez et al. [9] combine neural latent processing with a
DSP-inspired structure for electromechanical reverberators. While
these approaches achieve strong perceptual emulation quality, the
learned representations remain largely black-box and do not di-
rectly expose modal frequencies, damping factors, or resonant gains.

2.4. Plate Reverb Modal Model

Classical plate reverbs are commonly modeled either through phys-
ical partial differential equations solvers |22] or efficient real-time
modal resonator formulations [23], where each mode of the plate
is represented as an exact discrete-time second-order all-pole bi-
quad filter with the following discrete-time recurrence,
@1 = 27m €08(QnTe) gk — ToaGmk—1 + Wi fr. (1)
In this equation g, ; denotes the discrete-time amplitude of the
m-th resonant mode, €, its angular frequency, 7, = e ™Ts
the decay factor derived from the modal damping o, fx the ex-
citation signal, and w,, the mode-dependent excitation gain and
the sampling-time Ts. Applying the z-transform to Equation
and considering the full plate reverb as the sum of A modes, the
transfer function of the modal reverb architecture results in,

Wi 2
22 — 2274, c08(Qy, Ts) + 72,

i

m=1

G(z) = 2)

In Section we show that a restricted diagonal complex-valued
state space model can be used as an exact equivalent to this filter
structure.

3. STATE SPACE MODELS FOR METAL PLATE
REVERB MODELING AND SYSTEM IDENTIFICATION

We propose to use a differentiable SSM based model structure to
learn plate reverb impulse responses. Figurehighlights the gen-
eral flow of the method. We send an impulse into the network,
and the SSM parameters are updated based on a point-wise loss
between the target Impulse Response (IR) and the prediction. The
aim of our approach is to present a model architecture usable for
both virtual-analog modeling (plate reverb synthesis) and system
identification. In Section we present a restricted complex-
valued diagonal SSM system that can be interpreted as a parallel
second-order all-pole filter. The learned SSM parameters are then
convertible into the modal information (frequency, decay rate, and
gain). Additionally, in Section we propose a guided eigen-
value/mode initialization scheme that uses the Matrix Pencil [16]
pole estimation method for improving system identification and
synthesis quality.

3.1. Viewing Diagonal Complex-Valued State Space Models as
Parallel Second-Order All-pole Filters

For the purpose of modeling a parallel second-order all-pole filter
structure, within the parallelizable and differentiable SSM model
frameworks, such as used by S5 [12], LRU [18], and S-Edge [13],
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Figure 1: We use a restricted diagonal complex-valued SSM (in-
terpretable as a parallel second-order all-pole filter structure) for
system identification and modeling of plate reverbs. The model’s
parameters are trained to match a target impulse response using
a point-wise loss and a guided eigenvalue initialization strategy
based on the Matrix Pencil Method.

we define our SSM system by a diagonal complex-valued first-
order difference equation,

Ts

Xp=¢e 0 Xp—1 + bug,

(3)
yr = S(c’ %)

This SISO system maps a real-valued input ux € R* to a real-
valued output y, € R!, via a complex-valued state X, € C¥. The
dynamics of theN state is defined by the continuous-time eigenvalue
representation A = a + j3. Due to the diagonal form and with
Zero Order Hold (ZOH) discretization, AecH maps to discrete
time by e*"*, with T being the sampling rate and o the element-
wise vector product and H the hidden state size (order) of the sys-
tem. This diagonal eigenvalue representation allows constraining
the system to be stable during training by restricting the real part
of the eigenvalues to be strictly negative (which we do by over-
writing & = —abs(«)). Additionally, during training, we con-
strain the eigenvalues to have one-sided poles 5 = abs(8). In
contrast to existing SSM layers such as S5, S-Edge, and LRU, we
restrict the input weights b € R¥ and output weights ¢ € R
to be real-valued. Additionally, instead of taking the real part of
the complex-valued output (which is the common choice for deep
SSMs), we take the imaginary part (¢ Xy).

Considering an implementation using the C++ inference frame-
work as proposed in S-Edge [13], the total number of parameters
for this SISO system results in Total Parameters 4H (count-
ing complex-valued parameters as two parameters). The computa-
tional demand can be estimated by Multiply ACcumulates (MACs).
A complex-valued matrix—vector multiplication requires four times
more MACs compared to the real-valued case. However, since our
input and output vectors are real-valued, we only have the state
update that requires the full complex-valued MACs, resulting in
Total MACs = 6 H for processing one time step k with our model.
If we consider the fact that the weight vectors b, ¢ can be fused,
see Equation parameter counts and number or MACs reduce to:
Total Parameters = 3H, Total MACs = 5H.

In the next few steps, we show that the proposed specific input-
output mapping is equivalent to a parallel second-order all-pole
filter structure. Applying the z-transform to the input-output map-
ping (Equation for now considering the full complex output)
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allows us to go from the discrete-time domain £ into the z-domain,

~ —1 XTs

X:(2) =2 "€" % 0 X,(2) + bu.(2),

“
J:(2) = ¢ %:(2),

with the known relationship of z = €/“Ts and the angular fre-
quency w. Based on this representation and the diagonal structure,
we are able to formalize the complex-valued discrete-time transfer
function as a sum of first-order complex resonators,

z —eriTs

Applying the inverse z-transform of this representation and taking
the imaginary part as proposed in Equationgives the real-valued
discrete-time impulse response,

H ~
g =S(gr) =S <Z CibiexikTS>

=1

H
S (Z Cibz‘e(ai +j3i)kTs)

i=1

6

H
& (Z cib;eitTs (cos(BikTs) —t—jsin(ﬁikTs)))

i=1

H
Z cib;e®i*Ts sin(B;kTs),
i—1

which represents a weighted sum of exponentially decaying sinu-
soids. The real part of the eigenvalue «; defines the decay rate,
and the imaginary part 3; defines the angular frequency for each
individual mode. If we now again apply the z-transform on g we
get the actual real-valued transfer function representation of our
proposed input-output mapping,

H
i=1

Performing a coefficient comparison with the parallel second-order
filter structure used to model a plate reverb (Equation, we get
the following relationship between the SSM parameters and the
mode parameters of the reverb model for an individual mode,

Qm = B, ®

This specific mapping shows that the learned SSM parameters can
be interpreted as modal information for plate reverbs modeled with
parallel second-order all-pole filters.

Within our experiments, we empirically evaluate two things.
First, the synthesis quality when training the proposed SSM rep-
resentation to predict target impulse responses (see Section .
Second, we evaluate their performance from a system identifica-
tion perspective by measuring similarity between the ground truth
and estimated/learned modal parameters (see Section

2e%iTs sin(B;Ts)
22 — 2zeiTs cos(B; Ts) + e2iTs

@)

Om = —Qti, Wm = cibie®Ts sin(3; Ts).

3.2. Impulse Response Guided Eigenvalue Initialization with
the Matrix Pencil Method

Plate reverbs can be modeled by parallel second-order all-pole fil-
ter structures (see Section, whose impulse responses are con-
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structed as the sum of exponentially decaying sinusoids. In Sec-
tion specifically within the Equations we show that a re-
stricted complex-valued diagonal SSM structure can have the ex-
act same impulse response/transfer function structure as a second-
order all-pole filter.

With the aim of providing the model with a well-suited eigen-
value initialization enabling it to achieve a better optimum, in con-
trast to common structured eigenvalue initialization, e.g., as used
in S5 [12], we propose a guided eigenvalue initialization based
on the MP method [16]. Specifically, we perform a two-step ap-
proach:

1. Given a target plate reverb impulse response, we estimate a
subset of modes Aest = Qtestt 3

est

2. Based on the estimated poles Aes; € CHest, we fit a polyno-
mial function to the decay rate and frequency relationship
and use this function to sample additional eigenvalues by
first sampling new frequencies in a log-uniform distribu-
tion between PBmin and Bmax. We then evaluate the decay
rates based on the fitted function up to the desired order
H = Hess +Hsampled«

The matrix pencil method for pole estimation provides a good
estimate of modes that are well distinguishable from noise. We
therefore generally consider choosing Hest << H. The estimated
poles A4 are identified in discrete-time and in conjugate-complex
pole pairs, since our impulse responses are real-valued and sam-
pled. For making them compatible with the formulation in Equa-
tion we just take one-sided poles and convert them back to
continuous-time by A = In(Aq)/Ts.

In our experiments (Sections , we refer to this struc-
tured eigenvalue initialization, based on a combination of esti-
mated and sampled eigenvalues, as Matrix Pencil (MP) initial-
ization and demonstrate its benefits on synthesis performance and
modal system identification compared to the standard S5 eigen-
value initialization strategy.

4. EXPERIMENTS: SYSTEM IDENTIFICATION FOR
METAL PLATE REVERBS

We base our experiments on the Benchmark for Plate Reverb Sys-
tem Identificatio proposed by Ducceschi and Gabrielli [6]. We
use 50 randomly synthesized impulse responses with a sampling
rate f; = 1/Ts = 44.1kHz and the default configurations within
their benchmark repository. The synthesized IRs are 1 second
long. For each of the 50 target IRs we analyze 5 different hidden
state dimension H € {128, 256, 512, 1024, 2048} and 2 differ-
ent eigenvalue initialization strategies, S5 [12] and the proposed
MP based one. Overall, we trained 500 models, which are the
basis for our experimental evaluations.

In Section we evaluate the synthesis quality by comparing
the target and the predicted IRs in the time and frequency domain.
In Section we show performance on the system identification
task by measuring the similarity between detected and ground truth
modal parameters (frequencies, decay rates, gains) that define the
plate reverb in its modal representation.

2A  Benchmark for Plate Reverb System Identification

https://github.com/LOGUNIVPM/1st-DAFx-Challenge

with the MP method [ 16].
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4.1. Experimental Setup

Experiments and the code are implemented in Python and Py-
Torch. The SSM code base was modified and adapted from the
open-source S-Edge |13] implementation. For each target impulse
response, we train a separate SSM layer (as proposed in Equa-
tion. In contrast to traditional deep learning, we aim to achieve
a perfect fit (overfitting) on the target IR, by fitting our models for
5000 steps using L2-loss. The checkpoint with the lowest loss is
considered during evaluation. As an optimizer, we use AdamW
and a cosine annealing learning rate scheduler, starting at 0.001.
To keep gains within a small range, we apply aggressive weight
decay (factor of 10) only to the input weights b. At initialization,
we sample the input weights from a normal distribution with zero
mean and a standard deviation of 0.001/2/3. The output weights
c are set to one by default and kept untrained. As it is the com-
mon practice during SSM training [12{|13], we make use of the
step-scale A parameter, decoupling the learning of the eigenval-
ues into two parameters (A, A), where A is trained and initial-
ized in the log-domain. In our experiments initialized uniformly
in the range of [In(0.01), In(0.0001)]. So, from the optimiza-
tion point of view, we learn two parameters that compose the true
learned eigenvalue by A = X o A. For the MP-based eigen-
value initialization, we always first estimate Hest = 128 modes,
which are used to fit a second-order polynomial function. We then
sample Hgample = H — Hes additional eigenvalues from this
function. The frequency range for sampling and extrapolating to
higher frequency/decay rate pairs is set to Bmin /27 = 20 Hz and
Bmax /27 = 10 kHz. Please note that for the smallest tested model
configuration H = Hest = 128, we do not sample and take the
estimated poles for initialization.

4.2. Synthesis Performance

Given the target impulse response g and the model’s prediction g,
we evaluate the performance in the discrete-time domain by

MSE(g, g) =

ngk*gk

lg — gll2
llgll2

&)

Normalized L2 Error(g, g) = (10)

with T" being the length of the IR. Additionally, we evaluate the
performance in the frequency domain by

K

2 e

k:

|Gl — 1G]

11
e an

Norm. Spec. Mag. Error =

?

while G € CT/2+1 depicts the spectrum of the impulse response,
calculated with the discrete Fourier transform.

Figureshows an example based on the plate reverb impulse
response with the highest number of modes within our investi-
gated IRs. It compares the ground truth with the SSM predic-
tions, trained with either S5 or MP eigenvalue initialization in the
time and frequency domain. The absolute errors already indicate
the better performance of the MP based eigenvalue initialization
strategy. Interestingly, we also observe that the model trained
with the S5 eigenvalue initialization has a higher absolute error in
the frequency domain at high frequencies, indicating an ill-suited
frequency-range initialization.
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Figure 2: Example impulse response with the highest number of
modes within the dataset, comparing the ground truth to SSM pre-
dictions (H = 1024) either trained with S5 or MP eigenvalue ini-
tialization. We present the IR and the absolute errors in the time
and frequency domains.
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Figure 3: Synthesis performance. Left: Mean Squared Error
(MSE) between predicted and ground truth impulse responses ver-
sus missing modes, comparing S5 and MP initialization. Fewer
missing modes (larger hidden state) consistently reduce the error.
Right: Error ratio MSEnmp /MSEss, showing that the proposed
MP initialization generally outperforms S5, with minor outliers at
small hidden sizes (H = 128).

The left subplot in Figureshows the MSE between the pre-
dicted and ground truth IRs, also showing the tradeoff between the
two eigenvalue initialization strategies S5 and MP. Each line rep-
resents the errors for one of the 50 IRs over the number of missing
modes (difference between the ground truth number of modes and
the hidden state size used for SSM model fitting). Independent of
the eigenvalue initialization strategy, we observe a clear trend of a
lower MSE with fewer missing modes. Tablealso supports these
findings by reporting the normalized L2 error and the normalized
spectral magnitude error on average for the 50 analyzed impulse
responses. Both metrics confirm the clear trend of a decreasing
error as the hidden state size increases. Please note that for the
H = 2048 models and some IRs, we already have a higher SSM
model order than theoretically necessary (i.e., a negative number
of missing modes). The right subplot in Figure|3|shows the ratio
MSEwMmp /MSEgs between MP and S5 eigenvalue init. Except for
some outliers for models with a hidden state size of H = 128,
we find that the proposed eigenvalue initialization strategy outper-
forms the S5-init. On average, across the 50 analyzed IRs, we
achieve better performance for each state-size configuration with
the MP eigenvalue init (see Table.
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Table 1: Synthesis quality comparison, showing the normalized
L2 Error and the normalized spectral magnitude error for the tested
SSM hidden state sizes H. We report the average metrics over
the 50 analyzed impulse responses and compare our proposed MP
eigenvalue init with the common S5-init [12]. Additionally we
show the results for the baseline as presented in [6], when taking
the estimated modes as initialization for our SSM.

Norm. L2 Error Norm. Spec. Mag. Error

MP S5 MP S5
H= 128 0.155 0.259 0.624 0.635
H= 256 0.068 0.173 0.409 0.547
H= 512 0.039 0.105 0.218 0.513
H=1024 0.016 0.060 0.133 0.473
H=2048 0.004 0.034 0.103 0.449
baseline 0.281 0.830

Ducceschi and Gabrielli propose a baseline for the modal pa-
rameter Estimation (Task B) [6]. They use a two-stage procedure.
First, they identify modal peaks in the magnitude response to es-
timate modal frequencies and bandwidths, from which damping
(loss) coefficients are derived using the half-power bandwidth rule.
Second, modal gains are estimated by evaluating the imaginary
part of the frequency response at the detected peak locations. We
use their baseline default implementation to estimate the modal pa-
rameters for each of our 50 analyzed impulse responses. The iden-
tified modal parameters are then converted to our SSM representa-
tion, and we again evaluate the synthesis performance by exciting
the baseline systems with an impulse and comparing the resulting
IRs to the ground truth. The baseline solution searches for modes
between 20 Hz-10kHz and, on average (over the 50 analyzed
IRs), detects 139 modes. In Table we refer to this experiment
as the baseline, which we are able to outperform with our smallest
SSM model configuration only using FH = 128 states/modes.

4.3. System Identification Performance

To assess the system identification performance, we compare the
ground truth modal model parameters, frequency 2 € RM, decay
rates o € R™ and gains w € RM | used for generating the synthetic
plate IR responses with the estimated modal parameters (QeR?,
6 cR, weRM) derived from the learned SSM parameters. (For
the specific mapping, see Section. Specifically, as also simi-
larly proposed in [6], we evaluate the following similarity metrics
for the modal parameters,

Mo
1 1 —

Ro= — , (12)
Mmz::l [S2m|
1 & (6 — o

R, = — m m , 13
1 L i — W

Ry = — m__m (14)
Mmz::l [wm|

We determine the correspondence between the estimated and
ground truth parameters by frequency, sorting the estimated pa-
rameters by their closest frequency match to the ground truth data.
In most cases, the number of ground truth modal parameters will
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Table 2: System Identification metric comparison, showing rel-
ative errors with respect to the estimated modal parameters (fre-
quency §2, decay rates o, gain w). We report the average across
the 50 analyzed impulse responses for each individual state-size
H configuration, and compare the two initialization strategies, S5
and MP. We also report baseline results using the DAFx challenge
implementation [6].

Rq Rs Ry
MP S5 MP S5 MP S5

H= 128 0.957 0.986 0.970 1.534 1.124 1.307
H= 256 | 0.934 0.981 0.974 1.778 3.031 1.537
H= 512 | 0.897 0.974 0.956 1.976 8.290 2.273
H=1024 | 0.837 0.967 0.904 2.292 10.850  3.303
H=2048 0.740 0.955 0.829 2.377 14.149  7.203
baseline 0.965 1.047 1.133

differ from the defined hidden state size (M # H). We therefore
assign a value of 0 to each unidentified modal parameter.

Table summarizes the average system identification met-
rics over the 50 analyzed plate IRs. We compare the two differ-
ent eigenvalue initialization schemes over increasing SSM hidden
state sizes H. Aligned with the results in Sectionof achiev-
ing a better point-wise match between ground truth and predicted
IR when using MP eigenvalue init instead of the naive S5 init, we
also achieve better system identification performance for the fre-
quency and the decay rates. However, we observe a worse gain
match. We also report the metrics for the baseline (generated with
the two-stage approach, as described in [6], Task B).

With our smallest SSM model configuration (H = 128) and
the proposed MP eigenvalue-init strategy, we slightly outperform
the baseline on all metrics. While increasing the state size yields
significant improvements in both frequency and decay rate simi-
larity, we face issues in matching the correct gains. Though we
already applied weight regularization during training to prevent
gains from growing, we still face certain outliers that worsen the
gain match. Future work will focus on improving the gain simi-
larity metric through more effective regularization strategies. Ad-
ditionally, post-processing approaches, such as outlier filtering or
model-order-reduction-based pruning techniques [241|25/26./27],
represent a promising direction, as they have already proven effec-
tive in removing redundant states in deep SSMs.

5. CONCLUSION

This work introduces a restricted diagonal complex-valued SSM
layer and shows its equivalence to a parallel second-order all-pole
filter structure. Leveraging this formulation, we effectively model
plate reverbs by fitting impulse responses, while benefiting from
the efficient, parallelizable training of modern diagonal SSMs. Fur-
thermore, a guided eigenvalue initialization strategy based on Ma-
trix Pencil pole estimation is shown to improve both synthesis
quality and modal parameter identification compared to a standard
SSM initialization. Results are demonstrated on the DAFx plate
reverb system identification benchmark. Extending the presented
linear approach, future work will focus on modeling nonlinear au-
dio effects and optimizing system identification performance by
automatically determining the optimal number of modal parame-
ters.
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