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ABSTRACT

A parametric modal reverberator is presented in which synthesis pa-
rameters are derived from a large, curated corpus of room impulse
responses (IRs). The collected responses are subjected to modal de-
composition, yielding per-mode frequencies, damping coefficients,
and residue amplitudes, together with a short early-reflection finite
impulse response (FIR) filter. From the decomposed data, a feature
table is constructed per IR comprising standard acoustic indices,
per-band damping and density statistics, amplitude distributions,
and FIR descriptors—350 variables in total. Six acoustically mean-
ingful user controls are selected; since these exhibit substantial
pairwise correlations across the corpus, they are orthogonalised via
principal component analysis (PCA) prior to regression. Per-band
damping and modal density are predicted by robust linear models
in log space; residue amplitudes follow the diffuse-field equipar-
tition relation, and early-reflection energy is set directly from the
clarity index definition. The resulting method maps a six-number
perceptual specification onto thousands of modal parameters driv-
ing a bank of second-order resonators, making modal reverberators
easier to operate for use in audio engineering. Regression diag-
nostics and corpus-distribution analysis confirm that the generated
impulse responses are acoustically plausible and span the parameter
space of the training data, which, in turn, should be sufficiently
representative of room IRs used in audio engineering and music
production.

1. INTRODUCTION

Artificial reverberation is a basic tool in music production, sound
design, and post-production. Convolution reverberators reproduce
the character of a measured room with high fidelity, but offer little
parametric flexibility. Algorithmic designs based on the Schroeder
allpass networks [l1] or feedback delay networks [2} 3| —including
recent differentiable variants [4} 5] 6]—are efficient and tunable, but
the mapping between internal parameters (delay lengths, feedback
coefficients, attenuation filters) and standard acoustic descriptors
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(1o profile, modal density, spectral balance) is indirect, complicat-
ing calibration from measured data. Wave-based solvers achieve
high physical accuracy [7, 8] but remain too costly for interactive
use.

Modal synthesis offers a middle path: the impulse response
is represented as a sum of damped sinusoids whose parameters—
frequency, damping, amplitude—carry direct acoustic meaning [9].
Earlier modal reverberators have synthesised measured rooms by
direct parameter fitting [10, [11] or sub-band ESPRIT analysis with
FIR augmentation for early reflections [12]]. The difficulty lies in
mapping a small set of high-level controls onto potentially thou-
sands of modal parameters in a manner that is both physically
grounded and musically useful. Here, this mapping is constructed
entirely from data: a large corpus of measured room IRs is decom-
posed into modal form, aggregated into per-band statistics, and
regressed against six user-facing controls; the contribution is the
corpus-driven mapping from a small set of perceptual controls to
thousands of modal parameters, rather than the re-synthesis of any
specific measurement.

The paper is organised as follows: Section]develops the modal
representation; Section E]describes data collection, curation, and
feature extraction; Section [ presents parameter selection, PCA,
and the parametric model; Section [3 provides results; Section [6]
concludes the paper.

2. MODAL REPRESENTATION

The acoustic pressure field in a room with rigid or absorbing bound-
aries is governed by the three-dimensional wave equation. Under
the assumption of linearity and time invariance (LTI), the source-to-
receiver transfer function admits a decomposition into a countable
set of resonant modes, each corresponding to a complex pole of
the system. In such a decomposition, the frequency response of
a source-receiver pair is amenable to the following pole-residue

form:
M Tk T
H(jw) = 1

where M, the number of modes, is truncated to a large but finite
integer. In the above, A\, = —o + jwa,x is the complex pole of the
k-th mode, o, > 0 is the damping coefficient, wq r = 1/Q% — o3
is the damped angular frequency (2, = 27 f, the undamped coun-
terpart), and rr, = ax + jby is the complex residue. In practice,
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the residues and poles may be obtained analytically for a small
number of canonical geometries [13]]; numerically, such as via
finite difference or finite volume discretisation of the governing
equations [/, [8]; or experimentally, by fitting a pole-residue model
to a measured impulse response [14]]. In all cases, the modal pa-
rameters encode the physics of the room: frequencies fj reflect
the geometry and boundary conditions; damping coefficients o,
encode losses due to wall absorption, air viscosity, and coupling
to adjacent spaces; and residue amplitudes r; depend on the mode
shapes evaluated at the source and receiver positions. A modal
reverberator exploits this structure directly, yielding a formulation
of the time-domain impulse response as

M

h(t) = Z 2¢ 9kt (ak cos wa, ikt — by sin wd,kt). 2)
k=1

In a physical simulation, the quantities (f%, ok, ax, bx) would be
obtained by solving the Helmholtz equation for a given geometry
and boundary conditions. In this work, crucially, modal parameters
are derived from a handful of perceptually meaningful parameters
which, in turn, are mapped statistically to distributions learned from
a corpus of measured impulse responses.

3. DATA COLLECTION AND CURATION

Approximately 1 500 room impulse responses were assembled from
bundled convolution-reverb presets (Apple Logic Pro, Ableton
Live), factory content from MeldaProduction plugins, the OpenAIR
library [15], and previously measured IRs available to the authors.
The combined collection covers a wide range of room types, sizes,
and acoustic treatments. Roughly half are measured-room IRs (Ope-
nAIR and authors’ measurements); the rest come from commercial
libraries, which are themselves mostly measured spaces processed
for production use. All IRs were sampled or resampled to 44.1 kHz.

3.1. Modal decomposition, resynthesis and quality screening

Each IR was decomposed into the pole-residue form (] following
a modification of the sub-band procedure described in [14]. No
preprocessing—equalisation, normalisation, or time alignment—
was applied prior to decomposition. Resonant modes in the 40—
12 000 Hz range were identified by peak-picking; their decay rates
were estimated using a combination of the —3 dB bandwidth rule
(damping o = TAf_34p, With Af_3qp the width of the reso-
nance peak at —3 dB below its maximum) and sub-band Schroeder
integration. For each stable pole, the corresponding residue was ob-
tained by linear least-squares fitting against the measured frequency
response [[14]. The output was a set of M complex pole—residue
pairs per IR, from which the four real scalars ( fx, ok, ax, bi) were
extracted. A 256-tap FIR correction filter Arir was then fitted by
time-domain least squares to the residual between the original IR
and the modal sum, capturing the direct sound and early reflections
not resolved by the modes; 256 taps (= 5.8 ms at 44.1 kHz) cov-
ers the direct sound and first reflections, leaving the bulk of the
early-reflection cluster to the dense modal tail.

Every IR was resynthesised from its extracted parameters via
a discrete-time implementation of (@), that is, using ¢ := nT for
time index n € N and sampling period T". The resulting modal
sum was then convolved with the corresponding hrir to restore the
early reflections not resolved by the modes. Each synthesised im-
pulse response was compared to the original using the normalised

Table 1: Feature groups extracted per IR. All quantities were com-
puted on the resynthesised signal. Five frequency bands were used
throughout: sub-bass (40-125 Hz), bass (125-500 Hz), mid (500—
2kHz), presence (2-8 kHz), brilliance (8—12kHz). The dataset
contains 50 features per IR.

Features

T30,mid, Ts, BR, TR, Cgo,mia; per-
octave T3¢ and Cgg at 125-4kHz

Group

Acoustic indices

Damping Per-band mean o; global mean, median,
std

Spacing & density Mode count M; CV a; per-band density
Po

Amplitude Per-band mean |ry|; global mean, me-
dian, std; spectral slope

FIR Energy, peak value, temporal centroid

root-mean-square error (nRMSE). Decompositions exceeding a pre-
scribed error threshold were discarded. Most rejections arose from
IRs that had undergone heavy nonlinear processing—saturation,
fast-attack compression, or spectral shaping—violating the LTI
assumption underlying the modal model. Impulse responses of
springs and plates were removed manually because they fall outside
the target domain of room impulse response and, in many cases,
exhibit non-room-like resonance behaviour and nonlinear artefacts
incompatible with the assumed LTI room model.. After screening,
N = 1151 IRs were retained.

3.2. Feature extraction

From each retained IR, a feature vector of 50 scalar variables
was computed from the resynthesised signal—not the original
recording—so that all acoustic descriptors refer to the same modal
representation that produced the underlying parameters. This col-
lection of feature vectors, one per IR, constitutes the feature set.
Table[]lists the five feature groups, now described.

Acoustic indices. Standard room-acoustic parameters were
computed from the resynthesised impulse response following
ISO 3382-1 [16]. Reverberation times were estimated from the
energy decay curve [13] evaluated by backward integration of
h2(t) (Schroeder integration). The slope of the resulting curve
between —5 and —35dB was extrapolated to —60 dB, yielding
the T30 estimate of the 60 dB decay time per octave band. The
mid-frequency value

T30,mia = 3 (750,500 + T530,1x) (3
served as the primary decay descriptor. Centre time
>, nh*(nT)

>, h3(nT)

quantified the temporal centre of gravity of the impulse response
energy; it tends to increase with room volume and reverberation
time [13]]. Clarity

Ts=T “

>y h* (nT)
D nsnge P2 (T)

(with ngop = [0.08/T']) measured the ratio of early to late energy;
the mid-frequency average Csomia = 3(Cso,500 + Cso,1k) was

Cgo = 10log; 5)
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retained. Bass and treble ratios

_ T125 + Tas0
Ts00 + Thx

ok + Tk

BR =
Ts00 + T1x

(6)
characterised spectral tilt.

Damping statistics. The per-mode damping coefficients o
extracted during decomposition were grouped into the five fre-
quency bands and averaged, yielding per-band mean damping o+,
b = 1,...,5. Global summary statistics (mean, median, and
standard deviation across all modes) were also recorded. These
per-band means serve as the regression targets for the damping
model described in Section [4.1]

Modal spacing and density. The mode frequencies fj, were
sorted and differenced to obtain the inter-mode spacings A f. The
coefficient of variation CVa = std(Af) / mean(A f) quantifies
spacing regularity: values near zero indicate a periodic grid; values
near unity indicate the quasi-random distribution characteristic
of real rooms. Per-band modal density p, (modes per Hz) was
computed as the number of modes falling within each band divided
by the bandwidth. The total mode count M was retained as a global
descriptor.

Amplitude statistics. The residue magnitude |rx| was computed
for each retained mode and grouped into the five frequency bands,
yielding per-band means together with global mean, median, and
standard deviation across all modes. A global spectral slope was
additionally computed as the OLS slope of log |rx| on log | fx|
across all modes.

FIR statistics. Three scalar descriptors were extracted from the
early-reflection correction filter hpir: total energy > h¥ir, peak
absolute value, and temporal centroid (computed as in (@), applied
to hrir).

4. PARAMETRIC MODEL

The dataset of Table [1] contains 50 features per IR. A compact
parametric description of reverberation requires selecting a small
number of controls from this set. PCA applied to the full feature ma-
trix was investigated as a data-driven reduction strategy; however,
this required ~ 18 components to explain 95% of the variance, with
resulting axes—Ilinear combinations of all 50 variables—bearing
no direct connection to physically or perceptually meaningful quan-
tities, and was therefore rejected.

A different strategy was adopted. Rather than letting PCA
choose the axes, six controls were selected on physical and practi-
cal grounds: five of the six correspond to standard room-acoustic
quantities defined in ISO 3382-1 [16]; the sixth, diffusion (CV a),
is a modal spacing statistic with no ISO counterpart, but a direct
perceptual effect on the character of the reverberant tail. The six
controls map naturally to the controls found on commercial para-
metric reverberators (decay time, room size, spectral tilt, diffusion,
early/late balance), and connect directly to at least one of the un-
derlying modal synthesis targets—damping, density, amplitude, or
FIR energy. The six controls retained are given in Table[2] and are
now described:

e 760 sets the mid-frequency reverberation time via
T30,mia ().

* warmth and brightness map to the bass and treble ratios BR
and TR (@), giving direct timbral control as a fraction of the
decay time in the lower and upper bands compared to the
mid band.

Table 2: User controls, corpus range, and dataset mapping. Con-
trols whose physical units are familiar to audio engineers—decay
time in seconds, bass and treble ratios—are exposed directly; the
remaining three, whose underlying quantities (7, CV A, Cs0,mid)
are less intuitive, are mapped linearly to a [0, 1] range spanning the
corpus [ps, pos] interval.

Control Range Dataset param. Meaning

T60 0.1-6s  T30,mid Decay time
warmth 0.5-2.0 BR Low-freq tilt
brightness 0.3-2.0 TR High-freq tilt
roomSize 0-1 T Volume proxy
diffusion  0-1 CVa Spacing regularity
earlyLate 0-1 C30,mid Early/late ratio

* roomSize maps to centre time T (@), encoding temporal
energy build-up and proxying room volume.

* diffusion maps to CV a, the coefficient of variation of the
inter-mode frequency spacing: low values produce a regular,
metallic-sounding grid; high values reproduce the quasi-
random spacing of real rooms.

* earlyLate maps to Cso, mid @), controlling the balance be-
tween early reflections and the reverberant tail.

Figure |1| shows the corpus distributions of the six selected
parameters. T3 is right-skewed, with 50% of the corpus below 1s
and 95% below 4 s. T is concentrated below 0.15 s, confirming that
most rooms in the collection are relatively compact. BR and TR
cluster near unity, indicating spectrally balanced spaces; the long
upper tail of BR arises from a small number of heavily bass-loaded
environments. CV a peaks sharply near unity, meaning that quasi-
random modal spacing—not a regular grid—is the norm. Cgg mid
spans roughly —7 to +17dB, with median near 3 dB. Values in
the interquartile range of each parameter are well supported by the
data; settings outside the ps—pgs envelope extrapolate beyond the
training distribution and should be treated as creative extremes.

Before describing how the modal synthesis targets—damping,
density, amplitude, and FIR energy—are predicted from these six
controls, their statistical independence must be assessed. Although
the six parameters are conceptually distinct, they are not statisti-
cally independent in the corpus (Fig.[2] left). Hierarchical clustering
of the full 50-feature correlation matrix (not shown) grouped the
variables into three coarse blocks linked to decay/density/size, am-
plitude, and damping, and within the six-parameter subset, the
strongest pairwise correlations were T30—1% (r = 0.83) and 75—
Cso (r = —0.64). Correlated predictors inflate the coefficient
variance and destabilise least-squares estimates; direct regression
on the raw six-parameter vector was found to yield unstable and
poorly interpretable coefficients.

The six parameters were therefore robustly standardised as
zj = (pj — b;)/ (IQR;/1.349), where p; is the median and
IQR; = Qs — Q1 the interquartile range. The factor 1.349 is
the standard outlier-insensitive rescaling that recovers the standard
deviation under a Gaussian assumption [17]]; for the non-Gaussian
parameters in Fig.[T]it is retained purely as a robust scale estimate.
The standardised parameters were then rotated into an orthogonal
basis by PCA: the eigenvectors of the 6 X 6 covariance matrix
define a rotation V under which the transformed scores are pairwise
uncorrelated by construction. The 6 X 6 rotation matrix V was
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Figure 1: Corpus distributions of the six selected parameters (/N = 1 151 IRs, clipped to the 1st-99th percentile range). Vertical lines mark
ps and pgs (red dashed), p2s and prs (yellow dotted), and the median (green solid); percentile values are listed per panel.

stored in the model. The first three components accounted for
~95% of variance (Fig. @ centre); all six were retained so that
each control keeps a unique, invertible direction in PC space. Off-
diagonal correlations of the PC scores fell below 7 x 10~ 16 (Fig.IZl
right).

For any setting of the six user parameters, collected in the
vector p = [Ts0, Ts, BR, TR, CVa, Cso] ", the corresponding
PC scores are obtained by standardising and rotating:

[Pcl,...,PC(s]T =VTD_1(p—f’)» @)

where p is the vector of corpus medians and D =
diag(IQR,/1.349, ...,IQR4/1.349). The design vector used in
all subsequent regressions is then x = [1, PCy,...,PCq]"T € R7,
where the leading 1 accommodates the intercept term o of the
regressions below.

4.1. Modal parameter generation

Given the six user controls mapped to physical parameters and
projected onto the orthogonal basis x as described above, the modal
synthesis targets—per-band damping o}, and per-band density p,—
were predicted by linear models operating in log space.

Damping. In a room, damping arises from surface absorption
and air dissipation [13]]; both mechanisms are frequency-dependent,
so the spectral shape of o(f) varies across rooms. The per-band
mean damping o} extracted in Section [3.2] captures this shape at
five points across the spectrum. To predict o, from the six user
controls, a multivariate linear model was fitted independently per
band. For band b, the model takes the form

logoy) = Bo+ B1PCY 4+ -+ B PC + D, (8)

where ¢ = 1,..., N indexes IRs in the corpus and e® is the
residual error. The seven coefficients 3, , = [, - . ., Be] " were
determined by iteratively reweighted least squares (IRLS) with
bisquare weights, which down-weight outlying IRs whose absorp-
tion profiles deviate strongly from the bulk of the corpus. Given
a new parameter setting encoded in the design vector x, the pre-
dicted damping—denoted &}, where the hat distinguishes the model
output from the corpus observations—follows as

b=1,...,5. )

~ T

The log transform guarantees 63, > 0 at all settings.

At synthesis time, the five predicted values are evaluated at
the geometric band centres f; = 1/ fi° fi and interpolated to per-
mode frequencies by linear interpolation in (log,, f, logo) space,
producing a continuous damping profile that is strictly positive
everywhere. The profile is then rescaled so that its mean over
500-1000 Hz matches the target decay:

5(f)  o(fe) - P20 To0, (10)
0500-1k
where 31n 10 ~ 6.908 is the factor relating T to the exponential
decay constant [13]. A log-linear taper then divides & by BR below
500 Hz and by TR above 1kHz, implementing the timbral controls.
Density. Modal density in a room grows with frequency and
with the room volume [13]; it is closely linked to the reverberation
time and to the temporal spread of energy, both of which are among
the six selected controls. Per-band density p, was modelled by
five independent regressions identical in structure to §)—(9), with
log py as the response variable:

logpp=x'B,,, b=1,...5, (11)
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Figure 2: Orthogonality diagnostics (N = 1151). Left: Pearson r of the six raw parameters. Centre: PCA scree. Right: PC score correlation

matrix (all off-diagonal entries at machine-precision zero).

where 8, ,, € R is the coefficient vector fitted by IRLS for band b.
As with damping, the prediction is exponentiated before use, guar-
anteeing pp > 0 at all settings.

The predicted densities determine the number of modes to be
synthesised. The raw total count follows from the bandwidth A f,
of each band:

5
Mraw = po Afo. (12)
b=1

To keep the computational cost bounded while preserving
perceptual density, M;aw is remapped linearly to the range
[Mmin, Mmax] = [1000, 8000], calibrated against the corpus
distribution of mode counts. The resulting integer M is allocated
across bands in proportion to pp A f, with remainders distributed
by largest-remainder rounding so that >, M, = M.

Within each band, M}, modes are placed on a uniform frequency
grid and perturbed according to the diffusion control d:

fr « clipy, fh](fk + & d- 0.9be), (13)

where & is drawn independently from a uniform distribution on
[-1, 1], Af, is the mean spacing in band b, and the factor 0.9
prevents adjacent modes from coinciding at full jitter. At d = 0 the
grid is perfectly regular, producing a metallic, comb-like response;
at d = 1 each mode is displaced by up to & 0.45 A f,, reproducing
the quasi-random spacing observed in real rooms.

Amplitude. The residue amplitudes |rx| = y/a? + b? depend
on the mode shapes evaluated at the source and receiver positions,
and vary erratically from mode to mode. No regression target with
a useful predictive structure could be identified from the corpus
data.

The amplitude model rests instead on an energy argument. The
time-integrated energy of the k-th mode is

|rs|®

Ep = .
k 20'k

(14)

In a diffuse reverberant field, each mode is expected to carry ap-
proximately equal energy [18] [13]—the acoustic counterpart of

the equipartition theorem. The condition £, = const requires
|ri| o< \/ok. The ratio |rx|/\/0k, computed across all modes in
the corpus, concentrates around a median

K= median{ \‘;%} =~ 4.86, (15)
with standard deviation ~ 7.07. Amplitudes are accordingly set as
|re] = k+\/6(fx), where the corpus constant x ~ 4.86 fixes an
overall gain that is absorbed by output normalisation. The residue
components are obtained from a random phase ¢, ~ U(0, 27):

ar = |ri| cos ¢r b = |rk|sin ¢ . (16)

Early reflections. The direct sound and early reflections are
not well represented by the modal sum (2), which describes the
reverberant tail. A short FIR correction filter Arir was introduced
in Section [3]to capture this portion of the response. At synthesis
time, its shape is fixed to the corpus-mean template hrr, averaged
across all retained IRs; only its energy is controlled. The energy
balance between early and late portions of the IR are governed by
the clarity index Cso (3). Rearranging the definition yields

Eearly = Elate . 10080/10 B (17)

where the late-field energy is computed directly from the modal
parameters as
M e
Blare =y 2. 18
late £ Z&k ( )

The template is then scaled to match:

Eearly

>

Y 19
[|hFir (19

hrir = hrIR

The user control earlyLate maps linearly to Cgg,mia across the
corpus [ps, pos] range: earlyLate = 0 selects the most diffuse, tail-
dominated responses in the corpus; earlyLate = 1 selects the driest,
with prominent early energy.
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4.2. Synthesis pipeline

The complete signal path from user input to impulse response pro-
ceeds as follows. The user specifies six controls: T60, roomSize,
warmth, brightness, diffusion, and earlyLate. These are mapped
to the physical parameter vector p according to Table[2} T60 sets
T30 directly; roomSize interpolates 7 linearly across the corpus
[ps, pos| range; warmth and brightness set BR and TR; diffusion
and earlyLate map linearly to CVa and Cso mia across their re-
spective corpus ranges.

The vector p is standardised and projected onto the PCA basis
via (), yielding the design vector x € R”. From x, per-band damp-
ing 6+ and density pj are obtained from (@) and respectively.
The density prediction determines the mode count M via (T2) and
its allocation across bands; mode frequencies are placed on a jit-
tered grid (I3) controlled by the diffusion parameter. The five
band-centre damping values are interpolated to per-mode frequen-
cies and anchored to Tso (I0), with timbral shaping applied via BR
and TR. Residue amplitudes follow from equipartition (I3)—(T6),
and FIR energy is set by the Csgo identity (I7)—(19).

The resulting modal parameters (fx, 0%, ax, bx )L, and FIR
filter hrir fully specify the impulse response, which can be, thus,
synthesised.

5. RESULTS

Table 3] and Fig. 3] summarise the quality of the ten per-band re-
gressions. For each band, ordinary least squares (OLS) R?, the
robust coefficient of determination RZ,, computed on the inliers
retained by the IRLS bisquare weights, and the outlier fraction
Tlous are reported. Values of RZ, > 0.85 indicate that the IRLS
predictions explain the bulk of the variance in the corpus on the
inlier set, with the OLS column quantifying how much robustness
contributes over a non-robust baseline. The outlier fraction 7.+
indicates the proportion of IRs assigned negligible bisquare weights
by IRLS, i.e., observations whose residuals are large enough to be
treated as outliers in the robust fit; values of only 1-4% show that
the regressions are driven by a small minority of atypical responses
rather than broad model misfit.

The damping fits were tight across all bands, with RZ , ranging
from 0.747 (brilliance) to 0.937 (bass) and inlier fractions exceeding
93%. The density fits were looser at the spectral extremes—sub-
bass and brilliance reached R2,, ~ 0.5—where the corpus contains
fewer modes and greater variability. All ten residual distributions
exhibited strong leptokurtosis, confirming the appropriateness of
the bisquare IRLS estimator.

5.1. Synthesis examples

Figure [ shows three synthesised IRs spanning a 7.5:1 range of
reverberation times: Small Dry (750 = 0.4s, roomSize = 0.2
giving Ts ~ 0.04s, earlyLate = 0.80), Medium Room (1.2,
roomSize = 0.5, Ts =~ 0.08s, 0.45), and Large Hall (3.0s,
roomSize = 0.85, Ts ~ 0.18s, 0.20). Top-row waveforms con-
firm the progressive lengthening of the decay envelope. Middle-row
spectrograms display the frequency-dependent decay controlled
by BR and TR: the Medium Room preset (BR = 1.20) shows ex-
tended low-frequency sustain, while the Large Hall (TR = 0.80) ex-
hibits the high-frequency roll-off typical of large absorptive spaces.
Bottom-row panels plot per-mode 7o (blue, left axis, computed as
6.908/0) and residue amplitude |7 | (red, right axis) versus log

Table 3: Regression quality for the ten per-band models (N =
1151 IRs). OLS: ordinary least squares. RZ,: robust R? on
IRLS inliers. nout: fraction rejected by bisquare weights. Three
additional components require no regression: the Tso anchor (T0)
rescales mid-band damping (RZ,,, = 0.945); FIR energy is set from
the Cgo definition (I7); and the equipartition constant ~ =~ 4.86 is

a corpus median.

Target OLS RZ%Z, fout
Damping

logo: sub-bass  0.735 0.881 4%
log o: bass 0.872 0937 4%
log o: mid 0.861 0920 3%

logo: presence  0.782 0.878 3%
logo: brilliance 0.579 0.747 5%

Density

log p: sub-bass  0.403 0.621 4%
log p: bass 0.583 0.717 4%
log p: mid 0.611 0.700 3%

log p: presence  0.560 0.645 3%
log p: brilliance  0.408 0.497 1%

frequency. The equipartition relation || o< /0% is visible as a
tracking between the two curves: modes with shorter 7o (higher
damping) carry proportionally higher amplitudes. The earlyLate
control decreases with room size, as expected: in smaller rooms,
the direct sound and early reflections dominate, while in large halls,
the reverberant tail carries the bulk of the energy.

The generated IRs were compared to the corpus by projecting
both into the six-dimensional parameter space, standardised by
subtracting the mean and dividing by the standard deviation per
axis (Fig.[3). The three synthesis presets (red diamonds) fall within
the corpus cloud. Two additional IRs were generated at the extreme
corners of the parameter ranges in Table 2] (blue diamonds): these
lie well outside the corpus cluster, illustrating the boundary of
the trained region. Source code and audio examples are available
online[l]

6. CONCLUDING REMARKS

A data-driven parametric modal reverberator has been presented.
Starting from approximately 1 500 measured room IRs, a quality-
screened corpus of N = 1151 IRs was assembled through modal
decomposition and nRMSE filtering. A 50-feature table comprising
acoustic indices, per-band damping and density statistics, ampli-
tude descriptors, and FIR characteristics was extracted from the
resynthesised signals. Six user controls were selected on the basis
of their correspondence to ISO 3382-1 quantities, their familiarity
in commercial reverberator interfaces, and their direct connection
to the modal synthesis targets. Pairwise correlations among the
six controls (Pearson |r| up to 0.83) were resolved by PCA before
regression.

The model contains ten per-band regressions—five for damping,
five for density—fitted by robust IRLS. Per-band damping achieved
R2,,, from 0.75 to 0.94; density from 0.50 to 0.72. No parametric
assumption on the shape of the damping-versus-frequency curve

Ihttps://github.com/Nemus—-Project /DAFx26_
ModalReverb
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Figure 3: Predicted-vs-actual scatter for the ten per-band regressions (N = 1151 IRs). Top row: log &3; bottom row: log p,. Columns
correspond to the five frequency bands (sub-bass to brilliance). Blue: IRLS inliers; grey crosses: rejected outliers; red line: identity; dashed:
OLS fit.
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roomSize

Figure 5: Corpus IRs (blue dots) and synthesised IRs projected into the standardised six-parameter space. Red diamonds: the three presets
of Fig. EF blue diamonds: IRs generated at the extreme ranges of Table@ Green vector: unit standard deviation.

was imposed: the five band values are interpolated to per-mode
frequencies in log—log space, guaranteeing positivity. Residue
amplitudes were set via the diffuse-field equipartition relation using
a single corpus constant, and early-reflection energy was controlled
exactly through the Cso definition.

Overall, this work enhances the usability of modal reverbera-
tors, allowing the generation of diverse IRs from six parameters
familiar to audio engineers, while retaining the qualities of a corpus
deemed representative of room IRs used in music production. The
current MATLAB prototype generates parameters in well under a
second per IR on a standard laptop and runs comfortably in real
time at 44.1 kHz inside a host convolver.

Future work includes a formal perceptual evaluation comparing
the modal synthesiser against FDN-based methods [5} 119} 20], non-
linear regression for bands where R? remains moderate, the use of
artificial neural networks to learn a direct mapping from physical or
perceptual parameters to modal frequencies, dampings, and gains,
and extension to multi-channel configurations.
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