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Abstract

Room impulse response estimation is essential for tasks like
speech dereverberation, which improves automatic speech
recognition. Most existing methods rely on either statistical
signal processing or deep neural networks designed to repli-
cate signal processing principles. However, combining statis-
tical and physical modeling for RIR estimation remains largely
unexplored. This paper' proposes a novel approach integrat-
ing both aspects through a theoretically grounded model. The
RIR is decomposed into interpretable parameters: white Gaus-
sian noise filtered by a frequency-dependent exponential decay
(e.g. modeling wall absorption) and an autoregressive filter (e.g.
modeling microphone response). A variational free-energy cost
function enables practical parameter estimation. As a proof of
concept, we show that given dry and reverberant speech sig-
nals, the proposed method outperforms classical deconvolution
in noisy environments, as validated by objective metrics.
Index Terms: Reverberation, room impulse response, varia-
tional theory

1. Introduction

The estimation of the Room Impulse Response (RIR) is a
crucial task with applications to room volume estimation [1],
acoustic matching [2, 3], which enables transforming audio be-
tween different environments, and automatic speech recognition
(ASR) [4, 5, 6]. Another key front-end task related to RIR es-
timation is dereverberation, which improves ASR performance.
However, since deconvolution with a degraded RIR is highly
sensitive, most dereverberation methods bypass explicit RIR es-
timation and instead directly recover the dry signal using signal
processing [7], stochastic approaches [8, 9], or predominantly
deep neural networks (DNNs) [10, 11, 12, 13].

RIR estimation remains nevertheless an active research
field, serving as a cornerstone for the aforementioned appli-
cations. RIR estimation techniques have evolved over several
decades, introducing various models of different types. One of
the earliest models was proposed by Schroder in [14], where the
RIR is represented as the product of a white Gaussian process
and an exponential decay. Later, Polack [15] demonstrated that
the Gaussian component varies slowly in the frequency domain,
leading to more accurate RIR estimation in practice. While
these models effectively capture late reverberation, they strug-
gle to accurately represent early reflections. To address this
limitation, Komatsu et al. [16] introduced a spatial-temporal
Gaussian process model that accounts for both early and late
reverberation. Other methods, such as those in [17, 18], esti-
mate RIR by formulating optimization problems, incorporating
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Figure 1: Outline of the proposed variational and physics-
aware reverberation model for room impulse response estima-
tion (VPR-RIR)

optimal transport regularization [18] or using low-rank approx-
imations [17]. Among deep neural network (DNN) approaches,
generative-based models [3], signal processing-guided methods
[19], and more compact architectures like encoder-decoder con-
volutional neural networks [20] have been explored. However,
these models do not simultaneously capture spatial, temporal,
and frequency information, despite their theoretical correlation.
The work in [21] represents an initial attempt to introduce a
spatiotemporal and frequency-dependent model. Its first appli-
cation demonstrated that, given a real RIR, it enables accurate
estimation of the reverberation time after 60dB of attenuation
(RTso) [22].

We propose in this paper a variational formulation using the
physical model in [21] to perform RIR estimation 2. In such a
way, we derive a variational free-energy loss that will be used in
order to estimate the model parameters of the variational distri-
bution. In particular, the variational distribution is assumed to
be a Gaussian whose mean is the targeted RIR. In this first proof
of concept, we assume that both dry and reverberant signals are
known, which can be seen as a subtask of acoustic matching.
Our observed signal is however corrupted with additive noise to
see the robustness of our approach. Our results show the clear
robustness of the proposed technique compared to other classic
deconvolution techniques [23] in terms of estimation of rever-

2The code is available at https:/github.com/LouisLalay/VPR-RIR



beration characteristics (RT¢o, RT30, direct-to-reverberant ratio
(DRR), energy decay relief (EDR), etc.).

2. Method

In this section we describe the model we chose for its accuracy
in RIR description, then we present the mixing model consid-
ered for the experiments and finally the variational approach
used to estimate the model parameters from the observations.

2.1. RIR and Mixing Model

Let y € RT be the measured signal, s € RZ* be the source
signal and h € RE" be the room impulse response of length
T,Ls and Ly, respectively, such that 7' = L, + Ls — 1. We
consider in the time domain the following mixing model:

y=s*xh+w, (H

where w € R is an additive white Gaussian noise of variance
af,. ‘We model the random vector h as in [22]:

h=G *E ‘P e )

where the components are defined as follows:

o €fu] ~ N(0,02) foru =0,..., Ly — 1 (iid. white Gaus-
sian noise);

* G =Toep(g), g € RE9, lower triangular;

 E = Diag({e"}: "), a € [0, 1], diagonal;

e P="Pr,(p) withpy =1,p € RE?, lower triangular.

All matrices are square and of size Ly, X L, which is the length

of the RIR in the number of samples. Toep(b), Diag(b) stand

for the lower triangular Toeplitz and the diagonal matrix, re-

spectively, generated using a vector b. Pr, (p) is the space

of the square matrices of size L; generated by p. The ma-

trix P4 (p) is for instance constructed as described below, with

Ly = 4,p = [po, p1] where p™™ = p x p* ("1 with p© = §

(where ¢ denotes the unit impulse at time 0) and p*"[: ] the

truncated vector of the I first entries of p*™.

p 4] p*[:4] p[4] p*[ 4]

1 0 0 0

0 Po 0 0

P4([p07p1]) = 0 p1 p2 0
0

0 0 2pop1 Py

The RIR model is based on physical assumptions, and it
can be split into four parts. First, € is the base Gaussian white
noise that is filtered to obtain the RIR. Then the Toeplitz matrix
G, parameterized by the vector g of length Ly, < Lj, imple-
ments a filter that models the microphone response. The diag-
onal matrix F accounts for the average absorption of the room,
parameterized by the absorption coefficient a. Finally, the ma-
trix P accounts for the frequency-dependent absorption of the
walls, parameterized by filter p of length L, < Lj;. Having 3
matrices to model the global filter, we can force go = 1 and
po = 1 without losing generality and still benefitting from good
properties in terms of inversion and determinant computations.

2.2. Parameters estimation

We adopt a variational approach to estimate the model param-
eters. Let 0 = {g,a,p, 0., 0w} represent the set of model pa-

rameters that we aim to estimate. The mean field target distri-
bution for h that we aim to approximate is given by ¢* (h[u]) =
N (prlu], rru]). Let z = {un, rr} represent the optimal dis-
tribution parameters where (5, , 75, are the vectors with the com-
ponents g [u], 7n[u] respectively. The variational free energy
(VFE) associated with this problem is defined as [24]:

Py, 2|90, S)}
q(2)
By combining the stochastic model of the RIR in Eq. (2)
and Eq. (1), we can get a closed form of Eq. (3):

ﬁ(‘]v 0) = Eq(z) |:1n (3)

o

Eqc) [lly — s = hll3
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where . T, Tr(.) are the transposition and trace operator respec-
tively, ||.||2 stands for the Euclidean norm of a real vector,
V = PEG, Ry = Diag(rp), and

Eqey [lly — 5 % AlI2] =Ilol13 — 2 3wl (un * )}
+ Z_(rh % 82)[t] 4 (un * s)*[t].

We want to maximize this function for z and 6. We can formu-
late this as an optimization problem:

(%,0) = argmax L(q, 0). ®)
z,0

We can then proceed to the estimation of the parameters
by gradient descent. In the experiments, we choose the Adam
optimizer [25] to solve this problem. Note that a variational
expectation-maximization algorithm [24] can also be adapted
to the problem to retrieve the parameters, and is left for future

work.

2.3. Consistency constraint on g

In theory, the filter g should cut low and high frequencies be-
cause it represents the response of the microphone, which is
a physical band pass filter. However, our preliminary studies
demonstrate that such a constraint was not respected along the
iterations, leading sometimes to a poor RIR estimation. To solve
this issue, we force 2 zeros at Nyquist and null frequencies
in the transfer function of the filter to get a better estimation.
The matrix Goiq becomes G = G1Go with G1 = Goiq and
Go = Toep([1,0, —1]).

Moreover, to ensure consistency in the model, the filter g is
stabilized to keep G~ ' numerically stable. The stable version
of g is obtained by placing all the unstable poles inside the unit
circle. The change in global gain of the filter is not compen-
sated.

The parameters are initialized with PEG = I, , R, =
I, pn =0, 0w = 1, 0c = 1. The normalization step ensures



g is stable, a is strictly positive and 7, is strictly positive for
coherence with the model. We summarize the proposed iterative
approach in Algorithm 1.

Algorithm 1 Proposed RIR estimation

: Initialization: initialize 0, z

: Number of iterations

Adam optimizer for all parameters 0, z with Ir = le — 3

fori=1to I do
Construct P, F/, G using current 0
Normalize the parameters
Optimizer: zero grad
Compute the loss: —L(g, 6)
Backward propagation
Update 0, z

: end for

: Return: 0, z
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3. Experimental setup

This section outlines the data, metrics, and methods used in our
evaluation. We conduct two tasks: the first one involves RIR
estimation in different settings, and the second one focuses on
the reconvolution of dry speech using the estimated RIR.

3.1. Datasets

Speech Dataset In all experiments, we use a single audio
utterance, 8 7-8000, randomly sampled from the LibriSpeech
dataset [26], truncated at 2 s. The original sampling rate is
16 kHz, but for our evaluation, we down-sampled it to 8 kHz.
Preliminary experiments conducted at both 16 kHz and 8 kHz
yielded similar results, so we opted for the 8 kHz version for
computational efficiency.

RIR Dataset To demonstrate the robustness of our algorithm
for RIR estimation, we utilize both real (denoted “Real”) and
synthetic (denoted ”Synthetic”) RIRs with various RTgo values
that we qualified hereafter as “Short” when RTgo € [0,0.5] s
and “Long” when RTgo € [1.0,1.5] s. The synthetic reverb
comes from HybridReverb2 [27] while the real ones are ex-
tracted from BUT ReverbDB dataset [28]. BUT ReverbDB con-
tains RIRs from 8 different rooms with various microphone and
loudspeaker positions. HybridReverb2 contains synthetic RIRs
generated by an auralization software with 6 presets for the ge-
ometry of the room and multiple speaker positions. We consider
2000 RIR samples, corresponding to 250 ms. This choice is
primarily due to the high computational cost of our system and,
secondly, because we aimed to focus on estimating the early
reflection part, which is the most challenging aspect of RIR es-
timation, rather than the late reverberation.

Noise Dataset As our model in Eq. (1) takes into account
some Gaussian noise, we decided to add noise to the reverberant
speech signal. We consider one easy task where the additive
noise is a Gaussian with an SNR of 40 dB and a second one
more challenging with 5 randomly chosen noise files coming
from WHAMR! [29] dataset and an SNR of 20 dB. Concerning
the WHAMR! additive noise, we only report results with the
convolution of ”Short” and “Real” RIR as the results remain
the same in other settings.

3.2. Metrics and Task Description

RIR estimation We consider the mean absolute error be-
tween an estimated RIR A and the ground-truth RIR h for vari-
ous acoustic characteristics m € {C80, D50, DRR, EDC, EDR,
RT30, RT60} that we denote A,,, and which represents the clar-
ity at 80 ms, definition at 50 ms, direct to reverberant ratio,
energy decay curve, energy decay relief, reverberation time at
30 and 60 dB respectively. We moreover consider the mean-
squared error (MSE).

Speech reconvolution  For this task, we get an estimated RIR
h that we convolve with the dry signal s to get an approximate
¥ = h * s. We then consider the Wide-band Perceptual Speech
Quality Score (PESQ [30]) and the short-time objective intelli-
gibility (STOI [31] ) measure between y and g.

3.3. Methods

We consider in our experiments the proposed approach and two
baseline methods:

* VPR-RIR: our proposed Variational and Physics-aware Re-
verberation model for Room Impulse Response. For the sake
of clarity, we gather the parameters initialization and proce-
dure in Algorithm 1.

* DEC: this technique is a spectral deconvolution where y, h, s
are considered in the Fourier domain and Y = F(y), S =
F(s) are the Fourier transforms of the signals padded to the
same length. We then compute h = F~!(Y/S), where F !
is the inverse Fourier transform.

* CBF: We consider the Cross Band Filtering defined in [23]
with the following parameters: K = 1 crossbands, nys; =
512, 50% overlap and a Hann window.

4. Results & Discussions
4.1. Room Impulse Response Estimation

Tables 1 and 2 present the error results for the Gaussian noise
and WHAMR! noise setups, respectively. From Table 1, we ob-
serve that the results remain relatively comparable regardless of
whether the RIR is real, synthetic, short, or long. However, we
note a significant standard deviation in Acgo for DEC and CBF
in the synthetic case, while VPR-RIR exhibits a notable stan-
dard deviation in the short real case. It is important to highlight
that this setting favours DEC and CBF, as the signal-to-noise
ratio (SNR) in such conditions is high, making DEC an exact
solution for this type of problem. Overall, these results confirm
that VPR-RIR is competitive with state-of-the-art methods, re-
gardless of the RIR type.

Next, we examine a more challenging scenario where real
noise is added to the reverberant signal, with results shown in
Table 2. In this case, VPR-RIR consistently outperforms DEC
and CBF across all error metrics and standard deviations.

These initial experiments demonstrate that VPR-RIR has
the potential to estimate an RIR from which acoustic character-
istic parameters can be extracted. Future work may explore a
wider range of SNR levels with realistic noise to further eval-
uate the capabilities of VPR-RIR. This improved performance
is achieved at the expense of computational efficiency, though
there remains ample room for optimization to reduce runtime.

4.2. Speech Reconvolution

Figure 2 presents boxplot results for PESQ and STOI scores
of the speech reconvolution (see Section 3.2 for more details).



Real Synthetic
Short Long Short Long
VPR-RIR | 0.360 £ 0.120 0.990 + 0.570 0.680 + 0.870 2.100 £ 0.230
Acso({) DEC 0.140 £ 0.180 0.026 £ 0.026 0.270 + 4.000 0.044 + 0.078
CBF 0.500 £ 0.290 0.150 £+ 0.170 0.790 £ 4.800 0.048 £ 0.110
VPR-RIR | 0.014 £ 0.037 0.049 +£ 0.032 0.005 £ 0.005 0.096 + 0.027
Apso({) | DEC 0.003 +£ 0.002 0.002 £ 0.001 0.002 £ 0.001  0.002 + 0.001
CBF 0.010 £ 0.009 0.008 £ 0.010 0.004 £ 0.002 0.003 +£ 0.002
VPR-RIR | 1.3e-4£2.1e-2 53e-5+2.0e-2 | 1.6e-2£2.6e-1 1.8e-5=%1.9e-2
Aprr({) | DEC 1.7e-5 £ 4.3e-3 1.4e-5+2.0e-2 | 1.8e-5 £ 3.2e-1 1.6e-5 £ 3.0e-1
CBF 1.2e-4 £4.2e-3 3.9e-5+2.0e-2 | 3.1e-5+ 1.7e-1 1.6e-5 £ 1.7e-1
VPR-RIR | 0.007 £ 0.024 0.029 £ 0.017 0.006 +£ 0.003 0.052 £ 0.016
Agnc()) | DEC 0.002 + 0.001 0.001 £ 0.000 0.001 £ 0.000 0.001 £ 0.001
CBF 0.009 +£ 0.004 0.006 +£ 0.004 0.003 £ 0.000 0.002 £ 0.001
VPR-RIR | 0.720 £ 0.400 0.890 £ 0.043 0.690 +£ 0.069 0.940 £ 0.042
Agpr()) | DEC 0.390 £ 0.470 0.180 £ 0.036 0.430 £ 0.380 0.085 + 0.039
CBF 0.510 £ 0.480 0.230 £ 0.035 0.620 £ 0.500 0.150 £ 0.046
VPR-RIR | 0.005 £ 0.020 0.027 £ 0.016 0.002 + 0.002 0.035 £ 0.014
Arr30({) | DEC 0.003 £ 0.003 0.001 £ 0.001 0.005 +£ 0.005 0.001 £ 0.001
CBF 0.011 £ 0.004 0.004 £ 0.006 0.008 £ 0.007 0.001 £ 0.001
VPR-RIR | 0.011 £ 0.040 0.053 £ 0.032 0.005 £ 0.003 0.069 +£ 0.028
Agreo({) | DEC 0.006 £ 0.006 0.002 £ 0.001 0.009 £ 0.010 0.002 £ 0.001
CBF 0.022 +£ 0.009 0.008 £ 0.012 0.016 £ 0.013 0.002 + 0.003
VPR-RIR | 7.2e-4 £1.7e-3 1.0e-3 £9.1e-4 | 5.5e-5 £3.9e-5 7.7e-5 £ 5.0e-5
MSE(]) | DEC 3.1e-5 + 1.2e-4 3.4e-5+4.5e-5 | 6.8e-7 == 5.0e-7 1.5e-6 + 9.9e-7
CBF 2.7e-4 & 1.0e-3 3.2e-4 =4.0e-4 | 2.5¢-6 £ 1.8e-6 4.5e-6 £ 2.6e-6

Table 1: Median + standard deviation error scores for the experiments with additive Gaussian noise, SN R = 40 dB

The reconstructed reverberant speech signal shows a signifi-
cantly higher median PESQ score for VPR-RIR (around 4.0)
compared to DEC (around 3.4) and CBF (around 3.3). Addi-
tionally, the interquartile range is narrower for VPR-RIR. As
for the STOI score, VPR-RIR also exhibits a slightly better
median, with a much narrower interquartile range compared to
both DEC and CBF.

In conclusion, these results suggest that VPR-RIR , guided
by a physical model and a variational approach, demonstrates
greater stability in this setting and highlights its potential for
future work in dereverberation tasks, especially when the dry
signal is unknown.

VPR-RIR DEC CBF
Acso(d) 0.350 +0.190  2.200 +2.900  3.400 £ 3.200
Apso(J) 0.010 +0.013  0.110 £0.100  0.160 £ 0.100
Aprr(J) | 0.000 £ 0.001 0.002 +0.008 0.001 £ 0.009
Agpc({) | 0.005 £ 0.013  0.075 4+ 0.049  0.090 £ 0.053
Agpr({) | 0.770 £0.053  1.000 £ 0.510  1.100 % 0.560
Agrm30(4) | 0.002 £ 0.001 0.084 +0.045 0.092 4 0.043
Agteo(J) | 0.005 £0.002 0.170 £ 0.091  0.180 £ 0.086
MSE(]) 0.001 +=0.001  0.008 £0.028  0.010 £ 0.028

Table 2: Median + standard deviation error scores with addi-
tive noise from WHAMR! Noise, SN R = 20 dB

5. Conclusion & Future Works

In this paper, we propose a new method for estimating the Room
Impulse Response (RIR), derived from an existing stochastic
and physics-informed reverberation model presented in [21].
Our approach is based on a variational formulation, which not
only allows for accurate RIR estimation but also provides the
corresponding filter used to model the RIR. Results obtained

4 ]
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I CBF

C—
_ model
© 0.8{ mE VPR-RIR
v [ DEC
B CBF

Figure 2: Boxplot of the PESQ, STOI scores for the methods
with additive noise from WHAMR! Noise SN R = 20 dB

from noisy reverberant signals demonstrate the effectiveness of
our robust RIR estimator compared to traditional baselines.

In future work, this method can be extended to more chal-
lenging Acoustic Matching tasks, where a sound source is lo-
cated in Room A, and the goal is to transfer it to Room B. The
mixing process can be represented as a product of matrices,
making it feasible to apply a variational approach to estimate
the relevant parameters. Additionally, we plan to investigate
convergence improvements, possibly through an expectation-
maximization framework where parameters are updated alter-
nately. Another direction for future work involves adapting the
proposed method to the recently developed statistical wave field
theory, which defines the statistical properties of wave propaga-
tion in bounded domains [32].
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