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Abstract

Accurate estimation of room impulse responses (RIRs) is
crucial for applications like augmented reality and sound field
modeling. Current methods either neglect the spatial relation-
ships between the source and receiver or rely on computation-
ally intensive volumetric grids or panoramic images to esti-
mate RIRs. To address these challenges, we introduce TA-
RIR, a topology-aware neural network that uses spatial coordi-
nates of sources and receivers, along with reverberant speech, to
learn compact embeddings encoding room geometry and acous-
tics. The topology-aware encoder captures structural relation-
ships between spatial and acoustic features, integrated through
a propagation-informed decoder to synthesize RIRs. Experi-
mental results show that TA-RIR generates high-fidelity RIRs,
accurately preserving target acoustic parameters such as rever-
beration time, while significantly reducing computational com-
plexity compared to methods requiring detailed 3D models or
room acoustic properties.

Index Terms: room impulse response, synthesis, speech-
simulation, topological embedding

1. Introduction

The room impulse response plays a crucial role in various re-
search areas, such as far-field speech recognition [1], speech
dereverberation [2], and augmented reality (AR) [3]. It pro-
vides a detailed representation of the acoustic relationship be-
tween a sound source and a microphone within a specific room.
Several factors influence the RIR, including the room’s geom-
etry, the materials present, the sound source, and the position
of the receiver. RIR can be measured by recording the exci-
tation signal emitted by the sound source through the receiver,
followed by deconvolution techniques. [4]. However, this direct
measurement approach requires high-fidelity sound acquisition
equipment and a controlled, noise-free environment, both of
which are costly and limit the measurement to a specific sound
source and receiver, thereby restricting its applicability in many
downstream tasks. Consequently, researchers have explored
estimating environmental acoustic parameters such as Rever-
beration Time (R7s0), early-to-late index (CTE), and Direct-
to-Reverberant Ratio (DRR). These parameters offer insights
into the environment’s acoustic characteristics. For instance,
Falcon et al. [5] employed a machine learning-based method
to estimate room acoustic parameters from geometric informa-
tion. However, for applications like AR, which require detailed
acoustic information, estimating only these parameters may be
insufficient, direct estimation of RIR is a preferable way.
Various methods have been developed to simulate RIRs
directly, including wave-based approaches [6] and geometric
methods [7, 8]. However, many of these techniques are com-
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putationally intensive. Recently, neural network-based methods
have gained prominence. Pezzoli et al. [9] introduced a depth
prior method to predict missing parts in RIRs measured by a
uniform linear microphone array. Ratnarajah et al. proposed
the TS-RIR [10], which compensates for low-frequency wave
effects by using a Generative Adversarial Network (GAN) to
convert synthetic RIRs into realistic ones. Martin et al. [11] de-
veloped an end-to-end encoder-decoder model to estimate RIRs
from real RIRs, position information, and acoustic parameters.

Many existing methods for RIR estimation rely on reverber-
ant speech signals [12, 13], but they often neglect the spatial re-
lationship between the sound source and the receiver within the
room. Other techniques incorporate additional modalities, such
as visual information, room geometry, and material acoustic
properties, to estimate RIRs. For instance, some approaches use
indoor 3D scene models and the locations of the sound source
and receiver to estimate the RIR. Ratnarajah et al. [14] utilized
panoramic images of the room and the acoustic properties of
materials to improve RIR estimation. While these methods can
enhance RIR estimation accuracy, they often require additional
information, such as 3D models and detailed acoustic charac-
teristics of the room, which can be challenging to obtain.

In this paper, we propose a novel approach that leverages
the spatial relationship between the sound source, receiver,
and room topology, without relying on large-scale models or
difficult-to-acquire data. Our end-to-end deep learning frame-
work uses reverberant speech, along with sound source and re-
ceiver positions and room vertex information, to estimate the
RIR. Specifically, we employ a Graph Neural Network (GNN)
to model the spatial topology, a cascaded time-domain encoder
to extract RIR features from reverberant speech, and a decoder
to reconstruct the RIR.

The remainder of this paper is organized as follows. Section
2 introduces the proposed framework, comprising an encoder-
decoder architecture that jointly processes reverberant speech
signals and positional topology information, along with a multi-
resolution STFT loss function. Section 3 details the experi-
mental protocol, including dataset configuration, implementa-
tion specifications, and evaluation metrics, followed by a com-
prehensive presentation of comparative results and systematic
analysis of performance variations. Section 4 concludes the pa-
per.

2. Proposed Method

The architecture of the proposed model is depicted in Figure
1. Building upon the baseline encoder-decoder framework in-
troduced in [12], our system incorporates a novel topological
embedding generation module. The model addresses the acous-
tic simulation challenge of predicting room impulse eesponses
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Figure 1: The proposed method.
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Figure 2: Positional topology encoder structure.

through a combination of spatial and acoustic feature learning,
where inputs include three-dimensional coordinates of room
vertices, sound source locations, and receiver positions. Specif-
ically, the acoustic environment is geometrically represented as
a polyhedral prism. The processing pipeline initiates with con-
structing a graph representation of the spatial topology, where
vertices correspond to geometric coordinates and edges encode
relative positional relationships. This graph structure under-
goes feature extraction through our proposed Graph Neural Net-
work (GNN) architecture to produce the topological embed-
ding. Concurrently, the reverberant speech signal x(!) under-
goes acoustic feature transformation through the decoder struc-
ture adapted from [12]. The system subsequently employs a
conditional generative architecture where the decoder synthe-
sizes the RIR waveform from an initial noise vector. A fusion
module is used to orchestrate the integration of topological and
acoustic embeddings. This integration leverages Feature-wise
Linear Modulation (FiLM) [15] to adaptively condition the RIR
generation process, applying affine transformations to interme-
diate feature maps based on the combined embedding vector.
The modulated features progressively refine the RIR prediction
through successive upsampling operations in the decoder path-
way.
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2.1. Positional Topology Encoding Module

We utilize a graph neural network, as illustrated in Figure 2,
to model the topological relationships between the positions of
the sound source and the receiver within a room. We construct
an undirected graph containing all the vertices of the room, the
sound source and the receiver. The set of edges includes direct
connections between the sound source and the receiver, along
with edges linking the sound source and receiver to each indi-
vidual vertex. Each vertex’s feature is represented by its three-
dimensional spatial coordinates. The proposed GNN architec-
ture incorporates a graph convolution (GCN) layer [16] to en-
code the features of the graph structure data. This design aims
to capture two dimensions of key information at the same time:
first, the graph topology, which characterizes the relationships
between nodes (particularly through the edge connections); and
second, the node features, which represent the spatial coordi-
nates of the vertices.
The layer-wise propagation rule of the graph convolutional
layer is as follows [16]:
HY = 5 (D’%AE’%H”)W(”) )
Where A = A+ I, Ais the adjacency matrix of the graph.
D;; = Zj Ajj represents the degree matrix. W denotes the

learnable weights of the I-th layer, and H @ s the feature matrix
of the [th layer. To extract the embedding vector for the decoder
input, we apply both global average pooling (GAP) and global
maximum pooling (GMP) to the feature maps obtained from
each graph convolutional layer. These pooled features are then
fused and passed through a linear layer. The dimension of the
resulting position-topology embedding vector, denoted as 7p,
is set to 64.

2.2. Reverberant Speech Encoder

The reverberant speech encoder is designed to effectively pro-
cess time-domain reverberant speech signals. It comprises a
series of residual encoder blocks. Each block initiates with a
one-dimensional convolutional layer (kernel size = 15, stride
= 2) with symmetric padding to analyze local acoustic pat-
terns. Following this, batch normalization is applied, and the



Parametric Rectified Linear Unit (PReLU) activation function
is employed [17] to introduce non-linearity and improve model
expressiveness. To support deeper network architectures and
mitigate the issue of vanishing gradients, each block incorpo-
rates a 1 X 1 one-dimensional convolutional layer followed by
batch normalization, serving as a residual connection. A pro-
gressive channel expansion strategy is implemented, wherein
the number of channels in each convolutional layer increases
gradually as the network deepens. At the conclusion of the
convolutional block sequence, features are aggregated using an
adaptive average pooling layer and subsequently projected into
a 128-dimensional time-domain reverb speech embedding, de-
noted as z,, via a linear layer.

2.3. Fused Embedding Vector

The speech embedding 2, generated by the reverberant speech
encoder is concatenated with the positional topology em-
bedding z, produced by the positional topology encoder.
This concatenated vector is subsequently projected into a 64-
dimensional space using a MLP. serving as the conditioning
vector for the FiLM layer in the decoder.

2.4. Decoder

This model employs a decoder architecture that is isomorphic
to the one described in the literature [12]. Each decoder module
consists of two sequential processing stages. In the first stage,
the fused embedding vector z is injected into the decoder net-
work through the FiLM layer [15]. This layer maps the con-
ditional embedding to modulation parameters ~ (gain coeffi-
cient) and S (bias term) via an affine transformation, and ap-
plies a channel-by-channel affine transformation to the interme-
diate feature tensor along the channel dimension. This condi-
tional modulation mechanism allows the model to dynamically
incorporate global context information into the generation pro-
cess, while preserving end-to-end differentiability during train-
ing, thereby offering refined control over the acoustic impulse
response generation.

In terms of acoustic modeling, the impulse response pro-
duced by the model is explicitly decomposed into physically
interpretable components: direct sound, early reflections d(n),
and late reverberation tail. The decoder directly generates the
direct sound and early reflection components, along with their
corresponding time-frequency mask matrices. These matrices
are then applied to a set of predefined bandpass-filtered noise
floor signals through element-wise multiplication to synthesize
the late reverberation components. This hybrid generation strat-
egy, enhances the acoustic realism of the generated results by
employing a physically inspired signal decomposition method,
while maintaining parameter efficiency.

2.5. Loss Function

We employ a multi-resolution short-time Fourier transform
(STFT) loss [18] as the minimization criterion, which combines
spectral convergence loss Lyac and logarithmic STFT mag-
nitude loss Lsc. This loss function enables joint optimization
of the speech enhancement model at two levels: global spectral
energy distribution and local time-frequency point details. The
hierarchical feature matching enhances the signal reconstruc-
tion quality in the time-frequency domain. The definitions of
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Figure 3: 2-D projections of fusion embeddings, colored by
ground RTeo (left) and CTE (right).

these terms are as follows:

_ lISTFT(z)| — [STET(2)|||
[ISTET(2)|[l

Lsc(&, )

(@)
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Where = and & represent the original and generated IRs, re-
spectively, and N denote the total number of STFT frames. The
Frobenius norm and L, norm are denoted by ||-|| » and ||-|| 1, re-
spectively. The spectral convergence term aims to constrain the
overall energy distribution in the time-frequency representation
by calculating the relative difference, in Frobenius norm, be-
tween the STFT amplitude spectrum of the predicted and target
signals. The amplitude spectrum difference term uses the L1
norm in the logarithmic scale to improve the model’s ability to
capture detailed spectral features. To create a multi-resolution
representation, we calculate both the spectral convergence and
amplitude spectrum difference terms at R different STFT res-
olutions, and combine them to form the final composite loss
function. This multi-scale architecture effectively balances res-
olution in both the time and frequency domains, enhancing the
reconstruction accuracy of the generated signal in the joint time-
frequency domain.

3. Experiment and Results
3.1. Experiment Setup

To assess the effectiveness of the position topology encoding
module, we conducted experiments comparing different model
configurations: 1) TA-RIR(R): Eliminated the position topol-
ogy encoding module from TA-RIR. Instead, we concatenated
the room vertex, sound source, and receiver coordinates with
the reverberated speech for embedding. 2) TA-RIR(G): Re-
moved the reverberated speech encoder. By evaluating the per-
formance differences among these configurations, the complete
model, and the baseline FiNS [12], we determined the impact
of the position topology encoding module.

The scarcity of real-world room impulse response datasets,
primarily recorded in one or a few rooms, limits the number of
available room information and RIRs, which is insufficient for
comprehensive model training [19, 20, 21]. To address this lim-
itation, we utilized the Geometric-Wave Acoustic (GWA) [22]
framework to generate 20,000 synthetic RIRs for training pur-
poses. GWA is a framework that simulates RIRs by integrat-
ing the geometric acoustic simulator Gsound [23] with a wave



Table 1:

Test performance on objective metrics across different models.

Dataset Model Loss | RTso CTE
|Bias| | |[MSE(s)|4 pt |Bias|\ |MSE(s)|L pt
GWA TA-RIR(Ours)  1.237 0.033 0.0096 0.958 0.329 5.144 0.953
TA-RIR(R) 1.361 0.053 0.0157 0.937 0.483 7.001 0.933
TA-RIR(G) 2.330 0.268 0.174 0.146 1.287 58.88 0.146
FiNS 1.543 0.055 0.0200 0.922 1.434 16.689 0.860

acoustic simulator based on the finite difference time domain
(FDTD) method [24]. This integration enables the generation
of high-quality synthetic RIRs that accurately represent vari-
ous acoustic environments. We convolved these generated RIRs
with clean speech samples from the VCTK [25] dataset to pro-
duce 200,000 reverberant speech samples. Both the RIRs and
clean speech samples were processed at a sampling rate of 48
kHz. Each RIR was adjusted to a length of 48,000 samples
(equivalent to 1 second), while each clean speech sample was
cropped to 131,072 samples (approximately 2.73 seconds). For
all experiments, the model was trained using the AdamW opti-
mizer with an initial learning rate of 3.5 x 107> The batch size
was set to 64, and the learning rate was decayed by a factor of
0.8 every 80 epochs.

3.2. Embedding Analysis

We use UMAP [26] to perform a two-dimensional visualiza-
tion of the encoder-generated fusion embedding vectors, with
the colors representing the ground truth’s RTsovalue and CTE
values. As shown in the figure 3, the projection of the embed-
dings in the two-dimensional space reveals a discernible dis-
tribution pattern. Samples show a relatively concentrated dis-
tribution within the feature space, with distinct separations ob-
served between areas corresponding to different value ranges.
This distribution structure indicates that the depth encoder suc-
cessfully captured essential features related to the target index
during training, validating the formation of implicit semantic
structures throughout the characterization learning process.

3.3. Evaluation Results

To assess the quality of room impulse response estimates pro-
duced by each model, we employed several evaluation metrics:
multi-resolution Short-Time Fourier Transform (STFT) error,
RTs0, and CTE. RTpo represents the duration required for the
sound pressure level to decay by 60 decibels. CTE quantifies
the proportion of total sound energy received within the first
50 milliseconds relative to the energy received during the sub-
sequent period throughout the entire sound reception process.
For both RTs0 and CTE, this study evaluated bias and mean
squared error (MSE). The detailed results are presented in Ta-
ble 1, which clearly demonstrate that our model outperforms the
baseline in all evaluated metrics. Furthermore, the effectiveness
of the proposed position topology encoding module and its inte-
gration with reverb speech encoding embedding are evident, as
they contribute significantly to the improved performance ob-
served.

4. Conclusion

This paper presents a method for utilizing position topology in-
formation to estimate time-domain impulse responses (RIRs)
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for reverberant signals. The approach employs graph neural net-
works to encode the positional relationships between the sound
source, receiver, and room, and integrates these with embed-
dings extracted from reverberant speech to enhance RIR esti-
mation performance. Experimental results demonstrate that the
proposed positional encoding module enables the model to ex-
tract compact acoustic embeddings that effectively capture the
underlying properties and spatial information of the RIR. Com-
pared to the baseline, the model significantly improves the ac-
curacy of RIR estimation. Future research directions include
exploring data augmentation techniques to increase the robust-
ness of the model, integrating physical models to better simu-
late acoustic environments, and investigating other strategies to
further improve generalization across different room configura-
tions and reverberation conditions.
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