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Abstract

To achieve 3D audio rendering, high-quality Head-Related
Transfer Functions (HRTFs) are essential. ~As measuring
HRTFs is time-consuming and tedious, spatial interpolation is
often adopted to generate high-resolution HRTFs from low-
resolution ones. In this paper, we propose a Dual-Graph At-
tention Network (D-GAT) for HRTF upsampling. Specifically,
we first design a branch of GAT to learn the relationship among
HRTFs from adjacent points. In addition, we introduce another
branch of GAT to find a mapping from physical features (includ-
ing the absolute target position and the anthropometric charac-
teristics) to HRTFs. By combining such two GATs in a paral-
lel architecture, the D-GAT is built. Furthermore, a dynamic
edge weighting mechanism is adopted in the D-GAT, which al-
lows the model to learn geometry relationships among vertices
more flexibly. Experimental results demonstrate the efficacy of
the proposed D-GAT in accurately predicting HRTFs, yielding
state-of-the-art performance.

Index Terms: Head-related transfer function, interpolation,
graph attention networks.

1. Introduction

There is a growing demand for 3D audio rendering in our daily
life, such as teleconference systems [1], virtual reality (VR)
[2, 3] or augmented reality (AR) [4, 5], and hearing assistive de-
vices [6, 7], to name but a few. For headphone-based 3D audio
rendering, the key component is head-related transfer functions
(HRTFs), which contain binaural spatial cues for simulating the
effects of sound fields on two ears [8]. As measuring HRTFs
is time-consuming and requires an expensive acoustic lab set-
ting, the size of existing HRTF datasets is usually limited. To
that end, several spatial interpolation approaches have been de-
veloped over the past decades, aiming to generate high-quality
high-resolution HRTFs from a small dataset [9, 10].

In the early stages, traditional interpolation methods have
been widely applied to predict HRTF at an arbitrary position
by interpolating HRTFs with known distributions [11]. Two
common methods are barycentric interpolation [12, 13, 14] and
spherical harmonic interpolation [15, 16], by weighting and
summing the HRTFs from a few nearest neighbors around the
target point. These methods achieve good performance when
interpolating dense HRTF measurements, since the HRTF of
the target position is strongly correlated with those HRTFs from
its nearest neighbors. For a sparse HRTF dataset (the scale of
existing databases in some acoustic environments is very lim-
ited), however, their interpolation accuracy decreases signifi-
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cantly. This is because the similarity of HRTFs between the tar-
get point and its neighbors decreases with increasing distances
between adjacent points (Figure 1).

Figure 1: A randomly selected target point (red point) from the
HUTUBS database, and its surrounding points with an angu-
lar distance that less than 0.5 w. The color bar indicates the
RMSE of HRTF (from left ear) between the target point and
other points.

To further improve the accuracy of HRTF interpolation,
data-driven methods have gained significant attention in recent
years [17, 18]. According to HRTF generation models, recent
advances can be divided into two main classes, i.e., direct map-
ping (DM) [19, 20] and indirect mapping (IM) [21, 22]. The
former aims to directly find a mapping from physical features
(including the absolute target position and the anthropometric
characteristics) to HRTFs, while the latter generates HRTFs
via spatial interpolation by learning high-accuracy interpola-
tion rules. In general, DM involves the challenge of mapping
low-dimensional physical features to high-dimensional HRTFs,
leading to limited accuracy. To address this, HRTFs were pre-
dicted in a frequency-independent manner [23, 24], which can
learn a better relationship between physical characteristics and
HRTFs. In contrast, IM generates HRTFs by mapping those
HRTFs from neighboring points to target points, thus it main-
tains a higher precision. However, the size of neighboring sets
around the target point is often unfixed, especially for an un-
even database, which conflicts with the requirement of fixed in-
put sizes in most deep learning models. To this end, the state
of the art [25] utilized a repeated sampling strategy to select a
fixed number of neighbors around the target point. Still, some
information-rich points may be missed in such a repeated sam-
pling procedure, resulting in lower stability.

In this work, we propose a Dual-Graph Attention Network
(D-GAT) for global HRTF interpolation, which integrates the
DM and the IM in a parallel architecture, delivering the advan-
tages of both DM and IM approaches. Specifically, a branch of
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Figure 2: The proposed network architecture, where “FC” refers to the fully connected layer.

GAT is first constructed for the IM, which learns the mapping of
HRTFs among adjacent points. Meanwhile, another branch of
GAT is designed for the DM, which directly maps the physical
features into HRTFs. By combining these two GATs in a lin-
ear fashion, their outputs can be fused efficiently in the D-GAT.
To the best of our knowledge, this is the first attempt to com-
bine the HRTF interpolation task with graph neural networks
(GNNs). Compared with the existing DM and IM approaches,
D-GAT supports unfixed input sizes and achieves higher accu-
racy and stability. Numerical experiments validate its efficacy.

2. PROBLEM STATEMENT

Our goal is to generate HRTFs of arbitrary positions using a
neural network. As the phase information of HRTFs can be
effectively reconstructed using the minimum-phase approxima-
tion [14, 17, 24], we focus only on the magnitude of HRTFs.
Let Héa) € R¥ be the HRTF magnitude of the target position
p € R® with K denoting the number of frequency bins, and
a € R” denoting the anthropometric characteristic with the di-
mension of J. Then, an IM ® between 7-{,,(,“) and its neighboring
measurements can be constructed as [25]

i (Hix, Novp,a) o HE € RS, M

where N, is the set of neighbors corresponding to the target
point p, which is defined by

Np ={0 < dr(q,p) < da}, @
where dg(q,p) represents the Euclidean distance between
points g and p, and 4 > O is a threshold. As shown in Fig-
ure 1, Hfga) is only significantly correlated with a few HRTFs
from the nearest neighbors of p. That is, 4 can be set to a small
constant to reduce computational complexity.

In general, determining ® with a neural network requires
that the size of inputs, i.e., |Np|, is fixed. However, |Ap]| in
Equation (2) varies with p in an unevenly distributed dataset,
resulting in a non-fixed size for inputs. To this end, [25] em-
ploys the repeated sampling strategy to select a fixed number of
neighbors from N},. However, this brings two additional issues
as follows: on the one hand, some points in |Np| may be sam-
pled repeatedly, causing data redundancy; on the other hand,
some important points may be missed in repeated sampling, re-
sulting in information loss.
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3. PROPOSED METHOD

In this work, the GNN is adopted for HRTF upsampling, due to
the fact that

* GNN supports inputs with non-fixed sizes and thus can avoid
the issues in the end of Sec. 2;

* GNN is well-suited for representing spatial relationship
among node with local similarities (e.g., Figure 1).

The proposed network architecture is depicted in Figure 2. We
first adopt the target point and its neighbors to establish a graph,
where the edge set is determined via angle distance. Then, such
a graph is split into two separate graphs, and their node rep-
resentations are the HRTF feature and the physical feature, re-
spectively. Next, we use two branches of graph Attention net-
works (GATSs) [26] as our backbone modules to achieve IM and
DM mappings, where each branch concatenates two GAT lay-
ers. Finally, the outputs of two branches are fused by a fully
connected layer.

3.1. Neighborhood Sampling

The HRTFs in existing datasets [27, 28] are often measured on a
spherical surface with a constant radius centered on the human
head. For this reason, instead of using the Euclidean distance as
used in Equation (2), the angular distance is employed here to
determine the neighboring sets, i.e.,

Np = {0 < 0(q,p) < do}, 3)

where 6(q,p) = arccos (quHTﬁ) represents the angular dis-

tance and g the threshold, ||-|| is the ¢2 norm, and the super-
script | denotes the transpose operation.

3.2. Graph Construction

Based on Sec. 2, we define a new neighboring set for the target
point p, which consists of p and A, i.e., N;f = N, U {p}.

Then, the vertex set V%) of N is expressed as

VY = {H | g € Np}U ALY, @)
where the unknown Hfga) is initialized by an all-ones vector of
size K due to the lack of any prior information. It can also be

initialized with traditional interpolation methods if possible. In
addition, the edge set of the graph can be constructed as

& = {(g,b) | 0 < 0(g,b) <1, q,b €N}, (5)



where +y is a threshold value that is smaller than Jp in (3). This
is because a larger Jy allows ./\/;' to include more points that

potentially affect H;’”, while a smaller -y allows the network to
study the relationship of graph features among closer nodes.

From Figure 1, we infer that the smaller the distance among
the nodes, the greater the similarity among their HRTFs. To this
end, we introduce a distance-dependent Gaussian kernel func-
tion (GKF) for weighting edges, which emphasizes the influ-
ence among neighboring nodes. To be specific, the set of edge
weights W) is defined as

ds(q,b)’

W?Ea) = {exp (— 557

) | (g,0) € £}, (6)

where ¢ is the bandwidth parameter of the GKF. Based on the
above, we construct a graph gf,") for the target point p as

G = V7, &7, Wi} @
Note that such a graph relies on the anthropometric character-

istics a, indicating that the graph in (7) may vary with different
individuals.

3.3. Message Passing

The Graph Attention Network (GAT) [26] is a type of graph
neural network, which can handle neighborhoods with varying
scales while implicitly assigning individual weights to different
nodes within a neighborhood. Under this mechanism, for any
node ¢ € N, in the graph, the output feature Héa)/ after a sin-
gle layer of GAT with D attention mechanisms can be expressed
as:

D
H =D felag JWIHS + > af ;WIH), (@)
d=1 JEN (q)

where @ denotes the concatenation operation, and fe(-) rep-
resents the Exponential Linear Unit (ELU) activation function
[29], W< ¢ RE' %K and W¢ e R %K are two learnable ma-
trices in the d-th attention mechanism with K’ being the output
dimension, NV'(g) € N~ denotes the neighboring set that in-

cludes the nodes connecting with node q in the graph g,@“), and
ozg, ; represents the attention coefficient between nodes g and j,
ie.,

T T
O[Z,j = f (fl (af Wg?—[éa) + a? WfH;a) (9)
dT xxrdyps(a)
+ac WW )

where W¢ e RX"*1 is another weight matrix in the d-th at-
tention mechanism, W;“]) € WS is the assigned weight for

. d K' _d K’

the edge between nodes ¢ and j, ag € R™ , ay € R™ and
al € RY are three learnable weight vectors, f;(+) denotes
the LeakyReLU activation function [30], and f(-) represents
the Softmax function, which normalizes the computed attention
coefficients to facilitate comparison of different nodes.

In our work, we cascade two GAT layers with D; = 8 and
D5 =1 attention heads. The first layer encodes the node features
into a tensor of dimension K’, which is then decoded in the
second layer to recover the HRTF in the target node.
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3.4. Dual GAT Structure

In Sec. 3.3, we manage to generate the HRTFs based on IM.
However, according to [17], HRTFs also depend on some other
factors, e.g., the absolute position of the target nodes themselves
and the anthropometric characteristics. Therefore, we establish

another graph where each vertex is determined by concatenating

aandp,ie., M = a @ p, obtaining a new vertex set V" as

VI = (MY | ge Ny umiD, (10)
Afterward, we combine (10) with the edge set (5) and the weight
set (6), constructing a new graph g,<,“> as
G =", & W) (11

According to (11), another GAT (i.e., the lower branch in Figure
2) is constructed to assist the upper GAT branch, which contains
two GAT layers with D3 =8 and D4 = 1 attention heads, respec-
tively. Note that the output dimensions of the above two GAT
layers are K’ and K, which are identical to the upper branch
described in Sec. 3.3.

The features are extracted from the target nodes in the out-
put of two branches, which are then concatenated and fed into
the fully connected layer, generating the predicted HRTF.

3.5. Loss Function

We adopt the Log-spectral distortion (LSD) as the loss function
to guide network training, i.e.,

K (a) 2
a) A7(a 1 H k
LSD(H, HW) = ?§ j(201ogw 75@8 ) , (12)
k=1 P

where 7" (k) represents the predicted HRTF of the k-th fre-
quency bin.

4. EXPERIMENTS
4.1. Datasets

The experiments were carried out based on the HUTUBS
dataset [28, 31], which includes HRIR data and anthropomet-
ric data from 96 subjects. These HRIR data were sampled on a
spherical surface with a radius of 1.4 m, including measurement
data from each subject at 440 positions and simulated data at
1730 positions. Each position yielded a 256-point HRIR signal
for both left and right ears. The experiments used 12 features
of the left ear and 13 features of the torso. Due to missing an-
thropometric data for three subjects (IDs 18, 79, and 92), the
following experiments included data from 93 subjects.

4.2. Training

During the training stages, we employed a 5-fold cross-
validation strategy to improve the generalization ability of the
model. Two commonly used metrics, Log-spectral Distortion
(LSD, the lower the better) and Spectral Distortion (SD, the
lower the better), were adopted to evaluate the precision of
HRTF predictions [25, 23]. SD was computed from the mean
absolute error of the log-magnitude values between the esti-
mated and true spectra. To further optimize the model, we em-
ployed the Adam optimizer [32], with an initial learning rate of
0.002 and a learning rate decay of 5% after each training epoch.



4.3. Comparison Results

In this part, we compared the D-GAT model (dp = 12, v =
6.2), the FILM-HRTF model (64 = 0.2) [25], and the linear in-
terpolation method across different directions. The comparison
was carried out on the horizontal plane (Hor.), the median plane
(Med.), the frontal plane (Fro.) and arbitrary directions (Arb.).
As shown in Table 1, the interpolation accuracy of all methods
in Med. is higher compared to other planes. This is because
the Med., being the symmetrical plane of the head, is gener-
ally less influenced by the human anatomical structure, and the
distribution of sampling points on this plane is relatively uni-
form. In addition, the performance of the linear interpolation
method is often limited due to the uneven distribution of sam-
pling points in the HUTUBS dataset. The proposed D-GAT
model outperforms other methods on all planes and directions,
demonstrating its ability to effectively aggregate neighborhood
information and reduce interpolation errors caused by uneven
sampling distributions.

Table 1: The average LSD based on simulated data from the
HUTUBS dataset.

by setting v=6.2, we substituted the complete graph with a lo-
cally connected graph (LC-Graph) to form the GAT+LC-Graph,
delivering a significant performance improvement in (b). The
main reason is that the HRTFs are only strongly correlated be-
tween nearest nodes, and a GAT+LC-Graph structure allows the
model to better learn such a relationship. Then, the edge weight-
ing (6) was further adopted in (c), which achieves a better HRTF
interpolation accuracy compared to (b). Finally, we added the
second branch of GAT to carry out the DM from physical fea-
tures to HRTFs, constructing the dual-branch GAT (D-GAT)
with dual locally connected graphs (D-LC-Graph) in (d). It is
clear that (d) performs better in Table 3, which demonstrates the
effectiveness of the proposed D-GAT network architecture.

Table 3: Ablation study results, which averages the LSD from
5-fold cross-validation.

Model Graph Construction LSD (dB)
(a) GAT Complete Graph 2.085
(b) GAT LC-Graph 1.746
(c) GAT LC-Graph + Edge Weights 1.567
(d) D-GAT D-LC-Graph + Edge Weights 1.523

Direction Arb. Hor. Med. Fro.
Linear Interp. 6.605 6.853 2.298 6.472
FiLM-HRTF [25] 1.768 2.199 1.108 2.116
D-GAT 1.527 2.008 1.050 1.814

To further evaluate the performance of the D-GAT, we also
conducted a comparative experiment on a small-scale dataset
(the real measurements from the HUTUBS dataset). The com-
pared methods include the Linear Interp., the FILM-HRTF
model (4 = 0.3), and the NIIRF model (using 32 peak filters)
[24]. Due to the sparse nature of the measurement data, we
selected relatively larger d9=24 and =12 to ensure that each
target point contains at least one neighboring point. Since NI-
IRF selects a fixed number of random azimuth and elevation
angles to predict IIR filters to generate HRTFs, it is not applica-
ble for comparison on different planes as in Table 1. Therefore,
the comparison was carried out only in arbitrary directions. As
shown in Table II, the D-GAT method performs the best, pro-
viding the smallest LSD (3.241 dB) and SD (1.924 dB) values.
This further indicates the advantage of the D-GAT in handling
sparse HRTF datasets in the real world.

Table 2: The average LSD and SD based on measured data from
the HUTUBS dataset.

Method LSD SD
Linear Interp. 6.691 4.641
FiLM-HRTF [25] 3.449 2.156
NIIRF [24] 3.523 2.362
D-GAT 3.241 1.924

4.4. Ablation study

To evaluate the impact of different modules on overall per-
formance, we performed ablation experiments on HUTUBS
dataset. Table 3 shows the results when dgp = 12 deg. First, we
adopted only the upper branch of D-GAT incorporating a com-
plete graph (where v = ) and all-one edge weights, named
as the GAT+Complete Graph, to act as the baseline. Next,
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4.5. Parameter Sensitivity Analysis

In this experiment, we evaluated the impact of parameters Jg
and v on HRTF interpolation using data from the fifth fold. The
lower bound of v was determined by the minimum distance be-
tween the nodes. As shown in Figure 3, LSD rarely changes
with the variation of Jy or -y in a certain interval. To be specific,
the largest fluctuation is about only 0.07 dB. This revels that the
proposed D-GAT model is relatively stable with the change of
graph size or graph topology. In conclusion, the D-GAT is not
too strict in the setting of the parameters dg and ~.
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Figure 3: Performance evaluation under different parameters
dg and .

S. CONCLUSION

In this paper, we proposed a Dual-Graph Attention Network (D-
GAT) for global HRTF interpolation. First, we formulated a
set of graph construction rules, including neighborhood sam-
pling, vertex (and edge) sets formulation, and edge weighting.
Next, a dual-branch graph attention network was designed, in
which one branch predicts the HRTF via reference HRTFs from
neighboring nodes, while the other branch learns the relation-
ship between the HRTF and physical features (i.e., the absolute
target position and the anthropometric characteristics). The ex-
perimental results confirmed the validity of each module in the
D-GAT. Compared with the state of the arts [24, 25], the D-GAT
provided a higher HRTF interpolation accuracy.
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