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(3 Individuals HRIRs & HRTFs

Individual's unique ear and head shape significantly influences
the way they perceive spatial sound, making the personalization
of HRTFs crucial for an accurate and immersive audio experience.
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Right channel measurements from SADIE database For the front HRTF.



Related work (personalization)

e HRIR personalization using anthropometric features via
autoencoders (Chen et al. 2019). SD of 3.2 dB (0.2 -15 kHz)
with 20 latent space variables.
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Related work (personalization)

e HRIR personalization using anthropometric features of upper
body and pinna pictures via DNN (Lee and Kim. 2018). SD of
4.47 dB.




Related work (personalization)

e Personalization of HRTFs reconstructing first a PRTFs using
depth images of pinnae and anthropometric features (Ko et
al. 2023).SD of 5.0 dB (4 - 16 kHz).
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Related work (personalization)

e HRTF personalization using anthropometric features via
autoencoders (Chen et al. 2019). SD of 3.2 dB (0.2-15 kHz)
with 20 latent space variables.

e HRTF personalization using anthropometric Features of
upper body and pinna pictures via DNN (Lee and Kim. 2018).
SD of 4.47 dB.

e Personalization of HRTFs reconstructing Ffirst a
Pinnae-Related Transfer Functions (PRTFs) using depth
images of pinnae and anthropometric features (Ko et al.
2023). SD of 5.0 dB (4-16 kHz).



Related work (personalization)

Personalization by the parametrization of a parametric equalizer
for the Zenit and interpolate HRTFs for the midsagittal plane
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HRTFs (lida and Nakamura 2022).
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An experiment performed with
two subjects shows that HRTFs
provided accurate sound
image localization in the
midsagittal plane for the front,
zenith, and back.



s Proposal

We propose the personalization of generic HRIRs based on user feedback. We
use autoencoders to reduce the HRIR dimensionality. Autoencoders will create
a latent space representation of several databases recorded from different

human subjects.
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L ANN Models explored
e Stacked Auto-Encoders (AE)

e Convolutional Auto-Encoders (CAE)

e Denoising Auto-Encoders (DAE)

e Sparse Auto-Encoders (SAE)

e Multi-Stage Auto-Encoders (MSAE)

e Variational Auto-Encoders (VAE)

e Variational Auto-Encoders - Generative Adversarial Network (VAE-GAN)



: ANN Model

HRIRs HRTFs

Architecture Training Test Training Test
) o L o 1 o ) o
*AE 3.06 1.12 | 3.82 123 | 4.12 145 | 4.11 1.40
CAE 3.06 128 | 3.8 133 | 6.92 296 | 7.10 3.01
DAE 3.03 145 | 3.82 123 | 4.17 146 | 4.13 1.4l
SAE 412 123 | 412 124 | 4.10 140| 410 1.41
MSAE 3.46 1.12 | 3.76 1.11 | 4.05 1.27| 4.08 1.42
VAE 4.10 1.22 | 4.11 1.29 || 10.76 0.72 | 10.73 1.48
VAE-GAN | 1641 5.24 |16.32 5.28 | 4.14 135 | 4.16 1.35
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Number of latent space variables

Ideally, having a larger number of variables in the latent space could lead to
better reconstruction. However, our goal is to minimize the size of the latent
space by using as few variables as possible so subjects can memorize and work
within a short time.
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Singular AE

To provide a more organized latent space, we employ singular AE (Pault 2018),
a specialized type of AE designed to organize the latent space variables in a
manner that prioritizes more meaningful features over less significant ones.

For this implementation, the variables in the latent space created by the SVD
are standardized.

Eigenvalues for the latent space are: 1.59,1.21,0.93,0.75, 0.51.

We considered the use of 3 variables to represent the latent space.



“4{2;Reconstructions of Singular AE

By using 5 latent space variables, model have an average of 3.5 dB (¢=1.1) for
training set and 3.7 dB (¢=1.2) for the testing set.
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“4{2sReconstructions (ITDs)

ITDs reconstructions have an average
error of 1.4 and 2.6 us for the training
and testing sets, respectively.
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HRIRs personalization tool

Personalization tool expose the three latent space variables normalized.

Fixed locations and reference elevation angle to evaluate:

o Reference: 0°.
o Fixed:-30°% 90°, and 180° (back).

Memory slots in case subject want
to save previous values to compare.
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Subjective evaluation

14 subjects (one excluded due to hearing issues).
Stimulus:

O

Two acoustic quitar riffs (~5s, sampled at 35.2 kHz/16 bits) were used.
One for practice and personalization and the other one for the main
experiment.
Angles:

e Reference

e Practice and used
for personalization

e Main block

Elevation
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Subjective evaluation

Experiment is comprised by three blocks: practice and a block for a
personalized and non-personalized method. Methods block were permuted
between subjects.

For the non-personalized method, the MIT HRIR database (Gardner and
Martin 1995) was used.

On average, subjects invested 22 minutes and 28 seconds (0=10 minutes) in
the personalization process.



;- _Results of subjective evaluation
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Error bars denote the 95% confidence intervals.
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Discussion
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e Even though the reconstructions are not perfect, the ANN
implemented is comparable to other methods in terms of SD
while using only five variables in the latent space (ca. 2.26 dB
with 128 variables).

e Personalization method proposed, while using 512 latent
space variables (SD<2dB), could be an alternative to
compress HRIRs databases.

e Compared to other methods in the literature, we combined
several HRTFs databases to perform the AE training.
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