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Beyond spectral reconstruction, we learn a
perception-informed HRTF latent space by

preserving perceptual relations among HRTFs.
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Comparing Pearson correlation and reconstruction error for the proposed methods and the baseline.

Dataset: SS2 HRTF dataset [4] PBC metric; Both losses applied; SS2 dataset

Setup: 1) Learning with spectral reconstruction
2) Compute pairwise latent distance across subjects
3) Compute pairwise perceptual distance across subjects

Reconstruction Error
SDE (dB) | PBC |

train train  test

0.87 0.56 1.04
0.82 0.67 1.09
1.00 0.79 1.11
1.03 0.64 1.02

Pearson Correlation 1
Ground-truth (GT) Reconstructed

train test

train test
0.80+0.14
0.60+0.09

Research question: Methods

- We investigate: how well do existing learned
HRTF representations preserve perceptual Proposed Ly + Laign + Lpac
relations. Baseline Lo
We improve: the latent HRTF representations L N Ablation study Lo + Lpjign

to align them with human perception. Lo + Lpac

test

1.58
1.51
1.58
1.58

Correlation between latent space and the perceptual metrics . 0.95+0.01 | [0.86+0.13
Model: Implicit Neural Representations; Anchor: one subject 0.71+0.22 11 0.78+0.06 11 0.80+0.14
0.96:0.01 0.87+0.04 0.82+0.13

0.78+0.14
0.64+0.10 0.71+021 0.77+0.08 0.83+0.17
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AEP /| DRMSP metric; MMDS supervision loss; SS2 dataset

Proposed solution : PBC metric; Both losses applied; HUTUBS dataset

- Perceptual metric-based loss function
- Supervision via Metric Multidimensional
Scaling (MMDS)

Pearson correlation{ SDE (dB)/]
train GT test GT

0.76+0.09 0.67+0.16
0.07:031 -0.10+0.27 0.60+0.14 0.55+0.23 0.82 1.51 L + Laiign + Lpgc

0.60+0.14  0.40+0.15 0.96:0.02 0.70x020| 0.91 1.74 Lo
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Correlation with SDE: 0.78 0.73 0.37
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metrics
AEP DRMSP
0.71+0.08 0.43+0.13

Pearson correlation results for three perceptual
Models PBC

Convolutional 0.60=+0.11
Autoencoder [9] -0.15+0.21

0.60+0.09

Methods

Pearson correlationt SDE (dB)]
train GT test GT

0.98+0.01 0.71:0.13
0.58+0.12 0.62+0.14

train  test

1.09 1.65

Partitions Methods
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Application

HRTF personalization train

test

Implicit Neural

Q.%<%1<1E&)1%%&/-*(XG<%1S&G&,*
G&*J1' D&, &%-/(:&E1 OTPT+B '-*-E&*H

0.%<%1<1E&)1%%&/-*(XG<%1S&G& E&*I1'
D&,&%-/(:&E1 &:*&%,-1(:-*(1, -, [1)-1(-*(1,H
"#3%&%'("Yo#)

Head-related transfer functions (HRTFsS) are a

set of functions of frequency at different azimuth and
elevation angles, describing the spatial filtering effect
of the ears, torso, and head onto sound sources.

Full paper
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Metric multi-dimensional scaling (MMDS)

Polar angle (degree

Pairwise perceptual distance matrix M
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Spectral distance: Spectral Difference Error (SDE)

SDE, (H, H) = 1 Z 20 - logy, <Ij1(9’ > k)>

L 4~ (6, 6, k)
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PBC loss (only when the metrics is differentiable)
LPBC — PBC(X, )A()
Metric Multidimensional Scaling (MMDS) supervision (can be applied to every metric)

Pearson Correlation

E[(A—pa)(B— up)]
OAORB

PA,B = Lpiign = ||z — zmps||2




