P STADIY KU LEUVEN sbORL

eeeeeeeeeeeeeeeeeeeeeeeeee
Signal Processing and Data Analytics

Performance Modeling for
Correlation-based Neural Decoding of
Auditory Attention to Speech

Simon Geirnaert website  paper

Joint work with Jonas Vanthornhout, Tom Francart, and Alexander Bertrand COf X AC P S

e




(=] 3% =]

Our lab focuses on signal processing algorithms
for neural (attentio %decodmg to
natural stlmull (speech, video)
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Neuro-steered hearing devices for cocktail party scenarios




Selective Auditory Attention Decoding
(AAD) problem



In AAD, the EEG-stimulus decoding-encoding paradigm

is often used, based on neural tracking
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In AAD, the EEG-stimulus decoding-encoding paradigm
is often used, i.e., ‘correlation’-based paradigms
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The performance curve allows quantifying the effect of
the critical decision window length parameter
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The performance curve allows quantifying the effect of
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Applications

1. Continuous and efficient monitoring of the
accuracy-decision window length trade-off

2. Theoretical model to translate accuracy targets
into correlation targets and vice versa
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Modeling correlations in the AAD decision system
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Modeling decisions in the AAD decision system
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Quantifying AAD accuracy

AAD decision variable
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Extrapolating AAD accuracy across decision window lengths
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Extrapolating AAD accuracy across decision window lengths
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Extrapolating AAD accuracy across decision window lengths

AAD accuracy = 100 (1 — F(0; ptg — pu, 02 + 012;,))

Ha Mean values of p, (12)

0.16
0.14
0.12

0.1
0.08
0.06
0.04
0.02

———
==
= =

Decision window length [s]

Hotelling series expansion

Hu
0.16 |
0.14
0.12 -

0.1F

x%

— artanh

~ artanh(p, pu) + A

= E{r.} = E{ru}
remain constant
across decision window lengths

Mean values of p, (py)

0.08 | .

0.06 |

0.04 | mean
0.02

Decision window length [s]

18

M. A. Lopez-Gordo, S. Geirrnaert, and A. Bertrand, “Unsupervised Accuracy Estimation for Brain-Computer Interfaces based on Selective Auditory Attention Decoding,” /EEE Trans. Biomed. Eng.,vol. 72, no. 8, pp. 2388-2399,2025



Extrapolating AAD accuracy across decision window lengths

Given known/estimated parameters on window length w; = Ny f; :
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Algorithm performance curve modeling
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Validation on two datasets and two correlation-based algorithms

Setting 1: linear decoding on Das-2016 dataset
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Validation on two datasets and two correlation-based algorithms

Setting 1: linear decoding on Das-2016 dataset
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Validation on two datasets and two correlation-based algorithms

Setting 2: VLAAI deep neural network on Fuglsang-2018 dataset
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The average performance can be closely approximated,
especially with a baseline window length in the middle
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Setting 1

The amount of estimation data controls a trade-off between
adaptivity and estimation error

mean absolute error [pp]
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Individual performance curve estimation can be done accurately

Setting 1

Setting 2

Accuracy [%] per decision window length [s] Abs. error
Part. 60 30 20 10 5 1 % in CI
true pred | true pred | true pred | true pred | true pred | true pred | mean std
1 819 804 | 743 729 | 662 69.1 | 64.1 638 [ 609 599|547 544 | 22 1.8 100.0
2 944 953 938 884 (856 836 (77.8 756|715 688|597 587 26 21 80.0
3 944 960 [ 91.7 89.5 | 8.6 848 ( 78.0 76.7 728 69.7]59.8 59.1| 24 1.6 90.0
4 93.1 954 | 8.1 884 819 835 (748 755|688 687|594 586 | 1.7 12 96.7
5 944 974 (924 917|889 87.1(80.6 789|706 716|598 60.1| 20 1.6 83.3
6 93.1 912|826 832 80.1 784 (706 71.1|667 653|574 570 16 13 100.0
7 93.1 935|833 859|792 810 (755 733|682 670|581 578 | 1.7 14 100.0
8 79.2 757 | 715 69.0 | 67.1 65.7 [ 63.0 613 586 58.0]552 536 24 26 91.7
9 764 793 [ 68.1 720 | 644 684 (623 633582 595|541 543 | 35 29 88.3
10 917 943 | 847 870|815 821 (745 743|664 678 588 582 20 14 100.0
11 86.1 86.5| 80.6 783|727 7391690 675|632 626|566 557| 20 1.6 96.7
12 79.2 81.8 | 694 741 | 704 70.1 [ 650 646 63.0 604|563 547 | 27 22 91.7
13 90.3 909 [ 854 828 | 79.6 781 (715 709|652 651|572 569 | 18 1.6 98.3
14 972 987951 943|912 90.1 [ 829 820|765 741|624 614 | 15 1.1 91.7
15 91.7 93.1 | 854 854 (819 805 (743 729|674 667 (587 576 1.7 1.1 100.0
16 958 954 875 884|843 836 (778 756|681 689|588 587 1.6 15 95.0
Mean | 95.8 954 | 875 884 | 843 836 | 77.8 756 | 68.1 689 | 588 587 2.1 1.7 94.0
Participant
1 2 3 4 6 7 8 9 10 11 12 13 14 15 16 17 18 | Mean

mean abs err. | 23 29 25 24 31 24 22 23 24 19 27 27 26 24 21 29 26 25| 25

std abs err. 1.8 27 28 19 22 24 17 14 23 15 26 30 21 18 16 21 1.7 24 2.1

% in95%-CI | 88 94 92 98 86 92 94 90 94 96 98 98 90 88 96 88 82 96 || 92.2
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