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ABSTRACT

Decoding the attended speaker in a multi-speaker environ-
ment from electroencephalography (EEG) has attracted grow-
ing interest in recent years, with neuro-steered hearing de-
vices as a driver application. Current approaches typically
rely on ground-truth labels of the attended speaker during
training, necessitating calibration sessions for each user and
each EEG set-up to achieve optimal performance. While un-
supervised self-adaptive auditory attention decoding (AAD)
for stimulus reconstruction has been developed to eliminate
the need for labeled data, it suffers from an initialization bias
that can compromise performance. Although an unbiased
variant has been proposed to address this limitation, it intro-
duces substantial computational complexity that scales with
data size. This paper presents three computationally efficient
alternatives that achieve comparable performance, but with
a significantly lower and constant computational cost. The
code for the proposed algorithms is available at https://
github.com/YYao-42/Unsupervised_AAD.

Index Terms— auditory attention decoding, EEG, unsu-
pervised learning

1. INTRODUCTION

Auditory attention decoding (AAD) aims to identify the
attended speaker in complex multi-speaker auditory envi-
ronments from brain signals such as electroencephalography
(EEG). This can be useful for neuro-steered hearing aids,
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where the attended speaker’s volume can be enhanced while
suppressing unattended speakers [1, 2]. A common approach
trains a linear neural decoder to reconstruct features of the
attended speech from EEG, and during testing, the attended
speaker is identified as the candidate most correlated with the
reconstruction [3, 4, 5, 6]. However, training or fine-tuning a
neural decoder requires labeled data indicating the attended
speaker at each time point, which in practice necessitates a
calibration session where the user follows attention instruc-
tions. Such sessions are a nuisance, in particular if they have
to be repeated frequently.

To address this, Geirnaert et al. [7] proposed unsupervised
AAD based on stimulus reconstruction, beginning with train-
ing a decoder with random attention labels. Even when using
random labels in this initial training phase, it was shown that
the resulting decoder can achieve above-chance decoding per-
formance. Each subsequent iteration updates the model using
newly predicted labels, which include a higher proportion of
true attended labels. This yields a higher-quality decoder that
produces more accurate predictions in the next iteration. This
bootstrapping effect continues until convergence.

However, this approach suffers from initialization bias, as
training and testing on the same data across iterations causes
the model to favor initial (possibly wrong) predictions [8].
Heintz et al. addressed this by implementing leave-one-out
cross-validation within each iteration [8]: training on K −
1 segments and predicting the remaining segment, repeated
for all K segments. While this cross-validated version im-
proves performance, particularly with limited training data,
it requires training the model K times per iteration, creating
substantial computational overhead.

In this paper, we propose unsupervised training methods
based on canonical correlation analysis (CCA) that are inher-
ently robust to AAD label noise in such self-adaptive itera-
tions. Our approach achieves comparable performance to the
cross-validated version from [8] but requires only one model
training per iteration instead of K. This substantial reduc-
tion in computation time makes it particularly well-suited for
real-time or time-adaptive implementations [9].

https://github.com/YYao-42/Unsupervised_AAD
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2. METHODS

We consider a 2-speaker scenario without loss of generality
as all methods can be straightforwardly extended to an N -
speaker setting. Let S1,S2 ∈ RT×Ds denote the speech fea-
tures, such as speech envelopes, of the two candidate speak-
ers, where T is the number of samples and Ds is the fea-
ture dimension. Given EEG signals X ∈ RT×Dx with Dx

channels, the goal is to determine which of S1 or S2 corre-
sponds to the attended speaker’s features (denoted Sa) and
which to the unattended speaker’s features (denoted Su). In
practice, decoding is performed on a segment basis to ob-
tain time-resolved estimates of attention: a long recording
is divided into K segments, yielding {Xk}Kk=1, {S1k}Kk=1,
and {S2k}Kk=1, and the attended speaker is identified per seg-
ment. For simplicity, we assume the signals are centered, i.e.,
E[Xk] = E[S1k] = E[S2k] = 0, where E[·] denotes the ex-
pectation operator.

2.1. Baseline: Single-Encoder Version

The original algorithm in [7] is based on a backward model
that reconstructs the attended speaker features from EEG sig-
nals using linear regression. Here we present a more general
CCA-based variant based on [10]. In the supervised setting,
CCA optimizes a decoder wx ∈ RDx×1 (on the EEG side)
and an encoder wa ∈ RDs×1 (on the audio side) to maximize
the correlation between the transformed EEG signals and the
features of the attended speaker:

maximize
wx,wa

wT
xX

TSawa

subject to wT
xX

TXwx = 1,

wT
aSa

TSawa = 1.

(1)

As opposed to the backward model, CCA allows exploiting
both multivariate data modalities to identify a shared subspace
that maximizes the correlation between them.

The optimized vectors ŵx and ŵa are the first canoni-
cal components. Higher-order components are obtained iter-
atively by solving (1) in a subspace where the transformed
signals are orthogonal to those from previous iterations. In
matrix form, this corresponds to:

maximize
Wx,Wa

Tr (WT
xRxaWa)

subject to WT
xRxxWx = IQ,

WT
aRaaWa = IQ,

(2)

where Wx = [wx1 · · ·wxQ] and Wa = [wa1 · · ·waQ] con-
tain the first Q canonical components, Rxa = XTSa, Rxx =
XTX, and Raa = Sa

TSa. The solution to (2) can be obtained
by solving a generalized eigenvalue decomposition (GEVD)
problem [11]:

RŴ = DŴΛ, (3)

where Λ is a diagonal matrix containing the generalized
eigenvalues ordered in descending order, and

R =

[
Rxx Rxa

RT
xa Raa

]
,D =

[
Rxx 0
0 Raa

]
,Ŵ =

[
Ŵx

Ŵa

]
.

(4)
For a test pair of features (S1k,S2k), the attended speaker

is identified by finding

j = argmax
i∈{1,2}

ρ̃ik, (5)

where ρ̃ik is the sum of canonical correlations computed us-
ing the trained decoder Ŵx and encoder Ŵa:

ρ̃ik =

Q∑
q=1

ŵ⊤
xqX

⊤
k Sikŵaq√

ŵ⊤
xqX

⊤
k Xkŵxq

√
ŵ⊤

aqS
⊤
ikSikŵaq

, i = 1, 2.

(6)
Sjk is then assigned as Sak, and the other as Suk.

In the unsupervised setting, the true attended speaker la-
bels are unavailable, so the statistics Raa and Rxa cannot be
computed because the per-speaker segments {S1k}Kk=1 and
{S2k}Kk=1 cannot be mapped to attended and unattended sets
{Sak}Kk=1 and {Suk}Kk=1. Following the self-adaptive ap-
proach of [7], we begin by randomly assigning one of S1k

or S2k as Sak (and the other as Suk). Using these initial ran-
dom labels, we form X,Sa, and Su by stacking the segments
over time. Wx and Wa are then estimated by solving (3), and
the labels are updated according to (5). This procedure is iter-
ated, each time based on the previously assigned labels, until
convergence. A summary of this basic version, here called the
single-encoder version, is provided in Algorithm 1. However,
as identified in [8], this approach suffers from initialization
bias where the model favors assigning the same labels as in
the previous iteration, making initial wrong predictions per-
sist. To address this without expensive inner cross-validations
as in [8], we propose three variants described in the following
sections.

2.2. Two-Encoder Version

For the single-encoder version, only the features of the at-
tended speaker Sa are incorporated in the optimization. We
extend this with two encoders: Wa for the attended features
Sa and Wu for the unattended features Su, both sharing the
same decoder Wx, to jointly maximize the correlation be-
tween EEG and the features of both speakers:

maximize
Wx,Wa,Wu

Tr (WT
xRxaWa +WT

xRxuWu)

subject to WT
xRxxWx = IQ,[

Wa
T Wu

T
] [Raa Rau

RT
au Ruu

] [
Wa

Wu

]
= IQ,

(7)
where Rxu = XTSu,Rau = Sa

TSu, and Ruu = Su
TSu.



Algorithm 1 Single-/Two-Encoder Version

1: Input: EEG segments {Xk}Kk=1, speaker features {S1k}Kk=1 and
{S2k}Kk=1, number of components Q

2: Initialize: For each k, draw j ∈ {1, 2} uniformly and set Sak←Sjk ,
Suk←S(3−j)k

3: while not converged do
4: Build R, D from current labels. For single-encoder,

R =

[
Rxx Rxa

RT
xa Raa

]
,D =

[
Rxx 0
0 Raa

]
.

For two-encoder,

R =

Rxx Rxa Rxu

RT
xa Raa Rau

RT
xu RT

au Ruu

 ,D =

Rxx 0 0
0 Raa Rau

0 RT
au Ruu

 .

5: Solve RŴ = DŴΛ to obtain Ŵ (partitioned as Ŵx,Ŵa for
single-encoder; Ŵx,Ŵa,Ŵu for two-encoder).

6: For each k, compute ρ̃1k and ρ̃2k using (6), and set j =
argmaxi∈{1,2} ρ̃ik, Sak←Sjk, Suk←S(3−j)k.

7: end while
8: Output: Ŵ

In the ideal case with sufficient labeled data, the two-
encoder version may suffer performance loss due to its in-
herent reduced discriminative power as Wx is encouraged to
extract EEG responses to both speakers (not only the attended
one). However, in unsupervised self-adaptive settings, this
approach may be more robust to label errors, as Wx will be
less attracted to wrongly labeled attended speech responses
(which would otherwise bias it towards producing the same
wrong labels for the next iteration). This increases the chance
of recovering from wrong predictions.

The solution to (7) can again be obtained by solving the
GEVD problem (3), with

R =

Rxx Rxa Rxu

RT
xa Raa Rau

RT
xu RT

au Ruu

,D =

Rxx 0 0
0 Raa Rau

0 RT
au Ruu

 ,

W =
[
ŴT

x ŴT
a ŴT

u

]T
.

(8)
The attended speaker is still identified using (5). When pre-
dicting the attended segments, however, only the attended en-
coder is used (together with Wx). A summary can be found
in Algorithm 1.

2.3. Soft Version

Instead of making hard assignments of attended and unat-
tended segments, we propose a soft version that assigns
weights to each segment based on prediction uncertainty.
This approach provides a principled middle ground between
the single-encoder and two-encoder versions, maintaining
the more optimal single-encoder structure while incorporat-
ing information from both attended and unattended segments
adaptively when the model is less certain. The formula-
tion follows (1)-(4), but replaces Sa with its soft version
p1kS1k + p2kS2k, where p1k and p2k are the probabilities of
S1k and S2k being the attended speaker in segment k. The

Algorithm 2 Soft version
1: Input: EEG segments {Xk}Kk=1, speaker features {S1k}Kk=1 and
{S2k}Kk=1, number of components Q

2: Initialize: Randomly initialize Ŵ
3: while not converged do
4: Compute ρ̃1k and ρ̃2k for each k using (6) and estimate parameters

{µa, σ2
a, µu, σ2

u} as in [12].
5: Estimate soft labels p1k, p2k based on (10)-(11).
6: Build R, D using the soft labels:

R =

[
Rxx Rxa

RT
xa Raa

]
,D =

[
Rxx 0
0 Raa

]
,

where

Rxa =

K∑
k=1

XT
k(p1kS1k + p2kS2k),

Raa =

K∑
k=1

(p1kS1k + p2kS2k)
T(p1kS1k + p2kS2k).

7: Update Ŵ by solving GEVD: RŴ = DŴΛ.
8: end while
9: Output: Ŵ

statistics Rxa and Raa become:

Rxa =

K∑
k=1

XT
k(p1kS1k + p2kS2k),

Raa =

K∑
k=1

(p1kS1k + p2kS2k)
T
(p1kS1k + p2kS2k).

(9)

The probabilities are estimated in a subject-specific, un-
supervised manner using the method proposed by Lopez-
Gordo et al. [12]. This approach models the (sum of
canonical) correlations between EEG and the features of
the attended and unattended speakers as two Gaussian dis-
tributions: N (µa, σ

2
a) and N (µu, σ

2
u). The parameters of

these distributions are estimated from the same training data
used to learn the encoder and decoder without knowing the
labels (see [12] for details). Let j be the index of the at-
tended speaker. We assume no prior label information, i.e.,
p(j = 1) = p(j = 2) = 0.5. Using Bayes theorem, p1k and
p2k can be estimated as:

p1k =
p(ρ̃1k, ρ̃2k|j = 1)p(j = 1)∑

j={1,2} p(ρ̃1k, ρ̃2k|j)p(j)
=

p(ρ̃1k;µa, σ
2
a)p(ρ̃2k;µu, σ

2
u)

p(ρ̃1k;µa, σ2
a)p(ρ̃2k;µu, σ2

u) + p(ρ̃1k;µu, σ2
u)p(ρ̃2k;µa, σ2

a)
,

(10)
p2k = 1− p1k, (11)

where p(·;µ, σ2) is the probability density function of a Gaus-
sian distribution with mean µ and variance σ2. The soft ver-
sion is summarized in Algorithm 2.

2.4. Sum-Initialized Single-Encoder

Rather than randomly initializing the encoder and decoder,
we propose training the single-encoder model with a com-
posite signal—the sum of the features of both speakers—in



the first iteration. This initialization corresponds to setting
p1k = p2k = 0.5 in the soft version of Section 2.3, which al-
lows the model to capture neural responses that are common
to both attended and unattended speakers, providing an infor-
mative starting point without a bias to a specific speaker for
an individual segment k. The underlying hypothesis for this
simple heuristic is that the bias found in [8] is mainly driven
by the initialization, resulting in a self-sustaining label bias
from which the iterations cannot escape.
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Fig. 1: Transductive accuracy, inductive accuracy, and nor-
malized CPU time (w.r.t. baseline) across training set sizes.
Dots and bars show mean and standard deviation across sub-
jects and random seeds. Note: the supervised model is not
shown in the transductive setting as this would imply using
training labels.

3. EXPERIMENTS

3.1. Dataset and Hyperparameters

We evaluate all methods on a public dataset from [13] used in
[7, 8]. It contains 72-min EEG recordings from 16 normal-
hearing subjects attending to one of two competing speakers
at ±90◦ azimuth, with corresponding audio data. Following
[7], audio signals are processed using a gammatone filterbank,
envelopes are extracted via power-law operation (exponent
0.6) and summed across subbands. Both EEG and speech
envelopes are filtered to 1-9 Hz, downsampled to 20 Hz, and

cut into 60-s segments.
This paper works with CCA-based models, and thus the

hyperparameters are slightly different from [7]. The number
of components Q is set to 2. For EEG signals, we create time-
lagged copies at 0-150 ms (capturing current and future infor-
mation) and stack them along the channel dimension. For
audio envelopes, we create time-lagged copies at -250-0 ms
(capturing past and current information) and stack them along
the feature dimension.

3.2. Results

We evaluate decoding performance in both transductive and
inductive settings. In the transductive setting, predictions are
generated for the data on which the unsupervised model is
trained, while inductive decoding assesses model generaliza-
tion to unseen data. We also report normalized CPU time, de-
fined as the ratio of each method’s computational time to that
of the baseline single-encoder approach from Section 2.1. To
examine the performance under limited training data settings,
random 3-fold cross-validation is used, with the training sets
subsampled to target durations. Train/test splits are identical
across methods.

As shown in Fig. 1, trends are similar for both decoding
settings, with the effects of removing initialization bias more
pronounced in transductive decoding. The sum-initialized
single-encoder consistently outperforms the two-encoder
method and is particularly strong with limited data (5-15
min). The soft-label method underperforms on small sets
but approaches the cross-validated variant with more data.
In computational cost, the normalized CPU time for the
cross-validated variant scales linearly with training set size,
reaching ∼ 30× for 45-min training sets. All our proposed
alternative methods eliminate this scaling: two-encoder and
soft methods maintain a constant normalized time of ∼ 1.5×
regardless of data size, while the sum-initialized method
matches the baseline’s time cost (1.0×).

4. CONCLUSION

We proposed three computationally efficient solutions to mit-
igate initialization bias in unsupervised self-adaptive AAD.
The two-encoder version trains encoders for both attended
and unattended features. The soft version replaces hard
segment assignments with probabilistic weights. The sum-
initialized single-encoder method initializes the model with a
composite signal. For smaller datasets, the sum-initialized
approach is the top performer while matching the base-
line’s computational cost. With larger datasets, the soft-
label method becomes competitive, approaching the cross-
validated variant’s accuracy at low cost. A limitation of this
work is that evaluation was restricted to a single dataset. Fu-
ture validation on more diverse datasets is needed to confirm
generalizability.
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