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Introduction
In a cocktail party scenario with at least two com-
peting speakers, signal processing algorithms such as
beamformers can benefit from information about the at-
tended speaker. Auditory attention decoding (AAD) ad-
dresses this problem by predicting the attended speaker
from recorded electro-encephalogram (EEG) signals. As
shown in Figure 1, AAD decodes the speech envelope
of the attended speaker ya(t) from the EEG signals and
correlates it with the envelopes of the competing speak-
ers. Following this general approach, several linear and
non-linear decoding approaches have been developed [1].
While preceding work [2] showed, that the neural repre-
sentation of speech indeed resembles the stimulus enve-
lope, which motivates the decoding of speech envelopes
from EEG signals, it is also known that the neural repre-
sentation lags behind the stimulus onset. In our work, we
therefore aim to increase the decoding accuracy of linear
subject-specific decoders by compensating the individual
neural latencies and by finding optimal filter orders for
the decoder. To reduce the computational complexity of
the decoder training, we also investigate the benefit of
applying a dimensionality reduction method to the EEG
signals, which takes the target speech envelope into ac-
count.

Auditory attention decoding
Auditory attention decoding (AAD) refers to the decod-
ing of the attended envelope from the EEG signal and
comparing the estimated envelope with the envelopes of
the speakers. To this end, the decoder can be imple-
mented as an array of FIR filters, which filter the EEG
signals to obtain the speech envelope of the attended
speaker ya(t). The estimated envelope of the attended
speaker can then be computed over the channel-wise con-
volution

ya(t) =

C
∑

c=1

K
∑

κ=0

hc(κ)xc(t− κ+ L), (1)

where K is the filter order, C is the number of chan-
nels, hc are the filter coefficients for channel c and xc is
the EEG signal for channel c. To compensate the neu-
ral latency between speech and the corresponding EEG
response, we shift the EEG signal by L samples. The
objective is now to find the optimal filter coefficients and
the best parameter set of filter order K and lag L.

Ordinary least squares (OLS) regression is a well known
technique to estimate optimal filter coefficients by min-
imizing the mean-squared error between prediction and
observed variable. To determine the optimal filter coef-

ficients, we re-write (1) in vector notation for a given
speech segment yi ∈ R

N

yi = Xihi, (2)

where hi ∈ R
CK contains the corresponding filter coeffi-

cients for all EEG channels and Xi ∈ R
N×CK contains

the EEG data. Using the pseudo-inverse, the OLS solu-
tion can be found by

hi =
(

XT

i Xi

)−1

XT

i yi. (3)

The first term XT
i
Xi is the correlation matrix of the

EEG signals, while the second term XT
i
yi is the cross-

correlation vector between EEG signals and speech enve-
lope. We train the decoder by averaging the correlation
matrices and the cross-correlation vectors over I trials,
where each trial consists of a speech and corresponding
EEG segment.

Given the usually high number of partly correlated EEG
channels, a direct application of the OLS method entails
a high computational effort and possibly numerical in-
stabilities because of ill-conditioned correlation matrices.
Therefore, it is worthwhile to apply dimensionality re-
duction techniques to the EEG signals. One idea is to
use principal component analysis (PCA), which trans-
forms the EEG signals into a lower-dimensional space
while retaining maximum variance components. The
transformed representation can then be used for the OLS
method instead of the EEG matrixXi. However, as PCA
is agnostic about the target speech envelope, the princi-
pal components do not necessarily have high predictive
power if only few components are retained. Another idea
is to use the partial least squares (PLS) method, which
transforms both, the prediction variable and the observ-
able data into new spaces in which the transformed repre-
sentations have maximal covariance. In our case, the pre-
diction variable is the envelope of the attended speaker,
while the observed data is the EEG data.

Experiments
In our experiment we focus on subject-specific decoders
and the subject-specific compensation of the neural la-
tency. Therefore, we evaluate the decoding accuracy,
which is the frequency how often the attended speaker is
detected in all trials. Because the number of training tri-
als is small, we perform a leave-one-out cross-validation
and evaluate the decoder techniques (OLS, PLS) sepa-
rately. As a baseline approach, we use a decoder with
coupled filter order and decoder lag K = L which takes
all EEG samples from the current point in time to the
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Figure 1: Structure of auditory attention decoding (AAD). AAD decodes the envelope of the attended speaker from the EEG
signal and predicts the attended speaker by correlation of estimated envelope with the speech envelopes of the speakers.

lag L into account. For the OLS method, we investi-
gate the decoding accuracy as a function of lag L and
filter order K. Then, we perform an exhaustive search
for the best parameter set (lag L , filter order K) for
each participant. For the PLS method, we additionally
find the best number of components for each participant.
As search space, we consider L = 0 . . . 10, K = 0 . . . 9,
#PLS components = 1 . . . 64.

For our experiments, we use the dataset in [3], where the
EEG signals of 16 participants (8 male and 8 female) have
been recorded in a cocktail party scenario. The stimuli
were played in two conditions dichotic and HRTF. For
the dichotic condition, one speaker per ear was presented,
whereas for the HRTF condition the speech signals were
filtered with head-related impulse responses, so that one
speaker was perceived from the left side and the other
from the right side. We evaluate the conditions sepa-
rately. A 64-channel EEG was recorded with a sampling
rate of fs = 128 Hz. The experiment was set up with
two competing speakers, where the participants had the
task to attend to one speaker and ignore the other.

We preprocessed the data (similar to [4, 5]), so that
speech envelopes and estimated attended speech envelope
can be compared. Therefore, we extract speech envelopes
by applying a power-law | · |0.6 on the broad-band speech
signals and then downsample the signals to 128 Hz. Now
both signals have the same sampling rate. We filter both
signals with a band-pass filter between 1−9 Hz and dec-
imate to 20 Hz, which is our target sampling rate. In the
end, we split the signals into trials of 30 s.

Results
We evaluate the decoding accuracy of the OLS decoder
with respect to lag L and filter order K for the condi-
tions dichotic and HRTF. Figure 2 shows the results with
the baseline method (blue), which uses all the EEG data
from the current time to a given lag L, a method with
optimal filter order for each lag (red), a method with
filter order K = 0 (green) and the proposed method,
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Figure 2: Decoding accuracy for the OLS decoder under the
conditions dichotic (o) and HRTF (x) with different methods.
The baseline method (blue) uses EEG data from the current
time to a given lag L. The optimal K method uses optimal
filter order for each lag and subject (red). The method with
filter order K = 0 uses only one sample per EEG channel
(green). The proposed method (best L and K) uses optimal
lag and filter order for each subject (pink).

which uses optimal lag and filter order for each subject
(pink). Comparing the conditions, we can see, that the
HRTF condition outperforms the dichotic condition for
L/fs > 150ms. Focusing on the decoder with K = 0
where the maximum accuracy can only be achieved if
EEG and stimulus envelopes are synchronized, we find
the maximum decoding accuracy at 250ms which we de-
fine as the average neural latency. With this insight we
analyze and compare the baseline method (blue) and the
method with optimal filter order for each lag (red), where
we can see an increase of performance up to 250ms. Using
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Figure 3: Distribution of best lag L and filter order K for
the dichotic (blue circles) and HRTF (red crosses) conditions
with corresponding regression lines.

a larger lag leads only to small changes in performance.
Also, we can see, that the method with optimal filter or-
der for each lag (red) outperforms the baseline method
(blue). Finally the proposed method (pink line) with op-
timal lag and filter order for each subject, outperforms
all other methods.

For the OLS decoder, we plot the optimal lag L and cor-
responding filter order K for each participant in Figure 3
where we evaluate the conditions dichotic and HRTF
separately. The figure shows a linear relationship be-
tween lag and filter order. However, the baseline method
(K = L) does not necessarily lead to the best combina-
tion of lag and filter order. Furthermore, we observe that
the combination of lag and filter order always cover an
average neural latency of 250ms. From the OLS result we
conclude, that the subject-specific neural latency can be
compensated by a good combination of lag L and filter
order K.

In Table 1 the mean decoding accuracy for OLS, PLS
with all components (PLSall) and PLS with the best num-
ber of components (PLSbest) are presented. Comparing
the performance between the PLS methods, PLSbest out-
performs PLSall. We further analyze the best number of
PLS components across all participants in Figure 4. The
figure shows the best number of components which are
substantially lower (13 for dichotic, 12 for HRTF) com-
pared to the full rank representation (64 components).
This result confirms the hypothesis that dimension reduc-
tion does not only reduce the computational complexity
but also increases the decoding accuracy.

Table 1 also compares the proposed methods statistically
by a right-sided t-test with the baseline methods. We can
see, that all proposed methods outperform the baseline
methods highly significantly (p < 0.001). As already
observed for the OLS method, we can also see here a
better performance for the HRTF condition than for the
dichotic condition. The PLS method with all compo-
nents (PLSall) does not necessarily outperform the OLS
method, but finding the best number of components in-
creases the accuracy. On average, PLSbest outperforms

OLS for the dichotic condition (increase of 2.65% in per-
formance). For the HRTF condition, the differences be-
tween PLSbest and OLS are small (increase of 0.78% in
performance).
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Figure 4: Best number of PLS components across all sub-
jects for the conditions dichotic (median 13) and HRTF (me-
dian 12).

Table 1: Results for OLS, PLS with all components (PLSall),
PLS with the best number of components (PLSbest) for the
proposed method and the baseline method. The condi-
tions are evaluated separately and a right-sided t-test was
performed. All proposed methods outperform the baseline
method highly significantly (p < 0.001). The baseline method
uses EEG data from the current time to a given lag L, whereas
the proposed method always uses the best lag and filter order
for each subject.

accuracy [%]

method proposed baseline p-value

d
ic
h
ot
ic OLS 81.25 76.91 1.65x10−6

PLSall 79.43 72.22 2.62x10−6

PLSbest 84.90 80.73 2.74x10−6

H
R
T
F OLS 88.63 83.85 1.75x10−6

PLSall 85.94 74.48 1.21x10−5

PLSbest 89.41 83.77 4.44x10−5

Conclusions
In this paper we have proposed a method, which opti-
mizes the lag and filter order of auditory attention de-
coders (AAD) to compensate the subject-specific neural
latency. The results show a significant increase of the
overall decoding accuracy compared with generic settings
of the lag and filter order. Hence, a subject-specific com-
pensation of the neural latency and choice of optimal
individual decoder filter orders appear to be crucial for
an improved decoder performance. AAD applications,
which rely on deep learning methods, could therefore
also benefit from such a subject-specific adjustment. For
this purpose appropriate estimation approaches have to
be developed. Regarding the PLS method, our investi-
gation shows that reducing the number of components
leads to an improved decoding performance. In particu-
lar, the optimal number of components turns out to be
much lower than the maximum possible number of com-
ponents, which can possibly be explained by the target-
oriented dimensionality reduction performed by PLS. Fu-
ture AAD algorithms could therefore benefit from a joint
optimization of the subject-specific latency and a PLS-
based decoding scheme.
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