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A hidden Markov model for unsupervised
EEG-based tracking of auditory attention

to a single voice
Tianyi Li1, Simon Geirnaert1,3, Davina Van den Broek2, Elien Bellon2, Bert De Smedt2 and Alexander Bertrand1

Abstract—Objective: Absolute auditory attention decoding
(aAAD) aims to track how strongly a listener attends to a
single speech source using electroencephalography (EEG). Unlike
selective auditory attention decoding, aAAD lacks a competing
speech reference, making reliable attention tracking challenging.

Approach: We propose a fully unsupervised aAAD pipeline
combining neural envelope tracking (NET) with hidden Markov
model (HMM)-based temporal inference. Using EEG signals and
the target speech envelope, the framework estimates a continuous
attention trajectory without explicit attention-state labels. We
evaluate the approach using EEG recordings from 30 adults,
investigate the impact of analysis window length, and compare
HMM post-processing with moving-average (MA) smoothing and
alternative EEG features.

Main results: With 1-s analysis windows, non-causal HMM
post-processing improves the area under the receiver operating
characteristic curve (AUC) for all 30 participants, increasing
mean AUC from 0.547 for raw NET to 0.832. A 5-s window
achieves the highest mean AUC of 0.858. Compared with non-
causal MA smoothing, the HMM achieves higher AUC across the
examined smoothing scales. Individual switch detection times are
comparable, while the HMM generally achieves lower group-level
detection times. NET also outperforms alpha power and spectral
entropy as an observation feature in the unsupervised HMM
framework.

Significance: The proposed framework provides a label-free
approach for estimating temporal fluctuations in auditory atten-
tion, demonstrating the utility of probabilistic temporal inference
for continuous attention tracking in single-speaker listening
scenarios.

Index Terms—Absolute auditory attention decoding, neural
envelope tracking, hidden Markov model, unsupervised temporal
inference, EEG.

I. INTRODUCTION

Auditory attention plays a crucial role in contexts such as
classroom environments, where the instructor’s voice often
acts as the primary attractor. However, attention is not a
static cognitive state; instead, it fluctuates over time and is
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influenced by factors such as distractions, fatigue [1], and mind
wandering [2]. Understanding how auditory attention evolves
over time can therefore provide valuable insights into learning
processes in the classroom and enable applications such as
attention monitoring systems that track students’ engagement
dynamics and provide student-specific feedback [3].

In the past decade, extensive research has demonstrated
that auditory attention to natural speech can be decoded from
EEG signals with stimulus reconstruction approaches [4]–[7].
Compared to commonly used EEG markers associated with
attention such as alpha power [8], [9] and spectral entropy
[10], neural envelope tracking (NET) has been regarded as
a stimulus-specific metric of auditory attention, as it reflects
neural responses to the speech signal itself rather than general
mental effort [10]–[12]. To compute the NET metric, a neural
decoder is trained to reconstruct the temporal envelope of
the attended speech from EEG recordings, and the Pearson
correlation between the reconstructed envelope and the corre-
sponding speech envelope is used as a measure of auditory
attention. This NET-based approach has been successfully ap-
plied in selective auditory attention decoding (sAAD) [4]–[6]
and absolute auditory attention decoding (aAAD) paradigms
[11], [13]–[15].

In sAAD, attention is measured by comparing correlations
across multiple competing speakers, with the speaker yielding
the highest correlation identified as the attended one. In con-
trast, aAAD considers scenarios in which only a single speech
stream is present and aims to continuously track how attention
to this target evolves over time. It directly uses the NET score
as a measure of the degree of attention to the target speaker.
However, as there is no relative reference from competing
speakers to compare with, aAAD poses a fundamentally more
challenging inference problem than sAAD, as attention must
be estimated from a single, neural evidence stream.

Moreover, instantaneous NET estimates are typically noisy,
in particular when measured over short time intervals. They
can also be influenced by confounding factors that are not
attention-driven, such as temporal variations in the dynamic
range of the speech envelope [13], [16]. As a result, raw NET
values can be difficult to interpret directly on a window-by-
window basis. Motivated by these limitations, it is therefore
natural to post-process the NET score by treating the NET
sequence as a time series and applying smoothing techniques
that take temporal coherence into account. This is reasonable
because attention states in neighboring windows are not ex-
pected to be independent, especially when the window length
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is short. Instead, attention is likely to be piecewise stable in
natural learning scenarios, as people are unlikely to switch
attention every second and tend to remain focused on the target
for at least several seconds, or even minutes [17].

In this work, we present a modular aAAD pipeline that
combines NET-based evidence extraction with probabilistic
temporal inference based on a hidden Markov model (HMM),
a powerful framework that is able to infer attention states
from NET observations, inspired by similar work in sAAD
[18]. The proposed pipeline is designed for off-line analysis
and is fully unsupervised (i.e., no attention labels are used
for training), relying only on a small set of tunable and
interpretable parameters.

The remainder of this paper is organized as follows. Sec-
tion II introduces the proposed aAAD pipeline, including the
NET-based evidence extraction module and the HMM-based
temporal inference module. Section III describes the exper-
imental protocol, EEG preprocessing procedure, evaluation
metrics, and default parameter settings. Section IV presents the
experimental validation of the proposed framework. We first
demonstrate the added value of HMM post-processing com-
pared with raw NET, and then analyze the effect of analysis
window length on the area under the curve (AUC) and switch
detection time (SDT). We further compare the HMM with
moving-average (MA) smoothing to assess the advantage of
state-based temporal inference over fixed-window averaging.
Finally, we compare NET with alpha power and spectral
entropy as observation features for the unsupervised HMM
framework. Section V concludes the paper.

II. METHODOLOGY

A. Pipeline Overview

This section presents an overview of the proposed pipeline
for off-line analysis of absolute auditory attention, which is
conceptually visualized in Fig. 1. The pipeline operates in a
fully unsupervised manner and is controlled by a small set of
interpretable parameters.

Starting from the input EEG recordings and the target
speech signal, the proposed pipeline first performs EEG pre-
processing and speech envelope extraction, followed by neural
decoding to compute a windowed neural envelope tracking
(NET) sequence, which serves as stimulus-specific evidence
of attention to the target speech. Concretely, a linear spatio-
temporal decoder is first trained to extract the neural responses
to the target speech, thereby removing irrelevant EEG signal
components. To this end, we use the so-called stimulus-
reconstruction paradigm, which aims to reconstruct the speech
envelope from the pre-processed EEG by solving a least-
squares regression problem on all data. The trained decoder is
then applied to the EEG to obtain a reconstructed envelope,
which is compared with the target speech envelope using the
Pearson correlation coefficient computed over multiple non-
overlapping1 windows. The resulting correlation values form
the NET sequence. Although a linear least-squares decoder is
used in this work, the proposed pipeline is not restricted to a

1We use non-overlapping windows, as the HMM post-processing assumes
independent observations.

specific decoding method, and any alternative linear or non-
linear decoder (e.g., CCA-based [19] or neural network-based
models [20], [21]) can be incorporated, as long as it provides
a correlation-based neural tracking metric between EEG and
the target stimulus. Next, an HMM is applied to the NET
sequence—using either causal or non-causal inference—to
explicitly model temporal dependencies and obtain a smoothed
attention estimate in the form of the posterior probability of
being attentive. This posterior probability is finally reported as
the continuous attention score over time. Importantly, both the
neural evidence extraction and the temporal inference stages
operate without requiring attention-state labels.

B. Evidence Extraction Module: Neural Envelope Tracking

1) Neural Decoder Design: Similar to [4]–[6], [11], [13],
we adopt a spatio-temporal linear decoder that aims to recon-
struct the speech envelope of the presented stimulus from the
EEG of the participant. In this work, the speech envelope is
extracted using the power law and gammatone filterbank pro-
cedure proposed in [22], yet any envelope extraction method
can be used. Formally, we train a decoder d̂ ∈ RLC×1 over
K time training samples using all data such that [22]:

d̂ = argmin
d
∥s−Xd∥22 , (1)

where s = [s(0) · · · s(K − 1)]⊤ ∈ RK×1 denotes the K
training samples of the speech envelope, X = [X1 · · ·XC ] ∈
RK×LC collects L time-lagged copies of each EEG channel
(C channels in total), where Xc denotes the data for channel
c such that

Xc =


xc(0) xc(1) · · · xc(L− 1)
xc(1) xc(2) · · · xc(L)

...
...

. . .
...

xc(K − 1) 0 · · · 0

 . (2)

A time delay of 0 to 500 ms [12] is chosen corresponding
to L = 9 at the 16 Hz sampling rate (see Section III-B). The
closed-form solution for this least-squares problem (1) is given
by

d̂ = (X⊤X)−1X⊤s. (3)

This decoder is trained per participant separately over the
data from the entire recording (K samples in total). After
training, the decoder is applied to the same segments of the
same participant, which are segmented into windows indexed
by t. For each window t, the EEG data is represented as
X(t) ∈ RN×LC , where N denotes the number of time
samples within that analysis window. Note that t is not used
as a sample index, but as the window index. The decoder
generates ŝ(t) = X(t)d̂, which represents a reconstruction
of the true speech envelope s(t) within window t. We define
the Pearson correlation coefficient between the reconstructed
and true speech envelope ρ

(
ŝ(t), s(t)

)
as the neural envelope

tracking (NET) metric for window t [11]. It was demonstrated
in [11]–[14] that higher NET values on average correspond to
a higher level of attention to the target speech.
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Fig. 1: Overview of the proposed aAAD pipeline.

2) Label-Free Decoder Training: In this work, the neural
decoder is trained using all available data and subsequently
applied to the same dataset to compute the Pearson correlation
between the reconstructed and the true speech envelope on
a window-by-window basis. This validation strategy differs
from many previous studies [18], [20], [22], [23], where a
strict train-test split is enforced. Nevertheless, we argue that
it is appropriate for the present aAAD setting, as previous
work has demonstrated the feasibility of unsupervised aAAD
without a separate training dataset [24].

Specifically, the decoder is designed to capture the stimulus-
response relationship between EEG signals and the speech en-
velope, rather than to explicitly discriminate between attentive
and inattentive states. Under this formulation, inattentive EEG
does not correspond to a distinct neural pattern, but rather
to a weaker or noisier manifestation of the same stimulus-
driven neural response. Accordingly, we adopt the perspective
that aAAD is better formulated as a signal matching problem
with attention-dependent signal-to-noise ratios, rather than as
a binary classification problem with separable EEG patterns.

Within this framework, correlation-based evaluation pro-
vides a meaningful measure of neural tracking strength, even
when the decoder is applied to the same data used for training.
This formulation constitutes one of the key ingredients that
enables a fully unsupervised aAAD framework, as it allows
stimulus-specific neural evidence to be extracted without re-
quiring explicit attention labels.

It should be noted that the training of the neural decoder
requires sufficient baseline data during which the participant
actually attends to the speech, in order to reliably estimate the
stimulus–response mapping. If the available baseline segments
are too limited in duration, the estimated decoder may become
unstable, which can subsequently affect the quality of the
neural tracking feature used for temporal inference.

C. Temporal Inference Module

Given a NET sequence (containing one NET value for each
window t), we employ a hidden Markov model (HMM) as
a temporal inference module to obtain a smooth estimate of
the underlying attention dynamics, inspired by similar work
in sAAD [18]. The HMM takes the NET sequence as its sole
observation input and infers a latent attention state sequence

that evolves over time. We note that the temporal inference
module operates independently of how the NET sequence is
obtained. Although NET is computed in this work using a
linear neural decoding model, the HMM can in principle be
applied to any stimulus-specific evidence sequence derived
from linear or non-linear models [18].

1) Markov Chain Background: We model the temporal
evolution of auditory attention using a discrete-time Markov
chain with two latent states, S1 (attentive) and S2 (inattentive).
Let S(t) ∈ {S1, S2} denote the latent state at time index
t (corresponding to one window in the evidence extraction
module described in Subsection II-B). In Fig. 2, these states
S1 and S2 are labeled as A and I for readability.

The state dynamics are governed by transition probabilities,
which act as hyperparameters controlling the expected dwell
time of each attention state and, consequently, the temporal
smoothness of the inferred attention trajectory. For simplicity
and interpretability, we assume symmetric transitions between
the two states: the probability of transitioning from one state to
the other is Ptrans, while the self-transition probability equals
1−Ptrans. Equivalently, the transition matrix A can be written
as

A =

[
1− Ptrans Ptrans

Ptrans 1− Ptrans

]
, (4)

where Aij = p(S(t) = Sj | S(t− 1) = Si).
In the context of aAAD, attention is expected to be tem-

porally persistent, i.e., listeners are more likely to remain in
the same attentional state across consecutive windows than to
change states frequently. This is captured by choosing a small
value for Ptrans. In summary, the Markov chain models the
temporal dynamics of the latent attention state. To connect
this latent process to the observed neural evidence, i.e., the
windowed NET sequence, we next extend it to an HMM.

2) Hidden Markov Model for aAAD: Building on the
Markov chain model above, we formulate an HMM by intro-
ducing a probabilistic relationship between the latent attention
states and the observed NET sequence. This modeling choice
reflects two key characteristics of attentional dynamics: (1)
attentional engagement exhibits temporal persistence rather
than arbitrary rapid transitions, and (2) the distribution of NET
observations is state-dependent. Accordingly, the formulation
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Fig. 2: Two-state Markov chain used to model attention-state
persistence and transitioning.

adopted in this work is based on two standard HMM assump-
tions.

Assumption 1 (Markovian state dynamics): The latent
attention state at time t depends only on the state at time
t− 1:

p
(
S(t) | S(0 : t− 1)

)
= p

(
S(t) | S(t− 1)

)
, (5)

where x(i : j) denotes the entire sequence {x(i), x(i +
1), · · · , x(j)}.

Assumption 2 (Conditional independence of observa-
tions): The NET observation y(t) at time t (i.e., window t)
depends only on the current latent state:

p
(
y(t) | S(0 : t), y(0 : t− 1)

)
= p

(
y(t) | S(t)

)
, (6)

where y(t) ∈ R denotes the NET value (or a transformed
version thereof) at time index t.

We emphasize that Assumptions 1 and 2 are modeling
simplifications rather than literal descriptions of the under-
lying neural mechanisms. Assumption 1 imposes a first-order
Markov structure on the latent attention states, meaning that
the current state depends only on the immediately preced-
ing state. This limits the temporal memory of the model
and enables efficient inference, while still allowing attention
states to persist through appropriate transition probabilities.
Assumption 2 represents the observation process using a state-
dependent model, which provides a compact description of the
relationship between attention states and the NET sequence.
Although these assumptions may not always hold exactly in
practice, they offer an interpretable, computationally efficient,
and effective framework for temporal inference. All subse-
quent derivations are based on these two assumptions together
with standard probability rules, including the chain rule and
marginalization. For simplicity, intermediate algebraic steps
are omitted, and we refer to [18] for more details.

3) Inference Objectives: Off-line and On-line Posteriors:
The goal of temporal inference is to estimate the latent
attention state at each time point. Two posterior quantities are
of particular interest: the non-causal posterior

p
(
S(t) | y(0 :T )

)
, (7)

which uses the full observation sequence and is appropriate
for off-line analysis, and the causal posterior

p
(
S(t) | y(0 : t)

)
, (8)

which uses only past and current observations and supports
causal, real-time tracking.

4) Inference Algorithms: We next describe the standard
HMM inference procedures used in this work. We first present
the recursions in the probability domain for clarity, and then
provide a numerically stable log-domain implementation based
on the log-sum-exp trick [18].

a) Basic quantities: Let πi ≜ p(S(0) = Si) denote the
initial state probabilities and

bi(t) ≜ p
(
y(t) | S(t) = Si

)
, (9)

denote the emission likelihood at time t for state Si, for
which the probability distribution estimation procedure will
be explained further on (see ’Emission model’). The transition
probabilities are collected in A, as shown in (4).

b) Forward-backward recursions: Define the forward
message

αi(t) ≜ p
(
S(t) = Si, y(0 : t)

)
, (10)

and the backward message

βi(t) ≜ p
(
y(t+1:T ) | S(t) = Si

)
, (11)

which are initialized as

αi(0) = πi bi(0), (12)

and
βi(T ) = 1, ∀i. (13)

Using Assumptions 1-2 together with standard probability
rules (chain rule and marginalization), the forward recursion
for t ≥ 1 is given by [18]

αi(t) = bi(t)
∑

j∈{1,2}

Aji αj(t− 1). (14)

Similarly, the backward recursion for t ≤ T − 1 follows as

βi(t) =
∑

j∈{1,2}

Aij bj(t+1)βj(t+ 1). (15)

From the forward messages, the causal posterior is obtained
by normalization:

p
(
S(t) = Si | y(0 : t)

)
=

αi(t)∑
k∈{1,2} αk(t)

. (16)

Combining the forward and backward messages yields the
non-causal posterior:

p
(
S(t) = Si | y(0 :T )

)
=

αi(t)βi(t)∑
k∈{1,2} αk(t)βk(t)

. (17)

c) Log-domain implementation: At this point, all com-
ponents required for forward and forward-backward infer-
ence have been specified. However, direct evaluation of the
probability-domain recursions in (14)-(15) involves repeated
multiplications of small probabilities and may therefore suffer
from numerical underflow when the sequence length T is
large. To ensure numerical stability, all computations are
performed in the log-domain.

We define the log-messages

α̃i(t) ≜ logαi(t), β̃i(t) ≜ log βi(t). (18)
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The initialization becomes

α̃i(0) = log πi + log bi(0), (19)

and
β̃i(T ) = 0, (20)

where the latter follows from βi(T ) = 1.
To evaluate sums of exponentials in the log-domain, we use

the standard log-sum-exp operation

log
(∑

k

eℓk
)
= m+ log

(∑
k

eℓk−m
)
, (21)

with m = maxk ℓk, which prevents numerical overflow.
Algorithm 1 summarizes the full inference algorithm.

d) Emission Model: To perform HMM inference, we
specify the emission (observation) model p(y(t) | S(t)),
where y(t) denotes the scalar NET-based observation at time
t. Specifically, the NET observation is obtained from the
correlation-based metric after applying the Fisher transforma-
tion

y(t) = atanh
(
r(t)

)
, (22)

where r(t) denotes the raw Pearson correlation coefficient.
After the Fisher transformation, correlation coefficients are
approximately normally distributed [25], [26], which motivates
the use of Gaussian emission models.

Accordingly, we model the emission probability bi(t) re-
quired by the inference algorithm as:

p
(
y(t) | S(t) = Si

)
= N

(
y(t);µi, σ

2
)
, (23)

where µi is the state-dependent mean and σ2 is a variance
shared across both states. The tied-variance assumption re-
duces the number of free parameters and improves numerical
robustness, and was shown to be realistic in sAAD [27].

Under the Gaussian emission assumption in (23), the emis-
sion parameters can be estimated directly from the observed
sequence in an unsupervised manner. Specifically, for each
participant, we use a multiscale two-component Gaussian
mixture model (GMM) with shared variance to estimate the
emission parameters from observations computed at multiple
window lengths (5, 10, and 30 s), following the multiscale
fitting strategy in [28]. The key idea is to estimate common
state-dependent means while accounting for the fact that the
variance of Fisher-transformed correlation estimates decreases
with increasing window length. Accordingly, the GMM esti-
mates shared component means and a common variance scale,
which is then converted to the emission variance corresponding
to the analysis window length used for HMM inference.
The GMM parameters are estimated using the expectation-
maximization (EM) algorithm [29]. The resulting component
means and window-length-adjusted variance are then used to
define the HMM emission parameters (µ1, µ2, σ

2).

III. EXPERIMENT AND EVALUATION

A. Protocol Design

The experimental protocol is described in detail in [14].
Briefly, EEG was recorded while 30 participants watched a
75-minute video lecture on “neuromyths”, common but false

Algorithm 1: Log-domain forward and forward-
backward inference. This algorithm is non-causal. For
causal inference, skip the backward pass and set
β̃i(t) = 0 for all t, i.
Input: Transition probabilities Aij , emission

probabilities bi(t), initial distribution πi

Output: p(S(t) = Si | y(0:T )), ∀t ∈ [0, T ]

Initialize ∀i ∈ {1, 2}:;
α̃i(0)← log πi + log bi(0);
β̃i(T )← 0;

Forward pass:;
for t← 1 to T do

for i← 1 to 2 do
for j ← 1 to 2 do

ℓ(j)← α̃j(t− 1) + logAji + log bi(t);

ℓmax ← maxj ℓ(j);

α̃i(t)← ℓmax + log
(∑

j exp(ℓ(j)− ℓmax)
)

;

Backward pass:;
(For causal inference, skip this part and set β̃i(t) ≡ 0 for all t and i

in the next block.);
for t← T − 1 0 do

for i← 1 to 2 do
for j ← 1 to 2 do

ℓ(j)← β̃j(t+ 1) + logAij + log bj(t+1);

ℓmax ← maxj ℓ(j);

β̃i(t)← ℓmax + log
(∑

j exp(ℓ(j)− ℓmax)
)

;

Posterior probabilities:;
for t← 0 to T do

for i← 1 to 2 do
γ(i)← α̃i(t) + β̃i(t);

γmax ← maxi γ(i);
for i← 1 to 2 do

log p(S(t)=Si | y(0:T ))←
γ(i)− γmax − log

(∑
k exp(γ(k)− γmax)

)
;

p(S(t)=Si | y(0:T ))← exp
(
log p(S(t)=Si |

y(0:T ))
)
;

return p(S(t) = Si | y(0:T )), ∀t;

beliefs about the brain. The video only shows the teacher in
front of PowerPoint slides (mainly images with hardly any
text) and the content was explained entirely through speech.
The video was divided into eight parts of 10 minutes each
(except the first part, which is only 5 minutes), separated by
short breaks (see Fig. 3).

The experiment included four distinct conditions to explore
the dynamics of auditory attention, as shown in Fig. 3:

No manipulation
Participants were instructed to actively listen to the teacher
without any additional prompts or interruptions.
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Disengagement
Participants performed an interfering task to divert their at-
tention away from the speaker. These tasks included solving
calculation exercises, reading a text, or counting backwards in
steps of 17 starting from 994.

Distracting
External distractors were introduced, including added back-
ground noise or a silent animal video displayed on the screen.
However, the participants were still supposed to pay attention
to the teacher’s voice.

Enhancing
Visual cues (a red frame and an exclamation mark) were
presented to indicate segments that would be included in
the post-hoc comprehension questions, encouraging increased
attentional engagement.

Unless stated otherwise, the analyses in this work pri-
marily focus on the ‘no manipulation’ and ‘disengagement’
conditions (white and red boxes in Fig. 3), which represent
the clearest attentive (baseline) and inattentive listening state,
respectively. The distracting and enhancing conditions are not
removed to preserve a continuous recording, but they are
ignored in the accuracy metrics.

30s

10 min

Fig. 3: An overview of the experimental protocol [14]. Each
box corresponds to 30 seconds. White, red, green, and purple
boxes indicate the no-manipulation, disengagement, attention-
enhancing, and distracting conditions, respectively.

B. Data Acquisition and Preprocessing

EEG signals were recorded using a BioSemi Active Two
system with 64 electrodes arranged according to the 10-20
system, at a sampling rate of 2048 Hz. Prior to analysis,
the recordings were processed using a standard preprocessing
pipeline.

To remove slow drifts and very low-frequency components,
we first applied a first-order infinite impulse response (IIR)
high-pass filter with a cutoff frequency of 0.01 Hz. The data
were then downsampled to 128 Hz to reduce computational
load while preserving the relevant EEG information.

The EEG signals were further filtered to the 0.1-4 Hz
frequency band proposed in [12], [13], which corresponds

to typical word-rate dynamics around 2.5 Hz. This band
was extracted using a fourth-order IIR bandpass filter, after
which the signals were downsampled to 16 Hz for subsequent
processing.

The speech envelope was adopted as the acoustic feature,
motivated by previous findings showing phase-locked neural
responses to speech envelope fluctuations [4], [5], [7], [10]–
[13], [22]. Envelope extraction followed the procedure de-
scribed in [22], which combines a gammatone filterbank with
power-law compression to approximate cochlear frequency
selectivity and nonlinear loudness perception.

For consistency with the EEG processing, the extracted
envelope was filtered using the same frequency band (0.1-4 Hz
by default) and downsampled to 16 Hz.

C. Evaluation Metrics

In this work, performance is evaluated based on the ability
of the resulting metrics (either the raw NET values or the
HMM outputs) to discriminate between the ‘no manipula-
tion’ attentive and ‘disengagement’ inattentive conditions. We
assess performance along two complementary dimensions:
steady-state discriminability, which quantifies how well the
two conditions can be discriminated from each other over the
course of the session, and transition timing, which quantifies
how accurately the timing of attention-state changes is cap-
tured. The former is captured by the Area Under the Curve
(AUC), while the latter is captured by the Switch Detection
Time (SDT). Unless stated otherwise, AUC is used as the
primary performance metric. SDT is reported only in analyses
where transition timing is directly relevant.

1) Area Under the Curve: The Area Under the Receiver
Operating Characteristic Curve (AUC) provides a ranking-
based measure of separability. It can be interpreted as the
probability that a randomly selected attention metric value
from the baseline (attentive) condition is larger than a ran-
domly selected attention metric value from the disengagement
(inattentive) condition.

Formally, given samples y1 from the baseline condition and
y2 from the disengagement condition, we estimate the AUC
using its rank-based (Mann-Whitney) formulation [30], [31]:

AUC =
#(y1 > y2) + 0.5#(y1 = y2)

#(y1)#(y2)
, (24)

where #(·) denotes the number of occurrences meeting the
specified condition. A higher AUC value indicates stronger
discrimination between the two experimental conditions and,
consequently, improved aAAD performance.

2) Switch Detection Time2: The SDT quantifies how ac-
curately the estimated attention trajectory captures the timing
of protocol-defined transitions between the ‘no manipulation’
and ‘disengagement’ conditions. In this work, we use the
optimal split criterion employed in the evaluation protocol of
the ICASSP 2027 EEG-sAAD Grand Challenge [32]. Whereas

2The terminology SDT was introduced in [18] in the context of sAAD,
where attention is literally “switched” between different sound sources. In
our aAAD context, “switch” is a misnomer, yet we retain this terminology
for consistency with that work.
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the challenge considers causal detection, we adapt the criterion
to our non-causal setting by using a symmetric search interval
around each transition. The idea is to estimate the transition
time by matching the predicted state sequence to templates
with different transition times. Each template assigns the old
state before a candidate time and the new state from that time
onward. We select the best-matching valid template and take
its transition time as the estimated transition time. SDT is then
the absolute difference between this estimate and the ground-
truth transition time.

Specifically, let tk denote the time of ground-truth tran-
sition k. Each analysis window is timestamped by its end
time. Since different window lengths produce predictions at
different time intervals, we linearly interpolate the continuous
HMM posterior trajectories onto a common 1-s grid for SDT
evaluation. The interpolated trajectories are then thresholded
at 0.5 to obtain binary state predictions.

We consider candidate split points ξ on this grid within
[tk−45 s, tk+45 s]. Let Tk denote the set of time points within
this interval, Ŝ(t) the predicted binary state, and S−

k and S+
k

the true states before and after transition k, respectively. The
agreement score is

Ak(ξ) =
∑
t∈Tk
t<ξ

1{Ŝ(t) = S−
k }+

∑
t∈Tk
t≥ξ

1{Ŝ(t) = S+
k }, (25)

where 1{·} is the indicator function. We define the detected
time for transition tk as the value for ξ that has the highest
agreement score. A candidate is valid only if the five consecu-
tive predictions starting at ξ all indicate S+

k and lie within the
search interval. We select the valid candidate with the highest
agreement score as ξ∗k . If several candidates have the same
highest score, we select the earliest. The SDT for transition k
is

SDTk = |ξ∗k − tk|. (26)

If no valid candidate exists, the transition is recorded as
a miss and excluded from SDT (SDT is only meaningful
on detected transitions). Since we also consider non-causal
systems, the detected transition can happen before the ground-
truth transition, which is why we take the absolute value in
(26) to penalize any alignment error (positive or negative).
We remark here that such missed transitions are still (heavily)
accounted for in the AUC evaluation and thus still influence
the overall performance.

We report SDT for individuals and for the group. For indi-
viduals, we compute the median SDT over detected transitions
for each participant and then average these medians across
participants. For the group, we first average the continuous
HMM trajectories across participants and then compute the
mean SDT over detected transitions. In paired comparisons
between two methods, only transitions detected by both meth-
ods are included. For both individual and group SDT, 95%
confidence intervals are obtained by bootstrapping participants
1000 times.

D. Default Experiment Settings
Unless stated otherwise, the following default settings

are used throughout the experiments. Non-causal (forward-

backward) HMM inference is used, and the emission param-
eters are estimated per participant via the multiscale two-
component GMM [28] described in Section II-C4d (‘Emission
model’), using fitting window lengths of 5, 10, and 30 s.
The default transition probability is Ptrans = 0.01, which
corresponds to an expected state persistence of 1/Ptrans = 100
time steps. Since one time step corresponds to an analysis
window of N samples (corresponding to W = N/fs seconds)
, the expected state persistence in physical time is W/Ptrans

seconds. For a 1-s window, this translates to an expected
dwell time of 100 s. When the window length is varied
(Section IV-B), Ptrans is scaled to maintain a constant expected
dwell time in physical time, i.e.,

W

Ptrans
= 100 s,

e.g., Ptrans = 0.3 for W = 30 s. Since we use Ptrans = 0.01
as the default setting, the corresponding default window length
is W = 1 s. The influence of the window length and Ptrans

on AUC and SDT is investigated in Sections IV-B and IV-C,
respectively.

IV. RESULTS AND DISCUSSION

A. Added value of HMM

To illustrate the added value of HMM post-processing,
we compare the Fisher-transformed raw NET trace with the
corresponding HMM-processed trace obtained via non-causal
inference, which provides an off-line estimate of the latent
attentional state. Fig. 4 presents three example 75-minute
sessions (NET scores computed over 1-s windows) for par-
ticipants at the 75th (participant 13), 50th (participant 27),
and 25th (participant 4) percentiles of AUC performance,
respectively. For each participant, the upper panel displays
the raw NET and the lower panel shows the HMM posterior
probability of the attentive state, p(S(t) = A | y(0 : T )). The
dashed horizontal line at 0.5 serves as a reference threshold
(which could serve as a decision boundary if binary classi-
fication were desired, although the present work treats the
posterior as a continuous measure of attentional engagement).
Blue and orange shading indicate periods where the posterior
lies above and below this reference, respectively, providing
a visual summary of how attentional engagement evolves
over time. Across subjects at different performance quantiles,
the raw NET shows strong temporal variability, making it
difficult to identify a clear structure over time. In contrast,
the HMM output provides a smoother and more interpretable
trajectory. The HMM posterior generally remains high during
‘no manipulation’ periods (white background) and decreases
during ‘disengagement’ periods (red background). The former
can be viewed as attentive periods and the latter as inattentive
periods, although it is important to note that these should not
be treated as a fully reliable ground truth. This is particularly
true for the ‘no manipulation’ segments, because participants
could still be inattentive during these baseline segments.

To assess whether this behavior generalizes beyond a single
participant, Fig. 5 shows the traces averaged across all par-
ticipants. Although averaging reduces some of the variability
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(a) 75th percentile (participant 13)

(b) 50th percentile (participant 27)

(c) 25th percentile (participant 4)

Fig. 4: Comparison of raw NET traces (upper panels) and
non-causal HMM posteriors (lower panels) over 75-minute
sessions (1-s windows) for participants at the 75th, 50th, and
25th AUC percentiles. The dashed line at 0.5 serves as a
reference threshold. Blue and orange shading denote periods
where the posterior probability of being attentive is larger than
0.5 or smaller than 0.5, respectively. Higher-performing par-
ticipants yield HMM posteriors that more accurately track the
expected attentional transition, i.e., fewer false positives (blue
scores) within the disengagement conditions (red background).
Relative to the protocol labels, orange scores within baseline
segments (white background) are false negatives, although they
may also reflect genuine but unobserved lapses of attention.

Fig. 5: Group-averaged NET trace and non-causal HMM
posterior over the full session (1-s windows). Even after
averaging across participants, the raw NET remains relatively
noisy, whereas the HMM posterior reveals a clearer temporal
structure aligned with the manipulation schedule.

in the raw NET, the group-level NET trace remains relatively
noisy and does not clearly reflect the manipulation schedule. In
contrast, the averaged HMM output exhibits a clearer trend and
more consistent drops during distracting and disengagement
periods, indicating that the temporal inference step extracts a
more robust group-level attention profile.

Beyond visual inspection, we quantify the benefit at the
individual level using AUC. Fig. 6 reports per-participant
performance for the raw NET and for the HMM outputs.
Each marker corresponds to one participant. Both causal
and non-causal HMM inference outperform the raw NET
baseline across participants, and the non-causal configuration
consistently yields higher performance, as expected because it
can leverage future observations when estimating the current
state.

We focus this comparison on AUC rather than SDT, because
the goal here is to quantify the gain in discriminability intro-
duced by HMM post-processing. SDT is not reported for raw
NET because the evaluation requires binary state predictions,
whereas raw NET is a noisy evidence sequence without a
natural decision threshold.

It is important to clarify that the HMM does not replace
NET as an alternative decoding method. NET provides the
window-wise neural evidence, while the HMM serves as a
temporal post-processing stage that integrates this evidence
over time by explicitly modeling state persistence. The ob-
served performance gains should therefore be interpreted as
the benefit of structured temporal integration of the same NET
sequence, rather than as a comparison between independent
decoding approaches.

Furthermore, the ‘causal’ configuration considered here
refers only to the temporal inference stage of the HMM. The
preceding steps in the pipeline, including EEG and speech
preprocessing, neural decoder training, and emission distribu-
tion estimation, remain non-causal. Consequently, the reported
causal performance represents an upper bound relative to a
fully real-time implementation. In a strictly causal end-to-end
setting, where all components operate without access to future
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Fig. 6: AUC improvement per participant. Each point repre-
sents one participant. All participants benefit from HMM post-
processing (Ptrans = 0.01) for a 1-s analysis window.

data, performance could be lower.

B. Effect of Window Length on AUC and SDT

In this subsection, we investigate how the analysis window
length affects both AUC and SDT for the non-causal HMM
output. We consider window lengths of 1, 5, 10, 15, and 30 s.
For each window length, AUC is evaluated across participants,
whereas SDT is evaluated for individuals and for the group as
described in Section III. Fig. 7 shows the results. Mean AUC
increases from 0.832 at 1 s to its highest value of 0.858 at
5 s, then gradually decreases to 0.827 at 30 s. Individual SDT
ranges from 25.95 to 32.02 s, and the proportion of missed
transitions across participants ranges from 29.0% to 31.0%.
The 1-s window yields both the lowest individual SDT and the
lowest miss rate. Group SDT ranges from 13.17 to 18.17 s,
with the lowest value at 5 s. The numbers of missed group
transitions for window lengths of 1, 5, 10, 15, and 30 s are
zero, one, one, one, and two out of seven, respectively. The
1-s window detects all seven group transitions with a group
SDT of 18.00 s. Together with its mean AUC of 0.832 and
its performance for individuals, these results support the use
of 1 s as the default window length.

C. Comparison with MA Smoothing

In this subsection, we compare the HMM with a non-causal
moving-average (MA) baseline, which represents a basic fixed-
window smoothing approach. This analysis is performed for
the default 1-s analysis window, where the NET sequence has
the highest temporal resolution.

For a Fisher-transformed NET sequence y(t) and an even
smoothing parameter τ , the MA output is defined as

ŷMA(t) =
1

τ + 1

τ/2∑
k=−τ/2

y(t+ k).

This corresponds to a symmetric smoothing window contain-
ing τ/2 past samples, the current sample, and τ/2 future
samples, resulting in a total window length of τ + 1 samples.
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Fig. 7: Effect of analysis window length on AUC and SDT.
(a) Mean AUC across participants, with shading indicating ±1
standard error of the mean (SEM). (b) Individual SDT, com-
puted by taking the median over detected switches for each
participant and then averaging across participants. (c) Group-
level SDT computed from the group-averaged HMM posterior
trajectory by averaging over detected switches. Shaded regions
in (b) and (c) indicate 95% confidence intervals obtained by
bootstrapping participants.

The use of both past and future samples matches the non-
causal setting of the forward-backward HMM inference used
in the main analysis.

To use the same smoothing parameter for MA and HMM,
we set

τ =
1

Ptrans
,

where 1/Ptrans is the expected state dwell time of the HMM in
discrete time steps. Under this parameterization, τ controls the
smoothing scale for MA through the averaging-window length,
and for the HMM through the expected state persistence.
These mechanisms are not equivalent, but using the same
parameter allows us to compare how both methods behave
as the smoothing scale is varied.

We evaluate both methods over a range of smoothing
strengths (τ = 10-160 s). The default value used elsewhere in
the paper, τ = 100 s, corresponds to Ptrans = 0.01 and was
chosen a priori to reflect sustained attention-state persistence;
it was not optimized using the evaluation labels. AUC is
computed at the participant level from the continuous HMM
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posterior or MA-smoothed NET score. SDT is computed at
both the individual and group levels using the procedure
described in Section III. The HMM posterior is thresholded at
0.5. Because the MA output is not a posterior probability, its
threshold is determined in an unsupervised manner by fitting
a two-component GMM and using the midpoint between the
two component means. The GMM is fitted separately to each
participant’s MA trajectory for the individual-level analysis
and to the group-averaged MA trajectory for the group-level
analysis.

Fig. 8 summarizes the comparison. Across the examined
range of smoothing strengths, the HMM consistently achieves
higher AUC than the MA baseline, indicating that its ad-
vantage is not merely due to generic temporal smoothing.
Individual SDT is similar for the two methods, with no
consistent advantage for either. At the default τ = 100 s,
individual SDT over jointly detected transitions is 25.15 s for
the HMM and 24.37 s for MA. The HMM and MA miss 61
out of 210 transitions (29.0%) and 51 out of 210 (24.3%),
respectively. Across the full range of smoothing scales, the
corresponding miss rates increase from 2.4% to 33.3% for the
HMM and from 1.4% to 34.8% for MA.

For the group, the HMM yields lower SDT than MA over
most of the examined range. At the default τ = 100 s, group
SDT is 18.00 s for the HMM and 24.29 s for MA, and both
methods detect all seven transitions. The HMM detects all
seven group transitions across the full range of smoothing
scales, whereas MA misses up to three. These results show
that the HMM achieves higher AUC and generally lower
group SDT than fixed-window averaging, while individual
SDT remains comparable.

D. Why NET is Particularly Suitable as Evidence for aAAD

The proposed HMM framework is presented using NET
as the observation feature throughout this paper. Here, we
justify this choice by comparing NET with two commonly
used EEG-based attention markers, namely alpha power [8]
and spectral entropy [10], using the same HMM framework.
A key distinction lies in the type of attention captured by
each of these features. NET directly reflects neural tracking
of the attended speech stimulus and therefore provides a clear
and consistent measure of auditory attention to a specific
target speech signal. In contrast, alpha power and entropy are
more general neural markers that have been linked to overall
attention in a broader sense (e.g., arousal or cognitive effort),
but that are not specifically tied to attention toward a particular
auditory source.

Specifically, alpha power is defined as the mean band power
of the EEG signal in the 8-12 Hz range [8], averaged across all
electrodes. It is commonly used as a marker of attentional state
[8], [9], although the direction of modulation can vary across
individuals and paradigms [11]. Spectral entropy reflects the
regularity of the EEG signal and is commonly computed from
the power spectrum over a broad frequency range (0.5-32 Hz
in [10], [11]). The power spectrum, estimated using Welch’s
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Fig. 8: Comparison between HMM inference and non-causal
MA smoothing for the 1-s analysis window. (a) AUC. (b) In-
dividual SDT. (c) Group-level SDT. AUC and SDT are shown
as functions of the smoothing scale τ . For the HMM, τ =
1/Ptrans; for MA, τ defines the symmetric averaging scale.
The vertical dotted line marks the default value τ = 100 s.
AUC shading indicates ±1 SEM across participants. Individual
SDT is computed by taking the median over switches detected
by both methods for each participant and then averaging across
participants. Group-level SDT is computed from the group-
averaged trajectories by averaging over switches detected
by both methods. SDT shading indicates 95% participant-
bootstrap confidence intervals.

method, is first normalized to form a probability distribution.
Spectral entropy is then computed as [10], [11]

SE = −
∑
k

pk log2 pk, (27)

where pk denotes the normalized power at frequency bin k.
Higher spectral entropy indicates a more uniform spectral dis-
tribution, whereas lower values reflect a stronger concentration
of power in specific frequency bands. Both alpha power and
spectral entropy are computed per analysis window using the
same window lengths as NET and averaged across all elec-
trodes, but notably they do not use the speech signal in their
computation. As a result, their relationship with auditory atten-
tion is ambiguous, and the direction of modulation (relative to
the other conditions or tasks) is not well defined, which makes
it hard to assign class labels in an unsupervised setting. In the
proposed fully unsupervised GMM-based emission estimation
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Fig. 9: Comparison of HMM decoding performance using
NET, alpha power, and spectral entropy across analysis win-
dow lengths. (a) Mean AUC, with shading indicating ±1 SEM
across 30 participants; the dashed line marks chance level
(AUC = 0.5). (b) Individual SDT. (c) Group SDT. Each SDT
curve uses transitions detected by the corresponding feature.
SDT shading indicates 95% confidence intervals obtained by
bootstrapping participants.

for NET, the component with the larger mean is assigned to the
attentive state. This assignment is naturally justified, as higher
neural tracking scores consistently indicate stronger auditory
attention. However, the same assignment is not necessarily
valid for alpha power and entropy, for which the direction of
modulation may even vary across participants. To provide a
fair comparison, we determine the correct direction for each
feature using the ground-truth labels, i.e., based on the average
ordering between attentive and inattentive segments across
all participants. Specifically, higher alpha power and lower
entropy are associated with attentive state, and this is used
consistently in the HMM model. However, we note that this
is based on the average across participants, and this direction
is not always fully consistent across participants.

We compare the three features using non-causal HMM infer-
ence with the same multiscale emission estimation procedure
and transition probabilities as in the preceding analysis. We
consider window lengths of 1, 5, 10, 15, and 30 s. AUC and
SDT are computed as described in Section III. The figure
shows SDT over transitions detected by each feature.

Fig. 9 summarizes the feature comparison. NET achieves

the highest mean AUC across all tested window lengths
(Fig. 9a), whereas alpha power and spectral entropy show
weaker discriminability. At the default 1-s setting, the mean
AUCs are 0.832, 0.628, and 0.607, respectively. NET also
yields the lowest individual and group SDT across all window
lengths (Fig. 9b and c). At 1 s, individual SDT is 25.95 s
for NET, 37.52 s for alpha power, and 44.60 s for spectral
entropy; the corresponding group SDTs are 18.00 s, 45.00 s
(the optimal split falls at the left search boundary because the
mean posterior stays below 0.5), and 40.75 s. The individual
miss rates are 29.0%, 30.5%, and 28.6%, respectively, while
the numbers of missed group transitions are zero, three, and
three out of seven. These results support the use of NET as
the observation feature in the proposed unsupervised HMM
framework: unlike alpha power and spectral entropy, NET is
stimulus-specific and has a well-defined direction with respect
to auditory attention to the target speech.

V. CONCLUSION

We have presented a practical, modular pipeline for unsuper-
vised absolute auditory attention decoding (aAAD) in single-
speaker listening scenarios. The proposed pipeline extracts
a windowed neural envelope tracking (NET) sequence as
stimulus-specific evidence and applies an HMM for prob-
abilistic temporal inference, enabling continuous attention
tracking without relying on explicit attention labels. Across
all participants, HMM post-processing consistently improves
the separability between ‘no manipulation’ (attentive) and
‘disengagement’ (inattentive) periods compared to the raw
NET trace, yielding a more interpretable attention trajectory.
We further investigate the effect of analysis window length
on AUC and SDT. Compared with MA smoothing, the HMM
achieves higher discriminability across the examined smooth-
ing scales. Although the individual SDTs of the two methods
are comparable, the HMM provides lower group-level SDT
over most smoothing scales after participant averaging. Finally,
we show that NET outperforms alpha power and spectral
entropy in terms of AUC within the proposed framework,
supporting its use as the observation feature for HMM-based
attention tracking.
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