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ABSTRACT

Brain-assisted target speaker extraction (TSE) employs
neural activities such as electroencephalography (EEG) to ex-
tract the attended speech from a mixed audio. Previous stud-
ies have primarily focused on static target speaker scenarios,
ignoring the dynamic target speaker switching common in
multi-speaker environments. To address this limitation, we
propose a novel neuro-inspired multimodal framework that
effectively tackles dynamic target speaker extraction. The
framework incorporates an attention switch decoding mod-
ule to model neural attention states and guide the speech ex-
tractor, complemented by eye-tracking information. Addi-
tionally, a dynamic update unit selectively leverages seman-
tics and timbre continuity across speech segments to enhance
speech extraction performance. Experimental results demon-
strate that the proposed model achieves significant improve-
ments over baseline methods in dynamic target speaker sce-
narios, reaching SDR of 8.79 dB and STOI of 88.17%. Abla-
tion studies confirm that EEG attention switch decoding, eye-
tracking and the dynamic update unit are critical, enabling
more effective dynamic target speaker extraction.

Index Terms— Target speaker extraction, multimodal fu-
sion, attention switch decoding, dynamic memory update

1. INTRODUCTION

The cocktail party problem [1] refers to the human ability to
focus on a target speaker in noisy multi-speaker environments
through selective auditory attention. Target speaker extrac-
tion addresses this challenge by exploiting auxiliary cues to
separate the attended speech from interference. EEG signals
directly reflect the listener’s neural and cognitive states, pro-
viding neural evidence for identifying the currently attended
speaker [2, 3]. With its high temporal resolution, EEG en-
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ables instantaneous tracking of attention states, making it an
effective signal to guide target speaker extraction.

With the rapid advancement of deep learning in speech
processing, target speaker extraction performance has signif-
icantly improved [4, 5]. Traditional methods primarily relied
on enrollment utterances or speaker embeddings, requiring
prior acquisition of target speaker voice samples [6]. Mean-
while, many studies have investigated auxiliary cues, such
as spatial information for source localization [7] or visual
cues like lip movements to enhance speech directionality [8].
Recently, researchers have explored EEG signals to guide
TSE tasks, leveraging the direct neural correlates of audi-
tory [9–11]. Pan et al. developed the NeuroHeed+ model,
which improved neural-guided speaker extraction through
joint auditory attention decoding mechanisms [12]. Fan et
al. proposed the DGSD method, utilizing dynamic graph
self-distillation for EEG-based auditory spatial attention de-
coding [13]. These approaches demonstrate the potential of
neural signals for guiding speech separation. However, exist-
ing EEG-based TSE methods assume static attention focus,
ignoring the realistic scenario where listeners spontaneously
switch attention between speakers. Moreover, eye-tracking
technology enables the inference of attention distribution by
analyzing average gaze coordinates, underscoring its sig-
nificance in multimodal research related to auditory atten-
tion [14]. Studies reveal correlations between average gaze
coordinates and EEG signals, and combining both modalities
can more accurately decode listener attention states [15].

To address these issues, we develop a multimodal, neuro-
inspired network for dynamic target speaker extraction (MDAT-
Net). Our contributions are threefold: (1) a multimodal fu-
sion module that detects attention switches from EEG and
uses average gaze coordinates to guide decoding for dynamic
TSE; (2) a dynamic update unit that resets speech history at
switches and otherwise fuses current EEG with prior speech
features to guide extraction for adaptive target tracking and
separation; (3) experiments on our EEG-based spontaneous
attention switch dataset show clear gains over baseline mod-
els, validating the proposed approach.
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Fig. 1. The overall framework of the proposed multimodal and neuro-inspired network for dynamic target speaker extraction.

2. METHODS

In this section, we present a novel dynamic target speaker
extraction network guided by EEG and eye-tracking under
spontaneous attention switching. The whole architecture is
presented in Section 2.1, followed by the description of the
eye-tracking aided EEG attention switch decoding process in
Section 2.2, and the dynamic update unit is described in Sec-
tion 2.3.

2.1. Architecture

As illustrated in Fig. 1, the MDATNet is composed of five
core functional modules. These include a speech encoder,
an attention-switch decoding module with eye-tracking guid-
ance, a dynamic update unit, a speech extractor, and a speech
decoder.

The speech encoder serves as the input processing mod-
ule, transforming the mixed speech signal Smix

t into high-
dimensional representations Yt. It employs a 1-D convolu-
tional neural network with residual blocks and batch normal-
ization, which are designed to capture temporal dependencies
and local features. The encoding process is expressed as:

hN = R(N)
(
ReLU(BatchNorm0(Conv1D0(S

mix
t )))

)
,

R(k) = ResidualBlock(Rk−1), k = 1, 2, ..., N

Yt = ReLU
(
BatchNormout(Conv1Dout(hN )

)
,

(1)
where Smix

t ∈ RT×1 is converted into the encoded features
Yt ∈ RT×D, with T denoting the sequence length and D
representing the feature dimension. This representation cap-
tures critical speech information and establishes a reliable ba-
sis for speech separation. Accordingly, the speech extractor
is based on the Conv-TasNet architecture [16]. It takes the
encoded mixed speech features Yt and the multimodal fusion
features F fusion

t as input and employs depthwise separable

and causal convolutions for efficient separation. By learning
time–frequency masks, the extractor outputs the target speech
representations. And, the speech decoder reconstructs the tar-
get waveform from the extracted representations. The process
can be described as follows:

Ŝclean
t = ConvTasNet(Yt, F

fusion
t ). (2)

Then, the output is subsequently processed by a pretrained
Wav2vec2.0 encoder [17] and an adaptation layer to project it
into the aligned feature space for the next stage.

Meanwhile, the attention switch decoding module is re-
sponsible for modeling neural attention. Specifically, it em-
ploys a Hierarchical Spatiotemporal Network (HSTN) [18]
to process the raw EEG signal Et ∈ RC×T , where C de-
notes the number of EEG channels. By combining multi-
layer convolutions with attention mechanisms, the encoder
captures both spatial and temporal dependencies, producing
high-dimensional feature representations. the formula is de-
fined as follows:

F eeg
t = HSTN(Et), F eeg

t ∈ RDeeg . (3)

This module is pretrained following the approach described
in [18], and provides reliable EEG feature embeddings for
subsequent attention decoding and fusion. These embeddings
serve as reference information for the speech extractor, en-
abling it to focus on the target speaker. In addition, eye-
tracking data and the dynamic update unit are introduced to
complement the EEG embeddings and support multimodal
fusion, which will be described in detail in the following sec-
tions.

2.2. Eye-tracking aided EEG attention switch decoding

In addition to EEG signals, average gaze coordinates are
introduced to provide complementary prior knowledge for
attention-switch decoding. At each time block t, the gaze
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data Gt ∈ R2 represent the mean fixation coordinates (x, y).
The gaze prior is then modeled as:

plgaze = σ(κ · (x0 − xgaze)) , (4)

where xgaze denotes the listener’s current gaze position, κ is
the sensitivity parameter, and x0 presents the visual center
point. To integrate this with EEG-based features, we intro-
duce a gaze bias into the EEG logit:

ℓt = ℓeegt + α · logit
(
plgaze

)
,

gt = σ(ℓt) ∈ [0, 1],
(5)

where α controls the contribution of gaze priors. gt is the
attention gate, where gt > 0.5 indicates an attention switch
and gt ≤ 0.5 indicates no switch.

Integrating gaze priors with EEG features enables reliable
detection of spontaneous attention switch. By modeling ve-
rage gaze coordinates as a bias and incorporating it through
a gated mechanism, the system fuses gaze information with
neural signals of auditory attention.

2.3. Dynamic update mechanism

The dynamic update unit is the core innovation of our frame-
work, enabling adaptive use of historical speech information
based on the decoding attention state. Speech features from
the previous block are extracted from Ŝclean

t−1 using a pre-
trained Wav2vec2.0 encoder:

F speech
t−1 = Wav2vec2.0(Ŝclean

t−1 ). (6)

The dynamic update unit then uses both the attention switch
signal gt and the speech features F speech

t−1 to determine
whether historical information should be retained. The for-
mula is defined as follows:

F context
t−1 =

Empty, if gt > 0.5

F speech
t−1 , if gt < 0.5

(7)

To combine neural and speech features, we perform multi-
modal fusion by adding EEG features and historical speech
embeddings.

F fusion
t = Fusion(F eeg

t , F context
t−1 ). (8)

This dynamic update mechanism ensures temporal continu-
ity, maintaining consistent tracking of the same target speaker
when no attention switch occurs.

To enhance learning, we employ a two-stage training
strategy. In the pretraining stage, large-scale speech and
EEG data initialize the Wav2vec2.0 and Hierarchical Spa-
tiotemporal Encoder, providing a strong foundation. In the
joint training stage, multimodal spontaneous auditory at-
tention switching data train the full framework, enabling
effective fusion and dynamic adaptation. This design lever-
ages pretrained knowledge while ensuring robust multimodal
integration, ultimately achieving high-quality dynamic target
speaker extraction.

3. EXPERIMENTS

3.1. Dataset
We constructed a dataset to study spontaneous auditory atten-
tion switching with EEG and eye-tracking recordings. The
Institution’s Ethical Review Board of Southern University of
Science and Technology approved the experimental proce-
dures (2022DZX003). Eighteen healthy native Chinese adults
(ages 18–27) with normal hearing participated. Spatialized
mixed speech from the AISHELL corpus [19] (three male
and three female speakers) was presented at +90◦ and −90◦.
Each participant completed 60 trials (6 blocks × 10 trials,
60 s each trial), with male and female speech concurrently
presented to the ears. Participants were instructed to switch
attention spontaneously and indicate switches via keypress.
EEG was recorded using a 64-channel system at 500 Hz with
mastoid references. Eye-tracking was acquired simultane-
ously using a portable eye tracker under natural and uncon-
strained conditions. We did not impose any task instructions
or gaze-related cues. The head position was stabilized only
to keep participants within the eye tracker’s capture range.
A device calibration was conducted before recording to map
pupil measurements to screen-referenced 2D gaze point co-
ordinates. EEG and eye-tracking were synchronized using
shared triggers and a common timestamping scheme.

Stimuli were delivered at 65 dB in an acoustically shielded
room. In total, 18 hours of EEG and eye-tracking data were
collected. Our analyses primarily focused on raw EEG sig-
nals and the corresponding average gaze coordinates. We
employed a standard preprocessing pipeline [10], including
artifact removal, downsampling EEG to 128 Hz, and bandpass
filtering from 0.1 to 45 Hz. Detailed introduction and sample
data are available at: https://github.com/XXuefeii/AASD.

3.2. Experiment details
The proposed model was implemented in PyTorch with
Python 3.9, and all experiments were accelerated using
NVIDIA V100 GPUs. Training was performed with the adam
optimizer, using a learning rate of 1×10−4, a batch size of 16,
and the default momentum parameters. For each participant,
trials were partitioned into training, validation, and test sets
with an 8:1:1 ratio. Evaluation was carried out using a com-
prehensive set of speech separation and intelligibility metrics,
including signal to distortion ratio (SDR) [20], scale-invariant
signal to distortion ratio (SI-SDR), short-time objective intel-
ligibility (STOI), and extended STOI (ESTOI) [21].

4. RESULTS AND DISCUSSION

4.1. Comparison with baseline methods
We compare the proposed MDATNet with existing EEG-
assisted target speaker extraction models, including BASEN [22],
NeuroHeed [12], NeuroSpex+ [23], and M3ANet [24]. The
experimental results are presented in Table 1, demonstrating
that MDATNet achieves state-of-the-art performance across
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Table 1. Comparison with other mainstream models on our
EEG-based spontaneous attention switching dataset.

Methods SDR (dB) SI SDR (dB) STOI (%) ESTOI (%)

BASEN [22] 4.32 3.72 74.93 60.40
NeuroHeed [12] 5.44 4.95 79.61 65.82
NeuroSpex+ [23] 6.65 6.10 82.77 69.90
M3ANet [24] 7.02 6.61 84.18 71.84
MDATNet (ours) 8.79 8.63 88.17 79.31

all metrics on the EEG-based spontaneous attention switching
dataset.

Specifically, compared to the previously best-performing
M3ANet, MDATNet achieves improvements of 1.77 dB and
2.02 dB in SDR and SI-SDR, respectively, with gains of
3.99% and 7.47% in STOI and ESTOI. These results indicate
significant improvements in both speech separation quality
and intelligibility. The performance gains become even more
pronounced when compared to NeuroSpex+, with MDAT-
Net showing improvements of 2.14 dB in SDR, 2.53 dB
in SI-SDR, 4.53% in STOI, and 8.33% in ESTOI. Further-
more, compared to the traditional BASEN model, MDATNet
demonstrates substantial improvements across all metrics,
highlighting its superior performance in complex multi-
speaker scenarios. The consistent performance gains over
different baselines demonstrate the effectiveness of our mul-
timodal fusion strategy and dynamic update mechanism. The
superior performance of MDATNet can be attributed to its
ability to effectively integrate EEG and average gaze coor-
dinates information. Additionally, it dynamically adapts to
attention switches and leverages speech information from
previous chunks to maintain continuity.

4.2. Ablation Study
To assess the effectiveness of the eye-tracking information
and dynamic update unit, we conducted ablation experiments,
as shown in Fig. 2. For speech quality evaluation, we em-
ployed both SDR and SI-SDR metrics, where the former mea-
sures overall distortion and the latter eliminates scale differ-
ences to focus on signal fidelity. The baseline model without
eye-tracking information and dynamic update unit achieved
5.32 dB SDR and 4.61 dB SI-SDR. Adding the eye-tracking
information improved performance to 6.47 dB (+1.15 dB) and
6.12 dB (+1.51 dB), while introducing the dynamic update
unit led to larger gains of 7.58 dB (+2.26 dB) and 7.36 dB
(+2.75 dB). With both combined, the complete MDATNet
reached 8.79 dB SDR and 8.63 dB SI-SDR, corresponding
to total improvements of 3.47 dB and 4.02 dB.

A consistent trend was observed for intelligibility metrics
in Table 2. The baseline achieved 78.46% STOI and 65.34%
ESTOI, which increased to 81.25% and 68.92% using the
average gaze coordinates data, and to 84.27% and 72.81%
with the dynamic update unit. Notably, the whole MDATNet

Fig. 2. Impact of eye-tracking (ET) and dynamic update (DU)
modules on target speaker extraction performance measured
by SDR, SI-SDR. (∗∗∗: p-value < 0.001)

Table 2. Performance of MDATNet variants with eye-
tracking (ET) and dynamic update (DU) modules on our
EEG-based spontaneous attention switching dataset.

Model Variant STOI (%) ESTOI (%)
MDATNet (w/o ET, w/o DU) 78.46 65.34
MDATNet (w/ ET, w/o DU) 81.25 68.92
MDATNet (w/o ET, w/ DU) 84.27 72.81
MDATNet (Full Model) 88.17 79.31

achieved the highest scores of 88.17% STOI and 79.31% ES-
TOI. All improvements were statistically significant (p-value
< 0.001). These results demonstrate that introducing average
gaze coordinates information and dynamic update unit pro-
vides a novel approach for brain-assisted target speech ex-
traction in dynamic target speaker scenarios.

5. CONCLUSION

In this work, we proposed MDATNet, a neuro-inspired mul-
timodal framework to address dynamic target speaker extrac-
tion under attention switching in multi-speaker environments.
The framework incorporates EEG attention switch decoding,
eye-tracking, and a dynamic update unit, enabling adaptive
tracking and extraction of the attended speech. Experimen-
tal results on our EEG-based spontaneous attention switch
dataset demonstrate that the MDATNet notably outperforms
baseline models, achieving 8.79 dB SDR and 88.17% STOI.
These results confirm the effectiveness of combining EEG,
average gaze coordinates, and historical speech features for
robust brain-assisted speech extraction in attention switch
scenarios. Future work will investigate cross-subject general-
ization under diverse acoustic conditions.

6654

Authorized licensed use limited to: ACADEMIA SINICA. Downloaded on April 26,2026 at 14:17:49 UTC from IEEE Xplore.  Restrictions apply. 



6. REFERENCES

[1] S. Haykin and Z. Chen, “The cocktail party problem. neural
computation,” Neural Computation, vol. 17, no. 9, pp. 1875–
1902, 2005.

[2] S. Van Eyndhoven, T. Francart, and A. Bertrand, “EEG-
informed attended speaker extraction from recorded speech
mixtures with application in neuro-steered hearing prostheses,”
IEEE Transactions on Biomedical Engineering, vol. 64, no. 5,
pp. 1045–1056, 2016.

[3] J. Li, B. Hong, G. Nolte, A.K. Engel, and D. Zhang,
“EEG-based speaker–listener neural coupling reflects speech-
selective attentional mechanisms beyond the speech stimulus,”
Cerebral Cortex, vol. 33, no. 22, pp. 11080–11091, 2023.

[4] M. Delcroix, K. Zmolikova, K. Kinoshita, A. Ogawa, and
T. Nakatani, “Single channel target speaker extraction and
recognition with speaker beam,” in Proceedings of the Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP), 2018, pp. 5554–5558.

[5] M. Ge, C. Xu, L. Wang, E. S. Chng, J. Dang, and H. Li, “L-
spex: Localized target speaker extraction,” in Proceedings of
the International Conference on Acoustics, Speech and Signal
Processing (ICASSP), 2022, pp. 7287–7291.

[6] Z. Huang, D. Raj, P. Garcı́a, and S. Khudanpur, “Adapt-
ing self-supervised models to multi-talker speech recognition
using speaker embeddings,” in Proceedings of the Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP), 2023, pp. 1–5.

[7] Y. Wang, J. Zhang, S. Chen, W. Zhang, Z. Ye, X. Zhou, and
L. Dai, “A study of multichannel spatiotemporal features
and knowledge distillation on robust target speaker extraction,”
in Proceedings of the International Conference on Acoustics,
Speech and Signal Processing (ICASSP), 2024, pp. 431–435.

[8] J. Lin, X. Cai, H. Dinkel, J. Chen, Z. Yan, Y. Wang, J. Zhang,
Z. Wu, Y. Wang, and H. Meng, “AV-Sepformer: Cross-
attention sepformer for audio-visual target speaker extraction,”
in Proceedings of the International Conference on Acoustics,
Speech and Signal Processing (ICASSP), 2023, pp. 1–5.

[9] X. Wang, Y. Ding, L. Wang, and F. Chen, “A multi-task learn-
ing and auditory attention detection framework towards EEG-
assisted target speech extraction,” Applied Acoustics, vol. 231,
pp. 110474, 2025.

[10] X. Wang, Y. Ding, L. Wang, and F. Chen, “Smr-awarenet: An
adaptive smr-aware neural network for EEG auditory attention
guided target speech extraction,” in Proceedings of the Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP), 2025, pp. 1–5.

[11] K. Zmolikova, M. Delcroix, T. Ochiai, K. Kinoshita,
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