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Abstract

Brain-assisted target speaker extraction (TSE) isolates a tar-
get speaker’s voice from a mixture by leveraging task-
specific representations in Electroencephalogram (EEG) sig-
nals. However, existing methods rely on fixed interpola-
tion for EEG-audio alignment, introducing redundant com-
putations. They also employ single-path encoders that ex-
tract only target-relevant features while neglecting comple-
mentary, irrelevant ones, limiting discriminability. To ad-
dress these limitations, this paper proposes a Trainable EEG
Interpolation and Structure-sharing Dual-path Encoders net-
work (TIDENet). The proposed Trainable EEG Interpolation
(TEI) uses a neural network module to leverage cross-sample
EEG information during resampling by parameters updating,
thereby overcoming the limitations of fixed interpolation. The
Structure-sharing Dual-path Encoders (SSDPE) extend exist-
ing speech and EEG encoders by introducing dual paths that
separately process features relevant and irrelevant to the tar-
get speaker and incorporates interactive fusion between them,
which enhances the encoder’s ability to capture task-relevant
information. Experimental results on public datasets demon-
strate that TIDENet achieves relative improvements of up to
20.47%, 22.22%, 2.91%, 6.20%, and 15.84% in signal-to-
distortion ratio (SDR), scale-invariant SDR (SI-SDR), short-
time objective intelligibility (STOI), extended STOI (ES-
TOI), and perceptual evaluation of speech quality (PESQ), re-
spectively, compared to the state-of-the-art. These significant
gains validate the effectiveness of the proposed TEI method
and SSDPE architecture.

Code — https://github.com/segmentFT/TIDENet

Introduction

Selective auditory attention allows humans to focus on a tar-
get speaker and isolate their voice from a mixture of com-
peting voices, which is crucial in complex auditory environ-
ments such as social gatherings or meetings. Target Speaker
Extraction (TSE) aims to simulate this ability by extracting
the target speaker’s speech from mixed audio signals.

To distinguish target speaker from mixed speech, TSE
models traditionally rely on various external cues, such as
pre-recorded speech (Zmolikov4 et al. 2019; Xu et al. 2020;
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Ge et al. 2021; Liu et al. 2023; Hao, Li, and Zheng 2024),
visual signals (Ephrat et al. 2018; Pan, Qian, and Li 2022;
Lin et al. 2023; Li et al. 2024; Tao et al. 2025), or textual
chat logs (Kim et al. 2025; Huo et al. 2025). However, these
cues pose practical challenges in real-world applications like
hearing aids. Speech-based cues require prior recordings of
the target speaker, and users must manually indicate whom
the cue refers to, as the model cannot autonomously identify
the speaker. Visual cues, including lip or body movements,
demand continuous precise camera alignment, proving un-
reliable in occlusion-prone dynamic environments. Textual
cues from chat logs require integration with messaging plat-
forms, limited by privacy and availability constraints.

Limitations of conventional TSE methods have driven al-
ternative solutions. Mesgarani and Chang (2012) discovered
pronounced neural responses to attended speech in the audi-
tory cortex compared to unattended speech. Building on this,
O’sullivan et al. (2015) successfully decoded attentional fo-
cus Electroencephalogram (EEG) signals to identify the at-
tended speaker, suggesting that EEG can serve as a viable
cue for TSE, which is known as Brain-Assisted TSE. Early
approaches (Han et al. 2019; Ceolini et al. 2020) followed
a two-stage pipeline: first separating the mixture, then es-
timating the target speaker’s speech envelope from EEG
to match the correct stream. Subsequently, to simplify the
two-stage pipeline, Hosseini, Maryam and Celotti, Luca and
Plourde, Eric (2021) proposed a fully end-to-end framework
that treats EEG and speech as distinct modalities and per-
forms feature-level fusion, enabling the direct extraction of
target speech guided by neural activity. This multimodal fu-
sion strategy has since become the prevailing paradigm in
brain-assisted TSE research (Hosseini, Maryam and Celotti,
Luca and Plourde, Eric 2022; Zhang et al. 2023; Fan et al.
2024; Pan et al. 2024; Fan et al. 2025).

Despite the superior performance of this modality fusion
approach, it still faces two key challenges. First, there ex-
ists a significant discrepancy in temporal resolution between
EEG and speech signals, with EEG exhibiting a much lower
effective bandwidth, and this necessitates resampling to en-
sure temporal alignment for feature fusion (Broderick et al.
2018). Most existing approaches employ simple fixed inter-
polation, which incurs computational redundancy due to re-
peated or uninformative inputs. Second, current single-path
encoders focus solely on extracting task-relevant features,



neglecting the potential benefits of modeling irrelevant in-
formation. Prior work in image and speech processing (Chen
etal. 2018; Zheng et al. 2021; Tao et al. 2025) shows that ex-
plicitly representing both relevant and irrelevant components
and enabling their interaction can enhance feature discrimi-
nation. The absence of such mechanisms limits the encoder’s
ability to fully leverage available information.

To address these limitations, this paper proposes the
Trainable EEG Interpolation and Structure-Sharing Dual-
path Encoder Network (TIDENet). Trainable EEG Interpo-
lation (TEI) method employs a neural network module for
EEG resampling. Although the module’s interpolation be-
havior is still fixed during a forward pass for a given batch,
neural network’s parameters updated via backpropagation
cause the interpolation behavior for subsequent batches to
evolve, which allows the module to implicitly leverage in-
formation across EEG samples during training in paral-
lel with new useful information brought in for each inter-
polation step. Structure-Sharing Dual-Path Encoders (SS-
DPE) extends conventional speech/EEG encoders to a dual-
path structure. This enables the encoder to explicitly extract
both target-relevant and target-irrelevant features in parallel.
Therefore, the model can actively amplify the discrepancy
between them, and enhancing the discriminative power of
the target-relevant features. A fusion module at the end of
the SSDPE facilitates interaction between these paths, in-
creasing their discriminability and further enhancing rele-
vant features. Crucially, as relevant and irrelevant informa-
tion within speech/EEG signals are homogeneous (both are
fundamentally speech/EEG signals), the SSDPE employs
shared structure between paths. This architectural constraint
encourages the extracted features to reside in the same fea-
ture space.

The contributions of this paper are summarized as fol-
lows:

* This paper proposes a novel Brain-Assisted Target
Speaker Extraction model with Trainable EEG Interpola-
tion method, which enables the model to introduce new,
effective information during resampling, improving the
resampled EEG features.

This paper proposes a Shared-Structure Dual-Path En-
coder architecture for both speech and EEG encoders,
which simultaneously extracts target-relevant and target-
irrelevant features and facilitates interaction between
them.

On the Cocktail Party and AVED datasets, our proposed
model surpasses existing SOTA models, demonstrating
the effectiveness of the proposed improvements.

Related Works

Early brain-assisted target speaker extraction methods split
the process into stimulus reconstruction and speech separa-
tion. In the first stage, a linear regression approach (Mes-
garani et al. 2009; Akbari et al. 2019) and its deep learn-
ing extensions map EEG signals elicited by speech stimuli
to amplitude envelopes; in the second stage, conventional
speech separation unmixes the auditory mixture, and each
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separated output is compared against the reconstructed en-
velope to identify the target speaker (Han et al. 2019). Rec-
ognizing the limited expressiveness of linear models, Ce-
olini et al. (2020) simulated EEG inputs using noisy clean
speech and trained a deep network on the corresponding en-
velope spectra, but the distribution mismatch between train-
ing and inference degraded extraction quality. To enhance
multimodal fusion, Hosseini, Maryam and Celotti, Luca and
Plourde, Eric (2021) introduced FILM (Feature-wise Lin-
ear Modulation) (Perez et al. 2018)-based affine modulation
in their Brain-Enhanced Speech Denoiser (BESD), later im-
proved by UBESD (Hosseini, Maryam and Celotti, Luca and
Plourde, Eric 2022) with an optimized separation network.
Zhang et al. (2023) replaced FILM with a cross-attention
mechanism, developing the convolutional multi-layer cross-
attention module and the Brain-Assisted Speech Enhance-
ment Network (BASEN) architecture, which outperformed
prior methods. Fan et al. (2024) further advanced BASEN
by incorporating multi-scale convolutions for speech feature
extraction, substituting its temporal convolutional network
(Luo and Mesgarani 2019) with a dual-path recurrent neural
network (Luo, Chen, and Yoshioka 2020), and employing
graph convolutions to strengthen the EEG encoder. Pan et al.
(2024) simplified multimodal fusion through linear projec-
tions and stacked self-attention layers, shifting complexity
to the EEG encoder and introducing a pseudo-autoregressive
scheme for online processing. The latest M3ANet (Multi-
scale and Multi-Modal Alignment Network) (Fan et al.
2025) integrates the Mamba (Gu and Dao 2024) model to
enhance the speech encoder, and uses contrastive learning to
improve the temporal alignment between features of speech
and EEG.

However, existing networks suffer from two critical lim-
itations: fixed EEG resampling compromises cross-modal
alignment precision, while single-path encoders neglect
target-irrelevant features, preventing relevant feature en-
hancement through interaction with irrelevant one.

Model Architecture

TIDENet comprises five core components: a speech encoder,
EEG encoder, fusion module, speech extractor, and decoder
(architecture shown in Figure 1). The speech encoder ex-
tracts features from mixed audio, while the EEG encoder
derives stimulus-aligned features from elicited EEG signals.
The fusion module synthesizes these into new speech fea-
tures embedding target speaker information. The speech ex-
tractor then isolates target speaker features, and the decoder
reconstructs monaural waveforms.

Speech Encoder

The speech encoder employs our proposed Structure-
Sharing Dual-Path Encoder (SSDPE) architecture (Fig-
ure 1), whose core innovation lies in explicitly modeling
interaction mechanisms between complementary features.
Each path comprises a 1D convolution layer (kernel size
Ky, stride Si,, 1 input and C' output channels) followed by
PReLU activation. Processing monaural mixture x € R'*”
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Figure 1: The overall architecture of the model. Dashed boxes delineate distinct components in the diagram. According to our
proposed structure-sharing strategy, the second EEG encoder path has the same architecture as that of the first.

yields feature maps:

F") = ConvlD (x | Kin, Sin, 1, C) € ROXT’

1
FI(HQ) = ConvlD (x | Kin, Sin, 1,C) € REXT M
where Fl(n1 ) and Ff ) encode features relevant/irrelevant to
target speaker respectively. The dual-path design fundamen-
tally decouples feature extraction processes to enable sub-
sequent feature interaction. The fusion module concatenates
them along channel dimension:

After layer normalization, a bias-free linear layer with pa-
rameter matrix Wiysion, € RE*2C reduces channel depth:

F
- LayerNorm
F

With nonlinearity of layer normalization, the linear layer in-
trinsically learns nonlinear interactions between effective/in-
effective features: By adaptively adjusting channel-wise
weighting coefficients, Wguls)ion suppresses interference com-
ponents while amplifying target-specific attributes, yielding
Fi, with enhanced target relevance and robustness.

(1)

2)
n

(1)

fusion

Fin=W

) cROXT" ()

Trainable EEG Interpolation Module

The trainable EEG interpolation (TEI) module is imple-
mented as a one-dimensional grouped transposed convolu-
tion layer without bias, where the number of groups equals
the input channel count. Given an input length Tggg match-
ing the speech duration, the output length T} of the trans-
posed convolution satisfies

T]gEG = (TEEG - 1) : Srs + K + Pouta (3)
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where Sy, Ky, and P, denote the stride, kernel size, and
output padding, respectively. By selecting appropriate hy-
perparameter of S, K5 and Py, Tipg = T should be en-
sured. Since the input signals are not padded, the formula
omits an input-padding term.

The principal advantage of the TEI module resides in its

trainable nature. Let B{7). and B"") denote the EEG and

speech
speech input tensors for the 7-th iteration batch, with Q(TE)I
representing the TEI parameter tensor at this iteration. Ac-
cording to backpropagation and gradient descent, the up-
dated parameters at iteration 7 + 1 are given by:

T+1 T T T
ot = —n- Veu £ (BI(EE)G»B( 4

TEI speech

) @

where 7 is the learning rate, £ denotes the loss function (de-

) and Bg;e)ech), and V is the gradient opera-
(7)

tor. By definition, V g £ constitutes a function of Bygg,

TEIL
implying that @%TE;FI)

(7)
Bigc-

The resampled EEG features O(T;rl) at iteration 7 + 1
are computed from input features and updated parame-

Q(T;:Iﬂ), establishing O%Fl) as a function of G)%IH)-

Through function composition, O(TTE;FU is consequently a

pendent on B

can be expressed as a mapping of

ters

function of the input B{7); at iteration 7.
Critically, Equation (4) forms a recurrence relation over
iterations 7. Sequential application of function composition

reveals that O(TTE;FD inherently depends on all EEG samples
processed prior to iteration 7. When 7 exceeds the number
of iterations per training epoch, O(T;;l) effectively incor-
porates information from the entire EEG training set. This
demonstrates that through backpropagation and gradient de-
scent, the TEI module leverages cross-sample global infor-
mation to enhance feature representation. This distinguishes
it from fixed interpolation relying solely on current EEG in-
puts without useful information from historical data.



The parameter @%5)1 evolves with iteration 7. During
training, this evolution should monotonically improve over-
all model performance while preventing degradation of the
TEI module itself. This implies that TEI’s interpolation un-
dergoes continuous optimization until convergence. Such in-
herent self-optimization capability constitutes a fundamen-
tal advantage over fixed interpolation methods.

EEG Encoder

The EEG encoder also follows the SSDPE architecture
(Figure 1), each path adopting the structure from (Fan
et al. 2024). The dynamic graph convolutional network
(DGCN) encoder (Song et al. 2020) models Cggg-channel
EEG signals as directed weighted complete graphs: perform-
ing channel-wise batch normalization first, then transform-
ing adjacency matrix Aggg into Laplacian matrix, followed
by 3rd-order Chebyshev polynomial filtering (Defferrard,
Bresson, and Vandergheynst 2016). Trainable elements in
Aggg dynamically capture inter-channel correlations (ele-
ment (i, 7) denotes correlation between channels 7 and j),
aggregating channels to extract preliminary features with
output dimension R e x Tiea,

Within each path of the EEG encoder, the input EEG sig-
nals are first processed by the DGCN encoder to extract low-
level features. These features are then resampled along the
time dimension by our TEI module so that the output length
matches the sample count 7" of the mixed speech. The re-
sampled EEG features Fpp; € RY*T undergo a second
DGCN-based aggregation, yielding Fpps € RCmcXT A
subsequent one-dimensional convolution

Fiiug = ConvID (Fys | Kin, Sin, Cixg, C/2) € RS X7

(&)
reduces the channel count to C'/2, aligning the temporal di-
mension with the mixed speech features. The final EEG fea-
ture extractor consists of two pointwise convolution layers
and a stack of three ResBlocks, as shown in Figure 1. The
first pointwise convolution and the first ResBlock preserve
the channel count of Fg, while the second and third Res-
Blocks output C' channels. The final pointwise convolution
restores the channel count to C'/2. All pooling operations
are removed to maintain temporal alignment. Denoting the
outputs of the two paths Eggg, and Eggg, as

F(EIE)G = &irg (Y) € REXT

Fga)a = &l (Y) e REXT
with input Y € R%ecxTes representing the raw
EEG signals, F](;E)G and F](EQE)G are interpreted as speaker-
related/unrelated features, respectively, which means that
FSE)G encodes target-relevant features (effective compo-
nents) and F(Ei:)(; captures irrelevant characteristics (ineffec-
tive components). These are fused by a bias-free linear layer

(6)

Fin :
Feig = PReLU (Wfﬁfon : [ o || ERT @)
Freg
where the parameter matrix is Wf(ii)on e REXC, preserv-

ing the channel count to match the speech encoder out-
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put. This linear layer dynamically regulates the contri-
bution ratio of effective/ineffective features via learnable
weights, suppressing interference while enhancing target-
specific representations-constituting the core mechanism for
feature interaction.

Fusion Module

TIDENet employs the convolutional multi-layer cross-
attention (CMCA) module (Zhang et al. 2023) for feature
fusion. In CMCA, EEG features enhance target speaker
information in speech features and speech features filter
EEG components irrelevant to auditory stimuli. This inter-
action amplifies target speaker-related representations, opti-
mizing subsequent speech extraction. The CMCA architec-
ture stacks three identical layers, each containing two multi-
@ 5 — 1,2) and
i) )
two layer normalization units (LayerNorm;Z), 7 =1,2). For
layer ¢ with inputs Gl(; ) (speech) and G](;gG (EEG):

(@)

head cross-attention modules (CrossAttn

GUTY = LayerNorm{” (CrossAtn{” (G, GWY)
Gl = LayerNorm{” (Crossaun{” (G, G{,))

;i) generates query matrices from its first
input and key/value matrices from its second input. Initial-
ized with G'l(nl ) F;, and G](E}E)G = Fggg, the final out-
put concatenates initial (Fi,, Fgpg) and processed features
(Gi(;1 )7 GE?G) along channel dimension, compressed to C'
channels via bias-free linear layer followed by PReL.U.

where CrossAttn

Speech Extractor

The dual-path recurrent neural network (DPRNN) (Luo,
Chen, and Yoshioka 2020) is employed as the speech ex-
tractor. This time-domain separation network segments 1D
feature maps into overlapped chunks (50% overlap) and re-
shapes them into a 3D tensor 7 € RIXNXC (P: chunk
length, N:chunk count, C: channels). The architecture
stacks R DPRNN blocks, each containing two bidirec-
tional LSTMs: intra-chunk and inter-chunk LSTM, process-
ing along P-dimension and N-dimension respectively. This
design reduces time steps by 1/P for inter-chunk LSTM,
mitigating gradient explosion risks. Chunk overlap ensures
temporal continuity for intra-chunk LSTM, with final output
reconstructed via overlap-add. In TIDENet, fused features
feed into DPRNN for end-to-end target speaker separation.

Decoder

The decoder comprises a linear layer followed by a 1D
transposed convolutional layer. The linear layer transforms

speech features into target speech masks, which are element-
&)
, in
termediate features Foy € RE*T" . The transposed convolu-
tion then reconstructs target speech:

X = DeConv (Foy | Kin, Sin, C,1) e R™*T (9)

where Kj, and Sj, maintain identical kernel size and stride
as the encoder’s convolutional layer.

wise multiplied with the encoder output F. ’ to produce in-



Loss Function
The negative SI-SDR between target speech s € R'*7 and
estimated speech X serves as the loss function:

(%)
lIsll3

| HQ cR
% f5it
2

TsiE
This function is differentiable w.r.t. both X and s.

L (s,X) = —20-log, (10)

Experiments
Datasets

Cocktail Party. The dataset (Broderick et al. 2018) com-
prises 33 normal-hearing subjects (28 male, 5 female). Each
subject completed 30 trials with monaural auditory stimuli
(44.1 kHz) presented via headphones. Subjects were divided
into two attention groups: one attending exclusively to left-
ear stimuli, the other to right-ear stimuli. EEG signals were
recorded synchronously using a 128-electrode cap at 512 Hz
sampling rate.

AVED. The dataset (ZHANG et al. 2024) comprises 20
normal-hearing subjects (14M/6F; mean age 20). Partici-
pants completed 16 trials (152s each) using in-ear head-
phones, attending to gender-specific narratives (male/female
voice to left/right ear). All audio stimuli maintained constant
amplitude (44.1 kHz), with synchronized EEG recorded via
32-channel system at 1 kHz.

Data Preprocessing

Audio stimuli downsampled from 44.1 kHz to 14.7 kHz.
Left/right ear signals RMS-normalized and superimposed
to create mixed speech samples. Data are partitioned at
trial level and training/validation sets segmented into non-
overlapping 2s clips (60s trials); test set into 20s clips. EEG
signals re-referenced to mastoid average, artifacts removed
via ICA in EEGLAB (Delorme and Makeig 2004), down-
sampled to 128 Hz.

In the Cocktail Party dataset, 5 trials per subject are ran-
domly selected for testing, 2 are for validation, and remain-
der for training. Bandpass-filtered EEG (0.1-45 Hz) fed into
frequency-band coupling (FBC) model (Moinnereau et al.
2020; Whittingstall and Logothetis 2009) estimating corti-
cal multi-unit activity (MUA):

N(t) = ay x Py(t) + a5 x Z8(t)

where N (t) estimates neural activity at ¢, P, (t) and Z4(t)
denote gamma-band amplitude and delta-band phase respec-
tively, and a, and as predefined coefficients respectively.

In the AVED dataset, 1 trial per subject is randomly as-
signed to test/validation sets each, and the remainder is for
training. EEG channels are bandpass-filtered (1-50 Hz) with
average re-reference. Only trials where subjects attended to
male narrator analyzed to avoid attention shift interference.

Implementation Details

The 1D convolutional layer adopts kernel K;, = 8, stride
Sin = 4, with feature map channels C' 128. To re-
duce parameter overhead in CMCA, standard multi-head
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attention linear layers are replaced by depthwise separa-
ble convolutions (depthwise kernel size 3), using single at-
tention head. The separator network sets hyperparameter
R = 4 with LSTM hidden dimension equal to C'. Since in-
put speech/EEG signals have variable lengths, resampling
parameters S/ K5/ Py are dynamically configured to syn-
chronize EEG and speech sampling rates.

Evaluation Metrics

Scale-invariant signal-to-distortion ratio (SI-SDR) serves as
the core metric for speech physical fidelity, with higher
values indicating superior signal quality (Le Roux et al.
2019). Four complementary metrics are reported: signal-
to-distortion ratio (SDR) measures physical signal quality
(scale-sensitive), where elevated values denote better speech
quality (Vincent, Gribonval, and Févotte 2006); short-time
objective intelligibility (STOI, 0-1) assesses speech clar-
ity, with higher scores positively correlating with human
auditory comprehension (Taal et al. 2011); extended STOI
(ESTOLI, 0-1) provides enhanced precision, where increased
scores reflect improved intelligibility (Jensen and Taal
2016); perceptual evaluation of speech quality (PESQ, 0.5-
4.5) predicts subjective audio quality, with higher ratings
signifying superior perceptual quality (Rix et al. 2001).

Training Details

Implemented in PyTorch, all models trained for 400 epochs
with two NVIDIA GeForce RTX 3090 GPUs. Both full and
ablated variants use Adam optimizer with cyclic learning
rate (2,000 iterations): linear warmup over initial 40 itera-
tions per cycle followed by cosine decay. Peak learning rate
3.5 x 1074, trough 1/25 of peak, fixed batch size 8.

To resolve channel mismatch (AVED: 32 vs en-
coder: 128), quadruplicate and concatenate 32-channel
segments along channel axis to form 128-channel in-
puts, enabling accelerated convergence via Cocktail Party-
pretrained model fine-tuning. Unlike prior encoder reduction
approaches, this work maintains unified 128-channel archi-
tecture across datasets.

Results
Comparison with Baseline Models

This paper presents a systematic comparative analysis of
TIDENet against classical EEG-based speech extraction
models (BESD, UBESD, NeuroHeed) and state-of-the-art
architectures (MSFNet, M3ANet), as detailed in Table 1.
On the Cocktail Party dataset, TIDENet demonstrates sig-
nificant performance improvements over M3ANet: SI-SDR
+1.68 dB, SDR +1.65 dB, STOI +3.61%, ESTOI +4.75%,
and PESQ +0.39. On the AVED dataset, the performance
gains are: SI-SDR +2.42 dB, SDR +2.28 dB, STOI +2.64 %,
ESTOI +5.09%, and PESQ +0.35. These results indicate
that TIDENet achieves the highest SDR and SI-SDR scores
on both datasets, signifying minimal distortion and optimal
reconstruction quality of the separated speech. Concurrently,
TIDENet also attains the highest STOI and ESTOI scores,
highlighting its advantage in enhancing speech intelligibil-
ity. Furthermore, its superior performance on the PESQ met-



Datasets Methods SDR(dB) SI-SDR(dB) STOI  ESTOI PESQ
Mixture 0.47 0.45 74.00% 55.00%  1.61

BESD (2021) - 5.75 79.00% - 1.79

UBESD (2022) - 8.54 83.00% - 1.97

Cocktail Party  BASEN (2023) - 12.23 86.00% - 2.24
NeuroHeed (2024)  -0.09 0.11 71.48% 54.79% 145

MSFNet (2024) 13.03 12.89 88.00% 77.00%  2.51

M3ANet (2025) 14.11 13.95 89.23% 7836%  2.58
TIDENet(ours) 15.76 15.63 92.84% 82.93% 297

Mixture 1.54 1.52 75.83% 60.57%  1.50

UBESD (2022) 8.1 7.89 85.00% 72.00%  1.75

BASEN (2023) 8.68 8.46 86.00% 75.00% 191

AVED NeuroHeed (2024)  8.77 8.61 88.11% 77.81% 1.82
MSFNet (2024) 9.84 9.65 89.00% 79.00%  2.07

M3ANet (2025) 11.14 10.89 90.60% 82.06% 221
TIDENet(ours) 13.42 13.31 93.24% 87.15%  2.56

Table 1: Comparisons with baseline models on the Cocktail Party and AVED datasets. Experimental results for the NeuroHeed
on both the Cocktail Party and AVED datasets, along with results of all other models on the AVED dataset, are reproduced from
(Fan et al. 2025). The remaining experimental results in the tables are sourced from their respective original publications.
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Figure 2: Illustration of SI-SDR (dB) distributions of dif-
ferent models on the Cocktail Party dataset test set. Solid
color markers show SI-SDR values per test sample. Sym-
metrical half-violin plots depict sample density with adja-
cent box plots displaying median, interquartile range (IQR),
data range (£1.5%IQR), and potential outliers. The x-axis
identifies three models while the y-axis quantifies SI-SDR
(0-18 dB).

ric indicates better subjective auditory quality of the sepa-
rated speech.

Figure 2 systematically visualizes the SI-SDR distribution
characteristics of MSFNet, M3ANet, and TIDENet on the
Cocktail Party dataset test set through an integrated half-
violin and box plot representation. Compared to MSFNet
and M3ANet, TIDENet exhibits a pronounced rightward
shift in both probability density curves and box plot me-
dians, with median SI-SDR values increasing by approx-
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imately 2.7 dB and 1.6 dB respectively, which demon-
strates its superior average speech separation accuracy. Cru-
cially, TIDENet displays significantly narrower interquar-
tile ranges (IQR) and whisker lengths (defined by the
1.5xIQR range), indicating reduced performance variance
across diverse test samples and enhanced algorithmic con-
sistency and robustness. Collectively, these results confirm
that TIDENet achieves not only improvements in separation
quality but also surpasses MSFNet and M3ANet in stability,
validating its efficacy in complex acoustic mixing scenarios.

Ablation Study

Table 2 presents the results of 8 ablation experiments con-
ducted on the Cocktail Party dataset. This study systemat-
ically evaluates the individual contributions and synergis-
tic effects of the Trainable EEG Interpolation (TEI) mod-
ule and the Structure-sharing Dual-Path Encoders (SSDPE)
architecture (applied separately to the speech encoder and
EEG encoder) on the overall model performance. The base-
line model (#1), representing the configuration without the
TEI module or SSDPE architecture, which uses fixed inter-
polation algorithm for resamping EEG features and both of
the EEG and speech encoders are single-path, establishes the
lower performance bound for the TIDENet model.

Model #2 incorporating the TEI module, demonstrates
significant performance improvements over the baseline
(#1) across all metrics: +1.38 dB in SI-SDR, +1.31 dB in
SDR, +2.15% in STOI, +3.84% in ESTOI, and +0.28 in
PESQ. This indicates that the TEI module enhances the
model’s performance by refining the interpolation for EEG
features, thereby improving the temporal alignment preci-
sion between EEG and speech features.

Model #3, which integrates the SSDPE architecture solely
in the EEG encoder, also exhibits noticeable gains com-
pared to the baseline (#1): +1.18 dB in SI-SDR, +1.20 dB
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No. T Metrics
. ructure-Sharin
Trainable EEG Dual-Path Encodegrs
Interpolation
Speech EEG SI-SDR(dB) SDR(dB) STOI ESTOI PESQ
#1 X X X 14.10 14.22 90.08%  78.93% 2.66
#2 v X X 15.48 15.53 92.23% 82.77%  2.94
#3 X X v 15.28 15.42 91.36% 82.34% 2.89
#4 X v X 14.28 14.41 90.43%  79.93% 2.72
#5 X v v 15.31 15.43 91.90% 82.41%  2.90
#6 v X v 15.35 15.46 92.03% 82.53% 2.94
#7 v v X 15.30 15.44 91.86% 85.07%  2.93
#8(ours) v v v 15.63 15.76 92.84% 82.93%  2.97

Table 2: Structure of ablation studies on the Cocktail Party dataset. The No. column indicates experiment IDs. Under the
Methods header, checkmarks (v') in the Trainable EEG Interpolation column denote inclusion of the module in experiments,
while crosses (x) indicate its removal, and the Structure-Sharing Dual-Path Encoders column contains two subcolumns
(Speech and EEG). Checkmarks (v) in these subcolumns signify dual-path encoder architectures for speech/EEG respectively,

with crosses (x) indicating single-path structures.

in SDR, +1.28% in STOI, +3.41% in ESTOI, and +0.23
in PESQ. These improvements demonstrate that the SSDPE
within the EEG encoder effectively extracts both target-
relevant/irrelevant features from the input EEG signals. The
interaction between these features leads to more discrimina-
tive representations, which boosts model performance.

In contrast, model #4, which applies the SSDPE architec-
ture only to the speech encoder, shows marginal gains over
the baseline (#1) in SI-SDR (+0.18 dB), SDR (+0.19 dB),
STOI (+0.35%), ESTOI (+1.00%), and PESQ (+0.06). This
suggests that while the SSDPE architecture in the speech
encoder contributes positively, its impact in isolation is lim-
ited. Its benefits are more effectively realized when com-
bined with other enhancements, such as the TEI module or
SSDPE applied to the EEG encoder.

The model #5 equipped with SSDPE in both speech
and EEG encoders but without TEI, which achieves mod-
erate gains over the baseline (#1): SI-SDR (+1.21 dB),
SDR (+1.21 dB), STOI (+1.28%), ESTOI (+3.48 %), PESQ
(+0.24). However, it underperforms TEI-only model #2
(e.g., SI-SDR: 15.31 dB vs. 15.48 dB). This reveals that SS-
DPE deployment in both encoders provides additive bene-
fits (surpassing model #4’s marginal gains), confirming SS-
DPE’s representational capacity, and the performance deteri-
orates without TEI module, highlighting TEI’s essential role
in enabling precise alignment for cross-modal fusion.

Model #6 and #7 augment model #3 (SSDPE in EEG en-
coder only) and #4 (SSDPE in speech encoder only) with
the TEI module respectively. Results show that both models
#6 and #7 outperform models #3 and #4 across all metrics
respectively, confirming that the TEI module can improve
performance provided by the SSDPE architecture. However,
critically, the performance of models #6 and #7 on all met-
rics (except the PESQ’s value of model #7) is slightly in-
ferior to or merely matches that of model #2 with only the
TEI module. This implies that applying the SSDPE architec-
ture to either the speech or EEG encoder alone may interfere

32398

with the TEI module learning the optimal interpolation.

Crucially, when the model integrates both the TEI mod-
ule and the SSDPE architecture (applied to both encoders)
(model #8), it achieves the optimal performance across all
evaluation metrics except ESTOI (SI-SDR 15.63 dB, SDR
15.76 dB, STOI 92.84%, PESQ 2.97). Although model #8
exhibits a lower ESTOI metric compared to model #7, it is
still regarded as the optimal model among all variants based
on the other four performance indicators. This pivotal result
indicates that while the TEI module and the SSDPE architec-
ture (applied to either encoder) can independently improve
performance, there exists a significant non-linear synergistic
effect among them. Their combined integration unlocks the
model’s full performance potential.

Conclusion

This paper introduces a novel time-domain brain-guided tar-
get speaker extraction model, where a trainable EEG inter-
polation module supersedes existing fixed methods only for-
mally extending EEG signals without additional information
brought in by learning optimal interpolation for EEG-speech
temporal alignment, and dual-path speech/EEG encoders ex-
tract target-relevant/irrelevant features with fusion modules,
overcoming the limitation of single-path encoders which can
only actively process target-relevant features while ignoring
the extraction and utilization of irrelevant ones. Evaluations
on two public datasets demonstrate state-of-the-art perfor-
mance. Future work will investigate sophisticated interpola-
tion for cross-modal alignment and advanced fusion meth-
ods for utilization of irrelevant features.
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