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Introduction 

Humans possess a remarkable ability to selectively attend 
to the sound in a noisy environment. This phenomenon is 
commonly referred to as the cocktail party effect [1]. 
Using electroencephalography (EEG), it has been shown 
that the primary auditory cortex tracks changes in the 
attended speaker more strongly than those of an 
unattended speaker [2]. This selective neural tracking 
forms the basis for Auditory Attention Decoding (AAD), 
where EEG signals are used to infer which speaker a 
listener is focusing on. Recent studies have shown that the 
spatial locus of auditory attention is encoded in neural 
activity [3,4], enabling attention decoding without 
requiring access to the audio stimuli. This has led to the 
development of Spatial Auditory Attention Decoding 
(SAAD), which directly infers the direction of attention 
from EEG signals. In parallel, advances in deep learning 
have significantly improved EEG-based classification 
tasks, including AAD, by enabling more robust feature 
extraction and end-to-end modeling [5–7].  

Despite these advances, achieving robust cross-subject 
generalization remains a significant challenge, particularly 
in scenarios involving short decision windows. Short 
windows are critical for real-time applications such as 
hearing aids and brain–computer interfaces (BCIs), where 
rapid and reliable predictions are required. However, 
reducing the window length typically leads to degraded 
decoding performance. This issue is further amplified by 
the pronounced inter-subject variability inherent in EEG 
signals, which arises from factors such as differences in 
head geometry, neural patterns, and the non-stationary 
nature of brain activity. As a result, models trained in a 
subject-independent manner often fail to generalize 
effectively to unseen individuals. Adaptation of the 
classifier embedded into the BCI is investigated as a 
possible solution of tackling this issue [8]. 

To address this limitation, we propose a within-trial 
adaptation framework that incorporates subject-specific 
information during inference. Within this framework, three 
deep neural network (DNN) models for EEG classification 
are evaluated. The proposed method adapts model 
parameters using a limited amount of labeled data from 
each trial, facilitating rapid personalization, bridging the 
gap between subject-independent generalization and 
personalized performance. Our results demonstrate that 
such adaptation strategies improve decoding accuracy, 
particularly in short-window setting, thereby enhancing the 
practical viability of SAAD systems for real-world 
applications. 

Materials and Methods 

Dataset 

We conduct spatial auditory attention detection on the 
Audio Visual Gaze-controlled Auditory Attention 

Decoding (AV-GC-AAD) dataset of KU Leuven [9]. This 
dataset is designed to study auditory attention in realistic 
multi-speaker environments while controlling for 
confounding factors such as eye gaze. It contains 
synchronized EEG recordings and continuous audio 
stimuli, where participants are exposed to competing 
speakers under different audiovisual conditions. The audio 
signals were presented at 65 dB SPL via insert earphones 
and spatialized using head-related transfer functions 
(HRTFs) at ±90° azimuth. A key feature of this dataset is 
that it includes continuous trials with attention switches, 
where participants shift their focus between speakers 
within a trial. Each trial/condition lasted for 10 minutes, 
with a spatial switch in attention after 5 minutes. This 
enables the study of dynamic attention tracking. 

Data Preprocessing 

EEG signals were bandpass filtered between 1–32 Hz to 
retain relevant neural activity and downsampled to 128 Hz. 
The data were re-referenced to the common average across 
all channels. Ocular artifacts (e.g., eye blinks) were 
removed using a multi-Wiener filter-based approach [10]. 
Each trial was subsequently z-normalized to ensure zero 
mean and unit variance. Labels were assigned based on the 
attended spatial direction (left/right), while accounting for 
the within-trial attention switch. Specifically, trials were 
initially labeled according to the attended direction (e.g., 
left, y = 0, for negative azimuth of −90°), and updated 
after the switch to the opposite direction (e.g., right, y = 1, 
for positive azimuth of +90°). 

Deep Learning Models (DNNs) 

We evaluated three recent deep learning architectures for 
EEG classification: 
1) InceptionNet [11,12]: Based on the Inception 

architecture (inspired by GoogLeNet [13]), this model 
consists of multiple sequential inception modules. 
Each module applies parallel convolutional filters 
with different kernel sizes to capture multi-scale 
temporal features. 

2) EEGCCT [14]: This model combines sequential 
temporal and spatial convolutional layers followed by 
a transformer encoder, enabling both local feature 
extraction and global temporal modeling. 

3) DBConformer [15]: This architecture employs parallel 
temporal and spatial embedding pathways. Each 
pathway is processed by a dedicated transformer 
(temporal and spatial), and the resulting 
representations are fused for final classification. 

Baseline: Subject-Independent Training 

A leave-one-subject-out (LOSO) strategy was used to 
evaluate generalization. Data were split trial-wise into 
training, validation, and test sets to avoid trial-specific 
bias, followed by segmentation into 1-second decision 
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windows. Models were trained using the AdamW 
optimizer [16] (batch size 64) with early stopping based on 
validation loss. 

Within-Trial Adaptation 

To investigate the effect of trial-specific information in the 
presence of attention switches, we employ a within-trial 
adaptation protocol on the AV-GC-AAD KUL dataset, 
where each trial includes a mid-trial shift in the attended 
speaker. Windows are sampled from both the early pre-
switch and post-switch segments of the trial, ensuring that 
the model is exposed to neural patterns corresponding to 
both attentional states. A temporal gap around the switch 
point is excluded to avoid ambiguous labels arising from 
the transition period. The remaining windows, which are 
not used for adaptation, form the evaluation set. We 
evaluate different adaptation ratios by varying the 
proportion of windows used for adaptation within each 
trial. Specifically, we consider 10%, 20%, and 30% of the 
available windows for adaptation, with the remaining 
windows reserved for evaluation. This enables a controlled 
analysis of how much trial-specific data are required to 
improve decoding performance. During within-trial 
adaptation, the model is fine-tuned for 2 epochs using a 
mini-batch size of 16 and a learning rate of 1e-4, using the 
Adam optimizer [17]. This setup allows for lightweight 
and rapid adaptation while reducing the risk of overfitting 
to the limited adaptation data. 
We further evaluate two adaptation strategies: (i) All-layer 
adaptation, where all model parameters are updated, and 
(ii) Last-layer adaptation, where only the classifier 
(decision head) is fine-tuned while keeping earlier layers 
frozen. 
 

 

Figure 1: Comparison of subject-wise mean decoding accuracies 
for DBConformer, EEGCCT, and InceptionNet on the AV-GC-
AAD KUL dataset with a 1-s decision window. Results are 
shown for the subject-independent (SI) baseline and for within-
trial adaptation with two adaptation strategies (Last and All) and 
three adaptation ratios (10%, 20%, 30%). Boxplots represent the 
distribution across subjects, with mean values shown in red, and 
the overlaid dots represent individual subject means. 

Results 

The decoding accuracy of the models — DBConformer, 
EEGCCT, and InceptionNet— under a subject-
independent (SI) setting and multiple within-trial 

adaptation conditions for “Last” and “All” layers over 10, 
20, 30% adaptation ratios for a decision window of one 
second. Performance is reported as subject-wise mean 
accuracy averaged over 13 subjects. The result is shown in 
Fig. 1.  
In the subject-independent baseline, EEGCCT achieved 
the highest accuracy (54.4%), followed by DBConformer 
(53.4%) and InceptionNet (53.3%), indicating comparable 
performance across models without adaptation. 
Introducing adaptation consistently improved performance 
for all models. For Last-layer adaptation, performance 
increased with higher adaptation fractions. EEGCCT 
showed the strongest gains, improving from 58.4% at 10% 
adaptation ratio to 63.9% at 30%. InceptionNet improved 
from 58.7% to 61.1%, while DBConformer improved 
more modestly from 56.1% to 57.9%, over the same 
adaptation range. More substantial improvements were 
observed with full-model adaptation (All). InceptionNet 
achieved the highest overall performance, ranging from 
64.2% at 10% to 69.0% at 30%. EEGCCT ranged from 
57.7% to 67.3%, while DBConformer reached from 61.1%  
to 64.5% at 10% and 30%, respectively.  
While several subjects’ data exhibit substantial gains after 
adaptation, others remain close to chance level. This 
variability suggests that, although within-trial adaptation is 
generally beneficial, its effectiveness is not uniform across 
subjects. The variability in improvement can be attributed 
to inherent differences in EEG signal characteristics, such 
as signal quality, neural patterns, and individual 
variability. These findings suggest that, despite overall 
group-level improvements, AAD performance remains 
highly subject-dependent, highlighting the need for more 
robust and adaptive EEG alignment strategies.  

Conclusion 

In this work, we evaluated a within-trial adaptation 
framework for addressing the problem of generalization in 
EEG-based decoding. The results demonstrate that 
incorporating subject-specific information during 
inference improves performance compared to the subject-
independent baseline setting. In particular, increasing the 
amount of adaptation data consistently enhances accuracy 
across all evaluated models. Furthermore, “All” layer 
adaptation generally yields marginally higher 
improvements than “Last” layer adaptation, suggesting 
that subject-specific variability is distributed across hidden 
features. However, the limited benefits suggest that 
adapting all layers is not enough to fully compensate for 
subject differences. Among the tested architectures, 
InceptionNet achieved the best overall performance under 
full adaptation (“All” layer), while EEGCCT showed 
strong results under limited adaptation scenarios (“Last” 
layer).    
Subject-wise analysis reveals heterogeneous 
improvements across individuals. While decoding 
performance for several subjects’ data benefits from 
adaptation, the decoding accuracy for other subjects’ data 
remains close to chance level, indicating that performance 
gains are not uniform. This variability reflects inherent 
differences in EEG signal characteristics and emphasizes 
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that, despite group-level improvements, AAD performance 
remains highly subject-dependent. Overall, these findings 
highlight both the effectiveness and the limitations of 
within-trial adaptation, suggesting that more robust and 
adaptive personalization and alignment strategies are 
required to achieve consistent performance across all 
users. 
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