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ABSTRACT

Decoding complex auditory experiences from non-invasive EEG is a rapidly
emerging field that holds significant promise for advancing both fundamental
neuroscience and human-machine interaction technologies. Recent developments
in EEG foundation models have yielded powerful neural representations that are
promising for auditory decoding. However, the effectiveness of these models re-
mains fundamentally constrained by their limited integration with acoustic stim-
ulus information. Specifically, the lack of deep coupling between neural signals
and auditory inputs hampers the models’ ability to generalize effectively across
diverse auditory tasks. To bridge this gap, we introduce MindMix, a multimodal
foundation model designed to bridge the gap between unimodal EEG founda-
tions and task-specific auditory decoders. MindMix employs a two-stage train-
ing strategy: first, a high-capacity EEG encoder is pre-trained on over 3,000
hours of EEG data to learn generalized EEG features that can transfer across
tasks and subjects. Second, the model learns the neural-acoustic mapping us-
ing over 100 hours of paired data, facilitated by our novel Cross-Attention Low-
Rank Alignment module, which facilitates fine-grained, cross-modal information
integration. Experimental results demonstrate that MindMix substantially sur-
passing existing baselines across a range of auditory decoding tasks, including
auditory attention decoding, auditory emotion recognition, and cross-modal re-
trieval. This work thus establishes a foundation for future research in multimodal
brain decoding and auditory brain-computer interfaces. Our code is available at
https://github.com/CookieMikeLiu/MindMix.

1 INTRODUCTION

Auditory perception plays a central role in how humans interact with the world, shaping language
understanding, environmental awareness, and social communication (Opoku-Baah et al.|(2021)). De-
coding the brain’s representation of auditory experiences is a core pursuit in cognitive neuroscience
and a key capability for brain-computer interface (BCI) systems Mahrooz et al.[ (2024). Recent
advances show that brain signals contain rich acoustic and semantic information, enabling the di-
rect interpretation of internal auditory experiences from neural activity |Li et al.| (2023); |Chen et al.
(2024a); Mathis et al.|(2024). Among available techniques, electroencephalography (EEG) is widely
used for its non-invasiveness and high temporal resolution |Défossez et al.| (2023)); [Li et al.|(2024);
Liu et al.| (2024). However, decoding rich, naturalistic auditory experiences is fundamentally hin-
dered by EEG’s inherent limitations: a low signal-to-noise ratio and high inter-subject variability Pi-
astra et al.| (2021)); Bonetti et al.| (2024); |Oxenham & Kreft/ (2016)).

Historically, these challenges were compounded by task-specific modeling strategies that showed
poor generalization across tasks and subjects |Crosse et al. (2016)); |Yan et al.| (2024bja). A recent
paradigm shift towards EEG foundation models, such as EEGPT |Wang et al.[(2024b)), LaBraM Jiang
et al.[(2024), and HEAR |Chen et al.|(2025)), has begun to address this by learning transferable repre-
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sentations from massive unlabeled EEG datasets. However, their effectiveness in auditory decoding
is fundamentally limited by their unimodal nature. When trained exclusively on EEG signals, their
representations are not optimized to align with the underlying structure of acoustic information, as
they lack exposure to corresponding auditory stimuli. This highlights a critical research gap: the
lack of a uni ed framework capable of learning well-aligned multimodal representations for robust
and versatile auditory neural decodjng Poziomska et al. (2024); Liy ét al.|(2025).

To bridge this gap, we introduce MindMix, the rst multimodal foundation model speci cally de-
signed to learn a deeply aligned neural-acoustic representation from large-scale, paired EEG-audio
data. The design of MindMix directly addresses the challenges of cross-modal learning. Its archi-
tecture features two key innovations: (1) a high-capacity EEG encoder, trained from scratch with
a multi-task objective to robustly capture complex neural dynamics from noisy signals, and (2) a
novel Cross-Attention Low-Rank Alignment (CALRA) module, which enables ne-grained align-
ment between neural patterns and acoustic features. CALRA moves beyond simple projection-based
alignment to facilitate deep interaction between modalities. The entire framework is optimized end-
to-end via a contrastive learning objective on over 100 hours of paired data, which explicitly forces
the model to map corresponding EEG-audio pairs to nearby points in a shared embedding space.
Our main contributions are summaris ed as follows:

* We introduce MindMix, the rst multimodal foundation model designed to learn ne-
grained and deeply alighed neural-acoustic representations, enabling robust performance
across diverse auditory decoding tasks.

* We propose CALRA, a novel neural architecture for cross-modal alignment that enables
ne-grained and auditory-type-aware interaction between neural and acoustic modalities.

» Extensive experimental results on MindMix demonstrate superior cross-modal alignment,
leading to signi cantly improved neural decoding performance across a range of auditory
perception tasks, including auditory attention decoding, auditory emotion recognition, and
cross-modal music retrieval.

2 ReLATED WORK

2.1 AUDITORY PERCEPTIONDECODING FROMBRAIN SIGNALS

Early work on auditory decoding focused on reconstructing speech features from brain signals us-
ing linear models like regression or temporal response functions O'Sullivan ét al.| (2015);|Crosse
et al| (2016); Ferrante etfl. (2024); Dahan et al. (2025). While effective in controlled settings, these
methods struggle with naturalistic scenarios due to their reliance on clean stimuli and long decision
windows| Mesgarani & Chang (2012). More recent deep learning models offer greater exibility,
with applications in auditory attention classi catibn Su ef al. (2022), speech/music discrimination
Wang et al.[(2024a); Niu et al. (2024), and affective state recogriition Hu et al. (2024). However,
these models remain predominantly task-speci c. They are typically trained and evaluated in iso-
lation, exhibit poor generalization across datasets or subjects Poziomska et al. (2024); Chen et al.
(2024c), and fail to scale to diverse, real-world listening conditions.

2.2 EEG FOUNDATION MODELS FORNEURAL REPRESENTATIONLEARNING

To address the limitations of task-speci ¢ models, recent work has explored EEG foundation models,
which learn general-purpose representations from large-scale datasets. Using Transformer-based ar-
chitectures and self-supervised objectives, models like EEGPT Wang et al. (2024b), LaBraM Jiang
et al. (2024), Neuro-GPT Cui et al. (2024) and CBraMod Wang et al. (2025) have achieved strong
performance on clinical benchmarks such as epilepsy detection or sleep staging. However, a funda-
mental limitation of these models for auditory decoding is their lack of exposure to auditory stimuli.
Pretrained exclusively on EEG signals, their representations are not optimized to align with acoustic
structures, resulting in poor transferability to auditory decoding tasks. MindMix is explicitly de-
signed to bridge this gap: by incorporating paired EEG-audio data during pretraining, it learns a
shared embedding space that effectively aligns these modalities.
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Figure 1: Overview of the proposed MindMix framework, which consists of an EEG encoder trained
from scratch, a pretrained audio encoder, and our proposed CALRA module for ne-grained cross-
modal alignment. Through large-scale pretraining with a contrastive objective, MindMix learns a
uni ed EEG-audio representation space. This shared embedding facilitates strong generalization to
a wide range of downstream auditory decoding tasks.

3 METHODOLOGY

3.1 OVERVIEW

We introduce MindMix, a multimodal foundation model that learns a uni ed embedding space to
align EEG signals with corresponding auditory stimuli. As illustrated in Figure 1, given an in-
put pair (Sgec; Saudio), MindMix uses a dual-stream architecture with two modality-speci c en-
coders. These encoders produce feature embeddigs & proj), Which are then processed by our
core innovation, the CALRA module. CALRA performs deep interaction between the modalities,
conditioned on the auditory type (e.g., speech, music), to produce the nal aligned embeddings
(Eaiignes Aaiigned. The entire framework is optimized end-to-end via a contrastive learning objec-
tive, Lc. Chen et al. (2020), which maximizes the similarity between (Eigigned Aaligned Pairs

while minimizing it for non-corresponding pairs within each training batch.

3.2 MODALITY-SPECIFICENCODERS

EEG Encoder. To address the core challenges of EEG signals, high inter-subject variability and
heterogeneous channel con gurations, the EEG encbdgg, is designed as a novel high-capacity
architecture. As illustrated in Figure 2, this encoder is developed during the unimodal pre-training
stage using a multi-task, self-supervised objective.

Our approach employs a channel-independent patching strategy to robustly handle heterogeneous
electrode con gurations. Given a raw sigrg¢eg 2 R® T (where the channel cous varies

across datasets), we segment each channel independentl¢ inted-length temporal patches.

These patches are passed through a temporal 1D convolution to obtain the initial emb&ddings
Crucially, to learn discrete neural representations, we rst quantize these initial embeddings

discrete neural tokens 2 V using a shared codebook. Following quantization, we construct the

nal input embeddingE pach by adding learnable positional information to these tokens:

Epatch= Vv + T+E 1)

whereT represents the learnable temporal embedding, which is added to each patch to indicate its
relative temporal position index (1 #) within the epoch; andE represents the spatial (channel)
embedding, implemented as a learnable lookup table that maps standard 10-20 system electrode
identities (e.g., 'Cz', 'Pz") to unique vectors. This spatial embeddingllows the model to distin-

guish the anatomical source of each patch regardless of the varying channeCcount

The main innovation of this stage is our unique pretraining methodology, which integrates two
carefully designed self-supervised tasks. First, patch embeddings are quantized into discrete neural
tokensv 2 V using a shared codebook, which is optimized via a quantizatiot_lgsSubsequently,

we compute two pretraining objectives:



Published as a conference paper at ICLR 2026

Figure 2: The multi-task pre-training architecture of the EEG encoder. The framework performs
two tasks in parallel: one branch (top) reconstructs the Fourier spectrum from the full neural repre-
sentationsl(s), while the main branch (bottom) performs masked token predictign)(to learn

robust features.

» Masked Token Prediction A portion of the patch embeddings are randomly masked. A
main Transformer encoder Vaswani et al. (2017) then predicts the original neural tokens of
the masked patches from the visible ones, supervised by a masked modeling loss:

X
Lw = log p(Vj j X visible) (2
i 2M

whereM is the set of masked patch indices.

» Spectrum Reconstruction Concurrently, the unmasked patch embeddings are passed
through a separate, smaller Transformer encoder. Its output reconstructs the Fourier spec-
trum (amplitudeA and phase ) of the original patches, supervised by a spectrum predic-

tion loss: h i

Ls=E jiA  AiZ+i5 i ®3)

The total pre-training loss is a weighted sum of these objectives. The main Transformer from the
masking task serves as the backbonef fgiz. For multimodal alignment, we apply mean pooling
over its output sequence and project it to produce the initial EEG embedglipg,

Audio Encoder. Motivated by the strong performance of self-supervised pre-trained speech pro-
cessing models Wang et al. (2021); Kep& et al. (2024), we utilize the pretrained Wav2Vec 2.0
model Baevski et al. (2020) as our audio encoflgggio. For each audio clip, we extract the nal
hidden state sequence from the Transformer, apply mean-pooling to obtain a single vector represen-
tation, and pass it through a linear projection layer to produce the initial audio embedgigg,

3.3 CROSSATTENTION LOW-RANK ALIGNMENT

The primary motivation for CALRA is to achieve a deep, robust semantic alignment capable of
handling the unique challenges of auditory decoding. This task faces two speci ¢ hurdles: (1) the
low signal-to-noise ratio and high non-linearity of EEG-audio mapping, for which standard “shallow
projections” (like CLIP Radford et al. (2021)) are insuf cient; and (2) the heterogeneity of stimuli
(e.g., speech vs. music), where a uniform mapping fails to capture distinct neural response patterns.
While “early fusion” methods (e.g., concatenation) could model these interactions, they break the
dual-stream architecture required for ef cient retrieval.

To bridge this gap, we propose CALRA, a global feature re nement module that implements a
“re ne-then-contrast” strategy. Instead of directly contrasting raw projections, CALRA injects deep,
context-aware interactions into the embeddings before the loss calculation. Uniquely, it is designed
to overcome the limitations of linear fusion by enforcing bilinear interactions in a shared bottleneck,
allowing the model to capture ne-grained multiplicative dependencies that simple concatenation
or co-attention Liu et al. (2023) cannot effectively model. The module consists of three synergis-
tic components: a Type-speci ¢ Aligner to handle stimulus heterogeneity, a Bi-directional Cross-
Attention mechanism for dynamic global context re nement, and a Shared Low-Rank Alignment to
enforce deep bilinear fusion, which we detail below.
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Figure 3: Overview of the proposed CALRA module. Given paired EEG and audio embeddings,
CALRA performs auditory-type-speci ¢ alignment using multi-headed cross-attention and feed-
forward networks. A shared low-rank bottleneck module further aligns the two modalities in a
compact semantic space. The resulting aligned embeddings are used for contrastive pretraining,
enabling robust cross-modal representation learning across diverse auditory conditions.

Type-speci ¢ Aligner. Given neural responses vary signi cantly for different types of auditory
stimuli (e.g., speech vs. music), our aligner routes initial projectiBps{ Aproj) through a learnable
transformatiorf, corresponding to the auditory type lalkel

(Egroj; Agroj) = fx (EDTOJ; API’O]) (4)
This allows the model to adopt optimal alignment strategies for different auditory stimulus types.

Bi-directional Cross-Attention. Following type-specic alignment, CALRA utilizes a bi-
directional cross-attention mechanism to enable each modality to dynamically integrate comple-
mentary global context from the other. Unlike standard local token matching, we operate on the
global projected embeddings to enforce holistic alignment. Given the projected global vectors
Epj 2 RY P andAJ; 2 Rt P (whereD denotes the alignment dimension and the temporal
dimension is aggregated via global pooling), this exchange occurs simultaneously:

 Audio-to-EEG Alignment: The EEG sequenc&)g ) retrieves relevant information from
the audio sequenc&(; Va):

EQ eracteq= MultiHeadAttentiofQg ; K a; Va) (5)

« EEG-to-Audio Alignment: Symmetrically, the audio sequend@x) retrieves neural fea-
tures from the EEG sequende€g ; Ve ):

AL acea= MultiHeadAttentiofQa ; K e ; Vi) (6)

Following standard practice in Transformer architecture Vaswani et al. (2017), residual connections
and Layer Normalization are applied, yielding representatignandh, . These are then passed to
our Shared Low-Rank Alignment module.

Shared Low-Rank Alignment. To enforce semantic consistency, we employ a shared low-rank
fusion mechanism. Unlike standard CLIP Radford et al. (2021) which relies on a shallow linear
dot-product, we aim to capture the complex, non-linear dependencies between neural and acoustic
features. By projectinge andha into a shared bottleneck and fusing them via an element-wise
product ( ), this module enforces a bilinear interaction:

Efeedback= WD;eeg (H shared(WU;eeg (hE ) WU;audio (hA ))) (7)
Afeedback: WD;audio (H shared(WU;eeg (hE ) WU;audio (hA ))) (8)
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whereWy. ; Wp. are modality-speci ¢ projection layers, attknhareqis @ shared non-linear layer.
The nal aligned embeddings are obtained by integrating this feedback via a residual connection:

Eaiigned Aaligned= LayerNorm(he + Efeedbac); LayerNorn{ha + Areedbach: )

We chose this low-rank structure because it ef ciently approximates computationally expensive ten-
sor fusion operations Liu et al. (2018); Yu et al. (2017), enabling the model to capture rich multi-
plicative feature interactions Fukui et al. (2016); Zadeh et al. (2017). This is theoretically superior to
simple linear combinations for disentangling the intricate correlations between brain signals and au-
ditory stimuli. It also need to note that, this multiplicative fusion architecture differs fundamentally
from parameter-ef cient strategies like LORA Hu et al. (2022), which employ low-rank matrices for
additive weight adaptation rather than for modeling the joint distribution of multimodal features.

Finally, we distinguish our design from recent works like MGCA Wang et al. (2022) and CARZero
Lai et al. (2024), which primarily focus on ne-grained local token matching or modifying the
similarity scoring function Zhang et al. (2025). In contrast, CALRA operates as a pre-loss re nement
step for global representations. By enhancing the embeddings themdelygsd Aaiigned rather

than altering the loss mechanism, it preserves the training stability of standard contrastive learning
while capturing deep, context-aware dependencies that simpler projections miss.

3.4 PRE-TRAINING VIA CONTRASTIVE ALIGNMENT

We optimize the MindMix framework using a contrastive learning objective, inspired by CLIP Rad-
ford et al. (2021), on the nal aligned embeddings. The goal is to maximize the cosine similarity of
true EEG-audio pairs while minimizing it for incorrect pairs within a mini-batch. This is framed as

a directed prediction problem where, for each EEG embedding, the model must identify its correct
audio counterpart from all available options. This EEG-to-audio direction directly mirrors our down-
stream decoding tasks and avoids the potential instability of aligning a single audio stimulus with its
many possible neural responses. We use the InfoNCE loss, which is equivalent to a cross-entropy
loss over the similarity scores, averaged over all samples in the batch:

1 X exp(sim(Eaiigned:i ; Aaligned:ii )=
Le=  — |OgP p( ( aligned;i aligned;i ) )

N i=1 jN:1 eXp(Sim(EaIigned;i ;Aaligned;j ):)

(10)

where sinfu; v) is the cosine similarity and is a learnable temperature. Minimizing this objective
jointly trains the entire frameworK eg, f audio, and CALRA), forcing the model to learn a seman-
tically rich embedding space where neural activity is meaningfully aligned with auditory content.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets and Tasks. Our experiments follow a three-stage pipeline: unimodal pre-training, multi-
modal alignment, and downstream task ne-tuning. For pre-training, we leverage large-scale public
corpora, including over 3,500 hours of general EEG data and over 100 hours of paired EEG-audio
data (summarized in Table 1 and detailed in Appendix A.1). We evaluate MindMix's generalization
capabilities on a diverse set of downstream auditory decoding tasks, including Auditory Attention
Decoding (on KUL, DTU, and ESAA), Emotion Analysis (on PME4 and HR-EEG4EMO), and Mu-
sic Retrieval (on MAD-EEG). To ensure a fair evaluation, all downstream task datasets were held
out from unimodal pre-training and multimodal alignment stages. Standardized data preprocessing
protocols are detailed in Appendix A.2. For reproducibility, speci ¢c implementation details and the
full hyperparameter con gurations for the EEG encoder, CALRA module, and optimization process
as well as our rigorous negative sampling policy (in Appendix A.3).

Evaluation Protocol To ensure a fair and rigorous comparison with existing SOTA methods, we
adopt the widely established standard evaluation protocols. For all downstream tasks, we conduct
experiments using a subject-speci ¢ (within-subject) protocol, implemented via a strict 5-fold cross-
validation scheme. In this setup, the data for each subject are randomly partitioned into 5 folds,
using a 70%/10%/20% split for training, validation and testing within each fold. We report the
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Table 1: Overview of all datasets used across three training stages in our study.

Stage Dataset Hours Channels Modality Paradigm

Stage 1: Unimodal Pre-training
BCI-IV-2A Tangermann et al. (2012) 13.4h 22 EEG Signal Motor Imagery
HGD Schirrmeister et al. (2017) 28.7h 133 EEG Signal Motor Imagery
OpenBMI Lee et al. (2019) 91.6h 62 EEG Signal Motor Imagery
EEGMat Zyma et al. (2019) 2.4h 20 EEG Signal Workload Analysis
TUEP Veloso et al. (2017) 631.8h 14 EEG Signal Epilepsy Detection
TUEV Veloso et al. (2017) 148.7h 8 EEG Signal Event Classi cation
HMCSleep Alvarez (2021) 582.5h 8 EEG Signal Sleep Detection
CAPSleep Terzano et al. (2001) 1004.5h 20 EEG Signal Sleep Detection
CMBMIT Shoeb (2009) 1060.9h 8 EEG Signal Sleep Detection

Total Hours:  3564.5h
Stage 2: Multimodal Alignment Training

ds004356 Singh et al. (2024) 38.9h 34 EEG + Audio Music/Speech Listening
zenodo4518754 Mundanad et al. (2021) 11.6h 255 EEG +Audio Speech AAD
zenoda10260082 Thornton et al. (2023) 12.0h 2 EEG +Audio Speech AAD
Brennan2018 Brennan & Hale (2019) 10.1h 61 EEG +Audio Story Listening
Broderick 2018 Broderick et al. (2018) 19.1h 128 EEG +Audio Story Listening

Le_Petit Prince Momenian et al. (2024) 17.3h 64 EEG +Audio Story Listening

Total Hours: ~ 109.0h
Stage 3: Downstream Task Fine-tuning

MAD-EEG Cantisani et al. (2019) 4.2h 20 EEG +Audio Music Retrieval
KUL Das et al. (2016) 19.2h 64 EEG +Audio Speech AAD

DTU Fuglsang et al. (2017) 15.0h 64 EEG + Audio Speech AAD
ESAA Lietal. (2022) 12.7h 64 EEG +Audio Speech AAD
PME4 Chen et al. (2022) 4.6h 8 EEG +Audio Emotion Analysis
HR-EEG4EMO Cantisani et al. (2019) 10.0h 128 EEG +Audio Emotion Analysis

mean and standard deviation across these 5 folds. Crucially, all reported results utilize raw window-
level metrics (accuracy per 2-second segment) rather than aggregated trial-level scores, providing
a conservative and ne-grained assessment of decoding performance. Evaluation metrics include
Balanced Accuracy and Weighted F1-score for AAD and emotion analysis, and standard Duo/Trio
Accuracy for music retrieval. The detailed evaluation metrics can be found in Appendix A.4.

However, speci cally regarding the Speech AAD task, we acknowledge that the mainstream within-
subject splitting may introduce potential data leakage risks due to temporal correlations, as high-
lighted by Puffay et al. (2023). To address this, we additionally introduce a rigorous between-trial
evaluation protocol, where training and testing segments are strictly drawn from disjoint trials (e.g.,
different stories or sessions) to prevent temporal overlap and artifact leakage. The detailed results of
this robust evaluation are provided in Appendix A.5.

4.2 DOWNSTREAMEXPERIMENT RESULTS

MindMix was evaluated against strong baselines, including task-speci ¢ SOTA models (e.g., DBP-
Net, AADNet) and powerful unimodal EEG foundation models (e.g., LaBraM, EEGPT). The de-
tailed information about the compared baseline is provided in Appendix A.6. As shown in Table 2,
MindMix substantially outperforms all baselines across all downstream tasks. It achieves near-
perfect performance in Speech AAD (e.g., 99.82% on KUL) and establishes a new SOTA in other
tasks with large margins (e.g., over 10 percentage points on PME4), underscoring the effectiveness
of our multimodal strategy. A deeper analysis of these results reveals two critical ndHigs,

the unimodal EEG foundation models, such as LaBraM and CBraMod, consistently underperform
when compared to task-speci c SOTA models like DBPNet and DARNet. For instance, on the
KUL dataset, LaBraM and CBraMod achieve accuracies of only 63.30% and 68.42%, respectively,
falling far short of the 94.81% achieved by DARNet. This exposes a key limitation of current foun-
dation models: they are predominantly pre-trained on non-auditory tasks, rendering their generic
representations suboptimal for decoding auditory perception. Furthermore, these large models are
often highly sensitive to the data format and preprocessing pipelines; any mismatch with their orig-
inal training con guration can lead to high performance variance and poor ne-tuning results (as
empirically quanti ed in Appendix A.2).

Second and more importantly, our results highlight a crucial distinction in the effectiveness of
multimodal integration. For other task-speci ¢ multimodal models like MusicAAD (94.87% on
KUL) and AADNet (93.18% on KUL), the performance improvement over their strong unimodal
counterparts is relatively modest. In contrast, the performance leap demonstrated by MindMix to
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Table 2: Performance comparison of MindMix against SOTA baselines on various downstream tasks
and datasets. The best values are highlighted in bold, and the second-best values in each block are
underlined. Based on the paired t-test with p-value correction@.05), the indicates the marked

method is signi cantly better than the compared methods.
Task Speech AAD
Method \ KUL DTU ESAA
| Balanced Acc. Weighted F1 | Balanced Acc. Weighted F1 | Balanced Acc. Weighted F1

EEGNet Lawhern et al. (2018) 0:7514 0:097 Q7510 0:097 | 0:6112 0:042 06578 0:058 | 0:7742 0:132 Q7915 0:111
DBPNet Ni et al. (2024) 0:9357 0:042 09588 0:038 | 0:8251 0:061 08579 0:056 | 0:8418 0:121 Q7990 0:163
DARNet Yan et al. (2024b) 0:9481 0:036 0:9567 0:025 | 0:8391 0:048 (08687 0:036 | 0:9089 0:054 0:9389 0:042
MusicAAD Niu et al. (2024) | 0:9318 0:018 09487 0:016 | 0:8456 0:.038 0:8874 0:032 | 0:8343 0:042 (08442 0:038
AADNet Nguyen et al. (2025)] 0:7258 0:057 Q7585 0:051 | 0:6875 0:057 Q7312 0:055 | 0:8237 0:.061 Q8165 0:058

BENDR Kostas et al. (2021) | 0:5879 0:045 Q6033 0:040 | 0:5886 0:032 06289 0:.040 | 0:7983 0.078 08245 0:069
BIOT Yang et al. (2023) 0:5538 0:051 Q5941 0:047 | 0:6233 0:029 06588 0:032 | 0:7588 0.077 Q7895 0:072
EEGPT Wang et al. (2024b) | 0:6642 0:042 Q7083 0:045 | 0:6538 0:038 06789 0:042 | 0:8385 0:.065 (08688 0:060
LaBraM Jiang et al. (2024) 0:6330 0:.052 06498 0.043 | 0:6582 0.046 0.6821 0.048 | 0.8568 0.070 0:.8544 0.071
CBraMod Wang et al. (2025) | 0:6842 0.038 0:7252 0.041 | 0:6478 0.052 06701 0:046 | 0:8423 0:067 Q8325 0.075

MindMix (Ours) | 0.9982 0.008 0.9991 0.004 | 0.9993 0.009 0.9996 0.005 | 1.0000 0.000 1.0000 0.000
Task Emotion Analysis Music Retrieval
Method ‘ PME4 HR-EEG4EMO MAD-EEG
| Balanced Acc. Weighted F1 | Balanced Acc. Weighted F1 | Duo Acc. Trio Acc.
EEGNet Lawhern et al. (2018) 0:5029 0:035 04920 0:046 | 0:6981 0:111 Q7681 0:071 | 0:5831 0:025 Q4521 0:037

DBPNet Ni et al. (2024) 0:5717 0:032 05321 0:053 | 0:8274 0:073 0.8458 0:064 | 0:7849 0:.091 Q7152 0:078
DARNet Yan et al. (2024b) 0:5725 0.025 05425 0.061 | 0:8052 0:.081 08178 0:.077 | 0:7544 0:080 Q7185 0:082
MusicAAD Niu et al. (2024) | 0:6142 0:.062 0.6345 0:.075 | 0:7648 0.084 Q7852 0:.069 | 0:9425 0.028 0:8722 0.038
AADNet Nguyen et al. (2025)] 0:6011 0:077 05986 0:065 | 0:7544 0:.059 07832 0:054 | 0:8824 0:071 Q8916 0:065

BENDR Kostas et al. (2021) | 0:5433 0:065 05218 0:059 | 0:6458 0:015 06855 0:.017 | 0:6235 0.048 06498 0.045
BIOT Yang et al. (2023) 0:5224 0:071 Q5359 0:069 | 0:6352 0:023 06487 0:019 | 0:6485 0.052 Q6798 0:049
EEGPT Wang et al. (2024b) | 0:5566 0:058 05478 0:061 | 0:7129 0:.072 Q7698 0:077 | 0:7887 0:065 Q7582 0:068
LaBraM Jiang et al. (2024) 0:5868 0:.056 05936 0.052 | 0:7295 0.082 0:7829 0.081 | 0:7582 0:082 Q7229 0:078
CBraMod Wang et al. (2025) | 0:6052 0:072 0:5841 0:088 | 0:7285 0.078 (07748 0:.074 | 0:8011 0:069 0:7654 0.087

MindMix (Ours) | 07256 0.123 0.7089 0.135 | 0.8878 0.045 0.8869 0.046 | 0.9475 0.025 0.8824 0.042

99.82% is dramatic, which directly validates our central hypothesis: a deep cross-modal alignment
is paramount, and simply combining modalities is not enough. This substantial lead in performance
underscores the ef cacy of MindMix's architectural design, which integrates powerful modality-
speci ¢ encoders with an effective alignment strategy. Our framework enables deep interaction to
capture the ne-grained relationship between brain activity and complex audio signals, which is
crucial for robust neural decoding.

4.3 ABLATION STUDY AND ANALYSIS

To validate our architectural choices and quantify the contribution of each component, we perform
comprehensive ablation studies, the results of which are summarized in Table 3.

Effectiveness of the CALRA Module. We rst investigate the importance of our core contri-
bution, CALRA, by comparing it against simpler alignment strategies. As shown in Table 3, re-
placing CALRA with a standard co-attention block or reverting to a simple CLIP-style projection
(Cw/o Alignment’) leads to substantial performance degradation. Besides, to rigorously validate the
structural advantage of our bilinear fusion, we further compare against a “Standard Concatenation-
based Fusion (Concat-MLP)” baseline, which is the dominant strategy for vector-level integration.
CALRA consistently outperforms this strong baseline (e.g., 0.8878 vs. 0.8574 on EEG4EMO). This
empirical evidence con rms that the multiplicative interaction within CALRA captures complex
cross-modal dependencies that simple concatenation cannot effectively model.

While Table 2 reports standard metrics for fair comparison, we further validated our model's ro-
bustness using the strict between-trial protocol de ned in Section 4.1. As detailed in Appendix A.5,
MindMix maintains a substantial and leading performance advantage under this challenging setting,
although the absolute accuracy is lower as expected. This con rms that the model's superiority
stems from genuine neuro-acoustic alignment rather than the exploitation of trial-speci c artifacts.

Impact of Modality Encoders. To validate our encoder choice, we substituted our specialized
EEG encoder with several alternatives. Both SOTA foundation models (LaBraM and CBraMod)
and the classic EEGNet resulted in a signi cant performance drop, con rming the advantage of
our custom pre-training strategy. Speci cally, even when adapting the strong CBraMod backbone
with our alignment module, the performance (96.37% on KUL) still falls short of our full MindMix
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Table 3: Ablation studies on the main components of MindMix. All experiments are evaluated on
two downstream tasks: emotion recognition on HR-EEG4EMO and auditory attention decoding on
KUL. Note: For the “w/ LaBraM” and “w/ CBraMod” entries, we initialized the EEG encoder using
their of cial pretrained weights and subjected them to our full multimodal alignment training before
ne-tuning, ensuring a rigorous comparison of backbone capabilities.

Model Con guration \ EEG Encoder  Audio Encoder  Alignment Module \ Emotion Acc. AAD Acc.
MindMix (Full Model) | Ours Wav2Vec 2.0 CALRA (Ours) | 0:8878 0:045 Q9982 0:008
Ablation on Alignment

w/ Co-Attention Ours Wav2Vec 2.0 Co-Attention | 0:8629 0:053 Q9785 0:021

w/ Concat-MLP Our Wav2Vec 2.0 Concat-MLP | 0:8574 0:035 Q9593 0:017

w/o Alignment Ours Wav2Vec 2.0 Standard CLIP | 0:8483 0:038 Q9535 0:015
Ablation on EEG Encoder

w/ LaBraM LaBraM Wav2Vec 2.0 CALRA (Ours) | 0:8588 0:041 Q9744 0:012

w/ EEGNet EEGNet Wav2Vec 2.0 CALRA (Ours) | 0:8555 0:047 09442 0:011

w/ CBraMod CBraMod Wav2Vec 2.0 CALRA (Ours) | 0:8642 0:039 09637 0:010
Ablation on Audio Encoder

w/ HUBERT Ours HUBERT CALRA (Ours) | 0:8687 0:037 09883 0:010

w/ Mel-spectrogram Ours Mel-spectrogram CALRA (Ours) | 0:8432 0:035 09448 0:015
Dissection of the CALRA

w/o Type-speci c Aligner Ours Wav2Vec 2.0 CALRA (Ours) | 0:8675 0:035 09853 0:010

w/o Shared Low-Rank Ours Wav2Vec 2.0 CALRA (Ours) | 0:8557 0:040 09742 0:.012

w/o Cross-Attention Ours Wav2Vec 2.0 CALRA (Ours) | 0:8482 0:036 09435 0:013

model (99.82%). For the audio stream, substituting the powerful Wav2Vec 2.0 with traditional Mel-
spectrogram features causes a steep decline of up to 5.45% in AAD accuracy. This highlights that
rich, pre-trained representations are essential for both the neural and acoustic modalities.

Dissection of CALRA's Components. Finally, we dissect the CALRA module to quantify the
contribution of its three key innovations. The bi-directional cross-attention mechanism proves to
be the most critical element, as its removal ("w/o Cross-Attention’) causes the largest performance
drop (up to 5.58% in AAD). The shared low-rank alignment also provides a vital contribution,
with its removal ("w/o Shared Low-Rank') leading to a signi cant drop. The w/o Type-speci c
Aligner ablation, which simulates the absence of auditory type information at test time, causes
only a minor performance drop. This indicates that while the type-speci c routing is bene cial,
our model does not critically rely on it and remains highly effective even when stimulus type is
unknown. Together, these results con rm that all three components of CALRA are integral to its
success, working synergistically to achieve a superior cross-modal alignment.

Finally, we also investigated the trade-off between decoding accuracy and temporal resolution (win-
dow size sensitivity), these additional results and detailed analyses are provided in Appendix A.7.

4.4 QUANTIFYING THE SYNERGY OF MULTIMODAL ALIGNMENT

To isolate and quantify the bene t of our multimodal approach, we conduct a critical analysis com-
paring the full MindMix model against its EEG-only counterpart. The results, presented in Figure 4,
are striking and reveal a deep synergy fostered by the alignment of brain signals and audio. No-
tably, even this EEG-only counterpart is highly competitive on its own, demonstrating performance
comparable to the SOTA unimodal baselines reported in Table 2. For instance, it outperforms the
LaBraM baseline on the ESAA and MAD-EEG tasks. Furthermore, to validate its broader gen-
eralization capabilities, we benchmarked the encoder on standard non-auditory tasks (TUAB and
BCIC-IV-2B). As detailed in Appendix A.8, our model achieves top-tier performance (e.g., ranking
1st on BCIC-IV-2B among foundation models), con rming its robustness as a general-purpose EEG
encoder. This demonstrates that MindMix's success stems not just from learning robust EEG repre-
sentations but from learning the relationship between the neural signal and the auditory stimulus.

4.5 NEUROSCIENTIFICINTERPRETATION OFCROSSMODAL ALIGNMENT

To provide a comprehensive assessment of the learned representations and validate their biologi-
cal plausibility, we employ the “Stimulus Reconstruction” method Mesgarani & Chang (2012), a
foundational approach in auditory neuroscience to quantify neural encoding. We adopt the pseudo-
reconstruction framework fromé&ossez et al. (2023) to reconstruct audio Mel spectrograms from
the aligned EEG embeddings {igned, @analyzing the results both qualitatively and quantitatively.
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