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Abstract

Brain-computer interface (BCI) speech decoding has
emerged as a promising tool for assisting individuals with
speech impairments. In this context, the integration of elec-
troencephalography (EEG) and electromyography (EMG)
signals offers strong potential for enhancing decoding per-
formance. Mandarin tone classification presents particular
challenges, as tonal variations convey distinct meanings even
when phonemes remain identical. In this study, we propose a
novel cross-subject multimodal BCI decoding framework that
fuses EEG and EMG signals to classify four Mandarin tones
under both audible and silent speech conditions. Inspired
by the cooperative mechanisms of neural and muscular sys-
tems in speech production, our neural decoding architecture
combines spatial-temporal feature extraction branches with
a cross-attention fusion mechanism, enabling informative in-
teraction between modalities. We further incorporate domain-
adversarial training to improve cross-subject generalization.
We collected 4,800 EEG trials and 4,800 EMG trials from 10
participants using only twenty EEG and five EMG channels,
demonstrating the feasibility of minimal-channel decoding.
Despite employing lightweight modules, our model outper-
forms state-of-the-art baselines across all conditions, achiev-
ing average classification accuracies of 87.83% for audible
speech and 88.08% for silent speech. In cross-subject eval-
uations, it still maintains strong performance with accura-
cies of 83.27% and 85.10% for audible and silent speech,
respectively. We further conduct ablation studies to validate
the effectiveness of each component. Our findings suggest
that tone-level decoding with minimal EEG-EMG channels
is feasible and potentially generalizable across subjects, con-
tributing to the development of practical BCI applications.

Code — https://github.com/YifanZhuang/CAT-Net

Introduction

Brain-computer interface (BCI) speech decoding represents
a transformative technology for individuals with speech im-
pairments caused by stroke, ALS, and brainstem injuries
(Brumberg et al. 2010). Among tonal languages, Mandarin
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Chinese presents unique challenges due to its four dis-
tinct tones, which fundamentally alter word meanings de-
spite identical phonemes. The development of effective tone
classification systems is crucial for creating practical BCI
communication interfaces that can operate effectively in
Chinese-speaking populations.

Electroencephalography (EEG) has emerged as a promis-
ing non-invasive technique for neural speech decoding, of-
fering excellent temporal resolution and portability advan-
tages (Sharon et al. 2020; Dash, Ferrari, and Wang 2021).
EEG captures neural activities associated with speech plan-
ning, phonological processing, and auditory feedback mech-
anisms. However, extracting Mandarin tones from EEG sig-
nals presents significant challenges due to the subtle and spa-
tially distributed nature of pitch-related neural signals. Tra-
ditional EEG systems suffer from limited spatial resolution,
resulting in high misclassification rates, particularly for per-
ceptually challenging tone pairs such as Tone 2 (rising) and
Tone 4 (falling), which share similar pitch contour charac-
teristics and are frequently confused in both neural decoding
and perceptual studies (Li, Pun, and Chen 2021).

To address these limitations, researchers have increas-
ingly explored multimodal approaches by integrating sur-
face electromyography (SEMG) signals from facial and jaw
muscles during both audible and silent speech conditions
(Barrientos Rojas et al. 2022). EMG provides complemen-
tary articulatory information about muscle activation pat-
terns that directly correlate with tone production mecha-
nisms. The activation of specific muscle groups, including
the zygomatic and masseter muscles, produces distinct pat-
terns corresponding to different pitch contours in Mandarin
tones. By combining EEG and EMG signals, researchers can
simultaneously monitor neural speech intentions and periph-
eral articulatory execution, potentially improving decoding
accuracy across both overt and covert speech conditions. In
recent studies, Li et al. demonstrated that fusing EEG and
EMG signals can lead to more robust silent speech recogni-
tion systems (Li et al. 2023).

Despite promising results, current EEG-EMG fusion sys-
tems face several critical limitations. First, existing ap-
proaches typically require high-density electrode configura-
tions with numerous EEG channels and multiple EMG sen-
sors, making them impractical for daily use due to setup



complexity and user discomfort (Zhang et al. 2024). Second,
most current systems lack effective mechanisms for captur-
ing the intricate interactions between neural and muscular
signals, often relying on simple concatenation or basic fu-
sion strategies. Third, and most importantly, these systems
demonstrate poor generalization capabilities across differ-
ent users, with performance degrading substantially when
applied to unseen subjects due to anatomical differences,
electrode impedance variations, and individual cortical ac-
tivation patterns.

The cross-subject generalization challenge is particularly
critical for practical BCI applications, as clinical systems
must function reliably across diverse user populations with-
out requiring extensive individual calibration (Chen et al.
2025; Lee and Lee 2022). Current approaches show sig-
nificant performance drops when transitioning from within-
subject to cross-subject evaluation scenarios, highlighting
the need for more robust domain adaptation strategies.

To address these challenges, we introduce CAT-Net,
[Clross-[A]ttention [T]one Net, a novel multimodal fusion
framework that integrates EEG and EMG signals for the
classification of Mandarin tones. Our approach makes sev-
eral key contributions: (1) We develop a cross-attention
mechanism inspired by Transformer architectures (Vaswani
et al. 2017) that enables sophisticated bidirectional interac-
tion between EEG and EMG modalities, moving beyond
simple concatenation to capture complex neural-muscular
coordination patterns; (2) We demonstrate effective tone
classification using a minimal channel configuration of only
20 EEG channels and 5 EMG channels, selected through
attention-based channel importance analysis; (3) We incor-
porate domain adaptation techniques (Ganin et al. 2016)
to enhance cross-subject generalization capabilities; (4) We
provide comprehensive evaluation across both audible and
silent speech conditions, demonstrating the system’s versa-
tility for different communication scenarios, assisting indi-
viduals with hearing or speech impairments.

Related Work
Neural Speech Decoding

EEGNet and DeepConvNet have been widely used as base-
line architectures for EEG-based speech decoding tasks due
to their lightweight design and strong feature extraction ca-
pabilities (Lawhern et al. 2018; Schirrmeister et al. 2017).
These models have demonstrated promising results in brain-
computer interface (BCI) applications, particularly for as-
sisting individuals with speech impairments (Brumberg et al.
2010). For Mandarin tone classification, Li et al. (Li, Pun,
and Chen 2021) achieved 42.9% accuracy using Riemannian
manifold features, while Wang et al. (Wang et al. 2023a) im-
proved the accuracy to 68% with end-to-end CNNs. How-
ever, EEG-only approaches suffer from limited spatial reso-
lution and high artifact susceptibility, particularly when dis-
tinguishing similar tones like Tone 2 and Tone 4.

EMG signals provide complementary articulatory in-
formation that directly correlates with speech production
(Bharali et al. 2024). Wu et al. achieved 90.76% accuracy
on Mandarin phrase classification using parallel Inception
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CNNs with EMG (Wu et al. 2022). Additionally, Janke and
Diener demonstrated that facial surface electromyographic
(sEMG) signals can be directly transformed into audible
speech, enabling silent speech communication while pre-
serving critical paralinguistic cues (Janke and Diener 2017).
These findings highlight the potential of EEG and EMG as
viable modalities for decoding speech, especially in scenar-
ios where traditional acoustic signals are unavailable or im-
paired.

Multimodal Fusion and Attention Mechanisms

Traditional multimodal fusion employs concatenation or late
fusion, which fails to capture temporal dependencies and
cross-modal interactions during speech production. Saha
and Fels (Saha and Fels 2019) demonstrated that attention-
based feature selection significantly improves EEG-based
imagined speech decoding, achieving 23.45% improvement
over baselines through hierarchical attention mechanisms on
joint variability matrices. Li et al. (Li et al. 2023) trained
sequence-to-sequence decoders that transform the combined
EEG- sEMG signals collected during silent speech into au-
dible speech, and resulting audio transcripts showed a mean
character-error rate (CER) of 7.22% across eight speakers.
However, these approaches either focus on single-modality
self-attention mechanisms or employ simple concatenation-
based fusion, without capturing the bidirectional interac-
tions between multiple inputs.

Cross-attention mechanisms, inspired by Transformers
(Vaswani et al. 2017), have shown success in capturing
bidirectional interactions between modalities. Tang et al.
(Tang et al. 2025) applied cross-attention to EMG and ac-
celerometer data for tremor classification, outperforming
single-modality baselines. Speech-related applications pose
unique challenges that demand advanced attention mecha-
nisms to capture neural-muscular interactions. Our cross-
attention framework enables EEG and EMG to dynamically
attend to each other’s key features, going beyond simple
concatenation to model the coordination essential for tone
classification.

Cross-Subject Generalization

Subject variability remains a key challenge for BCI speech
systems. EEG and EMG signal patterns differ highly across
individuals due to anatomical, physiological, and electrode
placement differences, often causing a model to fail on un-
seen subjects. General domain adaptation frameworks have
shown that treating multiple sources as a unified domain can
be suboptimal (Zhu, Zhuang, and Wang 2019). For EEG
and EMG specific applications, Zhang et al. apply a con-
ditional domain adversarial network to EMG-based silent
speech recognition, while Zhao et al. introduce DRDA, a
domain discriminator trained adversarially, to encourage the
feature extractor to learn domain-invariant representations,
thereby improving generalization to unseen subjects or ses-
sions (Zhang et al. 2023; Zhao et al. 2021). These ap-
proaches underscore the importance of learning features that
capture task-relevant information while minimizing subject-
specific variance. Inspired by this, our CAT-Net integrates
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Figure 1: The architecture of our proposed CATNet.

domain-adversarial training into its architecture to explic-
itly disentangle class-discriminative features from subject-
dependent patterns. This enables the model to maintain high
performance when deployed to new subjects, particularly
enhancing accuracy on abnormal unseen subjects, which is
a critical requirement for practical BCI systems.

Methods

To effectively model the neural-muscular coordination in
speech, we propose a model that we call CAT-Net, [C]ross-
[A]ttention [T]one Net, a three-stage architecture designed
for multimodal EEG-EMG fusion (Fig. 1). First, spatial-
temporal features are extracted independently from EEG and
EMG signals. Second, a cross-attention module, inspired by
the Transformer architecture (Vaswani et al. 2017), enables
dynamic information exchange between modalities, allow-
ing each to attend to the most informative features of the
other. Finally, the fused features serve dual purposes: they
are directly fed to a tone classifier to predict the four Man-
darin tones, and simultaneously passed through a gradient
reversal layer to a domain discriminator that encourages
subject-invariant feature learning. In addition, we leverage
SHAP (SHapley Additive exPlanations) values to interpret
the model’s decision process and quantify the relative con-
tributions of EEG and EMG features (see Appendix D).

Signal Inputs

Let X; = {X7,X™}" , denote the paired electrophysio-
logical recordings for trial ¢, where the superscripts e and
m stand for EEG and EMG, respectively. The labels are
Y, = {Y!, Y}, with V' € {1,2,3,4} encoding the
Mandarin tone and Y;® identifying the speaker. After pre-
processing, each trial is represented by the sequence x =
(z1,...,07) € R2CH+2Cn with T = 500, where C, and
C,, are the numbers of EEG and EMG channels. Every
raw channel is augmented with its first-order temporal
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difference Ax; = z; — x4_1, a finite-difference operator
that accentuates rapid transients, improves stationarity, and
has been shown to boost decoding accuracy in both EEG-
and EMG-based BCIs (Andreou and Poli 2016; Phinyomark
et al. 2013). Because Ax; is undefined at t = 1, the effective
sequence length becomes 77 = T — 1 = 499; concatenating
the original and differential streams explains the factor 2 in
the feature dimension 2C, + 2C,,.

Spatial and Temporal Encoders
For each of the modalities of EEG and EMG, CAT-Net needs
to first encode their spatial and temporal features. For spa-
tial, we use two 1x1 pointwise Conv1D layers. This means
we apply a kernel with size of 1 X2CgEgg or EMc X F', where
F’ is the feature dimension of size 64 and 128, to each indi-
vidual timestep .

H; = ReLU(X;Weop,) € RPF (1)
Intuitively, this means each column of the kernel weight ma-
trix Weon, learns a spatial combination of our EEG or EMG
channels into a feature in . A 1D MaxPooling layer with
a kernel size of 2 and stride of 2 halves the sequence di-
mension from 499 to 249, preserving key signal features
like neural spikes while reducing computational complex-
ity. To reduce the noise inherent in EEG & EMG data, we
adopt the channel attention from CBAM (Woo et al. 2018)
to re-weight feature importance. We apply a global aver-
age pooling to capture general channel scales and global
max pooling to capture spikes across our feature represen-
tations. s, = GlobalAveragePooling(H) € R and s,
GlobalMaxPooling(H) € RF. We then pass s, and s,, to
dense layers with sigmoid activation, normalizing the out-
puts to 0 to 1, s, = sigmoid(W5ReLU(W;s,)). Similarly,
s, = sigmoid(WsReLU(W;s,,)). To combine these two,
we perform a simple sum, s’ = s/, + s, € R, The final
weights are then broadcasted across the time dimension 7.

H=s oHecR™F )



Algorithm 1: Single training iteration for CAT-Net

Input: EEG mini-batch X, EMG mini-batch X™, tone labels Y?,
subject labels Y*
Parameter: modality-specific encoders £; and £3" (same arch,
different weights); cross-attention module XAttn¢; tone classifier
Cy; domain discriminator Dy, ; weights Agom; focal hyper-v, o
Output: losses Liocat, Ldom
1: 2 £5(X°)
2z gr(X™)
00— XAn(Q=2"9, K=z™, v=20m)
2 O XAn(Q=2"), K=2'9 V=2)
2 74— Fuse(C<e), C(m>)
S Yt Cy(2)
: YV* + Dy(GRLy,,, (2))
: Lsocal + FocalLoss(Y?, Y?)
2 Liom CrossEntropy(f/'S7 173)
L= »Cfocal + >\dom [rdom
: Back-propagate and update 6, £, ¢, v with Adam; update each
¢ with EMA
: return Liocat, Ldom
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—_
[\

We then use BiLSTM to model temporal dynamics with the
same output of 64 features, as it captures long-range de-
pendencies and bidirectional patterns essential for detecting
tonal variations, while being more stable and data-efficient
than a full Transformer encoder. Due to having both a for-
ward LSTM and backwards LSTM and concatenating their
outputs, the final output is of shape Z € RT*2F,

Cross-Modal Attention Fusion

For the encodings above, we apply the same operations to
both EEG and EMG, each has its unique set of weights.
Thus, we have inputs ZEEG, ZEMG o our cross attention
layer. For each of these input we have three weight matrices
W, Wi € RHXE 1y, € R2#™*V and corresponding out-

puts Q(¢™) = Z(e,m)ngm) € RT*K_ We let EEG query

the key and value outputs of EMG and vice versa (Algorithm
1, lines 3-4).

C(e,m) _ MHA(Q(e,m,)’ I/V(Tn,e)7 K(m,e)) (3)

For each of EEG and EMG, we use a Multi-Head Cross At-
tention layer with 4 heads and dimension K = V = 32. The
final output C(¢™) is of shape T' x 128. We apply Layer
Normalization to prevent exploding gradients. We then use a
global avg pooling and global max pooling to capture activa-
tions and spikes across time, P,,, = GlobalAvgPool(C') €
R!'*128 and concatenate them, P = Concat( Py g, Praz) €
R1*256_This passes through a simple Dense layer mapping
the 256 to 128, then finally is used in our Tone classifier to
predict the four Mandarin tones y € {1, 2, 3,4}.

Domain Discriminator and Loss Functions

To make CAT-Net maintain accuracy on unseen subjects,
we attach a domain-discriminator head to the fused fea-
ture f € R'2® during training. A gradient-reversal layer
(Ganin et al. 2016) leaves the forward pass unchanged but

flips the sign of the gradient, R (f) = f, ag,? = —Al so
that the discriminator learns to predict the subject label d
while the backbone is forced toward subject-invariant rep-
resentations. The network is trained with three losses (Algo-
rithm 1, lines 8-15):

* Focal loss L, (Lin et al. 2017) on the tone log-
its, with v = 2 and class-balancing vector ¢ =
(0.2, 0.3, 0.2, 0.3). Our loss weighting strategy consid-
ers tone-level confusion patterns: more confused tones,
such as tone 2 and tone 4, are emphasized to enhance dis-
crimination, while less confused tones (e.g., tone 1 and
tone 3) are still balanced to prevent bias.

* Domain Discriminator L4,, on the GRL-filtered
branch, promoting invariance across the ten subjects.

The total objective is a weighted sum which improves leave-
one-subject-out accuracy and tightens class clusters.

L = Liocat + 0.05 Laom + (0.2, 0.3, 0.2, 0.3) Leenr  (4)

Experiment
Experiment Setup

Dataset Ten healthy native Mandarin-speaking adults
(aged 24-35 years) participated in this study. To mini-
mize potential confounding factors, all participants were in-
structed to abstain from consuming coffee, alcohol, or any
other substances that might influence their neurophysiologi-
cal states for 24 hours before the experimental session. Ad-
ditionally, participants were required to: (1) maintain ade-
quate sleep duration the night before testing; (2) thoroughly
cleanse their scalp to ensure optimal electrode contact; and
(3) review and sign informed consent documents. The study
protocol was approved by our institutional ethics committee
and strictly followed the ethical guidelines outlined in the
Declaration of Helsinki (World Medical Association 2013).

Data Collection The experimental paradigm employed
four phonologically distinct Mandarin tones, with each tonal
category represented by 30 carefully selected Chinese char-
acters that were balanced for lexical frequency and phono-
logical characteristics. Each character was presented four
times in a pseudorandomized and fully counterbalanced
sequence to mitigate habituation effects (Fig. 2a). During
each trial, characters were displayed centrally on the screen
for 1.5 seconds, during which participants performed ei-
ther silent or audible articulation according to the experi-
mental condition, followed by a jittered inter-stimulus in-
terval (1.5-3 seconds) to minimize anticipatory neural re-
sponses. The complete stimulus set was presented in both ar-
ticulation modes, with all participants completing both con-
ditions. Neural activity was recorded using a high-density
64-channel NeuSen W wireless EEG system (Neuracle
Technologies, China) synchronized with electromyographic
(EMG) recordings from five orofacial muscles (the right
buccinator, right cervical trapezius, left buccinator, left cer-
vical trapezius, and mentalis). All physiological signals were
acquired at 1000 Hz sampling frequency. The experimental
protocol continued until all 480 trials (4 tones x 30 char-
acters x 4 repetitions) were completed in both articulation
conditions.
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Figure 2: Experimental paradigm. (a) Stimulus design show-
ing four tone categories, with thirty distinct pronunciation
characters per tone category. Each pronunciation character
was presented four times throughout the experiment. (b)
Schematic representation of the experimental procedure, il-
lustrating randomized character presentation in both silent
and audible modes.

Channel Tonel Tone2 Tone3 Toned Average Kappa
5 99.42 79.60 85.17 82.36 86.92 0.8249
10 98.68  80.80 86.24  81.29 87.02 0.8251
20 98.67 83.64 87.29  83.10 88.08 0.8415
Full 99.12 8399 8325 84.67 88.45 0.8496

Table 1: Performance comparisons under different channel
numbers(%). We list the ranked weighted channels in the
Appendix B. Average denotes the average accuracy over K-
fold cross-validation runs.

Preprocessing For EEG preprocessing, signals from valid
channels were downsampled to 500 Hz for computational
efficiency. A fourth-order Butterworth bandpass filter and a
50 Hz notch filter were applied to extract relevant frequency
components and suppress power line interference, followed
by common average referencing (CAR) to reduce common-
mode noise. Independent component analysis (ICA) was
then used to identify and remove ocular (EOG) and muscular
(EMGQG) artifacts. EEG epochs were extracted from —2 to 2 s
relative to stimulus onset, with baseline correction applied
using the pre-stimulus interval (—2 to 0 s). For EMG pre-
processing, signals were similarly downsampled to 500 Hz
and processed using a fourth-order Butterworth bandpass fil-
ter and a 50 Hz notch filter, followed by CAR. EMG epochs
were extracted from —2 to 2 s relative to stimulus onset, and
baseline correction was applied to reduce drift.
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Figure 3: EEG channel weight calculated by Channel-
Attention block.

Channel Selection

To identify the most informative EEG channels contributing
to tonal classification and improve training efficacy, we in-
corporated a Channel-Attention block in the early stage of
the EEG branch. Inspired by the channel attention mecha-
nism in CBAM (Woo et al. 2018), we apply a global av-
erage and max pooling—based gating module to adaptively
re-weight each EEG channel. These weights reflect the rel-
ative importance assigned to each channel during the clas-
sification process and can be aggregated across samples to
identify the most informative electrodes. After training, we
visualized the normalized attention weights on a 2D topo-
graphic scalp map (Fig. 3). As shown, channels located in
the frontal, central, and parietal regions exhibit stronger at-
tention responses, suggesting greater contributions to tone
classification. This finding is consistent with prior neuro-
physiological studies that have highlighted the involvement
of the prefrontal and parietal cortices in tone and syllable
perception (Ni et al. 2023), while our results further empha-
size the potential role of central regions.

Based on this channel attention selection, we conduct ex-
periments on the balance of channels and training efficacy,
finding the least EEG channel to train without significantly
lowering our prediction accuracy. In Table 1, we select the
top five, ten, and twenty channels with the highest weights
calculated by channel attention and compare them with the
full channels’ accuracy to investigate the balance between
model efficacy and accuracy. Based on the results from Table
1, we observe that training with 20 channels reaches a bal-
ance between trimming less informative channels and high
accuracy. Thus, subsequent experiments will primarily focus
on models utilizing a reduced set of 20 EEG channels in the
frontal, central, and parietal brain regions.

Baseline Comparisons

K-Fold Cross Validation To validate the accuracy of our
proposed EEG-EMG fusion model, we compared our algo-



Method Tone 1 Tone 2 Tone 3 Tone 4 Macro Avg
F R F R F R F R F R
EEGNet 98.27 9892 80.14 7733 85.66 86.58 7695 7833 8529 85.26
DeepConvNet 93.52 85.17 8391 85.18 §87.53 91.17 8093 80.08 86.56 86.64
GAT 97.25 97.88 7521 67.15 8194 8993 77.87 78.55 83.62 83.60
CATNet 99.54 99.83 81.45 8036 8791 87.58 82.54 84.33 88.08 88.06

Table 2: Comparison results on each tone’s F-1 score and recall with three baseline methods with ranked highest average
precisions. “F” and “R” represent “F1-score” and “Recall” respectively. The results are in the silent speech condition. All

numbers are in %.

Method Tonel Tone2 Tone3 Tone4 Average Kappa
ETE-CNN 71.15  69.16 46.59  48.18 57.33 0.3725
VLAAI 9421 3934 69.84 49.98 61.12 0.5515
EEGNet 98.10 83.15 8475 75.62 85.29 0.8037
DeepConvNet 99.57 8269 8375 81.79 86.56 0.8125
FBCSP+SVM 8730 41.01 39.04 37.24 51.65 0.3553
GAT 9772 73.18 88.56 74.33 83.62 0.7888
DRDA 99.71 8327 80.22 61.01 81.23 0.7802
EEG-Transformer 92.25 79.86  82.63  69.94 81.10 0.7477
CATNet 98.67 83.64 87.27 83.10  88.08 0.8415

Table 3: Tone precision with baseline comparisons in the
silent speech condition. ETE-CNN represents End-to-End
CNN. Average Precision and Kappa metrics are employed.
The best results in each column are highlighted in bold,
and the second-best are underlined. The results are under
20 EEG channels and the silent speech condition.

rithms in both silent and audio conditions against eight main
state-of-the-art EEG decoding algorithms, including End-to-
End CNN (Wang et al. 2023b), VLAAI (Accou et al. 2023),
EEGNet (Lawhern et al. 2018), DeepConvNet (Schirrmeis-
ter et al. 2017), FBCSP+SVM (Ang et al. 2008; Cortes and
Vapnik 1995), GAT (Song et al. 2023), DRDA (Zhao et al.
2021), and EEG-Transformer (Lee and Lee 2021). We repro-
duced these algorithms on our datasets and compared their
performance with our proposed CATNet model. For algo-
rithms that are not utilizing EMG signals, we concatenate
EEG and EMG signals as input to the model. We use average
precision and kappa values as metrics. To mitigate overfit-
ting and ensure robust performance evaluation, we employed
5-fold cross-validation during model training and testing.
For brevity, we present the results for the audio speech con-
dition in Appendix C. The subsequent analysis centers on
model performance under the silent speech condition.

As shown in Table 3, our proposed method achieves the
highest average accuracy of 88.08% and kappa value of
0.8415 in the silent speech condition. For audio speech, we
achieve 87.83% accuracy with kappa value of 0.8377. Both
results outperform all baseline models. In particular, CAT-
Net demonstrates superior performance on the challenging
Tone 2 and Tone 4, which are traditionally difficult to distin-
guish due to their subtle frequency contours.

Table 2 presents F1 scores and recall for comprehen-
sive evaluation. The three baselines are selected based on
their high average precision in Table 3. CATNet achieves

the highest F1 and recall for Tone 1 (F=99.54, R=99.83)
and Tone 4 (F=82.54, R=84.33). Compared to DeepCon-
vNet, CATNet improves Tone 4 recall (84.33 vs. 80.08) and
achieves stronger macro-averaged performance (F1=88.08,
R=88.06). While DeepConvNet shows slightly higher Tone
2 performance, CATNet achieves better precision (83.64 vs.
82.69), indicating fewer false alarms and more conservative
predictions beneficial for high-stakes scenarios. The consis-
tent performance across tones confirms that CATNet pro-
vides superior discriminative and generalizable representa-
tions for tone-level silent speech decoding.

Cross-Subject Calibration In general, EEG and EMG
signals in BCI applications exhibit strong cross-subject vari-
ability, which poses significant challenges to model gener-
alization on unseen individuals. To address this limitation,
we conduct cross-subject evaluations to assess the transfer-
ability of our proposed model across different participants.
We used a standard LOSO (Leave-One-Subject-Out) train-
ing strategy. We withheld data from a single subject as the
test set and used the nine remaining subjects’ data for train-
ing. Table 4 shows the results in silent speech conditions,
and audio speech baseline comparisons are in Appendix C.

The results demonstrate our model’s strong generalization
ability under cross-subject evaluation, with accuracy drop-
ping slightly 2.98% from 88.08% to 85.10%. In contrast,
previously strong-performing baselines exhibit greater de-
viation in accuracy, indicating a weakness in the model’s
performance on unseen subjects. For example, EEGNet
and DeepConvNet experience accuracy drops of 7.5% and
6.08%, respectively. Notably, the accuracy for each sub-
ject, except S9 (0.84% lower), outperforms the second-best
baseline by an average of 2.88% across the remaining sub-
jects, further confirming our significant superiority across
all subjects. Similarly, our model accuracy dropped from
87.83% to 83.27% in the audio speech condition, while other
baseline models also suffer from greater deviation. Further-
more, our model shows strong improvement in abnormal
subjects such as S1(6.8% higher than the second-best base-
line), S3(6.25% higher), and S4(2.5% higher), where base-
line models struggle to generalize the learned features to ab-
normal individuals. Therefore, it can be shown that our pro-
posed method is capable of handling individual differences
and generating stable accuracy even with abnormal subjects’
data.
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Method S1 S2 S3 S4 S5 S6 S7 S8 S9 S10  Avg

ETE-CNN 38.12 30.00 71.67 36.67 70.21 83.13 49.38 70.00 2542 5479 5294

VLAAI 46.53 50.26 56.72 6046 6543 63.56 6296 5587 6238 6045 5847

EEGNet 25.83 79.17 75.00 7896 79.37 81.25 9292 8292 9542 87.08 77.79

DeepConvNet 41.67 17375 7646 8250 84.58 86.88 9042 8583 95.63 87.08 80.48

FBCSP+SVM 38.37 4336 48.31 5024 52.06 5791 5749 4293 5583 51.02 49.75

GAT 4375 7875 71.04 79.79 8229 9042 89.58 87.29 92.08 90.42 80.54

DRDA 41.15 79.24 7136 7532 8228 89.17 6193 8424 9254 8248 7537

EEG-Transformer 27.50 53.33 63.33 7625 66.25 6396 81.87 8229 86.04 8438 68.52

CATNet 53.33 79.58 8271 85.00 87.08 91.67 95.00 89.17 9479 92.71 85.10

Table 4: Cross-subject classification performance on ten subjects. (Silent Speech Condition).

Method S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 Avg

CATNet,,,pp 4896 80.83 8292 84.17 8729 9250 9354 8938 9479 9250 84.69

CATNet 53.33 79.58 8271 85.00 87.08 91.67 95.00 89.17 94.79 92.71 85.10

Table 5: Cross-subject ablation results. ”DD”: Domain Discriminator.

Method CT TF FF DD P R F1 subject setting, as presented in Table 5. Overall, the ab-
CATNet, ., c1 / 7 7 7763 7762 71.00 sence of DD leads to a slight drop in average accuracy (from
CATNet,;, BitsTM v v v/ 7842 7842 7841 85.10% to 84.69%), indicating that the model still maintains
CATNet,/, EMG v v 76.60 76.60 76.50 robust generalization capability even without domain super-
CATNet\,;, EEG v v 7646 7646 76.35 vision. However, substantial performance gains are observed
CATNet v v Vv / 88.08 88.08 88.06

Table 6: Ablation studies in 5-fold training scenario. Leg-
end: “CT”: Cross-Attention, “TF”: Temporal Feature with
BiLSTM layer, “FF”: Fusing Feature, ”"DD”: Domain Dis-
criminator. “w/0.” is short for “without”.

Ablation Study

We conducted ablation experiments to assess the contribu-
tion of each module in CATNet. The results of 5-fold vali-
dation and cross-subject generalization are presented in Ta-
bles 5 and 6, respectively. Our analysis focuses on two core
aspects of CATNet: (1) the role of cross-attention in multi-
modal fusion, and (2) the impact of the domain discriminator
(DD) on subject-level generalization.

Cross-Attention Mechanism Cross-attention allows the
model to selectively focus on the relevant features between
EEG and EMG. To assess its importance, we progressively
removed the cross-attention module and its sub-components.
As shown in Table 6, removing the entire cross-attention
module leads to a substantial drop in precision (from 88.08%
to 77.63%). Furthermore, when we isolate the effect of each
directional attention (i.e., attention from EEG to EMG and
vice versa), we observe comparable degradation, with both
variants yielding precision scores around 76—77%. These re-
sults confirm that cross-attention is indispensable for captur-
ing inter-modal dependencies to boost recognition accuracy.

Generalization Across Subjects To investigate the con-
tribution of the domain discriminator (DD), we compare
CATNet with and without the DD module under the cross-
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on individual subjects with the DD module. In particular,
for subject S1, accuracy improves significantly from 48.96%
to 53.33%, highlighting DD’s effectiveness in handling se-
vere subject-specific variations. Since our dataset contains a
relatively balanced distribution across subjects and employs
a minimal-channel configuration that limits overfitting, the
marginal domain gaps are already well-handled by the core
network. Therefore, DD may yield greater benefits in low-
resource scenarios or in datasets with greater heterogeneity
across subjects or recording conditions.

Conclusion

In the paper, we propose the CATNet method that uti-
lizes a delibernoated mechanism, demonstrating the effi-
cacy of a multimodal EEG-EMG fusion framework for tonal
speech decoding, achieving high accuracy in both audible
and silent speech conditions with minimal-channel config-
urations. Notably, CATNet maintains strong generalization
ability in cross-subject evaluations—a challenging yet cru-
cial setting for real-world BCI applications. These results es-
tablish CATNet as a solid baseline for tone-level bio-signal
decoding and highlight its potential for low-resource, multi-
modal speech interfaces. In future work, we aim to general-
ize our framework to accommodate additional input modal-
ities beyond EEG and EMG, and apply the framework to
broader classification tasks. We also aim to validate the gen-
eralizability of our architecture across more diverse datasets,
further exploring its scalability and potential for real-world
deployment in low-resource, multi-modal BCI systems.
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