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ARTICLE INFO ABSTRACT

Keywords: Non-invasive brain-computer interfaces (BCIs) aim to restore communication by decoding intended messages
Inner speech directly from neural activity, even without audible speech. However, evidence remains limited that non-
Imagined speech invasive signals can support subject-held-out decoding of predefined semantic intentions from covert inner

Electroencephalography

- . speech. We investigate whether a semantic-aware multimodal framework can generalize from overt spoken
Semantic decoding

Multimodal brain—computer interface commands to covert inner sp.eech usir%g. scalp electroencephal'o'graphy (EEG), auxiliary electromyography

Electromyography (EMG), and overt-speech audio supervision. Ten healthy participants produced four everyday commands

Deep learning (water, toilet, light, pain) in overt and covert phases. Overt trials included synchronized EEG, EMG, and
audio, whereas covert trials were evaluated without audio using EEG with auxiliary EMG. The proposed
model learns a shared latent representation from overt multimodal supervision and covert training trials from
non-held-out subjects, combining supervised contrastive learning, ArcFace classification, semantic prototype
alignment, and overt-covert regularization. Evaluation follows a subject-held-out covert protocol with target-
subject overt calibration: covert trials from the held-out participant are never used for training, model selection,
or calibration. Across subjects, the model achieves a mean overt-validation accuracy of 0.54 and a mean covert-
test accuracy of 0.42 on the four-class task, above the 0.25 chance level. Latent-space and semantic-retrieval
analyses indicate that the learned representations retain class-related structure and alignment with text-based
semantic prototypes. Ablations reveal that multimodal overt information supports within-subject decoding and
representational analysis, whereas EEG-only overt supervision is more robust under held-out-subject covert
transfer. These results identify subject variability, modality transfer, and calibration as key challenges for
future semantic BCIs.

1. Introduction Scalp electroencephalography (EEG) offers a safer and more portable
route toward broader deployment because it is inexpensive, non-

Restoring communication for people who cannot speak is a central surgical, and practical in both clinical and everyday settings. How-
goal in both neuroscience and assistive technology [1,2]. Loss of speech ever, its low signal-to-noise ratio (SNR), coarse spatial resolution, and
after stroke, neurodegenerative disease, or severe motor impairment sensitivity to artifacts make language decoding particularly difficult
constrains autonomy and social participation, and existing assistive for covert inner speech, that is, internally generated speech with-
devices rarely match the bandwidth, fluidity, or semantic richness of out overt articulation [4]. Magnetoencephalography (MEG) provides
natural language. Recent intracortical and electrocorticography (ECoG) an informative non-invasive benchmark, achieving high phrase-level
speech neuroprostheses have demonstrated that rich linguistic content performance on closed vocabularies when signal quality and spatial
is present in cortical activity and can be decoded in real time, with coverage are more favorable [5]. For EEG, recent reviews report
systems now reconstructing text, phonemes, and continuous speech steady progress in imagined-speech decoding, but also persistent lim-
directly from neural signals [1-3]. These invasive systems demonstrate itations, including small cue-locked datasets, narrow vocabularies,
that high-resolution cortical recordings carry sufficient information to subject-specific models, and limited online operation [6,7]. Related

support functional communication rates, but they require neurosurgery,
long-term implanted hardware, and specialized clinical infrastructure,
severely limiting scalability and access [4].

non-invasive EEG work in the visual domain has shown that preserving
scalp-space structure through dense topographic map sequences can
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improve subject-independent decoding of imagination versus percep-
tion, suggesting that explicit spatial representations may help capture
subtle cognitive-state differences [8]. Despite advances such as graph-
based feature fusion and delay-differential descriptors [9,10], cross-
subject generalization and decoding at the level of communicative
meaning remain open challenges.

Recent studies have addressed cross-subject imagined-speech EEG
through unsupervised domain adaptation, prototypical few-shot
learning, zero- and few-shot subject-based meta-learning, and
subject-invariant representation learning [11-14]. Large-scale mag-
netoencephalography and EEG (M/EEG) studies have also extended
non-invasive decoding to individual words across participants, devices,
tasks, and languages, although during listening and reading rather than
covert speech production [15].

Insights from invasive work help explain why this goal is plausible,
by clarifying what information is present in speech-related neural ac-
tivity and how it is distributed across space, time, and frequency. Deep
neural models trained on ECoG recordings from the auditory cortex
can reconstruct intelligible speech during auditory perception, with
performance boosted by combining low-frequency and high-gamma
activity and by predicting intermediate vocoder parameters instead of
raw spectrograms [16]. Deep convolutional architectures tailored to
EEG have enabled more accurate and user-friendly assistive BCIs, for
example through inception-style networks designed for event-related
potential (ERP) decoding in practical communication settings [17].
High-gamma decoders trained on overt speech often generalize only
partially to covert speech, exhibiting a consistent overt—covert gap,
particularly in superior temporal regions [18]. Closed-loop stereo-EEG
(sEEG) systems have demonstrated real-time audio synthesis during
whispered and imagined speech, establishing the feasibility of online
feedback and user adaptation [19]. These milestones motivate semantic
decoding as a realistic target [20], but the invasiveness of the un-
derlying recordings prevents widespread use. Here, we use semantic
decoding to mean recovery of the intended communicative meaning of
an inner-speech command rather than its exact acoustic or articulatory
form, in line with the broader perspective of semantic communication
[21]. In the present study, this notion is operationalized as closed-
set classification of four predefined communicative intentions together
with alignment to fixed sentence-embedding prototypes; it does not im-
ply open-vocabulary, zero-shot, compositional, or generative language
inference.

Crucially, recent analyses illuminate how covert or imagined speech
differs from overt production at the neural level. Imagined speech
appears to rely more on low-frequency power and cross-frequency cou-
pling than on broadband high-gamma, and it aligns more strongly with
perceptual/phonological than purely articulatory representations [22].
Training humans with accurate closed-loop EEG feedback reshapes the
neural feature space that is exploited for control and steadily improves
online performance, highlighting co-adaptation and the importance of
neurofeedback for stabilizing non-invasive BCIs [4]. Invasive studies
further suggest that mimed or whispered speech occupies an intermedi-
ate neural regime between overt and fully imagined states [23], hinting
that intermediate behaviors and additional modalities could help bridge
the overt—covert divide.

In parallel, representation learning has shown that contrastive ob-
jectives can align heterogeneous signals with powerful inductive biases.
Aligning non-invasive MEG/EEG time series to pretrained speech rep-
resentations via contrastive learning yields significant gains in word
and phrase identification, including zero-shot performance, compared
to simple regression, suggesting that high-level linguistic targets help
non-invasive neural data lock onto semantics [24]. More broadly, con-
trastive predictive coding and large-scale image-text models demon-
strate that InfoNCE-style contrastive alignment across views can induce
robust, transferable features without task-specific supervision [25,26].
Non-invasive EEG-based speech reconstruction pipelines are also be-
ginning to emerge, including voice reconstruction from EEG recorded
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during speech imagination [27]. However, current non-invasive recon-
struction approaches still achieve modest intelligibility, often rely on
overt audio during training, and show limited generalization beyond
fixed vocabularies, especially under purely covert conditions.

Despite this progress, we are not aware of a non-invasive approach
that simultaneously (i) leverages overt multimodal signals (EEG, EMG,
and audio) to anchor linguistic meaning robustly, (ii) explicitly enforces
invariance between overt and covert neural states during training,
and (iii) evaluates covert EEG+EMG data without audio in a subject-
held-out covert setting with target-subject overt calibration. Existing
EEG-based systems typically either classify small command sets, regress
acoustic features that are weak or absent during covert production, or
align brain signals to audio/text without using articulatory evidence to
disambiguate semantics in overt data. As a result, performance tends
to drop sharply when models are tested on covert imagination, and
there is limited understanding of calibration, semantic alignment, and
uncertainty in this regime [6,7,9,10,24,27].

The present work addresses this gap by introducing a multi-phase
acquisition protocol and a semantic-aware learning framework for
studying overt-to-covert transfer under controlled multimodal super-
vision. Overt EEG, EMG, and audio are used as available training
views, while covert trials from training subjects support overt—covert
alignment and fine-tuning; final held-out-subject covert inference is
evaluated without audio under the protocol defined in Section 2.6.
Importantly, the goal is not to assume that all modalities necessar-
ily improve held-out-subject covert decoding, but to determine how
multimodal overt information, semantic anchoring, and overt—covert
alignment behave across different generalization regimes.

Accordingly, the objective of this study is not to establish an
architecture-level state of the art or to claim that the selected neural
network is an optimal decoder. Rather, the emphasis is on establishing a
controlled methodological framework for examining multimodal overt
supervision, semantic anchoring, overt—covert transfer, calibration, and
subject generalization under a common backbone.

This study makes three main contributions:

1. We design and record a controlled imagined-speech protocol
with continuous EEG and EMG across perception, overt, covert,
and rest phases, together with synchronized audio during overt
speech, specifically structured to probe the overt—covert transi-
tion.

2. We propose and evaluate a semantic-preserving learning frame-
work that combines supervised classification, multi-view con-
trastive alignment, semantic prototype alignment, and overt—
covert consistency constraints. The framework is designed not
only to test multimodal overt supervision, but also to identify
when auxiliary EMG/audio information transfers across subjects
and when EEG-only representations provide more robust covert
decoding.

3. We provide a detailed evaluation of covert imagined-speech
decoding across ten subjects, including reliability diagrams, ex-
pected calibration error, latent k-nearest-neighbor (k-NN) anal-
ysis, and semantic alignment heatmaps, to assess not only accu-
racy but also the quality and stability of the learned representa-
tions.

The remainder of the paper is organized as follows. Section 2
describes the experimental protocol, acquisition setup, preprocessing
pipeline, proposed architecture, and training strategy. Section 3 re-
ports quantitative and qualitative results, including subject-wise perfor-
mance, calibration analyses, and latent-space visualizations. Section 4
discusses the implications of these findings for non-invasive speech
neuroprostheses and semantic BCIs, and outlines limitations and future
directions. Section 5 concludes the paper.
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Fig. 1. Examples of the visual stimuli and integrated timeline of a single trial in the experimental protocol. Representative orthographic and pictorial stimuli are
shown for the four semantic classes. Each trial consists of four consecutive phases: perception (Phase 0, 4 s), overt speech production (Phase 1, 4 s), covert inner
speech (Phase 2, 4 s), and rest (Phase 3, jittered 3-4 s). Representative signal traces illustrate modality availability across phases: EEG and EMG were recorded
continuously throughout the trial, whereas audio was available only during the overt phase.

&% MEDUSA
Protocol EEG (64 channels)

Acquisition and Control PC
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EMG (2 channels)

Stimulus control (image/text)
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Fig. 2. Overview of the experimental acquisition setup. A 64-channel EEG
cap, two EMG electrodes, and a microphone are connected to the amplifier,
which streams EEG/EMG data to the acquisition and control PC. The control
PC, visible only to the experimenter, runs the protocol, monitors signals, and
triggers stimuli. Visual cues are presented on a separate stimulus screen visible
to the participant, ensuring synchronized control of perception, overt, and
covert phases.

2. Materials and methods
2.1. Dataset and experimental protocol

Ten healthy adults (N = 10; 6 men and 4 women; age range:
21-40 years) participated in the study. Nine participants were na-
tive Spanish speakers, while the remaining participant had sufficient
Spanish proficiency to understand and produce all command sentences
used in the protocol. The cohort comprised one bachelor’s student, six
Ph.D. students, and three postdoctoral researchers. For each partici-
pant, the protocol was repeated in 15 recording blocks, each comprising
two consecutive runs, for a maximum of 30 runs per participant.

In this work, a run denotes one continuous multimodal acquisition
file with its associated event markers, whereas a recording block de-
notes the paired set of two runs within the experimental protocol. All
recordings were acquired in a controlled laboratory environment at
the Biomedical Engineering Group, University of Valladolid, using the
MEDUSA platform for synchronized multimodal acquisition, a Python-
based open-source BCI ecosystem that natively supports Lab Streaming
Layer (LSL), multimodal sensor integration, and app-based protocol
design [28].

The task was built around four semantically meaningful intention
classes corresponding to everyday needs or actions, expressed in Span-
ish: “Quiero agua” (I want water), “Necesito ir al bafio” (I need to go to
the toilet), “Enciende la luz” (turn on the light), and “Tengo dolor” (I
am in pain). These define the class set C = {water, toilet, light, pain},
which we use throughout the paper for brevity. For each trial, one of
these four commands was presented using one of two stimulus modali-
ties: Spanish text on the screen or a representative image depicting the
corresponding situation. The stimulus modality for each trial is logged
and later used for stratified data splitting and modality-wise analysis.
Representative stimuli, the trial timeline, and modality-specific signal
availability are shown in Fig. 1.

Each trial comprised a fixed sequence of phases. After a brief visual
mask, the perception phase (Phase 0) began, during which the text or
image stimulus was displayed for 4 s. In the subsequent overt phase
(Phase 1), the participant was cued to pronounce the corresponding
sentence aloud for 4 s. This was followed by a covert phase (Phase 2) of
4 s, during which the participant silently repeated the same intention,
imagining the sentence without overt speech or deliberate muscle
movements. Finally, a rest phase (Phase 3) jittered between 3 and 4 s
allowed the signals to return toward baseline while reducing temporal
predictability before the next trial. In the present work, we focus on
the two intention-bearing phases of interest, overt and covert, and use
perception and rest primarily for preprocessing and baseline inspection.

Neurophysiological data were acquired using a 64-channel EEG cap,
consisting of 63 scalp EEG electrodes plus one acquisition reference
channel, together with two surface EMG channels placed over fa-
cial/neck muscles involved in speech production (Fig. 2). The reference
channel was used for acquisition and subsequent re-referencing but was
not treated as an independent scalp input to the neural encoder. There-
fore, the model input contained 63 scalp EEG channels plus 2 EMG



H. Ahmadi et al.

Table 1
Summary of the dataset and acquisition protocol.

Property Specification

Experimental design

Participants N =10 healthy adults; 6 men and 4
women; age range: 21-40 years; 9
native Spanish speakers; 1 bachelor’s
student, 6 PhD students, and 3
postdoctoral researchers.

4 (water, toilet, light, pain)

Spanish (“Quiero agua”, “Necesito ir
al bafio”, “Enciende la luz”, “Tengo
dolor”)

2 (text and image)

Semantic classes
Stimulus language

Stimulus modalities

Recording blocks per 15
subject
Runs per recording 2 (maximum 30 runs per subject)

block

Trial structure

Trial phases Perception (Phase 0), Overt
(Phase 1), Covert (Phase 2), Rest
(Phase 3)

Perception: 4 s; Overt: 4 s; Covert:
4 s; Rest: jittered 3-4 s

60 trials per intention-modality pair

Phase durations

Trials per class
xmodality xsubject
Trials per subject

Task focus in this work

480 trials (all phases, all modalities)
Overt and covert phases

Recorded signals and acquisition

EEG acquisition 64-channel EEG cap: 63 scalp EEG

montage electrodes + 1 acquisition reference
channel
EMG channels 2 surface EMG channels over

speech-related muscles
EEG/EMG sampling 500 Hz
rate
Audio channel
Audio sampling rate

Synchronization

Close-talking microphone

48 kHz

All modalities time-locked in
MEDUSA [28]

channels, yielding 65 EEG-EMG input channels. Two bipolar surface
EMG channels were acquired bilaterally from speech-related muscula-
ture to capture articulatory recruitment during overt production and
any residual articulatory activity during covert production. EMG is
treated as an auxiliary articulatory biosignal within the multimodal
decoding framework rather than as a stand-alone physiological study
of speech-muscle activity.

For each participant, the electrodes were applied by the exper-
imenter using the same bilateral placement procedure over speech-
related facial/neck musculature. The two-channel montage was in-
tended to capture broad articulatory activity for exploratory multi-
modal decoding rather than to isolate individual muscles or provide
a standardized clinical EMG assessment.

EEG and EMG were recorded continuously at 500 Hz, whereas
48 kHz microphone audio was stored only during the overt phase. All
modalities and trial annotations were synchronized through MEDUSA
[28]. Dataset characteristics are summarized in Table 1.

Throughout this work, the target label space is primarily defined at
the level of semantic intention rather than stimulus modality. In the
main experiments, we model the four intentions as four class labels,
and treat textual and pictorial presentations of the same command as
different input conditions for the same class. The stimulus modality is
therefore stored as metadata and used to construct modality-balanced
train/validation splits and to report modality-specific breakdowns in
the results. In the ablation analysis (Section 3.5) we also consider
an extended 8-class setting that explicitly distinguishes text and im-
age modalities for each intention, in order to probe modality-specific
effects.
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2.2. Signal preprocessing and epoch construction

2.2.1. EEG and EMG preprocessing

EEG and EMG signals were preprocessed offline using a unified
Python pipeline based on NumPy, SciPy, and MNE-Python. All prepro-
cessing was applied to the continuous recordings acquired at 500 Hz
before epoch extraction. Filtering was implemented using linear-phase
finite-impulse-response (FIR) filters designed with scipy.signal.
firwin and a Hamming window, and applied in zero-phase mode by
forward-backward filtering (scipy.signal.filtfilt), yielding a
non-causal offline preprocessing chain.

For EEG, raw voltages were first converted to physical units and
linearly detrended. The signals were then band-pass filtered between
0.5 and 40 Hz. The lower and upper transition bandwidths were set to
0.5 Hz and 10 Hz, respectively. The band-pass filter was implemented
with 1501 taps (order 1500). Discontinuities and numerically invalid
samples, including NaN or Inf values, were automatically annotated.
Here, “bad segments” refers to intervals automatically flagged because
of non-finite samples or robust outlier criteria based on peak-to-peak
amplitude and variance; noisy or flat channels were identified using
the same signal-quality measures. These annotations represented signal-
quality exclusions rather than task-based exclusions, and the marked
intervals were omitted when fitting independent component analysis
(ICA). The EEG was subsequently re-referenced to the common average
and centered by subtracting the temporal mean of each channel.

To attenuate ocular artifacts, ICA was applied to the preprocessed
EEG after filtering and bad-segment annotation. For each recording,
a FastICA decomposition retaining 99% of the variance was fitted
while excluding segments marked as bad. Putative ocular components
were identified automatically using MNE’s electrooculography (EOG)
detection routines based on frontal electrodes, such as Fpl, Fp2, AF7,
and AF8. These components were then removed, and the cleaned EEG
was reconstructed from the remaining sources.

EMG channels were processed in a separate pipeline. Signals were
linearly detrended, band-pass filtered between 20 and 100 Hz, and an
additional 50 Hz notch filter was applied to suppress line noise within
the retained EMG band. The lower and upper transition bandwidths
of the band-pass filter were set to 5 Hz and 20 Hz, respectively.
Discontinuities and numerically invalid samples were automatically
annotated and repaired by inpainting. No ICA-based artifact correction
was applied to EMG.

In the present study, EMG was used as an auxiliary articulatory
signal rather than for detailed motor-unit waveform analysis. Surface
EMG is commonly used to characterize the magnitude and timing of
muscle activation, although its amplitude should not be interpreted
as a direct measure of force or specific motor-unit recruitment [29].
Facial EMG has also been used to investigate subtle articulatory activity
during inner speech using broad frequency bands beginning around
20 Hz [30]. In addition, the 20-40 Hz portion overlaps the beta
range in which EEG-EMG corticomuscular coherence is commonly
observed [31]. Accordingly, the 20-100 Hz band was retained as an
auxiliary decoding representation and was not interpreted as a di-
rect physiological measure of motor-unit recruitment or cortical drive.
Corticomuscular coherence itself was not quantified in the present
study.

Subsequently, each channel was robustly scaled independently by
subtracting its median and dividing by its interquartile range (IQR).
This normalization reduces sensitivity to extreme values and residual
artifacts and is more robust to outliers than mean-variance standard-
ization [32,33].

2.2.2. Audio preprocessing

Speech audio was preprocessed to obtain time-frequency represen-
tations aligned with each trial. For each run, trial-wise audio segments
corresponding to the semantic task were first extracted based on marker
annotations. For every overt trial, the audio segment corresponding to
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the 4-s overt phase was initially extracted using the marker timestamps.
To match the EEG and EMG analysis window, only the first 3 s were
retained for modeling. Each audio segment was therefore trimmed or
zero-padded, when necessary, to exactly T,,q4i, = 3 s. Audio was kept
at the original sampling rate of 48 kHz.

Each trial’s audio segment was then converted into a log-mel spec-
trogram using the librosa library [34]. Specifically, a short-time
Fourier transform (STFT) with window length Nppr = 1024 samples
and hop size of 480 samples (approximately 10 ms) was computed,
and 64 mel-frequency bands were retained in the range 50-8000 Hz.
The resulting magnitude spectrogram was mapped to the mel scale and
converted to log-power. Finally, each spectrogram was standardized by
subtracting its mean and dividing by its standard deviation, yielding a
normalized log-mel representation of shape (1, Npeis, Tirames) P trial.
Audio was recorded and processed only for the overt phase; no audio
representation is defined for covert trials.

2.2.3. Epoch definition and alignment

Task-related trials were defined using the marker files associated
with each run. For every row in the marker table, we read the semantic
class, stimulus modality, and phase label. Only trials labeled as overt
or covert were retained. For each retained trial, a window of length
Tiial = 4 s was extracted from the preprocessed EEG and EMG signals
starting from the onset timestamp provided in the markers. Although
each phase lasted 4 s to provide sufficient time for all participants,
participants consistently completed both the overt and covert tasks
within the first 3 s. Inspection of multiple recordings from every
participant, together with a preliminary comparison using the complete
4-s epochs, confirmed that the final second was predominantly task-
irrelevant and did not improve decoding performance. We therefore
retained only the first 3 s of all available modalities — EEG, EMG,
and overt-phase audio — for modeling. The resulting EEG/EMG epochs
contained Tggg /v = 600 samples per channel at the resampled rate of
200 Hz, whereas the audio remained at its original sampling rate of 48
kHz and was converted into a 3-s log-mel spectrogram.

Let X € RVXCXT denote the resulting EEG+EMG data tensor, where
N is the number of trials, C = 65 is the total number of channels, and
T = 600. Audio spectrograms are available only for overt trials and
are stored in a tensor A € RNovert!XNmelsXTirames, where Ngyer is the
number of overt trials. The labels and metadata are stored in vectors
y € {0,1,2,3}V, phase € {overt, covert}", and mode € {text,image}".
By construction, EEG and EMG epochs are temporally aligned to the
trial markers for all retained trials, while audio is aligned only for overt
trials.

2.3. Multimodal neural architecture

The proposed model maps multimodal neurophysiological and au-
dio signals to a shared latent space where discriminative, contrastive,
and semantic objectives can be jointly optimized. The core architecture
consists of an encoder for EEG and EMG, an audio encoder for overt
speech, and a fusion module that projects all modalities into a common
embedding.

2.3.1. EEG-EMG encoder

A convolutional encoder inspired by EEGNet [35] processes the
concatenated EEG and EMG signals. This compact backbone is used as
a common feature extractor and is not introduced as a novel neural ar-
chitecture. It is retained across the methodological comparisons so that
the effects of multimodal supervision, semantic alignment, and overt—
covert regularization can be examined without confounding them with
changes in backbone design. The encoder receives an input tensor of
shape (C,T), where C = 65 channels (63 scalp EEG electrodes and 2
EMG channels) and T denotes the number of time samples per trial after
preprocessing and epoching. Temporal convolutions capture local tem-
poral patterns in the band-limited signals, while spatial convolutions
learn filters across electrodes and EMG sensors.

Biomedical Signal Processing and Control 129 (2027) 111527

All 63 scalp EEG channels were retained because covert speech
may involve distributed and participant-variable activity beyond a
single predefined language region. Retaining the complete montage
avoids imposing an a priori regional selection and allows the learned
spatial filters to weight informative electrodes while reducing the con-
tribution of less useful channels. Systematic channel-reduction and
region-specific analyses remain relevant directions for future work.

Batch normalization, nonlinearities, and pooling layers stabilize
training and progressively reduce the temporal resolution. The encoder
outputs a fixed-dimensional feature vector heey ome € RP, obtained by
global pooling over time and a final linear projection. Throughout this
work, we set the latent dimensionality to D = 256.

2.3.2. Audio encoder

Overt speech audio is represented as a log-mel spectrogram (Sec-
tion 2.2.2), which is processed by a dedicated 2D convolutional en-
coder. The audio encoder receives an input tensor of shape
(1, Nypets> Trrames)  and  applies a sequence of convolution-batch
normalization-nonlinearity—pooling blocks over the time-frequency
plane. Early layers focus on local spectral patterns, while deeper layers
aggregate information over longer temporal contexts. After several
blocks, global average pooling and a fully connected layer are used
to obtain an audio embedding h,,g, € RP«, where D, denotes the
audio-encoder output dimension.

2.3.3. Multimodal fusion

For overt trials, EEG and EMG are first passed through the EEG-
EMG encoder to produce heeg.emg, and the audio spectrogram is pro-
cessed by the audio encoder to produce h,;,. The two vectors are
concatenated,

h

concat = [heeg-emg; haudiOJ >

and projected through a fully connected layer with nonlinearity and
normalization to obtain the fused latent embedding z = f,sion(heoncar) €
RP. For covert trials, only EEG and EMG are available. In this case,
the MultiModalEncoder reduces to the EEG-EMG encoder, and the
latent representation is obtained as z = heeg_emg- This design allows the
model to exploit multimodal information when overt speech is present,
while maintaining a consistent latent space for covert-only decoding.
A concise summary of architectural choices and training settings is
provided in Table 2.

2.4. Sentence-transformer semantic space

Semantic supervision is provided by an external sentence-level lan-
guage model. We use the pre-trained al1l-MiniLM-L6-v2 sentence
transformer as a fixed encoder ¢(-) that maps each class sentence 7, to a
Dg.n-dimensional embedding, where D, = 384 in this work [36,37].
The resulting vectors are #,-normalized to obtain the class-specific pro-
totypes {p.}.cc used by the semantic head. The sentence transformer
is not fine-tuned on our data, and no gradients are propagated through
¢(-). As a result, the geometry of the semantic space is determined by
the pretrained language model, while the neural encoder and semantic
head are trained to align overt and covert neural embeddings with this
fixed linguistic structure.

2.5. Heads for contrastive, classification, and semantic objectives

On top of the shared latent embedding z, the model uses three task-
specific heads: a contrastive head, a margin-based classification head,
and a semantic head.

1. Contrastive head. A multilayer perceptron (MLP) maps z to a
lower-dimensional vector u € R%, followed by #,-normalization.
This head is used for supervised contrastive learning on overt
trials and for overt-covert consistency losses.
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Table 2
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Key hyperparameters and configuration of the proposed multimodal semantic EEG pipeline.

Component

Configuration/setting

Encoders and fusion

EEG/EMG encoder
EEG/EMG encoder
EEG/EMG encoder
EEG/EMG encoder
EEG/EMG encoder
EEG/EMG encoder
Audio encoder
Audio encoder
Audio encoder
Audio encoder
Audio encoder
Multimodal encoder

1D CNN encoder with four Conv—BN-ReLU blocks followed by global pooling.

Layer 1: Convld(C — 64, kernel 7, stride 2, padding 3), BatchNorm1d, ReLU.

Layer 2: Conv1d(64 — 128, kernel 5, stride 2, padding 2), BatchNorm1d, ReLU.

Layer 3: Conv1d(128 — 256, kernel 3, stride 2, padding 1), BatchNorm1d, ReLU.

Layer 4: Conv1d(256 — 256, kernel 3, stride 2, padding 1), BatchNorm1d, ReLU.

Pooling: AdaptiveAvgPoolld(1), followed by flattening; mapped to D = 256 in the heads.

2D CNN encoder applied to log-mel spectrograms.

Layer 1: Conv2d(l — 32, kernel 3x3, stride 2, padding 1), BatchNorm2d, ReLU.

Layer 2: Conv2d(32 — 64, kernel 3x3, stride 2, padding 1), BatchNorm2d, ReLU.

Layer 3: Conv2d(64 — 128, kernel 3x3, stride 2, padding 1), BatchNorm2d, ReLU.

Pooling: AdaptiveAvgPool2d(1), followed by flattening.

EEG/EMG and audio embeddings are concatenated and passed through Linear(Dee, + D, — D), with D = 256. For
covert trials, the audio branch is disabled and representations are based only on EEG/EMG features.

Heads and semantic space

Contrastive head
Semantic head
Semantic space

Semantic prototypes

Classifier head

MLP with Linear(D — D), BatchNorm1d, ReLU, Linear(D — d.), followed by #, normalization; Output dimension:
d, =128.

Linear(D — Dy,y,), producing e, followed by ¢, normalization at loss computation; Output dimension: D, = 384.
Sentence model: al1-MiniLM-L6-v2 from Sentence-Transformers.

Class sentences: “Quiero agua”, “Necesito ir al bafio”, “Enciende la luz”, and “Tengo dolor”. Prototype vectors are
computed as p, = ¢(t,)/ll¢(t.)|l, and kept frozen during training.

ArcFace cosine classifier with additive angular margin.

Training schedule and optimization

Batching
Optimizer
Stage 1

Stage 2

Stage 3

Batch size of 32 for all stages.

Adam with weight decay 107*.

Supervised contrastive warm-up on overt trials only; 200 epochs, learning rate 10>, supervised contrastive (SupCon)
temperature 7y, = 0.35.

Joint multi-task training with overt supervision and overt—covert alignment; 300 epochs, learning rate 10~>. The joint
1oss is Ligine = Lsupcon + Lck + Asem Lsem + ApaLcorars With A = 0.5 and Ap, = 0.15. Model selection uses the best
semantic mean reciprocal rank on the overt-validation set.

Covert semantic consistency/overt—covert alignment; 200 epochs, learning rate 10~*. NT-Xent is applied to overt-covert

trial pairs when available; otherwise, supervised contrastive loss is applied to covert-training trials. NT-Xent
temperature is rypx = 0.25. All encoder parameters remain trainable. Model selection uses the best covert k-NN
accuracy on covert-train versus covert-validation embeddings, with k = 5.

Stage 4 Covert-only fine-tuning and evaluation; maximum 100 epochs with early stopping, learning rate 10~*. The objective is
cross-entropy with label smoothing 0.1. Early stopping uses a patience of 10 epochs on covert-validation accuracy. Best
encoder and classifier weights are saved per fold.

2. Classification head. A margin-based softmax classifier operates
on z. The head implements ArcFace [38] with a learnable weight
matrix and fixed scale s and margin m. During training, both z
and the class weight vectors are ¢,-normalized, and the ground-
truth logit is modified by an angular margin. A cross-entropy loss
with label smoothing is applied to the ArcFace logits.

3. Semantic head. A linear projection maps z to a semantic em-
bedding e, € RPsn. This embedding is trained to align with
the fixed class prototypes {p.}.cc defined in Section 2.4.

2.6. Data splitting and experimental conditions

Let the set of subjects be S = {1,..., N} with N = 10. For each fold,
one subject s* € S is designated as the held-out test subject, and the
remaining subjects S, = S\ {s*} form the training pool. Throughout,
we refer to this setting as a subject-held-out covert evaluation with target-
subject overt calibration. In this protocol, covert trials from the held-out
subject are never used for training, early stopping, hyperparameter tun-
ing, or temperature calibration, whereas overt trials from that subject
may be used in the overt train/validation split. A stricter leave-one-
subject-out (LOSO) variant, in which the held-out subject contributes
no training data of any kind, is considered separately in the ablation
analysis (Section 3.5, X2).

Overt data consist of trials with phase = overt. Overt trials from
all subjects, including the held-out subject s*, are pooled together and
split 80/20 into train and validation sets at the trial level. To preserve
balance across semantic classes and stimulus modalities, the split is

stratified using a key that jointly encodes class index and modality
label. This yields D{’r‘:i;t and Dszlert.

Covert data consist of trials with phase = covert. Covert trials from
training subjects are split 80/20 into DIV (Syrain) and DY (Sirain)s
stratified by class label. All covert trials from the held-out subject s*
are reserved as the final test set:

ngs\;ert(s*) = DCOVe[‘t(S* )

Thus, for each fold, the procedure yields five datasets:

Dfo[d — {DOVEI’I DOVEl’t’

train * * val
covert covert covert -
Dtrain (Sirain)s Dval (Sirain)» Dtest (9}

2.7. Training strategy and loss functions

The training strategy is organized into four stages. For each fold,
model parameters are re-initialized, the four stages are executed using
the corresponding training and validation sets, and final performance
is evaluated on the held-out subject’s covert test set.

2.7.1. Supervised contrastive warm-up

In the first stage, only overt trials are used. The encoder and
contrastive head are optimized using a supervised contrastive loss [39],
which encourages samples from the same class to be close in the
contrastive space and samples from different classes to be separated.
Batch normalization layers in the encoder are set to evaluation mode
to stabilize statistics, and early stopping is applied based on the average
warm-up loss on overt validation batches.
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2.7.2. Joint multi-task training with domain alignment

In the second stage, overt trials remain the primary supervised
source, while covert trials from training subjects are used without
labels to regularize the representations. Each training step consumes
one batch of overt data and one batch of covert-train data. The joint loss
combines supervised contrastive loss, ArcFace cross-entropy, semantic
alignment loss, and correlation alignment (CORAL) loss.

For overt sample i with label y;, the semantic loss is

Loem = E; [1 = cos(esemBy)] &)

where p,, is the sentence-transformer prototype of the corresponding
Spanish command. To reduce the distributional shift between overt
and covert features, we employ a CORAL covariance-matching loss. Let
C, and C, denote the batch covariance matrices of overt and covert
embeddings, respectively:

2
LeoraL = ”Ca - Cc”F . @
The total loss is

Ejoint = £supc0n + Lcg + Asem Lsem + 4pa LeoraL- 3

Optimization is performed with Adam and a cosine-annealing learning
rate schedule with warm restarts. Model selection in this stage is
based on semantic retrieval mean reciprocal rank (MRR) on the overt
validation set.

2.7.3. Covert semantic consistency

The third stage aligns overt and covert embeddings at the level of
matched trial instances. Each semantic command trial contains both
an overt phase and a covert phase; therefore, within the training
pool Si.in, @ paired dataset is built by matching overt and covert
epochs that share the same subject, run, trial index, class label, and
stimulus modality. Let Dy = {(xPV", x{OVr, yi)}l_]:"lair denote this set. A
symmetric normalized temperature-scaled cross-entropy (NT-Xent) loss
[40] is applied to encourage overt and covert embeddings associated
with the same trial-level semantic command to become close, while
embeddings from different classes are pushed apart. Model selection
is based on a non-parametric k-NN evaluation on covert-train versus
covert-validation embeddings.

2.7.4. Covert fine-tuning

In the final stage, the encoder and classification head are fine-
tuned using supervised learning on covert trials from training subjects.
The best semantic-consistency encoder initializes the network, and the
encoder and ArcFace parameters are optimized using cross-entropy
with label smoothing. Only real covert-train trials from Df;ﬁrt(strain)
are used for training, and DS%*"(Sy,y) is used for early stopping
based on covert classification accuracy. The final model is evaluated
on DY (s*). Hyperparameters were empirically tuned during prelim-
inary development using only the designated training and validation
partitions and were subsequently fixed across all held-out-subject folds
and ablation settings; covert test data from the held-out participant
were never used for hyperparameter selection. Key optimization hyper-
parameters are reported in Table 2. All experiments were conducted on
a workstation equipped with an AMD Ryzen 7 9700X CPU, 64 GB DDR5
RAM, and an NVIDIA GeForce RTX 5080 GPU with 16 GB of GDDR7
memory. For the main reference configuration, completing the full four-
stage training procedure across all ten held-out-subject folds required
approximately 2 h 8 min. Because the present study was conducted
offline, end-to-end online latency was not formally evaluated.

2.8. Evaluation protocol and metrics

For each fold with held-out subject s*, the final encoder and clas-
sifier are evaluated on the overt validation set and the covert test set.
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To improve probabilistic calibration, a single temperature parameter
T., is fitted per fold using only overt validation data, by minimizing
cross-entropy between temperature-scaled logits and true labels. The
resulting T, is then used to rescale logits for both overt validation and
covert test metrics.

Standard classification metrics include accuracy, top-k accuracy,
and MRR of the true class in the ranked list of predicted probabilities.
Calibration is quantified using the Brier score and expected calibration
error (ECE) estimated from reliability diagrams. The structure of the
latent space is examined using k-NN analysis with cosine similarity
on covert embeddings. Semantic retrieval performance is evaluated
through the semantic head by comparing each trial’s semantic embed-
ding to the normalized all1-MiniLM-L6-v2 prototypes of the four
commands. Unless otherwise stated, metrics are computed by pooling
text and image trials in a shared four-class label space.

Because trials were nested within participants and recording blocks,
the participant was treated as the independent statistical unit. For
the primary covert-decoding result, uncertainty in the mean covert-
test accuracy was quantified using a 95% bias-corrected and accel-
erated (BCa) bootstrap confidence interval obtained by resampling
the ten participant-level accuracies with replacement (B = 100, 000).
Statistical evidence against the balanced four-class chance level of
0.25 was assessed using an exact one-sided sign-flipping test on the
participant-level accuracy differences, enumerating all 21° possible sign
assignments.

For the same-protocol ablation analysis, each variant was com-
pared with the reference configuration BO using paired participant-level
covert-test accuracies. For participant s, the paired effect of ablation a
was defined as

—_ covert covert
dy 4 = AT — Acc{Git 4

The magnitude of each ablation effect was summarized by the mean
paired difference across participants, with a 95% BCa bootstrap con-
fidence interval obtained by resampling the participant-level paired
differences using the same procedure described above. Statistical evi-
dence for a difference from BO was assessed using a two-sided exact
paired sign-flipping test on {d,,}!° , enumerating all 2'° possible
sign assignments. Family-wise error across the seven same-protocol
comparisons (S1-C, S2-C, S3-C, Cl1, P1, R1, and R2) was controlled
using the Holm procedure. The family-wise significance level was set
to @ = 0.05, and Holm-adjusted p-values below 0.05 were considered
statistically significant. The participant was treated as the independent
unit throughout. Variants that changed the label space or evaluation
regime were not included in this family of paired comparisons.

For reproducibility, Table 2 summarizes the main architecture,
training objectives, calibration procedure, and evaluation settings used
in the proposed framework.

3. Results
3.1. Illustrative neurophysiology of overt and covert inner speech

Before turning to decoding performance, we present representative
visualizations of single trials, band-power patterns, and time—frequency
dynamics. Figs. 3-5 provide subject-level examples of the signal struc-
ture entering the pipeline and are not intended as population-level
statistical evidence.

The representative recording in Fig. 4 shows spatially heterogeneous
alpha- and beta-band differences between overt and covert phases.
Because these maps are based on a single recording block, they are pre-
sented as illustrations of signal structure rather than population-level
effects.

The spatially structured alpha and beta changes observed here
are consistent with previous topomap-based studies, in which imag-
ined content modulated scalp distributions in a class-specific manner
during both perception and imagination [8]. Complementing these
band-power results, Fig. 5 presents trial-averaged EEG time—frequency
log-power for the same participant and representative recording block,
shown separately for perception, overt, covert, and rest phases.
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Phase 1 - Overt (Speak Loudly)
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Phase 2 - Covert (Speak Silently)
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Fig. 3. Representative multimodal trial from participant SO2 (run 09). Phase 1 (overt speech) shows z-scored EEG, EMG, and audio waveforms during spoken
articulation. Phase 2 (covert inner speech) shows the corresponding EEG and EMG activity during the covert interval, which may still contain low-amplitude
residual articulatory activity. Audio is absent in this phase. All signals are z-scored within channel.
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Fig. 4. Representative band-power differences between covert inner
speech and overt speech. Top row: scalp topographies of alpha (8-12 Hz,
left) and beta (12-30 Hz, right) band-power differences, expressed in arbitrary
units (a.u.), for one recording block of participant S02. Warm colors indicate
higher power during covert inner speech, and cool colors indicate higher
power during overt speech. Bottom row: mean power spectral density (PSD),
expressed in decibels (dB), with +1 standard deviation for the four electrodes
showing the largest differences within each band.
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Fig. 5. Trial-averaged time—frequency log-power across phases. For the
same participant and representative recording block as in Fig. 4, short-time
Fourier transform (STFT)-based power was computed separately for each EEG
channel and trial in the 0.5 —40 Hz range, converted to log power in decibels,
and then averaged across channels and trials within each phase: (a) perception,
(b) overt speech, (c) covert inner speech, and (d) rest. Warmer colors indicate
higher log power.

3.2. Decoding accuracy across subjects

Table 3 summarizes per-subject performance after the full training
pipeline. Across the ten participants, overt decoding accuracy averaged
0.543, while covert inner-speech decoding averaged 0.416 + 0.110,
where the variability denotes the standard deviation across held-out
participants. The 95% BCa bootstrap confidence interval for mean
covert-test accuracy was [0.360, 0.492]. An exact one-sided subject-level
sign-flipping test confirmed that covert accuracy was above the bal-
anced four-class chance level of 0.25 (p = 9.77 x 10~*). Several subjects,
such as S02, S04, and S06, showed relatively small performance gaps
between overt and covert speech, whereas others, such as S01, SO5, and
S07, exhibited larger drops.

All ten participant-level covert accuracies were numerically above
the nominal chance level of 0.25, although performance varied sub-
stantially across participants. A dedicated ablation further showed that
suppressing covert EMG increased mean covert-test accuracy from 0.42
to 0.46, suggesting that residual covert EMG is not reliably transferable
across subjects in the held-out-covert setting. Subject-wise normalized
confusion matrices (Fig. 6) show that errors concentrate in subject-
specific command pairs rather than being uniformly distributed across
classes.

3.3. Calibration of overt and covert decoders

Beyond accuracy, the model’s probabilistic outputs should be well
calibrated if they are to be used in interactive or safety—critical BCIs.
The temperature parameter T, in Table 3 is learned on overt vali-
dation data and then applied to overt and covert predictions. Fig. 7
compares the resulting ECE between overt and covert conditions. On
average, overt decoding is moderately calibrated (mean ECE, = 0.154),
whereas covert decoding shows higher calibration error (mean ECE, =
0.197), indicating less reliable probabilities under covert inference.
The corresponding reliability diagrams are shown in Figs. 8 and 9.
These diagrams provide a subject-wise view of the calibration behavior
behind the ECE values in Table 3 and Fig. 7.

3.4. Semantic alignment and latent-space structure

The proposed architecture explicitly encourages latent representa-
tions to align with text-based semantic prototypes of the four com-
mands. Fig. 10 visualizes this alignment on the covert-test set via
cosine-similarity heatmaps between trial-level semantic embeddings
and the corresponding prototype vectors for each subject. Across partic-
ipants, diagonal entries are generally higher than off-diagonal entries,
indicating that the brain-derived semantic embeddings often remain
most similar to the intended textual concept even during covert inner
speech. Off-diagonal similarities reveal subject-specific representational
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Table 3

Per-subject performance metrics for overt and covert phases.
Subject Acc,, Accy T ECE,, ECE, Br,, Br k-NN@5 Sem@ top-1 Sem@ top-3 Sem@ MRR
S01 0.542 0.354 5.733 0.151 0.176 0.140 0.187 0.354 0.500 0.898 0.703
S02 0.688 0.625 2.997 0.193 0.274 0.112 0.117 0.750 0.625 0.979 0.781
S03 0.406 0.259 10.186 0.142 0.237 0.164 0.200 0.375 0.344 0.810 0.622
S04 0.438 0.438 6.565 0.072 0.159 0.164 0.172 0.375 0.375 0.823 0.620
S05 0.604 0.375 7.009 0.161 0.157 0.141 0.184 0.438 0.479 0.869 0.708
S06 0.552 0.562 12.361 0.148 0.141 0.156 0.157 0.625 0.478 0.865 0.675
S07 0.646 0.448 5.800 0.173 0.148 0.127 0.190 0.417 0.375 0.827 0.630
S08 0.458 0.334 5.591 0.164 0.145 0.172 0.188 0.417 0.271 0.784 0.536
S09 0.500 0.344 2.933 0.196 0.313 0.137 0.226 0.375 0.531 0.925 0.719
S10 0.604 0.417 6.140 0.145 0.216 0.134 0.187 0.396 0.604 0.956 0.755
Mean 0.543 0.416 6.531 0.154 0.197 0.145 0.181 0.452 0.458 0.874 0.675

Acc,y . overt-validation/covert-test accuracy; T,,: calibration temperature; ECE,, : overt-validation/covert-test expected calibration error; Br: Brier score; k~-NN@5: 5-NN latent
accuracy on covert-test embeddings; Sem@top-1/3/MRR: semantic retrieval metrics computed on overt-validation trials in the sentence space.
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Fig. 6. Normalized confusion matrices for the covert-test set, shown separately for each subject (S01-S10). Rows correspond to the true semantic classes
(water, toilet, light, pain), and columns to predicted classes. Values indicate row-normalized prediction proportions, highlighting subject-specific error patterns in

covert decoding.

Calibration Error per Subject (Overt vs Covert)
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Fig. 7. Comparison of calibration error (ECE) between overt-validation
and covert-test conditions for all subjects (S01-S10). Bars report the
expected calibration error computed from reliability diagrams; higher values
indicate poorer calibration.

overlap among commands, mirroring some of the confusion patterns
seen in Fig. 6.

To quantitatively relate semantic structure to latent-space organiza-
tion, Fig. 11 compares two complementary metrics for each subject:
k-NN@5 accuracy computed directly on covert latent embeddings,
and semantic retrieval top-1 accuracy on overt trials using the same
prototype vectors. The two measures show broadly similar trends, with
participants who have well-separated latent clusters also tending to
achieve higher semantic retrieval accuracy. Together, Figs. 10-11 and
Table 3 indicate that the latent representations retain class-related

semantic structure under covert decoding. This alignment is confined
to the predefined four-command prototype space.

3.5. Ablation study

To better understand which components of the pipeline are most
critical for covert inner-speech decoding, we carried out ablation exper-
iments summarized in Table 4. Each scenario perturbs a specific aspect
of the task definition, multimodal supervision signal, semantic ma-
chinery, or training regime, while keeping the remaining components
fixed.

In this analysis, the full EEG+EMG+audio setting is treated as
the reference multimodal configuration rather than as the expected
best-performing modality choice for every generalization regime. This
distinction is important because the ablations are intended to reveal
which sources of information transfer to held-out covert decoding
and which sources mainly capture subject-specific or regime-specific
variability.

Importantly, BO and X2 represent two distinct cross-subject evalua-
tion regimes. X2 corresponds to strict calibration-free LOSO generaliza-
tion, in which the held-out participant contributes no data during train-
ing or calibration, whereas BO evaluates held-out covert decoding sup-
ported by overt calibration from the target participant. Mean covert-test
accuracy was 0.38 under X2, compared with 0.42 under B0, indicating
that strict LOSO transfer remains feasible, although target-participant
overt calibration provides a modest performance benefit.

The paired participant-level analysis in Table 5 shows that the
observed same-protocol differences were not explained solely by a
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Table 4
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Ablation analysis on covert-test accuracy under different design variants. Reported values are observed mean accuracies relative to the reference multimodal
configuration (Acc, = 0.42 in Table 3). Formal participant-level paired comparisons were restricted to the same-protocol ablations S1-C, S2-C, S3-C, C1, P1, R1,
and R2 and are reported in Table 5. Variants M1, X1, X2, S1-L, S2-L, and S3-L alter the label space or evaluation regime and are therefore reported descriptively

rather than compared inferentially with BO.

ID Scenario Observed Acc,, A vs. baseline Main observation
BO Reference multimodal configuration: 0.42 0 Reference configuration with full semantic and
4 semantic classes, overt alignment machinery enabled.
EEG+EMG-+audio
M1 8-class labels: text/image variants 0.23 -0.19 Lower accuracy under a larger modality-specific
treated as separate classes label space; the effects of increased class number
and modality-specific labeling cannot be separated.

S1-C No EMG in overt training 0.45 +0.03 Removing overt-phase EMG produced a modest

(EEG+audio only) improvement relative to B0, suggesting that overt
EMG did not transfer reliably to held-out covert
decoding when audio was retained.

S2-C No audio in overt training 0.43 +0.01 Removing overt-phase audio produced a small

(EEG+EMG only) improvement relative to B0, suggesting limited
transfer of acoustic supervision to held-out covert
decoding when EMG was retained.

S3-C EEG-only overt training 0.52 +0.10 Best performance in the held-out-covert setting;
EEG-only overt supervision yielded the most robust
cross-subject decoder among the evaluated
modality configurations.

C1 No covert EMG; overt branch 0.46 +0.04 Suppressing covert-phase EMG improved

unchanged held-out-subject covert decoding, indicating that
covert EMG did not transfer reliably across
participants.

P1 No sentence-transformer prototypes 0.39 —-0.03 Removing semantic prototype supervision

or semantic loss produced a modest reduction in covert-test
accuracy; semantic retrieval is not directly
available in this variant.

R1 Stage 3 semantic-consistency 0.37 —0.05 Removing Stage 3 overt—-covert consistency

alignment removed alignment reduced covert-test accuracy, supporting
its contribution to cross-phase transfer.

R2 No CORAL-based domain alignment 0.40 —-0.02 Removing CORAL produced a small reduction in
covert-test accuracy, consistent with a modest
contribution from phase-domain alignment.

X1 Within-subject leave-one-run-out 0.63 +0.21 Removing inter-subject variability substantially

(LORO) simplifies covert decoding.

X2 Strict LOSO, no target-subject overt 0.38 —-0.04 Lack of subject-specific overt anchors makes

calibration cross-subject transfer harder but still feasible.

S1-L No EMG in overt training, LORO 0.53 +0.11 Under within-subject LORO evaluation, EEG+audio
achieved substantially higher accuracy than the
cross-subject reference configuration.

S2-L No audio in overt training, LORO 0.55 +0.13 EEG+EMG achieved the highest accuracy among
the LORO modality variants, suggesting that EMG
was more informative within subject than across
subjects.

S3-L EEG-only overt training, LORO 0.47 +0.05 EEG-only decoding also improved under LORO
relative to the cross-subject reference, although it
remained below the LORO variants containing an
auxiliary modality.

Latent kNN vs Semantic Retrieval per Subject
1.0 Table 5
= §Zg‘§f’t,‘§f§§'§ I;,tveen:ts)) Paired participant-level comparisons of the same-protocol ablations with the
0.8 reference configuration BO. 4Acc, = Acc, — Accg,. Confidence intervals are
95% BCa bootstrap intervals, and py,,, denotes Holm-adjusted exact two-sided
506 sign-flipping p-values.
% Variant AAce,, 95% CI Protm
< 041 S1-C +0.034 [0.018, 0.048] 0.0156
S2-C +0.014 [0.004, 0.024] 0.0391
0.2 S3-C +0.104 [0.084, 0.125] 0.0137
C1 +0.044 [0.034, 0.054] 0.0137
00l P1 -0.026 [-0.032, —-0.019] 0.0137
s01  s02  S03 S04  SO5S  SO6  SO7  SO8  S09  S10 R1 —0.046 [-0.054, —0.039] 0.0137
R2 —-0.016 [-0.018, —0.013] 0.0137

Fig. 11. Latent-space evaluation across subjects using two complemen-
tary metrics. Blue bars show k-NN@5 accuracy computed on covert latent
embeddings, while orange bars report semantic retrieval top-1 accuracy on
overt trials using class prototypes in the semantic space. The alignment
between the two metrics highlights how well the learned latent space preserves
class structure and semantic consistency across subjects.

small number of high-performing participants. The direction of the
paired effects was also highly consistent: S3-C and C1 improved covert-

test accuracy for all ten participants, whereas P1, R1, and R2 reduced

11



H. Ahmadi et al.

Table 6

Representative speech/inner-speech BCIs compared with the present work. “Perf.” reports one representative performance metric from each study; because the
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underlying tasks differ substantially, these values are informative but not directly comparable across rows. “Gen.” summarizes the main evaluation setting.

Study Modality/invasive- Task/output Vocab/units Perf. Gen.
ness
Willett et al. [1] Intracortical spikes; Attempted continuous 50-word and 9.1% WER; 23.8% Single participant,
highly invasive speech to text 125k-word WER; 62 WPM within-subject, real-time
vocabularies

Metzger et al. [41]

Chaudhary et al. [3]

Dash et al. [5]

Défossez et al. [24]

Typical EEG

imagined-speech
BCIs [4,6,7,9,10]

Lee et al. [27]

This work

ECoG; highly

invasive

Intracortical
microelectrodes;
highly invasive
MEG; non-invasive,
non-portable

MEG + EEG;
non-invasive
Scalp EEG;

non-invasive

Scalp EEG + audio;
non-invasive

Scalp EEG + EMG
+ overt audio;
non-invasive

Silent spelling via code
words

Auditory speller/binary
selection

Spoken and imagined
phrase classification

Brain-speech segment
matching

Imagined vowels/words
classification

Spoken/imagined
speech to voice
reconstruction
Overt and covert
semantic command
classification

26 NATO code
words; 1152-word
sentence vocabulary
2 responses for
letter-group
navigation

5 phrases

> 1000 candidate
segments
2-9 classes

12 words/phrases +
silent phase

4 everyday
inner-speech
commands

6.13% CER; 10.53%
WER; 29.4 CPM

1.08 characters/min;
5.2 bits/min ITR

Up to 93%
imagined, 96%
spoken accuracy
MEG top-1 accuracy
up to 41%
Typically
~60%-80% in
binary tasks;
~20%-50% in more
complex tasks
Imagined EEG:
68.3% CER; MOS
2.78

Overt-val acc.
0.54; covert-test
acc. 0.42

Single participant,
within-subject, real-time

Single participant,
within-subject, real-time

Subject-dependent

Large cohort; cross-subject

Mostly subject-dependent;
limited LOSO

Subject-dependent; small-N
LOSO explored

10 participants;
subject-held-out covert
evaluation with

target-subject overt
calibration; strict LOSO
ablation

Note: WER = word error rate; CER = character error rate; WPM = words per minute; CPM

NATO = North Atlantic Treaty Organization.

accuracy for all ten participants. S1-C improved accuracy for eight par-
ticipants, produced one tie, and reduced accuracy for one participant,
while S2-C improved accuracy for seven participants, produced one tie,
and reduced accuracy for two participants. Relative to B0, EEG-only
overt training (S3-C) produced the largest improvement, increasing
mean covert-test accuracy by 0.104, or 10.4 percentage points (95%
BCa CI [0.084, 0.125]). Suppressing covert-phase EMG (C1) increased
accuracy by 4.4 percentage points (95% BCa CI [0.034, 0.054]). S1-C
and S2-C produced smaller improvements of 3.4 and 1.4 percentage
points, respectively. Conversely, removing the semantic prototypes and
semantic loss (P1), Stage 3 overt—covert consistency alignment (R1), or
CORAL domain alignment (R2) reduced mean accuracy by 2.6, 4.6, and
1.6 percentage points, respectively. All seven comparisons remained
significant after Holm correction, although the absolute effects for S2-C,
P1, and R2 were small.

Overall, the ablations reveal three patterns. First, the eight-class
formulation was harder than the four-class task, although the effects
of doubling the class count and introducing modality-specific labels
cannot be separated. Second, auxiliary modalities were more benefi-
cial within subject than under held-out-subject transfer. Third, remov-
ing semantic prototypes, overt—covert consistency, or CORAL align-
ment produced small but consistent accuracy reductions and weakened
representational organization.

4. Discussion

The framework was designed to isolate the contribution of multi-
modal supervision, semantic anchoring, overt—covert alignment, and
calibration within a single reproducible pipeline. For this reason, the
backbone and hyperparameters were kept fixed across ablations rather
than retuned separately for each variant. Consequently, the contri-
bution of the individual components should not be evaluated solely
through their effect on aggregate classification accuracy. Some compo-
nents, particularly semantic prototype alignment, primarily influence
semantic retrieval and latent-space organization, whereas others target
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= characters per minute; ITR = information transfer rate; MOS = mean opinion score;

overt—covert consistency, domain transfer, or calibration. The abla-
tions are therefore intended to characterize these complementary roles
within a common pipeline, rather than to demonstrate that the com-
plete configuration is necessarily the simplest or highest-performing
possible decoder.

Overall, the results show that the proposed pipeline supports above-
chance covert command decoding and preserves structured latent rep-
resentations across overt and covert phases under the evaluation proto-
col used here. The above-chance covert performance, together with the
pronounced subject-wise variability and structured confusion patterns,
suggests that the model captures intention-related information but does
not yet provide uniformly reliable separation of the four commands
across participants.

Calibration error is higher in covert than in overt decoding, indi-
cating that probability estimates become less reliable when the model
is transferred from overt-calibrated training to audio-free covert in-
ference. This supports the use of explicit calibration and uncertainty-
aware decision rules in deployment. Semantic retrieval and prototype-
similarity heatmaps indicate structured alignment between latent rep-
resentations and command prototypes, while the P1/R1/R2 ablations
show that removing semantic supervision mainly disrupts this repre-
sentational structure and only modestly changes four-class accuracy.

The participant-level paired analysis provides additional support
for the ablation interpretation. The improvement obtained with EEG-
only overt supervision was observed for all ten participants and was
the largest same-protocol effect, while suppressing covert EMG also
improved performance consistently across participants. The smaller
changes associated with S2-C, P1, and R2 remained significant after
multiplicity correction but amounted to only approximately 1.4-2.6
percentage points. Thus, statistical significance in these comparisons
should not be conflated with a large practical effect, particularly given
the small cohort and the stochastic nature of deep-network optimiza-
tion.

The ablations reveal a regime-dependent role for auxiliary modali-
ties. EMG and audio were informative in within-subject analyses but
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transferred less reliably to held-out participants, likely because they
contained subject-specific articulatory and acoustic variability. Con-
sistently, EEG-only overt supervision and suppression of covert EMG
improved held-out-subject covert accuracy. Because the EMG montage
was designed for exploratory multimodal decoding, however, these
results should not be interpreted as a physiological characterization of
residual muscle activity or as evidence that EEG was free of myogenic
contributions.

4.1. Comparison with previous work

Speech and inner-speech BCIs span a broad design space, ranging
from highly invasive intracortical and ECoG neuroprostheses for con-
tinuous text generation or spelling, to non-invasive MEG and EEG sys-
tems for phrase classification, segment matching, or small-vocabulary
imagined-speech decoding [1-3,16,18,19,22]. Because these studies
target substantially different outputs and use different evaluation pro-
tocols, a meaningful comparison should not rely on a single raw perfor-
mance number. Instead, it is more informative to compare them jointly
in terms of sensing modality and invasiveness, output granularity,
representative reported performance, and generalization regime.

These studies also show that subject-independent evaluation encom-
passes different regimes, including unlabeled target-domain adaptation,
few-shot support, zero-calibration meta-learning, and subject-invariant
training [11-14]. Their reported accuracies are therefore not directly
comparable with either our target-subject overt-calibrated protocol
or the strict X2 LOSO condition; likewise, large-scale M/EEG word-
decoding results obtained during listening or reading address a different
task from covert command production [15].

Taken together, Table 6 places the present framework between two
extremes. Compared with invasive speech neuroprostheses, it offers
substantially lower communication bandwidth but avoids neurosurgery
and is evaluated on multiple participants rather than a single implanted
case. Compared with many non-invasive imagined-speech EEG stud-
ies, the present work places greater emphasis on cross-subject covert
evaluation, semantic structure, and calibration analysis. The combina-
tion of multimodal overt supervision, explicit overt-covert alignment,
and sentence-embedding prototypes distinguishes the present approach
from conventional EEG-based imagined-speech classification pipelines
and from purely acoustic reconstruction pipelines.

From a practical BCI perspective, the present system should be
considered an offline proof of concept rather than a communication-
ready interface. Using the standard four-class information-transfer-rate
(ITR) formulation, the mean covert accuracy of 0.416 and the 3-s
decoding window correspond to a nominal upper-bound rate of ap-
proximately 1.9 bits/min. This estimate excludes cue presentation, rest
intervals, overt calibration, preprocessing, and rejected predictions and
therefore should not be interpreted as end-to-end online communica-
tion throughput. Practical deployment will require online validation,
shorter interaction cycles, simplified acquisition, and evaluation against
established stimulus-driven EEG communication interfaces.

4.2. Limitations and future directions

Several limitations concern the scope and generalizability of the
present study. The vocabulary was restricted to four discrete semantic
commands expressed in a single language, and the experiments were
conducted with healthy volunteers in a controlled laboratory environ-
ment. Although this setting is appropriate for investigating overt—covert
transfer and semantic alignment, it does not capture the linguistic
richness, user variability, or environmental complexity of real-world
assistive communication. The current framework also targets closed-set
command classification rather than continuous or generative message
decoding.

The evaluation was entirely offline and involved a relatively small
cohort, a single acquisition setup, and fixed hyperparameter choices. In
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addition, each experimental configuration was represented by only one
training realization per held-out-participant fold. The paired statistical
analysis therefore quantifies the consistency of the observed accuracy
differences across participants, but it does not separately estimate
variability arising from random initialization, minibatch ordering, or
stochastic optimization. Repeated experiments with multiple random
seeds, larger cohorts, and independent datasets will be required to de-
termine whether the smaller ablation effects remain stable. The current
evaluation also does not account for fatigue, attention fluctuations, or
long-term user-decoder co-adaptation.

The calibration results motivate selective decoding strategies in
which low-confidence predictions are rejected and the user is asked to
repeat the command, thereby trading decision coverage and
information-transfer rate for improved reliability. However, confidence
thresholds and rejection policies were not evaluated prospectively,
and their effects on usability, latency, and communication rate re-
main unknown. These aspects should be assessed in future closed-loop
experiments.

The physiological interpretation of the EMG measurements is also
limited. The setup used only two surface EMG channels and a prepro-
cessing scheme designed for multimodal decoding rather than detailed
characterization of articulatory activity. Consequently, the present data
cannot comprehensively quantify residual muscle activation or EMG
contamination during covert speech. Future studies should report elec-
trode placement in greater anatomical detail, preserve the original
500 Hz EMG signal when addressing EMG physiology, and exam-
ine dedicated EEG-EMG coupling measures such as corticomuscular
coherence. Moreover, because microphone data were not recorded
during covert phases, inadvertent whispering or vocalization could
not be retrospectively screened acoustically. Continuous microphone
monitoring should therefore be included in future protocols. Decoding-
oriented analyses should also be complemented by population-level
investigations of the spatial, spectral, temporal, and cross-frequency
neural processes that distinguish overt from covert speech.

Taken together, these limitations motivate several directions for
further research: expanding the protocol to larger vocabularies and
graded intention hierarchies; validating the framework in clinical,
cross-lingual, and cross-device settings; integrating the decoder into
closed-loop BCIs with uncertainty-aware feedback; combining inner-
speech decoding with task-independent semantic feature extraction
strategies [20]; and linking semantic anchoring with generative lan-
guage models or secure semantic communication frameworks [42,
43].

5. Conclusion

We introduced a semantic-aware framework for four-class covert
inner-speech decoding using EEG, auxiliary EMG, and overt-speech au-
dio supervision. Under subject-held-out covert evaluation with target-
subject overt calibration, the framework achieved a mean covert accu-
racy of 0.42, significantly above the 0.25 chance level, while preserving
class-related semantic structure. Ablations showed that semantic and
overt—covert alignment contributed to the learned representations, but
the transfer value of auxiliary modalities depended on the evaluation
regime: EMG and audio were useful within subject, whereas EEG-
only supervision generalized more robustly across participants. These
results establish a controlled framework for studying semantic overt-to-
covert transfer while highlighting subject variability, calibration, and
cross-modal transfer as major obstacles to practical non-invasive speech
BCIs.
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