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Abstract—Covert speech involves imagining speaking
without audible sound or any movements.Decoding covert
speech from electroencephalogram (EEG) is challenging
due to a limited understanding of neural pronunciation
mapping and the low signal-to-noise ratio of the signal.
In this study, we developed a large-scale multi-utterance
speech EEG dataset from 57 right-handed native English-
speaking subjects, each performing covert and overt
speech tasks by repeating the same word in five utterances
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within a ten-second duration. Given the spatio-temporal
nature of the neural activation process during speech
pronunciation, we developed a Functional Areas Spatio-
temporal Transformer (FAST), an effective framework for
converting EEG signals into tokens and utilizing trans-
former architecture for sequence encoding. Our results re-
veal distinct and interpretable speech neural features by
the visualization of FAST-generated activation maps across
frontal and temporal brain regions, with each word be-
ing covertly spoken, providing new insights into the dis-
criminative features of the neural representation of covert
speech. This is the first report of such a study, which
provides interpretable evidence for speech decoding from
EEG.

Index Terms—Brain-computer interface (BCI), eeg signal
analysis, covert speech decoding.

I. INTRODUCTION

COVERT speech is the process of internally articulating
speech units, such as words or sentences, without produc-

ing audible sounds or movements [1]. This method is particularly
beneficial for individuals with verbal communication impair-
ments due to conditions like stroke, trauma, and amyotrophic
lateral sclerosis (ALS), which affect speech production and
comprehension [2], [3]. This task also helps provide insights
into how the brain forms speech patterns and prepares them
for verbal articulation, even when no physical speech occurs.
Decoding covert speech has made tremendous progress in using
invasive recordings [4], [5]. Decoding from EEG has gained
recognition as a method for assisting individuals with severe
communication barriers to establish a channel for thought-based
interaction [6]. [7] presented the Chinese Imagined Speech
Corpus (Chisco), which contains over 20,000 imagined-speech
sentences recorded with high-density EEG. Each subject con-
tributed more than 900 minutes of data, making it the largest
per-individual neural language decoding dataset to date. How-
ever, the task of decoding covert speech from non-invasive EEG
remains challenging.

Currently, most covert speech BCIs are based on invasive
methods; their feasibility has been demonstrated through various
studies. This includes utilizing electrocorticography (ECoG)
data to synthesize speech using densely connected 3D CNN as
shown in [4]. Moreover, [8] demonstrated that the finer details
captured by these recordings play a crucial role in understanding
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and interpreting speech-related neural activity. Additionally, [9]
has shown that imagined speech could be decoded from low and
cross-frequency features in intracranial electroencephalography
(iEEG) signals. [10] showed that a transformer model trained
on overt-speech ECoG can decode covert-speech sentences with
similar accuracy, indicating that the transfer from overt to covert
can compensate for the scarcity of covert-speech data. Non-
invasive technologies have gradually garnered attention for their
potential in BCIs. Notably, the use of Magnetoencephalography,
as explored in [11], has successfully decoded imagined and spo-
ken phrases. Despite these advancements, studies based on EEG
remain scarce due to the challenge of small signal magnitudes,
which hinder the ability of decoding methods to learn effective
features.

In recent years, with the incorporation of deep learning
technologies, particularly CNNs like DeepConvNet [12] and
EEGNet [13], the capability to accurately interpret EEG data
has markedly improved in the tasks of motor imagery, emotional
cognition, and more [14], [15], [16], [17], [18], [19], [20], [21].
Graph-based methods are proven effective when learn spatial
dependency among brain areas. LGG-Net [22] explicitly mod-
els EEG spatial topology by constructing fixed region-level
graph structures and applying graph convolutions to capture
inter-regional dependencies. EEG-Deformer [23] learns spatial
dependencies implicitly through deformable attention, allowing
the model to dynamically select informative electrode neighbor-
hoods without relying on predefined graph structures. Building
on the success of the transformer model in the fields of computer
vision and natural language processing, researchers have also
attempted to adopt the transformer structure for the identification
and classification of brain activities, leveraging their ability to
effectively model long sequences [24], [25], [26], [27]. However,
despite these advancements, current transformer-based methods
often lack interpretability. This limitation highlights the need for
models that not only capture complex spatiotemporal patterns
but also offer explainable and generalizable representations of
covert speech tasks.

From the existing literature, numerous studies have focused
on EEG classification tasks using pure convolutions or con-
volutional layers combined with transformer architecture ap-
proaches. However, a comprehensive insight into the limiting
factors of these approaches reveals a common set of challenges:

1) Lack of a high-quality, large-scale, multi-utterance, EEG-
based covert speech dataset.

2) Lack of an effective decoding algorithm to tackle chal-
lenging covert speech EEG signals.

3) Lack of understanding of the covert speech intrinsic in-
formation in the EEG to enable speech decoding.

Addressing the challenges outlined, we have collected a multi-
utterance dataset aimed at exploring the brain’s mechanisms
during covert speech activities. This dataset is collected from
57 right-handed adult males who engaged in both covert and
overt speech tasks. Each participant contributed 1000 utterances,
allowing for a detailed analysis of speech processing and brain
function.

We developed FAST, a Functional Areas Spatio-temporal
Transformer model that integrates a convolutional neural

network with a transformer architecture. The model begins
with a series of brain functional area convolutional tokenizers
designed to extract spatially sensitive features. Tokens from
each brain region are first processed through a spatial projection
layer to integrate information across different brain regions.
These aggregated features then undergo deeper analysis through
multiple transformer layers, enhancing the model’s ability to
decode and interpret complex brain signals. Detailed feature
visualization reveals distinct and interpretable speech-neural
patterns in the frontal and temporal brain regions for covertly
spoken words, providing new insights into the discrimina-
tive features underlying the neural representation of covert
speech.

Our main contributions can be summarized as follows:
1) Proposed FAST, a novel Spatio-temporal Transformer

Network inspired by cerebral functional systems for
covert speech EEG modeling.

2) Conducted in-depth feature analysis of temporal acti-
vation and spatial distribution, revealing discriminative
event-related features in frontal and temporal regions
during covert speech.

3) Collected a large-scale multi-utterance dataset compris-
ing 57 subjects, each contributing 1,000 covert and overt
speech recordings, and demonstrated that FAST achieves
significant accuracy improvements over baseline meth-
ods.

To the best of the authors’ knowledge, this is the first study in
the literature showing features learned from EEG-based covert
speech BCI approaches. This model merges neuroscience-driven
feature extraction with a multimodal dataset and a flexible
learning strategy.

The structure of this work is outlined as follows: Section II
reviews prior research closely related to our study. Section III
elaborates on the detailed methodology of our model. Section IV
focuses on the procedures for data collection. Section V ex-
pressed the training scheme of FAST. Section VI outlines the
computational experimental setup and the evaluation of our
novel method as well as our insights derived from in-depth
feature analysis. Finally, Section VII concludes the study and
proposes directions for future research.

II. RELATED WORK

A. Neural Foundations of Covert Speech

Recent studies provide converging neural evidence that covert
speech engages both articulatory and auditory systems [28]. Ac-
tivation in Broca’s area and supplementary motor areas indicates
that even silent, internal speech relies on motor planning and
articulatory representations. Simultaneously, the involvement of
auditory imagery networks suggests that individuals “hear” their
internal speech through neural pathways similar to those used in
external auditory processing [29], [30]. Additionally, research
has shown that covert speech and listening to speech, while
engaging overlapping brain regions, activate distinct neural sig-
natures [31]. This distinction highlights the different processing
demands of internal speech versus external. Beyond the classical
language network, covert speech also recruits the executive
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Fig. 1. Overview of proposed FAST. (a) The Spatial-temporal Tokenizer (ST) block illustrates the initial processing of EEG data through spatial
and temporal convolutional layers. (b) The Transformer Encoder (TE) block shows the transformer architecture used for tokens generated by ST,
which outputs a learned CLS token for classification results.

control network, including regions such as the dorsolateral
prefrontal cortex (DLPFC) and anterior cingulate cortex (ACC),
reflecting its reliance on attention control and working memory
processes [32], [33].

Together, these findings suggest that covert speech is a com-
plex, distributed process occurring across distinct spatiotempo-
ral scales. These studies highlight the need for spatiotemporal
feature extraction techniques that can capture both the sequential
(temporal) and distributed (spatial) neural patterns underlying
covert speech, a key research gap that the proposed model aims
to address.

B. Decoding Advancements of Covert Speech

Recent advancements in neural decoding of imagined speech
have significantly contributed to our understanding of brain
processes. For instance, one study [34] employs a diffusion-
based model to decode imagined speech from EEG signals,
demonstrating the potential of machine learning in enhanc-
ing speech recognition accuracy. Another study [35] investi-
gates speech synthesis from brain signals using a generative
model, paving the way for neural activity-based communica-
tion devices. Additionally, [36] explores transfer learning from
overt to imagined speech through a convolutional autoencoder,
improving EEG-based imagined speech decoding. A separate
framework [37] integrates spoken speech data to refine neural
decoding models, providing a more direct interpretation of
internal speech representations. Moreover, [38] introduces a
deep capsule neural network to decode vowel imagery from
EEG, improving the efficiency of imagined speech processing.
Lastly, [39] introduces a new 120-hour EEG silent speech dataset
and proposes a Large Brain Language Model (LBLM) with a
novel Future Spectro-Temporal Prediction (FSTP) pretraining
paradigm, achieving 39.6% in word-level classification accuracy
in silent speech decoding.

Despite progress, many studies lack detailed insights into
the neural mechanisms of covert speech and provide limited
temporal visualizations of neural features. Clearer exploration

of neural substrates could improve understanding and BCI
design. Additionally, the tokenization process is often not well
visualized, making learned temporal tokens harder to interpret
and transfer. How these tokens interact with spatial features also
remains underexplored. Investigating this interplay could offer
deeper insights into spatiotemporal brain dynamics and enhance
model interpretability.

III. METHODOLOGY

In this section, we introduce the model structure of FAST. As
depicted in Fig. 1, FAST comprises two primary components: the
Spatial-temporal Tokenizer (ST) and the Transformer Encoder
(TE) Block. ST is responsible for processing information from
each brain function area, while the TE blocks utilize a trans-
former architecture to operate on the tokens generated by ST.
The network undergoes a two-step pre-training process followed
by a fine-tuning process. The source code of this work has been
opened at https://github.com/Jiang-Muyun/FAST

A. Spatial-Temporal Tokenizer

The ST block is composed of multiple independent brain
functional area encoders, each responsible for processing infor-
mation only corresponding to specific brain functions. Given
an EEG trial input with N channels, denoted as XN , our
preliminary step involves segmenting the EEG trial into shorter
segments. This segmentation is achieved by applying a fixed-size
window and sliding across the trial, ultimately resulting in S
segments. Each segment, particularly the ith segment, is denoted
asXN

i , where i ranges from 1 toS indicating the segment index.
Following this segmentation, the next step is to partition the EEG
signals into M distinct brain areas.

The brain’s functions are complex networks with hierarchi-
cal organization across neurons, local circuits, and functional
areas [18], [40], [41]. EEG electrodes are positioned on the
scalp following the 10-10 [42] system, which organizes channels
based on their placement over distinct regions of the brain. In
this study, we segment the brain into different functional regions

https://github.com/Jiang-Muyun/FAST


JIANG et al.: DECODING COVERT SPEECH FROM EEG BY FUNCTIONAL AREAS SPATIO-TEMPORAL TRANSFORMER 4977

Fig. 2. The divided brain functional regions are based on the spatial lo-
cations of EEG channels, where FCz serves as the reference electrode,
and AFz serves as the ground electrode.

according to the spatial locations of EEG channels, similar to
LGGNet [22], as illustrated in Fig. 2.

This division allows us to examine the specific roles of various
brain regions, particularly focusing on the functional responsi-
bilities of the frontal [41] and temporal regions [43]. Specifi-
cally, the frontal region is associated with executive functions,
decision-making, and attentional control, while the temporal
region plays a critical role in auditory processing, memory, and
language comprehension. By isolating these areas through the
10-10 electrode system, the network will be able to learn and
capture region-specific spatial features more effectively [22].

Mathematically, the division can be represented as a partition-
ing process

P : XN
i → {xm1

i , xm2
i , . . . , x

mj

i } (1)

where P signifies the partitioning function that takes a subset of
channels from each segment XN

i to a set of M brain areas for
that segment, and x

mj

i denotes the subset of channels related to
the jth brain area in the ith segment.

Each partitioned brain area x
mj

i , undergoes processing
through a specific functional area encoder fj(x), a sequence
of convolutional layers, normalization layers, activation func-
tions, and max pooling operations. A spatial-temporal module
is placed at the beginning of the series of convolutions to cap-
ture the spatial-temporal information in each functional area.
Denoted as ConvT and ConvS . This sequential processing is
represented as follows:

x
mj

i,temporal = ConvT

(
x
mj

i

)
(2)

x
mj

i,spatial = ConvS

(
x
mj

i,temporal

)
(3)

After extracting spatial and temporal features, the data is further
processed through Batch Normalization (BN), Gaussian Error
Linear Units (GELU) activation functions, and max pooling
operations. This is expressed as:

x
mj

i(1) = MaxPool
(

GELU
(

BN
(
x
mj

i,spatial

)))
(4)

where Φ(x) is the cumulative distribution function of the stan-
dard Gaussian distribution.

After the first spatial-temporal encoder, a series of temporal
encoders are applied toxmj

i to extract the short-time information
within each functional area. The temporal encoder comprises
convolutional layers, normalization layers, activation functions,
and pooling operations. The process is outlined as follows:
l ∈ [2, Lt] and Lt is the total layer number of the temporal
convolution layers:

x
mj

i(l) = MaxPool
(

GELU
(

BN
(

ConvTl

(
x
mj

i(l−1)

))))
(5)

To achieve a representation of the spatial signals that is
invariant to the length of the EEG segments, global max pooling
is applied across the time dimension, transforming the signal
into fixed-dimensional vectors, each representing the most sig-
nificant signal peak within the duration for its respective brain
area:

F
mj

i = GlobalMaxPooltime

(
x
mj

i(Lt)

)
(6)

F
mj

i represent the feature vector of the jth brain functional area
of the ith segment.

B. Transformer Encoder

The TE blocks utilize a transformer architecture that operates
on the tokens generated by ST, by first going through spatial pro-
jection layers and then transformer blocks. The spatial projection
layers operate on the spatial dimension, while transformer blocks
operate on the temporal dimension.

The spatial projection involves processing through a series of
Ls layers of multi-head attention mechanisms, each focusing on
refining the representation of individual brain functional areas.
Formally, for the jth brain functional area in the ith segment,
the process can be expressed as follows

H
mj

i,(0) = F
mj

i , (7)

The initial feature vector Hmj

i,(0) serves as the input for the first
layer. In subsequent layers, the output from the previous layer
undergoes a transformation via the multi-head attention function
Multi-Head(·). After each multi-head attention layer, a position-
wise feed-forward network (FFN) is added to form a transformer
layer. Then,Ls transformer layers in the spatial projection block
are applied iteratively to process the data from each brain region,
forming an output of Hmj

i,(Ls)
. By concatenating them for each

region j ∈ {1, . . . , J} into a single feature vector, we obtain Gi,
a refined representation of all the brain functional areas within
the ith segment. This process can be expressed as:

Gi =

J⊕
j=1

H
mj

i(Lsp)
(8)

where
⊕

denotes the concatenation operation. This results in
a comprehensive feature vector Gi that encapsulates the func-
tional dynamics of all the brain regions for the ith segment.

Following spatial projection, a transformer block comprising
L layers, which leverages self-attention and FFNs as previously
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Fig. 3. Protocol of the experiment. (Top) The experiment is structured into blocks. Each subject will complete 10 blocks, alternating between overt
and covert EEG experiments. Each block consists of 20 trials, presenting five words in a pseudo-random order. (Bottom) In each trial, the same
words were displayed on the screen at predetermined intervals (T = 0, 2, 4, 6, 8 seconds) and vanished at T + 1.5 seconds. Subjects are instructed
to overtly pronounce or covertly imagine pronouncing the words five times following the blink of the words. A brief resting period, with a random
duration ranging from 3 to 5 seconds, is provided after each trial.

TABLE I
SUMMARY OF DATA COLLECTION SETTINGS

described, is employed on the sequence of extracted feature
vectorsGi to decode temporal information across trials. To better
capture temporal dynamics within the transformer framework,
a temporal encoding, denoted by Ti, is introduced to each input
feature vector. This encoding is initially randomized and sub-
sequently learned during training. Additionally, a classification
token represented asFcls is introduced and similarly learned dur-
ing training. The input tokens for this transformer are presented
as follows:

G = {G1 + T1, G2 + T2, . . . , Gi + Ti, Fcls + Ti+1}, (9)

The transformer operates iteratively as depicted:

GL = Transformerl(G
l−1) (10)

for l ∈ {1, . . . , L}. Each transformer block applies self-attention
across the entire sequence of feature vectors, including the
classification token, facilitating interactions among various seg-
ments of the input. The final classification token, GL

cls, is derived
after multiple layers of attention and subsequently processed
through a classification head for predictions:

ŷ = MLP(GL
cls) (11)

where ŷ represents the predicted probabilities, with a shape of
(B,5) corresponding to the 5 classes in our classification task.

IV. DATASET

A. Protocol Settings

We collected a multi-utterance dataset during overt and covert
speech activities. The dataset comprises recordings from 57
right-handed native English-speaking adult males, each per-
forming covert and overt speech tasks by repeating the same
word in five utterances within a ten-second duration, with a
total of 1000 utterances per individual. The average age of the
subjects was 24.2 ± 3.6 years. Information about the collected
dataset is shown in Table I. The data collection adhered to
the guidelines of the Declaration of Helsinki and took place
at the Cognitive Neuroimaging Centre (CoNiC) at Nanyang
Technological University (NTU) in Singapore. Written informed
consent was obtained from all participants. The study received
ethical approval from the Institutional Review Board (IRB) of
NTU under the approval number IRB-2022-040.

As shown in Fig. 3, the experimental protocol comprises a
total of 10 blocks, including alternating overt speech blocks and
covert speech blocks, totaling 5 blocks for each condition. Every
block lasts about 5.5 minutes, followed by a short rest of 45
seconds. There are a total of 20 trials in each block; participants
were instructed to speak overtly or covertly, 5 repetitions in each
10-second trial. Between trials, the words were presented in a
pseudo-random order to reduce predictability. During the overt
speech blocks, participants were directed to speak each word
loudly and clearly, keeping the natural tone of their daily speech.
During the covert speech blocks, participants were instructed
to imagine the pronunciation of the word without any physical
movement or production of any audible sound. We chose to
collect a multi-utterance dataset to ensure more stable and robust
neural responses. The single utterance is prone to variability due
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TABLE II
PERFORMANCE COMPARISONS IN THE PRE-TRAIN AND FINE-TUNE PHASE FOR COVERT SPEECH IN 5 UTTERANCES OF THE SAME WORD. THE 5-CLASS

CHANCE LEVEL IS 20%, WITH A 95% BINOMIAL CONFIDENCE INTERVAL OF [18.96%, 21.04%].NOTE *** DENOTES A p-VALUE LESS THAN 0.001, ** FOR
LESS THAN 0.01, AND * FOR LESS THAN 0.05.

to factors like attention lapses or insufficient context, which can
adversely affect the decoding and induction of cognitive signals.

We used 5 words for speaking in this experiment based on the
following criteria: 1) Adequate length featuring a polysyllabic
structure. 2) Distinct articulation between terms. 3) To enhance
the system’s applicability for BCI, the chosen words should
relate to robot control functions. The chosen words are “Go
there”, “Distract Target”, “Follow me”, “Explore Here”, and
“Terminate”.

B. Data Collection and Preprocessing

EEG data were captured using a Brain Product BrainCap
MR device equipped with 64 ring-type electrodes, recording
at a sampling rate of 5,000 Hz. Electrode positioning follows
the standard 10-10 system, with FCz as the reference electrode
and AFz as the grounding electrode. Impedance checks were
conducted before each experiment to ensure that the impedance
values of all electrodes remained below 5 kΩ.

The continuously captured EEG data are subjected to band-
pass filtering from 1 Hz to 40 Hz using an FIR filter to
eliminate slow drifts and high-frequency noise. Additionally,
a 50 Hz notch filter was applied to exclude line noise, followed
by downsampling to 200 Hz [22], [44]. Baseline correction
was performed using the 1-second period before the cue. ICA
decomposition was then applied to the EEG data to identify
and remove components associated with eye movement (EoG)
artifacts linked to the Fp1 and Fp2 electrodes. Additionally,
muscle-related (EMG) artifacts were automatically detected and
removed using MNE. Subsequently, the continuous EEG data
were segmented into epochs aligned with the markers indicating
word onset.

V. EXPERIMENT SETTINGS

A. Training Scheme

The training scheme for FAST and baseline models involves
a subject-independent pre-training phase followed by a subject-
dependent fine-tuning phase. The leave-one-subject-out (LOSO)
approach is used in the pre-training phase, where the model

is trained on data from all subjects except one, ensuring in-
dependence from the excluded subject. During fine-tuning, a
leave-one-block-out (LOBO) [45] cross-validation method is
applied by dividing each subject’s data into five blocks, each
containing 20 trials. In each fine-tuning iteration, four blocks
serve as the training set, while the remaining block is held out
for testing. This cycle is repeated until each block has been used
as the test set, providing a thorough fine-tuning and evaluation
across the full dataset.

Each model was trained for a fixed 200 epochs, after which
training was stopped, and the accuracy of the test set was evalu-
ated. We made sure the test dataset was only used once in the final
assessment. Model performance is assessed using multi-class
accuracy, F1-score, Cohen-Kappa, and AUC, as presented in
Table II. The equations for calculating these metrics are provided
in the supplementary material.

VI. RESULTS

In this section, we detail the performance of FAST for the
covert speech task. We present detailed results on the 5-utterance
cases in Table II. We evaluate FAST against a list of com-
monly used models, including ST-Transformer [48], BIOT [46],
EEGViT [47], EEGNet [13], DCN [12], EEG-Conformer [26],
and TSception [49], as well as more recent architectures such as
EEG-Deformer [23]. All baseline models are implemented with
the same pre-training and fine-tuning strategy as the proposed
method. Box plot of the accuracy visualization is shown in Fig. 4.
The chance level was determined using a binomial distribution
model [50] with a random guessing probability of p = 0.2, and
the standard deviation was calculated as σ =

√
p(1− p)/n.

Using a normal approximation, the 95% confidence interval for
random accuracy was [0.1896, 0.2104].

A. Results and Findings

Table II displays the average classification accuracies, F1-
score, Cohen-Kappa, AUC, and the respective standard de-
viations for FAST and the comparative baseline models for
5-utterances covert speech classification. Wilcoxon signed-rank
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Fig. 4. Box plot illustrating the accuracy of covert speech recognition for all subjects ordered by the median accuracy: (a) Accuracy from pre-trained
models; (b) Accuracy after fine-tuning. Significance levels are compared between FAST and each of the baselines, indicated with asterisks (*), where
(ns) denotes p-values >0.05. The random performance range is indicated in the gray bar.

test is performed between FAST and each of the baseline meth-
ods, with statistical significance levels indicated with asterisks
(*), and the top-performing results highlighted in bold. The
results of the test reveal that FAST significantly outperforms
some baseline models during pre-training and outperforms most
models except TSception during fine-tuning.

Fine-tuning improves the performance of all models across
the evaluated metrics. For instance, FAST’s accuracy increases
from 26.9% in the pre-training phase to 34.7% after fine-tuning,
corresponding to a 7.8% improvement. Similarly, baseline mod-
els such as EEG-Deformer, DCN, EEGNet, and Conformer
also show notable improvements. FAST achieves the highest
accuracy of 34.7%, outperforming the closest baseline (TScep-
tion, 31.2%) by 3.5%. FAST attains the highest F1-Score of
0.340, indicating a better balance between precision and recall
than other models, including TSception (0.287). FAST records
the highest Cohen-Kappa value (0.184), indicating stronger
agreement compared to TSception (0.140) and EEG-Deformer
(0.126).

Fig. 4(b) illustrates the fine-tuning accuracy distributions for
each model. FAST demonstrates a higher median accuracy and
reduced variability, indicating its stability and efficiency. While
TSception and EEG-Deformer remain competitive. The reason
for the lower effectiveness of baseline models is primarily due
to their design limitations. These models were not originally
intended to handle the complexities of speech-related data. Ad-
ditionally, CNN-only models struggle with handling long input
sequences, which limits their performance in our task.

B. Visualization and Analysis

In this section, we present the visualization and analysis of
the ST features extracted from covert speech EEG data. The aim
is to gain a deeper understanding of the temporal and spatial
activation patterns associated with covert speech processing
across different brain regions. Showing the features learned by
the model is crucial for interpreting and validating its behaviour
in the context of covert speech decoding. By visualizing these
features, we can assess whether the model captures meaningful

spatiotemporal patterns that align with established neuroscien-
tific knowledge.

In Fig. 5(a), visualizations of the covert speech features
averaged across all subjects are shown. This averaging helps
smooth out individual variability and noise, resulting in a clearer
and more interpretable representation of the data. The features
were derived from the left-out subject following each round of
leave-one-subject-out training. The visualization is conducted
by densely sliding windows across each EEG trial with a step
size of 0.02 seconds. These segments are fed into a pre-trained
ST for feature extraction for each leave-out subject after each
round of the LOSO training. Since the features output by ST
have already passed through an activation layer, their values
inherently represent the strength of the activation. We then
averaged these features across all subjects and applied z-score
normalization along the trial dimension for the plot shown in
Fig. 5(a). The normalized activation per class shown in Fig. 5(b)
is computed by averaging the features on a per-class basis,
with a single line representing the activation for each word and
brain region. This process captures the fine-grained temporal and
spatial activation during each covert speech trial. To more clearly
visualize the difference in activation between words, a one-vs-all
strategy is adopted, with the results illustrated in Fig. 5(c).

To interpret model predictions, the Integrated Gradients [51]
method is employed, which assigns an importance score to each
input feature by approximating the integral of the model’s output
gradients shown in Fig. 6. A detailed algorithm for generating
this figure is described in the supplementary material.

The activation map in Fig. 5(a) reveals task-related responses
following both the onset and offset of word cues, prominently
localized in the frontal and temporal regions that play key
roles in speech processing, similar to [52]. A stronger response
is observed at the onset of the first cue, with temporal lobe
activation showing a distinct pattern compared to other regions.
Fig. 5(b) and (c) illustrate that activation within the frontal and
temporal lobes remains stable prior to t = 0 sec and becomes
discriminative during the cue onset period (marked by the gray
bar). Once the cue disappears at t = 10 sec, activation levels re-
vert to baseline. Conversely, occipital lobe activation aligns with
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Fig. 5. Feature visualization of the ST on covert speech EEG data averaged across all subjects. The features were extracted from the leave-out
subject after each round of leave-one-subject-out training and z-score normalized to highlight relative temporal fluctuations. (a) A heatmap illustrates
the features generated by the ST layers along with the corresponding time-locked features. (b) Normalized activation maps highlight the relative
activation scores across the frontal, temporal, and occipital lobes. (c) Difference activation maps show the one-versus-all contrast for each region.

Fig. 6. EEG saliency maps during covert speech, with color scale representing the normalized integrated gradients importance. (a): Activation is
prominently observed in the left hemisphere electrodes (T7, FT7, FC5, C5, F5), corresponding primarily to Broca’s area, suggesting involvement
in speech motor planning and articulatory rehearsal. Additional activation is visible in electrodes F6 and F8 on the right hemisphere homologue of
Broca’s area, possibly reflecting prosodic processing or cognitive control mechanisms. No activation was detected in Wernicke’s or occipital areas.
(b)Activation intensity gradually decreases across successive utterances.
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Fig. 7. Illustration of experiments using various utterance splits, where
each 10-second trial consists of five repetitions of the same word.

cue onset but does not show discriminative responses between
the words. This finding indicates that visual information does
not contribute to decoding performance. This activation pattern
supports the critical role of frontal and temporal lobes [53]
in covert speech processing [52], whereas occipital activation
reflects visual responses to the cue rather than linguistic content.

Fig. 6 illustrates the EEG saliency maps derived from the
Integrated Gradients [51] method for the covert speech classifi-
cation task. The averaged saliency map Fig. 6(a) demonstrates
pronounced neural activation predominantly localized within the
left hemisphere, particularly at electrodes (T7, FT7, FC5, C5,
F5), with additional notable activations at AF7 and AF3. These
electrode sites correspond primarily to Broca’s area and adjacent
premotor regions [54], suggesting robust involvement in speech
motor planning, articulatory rehearsal [52], and phonological
processing [55] during covert speech tasks. In addition to the
left hemisphere activations, activations in the right frontal elec-
trodes F6 and F8, which may correspond anatomically to the
right hemisphere homologue of Broca’s area [56]. This right
hemisphere activation likely indicates neural processes associ-
ated with prosodic modulation [57], [58], [59], [60], emotional
aspects [61] of speech, or cognitive control [62] mechanisms
during covert speech.

The per-utterance saliency map depicted in Fig. 6(b) indicates
a gradual reduction in neural activation intensity across suc-
cessive utterances. This diminishing pattern suggests reduced
cognitive and articulatory effort with repeated covert rehearsal
of speech content.

C. Ablation Study

To investigate whether repetitions of a word enhance decoding
accuracy, the utterances split paradigm is shown in Fig. 7. The
input to the model was controlled—specifically, 2 to 10 seconds,
corresponding to 1 to 5 repetitions of the word. The effect of the
number of utterances of the same word on model performance
is present in Table III. The results demonstrate a consistent
improvement in decoding accuracy with an increasing number of
utterances during both pre-training and fine-tuning stages. The

TABLE III
PERFORMANCE COMPARISONS OF FAST FOR COVERT SPEECH ACROSS 1

TO 5 UTTERANCES OF THE SAME WORD

Fig. 8. The average covert speech accuracies of FAST under different
ablation cases. (a) An ablation study excludes TE blocks, where the
classification head is directly connected after ST. (b) Ablation study
without fine-tuning, where weights are randomly initialized instead of
loading from LOSO pretraining.

improvement could be attributed to several factors. First, multi-
ple utterance attempts reduce the noise and variability inherent
in single-utterance data recording [63], [64], providing a more
stable signal. Second, they offer richer contextual information,
enabling the model to capture and learn stable cognitive pat-
terns. Third, the aggregation of data across multiple utterances
enhances the signal-to-noise ratio, leading to improved decoding
accuracy.

To investigate the individual contributions of model com-
ponents and training strategies to the overall performance by
selectively disabling specific elements. Two different ablation
experiments are conducted. To investigate the contributions of
the TE, we performed an ablation study comparing classification
accuracy using only the ST and connecting the classification
MLP directly after ST. The results, presented in Fig. 8(a),
reveal that incorporating TE consistently improves classification
accuracy across the fine-tuning phase with respect to different
utterances.

To evaluate the impact of our pre-training and fine-tuning
strategy, we conducted an ablation study without pre-training,
where model parameters are randomly initialized rather than
loaded from the pre-trained checkpoints. As shown in Fig. 8(b),
the results demonstrate that the model without pre-training ex-
hibits lower accuracy across different utterances. This suggests
that pre-training plays a crucial role in enabling the model to
learn generalizable representations of covert speech.

VII. CONCLUSION AND FUTURE WORKS

In this paper, we proposed FAST an innovative covert speech
architecture that incorporates ST blocks and TE blocks, demon-
strating superior performance to existing baseline models. To
overcome the scarcity of large-scale datasets in covert speech
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tasks for EEG-based BCI, we have collected a large-scale
multi-utterance dataset with 57 subjects, each performing 1000
utterances per word. Analysis of extracted features from the
model revealed particularly high responsiveness in the frontal
temporal region of the brain, providing new insights for the
understanding of neural dynamics during covert speech. We
also validate the effectiveness of our algorithm on the publicly
available BCI competition dataset.

While our study presents novel patterns related to covert
speech, it has certain limitations. Notably, we included only
male participants to minimize EEG variability, limiting our find-
ings’ generalizability to females. Neural responses during covert
speech may differ across genders, and future research should
incorporate a more diverse participant pool to enhance robust-
ness. Additionally, our study is focused on isolated command
decoding for BCI usage, such as robot control. Extending FAST
to larger vocabularies or continuous-speech decoding remains an
important direction for future work. Moreover, although FAST
achieves clear improvements over all baselines, the absolute
accuracy remains modest, reflecting the intrinsic difficulty of
covert-speech EEG decoding. Using overt-speech EEG as an
auxiliary modality through overt-to-covert transfer learning may
further improve covert-speech decoding by offering richer artic-
ulatory supervision during pretraining.

The finding from this study that speech-related information is
primarily linked to activation in the frontal and temporal brain
regions could inform neurofeedback strategies by providing
real-time feedback based on activity in these areas, helping par-
ticipants consciously adjust relevant neural patterns. For exam-
ple, reinforcing frontal-temporal activity during speech imagery
tasks could help strengthen speech-related neural pathways [65].
This type of targeted training may support rehabilitation in
conditions such as expressive (Broca) aphasia, where deficits
in frontal lobe [66] function contribute to difficulties in speech
production. In speech rehabilitation, these insights can decode
neural correlates of speech, guiding the development of tailored
therapeutic interventions. Overall, FAST’s detailed mapping of
brain activity may provide a robust foundation for developing
more targeted and effective BCI applications in the future.
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