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Optimizing Deep Neural Networks for
EEG-Based Speech Recognition: A
Multimodal Approach to Assistive
Communication

Anarghya Das

Abstract—Speech recognition for individuals with im-
pairments remains a significant challenge due to atyp-
ical speech patterns that confound traditional acoustic-
only models. This study introduces NeuroSpeech, a novel
multimodal framework that integrates electroencephalogra-
phy (EEG) with acoustic features to improve recognition
accuracy, robustness, and efficiency. A large-scale ran-
dom search identified optimal EEG encoder configurations
and feature extraction parameters, with window size and
overlap (p < 0.001) emerging as critical factors. Explain-
able Al (XAl) methods, specifically SHAP, provided insights
into model decision-making, supporting interpretability and
clinical translation. Evaluations were conducted on two
publicly available datasets: Spanish commands and vow-
els (UNLP-CONICET) and English phonemes and words
(KaraOne). Under clean conditions, NeuroSpeech achieved
near-perfect accuracy (F'1 = 0.986 on Spanish; 0.837 on
English), while in noisy conditions (SNR = 0.5) it main-
tained strong performance (F1 = 0.92 and 0.70), demon-
strating EEG’s role as a noise-robust complementary sig-
nal. In contrast, Whisper, a state-of-the-art ASR model,
showed severe degradation under noise (e.g., F'1 dropping
from 0.81 to 0.46). Finally, complexity analysis showed that
NeuroSpeech is lightweight (1-30M parameters) with infer-
ence latency of 10-18ms/sample (RTF < 1 on CPU and
GPU), enabling near-real-time deployment. These results
demonstrate NeuroSpeech’s significant potential to lever-
age neural information to augment speech that is com-
promised, offering a promising advancement for assistive
technologies and improved communication for individuals
with speech disorders.

Index Terms—EEG-based speech recognition,
multimodal speech recognition, brain-computer interface,
assistive communication, deep learning, explainable Al
(XAL).
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[. INTRODUCTION

EARLY 100 million individuals worldwide cannot rely
N on their natural speech for effective communication, often
requiring specialized support from Speech-Language Patholo-
gists (SLPs) [1]. This substantial population underscores the
urgent demand for highly personalized Al-driven technologies
that adapt to unique individual needs, moving beyond one-size-
fits-all solutions. Automatic Speech Recognition (ASR) is a
pivotal Al technology with the potential to bridge this com-
munication divide. While modern ASR systems have achieved
remarkable performance under ideal conditions, primarily due
to advances in deep learning and the adoption of end-to-end
architectures such as Transformers [2], their traditional reliance
almost exclusively on acoustic inputs, typically time-frequency
representations like log Mel spectrograms to map speech to text,
presents a critical limitation. This deep dependence on clear,
well-articulated acoustic signals renders ASR systems highly
vulnerable when these signals are compromised. The vulner-
ability is starkly evident in clinical populations with speech
impairments, such as dysarthria or apraxia, where motor or
planning deficits lead to distorted phonemes, altered speech
rates, disrupted prosody, and fragmented vocalizations [3], [4].
Such atypical acoustic patterns, often out of distribution for stan-
dard ASR models, result in sharply increased Word Error Rates
(WERs) and significant communication breakdowns [5]. The
challenge is compounded in noisy clinical environments where
essential acoustic cues can be masked or distorted. Critically,
when acoustic features are minimal or absent, as in cases of
anarthria or severe apraxia, conventional ASR systems funda-
mentally fail, leaving many individuals without a viable means
of speech-based technological interaction. Thus, the degraded
and unpredictable nature of impaired speech challenges the core
assumptions of acoustic-only ASR systems and highlights the
need for supplementary modalities that capture speech intent
upstream of articulation.

The human brain encodes rich linguistic and motor infor-
mation, offering an untapped resource for speech-decoding
systems. Recent Brain-Computer Interface (BCI) research has
demonstrated that electroencephalography (EEG) recordings
capture meaningful representations of speech-related neural
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Overview of the NeuroSpeech framework: Integrating EEG and speech data through feature extraction, encoding, and fusion to enhance

speech classification accuracy and robustness when acoustic signals from impaired or noisy speech are compromised.

activity, opening new possibilities for augmenting ASR [6],
[7]. EEG can capture brain activity associated with various
stages of speech production, including intention formation,
linguistic encoding, and motor planning, often before verbal
articulation occurs or even in its absence. This capability to tap
into pre-articulatory neural signatures means EEG can provide
crucial information even when the acoustic signal is severely
degraded, noisy, or altogether missing. Integrating EEG as an
additional modality into ASR systems can support the work
of SLPs and advance neural and rehabilitation engineering.
SLPs utilize performance-based auditory perception, subjective
clinical judgment, and patient-reported outcome measures to
establish goals and assess treatment effects. However, the use of
patient-reported outcome measures is limited by barriers such as
time constraints and patient insight deficits [8]. EEG-augmented
ASR can provide an invaluable source of objective, quantifiable
data directly reflecting an individual’s neural speech processing.
Furthermore, such systems can facilitate personalized therapy
planning and progress monitoring; SLPs could leverage decoded
neural information to gauge a patient’s cognitive engagement or
track neurophysiological changes in response to specific inter-
ventions, allowing for more adaptive and effective therapeutic
strategies tailored to individual recovery trajectories.

This work introduces a neuro-enhanced speech decoding
framework that integrates brain-derived features into conven-
tional ASR systems. We propose a neuro-enhanced ASR frame-
work (Fig. 1) to overcome acoustic limitations and empower
SLPs with a personalized tool. Using two publicly available
datasets, we develop a hybrid ASR architecture that fuses neural
and acoustic representations, demonstrating how brain-derived
features can enhance traditional speech recognition using ex-
plainable AI methods. Key contributions of our study include:

¢ EEG-Audio Fusion for Robust ASR: NeuroSpeech im-
proves speech recognition by combining EEG neural
features with audio, showing strong gains under noisy
conditions.

¢ Optimized EEG Encoding: A comprehensive design
space search identified the Time-Distributed CNN as the
most effective encoder for multimodal fusion.

¢ Feature Parameter Insights: Window size and overlap
(p < 0.001), along with key hyperparameters (learning

rate, dense units), were found to impact performance and
inform future clinical adaptation significantly.

® Robustness, SOTA Benchmarking & XAI: Compared
to Whisper [9], NeuroSpeech is more noise-resilient, and
SHAP-based explainability enhances interpretability for
clinical use.

e Low-Latency Deployment: Computational profiling
shows low latency (10—18 ms/sample) and RTFs < 1 on
CPU/GPU, supporting near real-time assistive applica-
tions.

The remainder of this paper is organized as follows. Section
II reviews related work and motivates our multimodal approach.
Section III details the NeuroSpeech framework and experi-
mental setup, including the design space optimization strategy.
Section IV presents results and analysis, while Section V dis-
cusses implications, limitations, and future directions. Finally,
Section VI provides an overall summary, highlights areas for
improvement, and outlines potential avenues for future research.

[I. BACKGROUND AND RELATED WORKS

Speech is broadly categorized into overt speech, involving
physical articulation and audible sound, and covert speech, the
internal simulation of language without vocal output, relying
purely on cognitive processes [10]. While decoding covert
speech directly from EEG to potentially replace traditional ASR
is a compelling prospect, its accuracy remains significantly
lower than ASR standards. This is mainly due to challenges such
as low signal-to-noise ratios and the inherently indirect nature of
imagined speech signals, which complicate the reliable recon-
struction of speech from neural activity alone [11], [12]. Existing
works using the specific datasets employed in this study have
predominantly focused on EEG-only decoding approaches [13];
however, the results often highlight inherent limitations, under-
scoring the need to explore different techniques to leverage EEG
data and enhance performance. In our previous work [14], we
systematically disentangled the contributions of the audio and
EEG streams, demonstrating that each modality provides unique
and non-redundant information. Our multimodal experiments
demonstrated that EEG alone performed poorly in absolute
terms; however, when fused with audio, it offered additional
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discriminative information that stabilized recognition perfor-
mance. Further embedding visualizations (t-SNE and silhouette
analysis) confirmed that the multimodal model learned better
class separability than either of the unimodal baselines, sug-
gesting that EEG inputs enrich the latent representation space
and sharpen class boundaries.

Beyond speech recognition, multimodal learning has been
shown to enhance speech emotion recognition (SER), where
deep bimodal models (audio+text) utilize multi-head attention
and fusion strategies to leverage complementary signals [15],
[16]. Yet, these works focus on affective state classification
rather than linguistic decoding. Similarly, systems like Clin-
Clip [17] align listener EEG with perceived speech to enhance
medical transcription; however, these systems tackle perception
rather than production. In contrast, our work uniquely positions
EEG as a complementary signal on the production side in ASR,
directly addressing gaps in noise robustness, assistive applica-
tions, and interpretability. By combining EEG with audio, we
aim to demonstrate that neural activity provides resilience where
acoustic channels falter, and that this integration yields not just
higher accuracy but also new insights into modality-specific
contributions.

I1l. METHODS
A. Dataset Information

This study utilizes two publicly available EEG-speech
datasets: Dataset 1 (UNL-CONICET) [18] and Dataset 2 (Kara
One) [19]. Dataset 1 includes recordings from 15 healthy Ar-
gentinian college students (mean age 25; 8 male, 7 female),
all native Spanish speakers without hearing impairments. EEG
signals were captured using six Ag-AgCl electrodes (F3, F4, C3,
C4, P3, P4) at 1024 Hz, alongside 44.1 kHz audio, during tasks
involving five vowels and six Spanish command words. Each
trial included rest, visual prompt, 4-second imagined rehearsal,
and 4-second overt speech, repeated approximately 50 times
per word (total session duration: 3.5 hours). Dataset 2 consists
of 12 healthy English-speaking participants (8 male, 4 female)
from the University of Toronto, recorded with a 64-channel
Neuroscan Quick-Cap at 1000 Hz and 12 kHz audio. Partic-
ipants responded to seven phonemes and four English words
in a sequence of imagined and overt speech, repeated 12 times
per prompt. Unlike Dataset 1’s continuous vocalizations within
trials, Dataset 2 included only single utterances, allowing for a
cleaner isolation of overt versus imagined states. Only the EEG
and audio segments aligned with spoken speech were used in this
study. These datasets provide complementary conditions: low-
density vs. high-density EEG, repeated vs. single utterances, and
Spanish vs. English prompts, supporting analysis of multimodal
speech decoding across distinct neural and linguistic settings.

B. Data Preprocessing

For Dataset 1 (1974 trials, 15 participants; multiple word
repetitions, prolonged vowels), EEG data was already bandpass
filtered (2-40 Hz) to isolate relevant frequencies and remove

50 Hz line noise. Muscle and electrode artifacts were manu-
ally removed; blink artifacts were annotated but retained for
further analysis. Our analysis used 4-second epochs, matching
the original EEG and audio recording lengths, thus requiring
no trimming or padding. Dataset 2 (1647 trials, 12 participants;
single word/phoneme repetitions) contained raw EEG data that
was not pre-processed. Preprocessing steps included filtering
60 Hz line noise, a 1 Hz high-pass filter to reduce low-drift noise,
and a 1-50 Hz band-pass filter. All trials were standardized to
2 s by trimming or padding.

EEG data and corresponding audio recordings were seg-
mented into overlapping windows to facilitate the training and
testing of multimodal models. Various window sizes and overlap
values were explored during our experiments, the details of
which are provided in the Experiments section. This segmen-
tation enhances feature extraction by capturing time-dependent
signal variations, allowing the model to detect subtle correla-
tions between brain activity and speech patterns. Overlapping
windows increase the training data, improving the model’s abil-
ity to generalize and decode speech more accurately. Further-
more, synchronized windowing ensures alignment between the
EEG signals and audio recordings. This is crucial for learning
meaningful correlations between brain activity and the speech
produced.

C. Feature Extraction

This study explored two types of EEG features: time-domain
features and a hybrid approach combining time-domain and
time-frequency domain features. It aimed to evaluate which
method contributed most effectively to speech recognition
performance.

1) Time-Domain Features: We utilized widely used statis-
tical measures for temporal features, including mean, vari-
ance, skewness, kurtosis, standard deviation, average amplitude
change, and zero crossing rate [20]. These temporal features
were chosen because they thoroughly represent the fundamental
dynamics of EEG signals during auditory processing. They
encapsulate critical aspects of the signal’s central tendency,
variability, and distribution shape, allowing us to model fluc-
tuations in neural activity over time in response to speech. By
concentrating on these statistical attributes, we aim to capture
the intricate patterns of brain activity that correspond with the
temporal structure of speech, such as rhythm, intensity, and tran-
sitions between phonemes or syllables. This method enhances
our ability to decode speech, as these features underscore the
stability and variability of neural responses to auditory stim-
uli. When integrated with audio data, these temporal features
facilitate the mapping of brain activity to specific speech com-
ponents, streamlining the decoding process in a data-driven yet
comprehensible manner.

2) Time-Frequency Domain Features: We utilized a power
spectrum cross-covariance matrix for the time-frequency do-
main, an approach that has shown promise in imagined speech
applications [21]. We initially computed the power spectrum
of each EEG channel in decibels using the Fast Fourier Trans-
form (FFT) ( (1)), retaining only the first half of the frequency
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spectrum to account for the symmetry of real-valued signals.

y =20+ logy, (IFFT(x)[) M

Here, x represents the EEG data from each channel after pre-
processing windows and overlaps, and y denotes the correspond-
ing power spectrum. We constructed cross-covariance matrices
to further capture inter-channel relationships, providing a struc-
tured representation of spectral power and spatial dependencies
within each EEG window. The final EEG feature representation
had a channel x channel dimension, resulting in 6 x 6 feature
matrices for Dataset 1 and 64 x 64 for Dataset 2.

3) Speech Features: Mel Frequency Cepstral Coefficients
(MFCCs) stand out for audio features because they mimic human
auditory sensitivity by compressing frequency information into
the Mel scale. This reduction in complexity makes MFCCs
widely used in speech and audio recognition applications [22].
Thus, we used MFCCs for audio feature extraction in our re-
search. We extracted 13 MFCC features from the speech data.
To facilitate a comprehensive cross-modal analysis between the
MEFCC and EEG features, we aligned these modalities by making
temporal adjustments. Recognizing the inherent differences in
sampling rates between audio and EEG signals, we truncated
the MFCC sequence to match the EEG windows. This decision
aimed at achieving temporal coherence and synchronization be-
tween the modalities. We ensured the time points synchronized
by aligning the MFCC sequence with the EEG data.

D. Multimodal Models

We propose a multimodal framework for speech decoding that
combines processed EEG and audio features. This framework
leverages complementary information from brain and speech
signals to classify spoken phrases effectively. The architecture
comprises three variations of EEG encoders and a consistent
audio encoder, followed by a late fusion strategy and a classifica-
tion head, as illustrated in Fig. 2. The EEG encoder varies across
three configurations, each designed to evaluate the effectiveness
of different EEG feature representations in decoding speech.

1) Gated Recurrent Unit (GRU) for Statistical Temporal Fea-
tures: The GRU-based EEG encoder (Fig. 2(A)) is designed
to process time-domain statistical features derived from EEG
signals, leveraging the temporal structure of the data to decode
speech-related patterns. The input consists of EEG data divided
into temporal windows, each containing statistical features cal-
culated across the EEG channels.

2) Convolution LSTM (ConvLSTM) for Frequency Domain
and Temporal Dependencies: This EEG encoder (Fig. 2(B))
combines convolutional layers for spatial feature extraction with
long short-term memory (LSTM) layers to model temporal
dependencies, capturing spatiotemporal dynamics inherent in
multichannel EEG signals. The input to this encoder consists of
EEG cross-covariance FFT feature windows.

3) Time-Distributed Convolutional Neural Network (TD-
CNN) for Frequency-Based Spatial Features: The TD-CNN
EEG encoder (Fig. 2(C)) leverages convolutional operations
applied to temporal segments of cross-covariance matrices, cap-
turing spatial features critical for decoding speech-related pat-
terns in EEG signals. The input to this encoder consists of EEG

J

‘ GRU
(512 hidden units)

o
o
o

-

(snun pg ‘yuey)

12fe asuaqg

GRU

‘ (512 hidden units)

‘ GRU
(512 hidden units)

Audio Enccoder

(sdays awn Jan0 AT)
Buljood abeiany [eqo|o

Latent Speech ,f

Embeddings : . o 30
sec =

F

Embedding

\H o
Late Fusion = o
concatenation or | & ‘&

Latent EEG | (

[

T

(z'0=2are)
nodoliqg
T
1

EEG
Encoders

Classification Head

Fig. 2. NeuroSpeech Multimodal Framework: Explores three EEG en-
coder architectures: (A) GRU, (B) ConvLSTM, and (C) Time-Distributed
CNN-based. Audio and EEG embeddings are fused via late fusion,
followed by a classification head to predict 11 speech classes.

cross-covariance FFT feature windows. Each temporal window
is processed independently, preserving temporal structure while
learning spatial relationships across EEG channels. The convo-
lutional layers are parameterized to extract hierarchical spatial
features, where the first layer applies 64 filters and the second
layer uses 128 filters, each followed by a rectified linear unit
(ReLU) activation function.

Each EEG encoder outputs a latent EEG representation 2.4,
following its respective architecture. These encoders use a
Global Average Pooling layer to aggregate temporal information
into a fixed-size representation. After obtaining the fixed-length
neural embedding, the framework processes the synchronized
speech waveform through a dedicated audio encoder, yielding
an analogous acoustic embedding 2,y dio-

4) Audio Encoder: The GRU-based audio encoder processes
speech audio features in MFCCs to produce a latent represen-
tation of speech in a reduced-dimensional feature space. This
model encodes speech audio into a latent space while preserving
the essential temporal and spectral information. Inspired by
insights from [23], it comprises three stacked GRU layers, each
with 512 units, which model temporal relationships within the
MEFCC input.

After obtaining the latent representations zqudio and Zeeq, a
late fusion strategy combines them by concatenation using (2):

Zfused = Concat(zaudim Zeeg) ()

Where zfyseq is the fused feature vector representing both
modalities. Late fusion combines EEG and audio embeddings
after independent processing, ensuring efficient integration
while preserving modality-specific features [24]. The fused
vector is passed through dense layers with ReLU and dropout
for refinement and regularization, followed by a softmax layer
for class prediction.
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TABLE |
DESIGN SPACE OF HYPERPARAMETERS EXPLORED IN NEUROSPEECH

Category Range / Values

Feature Extraction
Window size 10-500 samples (Low: 10-100, Medium:
100-250, High: 250-500)

0-0.75 (Low: 0-0.25, Medium: 0.25-0.50,

High: 0.50-0.75)

Window overlap

Global Hyperparameters

Dropout rate 0-2

Learning rate 1x1076 —1x10~3

Batch size 16, 32, 64

Fusion strategy Concatenation, Multiplication

Encoder-Specific

GRU units (GRU) 128, 256, 512
Conv filters (TD-CNN) 32, 64, 128
ConvLSTM filters 16, 32, 64
Dense units 128-1024

IV. EXPERIMENTS

To comprehensively evaluate the NeuroSpeech framework,
we established a design space spanning feature extraction, model
hyperparameters, and artificial noise augmentation. The goal
was to optimize speech classification accuracy, identify top con-
figurations, and determine the most effective EEG encoder. We
benchmarked NeuroSpeech against Whisper (large V3 model) to
assess whether EEG provides additional contextual information
for enhanced speech decoding.

A. Exploration of the Design Space

The optimal EEG encoder among three variations, along
with its hyperparameters, was identified through an extensive
random search, averaging 9420 iterations. Each configuration
was evaluated using F1 Score and Cohen’s Kappa on the 11-class
prompt classification task with participant-independent 5-fold
cross-validation to ensure generalization.

Table I summarizes the explored design space, covering fea-
ture extraction parameters (window size and overlap), model-
level hyperparameters (dropout, learning rate, batch size),
encoder-specific settings (GRU units, Conv filters, ConvLSTM
filters, dense units), and fusion strategies. This organization
allows a clear view of both the global and encoder-specific
hyperparameters optimized in our framework.

1) Model Hyperparameters: Model hyperparameter selec-
tion focused on key parameters impacting performance across
our multimodal framework’s three EEG encoder configurations.
Core global hyperparameters, such as dropout rate, batch size,
and learning rate, were selected to influence the overall model’s
generalization, optimization, and prevention of overfitting. Spe-
cific to each EEG encoder, we varied the number of GRU units
for the GRU-based encoder, the convolutional filters for the
Time-Distributed CNN encoder, and the ConvLSTM filters for
the ConvLSTM encoder. Each encoder also included config-
urable dense layers to refine EEG representations. We parame-
terized the fusion strategy (concatenation vs. multiplication) for
multimodal fusion and the final dense layers that combine EEG
and speech embeddings before classification.
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Fig. 3. Comparison of F1 Scores Across Models Under Original and

Noisy Conditions (SNR = 0.5). The chart compares the performance
of Whisper and the three NeuroSpeech EEG encoders in (A) Dataset 1
and (B) Dataset 2.

2) Effect of Artificial Noise: To simulate challenging real-
world conditions and evaluate the robustness of the Neu-
roSpeech framework, we introduced artificially generated white
noise into the speech recordings. This augmentation enabled
us to assess the effectiveness of incorporating EEG signals
under varying acoustic conditions and investigate whether neural
features improve speech decoding when the audio signal is
degraded. Artificial white noise was added at different diffi-
culty levels, parameterized by the signal-to-noise ratio (SNR),
where lower SNR values indicate higher noise levels. The SNR
values ranged from 0.5 (extremely noisy) to 50 (original clean
recordings), allowing us to span a realistic noise design space.
This procedure ensured precise control over the SNR for each
recording, enabling consistent augmentation across the dataset.

V. RESULTS & DISCUSSION

This section presents the outcomes of our design space exper-
iments, the analysis of hyperparameter importance using SHAP,
and an investigation into the effects of windowing strategies.

A. NeuroSpeech Performance and Robustness in
Simulated Challenging Conditions

To benchmark NeuroSpeech, we compared the performance
of three EEG encoders (TD-CNN, ConvLSTM, and GRU) with
that of Whisper (large-v3). Results across both datasets are
summarized in Fig. 3, which shows that all EEG—audio models
substantially outperform Whisper, particularly in the presence
of noise. Among the tested encoders, TD-CNN consistently
provided the best balance of accuracy and robustness, with Ta-
ble I listing the optimal configurations that yielded these results.
Accordingly, we focused subsequent validation and analysis on
this model.

On Dataset 1, TD-CNN achieved near-perfect clean audio
performance (F'1 = 0.986, x = 0.985), while Whisper reached
only 0.81. Under noisy conditions (SNR = 0.5), Whisper de-
graded sharply to 0.46, whereas TD-CNN maintained F'1 =
0.92, showing EEG’s critical role when audio is corrupted
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TABLE Il
OPTIMAL TD-CNN CONFIGURATIONS IDENTIFIED FOR EACH DATASET

Dataset Best Configuration

Dataset 1 W =50, Ov = 0, Conv = 64, Dense = 512, Drop = 0.2, LR
=3 x 10~°, Fusion = Concat

Dataset 2~ W =100, Ov = 0.75, Conv = 128, Dense = 256, Drop = 0.2,

LR = 3 x 10~%, Fusion = Concat

Abbrev.: W = window size (ms), Ov = overlap, Conv = Conv2D filters,
Dense = encoder dense units, Drop = dropout, LR = learning rate.
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Fig. 4. Performance of the TD-CNN model under noisy conditions

(SNR = 0.5). Panels (a) and (b) show the model learning curves (train
vs. validation F1 scores) for Dataset 1 and Dataset 2, respectively.
Panels (c) and (d) present the corresponding confusion matrices for
Dataset 1 and Dataset 2, illustrating class-by-class performance under
noisy input conditions.

(Fig. 3(A)). The learning curve (Fig. 4(a)) confirms smooth con-
vergence and stable validation performance, while the confusion
matrix (Fig. 4(c)) shows almost complete class separability, with
only minor confusions among vowels (e.g., ‘E’ and "U’). On
Dataset 2, TD-CNN achieved F'1 = 0.837 in clean audio and
retained F'1 = 0.70 under noise, compared to Whisper’s 0.24
and 0.08, respectively (Fig. 3(B)). The learning curve (Fig. 4(b))
again indicates steady convergence without divergence between
training and validation curves. The confusion matrix (Fig. 4(d))
highlights strong recognition of distinct word-level stimuli such
as pat and pot. However, higher overlap between acoustically
similar phoneme-level units (e.g., /m/ and /n/, or /piy/ and /diy/)
reflects the intrinsic challenge of short phonemic stimuli, since
these sounds share similar spectral and temporal cues and evoke
overlapping neural responses. In contrast, the results in Fig. 4(c)
show much stronger overall performance because the longer,
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medium-Qig|

high-medium
—— TD-CNN  —+— GRU —e— ConvLSTM
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Fig. 5. Performance comparison of TD-CNN (blue), GRU (orange),
and ConvLSTM (green) EEG encoders under various window size-
window overlap configurations. (A) Model performance on Dataset 1.
(B) Model performance on Dataset 2. Each axis on the radar plots rep-
resents a specific 'window size-overlap’ pairing. The radial distance from
the center along each axis reflects the achieved model performance for
that particular configuration.

more acoustically distinct word stimuli provide richer tempo-
ral context and more separable EEG patterns. This suggests
that even with multimodal input, recognition accuracy depends
strongly on stimulus length and distinctiveness: short, similar
phonemes remain harder to disentangle than longer, context-rich
words.

In terms of computational complexity, TD-CNN remains
lightweight compared to large ASR backbones. The best-
performing configuration for Dataset 1 contained only 1.18
million parameters (=~ 4.7 MB), while the Dataset 2 config-
uration used 30.4 million parameters (=~ 122 MB). Measured
inference times per sample were 18.5ms (CPU) / 1.0ms (GPU)
for Dataset 1 (50ms window, no overlap) and 10.8ms (CPU)
/ 1.4ms (GPU) for Dataset 2 (100ms window, 75% overlap).
Both setups achieved a real-time factor (RTF) well below 1 on
CPU and orders of magnitude below 1 on GPU, even under
overlapping conditions, thereby enabling near-real-time com-
munication. The RTF was calculated as the ratio of average
inference latency to input window duration and overlap:

Inference Time (ms/sample)
Window Size (ms) x (1 — Overlap)

RTF =

All measurements were performed on a system equipped with
NVIDIA L40S GPU and an Intel Xeon Platinum 8562Y+ CPU,
ensuring reproducibility of complexity and latency metrics.

B. Effect of Window Size and Window Overlap

To assess the influence of window size and window overlap
on the performance of different EEG encoders, we performed
2-way Aligned Rank Transform (ART) ANOVAs [25]. This
method was chosen because the results from the design space
experiments for window size and overlap did not follow a
normal distribution, making parametric ANOVA unsuitable. The
ART ANOVA methodology effectively allowed us to isolate the
independent and interactive effects of these crucial temporal
segmentation parameters. Our analysis consistently revealed that
window size and temporal overlap are pivotal, jointly steering
the performance of every encoder. However, the strength of their
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Fig. 6. (A) Overall hyperparameter importance ranking based on the mean absolute SHAP value across all encoder configurations and both

datasets. (B) SHAP summary plot illustrating the impact of individual hyperparameter values on model performance. Each point represents a
Shapley value for a specific instance of a hyperparameter, with color indicating whether the hyperparameter’s value was high or low.

interplay varied depending on the dataset, as shown in Fig. 5(A)
and (B).

1) GRU Encoder: For the GRU encoder, Dataset 1 high-
lighted a strong synergy: window size, overlap, and their in-
teraction were all highly significant (p < .001). Optimal perfor-
mance (Kappa = 0.935) was achieved with a small window and
medium overlap, while a large window with low overlap yielded
the poorest results (0.836). On Dataset 2, the landscape shifted:
only overlap significantly impacted performance (p < .01), with
window size (p = .207) and interaction effects (p = .192) re-
ceding in importance. Here, a medium window with high overlap
proved most fruitful (0.616), with low-overlap settings notably
underperforming (lowest at 0.497).

2) ConvLSTM Encoder: The ConvLSTM encoder echoed
the complex dynamics seen on Dataset 1, with significant main
effects for window size and overlap (p < .001), alongside a
strong interaction effect (p < .001). A medium window paired
with high overlap delivered the highest Kappa (0.904), whereas
a small window with high overlap was least effective (0.633).
For Dataset 2, while the interaction was not significant (p =
.270), the main effects of window size (p < .001) and overlap
(p < .001) remained influential. The optimal strategy mirrored
that of Dataset 1: a medium window with high overlap (0.693),
with large, low-overlap windows at the bottom (0.518).

3) TD-CNN Encoder: On Dataset 1, the TD-CNN encoder
demonstrated acute sensitivity to all factors: window size, over-
lap, and their interaction (p < .001) were all profoundly signif-
icant. This led to the highest score in this dataset (0.966) with a
small window and high overlap; conversely, a large window with
low overlap produced the weakest result (0.878). In Dataset 2,
these factors acted more independently (interaction p = .285),
though both window size and overlap were crucial (p < .001).
The best configuration emerged as a medium window with high
overlap (0.745).

Across all encoders, a clear trend favored larger overlaps
(around 50-75%), consistently boosting Kappa scores. How-
ever, the optimal window length was distinctly dataset-specific.
Smaller windows proved advantageous for TD-CNN and GRU
in the repetitive, utterance-rich Dataset 1. In contrast, medium
windows were generally preferred for the ConvLSTM across
both datasets and for all models when processing the shorter,
single-instance data of Dataset 2.

C. Multimodal Hyperparameter Importance

We used the Shapley Additive Explanations (SHAP) method
to evaluate the importance of the hyperparameters. This method
assigns an importance value to each feature based on its con-
tribution to a model’s output. Our SHAP analysis (Fig. 6(A)
and (B)) shows consistent hyperparameter effects across the
EEG encoders. The learning rate emerged as the primary driver
of performance for all architectures. A broad range of values
between le~6 and 1e~2 was tested, and values in the narrower
window of roughly 3¢~ to 3e~* were most favorable, balancing
fast convergence with stability. The ConvLSTM additionally
benefited from slightly lower rates. Fusion type was the next
most influential feature, indicating that preserving complete
modality-specific information yields stronger multimodal rep-
resentations. Switching from element-wise multiplication (blue,
negative SHAP) to concatenation (red, positive SHAP) con-
sistently raised performance. More dense units in the encoder
improved accuracy, highlighting the need for sufficient represen-
tational capacity before multimodal fusion. The dropout rate also
played a critical role, with a value of 0.2 consistently emerging
as the most favorable and being used in the best-performing
configurations. Fig. 6(B) shows that larger dense layers and
moderate dropout (0-0.2) have a positive effect, potentially
mitigating overfitting, whereas very small dense layers or no
dropout hurt performance. Dense units in the fusion head and
batch size followed in importance. Convolutional depth and
GRU unit count had minimal impact, implying that expanding
the dense layers at the end of the encoder yields greater benefits
than adding complexity to the early sequence modeling stages.

VI. CONCLUSION

This work introduced NeuroSpeech, a multimodal EEG—
audio framework optimized through extensive random search
across feature extraction and model hyperparameters. The TD-
CNN encoder consistently performed the best. On Dataset 1, it
achieved F'1 = 0.986 (clean) and 0.92 (noisy, SNR 0.5), while
on Dataset 2, it obtained F'1 = 0.837 (clean) and 0.70 (noisy). In
both cases, NeuroSpeech substantially outperformed Whisper,
particularly under noise, underscoring EEG’s role as a comple-
mentary, noise-robust modality. Learning curves demonstrated
smooth convergence, and confusion matrices confirmed strong
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class separability, with only minor confusions among acousti-
cally similar units. Computational analysis further showed low
inference latency (10—18ms/sample) and RTFs < 1 on both CPU
and GPU, supporting near-real-time feasibility.

Despite these promising results, the work has limitations.
The datasets feature a restricted 11-class vocabulary and lack
continuous speech recordings, constraining evaluation in nat-
ural conversational contexts. Performance was also lower on
Dataset 2 due to its shorter, single-instance phonemic prompts,
which have similar acoustic and neural patterns, making them
harder to distinguish than longer, more distinct utterances in
Dataset 1. Moreover, the experiments relied on publicly avail-
able datasets from healthy participants, rather than data collected
directly from individuals with speech impairments, the target
users of such systems. Future work should therefore expand to
sentence-level decoding and larger vocabularies, and crucially,
validate the framework on populations with impaired speech in
real-world clinical settings to assess its scalability and impact
fully.
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