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I investigate strategies for semantic decoding from minimal-channel, consumer-grade EEG systems. Using only four electrodes
and 50-100 word stimuli, I evaluate convolutional architectures on two semantic tasks including emotional valence and part-
of-speech discrimination (specifically, noun/verb classification). First, to address limited data, I introduce a data amplification
method based on short-time FFT snapshots. Secondly, I introduce an embedding-constrained EEG architecture that leverages
clustered word embeddings to design specialized processing branches without requiring embeddings at inference. Spectral
(FFT) data improved accuracy by ~8% over time-series models, while the embedding-constrained architecture reached ~93.6%

=+ 1.4, outperforming baselines and multi-head models.
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Introduction

Decoding semantic information from non-invasive electroen-
cephalography (EEG) is a sought after goal, especially for
NLP applications, with applications for brain—computer inter-
faces (BClIs), cognitive neuroscience, and areas of neurotech-
nologyl. Recent convolutional neural network approaches
(e.g., EEGNet-style architectures) have demonstrated the abil-
ity to classify mental states and categories from relatively
small EEG datasets by encoding biases into compact models”.
Other work has demonstrated that semantic categories and in-
dividual word meanings can be inferred from brain activity
patterns and signals>“. More recent advances in deep learn-
ing have extended these ideas to EEG decoding, most of which
leverage neural networks and embeddings to map neural sig-
nals to certain semantic representations®®. However, these
approaches typically depend on high-density EEG recordings
(i.e. many channels) and large datasets, all of which limit the
practicality of these models.

Nowadays, many decoders, while effective in controlled
laboratory environments, are incredibly data-intensive and fail
under low-channel and minimal-trial conditions (here, signal-
to-noise ratios (SNRs) are reduced)”?. Prior work has also
shown that reducing electrode count introduces tradeoffs and
decreases decoding reliability and especially generalization,
all which hinders semantic decoding performance’. Addi-
tionally, it’s important to point out that many existing methods
don’t build language structure directly into their architecture.
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Instead, they try to learn this structure from data or embed-
dings, which causes poor performance when data is limited"-.
At the same time, frequency-domain representations (known
to be very informative for EEG analysis) remain underutilized
as a means of amplifying sample size for semantic decoding
tasks?. This leaves a gap in current EEG decoding research:
there is an absence of architectures that leverage linguistic
structure during model design while remaining independent
of inference, particularly under minimal channel and limited
data constraints®.

In this experiment, I am faced with exactly these con-
straints. First, consumer EEG devices (here, OpenBCI Gan-
glion and the corresponding headband) provide only a hand-
ful of channels. It is true that developing reliable decoders
from minimal-channel recordings is essential for low-cost,
real world systems!2. Second, many uses require strong per-
formance from very limited data (tens of stimulus presenta-
tions) so methods that utilize information content without col-
lecting more raw trials are valuable. To be transparent, the
following experiment aims to serve as a proof-of-concept in-
vestigation with this goal in mind, rather than a demonstration
of a general, real-world, semantic decoding system. This ex-
periment is focused on generating high-accuracies for within-
subject, specific tasks, and not intended to serve as a general-
izable system.

I investigate two strategies to address these constraints and
prevailing issues. The first is a frequency-domain data ampli-
fication approach: by capturing FFT representations and sam-
pling many FFT “plots” per trial, one can obtain many more
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training samples from few trials while preserving key signa-
tures (see Appendix B: Flowchart 2). Here, data amplification
is different from data augmentation; data amplification is the
careful enlarging of a dataset and extracting more informa-
tion from minimal samples. The second is a linguistically in-
formed architectural approach. Rather than feeding word em-
beddings into the model at inference (which can cause over-
fitting and dependence), I use embeddings only during archi-
tecture design. I call this the Embedding-Constrained EEG
Architecture.

In addition to these two strategies, I also evaluated some
standard baselines: time-series trained EEGNet-style mod-
els, LIME and weight-based explainability to inform channel
reweighting, a fused multi-head model constructed from exist-
ing, single-task models, and an alternative regularizer strategy
that attempts to force EEG features toward embedding predic-
tions. I compare performance on two semantic decoding tasks
commonly used in EEG studies: emotional valence classifi-
cation (negative / neutral / positive) and part-of-speech (POS)
discrimination (in this case, noun vs. verb)'3. Importantly, T
evaluate under the strict constraints discussed previously: four
channels and as few as 50 trials per person.

I hypothesized that FFT-based sampling will substantially
improve classifier performance relative to raw time-series
data by carefully increasing effective sample size and mak-
ing spectral features clear. Additionally, I hypothesized that
the embedding-constrained architectural design will outper-
form embedding-as-regularizer approaches and even single-
task baseline EEGNet-style models by incorporating relevant
inductive biases. Finally, I hypothesized that while channel
reweighting will further boost single-participant accuracy by
reducing general artifactual influence, leveraging embeddings
will allow for a simpler, less tedious path to similar accuracies.

Methods

Participants

For the participant-related details in this study, results for
single-participant and participant-level analyses are reported
on a per-subject basis. Similar to approaches taken by Sun
et al. and Wandelt et al., the analysis involved a small num-
ber of participants (n=2), which puts the emphasis on single-
participant decoding rather than large-scale group-level, gen-
eralizable efforts'#1>, Most models were trained indepen-
dently on each participant’s dataset, with evaluation metrics
averaged across the two. Cross-participant evaluations have
not yet been conducted, and as a result, remains an impor-
tant direction for future research. From a practical perspec-
tive, these models are designed to be readily trained, adapted
and fine tuned to individual participants, and even across tasks,
with relative ease.

Hardware & Acquisition

The hardware and data acquisition setup utilized the Open-
BCI Ganglion board paired with OpenBClI flat and comb-style
electrodes. Four active channels were used and positioning
was configured for semantic decoding purposes (schematic
shown in Figure 1). In both experimental tasks, electrodes
were positioned at TP7, TP8, F7, and F8 according to the in-
ternational 10-20 system (see Figure 1)'4. Data was streamed
in real time from the OpenBCI GUI using the built in Lab
Streaming Layer (LSL) for real time data acquisition.

The EEG data was sampled at a rate of 200 Hz, segmented
into 5-second epochs containing 1000 time points per sam-
ple. For each trial, both raw time-series data and FFT data
were collected; FFT data was taken in 250 temporal snapshots
across the 5-second sampling period.

Impedance and signal quality were monitored by check-
ing all channels prior to the start of each recording session
through a visual cue on the OpenBCI GUI (red signaled high
impedance, yellow signaled low impedance etc.) No trials
were omitted as none exhibited a red signal. Signals with an
impedance signal of yellow (slight-impedance) were included.

Stimuli & Experimental Design

Stimulus presentation involved displaying individual words
on a monitor, with a fixation cross presented between trials
to reduce eye-movement artifacts. Each word (stimulus) was
shown for a fixed duration of 5 seconds, followed by a “relax-
ation” interval of approximately 1-2 seconds. To clarify, each
participant underwent 2 sessions in which they were shown 50
unique words (stimuli). Each word I will refer to as a “trial”.
See the table below for an overview of the experimental de-
sign.

The experimental design included two primary semantic
classification tasks. The first was an emotional valence task,
in which words were categorized as negative, neutral, or posi-
tive, and the second was a part-of-speech task (i.e distinguish-
ing nouns from verbs). Each task utilized a set of 50 unique
words, as described in the introduction. Words were presented
once per participant (zero repetitions), and participants were
instructed to actively ponder the meaning and implication of
each word while viewing it, rather than merely passively ob-
serving.

To increase the effective training sample size for the FFT-
based decoding approach, data amplification was applied dur-
ing feature extraction: within each 5-second epoch, every
other FFT “window” or temporal snapshot was treated as an
independent training sample (see Feature Extraction section
for details). This resulted in 125 usable FFT samples per
5-second word presentation (after skipping every other snap-
shot). Consequently, a single task with 50 words yielded 50
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Table 1 Experimental design information

Parameter Count Definition

Sessions 2 Single recording session per participant per task (1 for emotional va-
lence, another for noun/verb)

Total Unique Words 100 No word repetitions across entire experiment

Repetitions Per Word 0 Each word presented exactly once

Words Per Class 50 50 words for emotional valence / 50 words for noun/verb

Trials Per Class 50 One trial = one word presentation

Total Trials Per Participant 100 50 (Class A) + 50 (Class B)

Snapshots Per Trial 125 125 FFT snapshots per word/trial

Total Snapshots Per Participant | 12500 (100 words in total across both classes) x 125 snapshots per word

x 125 = 6,250 FFT samples per participant, while combin-
ing both tasks (100 unique words total) produced 12,500 FFT
samples available for model training and evaluation.

EEG Preprocessing

EEG preprocessing was conducted entirely through a custom
pipeline developed using NumPy, TensorFlow, and Scikit-
learn. It’s important to note that bandpass filtering and line-
noise removal occurred automatically during real-time data
streaming. The “timeseriesfilt” stream capability from the
OpenBCI LSL software applies these filters automatically,
eliminating the need for any additional offline bandpass or
notch processing.

The preprocessing sequence consisted of the following
steps. First, bandpass filtering was applied over the 0.5—
100 Hz range (handled automatically within the filtered LSL
stream). Second, line-noise removal was achieved via notch
filtering at both 50 Hz and 60 Hz to eliminate electronic in-
terference (again performed automatically by the “timeseries-
filt” stream). Third, normalization was carried out using a
percentile-based method applied to each channel. For every
channel, signal values were rescaled according to the range
spanning the 5th to 95th percentiles. This normalization tech-
nique mitigates the influence of extreme outliers and artifacts
(very important in the case of EEG), promotes greater con-
sistency across recording sessions and participants, and was
executed as the final step immediately before the data were
inputted into the decoding models. This method was cho-
sen over log-scaling or z-scoring as it makes no assumptions
about the underlying data distribution and is better suited for
the “messiness” and abnormalities of neural signals.

Feature Extraction & FFT Sampling

With regards to sampling, I compared two methods of sam-
pling and representation.

The first approach used raw time-series data. After pre-
processing, each 5-second epoch retained its original shape of
(channels, timepoints) and was fed directly into the convolu-
tional neural network. For compatibility with the EEGNet-
inspired baseline model, an additional dimension was ap-
pended, resulting in an input shape of (channels, timepoints,
D).

The second approach employed an FFT-based representa-
tion and sampling method, which utilized a form of data am-
plification (illustrated in Appendix B: Flowchart 2). The mo-
tivation for this method stemmed from not only the ability
of frequency-domain features to highlight activity in certain
bands (e.g delta, theta, alpha, beta, gamma) but also given
the known fact that more data improves models. Within each
trial, the sliding FFT produced approximately 250 temporal
“snapshots” over the 5-second trial duration. To increase
the dataset size while maintaining integrity, I implemented
two strategies inspired by Lashgari et al., 2020"°. First, all
train/validation/test splits were performed at the trial level, en-
suring no snapshots from the same trial appeared across dif-
ferent dataset groups. Second, within each trial, we sampled
every other snapshot (yielding 125 samples per trial) rather
than using all consecutive snapshots, as this would yield high
temporal dependency. Note that taking FFT snapshots at a re-
duced frequency (every 10th snapshot instead of every 2nd)
scales is indirectly proportional to accuracy. In other words,
less FFT data correlated with lower accuracies. Also, it’s
critical to point out that the FFT implementation used non-
overlapping windows (window size = ~ 20 ms), ensuring
that each snapshot was computed from entirely distinct seg-
ments of the raw signal as inspired by Huang et al., 20237,
The sampled snapshots therefore represent disconnected 20
ms epochs with a 40 ms gap between consecutive samples,
eliminating any direct signal overlap between training sam-
ples while reducing short-range correlation in samples them-
selves. The validity of this approach is supported by our
results: models trained on subsampled FFT snapshots out-
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performed those using averaged representations (49.5% ac-
curacy), demonstrating that the temporal structure captured
by individual snapshots contains genuine discriminative in-
formation rather than leakage artifacts. Furthermore, LIME
analysis revealed these “FFT amplified” models learned to pri-
oritize artifact-free channels and suppress noise-contaminated
channels (Figure 6) without intervention, indicating the model
discovered valid patterns rather than exploiting dependencies.
While we acknowledge that complete statistical independence
between snapshots cannot be guaranteed due to the inher-
ent structure and unknown patterns of neural signals, the ap-
proach balances the practical need for adequate sample size
with meaningful mitigation of “residual dependency”, espe-
cially in the case of single-participant, low-data, task-specific,
within-session decoding'0.

The FFT extraction used the following parameters. Fre-
quency content was limited to 1-60 Hz, producing 60 bins
per snapshot. After sampling every other “frame”, 125 snap-
shots per trial were retained. Each individual FFT snapshot
underwent the same percentile-based normalization (5th—95th
range per channel) as applied to the time-series data. For in-
put to convolutional networks, every snapshot was reshaped
into a 2D representation of (channels, frequency bins), or (4,
60). The resulting snapshot input remained three-dimensional
(consistent with the time-series format).

When processing 50 word trials via FFT, the raw collected
shape was a four-dimensional shape of (50 trials, 250 snap-
shots, 4 channels, 60 bins). After selecting every other snap-
shot, this expanded to approximately (6250 samples, 4 chan-
nels, 60 bins), making the data directly compatible with stan-
dard CNN batch processing (with a 3 dim input shape). Al-
ternative strategies were also examined, including averaging
across all 250 snapshots per trial to produce a compact shape
of (50, 4, 60); however, as anticipated, this was “lossy” and
led to notably poorer decoding performance compared with
the amplified dataset (see Appendix B: Confusion Matrix 1
for quantitative comparison).

Model Architectures & Development Pipeline (see Ap-
pendix A for detailed architectures)

I developed the modeling strategy iteratively. Starting from
an EEGNet-style baseline trained on time series data, I
moved to spectral inputs (FFT snapshots) to amplify ef-
fective sample size and expose frequency features. Ex-
plainability via LIME and early-layer weight evaluations
then guided multiplicative channel reweighting (which re-
duced artifacts/noise). To efficiently reuse trained mod-
els across tasks I built a fused multi-head model that con-
catenates early weights and uses task-specific heads. Fi-
nally, leveraging word-embedding clusters to add biases, I
designed the Embedding-Constrained architecture consist-

ing of cluster-specific branches (e.g. emotion-focused low-
frequency branch; sensory-focused high-frequency branch).
An alternative strategy that enforced embedding prediction as
an “auxiliary regularizer” was evaluated but found to show
unstable optimization, over dependencies, and poor accura-
cies'®. Hence I focus on the embedding-constrained approach
as the primary model. Below is a more detailed description of
each of these approaches.

First, an EEGNet-style baseline was implemented follow-
ing the compact convolutional architecture originally pro-
posed in EEGNet, which employs multiple specialized filters
to efficiently capture “spatiotemporal patterns” in EEG sig-
nals with a relatively small model®. The main layers included
depthwise (for spatial filtering) followed by separable convo-
lutions (capture temporal dynamics).

Several variants were explored to enhance interpretabil-
ity and performance. First, LIME-guided channel reweight-
ing was incorporated. After training the EEGNet-style mod-
els, early-layer weights were extracted and LIME (Local
Interpretable Model-agnostic Explanations) was applied to
measure the contribution of each channel to the predic-
tions/outputs, while also helping to identify channels infected
by artifacts or noise. Channels were then reweighted (multi-
plicative scalar) at the input level according to their estimated
importance (essentially down-weighting noisy or uninforma-
tive channels and boosting those that were informative).

Second, a fused multi-head model was developed through
fusion. Separate single-task models were first trained inde-
pendently for the emotional valence and part-of-speech tasks.
Their early convolutional weights were then extracted, con-
catenated to form a shared “fused” encoder, and task-specific
classification heads were attached. It’s worth noting that an
attention mechanism was introduced early on to enable the
model to prioritize certain features during certain tasks. In
the end, the features are concatenated, however. This pro-
cess demonstrated the feasibility of multi-task fusion but ul-
timately highlighted the diminishing performance of smaller,
multi-task systems.

The primary proposed model, named the Embedding-
Constrained EEG Architecture, introduced a neuroscience in-
formed design (detailed model specifications are provided in
the Results section, Figure F, and Appendix A: Tables Al,
A2, A3). The pipeline proceeded as follows. Word embed-
dings for the complete stimulus set (n = 100 words) were
first generated using OpenAl’s text-embedding-3-small model
(dim = 1536)"°. These embeddings were then clustered into
K semantic archetypes (K was arbitrarily selected to demon-
strate a proof of concept; in the reported experiments K = 2),
yielding clusters that captured broad semantic groupings such
as emotional valence, concrete/sensory content, abstract con-
cepts, noun-like versus verb-like properties, and other distinc-
tions. Increasing K would improve robustness of the model
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and increase the nuance of these groups; however, it would
also increase complexity. Cluster identities were determined
by inspecting the words nearest to each centroid, which served
as representative examples for interpreting and labeling that
archetype/cluster.

For each identified grouping, a dedicated processing branch
was constructed, with convolutional filter sizes biased toward
frequency bands known to carry relevant neural signatures for
that group (e.g., emphasizing delta, theta, and alpha bands
for emotion-related processing; incorporating beta and gamma
bands for noun/verb distinctions)!32%, This was informed
by current literature which finds that “delta, alpha, and beta
frequency bands correlate highly with emotions” and “theta
power increases for verbs as compared to nouns”Z. Each
branch received FFT-based input in the form of (channels, fre-
quency bins). Branch outputs were concatenated and fed into
shared dense layers before branching again into task-specific
classification heads. It’s important to note that word embed-
dings were used exclusively during architecture construction
and never provided as input during training or inference. This
ensured the model was forced to discover genuine EEG pat-
terns rather than shortcutting to the cleaner semantic informa-
tion from the embeddings (earlier tests showed that including
embeddings directly in training frequently caused the model
to over-rely on them and hinder the learning of EEG represen-
tations).

As an alternative strategy for comparison, an embedding-
as-regularizer approach was also implemented. This alterna-
tive approach introduced an auxiliary loss term that encour-
aged the learned EEG feature embeddings to align with the
corresponding word embeddings via cosine similarity. The
intention was to bring about a shared embedding space that
represented neural signals and text meaning. However, this
regularization strategy led to over dependence on the embed-
ding signal, and ultimately poorer decoding performance com-
pared to the embedding-constrained architecture. Despite this,
it was included here to explore different ways of leveraging
pretrained word embeddings (which are rich in information)
in EEG decoding.

Loss Functions & Optimization

Loss functions used categorical cross-entropy combined with
focal loss (gamma = 1.5, alpha = 0.25). This choice addressed
the ever-so-slight class imbalance present in the emotional va-
lence task (20 positive, 15 neutral, 15 negative words), while
the part-of-speech task remained naturally balanced.

The Adam optimizer was used consistently, with an initial
learning rate of 1 x 10~3 when training models from scratch
and 1 x 10~* when training fused models. Batch sizes were
set to 32 for the FFT-snapshot inputs to leverage the larger
effective sample size, while smaller batches of 16 were used

for raw time-series inputs with memory constraints in mind.

Training ran for a maximum of 100 epochs, with early stop-
ping triggered after 20 epochs of no improvement in validation
loss.

Evaluation Metrics & Statistical Tests

Evaluation metrics and statistical tests centered on classifica-
tion accuracy as the primary performance measure. Chance-
level baselines were 33.3% for the three-class emotional
valence task and 50% for the binary part-of-speech task.
Other analyses included confusion matrices, LIME-based in-
terpretability outputs, and visualizations of learned convolu-
tional weights.

To get accuracy estimates, the following procedure was ap-
plied after final training: the validation or test set was re-
peatedly shuffled, a random subset comprising 40-80% of
the samples was drawn without replacement, the model was
evaluated on that subset, and this process was repeated 100
times. The resulting accuracies were averaged to mitigate the
influence of any particular data ordering or bias. Final re-
ported accuracies are coupled with 95% Wilson confidence
intervals. Cross validation was not utilized due to the use of
non-overlapping snapshots. Cross validation would mix these
snapshots and cause data leakage. By controlling the held-out
test set we can work to mitigate this issue while still amplify-
ing data for the model.

Also, the following is important to note: while accuracy is
reported at the snapshot level, trial-level majority vote accu-
racy can be estimated analytically. Given 125 snapshots per
trial at even 90% snapshot accuracy, the probability of major-
ity vote misclassifying a trial is negligibly small, suggesting
trial-level accuracy would not meaningfully shift in any way.

Explainability & Reweighting

Furthermore, LIME was applied to the trained EEGNet-
style models to estimate per-channel contributions to sam-
ple predictions. These LIME scores directly informed chan-
nel reweighting. Again, in other words, channels consis-
tently flagged as artifact-heavy or “not very” predictive were
assigned a multiplicative down-weighting scalar at the input
stage, after which the affected models were trained again. Per-
formance with and without this reweighting step is reported,
along with experiments that involved no reweighting.

Results

To determine whether FFT data improves classifier perfor-
mance relative to raw time-series input, I trained identi-
cal EEGNet-style architectures on preprocessed time-domain
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Fig. 1 Confusion matrices (CM) for various baseline models (see appendix for model architectures), evaluated on held-out test data related to
emotional valence. This sheds light on the efficacy of FFT vs. time-series models and provides a point of reference. Left to right: (1) CM for
EEGNet inspired model trained on time series data. Reported a 88% mean accuracy. (2) CM for EEGNet inspired model trained on FFT data
(see methods for data collection processes). Reported ~95% mean accuracy and a ~8% mean improvement from the time-series model. (3)
CM for EEGNet inspired model trained on FFT data using the mean of 250 samples (see methods). Reported mean accuracy of 49.5% (this

model ignored).

epochs and FFT snapshots derived from the exact same tri-
als (data amplification was conducted for FFT samples as dis-
cussed in Methods). Both models are single-task models with-
out custom layers or adaptations.

It was concluded that FFT-trained models significantly out-
performed time-series models for both emotion and POS
tasks, indicating that FFT data both exposes valuable features
and allows for increasing training sample size, which in turn,
is shown to benefit model performance (see Figure 1). Specifi-
cally, FFT models outperformed time-series by ~8% on emo-
tion and ~4% on POS (Figure. 2; see Appendix B: CM 2
for POS). All the models in Figure 1 consisted of the original
architecture outlined in Appendix A: Table B1.

To identify channel/frequency contributions and reduce ar-
tifactual/noise influence in the baseline time-series model, 1
applied LIME and early-layer weight visualization and tested
multiplicative channel reweighting followed by re-training on
the baseline time-series model evaluated in Figure 1. LIME
indicated that channels 1 and 2 contributed most to emotion
discrimination and were therefore not modified with weights.
After weight visualization, Channels 3 showed artifact-like
signatures (e.g. spikes including EMG likely from eye move-
ments hence the symmetric oscillations) and were then used
for down-weighting (see Figure 2). Figure 3 graphs the influ-
ence of individual channels from the LIME analysis. I applied
multipliers w (0 < w < 1) to channels with artifacts or heavy
negative influence (channels 3 and 4) then retrained the model
(see Methods).

Scalars, w, were applied to solely the training data on chan-
nels with artifacts or large negative influence. In doing so,

I guide the model in learning relevant patterns and steering
away from relying on noise. Many weights were experimented
with (see Appendix B: CM 1), but the weights [1, 1, 0.6, 0.6]
resulted in the highest accuracy and an increase from the un-
weighted model (see Figure 4). Weights were applied to chan-
nels 1 (TP7), 2 (TP8), 3 (F7), and 4 (F8) respectively.

The new learned features and weights were analyzed. This
was done in the same manner using LIME analysis. Figure
5 displays the average contribution per channel of the newly
weighted model. The newly weighted model no longer de-
pended on artifacts in channel 3 (chan. 2 on figure). With this,
the model began to utilize channel 2 (chan. 1 on figure) to a
greater degree which was rich in patterns.

Through extensive weight analysis and subsequent
reweighting, accuracies can be significantly improved. This
same pipeline was utilized in noun/verb classification in
which the same trends arose (see Appendix B: CM 3 and
Analysis 1 for more details). While this may be plausible it
is often tedious, time consuming and resource intensive. In
figure 6 I demonstrate the innate ability of FFT models to
more

efficiently and accurately rely on correct channels across
both emotion and POS tasks (see Figure 7; Appendix B: Anal-
ysis 1) The FFT model clearly has correctly relied less on
channels 3 and 4 (2 and 3 on the figure). This FFT model
accuracy exceeded that of the baseline time-series model by
~9% and the weighted time-series model by ~6%.
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DepthwiseConv2D Weights per EEG Channel
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Fig. 2 Graphs of the EEGNet inspired time series model depthwise filter weights. This was the model evaluated in Figure 1 on emotion tasks.
This is a spatial filter that learns patterns from each individual channel (see methods). Channel 3 shows distinct, sharp, oscillatory patterns
which are all signatures of eye artifacts. This is corroborated by the fact that channels 3 and 4 are frontal electrodes (F7 and F8 respectively).
It becomes apparent which channels are artifact heavy and must be downweighted.

Fused Multi-head Model (fine-tuning fusion)

To create an efficient multi-task model without retraining from
scratch, using existing FFT models (due to its efficacy demon-
strated above), I fused early convolutional encoders from these
independently trained single-task FFT models and fine-tuned
shared dense layers plus task-specific heads (see methods).
The models evaluated in the following figures used early
learned weights from the emotion and POS single-task mod-
els. These were then concatenated into a fused encoder. In
figure 7, the fused model (see Appendix A: Table C1 for ar-
chitecture) underperformed single-task models (~16% worse
on emotion, ~9% on POS; Fig. 7). LIME showed artifact
reliance (Fig. 8), and reweighting yielded negligible gains
(~0.3%; Figs. 9-10).

Fusing early encoders allows for the reuse of learned
spectral and spatial filters and reduces training cost and re-
source use. The weighted, fused model offered a modest im-
provement in combined multi-task accuracy while only some
decline in per-task performance. However, the futility of

reweighting causes a problem in optimizing and boosting ac-
curacies of these types of models. Additionally, it’s clear
that the shared representations hinder performance (a common
phenomenon in EEG decoding). Brain activity is incredibly
distinct and non-stationary (a result of subject differences and
a lack of standardization), both among participants and tasks,
making a valuable shared representation incredibly difficult to
achieve??, Often, as likely in the case of this experiment, the
model is unable to distinguish the signals from the representa-
tion space. Hence, a new approach to multi-task classification
will be explored in the following section.

Embedding-Constrained EEG Architecture (proposed
model; see Appendix B: Flowchart 2)

To test whether linguistic structure can inform architecture de-
sign, I clustered word embeddings into semantic groups and
built specialized branches per group (embeddings were not
used at inference). Architecture summary (see Appendix B:
Flowchart 2): K = 2 clusters (method = KMeans, embeddings
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Average LIME Contribution per Channel For Model Unweighted EEGNet Model
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Fig. 3 Graphs of the EEGNet inspired time series model average channel contribution for the model evaluated previously. Using LIME
analysis, it’s clear that there is an overreliance on channel 3 (channel 2 on figure) which possesses some artifacts. The model seems to be
ignoring channels 1, 2 and 4 (channel 0, 1 and 3 on figure respectively), which likely contains rich EEG information. This information aligns
with the weight visualization that helped estimate the artifact heavy channels.

eegnet_model_1_averagepooling_50epochs_channelweighted[1166]20250731-2243
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Fig. 4 The CM for the time-series model with weights [1, 1, 0.6,
0.6] is evaluated with a mean accuracy of 90%. This is a mean
increase of ~3 points from the unweighted model. Note, weights
were applied during training data and not during testing. Here it
becomes apparent that reweighting can have a quantifiable effect.

of dimension = OpenAlI’s text-embedding-3-small). The em-
beddings are of dimension 1536 and cosine similarity is used
to measure clustering distance. Branches: dynamically ad-
justed based on clustering results (See Methods & Appendix
A: Table A1 for more details.)

The embedding-constrained model was trained from scratch
using FFT data from both emotion and POS tasks (see Re-
sults, C), processing EEG inputs in parallel via specialized
branches derived from embedding clusters (e.g., emotion, con-
crete/abstract, noun/verb), each with neuroscience inspired fil-
ters tuned to relevant frequencies. Branch outputs are concate-
nated into a shared layer, enabling the model to learn branch
weighting for final classification. With embeddings, it dy-
namically analyzes stimulus words, leveraging semantic rep-
resentations, to build these branches, though currently man-
ually designed (automatable via OpenAI API)!?. This archi-
tecture significantly outperformed baselines and fused models,
and matched single-task emotion performance (see Figure 11).
It was ~4% better than single-task POS, and ~12.5% better
overall than the best multi-head fusion.

Embedding-as-regularizer strategy (alternative)

To contrast with architecture-level embedding usage, I imple-
mented an auxiliary embedding-prediction loss (cosine sim-
ilarity) to force EEG features toward semantic vectors and
evaluated its performance relative to the proposed model. I hy-
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Average LIME Contribution per Channel For Model Weighted EEEGNet Model (Weights: [1.0, 1.0, 0.6, 0.6])
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Fig. 5 The average channel influence on the output is displayed from the LIME analysis for the newly weighted time-series model. An
increase in non-artificial channel 2 (chan. 1 on figure) is evident along with a decrease in reliance on artificial channel 3 (channel 2 on figure).
Once again, reweighting clearly has an effect in redirecting the model to potentially important channels (especially those farthest away from
the eyes).

Average LIME Contribution per Channel For Model FFT-EEGNet (12500 samples)
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Fig. 6 The LIME analysis for our baseline FFT model is shown. Clearly, it learned to rely more on channels rich in true EEG signals without
relying on external weighting. This was inherent and not artificially induced, pointing to the idea that this model learned a richer, more
informative representation.
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Emotion Classification
Overall Accuracy: 74.1%
Per-class: Negative: 99.1%, Neutral: 68.5%, Positive: 54.7%
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Fig. 7 Multi-head, independent classification mean accuracies are reported in the CM’s above. Compared to the single-task, emotion baseline
model the multi-head model performed ~16% worse on emotion tasks. Compared to the single-task, noun/verb (POS) baseline model the
multi-head model performed ~9% worse on this specific task. This is the first sign we see of hindered performance when multiple tasks are
introduced. It leads us to conclude that multi-task classification with EEG only increases the complexity and noisiness of the signal, especially

as these representations are likely distinct.

pothesized that a loss forcing the model to learn vectors would
compete with the EEG loss, resulting in lower accuracies and
less learned EEG patterns (and hence an overreliance on em-
beddings).

This approach dropped accuracy ~20-30% and caused in-
stability/overfitting, supporting architecture-level biases over
auxiliary losses.

Summary of mean test accuracies over 100 shuffled eval-
uations (accuracies are reported with 95% Wilson binomial
confidence intervals; note: for time-series models, CI will be
large due to small testing sizes but this is mitigated through
shuffling and averaging for confidence (see methods).

Discussion

I introduced and analyzed strategies for semantic decoding
from minimal EEG. I introduced FFT data amplification from
short FFT snapshots, channel reweighting, fusion for multi-
task classification, and finally an embedding-constrained EEG
architecture using word embeddings just during design. Un-
der constraints of four channels and 50-100 stimulus words,
this model achieved the strongest performance across emo-
tional valence (negative/neutral/positive) and part-of-speech
(noun/verb) tasks. FFT-trained models consistently outper-
formed time-series baselines, highlighting spectral data’s ef-
ficacy in data-limited scenarios (see Results and Table 1).
The embedding-constrained gains come from encod-

ing neuroscientifically informed biases into network struc-
ture, with specialized branches tuned to certain frequency
bands (e.g., delta/theta/alpha for emotion; beta/gamma for
noun/verb2), This builds on current optimization techniques
for EEG architectures!®. In contrast, the “embedding-as-
regularizer” approach showed poor accuracy due to optimiza-
tion conflicts in noisy data, underscoring the advantages of
simpler biases over multiple losses. This follows general
intuition of Ocaam’s Razor: the simplest solution is often
the best or in this case, overcomplicating the loss function
leads to worse results. Additionally, because a loss function
is intended to guide the model, having multiple “guides” is
often detrimental and leads to inevitable confusion. EEG-
Net’s design allowed for an explainability pipeline (depth-
wise/separable filter inspection + LIME) that identified ar-
tifactual channels and guided reweighting for accuracy im-
provementsZ.

Several limitations deserve highlighting; they are enumer-
ated in order of importance and/or affect. First are the FFT
amplification risks bias despite precautions. Such precautions
were employed here due to small datasets, single-participant
scope, and task-specific goals, but further steps should be
taken to mitigate this potential issue for larger, more diverse
datasets. Second, lacking cross participant testing limits in-
ference strength. Third, consumer EEG hardware (OpenBCI
Ganglion) adds noise, adding practicality, but limiting gen-
eralizability. Fourth, branch designs depend on embedding
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EEG Channel Importance Analysis via LIME
(Task-Specific Channel Configurations)
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Fig. 8 The baseline multi-head model, after evaluation, was analyzed using LIME analysis and weight visualization. It’s evident that there is a
strong reliance on all channels including those likely abundant with artifacts. This could hinder performance, especially on the test data,
generalization, or learning true patterns. It also suggests that it was unable to discriminate between noise and information, blending everything
together when the task models were fused (further supports the argument that the task representation spaces are distinct and incompatible).

models and clustering, potentially causing less ideal architec-
tures (as evidenced by small POS gains (~2%) versus emo-
tion (~7%)). Fifth, because EEG signals exhibit strong in-
dividual variability, solely within-participant evaluation may
inflate decoding accuracy by allowing models to exploit par-
ticipant specific signal traits/patterns rather than generalizable
representations 24 To this end, I must limit the broader inter-
pretation of these results as they may arise solely as a product
of the participants used®. While this limitation can be seen
as only a negative, it does also introduce a question regarding

the future potential of lightweight, easily adaptable models for
certain tasks or participants. Finally, while LIME analysis is
a commonly employed technique to view features, it also is
known that it can exhibit instability and/or volatility>>. This
consequence has the potential to distort or diminish the chan-
nel attribution analysis. With this in mind, it would be ben-
eficial to explore other interpretability methods or correct the
measurements based on known instability.

This work demonstrates a low-cost, small-scale BCI proof-
of-concept for semantic decoding. Utilizing few channels and
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Emotion Classification
Overall Accuracy: 74.7%
Per-class: Negative: 84.1%, Neutral: 65.5%, Positive: 74.5%
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Fig. 9 After weighting by multiplying by [1, 1, 0.75. 0.75] to channels 1, 2 ,3 and 4 respectively, the multi-head model had a net increase of
0.3% compared to the unweighted multi-head model. For emotion classification (the left), the weighted model performed better by 0.6%. For
POS classification, the model accuracy decreased by 0.4%. Overall, the model exhibited very little change relative to its baseline model. This
lack of movement is indicative of heavy noise and an inability to distinguish and find meaning in the representation space.

Table 2 Experimental results summary for all configurations

Model / Representation Emotion acc (%) | POS acc (%) mean Combined, mean | Task Count
mean acc (%)

Time-series EEGNet 87.50% 89.74% 88.62% Single task
95% CI: 46.48-98.26 | 95% CI: 48.9-98.83

FFT-EEGNet 95.77% 93.94% 94.86% Single task
95% CI: 94.94-96.43 | 95% CI: 92.57-95.06

Time Series + LIME | 90.12% - 90.12% Single task

reweight 95% CI: 61.74-98.05

Fused multi-head (with best | 74.70% 80.6% 77.65% Multi-task

weights) 95% CI: 73.59-75.72 | 95% CI: 79.23-81.8

Embedding-constrained 94.12% 93.04% 93.58% Multi-task
95% CI: 93.42-94.96 | 95% CI: 92.16-93.83

Embedding-regularizer 64.95% 73.82% 69.39% Multi-task
95% CI: 63.21-66.35 | 95% CI: 72.53-75.42

limited trials, it leverages linguistic knowledge for a compact
architecture and employs FFT data amplification when gener-
alization is not required.

Recommended next steps: replicate with diverse groups
to assess generalization and fine-tuning. Explore alternate
clustering methods and semantic tasks for flexibility. De-
velop methods for across subject accuracy. Optimize electrode
placements and conduct real-time evaluations. Finally, reduce
data amplification reliance for larger datasets.

Conclusion

FFT sampling generated larger training sets with little ex-
pected leakage, showing better performance over time-series
inputs. Reweighting provided single-participant gains, while
fused multi-head models enabled decent multi-task accuracy.
The embedding-constrained architecture delivered strongest
accuracies (~93.5%), requiring only EEG at inference and
showing strong performance across tasks with quick, resource
light training. These findings illustrate how neuroscience in-
formed biases and FFT features can reduce data and hardware
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EEG Channel Importance Analysis via LIME
(Task-Specific Channel Configurations)
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Fig. 10 LIME analysis is shown below for the newly weighted model showing less reliance on channel 3 compared to the baseline multi-head
model, yet overall the model struggles to discriminate between channels. However, the weighting still resulted in minuscule improvements in

channel reliance and in overall accuracy as seen in Figure 9.

demands for semantic BCI’s. Future efforts should expand
experimental size, add more specialized pathways, automate
cluster analysis, reduce reliance on amplification, and enable
real-time decoding.

APPENDIX

See the detailed appendix here: https://github.com/
benski20/EEG_RESEARCH_APPENDIX.git
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Fig. 11 Shown are the CM’s for both emotion and POS tasks evaluated on the embedding constrained model using held-out test sets. The
clusters showed groups of emotional related words as well as nouns & verbs, and therefore evaluated as such. Both tasks were evaluated
independently with POS classification reaching an accuracy of 93.04% and emotion classification reaching an accuracy of 94.16% accuracy.
This brings to light the advantages of using an ensemble method and specialized processing branches, a luxury that the multi-task model was

not afforded.
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