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Abstract
Non-invasive brain-to-speech decoding aims to
restore communication to patients suffering from
neurodegenerative disease, without the risks of
neurosurgery. Existing M/EEG-based methods,
while scalable, continue to suffer from high word
error rates driven by extremely low signal-to-
noise ratios as task-agnostic brain activity domi-
nates recordings. We propose physiological noise
augmentation (PNA), an ICA-based data augmen-
tation method that explicitly trains decoders to be-
come invariant to artifacts (e.g. ocular and cardiac
activity), using NLP-inspired feature remixing to
generate biophysically realistic, label-preserving
training examples. Combining PNA with multi-
trial averaging suppresses residual unmodeled
variability that is not phase-locked across repeated
trials. We further show that, to first order, PNA ap-
proximates anisotropic regularization that penal-
izes decoder sensitivity along artifact-dominated
directions. On MegNIST, a 12-hour imagined-
digit MEG dataset, PNA with 10-trial averaging
achieves 70.9% decoding accuracy using EEG-
Net, improving performance by 8.76% over train-
ing on real data alone. Our results suggest that
artifact-aware augmentation and trial averaging
are complementary tools for improving robust-
ness in non-invasive speech BCIs.

1. Introduction
Neurodegenerative disease, stroke, and cervical spine in-
juries collectively affect more than 110 million patients
globally, and often irreversibly impair one’s ability to artic-
ulate thoughts into speech (Feigin et al., 2021; Injury et al.,
2019; Park et al., 2022). For nearly four decades, brain-to-
speech research has sought to restore communication for
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these patients, yet this goal remains a central challenge at
the intersection of neuroscience and biomedical engineering
(Farwell & Donchin, 1988; Birbaumer et al., 1999; Wolpaw
et al., 2002; Card et al., 2024). Although recent intracranial
brain-computer interfaces (BCIs) have achieved increas-
ingly accurate decoding of intended speech from cortical
activity (Moses et al., 2021; Willett et al., 2023; Card et al.,
2024), these invasive systems carry risks of neurosurgical
complications and long-term electrode instability (Leuthardt
et al., 2021).

Consequently, there is a growing imperative to develop
safer and more accessible non-invasive alternatives based on
magnetoencephalography (MEG), electroencephalography
(EEG), or functional magnetic resonance imaging (fMRI)
(Wolpaw et al., 2002; d’Ascoli et al., 2025). Non-invasive
brain recordings, however, suffer from low signal-to-noise
ratio (SNR), particularly in the context of imagined speech,
which lacks overt articulatory and auditory feedback (Pei
et al., 2011; Martin et al., 2018; Panachakel & Ramakrish-
nan, 2021; Martin et al., 2014; 2016). For several decades,
this limitation has been addressed using multi-trial averag-
ing, in which repeated recordings of the same thought are
averaged to enhance phase-locked signal relative to indepen-
dent noise (Sutton et al., 1965). However, this approach is
often slow and burdensome, as users must repeat themselves
several times, which limits practical applicability.

Concurrently, data collection bottlenecks have motivated
augmentation strategies to expose decoding models to a
broader range of realistic test-time conditions. While of-
ten modestly beneficial, existing augmentations typically
operate at the input signal level rather than targeting under-
lying neurophysiological artifacts, leaving models exposed
to structured noise that dominates imagined speech signals
(Luo et al., 2021; He et al., 2021).

We address this gap by introducing physiological noise
augmentation (PNA), a data augmentation framework that
isolates artifact-related independent components (e.g., oc-
ular and cardiac activity) and re-injects remixed variants
to generate physiologically realistic, label-preserving train-
ing examples. By exposing the decoder to a wider range
of artifact realizations, PNA encourages invariance to nui-
sance structure and promotes reliance on task-relevant sig-
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Figure 1. Methodological breakdown of physiological noise augmentation.

nals. Combined with multi-trial averaging to reduce residual
variability, this approach reduces the number of repetitions
required to achieve strong decoding performance.

Contributions. We introduce PNA, an ICA-based frame-
work for M/EEG brain-to-speech that promotes invariance
to task-agnostic artifacts by remixing artifact-related inde-
pendent components. PNA generates realistic sensor-space
perturbations by scaling artifacts according to the empirical
distribution of energy ratios. We provide theoretical sup-
port for PNA by showing that, under multi-trial averaging,
the method is first-order equivalent to anisotropic weight
decay that penalizes weight directions aligned with tracked
artifacts. Empirically, PNA substantially improves perfor-
mance on the MegNIST imagined speech dataset, increasing
decoding accuracy by 8.76% over real-data baselines and
reaching 70.9% accuracy with EEGNet.

Our codebase is publicly accessible at [Link omitted for
blind review]. A detailed review of prior work is provided
in Appendix A.1.

2. Method
We model brain-to-speech decoding as a multiclass classi-
fication problem over a fixed vocabulary, V . Given a dis-
crete spatiotemporal recording X = [x1, . . . ,xT ] ∈ RC×T ,
where C is the number of sensors (channels), T is the

number of time samples, and xt ∈ RC denotes the sen-
sor measurements at time t, our goal is to learn a decoder
fθ : RC×T → V that maps X to a vocabulary item. In
practice, X is an additive mixture of task-relevant neural
activity, Xtask, and task-agnostic physiological ‘artifacts’,
Xartifact, such as cardiac or ocular activity.

Noninvasive decoding is often confounded by artifacts that
co-vary with the stimulus. We therefore seek a decoder that
is structurally invariant to the artifact subspace, satisfying

fθ(v |Xtask,Xartifact) = fθ(v |Xtask), ∀v ∈ V. (1)

2.1. Physiological Noise Augmentation

PNA enforces Equation (1) in three steps (Figure 1): (i)
recording nuisance reference channels during data acqui-
sition, (ii) identifying and removing artifact-related ICA
components, and (iii) re-injecting scaled artifact projections
into the cleaned data to generate physiologically plausible
synthetic samples.

Step 1: Measuring artifacts. During recording experi-
ments spanning Ttotal time steps, we collect reference wave-
forms for task-agnostic artifacts.1 In MegNIST data used
for our experiments, electrooculography (EOG) and elec-

1Recording experiments are generally divided into several ses-
sions, with independent component analysis repeated for each
session to account for changes in sensor placement.
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trocardiography (ECG) are recorded to capture ocular and
cardiac activity, respectively (Figure 1A). Let ϕp ∈ RTtotal

denote the reference time series for artifact p ∈ P .

Step 2: Removing artifact-correlated sources. PNA as-
sumes that sensor recordings may be separated into statis-
tically independent source components using independent
component analysis (ICA) (Bell & Sejnowski, 1995), which
we overview in Appendix A.2. We fit FastICA (Hyvärinen,
1999) on recordings using MNE-Python (Gramfort et al.,
2013), yielding source estimates, Ŝ.

Artifact-related components are identified by their correla-
tion with reference channels. For each tracked artifact type
p ∈ P , we define

Sp = {i ∈ {1, . . . , N} : |ρ(ŝi, ϕp)| ≥ τp} ,

as the set of associated nuisance component indeces. Here,
ŝi ∈ RT is the time-series of the i-th ICA component (the
i-th row of Ŝ), ϕp denotes the reference time-series for
artifact p, and ρ(·, ·) is Pearson correlation computed over
Ttotal time samples. τp are selected correlation thresholds.

Similarly, we define the set of clean indeces, C, as the set
of ICA component indeces remaining after removing all
artifact-correlated indeces,

C = {1, . . . , N} \
⋃
p∈P
Sp. (2)

The cleaned recording, Xclean, is recovered by linearly pro-
jecting the retained clean ICA components back into sensor
space. Figure 7 in Appendix D shows a topographical and
waveform view of extracted ICA components using EOG
(ocular) and ECG (cardiac) reference signals, alongside ICA
component correlations.

Step 3: Augmenting with physiological noise. We gener-
ate augmented trials, Xaug, using the structure

Xaug = Xclean +
∑
p∈P

cpXp. (3)

Here, Xp represents the sensor-space projection of com-
ponents indexed in S(q)p , and cp is an empirically sampled
scaling coefficient. For each augmented trial, we opt to sam-
ple cp to match realistic artifact conditions and to simulate
a broad range of signal-to-artifact ratios. We describe this
process in Appendix A.3, and we provide pseudocode for
the full augmentation procedure in Algorithm 1 (B.1).

Thus far, we have only considered the effect of tracked
artifacts on decoding. Optionally, after applying PNA,
we further apply multi-trial averaging to suppress resid-
ual untracked artifacts that are not phase-locked to internal
speech onset. Multi-trial averaging has long been used to im-
prove SNR in noninvasive brain-to-text (Farwell & Donchin,
1988); we provide a brief overview in Appendix A.4.

2.2. Theoretical Motivation

Proposition 1 (PNA as Regularization). Let f(x; θ) be a
differentiable decoder. Let x̄ be the clean K-trial average
and let

δ =
α

K

K∑
i=1

ñi

be the injected, temporally shuffled artifact noise with co-
variance Σδ = α2

K Σn. For sufficiently small α, minimizing
the MSE loss with augmented data is equivalent to minimiz-
ing the clean loss plus a penalty on the Frobenius norm of
the Jacobian weighted by the artifact covariance:

Laug(θ) ≈ Lclean(θ) + Tr
(
Jx̄ Σδ J

⊤
x̄

)
,

where Jx̄ = ∂f(x̄; θ)
∂x̄ is the Jacobian of the model outputs

with respect to the inputs.

Proof. See Appendix C.

Proposition 1 is related to the equivalence between Gaussian
noise and Tikhanov regularization (Bishop, 1995). Under
an MSE objective, PNA is first-order equivalent to minimiz-
ing the clean (artifact-free) loss plus a covariance-weighted
penalty on sensitivity to nuisance directions. It achieves
this by expanding label-preserving nuisance realizations: in-
stead of only naturally occurring signal–artifact pairings, the
decoder sees many plausible combinations with the same
target. This penalizes dependence on specific artifact real-
izations. In effect, augmentation steers the decoder toward
invariance by replacing the dataset-induced nuisance covari-
ance with a broader, deliberately constructed covariance in
the tracked artifact subspace.

2.3. Preprocessing & Implementation Details

In our pipeline, we perform data augmentation before pre-
processing so that augmentation preserves the original rela-
tive scales and variances of physiological signals. We follow
the preprocessing strategy of Défossez et al., 2023, apply-
ing a robust scaler fitted only to the training data to avoid
leakage. Full details are presented in Appendix E.

3. Experiments
We evaluate PNA on the task of classifying imagined digits
from MEG data, and compare to a set of common brain-to-
speech augmentations.

Dataset. We conduct experiments on MegNIST, a single-
subject MEG dataset comprising 12 hours (12,000 trials) of
class-balanced imagined digits (0–9). In addition to MEG
recordings, MegNIST records EOG and ECG reference sig-
nals. Test-time averaging is applied only across consecutive
repetitions of the same class, with no trial reuse. Preprocess-
ing and data splits are detailed in Appendix E.

3
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Figure 3. Classification accuracy of MLP and EEGNet vs.
number of averaged augmented samples. Shaded regions show
95% confidence (SE); all runs use 5 seeds and 10k raw samples.

Models. We train two models for each augmentation setting:
a simple multilayer perceptron (MLP) and EEGNet (Lawh-
ern et al., 2018). Hyperparameters and training procedures
are outlined in Appendix E.

3.1. Decoding Performance and the Effect of Averaging

Table 4 shows an ablation of PNA, using. The framework
yields modest improvements in the single-trial regime (e.g.,
EEGNet: 30.9% ± 1.2% to 32.1% ± 1.3%), however its
impact is substantially amplified when combined with multi-
trial averaging. With 10-trial averaging, accuracies increase
from 46.9% ± 3.2% to 56.6% ± 1.7% for MLP and from
62.1% ± 2.3% to 70.9% ± 1.6% for EEGNet when aug-
mented samples are included, corresponding to an order-of-

magnitude larger gain than in the single-trial setting. This
result suggests that augmentation is most effective once aver-
aging has mitigated extreme low-SNR conditions, allowing
models to better exploit invariances introduced by PNA.
Full results across models and training configurations are
provided in Appendix F.1. We use a 1:1 raw-to-augmented
data ratio for simplicity and as supported by Figure 3.

3.2. Comparison to Baseline Augmentations

Tables 5 and 6 in Appendix F.2 compares the effects of
several augmentation baselines with and without 10-trial
averaging, and combines PNA with each of the baseline
augmentations, further improving performance over aug-
menting only on either.

4. Conclusions and Future Work
We present Physiological Noise Augmentation (PNA), an
ICA-based framework that enforces invariance to physio-
logical artifacts in non-invasive brain-to-speech decoding.
By remixing artifact components to generate diverse, label-
preserving samples, PNA improves decoding accuracy by
8.76% over real-data training alone for MEG-based imag-
ined digit classification with EEGNet. We further show that
PNA and multi-trial averaging are complementary: PNA
reduces sensitivity to tracked nuisances, while averaging
suppresses residual task-agnostic variability, together ap-
proximating anisotropic regularization. Future work will
extend PNA to multi-subject recordings, and will include
additional reference signals (e.g. EMG) to accelerate the
development of viable non-invasive speech neuroprostheses.
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A. Additional Background
A.1. Related Work

We organize related work around three threads that define the technical setting of this paper: non-invasive neural decoding,
MEG speech datasets, and data augmentation for neural time series.

Non-Invasive Neural Decoding. While invasive BCIs have achieved near-errorless attempted speech decoding performance
in the past half-decade (Moses et al., 2021; Willett et al., 2023; Card et al., 2024), noninvasive neural data remains challenged
by low signal-to-noise ratios and relatively scarce training data. Défossez et al. (2023) address the data availability issue by
adopting a contrastive learning objective that aligns non-invasive brain responses with self-supervised speech representations,
identifying the matching 3-s speech segment from MEG with up to 41% top-1 accuracy across participants. d’Ascoli et al.
(2025) scale training across participants, devices, languages, and tasks to learn more transferable word-level representations,
achieving up to 37% balanced top-10 accuracy over a 250-word retrieval set. Jayalath et al. (2025) incorporate linguistic
context through language-model rescoring and out-of-vocabulary predictive infilling, achieving a word error rate of 88% and
a character error rate of 68%. Notably, these works focus on decoding perceived speech. In contrast, we study single-subject
MEG classification of imagined digits, a setting closer to decoding self-generated internal speech in minimally responsive
patients.

Datasets. Recent evidence suggests that data scaling remains the primary bottleneck for high-fidelity noninvasive brain-to-
speech systems (Han et al., 2025). Several high-quality public datasets have emerged recently that contain MEG recordings
of perceived English speech, including MEG-MASC (Gwilliams et al., 2023) (27 subjects, ∼54 total hours), the Deep-MEG
Sherlock dataset (Armeni et al., 2022) (3 subjects, ∼30 total hours), and LibriBrain (Özdogan et al., 2025) (1 subject, >50
total hours). These datasets record neural responses while participants listen to external speech, typically audiobooks, rather
than during internal (imagined) speech. As a result, the data is not directly aligned with the setting of brain-to-speech
systems that aim to decode self-generated, covert language. Currently, MegNist is the only publicly available MEG internal
speech dataset, containing 12 hours of single-subject data of imagined digits (0-9).

Data Augmentation. Data augmentation is a common strategy for improving neural decoders in low-data regimes, but
its effectiveness depends strongly on the task and transformation family (Rommel et al., 2022). Existing neural-signal
augmentations typically fall into two categories: deterministic signal transformations and learned generative modeling (De-
hgan et al., 2025). Signal processing approaches have produced modest single-trial decoding gains through time-frequency
transforms (Wang et al., 2025), SpecAugment-style masking (de Zuazo et al., 2025; Park et al., 2019), and spatial dropout
or channel masking (Gideoni et al., 2024). Generative approaches instead aim to expand the training distribution by
synthesizing neural data, using models such as conditional variational autoencoders (Yano et al., 2024), generative ad-
versarial networks (Song et al., 2024), diffusion models (Torma & Szegletes, 2025), and foundation models for MEG
reconstruction and synthesis (Huang et al., 2025). Our proposed method differs from these strategies by infusing additional
signal information from artifact electrodes to guide physiologically plausible augmentations.

A.2. Independent Component Analysis

Independent component analysis (ICA) is modeled on the assumption that a matrix of spatiotemporal sensor recordings, X,
arises from instantaneous linear mixing of N independent sources, S = [s1, . . . , sT ] ∈ RN×T according to

xt = Ast, for t = 1, . . . , T,

or equivalently,

X = AS, (4)

where A ∈ RC×N is an unknown mixing matrix. Independent component analysis (ICA) seeks to recover latent independent
sources (rows of S), by estimating an unmixing matrix W ∈ RN×C which yields component estimates,

Ŝ = WX, (5)

such that the rows of Ŝ are as statistically independent as possible (Comon, 1994). A canonical objective is to pick the
optimal unmixing matrix, W∗, to minimize the mutual information of the component random variables:

W⋆ ∈ argmin
W∈RN×C

I(ŝ1,:, . . . , ŝN,:) , (6)
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Figure 4. Empirical distributions of Amplitude ratios of EOG-to-clean signal (blue) and ECG-to-clean signal (red). Zeros have been
removed for clarity. We observe that cardiac components tend to correspond to a larger magnitude or neural activity relative to EOG
components

where ŝi,: ∈ R1×T is the i-th row of Ŝ.

Notably, the estimation of W was originally formulated as training a single-layer neural network for unsupervised learning,
as in the Infomax ICA algorithm (Bell & Sejnowski, 1995). However, current implementations typically use the FastICA
algorithm, which improves computational efficiency by using a fixed-point iteration to maximize a non-Gaussianity contrast
as proxy for statistical independence (Hyvärinen, 1999; Hyvärinen & Oja, 2000).2

A.3. Stochastic Amplitude Sampling

We propose to sample the artifact scaling coefficients by explicitly matching the empirical distribution of artifact-to-signal
energy ratios observed in the data, reflecting realistic physiological conditions.

Crucially, as magnetometers and gradiometers differ in measurement units and scale (approx. 10−15 T vs. 10−13 T/m), a
global Frobenius norm would be dominated by gradiometer readings. We therefore compute energy ratios separately for
each sensor type. For brevity, however, we show the formulation in the single-sensor case.

Concretely, let ∥ · ∥F denote the Frobenius norm over sensors (of the same type) and time, and let Xp,d represent the
reconstructed data for tracked artifact p from training trial d ∈ {1, ..., D}. We compute the empirical amplitude ratios

rp,d =
∥Xp,d∥F

∥Xclean,d∥F + ε
,

where ε > 0 is a small constant for numerical stability. These ratios characterize the distribution of observed artifact
strengths relative to the clean neural signal.

During training, we sample each rp from the empirical distributions {rp,d}Dd=1. Figure 4 shows the empirical distributions
of EOG and ECG energy ratios, on the same axes. We note that ECG signal tends to carry a higher relative energy, roughly
twice that of EOG.

During the forward pass, given clean trial Xclean, and randomly selected artifact snippets Xp for all p ∈ P , we set

cp = rp
∥Xclean∥F
∥Xp∥F + ε

, (7)

This procedure ensures that augmented samples preserve realistic artifact structure while spanning the observed range of
artifact-to-signal ratios. Sampling from the full distribution of physiological noise strengths allows the training objective to

2Most ICA algorithms also approximate the mixing matrix, A, by taking an inverse or pseudoinverse of W.
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more closely match the expected risk under realistic test-time corruption. As a result, the learned decoder becomes robust to
variable ocular and cardiac contamination.
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2

®=0 (shuffling only)
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Figure 5. PCA Projections of 15-trial Averaged MEG Data for Imagined Digits at Various Augmentation Scalings. Raw and clean
data form distinct clusters, while augmented data effectively interpolates between them for scaling parameter α ∈ [0, 1]. At α = 1, the
projection matches the calibration strategy defined in (7). For α > 1, embeddings shift away from the support of the biological region.
The misalignment between augmented and clean data at α = 0 is attributed to the random indexing in the augmentation step (3) and the
visualization of a sample subset.

A.4. Multi-Trial Averaging and Resampling

We define the K-trial average for a set of trials {X(k)}Kk=1 as the spatiotemporal mean:

X =
1

K

K∑
k=1

X(k). (8)

In brain-to-speech decoding, K-trial averaging at inference requires the patient to imagine the target stimulus K times. This
approach assumes that each trial consists of a phase-locked neural signal plus independent stochastic noise; consequently,
averaging preserves the coherent signal component while the noise variance is attenuated by a factor of K. For K condition-
matched trials with covariance Σ, the sample average X satisfies Cov(X) = Σ/K under the assumption of independence,
yielding a

√
K scaling in Signal-to-Noise Ratio (SNR) (Dawson, 1954).

During training, we consider two averaging strategies:

1. Averaging without resampling: Trials are partitioned into disjoint groups of size K and averaged. While simple, this
reduces the effective training set size by a factor of K, limiting input variability.

2. Averaging with resampling: Subsets of size K are randomly drawn (without replacement within each subset)
from the full training set. For a dataset of size N , there are

(
N
K

)
possible subsets, a combinatorial explosion (when

min(K,N −K) >> 0) that allows for massive data augmentation while preserving the original dataset’s coverage.

In this work, we employ averaging with resampling. To ensure a fair comparison with single-trial models, we fix the number
of generated samples to match the original training set cardinality N .

Crucially, averaging implicitly infuses task awareness into output data, as phase-locked portions of the signal remain
relatively unaffected, while other components destructively interfere.3 Figure 6 shows t-SNE embeddings (Van der Maaten
& Hinton, 2008) of MegNIST data before and after averaging with resampling, within label classes. We observe that without
averaging, t-SNE is unable to locate local clusters separating imagined digit classes, however, clear clusters appear neatly
along class boundaries after 15-trial averaging. We repeat this experiment in Figure 8 of Appendix D using UMAP (McInnes
et al., 2018) to establish a more faithful representation of inter-class global structure.

3MegNIST and similar datasets prompt participants to imagine each label at a screen-cued moment, enabling precise temporal
alignment across trials.
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Figure 6. t-SNE embeddings of single-trial (left) and 15-trial averaged (right) intra-patient MEG recordings of imagined digits (0–9).
Averaging is performed with resampling to preserve dataset cardinality. t-SNE parameters: perplexity = 30.

B. Pseudo-code
B.1. PNA Pseudo-code

Algorithm 1 Physiological Noise Augmentation

Require: Session data {X(q)}, artifact reference signals {ϕ(q)
p }p∈P , thresholds {τp}, stability constant ε

// 1. Extract Artifacts & Clean Subspace
for session q = 1 . . . Q do

W,A← FastICA(X(q)) ▷ Obtain mixing matrix
Ŝ(q) ←WX(q) ▷ Identify ICA components
S(q)p ← {i : |ρ(ŝi,ϕp)| ≥ τp}p∈P ▷ Obtain artifact indices via correlation

C(q) ← {1 . . . N} \
(⋃

p∈P S
(q)
p

)
▷ Obtain remaining clean indeces

X
(q)
p ← A:,Sp

ŜSp,: ∀p ∈ P ▷ Restore artifacts to sensor space
X

(q)
clean ← A:,CŜC,: ▷ Restore artifact-free data to sensor space

end for

// 2. Empirical Ratio Calibration
for trial d = 1 . . . D, artifact p ∈ P do

rk,d ← ∥Xk,d∥F /(∥Xclean,d∥F + ε)
end for

// 3. Augmentation Forward Pass
function AUGMENT(Xclean)

Sample trial index j ∈ {1, . . . , D}
cp ← rp,j · ∥Xclean∥F /(∥Xp,j∥F + ε) ∀p ∈ P
return Xclean +

∑
p∈P cpXp,j

end function

C. Proof of Proposition 1
Proof. Step 1: First-order Taylor expansion. We approximate the model output on augmented data xaug = x̄+ δ via a
Taylor expansion around the clean average x̄:

f(x̄+ δ; θ) ≈ f(x̄; θ) + Jx̄ δ,

where higher-order terms O(∥δ∥2) are neglected under the assumption that α is small.
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Step 2: Expansion of the augmented loss. The augmented loss is the expectation over the joint distribution of signal, label,
and noise:

Laug = Ex, y, δ

[ ∥∥y − f(x̄+ δ; θ)
∥∥2 ] .

Substituting the Taylor approximation gives

Laug ≈ E
[ ∥∥y − f(x̄; θ)− Jx̄ δ

∥∥2 ] .
Step 3: Distributing the expectation. Define the clean residual e = y − f(x̄; θ). Expanding the squared norm yields

Laug ≈ E
[
e⊤e

]
− 2E

[
e⊤Jx̄ δ

]
+ E

[
δ⊤J⊤

x̄ Jx̄ δ
]
.

Step 4: The cross-term vanishes. Because ñ is temporally shuffled, δ is independent of the clean signal x̄ and the label y,
and hence independent of the residual e and the Jacobian Jx̄. By independence,

E
[
e⊤Jx̄ δ

]
= E

[
e⊤Jx̄

]
· E[δ].

Since the noise components are zero-mean, E[δ] = 0, and the entire cross-term vanishes.

Step 5: Evaluating the penalty term. We are left with

Laug ≈ Lclean + E
[
δ⊤J⊤

x̄ Jx̄ δ
]
.

Applying the trace identity E[z⊤Az] = Tr(AΣz), which holds for any zero-mean random vector z with covariance Σz

and deterministic matrix A, with z = δ and A = J⊤
x̄ Jx̄, gives

E
[
δ⊤J⊤

x̄ Jx̄ δ
]
= Tr

(
J⊤
x̄ Jx̄ Σδ

)
.

Applying the cyclic property of the trace and substituting Σδ = α2

K Σn yields

Tr
(
J⊤
x̄ Jx̄ Σδ

)
= Tr

(
Jx̄ Σδ J

⊤
x̄

)
,

and therefore
Laug(θ) ≈ Lclean(θ) + Tr

(
Jx̄ Σδ J

⊤
x̄

)
.

D. Additional Data Visualization

A B C

Figure 7. ICA Artifact Component Selection for EOG and ECG Signals. The topographies captured in column A show the relative
strengths of the ICA mapping from source to sensor space for a sample EOG (top) and ECG (bottom) component. The corresponding ICA
component waveforms are captured in column B, where they are compared to the reference EOG and ECG signals. Finally, column C
show the absolute Pearson correlations between the first 50 ICA components and the artifact waveform for EOG (top) and ECG (bottom).
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Figure 8. UMAP embeddings of intra-patient MEG recordings for imagined digits (0–9), shown for single trials (left) and 15-trial averages
(right). Averaging improves cluster separability, and—unlike t-SNE, UMAP preserves aspects of global structure, revealing a separation
between representations of digit 0 and digits 1–9

Unlike t-SNE, UMAP preserves some global structure, and the observed separation of digit 0 from digits 1–9 may reflect a
systematic difference in neural representation rather than a purely local clustering artifact. This could arise from semantic
differences between zero and non-zero numerals or from task-related strategies. While intgriguing, the effect is preliminary
and must be validated across multiple subjects and modalities.
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Figure 9. PCA and t-SNE Embeddings of Raw, Augmented (ocular and cardiac), and Clean Data at Various levels of Averaging.
While raw and augmented data remain closely aligned, the cluster of clean data separates with additional averaging, indicating that PNA
correctly restores the corruption to artifact-cleaned data that would be seen at test time. Under t-SNE, label-wise clusters emerge for
substantial averaging.
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E. Model, Pre-processing and Baseline Augmentation Parameters

Parameter Value

Data Splits
Train : Val : Test 10:1:1

Averaging
Number of Samples to Average 10
# Training Samples (using resampling) 10,000

Architectural Parameters
MLP # Hidden Layers 1
MLP Hidden Layer Width 128
EEGNet # Feature Maps (F1) 16
EEGNet # Spatial Filters per Feature Map (D) 4
EEGNet # Pointwise Filters (F2) 64
EEGNet Kernel Length 25

Training
Batch Size 64
Maximum # Training Epochs 200
Early Stopping After 25 Epochs
MLP Dropout Rate 0.35
MLP Learning Rate 0.0001
MLP Weight Decay 0.0005
EEGNet Learning Rate 0.0005
EEGNet Weight Decay 0.001
Optimizer AdamW (Loshchilov & Hutter, 2019)

Table 1. Hyperparameters used in our experiments.

Parameter Value

Input MEG Data
# Gradiometer Channels 102
# Magnetometer Channels 204
Original Sampling Rate 1000 Hz

Preprocessing
Downsampled rate 250 Hz
High-Pass Filter 0.1 Hz
Low-Pass Filter 120 Hz
Channel-wise Standardization IQR = [-1, 1]

Table 2. Preprocessing used on MEG data. We apply channel-wise scaling to account for different magnitudes of gradiometer (T/m) and
magnetometer (T) channels.
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Parameter Value

Baseline Augmentation
White Noise std 0.1
Smooth Time Mask Length 50
Frequency Shift 0.5 Hz
Temporal Shift 1 step
Amplitude Scaling uniformly drawn from [0.9, 1.1]

Table 3. Baseline augmentation hyperparameters, tuned to optimize single-trial validation set performance.

F. Additional Experimental Results
F.1. Physiological Noise Augmentation

103 104 105

2 × 10 1

3 × 10 1

A
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y

Raw
Aug.
Raw + Aug.
Maximum Raw Samples

103 104 105

Raw
Aug.
Raw + Aug.
Maximum Raw Samples

Number of Training Samples

Figure 10. Classification accuracy of an MLP (left) and EEGNet (right) trained on different numbers of single-trial training samples (no
averaging). The shaded area shows the standard error with 95% confidence across 5 seeds.

Data Strategy MLP EEGNET

Raw Only 0.2536 ± 0.0133 0.3090 ± 0.0124

+ AVERAGING 0.3720 ± 0.0354 0.5200 ± 0.0494

Augmented Only 0.2674 ± 0.0047 0.3186 ± 0.0170

+ AVERAGING 0.5040 ± 0.0301 0.6260 ± 0.0150

Raw + Augmented 0.2688 ± 0.0117 0.3212 ± 0.0132

+ AVERAGING 0.5200 ± 0.0447 0.6360 ± 0.0206

Table 4. Ablation of Data Augmentation Strategies. Augmented refers to the PNA pipeline (Section 2.1). Raw Only and Augmented
Only each consist of 10,000 training trials, while for Raw + Augmented, we report the best result from datasets consisting of 10,000 Raw
and 10,000 of Augmented trials (20,000 total). For reference, random chance decoding yields an expected accuracy of 0.1. Best results are
in bold; standard errors are in scriptsize.

For “Raw + Aug.”, we concatenate varying amounts of augmented samples to 10,000 raw samples, to create final dataset
sizes of 10,500, 11,000, 11,500, 12,000, 12,500, 13,000, 15,000, 20,000, 25,000, 50,000 and 100,000.
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All Quiet on the Frontal Lobe

F.2. Baseline Augmentations

MLP EEGNet

Augmentation Type Single-trial 10-trial Single-trial 10-trial

None 0.254± 0.013 0.372± 0.035 0.309± 0.012 0.520± 0.049

White Noise 0.229± 0.007 0.410± 0.016 0.315± 0.005 0.582± 0.030

Smooth Time Mask 0.235± 0.015 0.494± 0.022 0.311± 0.011 0.570± 0.024

Frequency Shift 0.247± 0.007 0.506± 0.023 0.329± 0.006 0.582± 0.029

Temporal Shift 0.238± 0.015 0.418± 0.031 0.306± 0.008 0.572± 0.034

Amplitude Scaling 0.231± 0.008 0.416± 0.042 0.313± 0.011 0.570± 0.040

PNA (Ours) 0.256± 0.014 0.462± 0.023 0.295± 0.016 0.586± 0.010

Table 5. Comparison to Augmentation Baselines. We train models on 10,000 augmented trials without raw data, and 10,000 raw trials
without augmentations for None. Best results are in bold; standard errors are in scriptsize.

Augmentation Type (After PNA) MLP EEGNet

White Noise 0.248 ± 0.014 0.330 ± 0.004

Smooth Time Mask 0.252 ± 0.011 0.315 ± 0.009

Frequency Shift 0.263 ± 0.003 0.323 ± 0.008

Temporal Shift 0.250 ± 0.012 0.333 ± 0.015

Amplitude Scaling 0.245 ± 0.009 0.327 ± 0.013

Table 6. Stacked PNA and Baseline Augmentation Results for Single-Trial Training. We train models on 10,000 augmented trials
without raw data. PNA is performed before each baseline augmentation. Best results are in bold; standard errors are in scriptsize.
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