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Abstract

Speech activity recognition in MEG-based non-
invasive BCI systems provides a reliable speech
gate that can trigger downstream decoders only
when speech-related neural activity is present.
Such a gate can help users interact with assistive
devices in continuous settings. While MEG pro-
vides excellent temporal resolution, many MEG
speech activity classifiers do not fully exploit avail-
able spatial information. We describe a hybrid
MEG speech/non-speech classifier that combines
a geometry-aware covariance branch with tempo-
ral neural streams. We compute shrinkage covari-
ance matrices (SPD) and map them to a Rieman-
nian tangent space around a reference mean; a lo-
gistic regression classifier operates on these fea-
tures. A limited sensor array defines the region-of-
interest component, while the final system adds a
residual temporal fusion layer over aligned prob-
ability streams. The final decision rule, includ-
ing fusion weights, thresholds, and sequence-level
post-processing, is selected on validation only and
then applied unchanged to frozen test. On a
large within-subject MEG corpus, the final sys-
tem achieved validation macro-F1 of 0.8972 and
frozen-test macro-F1 of 0.8914. This provides
a compute-efficient research prototype for MEG-
based speech gating.

1 Introduction

The speech gate is an important and critical element of many
non-invasive BCI (Brain Computer Interface) pipelines. In
most cases, a speech gate is used to determine whether
speech-related neural activity is present to warrant further
processing. If the speech gate determines that there is insuffi-
cient signal, it can prevent unnecessary processing or output.
The use of the speech gate can help assistive devices provide
continuous and predictable results in a variety of real-world
settings. Most MEG-based systems require the speech gate to
make decisions quickly and accurately, including under class
imbalance (speech vs non-speech), while remaining compu-
tationally light enough to fit low-latency constraints.

Why MEG. There are several reasons that MEG is attrac-
tive for this application and why developing a good speech
gate is difficult. MEG provides millisecond temporal reso-
lution and is sensitive to cortical population activity, which
makes it ideal for detecting the rapid transitions between
speech and non-speech states.. Additionally, however, detect-
ing the presence of speech related activity in very small time
windows from a large number of sensors presents significant
challenges. Sensor array recordings are often contaminated
with artifacts and can vary significantly over time; the data
distribution can be imbalanced; and “hard” examples cluster
around speech onset/offset boundaries. Using standard pre-
processing techniques (such as SSS/denoising, filtering, and
standardized channel handling) is necessary but does not by
itself resolve the modeling challenge [Gramfort and others,
2013; Gramfort and others, 2014]. A good speech gate needs
to integrate robust feature representations with training meth-
ods that are resistant to imbalance and non-stationarity.

Many approaches to developing a speech gate fail to
fully utilize cross-sensor correlation and covariance geomet-
ric properties. Speech processing is often closely associated
with coordinated activity in auditory and temporal regions,
including onset and sustained responses and slow-band en-
trainment to speech dynamics [Giraud and Poeppel, 2012;
Hamilton et al., 2018; Ding et al., 2014]. Since these types
of phenomena are inherently multi-variate (they manifest as
co-activated patterns of sensors), a natural way to represent
them is through the computation of the sensor-sensor co-
variance matrix for a given time window. While covariance
matrices are SPD objects and the set of SPD matrices is
not a flat Euclidean space; distances, averages and lineariza-
tions need to take into account the intrinsic geometry of SPD
space to avoid deforming the relationships between variables
that are important for classification [Barachant et al., 2012;
Barachant et al., 2013; Congedo et al., 2013; Congedo et
al., 2017]. Therefore, a natural approach would be to de-
velop geometry-aware decoding pipelines that treat SPD co-
variances as first-class features.

Temporal deep models (e.g., CNN-based decoders) are
widely used for non-invasive speech and language decod-
ing from MEG/EEG signals [Dash er al., 2019], includ-
ing strong recent systems for non-invasive speech perception
[Défossez et al., 2023]. As a result, there is a rich litera-
ture of Riemannian approaches to covariance-based decod-
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ing in EEG/BCI that emphasize the importance of robust-
ness and data efficiency through manifold respecting met-
rics and tangent space mappings, with recent surveys and
extensions of these approaches [Tibermacine et al., 2024;
Andreev et al., 2025]. There are also a growing number of
deep learning approaches that exploit the SPD structure di-
rectly [Huang and Van Gool, 2017]. Rather than contributing
to this theoretical area, the contribution of this paper lies in
the development of a practical, low latency, fusion architec-
ture that integrates a compact temporal CNN with an explicit
geometry aware SPD covariance stream that are motivated by
the unique information captured by each.

Contributions. We introduce TangentFuse, a MEG speech
activity detector that (i) integrates a compact temporal CNN
with a geometry aware SPD covariance branch based on
shrinkage covariance estimation and Riemannian tangent
space features; (ii) utilizes simple, defensible choices for
stabilizing the detector, including an auditory/temporal ROI
component, silence-aware sampling, and label-smoothed
class-weighted BCE [Gramfort and others, 2013; Gramfort
and others, 2014]; and (iii) selects the operating point of the
final residual temporal-fusion system on validation macro-
F1, including lightweight calibrators and sequence-level post-
processing, before reporting frozen-test performance. The re-
maining portion of this paper provides additional detail re-
garding the complete architecture, places it in context with
prior work and evaluates the detector on a large, within sub-
ject MEG corpus for speech activity detection [Ozdogan et
al., 2025].

2 Related Work

Speech Detection As Front End For Non-Invasive Decod-
ing. Non-invasive speech decoding has made rapid progress
through the use of large datasets and better sequence mod-
els. Most recently, researchers have found that decoding
pipelines often benefit from a “speech active vs. inactive”
decision that serves as a filter (gate) for downstream, more
complex decoders. Especially when working with continuous
signals and short time windows, identifying speech bound-
aries (onset/offset) is often among the most difficult parts of
the task, with errors concentrated around onset/offset transi-
tions [Défossez et al., 2023].

Benchmark Context And Within Subject Scale. The Lib-
riBrain dataset and the PNPL 2025 Competition formalize
speech activity detection and other related tasks at a level
that support much more systematic comparisons and proto-
col standardization within subject MEG settings [Ozdogan et
al., 2025; Landau and others, 2025]. These benchmarks high-
light several aspects of practical importance for the problem
of making a gating decision: short time windows, large class
imbalances between speech and non-speech and the need to
accurately detect transitions. Therefore, our evaluation is
structured similarly to this benchmark framework and views
speech activity detection as an operational front end versus an
end to end speech content decoder.

The Repeated Use Of Covariance In Speech Decoding
From MEG/EEG Data. A common theme in research on
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Figure 1: Spatial organization of onset and sustained responses in
the human superior temporal gyrus during speech perception. Onset-
selective regions are posterior, while sustained responses are more
anterior. Adapted from Hamilton et al. (2018).

speech neuroscience is that speech processing is distributed
and coordinated. Onset and sustained responses occur in
multiple areas of the superior temporal region (see Figure 1)
and slow timescale entrainment to continuous speech implies
multi-sensor processing rather than independent processing
per sensor [Giraud and Poeppel, 2012; Hamilton et al., 2018;
Ding et al., 2014]. Therefore, covariance (or other second or-
der statistics) is a natural representation of cross-sensor coor-
dination within short time frames. Thus, pipelines that model
sensor/sensor relationships are motivated as a complementary
approach to temporal feature extraction from raw waveforms.

Covariance matrices are symmetric positive semidefinite
(PSD) in general. When in short-window/high-dimensional
regimes the sample covariance can be rank-deficient. Shrink-
age is commonly used to obtain a well-conditioned positive-
definite (SPD) estimate suitable for Riemannian distances and
tangent-space features. Riemannian approaches utilize the
geometric properties of the SPD manifold to define meaning-
ful distances, averages, and linearizations for classification
[Barachant et al., 2012; Barachant et al., 2013; Congedo er
al., 2013; Congedo et al., 2017]. Traditional approaches in-
clude Minimum Distance To Mean (MDM) and tangent space
mappings that map SPD matrices onto a Euclidean space
where simple linear models are efficient and computationally
tractable. Recent surveys and extensions have documented
that such geometry aware pipelines are often robust in noisy
environments, with small sample sizes and distribution shifts
common to EEG/MEG recordings [Tibermacine et al., 2024;
Andreev et al., 2025]. Our geometry aware pipeline follows
the same formula (shrinkage covariance — tangent space —
linear classifier) and claims no novel Riemannian methodol-
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ogy; the novel contribution is in how this pipeline is coupled
with a simple temporal model under latency constraints.

Estimation of covariance and shrinkage in high-
dimensional settings with limited sample size per win-
dow. Pragmatic covariance based decoding relies heav-
ily on estimating well conditioned covariance matrices
from limited samples per window. Naively using sam-
ple covariance can lead to unstable estimates in these
regimes.  Shrinkage estimators, including Ledoit-Wolf
type approaches and related MMSE shrinkage formula-
tions, are widely used to stabilize covariance estimation
in high dimensional settings [Ledoit and Wolf, 2004;
Chen et al., 2010] and motivated our selection to use shrink-
age covariance estimation prior to tangent space mapping
to keep the geometry aware component lightweight and
improve numerical stability and downstream classification
reliability.

There is an increase in literature on deep learning compo-
nents that are made to work with SPD structure, including
Riemannian networks for learning SPD matrices and end to
end deep Riemannian networks for EEG decoding [Huang
and Van Gool, 2017; Wilson et al., 2022]. Similar con-
cepts are being explored in computer vision through global
covariance pooling and matrix normalization layers that al-
low for second order representations within deep architec-
tures [Li er al., 2018]. These approaches are important be-
cause they show that SPD structure can be incorporated into
deep architectures, but they also add complexity and compu-
tational requirements to training. In contrast, TangentFuse
is a practical fusion recipe: a simple temporal CNN cap-
tures discriminative waveform motifs, while a separate ge-
ometry aware covariance stream captures Cross sensor coor-
dination and the two are fused at the last stage of process-
ing for low latency inference without needing to perform end
to end SPD back propagation [Huang and Van Gool, 2017,
Wilson et al., 2022].

When moving across sessions or subjects, methods of tan-
gent space alignment provide a principled means of reduc-
ing domain mismatch by aligning covariance geometry across
domains [Bleuzé et al., 2022]. Although the majority of our
evaluations are for within subject detection, this literature
provides support for the broader claim that tangent space rep-
resentations can be engineered for robustness and portability,
and suggests future extensions of our covariance stream to
Cross session or cross subject gating.

When working with imbalanced detection problems, it may
be difficult to compare models by using a single or fixed
threshold, and real-world applications will have to select the
optimal operating point for the particular application of inter-
est, depending on how they want to balance the trade-offs
of their target metric and costs. Therefore, we developed
a validation-based approach to select the optimal operating
point: first, we calibrated the streams for temperature scaling
and second, we selected the late fusion weights and the final
decision thresholds for the best performance on the macro F1
score for the validation set. The macro F1 score treats both
classes as equally important and is appropriate when both
false positives and false negatives matter, which is common
when onset/offset windows are hard. This aligns with cur-
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Figure 2: ‘TangentFuse architecture overview. The core detector
processes MEG windows with two complementary streams: (1) a
temporal neural stream operating on MEG waveforms, and (2) a
geometry-aware stream that computes shrinkage covariance, maps
to tangent space, and applies logistic regression. The final reported
system adds a validation-selected residual temporal-fusion layer
over aligned probability streams, lightweight GBDT/ExtraTrees cal-
ibrators, and sequence-level post-processing.

rent classifier practice that separates the probability calibra-
tion from the selection of the decision threshold in modern
classifiers, but provides a very easy and reproducible way of
doing this.

3 Method

TangentFuse is a fusion framework for MEG speech activity
detection (see Figure 2). Its core detector contains two com-
plementary streams. First, a compact temporal CNN operates
on windows of sensor time series. In parallel, a geometry-
aware stream calculates a shrinkage covariance per window,
maps it onto a Riemannian tangent space and classifies it
with logistic regression. The core streams are fused by logit-
level fusion with per-branch temperature scaling. The final
reported system keeps this validation-driven fusion principle
and adds a residual temporal-fusion layer over aligned prob-
ability streams to improve boundary and silence decisions.

3.1 Notations and Problem Setting

Let the continuous MEG recording of a subject be sampled
at frequency f, (here fs = 250 Hz). The time series is di-
vided into fixed-length windows of length W (here W ~ 1
s), resulting in 7' = | W f, | samples per window.
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Each sample of the window index n, can be represented as
the following MEG data matrix

XM e ROXT, 1)

Where C' denotes the number of selected MEG sensors (chan-
nels). Each row represents the time series of a single sensor
during a window. The binary label is

y™ € {0,1} )

Here (™) = 1 represents speech activity and (") = 0 repre-
sents no speech activity.

In the task of learning a detector for speech activity, the
goal is to determine a probability 5™ € [0, 1] of speech ac-
tivity for each window and then produce a decision 3 ¢
{0, 1} through thresholding of this probability:

g () =1[p™ > ). 3)

Since both types of errors have an impact on a speech gate
(false positive errors trigger downstream processing; false
negative errors suppress valid speech), we choose the oper-
ating threshold ¢ based on the macro F1 score for the vali-
dation set, which is a common method of evaluating perfor-
mance in this type of problem setting [Ozdogan et al., 2025;
Landau and others, 2025].

We denote the training, validation, and test sets by
Dy, Dya, Die, where each of these three datasets consists of
labeled windows {(X (™), 3(™)1.

SPD and matrix-function notation. Let SE . be the set of

C x C symmetric positive-definite (SPD) matrices. For any

Ae SE 4, letits eigendecomposition be
A=Udiag(\i,...,A\c)U", X\ >0, )

where U is orthonormal and {);}¢; are the eigenvalues of
A.
We define the matrix logarithm and matrix exponential (for
SPD matrices) by acting on eigenvalues:
log(A) = U diag(log A1, ..., logAc) U, 5)

exp(A) = U diag(exp A1,...5exp o) U, 6)

Similarly,
A2 = Udiag(\/2,. o2\ UT, ™
ATV2 = U diagA; V2. AGAUT. (®)

These definitions are used explicitly in the tangent-space
mapping in Section 3.4, avoiding ambiguity about the \;
terms.

3.2 Preprocessing, Segmentation, and Sensor
Subset

Standard MEG handling. It is assumed that the win-
dows were extracted from the MEG data following the stan-
dard MEG pre-processing provided by most commonly used
toolchains (e.g., MNE) which include standard channel or-
derings, and standard filter/denoising steps when possible
[Gramfort and others, 2013; Gramfort and others, 2014]. Our
method does not depend upon any special pre-processing be-
yond assuring that windows X () are time-aligned, similarly
scaled, and have no missing channels.

Anterior

Posterior

® All MEG sensors (gray dots)
@ Selected temporal-lobe MAG sensors (blue dots)

Figure 3: ROI sensor selection generated from the LibriBrain chan-
nel metadata and the fixed legacy ROI mask. Gray dots show all 306
MEG channels; blue dots show the 23 selected auditory/temporal
ROI channels used by the ROl/covariance component.

Segmentation. A continuous record is segmented into W -
second windows. Each window produces X (™) € R¢*” and
its corresponding label /(™). No additional labeling rules are
introduced; instead, the window-level labels provided by the
dataset protocol are used [Ozdogan et al., 2025; Landau and
others, 2025].

Temporal-lobe sensor subset (ROI). Speech processing
has been shown to be associated with the auditory/temporal
regions [Giraud and Poeppel, 2012; Hamilton et al., 2018;
Ding et al., 2014]. In order to focus the geometry-aware
component on a relevant region of interest and decrease co-
variance dimensionality, the ROI analysis uses a predeter-
mined set of sensors (see Figure 3). Specifically, the covari-
ance branch uses C' = 23 selected auditory/temporal MEG
channels from the fixed ROI mask. The selected set contains
both magnetometer and planar-gradiometer channels. The fi-
nal residual temporal-fusion layer can additionally combine
aligned probability streams from broader temporal models.

Silence-aware downsampling (reducing negative redun-
dancy). The class distribution can be skewed, and long non-
speech regions may contain a great deal of redundancy (i.e.,
long stretches of silence). To avoid over-emphasizing easy
negative examples, we subsample negatives while keeping all
positives. Let N and Ny be the count of positive and negative
windows in the training split. Then, we retain each negative
window with probability:

Dkeep = min(L 7“%;) ) )
where r > 0 determines the desired ratio of negatives to pos-
itives after downsampling (for example, » = 1 would provide
a roughly balanced ratio). This simple form of downsam-
pling removes redundant silence windows, while still retain-
ing enough negative examples near boundaries.

3.3 Temporal Stream

The temporal stream represents a compact 1-D convolutional
classifier that maps a window X (™) € R€*T to a single scalar
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logit. Let fy(-) represent the CNN, where 6 are the CNN’s
parameters. The CNN’s logit is

2 =fo(X) er, P =o(w), (0
where o(u) = (1 + e~ %)™t is the logistic sigmoid. We use
label smoothing and class weighting: let §() = (1 —¢)y(™) 4
€/2 with smoothing parameter ¢ > 0, and let 8 > 0 be the

positive-class weight selected from the training class ratio.
The training loss is

£ = (1 - ”))softplus( L("))

+By™ softplub( gng) . (11)

We optimize € by minimizing the mean loss over the
(downsampled) training set:

1
min — Y £y, (12)

) |D[r‘ (X(”)7y(7l))€D[r

This combination (ROI sensors + silence-aware downsam-
pling + smoothed/weighted BCE) constitutes the stabilizing
configuration used for the temporal stream.

3.4 Geometry-Aware Stream

The geometry-aware stream represents each window by an
SPD covariance matrix and performs classification in a Rie-
mannian tangent space, following established covariance-
decoding pipelines [Barachant er al., 2012; Barachant et
al., 2013; Congedo et al., 2013; Congedo et al., 2017]
with shrinkage covariance estimation for numerical stability
[Ledoit and Wolf, 2004; Chen et al., 2010].

Shrinkage Covariance Estimation

Given a window X(™ € RE*T we remove the per-channel
mean:
) = %x<">1, X Zx™ L m1T (13

where 1 € R is the all-ones vector. We compute the sample
covariance:

S = %XWX(")T. (14)

We adopt the 1/7 normalization to match common
shrinkage-covariance toolkits; the constant scaling does not
affect the affine-invariant geometry used downstream. Fol-
lowing standard shrinkage constructions [Ledoit and Wolf,
2004; Chen et al., 2010], we use the scaled-identity target:

tr(S(™)
P - 2\=
C

I, 15)
and form a shrinkage covariance using oracle approximating
shrinkage (OAS):

»(n) — (1 p(n)) S 4 pm) ), (16)

The shrinkage coefficient p(™ is computed using OAS, yield-
ing a well-conditioned SPD matrix suitable for downstream
geometry-aware operations.

Reference Mean

Let {2} denote training covariances. We define the refer-
ence SPD point as the Riemannian (Fréchet) mean under the
affine-invariant metric [Barachant et al., 2012; Barachant et
al., 2013; Congedo et al., 2013; Congedo et al., 2017]:

s = i §2(G, 2, 17
arg Gréléia; & ( ) (17)

where 0g (-, ) is the affine-invariant Riemannian distance. In
practice, this mean is computed once from Dy and held fixed
for all subsequent mapping of validation and test covariances.

Tangent-Space Mapping -
We map each covariance to the tangent space at X using the
whitened-log representation:

M) — 1og(2*1/22<"> 2’1/2) €Se.  (18)

We use the principal matrix logarithm; for SPD inputs this
yields a symmetric matrix. We then vectorize the symmetric
matrix with v/2 scaling on off-diagonal entries:

n) _

v = vecg m(M™) € ROCHD/2, (19)
For C' = 23, this yields d = 276 features.

Logistic Regression Classifier
A linear classifier produces a logit and probability:

Y =o(z), (0

where w € R? and b € R. We fit (w,b) on D, using logis-
tic regression with {5 regularization [Pedregosa and others,
2011], handling imbalance via class weighting.

This completes the geometry-aware stream: shrinkage co-
variance — tangent-space mapping — logistic regression,
following established Riemannian decoding pipelines.

3.5 Late Fusion

The two streams capture complementary information: the
CNN learns discriminative temporal motifs from raw wave-
forms, while the tangent-space stream captures cross-sensor
coordination encoded in SPD covariances. We fuse them at
the logit level with calibration.

tn)—w v 4+,

Per-Branch Temperature Scaling
Raw logits from different models are often on different scales;
direct fusion can be dominated by the higher-magnitude logit
stream. We therefore apply per-branch temperature scaling,
tuned exclusively on Dy,. Let 7¢yy > 0 and 7 > 0 be tem-
peratures. We define calibrated logits
(n) (n)

~(n) Zenn ~(n) _ ZL

LHII 7—cnn’ s Tts . (21)
Each temperature is selected on Dy, by minimizing the neg-
ative log-likelihood (equivalently BCE) of that stream’s pre-
dictions:

*
T — arg min E
cnn & 7>0
(X () y(m))eDy,

: . Zenn
BCEWithLogits <, y(")) ’
T

and similarly for 7.
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Logit-Level Fusion and Threshold Selection
The fused logit is a convex combination:

) =azl +(1-a)2,  ac0,1]. (23

The fused probability is
(n) — (n) 24
pfuse(a) =0 quse(a) . ( )

We select a by grid search on D,,. For each candidate «, we
also select a decision threshold ¢ € [0, 1] to maximize macro-
F1 on validation.

Y = M F1(¢; 2
(a*,t") = arg ae%,atXeT acro (t, pfuse(a)), (25)
where A and T are discrete grids (e.g., 4 = {0,0.05,...,1},
T = {0,0.01,...,1}). At test time, we report results using
the fixed (a*, ¢*) found on validation.

Summary of the training/tuning protocol. (i) Train the
temporal stream on Dy, using the stabilized objective in Sec-
tion 3.3; (ii) compute shrinkage covariances and tangent fea-
tures on Dy and fit logistic regression; (iii) tune stream cali-
bration, fusion weights, and thresholds on Dy,; and (iv) eval-
uate on D, using the fixed validation-selected settings.

3.6 Residual Temporal Fusion

The final reported system uses a residual temporal-fusion
layer to correct errors left by the core window-level detec-
tors. This layer combines time-aligned speech-probability
streams with two lightweight train-fitted calibrators. Let zqy,
Zghdt» and ze denote the logits from the fixed temporal blend,
a histogram-gradient-boosting calibrator, and an ExtraTrees
calibrator. Here zgy is the primary validation-selected tem-
poral probability stream before adding the two tree-based
residual calibrators; the tree calibrators are fitted on training-
derived features and their weights are selected only on vali-
dation. Validation selected the final logit blend

Zfinal = 0.752ax + 0.152gpa¢ 4 0.102s. (26)

The binary decision sequence is. then obtained using
validation-selected per-segment thresholds, a Viterbi transi-
tion penalty, and short-run filtering. No fusion weight, cali-
brator setting, threshold, or post-processing parameter is se-
lected on the frozen test set.

4 Experiments

4.1 Dataset, Preprocessing, and Splits

To assess the speech activity detection task, we utilize the
LibriBrain within-subject MEG corpus [Ozdogan et al., 2025;
Landau and others, 2025], which contains recordings from
one participant (see Figure 4). The corpus includes 306 MEG
channels (102 magnetometers, 204 planar gradiometers). As
with all MNE-Python workflows [Gramfort and others, 2013;
Gramfort and others, 2014], the recordings are first down-
sampled to 250 Hz and then segmented into fixed-length win-
dows of about 1 second (250 samples). We do not employ a
separate boundary class for this task; instead, windows were

Metric Validation Frozen test
Macro-F1 0.8972 0.8914
Speech F1 0.9669 0.9616
Silence F1 0.8275 0.8212
Balanced accuracy 0.8978 0.8901

Table 1: Validation and frozen-test performance of the final
validation-selected TangentFuse residual temporal-fusion system.
Macro-F1 is the mean of speech F1 and silence F1.

labeled as either silent or non-silent based upon the provided
annotation protocol.

The data was divided into distinct training, validation, and
frozen-test splits. In the local serialized inventory used for
the final experiments, 91 runs were available; the paper-style
split used 77 training runs, 7 validation runs, and 7 frozen-test
runs. All model choices, fusion weights, thresholds, calibra-
tor settings, and post-processing parameters were selected on
validation only. The frozen-test split was evaluated only after
the final configuration was fixed.

4.2 Implementation Details

The core system has_two parallel components. The tempo-
ral stream uses a compact CNN to process MEG windows.
The CNN used a binary cross-entropy loss function modi-
fied toinclude label smoothing and class weighting calculated
from the training class ratio. The geometry-aware stream pro-
cesses each ROI window as a per-window SPD covariance
matrix 3™, utilizing an analytic shrinkage estimator (e.g.,
Ledoit—Wolf or OAS) following per-channel mean removal.
After processing, these matrices are projected onto a Rieman-
nian tangent space at a reference mean X calculated from the
training covariances, and the projected matrices are processed
using logistic regression [pyRiemann Developers, 2025; Pe-
dregosa and others, 2011].

Independent temperature scalars (7c,, and 7ys) can be
learned for each component during calibration of the out-
puts of each branch on the validation split. The final re-
ported system further combines a fixed temporal blend with
histogram-gradient-boosting and ExtraTrees calibrators using
validation-selected logit weights of 0.75, 0.15, and 0.10. The
final binary sequence uses validation-selected per-segment
thresholds, Viterbi transition regularization, and short-run fil-
tering.

4.3 Final Evaluation

The performance of our approach is evaluated using true
macro-F1, defined as the mean of speech F1 and silence
F1 (see Table 1). The final validation-selected TangentFuse
residual temporal-fusion system achieved validation macro-
F1 of 0.8972 and frozen-test macro-F1 of 0.8914. On frozen
test, speech F1 was 0.9616, silence F1 was 0.8212, and bal-
anced accuracy was 0.8901, indicating that most remaining
errors are concentrated in silence and boundary regions rather
than sustained speech regions. We report frozen-test and per-
class metrics in addition to validation macro-F1 so that the
operating point can be inspected beyond a single validation
score.
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Figure 4: [llustration of MEG speech activity detection. Left: continuous recording showing text transcription, audio waveform, and selected
MEG channels. Orange regions indicate speech activity; blue regions indicate silence. The task is to classify each 1-second window as speech
or silence. Right: topographic map showing spatial distribution of MEG activity.

5 Discussion

The final results show that validation-selected fusion and
temporal decision regularization are important for this task.
Sustained speech regions are detected reliably, as shown by
the frozen-test speech F1 of 0.9616. The lower silence F1
of 0.8212 suggests that the main bottleneck is not speech
detection itself, but distinguishing silence and handling on-
set/offset boundaries.

The geometry-aware stream remains useful as a princi-
pled way to represent cross-sensor coordination: each win-
dow is summarized as a shrinkage SPD.covariance estimate,
mapped to a Riemannian tangent space about a reference
mean, and then classified using a linear logistic regression
model. The strongest empirical result, however, required an
additional residual temporal-fusion layer. This layer com-
bines aligned temporal probability streams with lightweight
calibrators and sequence-level post-processing, which helps
correct short false islands and boundary inconsistencies left
by isolated window decisions.

For deployment-oriented use, the validation protocol is part
of the model: all fusion weights, thresholds, calibrator set-
tings, and sequence-level post-processing parameters were
selected on validation only, and frozen test was evaluated us-
ing the fixed validation-selected configuration. The chosen
operating point controls the trade-off between false triggers
and missed speech, and should be reproduced with the same
ROI, temporal context, and post-processing constraints.

6 Conclusion

In this paper we introduced TangentFuse, an MEG-based
speech activity detection system using a combination of

spatially-aware covariance features, temporal neural streams,
validation-selected calibration, and residual temporal fusion.
The final validation-selected configuration achieved valida-
tion macro-F1 of 0.8972 and frozen-test macro-F1 of 0.8914.
These results suggest that temporal modeling, geometry-
aware covariance features, and sequence-level calibration can
be combined to create a viable within-subject MEG-based
speech-gated research prototype. The low-latency framing
refers to the short-window, lightweight design; hardware-
specific latency measurements and cross-subject validation
remain future work.

Ethical Statement

This is a research prototype and should never be considered
or used as a clinically approved system or assistive technol-
ogy until there have been further evaluations, appropriate val-
idation, and the completion of all necessary regulatory re-
quirements. Because MEG recordings are a type of sensitive
biosignal, the use of these signals for any application must
include informed consent from all users, and the data pro-
duced must be strictly controlled through appropriate access
restrictions and proper handling of derived activity logs. The
model’s decision threshold and fusion parameters provide a
mechanism to adjust the operational point of the model, but
do not represent an “objective” or “absolute” measure of the
ground truth; therefore, all deployments must document the
parameters used to determine the operational point and assess
the impact of that point (i.e., false alarms vs. missed speech)
in the deployment environment. Possible misuse scenarios
include using speech activity detection for surveillance pur-
poses or to infer internal user state(s) beyond the stated assis-
tive function; therefore, misuse must be explicitly prohibited,
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and all deployments must be restricted to the minimum capa-
bilities required to perform the stated BCI gating functions.
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