Unpacking the Success

of Riemannian Tangent

Space Decoding for Speech Imagery

1% Alberto Tates
School of Computer Science and Electronic Engineering
University of Essex
Colchester, UK
0009-0008-6107-8975

3 Sebastian Halder
School of Computer Science and Electronic Engineering
University of Essex
Colchester, UK
0000-0003-1017-3696

Abstract—Speech Imagery (SI) is a highly intuitive Brain-
Computer Interface (BCI) paradigm; however, while its pop-
ularity continues to increase, its current feasibility remains a
subject of debate. In this work, we ’unpack’ the performance
of Riemannian Tangent Space (TS) projection features classified
with Logistic Regression (LR) to determine whether the pipeline’s
efficiency in decoding SI from electroencephalography (EEG)
reflects speech-imagery-specific activity or signals that merely
covary with the task. Methods: We evaluated this pipeline on two
open-access SI datasets that have fundamentally shaped the re-
search field. We introduced a temporal sanity check to distinguish
genuine task-related signals from the leakage induced by block-
design paradigms. We then examined the spatial distribution
of the LR weights, together with the independent components
projecting onto the most heavily weighted channels, to assess
the physiological origin of the discriminative features, and tested
the pipeline’s invariance to drastically reduced feature sets to
rule out ’shortcut’ learning from isolated sources. Contribution:
We identify two sources of performance inflation that lead to
a systematic overestimation of SI feasibility. First, evaluation
strategies that ignore trial structure inflate accuracies, and
sustained above-chance performance outside the imagery window
shows that this leakage can mimic task-related features. Second,
in the highest-performing condition the contrasted words differ
in duration and in the visual cue presented throughout the trial,
so that both muscular and cortical signals separate the classes
without reflecting inner speech; a single channel and frequency
band suffice to decode above chance. These findings prompt a
reevaluation of feasibility claims in SI research.

Index Terms—Speech Imagery, Brain Computer Interfaces,
Tangent Space Projection, Riemannian Geometry

I. INTRODUCTION

Speech Imagery (SI) is envisioned as a highly intuitive
Brain-Computer Interface (BCI) paradigm and an ideal can-
didate for speech neuroprostheses. Although it has gathered
increasing attention in recent years, a lack of real-time de-
coding approaches reflects underlying replicability challenges,
leaving the actual feasibility of the paradigm under debate [1,
2]. In this work, we approach SI feasibility by investigating
the success of Riemannian Tangent Space (TS) projection of
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covariance matrices of electroencephalography (EEG) signal.
This pipeline has not only proven capable of replicating
results in motor imagery datasets [3], but has also demon-
strated its utility in representing channel relationships on
SI signals [2, 4, 5]. Specifically, literature shows that TS
feature vectors are effectively discriminable using Logistic
Regression (LR)—particularly with L1 regularization [2, 3,
6]. By aggressively discarding non-relevant dimensions, L1-
LR finds the simplest hyperplane to isolate discriminative
variance. We aim to rigorously audit this pipeline to determine
whether these selected features originate from true task-related
neural sources. Non-task-related signals, such as temporal
drifts or high-frequency muscle artifacts, are present in EEG
and frequently correlate with trial structures [7]. Consequently,
data-driven algorithms exploit these artifacts as classification
shortcuts.

To unpack the TS-LR pipeline, we evaluate its perfor-
mance on two influential datasets. First is the Nguyen [4]
dataset, where the authors first approached SI decoding using
Riemannian geometry to obtain high pairwise classification
accuracies. This dataset has exerted a strong influence on
the field, surpassing 370 citations. Secondly, we analyze
the speech imagery dataset made publicly available by the
2020 International BCI Competition [8]. Traditionally, BCI
competition datasets have helped standardize decoders [9].
This specific dataset is increasingly used to explore novel
decoding approaches [10-12]. Both datasets were recorded
using repetition protocols with block designs, which leads
to higher scores compared to other experimental paradigms
[6]. However, in block-like designs, trials may have temporal
correlations with others from the same block; thus, random
cross-validation can lead to artificially inflated results [13].

In this work, we audit the TS+LR pipeline along three
lines of evidence. First, we ask whether its accuracy survives
the absence of the task: a classifier that performs comparably
outside the imagery window cannot be attributed to SI intent,



and its features must instead reflect the temporal structure of
the block design. Second, we ask whether the features it selects
are physiologically plausible as inner speech, or whether they
instead carry the spatial and spectral signature of muscular and
ocular contamination [14]. Third, we ask whether performance
depends on integrating variance across the distributed cortical
networks that language processing recruits [15], or whether
it can be reproduced from a single isolated feature. Together,
these tests 'unpack’ the TS-LR classifier and determine if the
decoding reflects SI neural activity.

II. METHODS
A. Speech Imagery Datasets

BCIComp [8]: Recorded from 15 participants (64-electrode
BrainAmp system) for the 2020 International BCI Competition
[8], this dataset originally comprised five imagined phrases.
Each trial included an auditory cue followed by four 2-s
imagery repetitions (60 trials/class). Based on our previous
experimental benchmarks [6], we focused exclusively on the
two best-performing words: ‘hello’ and ‘thank you’. Critically,
the trials were randomized prior to publication, obscuring
the session’s temporal structure. For full protocol and timing
details, see [8].

Nguyen [4]: This dataset consists of EEG signals from 15
subjects (64-electrode BrainProducts system at 1000,Hz) per-
forming rhythmic speech imagery of vowels and words . Each
of the 1000 trials per class was paced by four auditory beeps
at 1.4-s intervals. We compared all pair-wise conditions: long
versus short words (’in’, ’cooperate’), short words (’in’, ’out’),
vowels (/i/ vs /u/) and long words (’cooperate’, ’independent’).
Although the trial blocks were scrambled before publication,
the internal chronological order of trials within each block was
preserved. Refer to [4] for further details on word groupings
and rhythmic pacing.

B. Preprocessing

The EEG signals for both datasets were provided as epoched
data, which we imported into MNE-Python [16] for subsequent
analysis. All epochs underwent visual inspection, and those
exhibiting severe motor artifacts were discarded, resulting in
a 1-8% rejection rate across subjects. Prior to public release,
the Nguyen dataset was preprocessed with a bandpass filter
(4-80Hz) and Independent Component Analysis (ICA) for
eye-blink removal [4]. For the BCIComp dataset, we applied
a 60 Hz notch filter and utilized the Picard ICA algorithm to
isolate ocular artifacts. Based on the power spectral density
(PSD) and spatial component distribution, one to two artifact-
related components were removed per subject prior to signal
reconstruction.

C. Filter-Bank TS+LR Decoding pipeline

The tangent space projection with logistic regression
(TS+LR) is a Riemannian geometry-based method that has
proven successful in SI replication studies [2]. We extended
this approach with a filter bank step. The filter bank is defined
with an 10 Hz bandwidth and a 8§ Hz step, covering 2—128 Hz

for BCIComp and 4-80Hz for Nguyen. For each frequency
band, regularized covariance matrices were computed using
Ledoit—Wolf estimation [17]. These matrices were then pro-
jected into the tangent space using the PyRiemann library [18].
Each resulting vector has a dimensionality of n(n + 1)/2,
where n is the number of channels. Finally, the tangent space
vectors from all frequency bands were concatenated and used
to train a Logistic Regression (LR) classifier with an L1
penalty (maximum 600 iterations).

D. Evaluation

We utilized a Group 10-Fold cross-validation strategy. For
the Nguyen dataset, we divided the continuous imagery period
into three overlapping segments of 1.4 s duration with a 0.1s
stride, replicating the data augmentation protocol originally
described by the authors [4]. The grouping procedure ensured
that all segments originating from a single trial were assigned
together to either the training or testing fold to avoid leakage.

The BCIComp dataset was released with a fully randomized
trial order so the original chronological order decoupled prior
to publication. Consequently, we implemented a “pseudo-
grouping” for BCIComp by assigning four consecutive trials
per class to each group, mirroring the original experimental
structure. For both datasets, we also performed a standard
Stratified 10-Fold cross-validation to verify invariance to the
group cross-validation. Throughout this study, we report the
distribution of the pooled classification accuracy calculated
across all participants.

E. Sanity Check

We evaluated the classifier on the 500 ms post-imagery
window, corresponding to the 2.0-2.5s mark for BCIComp
and the 4.5-5.0 s mark for Nguyen.

F. Dual Spatial-Spectral Feature Selection

We performed a dual-axis feature selection using L1 regu-
larization weights. First, the TS+LR pipeline was trained on
the full feature set (Channels x Frequencies) derived from the
training set, and the absolute L1 coefficients were extracted.
To rank spatial importance, weights were summed across all
frequency bands for each channel. To rank spectral importance,
weights were summed across all channels for each frequency
band. The classifier was then iteratively restricted, for both
training and evaluation, to only the top N channels and top
M frequency bands.

G. Physiological Validation of Selected Features

To assess whether the discriminative features had a plausible
cortical origin, we examined them along two axes.

First, we plotted topographic maps of the absolute L1
weights for each frequency band. L1-LR acts as an aggressive
feature selector in SI, zeroing out over 95% of the tangent
space [6]; weights concentrated at the extreme lateral or frontal
edges of the montage, particularly above 40Hz, were taken as
indicative of electromyographic (EMG) contamination rather
than of cortical networks [14].
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Fig. 1. Evaluation Strategies and Inter-trial Leakage. Boxplots display the
pooled classification accuracies across all participants for the BCI Competition
(left) and Nguyen (right) datasets. The red dashed line indicates the theoretical
significance threshold (p < 0.01) derived from a binomial distribution. Group
CV reflects the actual performance on block-like designs, contrasted with
standard Stratified CV, which exhibits artificially inflated accuracies due
to inter-trial leakage. BCIComp performance remains invariant across these
two conditions, reflecting the missing trial order and presence of session-
wide leakage. The <40 Hz condition represents the Clinical Baseline spectral
configuration (encompassing Theta, Alpha, and Beta bands), demonstrating
performance comparable to the unrestricted baseline for Nguyen and lower
scores for BCIComp. The Sanity Check evaluates the immediate post-imagery
resting window; sustained above-chance accuracy in the BCI Competition
dataset further evidences leakage, whereas the Nguyen dataset appropriately
degrades to near-chance levels in the absence of the task.
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Fig. 2. Decoding performance comparison across speech imagery
conditions in Nguyen dataset Classification accuracies for Long Words,
Short Words, and Vowels tasks remain clustered near chance levels, whereas
the Short-Long Words condition exhibits significantly elevated performance
(median 0.75)

Second, we inspected the independent components (ICs)
projecting most strongly onto the highest-weighted channels.
For each participant we ranked channels by summed absolute
weight and selected the components whose maximal abso-
lute mixing-matrix coefficient fell on one of the top-ranked
channels. For each selected component we examined its scalp
projection and its class-wise spectrum, treating focal edge-of-
montage topographies and broadband high-frequency power
differences between classes as signatures of non-neural origin.

ITI. RESULTS
A. Impact of Evaluation Strategies and Temporal Leakage

Figure 1 illustrates the classification accuracies across the
different evaluation strategies and constraints. For the BCI
Competition dataset, performance remained relatively invariant
between the Group CV (median: 0.73) and the standard
Stratified CV (median: 0.75), though the slight difference was
statistically significant (p < 0.05). Notably, one participant ex-
hibited a drastic drop in accuracy under the grouped condition.

In contrast, the Nguyen dataset demonstrated a pronounced
reduction in accuracy when applying the Group CV (median:
0.74) compared to the Stratified CV (median: 0.89), yielding
a highly significant difference (p < 0.01). Evaluating the im-
mediate post-imagery resting window (Sanity Check) revealed
differing outcomes between the two datasets. For BCIComp,
the median accuracy slightly decreased to 0.71. While this was
significantly lower than the Stratified CV (p < 0.05), there
was no significant difference when compared to the Group
CV (p > 0.05). Conversely, the Nguyen dataset exhibited
a substantial and highly significant drop during the sanity
check (median: 0.55; p < 0.01 vs. Group CV), falling below
chance level. Finally, the results indicate a clear distinction
regarding the spectral locations of the utilized features. When
restricting the classifier to the < 40Hz condition (FS1),
BCIComp displayed a highly significant drop in performance
(median: 0.65; p < 0.01 vs. Group CV), with accuracies
falling even below those of the sanity check. In contrast,
the Nguyen dataset maintained comparable performance in
the lower-frequency condition (median: 0.74), showing only a
slight, non-significant change relative to its Group CV baseline
(p > 0.05).

Comparison of decoding performance across the speech im-
agery conditions in the Nguyen dataset is illustrated in Figure
2. The short-long words condition achieved the highest mean
pooled accuracy, with a median of approximately 0.75, which
directly aligns with the findings of the original authors who
identified this specific condition as the highest performing in
their study. In contrast, the average performance for the other
conditions remained clustered below the statistical significance
threshold (p < 0.01).

B. Non-Neurological Source Evidence

Figure 3 (top row) illustrates the topographic distribution
of the spatial weights assigned by the classifier for the two
highest-performing participants in the Nguyen dataset. The
maps reflect the aggressive feature selection of the L1 reg-
ularization, with the majority of electrodes yielding near-zero
values across all frequency bands. The highest-weighted fea-
tures are predominantly localized at the edges of the montage,
such as the right temporal and frontal regions for Participant
14, and posterior-occipital locations for Participant 10.

The middle row displays the three independent components
projecting most strongly onto the highest-weighted channels
for each participant (channels [C6, F8, F4] for Participant 14;
[PO8, P8, F8] for Participant 10), together with their class-
wise power spectra for the “cooperate” and “’in” conditions.
Grey bands mark the frequency ranges belonging to clusters
significant at p < 0.05. For Participant 14, the components
are localized to frontal and lateral sites; IC1 shows significant
clusters in broadly after 20Hz, IC2 and IC9 around 40Hz.
For Participant 10, the selected components are localized to
posterior sites; IC1 and IC6 show significant clusters confined
at 5-10Hz, whereas IC14 additionally shows a cluster at 10Hz.
In all six components, power for the “cooperate” condition
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Fig. 3. Unified spatial, spectral, and decoding analysis for Participant 14 (left) and Participant 10 (right) on long versus short word conditions.
Top: Topographic maps of L1 classifier feature weights across seven frequency bands (2-74,Hz). Middle: Scalp projections and class-wise power spectra
of the three independent components projecting most strongly onto the highest-weighted channels, comparing the cooperate” and in” classes; grey bands
indicate frequency ranges belonging to clusters significant at (p < 0.01)(cluster-based permutation test). Bottom: Heatmaps of classification accuracy from
the dual-selector optimization, displaying performance as a function of restricted channel and frequency band counts.
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The last row provides the dual-selection accuracy grids,
quantifying classification performance at minimal spatial and
spectral resolutions. For Participant 10, the model achieves a
decoding accuracy of 0.609 using only a single channel and
a single frequency band. For Participant 14, while the single-
channel/single-band configuration yields an accuracy of 0.464,
performance reaches 0.627 when the resolution is increased to

two channels and one frequency band.

The pattern observed in these two participants extends to
the rest of the group. Figure 4 shows the summed L1 weights
across all frequency bands for each of the six participants
in the short-versus-long word condition, ordered by decoding
accuracy. In four of the six, the weight mass is concentrated at
peripheral electrodes. The two exceptions, SO1 and S05, show
more diffuse distributions extending over central sites, and are
also the two lowest-performing participants.
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Fig. 4. Per-subject topography of classifier feature weights on the long
versus short word condition for Nguyen dataset. Topographic maps of the
absolute L1 weights, summed across all frequency bands, for each of the
six participants in the short-versus-long word group. Participants are ordered
by decoding accuracy under Group CV, reported above each map together
with the proportion of total weight mass falling on peripheral electrodes.
Participants 14 and 10, examined in detail in Figure 3, show the most focal
peripheral concentrations, whereas Participants 01 and 05 show more diffuse
distributions extending over central sites.

IV. DISCUSSION

Our results demonstrate that improper cross-validation
strategies are a primary source of artificial inflation in de-
coding performance. In the BCI Competition dataset, perfor-
mance remained invariant between Stratified and Group CV,
confirming that the dataset’s randomized publication obscured
the temporal trial order. The drastic drop to below-chance ac-
curacy for one specific participant under the grouped condition
highlights how trial sequencing can distorted the outcomes.
The necessity of proper evaluation is most evident in the
Nguyen dataset: when overlapping segments from the same
trial were not grouped (Stratified CV), accuracies spiked to
near 90%. Applying a rigorous Group CV effectively corrected
this inflation while proving that true decoding capabilities still
remained above chance. The post-task sanity check provides
definitive proof of this inter-trial leakage. The BCIComp
pipeline maintained high accuracy during non-imagery win-
dow, indicating that the classifier was exploiting temporal
artifacts rather than SI intent. In stark contrast, performance
on the Nguyen dataset appropriately collapsed to chance levels
during the sanity check, confirming that its high accuracies are
driven by task-related SI. Furthermore, restricting the classifier
to the < 40Hz condition demonstrated that the temporal
leakage driving the BCIComp results is heavily reliant on
higher frequency ranges. Conversely, the authentic features
isolated in the Nguyen dataset are predominantly located
within the standard, physiologically < 40 Hz bands.

The pronounced disparity in decoding performance across
the linguistic conditions in the Nguyen dataset is highly
revealing. The anomalously high accuracy observed exclu-
sively in the Short-Long Words condition suggests that the
classifier is exploiting systematic, task-related artifacts intro-

duced by the contrast in word length, rather than intrinsic
neural representations of inner speech. Because imagining a
long word inherently takes more time than a short word,
this temporal difference creates a structural bias, increasing
the probability of duration-dependent physiological confounds
occurring systematically in one class over the other.

The topographic distribution of the most discriminative
features for the two highest-performing subjects, Participants
14 and 10, indicates that the classifier’s success does not
rest on speech-imagery-specific activity. In both cases the
highest weights are localized to the extreme periphery of
the montage—right frontal-temporal channels for Participant
14 and posterior-occipital channels for Participant 10—rather
than to the frontal and temporal language regions that inner
speech would be expected to recruit [15]. The independent
components projecting onto these channels, however, point to
two distinct explanations.

For Participant 14, the components are consistent with non-
neural contamination. IC1 and IC9 are localized to frontal and
right-temporal edge sites and show class differences confined
to broad band ranges, while IC2 exhibits a pronounced peak
near 40 Hz. Sustained high-frequency power at peripheral elec-
trodes is a well-established signature of muscular tension [14],
and the elevation for ’cooperate’ relative to ’in’ is consistent
with tension accumulating over the longer interval required to
imagine a polysyllabic word. Notably, these differences are
largely absent from the frequency ranges in which cortical
speech-related activity is typically reported.

For Participant 10 the picture differs, and the evidence
points to a task-correlated confound of plausibly cortical origin
rather than to artifact. The selected components are localized
to posterior sites, and their class differences are confined
to low frequencies and the alpha band (10-20Hz), with
no significant separation at higher frequencies. This profile
could involve visual and attentional processing rather than of
muscular contamination. It is also directly anticipated by the
paradigm: the visual cue specifying the word remained on
screen throughout the analysed interval, so the two classes
differ not only in the content to be imagined but in the
physical stimulus continuously presented to the participant. A
sustained difference in posterior alpha is therefore an expected
consequence of the design.

Finally, the dual-selection optimization results add fur-
ther evidence for non-neural source of success. The analysis
demonstrates that the classifier can still achieve robust de-
coding accuracies using a minimal feature space of just one
channel and a single frequency band. Inner speech generation
relies on the coordination of a distributed cortical network,
encompassing frontal and temporal language areas [19]. The
fact that the model can successfully separate the classes
based on a highly localized, single-feature spatial-spectral pair
strongly indicates that the driving signal is a concentrated,
task-correlated artifact.



V. CONCLUSION

In this study, we have evidenced important sources of score
inflation that can lead to the overestimation of SI feasibility.
While the issue of temporal correlation related to block designs
is known in BCI research [20], our analysis highlights how
dataset publication formats dictate evaluation integrity. In the
case of the Nguyen dataset, although the original timeline of
blocks was scrambled, the trials within each block remained
sequential. This allowed us to perform Group CV, revealing
that the standard CV procedure used by the original authors
[4] resulted in significantly inflated accuracies. Conversely, the
BCI Competition dataset was published with a completely ran-
domized trial order, making the reconstruction of blocks—and
thus a true Group CV—impossible in practice. Consequently,
published decoding results on the BCIComp dataset are likely
driven by trial temporal leakage that cannot be mitigated.

Our results “unpack” the success of the LR+TS pipeline
on two relevant SI datasets, demonstrating its efficiency in
aggressively isolating discriminative features from covariance
matrices. However, our analysis exposes a critical vulnera-
bility in SI experimental designs: contrasting imagery tasks
of varying temporal/stimulus durations can introduce sys-
tematic physiological artifacts. As evidenced by our spatial
and spectral mapping, these non-neural confounds provide a
distinct signal that data-driven algorithms can readily exploit.
Given the foundational influence of the Nguyen dataset over
speech imagery as a feasible paradigm, our findings prompt a
necessary reevaluation of prior high-performance claims. Ul-
timately, this work underscores the need to critically reassess
the feasibility of speech imagery in EEG.
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