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Abstract. In the context of EEG-based Brain-Computer Interfaces (BCIs),
Deep Riemannian Neural Networks (DRNNs) have emerged as a state-of-
the-art framework, particularly in classifying motor imagery. A crucial
component of these networks is the activation function, which must pre-
serve the manifold’s geometry. The ReEig function is the prevailing choice,
providing a foundational but potentially limited nonlinear transformation.
This work investigates whether alternative activation functions can im-
prove the performance of DRNNs. We conduct a comparative analysis of
the standard ReEig function against four alternatives – cosh, sinh, ReLU,
and SiLU – within the SPDNet and EE(G)-SPDNet architectures. The
experiments are performed on three public motor imagery datasets: BCI
Competition IV2a, PhysioNetMI, and Cho. The results consistently indi-
cate that alternative nonlinear functions perform better than the conven-
tionally used ReEig, achieving superior classification accuracy.

1 Introduction

Brain-Computer Interfaces (BCIs) based on electroencephalography (EEG) have
emerged as a promising technology for a direct communication between the hu-
man brain and external devices [1]. In the context of EEG-based BCIs for mo-
tor imagery (MI) tasks, a crucial stage is the classification of neural patterns, in
which traditional machine learning approaches often rely on handcrafted features
extracted from the EEG signals. A possible approach is to extract EEG covari-
ance matrices, which are inherently symmetric positive definite (SPD) and thus
reside on a smooth Riemannian manifold. Within this geometric structure, tech-
niques grounded in Riemannian Geometry (RG) have demonstrated remarkable
performance by operating directly on the manifold of SPD matrices [2], preserv-
ing the intrinsic data structure and leading to more robust classifiers. Recently,
this paradigm has been improved by the development of Deep Riemannian Neu-
ral Networks (DRNNs), which combine the geometric fidelity of Riemannian
approaches with the powerful hierarchical representation learning of deep learn-
ing [3]. These networks, such as SPDNet [4], map SPD matrices through a series
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of Riemannian layers, enabling end-to-end learning on the manifold and pushing
the state-of-the-art in EEG decoding accuracy [3].

While DRNNs represent a significant leap forward, their architectural compo-
nents, particularly the activation functions, are not yet fully explored. A critical
element of these networks is the need for activation functions that maintain the
manifold structure of the data, as standard nonlinearities like ReLU would vi-
olate the SPD property. Currently, the ReEig (rectifying eigenvalues) function
is widely adopted as the main nonlinearity in DRNNs, introducing a nonlinear
capacity by thresholding the eigenvalues of the SPD matrix. However, the ReEig
function provides a relatively limited form of nonlinear transformation, poten-
tially constraining the network’s ability to learn complex, discriminative features
on the manifold. In that sense, in this work, we intend to compare ReEig with
a set of four alternative activation functions for SPDNet and EE(G)-SPDNet:
cosh, sinh, ReLU and SiLU. The accuracy for each case is evaluated on three
public MI datasets: BCI Competition IV 2a [5], PhysioNetMI [6] and Cho [7].

2 Deep Riemannian Neural Networks (DRNNs)

EEG signals are usually represented as multivariate time series X ∈ Rc×T ,
composed of c electrodes (or channels) and T time samples [8]. The sample
covariance estimator (SCM) estimates its covariance matrix CX, which is an el-
ement of the manifold of the set of Symmetric Positive-Definite (SPD) matrices:
S++
c = {C ∈ Rc×c : C = C⊤,C ≻ 0} that forms a well-defined Riemannian

geometry (RG) [9]. The analysis of EEG signals with RG showed to be very
promising [2] and inspired the construction of Deep Riemannian Neural Net-
works (DRNNs), a family of deep learning architectures based on data residing
in the SPD manifold. The seminal SPDNet [4] introduced layers that preserve
such manifold structure: BiMap, ReEig and LogEig.
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SPDNet EE(G)-SPDnet

Fig. 1: Architecture of the
analyzed DRNNs.

Analogously to a fully connected layer, the
BiMap uses a bilinear transformation Xout =
WXinW

⊤ with W constrained to be semi-
orthogonal, preserving the SPD structure. The
ReEig layer is applied as a non-linear activation
by clamping eigenvalues below a small threshold ϵ,
preventing numerical loss of positive definiteness.
Lastly, the LogEig layer computes the matrix log-
arithm, Xout = Q log(Λ)Q⊤, mapping the SPD
matrix to the tangent space, allowing the learned
geometric features to be processed by standard Euclidean-based components.

Models such as EE(G)-SPDNet [3], described in Figure 1, extended the
SPDNet architecture by adding temporal and spatial modules preceding the SPD
blocks. In both those the authors also repeat the layers BiMap and ReEig, with
EE(G)-SPDNet building a sequence of three blocks of this repetition. However,
by relying on the same ReEig “activation” many DRNNs architectures might
have a limited nonlinear capacity. This motivate us to explore more impactful
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SPD-preserving activation functions.

3 Activation Functions

In Euclidean deep learning, activation functions are fundamental for a network’s
ability to learn complex, non-linear patterns [10, 11]. For the SPD manifold, the
commonly used ReEig layer (eigenvalue clamping) has often been described as
an activation layer. However, in architectures based on the BiMap, for instance,
there is an enforced positive definiteness by construction, reducing ReEig to
serve mainly a numerical role, preventing loss of positive definiteness due to
floating-point errors, rather than introducing the nonlinearity expected from
this class of layers. Furthermore, there is a wide range of available activations
in the Euclidean domain whose applications are effective and widely employed,
but have seen few to none use in DRNNs.

The core of spectral operations as ReEig and LogEig is due to eigendecom-
position of the symmetric matrix C from which the eigenvalues are modified:
C = QΛQ⊤, where Q is an orthogonal matrix of eigenvectors and Λ is a diag-
onal matrix of real eigenvalues. Since only the eigenvalues are modified while
the eigenvectors remain unchanged, the geometric structure of the data is pre-
served. However, acting only on eigenvalues can limit the power of the DRNNS,
since the goal is to apply nonlinearities to all the entries, analogous to Euclidean
activations.

An alternative is an elementwise (Hadamard) activation function that prov-
ably preserves positive semi-definiteness (PSD). From Schoenberg’s theorem, an
elementwise function f : R → R preserves PSD if and only if its Maclaurin se-
ries (f(t) =

∑∞
k=0 akt

k) has nonnegative coefficients (ak ≥ 0). Consequently,
for any PSD matrix X the elementwise application is f◦(X) = [f(Xij)] =∑∞

k=0 akX
◦k ⪰ 0 where X◦k is the k-th Hadamard power. For SPD matri-

ces (X = X⊤ and X ≻ 0), a suitable choice of f ensures the eigenvalues remain
strictly positive, preserving the symmetric positive definiteness. Since the Schur
product theorem is also valid for SPD matrices, we see that each termX◦k is SPD
and, consequently, the above series f(X) remains SPD. These theorems provide
a practical family of SPD-preserving elementwise activations for DRNNs, such
as exp, sinh and cosh [12]. This also demonstrates that functions such as cos
or tanh, which have negative coefficients, are not suitable for DRNNs as they
cannot preserve PSD.

Another approach is to rely onto the logarithm and exponential map from
RG. These enable pushing covariance matrices into the tangent space (with the
LogEig layer, for instance), applying an activation function, and mapping back
to the Riemannian manifold (with the exponential map). By definition, this is
guaranteed to maintain the positive definiteness, while also allowing the use of
many known activation functions.

Motivated by these results, we analyze the replacement of the ReEig layer
to four alternative functions: sinh, cosh, ReLU [13], and SiLU (Swish) [14]. Al-
though sinh and cosh are theoretically SPD-preserving according to Schoenberg’s
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theorem, their actual impact on DRNNs remains unexplored. ReLU is included
as the main reference in the literature related to activations in Euclidean deep
learning models, and SiLU is one of its variations, which has shown superior per-
formance in certain scenarios [14]. We also explore the use of diagonal loading
(CDiagLoad = C+ ϵI, where ϵ = 1e−4), equivalent to no activation function and
only serving to maintain positive definiteness.

By modifying SPDNet and EE(G)-SPDNet, we aim to evaluate how truly
nonlinear and SPD-preserving activations affect the performance of DRNNs
across multiple Motor Imagery datasets. Due to numerical instabilities (mainly
bad convergence), we also modified both DRNNs to have only one BiMap-ReEig
block.

4 Datasets

We evaluated the proposed modifications on three public motor imagery (MI)
EEG datasets: BCI Competition IV2a (BNCI2014-001), PhysioNetMI and Cho.
These datasets contain recordings from 9, 109, and 52 subjects, respectively.
Due to anomalies or missing trial in the recordings, 6 PhysioNetMI subjects
were excluded [15]) and 3 Cho subjects were also removed [15]). Each subject
performed multiple MI tasks (e.g., left/right hand movements), resulting in 4
classes for BNCI2014-001, 5 for Physionet (including resting state) and 2 for
Cho dataset.

Following benchmarking practices [16], the full trial duration was used. Data
were band-pass filtered between 8-32 Hz and channel-wise normalized. A cross-
session evaluation was used on BNCI2014-001, while within-session was used
on PhysioNetMI and Cho. All experiments were repeated with three random
seeds, and results are reported as averages. Training was conducted using the
Riemannian ADAM optimizer, with a batch size of 64 and 300 epochs, keeping
hyperparameters consistent across subjects and datasets.

5 Results

Table 1 shows the results obtained in the experiments. As expected, diagonal
loading and ReEig achieved similar accuracies, both mainly ensuring numerical
stability rather than adding non-linearity. This confirms that within BiMap
based architectures, the ReEig layer acts mainly as a stabilization mechanism.
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Model Activation BNCI2014-001 Cho2017 PhysionetMI Avg.

SPDNet

ReEig 52.89 61.06 52.19 55.38
DiagLoad 53.67 61.12 52.41 55.73
Cosh 54.54 64.26 54.09 57.63
Sinh 54.84 63.55 53.51 57.30
ReLU 50.37 58.11 48.73 52.40
SiLU 52.64 60.79 51.41 54.95

EE(G)-SPDNet

ReEig 70.52 60.71 47.24 59.49
DiagLoad 70.87 61.04 47.19 59.70
Cosh 64.04 68.36 53.57 61.99
Sinh 71.78 64.39 49.33 61.83
ReLU 69.27 49.67 36.22 51.72
SiLU 70.41 56.17 44.93 57.17

Table 1: Accuracy (%) comparison for SPDNet and EE(G)-SPDNet.

The best overall results were obtained with cosh for both SPDNet and
EEG(G)-SPDNet models, with a single exception where sinh outperformed it
for the latter model on the BCI Competition IV 2a dataset. Otherwise, the re-
sults remained consistently competitive across all datasets, leading to an overall
average performance close to that of cosh. This consistency is further illustrated
in Figure 2, particularly for the Cho2017 and PhysionetMI datasets, where cosh
and sinh demonstrated higher mean accuracies compared to the other activation
functions. This behavior suggests that the SPD-preserving and nonlinearities
introduced by these activations not only improved performance but also con-
tributed to a more stable training.

In contrast, ReLU and SiLU underperformed across all datasets, specially
for ReLU on PhysionetMI, which achieved the lowest overall accuracy, 36.22%.
In some other cases, their performance collapsed into a narrow range (Figure 2),
possibly indicating that the chosen hyperparameters were suboptimal for achiev-
ing a good convergence on those cases.
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Fig. 2: Accuracy (%) distribution by activation function.
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6 Conclusion

This work investigated through a comparative analysis whether alternative ac-
tivation functions can improve the performance of DRNNs. Four alternatives
for ReEig function were considered for the SPDNet and EE(G)-SPDNet archi-
tectures: cosh, sinh, ReLU, and SiLU. The results obtained on three public mo-
tor imagery datasets consistently indicate that alternative nonlinear functions
perform better than the conventionally used ReEig, achieving superior classi-
fication accuracy. The best overall results were obtained with cosh, followed
by sinh. Such behavior indicates that alternative SPD-preserving activations
improve performance while also maintaining stability during training.
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