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Data Distribution Evolution for Robust EEG
Emotion Recognition with Limited Data Resource
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Abstract—Proper decoding of human emotions based on phys-
iological electroencephalography (EEG) signals significantly con-
tributes to the development of human-computer interface related
applications. Current major challenges hindering the recognition
performance include the following: 1) the high variance and
unknown noise that exist in the EEG recordings; 2) the size
of EEG datasets are relatively small given the acquisition effort
and annotation cost. It is worthwhile to explore approaches to
improve decoding robustness under low data resource scenarios.
Previous works utilized data augmentation techniques to tackle
this problem using manually designed augmentation operations,
leading to sub-optimal performance. In this study, we propose a
principled framework to perform dynamic evolution on signal
data and improve robustness in the occurrence of unknown
corruptions or variances. The framework is formed with bi-
level distributionally robust optimization (DRO), and improves
robustness by simultaneously optimizing on a family of evolved
distributions instead of the single training data distribution. We
transform the formed gradient flow system into different types
of concrete evolution instantiations based on Langevin dynamics
and Hamiltonian dynamics, with tailored divergence measures
serving as distance constraint. We performed extensive evaluation
of the proposed approach on datasets covering different types of
affective states, with model robustness tested on different types
of corruptions and adversarial examples. The model outperforms
competitive baselines by a significant margin on these challenging
emotion recognition benchmarks, especially for low data resource
scenarios.

Index Terms—EEG Decoding, Distributionally Robust Opti-
mization, Trustworthy Learning.

I. INTRODUCTION

Decoding of human emotions is a key capacity for human-
computer interface based systems, which enables the artificial
system to better support people’s needs and also contributes to
the coordination of actions between the humans and comput-
ers [6]. Physiological electroencephalography (EEG) signals
provides information on the physiological activities associated
with the emotion state, and is widely used for emotion
recognition purpose. Recording of EEG signal is performed
outside of human scalp in a non-invasive manner, and endures
significant variance and noise from numerous sources includ-
ing the muscle, the electronic devices and environmental noise
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etc. Researchers also observed the patterns of signal show
significant deviation for different subjects [4]. EEG emotion
recognition in general is a challenging problem to tackle as the
model needs to generalize well to different unseen subjects and
be robust against the noise and variances. Also, given the cost
and manual effort involved in acquisition and annotation of
the EEG signals, the datasets are often small in size, aka. low
data resource. This makes the model easily overfit to the data.
The model needs to generalize well on unseen testing data and
maintain robustness towards the variance and patterns that are
subject-specific.

Data augmentation methods synthetically transforms train-
ing data with manually designed augmentation operations.
This helps the model prediction to be invariant of different
forms of perturbations, and improves generalization ability on
small and less representative datasets by generating richer and
more diverse representations in the augmentation process. It
also can be seen as a regularization approach that mitigates
overfitting by adding specified bias during training. Previous
work demonstrated that augmentation operations based on do-
main expertise can be effective for improving robustness [35].
The augmentation operations can be classified as transforma-
tions either in frequency domain [40], time domain [42], or
spatial domain [37], [49] of the signal, or directly applied
to extracted features such as power spectral density (PSD)
[15] and differential entropy (DE) [26] etc. Design of such
effective transformations needs priori domain knowledge, and
the optimal choice are often dependent on model architecture,
dataset processing and training set, etc., often requiring manual
effort in the process. Recently, explorations are also made on
gradient-based automatic augmentation approaches [25] and
automatic class-dependent augmentations [34]. The models in-
troduce relaxations on the augmentation problem and enables
gradient-based automatic augmentation, allowing them to ex-
ploit invariances with more flexibility. For comparison with
previous work, the improvement on robustness is observed
and evaluated based on empirical study.

In this work, we form a principled framework to im-
prove the robustness of EEG decoding. We formulate it as
a distributionally-robust optimization (DRO) problem with
generalized divergence constraints and tailored evolution dy-
namics, based on the assumption that the underlying real
distribution of EEG data to be unknown and lies in the
ambiguity neighborhood of recorded signal. The proposed
model performs optimization on a range of neighboring data
distributions by actively evolving the data distribution search-
ing for worst case within a distance constraint. The model is
therefore effectively trained to anticipate and withstand the
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Fig. 1: Overall workflow of proposed distributionally robust decoding (DRD) framework. It achieves decoding robustness by
optimizing on all neighboring data distributions of the EEG signal. We provide three concrete instantiations of the gradient
flow system with data evolution at sample level following different particle dynamics and divergence measures.

most challenging yet realistic deviations it may encounter
by optimizing against the worst-case distribution within the
neighborhood. Additionally, the optimization on the ambiguity
set of distributions is well suited to application scenarios with
limited amount of labeled data sources, which are common in
real world EEG applications given the significant effort needed
from human experts in the process. This also makes it robust
regardless of the exact form of corruptions and variances in
test data. The formulation with distributionally robust opti-
mization enables the design of a family of data evolution and
augmentation approaches for robustness improvement in EEG
decoding, based on evolution at the distribution level. The
overall workflow is shown in fig. [Il The formulation of its
overall target as a bi-level optimization problem enables it to
optimize on all neighboring distributions of the training data.
We consider the distribution evolution process as a gradient
flow system. More specifically, the inner sup optimization
performs data evolution with Wasserstein gradient flow on
neighboring data distributions, and target loss is minimized in
outer optimization with gradient update of model parameters.
We further instantiated the Wasserstein gradient flow into three
different types of data evolution approaches at sample level
based on different particle dynamics and divergence measures,
that are approximate solutions to the bi-level optimization
problem. The instantiations consider different levels of tradeoff
between computational efficiency, implementation simplicity,
and evolution effectiveness. Intuitively, the dynamic evolution
on training data generates more diverse representations in
feature space. It can also be seen as filling the distributional
gap between the limited amount of labeled EEG data and the
underlying overall data distribution.

We performed an extensive empirical evaluation on model
performance in addition to the theoretical analysis. We exam-
ined model performance at the occurrence of different types
of corruptions that are common in recorded EEG signals due

to electrodes misconnections and subject unintended move-
ments etc. Additionally, we tested our model’s performance
on different types of adversarial samples for a more thorough
analysis on its robustness. We made a detailed comparison
of the proposed approach with competitive data augmentation
approaches on numerous ablation settings including different
decoding scenarios, varying proportions of training data, dif-
ferent types of corrupted data and adversarial examples etc. We
also explored the influence of different types of divergence
measures including KL-divergence and -divergence, along
with the Wasserstein distance constraint. These distribution
constraints regulate the evolution process from deviating too
much of the original signal. Wasserstein ball constraint has the
advantage of modeling much richer family of distributions than
KL-divergence, but its closed form solution doesn’t exist for
the problem setting. We therefore approximate it to a surrogate
loss function.

The key contributions of this work are as follows:

We propose a principled framework to improve robust-
ness in EEG decoding by formulating it as a bi-level
distributionally robust optimization problem and derive
a family of data evolution approaches for the purpose.
The proposed framework enables theoretical analysis of
its effectiveness towards robustness improvement.

We convert the bi-level optimization problem into a
gradient flow system, and instantiate the Wasserstein
gradient flow into three concrete data evolution processes
with different divergence measures and particle dynamics
for solving the DRO problem. The approaches provide
different trade-offs between computational efficiency and
effectiveness of model performance.

We performed both detailed theoretical analysis and ex-
tensive empirical evaluation of the proposed approach.
The empirical evaluation covers different types of cor-
rupted data and adversarial examples. The result reveals
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the effectiveness of the proposed approach for robustness
improvement in EEG decoding. The proposed approach
is orthogonal to the decoding model and ready for inte-
gration with widely used BCI systems.

In this paper, we substantially extend our previous work [5]
in terms of both theoretical formulation and empirical evalu-
ation. Specifically, previous work [5] formed the distribution-
ally robust decoding approach directly with KL-divergence.
However, in this paper, we propose the distribution evolution
framework with generalized f-divergence. The previous work
[5] is a specific instantiation of this framework. This expansion
enables the development of a broader range of evolution
approaches with different emphasis among performance, im-
plementation simplicity and computational cost. Also, previous
work [5] focuses on cross-subject decoding, and in this paper
we incorporated both intra-subject and cross-subject EEG
decoding scenarios for a comprehensive evaluation of model
effectiveness. This extension validates the model’s applicabil-
ity towards a wider range of decoding scenarios.

Il. RELATED WORK
A. Deep Learning based EEG Emotion Recognition

Given the capability of Electroencephalography (EEG) sig-
nals in capturing neural activities related to emotional pro-
cesses, EEG-based emotion recognition has emerged as a
promising direction to decode neural activities associated with
emotional states. Recently, classifiers based on neural networks
proved to be effective for the task of EEG emotion recognition.
Exploration along this direction utilizes different network
architectures [21] [39] and domain adaptation techniques
[20] [60] for effective feature extraction to improve model
performance. Specifically, EEGNet [21] is a compact con-
volution neural network composing three convolution layers,
offering versatility across different brain computer interface
paradigms. CTCNN [39] is another classic EEG signal de-
coder built with convolution neural networks. It utilized a
novel cropped training strategy to significantly increase the
decoding accuracy of deep learning based EEG decoders. TS-
SEFFNet [23] performs convolutions in a cascade architecture
to allow it extract high-dimensional temporal features, and at
the same time conducts multi-spectral convolution to generate
discriminative spectral features. A significant challenge in
EEG-based emotion recognition is to address the variability
lying in different subjects, where domain adaptation and
transfer learning techniques have been explored to tackle these
issues [16]]. [14] proposed a gradual proximity-guided target
data selection (GPTDS) technique for improved EEG-based
emotion classification across domains, which selects samples
based on their proximity to the target clusters. Additionally,
self-supervised and contrastive learning approaches have been
proposed to learn subject invariant feature representations and
offering promising results on decoding accuracy [22], [48].
Advances along these directions have largely facilitated the
development of practical EEG decoding techniques, however,
challenges remain in achieving robust and reliable emotion
recognition under circumstances of data scarcity and signal
corruption etc.

B. Robustness Improvement for EEG Emotion Recognition

Given the significant level of noise and variances in EEG
signal, previous efforts on robustness improvement for EEG
decoding made explorations on the different types of data
augmentation methods including generative models [12] and
domain knowledge inspired approaches [2], [36]. The most
intuitive augmentation is to directly add numerous types of
noise in the data [42]. Another thread of research considers
transformations along the temporal axis with examples such as
time shifting and time masking [3]]. Similarly, spatial transfor-
mation related techniques have also been proposed recently.
Krell and Kim [18] performed rotation and shift on electrodes
ordering to mimic the misalignment of sensor cap and human
scalp. Luo et al [31] exploited the bilateral symmetry structure
in human brain, switched signals of left and right side and re-
assembled them into new samples. Researchers also examined
augmentation in the frequency domain based on expertise in
the field. Schwabedal et al [40] introduced the FT-surrogate
transform which replaces the coefficients of Fourier series with
randomized numbers in the range of [0, 2 ]. Narrow band-stop
filtering at random spectral positions are proposed in [30] to
prevent the model from paying too much attention on specific
frequency bands. Pei et al [32] proposed to utilize tensor-
to-vector projection (TVP) to construct a new feature set in
the frequency domain, while Wang et al [44] suggested the
fusion of phase-locking values and microstates for improved
emotion recognition performance. Different from prior work
that manually craft augmentation operations based on domain
knowledge and effectiveness of models is empirically evalu-
ated, the proposed approach offers a principled formulation on
robustness improvement and enables theoretical justifications
in addition to empirical analysis on its performance.

C. Distributionally Robust Optimization

Distributionally robust optimization (DRO) seeks to effec-
tively optimize on target function across an ambiguity set of
data distributions and enables the model to generalize well on
predictions with the existence of uncertainty [19]. Intuitively,
the ambiguity set is lying in the neighborhood region of a
specific distribution, and the distance depicting the neighbor-
hood is based on either divergence measures or Wasserstein
metric (referred as WDRO [33] for the latter case). Recent
explorations on DRO have examined its effectiveness in noisy
subpopulations [43], [45] and against adversarial examples
[28], and also achieve stability for tasks such as domain
adaptation in sequential meta learning [46] and text completion
of different demographic groups [13] etc. Previous works have
also utilized DRO for problems involving group/subpopulation
shift [38] and class imbalance issues [9]. To the best of our
knowledge, this work is the first principled approach to utilize
DRO for robustness improvement in EEG decoding. We for-
mulate the problem from the perspective of continuous dynam-
ics, and provide three different data evolution instantiations to
solve the problem by casting it as a gradient flow system.
The proposed framework offers significant flexibility with a
family of particle dynamics and different types of divergence
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measures. Additional instantiation options are available for
future explorations.

I1l. METHOD

In this section, we begin with an introduction of the
problem setup for robustness improvement in EEG decoding
and formally formulate it as a bi-level optimization target.
Then we propose the Distributionally Robust Decoding (DRD)
framework (Fig. [I) for tackling this problem in a principled
manner. Specifically, we convert the distributionally robust
optimization target into a gradient flow system. The inner sup
optimization is solved with distribution evolution in Wasser-
stein probabilistic measure space, and the model parameters
are updated in outer optimization. The distribution evolution
is instantiated into concrete data evolutions following differ-
ent particle dynamics and divergence constraints. The DRD
framework is a systematic and principled approach to deal
with the ambiguity endowed in the noise and variances of
EEG signal. It explicitly models the distribution of testing
subjects to be unknown and lies in the ambiguity set of data
distributions. This makes it suitable to decode EEG signal with
significant distribution bias across subjects and under low data
resource scenarios. The proposed approach enables the model
to generalize well towards testing subjects by optimizing on
the ambiguity set of distributions neighboring training data
distribution, and generates diverse and representative features
that are robust to EEG signal perturbations.

A. Problem Setup

With data distribution of original EEG signal (involving
corruptions and noise) denoted as g, improving robustness in
EEG decoding can be expressed as to achieve optimized per-
formance on arbitrary data distribution  that endures pertur-
bations or unknown corruptions and lying in the neighborhood
of . The optimization target proposed in this work therefore
covers a region of probability measure space instead of a
single distribution for robustness improvement considerations.
Formally, the optimization target is formed as

min supE L( ;Xy) 1)
82 2p
:D(Cjjo) o (2

where fXx;yg are the data and label pairs of original EEG
signal.  is the parameter of the EEG decoding model, D()
is the distance metric between two probability measures which
can be either in the form of generalized f-divergence or
Wasserstein ball distance. is a threshold defining the neigh-
borhood region of data distributions. The problem setup helps
the model to achieve robust performance against corruptions
and signal noise, as the model has been readily optimized for
the worst-case scenario in the ambiguity set of all neighboring
distributions. Another way of validating this problem setup is
by examining the model’s generalization ability. We prove that
with proper settings of the divergence metrics, the model leads
to a smaller generalization error on data previously unseen
(detailed proof provided in Appendix A).

st. P=°F

B. Distributionally Robust EEG Decoding

The proposed DRD framework tackles the problem setting
in Section [ITI-A] by forming a gradient flow system to solve
the bi-level optimization target. The inner sup optimization
performs evolution on EEG signal towards data distribution
that is most challenging to decode in the -neighborhood,
and outer minimization optimizes parameters of EEG decoder
for improvement of decoding accuracy. The overall DRD
framework is formulated as:

min sup E L( ;X;y) 3)

82 op
stP=Ff :D(jj) D(oi) g 4
E rL(xy) ri(:xhy) 5 (6

X  o;%x0

where is the target distribution that most challenging in
terms of model performance within the  neighborhood of

0, i.e. the distribution with sup ,p E L( ;X;y). X’ is the
evolved EEG data following the particle dynamics. Please
note here we added an additional condition (eq. 5) requiring
gradient dot product between original data x and evolved data
x! to be larger than  (a constant threshold). This ensures
that learning on evolved data does not significantly interfere
parameter update of . Intuitively, a negative value for the dot
product indicates that the gradient direction of evolved data is
contradicting with the original data.

Given the fact that it is computationally infeasible to get the
exact solution for the above distributionally robust optimiza-
tion problem. We formulate the problem as a gradient flow
system and come up with gradient-based solution derived from
Wasserstein gradient flows. It alternates between evolution on
the data distribution and parameter update of EEG decoder.
The data evolution corresponds to the inner sup optimization
in eq. 3 and model parameter updates is performed in the
outer minimization of the target function.

C. Formulation of Gradient Flow System

In this section, we provide details on the gradient flow sys-
tem for solving the bi-level optimization problem. Specifically,
the inner sup optimization in eq. 3] is solved with Wasserstein
gradient flow (WGF). Denote P,(RY) as the probability space
with finite second-order moments on RY, each 2 P,(R) has
the form of :RY ¥ R. The evolution of is a Wasserstein
gradient flow if there exists a functional F with the following

B =rw: oF()=div roo()

where div( ) is the divergence operator, ¥ is the gradient of
a scalar, and -£( ) is the first derivative of F at

LO=tip 2L FO, ©
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with  being an arbitrary function. W,( ; o) is the Wasser-
stein distance between probability measures of original data

o and evolved data , defined as
Z 1=2
Wo( ; o) = mi x  Xjj?d (x; %
2( 5 o) UL A | ji*d (x;x") o

(x;x") is théjomt probability measure of original and
evolved data, ~( ; o) = FIjI(A RY = (A);I(RY
B) = o(B)g. WGF enables distribution  evolving along
the steepest curve of F( ) in the inner sup optimization and
gradually move from initial measure ¢ towards the target
measure

We address the constraint optimization target (eq. B}5) by
converting it to the following form with Lagrange duality

min suplE L( ;X}y)

5)

(o)
The target function F( ) is defined accordingly

D(jj )+

rL(;xy) r LCxhy)l; ®)

0x0)

F()=|ELCxy) ErLCxyr L 2XQ,V;+ D( i

V()

(10)

with D( jj ) being the distance metric in the form of f-
divergence

)
()

Numerous instantiations exist for the divergence function h(),
including KL-divergence, -divergence etc. The gradient flow
of f-divergence in Wasserstein space is described with the
following partial differential equation accordingly

0 ) =r (""( )t 'rh’(-)(x;t)

Specifically, for the second derivative of h() having the
following form h®(p) =c p with being a constant, then
eq. [I2) can be converted to the following form

@ st)y=r (¢ Y& )reV™) (x;1)

where function U(X; ) depicts the energy function of target
distribution e Y.

The DRO optimization target in eq. [9 therefore can be
achieved with the formulated gradient flow system

D(ji )= h(—3) ()dx (€3]

(12)

(13)

8
=0, =div r-~O+ DBCii ) (14)
d
T = rELCxy) (15)
dt
Eq. [I4] solves the inner sup with evolution on and
eqg. solves the outer minimization with update on . We

provide three different types of data evolution instantiations to
effectively solve eq.[I4}eq. [I5] The first two approaches utilize
Langevin dynamics with either KL-divergence or -divergence
to perform data evolution, then we generalize the evolution

Nt

formulation to have better flexibility based on instantiation of
Hamiltonian dynamics.

Algorithm 1 Distributionally Robust Decoding

1: REQUIRE: EEG decoder parameters
tion rate , evolution time T.
2. fori=1to N do
in(Put EEG data (Xi; Vi) arrives.
=X

, learning rate , evolu-

if use Langevin dynamics then
< y) = Transform((<’;y)) with
KL-divergence (Eq. (I6)) or -divergence (Eq. (21))
8: else if use Hamiltonian dynamics then

3
4:
5. fort=1toT do
6
7

o: (x";y) = Transform((x";y)) following Eq. (23).
10: end if

11:  end for

122 =i [LCaxy)+LCsxhy)l

13: end for

Langevin Dynamics Evolution with KL Divergence
Langevin dynamics [47] offers the depiction of evolution on
data samples based on the previously formulated gradient
flow system. For the different types of divergence function
h(), KL-divergence is the one that most widely used and
thoroughly studied. The gradient flow in eq. [14] with KL-
divergence instantiation corresponds to the following stochas-
tic differential equation:

reoU(x% )dt+ pTth;
V(C)+ D(jj))

dx? = (16)

where U(X"; )= (€))

= r L(xy) r L( xy)+ (log— + 1)
(18)

with X* = (x2); o being the evolved data, dx’ the evolved
portion during dt and is evolution rate. W¢ denotes the
standard Brownian motion in R™. We provide the derivation
details in Appendix B. Intuitively, eq. [16] evolves the data
towards more challenging distributions in the neighborhood of
original data to make the model generalize well. The evolution
in eq.[I6]is discretized into the following stepwise update rule:

L( xy)

e Xe= (MUl N+TZ 0 (19)

We abbreviate this distributionally robust data evolution
approach as DRD-LD. The first term in the right hand side
of eq. [19] drives the signal segments towards the target proba-
bility distribution , and the second term generates necessary
randomness for increased diversity in the data.

Langevin Dynamics Evolution with D|vergence

With -divergence defined as h(p) =
the privilege of covering larger number of modes and better
accounts to the uncertainty in the distribution, i.e. the mass-
covering property [41]. Its second derivative is in the form of

f%p) =c p—=, where c is a constant. Following eq. [12} its
WGF for the dlstrlbutlon evolution is formed as:
_ 2006 ) XD
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decoding accuracy is more significant under low data resource scenarios.
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and the stochastic differential equation depicting its evolu-
tion is as following:

U P
T e T VS U )dt+  2e 7z YO Ddw,
2
(21)

Its discretization for step-wise update is similar to the KL-
divergence case. We abbreviate this evolution approach with

-divergence as DRD -LD.

Generalized Evolution with Hamiltonian Dynamics
Given that samples generated from a continuous Markov
process follow a probability measure that can be written into
the general form [27], the previous data evolution based on
WGF can similarly be represented as

. F
@ =div( (H+J)r—()) (22)
where H is the diffusion matrix and J is the skew-symmetric
curl matrix. This general evolution depiction offers flexibility
to set prior or geometric information into data evolution. An
example instantiation of H and J is as following

_ 0 0 .,_ 0 .
H = 0 R = 1 0
this WGF formulation follows Hamiltonian dynamics with 1

the identity matrix and R the friction matrix, corresponding
to the following evolution rule at sample level

8dx°t

Tt =y,
dt

= th 0

-—= ru(x;;
dt ( t )

where v; is the momentum and is its update rate. The

evol(ution rule in eq. 23] can be discretized as:

- (23)
Vi+ 2

Xt+1 Xt = Vy;

P

(24)
Vi +

(rx U(Xe; ) 2

This evolution instantiation is abbreviated as DRD-HMC.
The benefit of this instantiation is that it enables flexibility to
freely specify the matrixs H and J following tailored practi-
cal requirements, and encode prior information or geometric
constraints into the specified H and J. Please note further
extensions on the evolution instantiations are available under
this general framework, i.e. utilize the reproducing kernel
Hilbert space (RKHS) kernels built on x and x° to serve
as H in eq. 22 for which we leave as future work. The
detailed algorithm depicting the mechanism of proposed model
is provided in Algorithm [1}

Vi+1 Vi =

IV. EXPERIMENTS

We performed extensive evaluation on model performance,
covering both intra-subject and cross-subject scenarios. We
conducted ablation study on model performance in the oc-
currence of different types of signal corruptions, variances
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TABLE I: Comparison of corruption error for intra-subject decoding on the three datasets. The highest performance is bolded
and the runner-up method are marked with Y. The corruption error is the averaged error rate of model predictions across the
different types of corruption operations.

SEED (#) SEED-IV (#) DEAP (#)

Methods Mean + SD (p-value) Mean + SD (p-value) Mean + SD (p-value)
FT Surrogate 39:53 2:18(2:67e 05) 47:15 3:27(<le 08) 53:74 2:61(3:58e 07)
BandStopFilter 41:06 0:94(1:26e 08) 46:82 1:40(<le 08) 53:49 3:32(7:82e 07)
Frequency Shift 40:89 1:36(3:40e 08) 46:23 2:68(4:03e 08) 51:07 1:75(5:40e 04)
AutoDO 37:12 2:10(4:31e 02) 44:76 1:21(2:33e 04) 50:33 2:96 (2:61e 03)
DADA 37:24 0:49 (2:80e 02) 42:45 3:03(4:07e 01) 48:85 2:38(1:55e 02)
CADDA 38:51 2:35(1:33e 03) 43:38 2:52(3:57e 02) 48:54 3:29 (3:49e 02)
DRD-LD 36:17 1:28Y (3:46e 01) 42:60 1:94(3:12e 01) 48:73 1:87 (4:24e 02)
DRD -LD 36:64 0:72(1:62e 01) 41:53 1:15(7:58e 01) 46:22 2:05Y (6:10e 01)
DRD-HMC 35:20 1:03( ) 41:78 0:81Y( ) 45:39 1:64( )

TABLE II: Comparison of corruption error for cross subject emotion recognition on all three datasets.

SEED (#) SEED-IV (#) DEAP (#)

Methods Mean + SD (p-value)  Mean + SD (p-value) Mean + SD (p-value)
FT Surrogate 54:19 1:02(6:34e 05) 62:31 2:37(<le 08) 67:52 3:18(2:87e 06)
BandStopFilter 56:03 1:86(6:68e 08) 61:68 3:15(<le 08) 68:24 1:43(9:84e 08)
Frequency Shift | 52:44 2:10(7:81e 03) 61:20 1:73(1:04e 07) 66:87 2:65(3:96e 05)
AutoDO 54:27 0:63(4:91e 05) 59:52 2:06(3:71e 04) 65:39 3:72(5:27e 03)
DADA 53:85 1:47(1:84e 04) 59:04 3:61(2:29e 03) 63:16 1:81(9:10e 02)
CADDA 51:92 0:93(2:32e 02) 58:49 2:40(1:35¢ 02) 64:63 2:26 (3:49e 02)
DRD-LD 50:58 1:80(2:15e 01) 58:71 2:72(6:93e 03) 63:65 3:39(2:19e 01)
DRD -LD 48:03 1:29(4:84e 01) 57:56 1:98(1:36e 01) 62:34 1:60Y (5:49e 01)
DRD-HMC 48:95 1:31Y( ) 56:14 0:95Y ( ) 62:27 1:12( )

TABLE IlI: Evaluation of accuracy and ROC-AUC for intra-subject emotion recognition of the different augmentation and
data evolution approaches on the three datasets.

Datasets | SEED | SEED-IV | DEAP

Metrics | Accuracy ROC-AUC | Accuracy ROC-AUC | Accuracy ROC-AUC
FT Surrogate 81:47 o:61 87:93 0:94 69:52 1:79 79:28 1:15 64:10 3:28 73:63 2:34
BandStopFilter 82:10 1:13 87:65 0:72 69:24 2:51 78:40 1:97 66:42 1:96 74:05 1:48
Frequency Shift | 82:58 o0:92 89:04 1:26 71:75 1:43 80:16 2:28 67:27 2:34 74:32 1:79
AutoDO 80:92 1:65 87:33 1:53 70:46 3:84 78:72 2:91 66:59 1:41 73:16 2:20
DADA 81.75 0:47 87:82 o0:71 72:60 2:29 81:35 1:44 67:93 3:75 74.87 2:72
CADDA 82:69 1:31 88:57 1:08 72:81 4:95 82:63 2:52 69:54 2:60Y  76:51 1:43Y
DRD-LD 83:03 0:74 89:21 1:35Y 74:27 2:06 82:90 0:83 68:12 1:73 74:98 1:21
DRD -LD 83:85 1:16 89:14 1:80 75:11 1:53 84:29 1:24 | 68:61 0:94Y 75:70 1:69Y
DRD-HMC 83:32 1:42y  89:66 0:97 74:32 2:70¥  83:56 1:81Y | 69:85 3:08 77:24 2:56

TABLE IV: Performance evaluation for cross subject emotion recognition scenarios in terms of accuracy and ROC-AUC.

Datasets \ SEED \ SEED-IV \ DEAP

Metrics |  Accuracy ROC-AUC | Accuracy ROC-AUC | Accuracy ROC-AUC
FT Surrogate 67:52 0:47 75:14 o0:21 55:60 1:36 69:43 o0:85 48:36 2:23 63:82 1:75
BandStopFilter 68:06 0:31 75:35 o0:58 57:23 o0:89 70:11 o:67 48:74 1:60 64:16 0:93
Frequency Shift | 67:65 o0:54 74:81 0:13 57:44 2:12 68:55 1:38 49:22 1:31 64:65 1:17
AutoDO 66:27 1:78 75:46 0:85 56:19 1:53 69:30 0:96 49:85 2:92 65:03 2:28
DADA 68:41 o0:72 76:03 0:44 58:62 2:71 70:78 1:20 50:13 1:74 64:91 o0:66
CADDA 67:98 0:25 75:92 0:39 59:36 1:84 71:27 1:03 50:65 3:48 65:70 1:94
DRD-LD 68:43 0:84Y  76:74 o0:62 59:53 2:10 70:42 1:45 51:29 1:26  66:39 0:81Y
DRD -LD 68:79 1:03 75:91 o0:80 61:85 2:49 71:65 1:12Y | 51:91 2:63Y 66:84 1:52
DRD-HMC 68:25 1:37  76:38 1:26Y | 61:07 1:64Y 72:94 0:71 52:40 1:89 65:61 1:20
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and adversarial examples, and also performed a detailed ex-
amination towards model’s sensitivity to hyperparameters. In
this section, we first introduce on data processing and model
settings, followed by detailed analysis on model performance.

Datasets and Data Processing We evaluated model per-
formance on three public EEG datasets: SEED dataset [8]
[ SEED-IV dataset [51] and DEAP dataset [17]F] These
datasets cover emotion recognition tasks towards numerous
heterogeneous emotion states.

SEED dataset includes 15 subjects watching film clips
with positive, neural or negative emotion themes for emotion
recognition purpose. The trials are processed with 62-channel
ESI NeuroScan System, originally sampled at 1000Hz and
then downsampled to 200Hz. The recorded signal is processed
into segments of size 800 62, with stride size of 100 between
neighboring segments. This generates 472 segments per trial.

SEED-IV dataset is formed with 15 subjects watching
film clips with tendancy to induce happiness, sadness, fear
or neutral emotions. Each subject participated in 3 sessions
consisting of 24 trials each. The signal is recorded with the 62-
channel ESI NeuroScan System and downsampled to 200Hz.
The data is processed into segments of size 800 62 similarly
as SEED dataset.

DEAP dataset involves 32 subjects performing emotion
recognition tasks with their valence and arousal levels moni-
tored as they watched 40 music videos, resulting in 40 trials
per subject with each 1 minute in length. The signal recorded
with 32 channels is originally sampled at 512Hz and then
downsampled to 128Hz in post-processing.

Baselines We incorporate current widely used strong baselines
on data augmentation for comparison with proposed approach,
categorized as following:

1) Augmentation functioning in time domain, spatial domain
and frequency domain designed based on domain expertise.
We incorporated augmentation approaches including FT sur-
rogate [40], BandstopFilter [30] and frequency shift [10].
FT surrogate replaces Fourier transformation coefficients of
the signal with random numbers in [0;2 ]. BandstopFilter
refers to narrow bandstop filtering at random spectral po-
sitions. Frequency shift adds an uniform offset of £ on
frequency bands, with the offset selected by uniform sampling
in the frequency range.

2) Gradient-based automatic data augmentation approaches
including DADA [24], CADDA [34] and AutoDO [11] are
incorporated in our comparison. DADA searches on augmen-
tation policies in an automatic manner and relaxes the discrete
policy selection to gradient based optimization. CADDA is
another gradient-based automatic augmentation approach uti-
lizing class information in its formulation. AutoDO seeks to
minimize the distribution shift between augmented data and
test data utilizing implicit differentiation. We provide a more
detailed description of the baselines in Appendix D.

Thttp://bcmi.sjtu.edu.cn/ seed/seed.html
2https://bcmi.sjtu.edu.cn/home/seed/seed-iv.html
3https://www.eecs.qmul.ac.uk/mmv/datasets/deap/

A. Model Settings

The base EEG decoding model consists of 3 convolutional
layers similar to EEGNet [21]. The filters of first layer has the
dimensionality of (1;C) (first dimension along temporal axis
and second dimension along spatial axis of signal segments),
with C being the number of channels used in the corre-
sponding EEG dataset. Second convolution layer is formed
with filters of size (32;2), emphasizing on temporal feature
extraction. The third layer performs lightweight pointwise
convolution which reduces computational complexity. Zero
padding is added between adjacent layers to maintain data
dimensionality. For the cross subject EEG decoding scenario,
we leave one subject out for testing and use the other subjects
for training each time, and the performance is averaged across
all subjects. For intra-subject classification, we adopt the train
and test settings of the original datasets. We adopted SGD
optimizer with the learning rate set to 0.1 by default. We set
the number of evolution steps to be 5 by default. The gradient
dot product factor s tailored for individual datasets, setting
to 0.005 for SEED dataset and 0.003 for SEED-IV and DEAP
dataset. The evolution rate  is set to 0.01 for SEED and
SEED-IV dataset, while DEAP dataset uses an evolution rate
of 0.03. Results are averaged across 10 runs in the experiment.

B. Performance Analysis

Evaluation results on the performance with different frac-
tions of training data for both intra-subject and cross-subject
decoding scenarios are summarized in Fig. [2] and Fig. [3
respectively. The evaluation helps gain knowledge on model
performance in low resource scenarios, with the range set
to [1/64, 1] for SEED and SEED-IV datasets, and [1/16, 1]
for DEAP dataset. The varying ranges take the different data
volumes of the three datasets into consideration. The proposed
approaches consistently outperform comparison methods for
these different decoding scenarios, e.g. with low regime of
training data used, proposed evolution approach achieved a
margin of more than 2% on accuracy for cross subject decod-
ing of all three datasets, and the margin further enlarges for
intra-subject decoding. The comparison augmentation methods
designed based on domain knowledge such as FT surrogate
and Frequency Shift brings more than 1% accuracy increase on
SEED and SEED-IV datasets, and more than 2% improvement
on DEAP dataset for cross subject scenario compared to base
model. In terms of gradient based automatic augmentation
approaches, including DADA, CADDA and AutoDO, the
learned augmentation policy is applied to the signal segments
when we retrain the model from scratch. We observed under
low data resource scenarios, CADDA steadily achieved more
than 2.2% accuracy gain on all three datasets compared to base
model for cross subject decoding, and the margin enlarges to
4.0% for intra-subject decoding. Fig. [4] reveals the influence
of different number of evolution steps on the evolved features
of signal segments. The evolution generates more diverse and
representative features in feature space which contributes to
improvement of robustness and generalization ability for the
model.

Table[TT{TV] provide detailed results regarding both accuracy
and ROC-AUC for all three datasets. We observed DRD-
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TABLE V: Evaluation of model performance on adversarial examples generated by two different types of adversarial
perturbations, i.e. projected gradient descent (PGD) ‘4 and Carlini & Wagner “, attack. For PGD attack, we evaluated
with two different magnitude of perturbations 0.02 and 0.1 on the normalized signal data.

Dataset \ SEED \ SEED-IV \ DEAP

Method | PGD (0.02) PGD (0.1) C&W | PGD (0.02) PGD (0.1) C&W | PGD (0.02) PGD (0.1) Cc&W
AutoDO 16:73 1:41  4:55 0:59 8:26 1:74 14:25 4:32 691 3:66 4:41 117 5:39 1:62 2:13 o0:85 3:54 1:36
DADA 16:42 1:78  0:96 0:23 5:57 0:49 11:63 2:80 2:74 o0:51 2:28 0:95 4:06 2:10 2:91 1:28 5:23 2:63
CADDA 14:75 3:13  2:18 0:54 9:31 o0:66 16:39 3:47 4:06 1:93 7:54 2:61 6:48 1:23 3:74 156 3:87 0:45
DRD-LD 19:56 2:10 8:61 o0:72  10:58 1:49 | 18:82 465 8:11 3:24 12:25 1:58 | 10:94 3:41 7:22 2:39 5:43 2:18
DRD -LD 18:84 2:29 7:30 0:46 9:12 o:85 15:06 2:21  6:63 1:32  13:97 3:43 8:62 2:88 3:05 1:17  4:16 1:52
DRD-HMC | 22:38 1:27 6:25 1:68 13:66 2:23 | 19:45 3:19 8:80 2:07 15:13 1:76 9:79 2:54 8:36 3:32 6:51 1:85

TABLE VI: Ablation study on the effect of different number of evolution steps on performance of cross subject EEG emotion
recognition. The model performance converges after 5 evolution steps.

Evolution Steps | 1 | 3 | 5 | 7

Method \ DRD-LD DRD -LD DRD-HMC \ DRD-LD DRD -LD DRD-HMC \ DRD-LD DRD -LD DRD-HMC \ DRD-LD DRD -LD DRD-HMC
SEED 67:41 1:83 68:19 1:35 68:26 2:17 | 68:32 0:74 68:58 2:40 69:93 1:85 | 67:80 2:79 68:93 1:66 70:56 4:15 | 68:69 1:27 68:74 062 70:75 2:58
SEED-IV 58:92 2:36 58:38 1:10 60:13 1:49 | 58:74 1:51  60:25 0:97 61:43 2:16 | 59:57 3:.02 61:64 2:25 61:19 2:48 | 60:31 1:96 62:20 1:43 61:82 3:17
DEAP 47:65 1:54 49:42 322 48:71 2:30 | 49:06 2:29  50:30 1:58 50:12 2:74 | 51:29 1:26  51:91 2:63 52:40 1:89 | 51:52 2:08 52:33 1:75 52:64 2:16

TABLE VII: Ablation study on influence of regularization
weight , gradient dot product factor and evolution rate

on testing accuracy. The optimal hyperparameter choice is
bolded in each setting.

0.1 0.3 0.5 0.8
SEED 68:18 3:07 68:94 1:52 69:56 4:13 69:18 2:30
SEED-IV  60:63 2:35 61:07 1:64 60:81 3:29 60:32 1:86
DEAP 51:24 1:51  50:62 2:15 52:40 1:80 51:87 1:25

0 0.001 0.003 0.005
SEED 69:14 1:37 68:98 2:06 69:32 1:94 69:56 4:13
SEED-IV  59:52 3:15 60:21 2:53 61:07 1:64 60:95 1:12
DEAP 51:58 1:03 51:81 2:95 52:40 1:89 52:13 2:76

0.01 0.03 0.05 0.1
SEED 69:56 4:13 69:23 2:85 68:72 1:49 68:95 3:04
SEED-IV  61:07 1:64 60:39 3:20 60:84 2:57 59:28 1:96
DEAP 51:82 2:45 52:40 1:80 51:16 2:23 50:70 3:32

HMC steadily outperforms other models on DEAP dataset,
while DRD-LD and DRD -LD renders promising results for
decoding of SEED and SEED-IV dataset. Fig. [§ visualizes
the effect of sample level evolution for SEED dataset (We
plot the first 5 channels due to space constraint). We observed
the data evolution preserves the overall characteristics of the
signal while infuse significant perturbation towards the local
patterns, with the magnitude of perturbation increases with the
number of evolution steps.
Performance on Corrupted Data

We evaluated model’s robustness on different types of cor-
rupted data, measured with corruption error, which computes
the averaged error rate over the different types of corruptions
(the individual corruption operations with detailed parameter
setting are listed in Appendix J). The result is provided in
Table [THIT] for intra-subject and cross-subject decoding respec-
tively. DRD -LD steadily achieved the best performance on
SEED-IV dataset, probably due to its capability of modeling
uncertainty in smaller datasets. In general, the proposed evo-
lution approaches exhibit to be more resilient than comparison
methods in the occurrence of unknown corruptions.
Performance on Adversarial Examples

Adversarial examples are perturbed signal segments X’

that are relatively close to original data X as measured by
some distance metric D(x:x") but delude the EEG
decoder to make different predictions, i.e. f (x) & f (X9).
We examined the performance of proposed approach with
adversarial examples of two different categories, namely, Pro-
jected Gradient Descent (PGD) “ 1 [29] and Carlini & Wagner
‘2 attack [7]. The result is provided in Table [V] PGD ‘1
attack generates the adversarial examples based on gradient
projection within “ 3 norm constraint. The model performance
is tested with two different levels of perturbation magnitude,
0.02 and 0.1 respectively, on the normalized data. The Carlini
& Wagner attack follow the “, settings described in [7]. We
observed the prediction accuracy of comparison models are
close to random guess for PGD “q attack with perturbation
magnitude of 0.02. The accuracy further drops to near zero
with magnitude set to 0.1. The best evolution instantiation
outperforms comparison approaches by a significant margin
of at least 3.06% for PGD “4 (0.02), and 1.89% for PGD ‘1
(0.1). For Carlini & Wagner attack, the proposed instantiations
have a performance gain of 4.35% on SEED dataset, 7.59% on
SEED-IV dataset and 1.28% on DEAP dataset. Both results
demonstrate the effectiveness of proposed approach towards
robustness improvement on adversarial examples.

C. Ablation Study

Hyperparameter Sensitivity We explore the influence of
hyperparameters including regularization weight , gradient
dot product factor  and evolution rate  on model per-
formance. The result is shown in Table [VII] with optimal
choice bolded for each setting. For regularization weight
the optimal value is 0.3 for SEED-1V dataset, and 0.5 for both
SEED and DEAP datasets. The sensitivity analysis on gradient
dot product factor is within the range of [0:0;0:005]. =0
denotes that no gradient regularization is applied. We also
evaluated the influence of the evolution rate  which controls
the magnitude of evolution steps. We observed DEAP dataset
requires a higher evolution rate to reach optimal performance
compared to the other datasets. Among the different hyperpa-
rameters, we also performed ablation study on the number of
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Negative
Neutral

Positive

(a) SEED, Original Data

(d) SEED-IV, Original Data

(g) DEAP, Original Data

(b) SEED, Evolution Steps t = 3

(e) SEED-1V, Evolution Steps t = 3

(h) DEAP, Evolution Steps t = 3

(c) SEED, Evolution Steps t =5

(f) SEED-1V, Evolution Steps t =5

(i) DEAP, Evolution Steps t =5

Fig. 4: t-sne visualization on extracted features before and after data evolution of the three datasets. The rows from top to
bottom corresponds to SEED, SEED-1V and DEAP datasets respectively. The columns corresponds to different evolution stages,
with the leftmost column being the original data, the middle column being evolved data with 3 evolution steps and rightmost
column being evolved data with 5 evolution steps. The distributionally robust evolution at sample level generates more diverse
and representative features for numerous different classes, e.g. positive emotion in SEED dataset, neutral and fear emotion in

SEED-IV dataset etc.

evolution steps towards model performance, with result shown
in Table[VIl The model performance converges with more than
5 steps of data evolution. The number of evolution steps is set
to 5 as default in our experiment, which offers proper tradeoff
between performance and computational efficiency.

Distance Constraints We performed ablation study on the
different types of distance constraints including both f-
divergence and Wassarstein ball constraint W( ; ), which
constrain the evolved data distribution from drifting too far
away of the original distribution. The result is summarized in
Table [VITI} with WB-distance denoting the Wasserstein ball
constraint. The different types of f-divergence and Wassarstein

ball constraint are endowed with different properties. KL-
divergence has the right advantage of being computationally
efficient as its gradient information is easy to access with
calculus of variation. Meanwhile, -divergence is capable of
covering more modes within the distribution neighborhood and
better accounts to the existing uncertainty. Wasserstein ball
constraint offers more flexibility in defining the neighborhood
region, but solution of its gradient flow is computationally in-
tractable and we adopt the approximation approach introduced
in [1]. This converts it into the form of a surrogate loss (with
details provided in Appendix G). The approximated loss term
has tractable solutions but the performance is slightly inferior
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(a) Langevin dynamics

(b) Hamiltonian dynamics

Fig. 5: Visualization on evolved signal segments of SEED dataset with different evolution steps. We plot the first five channels
of the recorded signal due to space constraint. The signal pattern at the beginning of first row is zoomed in for better view of

the details. (a) Langevin dynamics, (b) Hamiltonian dynamics.

than KL-divergence. In general, -divergence achieved better
performance than other forms of f-divergences on SEED and
DEAP datasets.

V. DISCUSSION

The proposed distributionally robust decoding approach
consistently yields significant performance gains under low-
data regimes, in cross-subject scenarios, and with corrupted
data or adversarial attacks settings. This relates to the model’s
ability to optimize over a family of neighboring distributions
and improves generalization in the process. While prior studies
demonstrate that carefully designed data augmentation and
transformations can improve robustness (this is also supported
by our empirical results), the effectiveness is inherently limited
by the finite set of transformations, as these approaches
implicitly assume that the dominant sources of variability
are known a priori and can be captured by a limited set of
handcrafted operations. The empirical findings in this work
suggest that such assumptions are often insufficient, especially

in cross-subject settings where inter-subject variability induces
complex and unpredictable distribution shifts. By explicitly
modeling an ambiguity set of neighboring data distributions
and optimizing for the worst-case scenario within the set, the
DRD framework generalizes beyond classic data augmentation
models and better aligns with the inherent uncertain nature of
EEG signals. The robustness improvements observed under
various corruption types further support this interpretation.
Moreover, the strong resilience against adversarial attacks
highlights another aspect where the proposed framework sig-
nificantly outperforms conventional augmentation techniques,
this suggests that distributionally robust evolution could serve
as an effective approach for mission critical applications such
as EEG-based clinical monitoring systems.

The comparative analysis further reveals the corresponding
relationship between the selection of different divergence
measures and evolution dynamics with model robustness per-
formance. In particular, -divergence based evolution exhibits
stronger performance in low-resource scenarios, due to its
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TABLE VIII: Evaluation on influence of different divergence measures towards model performance. The divergence measures

incorporated in the comparison including KL-divergence, -divergence, 2-divergence, and Wasserstein ball distance.
\ SEED \ SEED-IV \ DEAP
Distance Constraint |~ ppp.|p  DRD-HMC | DRD-LD ~ DRD-HMC | DRD-LD  DRD-HMC
KL-divergence 68:43 0:84 68:25 1:37 | 59:53 2:10 61:07 1:64 | 51:29 1:26 52:40 1:89
-divergence 68:79 1:03 69:41 1:95 | 61:85 2:49 60:22 3:38 | 52:91 2:63 53:12 0:75
2_divergence 67:57 1:28 67:94 2:20 | 57:18 1:36 58:63 0:91 | 50:48 3:80 52:09 1:17
WB-distance 68:54 3:35 70:12 1:57 | 58:39 2:72  60:85 1:40 | 51:73 2:14 50:61 3:08

mass-covering property which enables better exploration of
plausible but underrepresented modes in the data distribu-
tion. Similarly, Hamiltonian dynamics demonstrate improved
stability in the performance, consistent with their theoretical
advantages in stochastic sampling. These also indicate that
the proposed framework is not only effective but also flexible,
allowing practitioners to tailor the evolution mechanism for
specific applications with computational constraints. In sum-
mary, this work provides both empirical evidence and theo-
retical justification for a new class of robustness enhancement
methods for EEG decoding, paving the way for more reliable
and trustworthy affective computing systems.

V1. CONCLUSION

In this work, we proposed a principled approach to achieve
robustness improvement in EEG decoding based on distri-
butionally robust evolution. The proposed approach forms
the distributionally robust evolution problem into a bi-level
optimization target, with the decoding model optimized on the
ambiguous set of data distribution at the neighborhood of train-
ing data. We convert the proposed framework into a gradient
flow system to achieve tractable evolution solutions, and offers
three concrete evolution instantiations at sample level based on
different evolution dynamics and divergence constraints. We
conducted detailed evaluation of the proposed framework with
numerous corruption operations and adversarial perturbations.
The extensive robustness related evaluations demonstrate that
the proposed methods substantially reduce corruption error at
the occurrence of diverse signal distortions and significantly
improve resistance to adversarial perturbations, indicating the
distributionally robust data evolution captures the patterns
of challenging variations that are not well addressed with
conventional augmentation strategies. Furthermore, ablation
studies on divergence measures and evolution steps reveal
the framework is stable across a wide range of settings,
and particularly effective for small and heterogeneous EEG
datasets. Building on these findings, the following promising
directions emerge for future work: 1) tailored matrix design in
generalized evolution formulation for encoding of prior knowl-
edge, 2) extending the proposed framework to work in more
challenging online and segeuntial decoding scenarios, where
the data distribution shifts over time, therefore robustness in
non-stationary data streams serves to be critical, 3) Exploration
of EEG decoding robustness in application-specific scenarios,
such as EEG-based ICU medical monitoring and EEG-based
virtual reality cursor control.
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