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Abstract

Electroencephalography (EEG) based Brain Computer Interface (BCI) systems play a sig-
nificant role in facilitating how individuals with neurological impairments effectively in-
teract with their environment. In real world applications of BCI system for clinical assis-
tance and rehabilitation training, the EEG classifier often needs to learn on sequentially
arriving subjects in an online manner. As patterns of EEG signals can be significantly
different for different subjects, the EEG classifier can easily erase knowledge of learnt
subjects after learning on later ones as it performs decoding in online streaming scenario,
namely catastrophic forgetting. In this work, we tackle this problem with a memory-based
approach, which considers the following conditions: 1) subjects arrive sequentially in an
online manner, with no large scale dataset available for joint training beforehand, 2) data
volume from the different subjects could be imbalanced, 3) decoding difficulty of the se-
quential streaming signal vary, 4) continual classification for a long time is required. This
online sequential EEG decoding problem is more challenging than classic cross subject
EEG decoding as there is no large-scale training data from the different subjects available
beforehand. The proposed model keeps a small balanced memory buffer during sequen-
tial learning, with memory data dynamically selected based on joint consideration of data
volume and informativeness. Furthermore, for the more general scenarios where subject
identity is unknown to the EEG decoder, aka. subject agnostic scenario, we propose a ker-
nel based subject shift detection method that identifies underlying subject changes on the
fly in a computationally efficient manner. We develop challenging benchmarks of stream-
ing EEG data from sequentially arriving subjects with both balanced and imbalanced data
volumes, and performed extensive experiments with a detailed ablation study on the pro-
posed model. The results show the effectiveness of our proposed approach, enabling the
decoder to maintain performance on all previously seen subjects over a long period of
sequential decoding. The model demonstrates the potential for real-world applications.

Preprint submitted to Elsevier



1. Introduction

Emerging machine learning techniques enable the decoding of brain activities based on
electroencephalographic (EEG) recordings, and serve an important role in current BCI sys-
tems [1]. The wide applications include different forms of clinical assistance such as au-
tonomous robotic navigation [2], digital interface control assistance of phones and tablets
[3]], clinical event detection of seizures etc. [4, 5]]. It has also been used for entertainment
purposes such as gaming control [6] and live interaction between game players [7].

In real world applications of BCI system for clinical assistance and rehabilitation train-
ing etc., the EEG decoder often needs to learn on sequentially arriving subjects in an online
manner, e.g. 1) the robotic wheelchair at reception desk sequentially hosts different pa-
tients during the day for clinical assistance purpose; 2) the gait training and arm training
BCI system at rehabilitation center utilized by different patients sequentially in multiple
sessions of the day. Given the non-stationarity of the signal and the significant variance in
signal patterns across the subjects, the model can easily forget the knowledge of previous
subjects after adaptation to new subjects, namely the catastrophic forgetting phenomenon.
This makes it difficult for the model to retain knowledge and maintain performance of
learnt subjects during online sequential decoding.

An effective approach for solving this issue is to keep samples of previous subjects in a
memory buffer and jointly train with current subject. The recently emerged memory-based
models in the field of continual learning show promising result in tackling the catastrophic
forgetting problem [8, 9]. However the current widely used memory selection approaches
such as reservoir sampling may not achieve the desired performance for sequential EEG
decoding with imbalanced data volumes and varying decoding difficulty, e.g. some sub-
jects are producing data in significantly higher volumes, for which the data in memory can
easily be skewed and only emphasize on certain subjects, or the selected signal segments
are not informative enough. We need to always keep data in memory buffer balanced and
representative for each subject, and this need to be done on the fly with streaming EEG
signal. The memory update and replay mechanism should incorporate such requirements
and effectively retain knowledge on all previous subjects over a long period of sequential
decoding. Additionally, the subject identity and shift boundary may be unavailable during
sequential decoding in real world scenarios. The model should work well in this more
generalized subject-agnostic scenario.

In this work, we tackle this challenging setting of online sequential EEG decoding
with a balanced memory selection and sampling approach. We need to consider the fol-
lowing two aspects for the proposed approach: 1) how to determine the segments of data
be moved into memory and the data to be replaced, for which we propose a dynamic
memory allocation mechanism based on importance estimation at the cluster level; 2) how
to determine which segments to be sampled from memory buffer for replay, for which
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Figure 1: Illustration on the continual EEG decoding scenario, with different subjects arriving in sequential
order, producing streaming EEG signal with imbalanced data volume and varying decoding difficulty. The
EEG decoder needs to retain knowledge and maintain performance on learnt subjects after adaptation to a
new subject. MUDVI keeps a balanced memory buffer and selects informative samples for replay purpose.

we derive an effective sampling approach that reduces gradient estimation variance and
increases model convergence speed, this helps to reduce the memory size needed. Addi-
tionally, we consider the realistic subject-agnostic setting where subject identity and shift
occurrence are unknown to the decoder. We propose a kernel based method on lower di-
mensional projected space for subject shift detection. The detection method constructs a
distance metric that encodes the subject context information over a long period of time and
is robust to variance in the EEG signal. Then, the distribution shift is estimated based on
the reproducing kernel Hilbert space (RKHS) constructed on adjacent distance metrics.

We develop several different benchmarks to mimic the real world scenario of imbal-
anced EEG signals from different subjects being sequentially fed into the model. We eval-
uate model accuracy after sequential learning ends, and also measure the information on
backward transfer (BWT). We performed a detailed ablation study on the proposed bench-
marks including different imbalance ratios, different subject ordering, and varying number
of sequential subjects, etc. This offers an in-depth understanding on model performance,
and demonstrates the effectiveness of the proposed approach.



The contributions of this work are as following:

* We propose an effective memory based approach for online sequential EEG decoding
over long periods of streaming EEG signal from various sequentially arriving subjects.
The model preserves knowledge of previous subjects after learning on later ones.

* We jointly consider the imbalance of data volume and informativeness of recorded signal
from different subjects, and design a memory update mechanism that tackles such imbal-
ance issues. An effective memory sampling approach for replay is proposed to increase
convergence speed. In addition, we developed a kernel based subject shift detection al-
gorithm, which enables the model to work in both subject-aware and subject-agnostic
settings.

¢ We introduce new benchmarks for model evaluation, with imbalanced data volumes and
varying decoding difficulty for the sequential arriving subjects. The benchmarks mimic
real world scenarios of BCI system usage.

* We conducted extensive experiments and demonstrated the effectiveness of the proposed
method. Our approach achieved significant margin on top of strong baselines. The
proposed approach is ready to be integrated into current widely used BCI systems.

2. Related Work
2.1. EEG Classification

Machine learning techniques have been the central part of BCI systems, which have
seen rapid progress in the past few years. A continued trend is on adopting deep learn-
ing techniques for extracting and decoding EEG signals [10]. Recent works in the field
have achieved promising results in terms of accuracy, interpretability and usage in online
streaming settings [[11][12]][13]].

For performance improvement, current approaches have explored novel model archi-
tectures such as EEGNet[10], CTCNN[14] and CRAM[15]], and also proposed domain
adaptation and transfer learning based models to cope with differing patterns across sub-
jects, and hence improve the applicability of the models. For example, [16] proposed
an inter-subject transfer learning framework built on top of CNN model;[17] tackle the
problem of variability across subjects by transferring non-stationary information in the
data; [[18]] and [19] explored performance of multiple domain adaptation methods includ-
ing transfer component analysis (TCA-EEG), maximum independence domain adapta-
tion (MIDA-EEG) and information theoretical learning (ITL-EEG). [20] proposes a new
hard parameter sharing mechanism which enables the model to transfer knowledge across
datasets and effectively tackles the cross-dataset EEG classification problem. [21] uti-
lizes Riemannian geometry-based adaptive boosting and voting ensemble algorithm, with
the cross-session and cross-subject variations being efficiently represented as Riemannian



transformations of the covariance matrices. Different from these models which focus
on adapting to future subjects, our approach aims to preserve learned knowledge dur-
ing sequential EEG decoding and maintain performance on previous subjects to mitigate
catastrophic forgetting. It is worth noting that the performance of sequential EEG decod-
ing could be further improved by incorporating neuro-feedback techniques during signal
recording stage. Specifically, the provided neuro-feedback assists subjects to control their
brain waves consciously [22] and enables the subject to make real time adjustments, there-
fore improves the quality of EEG recordings [23, 24, 25]. It is a promising direction to
explore in future work.

2.2. Continual Learning

Continual learning approaches [26, 27,
28, 129, 130, 131] have been applied to o Acc.(i.)
tackle the problem of catastrophic forget-  7°% el
ting when sequentially learning across dif-
ferent tasks. Different approaches have
been recently proposed to achieve this.
These can be classsified into three broad
groups: 1) those that utilize a memory
buffer to store samples of previous data  20%
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Figure 2: An example sequential EEG decoding trial

[38]] to emphasize on data closer to class each subject after finished sequential learning on all N
GDumb [39 d d subjects. The decoder quickly forgets knowledge on
means. umb [39] proposed a greedy ap- subjects before A07 after sequentially learning on all

proach on selection of samples from dif- gubjects.
ferent classes; 2) those that use regular-
ization terms to guide the parameter update process [30, 40, 41, 42]]. The regulariza-
tion approaches can further be divided into data-focused [43] and prior-focused methods
[30][44]; and 3) those that explore on expandable network structures for the evolving data
(450146, 129, 47]], with size of the network dynamically increasing as the training progresses.
Another related field of research is continual domain adaptation [48]][49], which tack-
les domain adaptation with continuous domain shift. IADA [50] performs continuous
adaptation by aligning source and target features through adversarial learning. Volpi et
al [51] continuously adapts to sequential visual domains while mitigating the problem of
forgetting on previous domains with a meta-learning inspired regularization strategy.



3. Method

This work proposes to preserve learned information on previous subjects during se-
quential EEG decoding. As illustrated in Fig. the EEG decoder can quickly forget
information on subjects before AQ7 after sequential learning ends with AQ9, aka catas-
trophic forgetting. Memory based approaches that keep a small memory buffer to train
together with current data have been shown to be relatively effective in solving this prob-
lem. Yet, the current widely used memory update methods such as reservoir sampling do
not meet the need of challenging scenarios in sequential EEG decoding with imbalanced
data volumes and varying decoding difficulty from the different subjects. In this section,
we first provide an introduction on the problem setting and conventional reservoir sam-
pling approach. Then, we present details of our proposed memory update and sampling
methods.

Definition 1. Continual EEG decoding.

EEG decoder receives streaming EEG signal input from sequentially arriving sub-
jects 81,8, ...,8). The model does not have information on subject identity or when
the subject shift happens. The EEG decoder needs to preserve knowledge and maintain
performance on learnt subjects after adaptation to later subjects during online sequential
decoding.

We adopt the memory based approach for tackling this problem with a memory small
in size for replay of previous data samples, with the assumption that 1) previous data is
not available to revisit unless it is stored in memory buffer, 2) the sequential decoding of
EEG signal lasts for a long period of time and the total data volume is much larger than
memory buffer capacity. The conventional way to update memory buffer is with reservoir
sampling

Reservoir Sampling. For a memory buffer of size M, it will store the first M data
points until full. For later batch =¥ arriving, it will generate random number ¢ which is in
[1, k]. And the sample will be selected and replace the ith data in memory if ¢ < M.

With imbalanced data volumes from different subjects, the samples in memory would
also be skewed. Furthermore, it is important to select the most informative samples into
memory that could bring incremental knowledge to the model. To tackle these challenges,
we propose to actively detect subject changes during sequential learning, and perform
memory updates jointly considering data volume and informativeness of different subjects
accordingly. As illustrated in Fig. |1} with sequentially arriving subjects producing imbal-
anced data volumes, memory buffer with reservoir sampling would similarly be skewed
on §; and &3, and will lack representation of S,. Our proposed update mechanism jointly
considers data volume and informativeness, and creates a balanced representation on all
subjects.



3.1. Memory Update Based on Volume and Informativeness

The proposed Memory Update on  sicaming baa
Data Volume and Informativeness model
(MUDVI) estimates on the probability of
current data ' moving into memory and Memory Bufter \
also determines the data to be replaced in dox 1"z,
memory. The update process considers
both data volume imbalance and varying -
decoding difficulty. As illustrated in Fig. Q
for efficiency improvement, we keep a }U-%
hierarchical architecture in memory where
data points are organized into clusters, with Figure 3: Illustration on the memory update process.

each cluster corresponding to a subject. The colored circles are clusters formed on different
The subject identity is detected with pro- subjects. Data to be moved out of memory is deter-
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algorithm for subject-agnostic scenarios, ClUStr
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where Z is the importance score of cluster C' defined in Section n¢ is the number
of data samples in cluster C'. The data to be replaced in cluster C' is sampled based on
—7;,1 € C, with Z; the gradient norm of x;. The intuition for Eq. [1|is that the data is more
likely to be removed in memory if there exists large number of similar data from same
subject in memory, or if the data is less informative.

For current streaming EEG data x', we compute the probability of it moving in mem-
ory. The intuition is to select more informative ones with incremental knowledge to the
memory buffer. The average importance of samples in M is Z, = th Zfil “CTc, where
L; is the number of subjects at time step ¢, nc is the number of data in cluster C' and n
is the total number of data in memory. With the gradient norm of x! being Z;, denote
J; = (1 — ™)Z, which jointly considers the prevalence of current subject in memory and

n

the informative level of current data, the probability of moving ! into memory is
oJt

PP = s 3)
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where ) is a hyperparameter, We provide the complete algorithm on this memory up-
date mechanism in Algorithm

Algorithm 1 Memory Update based on Volume and Informativeness

Require: streaming EEG data D;; maintained memory buffer M; the number of subjects L; de-
tected at time ¢.
1. if subject shift detected L, = L;_; + 1 then
2:  create new cluster in memory My, = {}
3: end if
4: if memory M has free space then
5: My, +— Mg, UD;
6: else
7 if D, is selected into memory based on Eq. [3]then
8 compute moving-out probability for the clusters
9 determine cluster C' based on Eq. [T]and 2|

10: sample data from M and replace it with Dy
11:  endif
12: end if

13: return memory buffer M

3.2. Adaptive Sampling for Joint Training

During sequential learning, we perform sampling on memory to joint train with each
batch of current data. The commonly adopted uniform sampling neglects the varying
importance among the samples, and previous work has shown it also introduces unwanted
variance which makes training less stable [52]. Here we propose a sampling approach
based on the informative level of the data. The approach renders more effective mitigation
of catastrophic forgetting, and also reduces gradient estimation variance.

To improve efficiency, the sampling is also at cluster level. A small number of R data
is randomly obtained from each cluster for computing cluster importance Zs, which is
the average gradient norm of these R representatives. Then the probability to sample on
cluster is

nele
a9 = <= )
k=1 "L

with L; being the number of detected subjects at time step t. The proposed approach
increases convergence speed and reduces the memory size needed. With the model con-
vergence speed can be effectively represented as

V = —Eq,[6: — 6"[[5-6:-1 — 6"|[3] (5)
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Figure 4: Illustration on the workflow of proposed approach. Kernel based subject shift detection functions
on the streaming EEG signal and guides the memory update process. Samples from memory buffer jointly
train with current data for forgetting mitigation.

0, and 0, , are the model parameters of two consecutive time steps, 8* is the optimal
parameter. q, is the data distribution at current time step.

Eq. |5|can be expanded as (proof is available in|Appendix A)

V =2n(0, — 6)Q — n*Q7Q — n’Tr(V4,[Q)) (6)

where 7) is the learning rate, ) is the expected gradient 2 = E,pyVeLg(D). Vg, [(2] is
the covariance matrix on €2 and Tr(V, [€2]) is the trace of the matrix.

From Eq. |§|, the convergence speed can be improved by minimizing on Tr(Vg, [€]).
This is achieved with (proof is available in[Appendix B)

. P.(D)|[Ve, Lo, (D)2
q; (D) = : (7
t JoPi(D)[[Vo,Lo, (D)2 dp,(D)
with p,(D) being the data distribution in M and q} (D) the optimal sampling distribu-

tion. We can see our sampling approach in Eq. [d]is an approximation of this distribution.

3.3. Reliable Subject Identity Detection
We propose a reliable subject identity detection algorithm for constructing the clusters
in memory. Based on our initial experiment, the naive way of setting a threshold on loss
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function does not work well in this case given the high variance and pattern difference
in the signal. The proposed approach utilizes kernel methods to perform detection in a
projected lower dimensional space.

We compute the moving average on the extracted features with e; = af;+ (1 —a)e;_;.
And a distance metric d; with dimensionality being m is computed between f; and e of
previous m steps d(fi, €;_;)i—o.m_1. d; captures context over longer period of time and is
robust to variance in EEG signal.

For distributions of two adjacent batches of distance metric ¢/ and V with
{di—2p,di 241, -, di_p_1} ~ U, {di_p,di_p11,-+-,d;} ~ V, here B is the batch
size, we utilize maximum mean discrepancy (MMD) to measure the distance between
these two distributions.

MMD[U, V] := f}elg{Emu[f (W)] = By [f(0)]} (8)

Similar to [[53]], we utilize U-statistics for its estimation

B
1
§ =MMD?*[U4, V] = —§ h(u;, u;, v;, v

with u;,u; € U and v;,v; € V
h(-) is formed with the RKHS kernel as follows

h(u,-, Uj, v;, ’l)j) = k(ui, Uj) + k(’l]i, 'Uj) — k(ui, ’Uj) — /{?(Uj, 'Ui) (10)

here k(-) follows a normal distribution

k(z,2") = exp(~|lz — 2'|*/20%)

Intuitively, the data distribution shift is more significant and more abrupt when subject
change happens, comparing to distribution drift within the same subject. Therefore,
and V deviate from each other and ¢ significantly increases when subject identity changes.
Hence, a threshold h can be placed on § to detect a change in subject identity. Each
processed data x! is associated with subject identity L;, starting from Ly = 1, and the
following rules apply

{ Lo= Loy if 6, < b an
Li=Liy+1ifé, > h
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With the signal pattern and variance changing drastically across subjects, choosing a
fixed threshold doesn’t perform well in our exploration. Here we propose a dynamic scal-
ing mechanism on the threshold. It is reasonable to deem J, to have a normal distribution
based on [54] and the fact that §, converges to a linear combination of normal distributions.
(See[Appendix_C for details). We perform adaptive estimation of its y; and oy, viz:

pe = (L = p)pe—1 + p(6¢)
2 2
w? = (1= p)?) + p(6,)? (12)
o — (2 9
t = \/ Mt i

And h = p; 4 ao; with a being the desired quantile on the distribution.

4. Experiments

In this section, we construct various benchmarks for sequential EEG decoding with
imbalanced data on three publicly available datasets, namely, BCI IV-2a [55] [J, SEED
dataset [56] || and DEAP dataset [57] We first describe benchmark construction and
evaluation metrics. Then, we discuss the detailed experimental setting, followed by in-
depth analysis and ablation study on model performance.

4.1. Benchmark

We mimic the real-world scenario of subjects arriving in sequential order with data
volumes varying for each subject. We created benchmark datasets based on sequence or-
dering of subjects, for both data balanced and imbalanced settings. For the imbalanced
setting, we randomly select half of the subjects and downsample to 20% of the original
volume. Detailed ablation study is conducted on the relationship between model perfor-
mance and imbalance ratio, different subject ordering etc. The streaming EEG data is
processed into batches of ¢ x n, with ¢ the temporal span and n the number of channels.
Details on data processing for each dataset are provided in Section

4.2. Evaluation Metrics and Baselines

We evaluate the accuracy for all subjects after sequential learning ends to measure the
performance in forgetting mitigation. We also measure BWT for information on backward
transfer. The definition of BWT is given as follow: BWT = ﬁ Zf\:ll an,; — a;,q, With

'http://bneci-horizon-2020.eu
Zhttp://bemi.sjtu.edu.cn/ seed/downloads.html
3https://www.eecs.qmul.ac.uk/mmv/datasets/deap/download.html
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N the number of subjects, and a;; the accuracy evaluated on subject ¢ after the model
finished sequential learning on subject j. Negative value of BWT reveals the occurrence of
catastrophic forgetting after learning the new subject, while positive value shows learning
on new subject improves performance of previous subjects.

Table 1: Accuracy evaluated on all subjects after sequential learning ends, with both data imbalance and bal-
anced scenarios. We performed Dunn’s post hoc test between MUDVI and baselines, with p-value provided
in brackets following the result. Overall, the proposed model shows less deterioration when data becomes
imbalanced. This is achieved with the more balanced data kept in memory for the proposed approach.

BCIIV-2a DEAP SEED
Dataset Mean + SD (p-value) Mean + SD (p-value) Mean + SD (p-value)
Method |  Imbalanced Balanced |  Imbalanced Balanced |  Imbalanced Balanced
sequential 32.51+1.08 (1.08¢—11)  36.4040.51 (1.01e—14) | 28.46+2.28 (6.51e—09) 32.57+0.84 (1.28¢—12) | 36.2141.45 (1.03e—12)  38.72:+0.80 (4.76e—15)
joint training | 77.54+0.61(<1e—20)  79.63+0.47 (<1e—20) | 67.82+0.79 (2.08¢—15) 71.3640.63 (2.67e—16) | 82.54+0.63 (7.81e—16)  84.15+0.42 (<1e—20)
EWC 37.95+1.83(1.11e—-07)  42.69+1.27 (7.87¢—09) | 36.24+1.51 (2.42¢—07) 41.38+2.13(4.80e—05) | 45.6241.47 (1.14e—10)  47.49+0.81 (3.47¢—13)
UCB 36.37+0.92 (5.30e—11)  41.43+0.62 (3.37e—12) | 35.80+2.16 (2.73¢—06)  39.14+1.21 (1.45e—08) | 46.40+1.18 (2.67e—11)  49.51+2.06 (5.33¢—09)
ER 39.2441.35 (3.59¢—08)  45.96+0.83 (2.74¢—-08) | 37.47+1.32(5.37e—07)  42.59+1.78 (1.31e—04) | 51.75+0.43 (3.35e—13)  56.24+1.57 (3.30e—07)
ER+GMED 40.39+2.17 (9.63e—06)  47.53+1.49 (1.38e—04) | 39.61+0.70 (3.59¢—07) 44.34+2.13 (0.026) 52.39+1.21 (6.81e-09)  H7.06+2.49 (4.63e—05)
MIR 42.53+1.15(2.76e—06)  48.57+0.74 (2.74e—05) | 38.34+1.49 (7.62e—06)  43.2040.96 (5.47¢—06) | 55.2640.82 (1.80e—08) H9.87+1.64 (5.60e—04)
MIR+GMED | 42.80+1.71 (1.17e—04) 49.13+1.25(0.010) 40.15+2.02 (4.26e—03) 44.71+1.82(0.039) 56.53+1.05 (2.62¢—06) 61.18+1.96 (0.051)
MUDVI | 45.98+183(-) 50.24x167(-) | 42.29+181(-) 45.85+223(-) | 59.70+134(-) 62.31+0.72(-)

Table 2: Model performance evaluated with both subject aware and subject agnostic settings. In general,
there is a modest deterioration on model performance when subject identity becomes unknown and needs
detection.

BCI 1V-2a DEAP SEED
Dataset Mean + SD (p-value) Mean + SD (p-value) Mean + SD (p-value)
Scenario ‘ Imbalanced Balanced ‘ Imbalanced Balanced ‘ Imbalanced Balanced

42.29+1.81(0.005)  45.85+2.23(0.078) ‘ 59.70+1.34(0.034)  62.31+0.72(0.305)

| 44.15166(-)  46.94180(-) | 60.580.06(~)  62.43x1.25(-)

Subj. Agnostic ‘ 45.98+1.83(0.023)  50.24+1.67(0.135)
| 47.314187(-)  50.860.02(-)

Subj. Aware

We compared to widely used strong baselines in the experiment, with details as fol-
lows:

1) Top and bottom bound of model performance. The bottom bound is named classic
sequential learning, where the subjects data arrive sequentially on base model. The top
bound is joint training with data of all subjects jointly available.

2) The continual learning models that are used for comparison includes regularization-
based models, such as EWC [30], UCB [58], and memory-based models, such as ER [8],
MIR [9] and GMED [59]. Elastic weight consolidation (EWC) [30] performs dynamic
adjustment on learning progress for important parameters. Uncertainty guided continual
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Bayesian neural networks (UCB) [58] adapt the parameter update speed based on un-
certainty in the weights. Experience replay (ER) [8] stores a small subset of data from
previous tasks with reservoir sampling to train together with current data. Gradient editing
in memory (GMED) [59] makes stored samples hard to remember and mitigates over-
fitting. Maximally interfered retrieval (MIR) [9] replays examples with larger estimated
interference.
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Figure 5: Model performance with different levels of volume imbalance. In this ablation study, we randomly
select half of the subjects to perform downsample on data volume in each run, thus incurring higher variance
in the result. Each imbalance setting is repeatedly run for 10 times. The sampling ratio is in the range of
[10%, 90%]. (a) BCI IV-2a dataset, (b) DEAP dataset, (c) SEED dataset.

4.3. Settings

Data Processing The processing on each dataset is as follows:

1) BCI I'V-2a: Each trial is divided into segments of size 400 x 22, with 22 channels
and temporal span of 400. The step size is 50 for adjacent segments. In each trial, the
period between ¢t = 3s and ¢t = 6s 1s extracted for decoding. This produces 8 data samples
per trial with 250Hz sampling rate.

2) DEAP dataset: Trials are processed into 768 x 32 segments, with adjacent segments
having a step size of 128. We used the last 50 seconds of each trial. With downsampling
rate of 128Hz this produces 45 segments per trial.

3) SEED dataset: Trials are separated into segments of 800 x 62 with a step size of
100. The data is downsampled to 200Hz, producing 472 segments per trial.
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Figure 6: Relative improvement of F1-score compared to the baseline of sequential learning on base decoder.
The rows from top to bottom shows performance on individual tasks of the three datasets respectively.

Model Settings

We used a single Titan-V GPU for model training. The base model is a three layer con-
volutional neural network. The first layer performs temporal convolution for frequency
information extraction, with filter size being (1,C'), C' is the number of channels. The
second layer performs depthwise convolutions with temporal specific spatial filters, with
filter size being (2, 32) across all three datasets. Third layer performs pointwise convolu-
tion operations for improvement on computational cost. Zero padding is added between
neighboring layers to keep the data dimensionality. We set the hyperparameter A to be 1.
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Further performance improvement is possible with additional fine tune on A\. We set R = 6
for estimation of cluster importance in memory. The context window size of distance met-
ric is m = 8 by default, with detailed analysis in [Appendix G. In terms of subject shift
detection, the averaging factor p is set to 0.2 by default, with significant level a = 1.96
and confidence interval of 95%. For our problem setting, training data from the subjects is
not available beforehand. We do not use pre-trained feature extractor and the model learns
sequential arriving subjects on the fly.

4.4. Analysis on Balanced vs. Imbalanced Data

Result on performance comparison is shown in Table [I, We performed comparision
for both data balanced and imbalanced settings. Overall, the proposed model shows less
deterioration when data becomes imbalanced. For BCI I'V-2a dataset, the accuracy of pro-
posed approach reduced by 4.26% after data becomes imbalanced, while memory based
comparison models have a reduction of at least 6.04%. Similar improvements are observed
for DEAP and SEED datasets. For data imbalanced scenario, the proposed model has a
margin of at least 3.18% on BCI IV-2a dataset, 2.14% on DEAP dataset and 3.68% on
SEED dataset over baselines in terms of testing accuracy. This is achieved with the more
balanced data kept in memory for the proposed approach. Currently the performance gap
between online sequential decoding and the top bound of joint training is still large, given
the fact that online sequential decoding setting is significantly more challenging in the
following two aspects: 1) the inter-subject variability causing the EEG decoder to lose
information of previous subjects after learning on later subjects; 2) with no data jointly
available for pre-training, the knowledge learned from previous subjects doesn’t readily fit
to future subjects. Further performance improvement is needed in future work.

4.5. Analysis on Subject Aware vs. Subject Agnostic

We performed comparison on model performance with the subjects identity either
known or unknown to the decoding model, with the former referred to as subject-aware
and latter referred to as subject-agnostic. The subject-agnostic setting is more challenging
for balanced memory data selection and we performed detection on underlying subject
distribution shift. The performance comparison between the two scenarios is presented
in Table In general, there is a modest deterioration in terms of model performance
when subject identity becomes unknown and distribution shift needs to be detected. For
example, BCI IV-2a sees the performance reduced by 1.33% and 0.62% for imbalanced
and balanced data respectively. DEAP dataset shows higher sensitivity towards subject
identity, with performance deteriorating by 1.86% for imbalanced setting and 1.09% for
balanced setting. On SEED dataset, the model performance has a slight decrease of 0.67%
and 0.29% for imbalanced and balanced settings respectively. We performed detailed anal-
ysis of the proposed subject shift detection algorithm in ablation study.
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Table 3: Influence of memory size on model performance. The performance of forgetting mitigation is
improved with larger memory size. MUDVI needs a smaller memory to achieve comparable performance to
other memory-based baselines.

Dataset | BCIIV-2a | DEAP | SEED

Memory Size | 100 200 500 | 100 200 500 | 100 200 500
ER 37.47+069 39.24+135 47.60+0.s81 | 34.65+083 37.47+132 45.23+1.60 | 46.02+0.76 51.49+1.31  56.74+0.63
ER+GMED 38.82+1.61  40.39+2.17  47.52+1.29 | 35.92+1.59 39.61+0.70 46.49+0.98 | 47.85+1.3¢ 52.66+2.18 5H8.17+1.72
MIR 38.33+1.34  42.53+1.15 48.87+2.08 | 36.17+2.26 38.34+1.49 47.04+1.32 | 48.30+1.78 55.51+0.74 60.54+1.29
MIR+GMED | 39.58+0.70 42.80+1.71 51.13+1.54 | 37.94+1.30 40.15+2.02 47.96+2.19 | 50.43+2.49 56.17+040 61.15+2.16
MUDVI 43.14+149 45.98+1.83 52.05+2.36 | 39.53+1.35 42.29+1.81 49.80+1.43 | 52.71+2.64 59.85+1.63 63.29+0.98

10

g — _
—_ =
15 E 15 3 &g'
5 5 s 7
6000 15000
-~
4000% 0 1000 B 0
T [~
c 50005
3
10000 50000 s0000 ~ 10000 0
time sty time stey,
(a) BCIIV-2a (b) Deap Dataset (c) Seed Dataset

Figure 7: visualization of -log(P) on run length with respect to the time steps in subject shift detection trial
runs. The majority of subject shift occurrences match with a new peak along the run length axis

4.6. Ablation Study

Evaluation on Memory Size
The influence of memory size on the proposed method is evaluated in Table |3} The per-
formance on forgetting mitigation is improved with larger memory size. We observed the
proposed method is able to achieve comparable performance as baselines with less data,
e.g. MUDVI with memory size of 100 achieved similar performance as baselines using
200 data points. We used memory size of 200 as default setting in our experiments.

Subject Shift Detection

We performed analysis on the performance of the subject shift detection algorithm. For
each trial of experiment, the number of shifts is the number of subjects minus 1. Running
the subject shift detection algorithm for 10 times on each dataset, it successfully detected
58 of the 80 shift occurrences for BCI IV-2a dataset, 196 of the 310 shift occurrences for
DEAP dataset and 117 out of the 140 shift occurrences for SEED dataset. This implies
accuracy of 72.5% on BCI IV-2a, 63.2% on DEAP and 83.6% on SEED. The task of shift
detection is in general easier for SEED dataset, probably due to its data being less noisy.
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With the assumption of normal distribution on §, we can plot out the probability of run
length at each time step based on the estimated adaptive mean and variance. Example plot
of a trial run for each dataset is shown in Fig. 7| We observed the majority of subject shift
occurrences match with a new peak along the run length axis, indicating that the algorithm
successfully detected the underlying subject shift.

Performance with Different Memory Selection Functions

Alternative memory selection functions exist for balanced data selection in addition to
the proposed approach. In this section, we perform ablation study on the different memory

selection approaches and their influence on model performance, including A(Cl )= — (ngil)
and Ag) = —%. These two alternatives offer different levels of emphasis between

volume balance and informativeness of data. The comparison result is shown in Table
We observed .,4(02) suffers modest performance deterioration. Ao achieves the best
performance among the three options, with proper balance between data volume and its
informativeness.

Table 4: The effect of different subject ordering on model performance. We study three different ordering
scenarios, 1) sequential order based on subject id, 2) ascending order based on decoding accuracy, 3) de-
scending order based on decoding accuracy.

Dataset | Scenario | EWC UCB | ER  ER+GMED MIR  MIR+GMED | MUDVI

Sequential | 37.95+1.83 36.37+0.92 | 39.24+1.35  40.39+2.17  42.53+115  42.80+171 | 45.98+1.83
BCIIV-2a | Ascending | 39.46+2.54 37.53+1.32 | 39.58+261 41.40+123 44.72+196  43.49+1.05 | 47.20+1.26
Descending | 37.63+1.27 35.81+245 | 38.26x0.79  40.71+208 41.47+084  42.56x090 | 45.63+1.62

Sequential | 36.24+1.51 35.80+2.16 | 37.47+1.32  39.61+070  38.34+149  40.15+202 | 42.29+1.81
DEAP Ascending | 36.81+1.72 35.98+1.41 | 38.13+1.13  38.92+1.45  39.15x068  42.31+167 | 42.87+1.04
Descending | 35.1840.96 34.23+1.15 | 36.10+1.84  39.46+1.39  38.26+1.72  40.74+1.43 | 41.64+1.49

Sequential | 44.83+1.08 46.32+1.54 | 51.49+1.31  52.66+2.18  55.51x0.74  56.17x0.40 | 59.85+1.63
SEED Ascending | 44.61+2.14 46.67+1.89 | 52.63+0.75  53.82+1.29  56.14+1.60  56.52+1.29 | 60.56+2.17
Descending | 45.59+1.35 45.54+0.93 | 51.06+1.82  52.31+1.74  55.27+1.13  55.74+0.95 | 59.52+1.21

Performance with Different Levels of Volume Imbalance

We explored model performance with different levels of volume imbalance. We ran-
domly select half of the sequential subjects to perform downsampling on data volume,
with downsampling ratio ranges between [10%, 90%]. The result is shown in Fig.
We observed the model performance gradually increases with the increase of downsam-
pling ratio for DEAP and SEED datasets. For BCI IV-2a dataset, the performance first
decreases and then increases with the increase of sampling ratio. A possible reason is that
lower sampling ratio makes the sequence shorter and easier to remember, while higher
sampling ratio offers more data for the model to learn and also keeps data more balanced.
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Effect of Subject Ordering on Model Performance

Different subjects have varying decoding difficulty and also shares different levels of
similarity with each other. The arriving order of sequential subjects thus could influence
model performance. In this section we perform ablation study on three different subject
ordering scenarios: 1) sequential order based on subject id, 2) ascending order based on
decoding accuracy of individual subjects and 3) descending order on decoding accuracy
of the individual subjects. The result is summarized in Table 4 With variances exist in
the performance, in general, ascending ordering of subjects based on decoding accuracy
achieved better performance than the other two scenarios.

Table 5: Model performance with different memory selection functions. The two alternatives .Ag ) and Ag )
offers different levels of emphasis on volume balance.

Dataset Func. ER ER+GMED MIR MIR+GMED MUDVI

Ao 39.24+135  40.39+217  42.53+1.15  42.80+1.71 45.98+1.83
BCIIV-2a Ag) 37.88+237  39.75+124 41.68+152  42.26+094  43.39+1.20
A(CQ) 37.04+0.908  38.91+071  40.34+229  41.15+233  42.5242.14

Ao 37.47+132  39.61+070  38.34+1.49 40.15+2.02 42.2941.81
DEAP AW 36.65:258 38.17:i7s 3742248 39.34:350  41.63+2.44
A® 359231166 3868049 37104114 38.25:143  39.92+219

Ao 51.49+131  52.66+218  55.51+0.74 56.17+0.40 59.85+1.63
SEED  AY  50.28+s05 52.15+174  53.72:130  54.40+262  56.52+3.24
A® 50,0117 50.89+332 5326217 53.68+181  57.41+105

Performance on Individual Decoding Tasks

We performed analysis on model performance towards the individual tasks, as illus-
trated in fig. [6f The model shows different levels of effectiveness in terms of relative
improvement on F1 score for the individual recognition tasks. For example, the model
is more effective on decoding foot movements compared to other approaches in terms of
the BCI IV-2a motor imagery tasks, and it performs better in detecting negative valence
(HANYV and LANV) emotions for the emotion recognition tasks of DEAP dataset.

Effect of Offline Pre-training on Model Performance

Pre-training offline on a disjoint set of subjects before online sequential decoding offers
a nice tradeoff between online sequential decoding from a cold start and joint training with
all data available. We explore the effectiveness of offline pre-training on performance
improvement. We allocate 1/3 of the subjects in each dataset for pre-training purpose,
and test the model performance of sequentially decoding through the rest 2/3 of subjects.
Specifically, first 3 subjects in BCI IV-2a, first 10 subjects in DEAP and first 5 subjects in
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Table 6: Comparison on running time of MUDVI and other replay-based baselines.

Methods BCI1V-2a (sec) DEAP (min) SEED (min)
ER 120.2 13.4 96.7
ER+GMED 167.4 18.6 1584
MIR 143.5 17.2 124.9
MIR+GMED 206.9 23.8 225.2
MUDVI (Sbj. Aware) 139.7 18.2 145.6
MUDVI (Sbj. Agnostic) 243.8 26.3 211.0

SEED are utilized for pre-training. For a fair comparison, the cold start scenario in this
setting also perform sequential decoding on the rest 2/3 of subjects. The result is shown in
Table[7l

Table 7: Evaluation of the effect of pre-training on model performance. We compare the two different
scenarios of online sequential decoding either from a cold start or pre-trained on another disjoint set of
subjects.

| Dataset | BCIIV-2a | DEAP | SEED
‘ Method ‘ Imbalanced Balanced ‘ Imbalanced Balanced ‘ Imbalanced Balanced

ER 43.57+1.72  48.244095 | 39.73+1.14 43.82+209 | 54.15+081 57.62+1.26
Cold Start MIR 45414120 49.93+1.78 | 40.85+238 45.15+0.71 | 56.87+143  62.21+0.38
MUDVI | 48.03+1.54 52.46+1.37 | 43.79+1.63 46.34+1.86 | 59.65+1.08 64.36+0.89

ER 57.31+0.96 61.72+1.40 | 50.48+1.14  52.90+1.67 | 70.12+0.65 71.97+1.23
Pre-trained | MIR 99.39+0.51  61.97+0.83 | 52.16+040 53.35+172 | 72.08+0.84  73.20+0.51
MUDVI | 61.22+1.14 63.15+062 | 54.2142.39  55.04+1.25 | 73.33+1.27  73.86+0.79

Scenarios

Computation Cost

We evaluated the computational cost of the proposed approach with detailed compar-
ison to baselines in Table [6} Compared to other replay-based methods, MUDVI adds a
small overhead with the update of cluster metrics such as cluster level importance, at the
same time it reduces the sampling cost from O(N) to O(L; + NZ5), with N5 the av-
erage number of data samples per cluster. Please note with each time step, cluster metric
update only takes O(1) in terms of time complexity as we only need to update the changed
clusters. It takes an additional O(L;) space to store the cluster information, with L; < n
in most cases. The model doesn’t involve additional forward and backward propagation
in its functionality. Its overall running time is comparable to GMED and MIR for sub-
ject aware settings. For subject agnostic settings, we also take computational efficiency
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into consideration with the subject shift detection algorithm. Specifically, the detection
is performed with the projected low dimensional distance metric d; and its computational
overhead is significantly less than operations directly on feature space. Further improve-
ment is possible if detection is performed with stride size larger than 1 along the time axis.
We also expect more speed up on running time with more optimized implementation.

5. Conclusion

In this work, we proposed an effective memory based method for continual decod-
ing of streaming EEG signal from sequential arriving subjects with consideration on data
imbalance issues. The proposed memory update and sampling approach jointly consider
the volume from different subjects and data informativeness, keeping a balanced memory
for replay purposes. We design the memory sampling approach following the distribution
that maximizes convergence speed and reduces memory size. We constructed challeng-
ing benchmarks for sequential EEG decoding with imbalanced data on top of numerous
widely used datasets covering different BCI paradigms, and conducted extensive analysis
compared to related strong baselines. The model achieved significant improvement in nu-
merous different ablation scenarios. The directions of future work include 1) exploration
on sequential EEG decoding of heterogeneous classes, 2) methods for sequential EEG
classification without usage of memory buffer.

Appendix A. Derivation of Convergence Speed

Denote the convergence speed as S = —Ep, [[|6y41 — %15 — |16, — 8*||§} and with
the expected gradient of one time step, we have

S = —Ep, (61— 07) (Orsr = 07) — (6 — 67)" (60— 0")]
= —Ep, [0f10041 — 20,410 — 0] 0, + 20,6
— _Ep, [(et — )7 (0, — Q) + 2970 — 67 et]
=—Ep, [-2n(0, — 0") Q + n*Q" Q]
=21 (6, — 0") Ep, [ — n°Ep, [ Ep, [2] -
° Tr (Vp, [Q])

(A.1)
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Appendix B. Theoretical Proof on Sampling Distribution

9 =Eyp)VeLe(D)
Tr(Vaf6) = Bao (DI VoLolD) - ) B DIValoD) =]
— Ea 12 3 VoLoD)IE] sl
By Jensen’s inequality:
D)[H%Wﬁe@)!!g]ZEq(D)[H%WEe( ol? = (o[ VoLo(D ng;)

P(D)||VeLo(D)|2

with the equality achieved at q*(D) = Too(D)VoL(D)ll2 dp(D) "

Appendix C. Convergence of 67 to linear combination of normal distribution

Suppose z; drawn i.i.d. from distribution (), with the assumption that Eg||k(z, -)||*<

oo. Define e/ Eqk(z,-) and K (z,2') «f (k(z,-) — p, k(2',-) — ). With the following

conditions satisfied for eigenvalue & and eigenvectors ¢} of K: § > 0 and Eg¢f < oo
such that K(z,2') = > -, &éi(z)¢i(Z) and (¢, ¢rr) = 1,=y. Then,

558y Gzt (C.1)

1>1
the symbol % means converge in distribution. (Z;);>; is a collection of independent
normal random variables and /3 is a constant. The theorem and proof follow from [60, 61]].

Appendix D. Performance Evaluation on SSVEP and P300 Paradigms

We performed detailed evaluation of model performance on SSVEP and P300 tasks to
gain deeper insights on model’s versatility towards the different BCI paradigms. We uti-
lized the SSVEP-benchmark dataset [62] for performance evaluation on SSVEP paradigm,
and also analyzed in detail of model performance on P300 speller dataset [63]. The
SSVEP-benchmark includes 35 subjects, with subject underwent 6 sessions each contain-
ing 40 trials. The EEG signal is recorded with 64 channels at sampling rate of 1000Hz with
a Synamps?2 system. We adopted the same pre-processing steps (downsample and filter-
ing) as introduced in [62]. The P300 speller dataset has a total of 55 subjects. EEG signal
is recorded with 32 electrodes at sampling rate of 512Hz using the Biosemi ActiveTwo
system. During test the subjects spells four words including "SUBJECT”, "NEURONS?”,
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“IMAGINE” and "QUALITY”. Please refer to [63] for detailed preprocessing and feature
extraction procedures. In accordance with the online sequential decoding setting explored
in this work, we set the number of training repetitions to be 1 for the SSVEP-benchmark
task and also the number of letter repetitions to be 1 for P300 speller task (the reason that
there exists a large performance gap between online sequential decoding and joint train-
ing). We set the number of training repetitions and letter repetitions both to be 10 for the
joint training setting following the settings in [63] and [64].

Table D.8: Evaluation of model performance on SSVEP and P300 paradigms, for both data imbalance
and balanced scenarios. We performed Dunn’s post hoc test between MUDVI and baselines, with p-value
provided in brackets following the result.

SSVEP-Benchmark P300 Speller
Dataset Mean + SD (p-value) Mean + SD (p-value)
Method Imbalanced Balanced Imbalanced Balanced
sequential 46.1641.80 (2.08¢—10)  50.4840.94 (2.36e—12) | 31.35+£4.73 (5.53e—07)  35.72+2.09 (7.45e—10)
joint training | 87.39+2.12 (1.71e—11)  90.17+1.75 (2.40e—12) | 79.41+2.66 (2.06e—11) 85.83+3.20 (4.64e—11)
EWC 50.83+2.95 (3.18e—07)  H3.10+1.31(2.97e—10) | 34.62+3.04(7.57¢—08) 36.57+5.85(8.24¢—06)
UCB 50.27+0.64 (2.76e—13) 55.54:+0.89(8.34e—11) | 36.27+2.18 (1.25¢—08) 38.91+4.36 (2.88¢—06)
ER 54.9141.58 (6.53¢—08)  57.32+2.40 (3.29¢—06) | 43.13+1.50(5.77¢—07)  46.04+2.23 (7.85¢—06)
ER+GMED 55.63+1.29 (2.74e—08)  H7.86+1.73 (4.16e—07) 45.95+3.61 (0.024) 49.82+2.78 (0.020)
MIR 57.02+2.46 (4.14e—05)  60.21+1.05 (2.68¢—07) | 44.42+2.37 (1.85e—04) 50.20+3.19 (0.061)
MIR+GMED | 58.44+1.35 (4.31e—06) 61.93+2.26 (3.85¢—03) 46.804+5.43 (0.167) 50.31+3.54 (0.092)
MUDVI | 62.28+271(-) 64.37+314(-) |  48.56x2.82(-) 51.93+1.75(—)

The result for online sequential decoding performance on these two datasets is sum-
marized in Table It reveals the MUDVI model is significantly more effective for
forgetting mitigation compared to other baselines. For SSVEP-benchmark, it outperforms
other comparison models by 3.84% for data imbalanced settings and achieves a margin
of 2.44% for data balanced settings. For P300 speller task, the MUDVI model achieved
improvement of 1.62% on accuracy for data balanced setting compared to the best com-
parison model, while having margin of 1.76% for data imbalanced settings. We further
explored the differences between subject-agnostic and subject-aware settings, with the re-
sult provided in Table The model performance shows modest deterioration when
the subject identity becomes unknown. Specifically, the accuracy reduced by 1.34% and
1.86% for data imbalanced and balanced settings respectively on SSVEP-benchmark. The
subject identity information has more influence for P300 speller task, with performance
deteriorating by 2.68% for data imbalanced setting and 0.78% for data balanced setting
respectively.
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Table D.9: Performance with subject agnostic and subject aware settings for SSVEP-benchmark and P300

speller tasks.
SSVEP-Benchmark P300 Speller
Dataset Mean + SD (p-value) Mean + SD (p-value)
Scenario ‘ Imbalanced Balanced ‘ Imbalanced Balanced

Subj. Agnostic ‘ 62.28+2.71(0.076) 64.37+3.14(0.047) ‘ 48.56+2.82(0.007) 51.93+1.75 (0.096)

Subj. Aware ‘ 63.62+1.49(—) 66.23+2.45 (— ‘ 51.24+1.68(-) 52.71+2.26(—)

Appendix E. Detailed Training Setting for the Joint Training Baseline

For the joint training baseline serving as upper bound of model performance, its train-

ing setting is as follows:

Data from each subject is split into
training/testing sets, and the EEG decoder
are jointly trained on training sets of all
subjects. For BCI I'V-2a dataset, we adopt
the original dataset’s train/test setting with
AOXT files jointly used for training and
AOXE files for testing, the train/test split
is approximately 1:1. For DEAP dataset,
we generate the train/test splits utilizing the
train_test_split function of sklearn package,
with test_size set to 20% of processed data
for each subject. For SEED dataset, we
combined the files of id_1.mat and id_2.mat
to be training data and id_3.mat is used for
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Figure E.8: Testing accuracy of sequential train-

ing with varying number of subjects for BCI IV-2a
dataset.

testing (the id in file name refers to specific subject ids), this makes the train/test split

approximately 2:1.

Appendix F. Performance on Backward Transfer

The model performance and its comparison with baseline in terms of BWT is reported
in Table We observed MUDVI outperforms baselines in data imbalanced settings.
MIR-based approach achieved on-par or slightly better performance for balanced settings.
Please note that result on BWT is known to be noisy with relatively higher variance given
it is influenced by both foward adaptation and forget mitigation.
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Table F.10: Performance on backward transfer (BWT), with both imbalanced and balanced scenarios.

Dataset | BCITV-2a | DEAP | SEED

Method ‘ Imbalanced Balanced ‘ Imbalanced Balanced ‘ Imbalanced Balanced
sequential 12194312 12.27+2.04 | 10.84+1.58  12.194243 | 12.144206 13.76+3.27
joint training - - - - - -
EWC 7.95+247  11.41+160 | 8.06+2.71 7.52+1.62 17.07+1.25  16.81+2.42
UCB 10.43+4.25  13.07+2.61 9.90+1.95 9.16+3.17 | 15.284332  15.64+1.85
ER 10.56+1.68  10.34+3.44 | 8.83+3.36 6.61+2.38 9.91+1.69 9.95+2.61
ER+GMED 12.51+3.30  9.67+1.85 9.89+2.25 7.26+1.59 10.64+2.47  9.37+3.04
MIR 11.17+251  10.03+3.43 | 9.76+1.32 6.30+2.45 7.59+1.53 7.76+1.79
MIR+GMED | 10.40+412  7.87+217 9.25+2.43 7.99+4.31 7.53+3.28 7.84+2.10
MUDVI | 6.52+188  8.26:256 | 7.91x226  7.05+271 | 6.45x1m  8.1lizar

Appendix G. Window Size of Distance Metric m

Here we explore the influence of window size m for distance metric d; on model per-
formance. The window size denotes the past context that is put into consideration for
distribution shift detection. The result is shown in Table For m increasing from 2 to
10, the model performance first increases and then peaks before slight decrease on larger
size. We set m = 8 by default in our experiments.

Table G.11: Influence of context size on model performance for all three datasets.

Value of m ‘ 2 4 6 8 10
Dataset ‘ Acc.

BCIIV-2a | 44.87+1.39 45.06+2.40 45.98+1.83 45.72+225 45.31+1.46
DEAP 41.32+214 41.74+159 42.17+272 42.29+1.81 41.83+1.05
SEED 58.51+1.93 59.18+0.85 59.42+1.16 59.85+1.63 59.60+2.17

Appendix H. Performance with Varying Number of Sequential Subjects

We performed study on the model performance with varying numbers of sequential
subjects. Fig. shows the change in averaged testing accuracy with different numbers
of sequential subjects on BCI IV-2a dataset. Here the accuracy is evaluated after sequen-
tial learning ends. For each setting with number of subjects being N,, we perform 20%
downsample on randomly chosen int(N,/2) subjects. The proposed model outperforms
comparison models in most cases, especially for larger number of subjects.
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Table 1.12: Comparison on corruption error (averaged error rate across the different types of corruption
operations) of online sequential EEG decoding.

Dataset | BCITV-2a () | DEAP (}) | SEED (})

MUDVI 63.25+0.83 67.82+1.04 | 52.41+1.49
MUDVI+FT Surrogate 61.87+1.31 66.16+2.25 | 50.03+0.90
MUDVI+BandStopFilter |  63.63+1.52 67.44+0.71 | 51.62+0.36
MUDVI+DADA 60.10+2.48 | 65.23+1.67 | 48.35+1.14
MUDVI+AugMix 59.46+1.23 | 65.58+2.10 | 49.76+0.61

Table 1.13: List of corruptions for robustness evaluation with detailed settings. The corruption operations
are applied to normalized source signal to test model performance.

Corruptions Description
Shot noise Discrete electronic noise, voltage V' = 0.2, frequency f = 10%
Gaussian noise Gaussian signal noise, mean p = 0, variance ¢ = 0.1
Intensity The magnitude variation in EEG signal, reduction by 0.2
Zoom blur Disruption in scaling of signal with scaling factor 110%

Appendix 1. Robustness for Data Corruption Scenarios

The unknown variances and noise are important factors influencing decoding perfor-
mance for both classic decoding settings (e.g. cross subject classification) and proposed
sequential decoding setting. Denoising and data augmentation techniques are promising
directions to tackle such corruptions in the signal. We performed detailed evaluation on in-
tegration of denoising and data augmentation methods with proposed approach and tested
their performance on different types of corruptions including shot noise, Gaussian noise,
zoom blur etc. (the detailed setting is provided in Table [[.13). The result is provided in
Table It shows the model has moderate performance deterioration in the occurrence
of data corruptions in general. The different denoising and data augmentation approaches
integrated in the study shows varying levels of effectiveness in improving model robust-
ness.

We also performed ablation study on the influence of bad sensors and occurrence of
channel blackout towards sequential decoding performance. The result is provided in Ta-
ble It shows integration with denoising and data augmentation methods is useful to
mitigate the performance deterioration in the occurrence of bad sensors. Another obser-
vation is that the model could achieve performance much better than random guess even
with only 1-2 channels available for decoding.
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Table I.14: Model performance in terms of sequential decoding accuracy with different number of channels
being blackout on BCI I'V-2a dataset. We tested the integration of proposed approach with a number of
different denoising and data augmentation approaches for robustness improvement.

No. of Blackout Channels ‘ 0 4 8 12 16 20 22

MUDVI 45.98+1.83 44.51+236 43.23+252 43.11+1.97 41.80+2.79 40.25+223 25.14+0.86
MUDVI+FT Surrogate 47.2042.17  45.19+072 45.45+1.04 43.7643.28 43.32+143 43.58+2.71  24.93+0.42
MUDVI+BandStopFilter | 43.71+1.05 44.28+260 42.26+0.49 41.99+2.25 41.67+1.8¢ 40.92+060 25.35+0.57

MUDVI+DADA 47.83+1.96 46.41+1.29 44.72+310 44.27+1.22 42.19+078 42.83+149 25.67+0.81
MUDVI+AugMix 47.32+2.48 45.56+0.95 45.13+238 44.94+176 42.73+215 41.30+074 24.71+1.25
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