Be On the Same Wavelength:

Playing Together with a Brain-Computer Interface Video-Game
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« The joystick Is my brain » e
Computerized systems controlled by electroencephalography (EEG) cerebral activity have enjoyed a widespread popularity over the past decade [1]. The ‘ A‘

Introduction of Brain-Computer Interface (BCI) technology is particularly interesting for video gaming, in that the cognitive engagement induced by the gameplay
may enhance cognitive processing and could help discriminating relevant cerebral activity [2],[3]. We propose a plug’'n’play collaborative multi-user BCI system,
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namely Brain Invaders, that outperforms the single-user system using the diversity of the inter-subjects spatio-temporal statistics [4]. ’5 S ) P — 1 X
Brain Invaders ‘  Build a “super-trial” by vertical stacking of P, and X
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(B) Online 1C), of which one is the TARGET (K*) and the of X embedding the intra-subject’'s spatio-temporal
Classification | remaining 35 are NON-TARGET (K-). The subjects statistics such as:

+ should focus their attention on the target (K*) while N

the grid Is flashing according to the oddball Yk =

\ K paradigm [1].

0 0.5 / Event-Related Potential (ERP) classification * In the case of 2 players, we extend this SCM to include the
Time (s) inter-subject statistics such as (Fig. 3):
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T e T R _ output (6) Mean covariance matrices classifier (MDM) using the
| ﬁ;, L Eg oo Riemannian Framework (Fig. 4) in two steps:

Challenges a) Using a-divergence function [5], compute the geometric
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| : : - __ - ™ This i1s a non-tivial classification tasks as the mean covariance matrix Xx- and X+, for class K* and K-
(A) EEG recording X, c R T S M |- = Signal-Noise Ratio (SNR) of the P300 Is low and respectively, from the previous trials. This step allows the
k,m Fig. 3: Extended super covariance matrices  the variability of shape, amplitude and latency classifier to be used in an adaptive way without training

Fig. 1: The EEG signals X, , of each player m (A) following the ki flash (C) is classified online (B). (4) fr?tr TARGET (left) and NON-TARGET 's considerable across subjects. session [6], [7] | | |
N is the number of electrodes (16), and T is the length of the trial to classify (1s). (right). b) Compute the Riemannian distance &z from the k™ trial to

each class: L
Results do = 0p(Xc,%x) ,C € {KT, K} (5)
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To assess the global performance in Fig. 5 [4] 0.95 17 pairs of participants (22 males, 12 females, mean Yal
using the Area Under the ROC Curve (AUC), the 2ol age=23.1 +/- 4.2) played alone (MDM-solo) and i R 1
MDM (6) Is compared to the Step-Wise Linear & together (MDM-hyper) to Brain Invaders. For each :23 * | 5 . &

Discriminant (SWLDA) with the following features: §0.85— 2 repetition the probability to destroy the TARGET is X | BN
Classifier | #players |Featwres ¥ shown in Fig. 6. | | | Bt /
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-multi 2 intra-subject statistics (3) | Eiﬁiﬁ:ﬁiﬂ? For both online and offline studies, the multi-players O )
-hyper 2 intra- and inter-subject statistics (4) 0 0 15 20 25 30 35 40 45 S0 classifiers outperform the solo classifiers. 20030 40 5gerf0r o . (%j‘) 8090 10 e ———

Number of epochs per class used for raining  Moreover, we have shown that this improvement is
: : o r? - ' ' Fig. 6: Distribution of the online
Ehgb._gétcst;assmers comparison (34 pr%porr’zlona! t]? th.e. performance homogeneity pegrformance (34 subjects) the geometric mean 3.~ is the shortest distance (geodesic) in
J within the pair of participants [4]. the manifold of Symmetric Positive Definite (SPD) matrices [8].
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