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Methods Results Conclusion
Riemannian Geometry for classification
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Figure: Minimum Distance to Mean (MDM) for P(2) [5]

Barachant and Congedo 2014 [4]
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Methods Results Conclusion
Notations

At the observation k (epoch), for the subject m

Xk,m c RNXT

With N, the number of electrodes
T, the epoch length

With the given covariance matrix in P(N)
Ek m

Predict the class
U € {0, 1}
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Methods Results Conclusion
Riemannian Geometry

« Won several competitions
+ DecMeg2014 — Decoding the Human Brain,
+ BCI Challenge@NER 2015,
» Grasp-and-Lift EEG Detection 2015

« Congruence invariance
5R(WT21W, WTZQW) :(5R(21, 22) VW e Gl(N )

No need to estimate spatial filter or find the unmixing matrix, that are poorly
compatible between session and across subjects
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Methods Results Conclusion
Multiple brain — which metric to choose ?

* Objective : asymptotic classification
performance when the number of
subjects increase [2-3-5]

e The number of will
not increase but the number of noise
sources will increase

 As the dimension increases: ill-
conditioned covariance
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Contribution of inter-subject statistics
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Methods Results Conclusion
Contribution of inter-subject statistics
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Classification methods

Simultaneous  Sample Covariance Minimum Estimated
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Korczowski et al. 2015 [11]
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Brain invaders 12, Multi-user setting
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Korczowski et al. (to be submitted)
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Experimental design

e 17 couples
16 electrodes
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Multi-User BCI Methods “ Conclusion
Results

1. Training Effect
2. Gainin Performance
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Classifier comparison

e -solo/-multi/ -hyper

e  Offline Cross Validation (100 leave-p-out cross validation)
 Area Under the Receiver Operating Characteristic Curve (AUC)
e  Preprocessing minimal

1-20Hz zero phase distorsion bandpass filter

e MDM (Minimum Distance to Mean using Fisher Metric)
versus
SWLDA (Step Wise Linear Discriminant Analysis)
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Performance -solo [ X J+ LG > 5

« MDM>SWLDA

I but SWLDA is known to
perform well with large
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Korczowski et al. 2015 [11]
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* Objective : asymptotic classification when the number of subjects
increase

* The Riemannian distance can be merged to get better results in
P(N) (MDM-multi)

* But the fisher Information metric in P(2N) performs worse
(MDM-hyper)
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Perspectives

 How the inter-subjects statistics can be used to increase the
performance

e Use different metric

e Wasserstein metric
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Electro-encephalography gipsa-lab

=
We consider the linear instantaneous mixture model 3’

Where : X, X,
X
Xk:,m — AmSk:,m :

With the mixture matrix :

A c RVXN
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Event Related Potential (ERP)

 Oddball paradigm:
Neural reaction (P300) to a recognized but
unpredictable event
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Event Related Potential (ERP)

 Oddball paradigm:
Neural reaction (P300) to a recognized but
unpredictable event
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Extended covariances (1/2)

For each subject m, we want to classify the k" epoch.

Xpm € RV (1)
With N, the number of electrodes
T, the epoch length

We can estimate the stereotypical ERP response

1

— Pm
Xkm = [ ] (3)
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Extended covariance (2/2)

The Sample Covariance Matrix (SCM) of fk,m

. CXk:,um EXk,m
In the case of 2 users, it can be extended [5,11]
i 2p CPIXR:,I Cp,p, CPIXR:,Z |
i _ CXk,1P1 ZX&J Cch,1P2 CXk:,1Xk:,2 (5)
k j—
Cp,pn  Cprxy, 2P, CPr, X,
_CXk:,2P1 CXk,zxk,l CXk,2P2 EXR:,Z i
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Geodesic and distance of covariance

Geodesic

1

I(t) = %3 (zjﬁzzzf%fzf
Distance [8]

n 1/2
5R(21: 22) = Hlog (21_122) HF = [Z 10g2 )\z]

1=1
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Barycenter of covariance

The geometric mean for a P(n) space
exists and is unique [10]

e
I ) TR,
i1 S =
- o .‘ M = -
- S, = Log -
-

G (,...,%;) =argmin ) 5% (%, %;)
3eP(n) i—1

Iterative method base on [9]

b=

} , o5t ) 5o
S(esn) = Biyexp (€ log (Zy==y) ) =6

More robust estimate based on a-div function [7] ~ A. Barachant. 2012
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Minimum Distance to Mean (MDM)

From the training trials, we can compute the geometric
means Xgi+ , Xi- for TARGET and NON-TARGET

respectively.

Thus, for the k", the distance at each class is given by:

de = 6R(§O;§k) NONS {K+,K_} (6)

With the estimated class ¥:

§ = argmin(ia(Se, %)) C € {K K~ (7)

L. Korczowski, M. Congedo, C. Jutten



Multi-User BCI | Methods Results Conclusion
Intra- and Inter-Subjects statistics
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2. Gain In performance

MDM-multi>MDM-max
Performance t(16)=2.71, p=1.52e-2 , A=+0.021
Robustness F(1699)=1.80, p<le-4

MDM-hyper versus MDM-max
not statistically different

Korczowski et al. 2015 [11]
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2. Gain In Performance

Pairs with homogeneous performances tend to have a higher improvement
with multi-user classifier independently of their initial solo performance.

(r(14)=-0.805, p<le-4)
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