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Abstract—Common spatial pattern (CSP) is a widely-used .
feature extraction method for electroencephalogram (EEG)
classification and corresponding probabilistic models wes

METHODS

We denote byX *¢ = [x5¢, ..

recently developed, adopting a linear generative model foeach
class. These models are trained on a subject-by-subject bas
so that inter-subject information is neglected. Moreover vhen
only a few training samples are available for each subject e
performance is degraded. In this paper we employ Bayesian
multi-task learning so that subject-to-subject information is
transferred in learning the model for a subject of interest. We

L,z ] € RP*Nae a collec-
tion of EEG signals measured from electrodes over trials
(Ns. is the number of samples) for subjece {1,...,S}
who undergoes the mental task involving class {1,2}.
The multi-task extension of the probabilistic CSP model
assumes thaX *¢ is generated by

present two probabilistic models where precision parametes
of multivariate or matrix-variate Gaussian prior for the di c-
tionary are shared across subjects. Numerical experimentsn
the BCI competition IV 2a dataset confirm that our methods
improve classification performance over the standard CSP (o
a subject-by-subject basis), especially in the case of swujts
with fewer number of training samples.

XSC — WSZSC + ESC, (1)

where W* = [w3,...,w3] € RP*M s the dictionary
for subject s’, containing M basis vectors, which is shared
across two classesz* = [zi%,...,2% ] € RM*Ne the

. . o : coefficient matrix and E*¢ = [ej¢, ..., e¢ | € RP*Ne s
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terface: common spatial patterns; the noise matrix. Each row oX *“ is already centered (zero
mean).
|. INTRODUCTION Coefficients and noise are assumed to be zero-mean
: o . Gaussians:

Electroencephalogram (EEG) is multivariate brain wave
signals recorded at multiple electrodes placed on scalp, 2~ N(2]0,(A%) )
reflecting electrical potentials induced by subjects’ irai ic Stc L . ’
activities. EEG classification allows computers to trateska € ~ N(€]0,(¥*)7),

subject’s intention or mind into a control signal for a deyic
which is important for brain computer interface (BCI) [1]. Where A*¢ = diagA{‘, ..., \57) € RM*M and ¥*¢ =

Common spatial pattern (CSP) is a popular discriminativediad¥i°, ..., ) € RP* are diagonal precision matrices
EEG feature extraction methods, which is proven to be d0r s =1,..., 5 andc = 1,2, which are assumed to follow
useful subject-specific spatial filter [4]. Recently a prob-Gamma distributions:
abilistic model was proposed for CSP, where two linear

. . . .. M
Gaussian generative models with the dictionary shared are

sc sc A A
jointly learned to infer common spatial patterns [6]. CSB is pAT) = ngl GammaAr, | o, bo),
subejct-specific spatial filter, which does not consideepth D
subjects’ information involving the same task as the subjec p(T*°) = H Gammas© | al, bY).
of interest. In the case of a subject with much fewer training i

samples, the performance of CSP is much deteriorated. Thus

it is desirable to transfer useful information of subjectsin the case ofS = 1 (subject-specific model), the model
involving the same task to the subject of interest with(1) reduces to the probabilistic CSP model in [6] (see
fewer training samples, which is known sishject-to-subject Fig. 1(a)). We describe two multi-task learning methods
transfer [3], [5]. In this paper we present two Bayesian for probabilistic CSP in the following two subsections,
multi-task extensions of probabilistic CSP, where precisi where multivariate Gaussian prior (in MTL-CSP1) or matrix-
parameters of multivariate or matrix-variate Gaussiaermpri variate Gaussian prior (in MTL-CSP2) f¢W *} is defined,
for the dictionary are shared across subjects. with some hyperparameters shared.



where|-| denotes the determinant and frdenotes the trace
operator,M € RM>¥ js the mean matrixt € RM*M and
Q € RVXN are covariance matrices.

In MTL-CSP2 model, we consider the matrix-variate
Gaussian distribution foW,,, = [w) ..., w?] € RP*3,

in order to accomodate correlations betwaefy and w?
fors,s’=1,...,5:

p(Wm | R’ma ﬂm) = ND,S(Wm|07 ﬂ;leDv R;’Ll)v

where eachw;, obeys the isotropic Gaussian as in the MTL-
CSP1 model and correlations betweearj, and w?, are
reflected inR,, € R°*S which is assumed to follow the
(a) CSP (b) MTL-CSP1 (c) MTL-CSP2 Wishart distribution,p(R,,) = W(R,,|Wy,1p). Thus the
prior distribution for{W*} is given by

Figure 1. Graphical representations for three probalgiliS8EP models: (a)

probabilistic CSP on a subject-by-subject basis [6]; (b)tirtask learned M

CSP (proposed method 1); (c) multi-task learned CSP osethod 57

o (PreP "€ (pep PUW* Y {Ri} (Bu}) =[] oW Ron ).
m=1

Note that whenR,, = Is, MTL-CSP2 reduces to MTL-

A. MTL-CSP1: Sharing Multivariate Gaussian Prior CSP1. LearningR,,, from training set enables us to capture
We consider the Gaussian prior distributions for the dic-POsitive or negative correlations between subjects sothieat
tionaries{ W*} which are common across subjects: effect of negative transfer is reduced.
M ..
p(W*|8) = H N(w?, 0,8 1p), C. Variational Inference
m=1 We apply the variational inference method to compute the
p(Bm) = Gammgs,, | ag,bg). approximate posterior distribution over a set of variables

0 = ({W?},{®*},{Z°},{A*},{B,,}) for MTL-CSP1
Each basis vectow;, follows the isotropic Gaussian prior gr 9 — (W=}, { &}, {Z°}, {A*}, {B,. }. {Rnn}) for
with the hyperparametes,, that is shared across subjects, MTL-CSP2. In MTL-CSP1, we assume that the variational
leading to an indirect sharing of information across sutisjec distribution ¢(6) factorizes over variables:
(see Fig. 1(b)). The indirect information transfer by shar-
ing hyperparameters in Bayesian framework was motivatet%g) = q{W*H{®* N g({Z*})g({A*}V)q({B,,}),
by the empirical Bayesian multi-task learning method [2].
Hyperparameters are estimated by the empirical varidtionayhere
Bayesian method, which is explained in Section II-C.
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B. MTL-CSP2: Sharing Matrix-Variate Gaussian Prior a({W™3)
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The MTL-CSP1 model does not consider correlations
between subjects so that the negative information transfer ¢({®°‘}) =
(from subjects with negative correlations) might degrdue t
generalization performance. To overcome this negative ef-
fect, we present the MTL-CSP2 (see Fig. 1(c)) model which a{Z*})
also takes inter-subject correlations into account. T®ehid,
we consider the matrix-variate Gaussian prior distributio sc
The matrix-variate Gaussian distribution for a random iratr a({A™})
Y € RM*N denoted byNy v (Y | M, X, Q), is defined
by the probability density function which takes the form: d{Bn)) =
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exp{—%tr(ﬂl(Y M) TSy - M))}, where w; represents thel-th row of W?. Variational

parameters are estimated by maximizing the lower bound on



the marginal likelihood£L(q) = E, [log (p(X, 6)/¢(6))],

2 Nsc
(27" = EIDs|+ Y EWi] Y B [T,
c=1 t=1
2 Nsc
vi = @) EW]) e (dE=",
c=1 t=1
1
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sc sc ]Vgc sc sc ]V;c
af™ = eyt Ay = a5
1 Nse
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where Dg € RM*M s the diagonal matrix with diagonal
entriesg,, form =1, ..., M.
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Figure 3. The classification performance averaged overyeudbject.

22 electrodes. Although there were 4 target classes in the
data set, we only used the trials that correspond to the
imagery left hand and right hand classes. For every trial,
we picked the interval from 3.5 seconds to 5.5 seconds after
each cue. Each subject performed 144 trials per class so that
the dataset has 288 trials per subject.

We randomly selected only one trial from each class
per subject as a training data. We extracted features and
trained classifiers using the training data. The remaining

For MTL-CSP2, we also assume that the variationaltrials are considered as the test data. We calculated log-

distribution ¢(6) factorizes over variables:
9(0) = q({W He({¥* He({Z™ }a({A™ }a({B,. })a({ R }),
where g({R}) = TIY_, W(RW|W pn,vi), and vari-

variances projected by CSP filters that corresponds to
3 largest and3 smallest eigenvalues. Compared to original
CSP, our MTL-CSP models can exploit every subject’s data.
When we extracting features for a subjeatith MTL-CSP

ational distributions over other variables are the same agodels, we randomly chos¥ trials of each class from the

MTL-CSP1. Variational parameters are updated:
2 Nac

E[DsR(s,s)]+ Y > EWiIE["2],

c=1t=1
2
vy = <I>§<ZIE[
c=1

C R

Nse

1 @i (E[z]
t=1

—zE[DBR@,jmmzm),
Jj#s

Vm = v+ D,
(Wo)! = Wyl +E[Bn]E [W;Wm],

where R(i,j) is the M x M diagonal matrix with diag-
onal entries[R,,);j, (m = 1,...,M). The expectation®&

other subjects, and used them as an additional source of
information. After the models were inferred, we calculated
the log value of the variance d|z;] within each trial to
obtain features. By the using[\s!]/E[\5?], we selected
largest-valued antl smallest-valued features. In every case,
we trained the logistic regression classifier, and predicte
the labels of test data using these features. We repeated the
experiment for each value df for 10 times, and averaged
the results. The classification accuracy was estimated by
the ratio of the number of accurately classified test trials
compared to the total number of test trials (Fig. 2, 3).

IV. CONCLUSIONS

We have presented Bayesian multi-task learning exten-
sions of the probabilistic CSP method, allowing subject-

appearing in updating equations for variational paramseteriy_gypject transfer by sharing parameters of multivariate

are taken with respect to the variational distributign, the

matrix-variate Gaussian prior for the dictionary. We have

values of which are left out due to the space limit. Hyperpayresented two models, MTL-CSP1 and MTL-CSP2, devel-
rameters are also estimated by maximizing the Iower—boungping variational inference algorithms to compute posteri

L(q).
Il1. NUMERICAL EXPERIMENTS
We tested our models on BCI competition N\2a dataset.

The dataset contains EEG measurements of 9 subjects wifl]

http://www.bbci.de/competition/iv/iindex.html

distributions over variables. Numerical experiments on BC

competition IV 2a dataset demonstrated that our models
improved EEG classification performance over the standard
obabilistic CSP which is subject-specific. There were
improvements for 5 subjects out of the total 9 subjects (Fig.
2). Although the performances for remaining subjects were
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Figure 2. Classification accuracies of all subjects in thé &tnpetition IV 2a dataset (mean valde 1 standard error). The first row shows the graphes
for the subjects 1,2 and 3, starting from the left. The seqomdshows the graphes of the subject 4,5,6, and the third hmws that of the subject 7,8,9.
For the subject 1, 4, 8, 6 and 9, there were some improvemgntisebinformation transfer, while other subjects suffemiroegative side effects.

decreased, the sum of improvement were generally great§Z] T. Heskes, “Empirical Bayes for learning to learn,” Rro-
than that of the decrease. Thus the overall performance was ceedings of the International Conference on Machine Legyni
increased, so that the experiment confirmed effectiveress o (ICML), San Francisco, CA, 2000.

our methods (Fig.. 3). BeC?‘L{SG Cf)||eCting Iarge .number. Of3] H. Kang, Y. Nam, and S. Choi, “Composite common spatial
training samples is often difficult in BCI applications, ghi pattern for subject-to-subject transfdEEE Signal Processing
result will be helpful for increasing recognition rate byttee Letters vol. 16, no. 8, pp. 683-686, 2009.

data utilization. [4] Zz. J. Koles, “The quantitative extraction and topograph
mapping of the abnormal component€EG and Clinical
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