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Abstract—Multi-subject electroencephalography (EEG) classi- learn from each otheby sharing hyperparameters (parameters
fication involves the categorization of brain waves measutefrom  of prior distributions). A Bayesian multi-task extensiof o
multiple subjects, each of whom undergoes the same mentalda CSP (BCSP) was recently developed in [6], where subject-

Common spatial patterns (CSP) or probabilistic CSP (PCSP) i@ . . . - .
widely used for extracting discriminative features from EEG, to-subject information was transferred during the leagrf

although they are trained on a subject-by-subject basis anéhter- model for a subject of interest by sharing hyperparameters
subject information is neglected. Moreover, the performame is across subjects, while treating subjects as tasks. Bayesia
degraded when only a few training samples are available for CSP [6] works better than PCSP (on subject-by-subject hasis
each subject. In this paper, we present a method foBayesian  githoygh similarities among spatial patterns are neglecte

CSP with Dirichlet process (DP) priors, where spatial patterns b I tial tt f d t h th
(corresponding to basis vectors) are simultaneously leapd and ecause all spaual patlerns are forced 1o share the same

clustered across subjects using variational Bayesian infence, Nhyperparameters.

which facilitates a flexible mixture model where the number ¢ In this paper, we present a more flexible Bayesian model
components are also leamned. Spatial pattemns in the sameuslter \yhere we exploit multi-subject EEG data to learn spatial pat
share the hyperparameters of their prior distributions, which o ¢ oy 5 target subject, which facilitates informaticansfer

means information transfer is facilitated among subjects \ith . . . . .
similar spatial patterns. Numerical experiments using theBCI ~@mong subjects with similar spatial patterns. To this erel, w

competition IV 2a dataset demonstrated the high performane present a Bayesian CSP with Dirichlet process (DP) priors,
of our method, compared with existing PCSP and Bayesian CSP referred to as BCSP-DP, in which we develop a variational

methods with a single prior distribution. inference algorithm to learn and group spatial patternorsct
This means that spatial pattern vectors in the same group
share the hyperparameters of their prior distributionsiffliog

Electroencephalography (EEG) is the recording of eleaitricsimilar spatial patterns in the same cluster by sharing hy-
potentials using multiple sensors placed on the scalp,lteato perparameters facilitates information transfer amongesib
multivariate time series data that reflects brain actisitBEG with similar spatial patterns, whereas information transé
classification allows computers to translate a subjectsnin prevented among dissimilar subjects. Our method is meivat
tion or mental status into a control signal for a device, Whichy task-clustering methods in a multi-task learning framew
is important for brain-computer interfaces (BCI) [4], [T8]. [2], [12], where similar tasks are identified and informatie
Multi-subject EEG classification considers brain signats1f transferred between tasks in the same group. Numericar-expe
multiple subjects, each of whom undergoes the same menjiaénts using the BCI competition IV 2a dataset demonstrated
task, where the brain waves reflect task-specific and subjegle high performance of BCSP-DP compared with PCSP and
specific characteristics, as well as inter-subject vanesti BCSP.

Common spatial patterns (CSP) is a popular discrimina-
tive EEG feature extraction method, which has proved to Il. RELATED WORK
be a useful subject-specific spatial filter [7]. The learning
of common spatial patterns was placed into a probabilisticin this section, we briefly review two probabilistic models
framework, leading to probabilistic CSP (PCSP) [11], wheffer CSP, i.e., probabilistic CSP (PCSP) [11] and BayesiaR CS
two linear Gaussian generative models with a shared ba@CSP) [6]. We denote by *° = [z5¢, ..., x5¢ | € RP*Tee,
matrix are jointly learned to infespatial pattern vectorshat a collection of EEG signals measured usifigelectrodes over
correspond to the column vectors of the shared basis matiixals (7. is the number of samples recorded for a pre-defined

I. INTRODUCTION

CSP is a subject-specific spatial filter, which does not a®tsi number of trials) for a subjestc {1, ..., S} who undergoes a
information from other subjects involved in the same task asental task involving classc {1,2}. PCSP or BCSP assume
the subject of interest. that X *¢ is generated by

Bayesian multi-task learning [5] deals with several ralate
tasks at the same time, with the intention that the tasks will X% = A°Y*° + E°°, (1)



where A® = [a3,...,a3;] € RP*M is the basis matrixfor

subject s, containingM spatial pattern vectorshared among @
classes Y = [yi,...,y5 | € RM*T= is the coefficient

matrix (latent variables)and E*° = [e5¢, ..., e5¢ ] € RP*Tee
is the noise matrix It is assumed that each row of*¢
is already centered (zero mean). Coefficients and noise are
assumed to be drawn from zero-mean Gaussian distributions:

yi© ~ N(y;°|0,(A*)7),
efc ~ N(efcloa(‘ysc)_l)’

Fig. 2. Graphical representation of Bayesian CSP with DBrgri

where A®*¢ and ¥*¢ are diagonal precision matrices fer=

1,...,S andc=1,2, o
the precision parameters® and ¥*¢,

A = dian'ic, ceey )\?&) S RMX]M, M
T = diagwic,. .., ¥i) € RPXD, p(A*) =[] Gamma\; |ag,by),
m=1
In the case ofS = 1 (subject-specific model), the model (1) e D I
reduces to the probabilistic CSP model, as shown in Fig, 1(a) p(T*) = []Gammays|ag,by).
where maximum likelihood estimates of spatial pattern mesct d=1
A® are learned by expectation maximization [11]. Posterior distributions oveA® and Y*¢ are approximately

computed using a Bayesian variation inference method to
calculate CSP features [6].

@ @ [1l. BAYESIAN CSPWITH DP PRIORS

In this section, we present the main contribution of this
@ @ paper, i.e., Bayesian CSP with DP priors, which is referred
@ to as BCSP-DP. As shown in Fig. 1(b), BCSP [6] assumes
that all spatial pattern vectors;, for m = 1,...,M and
@ @ @ @ s = 1,...,8 share the hyperparameters, without proximity
B cs 19 between spatial patterns. This restriction might have atheg
s=11]c=12 s=1..,5 : effect because information transfer would also be fatdda
(a) Probabilistic CSP (b) Bayesian CSP among subjects whose spatial patterns are very differerst. |
desirable to facilitate (or prevent) information transéenong

similar (or dissimilar) patterns. Motivated by the concept
task clustering in a multi-task learning framework [2], 12

The performance of PCSP is degraded if a sufficient numpf incorporate a DP mixture model [1], [9] into Bayesian
of training samples is not available for some subjects. Baye CSP. @ shown in Fig. 2, such that the grouping of spatial
multi-task learning enforces spatial patten vectors acsap- Pattern vectorsaj, and model learning (1) are performed
jects to share hyperparameters of their prior distribwjonmmultaneously. Thus, only spatial pattern vectors in #raes
facilitating learning from other subjects. In BCSP (see. Figluster share the hyperparameters.

1(b)) [6], a Gaussian prior is placed in the basis matr%' BCSP-DP Model

A?, thereby sharing the hyperparameters (mean vector and
precision matrix) among subjects: We present a detailed description of our BCSP-DP model

shown in Fig. 2. Invoking a linear model (1), BCSP-DP

Fig. 1. Graphical representations of the PCSP [11] and BCS&ékeln [6].

M ) assumes that spatial pattern vectdis,} are drawn from
p(A%) = [N, lwa™), distributions p(a?,|0%,) parameterized by(6?,}, which are
m=1 drawn independently from a random measGrén a DP with
for s = 1,...,5, the mean vector, and the precision matrig positive scaling parameterand a base distributioGo:
are assumed to follow a Gaussian-Wishart distribution G ~DP(a,Gy), 65 ~G, a’ ~p(a6:), @)
p(p, Q) = N(u|mo, (BoR) " IW(QIW, 1p), form=1,...,M ands = 1,...,S. Spatial pattern vectors

{a2,} generated by this model are partitioned according to the
whereW(Q|W, 1) denotes a Wishart distribution paramedistinct values of the parametef8: }. Parametef:, takes a
terized byW andv,. Gamma distributions are assumed fodistinct value in{¢;} (k =1,...,MS).



The stick-breaking representation [10] of the random mea-We define a set of variables to be inferred as
sureG is given by o . . . .
© = {{A"}, {20} IV "} {onh o AN 1 {9, {1, 20} -

Uk H(l —v5), (3) The variational inference method considers a lower-bound o
j the marginal log-likelihood

Tk

G = Z?Tklse;;, @) logp({Xx*cl) = 1Og/p({XSC}7®)d®
k=1

JEore PUX"1:0) 1o = F(y),

wherev;, and@;, are independent random variables drawn from ©)
q(®

a beta distribution and the base meastite respectively

v

o, ~ Betdug|1, ), 605 ~ Go. where Jensen’s inequality was used ah@y) denotes the
variational lower-boundo be maximized. We assume that the
The stick-breaking representation (4) makes it clear that variational distributiony(®) is factorized as

is an atomic random measure (with probability one), where

mixing proportions{r;} are given by successively breaking  ¢(®) = q({A"})q({z5.}) a({Y*}) a({vr})

a unit-length stick into an infinite num_ber_ of_ pie_ces. An q(@)g({A°}) q({¥°}) q({ (ps, 25)})-
independent drawy from a Betdl,«) distribution is re- _ o _ o

scaled in proportion to the remaining stick, so the size ef tifhe optimal variational posterior distributions are corteol
broken p|ece-rk = U H (1 ’UJ) Corresponds to the m|X|ng by alternatlvely maX|m|Z|ng the variational lower- bOUﬁ(@q)
proportion. which is summarized in Table I.

We introduce cluster indicator vectors, € RMS, where ~ The hyperparameter§fo, vo, Wo, mo, af . by ,a}, by}, are
the k-th entry denoted by, (k) equals 1 ifgs, = 6, but also estimated by maximizing the variational lower-bound
zero otherwise. In the BCSP-DP modéf, = (u},€2;) and F(g). The stationary point equations fgt, and m, have
the spatial pattern vectors are assumed to be drawn frongl@sed-form solutions and the updating equations are given
Gaussian distribution parameterized using the mean vedr

p; and the precision matrif2;. The base measur€ is KD
chosen as a Gaussian-Wishart distribution that is the gatéu Bo = y74 Tar 0
prior for the Gaussian likelihood/ (a3, |}, (22;)~1). BCSP- 2 k=1 {(mo _1“16) Qe (mo — 1))
DP also considers the same generative model (1) with the K § B K i}
following parameterization: mo = | () > (i)
k=1 k=1
a ~ Gammdalag, by),
vy~ Betavg|l,a), However, the stationary point equations fay, a}f and a})

0F = (ui, Q) ~ (NZlmo, (BoS2) " YW(QL W o, ), do not have qlosed—form squ_tions, so that the equations are
solved numerically. The solution tf(xz) = 0, «*, is found

p(z5 (k) =1) = H (1—wp), by searching for a point where the sign ffx) is changed
within a given intervalz,, x;]. The stationary point equations
Wl =) ~ Mayli, (@) for 1o, ay andag are given by
i~ Nlyifo,(A™) ™), R St K
:ch ~ N( |Asy (lIISC)—l)7 DlOgVO — Zd) EEEEe— log Z
=1 k=
K
1 *
where A°¢ and ¥*° are diagonal precision matrices and e Z (log |€2;]) + D(log K —log2) = 0,
each diagonal entry is assumed to be drawn from Gamma k=1 -
distributions 1 sc
log(ag) = w(ag) + 555 > D > (log i)
A~ GammaAic|ag, b)), s=1 c=1d=1
¢~ Gammdy:lal by). 1 S .
Vq W°lag, by) _10g<2s_zzz< ) | =o,
B. Variational Inference s=1c=1d=1
. . s
We employ the variational inference method [3] to approx- log(ad) — t(ad) + 1 Z i sz: (log A™)
imately compute the posterior distributions for spatiatitgya B0 0 25M = = —~ & Am
vectors and latent variables. As in variational inference f RN L
DP mixture models [3], we also consider a truncated stick- 1o ey | = o
. . . . g m - 9
breaking representation with a truncation level 25 ; ; mz::l< >



TABLE |
VARIATIONAL POSTERIORS AND CORRESPONDING UPDATING EQUATIRS IN BCSP-DPARE SUMMARIZED. DENOTE BY (-) THE STATISTICAL
EXPECTATION WITH RESPECT TO CORRESPONDING VARIATIONAL PO¥RIOR DISTRIBUTIONS THE (4, j)-ELEMENT OF A MATRIX IS DENOTED BY []; 5,
AND [-];,; REPRESENTS THE-TH ROW OF A MATRIX. THE TRACE OPERATOR IS DENOTED B¥r(-), AND diag(«) REPRESENTS THE DIAGONAL MATRIX
WHOSE DIAGONAL ENTRIES ARE GIVEN BY THE VECTORE. Multinomial(x|p) REPRESENTS THE MULTINOMIAL DISTRIBUTION SUCH THAT
p(zr = 1) = pi.

Variational posterior distributions Updating equations for variational parameters
(®5) " = il ([94a.a) diag((2:4)) + £24 (vi) (YorT),
o(A%) =TI, N (1A%, 5. ®5) 7 = 23 {S2at0) 067 (7T + Sl (98100 (57

- diag((21%)) a1} (4°:7 ) |
2h =[5 (k) 23 (0)]
(k) o exp { (log |Q%]) — Z?:1<[QZ]d,d> (([A%]4,m)?)
q(z3,) = Multinomial(z, |3,) = 3 Dz ([A%im) (19516, 5) ([A%)jm) + (@i ) (i) — 5 (i T Qmi)
+{loguy) + X521 (log(1 = v;) }
()T = (M) + 22 (e <[A5]d [A%],, >
.sc — 3¢ <A-§T> \I,sc
ap =1+ (Lg), b} = (o) + Zj:k+1(Lj>’
Ly =351 T % ( )-

q(Ysc) HTsc '/\/’(ysc‘ntsc7 ESC)

q(vx) = Beta(vg|ay, by)

q(a) = Gammgal|a®, b*) a®=ap+ K — 17 = bo + 31, (log(1 — vy)).
a(A) = TT5L, Gammaxselan;”, by”) aye = aj + T, bz:c =R+ Y T,

ay* = af + %=,
b’(lﬁ)sc _ bg) + % [XschcT _ 2Xsc<yscT><AsT> + <AsyscyscTAsT>}
Br = Bo + (L),
v = vo + (Lg),
my = ﬁ(ﬁomo + (Lg)ax),
(W)t = (Wor1 (L)Y g + 2olEsd (mg — @) (mo — @) 7,
ay = <L,C> PO 1Zm V(25 (k) (@),
Yi= 75 X0 S () an,as) — aray -

q(®5) = T2, Gammdys©|al >, %)
d,d

a(uf, ) = N (wplm, (B:925) ™) - W (W 1)

which are numerically solved fory, ag’ and a), respec- compute

tively. ¢(-) denotes a digamma function such thatr) = 5
% logT'(z). The updating equations fd¥, bg’, andb) are Y Z Yo©
given by the following closed-form solutions: —Ta + Tsz

1 Treating columns inY" as projected variables in CSP, we
— * R R ~S8
Wo = oK Z<Qk>’ compute anV/-dimensional vectof € R, where them-th
k=1 entry is calculated as

¥
bg; = s g .25112) J 1 T 1 2
Zs:l Zc:l Zd:1< 2C> fs(m) = log <T {?S?S :| B (T [?SIT} ) ) ’
b)\ - GS\ . 2SM mem m
0 ZSS:1 Ei:l an\f:l@\fgf wherelr € R” is a vector containing all ones. We sel@et

entries from<{ £*(m)\ for m associated with the top and
p

bottomn expected precision ratip(\:1)/(A:2)}, to construct
IIh e CSP feature vectgf® € R2".

which are dependent an, ao, anda}), respectively.

Given test dataX® € RP*7, we compute the CSP feature
vector f € R?" as follows. We first compute the posterio
mean matrice{?sc} forc=1,2, IV. NUMERICAL EXPERIMENTS

e . We compared the classification performance of the PCSP,
Y =% <AS > (T*9) X7, BCSP, and BCSP-DP methods using the BCl Competitida IV

) ) ) _ 2a data set. This data set contains nine subjects with four
which corresponds t@;“ in Table I. Given the class condi-

tional probabilityp(X°® € ¢) = TficTsz for c = 1,2, we Lhitp://www.bbci.de/competition/iv/
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Averaged classification accuracy for target subjéxtshown when the number of training samples for non-tasgbjects, denoted by, varies.
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imaginary movements, i.e., left/right hand, right foothgoe. same group are coupled by sharing the hyperparameters of
We used the trials for left/right hand movements to consid#reir prior distributions, which facilitates informatidransfer

the binary classification problem. Each imaginary movemeamong subjects with similar spatial patterns whereas -infor
consisted of 144 trials. Every trial was divided irffo= 500 mation transfer among dissimilar subjects is prevented. Nu
time points (250 Hz), which corresponded to a time intervaterical experiments using the BCI competition IV 2a dataset
3.5 sto 5.5 s after the visual cue. The data was recorded ustogpfirmed the superior performance of our BCSP-DP method
22 electrodes p = 22). Each trial was bandpass-filtered tovhen compared with the existing probabilistic models, PCSP
emphasize important frequency bands in the motor imaginamd BCSP.

task.

The BCSP-DP model was evaluated for two different trun-
cation levels such thal = 44 and K = 198. Note that  This work was supported by National Research Foundation

the maximum number of clusters wad - S = 198, which (NRF) of Korea (2011-0018283, 2011-0018284), the Con-

occurred when every spatial pattern was assigned to its owg19ing Research Center Program funded by the Ministry

cluster. We assumed that the basis matrices were squar@fif=ducation, Science, and Technology (2011K000673), and

all models (4 = D) and we constructed feature vector§iRF World Class University Program (R31-10100).

f° € R?" using PCSP, BCSP and BCSP-DP, where- 3.

We trained the Linear Discriminant Analysis using the featu

vectors. The accuracy was determined as the ratio of tH C. E. Antoniak, “Mixtures of Dirichlet processes with @jations to
) Yy o . . Bayesian nonparametric problemsthe Annals of Statisticsvol. 2,

number of correctly classified test trials compared with the no. 6, pp. 1152-1174, 1974.

total number of test trials. [2] B. Bakker and T. Heskes, “Task clustering and gating fay&sian

We selected half of the trials for each subject as the test g"su_'gtgsgolggm'”g’muma' of Machine Learing Reseaycvol. 4, pp.
trials and we randomly selected some of the remaining t@gls [3] D. M. Blei and M. 1. Jordan, “Variational inference for Biihlet process
training trials. During each run of the experiment, we sieldc mixtures,” Bayesian Analysjsvol. 1, no. 1, pp. 121-144, 2006.

; ; : 4] A. Cichocki, Y. Washizawa, T. Rutkowski, H. BakardjiaA, H. Phan,
a subjects from the S subjects in the dataset as the targe{ S. Choi, H. Lee, O. Zhao. L. Zhang, and Y. Li, “Noninvasive BCI

subject. We randomly selected trials from each class of Multiway signal-processing array decompositions$EE Computer

the target subject as the training trialf,{ = T - n;). We 5 vol. 41|2 no. 10, pp. ?;4—42, 2f00é|3. ‘ | _— -
. _ 5] T. Heskes, “Empirical Bayes for learning to learn,”fmoceedings of the

ran(_jomly selected, trlals from ea(_:h class (_)f_the non target International Conference on Machine Learning (ICMISan Francisco,

subjects T;. = T - ng, i # s) as additional training trials. The CA, 2000.

classification accuracy was evaluated using the test tigals [6] H. Kangand S. Choi, “Bayesian multi-task learning fonumon spatial

. . : patterns,” inProceedings of the IEEE International Workshop on Pattern
the target subjects only. We repeated the experiments Estim Recognition in Neurolmaging (PRNISeoul, Korea, 2011,

for s = 1,..., 5, and averaged the accuracies to represent the z. J. Koles, “The quantitative extraction and topogrigphapping of the

classification performance of the models in the given n,) zgggzn;’;ll i%rgfonentSEEG and Clinical Neurophysilologyol. 79, pp.
setting. Note .that PCSP cannot exploit the additional gin o ;" Miller Gerking, G. Pfurtscheller, and H. FlyvbjertPesigning op-
trials so that its classification performance does not vatly w timal spatial filters for single-trial EEG classification & movement

Ng. task,” Clinical Neurophysiologyvol. 110, pp. 787-798, 1999.

e L. _ R. M. Neal, “Markov chain sampling methods for Dirichlgrocess
_The classification pgrformance of BCSP and BCSP-DP Wer[8] mixture models,”Journal of Computational and Graphical Statistics
higher than PCSP (Fig. 3). Moreover, the proposed BCSP- vol. 9, no. 2, pp. 249-265, 2000.
DP models had higher classification performance than BC$W)] J. Sethuraman, “A constructive definition of Dirichletiors,” Statistica
: : Sinica vol. 4, pp. 639-650, 1994.
WhICh _shows that our proposgd models were more gﬁectlve f\f] W. WU, Z. Chen, S. Gao. and E. N. Brown, “A probabilistiathework
exploiting the non-target subject data compared with BCSP." for learning robust common spatial patterns,Froceedings of the 31st
The number of effective clusters, which was computed by Annual International Conference of the IEEE EngineeringMadicine
. . . : and Biology SocietyMinneapolis, MN, 2009.
Coumm,g the Clusw,rs WIth(Lk> > 0.5, varied ,Wlth the 12] Y. Xue, X. Liao, L. Carin, and B. Krishnapuram, “Multask learning
truncation levelK (Fig. 4). The number of effective clusters ~ for classification with Dirichlet process priorsJournal of Machine
of BCSP-DP withK = 198 was much higher than that for Learning Researctvol. 8, pp. 35-63, 2007.
BCSP-DP withK' = 44. A higher truncation level allowed
more clusters which improved the classification perforneanc
of the BCSP-DP model, while the computational cost was also
increased by updating more cluster parameters, because the

cost was proportional té.
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V. CONCLUSIONS

We developed a Bayesian CSP model that uses DP priors to
tackle multi-subject EEG classification, where the DP nmitu
model partitions the spatial pattern vectors into sevai@lgs,
while the spatial pattern vectors are learned by the Bagesia
framework at the same time. Spatial patter vectors in the



