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ABSTRACT fewer training samples, the performance of CSP and PCSP

Common spatial patterns (CSP) and probabilistic CSP (PCSBye deteriorated.

are popular methods for extracting discriminative feature  In this paper we propose a Bayesian CSP model where we
from electroencephalography (EEG), but they are trained ofXPloit multi-subject EEG data to learn spatial patternsafo

a subject-by-subject basis so that inter-subject infoionas  target subject, encouraging information transfer betveegn
neglected. When only a few training samples are availabliects involving similar spatial patterns. To this end, wegemt

for each subject, the performance is degraded. In this pap@rBayesian CSP with Pitman-Yor process (PYP) priors, re-
we present a method for Bayesian CSP with Pitman-Yor proferred to as BCSP-PYP, in which we develop a variational
cess (PYP) priors, in which spatial patterns (correspapdininference algorithm to learn as well as to group spatial pat-
to basis vectors) are simultaneously learned and clusterd@ vectors, so that spatial pattern vectors in the samepgro
across subjects using variational inference, allowingdor Share the hyperparameters of their prior distributionsu-Co
flexible mixture model where the number of components arling similar spatial patterns in the same cluster by sluarin
also learned. Spatial patterns in the same cluster share tHe hyperparameters encourages information transfeeleetw
hyperparameters of their prior distributions, so that te i Subjects involving similar spatial patterns, while infation
formation transfer is encouraged between subjects invglvi transfer is discouraged between dissimilar subjects. BCSP
similar spatial patterns. Numerical experiments on BCl comPYP is an extension of our recent Bayesian CSP (BCSP) [3]
petition IV 2a dataset demonstrate the high performance dg¥here we assign a single prior distribution to all spatiat pa

our method, compared to existing PCSP and Bayesian CSPrn vectors, regardless of subjects. Our method is metivat
with a single prior distribution. by task-clustering methods in the multi-task learning feam

work [4,5], where similar tasks are identified and inforroati

Index Terms— Common spatial patterns, EEG classifi- i {ransferred between tasks in the same group.

cation, nonparametric Bayesian methods

2. RELATED WORK
1. INTRODUCTION

lti-subi lassificati id ; i In this section we briefly review two probabilistic models fo
I\/Ilut|-sbu_ ject EE(; Cfasi' |cat|or(1j consi e;s EEG from mllj U-csp, i.e., probabilistic CSP (PCSP) [2] and Bayesian CSP
ple subjects, each of whom undergoes the same menta taji CSP) [3]. We denote b *° = [a5°, ..., a5 | € RPXToe

so that such brain waves reflect task-specific and subjec}-

specific charaf:teristics, as well as inter-subjegt me_mi . als (I is the number of samples recorded for a pre-defined
Common spatial patterns (CSP) is a popular discriminative, | o of trials) for subject € {1, ..., S5} who undergoes

EEG feature extraction method, which is useful for learningy . . antal task involving class € {1,2}. PCSP or BCSP
a subject-specific spatial filter [1]. Learning common sgati assumes thaX ¢ is generated by T

patterns was also cast into a probabilistic framework legdi

collection of EEG signals measuredaelectrodes over tri-

to probabilistic CSP (PCSP) [2], i n which linear Gaussian X% = A°Y*° 4+ E*, (1)
generative models of two classes with a shared basis matrix
are jointly learned to infespatial pattern vectorsorrespond- where A® = [af,...,a},] € RP*M is the basis matrix

ing to column vectors of the shared basis matrix. Howeverfor subject ', containing M spatial pattern vectorshared
CSP and PCSP are subject-specific methods, so other sudsross classes™™ = [yi¢,...,y5 | € RM*T the co-
jects’ information involving the same task as the subject offficient matrix (latent variables)E* = [ei°,..., €5 | €
interest is not considered. In the case of a subject with mucR?*7+- is the noise matrix It is assumed that each row of
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Fig. 2. Graphical representation of Bayesian CSP with PYP
Fig. 1. Graphical representations of PCSP model [2] and"OrS.
BCSP model [3].

Posterior distributions oveA® and Y *¢ are approximately
computed by Bayesian variation inference method to calcu-
X*¢is already centered (zero mean). Coefficients and noisate CSP features [3].
are assumed to be drawn from zero-mean Gaussian distribu-

tions: 3. BAYESIAN CSP WITH PYP PRIORS
y;¢ ~ N(yi°|0,(A%)7), In this section we present the main contribution of this pa-
€° ~ N(e|0,(P*) 1, per, which is Bayesian CSP with PYP priors, referred to as

_ ~ BCSP-PYP. BCSP [3], as shown in Fig. 1(b), assumes that
whereA*® € RM*M and®* € RP*P are diagonal preci- all spatial pattern vectorsa,} share the hyperparameters,

sion matrices fos = 1,...,.5 andc = 1,2, whose diagonal  without proximity between spatial patterns. This resivict
entries are given ag\{“, ..., A7} and {¥1°, ... ¢}, re-  might bring negative effect such that information transser

spectively. In the case ¢f = 1, the model (1) is equivalent enforced even between subjects whose spatial patterns are

to the PCSP model, as shown in Fig. 1(a), where maximurgery different. Motivated by the idea of task clusteringlie t

likelihood estimates of spatial pattern vectet$s are learned  multi-task learning framework [4, 5], we incorporate a infi-

by the expectation maximization [2]. nite mixture model with PYP priors [6] into Bayesian CSP, as
In the case where a sufficient number of training sampleshown in Fig. 2, so that grouping spatial pattern vectdys

is not available for some subjects, the performance of PESP &nd learning the model (1) are performed simultaneously. In

degraded. Bayesian multi-task learning enforces spadial p this way, only spatial pattern vectors in the same clustaresh

ten vectors across subjects to share hyperparametersiof thghe hyperparameters.

prior distributions, allowing for learning from each otlseib- The Pitman-Yor process (PYP) [7, 8] is a two-parameter

jects. In BCSP (see Fig. 1(b)) [3], Gaussian prior was placedeneralization of the Dirichlet process [9], which relaes

on the basis matrixA®, sharing the hyperparameters (mean‘rich-get-richer” property of the Dirichlet process by set

vector and precision matrix) across subjects: ting an additional parameter. Invoking the linear mode] (1)

BCSP-PYP assumes that spatial pattern vecfais} are

_ drawn from the distributiong(a?,|0s,) parameterized by

s _ S 1 miYm

p(A%) = 1__[ Nag, |, @7), {62,} that are independently drawn from a random measure
m=t G from a PYP with a scaling parameterand a discount

fors = 1,...,S and the mean vector and the precision matrixparametety and a base distributiof¥y:

are assumed to follow Gaussian-Wishart distribution
G~ PYP(O@Va GO)? 07871 ~ Gv afn ~ p(afnw‘:n)a (2)

Q) = N , (Bo2) " HW(RIW o, 10),
plps- €2) (ulmo, (5oS2))W(QUW o, 10) form=1,...,M ands = 1,...,S. The process is defined

where W(Q|W, 1) denotes Wishart distribution parame- With a > —y and0 < ~ < 1. Spatial pattern vectorga;,, }
terized byW , andv,. Gamma distributions are assumed forgenerated by this model are partitioned according to the dis

precision parameters*® and ¥, tinct values of the paramete{8:, }. Parametef?, takes one
of distinct values in{6;} (k =1,..., MS).

M The stick-breaking representation [10] [7] of the random
p(A*) = T] Gamma\;|ag,by), measure? is given by

m=1

D k—1 )
p(T*°) = H Gammayi© | af , bY). Tk = U H(l -vj), G= Z?Tk&);;, ()

d=1 j=1 k=1



where v, and 8 are independent random variables drawnOptimal variational posterior distributions are compubsd
from Beta distribution and the base meas@itg respectively  alternatively maximizing the variational lower-boutfdg),
which is summarized in Table 1. The hyperparameters,
v ~ Betavg|l — v, a+ kv), 0 ~ Go. {a,7, Bo, v0, Wo, mg,ay, b a},b)}, are also estimated

. . : : : by maximizing the variational lower-boun#(g), which is
The stick-breaking representation (3) makes it clear ¢hit summarized in Table 2.

an atomic random measure (with probability one), in which Given a test dat&® € RP*T, we compute the CSP fea-

mixing proportions{r; } are given by successively breaking ture vectorf € R?" as follows. We first compute the poste-
a unit-length stick into an infinite number of pieces. An inde

pendent draw, from a Betdl — 7, a + kv) distribution is ~ "lOf mean matrices{Y } fore=1,2,
re-scaled, proportional to the rest of stick, leading tosize
of the broken piecer; corresponding to the mixing propor- Y = ;e <AST> (P*°) X,
tion.
H indi 1S . .
We introduce cluster indicator vectoz§, € R, the \yhich corresponds tg;* in Table 1 and() denotes the sta-

k-th entry of which, denoted by;, (k), equals 1i0;, = 0%, tistical expectation. Considering the class conditiomabp-
otherwise zero. Inthe BCSP-PYP modi,= (1, §%,), and Rility asp(X* € ¢) = Tuc/(Tsr + Ti2) for ¢ = 1,2, we com-
spatial pattern vectors are assumed to be drawn from Gaus- sefiTs. 1 ® P

<55 2 s sc . . =55
sian distribution parameterized by the mean vegiprand ~PUteY =>_._, p(X" € ¢)- Y . Treating columns i’
the precision matriX2;,. The base measurg, is chosen as as PFOESCtEd variables in CSP, we computel edimensional
Gaussian-Wishart distribution that is the conjugate pidor vectorf < R, them-th entry of which is calculated as
Gaussian likelihoodV (a$, |u}, (2;)~1). BCSP-PYP also

considers the same generative model (1) with the following, 1 reoesT 1 s 2
parameterization: fo(m) =log | = {Y Y }mm - (— [Y 1T}m) ,

v~ Betav|l —v,a+ky),
0r = (Wi, QL) ~ N(lmo, (BoS2) ™ YWI(QL W, o) wherel; € R” is the vector of all ones. We selebt entries

from {fs(m)} for m associated with top and bottomn

k—1
plem(k)=1) = o H(l — ), expected precision ratip(A51) /(As2) }, to construct the CSP
Lo A feature vectorf® € R*".
yi© o~ N(y:l0o,(A™) ),
zi® o~ N(@i|A%y; (T 7,
AC ~ Gammaic|a, by), We compared the classification performances of the PCSP,
V3~ Gammdys|al,by). BCSP and BCSP-PYP on the BQI Competitiqrﬂ?/a data
set. The data set contains 9 subjects with 4 imagery move-
o _ ments such that left/right hand, right foot, tongue, andoedt
We employ the variational inference method [11] to ap-trials of left/right hand movement to consider binary citiss
proximately compute the posterior distributions over &pat cation problem. Each imagery movement consists of 144 tri-
pattern vectors as well as latent variables. As in variafion a|s. Every trial was divided intd = 500 times points, which
inference for DP mixture models [11], we also consider thezorresponds to the time interval from 3.5s to 5.5s after the v
truncated stick breaking representation with the truecati syal cue (250 Hz). The data was recorded with 22 electrodes
level K. The variational inference considers a lower-boundp = 22). Every trial was bandpass-filtered to emphasize

4. NUMERICAL EXPERIMENTS

on the marginal log-likelihood important frequency bands for the motor imagery task.
For all models, basis matrices are set to square matrix
logp({X*°}) 1og/p({Xsc}, ©)de (M = D) and feature vectorg® € R?*" (with n = chosen)

e are constructed by PCSP, BCSP and BCSP-PYP. Linear dis-

> /q(@)log p({X }7®)d@ = F(q), criminant analysis (LDA) is applieq to transform these@gt

q(®) vectors down to scalar values which are fed into a minimum
distance classifier. The classification accuracy was obdain
by the ratio of the number of correctly classified test trials
compared to the total number of test trials. We selected half
of the trials in each subject as the test trials, and randomly
selected some of the remaining trials as the training trists
d©®) = q({A*})q({z5}) q{Y*}) q({vi}) each experiment, a subjectin the dataset is chosen as the

where the Jensen’s inequality was used &tig) denotes the
variational lower-boundo be maximized® denotes the set
of variables to be inferred, where the variational disthito
q(©®) is factorized as

q({A D) q({T* D) q({ (15, 5 ). thtt p: / / waw. bbci . de/ conpeti tion/iv/



Table 1. Variational posteriors and corresponding updating egnatin BCSP-PYP are summarized. Denote hythe statis-
tical expectation with respect to corresponding variatlgrosterior distributions. The, j)-element of a matrix is denoted by
[':,;, and[-]; . represents théth row of a matrix. The trace operator is denoted Iy frand diagx) represents the diagonal
matrix whose diagonal entries are given by the veetoMultinomial(z|p) represents the multinomial distribution such that

p(zr =1) = py.
Variational posterior distributions Updating equations for variational parameters
(®3) 7 = i, ([97)a) diag((2:)) + S0, () (YY),
9(A%) = [17, NV (A% 75, ) py = {2 i) (X0, (YT) + S0 ((@aem) (227)
- diag((=1)) 5, (9])(4°).) ) | @5
zh = [25(k) .z, ()]
o rzl(k)«exp{%<log|n,t|>—%z§’1<[ o) (([4%am)?)

a(z},) = Multinomial(z;, [r7,) = 5 Xy (1A i) {[2)0,5) (A% jm) + (@3] ) Qi)

3 (1l Xnp) + (logve) + 305 (log(1 = v;)) } -

¢ -1 — (A5€ + D_ sc AS T‘ A, . ’
q(YSC) — T;c N(yfclnfcv ESC) ( ) < > TZd 1< > <[ ]d,,[ ]d-,->
nfc — ESC <AS > <‘I,SC> sc
q(vr) = Beté(vklaZ, by) ap =1—v+(Ly), bf=oa+ kv + 3 Yot L (F ()
0 (A™) = TI), Gammaxclaye, o) | aye = ad+ 5=, oo =wd+ 5 [(yevy=T)] |
(9) = [12., Gammauylay™, =) | .~ 0% B
= a

q d=1 d 1¥d ¥d b:il)sc — bw |:XschcT Xsc<yscT><AsT> + <ASYSCYSCTAST>}dd

Br = Bo + (L),

vk = vo + (Lg),

(e ) = N (il (32D ) | = i (Bomo + (L)),
W (5| W, ) (W)™ = (Wo) ™! + (L)Y i + 22852 (mg — Gy ) (mo — @) T,
a), = 7y o S e (R) a3,
o1 S (R) (agan ) — @rdy -

Table 2. Updating equations for hyperparametéass~, 8o, vo, Wo, my, ag’, b0 ,ay, by} are summarized: (a) stationary point
equations for{a,y,ag’,aé,yo}, which do not have closed-form solutions, are numericadlyed to update corresponding
hyperparameters; (b) updating equations{féy, W, m, bg’, b}

fla) = *1{1/) (o + (k= 1)7) — 9(a + kv) + (log(1 — vy)) } = 0
f(7)=Z H(k - )w(a+1+(k 1)) + (1 —v) — k(a+ky)} =0

(@) f(“gj) = Og(ao) z/’(‘IO + m Zs 1 Zi 1 25 1 (logg®) —log (ﬁ Zf:l 25:1 25:1< fic>) =0,
f(aé) og(a ) —(a ) 2SM Zs 1 Zc 1 Zm 1(log A%) — log (ﬁ 255:1 Zi:l Z%:1<Af7§>) =0
f(n) = Dlogwy — .7, ¢ (LH=) —log ‘Zk:l Q)|+ £ S, (log|Q) + D(log K — log 2) = 0.
= s 0~ (SEa0) (S a0)

® Wo = w_KZk:1<Qk>’ by = 7 zaiQ Si%:m Rk by = PR 12% 2”;{:1@:;9’
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Fig. 3. Averaged classification accuracy for target subjects @mvshwhen the number of training samples for non-target
subjects, denoted hy,, varies. Three different plots are shown far = 1, 24, 60, wheren, denotes the number of training
samples for target subject for each class.
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