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with the esim ti#n of the p ramacters. ne pessibje ppre sh 1s te sheesc lest k™ by
the k 1ke’s inferm tmn sriterien 1 o1 1ts exiensions. But the presess of ev la tmg a
stilerien mmsurs  Jarge sempul tiwn | sest sinse we need te repe tdhe entire p ranacter
le 1ming presess ta mumber of different v laes of £.

I"tepesed 1n 1995 7 nd sysiem i ||y develeped in p shye 1 35, B yast na
Ying Y ng (BYY) h tmeny le taing st sa gener | at tistis 1 d¢ 1aing ft nmaewerk
nel enly fer underst nding sever ] aexisting m jer |e raing ppre shes bul s for
t sMing the ]e 1ming preblem with aew e raing mesh nasm th tam kas mede] se-
lestion utem ti» lly during @ ranmacter le 1aing. p the fellewing, we implement this
mesh nasm en  ki-direstion | a rshitesture (B 1shitesture) of the BYY system vi a a
gt daent Je 1ming 1ule te selve the & uasi namixture medelling preblem.

2. Gradient learning rule

BYY system dessiibes ¢ sh observ twn x € Z C R” nd 1ts serrespending inner
tepiesent twn y €% C R™ vi the twe types of B yzs1 nadcsempesition of the jeint
density p(x,y)  p(x)p(ylx) nd g(x,y) gq(x|y)g(y), being s lied Y ng nd Ying
m shine, 1espestively. p this p par, y 1s enly limited te be nainteger v 1a bhe, 1.e.,
yEY {l,»,...,k} CRwithm 1.@iwven dtasetD, {x}V, thet sk efie rang
en  BYY system sensists of spesifying llathe spests of p(y|x), p(x),q(x|y),q(»)
with  h tmeny |e raing prinsiple implemented by m xamizing the funstien | a

H(pllg) / POl PN g(e]y)a(y) dxdy —nz,, (1)

where z, 15 megul 1w t#mn tetm. The det §s 1a referred to 3.

I both p(y|x) nd g(x|y) 1ap rametis, re., ftem £ naly of preb baity densities
with  p rameter 0 €RY, the BYY system 1s s llzd 1o h va Bi-direstion | a rshites-
ture (Bt r1shitesture).i o1 & uas1 namixture medelling, we use the fellewing spesifis
B rshitesture of the BYY system. ¢(j) o; with o; > 0 nd Zf Lo 1o 1se,
we 1gnere the regul 1w t®n lerm z, (1.e., set z; 1) nd let p(x) be the empinie | a
density po(x) (1/N) Zivl o(x—x;), whete x€ Z R". Maieever, the B | 1shitesture
1s sensitusted with the fellewing p ranactris form.

a(x10; k
Py ) m 410 > ma(xlo)), )

Jj 1

whete g(x[0;) gq(x|y j) with 0; sensisting ef llaits  rameters nd O; {o;,0,}% |
Substituting these sempenent densities inte 7 ¢. (1), we h va

ocq(x,\ )
H J(O § § AT n wiq(x,|0))
(pllg) J(O) 2.2 ST 1n o;q(x]0;) (3
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Th tas, H(p|lq) becsomes h rmeny funstien J(O;) en the p rameters @, of fAnite
mixture mede], whish w saernigin lly inttedused i > saJ(k) nd develeped inte
this ferm 1n 3 using sa aejestion sriierion of the number k.7 etting g(x|0;) be a
@ uasi nadensily given by

1 Ty—1
) oy —(1)2)x—m;) 25 (x—mj)
q(x|9]) Q('x‘m}’ZJ) ()Tf)n/’)|2j|l/) ¢ / / b ( )
where m; 1s the me navester nd X; 15 the sev 1anae m tax, nd o; eﬁf‘/Z;C | eP
for j 1,2, ...,k with —co < fi1, ..., fr < + co. By the denv twes of J(O;) with
tespest 1o f3;, m; nd X;, we h va the fellewing gr daent |e 1aing rule.

k N
o) . .
ABy 0 D> hGk)U @y — ), (5)
i1t 1
N
al . . —
Am, nﬁ’Zh(]\x,)U(ﬂxt)Zjl(xt—mj), ()
t 1
N
o . . _ _
AZ; n)—-]’VZMAxt)U(Jlx,):, o —mp) g —mp) =1 57, ()
t 1
where
k

U(ilx,) Z (6, — p(rlx)Ino,q(x|0,) + lozx

ro1
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var ge errer between the estim tad p ranacters na the true p ramaeters being less
th_na0.1.

I urthermere, we tested the gt daentle rming tule fer sjustering en seme s naple d taa
sets 1n whish e sh suster 1s net subjest t6 @& wuast na The experiment tesults h va
shewn th tdhe serrest number of sjusters s nabe sti] detesied when these sjusters s na
be sep 1aled in the simi] radegiee sa beve. |se, under the prinsiple of the m Xamum
pestcriorl prob baity p(j|x,) ef the senveiged p rametets O, the sustering result 1s
gener |ly sageed sathe k-me ns |gerithm with £ k*. ! ewever, when twe er mere
slusters 1@ jeined tegether Jike 11s d ta dhe gr daent e rming 1ule ¢ naenly find eut
the sep rated sjusters in the s nagle d ta set.

4. Conclusions

The udem t» mede] sejcstion fe tare of BYY h tmeny Je taing h sabeen demen-
stt e en @u ss namixture medelling with B | 1shilesture of the BYY system. p
help of the gr daent Je 1ming 1ule derived, number of experiments h va demenstr i
th tasdeng sathe ever]l pa naeng the & uasi na o1 sjusters in  d taset 1s net tee se-
rieus, the number of & uasi na s nabe serrcefy deicsled utem t |l during le raing
with geed estim t@n en p ranaclers of ¢ s¢h @ ussi nasempenent densily, even en  a
d tasct of am llas naple size.
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