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A New Method for Training RNN via Hidden Representation Estimated by EM Algorithm

DAl Xianhua
(Dept. o Hectronic Eng. , Shantou University , Shantou 515063, China)

Abstract : A new method for training recurrent neural network (RNN) has been proposed. By introducing the hidden represen-
tation or hidden variables into RNN training the conplicated RNN is decormposed into training a st of snge neurons and a linear out-
put layer. Based on linear gpproximation of RNN hidden units,RNN is remodded with & mixture of experts’ (ME) nodd . Morever ,
training RNN is a9 changed into a maximum likelihood egtimation of the linear sysemswith hidden variables. Findly ,training RNN is
fufilled with the expectation-maximization (EM) agprithm.

Key words: recurrent neurd networks; BM agprithm; hidden variables

ME BM , RNN .
(NN) , RNN ,
NN NN ME BM
, , RNN
(Ll , (Bv) RNN
,R\N . :
. RNN 2 RNN
: RNN o, RNN ,
, RNN (RNN ) . ' N
.~ | AN ORI ICES T ICE I LRI
) S S (0 x(t- m) - 1
RNN ( ) D Bum .
. (11, ARMA RNN.
(2 51 x(1) ,y(t) RNN Lvi()  RNN i
[2] , (1), 8 a (1), B m (1) RNN .
[3 5] . RNN Wi (t), & n (1),
. B om(t)  RNN d(t),
ME , : d(t) =d (9 +n(1), d (1)
BV n(t) , (D g(-)
57 , RNN , Sgid

:1999-07-05; :2000-04-22
: (No. 69872021) ; (No. 980438)



134 2000
,RNN t K
o x(1) .. P(2 ()1 X(1) 81(D) = []iBieP(-NiE0 T (5)
RNN [3 5]. (5 O,
RNN {1, K O, =k [
(1, RNN k ) K
RNN ( )
prob(©; = k)
[3 5] 1,0, =k
| . ( CEx=1z(0) - v (D120 = 0,0themise’ Bl
) z(t), ,z(1). ) i (1) =
[aa(t), an(t),Bol(t), Bu(]"
zn(t), ,z(t) ,R\NN MEN (5, i
g e _
i = i b(O; =K 6
o) yi (1) Zy,k(t)prO( () =Kk (6)
,prob(@,:k) k i , Z
(1)
3 RNN i
Taylor (1)
K RNN (D
yi(t) = kZyi,l<(t)6i,k (2 RNN RNN.
, 0 da(yi(1) ‘ 0 RNN '
V(D = 9(yi + oy (1) >’i“>=v(?,k[y'(t)- yiid p(d()] z(t), ,z(t) ,W(1) =Bep(-AE (7
=g(y)) + (W ILYi(D) - ¥l ® TE=[d(D) - 2T () W(DTE, W () = [ (1),

yi(t) = Za,n(t) y(t- n) +"Zbi,m(t) x(t- m-o; (4

ik g(v) ,a(V 0 1Y)
g(-) y(i),k -6i,k
1,Yi(t) Ak
= ,Ai RNN i :
0,0theise a ' ()
¥ :KlAi,k:Ai Al RNN i
a(-) .k RNN
2 @ ,RNN
. K
2 @ (1),
K . , RNN
ARVA
i, ARMA
Ai,k .
,RNN (MEN) ,
2 @ (3 81,
MEN RNN RNN
MEN 381 (
«C )
( LMS LS , )

w17, Z() =[z(), ,z()]"
RNN 0.(t),w(t),i=1, 1 0
(1). RNN :
p(d(t)] z(t), ,z(1) .01, ,0,,x(1) 0 (1))
=p(d() ]z, ,z(1) .6 () (8
RN R\N
RAN
, (8 31,
RNN (1) 2 @
(6) ,
p(Z()]O1, O, x(1) Bi(t),i=1, 1) =Aep(- (Z(1)
- Ya()” zl(Z(t) - Yi(1)) (9)
() =[yi(), (D1, v (6).
RNN (

)

p(d(t), z(t) O, O x(1),0 (1)
=p(d(t)] z(1) ,©1, ,0,,x(1) B())p(Z()]|O1, .0,
x(1) 8 (1) p@i,i=1, 1] x(1) B (1)

=Bep(-ABAep(- (Z() - V(D) " 5, (Z()

- Yi(1)) ﬂp(GiI x(1) B (1) (10)
i=1

Q(d(1),Z(1),01, 0 x(t) B(1))=-AE- (Z(1)



10 : BM

135

- ()’ >, (2(0 - va(0) + Zp(@il x() B () +C

(11)
(12) RNN ,
RNN ( ) . (11)
,RNN
4 RNN
RNN
(11)
BV 3 51, cu(t) =[d(b), Z
(1) ,©1, ,01=1 Uops, Unis] , Uobs , Unis
BV
6 (0 ,t=0
E : M-

Q®[6 (1) = Ey [ Q( tos, Unsl O (1))] :_[p(um-s| u(t)

B (1)) Q(Uobs, Unisl© (1)) dumis (12)
M- : ) ,
0(t+1):argrrg]axQ(6|9(t)) (13)
MLA BM. , =Y E
M- :
4.1 RNN (B )
(112) )
prob(©; = k) (
(12) i (1) )
z(t), ,z(1). Uobs
x(1)  d(t). , Z(t)
Z(t) RNN
(@)
x(t)  d(t). , Z(1)
p(Z(1)] d(t),x
(1) 8(1).

, Z(1)
p(Z(D] x(1) B (1) =Aep(- (Z(1) - Y2(1) T
: 22 (z(1) - Y2(1)) (149
Y2 () =00, Ly, v (D) (1)

>2

_ 0

_pld) ] z(1) x(1) 8 (1)) p(Zz(1) | x(1) B (1))
) p(d(t)] x(t) B (1)) (15)
cp(d(t)] x(1),8 (1) =Bsep (- Asz[d(t) -
yn1d), (0 14 (15) .

pP(Z(D] d(D),x(1) B (D) = Hep((Z() - Z(N) T 5,

+W(t) WD) 1(Z(1) - Z(1))

(16)

Z() =[z2(), zZ(D]T= Yo (1) +[ T2+ W(t) W'
(01 W () (d(t) - W(1) Y2(1)).

,Z(1) R\N
Z(t) . (16)
: Y2 (t)
RNN
RNN (
) (16)
( )

ya(t), L,z(Y)

Q® .0, ,0/6 (1)
= Qd(1), z(1) @1, O x(1) B (1), W(t)) p(z(t)
[ d(t),x(t) B (1)) dz(1)

= -A[d(t) - _Zwi(t)i(t)J RGO RRAT I

(Z() - Ya(0) + Z p(®i] x(1) B (1) +C (17)
c
z(1)
o} .
z (1) ,z (1) o..
O

Q®18 (1) = -)\[d(t) - Zwi(t)Z(t)J A0
- Y(0) " >, (Z(1) - Y1 (1)

+_iip,k(t)+c (18)

M) =050, 301780 = 3y () p(D.
pad E( K )
BNCY @,
() =prob(©; = K| 2 (1) . x(1) 8 (1)
_bBi @0 (- A (Z () - v ()2
3BLER(- A (@ (D) -y, ()
(11) . (18)

(19

4.2 RNN (M- )

(18) , w(1)



136

2000

%Q(BIB (1) =mg{d(t) - iZwi(t)Z(t)J ° (20)

W(t+1) = W(t) +p[d(t) - ZT() w(t)]1Z(t) (21
Z() =[za(), ,z2(()]1"
RAN w(t) ,
(18) , ,
mn(Z(t) - Y (1) " Zl (Z(1) - M(1) (22)

MO =[50, 910130 = 3y (0 p (D)

: (22)
i , 8i(t) ,
(13  z(y,i=1, ,
, RNN
W (1) :
8 (1) ,
Bi(t+1) =6, (1) +H [z () - ¥ (D] Y(D) (23)
80
60 |
40 I
20
Y
-20
-40
-60
-80 . . L .
4000 4100 4200 4300 4400 4500
1 RNN
RNN
40
(a)
20}
o WJMMMMWMMI
-20
-40
4000 4100 4200 4300 4400 4500
10
@
s|
0
-5
-10
4000 4100 4200 4300 4400 4500
3 .(a)
(b)  RN\N
1 RW L2
, 3 R\N
4 , 40

Y(v =| 3 Pl (R0 y(t- 1),
K

100

-80 i

Mean Square Error/dB

K

,Zp,kl(Y?,k) y(t- N),

kZp,kI(y?,k)X(t), ,kZp,kl(Y?,k)X(t- M)] !

IIR , RNN i

IR
. =Y}

RNN

IR

IR

[1,9,12]

A A Bi k.B

ADPCM
RNN
I=3,N=2,M=3,

, B8

I
4100

4200 4300 4400 4500

Algorithm'?!

New Algorithm K=7

New Algorithm  K=13

0 2000 4000 6000

Iterations

8000 10000 12000

[12]

8 (1)

[11]

18



10 : BM

137

, (K=13),
RNN. , :
RNN (2] 10 15
6
RNN RAN
=Y} ,
RNN RNN ,
RNN
ME JRNN
, BV
RAN

[1]

[2]

[3]

[4]

J. T. Gonror e d. Recurrent neurd networks and robug time series
predicition [J]. IEEE Trans. NN ,1994 ,5(2) .

Rumelhart \D. E. et d.Learning internd representations by error propar
gation [A]. In:D. E. Rumdhart ,J. L. McOdland and PDP Research
Qow (Eds.) Pardle Didribution Procesing: Bplorations in Mi-
crodructure of Gognition ,Vol . 1: Foundations [ C]. Cambridge ,Mass:
MIT Press.

S Mae d.An dficient Bvtbased tranining dgorithm for feedforward
neurad network [J].Neurd Networks. 1997 ,10(2) .

Shurrichi Ameri . Irformetion geometry of the BV and em d gorithmsfor
neurd networks [J]. Neura Networks,1995,8(9) .

[5]

[6]

[7]

(8]

[9]

[10]

[11]

[12]

M. I.Jordan and Lei Xu. Gonvergence reauts for the BM gpproach to
mixtures of experts architectures [J]. Neurd Networks,1996 ,8(9) .

J. Xuan. Irformation geometry of meximum partia likelihood edimetion
for channd equdization [A]. ICASSP 96 [c] :3533 - 3536.

H. Li. Probabilitic mgpping networks for gpeaker recognition [A]. I-
CASSP 96 [C] :3375 - 3377.

Roy L. Sreit. Maximum likelihood training of probahilidic neurd net-
works [J] . |EEE Trans.on Neura Networks,1994 ,5(5) .

Sephen W. Hche. Segpes descent agorithm for neurd network conr
troller and filters [J] . IEEE Trans. Neura Networks,1984 ,5(2) .
Hai-wel Chen. Modding and identification of pardle ronlinear sys
tems: Sructurd dasdfication and parameter edimetion methods [A].
Proc. of the IEEE [C] ,1995 ,83(1) .

C. F. N. Gowavn. Adaptive Flter [ Z]. Prertice-Hal . Inc. Engenood
diffs,NJ07632 ,1985.

Snon haykin et a . Nonlinear adeptive prediction of rondationary sg-
nds [J]. IEEE Trans. S°,1995 ,43(2) .

1992 ,1993

1994



