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Research on RBM Training Algorithm with Dynamic Gibbs Sampling

LI Feit GAO Xiao-Guang! WAN Kai-Fang!

Abstract Currently, most algorithms for training restricted Boltzmann machines (RBMs) are based on the multi-step
Gibbs sampling. This article focuses on the problems of sampling divergence and the low training speed associated with
the multi-step Gibbs sampling process. Firstly, these problems are illustrated and described by experiments. Then,
the convergence property of the Gibbs sampling procedure is theoretically analyzed from the prospective of the Markov
sampling. It is proved that the poor convergence property of the multi-step Gibbs sampling is the main cause of the
sampling divergence and the low training speed when training an RBM. Furthermore, a new dynamic Gibbs sampling
algorithm is proposed and its simulation results are given. It has been demonstrated that the dynamic Gibbs sampling
algorithm can effectively tackle the issue of sampling divergence and can achieve a higher training accuracy at a reasonable

expense of computation time.
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2006 4, Hinton “54&H 7 X L # & (Con-
trastive divergence, CD) #1412 HLLI % RBM
WI2s . AERERINZRIEANT, CD Sk DL FE A Y
WILEME, Wit 20 Gibbs AR H br 7 A (1
(PP NP BURESUR PVS7Q = /S i PN E R v 02
3 TR RCR, & H T RBM Il 25 b 4 5%
BRI L], CD S B ARER Al o 2 A i it
VST LA YO AR I B  EEF W E 8 Gibbs SRAE
BE, IXFEAC T CD Skl Zattne. Ak, Tieleman
L) CD Sk 4 AR, T 2008 E%EHT%E SR EE
HI% (Persistent contrastive divergence, PCD) #.
P AR ) R R NIRRT, IR S ECE RS,
RBM HR AR AR, TR RBM B 2% 73 £ii
FEARAA. BT R %, PCD Hik Has T — 4807
R FERE, LU EVCRFEEAR IR FEAEAE A T OCRAE
BRI WA 4k SEIEAR, ARG CD SR FERE IR
SRS ARE A K 0 RAEHIE, A T H CD ik
AN . A 1 hnig PCD 3%, Tieleman
X 2009 AFEHE T s RSN EE LS (Fast per-
sistent contrastive divergence, FPCD) Hk15) 5]
AN TN Ik ZHOR R Il 2R 5. PCD 5%
I FPCD ik BRI R ﬁCDﬁ&ﬁ%%H
(EFBAT AT 528 OD S 1 2 AL AR

e CD Hik, &2 CD H5k b PCD &
%\ FPCD ik, #tilid—4 Gibbs RAFHEKIE
I HARI3 AT, 0T H bR 23 A S0 S it W LU
B RROR AR AT 2%, JUHA 2B AN
BV H A5 23 A R EA7AE 2 AN I8 A, Gibbs SRFEFEIR 2
S BN Jry A AR /N, BURE A AN BE il 3k 0 7 A1 Y
HAREERINT. g 5 IR IXAN ), Desjardins (2010)
2081 Cho (2010) %19 iBrake1(2012) 200 2 gy
e N FEAT R K A5 (Parallel tempering, PT)
KNk RBM. PT HIEIFAT L 2 400 LB, Ri4c
FEfk EiEAT 20 Gibbs . SR AT H br S E
ﬁ*ﬁﬁ‘] R A R AR B R A H B sy 3820 A1 BRRG

. ANTR L BE 2 1) DL — 58 R AZ e B R R AT A Hk,
Tﬂfﬁliﬁ e i AU B A0 T LUK 0 3R A5 H A 23 A1 1Y
BEAE R T 280 A, PT SERISRBCR
LI RAT CD kY,

JE I BL BT A, AV CD LA PT
Sk, AR AR E DL Gibbs KA R IRTG T H bR 4
i HEREEAEA. [RIUL, Gibbs RAEMEREMMIPL S ¥ B 4%
SR LA ESEEUIAROR . AR, R 2
A Gibbs KFEI, FEIIZRAI 2 R AR RO,
T EE S P 2 W sio i AR IS AT LR
KA Gibbs SRAEMF, F 9 26 W Sl prcsr, H
FRISAT I BRI, AR5 SRR BEAN . AT £E i
SRR R ISP 5, [R] IS A S S5 ORI 9 28 )11 25

K PEIT P R SR AT I, o2 H AT T Gibbs KAf
(K1 RBM I RS9 w3 i fifg 2 14 i A, AAERAT SRR K
A, M NK UL B A TS, A, ASOR
IRBERRAE B (1 4 BES DAL ) R 4T 70 A7, I3
th T3 Gibbs RAESE, ffabhth 707 HRAE.

1 [e)RREA

% PR 3 7K 2% 2 B — A By R BE K Bl AL 3 5
R RAT W Z 450, w1 B, RN
N2, A8 m MRANRTT vy, FERERR A S, 5
MNRITCA G AN E R a; LENRE, 1
Tn NRIZHTG by, FORZRBURZ 2RI
o N (PR AE, RS B2 R T AL — A S g
b;. ZWRBURZESHEAZNICIERE, J2 R A%
S I = T R el T S P S M N A R
AR JEFTAT Y A, Lk A S AR w;;.
X — P FUORIE T 8 J2 2 R4 AT A2k

K1 RBM 44
Fig.1 Configuration of RBM

AR SO K 52 B BR 2% 2 L3, B BE LA
H(V,H) U (v,h) € {0,1}. 1 —{HZ B B R
2B LS ST A & Gibbs A P(o, h) =
e Bowh) SHd 9 M SH O = {a;, by, wi; ),
B0, h) 4 2 [ty B o6 K

=3 wun

=1 j=1

z:amZ Zb h;
(1)

Zog NI REL Zg =, e Bo@m i N2 M v
MIREZ 34 P(v) A: P() 7 e ek, ﬁx
Nﬁﬂid\§§>¢ﬂl%$f321ﬁﬂBﬁﬁ%??ﬁE*Lﬁthiﬂ Ep
ﬁkf@%ﬁ‘%ﬁfﬁﬁﬁﬁ%EM?%ﬁﬁi
P(hi = 1]v) = - -
14+ exp(—bj — Z wijvi)
=1

sigmoid <bj +> wijvi>
i=1

(2)
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FHINEH, 4 0 B € e, BN 27 DU ) 4%
GRIVESY
Py = 1]v) = L -
1 + exp(—ai — Z U}”hj)
=1

sigmoid (ai + > with)
i=1

(3)

g —HINGREA S = {ol,0% - 0m), I
RBM Wk #5 % 2 50 0, LLRLA 4 58 ()1 27 B
K, A Z SO AN RBM 2 75 18 % 4 1
ST i 5 VI 5 B 1 20 5 4 A AR A . AR SO
F B K AULER A 1 B0 7 90 % D % 2 HOBEAT A . Ix
FE, V1% RBM 1) H bt 2 55 P 99 4% AL R 5
Low = [12, P(v). Jfiitbit s, 5 ocs hont
A InLow = 3700 In P(v). M0 HET X H )
IR R B B

L) 5 P 2
??W”ﬁ%2m=w—§Pwm
0%5@__;Pw)%gfu
> P(v,h) aEgZJ’ ") p(h; = 1j0)— "
> P(0)P(his|v)
61;5521) — S0 )ng;h)*
> P(w. ) P20 py, — 1juyy, -

13 20T HALLAR oR B 1) 2 B0BR FE JS, ] DA o FiE
TSR AR B RAE. AH T B A P(v) ARAN,
HAEE 5 REL Zy, DI, Joikeh B BE I AR BT
AT N GRGEVE BRI TR I, Bk, it B
P(v) A VEaor A B R BEREE, SRIGIEL P(v) 4
AIREAS; AR5, T8I SR R IR AR AU 2 :

Va; = vi(o) —v
Vb; = P(h; = 1|v @) — P(h; = 1|o™®)
Vw;; = P(h; = 10©@)® — P(h; = 1o®))p®)

(5)

(k)

Horp, o SR, ofF) A i SRR 3R AT 3 A

P(v) ATIIFEA. feJm, ZERrREw

a; = a; + Vai
b = b; + Vb, (6)

wij = wij + Vwij

WA RBM IZR5%, a5 CD_k 8k, JfATRlk
(PT) 53k, XM REVEH 2 LL Gibbs SKAE A B4l
(1, #2iId 28 Gibbs RAEIRAT & KL 1) H b5
KA, AR5 43 38 i A 5 245 A AR AT B 241 H A
L RMA. CD_k 5kt RBM IR E A,
PRI, A5 BL CD_k S 4, sl 07 50 77 58, 45
I8 TAE N BB SRR AR PRAE FRIT ) Gibbs SRAFAE M
28 Y Rl B b B 0P T i, AR5 T e 0] I g Wi S0
JERNYI GG B2 (4 52 .
et CD_k kMR
IR 1. BOE MG SEHIE.
BT 2. KB A B A=,
(2) XELETT RUEBEATRFE,
PR 3. MY (3) AN AT REE.
DA RAAEAE A SN 275 RUE AP IR 2, Xk
56T —3 Gibbs KF¥.
PB4 PR 2 MBI 3 BE kX, Bk B
Gibbs XA, I CD k.
PR 5. KDE 4 PAFHERFE AL (5)
TS HRR .
FIR6. KPR 5 PRI EAER AL (6)
o X SR T SR
YRR 7. BEEIGEE, R 2~6, HEL
FHE IBAUEL.
FHR O ARRS a3k 1 P
BiX1. CD_k BAHRE
Input: RBM(Vi, -+ ,Vm, H1,- -+, Hy,), training batch S
Output: w;sj,a; and b; fori=1,---,n, j=1,--- ,m
1: Init Vw;; = Va; = Vby =0 fori =1,---,n,j =
1,---,m

2: For all the v € S do

3: 0@ —

4: fort=0,--- ,k—1do

5. fori=1,---,n do sample hit) ~ p(hi|v®)
6: for j =1, ---,m do sample v§t+1) ~ p(v;]h®)
7:fori=1,---,n,j=1,--- ,mdo

8

L Vwij = p(H; = 1 @) -0\ — p(H; = 1jo®)) - o

J
9: Va; = v§0> — w](k)
10: Vb; = p(H; = 1|09 — p(H; = 0[v™)

11: Wi = Wij + ani]-

12: a; = a; +nVa;

13: by = b; + nVb;

14: End For
o, a D m] LR R R R, b O B ), w
N BB FERE, n o 2] &
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Table 1  Initial value of parameters . ) .
Fig.3 Reconstruction error diagram

I 2 25 VI E 12000
a zeros(1,784)
b zeros(1, 500) XSB:%
w 0.1 x randn(784,500) 10000 | == &R0
——CD 7500
n 0.1 ——CD-1000
8 000}
ASCEEET 6 AIRELESCR, T 60000 MUILGFE =
A% RBM #EATIZE, 435303548 1000 IR, Wik 2 p &
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®2 SRS 100 200 300 49&1@3@ 600 700 800 900
Table 2  Experimental grouping B4 SEATI A
RIEITEY AN AL Fig.4 Runtime diagram
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Fig.8 Gray image of CD_100 sampling
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Fig.9 Gray image of CD_500 sampling
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Fig.10 Gray image of CD_1000 sampling
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SRR T CD HIALEANR Gibbs RAED
HOMIO K, ATEAVE H, 2 RBM MR 20
Gibbs AT RAFIEAUN, 2 HBL T A &l

BIER 1. INZRAIEEHT BE, 19 21 A B i FR KA B
JLF-5e A

wE 11, B 12 Bros, Elgaimm i, 24
Gibbs SRAEH LT & 4R A A [ 2 AR IS, X
KN AFEAR LT 52 M, X5 FH A2, %
I, K20~ 100 YWIEARIA], XFHILG FREEATLE.

Kl 11 CD_500 KAz
Fig.11 Gray image of CD_500 sampling

12 CD_1000 FAFE K]
Fig.12 Gray image of CD_1000 sampling

R 2. RAERZE S AES, RGN, 7
40 41 %

w13, K 14 Fior, M3 T2 0 Gibbs K AE
W, LT AR E AT LS A S REACR AL LT
A0 1, AN I REARAE LA 0. B EL SR
AIA, 7E 0~ 100 JOEACHAN], IXFhIL S AE %A HI
PR 1E.

iz -
Kl 13 CD_500 FAf ALK
Fig.13 Gray image of CD_500 sampling

@8k 3. —*L Gibbs REEWILRIREZ /N, IR g
P, (HE VNGRS FEAR; 220 Gibbs ALY 4R 15 2
K, NGRS, 55 I 20k .

Wik 15, K 16 fior, R T2 Gibbs KAf
(1) CD_1 SFLAEFRUR I I 2R iR 22 5/, ARPRAT I8k
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PR LFE, EINZ)E MR A CD10 T 2
% Gibbs AU CD $i%; #4720 Gibbs KFEH
CD_k IXAREL, fENZRPINIRZRCR, Bk,
1y HLANZRIN Tl 50, AE BI85 100, EATTaT BLUE 2
e FRDR R

14 CD_1000 FFEAK K]
Fig.14 Gray image of CD_1000 sampling

—— CD_1
CD_5
—— CD_10
CD_100
—— CD_500
—=— CD_1000 | |

10 20 30 40 350 60 70 80 90 10¢
AR E
Bl 15 SRFRRZE R ORI
Fig.15 Local enlarged drawing of reconstruction error in
initial phase
—— CD_1
3.51 —— CD_5
—— CD_10
—— CD_100
3 —=— CD_500
—— CD_1000
25
=k
‘ﬁ 2
]
1.5 —4
1 L
0.5
993 094 995 096 997 998 999 1000
EARE
BI16  SRFFGRZ R ORI
Fig.16 Local enlarged drawing of reconstruction error in

later stage

LAEscge B, CD SE A% RBM HA R4f
K1 ZRAE 1, 15 Gibbs RAFEIK D HO I Zr b AEIE A
TR, BAPRAE R TCIXM ), Xt A
Al B R AT

2 Gibbs EHiZZERIEIE S

Gibbs KA & 5 /R B K 8 524 K% (Markov
chain Monte Carlo, MCMC) RKFEH VL —Fh. 1E
RBM JIlgsr, BRI Sigmoid %L B2
RN JZ T R R, AT

P(h; = 1|V) = sigmoid(b; + > w; jv;)
i=1

P(v; = 1|H) = sigmoid(a; + > w; jh;)
=1

i S R B BECSCE FL A 41, 24 n — +oo B, Gibbs
KAERE 2 WS T 17 oA, B

mi(z) = mi_1(x)P = moP" (8)

b, m(x) IFEAR o VAT RIS, oA 250
MHIIES S

m(i)Pij = w(j) Py, Vi, j 9)

Bl Gibbs RAF -1 R 70 A1 s AR (e R, H L
HeRMARAa % kg i RBM A28 RAE %
ST, 2 Gibbs SRFEXS RBM #E4T RAE I 25
I, RS A1 2 9 2% 2 401 R

() = f(a,b,w) (10)

MIXAS A EETE, W%k RBM [ H St 075 9 45 2
B, AL e 00 4 2 B E 1P RS A A TR AR R S
oA

S UL ESIE, NS 2 R K ) gy
PR AR

BIEL 1. INZRTAGRIT BE, 19 2110 A i AL KA I
JLP5E A .

WIGE I %, 2% 2 BIEAH ], A5 S AL R
i, G SEENAESIBAK, Wl 2K

ai—aj<£
bi—bj<€ (11)
Ww; = Wj

e N—M/NEAE. WL SEOE IFER o A il T
FHIF):
f(aiab737w) ~ f(ajﬂbj7w) =

() ~ m(z;) (12)
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RIS FEA R A 2. R, 3722 Gibbs
REEIF, B Y ZRFEAS (0 R AREFE AR 32 W7 W S 20 A1 [F] 1)
SRR, X LT M 1 RIS, SR
(1) AR A LT 56 A AH [

ERR 2. KA RZES AT, R, 12
40 41 Bl

B b3 o A mr g, RN R, 48 S 4500
AR, B RBM S uE (1) V4 40 A0 LT[Ry, B
5 KRR 2R W S AR [F) 7 o A (E. EaR X b s 56
W W SEUNVIEREAN 0 = (a,b,w) = (0,0,0.1),
I IS ) 8% -1y AT SICAE 0.5 BRI, B AR i Rl
SUMEFKGAE 0.5 PHITTF5h, BN — %820 BEAS (1) A HE
Mg NT 0.5, 53— A RAEME R KT 0.5,
HIR

m(0) — 0.5
p(v;|H) =05+¢ (13)
p(vn—i|H) =05—¢

P, e /N IE L I T B LSO R A7
TRE, M REA KRR 20 0, 43 HO R
BEADS A0 1, 14 0 4 1 L4

5188 3. 5 Gibbs TREMIHEIE 2/, VIR
B, EUS VIR B A, £ 46 Gibbs SREEWIMA B2
K, IR 18, 1EL 5 SRS .

24 SRR Ty 6 = (&, b, w) TRES
KU ZLI: W SHEE N 0 = (a,b,w), X
TR AR Y 45 2% 5 TR o 2 2 5 SR A, I
SR T 5 0 P9 240 2 5 S (L 2 S 1.
& % B R AG(Aa, Ab, Aw):

Aa=a—a
Ab=b—1b (14)

Aw=w—w

EM IR, M SR ER R, HMSESEE
SRR A 5 B SE AT A E BB K, B Ar =
|m(x) — mo(z)| > 0. BLIF, WERRIFEAREAT 220
RFE, RFEFE AR 25 FLSE 404, AT AS BEISCSIE
BSOSk 2 5 B S A A 22 K It oAt
oA, I, fEIEARRI], CD_1000. CD_500 2% %5
LR R Z RO, T s T e, 1m CD.1
FOE T HAT T — IRCRFEIEAR, A AT 3B N
B, 10 R TSR A AT A (1) 40 A AT D 25 B 5 43 A oK
%, IR I ) CD_1 89 1 R RE R Z R /.
H SEZE6 T4, IR FER 25 KNG Rl CDL <
CD_5 < CD_10 < CD_100 < CD_500 < CD_1000.
BT WL INGSG I, TS H AN, MgS
B s b O 20 AR5 Bl Ul X IHEE T 22

Gibbs AR HEAR U b 3 5 FF A B S50 A, B LA —
BB, CD_k SVERERFERS 2L CD1 . AT
W46 25025 — EATAE, BTLA, Gibbs IS HAH
b, WSEE TR, CD_1000 76 %L S5 5, KA
ZAhE T CD_10.

3  Z7 Gibbs E#f

TEILA LA Gibbs SRAF A AT RBM JIIZ5 502
1, Gibbs RAEERIEDEZ 0 [ i, RIZEEEANI
Srid R, BRUOEACKALE I #REEAT [ 22 2P 5001 Gibbs
SKAE, TRt M LA SHE 1| 250K JE R0 )1 2 3 5 3K R A
WZRIEHE. 434728 Gibbs KREN, 5 E I ZRHT
MR AR ZE KRB S:, HAERIEIT g, —5
Gibbs KAEEVFEAT R, (B )5 IUIZRR B A &, 5
Tk, A T 354 Gibbs KA (Dynamic Gibbs
sampling, DGS) #ik.

EX 1. )7 Gibbs KA ZFRAEIER IRt 2
HHA TR B, AR X 2% i I Rk 22, Bl 24 Hh i 4%
Gibbs AP EL, Lok 215 LI 23508

T BT A, RN, LS E
JUTAHSE, S FEARRP R AT i A S, 1 HL W 4%
SHFEERK, BRI TR A0 5 B0 /0 AT AH 22
K, Bk, 1K B B R g R B, i b
Gibbs SRAEG IR 22 R AL, $Emill Zadi B, Al 4%
SRR PR IT FLASE; W24 S H0E T H SR, T
I I RRAE AR IR, 48 Sl Rk

BT LA b AR, DGS Sk #/E 5 Ban
T

W 1. W NS Z S HnE M.

W2, 751 ~my EJEHN, %E Gibbs K
FELH by = Gibbs_N;.

WIB 3. KGR EE M AR A JZ N A, il
(2) XFBRETT AE AT RAE.

WIE 4. R (3) XA Z T ST R, B
CACR A A SN 21T S A R P 3, XAt
SE T —# Gibbs XFE.

S5, LE3 PB4 EH kK, Sk &
Gibbs KFE.

W6, KD 5 RGHERFEE AKX (5)
T SHHE.

W T KPR 6 RIS ER i A (6)
o NS EO AT R

IR 8. WIS, EELE 3 BPR T,
HEEARIRELF] my,.

W9, 1 my ~ mo IEAEHN, K& Gibbs
KEELHL ky = Gibbs_Ns.

FIE10. TRAE 3 F0E 8, HANEMR K
Ji_%u mao.
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S 11, F my ~ Iter BERIEHA, KE £33 LKA
Gibbs XFE %L ks = Gibbs_Ns. Table 3  Experimental grouping
P12, HEPR 3 FIPIR 8, HBEAIKEL e s
R YR Hntk IR Tter
BEIBNIEIRA Tter. MNIST CD_1 1000
FHIR Oy AR I 53 2 PR, -
Bt 2. DGS HEhKE MNIST ebs 1000
1: Input: RBM (vi,v2,v3,  ,Un, h1,ho, h3, - hm), MNIST CD_10 1000
training batch S MNIST CD-100 1000
2: Ou.tput: wij,a; and by fori =1, -- ,‘n, ji=1,--- zm MNIST CD_500 1000
3: Init: Vw;;j = Va; = Vb =0fori=1,--- ,n,j =
L MNIST CD_1000 1000
4: For all the S do MNIST DGS 1000
5: for iter = 1:my do bie SR
6: fort =0,--- ,k —1 do Gibbs_N; K4 MESHIE
7: fori=1,--- ,n do sample hgt) ~ p(hilv®) Table 4  Initial values of parameters
8: for j =1, ---,m do sample v](-tH) ~ p(v;|h?) —
9: for iter = mq : ma do L2 CD-k DGS
10: for t =0,--- ,k — 1 do Gibbs_N» a zeros(1,784) zeros(1,784)
1: for i =1,---,n do sample hz('t) ’\1‘ p(hi‘v(t)) zeros(1,500) zeros(1, 500)
12: for j=1,-- ,m do sample v'" " ~ p(vi|h®)
. J w 0.1 X randn(784,500) 0.1 x randn(784,500)
13: for iter = mso : Iter do
14: for t = 0,--- .k — 1 do Gibbs_N; " 0-1 0-1
15: for i =1,--- ,n do sample hl(-t) ~ p(hi|v®) % 784 784
16: for 5 =1,--- ,m do sample vj(-H'l) ~ p(v;]h?) H 500 500

17: fori=1,--- ,n,j=1,--- ,m do

18: Vi = p(H: = 1) - of” = p(H; = 1) - o[

19: Va; = 11](.0) — uj(.k)

20: Vb = p(H; = 1|v') — p(H; = 0]o™)

21: ws; = wij + nVwi;

22: a; = a; +nVa;

23: by = b; +nVb;

24: End For
b, M= (my,ma) BN M, HIL my >
my. Tter KR BIEAGREL, iter R Tk ACIREL.
Gibbs_N; iy Gibbs KFf, Ny R KAEREL, Hili
Ny > Noy. Hth Gibbs SEREUEL N 15592 U125
BRI M 2R KRB R IR

Gibbs_N; =1 1 iter € (1 ~my)

Gibbs_ Ny =2 ~ 10 # iter € (my ~ my)

Gibbs_N3 > 10 #i iter € (mqy ~ Iter)
(15)

4 {FEXW

AT T 7 46 ELsa, 28 1~ 6 4S50 K H
[H 5 Gibbs RAELH N CD_k BESAT N4 K,
556 41520 ] DGS S0 M4 BEAT I 2 2L, gk
3 Fran. WL S A8 F AR 1) (R Bdis 42 MINIST, 9 4%
SERIARTR], W4 SEWIIREA R, 3R 4 FroR. A3
WA I & RFE R 5 Fron. RIS 4 FsL
6 45 TR 34T

%5 DGS &ALH N

Table 5 Iterative strategy of DGS
M Gibbs-N
(1:mq) = (1:300) Gibbs_N; =1
(my : ma) = (300 : 900) Gibbs_N, = 5
(mq : Iter) = (900 : 1000) Gibbs_N3 = 10

4.1 EMNREX LS

B 17 45 T E S EM R ZER L X
thgh BB, ASCETH DGS Bk nl IR I sl 25
RBM W44, MITUE R T A SCRE A 20k

EEARYI, DGS &k H 3Tk Gibbs XAf
IEAR, BE A TR ACET, i I A S B A U A,
PH & 220 be W) A B B JR O 1L (T 18) mT LA
F i, SR ZE i AL

DGS=CD_.1 > CD.5 > CD_10 > CD_100 >
CD_500 > CD_1000 (16)

EEREI, MEESEE B T 5Ll It
i DGS Z1 K T Gibbs KEEMIEAC LT, K75
TRFERE S S0 HbRFEAR, B3R T el
SiRE R, R

DGS > CD_10 > CD.5 > CD_1 > CD_100 >
CD_500 > CD_1000 (17)
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