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Abstract

In order to control the flow of traffics in ATM networks and optimize the usage of network
resources, an efficient control mechanism is necessary to cope with congestion and prevent the
degradation of network performance caused by congestion. In this paper, Buffered Leaky Bucket
which applies the same control scheme to a variety of traffics requiring the different QoS{Quality
of Service) and Neural Networks lead to the effective buffer utilization and QoS enhancement in
aspects of cell loss rate and mean transfer delay. And the cell scheduling algorithms such as DWRR
and DWEDF for multiplexing the incoming traffics are enhanced to get the better fair delay. The
network congestion information from cell scheduler is used to control the predicted traffic loss rate
of Neural Leaky Bucket, and token generation rate and buffer threshold are changed by the predicted
values. The prediction of traffic loss rate by neural networks can enhance efficiency in controlling
the cell loss rate and cell transfer delay of next incoming cells and also be applied for other traffic
controlling schemes. Computer simulation results performed for random cell generation and traffic
prediction show that QoSs of the various kinds of traffics are increased.

Y IEER, 2EAER BT e (Dept. of Electronics Eng., Chonnam Nat'l Univ.)
(Dept. of Electronics Eng., Chonnam Nat'l Univ.) % B =g 108dE digt 713 AsiA] 97 (No.
OBEel BEABK BT I8 AB-97-G470)°1 23] A= A&

(Dept. of Electronics Eng., Korea Univ.) 3 50100042 A23H, AR 199946 23 H

T BAER, 2EARN BT ISR
(492)



1999 7H ETFTIREWXEH

I.ME

gl £ EAIKB-ISDN)S E4lwke] vizjds)
o} 3}l 23] Hejriv]o]e] Exlg 8ol h-g3te
24 7RIA A Tiofgt eje] Mulag AT 5 ol
E 7Pk ks Fa e 2 A ool
I AR 7R 8418 8.7 AlBke 383] 1547
7) YA BAES] nEste) vl )53} 9
o2 o}Foixel e} vlSe] ITU-THIA B-ISDNS
A4 Ao ATMe| &3 A 2% ¢4 &
ofel] ik /it A7} S| A=A 1F A5 4l
7Z%H(Neural Network)S ©]-83F xJgA|o19] 71543&
ned2m gl 1 ATM FATeAe] AsAllEs =
g Aojol] FHH LR oFFoin], A7) wieke Al
7399 A4 AllE 01434 ATM Ed A5
Apjae) 2719) A H$S $i8) AMERIENE 3 8F-
A3} ibgslA] S Al wggs ko] 58 AlgE &
F3tx gl gepilele] grel wely RS 2A
stuay e T35 Aldel disle E848 S
2 4 Q=S & 5 Alolo)] AL 4 gk P =g,
A7dake] =3 Al S tiF count processE 3 &=
# 2#)9) Probability Density Function (PDF)% o
28l 2709 AR NNIF NN2E& o434
off-line T3 on-line 35-g 7{vke 2 ATMeAY
AHgalElRE AlolE sk daelFe] vk o] W
olli+= policing € 8 2 VC/VPell 272] A17dwge]
Hesld w2 2al99) count processite] ARE &
3l olvh 22 s guol 93 oks =3t B
e} PDF & off-line A1 22 g dlo]elo]
AU A ej&sk3 ¢17) W5 non- stationary E&)
Ho|| g PDF o3& oigA she el ek =
FANE £ =eld] Aljksls g &L stEddeldd
ke 2d 5 UEE 74 VC/ VPl 149 AAe
AM-ER, non-stationary EdHex -8o] 715dl%.
2 W by S AR S-S geleka qlch ! mg
congestion control-& ATM traffic controlZllA 3
oJdzle] ek 9l mo] WA ANE IAaslElr)
R v o2 AMAPE o 8% Sl Ao v|EES
Folx o]F ZABlE AMEAPE o] & AAY o
feedback ARl 28 ohA] AZFY < Qo old
feedback 4l&el )3} round trip A3} X9 84E 3
2}8lod Neural Network 352 & ¥ =982 Ao

_(493)

FBE CR BTH 37

sh= 7ol ek 7! o]9} zho] A4 Zwre] HAste}
& 715 FAE Hhs M 2Hgo] rhsEtnE
ATM} o] Aolyt B 2208 483, A &4
£, A Ao, ool it ofekgt QoS (Quality of
Service) & &7k Aol Al2gloA §-43HA] o8
ek

AA ATMBol e B A 58318 98] AN
2 EA1-e] o}E3Kstatistical multiplexing) WA
3} H2E(bursty)¥ E#Y BAoR welx FF
(congestion) & % 4= sivk ojuidt T J3S
A57] 3 S FAAIEkT Aleldke AN} Hetv)
&] AloJ(UPC: Usage Parameter Control)7t AM4-5|
¥4l UPC 43ejZ&22 LB(Leaky Bucket), JW
(Jumping Window), TJW (Triggered Jumping
Window), MW(Moving Window) 28|77, EWMA
(Exponentially Weighted Moving Window Average),
Virtual scheduling $o} $ie} 135

UPC 7|"{% Buffered Leaky Bucket(BLB)<& 913
B34 E- o]83led EdlY shaping 7152 533} @t
P ) A =2 7bEE $E Edigol s A
AL 2 7 e A3l 2t W AR Qlj
A zlde] ok PHe] ek =3 ARle] 5
T vt F1) Al dE AFEe Anlae 94
Wy 2jd-g A meiEA] W] i AR o An)
2 FAL 878l A U3 E=ly ey 4w
Egq i) F4% 22E HAE + glch

E =EollA AldEes dueEe o AR 2e4e
olzAt & Al vl o AEE BLBe] A3
class’d E#Y &A% €575 B3l ¥ Moz <l
3 A Ada} &S FAE A-4A EdY A
o1& & 5 Q=S 3t o) EY «€i&U|R A1733)
s o143 A 2-E ¥Hel2| BLBE Aaksid, £ =%
ofl4] ©]& Neural Leaky Bucket(NLB)z} Akt 4
78279 on-line ¥F3} 571502 It Eq
3 Aol 243 o glen, A Eagd] 7|iksle]
do2e] EY Mg o33 NLBY =Y
QoSE Hrisl7] $13) =g 54 we} A||Q 03
Edfgs} £A 97t BdgS class $R731 H45e
A8t

=gt z} VCC(Virtual Channel Connection)®] E
g2 oEg3kE 8 2 VCCRit WS E Zow] A &~
Algel 3 Aul2d = JI=F DWRR (Dynamic




33

Weighted Round Bobin)®} DWEDF (Dynamic
Weighted Earlist Deadline First) &372]&& o]43}
ek o) sl =9 tEs 2% W
A4 =AY A 5o sha glck AR A
A A5 54< ¢l 585! DWRR3 DWEDFlA =
Efjgo] go| Tl VCCA Aoz w2 A
HAE AlFEeEn A 9 EdfYs AP
VCCellX] 253t #|ade] AstARICE F9A4de ¢
Z3}17] £311 gl 12§ DWRRSF DWEDF ¥
ZAlA Ad  A719] deadlined o]gsle] $AEHE
ABAE 5= 3 Jumping 71 2AEHE RS
2 57 AplaE AFTIEE sigch(o]F ARk
2A1%8 719 PJ scheduling: Priority Jump
scheduling°]2} A&kct).

B =1 AL o) 2ol A=k DACAe
BLB, NLB, 223 Ed¥ =d o §X& A3y,
mAAAE 58712 A== PJ schedulingol)
a4 AwEc) VAoe Agdelad Axe) A
g vRjEe® VA AEE Ui’

S
i=]

IO. Neural Leaky Bucket

1. Buffered Leaky Bucket

714 elubde) dejel BLB «w2]&E =9 o
HE-s 23] A EE E(token pool) ZHE] W
A=l B39 59} oY vive] =7]2 AR} Y
Blothol] ©aele AL BF Zo BEFo] &AM &
Al BLBEHE] E8sle] oz A]JslAgict o|ue]
EZE AEL 92 49 Ale{(CAC: Call Admission
Contro) A A=l slete|e]of ule} A= o] M4l &
TL B2 Fo A"} 28)n BE B R} 28
7Y, BE 971 BE O 2U]E 293 EE A
< g} (350wl call setup HAoA AAE
EZ gl o3t Eqlg {HE Aldle (4 =y
I 7Pl 35S 2 o AR 1EEA] 4 Al
E SHlE, ol Wue] o4 A& o] Utk EAIA
o] 3tk

2. Neural Leaky Bucket

ATM =e] EdL 7RRiApE Add =49 7ie
QlxKtraffic description)e] &} 41FAJe] 31 B84
A(uncertainty)-& WE3}I gt oleid A AX

=
=3

ATM ellA ch38}7] ARl 2§ Neural UPCol #3F A+

(494)

X 5

< 38 & =EolMe Awl QAT 42 7)50] sle A
73 2rkg o] 83l EdY S &3} teRit
Edd & #Z(arrival distribution) e 584
Ql Aol Eafiy BaARko g o] olal-gut A1
32E ol4% EdY AL €52 vzl
overflowell 2314 A== AR A A, 4]
queuing cell®] ¢, 223 &F Eo Yol EE
5 Sk g BN oy Edly S 4S5
ol 7FssiAl ek oA ofiEs Eefiel-al 42 27
13} zo] 218l o]-8-E3 QoS S $13) Ao] Tein|
Bl BE W85} 959 ARk threshold)& Aloid
ok ohb olefdt Alele 3 5 AR AJRE OAM
(Operation, Administration and Maintenance) o]
W Azdeel ofs) AsEe] UPCAA el A
+ 2AIEE AYEojo} Fr} £ =FY H&V|R A}
45 174 3| 2ke )] &3(hidden layer)& Z
3 8} MLP(Multi-layered Perceptron) )9, &
< 98 =mieddls} dy-B(learning rate)d8o) 7b%
& 2% 49x% %72|&(Error Back-Propagation algo-
rithm)-& A8k}

Loaky Bucket

11 4t

Trafflc Source

—» Leening
- ¥ Testing

ttt

I
w1
oo}

Contrg

Token Rate
control

Cell Los$ Rate

I3 1. Neural Leaky Bucket®] =4
Fig. 1. Model of Neural Leaky Bucket.

1) Learning Process

A7 327 1 Hel24 ") AZK e &
el F& 77K 4)E A2A3E 10709 A AE 73l
Ao mat A Rxe} ] Frel|x9) wse} 2F A
£ a9 200X A7 FE34} 4] (DL o)ue] <5 mj=)
e 24 AAZL S $isled AMEH, 4] )& s
ERFoEA A AL ouiEta Qlvk &, t- 44
9] Exghe A4 A" & 779 target A £48o|
of, A d FE T oM A =AET SAUSS
31 ok 2l A g7 FE FelA ) A A
& 933

AL g 3] A AAEY 269 54 A



1999 7R ETFLREWEE

Ele] ajolglol dje] dHighe] HEE S HiEE o]
AAZY e ] 4 AE FablA RAR) d
iteration g ZtEE 3¢}

w::eslﬂi??(egt) Current Time(t)
P H
| | l | i | I !
Il~4d |t—-3d |(~2A |t-A |
> >
Input data to the N.N ct i

Target Output Value

a3 2. AR VA A A
Fig. 2. NN Leaming Process of the proposed
neural network.

Hit-4)=[ T4 .. "4 B 4 174 ¢, 1% )

the lost cells during time t

T@t—-a)= the arrived cells during time t

2

ORILL !
I 0 AZE - 477 Aele) gy Eey A 4
(10 Ao} =ae F2PA(MHBE 32).

B 1 A7k t- 477k Alele} <l wim) A,
T : Az t- 477} Alele] BE Fe] A,

@ &4 AA(EH)

Co: Akt oA 4" A
@ A3} 4

4 A=Y A4 Edge A 72 A 2 A
T, W¥ Adle vg 27), a8l B2 e B2 F
Ho z7|2 22t AsRic

2) Prediction Process

Observation )
y . Current Time
Time Unit(4) |
I AN A N A B N
84 pa g4 p2a ped D]
> —>

Input data to the ANN C* Prediction Value

a8 3. AlAEE A &% dE Z2Ax
Fig. 3. Prediction process of the cell loss rate using
a Neural Network.

23 344 Az sigdlele]d] o8 o &
A FrellAe] A £AEE 3} Ay ¥E EE
2] Edge AFe A EHoIAEE T3 T A,
oldf A%l Eaiy ¥ Heol w2} Z sourceolA e
& deAA "o} A «lEay

=

EdY A 45

(495)

£3I% CH FTH 39
olxe] EHPL ok =& AN By &g
Je] IGEHK) o1l wje} ofstal wiE TH3ly B
RS 2, 53] Ao =17 B A9

| AR freHoE 2AY 5 ook |, &4 7zt
Edge At He R ke SAEE S0l
A3 Hd wH=71E FAR=E it

if (CLR>=K)

token ¥4 7+ = @ *(1-CLR)*(st_token);
else

token &4 ZA= B x(1-CLR)*(st_token);
end
Buffer Threshold = —-(st_B-min)*CLR +(st_B).

o714
CLR : <4 4 A8,
a,B : EEE H3E 93 7.
min @ ¥ A Hizk
st_token, st B ! 7|& E& ") 7bA(st_token)T
71& W9 =271(st_B)Z Call setupol|x] A
K Buffered L.BolA A1)

(1) <& A £48 371

s window FAklM] & A EAE oA B
E 4 7AE £ BEE U 315E R e
2 Aiske A 5 /M)A &, B2 BAES] F
A7) Hof AEg dA] e e Welld $A3c =
3 2] =17 EEE sl w9 AR ol
o AQdE HAsAFIch
(2) A& A &£Alg 7k

|3 Al £480] 0 o 7SS Ut 2o)d ¥4
e B2 AES o] )8l Azl =y
M7} B =g s wi W IAIgES X2 §A4
sl Al SAEE EUrh 53], A 9 B
Sl class®® Aol wet W AIgHe 7P skl
WL YAFA FRs £AEE A’ 2d Uk

9o} 7 B WAL Ho] gt 2L o 25
2157} NLBell =3312] o83 739l = Z5 41
3.2] Aol AL EdlY 219]8 oA A)HAot =
22 AR 23 EEg v gt 7PEe 3
23 444l shaping 522 Z+= BLB <183
28 Ao¥xE FIh(FF XE A$ delays 100
time slot22 ZF D). A&l whi] A SAlo] Wby
3R] ekom oA AR EdY d€l& 7152 7T
3 By xa &4 A3 ulel 83 Y 5518 7}

2
)



4

A~

%) T

Halsle] Eejsje] A$d ¢ UEE Irh

oM. PJ(Priority Jump) AAIEEl

ATMolA cheRE 3438& EEE
£A 7t et B, S48 A 2 E
-43A oluie] Al &AL FHE3X|1 A
el A4} 722 dloje] EalgL A7 HFEcl 4
£Alo RizRRE B olrt. ojef e = BAS &
i3t vkdEhe wlgst obare|ge] Hasl

VCCellde] dd A oF3le ¢35} WRR
(Weihgted Round Robin) <x2]&-5 7§48 DWRR
3} DWEDF <= QoS 1217|812 PCR(Peak Cell Rate)
3} MCR(Mean Cell Rate)& o]-g3ld 7123& 7
VCCell FoAgtoi 7t fige] B Au|xgt
t} 71Exel @ scheduling 71Hel DWRRI
DWEDF A+ 2} round?} v} 3719} state 5 1709}
state® ZH %ok 18] PE cycleWdl] =3 71553}
F) A ol sfidsle, M HF A ol il P
¢} Melmz} Au]xsl= DWRR¥ DWEDFelX&
VBR3} CBRe] state 19]4] A2kg]o] state 2% Hol®
¥ ABR Ap|2F A|Y3xE 3tz Qirk

KX
T

cycle

ATM T
Outgoing link ATM Celis
11

round 1 round 2 round 4

I8 4. DWRRH] Ale| &3} g=
Fig. 4. Cycle and round for DWRR.

round 3

state 1 : (P >0, M >0)
o2 roundollA sources HHE WHAl Hch
state 2 1 (P >0, M <0)
state 14FEe] o2 source?} Y ¥ state 2
el sourcet WHE WX oderh
state 3 1 (P <0, M =0)
ABR E#¥ A%o] 7bs3tcHin DWEDF). 7+
round 27|38} o]Reixn], 2L 9l Ao
2 i

7} stateell o] AMuja 241 9 AAe] leiA
Round Robin HAlo] 2]&3l= DWRRS A4
deadline®l] 714FF DWEDF<} 2o & zkw g)r} =3
DWEDF94&= DWRR-S A3} state 394 =%

ATM el A o}587] A Bel 23 Neural UPCell #3F A+

(496)

£AE 5

dh= VBREZHFo] i3} Invalid cell® 7}l
tagging 71%-& °o|&3k= DWEDF_CLP%} E#¥&
9)7181= DWEDF_BLOCK & -85t}

DWRR# DWEDF M+ state 1 Aele] vCCH4
o] gl 73l state 2 e} QAL AT 5 UYES
Helglek A g2 A9 bursty Efgo] who ]
YA o S Ale)F T2k HFE =2 A P &
Feh= M el 72 VCCrltt tl2r] dfol W2 M &
£ 2+ VCCH bursty E=jge of& Y g e}
HA state 2 AR Hold 7o 47} gl ex
state 1 AeollA Av)A7} ol state 2004 75
ol EfHEL Uuix] VCCY EdY AxrBo] 2%
state2 A2 Hold wj7lx] wulolA] B7|3eaH A
A& 7EpAIAIY &, AS A 2871 22 Edgo)
WoATE A4 4 297 2 Ed 1
7} Hoix whalo] wAsAR. ol %ol QoSE A
BA7] 2 WG F o] 888 Hojz=glt]. of2i3t B#53t
(unfair) ¥s] A& 17 59} 3] burstid<] o)zt

=
=

[} A
< A% 7

W Edge] ez zishe Aol ol AXA =
o},
~ sourcel,2 : burst&0l 2 EHY
O K@  — source3.4 : burstd0l H2 EYE
Source c;ll 14_ T _f»
i cycle
M=2 @ j
P=6 i
g P4 L o
'Ifg @ 1 ? fi t % hedul
= : scheduler
ST

-

A /
state | stale 2

328 5. DWRR# DWEDF A ~A1&%
Fig. 5. Cell scheduling for DWRR and DWEDF.

EFER A2 qF Bolw Sl ¥ 504
VCC 13} 2= M=20]3. P=6°]u, t}& VCC 33} 4%
o} Me] 2] dEel] 2AF2HE] Mu|2E g o
state o)Al oAl Eo15-8 & 4 k. VCC 1
& M=2 o]u 2 27]¢] AL state 104 AH]A vkg-
9l ohe- Ao] asirjalR state 2004 ©& VCC 2,
3, 47} statel$] Mu|2E A W7ix] H7]3lA €t
]9} zho] EH e gfo] W VCCE] $AIHoE ~
AgH o] = = 97 F2 EHe| VCCAA &
X A-L Z3HA Heg 7t VCC AF=+= QosSE &
o] #53HA ATIEE Aojslof Aok o] & 8 =




19994 78 EFIBAWmLE F£ 3648 Ch TR 41

oM bustido] & Aol el 53 W A
& 7AaA717] el B2 Al AR wel ule} Alej¥
+ Sl PJ(Priority Jump)7}s2] 2AIE8 & AMEHE
24 29 754 (faimess) & Ao Z vAY ¢
gk Mo 2kat burst’de] £ source®} AEo] state 2
AefellA] A A1) AZHP] time)$ 3314 =,
o} state 18] Mu]27} A=A 942 state 12} VCC
Brh A Aula kg 5 Qe A FofsleE 3l
AA 22 Age] A A7k FUHEE & £ gtk
13 59 d)Ae] A% VCC 1o] state 19] Aw]27} &
Uz state 29] AE)2E A8 di7lshke =5 Ade] PJ
timed &3P Au|2vt 7lelEs e ook

V. AlEg2ojd % 45 &Y

L P] 2AE9e 44 2 A%

Ak dwejRe] 2dlEd Ade FAHE
DWRR3 DWEDFE @7 vlzslich =, £ A3
4 AL¢5 DWRR# DWEDF+ 3% Alo|E% P2t M
e 2k 234 JHE e EdYS invalid cell® H7}
337 DWEDF_BLOCKeI4 23 Jumping Window el
23 A 718 gk ole A¥e 7HEAE DWRRH
DWEDF9] o3& =48] sl £ A&
e AkeEl EaEe ® 13 o] 2000(cells/sec)
H3E olgshs 709 ¥ AdE 9o s e,
olu burst=27]7} 27 dEbA| & Mean rated AA
3t

E: 3 1. Cell scheduling®] E#¥ =72
able 1. Traffic conditions of cell schdeduling.

S

g

8

g

¥

S
g|g|8|~

® 6| 8110112141618

At state 2829 HolF vz} VCCY state 1
AulA 24L 7ol VCC E#®E PJ(Priority
Jump) A7k 2034 40 cell unitg 3 ASE o2

VCCH) statel Au|2rt A edoreiehe Anj23}
=5 g}

a3 6& I Edge] 3 A +§ 2t VCCHEER
X33 e84 peak rate®} mean rate?} & VCC 7
ol of W A a7t BARE & 5 Uk

3500
3000 - — /4
2500 i
2000 — s
1500

1000

500
0

Arrived Celf

Source Number(7VCCs)

2zl 6. 7 VCCY =4 =gy

Fig. 6. Arrval traffics of each VCC.

a8 79 8L 300,000 time slot unitEeH
simulationg 3} ¢1-& A=E4 source 79 7S
Z Peak rate®} Mean rate7} 227] vl =3 Ed¥]
2 oAl

35

3 - -

25 S S S

[~

i

\ ‘ | l
——Dj=20 —m—pj=40 DWRR - DWEDF |
I [ i i ;
1 2 3 4 5 6 7
Source Number(7VCCs)

Delay Time
R

o
o

=Y

2] 7. Cell Schedulingell4] ¥{3 2]« (msec)
Fig. 7. Buffer delay(msec) of cell scheduling.

AfHog 7 7oA Hinpe} o] Ey <ofo]
3& VCCollA At ¢312l&0] DWRR3} DWEDF
Br} o e A XAg HFT gy, Ede] ol
Agle] 1~7H7A) sourceel] X)) F531A] LAY
e Ae B 5 Slck ol 7 o o] gAlolA] Al LAY
TAgle] F5’ A8l AFoll FF Fairness FAl
sielA AlgKRE Yaze}ge] DWRR# DWEDFRc} A
sl FA o2 Aofghe ofuigiet W 29 8ellME
Akshe ¢8]E3 DWRRH DWEDFS] Al&3leolAd
AztzA i Al 2 w2t vy FHuo =2
71E VehiFa otk B =EelA Aljkshe P gaE]



42

pr.Nge)

HE o8 EE ARANIA Eédez §¥
staal sheA E-olw, AlgHeld Ax 7139 43
2| vlwsix] BE AREAPIA e} AM-E FEHA
W 8E 7S B 5 glek %A 27 8ol BT
o] FERF PAME-S a4 B A IYEe] %2 VCC
6, 72 v ol 7] AeE fAlsholslr] Wil o] &
Ag Faslslr] S8 a7EE v 2t Flsle

A% 2 & ek

onvsOoODSED DS
:
1

Z|tH HEH 27|(cell unit

{50 DR DEF——

1 2 3

Souroe Nurtper(A0Cs)

4 5 6

33 8. Cell Schedulingl412] & w3 =7
Fig. 8. Maximum Buffer Size for Cell Scheduling.

mjeba, olzidl w3 =7] aeke] SRtk AL
sledoldon v aadd 4 i), 23A % 4e A}
B3tk o] AMEAlA F537 AdE BASHA
3o o ARAlET) B EdEE Asshe AR}
7} o} 2R G ¥y Xd-g A = e o] 854
4] unfairness AE7F @ 4 3lom, Au]x AR o
% Payment(3-)Alell HAle] £A1S zHA %t “Jfa]'
Al =Eelae B 4 S v 27 oa S
Z1sltjets. A-gAQl wabgelre] F54e nAS
T e dEES AABk

2. Neural Leaky Bucket A% % A&
£ =EollA = vt Edle] SAC) ok e
EFE 3] ot o] A =iz B &4 7
7+ Edige Ztzt On-off, 28|32 IPP (Interrupted
Poisson Process) 242 92X 7]1 31 NLB2} o83l
& 123 99} o] AF mdl2 s} B x| Ay
< WS Sparc-20 #733}ellx] MATLAB v5.1& ©}-4
315100, trainbpx() 5 ARE3ICH AYL 913
A7 AR 5 H )L 7 29208 R 50, 70, 40
time slot(class 1, 2, 3)2.2 2] dAs}gon o|A
< E#Y YA active time? Hlaﬂﬁlg} Al E#Hel4d
2o ZAAF Aok =¥ A% wimE 93

i

o

O

ATM #ellA] c}5317] A el 9§ Neural UPCo} 3% 7

(498)

&x#E St

BLB9] ##e} B 2 2bAL-
A sqich.

call setup

st_token¥} st_B=

admission call

{Call admission
control

nccep!/re:ect

contract information
A_ class decision /
E m., e
Buffer
UPC (M) buffer 2
E_ UPC (N.N) buffer n

2 9. Neural Leaky Bucket®] 43 =
Fig. 9. Simulation model of Neural Leaky Bucket.
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Table 2. Traffic Parameter.
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Fig. 10. Token generation of class 1.
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Fig. 11. Token generation of class 2.
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Fig. 12. Token generation of Class 3.
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Table 3. Simulation results of Neural Leaky

Bucket.
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