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High-Speed Channel Model
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Methodology: At the first stage, we set variables according to
the papers we have already read before. Then, we embark on the
simulation for the High-Speed Channel Model. Next, machine
learning methods like Support Vector Machine (SVM) and Deep
Neural Network (DNN) are applied to be trained and estimate the
eye height and eye width with large database. In order to improve
the speed and accuracy of the algorithms, we are now conducting
a preliminary research on muti-objective optimization algorithms.
An muti-objective optimization algorithm termed Muti-objective
Exponential Optimizer (MOEDQO) has been found so far. After

delving into the algorithm as well as testing the open-source code,
we grasp the core process and make a concise flow chart as below.
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Research on High-Speed Signal Channel

Based on Machine Learning and

Multi-Objective Optimization Algorithm

Project Intro: With continuous growth of signal transmission
rates within integrated circuit chips, loss of signal quality transmitted
by the channel is becoming more and more serious. In order to
explore the loss factors of signal quality during the transmission of
signals in the high-speed chamnel, our research is based on the
knowledge of signal integrity, combined with machine learning
methods and multi-objective optimization algorithms to model and
analyze the signal integrity of high-speed signal channels. In that case,
we have the capabilities to improve the speed and accuracy of the
simulation and optimize the design of electronic circuits, which is of
great scientific significance and industrial application value.

P.S: Thanks to Qiu Jiarui for providing High-speed Channel Model.
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Results & Discussion: The radii of via, pad and anti-pad have an impact on signal quality to some extent when the signals are
transmitted through the High-Speed Channel. Besides, both Support Vector Machine and Deep Neural Network have similar
performance in estimation. However, the latter one outperforms in accuracy due to a smaller Root Mean Square Error (RMSE)
within estimated results. In the future study, we will focus on researching on suitable muti-objective optimization algorithms.
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Abstract

With the continuous growth of signal transmission rates within integrated circuit chips,
the loss of signal quality transmitted by the channel is becoming more and more serious. The
optimized design of high-speed signal channels is playing an increasingly prominent role in
modern electronic equipment, and signal integrity (SI) is particularly critical in this area. The
core objective of signal integrity is to ensure that signal accuracy, stability and reliability are
maintained during signal transmission. Existing electronic design automation techniques have
a number of limitations in dealing with signal integrity in high-speed signal channels, one of
which is the lack of modeling capabilities due to hardware complexity. Given the ability of
machine learning models to learn features from large datasets and make inferences based on
these features, this approach promises to provide new ways for signal integrity modeling and
analysis to address the challenges of signal integrity modeling in complex electronic systems.
In order to explore the loss factors of signal quality during the transmission of signals in the
high-speed channel, our research is based on the knowledge of signal integrity, combined
with machine learning methods and multi-objective optimization algorithms to model and
analyze the signal integrity of high-speed signal channels. In that case, we will have the
capabilities to improve the speed and accuracy of the simulation and optimize the design of

electronic circuits, which is of great scientific significance and industrial application value.



1 BRETHEENER

BiRETHEEREREN AU T ERERNF I, REREERNS 5
BURR BRI HERERE, UARGEN B AN ANEF I HREEEA TR
EAR T BB A Al o AR SR TR o o A 6 UM BT TR A, BT AR Sk 7 A
g NERETRENESMN B FRBWER, WEET Ansys BtF, REFHER
FHBNEFEM UL BB, Wi, BR, BELREREE, BEET ADS
B, B TAERNAZZE A ETEE, @8 L 4m. FE. Bdon SRENE.
W 1-1 frr, RERNBAATL>ESEE, AR GEETREN TERZE,

'_

AR T 12 S LR S RER
1.1 £F Ansys R B RS BB B

Ansys = — KGR AN L N EZ G ER M, BETHHFSS A —REAEM A
#, B ZNATESRERABNeR G REZE L+, KAIFF HFSS 24 1
BRUSBERIE, WEZATRMNEEFTEEHEE, FHREMLEM. A FL&H
BB R %E 5845, #Med it EA AN ETHEEgLH. S 58 (A 540
FREBINT, NEENBREGIRENE T TEUOMEREEZREMLEM L.

WE 12 iR, BE—ANZZIRtEEEFETEREEE, —XEZ407EFF AER TN
WIS AL W & 0w B (B PL, P2) frak 2 ALy 36, B o & (5] ML, ML2)
o, Zmtsl (EBIVL. V2) = TEH, REBRKRHBFRE (EHF SLL. SL2) frx
EXMABAHREN T (EF P3. P4) FERENESHHIE. TRAGHER
THENTETRECXIERIRFT L TEEZNTH, RNTBLTEFHAEAREH
HELZERA S FE, RAAFLILFE. BELEURAREEFEENNT &,
EAMRARMEEA—EREBSEENNEI N FRaE s RENTmEE. TILF4E.
BELEURRBHEF B AT ENE N TEE U MBS Al 0% 1-1 BTow,

TFLFEAE(via_r) R 12 (pad_r) SR JB4E 4% (antipad_r)

3.5-6.5 mil 9-12 mil 10-18 mil
* 11 AFR BEFR. REEFENSECEE



EERAEE T REMA TR ERAMEAREREZ G, RO ZERHTT
HENANT, FMHFSS BEF F2h 5 W T 1309 £ 33E. M5 KA 1309 HHH5E#
TZ—WwHERE, CE—T 20 Sdp X R XA F AU I P2 & — 17 CSV XAy,
ET/E8E ADS A HATHEFEURANEF I LR BBEEWEREER. B
ZhELE5umt o REEAAXN ALK GERANEEREY, FILE 1-1 /7 F.
1.2 &F ADS S Ar L F Lk 2

ADS (Advanced Design System) & —# & & AE TRITE S MHE, EH T EHEH
FHEHRIT SN, AR REESE Y, RITEADS T HERE RER, F
FAEBANFGENGHTESZERE,. 25, BRERTE L FEWON, FEENEN
N 2] H kAT B 5 5 W W 15 5 70 2 M o A A TOLIU B o5 BIR 5 48 BE B3B8 -

W 1-3 fiR, RR-AZLEARMWETFEREARE, —XZ20 165 MWK 4%
(Tx) #AN, BEHEEHREZUE (Rx) , RALHRENERF L TEREE, NEE
REREEHE. Y THHSS TES TN EEESEBEERNN S SHXHFAE
ADS B BT R B F i %, AT A T ADS B 4, B #t. & {7 E (Simulation Batch)
R ERE. ARG HCE 1309 4 Sdp X HFH ALy CSV X4, # L THEHKE S N\ E
Snp Ak, FE—TRGEAENE, FRIAZWETERIRLZE LA RETH
o Uitter) W&o, HATEFME R TR IR E T BB 2018 B 0 B A0 5 20 90 2 7 A
T, BEGHFEETR 12 7. BEIFE. BEFERMREHFFEUR B FEE
PR SR B R BB R SR, AR X S Oy R, Bk S K EwE 1-3 B,

EXRBESNEHAREZ)E, RAVE TR E N E $ 4 #4508 0 R & f0 iR
FASH, HFEBFBRERTSHICER & CSV X, BETEF, RIZ—#EE4
REREREA MR EAEN., X T EZ2ERANREERELE, RIS EHTH
PRt AL . A&, RATR A 1309 AR & B 5 4048 oF 0 5 2 3 1 1200 4B LA
ft TR BB S H RN A RNR T, #RTINEAEFRNREN T ERTER,

TEH

SRR B35 (FFF) 1-3 GHz

AR ZiEE (PPP) 5-45 psec
* 122 HaEERSHE

\
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2 LB %X Eikw A

HL25 % 3] (Machine Learning, ML) 2 KK HE 4 A7 o LU B E & T A,
BRPMAER EHE, HLEFIERTT U ARKES . EXAATH @ d T,
ENBEFIF, FRANEEAELERET, REHN, XFHEN. HENEE,
MBEFIBBOYI L, BEAEREES. FTEAS RN, BREZE L)
G. TSR FLE. emrfEERET R R, RNEWTAN SR [E L
BHTAEHZ, HF ARSI AR SHMERTWE R, &, RNEBTNLE
FAPWLFRENT EMEEMHZWE T, *15HEBERIAT 247 B

2.1 XFHWEHNE R

F ¥ E L (Support Vector Machine, SVM) & % # F & V.N.Vapnik % A 12
H, RWERITATHRAE_ 2 RKEA, CEIEFERTE T TR AT HAH
BYrE, BAERANFEREERANERS T, T —HEROEEFIEE,
AT, SVM AU EE T - K (A AL, w0 DL & B VE [ A, Xt 2 & AT
Bl S ¥ 1w & 51 )3 (Support Vector Regression, SVR). 7£ [ 7 |5 # &, % 1) € #L
WEARERE AR, EHEAZHNFHER LT ZREN “c - ITHRE” K
B, IEASS R EZEENEENNFEAF AN X—EEHAFPEEN
BEH e mE, BaiEH, XEFmE B AREERIERENTENMNZE ¢ WERL
T, MeH—AREHETEE. RANE LKA XM T7ESKBHATNE
2.1.1 ZFERER
EXFHEENEETEELZY, KNI NSHFHFRLS, AloREkREH. &
Wk, BB EHRF USRS EE AT, TXRNBH-T X LM EA,
e ~THEFKEHK
TEHHEEAY, MARENAEZEXEER, WEFTERNEREZZEWN
Z BB — b R ALY R B, 5 o i BT 7 AR R 07 R 2 B2 xR 2 1 O Bk IR A
MEXFEEEHTRANE e -THREFAFLE, LEERNEFHATRTA:
O={ ~ -1 20
FRF#GRA B, Rk DR EL: LTS IR 7 918 2
NFRET e o, FAMERFEER, WTAKENEE —RHRLRAE.
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AEEANA R T HIANREK (), & SMAEFRIEBRENKRATE.
REFGENZEE, XFREEARSERELERA I GERESHE, £

BEZEFUEFAMERR, ATARRELMEETF R FILZEKE TR,

x® 21 BRAN=MLR R HIgERE
BAER WS R IEE

BB ARRERTARTANNKIE, EREEN—EREK
SHAM  BANEAA SRR ARNIE, BT HAIENEE
FEEEHH (RBF) ANELIEET R ANAEEL
AETL O | o
b AR B 2 —, B3 A % S At
BES R R R AEE Y, £ LW IR S, R
BRI X RITARERAOEEIR AR, EEAETIES PRI L,
$ A4 B E %8 1
BT R BT RO, AT A A 8 E
5 JB A 1 B A — A 1B 9B, 2L B B 2059 kAR Y 14 A 28 I RHB 6,
AT DL 78 B A #0417 B 1 TE 000 A TR, T 6 R A R
RANTEEF AT I AR EAKZE, BB E AHB B E AR T A
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£, f AREPEERT, ATEFAERAKGKESFRTHER,
FRATFE (| )EBREH, REHELAT () () £+ ()@ ()
G B A BB 4 B T A b K, R BRI o MR
{8 14 B oy RAE

ERA BRI, A0 E R AR I B AR BB/ B % T
fEREBRERETE, RATUA L X HEE T ELRER R AT,
£, 1 REURAKEHEEPEET, (. )EHBHK b ARET.
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2.1.2 FRHR Tt

XFFEEAE AN AR ARINLEF T H ok, EEEAE RN S EHIE, BT
RATEHB PR S H U P o R IR F A, RIB T FHEFHHER., £ K
REHHTHE, HFAREAREERE, RNER T3WLG, BHEL AT
WHE (AT INEE20 SR E (MEREREEHE) #ATUEGTM. XFH
A TRE ML Z4 T, RMSE (Root Mean Square Error) B34 7R 1R =,

ks oy ] SN
5 e {) H&

IRBTEER IREFTMER

o
o
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2-1 ZFrEEN (SVM) X TIREARIERIFUM 1 BE AL



2.2 WEMZW% (DNN)

R JE A4 M 4% (Deep Neural Network, DNN) 2 —ff A T# %4 M % (ANNs) , ¥ H
ENBROWET (KR AR, BEHNE. BERE. LB, ATENAMAE 7
Ao AW L4E LB ERFYE, BEENINKEREFF BB LNEXFRE.,
RKEMANEEREFS FEBLBETERARF L e, REMENELRT L EEH,
% A FWBAEE P ZER B 5 S i N B RAE, T 3 Bl B R AR KRB
BRERFXR, W, REMEWNERBEIINFLERERIS, EENEEFFI ik
REFFELEXRRWES, X— AR RILT DE R TAEI L E N P& A
2.2.1 WE P 4 H k4L

N\ B (InputLayer) : M \ERFEEMEZRNENE—E, ARBWELEKER .
MANEFHENTE (WET) BENNTRAKEN AL HEHNBANEZA,
W EEEHATIAIE, flar)T—1 (Normalization) . #r/ft. (Standardization) % 3%k,
DEBRBRENZR, HEGEIWENE ST RA BN, ik, F— I MaIAWET
AREEMEBERE W NS EEEE FENREE, W AT ERETHRE,

& # E (Hidden Layer) : L TH#iNEFfMEZZ[E, ZEEMWENEHZ I,
REE R T HEHT RN R BAFERR, UEREEFHERLE XA,
REZETEZGMNETRE, EENEGS RIRETFNEEEARSE. A THE
TG B R R B IR A AR AE, O R AL B T4 58 B U M B 4R Bt R Bk & Bk B ARRAE
ENEHR M EETIR LY, REEEUCRER —ERE, R E#T R EH
BARAYBFREFE AL ZRNBEIRYT AL BRE BN ToEFE A L.
BxE EREER IMHET, #w—Ewibasg _ UE EWRE KA

= ( 1+ ) (4)

_e, RF¥ EWNEEME; REEME:; EHEEHK (WReLU. Sigmoid%)

PR BB BE BTN R ALE, TR BN E AR EERNER,
MTRHBREMENEEIENE BRI XA, BAREWENENNER N 5EH.
ERATH KA 2B T ReLU (Rectified Linear Unit) — %k, Hxt o3 AKX 0T

()= (©) (5)



B (Output Layer) : 2WE WM& FHHKE—F, ©HEERKLWTUN LR Sk
o MEEWNEZEMEFSRE R W —ZHBERGER#TES, HFeAmRdER,

4% # 2 (Fully Connected Layer, f#FCE) : XENMMETEH — BWHTAEME T
TER, R “AEE WNEEN, 2 EBEETERATHHERRENKEHTE AL
B, WAEMENENREILE, ATREANS KB EETES, 2EEREY 5ERMH
TEH AR . WoE B4 (activation function) BY1E R 25| N FE& M, M I TR 45 B0
FILGEI, LB 3] ATBE L 8Os B 4k dm B 2-2 BT % o« AT ] #9 & ReLU (Rectified Linear
Unit) X —#7E F 8. ReLUBE R ME N BRI A & ZBERS, RAHTHEEMHE,
WS EEHREDLERE. CERANFHAEE H0, NEGEME, FHLTUIINELE,

ERRAERESREA N

RELUEEEEL

SigmoidiiEFE]

Tanh{¥iEEHEL

f(x) = max(0,x)

fx) =

1
1+e™*

fx) =

e*—e™
e*+e™*

B 2-2 BOASERMRAR
2.2.2 HFERER
REMEWE &% EWETTHE K, LEWETILERENHT . E—EHHETER
kAR —BH, B kA RERBERDRAES, R HEEL T —EHE T,
DNNFIWRERREFEALNRBE, TERCRBEFIEMAHEBTNELE., FEAMEXR,
EHRFFRLF, RNTUBFRENEREERR —RIMALBRNEAL, LvE— B
ETR—AEEE . AR, RIOVBOERASEANL, FB2ZEEF I AL TURTA:

()= (10 (6)

b, ETHIEMELMLH LESEH. ERENERL Y, G- RNHET
PAFA = ERfe: ST HRFEREHE. KU, LH%H (inear transformation)
AHRRENERERERR PN EERA. H T —EMAERET, B Y
RH—BMHY o BENEEE SREXE BTAMER, HAREHREER,

= -1+ (7



2.2.3 FOUHKR Tt

HTHEEEREFIAMELURGEANFTHNRE, REMENETIAERT
SWEAT EmERAKR. BEEaTREMENEWEUEARES, SHHAERER,
REZEVNGE EXIARFEANAE ERCRRE, BIEHE. ALRELT, RAITTU
WA PFERE B RINGEREM X — PR LUT R E A A P 45 5k T AR w57 AR 5E B9 0%

REIE R GE VTS
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w® o <% N J ’ s [
TR R ) Y g9 " s L]
L [ -y 5 L3
H ® ¢ : I * 2 [

E 2-3 REMEMLE (DNN) XTARSERFEHY TN

REME R %

0. 00073286 0. 00090578
0. 00097048 0. 00093185
8. 9595e-13 1. 0432e-12
1. 0434e-12 1. 0281e-12

*® 2-2 XFEEVFMREREWETUNBERIILE (RMSE 75 1RE1(E)




3 % Bir AL EIE R BT

% EARE AL 3= (Multi-objective Optimization Algorithm, MOA) & Jf T#ik BH
ZANEATRBEE A A — KAk XK FRE SR LM B R LR E
B, BEASEEATZ A HATRE UKD — A R, B RERREE,

ETEAEERRAELN L ERMNEETRI, HANL BERRExwE
X B HE £ %% 11 (Non-dominated Sorting Genetic Algorithm II, NSGA-II) , #F
4% % B AR AL & = (Multi-Objective Evolutionary Algorithm based on Decomposition,
MOEA/D) , % H itk FA & %= (Multi-Objective Particle Swarm Optimization,
MOPSO) #1 % H #7 & I8 4t 4 & 7% (Multi-Objective Grey Wolf Optimizer, MOGWO) %

3.1 & BirE i

% EH AR LB % (Multi-objective Exponential Distribution Optimizer, MOEDO)
£ — AR5 B AL E % (Exponential Distribution Optimizer, EDO) 84 F5I AT
% BRI T T R £ BAT RSk, B MR B £ AN R B Ar B 3y kAL 1 L
3.1.1 WHEAARMEENKFELER

3%/ # 2 (Exponential Distribution Theory) 2 % B #7458 #k 114 8 v 09 5 2 A By
BFER, HEN—MEEBMELA, FATHASRHE, F4. TRERENEER
BN EN A, AT #FHERX —ER, RIBEAES —MEHHENLET & X
fo— NGz NS N, RATZZEEEFRR T URT A X~EXP(M )X —F K,

N4 HMEALE & x B9 HEE % £ # % (Probability Density Function, PDF) ¥ LA &R #

()z{ 6:' ig (D

A EEAA S MERURALREL, HEAXENESEELREZHENEE
AR AR, FAMEREF BN T ENEATATRE TR, B84
fHaE—HEEARE THEEETHEA D FNMETEREK LT — %, NEMETE
A A SR E AR R E T —, B ) f00dx = 18 K k., Bt AT LU
S, %o Ay B2 A B (Cumulative Distribution Function, CDF) &7~ 4 :

_{1--, =0
Fo={'% " =% 2



HTRETEEFEAE, REXTF (1) BH: 5% NEEHE, REEEs40
RERE, BT (2) BHAL: BMEAMEA, NEH0 AL EHEHE K, BB
TEWBMEENARENCEAERD; B o m R EHMERILT & X W AT EAT#4T
BF— WAL E00T8 50 F, RATITEHE (mean) KX % (variance):

u=§ (3)

2=21 (4)

AT 3 XH, TN ERHL,THHENLE, EHEwEFTEHNNEK,
BIE KRS TR ERERR A RR. AT (4 XH, XTI 2K HH
LR E, HFZ02ETHHENFHrapl, Bz 58800 % 0 R £ E £ FF K

REBI AR, AT 3) AT (4 ESHAEu T2 ZF L AW XHET:

g:\/%:%: (5)

TAL{ztE (memoryless) ZIEH 7 WH — AAFAE, RATRHEZERXENHEEE
TeMBZ EEF A EWBERME . UERREFFRHA, FXFERLLE X R
SHHNNEEL A, MANTERENS >0, AEHEFHECEELSHEHT,
BRI tHE MRS NRTERFFHEL ¢ HEOEEER, BT AKX RL:

P(x>s+t|Jx>s)=P(x>1) (6)

3.1.2 BELARUE RN EZARE
ERBE ;AR ENME N B, RN — R X BHTMBNESE, LFaE
46 [ Xinners» 4B [% Fitness, 4E[F memoryless % #% /G4 [, Hzhfkfik 0k 3-1 FTow.
% 3-1 SRS SE PR ER R A AL
4B R £ R T fR |
e M B F R N HAg K o] REAR, SFAMA dim % K

s
Xwinners 22 [% 18 18§ £ 15 2| K IE W s (AR, B H XM O RE[E 2 —
- T W R R B R R B AT HE T, AT 3R B guiding B 1%

FArEdmRAEREESE, BRI T RUTENEOERZ —



1k 52 B AL H BT Xuvinners

piaiis _ Sz A7 RS 3F F #7446 [ Fitness
4 fE RATHERFLEEFR N AV i SE, REENROESRZ —
48 [ F T8 7K b — R T B9 2B [ Xinners»  1E T B3 B BX i 58 6 07 16

&R 3-1 BRI HMAEEPRRLIER K H IR

T, RATL XA W5 89 2 [ Xinners A5 18 7 B9 3 BE B, AT 4% 2| Fitness 4 [%
ERERBRZE-HAMENRLEE, KWETELEX R Fitness 214 % Xyinners AT
HFHFRE. BB RMEEY, RBENERZRE, WRHAT ZEERRL,
B A AE % BB A AW EAN (UL ZDT1 MK B A ) 4T Frowe

_ XWinners_la i=1
Fitness; = 1+ 9 % Xwinners j =2 (7
n—1

T8 5T R HE [ Fitness 148 [ Xyinners 9 7 T HEF 8 1E 2 J5, BRATEBUF 71 4 F 8980
SR EE A4 S/ (Guiding Solution) , DUE T /5 %23 4B M X inners TP B AR 54T
FEFHAE, HEEXwinners T EREBEF L ARAA T MEA, BFHELALT:

= ®)

W, 15 R A MIETR RS B, B %k 4317 1% (Exploitation) 7 7F % (Exploration)
Bfe. BRE—FREEE, TR BRI RSB — R T, FE T
GRBL BRI, ERERAE —F ARG RHRRE. FAE—HLBEE, B2
VO R A T TR R LA AR, DR BRI A B R B SR, IR
FRENRERAWRA. FOl, TEOERFLE—ABEFES RN FHZ —

EHETH A, BT X imere W AT J5, SEIE B B E AR
AERFRAEHBAM, BEAE (Winner) 5 BEEAT MU S A E AR
BRBTE, BARE (Loser) o HEEHERTHENE, FHAEHEOURE A2
X B, U 4 B AR A TR 1T R IR H 0 2 B T X yicing
A B SRR AR A R R, KB ARRIE S T BB e TR

"} time time — time

v +1 _ { ( Y ) +b. Xguiding ' XWinners_i - memorylessi
- 2 time time time

( - ) + ( ) XWinners_i yxwinners_i = memorylessi



e, 2% FRT()Y, FET(), HHEE2 rand— 1 WHENBEZ A,
52 FEME, FEANBIHEERANREAREROEX, FIAMALI R H N E,
kBARRMBH—ANTERETH. LEEF NS —RHRELEL LB KMEHTT
REFAENXE, —RABTHABBNRERMME, TR BHIZEEN 0T HoR:

\ = X\t/E/rirrlﬁlers_i - Mtime + (C Zl + (1 - C) 22) (10)

. 1 - - -
Mtme = N J!\Izl X\t/:/%%ers_j,i . 1=1,23,...,dim (11

Hoep, MUMER L g 4 3 T B P Xinners FT A AR EY 38, RE ST RX B4 AR
RREFTREF R A (Lo 2y Zy T AN B AT ALk 8 RV 7T B M. S8 c 2 — MM
A, RRLELAANEINEFE T2 AREETRFENTL, EA LT,

- (12)

c=

EEARLHEANYRRTT R TG, Hiea B ENBHME, BEMRY, KEH
Rz HEN T HERE. &, FEEZ WA - NMHONIOEREZNT S EE:
WRERZEEND, WEMLME, WFKHEEEXyinners T3 WREBEATHE TR LW
EEAE, BB S, WA EATEREE. Zih, Fik T AT S EFF Xuinners
WE—REH. MEAEHRERABHEE LRRE, EEFHEEN2FHREMH.
AT EREENEMR, BRONARTACEERET BHAENTZORER, wTHR:

——

i‘l‘;ﬁiiis?;l! @ <05 jﬁ ‘.,i;Memoryle‘ésl 'jﬁ
(ISR FIFESHE TR
FHEIERX ENRME FrEMER AR LEREE

BYRI=13(E SEUREREV

3-1 FEMOHMAEERIEE (REH)



3.1.3 # BN RAERHZARE

ZEREHES AR ERERRE AR UE E0ER LTINS B AR T Am L
B —REE, REREFEERMZOCEIRRSEEME. W, £ EREHL
FAEE AT 5 B FEHLAH (Information Feedback Mechanism, IFM ) £ 4 # F2 &
(Crowding Distance, CD) #AAM##E A, B & &M RERMME, Sfim RFERTB,

B RREAE, TLEZ Bt hERs@A 2NN 2ERTES, UREHEENR
TAREMRUAER . BANEE S AR EB TR Ko, EFHRMTT LR ER
EHE, ZTHUNAHRELHNEERE. EEL BRBERI A RUAZT, BAR
AL R B AR R B R R T R 2 B T, R AR R AR W B I Pareto
R RE, HA R AN R Rt 15 R R AR B R i 35 B N e T AR

X;time+l — 51 U;time+1 + 62 thime (13)
1= - -1, (14)
2 = T (15)

B, M ERAAMA—WERE, REWVEWRERFHRNEZRATHET, XF
WERAT R —EFN S . TR THREASTRUEETRENC AN RAEME, £ BFEHK
SAERMHEEETEELAMMEIARWEAES, EAGLETEXRTEI - Aatk,
Fr LA, 7222 1% Xwinners AT EFT R R B, T RES WA R MM ENTEA TS, WL
e, ZMMEHTH. KH, HEFUHEZRETEF T ANASFER, AF
BEAAI RAATHERE, FREMFEST AT FAFERWZHEEND TR

Fi+1_Fi—1

Fmax_Fmin ( 16 )

CD' =

H, HEFERVER Fitness, KxZE BN LWERE. RE, BETE TN
FHEBERTHAE —BnmERENf., SLRAFEFNRE, EEREFI A
mEHER MR, TREEFRNES. HIFNZEERRS R S HE, KI5

K Fr & (Generational Distance, GD), R X I7 3 % (Inverse Generational Distance, IGD),

=8 fE % (Spacing, SP) 1% |4 % f# (Spread, SD) %48 A 4t 5 & ¥ AT E W EN T 4,



ARRETRERMERTH, RIOKAFTEFAIET AES 28U, HERE
SINELZ LB X BUREXNETREXHERNRA BEF I T HE, REME WL
IR& R TR HONAEAET X ENEN, £—ZEE L4/ T RE R TN 8=,
FR TN IR 24 E T 1071027, HERATE EaT RIS ¥ S ABHH
ZE&, RENATERETREFETHRYNRERTENTN, RAKEEESRE

ZRAEZ B UE RN RARELNA T EA TR R, BT CKE TR
Hems B, URESESNE RS BERRNEEETEH#KE, keurx, B
R EREFEAELTRIURAANFTE. ZR, BINEZRE L BRI R I
ELHEmRETREAREAMEE &, URGREWREEZHNAREMS, RelEFIHER
R AR S R ST As . IR, RATH G FRFTEALE 5 ] 7 ik, g4 P
% (Recurrent Neural Network) . KAN 448 B 48 DL & ¢ B/ o 72 i AT BR & BR 5 % 2 5y
B, AURRAERETRETESRALENTHERNENGET R ENEREL,



