Computer Science and Application HE 1Rl 5 M, 2026, 16(11), 89-101 Hans X
Published Online November 2026 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.1611328

EFKTSREBRABINTES Bt
fot

#7503
JARTNERFRE R S G, TR M

Weks B . 20264F10H5H; S EM: 20264F11H4H; KA HI: 20264F11H11H

R

NE% HinfiAl H & (BLMOPs)+, LT EHRWHREELAREIHEM, £ 8 — N0 Am T
FRPERBRESHERR. REWNA BN (MFO)EIETER AT R B R & B = E RN
E, [HEXENPRSHRRMEIRRR, RS ENRER S RSB ERIEIRE . Ak, 430
H —Fh T AR B Th 2 (KTSR) H 1& BLA A IR £ B Ar R4 B % (cGAN-BLMFO) . &4%, #itBA
KTSRAZ O BIELTHE S BIENALS], S EAMBMES RS E M Kk, HE “XN51%” 5
ERCRAFAESE: RSP RIE, R E ML N5 BT L ParetorT ¥ W HGEEIL; JWANHENMES
FIKTSRE R BEL =K T HERERN, BHiEBENTIBRELAEBRIT NS (cGAN) EMWER, EB)
ML A AWK T EAR, S FMBRMKmER L2, EEIRE FHSRERRE, ZEEMUER
TR T MR T RO, FNEFHREE LR TREITERE, B THEEA®E.
K §Eia

MRS BHinfith, ZRHAMA, FREBRINE, FEERNTIMNEG, BESH G

A Bilevel Multi-Objective Optimization
Algorithm Based on Adaptive KTSR
Judgment

Naixin Yang

School of Mathematics and Statistics, Guangdong University of Technology, Guangzhou Guangdong

Received: October 5, 2026; accepted: November 4, 2026; published: November 11, 2026

Abstract

In bilevel multi-objective optimization problems (BLMOPs), the highly uncertain conflict degree
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between upper- and lower-level objectives makes it difficult for traditional single optimization
strategies to balance solution quality and computational efficiency. Although existing multiform
optimization algorithms are efficient in solving weak-conflict problems, conventional task refor-
mulation strategies are highly prone to failure in strong-conflict and highly deceptive environ-
ments, leading to severe computational waste. To address this, we propose a bilevel multi-objec-
tive optimization algorithm based on adaptive Knowledge Transfer Success Rate (KTSR) judgment.
An online KTSR evaluation mechanism is designed to dynamically quantify the effectiveness of
knowledge transfer from auxiliary tasks. Accordingly, an adaptive solving framework is con-
structed: during the weak-conflict stage, conventional multiform auxiliary tasks are utilized to rap-
idly approximate the Pareto front. Once the KTSRs of two auxiliary tasks simultaneously fall below
a preset threshold for three consecutive iterations, the algorithm adaptively switches to a condi-
tional Generative Adversarial Network (cGAN) reformulation mode. This mode leverages the net-
work’s discriminator to soften stringent lower-level constraints, guiding the population to break
through deceptive barriers. Benchmark experiments demonstrate that the proposed algorithm ef-
fectively overcomes the failure bottleneck in strong-conflict environments while maintaining high
efficiency in weak-conflict scenarios, significantly enhancing the comprehensive optimization per-
formance.
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FESEBR AR STt H, VF 2 AR A e 2/ B R 1 B AR S B AR %A, il T 224
ARAk I R 1] 3k T 52088 8 B Il /2] S 5 A K il 3] DA K YT RE A A I [ 4155, 128 i LA PR 24
W% H AR AL i) 8 (Constraint Multi-objective Optimization Problem, CMOP) [5]. 4% ¥ CMOP £ £ 5 JZ f
B S — A AR SR, #IEBNZ 2 H S5 46 1) # (Bilevel Multi-objective Optimization Problem,
BLMOP) [6]. TEXFXZE5MH, FTZERHLMR, YIRS E A R &, TiE 8L
TRA AR ON e A [ U 4 Bk OA R B AR AL ) B . BLMOPs BLE EIR B 85724 7] BT[] PA M HL B8 2
S [9155F AR 2 TV Al R 45 AR A

W% H bR RL ) B BB T RO R e v & % HAERS . 72 BLMOPs 1, |82 o) @i 3 J&
T CMOP, MY FFZF AL Z AR E AR, ICHEIEIE N AR A E S SE 0 L, SRR
— 1. TR, HEALHEVE(Bvolutionary Algorithm, EA)EMA K Zi@EHM SR RES, SR
R FRUZ A B BT B BEEF IR, 2R AR E % (Multiform Optimization, MFO)E#& F
5K SR AR 02 77 TH P HE S AR A 10] . a8 I 52 A% (1) S50 R AT 55 B A N 5 TSR I A B AT 55, [F]
BB NFIPUE R AL, KIRSET 7 MRS B SE0UZ Pareto BT A IE L 202

R MFO 22/ 1 XUZ AT 7, (R EIAHE 28 22 M A8 (AT 55 AL SRS, SEDURIXS R 2 B
PRI R 4 E R R BARAE RPN, BE K& E RIS IRAEE R R R AR R U@ RS,
B A AT 55 (0058 A LAY R Al 29 B S (XU Pareto TV
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BB BRI LA AL AE SRS G A 558N FRR AR Il B, ASCIR I 1 — A RITRIE RS D (K TSR) B
NI EORZ 2 B PRSI . 2SR T WS EE” FERNAESE: R 51 KTSR SER
ERNRAE A HMNE . RSP R Be RUATH DU LSS DU IR R ATy — H KTSR BRBGBIME, ik
YU 5 3 IS 1) 45t 28 2 A A PO B PR 45 (cGAN) A3 AR 3o 12288 ) 0 2 1 il 85 240 0 AT IR B 240 SRR A R B
Gpbor, Sl PMEEROR TR 2, KL E TN R VSRR ERNFD A T, T T R RASIE T IR
FORMEMERE . AR ZEDTRRIN T -

(1) R T BLKTSR %0 i B GRS B A RIR A A R, S0 s SR AR 55 5
BB E IR E, MEEUZ 22 H AR LA B S keSS D i sl o

(2) BT T “XEIET BERNDIBEAMES . ARSI G T MFO 755 01 R E B s i AR
cGAN Sl {E s R B R G betE, RHIRTH 1 HIAE R 2% BLMOPs 5 1 M2 A R AR TERE .

2. B ERSHEXTE

AT AN BRI 5 TAE . 15564 XUz 2 HARIUAL IR I (BLMOPs) I 57 5E 35 ik
B2 AL MFO) I I E R SIS, BT LA S ph TR ST N SRR TE: 5 51Nk A 2E O
2% (cGAN), N Ja ST L UE S PE A 1l BT 55 A B2 BE A«

2.1. ME% BIRAAEBIEBLMOPs)

BLMOPs & RKEAREL W, B EFRIUEZAEbR. £iFh EZE HARE
ZHT, TR R A TR AT R AT N R Em A, ey BRI SR BT AT I BRI AR . — A R
BLMOP i@ &R a1~ [11]:

minquXU,x,eXL F(xu’xl ) = (FI (xu ’xl )" ' .’Fp (xu ’xl ))
subjectto x; eargmin,__,, {f(xu,xl) = (f1 (xu,x,),---,fq (xu,x,)):

g(xu,x,)s O,h(xu,xl) =0}
G(x,.x)<0,H(x,,x,)=0

(M

XA, x, eX,cR"5 x eX, cR" 455l N | JZ (Upper Level) fl T JZ (Lower Level) [ #3517 & ;
F:R"xR" - R R E& p MERKN EZ BRI, £ R"xR" > R BREH g MEBWTEBRSE
% argmin #AEIRBIF 2K T ZEZ Hiw (flfq ) ZIRIRUAE % Z 1A SR AT (Pareto) iR R AFEE: G(x,,x,)
M H (x,,x) 50K EEIAERAR G ERAHEA: g(x,,x) M h(x,,x) WaRRERTERAER
AP REE WA S-S (R
2.2. ZRARUERMFO)

Z I AMALMFO) R EHBMATE R —, EFH P — BAnE SR FEFRR T AT F k. A
[F1) (%) 2R T X R 8 47 1 4 2R 2 R AN [EIARR A, AT Ay S5 46 Tl R I 2R 22 560 o 7 THIN B2 2% IR A 1) R
PSR R AR AT 25 1T BT I UAC S R B B B YR T A B R SE 1) f . 3@ 78 A R 2 3R % 3 A4 R 1 17 1044
ZANA] b [FI AT A 2R, R RS A AT 5 PR R B BRI 2R IGAE S, 5] REE
) B LR ) X U8 [ 12]. 26Tk, MFO SR M BRI v] R s M

thultiform (TITl,"',TKaM(f))—Q,(T)ZO )

X, TABEGHE, T, T AEREMER om™ RZ AR, O (T) Frttgii i
IRIRER

DOI: 10.12677/csa.2026.1611328 91 THEAURF 5 R


https://doi.org/10.12677/csa.2026.1611328

7T

23, FHEBIHAME(CGAN)

2B BT I 4% (Generative Adversarial Network, GAN) HH 4E % #% (Generator, G) 1] 4% (Discriminator, D)
WML O AR e 242 BRI 48 (Conditional GAN, cGAN)TEAL 4 GAN FUFERY E#ET 7 o043 2,
BRLAE G A D % N 51 NN AE AR &y, SEE T R AR G FR I R R . Rl (K W KA N
(Minimax Game) H ¥ b8 £07] 7€ SN

min, max, V' (D,G) = B e ) [10gD(x | y)] +B_, [1og(1—D(G(z 521 y))} )
A, z ARFEIBENLE S, p.. (x| y) REEFA y TIIESEEEE G FEXPIgT, G A& K

SO AR B EREASRIR G F A 4%, D WS THRTE X FS R 5 2L BREA S RE 1, W EAC
AL HIE BIZ A1 -

3. BENNEZ B E X
3.1. ZEAXEMSEIRTHEIE]

DAL T4 PR TR T R AT R ) v U SRR 5 R A A U R, AR SCBR SR 22 70 O A B ik
(BLMFO){E N ERINBRBNHESR[13]. AESENII, B EREE N A OB A B R R . — =T H
R B TRBCTE A Al B 5% FEA SRS, N RS 2 T U R s — R B 55 ) S sU U R L
KL BRURS AL AR A5 3838 2 . BARSRATIRAE 70l 0k 1 55800 2 Fros

3.1.1. HEMES EXNRRE
Y BRAR SR AR AU 1) R0 R SR AR AME R, SRR BN T S5 ML A . B0 1 JEOR T i E M HE SR (A%

DR

HiE1: ZRANEMAEMER

B

t: FHPMESIBEE; N DEREE N TREFREIE; G MiER R B
i

To.Elite: JFIR ) B3 RAS SER0 T

1: (T, P) = Initialization(z, N, N)

2: fortask 7, in T do

3:  if T form# 0 (AEJFE4H1T%) then

4 A R 77 00T I AT S A, AR AT B AR A B, AT HER
5:  T.Elite = get Elite(P,,7,.form

6: while 2% 1L AF AR A2 do

7: BAESMSLEATEH AL

8:  if mod (gen, G) == 0 then

9 P = Knowledge Transfer(P) (Bk¥% 2 8% 2 AT HIRIER)

10: 7, Elite = get Elite( B, UT, Elite, 7, form )

st e, SEKIEARIR( T from = 0)MESS4E T HRifEH I BIESS, FFAIH Bypass B ManyO
SEEME T AT A, R A SRAEHE S AR A, IR A B AT 55 BT B b R B0 TR T AT
HEFF SHE 9EfR( T, Elite J#& M. SFIEAAT IR RE T, EHESS & BT MR, A 30h e
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M RIRR L HEE, BERRPARET — RERIER .

3.1.2. FMRT B

N T B AT S MO AL R Z AS H, SN 2 BRI RIRUERE AL . Z AL SR BT %
R B A0 R IRAL BB 40 R UBAT 55, [P SR 55 (0 AT AT i S R R S BT 55, 51 S B8 R0 = i
R IR R &, AT SEE b Rl AL, I S e

HE 2 AEREALE

Le %2 SRR RRRE B, LA BNE S FRE R, , By, B, C P

2: while mod (gen, G) == 0 do

3+ HATAE, BB, ORRIERS T, then

4 ETHURES I HARRE, WEAMES hPhik thiE N R e i s ML A

5: B =B+ Expand(PR (s))

6:  T,Elite =get Elite( P, UT, Elite,, form

7: B, = Environmental Selection(PTn ,N, x N,)

8: else

9:  MT,Elite h#kik s MU NG SRR P,

10: B = Repreduction(PTr ,s)

11:  T,Elite = get Elite( 7, UT..Elite,T,.form)

TR AW G I, ARSI BT 55 8 R R R A B 2 il IR L A%, i3 Expand 5
TR BIAE S5 IR B P B AT 8, VLBC AR S AR A R E A M R E N R . BEe, TRE)EH)
FREFAAT H B £ 3 (Environmental Selection) LAFE il AR, 2 MVRIKS5 U, §8 F Ok B i 2 XUZ "I AT
HIRG SR BEAh, MIEESTHE IR S ( T Elite ) h ik Y s AAMATMERIEABIE S IUi, 51 S HiBhE R ]
[e) o SRR T [0 A o AEBEMLA DR AR AT B s DRE VAR IR RO 2 R . 2 s HUEEK,
% 5 T B AR B R 2 FEVE R SR BN PAl A s 5 VB, MRS 2 s i SLME 2
LR BT LT R R SRR 2 AR, A SCHE SR th G — BT s N EREFEFRUER) 10% (B s=0.1 < N,),
PAER RS E (B [FITE AL o

3.2. REGKHOHTS KTSR

IR Z YA [FIHE ZL(BLMFO)E )2 (R 55 RN EE T RS A RO sk, R ot 2A 5 H A5 5 g 14 1)
SURARAL ] BRI (40 DS1+, DS2+, DS3+)M 5 k.

AT AR R SRS R WCIRES, ARG T AR IE R 2 % (Knowledge Transfer Success Rate,
KTSR)E NahZ&s B LFEbr . KTSR HIZ 02 4R 2 I8 G v 45— AIE R AR 1E =M b i B s A7 s Lu gl , 3k
UL B4 Ve A PR 5 R 30 O 1 5 P S A B 55 0 Akt o HE B VRAL S W R A B 3 .

SERGIRIT RS (5% 2) 5 FAESHEER G, FikEd L8RS, =0, NP, » Tk e Z
AATHELR A RO . #5 KTSRAS T T BIAE o, MR BHZ IO RERACT .

D BB A BEALIE S SRVl R 22, AT NSRRI BAREL Tiore 1024 KTSR ELE T iR
KT o i), A HE & N E A RS BN R BOIRES . ), B R G B LI (SwitchFlag = Ture), #1b 477
MH AR R, IR SR 2 cGAN [ 1 B B AL SR .
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Bk 3. ETF KTSR I B E A AIHLH]
N
Orans: BUNHBNTL S 1 FAL ST B WEIR RS Poain: SIS HIRERR G 0T — R EALSS PR Nus
t: KTSR WEWTHME: Tor: HELLRMA BB ont: HBELLRMOT B WIIRER 0);
Wit
BRI Hbr & SwithFlag
L HBITEEIRE: S, = O N Po

: I RIPUTERII%E: KTSR =|S,..]/|Cm|

if KTSR <7 then

cnt=cnt+1

2

3

4

5: else
6 cnt=0

7 end if

8 ifcnt> T,, then

9:  SwitchFlag = True (Bl ZIEWT, e T2 cGAN i)
10:  else

11:  SwitchFlag = False (4£%F 2417 BLMFO #5X)
12: end if

11:  return SwitchFlag, cnt

3.3. cGAN BiENEHIRE

Pz KTSR H&E M HBIHLEIR, 58 MFO FIATMIER HE 58 280 i), SHyLZ ik BLMFO #E
B, WS SR AR TN 48 (cGAN)EAT FIE N R, #57 FRAES T Z R A AEE R o

N BT SR BT R FE IR IR AU S, AR EIEIR ST T RIS BE LR AE 4% SE I R Fa i 3 X,
A BLMFO AT MHE Poain 75T IR R BRSO SRS AR AR . BRI S, BIEIRBUX L4
SRR RS HIE PRI IE RS A, G H BRI E x, B AR y, FER RS R
M ECSE T Z AR 1 BE o BAREE 704 x (BDIEREAR),  DAAS) #2412 O Bt 48 (cGAN) I T 46 B4
YZkEE . ¥ BLMFO R 1™ 1038 2 R 0N cGAN BTG IIZRE L, AU T BAILE J5 s
BE BRI 5 L 5 T E VTR, SR AR R R SR A3 0 R AT AT I B . IR T
3 SR B RN T AL A cGAN BEERIUA 1T J2 Y AR B 2 8] 1R AR 42 2 Bl S AR AIE o

WAV R R TR, M ENE | R BTN ZRpr B fER M2 288, AR pli#s G Bl b=
W y SHHCRFEGEE 2, BEMEZELN T ZBRA M N EE IR Genz, y): SIHHE
W, FAIEs D BSEEAE y DL R SR R A x BRAERRAR Gen(z,y)s FF 70 A5 H Ak 43 28 Dis(x,
)5 Dis(Gen(z, y), y), VASERIFINEIEOE . ERAREREF, Efdt G @i B S MESH, Ak
T Dafi e TN EE D WFFEG R X o B A B RE DT o A B IXFh 2 IR ZENLE], cGAN
BB 2 74 Hh Al SR P IR B TN XU R ] 0 (1 {2 M A BB ARRALE

NAEFVE AT E I, AR cGAN A RS G FIFIBI%% D ¥R A 2 2 BAPLMLP) b 4if . H
I, RS 3 ANREUZ, BB E N 128, 256 A1 128; HIBISFRFEEE 3 MRGEZE, 1Y
MACAE Y 128 64 1 32, B IEBE FETH PG AR LR M A G e 71, 48 BT A a2 35K A LeakyReLU
(AR R B N 0.2)E NG R AL, HrH E SR A Tanh sR%L. 7ERLBUIZRRN B, KA Adam flRAb#8
ITSHOER, K IRG—BEN 1 x10°, SIESEEEN =05, f=0.999. (ERFRARK BIERN )
I, %% DL Batch Size 4y 32 AT O ZR
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Figure 1. Sketch map of cGAN
1. cGAN ~=[&

3.4. BB EIES

H¥% 4: ¢GAN-BLMFO BENXUEZ B ARG EE B A HESR

BN

Nu: FEFREEES N TETMEE; G- MULEBRAREURNG: FEsma: OISR TN EL
7: KTSR WEWTEIME: T BRI BAELG

Mrd

JEL 46 v KRS SR T, Elite

1: (T, P) = Initialization(t, Nu, Ni), $RIBUFLA @R B, 5 5L FIRE P,

2: WIEIIEHIZE: FE;=0, cnt =0, SwitchFlag = False

3: while FE; < FEsyax do

4:  if SwitchFlag == False then; F3pP5[Bt: BLMFO & % %

5: BTSSR H Bypass B8 ManyO S & i 47 v i 21 44

6: BARSASLHAT AL AL, B8 B, 5 P,

7: if mod (gen, G) == 0 then

8: PATEL 2 BATRIRER, H5 P, FIRBR LML Qrans iEANTAESS
9: B, AT PEEF IR Tk, 3—IUCH BAFIEIRLE Svans,  FFHHREIERHE T, Elite
10:  WHEHHPRESHIIER IR KTSR =|S,,,.|/|0,0

11: if KTSR <7 thencnt=cnt+1elsecnt=0

12: if cnt > Tioi then

13: SwitchFlag = True; flAGWT, HE&DIHEILE %

14: end if

15: end if

16:  else BEIMERFBE: cGAN Hi&N EK

17:  MJis T, Elite H#EH LEAE x, 5 TERSURNM x , WEVIGRIIZGE
18:  SEERFEMETE 2, ERTBHIIGERSE G 5H M D

19:  FH GHEBERNE Gen(z, y), FHHEI D it FIES ) BAENK LR IF4 Dis
20:  &k¥E LJE BRI RSO Dis FIPATHRABLESE, T8 T, Elite

21: if FBEZFEME IR E Bk A RS then

22: SwitchFlag = False, cnt = 05 fRBRIGWT, P U1l s R R

23: end if

24: end if

25: FEs=FEs+ Y4RiAIEM R

26: end while

27: return T Elite
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e PR Z BN EM . KTSRORSEN L cGAN LI BALNLE], A CH2HET KTSR H55 Hi&E
N RIZ %2 H bR AL E 5 (cGAN-BLMFO) . 1Z 508 78 2R AS MM, 7538 SR P e S5 ) 55 i S8 5
5 AR IR s FAR 2 (A S T BhASF#T. cGAN-BLMFO [ R AAPAT IRFEUNEL % 4 FToR o

4. SKEHESELS

AHEASCH H SEH(CGAN-BLMFO) I M S e A 56 TR 000 17 £S5 . IR AL
TSR3 T SRR ST, AT VA A S B A AL T o 5% S B P O BRE JH 2
LR

4.1. LG E

4.1.1. EER B

FEBEALAC AL AT, FE v I 7] B (Benchmark Problems) & 2 4t WAl Ry MEREAOAZ O T R . H 3 HAL A
fEF: U7, AR B S 0UZ Pareto FTHY AL B4 SASHIIRAE, AN RIS 5 4 A itk
(1€ B PP PO B PP I bR itE s S — 5T, N B ECER (AR . 2 RES . AR E R I R
BCE, RERRIRSIATE S 2 B TS SEN . Bk, A ESREEE TP (TP1, TP2, TP3)
Z %1 DS (DS1, DS2, DS3, DS1+, DS2+, DS3+) RFIFEAENAE . X NIRRT T AR LR 1) H brid
RELRE LN, A5 MH IS5 2 w8 Y I (TP3, DS1+, DS2+, DS3+)[1 £ Fh i) KA, A DUA 25k
IS k3 5, T 98 E AR SR I 25 SR AR e

4.12. MELEZES5SHRE

SEEGEHL 6 FhfE BLMOPs 4 B A A A% 1) it 52 5 0 LUARZE AT X LG, P i 25k B S 10
Cai [14]. Wang [15]58 NOIFRHERIYE . HARXS LSRG kB ZRIEIZ(NS). BLMFO [10]. SABLEA-
PM [16]. BLMOCC [14]. mf-BLEAQ [17]/% H-BLEMO [18]. & & LSS50 5 H R Gk —
. FTA LI IRFE Matlab T PlatEMOV4.11 “FEFF & . b4, X TEMIIRERENS, H ETEMR
i B 55— B NSGA-II [19]11F A JZ R s .

ARAEXS EEVEAS AP, 5T RTE AR 8, e ROE B A IR B i — % e 1< 100K, R
PMOTIEAT 21 R[15], FHBUSF LRI P EET IR . ST Wang 5 A[15]CFE5E &M FFNRF &
ST, 5 Bk 6 Floet LEBVETE T R RGN, B SR IR SR 1R 5 X B P
AR SC AR SRR 1577 A FE IR 25 SR AR X EE bR o AR SCHE HE ) cGAN-BLMFO 507%™ 458 15 L id ks
HEAL A AT O AT 5, AN SE IS 5 SV AE (R S 2R 58 T IS0 X b #r

4.1.3. MREVEMIRER

NE VAL & FE RS 1) Pareto RIS, A8 SCIEHUR M) /XA & (Inverted Generational Distance,
IGD) 5 1A (Hypervolume, HV)TE AV FabR, X AE S FLARER U S 5 20 A7 2 FEVEI AT X L

IGD #Ebmidid v 5 LS Pareto HIVRTIHI b 1) 2275 r 48 30 550 E SRAF IR 1 ALL R 5 A 2 1] (%) ~1- 35 e /N BRI
PEES, RITAGMEMNLR G E. HEE LT

IGD(P*,P) = M “4)

7]
A, PUONESE Parato SRS P ONEVESEPR RGO HESCRC 4R 5 |P| FfREE PR EG dix, PR
NS x BIfREE P YR RTA MR B/ RR ECRE B8 . IGD RE S B M S B v i) 27 & - BE 77 . IGD B 1),

R FFORAT I AR SEAE F r s 8] hoBOE T FOSE R, AT 5

DOI: 10.12677/csa.2026.1611328 9% LR 15 R


https://doi.org/10.12677/csa.2026.1611328

¥ g

HV 545 T RESRAS AR SRR AR 5 b 22 18] v B0 E IR R 95 275 s (8] P Bl A S 7 A A
o A (Uh

HV (P,r) = VOL(XLEJP[fl (), %[ o ()13 o< [ £, (x),rm]) (5)

Kb, r=(r,n,,n, ) NE BRSPS 4ERE R 5 R R 2% 2 m N BRI 4E%: VOL R
Lebesgue M5 (EIAFR) . HV & H A7 ME— 4435 /& Pareto SCIECHLATE VR Fabr, H HV K, SikrI%:
EPERRERLF o TEASCIIRT LRI Y, S i r BE 5 R E NS R — 3

4.2. MEEAHT

N T AVl cGAN-BLMFO Bk MsRAFYERE, AT 7355 WA O8I . Ak LK sl A A0 2k
HREANMERL, WA 1 2 R 2 SIS R AT IR EEFIAT .

4.2.1. EF 1GD 3fEE o

%1 VRS T ERENELE 8 AN BEAEI A B kST IEAT 21 IR)EEUS Y IGD E SRl Hrp
BN DR ) 0 1) e A 5 R R AR bR o BT MK @ = 0.05 1) Wilcoxon FRAL I 45 (B +/=/—
SR, AT cGAN-BLMFO SETE4 K 2 B st h 3R B T B e 40 % .

BARMF, Frif cGAN-BLMFO 5548 8 AN A @ ) 4 /~(DS1, DS1+, DS2+, DS3+)H45 1 Al
(%) IGD M8 . 765 M9 ph 9 @(TP1. TP2. DS2 K DS3).k, R ¢cGAN-BLMFO K ftHU/S HE4 55—
A, EHGRSHEL SIS IEERUE FARE, 0505 —, HARF TAR/NbRHE 2 . X R
AN, BEARTE R R 2 7% 20 [RIAE 22 sl T ORI 1 Hl s 1 ) BRod@ i, R B AR e HL i s ) A
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Table 1. Mean and standard deviation of IGD for seven algorithms on eight benchmark problems

= 1.7 MECEE 8 NEMENREI LAY IGD HESIREE

PB  c¢cGAN-BLMFO BLMFO SABLEA-PM BLMOCC  mf-BLEAQ H-BLEMO NS
TP1 2.59¢-2 3.69¢—2 1.60e—2 5.23¢-2 3.58¢—1 3.75¢-1 1.12¢-2
(3.52¢-3) (1.66e-2) (+)  (3.57e=3)(+)  (1.15¢-4)  (1.86e=2)(+) (7.12e=2)(+) (6.86e—4) (-)
— 2.07¢2 2.28¢-2 2.16e-3 2.49¢-2 4.26¢-1 2.47¢1 7.25¢-3
(2.16e-3) (6.5¢3)(+) (3.23e—4)(-) (3.87¢3) (1.44e2)(+) (3.18e—1)(+) (1.20e-3)(+)
DS1 1.13¢-2 1.83e-2 7.86e—2 7.86e—2 5.22¢-2 1.11e-1 4.49¢-2
(2.92¢-3) (3.60e—1) (=) (2.00e-1) (=) (2. 74e—4) (1.5le-1)(+) (2421 (=) (1.45¢-1)(=)
DS2 2.38¢—2 1.68e—2 5.11e—2 1.09¢—1 2.36e-1 1.67e—1 4.16e-1
(2.37¢-3) (2.50e-3) (-) (2.49¢2)(+)  (5.87¢-3)  (3.78¢-2) () (1.05e-1) (+) (1.66e+0) (+)
DS3 3.90¢-2 2.56e—2 7.96¢-2 1.67¢e—1 34le-1 2.46¢-1 1.23e-1
(4.65¢-3) (7.50e-3) (<) (3.86e—2) (=) (2.94e-2) (1.84e—1)(+) (1.50e—1)(+) (5.00e-2) (+)
DS1+ 4.71e-2 3.67e+3 9.22¢+0 i 9.12¢-2 3.46e-1 2.70e+0
(7.29¢-3) (9.49¢+1) (+)  (1.91e+1) (+) (1.60e—1) (+) (1.76e—1) (+) (8.61e+0) (+)
DS+ 3.33e-2 3.37e+3 1.55e+1 ) 3.40e—1 2.65¢—1 2.33e+0
(5.35¢-3) (1.21e+1) (+)  (2.0le+1) (+) 243e-1) () (1.36e-1) (+) (6.78e+0) (+)
DS3+ 9.63e—2 3.72e+3 1.65¢+0 i 3.78e+0 7.63¢—1 2.55e+2
(2.28e-2) (3.01e+2) ()  (6.94e+0) (=) (1.04e+1) (+) 0) () (1.93e+2) (+)
+/=/- - 5/1/2 4/3/1 8/0/0 7/1/0 6/1/1
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Table 2. Mean and standard deviation of HV for seven algorithms on nine benchmark problems

2.7 MESEE O NEENREIRE LR HY HESREE

PB  ¢GAN-BLMFO BLMFO SABLEA-PM BLMOCC  mf-BLEAQ  H-BLEMO NS
TP1 6.21e-1 6.23e-1 6.66e—1 3.63e-1 2.76e-1 4,591 6.99¢-1
(7.65¢-3)  (1.15e-2) () (2.81e=2)(=)  (3.69¢-3)  (1.65¢-2)(+) (9.98¢-2)(+) (3.73¢-2) (-)
Tpo 6.38e~1 6.42¢-1 3.50e-1 2.26e-1 5.90e-2 1.24e-1 3.10e-1
(430e-3)  (8.10e-3) (-) (1.07e-3)(-)  (3.68¢=3)  (24le=3)(+) (6.89¢-2)(+) (2.83¢-2) (=)
P3 6.50e—1 5.04e-1 4.99e-1 4.90e-1 2.52e-1 4.14e-1 5.04e-1
(8.55e-3)  (6.28¢-3) (+) (3.64e-3)(+)  (4.93¢-3)  (5.42e-3)(+) (4.83¢-2)(+) (4.14e-3)(+)
DS1 1.02e+0 1.43e+0 1.38¢+0 1.15e+0 1.40e+0 1.34e+0 1.43e+0
(4.83¢-3)  (24e-1)(-) (3.08¢-1)(=)  (2.67e3)  (226e-1)(-) (3.69¢1)(-) (224e-1)(=)
DS 8.59¢—1 9.17e-1 8.62¢-1 5.18e-1 4.98¢e-1 6.26e—1 8.42¢-1
(3.03¢-3)  (4.16e-3) (=) (4.45¢-2)(+)  (2.04e-2)  (643e-2)(+) (2.13e-1)(+) (1.89e-1)(+)
DS3 1.77e+0 1.81e+0 1.68e+0 1.03e+0 1.22e+0 1.53e+0 1.56e+0
(5.73¢-3)  (1.94e-2) (=) (1.03e-1)(=)  (3.36e-2)  (2.99¢-1)(+) (1.8le=1)(+) (1.26e-1)(+)
pss  103e+0 NaN 2.64e-1 ) 1.34e+0 1.03¢+0 1.48¢+0
(1.52¢-2)  (NaN)(+)  (4.70e1) (+) (237e-1) (=) (2.60e-1)(+) (8.48¢-3) (-)
Dss  8:3%-1 NaN 4.18¢e-1 ] 4.17e-1 5.13e-1 8.07e-1
(9.37e-3)  (NaN)(+)  (4.40e—1) (+) (1.42e-1) (+)  (1.88e-1)(+) (7.91e-2) (+)
Ds3s  0-84c+0 NaN 1.66e+0 ] 2.63e-1 7.69¢-2 NaN
(429¢-2)  (NaN)(#)  (3.76e-1) (=) (2.52e-1)(+) (1.58e1)(+)  (NaN)(+)
=/~ - 4/1/4 4132 - 711 8/0/1 5212

4.2.3. BF FEs SEES

N T BEM R & FEERAE R T S S RN SR, B2 ) 75 FIEAERS IGD H iz
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A3, 76 TP1. TP2 J DS1-DS3 &5 5 R 1) @ (] 2(a)~(e))s ¢cGAN-BLMFO [ &iith £k
FETEAL A 2 HLBEW R Ry, s fih & F (R IGD RS . X 3R W BVEAE A R SR B8 PSR
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BLMFO. mf BLEQA %5)R- 5. N Rilmil, FEUSUh L kA5 . 1 cGAN-BLMFO I H AR 1
PG EE, M 2R R P42 IS R R B S ) R REAE, AR T LK 2(h) BToR . ¢GAN-BLMFO Ak
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Figure 2. Convergence profiles of median IGD for different algorithms across 21 independent runs
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