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Abstract

To overcome the weakness of slow convergence and easy precocity of teaching and learning based
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optimization (TLBO) in solving higher dimensional problems, an improved teaching and learning
optimization algorithm with oscillatory search and adaptive mutation (ITLBOA) was proposed.
Firstly, the second-order oscillation search strategy is introduced into the “teach” operator, which
is expected to restrain the rapid convergence of individuals to the optimal individuals in the early
stage, and make it have strong exploration ability and improve the solution accuracy of the algo-
rithm in the later stage. Secondly, adaptive mutation is introduced to gradually improve the muta-
tion probability of individuals with the progress of iteration, and some dimensional mutation is
randomly selected to give the algorithm the ability to escape from local optimal in the later stage.
Testing on 8 standard benchmark functions showed that ITLBOA has better global search ability
and higer accuracy than TLBO. It was applied to the experiment of feature selection on 11 UCI data
sets. The results showed that the number of effective features obtained by ITLBOA was reduced by
1.35 compared with TLBO, and the optimal fitness value was reduced by 15.91%. A series of expe-
riments showed that ITLBOA is not only suitable for solving higher dimensional function optimi-
zation problems, but also can efficiently solve combinatorial optimization problems.
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1. 5l8

FERIRE[L] [2150 A FARREE A (R WM SR s I EAL BIL, SEIARr SR gk e A A TR ) JR R AR . B
244k (Teaching & Learning based optimization, TLBO) [3] [4] [5]5iZ:#E4: T 2010 4F, @i 40l # 2P
(R 7 A s PAAT N, SEIUG R SR, R AR IS AR L —. FREEER, S
B B oSk, AEZASUAR 3] T N 6] [7] [8] [9] [10].

BT TLBO MU B A 55, 7ERMPEUm4EFEI i) 8Ny, SRR 5 BN R, Weshd B 1%
RS Ei[4]. N T e IROX 55 A, SRR BRI R RCR, BTN RRI A T &R SR st 5
AT . SCER[LL]3R T — PRS2 250 5 A 505 (OETLBO) i S RE U8 52 e 4% R 4 Jmy S LA 1Y)
BB, TR IG IR B U M ORI 2 R . TIPS N [12) 5 X Pe 2 BEPE T Bead PR i), #2407
—FPEE T R RS S S R RR(FETLBO), i EIEALE “%7 N 7 —Fh 224 1a) B0 & 5 b
il I X R AR R R R 2 AR . SCER[L31SR A B 3 R 32 (R - e i 1 1 B B T+
TLBO MA R RS, REmFEENMERE. T[4 T —F | 2% 347 NS A
(SDTLBO), fE#ATZEFR#E TLBO Hik fa, i itE Maik T 5&it. &ZERTREEEH ER8Y -,
$oe S I A R LI R R DAk S AR AN R R R A R . TR TLBO 7E SR 4 7] /e B )
AR BEAR SO FE B RN 25 2 B N R s S DL AR PRI 955 5, SCHIR[15142 1 — i & Sk o XU R AR Sl 38 5
FRAFIE(TLBOBSO). EHAT “#” H 1 Uuiki 1 50075 kL1 347 Sk A& 7 2, RN T
H G NART PG AR S Al — AN 53 AR BRI A BE AL 2 B2 iy DB e 1) I % e

N T FRmEmEIERYERE, SR T Mgl N B IR A AR 5 3 N R AR ) S B S e I R . ¥
YRR M BOTRLT % ) MG 5 RG24k, s “B” B Euch iR R FETIERR
B MRS, DA BRI AR B i 4R R, BEPATARAE “ % H .
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2. BB SFMLEE

HARBR TR liE, TLBO Sk R A PATIREAHA Y, 155 WCHR[3]15E. N T —8k, e BL Xi(t)
PRICFPIEN BRLF, XgOFR L MRl AR T, AEEHBORAME . AR BE .

2.1 BURRROH

SR AL, TLBO SRAMRNES NS B3 1 5 IR, DARFFR RO SR . B TLBO
SLE S — P AT R IR S, b PR B BIR SR, T DU TG M B 0 B P R 5
RS R SICRE 9 . T AR 5 e SR SACTE W T AR B0 A S 2 R 4 2 - (B
2 R GHARA , BT AL TLBO H B 1A S — S B 0. FE T — e ERL ) S A 01 0
SR HEAT B, T 9 AR AR SR 4 R S

B S5 R T S TR 2 — R SRR B RO AR 2140 . o T TLBO Ve b B KL T4
AL, ARSI A ABERL, X T B A T 2, 54 B R BR AR T 07 R — 2 it 2 o
BRAFROCSICTT 1. A8 26 R R TR SR 28 5 BRI, 55—, AR X SR R T
RIRERSREAEALEOR: 35, ARFERRMRATRL TR AR ATRL T8 B EAN I T 4E 2 W 1 e, R
0 52 D HIRE e, Al (AT B 22 REO5 0 TR 4 AR X B

CERM IR, 9 7 INPE SRR, SRR BB IR . BOHLAE SORL T ROV IR, R BERT AR
1] (4 8 7 LA R b (IR B LU 36 B 4 R SR AR WL T, A BRI AR YRR, ST
KRR, WHER ARG . FTUL, T S S M, SEH R RSB0 2
e T A5 5 L 0 Tt R IR R 02405, % S R T 22 2 190 4T
22. SINZHHEHR B BT

BT X 37 ST FR AR T X ST, TSI S8 2 10 H . (2, bt~ #0
TR T PR R FE SO T bl 7 0 ) P DU AP, {ELRLAE W R, % 55 18
SRR T B AT A AE R 02510 o SRR TR MR P R P 10 3 R, ¢ 3 ST
BN —Fh B 5 I T[L6], S22 AR S8, SEBLAHR MR R, H B BT IAR
(LB

X; (t+1)=5x X, (t)+rand, x (X, (t)= x X, (1)) 1)
A, p=round(L+rand,), Xp AFPEFRIFIIE, randl /2(0,1) AR IEZS S0 A (I BEALIE .
(2 rand, —1)><(1+rand2)

< 2
~ rand, s/
(2 rand, —1)>< rand,
A>T /2
rand, vas/

Tonax NEKIEARUEL rand, RO, WIS AIKIBENLUE. Q)T SIS EL o ml ]
ATRNE = SV BN N AWE R A0} 21 R E s PRI 1b0:9 AR CIE 2 & AR R D E TS NS TTR < V= /i U 5@ SR
QAR L, AERRRE 2R,

2.3. HENDOHERT
bRE TLBO FR,  “22” PR PR F— M Rae ), HEARMEZ . H2, FRsXEH,
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HI TR R T D R R I E, RESAERARLL,  “57 57 CRAER S AT
B AR LR . ASCHIN i B G N AR 2 S BRI A HDRL T (R AR ARG, LAY %
SRRV SRR GE ST, ARt 350 Q2)HH 3T

p= e5><(t—MaxG)/t/2 (2)

ZARH, MaxG 2 i KIERRE, t AUaTERRE . iTRUEH, BIEEENERE I, MR 2
BT, TE RN B BN
¥ 7 BPRUEN, WA rand(0,1) <P, WEAHLIERE SHTMA X, (t) 2T EEIMG 1L,
PRV IAE L L= max {L[Dx P} (D ARIILERE), SWHAThRE « %7 507, BIZEREE Py bE L L
FEWARLT, AR RS IRL T X, (1), $ITAKE).
X, (t+1)= X, (t)+rand x( X, (t)= X; (t)) (3)

2.4. kA

Bk 1 S ECS AU L (Improved TLBO algorithm, ITLBOA)

BN FIEEREL n, SOIERIREZESAL

e BT X (1)

IR L. TERR A RN BENLYI G AR POP;

IR 2. THEAMR I IE B AR

PR 3. Pk MATIEARRBI B AL T X (t) 5

APR 4. HHTRLT X, (1) KB AR ()BT “H HT

B 5. AR AU X, () I po 1R rand e (0,1) < p MIBEHLIEFEH L = max{1,[ Dx P} AM4E
FERTAEA, BNHATFRIE “%” HT.

HUR 6. LA KA, MEVEZL L. B, goto SR 2.

3. fIRE 1

N T BAE ITLBOA R RE, %41 python3.8 4ife, SLICHELHIEEIT A cpu: intel i7, PfF: 16 G,
MR R BT T35 1, W 4E S D = 50. $hik JLA& f ool &% an: ETLBO [11]. FETLBO [12]. TLBO-RLS
[13]5 25Xt &AL F RS )y 30, EARIREL 3000, HEHESHSEMIC . T HKE
BEALYERI S, BT BRI MALIZAT 30 UK, R JE %) HU I BB 35 (A (mean) 77 22 (Std) Al e DU ST ik AR
WH(iter), T 4£ 2,

Table 1. Benchmark functions
= 1. TR R

TR) BRI TR R
fl Sphere [-100,100]
2 Schaffer [-100,100]
f3 Generalized Rosenbrock [-30,30]
f4 Generalized Rastrigin [-5.12,5.12]
5 Generalized Griewank [-600,600]

XfEe 2 AT AR, ITLBOA SVETE AL f1. 2. f3 BRI AIKMRE ) Rif, TR BMEILZ
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TEAN TS S5 HeRE, HfEZRE RSt mb . R4 IR, ITLBOA fE £ {HA
77 Z AR T FETLBO 53%, (HMJFARMZER D, TSR b EI R prf S i b . 15 58
a2, WREIER S BN RTRMN, ITLBOA FILRMERIMNT, £ 5 R E
BT, DUNAEMFEMEI £S5 T FETLBO. I ASCIRY], EIESALLRKE L, ITLBOA 5Lk
EAFEMN, WSSO LB bR, SRIUH T B A FE AR E 1

Table 2. Comparison of results on unconstrained benchmark functions

2. RARWK R ERIRIEE

Sk Rk mean std iter
TLBO 7.68E-1 9.60E-1 /
ETLBO 1.56E-13 3.32E-13 2957
fl TLBO-RLS 6.52E-10 3.89E-13 1580
FETLBO 1.00E-53 5.80E-54 1995
ITLBOA 9.23E-54 3.92E-54 1066
TLBO 6.64E-1 3.23E-1 2569
ETLBO 8.18E-12 5.50E-14 /
2 TLBO-RLS 7.54E-17 1.23E-21 2458
FETLBO 3.11E-31 4.54E-27 1895
ITLBOA 5.16E-32 3.24E-28 918
TLBO 8.05 1.17E-2 /
ETLBO 8.17E-12 5.44E-14 1552
3 TLBO-RLS 7.56E-17 1.20E-21 2698
FETLBO 3.14E-31 1.07E-27 2195
ITLBOA 5.05E-32 3.25E-28 1006
TLBO 1.05E-2 8.06E-1 2119
ETLBO 1.23E-10 5.52E-13 1774
f4 TLBO-RLS 2.36E-12 1.22E-15 1520
FETLBO 2.55E-18 3.65E-17 1854
ITLBOA 4.01E-17 5.12E-16 856
TLBO 1.03E-4 2.07 /
ETLBO 2.18E-19 5.41E-20 2457
5 TLBO-RLS 1.73E-22 4.49E-21 2113
FETLBO 3.33E-32 6.23E-21 2549
ITLBOA 1.90E-29 7.07E-29 2013

4. fiRSES 2

K ITLBOA Bid I AR AR5 ALk 456 i L, DAL SR AR 2 SR AL PR 6 77 - K1 X MZHT Sigmoid
BB HUAL . e X REE TR TS j demi i, 1ok A(4) 15 Sigmoid i .
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sig (/)= (1+e) @
ARGV I sig (8 HONRE B B4

) ={1 ;rand (0,1) <sig(X/') -

0, otherwise

S CHR[LTIRIAREE ik, NS T4 AE SR 2805 BBV aA 1L SR mE , DARR S TLBO HFfEIE R i1
Ao WHEBME L WMRMERRLER T T ZBME, WEEBAZYERT N FREE, S0, SR e 5.
HRHEAT(6) [17] [18]0F AT V-4

ErrorRate = FP+FN (6)
TP+TN + FP+ FN

Fort, PP RIR SRR A T A AR AR AN B, PN SRR IEAE AR 00 R R AR ()N, TP R IEFE AR
TA e IE AR A AN E, TN 3R SR AR T e e A A2 K ITLBOA 5% 5 Relief. ReliefF. RF-MI
[19]. TLBO %575 :4E 8 MRS EdiTxf b, ITLBOA FIRIEE K /NEEA 30, BIME A =04, TG HERE
X EE9 200, 8 4 UCH RS B4 156 3, BT MEIEIIISTIZAT 30 K.

Table 3. Information of datasets

=3 BRERER

VGRS FHIE# AL rREH
Wine 13 178 3
Libras 90 360 15
Muskl 166 476 2
LVST 309 126 2

WBCD 30 569 2
Spectf 44 267 2

Table 4. Evaluation of average error rate and average characteristic number
= 4 BUEMFIEREM T IR

Ve S AT SPRIRRER PR AERL
Relief 0.0245 3.0
ReliefF 0.0246 3.0
Wine RF-MI 0.0234 2.8
TLBO 0.0258 5.0
ITLBOA 0.0221 2.7
Relief 0.2647 327
ReliefF 0.2634 32.8
Libras RF-MI 0.2571 31.6
TLBO 0.2684 334
ITLBOA 0.2425 32.0
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Relief 0.1257 63.4
ReliefF 0.1278 62.8
Muskl RF-MI 0.1198 62.5
TLBO 0.1174 63.0
ITLBOA 0.1081 62.1
Relief 0.1045 127.5
ReliefF 0.1026 125.6
LVST RF-MI 0.1011 125.4
TLBO 0.0952 125.8
ITLBOA 0.0926 122.0
Relief 0.0308 4.9

ReliefF 0.0297 5.1
WBCD RF-MI 0.0291 4.8
TLBO 0.0295 55

ITLBOA 0.0084 4.5

Relief 0.1451 11.0

ReliefF 0.1412 11.2

Spectf RF-MI 0.1436 10.6

TLBO 0.1414 13.2
ITLBOA 0.1302 104
WINE dataset WBCD dataset Libras dataset
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Reliet 0.180 - —o— Relief
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Figure 1. Convergence curve of the alogrithms on 6 datasets
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R A BT 2 50 RPN BEAE 2 AN BE AR BRSPS ER R AP YRR R . T 4 Hr s AT LA
B, EFTA SRS E, AT ITLBOA BRI P R R B R /NI, Wi 2 R A0 SR AR AE
EFE A, BB RS L . AR SR AR b, SRAS R O S B e T VR S B
HRHFESD . 7E Wine. Muskl. WBCD. Spectf JL/M#E4E LRI RE-MI BA FREFEAHY, 1L
Tz, BRERIFTHERE. 7E Libras 4 L, ITLBOA E% T RF-MI Jiik, (HEFRFEMRT
HEHE,

B 120 T HANRIRAE 6 DNEIESE St 4k, X B aisRIREL Y AR R IR & B R B
M L i R EEA T LG, BEEIEAREI G, B S IS B R B 3 LR B W I, Fod ITLBOA
HIERIME M5 . ITLBOA 1L 6 MR R B LT HAL =FhEEEMRIT I . WEF T LA H,
ITLBOA REWs £ it Ak b ik Ak Bogdl i sh, e Sud B RAL T H e E L. SRIIE T ITLBOA
FER AR LT oL G AR T RIS, 8 B A 0 ER) Aol AR R it = 3 e A0 ) o 2 e

5. &

R T A EAT PR G I R A FE N RS A B BT S A B R G L],
VAN A i B 0 AR i £ 223 18] MO SIOA BE , I FOR IR AR K RE 0o RIS, 456 FE B RN, T
TR G WA AR, DUHRIR AR AR . e — RIIRISEIRRM], e th MRS B AR
Uf WIPEAS BERN B MR, 38 & SR B 4 L R AL 5 DAL A AT B B DA R, 205 A DI B i 8 i o
SR, B DR R LIS REE AT 0T . B AR GUEALSA IR, TR I N AU R
W2
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