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Abstract: Teaching-learning- timization (TLBO) algorithm with fast convergence speed and less parameter,

is proposed based on teaching- ractice. In order to improve convergence accuracy and global search ability of
the algorithm, a Predictiongse’ aching-learning-based Optimization (PSTLBO) algorithm is proposed. First of all,
reverse learning mechani d to initialize the position of population individuals and to maintain population diversity.
Then, inertia weight and accelerating factor are set in teaching phase to improve calculation speed and solution quality.
Finally, in learning phase, three kinds of population prediction mechanisms are introduced in parallel and the individual with
the best fitness value is selected for the next optimization, which improves the global search ability of the algorithm. Through
benchmark mathematical function test, the experimental results show that convergence accuracy and solution quality the
improved algorithm are better than the original teaching-learning optimization algorithm.

Keywords: teaching-learning-based optimization algorithm; predictive selection; reverse learning mechanism;

convergence accuracy
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TLBO algorithm)
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Fig.1 The flow chart of PSTLBO algorithm
4 TEEEMK (Performance testing)
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Tab.1 Classical benchmark functions set

HUENEE R I s I A 2L DA ]
A= Zx 0 oy (=100, 1007
£@=3h| [Tl 0 [or (~10,10F
fﬁ):g(gx,) 0 [o1" [~100, 100"
£, =max, {|x|.1<i<n} 0 [oI" [-100, 100]"
£ = g[mom —X) + 0~ 1] 0 [y (=30, 30"
Jy@)=Yixt + random(0,1) 0 oy [-1.28,1.28]"

i=l

—418.9829 xn [420.96]" [-500,500]"

7= Y ~x sinx])
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DA PR % IS iRt es IS
fi(F) :g(xf —10cos(2mx,) +10) 0 [or [-5.12,5.12]"
£0)=-20 xp(-02, |23 22)
a1 0 [or' [-32,32]"
- exp(;;cos(an, )+20+e
1o~ o532 [ Teost 1 0 (oy [-600,600]
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Tab.2 Algorithm parameter setting
KAR7S FORERLES BB RKE  fRrdEs BiN(272 4
ABC 40 1,000 10,30,50 Limit=200
GSA 40 1,000 10,30,50 Gy=100, «a =20
TLBO 40 1,000 10,30,50 -
PSTLBO 40 1,000, 10,30,50 -
=8 & e
Ta ing results
ABC TLBO PSTLBO
[
b Bk o ik kIR Wik kiR ik
4.5231»""‘ 26915%10™ 1.3086x 107 1.6990x 10 0 0 0
1 26033107 3.5595%107  1.4426%10™  8.0160% 107" 0 0 0
29509107 1.6363x 107 4.9519x 107 1.7935x10™ 0 0 0
6.570%10" 49800107 1.359x107  L2STSx 10 6.997x10™"  3299x10°™ 0
3 AT LSS0 30968x10° 6.0405% 107 LI09x10™ 4.920x10™ 1195 10 0
50 2.9x10° L4x10° 0.2483 10585 3.8499x10™ 1.999x10™ 2214x107 0
o 19.5345 17080 L3SI8XI00 3573100 4.5576x 100 3.393610° 0 0
£ L1100 32010)10°0 2.8798x10° 08539100 2.5298x10°  8.3715x10° 0 0
S0 AI6x100 S.3020x10° L2SMXI0C 3STISXI0 S.959x100 2.726¢10° 0 0
10 1.35x107 TAx10° LIBTXI07 2797x107 L02STxI07 2.484x107 2267x 1077 0
Lo 2.3112x 10" 4,540 0.1639 0.6243 SBB3X107° 0 2.412x107 3429x107” 0
S0 56868 x 10 4.5708 6.3702 1.5815 L8T2x107" 4.044x10™  7.398x10% 0
10 03147 06468 5.4501 0.1397 8.6263 0.4001 8.9278 0.0152
] 59104 100914 29.3619 16.809 28,8857 0.0676 28,921 0.0289
50 54238 50.8057 97.1730 86.8557 489055 00268 489170 0.031
10 1L11x107 4.4x10° 6.9x10° 3.2x107 84516107 4.9538x107  4201x107  3801x 10
] 1.531x107 45107 3.59x107 209x107  9.8062x10"  5.249 %107 3895x10% 3159x107
50 4.589x10" 6.7x107 5683107 1.434 133107 6.6464x 107 55616x 107 4876x10°
100 -4188x10°  2583x107  -1.495x10° 24646100 -2.8148x10°  1.903x10°  -2.7205x10°  3.8706x10°
£ SL277x 100 LES06x 10" 2.5571x10°  4.654x10° -5.2341x10° 4.9057x10°  -T.7928x10°  2.403x10°
S0 -1938'x10' 2423410 -3.4999x10°  6.0421x10°  -6.55Mx10°  4.9397x10°  -LI2SIx10'  1.92810°
10 0 0 3.8803 2.090 0 0 0 0
i3 0.3131 0.4603 20.3303 42268 0 0 0 0
50 7.943 2.7542 49,1841 10.891 0 0 0 0
100 $0120x10™  LI63x107° 22134x107  5.0069x107°  S.ASMx107 14dsx107 8.8818x10™ 0
[0 2T8Bx107 LITMxI0C 5.0999x107  8.5679x10"  6.2112x10™ L80Tx107"  88818x10™ 0
S0 S.8Ix107 3.564x107 5.86x107 0.2230 6.3357x10™ LT0x107° 88818x10™ 0
10 7.6x10° 6x10° 2.61x10° 2.92x10° LOIx10? 1.25x107 26x10° 21x10%
fo 30 1.5x10° 3.9%10° 5.15M 1.7585 14x10° TIx10° 7499107 12107
50 9.8x10° 147310 212607 43975 L1x10° 433007 3e83x107 13x10°
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