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Abstract: Teaching— Learning — Based Optimization ( TLBO) algorithm is a heuristic optimization algorithm based on school
teaching activities, but it is easy to fall into local optimal problems. It has the characteristics of less computation, less parameter
setting, high convergence accuracy and fast convergence speed. This paper proposes an improved Differential — Variation
Teaching—Learning—Based Optimization algorithm (DVTLBO), which introduces a new population updating mechanism over the
original algorithm. In the teaching stage, the teaching efficiency factor is introduced to control students” ability to learn new
knowledge from teachers. In the learning stage, the idea of differential variation in differential evolution algorithm is integrated to set
up a new population renewal mechanism. DVTLBO is evaluated by 14 unconstrained test functions, and compared with other

heuristic optimization algorithms and TLBO, the results show that DVTLBO has higher search accuracy and faster convergence

speed.
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Table 1 14 test functions used in the experiment
—— - — o Bk TR RS AR E31
)3 PRI PIURE TN IS 37 W (S 3V W (= POA % 000 10,30
Fy (sphere) [-100, 100] 0 [0]" PSO 20 1000 10,30
Fz (quadric) [-100, 100] 0 [0]” COA 20 1 000 10,30
F; (sumsquares) [-100, 100] 0 [o]" CWO 20 1 000 10,30
Fy (zakharov) [-10, 10] 0 U TLBO 20 1000 10,30
Fs (rosenbrock) — [-2.048,2.048] 0 (11" DVTLBO 20 1 000 10,30
Fg (ackley) [-32.768,32.768] 0 [0]" : N
F5 (rastrigin) [-5.12,5.12] 0 [o]" 3.2 DVTLBO Eﬁﬁﬁ;fttiﬁ
Fyg (weierstrass) [-0.5,0.5] 0 [o]" Y S E WS BT S R PERE 4 DVTLBO 55
A ot B U i 5 HLA eI ORISR LS, 32
10 {schw - ’ . ' ~ ~ Yy
F|, (ackleyrotfunc) [-0.5,0.5] 0 [o]" 3 FIZ% 4 73 B 5% UE T DVTLBO %ﬁ/f'ﬁﬁﬁﬁ%&ﬁ 10
F |, (rastriginrotfunc) [ —pi,pi] -1 [o]" g&%ﬂ 30 éﬁjﬂjgﬁ? 30 W\E@ﬂﬁ%ﬂﬁ?‘{ﬁﬁﬂ/ﬂ‘@ﬁﬁo
Fia (weierstrassrot) - [-3,1] 0 [0]" ST, 49 1 AT 5 O 9, 0% 1SR R
F,, (griewankrotfunc) [-100, 100] 0 [o]"

i, RBURAERZE R LI R

%3 POA.PSO.COA.GWO.TLBO.DVTLBO 7E 10 4 F#_E 5 E 8 FHEMIRHEE
Table 3 The mean and standard deviation of POA, PSO, COA, GWO, TLBO, DVTLBO on the 10—dimensional functions

] POA PSO COA GWO TLBO DVTLBO
B owm brif2s ¥E bR BE beifE ¥ bz BifE brif2E I Az
Fy o 1.80x107212 0 1.26x10%  1.06x10"  1.00x10'  4.23x107'7  1.73x10™7 4.25x1077  2.64x107%%¢ 0 0 0
Fy 139107 0 1.28x10%>  1.39x10"  1.00x10'  4.23x107"7  8.56x10™7 4.10x10™* 1.80x10"* 0 0 0
F3 1.05x1071° 0 7.32x10>  6.38x10'  5.51x107"  1.13x107'®  7.50x107™*  4.10x107"  2.96x107%%° 0 0 0
Fyo 3.77%10727 0 1.69x107  1.21x107  8.25x1072  4.23x107'7  3.70x10™ 1.58x107** 9.42x107'10 2.61x1071¥ 0 0
Fs 6.27 9.75x107"  4.16x10° 1.85x107'2 5.49x107!  3.39x107'° 6.59 5.46x10"" 3.37 6.85x10™1  7.80x10!  2.21
Fg 3.52x107% 1.23x107"°  1.19x10' 2.91x107" 1.88x107" 8.47x107'7  4.83x10™ 1.53x107"°  4.00x107"° 0 4.44x10" 0
Fy 0 0 2.0x10>  1.57x10"  5.21x1072 0 3.66x107" 1.39 3.65 3.10 0 0
Fy 0 0 0 0 0 0 0 0 0 0 0 0
Fy 0 0 1L.O5  6.74x1072 4.22x107"  5.65x1077  1.72x107%  1.60x107>  1.25x107>  1.85x107> 0 0
Fio 1.20x10°  2.74x10°  2.38x10° 1.39x1072  2.38x10° 1.50x107  1.55x10°  2.76x10>  7.70x10*>  3.30x10%>  1.81x10° 6.01x10?
Fipo3.32x107% 9.01x107'®  2.17x10" 1.08x107* 1.47x107"  2.82x1077  6.18x107!  8.88x107!  5.37x107' 6.72x107! 0 0
Fip 0 0 3.16x10* 1.16x107"*  3.57x1072 0 7.74 4.4 1.40x10"  1.24x10" 0 0
Fp 0 0 0 0 0 0 0 0 0 0 0 0
Fiy 0 0 121 3.58x1072 4.88x1072 3.53x107"7  8.74x1072  7.61x1072  2.27x107%  5.02x1072 0 0
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Table 4 The mean and standard deviation of POA, PSO, COA, GWO, TLBO, DVTLBO on the 30—dimensional functions
F POA PSO COA GWO TLBO DVTLBO
# ¥ bR 2z YiE bRdEZE ¥iE b2 ¥ brfE2z ¥ brfE2z W A
Fio1.25x1072! 0 3.27x10% 2.19x10"  3.01x107" 5.65x107"7  1.22x107% 2.97x107™% 1.40x107'¥ 0 0 0
Fy 9.16x107212 0 3.29x10%  2.25x10"  3.01x107" 5.65x107"7  1.22x107% 2.68x107™% 1.47x107'¥ 0 0 0
Fy 4.48x10728 0 5.14x10°  3.90x10? 4.66 9.03x1071%  4.31x10™ 8.99x107*  1.05x10'® 0 0 0
Fy o1.82x10728 0 1.40x10" 1.71x10'"  3.48x10" 2.17x10™™* 6.68x107'" 3.31x1071" 1.69x107% 6.36x107% 0 0
Fs _8.33x107"  3.79x107! 1.34x10*  9.25x107'2 L.77 9.03x107'%  2.72x10'  7.36x107" 2.55x10'  3.57x107! 6.70  1.66x10'
Fo  —8.67x107"  3.46x107" 1.14x10"  2.48x107"  1.88x107"  8.47x1077  2.16x107*  4.98x107°  5.06x107"  1.66x107° 4.44x107¢ 0
F; 0 0 6.57x10>  2.37x10"  1.56x107" 0 5.71x107" 155 1.88x10'  2.39x10 0 0
Fy 0 0 -7.33x107 4.50x107! 0 0 0 0 0 0 0 0
Fy 0 0 1.08  5.90x107° 5.25x107' 1.13x107'® 3.70x107> 8.70x107° 0 0 0 0
Fio 5.18x10°  8.53x10>  7.15x10° 1.85x107'2 7.15x10° 1.85x10'>  6.57x10°  7.27x10>  4.82x10°  1.00x10°  3.88x10° 2.19x10°
Fip 3.20x107 1.08x107°  1.81x10' 7.23x107!° 3.88x1072 0 1.31x1070 2.92x107!  2.72x1072  4.82x1072 0 0
Fiy 0 0 9.57x10% 4.63x10™3 1.28x107! 0 6.33x10'  3.76x10'  9.97x10'  6.36x10' 0 0
Fis 0 0 0 0 0 0 0 0 0 0 0 0 0
Fiy 0 0 1.35  3.32x1072 4.73x1072 0 2.70x1072  7.63x1072 0 0 0 0
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Fig.2 Comparison of convergence curves of F, ~F, in 10 dimensions
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Fig. 3 Comparison of convergence curves of F, and F, in 30 dimensions
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Table 5 The mean and standard deviation obtained by ETLBO, sawTLBO, VITLBO, DVTLBO on the 10—dimensional functions

ETLBO sawTLBO VTLBO DVTLBO

¥E brifE2: ¥(E brifE2: ¥(E b2 ¥ifE bRl
F 2.84x107'%6  4.27x107'Y 3.01x107% 4.86x107% 3.56x107%° 0 0 0
F, 3.22x107" 5.07x107" 4.59%x107% 1.12x107%¥ 3.50x107%°  5.05x107"% 0 0
Fy 0 6.50x107'%  5.49%x107'" 4.86x107 1.54x107% 4.63x107%* 0 0 0
F, 2.94x107% 3.10x107%7 6.87x107% 1.61x107> 1.02x107"%  3.21x107"¥ 0 0
Fs 1.46x107! 1.38x10™"! 1.90 5.28x107" 1.13 5.06x107" 7.80x10" 2.21
Fg 3.37x107" 1.05x107" 2.84x107" 1.50x107" 1.78x107" 1.87x107" 4.44x10" 0
F; 3.02 1.86 8.57 3.23 1.09 1.52 0 0
Fy 0 0 0 0 0 0 0 0
Fy 2.42x1072 3.69x1072 1.33x107> 2.22x1072 3.82x107* 1.21x1077 0 0
F 7.03x10% 1. 81x10” 8.25x107 1.22x10° 7.92x10? 1.90x10? 1.81x10° 6.01x10°
Fy 3.49x107" 3.27x107'¢ 3.20x107% 1.12x107% 2.13x107" 1.83x107" 0 0
Fy, 3.00 1.22 1.34x10" 4.28 2.55 2.14 0 0
Fi 0 0 0 0 0 0 0 0
Fy 6.77x107° 5.15%107° 1.91x107? 2.92x1072 5.40x1071° 1.70x107° 0 0
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Table 6 The mean and standard deviation obtained by ETLBO, sawTLBO, VITLBO, DVTLBO on the 30—dimensional functions

ETLBO sawTLBO VTLBO DVTLBO
EEA
¥iE b2 ¥ifE brifE2: ¥ifE b2 ¥IE bRl
Fioo 2,66 x107"  1.84x107"  2.61x107° 3.09%x10°%  4.85x 107" 1.06 x 1077 0 0
Fy 342x1072 472x1072  1.68x107* 1.78x107  1.24x1072 1.79 x 1072 0 0
Fy 821x107 1L11x107%  6.13x107% 1.12x107% 2,50 x 107" 2,48 x 107'%* 0 0
Fy o orno2x10™" 193 x10™" 1.23x107% 2,54 x10%  806x107"™ 111 x107" 0 0
Fs 2.38 x 10! 8.57 x 107! 2.36 x 10! 8.68 x 107! 2.28x 100 4.23x 107" 6.70 1. 66 x 10"
Fo  3.55x107" 0 3.55x 107" 0 3.55x 107" 0 4.44 x 10" 0
F; 1.22 x 10 9.07 2.36 x 10" 6. 04 1.25 x 10! 7.27 0 0
Fy 0 0 0 0 0 0 0 0
Fy 0 0 0 0 0 0 0 0
Fig 455 x10° 7.81 x 10° 5.26 x 10° 6.41 x 107 4.70 x 10° 4.22 x 10° 3.88 x 10° 2.19 x 10°
Fiy o 3.55x1078 0 3.55 x 107" 0 3.55x 107" 0 0 0
F,  1.36 x 10! 7.85 4.09 x 10 1.15 x 10 1.41 x 10 5.55 0 0
Fi 0 0 0 0 0 0 0 0
Fy, 0 0 0 0 0 0 0 0

4 ZERIE

ETFFEE S AR o T —2 1k
RRIEBIERE AR T —FRET YR 4L D5 % DVTLBO,
£ DVTLBO 53k b  FEZCE B BERN 4 S B B 5| AL
SEROR I RN 254378 S 10 SEARL 43 ST TR R
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55 A B A R v R B X L S5, B UE DVTLBO
FIPERE, SCEb 45 SR H] DVTLBO HAT &5t fi e 64
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