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Abstract

Particle swarm optimization (PSO), derived from artificial life and complex adaptive systems, has
been applied in the design and optimization of digital circuits in recent years. PSO algorithm is im-
proved by parameter adjustment. Although PSO algorithm has the advantages of fewer parameters
and faster convergence, it is easy to fall into local optimal solution during iterative evolution, which
leads to inefficient use of computing resources. To address this limitation, we introduce an im-
proved adaptive enhanced particle swarm optimization algorithm (AEIPSO) based on Ising model.
It improves the efficiency of evolutionary iterations and increases the diversity of understanding.
At the same time, it retains the fast convergence and excellent global search capability from the PSO
algorithm. Experimental results show that AEIPSO algorithm is superior to other PSO algorithms in
combinatorial logic circuit design and optimization.
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RIS B, i TR IREMRION D, BTN A EERIN C, (1) FUBONI C o (1), AT HL
TR MR, (e S RN B, bR FAR RIS, MR B C, (¢)
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3. AEIPSO B ER THERITHE 2
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Table 1. Matrix input signal coding rules

= 1. RIS SHRAS AL

B2 5 — BRI SR = B (KR B e KA PN
1 A
2 A
3 B
4 B
5 C
6 C
7 L1l
8 L12
9 L13
10 L21
11 L22
12 L23
13 L3

Table 2. Encoding rules for matrix logic operations
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3 XOR
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Figure 1. Schematic diagram of a combinational circuit connection. The INPUT and OUTPUT layers represent the input and
output terminals of the circuit, and L1, L2, and L3 represent three layers with three logic units in each layer
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N2, s WEY 0~1 HIBENLEL, HEUE AR IOEAGIREFENL 7 A2 S8 R F I L% PSO, TIPSO
FERE TR RS, N T A PRI Z R, FCRAMRNSHKE, FASHIER
T WSL[19]H &l K SR8 g i S H0E N

4. CEC E ML s scie

N TP AR SO ) AEIPSO &L 5 HAh R PR AL R M Re 2= 57 . 181 MATLAB 2020a
Xt cec2020 H R FEHEA Ak R B R AR DA BT X SIZ B i) R4 A1 A e 50 8 v A e R AR A 1) A
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DOI: 10.12677/mos.2025.142184 656 e RSE TR


https://doi.org/10.12677/mos.2025.142184

EFHikE, ELI

FHME: BAFIAEDZ Windows 10 (64 £i7), {3115/ Intel(R) Core (TM) i7-8750H CPU @ 2.20 GHz, 8.0
GB RAM.

4.1. CEC £ )5

N7 ey IR ABIPSO Hi% 5 H AL 7E CEC2020 FEAEIL AL R AR EvERERILZE 7, AT
e CEC2020 MR HUER A Bl . Uk R MA G R mE, MISIORE . MK 2RI LU 2%
T L PSR AR B S5 5 T SR Ik RE AT UK, IR B VPR A4S R e 3 s

Table 3. Baseline optimization functions

3. EEMERE

o K 5 R UeS DLtk HAn
F2 [~100, 100] 10 1100
F5 [-100, 100] 10 1700
F6 [~100, 100] 10 1600
F9 [-100, 100] 10 2400
F10 [-100, 100] 10 2500

4.2. SLEEE

N T IR BED SR R IRVEXT SEIR S5 SRR, BA TR SRR I24T 100 2, X100 81T )5,
1153 D B AL B IS AR B A e S 2 R 5 AR SR AR XS b o ek, S RKEL i 3 B 5 AL R
A SEAEDL ALK B B USSR B %, BAHESERIT AR, AR RE B E 6 S AEL, Al REAl
LA RENC R B 1R E Ham iR BUE

4.3. SCIGEERNVHL

MBS A IR E T LI, AEIPSO FEWSUE B I H A B IR R IE 3, HF HAERR F10 24k
() A AR B BB AT ER AT T S A AR AR A S B 7E F10 MR ER 2, BAR AEIPSO HUS A AR 45
HHAWVRMEAKR, EIERHE. SRS, 5HAEZM L AEIPSO HykR I i iFrtERg .
5. A& BRI SELE

T VAl AEIPSO HUE/EA A 2 8 I A e T E A TIPERE , 34T T = AN SEBRa A @ H g AR A0 it
SEEG . IXEESE IO RE— N R IE TR . AN IESR A — AN DU N —Far L

SIS R, @ ST IPSO. PSO Fll AEIPSO — R i 1 3E B FEAH LA K% g S {H(AEIPSO. IPSO)ff#
EARIRE AL, RASGIG AN EL A e ATIAE B - 4 A 2 i e T P

5.1. SCIR@ENTTE

Table 4. Data selector circuit truth table

F 4 WIEEIFSREEARER

Inputs Outputs
A B C Out
0 0 0
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0 1 0 1
1 0 0 0
1 1 0 1
0 0 1 0
0 1 1 0
1 0 1 1
1 1 1 1

DABHE I B 28 B N, BRATAEINA 3 4 BERAIETEE N 2 3@ 4T AEIPSO. IPSO. PSO &k
FEFP 15 H BAR B e 1 4 FE %
FEAR S, RATE R IEmIS AR A1E 50 MR T HA /AR T P13 P6 (1AL B 46 1 2R T

A 2 fror:
0 31 1 0 4 4 0 1
6 5 1 1 0 0 32 6
6 4 3 5 1 4 4 4 1
0 5 7 9 2 0 7 4 8
9 0 8 7 4 9 9 0 8
9 4 8 0o 2 7 05 7
11 3 8 10 1 11 7 1 11
P1 P2 P3
6 1 2 3 20 0 0 3
1 2 4 1 15 6 4 0
2 35 3 31 50 6
8 1 9 7 4 8 7 2 9
9 3 7 8 0 7 9 1 0
0 4 8 0 0 9 0 3 9
12 3 0 11 5 9 9 5 7
P4 PS5 P6

Figure 2. AEIPSO algorithm initializes the circuit matrix

2. AEIPSO B AR 1L B BRAERE

e 5 s, BRI A 10 R TR RER . ESEPRIERET, MRS T ERI IR
RS B i Ay BAE AT AR AL AT ST A e R R AT AR

Table 5. Initial particle energy value of AEIPSO algorithm
3 5. AEIPSO BA#NIa kI FREE(E

P1 P2 P3 P4 P5 P6

Energy 8 8 8 8 0 8

TR A A A T2 R P 1 S A ST R S B R R R S N AR — B AR T AE T
I RERAR, HAAMSE BB AERSHWME 6. £ 7 PR:
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Table 6. Four-input-one-output circuit truth table

6. HmMA—mLHHEEREER

Inputs Outputs

A B C D Y

0 0 0 0 1

0 0 0 1 1

0 0 1 0 0

0 0 1 1 0

0 1 0 0 1

0 1 0 1 1

0 1 1 0 1

0 1 1 1 1

1 0 0 0 0

1 0 0 1 0

1 0 1 0 1

1 0 1 1 0

1 1 0 0 0

1 1 0 1 0

1 1 1 0 0

1 1 1 1 1

Table 7. Full adder circuit truth table
=7 EMIBEREESR
Inputs Outputs

A B C Sum Carry
0 0 0 0 0
0 0 1 1 0
0 1 0 1 0
0 1 1 0 1
1 0 0 1 0
1 0 1 0 1
1 1 0 0 1

DABOR IR 628 OB, TEARSREG T, TIPSO SER PSO BVFA BRI AR KL (07 1 6 B B % B2 (BT 46
REEE D AN 8. 3% 9 PR:

Table 8. Initial particle energy value of IPSO algorithm
3 8. IPSO BIAEANIAKI FREE

P1 P2 P3 P4 P5 P6

Energy 8 0 8 0 8 2

[
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Table 9. Table of initial particle fitness values of PSO algorithm
9. PSO BIARVIA R FE N B (B

P1 P2 P3 P4 P5 P6

Energy -8 -8 -8 0 -8 0

5.2. tARIZEERRITEERE

WK TG R E G, AR IA R i/ NRE R E A OGN EE . SRS, AR S0 1 3 4
P B F N, FERROEAAR FEEOR  AAL B RGE B, AR TR R EOE N T E; EEA
Bl d5 /N B BRI B RO N PR, BlOA B S50 8 B 1 B KB AR KB Ttermax B, HVEFE P BT ISREA &
2k,

PL R & AEIPSO. IPSO 1 PSO BHyAAE A [RS8 Hhod i AR B /3 2 i sSLin 25 . PRSI 45 1 1
RN, AT EE AT T 2R, FH 2 KT T, PSR B RE S (B ISR RS LA .

AR B IS AT A5 H IR BE R A A SO L (136 A2 A DL B P (B A RE B T LB 7 . B
JEAEASC M B 45 H 2 S AT T 1T 35038 IV 5 AR RN e S Bk A B A i i 28 14
5.2.1. HIBRIFIRABEE

1. AEIPSO & ¥::

£ AEIPSO BERIsEG, Ki¥ P2 48t 4 YOk I8 RS/ ae . FOAH R L I an ] 3 s, R
i, P1~P6 K HIREEAE W 10 Fros.

Table 10. Energy values of particles after the 4th iteration
= 10. B4 REKBEHTHREERE

P1 P2 P3 P4 P5 P6
Energy 0 -8 0 -2 —4 0
1 1 5
6 1 3 B
2 25
7 28 —» ) o
A
8 3 0 C
9 4 8
7 3 8

Figure 3. Using AEIPSO algorithm, the circuit optimization results are updated after 4 iterations, and the left side of the circuit
shows the updated circuit matrix iteration results

& 3. £/ AEIPSO B3E, MBMUERE 4 REAKEEH, BERENAEHEHEREMARER

2. 1PSO E%:
7F TIPSO FIERISLH, KT P4 43t 11 ERGIARf/ MR . P4 FHM RN 4 FToR. [
i, P1~P6 KL FHIREEMNZ 11 FiR.

m
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Table 11. Energy values of particles after the 11th iteration
F11. F 11 RERBERFHIEEE

P1 P2 P3 P4 P5 P6

Energy 0 -3 0 -8 0 2

6 3 1

1 2 6

5 2 3 *

8 1 9| —» ) —om

1 1 9 -

1 4 8 e

12 3 10

Figure 4. IPSO algorithm is used to update the circuit optimization results after 11 iterations, and the left side of the obtained
circuit is the updated circuit matrix iteration results

4. KR IPSO B3, £ 11 NEKRERBBRANER, SRR ANZEHEMBEREMRFERER

3.PSO Eik:
7F PSO ByEMISIGH, KT P4 280t 18 VRIEAR J5 ik B d K& N AR, 1 A B K& N B R T P4 Y
R 1) B FELBRAE PRI ] 5 T, i T P1~P6 FI&E M EE(E I 12 B,

Table 12. Fitness of particles after the 18th iteration
= 12. B 18 REKERFHIENE

Pl P2 P3 P4 P5 P6
Energy 0 2 0 8 5 3
I 1 4
I 1 3 A
6 1 O
7 2 8 —_— out
10 1 5 2: ]
6 1 3
11 2 12

Figure 5. PSO algorithm is used to update the circuit optimization results after 18 iterations, and the left side of the obtained
circuit is the updated circuit matrix iteration results

[ 5. KA PSO Bk, & I8 NEAREMBBEMUER, SRERHNANZEHFERBHEERER

S8 PSP AR =R SR 1) 3 L P AR B e A B A RS AR B AL R AR AL R, e 6 P
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“"-H W y
Ry }

—e— AEIPSO

—=—[PSO
—s—PSO
0 T T v T g T T T T T T

0 10 20 30 40 50 60

energy
fitness

0

iteration

Figure 6. Schematic diagram of IPSO, PSO, and AEIPSO algorithm iterative process. Where, the abscissa is the number of
iterations of the algorithm, and the left and right axes of the ordinate are the energy value and fitness value of the particles
corresponding to the number of iterations

6.1IPSO. PSO 1 AEIPSO HRIAREIZREE. H, HAHRAEENERRE, NLITHNERHD A AIEKR
B S REYKLF Y BE B EFIE N EE

5.2.2. PUEIN—¥ BB

1. AEIPSO & ¥::

f£ AEIPSO Hykmseinrh, Rt P6 £id 28 AR Bl /Nae o HAH N (1) LS B ] 7 Fros o
[FIf, P1~P6 Fi1 KA EAH 17 13 P,

Table 13. Energy values of particles after iteration 28
=13, 28 RARER FHIREEE

P1 P2 P3 P4 P5 P6
Energy 0 -4 2 -12 —-11 —-16
3 18
18 1 5 \
I 0 2 )
B
62 7| — ¢ [ )-ou
7 1 6
129 °
10 3 12

Figure 7. Using AEIPSO algorithm, the circuit optimization results are updated after 28 iterations, and the left side of the
circuit shows the update iteration results of the circuit matrix
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Table 14. Energy values of particles after the 39th iteration
14, F 39 REKBERFHIREEE

P1 P2 P3 P4 P5 P6
Energy 0 6 -14 -2 -16 -10
18 1 3
2 1 A - Out
I 5
g8 3 9] —8» °
C
10 2 7
D
7 0 4
11 4 0

Figure 8. The circuit optimization results are updated after 39 iterations using the IPSO algorithm, and the left side of the
circuit shows the update iteration results of the circuit matrix
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Table 15. Fitness values of particles after the 48th iteration
15, 5 48 RIEK BRI T HEN E1E

P1 P2 P3 P4 P5 P6

Energy 2 10 16 2 13 0

3 1 19

5 1 ]

15 1 ka

8 2 7| — IO )

2 210 L7

1 2 9

11 3 12

Figure 9. The PSO algorithm is used to update the circuit optimization results after 48 iterations, and the left side of the circuit
is the update iteration results of the circuit matrix
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Figure 10. Schematic diagram of IPSO, PSO, and AEIPSO iterative process. Where the abscissa is the number of iterations of
the algorithm, and the left and right axes of the ordinate are the energy value and fitness value of the particles corresponding
to the number of iterations
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Table 16. Energy of particles after iteration 33
F16. 33 RIARERFHIREE

Pl P2 P3 P4 P5 P6

Energy 0 -16 3 -12 —-10 —4

1 3 5

5 1 1

10 3 ) ) s

3 1 7 B

7 4 8

1 09 ¢ o

7 3 3

10 2 8

Figure 11. Using AEIPSO algorithm, the circuit optimization result is updated after 33 iterations, and the left side of the circuit
is the update iteration result of the circuit matrix
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Table 17. Energy of particles after iteration 42
F17. ERERBERTFHIREE

P1 P2 P3 P4 P5 P6

Energy —-16 -3 3 —-13 0 —4

1 1 3

3 2 1 A ary

3 3 1

75 8| — 5

8 1 5 ¢ B o

53 9

12 5 10

11 2 7

Figure 12. Using IPSO algorithm, the circuit optimization results are updated after 42 iterations, and the left side of the circuit
shows the updated iteration results of the circuit matrix
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Table 18. Fitness of particles after iteration 57
18, 57T RIERBERFHIENE

P1 P2 P3 P4 P5 P6

Energy 0 12 3 16 8 4

3 3 5

3 1 5 A

1 1 3 ﬁi D sum

1 3 7| —» 1

9 2 8 C_/ﬂ:} Carny

5 1 1

10 5 0

11 2 12

Figure 13. The circuit optimization results are updated after 57 iterations using the PSO algorithm, and the left side of the
circuit shows the update iteration results of the circuit matrix
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Figure 14. Schematic diagram of the iterative process of the three algorithms IPSO, PSO, and AEIPSO. Where the abscissa is
the number of iterations of the algorithm, and the left and right axes of the ordinate are the energy value and fitness value of
the particles corresponding to the number of iterations
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Figure (a). Iterative change curve of F2 optimization function value
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Figure (b). Iteration change curve of F5 optimization function value
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Figure (c). Graph of iterative change of F6 optimization function value
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Figure (d). Iterative change curve of F9 optimization function value
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Figure (e). Iterative change curve of F10 optimization function value
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Figure (a). Data selector circuit average energy (fitness value) iteration change curve
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Figure (b). Iterative change curve of average energy (fitness value) of four-input-one-output circuit
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Figure (c). Iterative variation curve of the average energy (fitness value) of a one-bit full adder circuit
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