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We revealed the method to apply a neural network as a cost function used in
the SA method. If a neural network is simply applied, the placement and connection information will
require an unrealistic number of input nodes. In this study, so we established a method to
significantly reduce the number of input nodes without significantly losing the meaning of the input

data by converting the placement and connection information to a map marked with placement position
and the possibly routed area. Furthermore, we established a method to predict the better placement
by comparing two placements generated from the same netlist by the neural network. Furthermore, it
was also found that the placement performed by the conventional place and route methods can be
improved by applying the SA method using the trained neural network as the cost function.
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NN manhattan NN congestion NN manhatcon
% % % %
bl 100% 55.8 97% 223.1 60% 128.4] 97% 232.4
cmi50a 57%)| 530.2 8% 1175.9 0% - 2% 1429.5]
cmé2a 80% 251.1 13% 551.3] 2% 445.5] 2% 537.0
cma85a 99%) 3422 97% 804.4 92% 828.0 92% 869.5
cmb 99%) 420.2 99% 1004.5 94% 1130.1 98% 1182.7|
conl 100% 132.8 100% 366.5 98% 292.0 100% 377.9
cu 90%) 491.0 40%) 1091.4 18% 1234.9 16% 1302.9]
decod 8% 416.4 0% - 0% 0%
i1 100% 369.3 93% 1062.7 89%) 1192.5 87%| 1242.6|
misex1 23%) 552.2 2% 1127.0 0% 0%
misex2 28%) 993.5 1% 2118.0 0% 0%
mux 53%)| 518.4 4% 1188.0 0% 3% 1410.0]
parity 100% 155.6 100% 519.6 98% 464.3] 100% 539.7|
pmil 81%) 3924 21% 1010.4 5% 1081.2 8% 1119.1]
rd53 32%) 309.9 2% 645.5 2% 610.5 0%
sqrt8 29%) 725.0 3% 1434.3 0% - 0%
X2 74% 460.3 11% 977.9] 1% 1052.0 2% 1223.5]
ODIN 17
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NN manhattan NN congestion NN manhatcon
% % % %
bl 100% 55.8 98% 58.4 64% 154.3 92% 110.4
cml50a 57% 530.2 62% 493.5 4% 1188.0 71% 453.6
cmd2a 80% 251.1 73% 229.8 2% 541.0 59% 218.0
cm85a 99% 342.2 100% 332.8 87% 870.7 98% 328.9
cmb 99% 420.2 100% 386.0 98% 1133.7 99% 418.4
conl 100% 132.8 100% 118.0 100% 332.7 100% 176.4
cu 90% 491.0 87% 426.1 23% 1220.2 T77% 397.5
decod 8% 416.4 2% 379.5 0% - 17% 381.1
il 100% 369.3 100% 310.5 84% 1206.9 99% 354.0
misex1 23% 552.2 40% 508.0 1% 510.0 41% 477.0
misex2 28% 993.5 26% 851.8 2% 784.0 22% 803.4
mux 53% 518.4 66% 469.4 2% 868.5 71% 449.3
parity 100% 155.6 100% 164.3 99% 516.6 100% 245.0
pml 81% 392.4 81% 350.7 3% 1095.7 88% 322.7
rd53 32% 309.9 40% 268.0 2% 454.5 34% 275.2
sqrt8 29% 725.0 46% 628.2 2% 1155.5 43% 600.4
X2 74% 460.3 79% 420.1 2% 722.0 76% 399.8
ODIN 17
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