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2 (Second-Order Cone Programming,

SOCP) 2 NLP
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Numerical Optimizer(ver. 18.1.0) Intel(R) Core(TM)

i7-5930K CPU @ 3.50GHz 32.0GB

Numerical Optimizer KKT
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[8]

• bfgs

• lsqp

• slpsqp

• tipm ( )

• tsqp

NSDP

• lmsdp Levenberg-Marquardt

• qnsdp

• trsdp

3.1 2
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3.2 3

(R1)

minimize
X,z

〈zX −H, zX −H〉 (R1)
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minimize
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3(m = 5) qnsdp
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3.3

2 3 m

5 2

m NSDP 100%

2 NLP 95%

3 3 NSDP

1 (m = 5) 150

Algorithm Max (s) Min (s) Mean (s) Success rate

lmsdp 0.018 0.006 0.00736 100

(Q1) qnsdp 0.032 0.013 0.01831 99

trsdp 0.022 0.008 0.00993 100

bfgs 0.019 0.011 0.01337 100

lsqp 0.017 0.006 0.00769 98

(Q2) slpsqp 0.022 0.011 0.01388 99

tipm 0.024 0.007 0.00897 100

tsqp 0.022 0.006 0.00927 100

2 (m = 50) 1500

Algorithm Max (s) Min (s) Mean (s) Success rate

lmsdp 11.495 10.416 10.71274 100

(Q1) qnsdp 49.704 20.532 28.15894 100

trsdp 12.706 11.48 12.00278 100

bfgs //// //// //// 0

lsqp 198.757 147.996 158.60320 100

(Q2) slpsqp 2954.226 278.657 1416.37065 100

tipm 749.147 134.293 327.58003 100

tsqp 6904.198 201.220 621.44399 96

3 (m = 5 500 )

Algorithm Max (s) Min (s) Mean (s) Success (%)

lmsdp 0.037 0.011 0.01442 100

(R1) qnsdp 0.081 0.021 0.03731 99

trsdp 0.027 0.013 0.01575 100

bfgs 0.15 0.035 0.04698 100

lsqp 0.197 0.018 0.03189 99

(R2) slpsqp 1.33 0.052 0.19634 56

tipm 0.173 0.038 0.06762 100

tsqp 0.156 0.042 0.06914 98

4 (m = 20 500 )

Algorithm Max (s) Min (s) Mean (s) Success (%)

lmsdp 1.063 0.79 0.91076 100

(R1) qnsdp 11.628 1.39 2.74977 100

trsdp 0.252 0.21 0.22988 100

bfgs 76.981 34.44 40.64131 96

lsqp 166.354 29.27 48.00567 89

(R2) slpsqp 342.134 29.33 102.04708 25

tipm 32.246 4.78 9.31657 76

tsqp 160.911 17.99 40.66889 66
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5

m lmsdp qnsdp trsdp bfgs lsqp slpsqp tipm tsqp

5 100 99 100 100 98 99 100 100

10 100 85 100 99 100 99 100 100

2 15 100 91 100 75 100 100 99 97

20 100 91 100 0 0 99 100 97

30 100 100 100 0 100 100 100 97

50 100 100 100 0 100 100 100 96

5 100 99 100 100 99 56 100 98

3 10 100 99 100 100 99 32 92 93

15 100 100 100 96 94 28 89 90

20 100 100 100 96 89 25 76 66

2 NLP

95% 1

NSDP

NLP

4.

100%

100%

[1] Faybusovich, L.: Several Jordan-algebraic aspects of op-
timization, Optimization, Vol. 57, No. 3, pp. 379–393
(2008).

[2] Fiacco, A. and McCormick, G.: Nonlinear Program-
ming: Sequential Unconstrained Minimization Tech-
niques, Classics in Applied Mathematics, SIAM (1990).
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