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Tab.4 The benchmark dataset used in the experiment
YGRS FEAR RN/ A FRAEEC %L GRS FEAR RN/ A FEAE AN B
BirdChicken 40 512 ToeSegmentation2 36 343
ECGFiveDays 23 136 ShapeletSim 20 500
Gun 50 150 Herring 64 512
MoteStrain 20 84 TwoLeadECG 20 512
x5 LTRER
Tab.5 Experimental results
(ER7S
FETE S
LDA PLDA RSLDA SFLDA DC_SLDA
ARAETER (67.03+114.31) % (76.73+21.12) % (78.434+14.88) %  (74.62+8.61)%  (82.47+7.48)%
BirdChicken LER (IR 512 131 262 107 234
YN RFERT /s 0.003 2 0.002 8 0.036 0.062 6 0.018
RUWERR (75.37+£7.46)% (78.26+18.07) % (88.72%+13.53) % (72.56£17.96) % (87.20+10.39 %
ECGFiveDays — HRE 505K 136 42 91 50 80
Y ZAERT /s 0.004 6 0.000 7 0.003 1 0.000 7 0.001 2
IYRUERER (62.41+12.18)%  67.1343.97)%  (74.02+£16.23)%  (77.14%6.39) % (72.474+18.83) %
Gun FENE A% 150 24 97 54 113
YIZRFERT /s 0.003 2 0. 000 6 0.011 2 0.002 1 0. 000 8
IYRUERIR (75.29419.32) % (74.53+£18.68) % (84.27+29.11)% (87.28424.63)% (89.33+6.21) %
MoteStrain FEAEEC X 84 42 57 50 53
YIZFER /s 0.000 5 0.264 1 0. 006 9 0. 000 8 0.000 8
SRR (62.36523.18)% (58.24413.31D% (64.27425.31)% (66.67+E7.33)%  (70.41%6.34) %
ToeSegmentation2  FRAEF %L 343 120 63 74 56
YIZRFERT /s 0. 003 0.001 0.033 1 0.052 5 0.004 9
ARAENER (73.50423.97)%  (95.89+2.92)%  (74.62+8.49)% (78.32423.83)% (74.31414.23)%
ShapeletSim FRAE A BL 500 66 23 50 30
YIZRFERT /s 0.001 6 0.002 5 0.049 7 0.012 4 0. 006 6
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LDA PLDA RSLDA SFLDA DC_SLDA
IPRAERR (60.72H17.00) % (53.98+4.12)%  (60.94+12.21) % (63.98+21.42)% (61.29+11.49) %
Herring FEAE B 5L 512 143 255 179 227
YILRFERT /s 0.003 0.002 6 0.036 2 0.001 5 0.004 2
IUERGR  (56.43+20.84)%  (91.2345.32)%  (67.42+31.43)% (65.00£23.48)% (73.27+20.38) %
TwoleadECG  4FAF B %4 512 459 503 421 485
YIZRFERT /s 0.001 4 0.002 4 0.009 4 0.014 4 0.003 6
-1 o Ay 2 66. 64 % 74.5% 74.09% 73.19% 76.34%
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L, Norm Sparse Linear Discriminant Analysis Based on DC Programming
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Abstract: To address traditional linear discriminant analysis”’s insufficient robustness to noise and poor generalization performance on
high-dimensional datasets with small sample sizes (i. e. ., where the number of features far exceeds the number of samples),
literature proposed robust linear discriminant analysis (RLDA) and robust sparse linear discriminant analysis (RSLDA) , along with
an ADMM-based optimization algorithm for solving them. However, this method lacks convergence guarantees and fails to converge
on some datasets. Based on the structural features of RLDA and RSLDA, an improved optimization algorithm DC_SLDA based on
differences of convex functions (DC) programming is proposed. The algorithm transforms the original problem into a DC
programming problem through DC decomposition, and then applies the difference of convex functions algorithm for iterative
solution. The algorithm proposed not only has convergence guarantees but also features closed-form solutions for its subproblems.,
which significantly improves the training efficiency of the model.
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