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Abstract

To address the challenges of handling high-dimensional sparse user data and resisting outlier in-
terference in e-commerce precision marketing, this paper proposes an optimization method inte-
grating non-smooth loss, partial sparsity, and partial group sparsity, and designs the smoothing al-
ternating gradient algorithm, for solving. In the scenario without outliers, the solutions output by the
algorithm closely fit the true optimal values, ensuring the solution accuracy while achieving sparse
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dimensionality reduction of features and groups. When outliers are injected, the solutions still gather
stably around the baseline, demonstrating strong anti-interference ability. Experiments and prac-
tical applications on e-commerce platforms verify that this method can significantly enhance the mar-
keting conversion rate in the process of precisely reaching users in e-commerce. At the same time,
it optimizes the logic of resource allocation to avoid misallocation and waste, and improves efficiency.
It provides practical technical support for the fine operation scenarios such as user stratification oper-
ation and precise product selection in the e-commerce field.
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Table 1. Comparison of four algorithms when there are no outliers

# 1. EREENTUMEZIEE

Hik Time Rel-err Suc-rat

g =400, n = 600, m = 800, J = 200, kkx = 20, kky = 14

SAPG 0.182 1.80e-4 100%
SPGL1 0.027 1.14e-3 67%
GCD 1.760 4.18e-2 0%
IRLS-th 0.261 1.91e-2 32%

g =800, n = 1200, m = 1600, J = 400, kkx = 40, kky = 28

SAPG 2.502 2.04e-4 100%
SPGL1 0.269 7.76e-4 85%
GCD 6.916 2.62e-2 1%
IRLS-th 1.229 1.71e-2 11%

g = 1000, n = 1500, m = 2000, J = 500, kkx = 50, kky = 35

SAPG 4.778 291e-4 100%

SPGL1 0.471 9.14e-4 96%
GCD 11.654 2.38e-2 0%

IRLS-th 2.201 1.81e-2 7%

g = 2000, n = 3000, m = 4000, J = 1000, kkx = 100, kky = 70

SAPG 34.820 6.94e-4 100%
SPGL1 1.989 5.15e-4 99%
GCD 43.331 1.53e-2 0%

IRLS-th 11.361 1.79¢-2 0%

M 1 ATRAE . SAPG HIEFER A F4F GCD #ik, {H18F SPGLI, TEAHXTIRZEMHRZ <107,
HRRIIFRWIRAT 100%, LT BUA MA SR I M SR A — @ SE . NH4H ¢ = 800, n =
1200, m=1600, J=400, kkx=40, kky=28 15 N1 SAPG FIE AT AL IR IE 1, Horb (x0,p0) N “H
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Figure 1. Visualized images with no outliers values
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Table 2. Comparison of four algorithms when there are outliers

2. ARBENEUMEZNEE

Hik Time Rel-err

q =400, n =600, m = 800, J =200, kkx = 20, kky = 14

SAPG 0.225 1.37e-3
SPGL1 0.090 1.51e+01
GCD 4.395 3.21e+01
IRLS-th 0.994 2.01e+01
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q =800, n = 1200, m = 1600, J = 400, kkx = 40, kky = 28

SAPG 2.653 9.13e-4
SPGL1 1.007 1.03e+01
GCD 13.695 2.38e+01
IRLS-th 4.557 1.45e+01

q = 1000, n = 1500, m = 2000, J = 500, kkx = 50, kky =35

SAPG 4.936 7.11e-4

SPGL1 1.595 9.34e+00

GCD 22.381 2.08e+01
IRLS-th 7.582 1.31e+01

q =2000,n =3000,m = 4000,
J=1000,kkx = 100,kky = 70

SAPG 35.631 7.28e-4

SPGL1 7.896 6.75e+00

GCD 70.529 1.41e+01
IRLS-th 41.394 9.14e+00

(xo,yo0) and (x*,y*)
' ' (x*y*)
(x0,y0)

* O

_3 1 1
0 500 1000 1500 2000 2500 3000 3500

Figure 2. Visualized images with outlier values
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