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Abstract

The Mean-Variance model laid the foundation for modern portfolio selection. In re-
cent years, as the number of financial assets has increased, the efficiency of classic
algorithms for solving the M-V model has gradually decreased. Therefore, scholars
have proposed Asset-Splitting ADMM algorithm (AS-ADMM) to improve the efficien-
cy of ADMM algorithm. This algorithm can be more efficient than the classic ones,
but in high-dimensional cases, AS-ADMM is not sufficiently effective. To address this
problem, this paper applies the extrapolation idea and proposes Partially Accelerated
Asset Segmentation algorithm (PA-AS-ADMM), and proves that the non-ergodic con-
vergence rate of this algorithm is O(4). Finally, the effectiveness of PA-AS-ADMM is

verified in numerical experiments.
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Figure 1. The relationship between the primal residuals and
the number of iterations in AS-ADMM and PA-AS-ADMM when
p =2000,n = 200,e%* =1le —4,e"el = le — 4

1. p = 2000,n = 200,e%° = le — 4,e"el = le — 4FFAS-ADMM
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Table 1. The efficiency comparison between PA-AS-ADMM and AS-ADMM at e*** = le—3 and ¢™® = 1le — 3
#* 1. PA-AS-ADMM FIAS-ADMM{7Ee®® = le — 3fle™ = le — 3% FIRIEITR%

BRI CPU M [a] (#
Algorithm AS-ADMM PA-AS-ADMM AS-ADMM PA-AS-ADMM
p=500 831 418 4.37 2.11
p=1000 968 475 29.96 12.36
p=2000 1193 709 194.38 108.56

Table 2. The efficiency comparison between PA-AS-ADMM and AS-ADMM at e?** = 1le —4 and €™ = le — 4
# 2. PA-AS-ADMM FIAS-ADMM/{Ee®* = le — 4fle”™ = le — 45 F FIIZ 1T

IEACIREL CPU I [ (Fb
Algorithm AS-ADMM PA-AS-ADMM AS-ADMM PA-AS-ADMM
p=500 1212 535 6.04 2.53
p=1000 1389 625 34.82 23.90
p=2000 1270 684 371.08 145.18
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MEBME A E AL = (0,...,0,1,...,1)T, FHBATEEF10 M RIEE, @B R 7 2/
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FHEAT 7100 IRFEHLELES. SEIRTS RIS B R T3 LRIER 2rf . NRAGEUE v LIV & 3, 7E4H
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