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Abstract

Under the big data working environment, it is necessary to analyze and process massive data to
speed up the efficiency of data processing. The distributed network handles the tasks of the
process by allocating the resources of the nodes in the network and assigning them to different
nodes to handle different computing and communication tasks. Most of the decentralized and con-
sistent optimization problems are based on unconstrained, which means that the initialization
node of each node is empty. In this paper, a gradient projection method distributed method is
used, and a stochastic optimization strategy is proposed. The optimization operation of the local
target and the neighbor values are merged, and the results obtained by the fusion are projected to
the local constraint set. Experimental results show that the proposed algorithm is faster in infor-
mation fusion in dense networks.
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Figure 1. Network topologies with different connectivity degrees & . () Sparse network topology o =0.2; (b) Dense
network topology o =0.6
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Figure 2. Performance comparison of the four algorithms. (a) Performance comparison of four algorithms in a dense
network; (b) Performance comparison of four algorithms in sparse network
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