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Abstract

To address the privacy leakage issue in the completion of high-dimensional tensor data, this paper
proposes a differential privacy-preserving tensor completion algorithm integrated with the Laplacian
mechanism, denoted as DP-ADMM-t-SVD. Based on the ADMM-t-SVD low-rank tensor completion al-
gorithm, the proposed algorithm introduces the e-differential privacy framework. It first performs
per-slice normalization on the observed tensor to unify the global sensitivity, and then injects Laplacian
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noise associated with the privacy budget £ only at the observed positions of the tensor. Furthermore,
it iteratively solves the privacy-constrained tensor completion optimization problem via the Alter-
nating Direction Method of Multipliers (ADMM), thus realizing a balanced trade-off between data
privacy protection and completion accuracy. To verify the feasibility of the proposed algorithm, ex-
periments are carried out on synthetic low-rank tensor datasets with different dimensions and a
real-world tensor dataset from a basketball video. Experimental results show that the proposed al-
gorithm achieves favorable performance on both synthetic and real-world datasets: when the pri-
vacy budget ¢ is small, the algorithm provides an excellent privacy protection effect while keeping
the completion accuracy within a controllable range; when ¢ is large, the completion accuracy is
close to that of the non-perturbed baseline algorithm. Meanwhile, users can adjust the value of € to
adapt to different requirements for privacy protection and completion accuracy.
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Figure 1. The relationship between number of iterations and convergence
performance
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Figure 2. Effect of tensor dimensions on completion effectiveness
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Figure 3. Influence of different privacy budgets on video recovery
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