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Abstract: Gradient redundancy exists in the process of deep neural network gradient descent. When differential
privacy mechanism is applied to resist member inference attack, excessive noise will be introduced. So, the
gradient matrix is decomposed by Funk-SVD algorithm and noise is added to the low-dimensional eigen
subspace matrix and residual matrix respectively. The redundant gradient noise is eliminated in the gradient
reconstruction process. The decomposition matrix norm is recalculated and the smoothing sensitivity is
combined to reduce the noise scale. At the same time, according to the correlation between input features and
output features, more privacy budget is allocated to features with large correlation coefficients to improve the
training accuracy. The noise scale is reduced by recalculating the decomposition matrix norm and the
smoothing sensitivity. Moment accountant is used to calculate the cumulative privacy loss under multiple
optimization strategies. The results show that Deep neural networks under differential privacy based on Funk-
SVD (FSDP) can bridge the gap with the non-privacy model more effectively on MNIST and CIFAR-10.
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SRSB4 T2 0] J5 S 2 A R R LD, 7E i Ra
FESR T RH T SCHR[6], (H B2 e 75 B BRI AT g
SEINEZ M EMIRZE FEREE N, P3SGDH
EIE e B A, SR TR FE T, 6 S
et Ingn s, (5 R IE WAL 3R sl SR ks FE AR B
T CHR[6] R E L, (HAH LT HAD S A AL .
AdLMB IR A3t ol AR i s i i 77 =0 DA e A 22
Sy BB AL TREL SRmE , (RS N St A 5 A 46 2 4y
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b IEZR R, AR EEFSDPAEME B AN B . ]
TS L BRURL TR 43 O RO B B 3 iR I A AN TR 1
Ak, RULAEIIZRRE BT A 3, Wi4e = 21,

F8.52% . MIRAHLLAE CRR AR, EARCNE
HIM 23R4 T, MNISTAICIFAR-10%04E 5 e ik 5
HIINZRAEE99.3% FI83% ik /& —E Z 1, HIFI N
75 I 2 PR o] TR H AT IS TR AN ]k
Galt) o AHLLIAD B IERE VR, AU RS AR
AT A SeE, RITEAR RIBRFATIEL ) AR
SRS IR W 2 H (R M 7S /N, NG R AN R AR
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