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Abstract Few-shot learning aims to use a small amount of data for training and significantly improve model performance.and is
an important approach to address privacy and fairness issues of sensitive data in neural network models. In few-shot learning,
there is a risk of privacy and fairness issues in training neural network models due to the fact that small sample datasets often
contain certain sensitive data,and that such sensitive data may be discriminatory. In addition,in many domains,data is difficult or
impossible to access for reasons such as privacy or security. Also,in differential privacy models, the introduction of noise not only
leads to a reduction in model utility,but also causes an imbalance in model fairness. To address these challenges, this paper propo-
ses a sample-level adaptive privacy filtering algorithm based on the Rényi differential privacy filter to exploit Rényi differential
privacy to achieve a more accurate calculation of privacy loss. Furthermore.it proposes a Lagrangian dual-based privacy and fair-
ness constraint algorithm, which adds the differential privacy constraint and the fairness constraint to the objective function by in-
troducing a Lagrangian method,and introduces a Lagrangian multiplier to balance these constraints. The Lagrangian multiplier

method is used to transform the objective function into a pairwise problem,thus optimising both privacy and fairness,and achie-
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ving a balance between privacy and fairness through the Lagrangian function. It is shown that the proposed method improves the

performance of the model while ensuring privacy and fairness of the model.
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T L-D ik iR B A
# 1 Adult B4 F# GF R (GF&ACO)

Table 1 GF effect on Adult dataset(GF& ACC)
RNF EOR L-D
0. 862 82.5 0. 835 83.0 0. 848 83.1
0.891 81.6 0. 836 82.4 0.901 82.9
0.918 81.5 0. 847 81.8 0.936 82.2
0.936 81.4 0. 869 81.1 0.939 81.7

F 2 Adult 8R4 L EO AR (GFRACO)
Table 2 EO effect on Adult dataset(GF&ACC)

RNF EOR L-D
—0.096 82.3 —0.099 83.4 —0.115 83.5
—0.074 82.1 —0.071 82.7 —0.083 83.0
—0.043 81.9 —0.049 82.1 —0.057 82.7
—0.036 80.6 —0.034 80.8 —0.029 81.7

MR 3 FIER 4 ol LUE 3, ZE W1 46 1L B Be RNF Al EOR J5
BABIFRW, MERSLRm T, 5 A FHER S, L-D Jrik
MYROCR S . 7E WA B3 48 v i S 30 S 1k WY, AR 0 9T 4
LB A A% BT RS 1 A A ST M A E R 1 TR T e A
RO,

F 3 CeleA HHR4E 1 GF R (GF&ACO
Table 3 GF effect on CeleA dataset(GF&.ACC)

RNF EOR L-D
0.720 77.5 0.721 76.8 0.714 75.6
0.758 75.9 0. 750 74.2 0.760 74.3
0.784 72.1 0.768 71.8 0.809 72.9
0.814 71.1 0.773 69.5 0.832 72.4

F 4 CeleA B¥i 4 L1 EO AR (GFRACO)
Table 4 EO effect on CeleA dataset(GF& ACC)

RNF EOR L-D
—0.409 77.1 —0.416 76.2 —0.414 83.5
—0.380 73.8 —0.403 75.5 —0.378 83.0
—0.376 77.9 —0.378 73.6 —0.347 82.7
—0.300 71.3 —0.321 71.5 —0.293 81.3
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Fig. 2 Accuracy of experimental datasets
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Fig. 4 Comparison of DP-SGD and IRDP-SGD on CIFAR-10
dataset
4.3 INERD
INKEAS 2 2] H B 5 B85 42 O8 Mini-ImageNet, F A0 7
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