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Adversarial Generative Multi-sensitive Attribute Data Biasing Method

WANG Wenpeng, GE Hongwei and LI Ting
Engineering Research Center of Intelligent Technology for Healthcare, Ministry of Education,Jiangnan University, Wuxi,Jiangsu 214122, China

School of Artificial Intelligence and Computer Science,Jiangnan University, Wuxi,Jiangsu 214122, China

Abstract This paper proposes a method for multi-sensitive attribute data debiasing.leveraging adversarial learning and autoen-
coder to eliminate correlations between sensitive and non-sensitive attributes, minimize the impact on model accuracy when stri-
ving for fairness.and address the issue of multi-sensitive attribute debiasing. In addressing multi-sensitive attribute debiasing. this
method groups based on the combined values of multiple sensitive attributes,enhancing the fairness of each group’s predictions
by eliminating group correlations with these sensitive attribute combinations. To eliminate correlations between sensitive and non-
sensitive attributes,an adversarial training approach is employed, utilizing auto-encoders alongside networks predicting sensitive
attributes. This training effectively uncovers and eliminates latent sensitive attribute-related information within the groups, signi-
ficantly reducing bias while retaining data utility. To mitigate the impact on model accuracy from striving for fairness and optimize
the balance between accuracy and fairness,a prediction network is introduced. Its loss function is used as a constraint to enhance
the encoder’s ability to extract information,ensuring more precise capture of key information during data encoding and preventing
excessive sacrifice of predictive performance during the debiasing process. Data debiasing experiments on three real datasets are
conducted ,applying the encoded data to logistic regression models. The fairness improvements range from 50. 5% to 84 % ,valida-
ting the effectiveness of the debiasing method. Considering fairness, accuracy.and their balance, this debiasing method outper-
forms other debiasing algorithms.

Keywords Data depolarization, Machine learning, Adversarial learning, Auto-encoder
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Table 2 Experimental results

HAEE Hx Accuracy EOD AOD FATgop FATa0p
LR 0.852  0.1306 0.1765 0.8606 0.8375

DIR 0.850  0.1095 0.1663 0.8698 0.8418

DEMV 0.847  0.0837 0.1763 0.8803 0.8352

Fairway 0.882  0.1267 0.2176 0.8776 0.8292

Adult FTL 0.841 0.0627 0.0878 0.8865 0.8752
EG 0.834  0.1965 0.3400 0.8638 0.7735

RW 0.852  0.0826 0.1280 0.8835 0.8619

Ours 0.853  0.0415 0.0874 0.9027 0.8818

LR 0.681  0.3278 0.3981 0.6766 0.6390

DIR 0.661  0.1264 0.1480 0.7526  0.7444

DEMV 0.671  0.1162 0.1585 0.7628 0.7466

Compas Fairway 0.715  0.2606 0.3658 0.7270 0.6722
FTL 0.649  0.2409  0.2565 0.6997 0.6930

EG 0.651  0.1166 0.1444  0.7496 0.7394

RW 0.678  0,2091 0.2727 0.7301 0.7018

Ours 0.661 0.1105 0.1179 0.7584  0.7557

LR 0.743  0.4001 0.4719 0.6638 0.6174

DIR 0.719  0.3058 0.2171 0.7064 0.7496

DEMV 0.753  0.3328 0.2879 0.7075 0.7320

Fairway 0.837 0.3847 0.1707 0.7092 0.8331

German - -
FTL 0.709  0.2600 00,2403 0.7242 0,7335

EG 0.752  0.3811 0.2868 0.6790 0.7321

RW 0.753  0.3777 0.4175 0.6814 0.6569

Ours 0.764  0.1689 0.0753 0.7961 0.8367
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Table 3 Ablation experiment results

HAEE Vi3 B E EOD AOD  FATgop FATaop
LR 0.855  0.1546 0.2200 0.8502 0.8158
Adul w/o Predict 0.822 0.0430 0.0720 0.8844 0.8718
ult
w/o Debias 0.862 0.1547 0.2247 0.8536 0.8164
w/All 0. 854 0.0557 0.0932  0.8969 0.8796
LR 0.682 0.2546  0.2559 0.7123 0.7117
w/o Predict 0.670 0.1216  0.0919 0.7602 0.7711
Compas

w/o Debias 0.693 0.1472  0.2641 0.7646 0.7138
w/All 0.682 0.1121 0.1487 0.7714 0.7573
LR 0. 700 0.3566 0.2632 0.6711 0.7179
w/o Predict 0. 650 0.0930  0.0526 0.7573 0.7710

German E—
w/o Debias 0.770 0.0956 0.1579 0.8318 0.8044
w/All 0.760 0.0833 0.1053 0.8310 0.8219

.11 BSEMR

ARATXT GG A S R Ly I A B SR ATIGE . A
FA 4 020 S R B A S 6 3 el RO AE A S B BBU(E, Ok
FT A KR RE RS . SCER R E A S EA BUE LB M Lo,
10, 2K K 0. 5. ff ] Compas %5 8% 42 3 17 52 55, 79 2 1o & 2
FER BT 2 L A A8 A 0 HE B 3R, A7 I N A8 A R A
PE LB AR AR RN A I HRUE

N AT LU L B ARG R AR Y o A
REAER 28 S 7 48 8 K 2 TR SRy A BB AR O, 2 SF 1k o e 6 %
B DI S5 5 ) b AR, T A 50 T S0 o v X D A DL B4 5 )
BRSSP PR AR ) — o AR EE A AL A o M
P2 B A, a0 A L7, LoJI  MER PEA D 3 BTy
BN T e B T R e B SO B O Y A AR M 4
T I A S 2 Bk B PR L LA R K A (N & TR T
RIS P o T 2 1 2 S R oA A — A T BT P I B
AR SC Fo A 7 1 T R A A B LGE B A Rl 3 5 R
S-SR

0.70 030
0.69
068
067
066
0.65
064
063
062

025

020

015

010

0.61 005
060

059 0

F2 S TEmEER

Fig. 2 Experiment results of Hyper-parameter
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