AN A I TLRIR
SR, HERRS, ZEEM, R, EEA

FIHASLC:

X5, TRERHS, 2218 ML, 25 A FYERLAR7= T B FE SRR, R R R Ge 74l 2020, 15(3): 578-586.

DENG Wei, XING Yuhan, LI Yifan, et al. Survey on fair machlne learning[J]. CAAI Transactions on Intelligent Systems, 2020, 15(3):
578-586.

TELR )15 View online: https://dx.doi.org/10.11992/tis.202007004

L] RERGBR A HAN SO
Dl Nz sl siflsr -~ Jrikesid

Locomotion gait control for bionic robots: a review of reinforcement learning methods

FIRE RG24 2020, 15(1): 152-159  hitps://dx.doi.org/10.11992/1is.201907052
REHRRGE: WEBHRS SO 2 X T A

Big data 1ntelhgence: from the optimal solution of data fitting to the equilibrium solution of game theory

BIBE R G244 2020, 15(1): 175-182  https://dx.doi.org/10.11992/tis.201911007
KFWE =T MEER 5118

Overview on deep learning

BHER G 2F4R. 2019, 14(1): 1-19  hitps://dx.doi.org/10.11992/tis.201808019
SUCE: T RISEE ) B — 4020k

SUCE: semi—supervised binary classification based on clustering ensemble

BHER G R 2018, 13(6): 974-980  https:/dx.doi.org/10.11992/ti5.201711027
TR 2 2] AT B 5% 2532

Review of deep learning—based video prediction

BHERGLFHR. 2018, 13(1): 85-96  https://dx.doi.org/10.11992/tis.201707032
I Fk—means B SE PR 1C 7017 2

Label distribution learning based on k—means algorithm

FHREFR S 2= 2017, 12(3): 325-332  https://dx.doi.org/10.11992/tis.201704024

REMEARS , RNESHIER


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202007004
https://dx.doi.org/10.11992/tis.201907052
https://dx.doi.org/10.11992/tis.201911007
https://dx.doi.org/10.11992/tis.201808019
https://dx.doi.org/10.11992/tis.201711027
https://dx.doi.org/10.11992/tis.201707032
https://dx.doi.org/10.11992/tis.201704024

5515 B4 3 0 O R & ¥
2020 4 5 ]

Vol.15 No.3

CAAI Transactions on Intelligent Systems May 2020

DOI: 10.11992/1i5.202007004

ATRNEE TIHEGT

REF, FRARRS, B U, R4, £ E AL
(1. BAEMEZXF AR T, @ /A 611130;2. EAME XS HFEFREATELZLET, T&
400065;3. B M2 K5 A aF %, Wil KA 611130)

o E AL E AL S P T, ORI G R AL S, X B A B Tl AR A
ARFXTHLAS 2 LA TR B R 2408k o H FXT A P B B RIS 2 2] A S PR AL ) B B 545 9K Ak T4 9
BB o ASOXF PHENLES 7 2 R GE HEAT TR0, B S AR SO &, LB T i 8 S PR AR AR Y T vk
SRIGTAWE T - PR R 4, X o PP IR 7 A AT T 4307, 422 SR X0 B 09 PR LGS 2 2] S AT A 26/
PO, B Jm A T 2 HT A VAL a2 20 BT A7 9 T i, O Xof DG B [ g8 0 o R PR AT T 8 o

SRR BRI BRI DL 25Tk AEENLER T 5 AP PR AR AR AR BE A s S Ak
FESFES:TPIS]  XEIREM:A XEHS: 1673-4785(2020)03-0578-09

35| A IBET, MERES, iR AL, & AP MM RZEIARER J]. BEREFR, 2020, 15(3): 578-586.
Z& X 5| F1&30: DENG Wei, XING Yuhan, LI Yifan, et al. Survey on fair machine learning[J]. CAAI transactions on intelligent sys-
tems, 2020, 15(3): 578-586.

Survey on fair machine learning
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Abstract: With the widespread applications of machine learning in our society, the problems of discrimination have
caused widespread social controversy. It gradually arouses strong interests in fair machine learning in the industry and
academia. Nowdays the deep understanding of the basic issues related to fairness and mechanism of fair machine learn-
ing is still in their infancy. We makes a survey on fair machine learning. Starting from the definitions of fairness, it com-
pares the different difinitions on fairness in different problems. Common datasets are also summarized. And the issues of
fairness is analyzed. We classify and compare the existing methods of achieving fairness. Finally, we summarizes the

problems in current fairness machine learning research and propose the key problems and important challenges in the future.
Keywords: algorithmic ethics; algorithmic discrimination; fairness; fair machine learning; fair indicator; fair design; fair
dataset; dynamicity
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