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Abstract:  Artificial intelligence raises legal and ethical issues or risks when used to automated decision-making in areas closely related
to our daily life. Trustworthy machine learning is the core technology in artificial safety. It is a trending research direction, of which
fairness is an essential aspect. Fairness is the absence of any prejudice or favoritism towards an individual or a group based on their

inherent or acquired characteristics that are irrelevant in the particular context of decision-making. We provide a comprehensive and
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structured overview of three research contents: fair representation, fair modeling, and fair decision-making algorithm. We first identify the
potential causes and harmful consequences of unfairness in data and algorithm processing. Then, we extract the abstract definition and
summarize primary mechanisms for eliminating unfairness. The research on fairness is at its early stage in fields such as computer vision,
natural language processing, recommender systems, multi-agent systems, and federated learning. Fairness is a prerequisite for the
application of machine learning. Constructing fair algorithms has theoretical significance and practical values.

Key words: Trustworthy Artificial Intelligence; Trustworthy Machine Learning; Fairness; Statistical Fairness; Causal Fairness; Fair

Representation; Fair Modeling; Fair Decision-Making
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Fig.1 From “Machine Learning Algorithm” to “Fair Machine Learning Algorithm”
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Fig.2 The Conceptual Graph of Unfair Machine Learning
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Fig.7 Relationship Between Statistical Fairness Definitions
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Fig.8 Relationship Between Causal Fairness Definitions
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DL SCHRIOPV R B0 22 b 88 43 S8 Rk P RN SCAR €0 b v (¥ 5030 AR o A7 78 ff L RBA BV 437 4% B
A7 it P9 32 AL B 5 9 7 V8 e J2E 0% 0310 M 425 A0 1 T 00 A 7 R o R A P SCRRLOM R IR SR 4R R AT AT 25 b
AETEVE R L, FC4R - WinoBias Z:4fE, I 42 BB RECAR 456 word2vec, i i 2 T F0 M (1) 77 125 26 7k
7l o KA A e B L SR T R IAT AR T AR R o 1 O 22 SRR A DK R 13 e e A Al DL 1 2
B E U, 2 AR\ Bl B AR1E 5 b I DU R ki 7 b 2R 0 R 7 B A R R 3 AR g ) T AR AR
R B SR T AN A2 A B R AT 0 B DA B TR N B O DR o3 D B N AR IR RS O T = A PR AR
] 4 R B (i PR BE Bias-in-wat i3OG 4R % R0 L F 10 SR T 1) 1 BRGARL PE L U
S S i DL T 5 [ 10 A A7 0 4%, DA TSI R Pl ] 75 BB L P ) P A 5 40 35 BDCIR] 38 10 AR 0L 43 SCRR OO
TRAR HR N s T A% 18 B AL 28 52 ST AR o (R B R, 4 ol AR N 20000 AR 02 0 30 % g P T B S AR ok o0 2R
A LA TR B A AS AP PERE 52 7R O MT-NLP L BN BIE R A o S2 R 0 B ML 0 B ARE S
AR AT 05 A8 I S A T R A S RN O T BRI A S FR RS B A St WEFE. HE 2200814 2 1
BN bR, N BRI AR AT 0 J e 3 R A R A A ) 9] 4L P 0 A 2 R i A ST M I A
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5 B RMERE RGN A PO ZE S AEHEARAE S b, e 2 s 5 30 Jo 7% Bl 7 A6 2 8041 i 8] £2 4L 7
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HHESTF 32 G0 00 e B VAl 22, B0 P IR T 300 40 e T ot 2 48 I Tk, L AT Ay ot R A AT R AR BE ML)
FAHE 2 3R P B DU PR O 30 P A 2 2 o B8 i 22, BV 7 P P o BL TR S P P o B T B USRI P
ST P AN R O BE AR (5] FRD T b e 7 I 1 2 WSO B B 22 %) Tt TR LG 7 27 30 B (1 B0 vk o 4k SR AR AR T
T, IX PR 52 N A P (). FULTR 530000 FH P 110 DG (RIV R ) WK 8 90 v g 1 5 10 7 o . L P
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R 388 T TG ke R A R R N T AN Y A S 2 SR, AT S TR A S R A DG B
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T i AR A A AT B RN T L —) R R 2 TG (FE 48R 22 BOH AN  XH) o B A R T ) A
S SCRR VSV ot HE 5 250 RO R 22 BRI Ve T A AR AN 20 P A v 4 L R 3L Dy B R ) i) B e
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FEAH ZRAT 55 1 FairCol VLR M B A B 0 25« P 2 (100 T B4 AR DG P RN 4 Jmy B BE A S Mk s 1 e B it
A5 1 RO 28 ST B BEAS P 25 B A AR 2 T R ER RO R T R AR L. FH T S i R E R 2 R IE A
48 22 A5, BT LA FairCo W iH 4% il 23 B 1k 22 8t 5 sh i 45 2 4110 9 S i gl ik 2

o EFEERERGINATPHLEEZE A RRAIE T L B O B B AU, £ B RER R G b SR LS R
PEAM TR B EFEEEFE SIS S AR ZEA TN 2 Faik RARBIRA RS
4 280 FH R RS i Tk (LK R AN R 2 I 22 H AR BB A SR IS A0 1] R A9 A v 2 TR 58, SCRRUS VB 10 Y e A 1
ORI TERE = B B 320 1 R, PRAIE B O 2 5 R L % B Ak R 0 O 22 R AT g /s L 0 it BT 4R 2R 4
SIS PSR (2 22 8 A U 18] 0 B [ SRR it vk 22 %85 ik A 12 901 e 538 1400 2 P 1 L, £of PR 482 1
TR A8 19 5 10 S S 78 AR AIE B AR R ) L, B8 K PR T B2 5 5 R 1) A 22 1 B FENIROLR
FH— ANl 28 71 2 > SR HE 1 25 J2 5 Ak 2 o 2000 4 ) 35 0 i 4 22 Bl 5 IR B S8 BAT A SR EE ok
I KA K i, 8 58 He i — A SR B KA R 58 22 Jily, H At 7 SRR AR R AN R (1 A P AT ok 3R B2 Jih T 3
LRI 43 A 2L 22 5 R A I 25

o BRHCESIMIA PN ST L PR — R SRR T 5T A EAEENSR T, R
AR —AN 2 5 07 AR SR B R 6 77 20 A R LS 22 S B U R @ B Bl & R M 2 A2 5 1)
TEFR 1 £ BUAH SN AL Hh At 300 (O v AR B LA 7 vE A Rt B MU R A R, TR S B A R BB A
i B A5 3t R B 3 B 4 (R 1 R q-FFLI2IE T (0 4% 8 4% ) B 30 27 >0 RS R 4 i A 7 40 A1 (0 A A
i 51NN 2> PP R 2 8, SR A ) 38 2% 450 2 R B T A AR 2R K ) T AR IR R TR
AN 68 /N 1 B 20 A1 B4 7 2, M T S BLAE 45 1 46 T 13 1)1 B AR T AR B TS 2% ) B 8 AF LIV ot ey 75
Ui [4) 73 A7 18 A AR T B BR o3 A0, A B AR R AN 1 06 4 8 AR B, d M AT =52 DR 37 2800
) B R ARG, 7= A R 4T = B 1) /A “F-(Good-intent Fairness) .

4.2 ERBIEEMHEIFE
BHE R A T HLAR 5 ST I G HE A A 28 2 AN s S R — AN IO R
o Adult IEEE Adult FHEECYUR I 1994 425 [F 1 N\ 85 2 20 e b BRI O, 6 7 48842 SRl

1 Dua Dheeru, Graff Casey. UCI Machine Learning Repository, 2007-6-25. https://archive.ics.uci.edu/ml/datasets/Adult
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German Credit F#E £ :German Credit ${¥5 48 4 1000 Kid 3%, &Il xA MA S0 Wil FEHIF
Iy~ A &R A RIS R P A% EoE 4w DARTE F0 2 %45 A s i

COMPAS $(#E 42 :COMPAS # 52200 & >k 15 56 [1 %' BLIE N AR 55 IR AE EL 05 10 3¢ o 17 2013 4
2 2014 AR RIFIET (A N CVGevt3d . JEHR 7 52 A0 COMPAS ARG VT 43 1% 804 £ T LA 98 Fh
R 530 o 2R A0 T ) 5 T

Communities&Crime $#EEE:Communities and Crime HiE 53K 5 26 F 4+ X FIEFEIC R H TG4, Xt
BARLE AT 1990 FEE N AE AL LT HEE. 1990 453 FH LEMAS i & 1 H0EEdE /1 1995 4
BT R A R UCR A0SR % $ds.

LSAC National Bar Passage {3545 :Law School Admissions Council(LSAC)®IREZIHE T 1991 £ 5|
1997 424 2.7 J1 1L 4 A FEE B A . Bl AR S Al i S 4 ol % 7 KiEf i
FIEEIM N F 8ot 2% S50 AR BRI Lo H0H A7 ) BR M AR B 0 1 5 5 VR AR 0 A oG )2 A A
H ).

The UCT Bank Marketing #73%%2:The UCI Bank Marketing ¥4 S50 3 41188 ANMAER) 20 AN@ M X
L6 S 5 — SR A A ERAT WL R B S B (R A o0 L B AR 2 TIO 2% F  1 2 OA D S A K
Tetrad 42 BREAE 5 Yongkai Wu 20147 g 37 PR LSRR, 4 i A7 i T A 471 A= A e o 250, 7R FRASS 78 26
AR BN 3004 22, W DA SR 38 UE A S B2 1 AT S

Diversity in Faces (DiF)&3E 82:DiF £ 4 5052 IBM BIF 52 B Ju il HE N AR BB AR (1 2 7 1 A vt d vk
5011 R AT (WG 2 PV I P A O 42 LB 8 — | T SR A 1 N UG BRI 4 5 05 228 f T
FRECUN kBB, BFKE. WA EE). HEB s mRiE) . B iEEEg . ). ZHR UK
5y ¥ 2645 DIF HUR AR B 75 IR A P 1) N e A 0 B A7 9 oS08k A e iR R

iNaturalist Z(3E 4 iNaturalist 204 457605 80 /5 7k J2 Uk 1 sh i 2 R L B AR 2 4 Fh 43 28, 7T Bk
FEAEA R JER AR 23 2 TE B A AR KSR AP L.

ML-fairness-gym 1j ¥ 5 :ML-fairness-gym!** & Fl 184 @ BRI — 4L 4L 0, FLAR BRAL A% 2 2] Y 11
T E K RS i SR P e B A T A 1 3 A R PR B b K R i sk PR b Rl RE I Y UM E bR AE
ML-fairness-gym [ 5 A A5 3058 T80, 4 B) T 5 Dt A REE SRR A1 5 B, S B
T HIRE TSN

43 AFRUIER

AR H R A H IR 2 P RS D B B AN A1 1 TR IR TR,

1 Dua Dheeru, Graff Casey. UCI Machine Learning Repository, 2007-6-25. https://archive.ics.uci.edu/ml/datasets/statlog+(ger
man+credit+data)

2 Compas-analysis. Data and analysis for 'Machine Bias',2016-5-21. https://github.com/propublica/compas-analysis

3 Dua Dheeru, Graff Casey. UCI Machine Learning Repository, 2007-6-25. https://archive.ics.uci.edu/ml/datasets/communities

+and+crime

4 Dua Dheeru, Graff Casey. UCI Machine Learning Repository, 2007-6-25. https://archive.ics.uci.edu/ml/datasets/Bank+Market

ing

5 John R. Smith. IBM Research Releases ‘Diversity in Faces’ Dataset to Advance Study of Fairness in Facial Recognition Systems,
2019-1-29. https://www.ibm.com/blogs/research/2019/01/diversity-in-faces/
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Table 7 Fair Modeling Task
RT AR T A

THAR ZRREW  ZRER
InterpretML v x
Al Fairness 360 Open Source Toolkit v v
IBM Watson OpenScale v x
What if tool 4 x
Microsoft Research Fairlearn v v

o InterpretML:InterpretMLP'U& AR IF &« T I 25 AT AR AL 2% 2 ST A28 R S8 G M A 1y 9 T2 LA
H.E T Explainable Boosting Machine 5y fifi T 45 5 50 0% v, HA o] il B4
e Al Fairness 360 Open Source Toolkit: Al Fairness 360 Open Source Toolkit!?' &ty IBM B 52 Bt 7T & #
ALY R I IR TR AL BT R TENLER 2 S B R Ay AR R A . RS AR AR LA S SRR
WS AT A O DU, FE A 5 22 P Al 222 Ao U AL o) R0 Al L % M8 R0, 1B R SR I SRR I 90 M\ SR EE HE ) B 4
NJTRIFE . BT IR Z0H S5 4k sk b,
e IBM Watson OpenScale:IBM Watson OpenScale? R 5 Fl1 & 2 47155 2% S 1y dan &5 31, e VR ek AN =%
FERE R (PR SR RN 1B 4T 7 T AR AL 28 2 STRE B N AT fdRE H5 3. 55 #F, Watson OpenScale 8% [ 4
b JE AR LA 2% o) R dn A g . A8 A AN AT I, Ak AT DL B ER IR B IS AT IR B LA 2 S BRI B
BB A B R I R AT R
e What if tool:What if tool’/Z ¥ AT JF K i, H A2 41t &) T (58 4 10 B8 0 5o B8 0 R BRI L8 2
SASERY () AR AR % 1 A] X s 0 BT AR, I T AL 4G R A, T DL B B DA S AR 77 A g s ] 9
TR, U EE T SUE WA R e T iR R s &R & A T D fe SR gL B
LR 7 2%, 88 ok T AR Ak S T AE S A R LS 2 SO R T A TR A R A
e Microsoft Research Fairlearn:Fairlearn* . 5 0 iF N T8 68 R4 K N A WAL H R G 00 A P4, 9028
FEE W 5% B AN A T 7] J. Fairlearn W] BA LG22 /AR {5 Tt ol AN () 2 =) B0 R AN [ 28 fige 07 2 AE il R A
iy
WA AP HLER 5 2 HE T DAV B B 3 5t P AR TE B 0 AN AP ELG H B = A PRI RER . 0T R A
V] PR R AT, DA ASE FL e A B TVt A B A B RO AR A A AN JRIRGETE . N S A B AU, TT
LS B U UE L3S 2% o3 SR A Atk ol A A P AR TN T B AR — B AR S AT LS B AR AR R A T
BN, B BE BT 7 91 N AP I R A, B S bR s L.

5 REMARFGME

IUAT WL 27 S BEE (K 2~k AR e T T = A 1) (1) R AT AR 8 P P 0 SCHR L B 9 ) 2% 1F 5 (2) 1k PT e 0
A7 0 R BT 2 B8 B TR B (3) A LA 5t DASR v I A 2R Al P2 RV A P LA 2 ST T T 2 AR TR H
FURCR B H BT FC I Ak T+ W1 B B, M IR A7 L 0 £33 A e 14 1) LA B ke, B0 43
(1) FROEHE SR 2T E X
T8 LA 5 ST SAEAS AT IO SRIE AR 26 2 LA O, AN A i 22 X0 AN 1 3 B SE A RE FE AN [R), HOR 1 75
B AT BRI 55 23 HF, AN R i 22 1R x5 s AN LT R N SR I SR B RR A 22 57, 0 AR T N Y
APEE SUSCA R KB E RIS AL XK.

1 Al Fairness 360. 2018-8-23. https://aif360.mybluemix.net/
2 IBM Watson OpenScale. 2018-10-15. https://www.ibm.com/cloud/watson-openscale
3 What-If Tool. 2018-9-11. https://github.com/PAIR-code/what-if-tool

4 FairLearn: A Python package that implements a variety of algorithms that mitigate unfairness in supervised machine learn
ing, 2018-5-15. https://github.com/fairlearn/fairlearn
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