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T —FAFH ARG EFRRED R 17 CH BB aS CIEEMERF.
([EE S TII LR RS,

. AUSHBEHOETE, ZONRICEYUT1 TBEOERNAEIMEEIN. I ERICEIATHERE,
WENTBAFEE, BRLEEEGROETICED TR RS STEMIC
Step3 = FETALEECEHBLEVEA,
(117 B MBS LO TV AICE > TRES NS ENRS LA,
RIENAERTOREL 5155,

(BE)B—SNEERCIIB<LEAS EICERDRNTEADELEN G DEAANDIILRE &5 ([CRENRER T
REVRARICED ARG EE EREEH. AR L VWS RISV DI TIHIEE LR EET D
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« ERULZATEZERIE T SHDFEFEHFET 2. HICHRADZVDEK FIRIFRIICHITDRFE

BRETIVDFEFETH D,

CORENS, MFFZIICBF BTN —TEOAFECEB U ATAES L OFEFEC OV TRHET
3. K510 AIBERRS D548 (BTALIE, S B, HALE) [CE DS, ZNENMHT 3.

| nEsmconEx—y

| APt REL AR EF 0 NS

« FEEOPRFEHR TN QFRAFZERLET DM &LV52D
DEICKTFRTET D,

s TNOHEICVKDON DI THETT DN AENZVEDIFH !
BDRDICKBDRNERETIVDEETH D,
AN k] IND3R Bl
F—IEIYRD | F—HEYIRTRATELRS TS
FAED FAFEDODRH | T =TT —9ZRMT D,

R =L EFILDSRAERE R E ]
FAFEORM | 5,

EFIIFEEDWBREICER U
RIBESRETD | 48, siLEE(pre-process)/ZF&EH

PRED 54 (in-process) /%2 (post-

FhLE process)ND3DIZKE,
(DR . . _
EFILD BEIDIETIVHARVUBD YR VICEK

D08 ¥ / [BF / OSREIVIT
(BERUFER) / BiR - TFANERK
/ HEBRE,

F8) 925 TOHNE

Kamishima, T. “Fairness-aware machine learning and data mining.”
https://www.kamishima.net/archive/faml.odf =% &(Z/ERL

HaSEk

B

ISR

EFNELETBHIC, /L N\
oI T4« TRERT g"’ 0=
FAFNRRD LS aed

(= P.17THEER) ST —% = i
EFILDFEBRIC EID o ATERES
FATERT &S o A>T

7 EEE

REFIZEMT T, Al yv EFINESE
(= P.16 CHRER) Zo-»X

%
TR

YWEHEFILDLE D | ap [ A
Nt oT1TEE P TR
G IVAR AN Eg @ TR TR
BESICHHE it R

G PATTHR)  apresmessschnswn SR
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€

)

Il

« FERICAEEEZRT FELE —RICHEEN S BEELATEREZFVLANIVTHILTSENT

SO REEDEEICH U TENAENEW,

« — A EFRRNICIEETIIVOBEGIIR7Z IV TV XL) CEICERICEENRETH D, dIfEEAETILD
ARV TGHETERW(ET I EEONSIIIRT S5aICOHBRAAR)XE BESICERIT S,

| sin—z0F

|sstmnymic L3

SiAIR—2X (Prejudice Remover*')
« FERICEREICINMZITAEHEZRE DEMMI T ZHmEIL,
. BRI EICEENNE, mfin Err(f) + n Unfair(f)

FHPIR—ZADIARMEREEFENDRE
(Exponentiated Gradient Reduction*?)
o NEEEEGEHTER)NA—EURE R D8 TirER/IME.
mfin Err(f) s.t. Unfair(f) < g

 DAEBEFE S INEMSFIERLS,

| [EETEY/ N T DIFE DB E2AEDERAENZHEDHRARL U N&L\?’
./EUtﬁDTL\%%A THEZETMRAETFRAT IR NESE<E

_____________________________________________________________________

2. FROIRNEEREFRG VTV
BHERECIIMMEEF L)%=

FEoTTRRBRZIR(ZTTILD YT EFIVEH
TEFLELTEM) EHORE  GEN)

3.URRE T LELZ#HRYIRT

e’

BOEEY/ N1 7 ABRZ (Adversarial Debiasing *3)
« FAERISTYT1IBENEHETCISRVLSICTDRIE

TRRAFMEZEHD,
FRIZR (NS XIW) [ETFRREEZZH DD, FAlERI ST Y
T1 BRI NV TFAEZ DT DL I ICHIRT D,

o« EEVHIBIZR (/XS XSV [EFRBEDOE ALz TFRiEN S Y

T1IRMEzZHET DL IICEHIRT D,
SEOAPRAZIENKRE VR EFRNED DHICZEN HNILEK
XHIBIBENFAEN ST TREEEHE TS . B%
R (& BOTHHIBIRAEHE TERVRS AT THD,

TRAREZ=605 TRERNSBEEHET D
L7.y) L,(22)
Predictor - Adversary
x = Weights: W Bedng Weights: U [EHEAR] %3

*1 T. Kamishima, S. Akaho, H. Asoh, and J. Sakuma, “Fairness-Aware Classifier with
Prejudice Remover Regularizer,” Joint European Conference on Machine Learning and
Knowledge Discovery in Databases, 2012.

*2 A. Agarwal, A. Beygelzimer, M. Dudik, J. Langford, and H. Wallach, “A Reductions
Approach to Fair Classification,” International Conference on Machine Learning, 2018.
*3 Zhang, Brian Hu, Blake Lemoine, and Margaret Mitchell. "Mitigating unwanted biases
with adversarial learning.” Proceedings of the 2018 AAAI/ACM Conference on Al, Ethics,
and Society. 2018.
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> IR RS — ALATH @ B A e i
= 2.1.7 DEBHBNETIVOEE (ALFBESHE : gIALIE / $20I8)

« AL, BRUIEASIFESRICEARGC<ERATET 2R CERZEEDILL,
. BHMBE: EAMICT —SICRET BRATRERET BN THY ERATIEE DRHEAGEL)
¢ BIBE ML TS VR ETSYIRYIZELTRA DA TRAENE,
lanEcsrass | snmicsrzss

Disparate Impact Remover*1 Equalized Odds Postprocessing*3
. BEHENTH P TAMDER) i (@l 1 * HHEAYXEZERTDHOICHEATRNIVEERNICEET D,

M7« TR B TER) [BILITFOREE (0, q) E5F<HETS

B CELUT B EDICHRE(TE Bt tf—‘ﬁﬂﬁzl' W AEERTES .
U RIEA T DIRAIIEERTF) o R watﬁzﬁ%ﬁ%@a&zmﬁzeﬂu
¢ CNISKY Disparate %LQE

Impact (FERALFHE)HE oo : , L e DEIETHIE TR qUFﬁZE%,HIJ
5}52;\- n% o e Hypothetical SAT scores 0 E %lk- XE

__________________________________________
*1 Feldman, Michael, et al. "Certifying and removing disparate impact.” Proceedings of the 21th ACM ) M ) o ) -
SIGKDD international conference on knowledge discovery and data mining (KDD). 2015. *3 M. Hardt, E. Price, and N. Srebro, “Equality of Opportunity in Supervised Learning,” Conference on

Neural Information Processing Systems, 2016.

FairGAN*2

i I ifi ion*4 ﬁéB'JZ’j
. EF G5 ANEL. HOEUY miers] [@meo Reject Option Classification ) Do
F1 TR EHRI TS RVL ey | @Ss=D © VIMBRBED SN VERN TS TR -
SBT—H (x,y) EERTDER £7-5 = s BVWTHEFBE(Y - 0.5] < ) DFREL Q 0.80%
%EG&: %T 973‘3:')73‘#”5”3’ ﬁ]}%jb |Dlscr|m|nator‘ Discriminator ¥|JE|J DVT%jﬁ'rEC t(c_J—.E{ﬁ'J{,E\U/%@MEU[;FUUO ? O 70*
SHBIRDIS L USEHIRI S S Pdt(;;;[s)_/l\‘};;;;;;)] BT RERI LA X~ (GE)] , 20>
RIBFD2Z R ICEIR T Do T p12D2% :75@0.57&%%1@:?5&@&%@1&(:1%5: A 0.45%
" - N " e | Eegon ZCT, AREEURV04LUEEBETEC. L | 2 0.40
i@ﬁ?iﬁ% f;f%isz e BIZTY @m0 6L L EENTRICTEE KEID! & 030
7 MR DA e T = NIDEEFRERY, NS URAENS 2050
EDTL‘%K%Z‘DTL%O ) Protescted NP:‘ _______________________________________________ a )
*2 Xu, Depeng, et al. "Fairgan: Fairness-aware generative attribute olse *4 F. Kamiran, A. Karim, and X. Zhang, “Decision Theory for Discrimination-Aware Classification,” IEEE
g?g%rasg'(aéigeé"z;’gisl-éE%?;%%;EE International Conference on S (BT 52 International Conference on Data Mining, 2012.
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2. BB — ATATME
®2.1.8 AFERHBETIVDZEFEDMERELLER

« RERHBIETIIDOFEBFEC EIC ERAER TRONSBEEATEERISEVWN RSN D26, E
YRFERERIRTDIVEND D,

» IBMHOMFENZEINIE BEIEZ<DFETRIELEVWD ATEERICIHEVWVNRR SN Z. T—5F
YhZEICLODTERDID SEFNLEARE LT ORUIB(ICL SFEIBETHD—7. UIEUIERE
EETEH D QRIBES FUOFEROFEIIKREEEHELEVNZENRZ W, 5FlllldEmC 1= S8,

*1 Bellamy, Rachel KE, et al. "Al Fairness 360: An extensible toolkit for detecting and mitigating algorithmic bias.” IBM Journal of Research and Develooment 63.4/5 (2019): 4-1.

| tiaetbaBI(Adult Census IncomeF—9twh, £UY71 TBIE: ATE)

ST st @ LR,Re-weighing ® LR.Optimized pre-processing @ LR,Disparate impact remover ® LR,Learning Fair Representations
AIALEDF RF,Re-weighin RF,Optimized pre-processing RF,Disparate impact remover RF,Learning Fair Representations
Ny «+ | @ NN,Adversarial debiasing || @ LR,Equal odds postprocessing ,Calibrated equal odds postprocessing ,Hejecl option classification BAIED
FERDFE LR,Prejudice remover RF,Equal odds postprocessing RF,Calibrated equal odds postprocessing RF,Reject option classification FiE
208 : 08 08 08
8 | i i i i
. 5075 s > i 0.75 e ® ! 0.75 —— e - i 0.75 R !
/\473 § 0.7 i 0.7 i 0.7 i 0.7 i
HEFEZ - i — | —— | —— !
8 2 0065 : 0.65 ] 0.65 1 0.65 ]
AR § | ! : :
E 0.6 i 0.6 i 0.6 i 0.6 |
0.3 -0.2 -0.1 ‘I) 0.4 0.6 0.8 ’ 1.2 0.2 0.1 qI 0.1 03 0.2 -0.1 0: 0.1
Statistical parity diﬁereno:e Disparate impact | Average odds differg¢nce Equal opportunity difference
> 08 | 08 : 08 : 08 i
@ ! H i H H
§D.75§ —a S E 0.75 EEPEN > : 0.75 —gsts - > i 0.75 —gets P ﬁ?_
i@};ﬁ% _g 0.7: i 0.7 i 0.7 i 0.7 i
go.ss; —ti 0.65 q: i 0.65 —'F 0.65 45
E 0.6; E 0.6 E 0.6 E 0.6 E
0.3 -0.2 -0.1 0 0.4 0.6 0.8 1 1.2 0.2 0.1 ] 0.1 -0.3 -0.2 -0.1 0 01
Statistical parity difference Disparate impact Average odds difference Equal opportunity difference
OIS W EFERTIRRE TSEWEERTIREE OITIEWEERATIREE OITE W EENTIRRE
(a) Statistical parity difference (b) Disparate impact (c) Average odds difference  (d) Equal opportunity difference
=. °l | == [z 5 w7t " G [T A
FRETHII )T 1 (FERATM) H5iE Al X (R \A 7 R) RIS (T 1
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2 £xfiEhm - fRe — XAI
®2.2.1 AlICEHITBEARTREMEE (S
« AIEERICHEVTE I THDIABNAIZERUBRRTE S ENER, KIS ERVCERGE
DHEHREEN KT VFEIE TE XAIGRBFREEAD BB EE LD,
« HHEICHAR AV DIREIFEEATHEY . TENOADTLICEVWTERFREZEZS5N S,

| XAl mEe | mris TR SN 2EB@EE OBIR
o AIIZESRE THD—7. FHIHIRTREALZ BRI CERBA T 4L o AIANFTURIZEATIIRFCHARS1 U DiET, BlehEA T
CENBN(TS YRy ZPE), BY . EFILOUZITED. V27 LAOERE. F—5. 7T
. ZORH. AT MDA VG (ERE. 25 108 ALZFOEREDRD SN TN,
FBALER T, 1—FHAIEEET 3201 AIOSEENE - EFILOURITECLE &R BT 375, XAIMNE
BRI CH 2 ENERIND, BEEnN3.,

- 1—9THDAEDEER. AIDHEAZEBIELRZY. WEERIICHEE SEATERR ) 2 VI EFICBHET SIRFICHA R 51241
ELIEY I BFRIC, B AREREEBEL TIT O E T KUK =408

FICDENB, : -
EUD—iRT—91#EHRBI(GDPR) “1TIX. BEEBDOEAA

= DO P ICED<ERRENAIZIC LS TINLIEE. 7
B Al SR DRBIEEETY EU GDPR  OREICEET 3BMIEMESIBERNTZING S
A y “ — O E PO REREICET 3. B (SRR
Tk — " FETIN? HEREINTS,
el Lk e ORUSHA o - BADQSRFNARLTNBIEFIL-UROERICET
s L.z 2FRALIR021E11/) 2TE EFL-UROEBHIC
RUETEOHT T IR T A wmomg o | EETSCLEERELT EIMATAMNGDONS
. Al : O al T EHOREIBEERLT S, EFILOYU R IEHES .
BETIN? [ N HRTL T2 2O EBFER RISHIRFTN S,
—— *1 EANERFREZSST—RT—YREHRN(GDPR)DEXY] (IREBAEER)
= " https://www.ppc.go.jp/files/pdf/adpr-provisions-ja.pdf
L CYANESERY, *2 SRFTETIL-UR OB ET BEA

https://www.fsa.go.jp/common/law/ginkou/pdf 02.pdf
© 2022 The Japan Research Institute, Limited 1 9 /44
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2 FEEIE- AR — XAI
®2.2.2 MY _LEIFBXAIE

« XALIXKAIET ILDOZEFHZ NEICEBRLOT T IETIVOFETHY . SREAXNRPEZ AICIHU Tk
RET7TO-FDFENARBRIN TS,

« COUR—FTIRRARERHNRFEEVTCTETIVERZRERUCTWVWETIVE T D7 TO0—F (BFFRAl8E
TIU) ABADERZERI{RIE T 27 TO0—F. TSV IMRYIRETIZEFERUCTVWET IV TEUT
57 JO—F(Surrogate Model). RIEERGT U TIVTCRIBRZEIC D —RN\vOE5Z25770—F%
Y 7%, £zB8BT—2(CHFDFEERY LT3,

FiEg S8
SRIRETAEE T L f;f’;éﬁ"% . BERCEEARESIVEEDTEN S, ABICERLOT\HRNATE,

FEEC FREDRERMEZERRILT SFE.

o HBAULEVWETILERRUPCTVWET IV GERT DI ETHRATFE,
Global/Local Surrogate Model « EFIL2AEZELUTDFEZGlobal. BRIDFRIC &(SEMET DFEZELocal
Surrogate Model] &M,

IEEIETIVIC X BEBARTRENME

(GuiesaE el LIME + LocalZSurrogate ModelF &, SN RDT—YDELIISEEULT. E7ILD

RSFENEEUT D,

SHAP + LocalZSurrogate ModelF &, AT —LEBRICEDVT, FRERICHT S
B~ DRFHENHFSESVWEETE T,

: « Counterfactual Explanationsld. EEEEQRDILXIUV\VERZELST LI
REYUIVCkBHEREE  Counterfactual Bxplanations/ oLt T ERIAL CEBIERIT 5 T4
: « Adversarial ExamplesldETFIVERRT SO RMUNREILEINZ =T TILDT &,

E{RT—5ICH1TDHBARTEEREDHE  Saliency Map - BERLAEETILOFRICHTEREICINDEREZAIRIET S,

% Adversarial Examples($&ifAragtE BaiE LizFE T3 LAY Counterfactual EBEA S 27zhENETERY LTS
Christoph Molnar, Interpretable Machine Learning, https://christophm.github.io/interpretable-ml-book Z&&(Z{FEL © 2022 The Japan Research Institute, Limited 20 /4_4_
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2 SRAiTEI - BRE — XAI

= 2.2.3 RIRATEEETIV

» EFIVOSEAED S ANFEEE FAEDBIRD BRI TH 3 ET VDI & HHERPREAR
RENTRNTH B,

« HHEIRFETHHD STRERFIAFICE O TERELUPT < BEUVRVWEZE I AIREENEL,
BEIVELZEGRZEEZRITIBHICHEVWTIIMERAELTEREZZS5NS,

Iﬁﬁﬂﬂ% I&E%;
. AR CIIEHEEEATTLEMNSFRIT S, - FHEEDEICL O TRUDIRETV, RF—9EISRI—IC5H
- RMBOEHE. ZORMENBEE L L TRIRTS3, AT
- BREEOEHMITULER YU TVICBVTRRENT © ITRI—OCEICTFRAIEELRTIT S,
BICEDIREDEEE S HERBATZDICHBETES, - COREDFICESTEFIVDEEEHATEENTES,
| o RTORIKZCHNWT ZDRIENFELEH O RZEELERTE
N<SWBEENEELZNETHET 22 & T ENS DRI KT
i |y Y ARMBNEBEEHETIENTES,
weathersit 4 L] D
- L ()
=3 >3
ssssss [
=1 >1
holiday 4 [ / \
days_since_2011 4 4|:|:|7 n=28s n=93 n=179
| . i ==

2000
Feature effect 2 - 2 - % 2

1—% 1 1

BTN T I TEEBINERERDAA—IH

Christoph Molnar, Interpretable Machine Learning, https://christophm.github.io/interpretable-ml-book © 2022 The Japan Research Institute, Limited 2. 1 /44
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®2.2.4 FHHEEFAMEDRERO!

>

AL

(@ BA &
The Japan Research In Hthltd

- FEEDECTUEDEDEFZRZRIRIET & T ETIVOEFZBRRT 5FE ETIVDALT
BREZIFISEETERHD. TSVIRYIRETIVTEERATET D,

s ULV HEDHEHEDEZ A INICEFHIEDET . HWENTIHRWT —FZEERLTUER ISR

Mo Deoh. EEREIFERRDERMEDSE

I Individual Conditional Expectation (ICE)

bﬂ%c_th\fﬁéo
I Partial Dependence Plot (PDP)

© BCOTHICENT FHENRDFFHRENEDH XS T
TCET I FREE DIRESRERZ AR L, (hDRHHEILERE)

« PIZIE FTERTIEDEE 1IN LR T 3 (FEFTRUEDIERRIZETIC
EILTWSZEN DN D,

8000 4

fo23
o
o
o

Predicted bicycle rentals

20001 ==

4000 4

0 10 20 30
Temperature

ICETIEH 2 TIVEICHIGE U TEBIICHIENE AT NS,
EMIECEEIDANZE ATHICEES BTZROFAEDE
{bo PREIDERE ) GRIETRELEIEZRIESEZED,

Christoph Molnar, Interpretable Machine Learning, https://christophm.github.io/interpretable-ml-book

8000 4

6000 <

40004 =

2000 4

8000 4

60004 =

40004

2000 4

10 20
Windspeed

Predicted number of bikes

HHEL TR,

A&EEHBE TI/RONDZENELN,

4000+

2000 4

o~

0 0 20 30
Temperature

4000+

2000 4

L LI
0 25 50 75 100

Humidity

4000+

2000 4

FHENRDIFHEZZTE ST TEONIEET IV TFAEE .

PDPIZICEICHIF B ET I FANEZFIELIZED T,

T~

0 10 20 30
Wind speed

ENSREEINEE ITRZEIODANE ATHICE (LS ET
BDFAEDEL. BT FTIVDEENFEIHEIN TS,
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® 2.2.5 Surrogate Model

e SHEANERD TS VIONYIRET IV ZE ARHEEIEORENRE DERBARTEEEDEWVVET IV (Surrogate
Model) Tial gD &ICLY . BEMNICEHET 2FF. ET V2RO EF ZEHBA T S Global
Surrogate Modell&. &FRIIC DLW TEE)%57BAd S Local Surrogate Modellhd 3,

« Surrogate Modell&EIMEEENMEWESIETRICEIRCERVENY H<ETHEUET IV THD &
VWO RITSEENNE,

IGlobal Surrogate Model

RIATRD TS5V IRY I RETIVERDOKIGH S EE) 2 50, SRARBEENEANET D TSVIRYIRET VDT EEFET —
FEUVGEBET IV EFET 5.

o FTHIEZ. ZDDOHEMHROT—YEEN S Z1—TIRYMNILDTSVIRYIRETIVEER L. Surrogate Model TiE L L7=fl,

AVTATI NI
; '}"s'} '«.} }

aup

‘M‘ ‘M‘
Black-box Decision Tree Decision Tree Decision Tree =
Neural Network [depth: 5 & #leaves: 7] [depth: 5 & #leaves: 15] [depth: 6 & #leaves: 25] .. JET}W)@‘%E& "
Accuracy: 0.92 Accuracy: 0.95 Accuracy: 0.97 (R, B/ - ROfE)

\ J |\ )
|

FSwHRY I ZET L SEEDREARZSUrrogate Model& UGEEILTz. BRICIT<IFERMEIGE BFRBDRER =
HN<GEPITETVS—AREKRIFEHICEOTLD (AR E/—RFBZVETIV)

Rafael Poyiadzi et al., Understanding surrogate explanations: the interplay between complexity, fidelity and coverage, arXiv preprint arXiv:2107.04309, 2021
SREAD Tz i, T BFZ BT
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® 2.2.6 Surrogate Model - LIME

I Local Surrogate — LIME(local interpretable model-agnostic explanations)

« BRDT—I AL TDEEZHAT BD7=HIZERIICIESNT=Surrogate ModelZTLocal
Surrogate Model] &M/, AFREVSFAEICILIME I ETSHAPIA %5,

» LIMEIX BB RDT =2 S U THUNRZLES AT VTV T =5 EEDETIVTFANEZHETT

—5 U ERBLEVWT —2(EVWY DTV EEBERGEMT S ET IV EFD. BBIRAIRERXETILT
T HETTSVIRYIRETIVDEFZELRICERTE S,

FEAA—D FREFEDEGHENETIVISER LA
I
[
-
+ @
+4 @
+H @ o +
. ®
' .
” — (a) Orlgmal Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar ~ (d) Explaining Labrador

o FRUVSEEESVEENTYDEFIVOBRERE, - ELUEETIVASTFRISE<FSUEZEIILZERD TS,

s BEETIV(ER) E YOI E(RtEEET « ZIRHS.
AR ZESEICEFHUT ZORIDELETIV (a)TthEE (b)ITLFF5—1DFRICTESLIzE RV
93, )I7I—RFT1voFI9—1DFRICHFSLIZEOTEIV

(AIZTSR=IIOTFRICHFSLEZEI IV

Marco Tulio Ribeiro et al., "Why Should I Trust You?”: Explaining the Predictions of Any Classifier, In Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, 2016.
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® 2.2.7 Surrogate Model - SHAP

H ZIS 2 h
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€

I Local Surrogate — SHAP (SHapley Additive exPlanations)

» SHAPIZ# A7 —LERZICAUZFET LTD K D REE - SRBAN AT RE.
@ < DETIVFRUEICH LT, FRHEENF FE (Shapleylg) #5159 2.

@ BRHENDShapleyEZF19LT 5T ETIVDGClobal s FBENEEELHETT 5,
O FHEHEDHABDER CHOFFRTFIHEAHE,

@

6.575 = RM -2.17

0.538 = NOX

1 = RAD

296 = TAX —0.47 .
0.006 = CRIM

4.09 = DIS

f{ﬁ 24.019

15.3 = PTRATIO ' +0.26

65.2 = AGE .

4 other features

@

LSTAT
RM

DIS

AGE
CRIM
NOX
PTRATIO
TAX

B

Sum of 4 other features

0.0 0.5 1.0 1.5 2.0 2.5 3.0
mean(|SHAP value|)

35 4.0

Scott M. Lundberg, Su-In Lee, A Unified Approach to Interpreting Model Predictions, In

Proceedings of the 31st International Conference on Neural Information Processing Systems,
20117.

0.15 1 .
. iy
1 .
"E 0.10 - !h!. ii_ Female
= !llnl -I
2% 0051 l H N
28 oo yifinellitn lj,
52 his &
o @ 0.00 "I! |Ii n
5 % '. T I l
_E<f ' ‘!l' h “l' I I‘
~0.05 1 . o e .
e . 3. ||": ’
T : II Male
Y g0+ L
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HlM
~0.15 1
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https://github.com/slundberg/shap

(BF)SHAPOE DR

..........................................

;- SHAPIZS — LIEERICH T HShapleyfEZzH & ICLTL D,

e BAT—LERICEVT. BRI —

WEEZE T > TEOSNIZEREND

WiNEg2DEMEICISU THERUZEZShapley{gE &M,

LAV —DHMEEZ S ENERD (=ETIVDOTFAEZESES
EHIFHENENETNEDLIICHFSLEEN?)

+ SHAP[ZHEEDShapleyBDMRFAMN FRUEIC—ET DL SIC

- COmBEMEEEICHET B BHBETLv— EFLTREE |

ShapleylEDHEZTTD,
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®2.2.8 RIBVATT VT IVIC L DEPARTREN

- Counterfactual(RERE)RFETIE. EFTIILDOFANBEICH T IERE U THEHEDENE LS E
EDOZBEDIRDIMZERENRT U TIVEAWTIRTT .

« JEULWP D O—F T ETFIVICESE#H A DI TIVEEKR T 2FEE U TAdversarial

Examplesh15nsd,
I Counterfactual Explanations

I Adversarial Examples

s WRY I TIVT—HICDVWT. EBEOTHEZERSD
EFRUWMERICRDBEIOBRLUTVWDIRZETHE T D,

s WRTTIVEDERIHEHTHDINETHmLIZY.
HDWNII— =T DT —R/I\wIOEUVUTHERAT
BZENEFRDS,

« O—VFEBEISESEN DT FERDIBANIEE
DRAH F

15

5

0 5 10 15 0 -1

Counterfactuals guided by prototypes on MNIST

BERHDT—IDH, 17 1 & FREIND T TIVISEWRIERYS T T IV
TIOIEFRHEINDL DB ZERIRT Do
Arnaud Van Looveren, Janis Klaise, Interpretable Counterfactual Explanations

Guided by Prototypes, In Joint European Conference on Machine Learning and
Knowledge Discovery in Databases, 2021.

- Adversarial ExamplesldEFIVICEEEH/B I HEH DK

SR AENR)AXEMATZ T TIVDZ &,
e Z1—JIVRYND—OEERITIORTTIVE
DG T AN Y
« ERELZ DV DOm TCounterfactual
Explanations& I TL\E N, BN ERD,

- EFIDMESEEERSMNCTRET. ETIVEHRSE

NETILOEHEIERRT SFIFITRD,

EFIDEUE A T FIbe RRFID /1A ZEM UG DEHEFE T
[§Far & UTEIHIND,

Christian Szegedy et al., Intriguing properties of neural networks, In 2nd
International Conference on Learning Representations, 2014.
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https://docs.seldon.io/projects/alibi/en/stable/examples/cfproto_mnist.html
https://arxiv.org/abs/1312.6199
https://arxiv.org/abs/1907.02584
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®2.2.9 EigT—YICH|FDEHARRENE - Saliency Map

BEZEHNCEWNWTEDEILIVATFAICRHEZSZ TL\WDDH ZRIRILT dF %
- EFIDOEFEBEMREE—rYYTEULTRIENTES,

| mE~—z0F#

o VUTIVRBARAN—ADFETIE FEFERE DH
BHBIETIVICEWT, FREE A STV DR
IR ET IV IR 2 & TERFLIERIERICE
TILDEEEBRIRTEDL,

c EUDTEHTAS—BREZETSE. JFETRILD
EANET DAL TERE S,

. AfigxAVWSFEESaliency MapZ& T30
D7 TO—FD—D T, BHEDOEMEFRIEEA.
P; | P: ‘, P: | 4 \

Saliency MapDA X—I*2  ERMNANBEUE T, RRFE (I TILY R
TA 10T RIS T SEBERT. ARIET Y1 —F vy b DFARIIC
X9 SFEREMMNERIEINTNDS,
*1 Simonyan, Karen, Andrea Vedaldi, and Andrew Zisserman. "Deep inside
convolutional networks: Visualising image classification models and saliency
maps.” arXiv preprint arXiv:1312.6034, 2013.
*2 Qinglong Zhang et al., Group-CAM: Group Score-Weighted Visual Explanations

for Deep Convolutional Networks, arXiv preprint arXiv:2103.13859, 2021

| (3%)self-AttentionDBBEEIAEREIC DT

s THICERD\WTEDHHEITEE T 5H = BFH
[CFE T BSelf-AttentionEMEIN D FENTE,
EEEEEDODFICHVWTEEAREICE R,

« TTRIFBASEWED RE CHREULZFE.

- FETNIZHEHEDIEESGVZZDIFIEEELE
B3t 5, U URIRICITERREBONSEICE
BNRETSCENZVREDREND D,

. AttentionZZF Ta< AR EMDFEEAHE
DEBCEICk > TEV\ R R T B IREN
INTLB,

Hila Chefer et al., Transformer Interpretability Beyond Attention
Visualization, In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2021
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« 201 8FENS. BFEEBDAIRE AL /NFT DV ADRAICIE#H ZH 5 H T EFEMERS,
« A, [RAPCIES DI SHEULDH 25T EENICH/NFT IR 2R -8 T SEIRUBANERL TS,

A73Y

YA E

XY B3R - i)

IR/ HEETDRE
HREE/ ZEZDRE

TEEBBDOAIRIE/AIANFT 2Dz DIRA /53 Z_E
Kz AlRIE/AIANT D RZERIRT 2 DFHEE LT,

HABBCCHREIIRERA TN RERERE,

SMFG. Microsoft. Google.IBM.YVZ——,
E1@.NEC.NTTF—%. J.Score’x &%

ALREHARS1 U, AIBBFEAER. ATV R T LOBIETH

REDFIEZEEREL . EAHSER.

NEC.EL& NTT7—%

i MEIMLRS 207 - E 7L ORR. BRRASRRE YIS~
-  lem o~ gE— FEERITR SR, QAAAI(AIZO4 V7~

AIHDg(v_Fﬁjéj}’rl\jlrJE%El—_r\o ﬁg{%iﬁjy\/_y?h)

AIANF O RICETS AlfRIEVCAl- #MEETT/VICx eI T—o3> . .

2R R REDUTT—C R EREL, 1BM, Bar b7 129 ABEIA
EFIDINAT ZRRFICAFEED T A MY = IV ZE R, Google.IBM. PwC. LinkedIn
RIEEICEET B F Y I AOHISEE DB, Microsoft. AXA

RFEICR T SERIEH - . Zest Al. Scotiabank. HSBC. Amazon.
EREFRICHT R 35T SRR MAS
F—=1YDINA T A& - fRE, Meta. IBMRE %
EfETEE. BENEERIC H T DERSEH, B 7erT &BBFIR=. UC Berkley

ERBACTREMEICRE 9 B = - Zest Al SBIiEZ%. NEC. E13&. LARUS.

{Egugﬁu ﬁﬁﬂ%ﬁ(b}JIT%%{gUo 7-'.5 Dg‘ﬁﬁﬁ'

FRBEFRFDRIBFREICH 1T BDHLET TR DBERES.

NEC

BFIFRE LR CEFHlARE
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®3.2.1 ELHAOHGY—IV | AIATFHE

o AINENZFEIRITBIEAY—IVIE. 90O RT—E X T —9 017 -8l#8{tY D 7 ICHHMAAENT
RBEINTULREDHRZ V), —ZB FEND I —RT—RITEHELEEY —ILEFET D,

|Emy—op

o AIATEMSIZRET AV —ILDFIlE L TULTFERDBY, CNS50
YV—IUICIE BEARRC, AINEICEREY D EZ 18R, /N1 R
NI DIEHDFEZ7IVIN) A LNEEIN TS,

c TUVUTATBHEIRETDE. CNSOBEICNATANTEFET
DHOEDINERETT B, RENRLR—rZRELTHY., /N1
TPRZEBIETSFBTZLT<ND,

o F.EBRBURATLDINATREERU, TOHRDI-FEEEBZ
BETI—LEREITIREEFRERY—ILNHD,

« —A.ISpellcheck for BiaslIZ4FED 1—RXT—XITHHMEL
Y=L TH. ERTLEDER, Bfa. LEBEREDTF
AT —=5Z 50U R AFE-LGBTQIA+ -[EE - Ffp - (AR
ED6DODANYICEHTBIRIRZMEIT D EMNTETD MATRT
LAY T BN ERREDBEDDTERIEETH D,

22 ) AR5EITiEsE
Azure Machine Learning Microsoft
Amazon SageMaker Clarify AWS
DataRobot DataRobot
Fiddler Fiddler Al

Spellcheck for Bias Geena Davis Institute

I (Z%)Amazon SageMaker ClarifyD1 X—2

2L ETIVICRIL T,
B RIEIRIEE S EL.

J\APRERRT 5N
TE3

EREZRRINITE=Y
DAL N R Tkt 3
AlHE

https://aws.amazon.com/jp/sagemaker/clarify/
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3. &N - SR REENE The Bpan Resarch e Lt
®3.2.2 FLEAOES-Y—IU | XAI

o SRBARIERAIDEEEM U S IR —ERITHARFEN TRHEINDZENZVW ED TSV ITA—LTE
RIEARDT —Y DERBHRIBEMEIC XX IE U TV DD BURTREADTINRR R EICENH D,

« AWSYAZUreDELDRITIR EDTSY T A—LTIIEEEEMD Y1 VIVERL SEREMKEEDIA
FHET E T8,

IEEFH‘J —)ILDBI 202250 pmEBE SOBERTES I (% )Responsible Al dashboardD1X—

- XAIICEET @AY —ILBIIETRODEY .,

o EANIC FKEAT IO DET IVEAAREZRELTHY,
FHEDERE ZARIET DHENMREIN TS EFONT L\
DEAFAERRAZH, LIMEVSHAPZEAR—R EUTZFENS

- REANT —YLUNTIIERT —FICHT DERPEFENEEZSN
WS TS5V I —LEH D PIAIFAWS TIXEZR DR, %W*ﬁ%ﬂ
(Cxt 9 BERAAZ . GCPTIXERDREICH T SERBAZERML TLV D,

« IBM CloudMiZ&I1E. AWS/Azure/GCPEERY . INT YT -
DT IRETSAR=NIZITRDOEET/I\A T )Y RITHIS AT 8
RHNVFHERDOTL S,

JO—-NIVEEEl &
NEEBEZFRT

® Accepted programmers

L\<'D7b\0)ﬂEB|J7_-“—9%Ei§TRL/T\ O—Alb
EHECEDEEEER T T YR

TIVRTF— L IRBEEAT ISHEBOFRICHT SHBELR
AWS SageMaker Clarify ) :
Azure Responsible Al dashboard I | . 5"
B T e
GCP Vertex Explainable Al : : ‘ N -
IBM Cloud Watson OpenScale https://learn.microsoft.com/en-us/azure/machine-learning/how-to-

responsible-ai-dashboard
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®3.3.1 RFMNLDVBAHEN | ZETOEIEDERE

o ATET LD ATIEOEIRM ERIET 27 DIUIRA & LT, ALY R T ABIR SEREOEE FOE 2
R TEROEHD I —LT— I DERNED,

- BRERTIEINECHN2019FLUTAIMEHIR S 1ZRELGER LTV (EH RRAFE.
AT —EZNBISRITIRIEEBRERA T DIVRIFI—DETIVIZRARUL TS,

| AlREATRS1U(NEC) |UzoFI—vEF N ERAS)
« NECId, AIVAT LFEOREHBRERMICINEC AIREATE  « SRASRRED 3L I—IE, L REAIPHT RS Uh
F1V1ERELGERLTLD, SN TULSLDN ENSDRAEREKICET—FEEL T Y
+ AIVZFLRRICHN TEBLOYRT ADLE(POC) D7 —% AZFL—IETIDBRESITS,
DIRE/MT. QEF L OIER/FHE/T A @VAFLBADA  + AIY—ERNBISRTEERUR IV FUAERE L. URIE

JI—AZEICFIVIERZERELV CEFNEEZREL T\ D, BROFURT—IMILY —BDRENEEETE D,
« BII—AEEBITTRRICHIRSA VIR > TFIVITRIL « UROFI—DETIVDOLRETANITIE T—RBHIBAHIN

T JROZBEVWEPETRALET 5, THY RFTDSEELRDBEHREEOTL\D,
*1 https://ifi.u-tokyo.ac.jp/projects/ai-service-and-risk-coordination/
28 (PoC) BHER e 5 a— |
O sk -ﬂm: ik . amszo - i uREORE Tl AEHA

— Y=E20 .
F—OUE/MIT. — — ELPTE e vEoEE PEC
— p 7= 25
E5ILONEH - T, =4 3 e
= " SH0PTE
0 LATLD BRE LD HRED ANOBFED A% AD
riiry it nEn e | sETRS ok i N | wwwe | MRS

T —ZOURSE/INT.
S ==

7 1
Y-E20 #=E2D Y—E20 .
» Pt RIS reey f-3:3 FoeRRR ERoTREE
Thor8

T3A1— L L3

‘ RRAERFEYI Y- URIFI—2FTIV(RCModel) TR Verl.0, 2021F6 8,
NEC. TAIRE ARSI VIEHEE L. AIVRT LADESE-FIFITEE, 2019F128, https://ifi.u-tokyo.ac.jp/wp/wp-content/uploads/2021/07/RCM 210705.pdf

https://jpn.nec.com/press/201912/20191210 02.html
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* 3.3.2 ARAREIRWVBEHEG | AILNTFHE

s —EBD{EE-HARTIE. AFEEEEIRITDHDFTVIIIANDY—=ILZRNFHUL TS,
- Microsoft | A4 ZFHIRITBDHDF VI A= RE,
- LinkedIn : KREQRT—IZEPWOCENTE RT—SEUT1DHI3LNFEEDTHDY—IVZRFE - Ak,

IAI Fairness Checklist(Microsoft)

o AIVRTLDFHREICEN DA ANDERR EHBEERETLU TERK.

o FRATEYAmOH TIER<L, ftE&Hiii(sociotechnical) R EzR
Y ANTZF TV RANTH D ENRFEH,

« FIVIIRREF—L-BEOT—070—- AT E. BEUL
[CEZZSNIIRREICT D ENERE TH D 16,

Al Fairness Checklist

The items in this checklist are intended to be used as a starting point for teams to customize. Not all items will be
applicable to all Al systems, and teams will likely need to add, revise, or remove, items to better fit their specific
circumstances. Undertaking the items in this checklist will not guarantee fairness. The items are intended to
prompt discussion and reflection. Most items can be undertaken in multiple different ways and to varying degrees.

Envision
Consider doing the following items in moments like:
e Envisioning meetings
¢  Pre-mortem screenings
¢ Product greenlighting meetings
1.1 Envision system and scrutinize system vision
1.1.a  Envision system and its role in society, considering:
e System purpose, including key objectives and intended uses or applications
,  Consider whether the system should exist and, if so, whether the system should use Al
o Sensitive, premature, dual, or adversarial uses or applications
) Consider whether the system will impact human rights

Microsoft, Al Fairness Checklist,
https://www.microsoft.com/en-us/research/project/ai-fairness-checklist/ &Wk#:

I LinkedIn Fairness Toolkit(LinkedIn)

« LinkedInttld, KIFRQEBFEE AT LICHMMADZEN
A[gERR, LiIFT(LinkedIn Fairness Toolkit) ZiaFU. 26,

- EFVEER-FE-FBEENENO/A T ZRE- EHRO
HALE IR THY). B OMIEE) 1TS54 USRI
PO T C CHEE.

C M —RDSRBHEEE TR 5 L HEIRET, AR
BT 5ty N CEABRIAE TH 5 ENVEH.

s — ANEHEDIEZEEHAL
gjuﬁz{ggo) . ”1”7@159 . “¥@£%9 N /\“4@}@1&5&2
HE( T s e ost-

ETILOFE BT VOFH Process)

- _ NEL]
ATHEOIEE | | ATMoEEn | WS>
fesstalin /AP RIS, EROIT T4
(Preprocess) (In-Preprocess) NFHEDT=HD

EBINZOER

'Vasudevan Sriram et al, LiFT: A Scalable Framework for Measuring Fairness
in ML Applications, CIKM ‘20, 20201MDFigure1 %€ &ICERK
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* 3.3.3 RARMREIRWVBEHEH | AINTFHE

« ETIVDOREREEHERT SRUEAE LT ATEICERBUZFERT -9V b OBERNED

« FIC ERESET IV TIE. ARBICK D TERESBDBEN EGR D CEMERSNTH Y, NFE%}”:'JLJI%
ERDRDEH R EDEEE S SERIAREMERIN TS,

« TOZH, MetattlEFin- 5. RZBDALDE - BEREDREICERRELzT =Yy RFEULT
LD,

I Gender Shades I RFEEICERELZT—9 v DOEE(Meta)

+ Metald, W< D DEDBIICE> TAIET VOB 2 S
BuolamwiniEKS DERGRHAENFET D, IREHDT =5ty ~EEE, BIFIE (FICERMED TR v

EEBERA AN AN EE NS,
. 3ONOMEAOEEY TR T (APIAE) EREIC . EIERDAY R :

DEERIFR! PRI E DY - TR YRE3,01TADEEBRENSHL, 45,000 EDET
i rmreoy | OBORER RO AN, Fip- 145 REB OO E-BEICDVNTT/

o NE-ERICK D CEREREODABEN R RS & & faiELE

*1 AEICAHZE DOV 1—9E I3 U RiiTICERAEF Db

Joy Buolamwini et al, Gender Shades: Intersectional Accuracy Disparities in
Commercial Gender Classification, Proceeding of the 1st Conference on Fairness,
Accountability and Transparency, 2018 MTabled %+ & (CVERR

ZREDEED), —T I
T—3UTINTVS,
° Hﬂn@éb\ﬁ L‘A%@%A';Ij 173\ <7‘3\U ﬁ[uﬁlrio)iﬁA'h Type | Type ll Type Il Type IV Type V Type VI
Ia—zb\l—_]< 7’8\5 . c‘_’_b\%& n-t L \ 5 o . eaEwHITE WHITE ~ LIGHTBR owN BROWN DARK BROWN VERY DARK
. LD ENEEL) ALOEMEAS L)
gV
Eeg i Sk g S
Microsoft 20.8 6.0 1.7 0.0
Face++*1 34.5 0.7 6.0 0.8
IBM 34.7 12.0 7.1 0.3

Caner Hazirbas et at, Towards Measuring Fairness in Al: the Casual Conversations Dataset, 2021,
arXiv preprint, arxiv:2104.02821, https://arxiv.ora/abs/2104.02821
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® 3.3.4 ARMLRERUHEHER | XAI

« XAIOFMFRICH U B2 REEICH VWV TERDIRENEA TS FIC. V3o T4 A
B Tl TS5V Iy I ZAIDHIEIRILE ANEIH\FEER T 726, FibARIEME I FE UM RHED,

- ERSHCIIRERE DM E iR T 2E6. BENERICET DR CIXEIFEDBEFIRTIC DUV THIER
RN ZERTIDFEMNNH D,

| BEmz o) — =0 o B R, BRIAZ) | BEEsIC 5155277 U BIE(DARPA)
- RRDRERRS - IR HV T RS SUBH - ABEEORFICET S T BEROTR S RFRROSEL
KREQHEFRT N—THAIOHBTRIETRILL CREEE ORI
IR SRR . UC BerkleyDHI5E S L — ML DARPADXAITOU T
 EETAOEROUERC, LS SPIRIOREERE 2k D—,
IERS VORI O KR CREENENESZITE . mgpmmic 51052571 D VRIS DT RO o7

ECATIT=ITREDRLET & - CEHER AN EDEBEFOLY BRI SEEERB T,

Input
image

Attention map
with
spurious blobs

Our refined
attention map

Kim, “Show, Attend, Control, and Justify: Interpretable Learning for Self-Driving Cars”, 2017

95 IJFv— NRZRV-REE RERZHZIE

*1 FREMREBDRHRRDED. BB VEZERET SBERRE

BEERAZERT 20225F3822H FLRJU—X
https://www.riken.jp/press/2022/20220322 2/index.html

© 2022 The Japan Research Institute, Limited 35 /44


https://www.riken.jp/press/2022/20220322_2/index.html

23
him
The Japan Research Institute, Limited

3. TR EA &I E
" 3.4.1 ERMPFICHITINRUEHER | ATAFE - XAI

o TREDEF CATM - ERAAATREE DE R CHERRERVEA ZESH TULDEEE LT Zest Al BB,

. Zest Al I&. AIZSERALZ0—BBTF/IV(O—USAAEOERIITOEL) R L. SRR
RBEUTVWD AERO—VEBEZERIT DI EICKY . XKIEO—%2EFBY ID5N >TZEEEICHUT
HFO— U NEEEIEPTENTEEREINTL S,

Accuracy

P | sienarae
« RHESBJFEANDOHREREEEHLUT. VY INIIFDHT, « ROAPVVTICHESTHEERERZREURTNAEIEETHY,
Disparate Treatment (A& SERIDZERIBIEEIRLY) BREO—VEBENESZEHETSNZONZEERAT S EH A EE.
‘*Disparate Impact(BIEOHECETOZFINTE)EEE . sipgclds —LEHREEALEShaplayEER—ZCHRITA
MICHH T DEENREIN TV S, ZUEENMERIN TV EDI S,
« K ETIVOMEBRERATHEDEREED/INS I AEEIRTEDLD
([T D7) BURET IV EY—FIEECRMHEIN TS O—VEBEIERTIIEANDAA—
().
9% ® _ ﬁ%ﬁ*&%ﬁbi‘ . EEEEEEE r]:Ezlﬂ:J 3_5
- REURMHER | DEXE(E EAV\DRIERE
- <>
o 0 ZE(E THAHE:0.61 1
o= pr— I_/ Al | [
8 . Mare fair and m te d I I I
2 i\ ! v J
L e AR | . BT (EEES)
S Maost Accurate ML Model: : {‘m*i1§% Z :I 7 O - 3 : =
84% A Original LR Modek More accurate but still nut.\lewfﬂ‘r $ EETEKI —_— : . . || $ E%*Eé ' :
ot AR FEEEC | BEOMBERS 0.12) ) pELES
s om  oms s e e ROTEL | —!
25 | ZOAt:

ZestAl, Five Building Blocks for Compliant Al-driven Lending
https://www.zest.ai/resources/five-building-blocks-for-compliant-ai-driven-lending

© 2022 The Japan Research Institute, Limited 36 /44


https://www.zest.ai/resources/five-building-blocks-for-compliant-ai-driven-lending

23
um
The Japan Research Institute, Limited

3. TR EA &I E
®3.4.2 ERMAFICHITINVEHER | ATAFE - XAI

« VUHNR—IVEREER(MAST)NEZE T SVeritasdV—I P LIK 2022F2HIC. EattsEIC
K DFEAT?DIRAIICET B, FHE A EEFR U R TR —/N—Z )1 —R*3,

« AIDAMDRTLDREFESA ITAVIVITERATEINRESFEATICEAT S F VIR~ OAFE.
OfmiE - FRAEME. QFRED I DD R TOFHE A ERNEEIN TS,
*1 MAS : Monetary Authority of Singapore®ig *2 FEAT : Fairness, Ethics, Accountability, TransparencyDig

*3 https://www.mas.gov.sg/news/media-releases/2022/mas-led-industry-consortium-publishes-assessment-methodologies-for-responsible-use-of-ai-by-financial-institutions
*4 AIDA : Artificial Intelligence and Data AnalysisDBg

I FEATFIwVoURE I Ethics Assistant(Scotiabank)

o AIVZTLDOFRAREICKS THEL GERYSFIYIIEE - AIETIVREEEN. R TOTCXDRVEREHNSET VDM
(Fundamental) & @RIV A7 LAOFBARES EISER RS BEIC DL\ TEZSNBLSICTELthics Assistant ] & FEENS
E*ﬁ%ﬂ“éa’-ryﬁﬁﬁ (547547”’%”) (:ﬁb\ntmé° ‘y—)bEﬁ;ﬁ%*5o *5 7Ot Trustworthy Al Impact Assessment ToolZ#FIH

© FL FIYVRARAFIERCRRBICOANN TS, . BBREE. ATIRE . ELS HEBEINEURIISHUT,

Foundational Use-Case or AIDA System Specific %EE&%;_@:EI’E‘ [ : ﬂmj 5 7_: &) @;E%E,\J fd: jj‘/r 9\\)] 5455 : <\: b\\-t\‘ 3 5 °

(Cross Use Cases) (Typical AIDA System Development Lifecycle)

Scotiabank launches

(- ] (] (- ] J Ethics Assistant, a new
Principles Define System Prepare Input Build & Validate Deploy & .
to Practice Context & data Monitor tOO | th a t St ren gth ens 5 Scotiabank.
Design . P
commitment to driving
«» customer value ...
N |ay aEaaEy a«a»
m EA7-EAB NEWS PROVIDED BY SHARE THIS ARTICLE
o R ’ Ny 656600
TORONTO, March 24, 2022 [CNW/ - Scotiabank announced today the
“Note: EA questions in Step O need to be answered first before others launch of Ethics Assistant, in collaboration with Deloitte Canada, to further

enhance the Bank's investments in data and analytics to derive customer

insights that are more accurate, personalized, and free of bias. Ethics

Ethics & Accountability Checklist Assistant also ensures that data collected by Scotiabank is leveraged in a
manner that reinforces the importance of transparency and trust in how

customer information is accessed and used

Veritas Document 3 : FEAT Priciples Assessment Methodology, https://www.mas.gov.sg/- httos:// : / el /scotiabank-1 hes-ethics-assistant-a- —tool-
media/MAS-Media-Library/news/media-releases/2022/Veritas-Document-3---FEAT- ps://www.newswire.ca/news-rel€ases/scotlabank-launches-ethics-assistant-a-new-too
Principles-Assessment-Methodology.pdf that—strengthens—commltment—to—derlng—customer—value—849190964.html o
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Face Detection

The model analyzed in this card detects one or more faces within an image or a video

Face Detection

frame, and returns a box around each face along with the location of the faces major

; = RE
Model Card v0  Cloud Vision AP landmarks. The model's goal is exclusively to identify the existence and location of faces T3S ‘ﬁ'
in an image. It does not attempt to discover identities or demographics.
-~ ~ — g ="
On this page, you can learn more about how well the model performs on images with Data t J"JT ’r 7 78\7_ - 9 %1%9 T L \ 5 b\ ?

different characteristics, including face demographics, and what kinds of images you

should expect the model to perform well or poorly on. H uman Llfe AFEﬁOD’_‘-E E;ﬁ@*ﬂ%[:%ﬁbé%m

Overview MODEL DESCRIPTION PERFORMANCE /k,q—:a_é 7_ &)O):ET) I/b\ ’?

. _ . EFLOERIOEIRCEDLS
R \ﬁ\ Mitigations 'J;_Oiiiﬁ%ﬁiéﬁwtb\?

Test your own images

. 9 EFILOFBICE>TENLSBYRY
'\ Risksand Nh$H3H ?RIUEBIEEEFOAS

¢+ harms SDRFEERH D FRARIZARIEZD
¢ RECALL mca\b : (\: Egaﬁ?% o

Images Face Detection Dataset Benchmark - 8 N iy J—
Output: For each face detected in a photo or video, the model 8 T . Use Cases %'“— FI:EIEEK 7‘8‘ 5EE%D0):ET)|/0)1 Z
outputs: Labeled Faces in the Wild /7-_ Z (j:ﬁ?j_:a_ 5 h\ ?

« Bounding box coordinates

@ Object Detection

0 About Model Cards Input: Photo(s) or video(s)

Overall model performance, and performance sliced by

« Facial landmarks (up to 34 per face) 5 . dia N —_ N WY —_ Ry _
« Facial orientation (roll, pan, and tilt angles) A e %nu% ' - :E) N Fﬂq%%u%@ﬁkﬂ%&h\% T ) l/ E I/ t :L L/

including:

« Detection and landmarking confidence scores. . . . " E;%ﬁ@ &‘\ 1‘@.@%,7‘[3%@:5 %n(igaﬁa— 5 (\:. E ll \ o

Derived characteristics (face size, facial orientation, and

No identity or demographic information is detected. occlusion)

*1 Margaret Mitchell et al, Model Cards for Model Reporting,
Google Cloud Model Cards (https://modelcards.withgoogle.com/face-detection) 2022/9/2079t2 arXiv:1810.03993, https://arxiv.org/pdf/1810.03993.pdf
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JZXoB4%E- ARZEERITBD_ET.ETFIL | Examples, BAS AU, WERZEELU D,
PERESES - SR1TERER [CRET DRV ZEBESHMIL.  Global « Global Surrogate TI SV IRV IRETIVDOEEID
XERZHL Do Surrogate ZHMERILT D,
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REHE-BEEEA EDAVTSAT I RBTFD Surrogate RIEERCAEREICZIE VRV EZMHEERT D,
REETO,
EFIICE>TITNNDEE | Counterfactual |« O—VBBEISESEERIC. EHITNIEESEZHEITDIH
ITEER REICHU.ECTTDRE Explanation #Counterfactual ExplanationIC&>THEERT S
BESMNZT D, (ERITHERBEZ IRt T S).

Unleashing the power of machine learning models in banking through explainable artificialintelligence (XA ®O—JLX° B, —ERDXAIFI B ZSE (R,
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