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201845 H 25 H A3y W R AE A RHRFE R AR I European Union’s
General Data Protection Regulation » F#§ GDPR) !, » BASGEIIH: H @SR
LA T BRI MR (BRI B R U SR E - i
GI% TR R R A R BRIz o T TR RN Al

(Explainable Al » "N XA | ol T E RS 8T B Qrbek -SSR
IS e aeEt &% ( Defense Advanced Research Projects Agency » i
DARPA) ff 2017 4 5 HBRAAT " Alfigkeny Al KAUSEETE - B
VBERRERE (machine learning ) B RIRREAY - S S SR RER T - (58
i FE R - SEEEIESOE R Al RHEHRVER® - DARPA 15
atk o BRGTTEE = R R L S ] R RRRY S 5 R B MR A A i
B = R PR SRR O B R B B o G4 - AR R ek s
5 A Bl - $2 kT THRTIAIEEE M (explainability) | BYZEKEGH

FEORAEREHER] (rightto explanation) | ® - fEEAR Bt & BB - fElEn]
REZRIEAYRITRS BL UL EAP B - B2 Beaudouin 5 A 3R » T 2T P& AT
fieREE (explainability ) % - GEFESE 2 A WTLIEEE - (EREFETHE EEEEN

i

Council Regulation 2016/679, 2016 O.J. (L119) (EU).

Ashley Deeks, The Judicial Demand for Explainable Artificial Intelligence, 119 CoLum.
L. Rev. 1829, 1833-34 (2019).

Will Knight, The U.S. Military Wants Its Autonomous Machines to Explain Themselves,
MIT TECHNOLOGY REVIEW (Mar. 14, 2017),
https://www.technologyreview.com/2017/03/14/243295/the-us-military-wants-its-
autonomous-machines-to-explain-themselves/.

4 David Gunning & David W. Aha, DARPA’s Explainable Artificial Intelligence (XAl)
Program, 40 A1 MAG. 44, 45 (2019); David Gunning, Eric Vorm, Jennifer Yunyan Wang
& Matt Turek, DARPA's Explainable Al (XAI) Program: A Retrospective, 2 AppL. Al
LETT. 1, 2 (2021).

Right to explanation/fiifi Fy Rt , - 2 SlFFa (2019) » (EEFKGDPRIY
BT f HrTRERE i ) (H EIRERAEEE) - 2861 » H16-19 -
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EWIME (transparency ) 3 EWIVELETT AEHENE (traceability) - XIETIAIHE
%M (auditability/ evaluability ) - fxf&FEEFA]E M (accountability ) -
® ) o Rl » FIREREIEAT RNEHA S - L i Ry PTRI E MERORE » 228
RESRGEIR AT TERRAYRE - e R 2RO -

A& B T et - IS - — R N BRIy TR TTRER B
KAl BEEEE AR RO S - [HARERFH AR E S 2 LA It
Gh o TR ) R R R R BRI T ST R ERE e, - T E
B R TP EAE LA B S A ) S SN AR B » [RIRL - 202R T #eT1T
i RETE ) BT BRI AER] ) R EIRI HAR - IR RS R AT iEIE
TEMBIIES - e TTRE SRS - TAI AR ) R T ATRRER AL
R R 7 B S BE R A T SRR R B T EAME L B
TRFfil 2 ftk - T AIRRERY Al SE AT ST T RS IR SRRy T T fig
BEME ) B0 T BORIBERECMER ) 7 TR R A A P SRR RE B
FeEE - el B RS B R SRR -

ASGRFEEERE T TR (explainability) | f " fi### (explanation) | HY
afa BB RNV B B B2 QR SRR I — W B - (A A L B
Btk - SR TRE AR R T AR AL BYE R - LB MERIET
i ARRAE AL E AT REHI B AL » S CROE A AR E R Ty TR ENE -
FoiBt 1B P B S O 7RSS - DURREZOK B fE R B A ilE » A
SR CREREE R AT < AHRBRANT R B - BRI RS D BY - A A R B
WERREETE | AR Al (ZARHE -

6 Valérie Beaudouin et al., Flexible and Context-Specific Al Explainability: A
Multidisciplinary Approach, ARXIV (Mar. 13, 2020),
https://arxiv.org/pdf/2003.07703.pdf. ASC5 [FILL RME - ZEEK " AT (B98271)
BYIRC BREE |  (EASCE A FE Etransparency iifEexplainability.” I > FH
Hh o ARSI R B —Waltl & Voglii & 4348 » transparency i &explainability
(9 R -
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& > AR (Explainability) B9E

"IfiEE (explainability ) | k¢ T fi#fE (explanation) | "G5 » WFE
A S FIAURE S - DI AEE i B - SRR T RRE |, BN T3k
= EE | (legal interpretation) - {#iFHAYE interpretation —&i" » B EEA
PN S EARE (textualism) ~ HAYMAEREE (purposivism ) %8 - {H&5ft GDPR
BUE - BRI ARG HENARZ TR, (obtain an explanation of the
decision) - i FHEYAE explanation —3r] o Refal LA EFHTH I IHY GDPR A
PRAJIEEAAZCAGENY interpretation —3i - [fijx explanation ? J& &3 52 BIEEaHFY
B © AER PR ART i interpretability Bl explainability —FrlZefEEEH
FH2F LB - 25 T 2 ) A T AR SIS TR O

— +Explainability B98i=

KBRS H IS EEE T > BIAT— TSRV RR AR RE ~ TR - E
R IR Ay LAY GELER - #HRR ) Hh -+ interpretability B2 explainability &
F - FEHHEEEHARYES - interpretation EHERARHEHYENE S LATERITREEHLA
JEPT Ry 7 SR - PRAnER A 2R R R R AR Y (SR B KM S =
FHEAME ) 5 B e rTREARTHERBS & T FRE s - 1 e thlet s S A
SR o AR AR P A R 7 15 5 B EL A JH B B > Py LA A B Rl Fy e
TN DU 25 2 [ iR L At B S Bl At g - 4 Fosle iy — Ry IR B 5 {4430
b S ELFEHARTLL T bei > IR Ry interpretability - #28377S - interpretation
SRS TSR R A o B R AR L -

7 E.g., Oliver W. Holmes, The Theory of Legal Interpretation, 12 HaArv. L. Rev. 417, 417-
20 (1899).

Mark Greenberg, Legal Interpretation, THE STANFORD ENCYCLOPEDIA OF
PHILOSOPHY (July 7, 2021), https://plato.stanford.edu/archives/fall2021/entries/legal-
interpretation/.
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53—7J5TH > explanation J2fFREE A 0 A B IR R A e Y A {0 - WL
PSRRI R AR B (representation) HRH{% - i%ff%é@@ﬁﬁﬂﬁﬁﬁ
fyan R H SRR N AE i - rTRE MBS H CREHHE® - K
explanation FfERE /5 = [FIIRF L ey i B3R B — (A R4 A% _(explanation
producing system ) FIZRPE & BRI 2 75 B Ry IEHE - T LUESE RS L
gtk 2 explainability °

EARBERE RHIANE SERTRER » vT DU E S EOE AR » H T e B B
FROANMMLLHRAS 5 T BRI | e Bk INAE s - ERA S T a3 ) JqE
i A ME Ryl T LS 2 S HHE - S22 interpretable - {HA23 28 E oL
HEREEE (deep learning ) HUMERE - BEFS AMMA FAG58 IRt R R 22T
A R FFEEy R TR - BRI E A A

(learning function ) EdfEZ:p8 (loss function) - FFEMEFEREAYTEERE
i e e B B R B S U (convergence of variables ) FYSEAY o fE €T
BEE > KREMEABGHREE  AIESEHE RN A ANRERIECEEEIRE

Pl | AR FTE BUE SR AR T &, (black box)
ORI -

BESEE A AJHSE R - HIE S N TS AU e B RV E A - thi A8 H
TEER [ Fean Al EIRLEERES - o8 T AR OREs e E s T T
T TAEAR - NS > GEEA interpretability Eil explainability ()
HE AL - Interpretability j=2fE " DAA KB fEGRI S ok R RE R B | AURR
o BE R T AR B AR ORI A AURE R BRI A LA
TR SE 2 PRfg - LRAER - HA interpretability FRAY » AfMmT DIEHEEAT

#

S‘#
i 4B
I
B
&

% Leilani H. Gilpin et al., Explaining Explanations: An Overview of Interpretability of
Machine Learning, Arxiv (Feb. 3, 2019), https://arxiv.org/pdf/1806.00069v3.pdf.

10 Frank PASQUALE, THE BLACK BOX SOCIETY: THE SECRET ALGORITHMS THAT CONTROL
MONEY AND INFORMATION 3-4 (2015).

1 Finale Doshi-Velez & Been Kim, Towards a Rigorous Science of Interpretable Machine
Learning, ArRxIV (Mar. 2, 2017), https://arxiv.org/pdf/1702.08608.pdf.

12 Tim Miller, Explanation in Artificial Intelligence: Insights from the Social Sciences, 267
ARTIF. INTELL. 1, 8 (2019).
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SR ER R B G 25 SR 2
S R B RS 2 S B — B3 B YIRE ATRERRE A BRI - E AR
A2 ELAT interpretability - RITR]fgfesda A TE B Hi P BRI o FHES I -
explainability FIN SRR B IR (R e RE - H Z0Ra H — (A S BEAER
BH - QSRR R IR B - ARG - TR B E & T E
#E|5e 4z interpretability » {EMEHLL TERIRE (transparency ) | ZREETH ASH
A S -

PA_E interpretability Ed explainability A& A1 » BRI E 250
& — - explainability /& T interpretability L} transparency RFRE[43 e
Interpretability $5A92 DA SEREHEfEAY 7 AR LA S AR SR - IR B g
A JE B HTEA B o {HA SetR AU T kDA B AR T A, - HRE
RS T AR (simulatability) ¥, ~ Ta[43#% (decomposability )
® ) B TEEESEME (algorithmic transparency ) | SREETIEEHEATERIE -
FERE explainability - ZEHEHEFUE RIS HFE » [K explainability

13 Amina Adadi & Mohammed Berrada, Peeking Inside the Black-Box: A Survey on
Explainable Artificial Intelligence (XAl), 6 IEEE Access 52138, 52138-60 (2018).
Pantelis Linardatos et al., Explainable Al: A Review of Machine Learning

Interpretability Methods, 23 ENTROPY 1, 20-21 (2020),

https://doi.org/10.3390/e23010018.

15 1d. at 3.

16 Bernhard Waltl & Roland Vogl, Explainable Artificial Intelligence: the New Frontier in
Legal Informatics, 4 JUsLETTER IT 1, 6 (2018); HAM%:&2kHZachary C. Lipton, The
Mythos of Model Interpretability, ARXIV (Mar. 6, 2017),
https://arxiv.org/pdf/1606.03490.pdf.

17 Simulatability s & B by T SR ) o SRENATSR A E AT LUK R R B R A
2 G HHIRFE AE R CE TR ES - HREERZ A R B4 T AL 14 » See
Lipton, supra note 16, at 4-5. ‘HE G &+ LILIMEBGANchor&E B3k 1l B R AU Y
AJEFE{f 4 > See Peter Hase & Mohit Bansal, Evaluating Explainable Al: Which
Algorithmic Explanations Help Users Predict Model Behavior?, Arxiv (May 4, 2020),
https://arxiv.org/pdf/2005.01831.pdf.

18 Decomposability A SC#eE by T AT SMENE | o FEIVEIRIIEHE S - EAAE -
TREQEETE - #REE BB MEAIMRRE - PRI SRS R rhr fo I B RS - S EEIAE
FERTE BRI (B4 ARIIMEREE®150% ) » See Lipton, supra note 16, at 5.
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TER BRI T LR XAl BINFFERE IR © FREIE AR RS AN G2 78 Fe
{LEIIERY TR (BRI B i el e i — i R e R A5 Y ) - 11
BBHFENGAE interpretability BY75%k (BIATITAR RS RERIRRR dhy 1= e
DEYTGIE) - #g XAl B—8 - tWERIERF RS IRy 51a - HEERRRIBEE
RNERIFIERER ORI T RRE ) FRANRRAL -

Simulatability Decomposa- Algorithmic Textual Visualizat Local Examples
: ¥ bility Transparency descriptions 1suatizations explanations P
Transparency Interpretability
Explainability

[E—]) mrfgR e s e =
¢ BHRIZKIE © Bernhard Waltl & Roland Vogl, Explainable Artificial

Intelligence: the New Frontier in Legal Informatics, 4 JUSLETTER IT 6 (2018).
— “Explainability B9

EE explainability 15 iEA S U2 BB G IVEES HEF 2 E
53 HELY o AT EE2% Edwards & Veale 95348 » SRBHANT » &5 —faEfgRE
TREZAFTEE & O By = PR AR - 58 H BIFA % Rir H ]S4
SRR 5 58 T ARV R AR 55— S8 e » JRBIAS AR AR R (g 1Y

19 gafi=.> > Linardatos etal., supra note 14, at 5, ZR Bl Edwards [/ 57 Hglobal Eilocal
M58 - (BTERRE TR, KRG (JRBENEdwardsfast iy s —REfFi%) HilEkmodel
agnosticEdmodel specificfys34Ei% - [AIERAIARE IR RA Alejandro Barredo Arrieta et
al., Explainable Artificial Intelligence (XAl): Concepts, Taxonomies, Opportunities and
Challenges toward Responsible Al, 58 INFo. Fusion 82, 94 (2020); A. Saranya & R.
Sabhashini, A Systematic Review of Explainable Artificial Intelligence Models and
Applications: Recent Developments and Future Trends, 7 DECISION ANALYTICS J. 1, 9
(2023).
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FICHERE T A AT — B i SR AR AU 1 Ry T 2% - Edwards & Veale T3
HYEE—TE R Ebica i Bt Waltl & Vogl 7y ] figfi: | #8% (RILGE
— ) HHAY interpretability » 55 " RE{EERITR TERAEE ) (transparency ) HYER
5} o

% - Edwards & Veale $2{BHYEE—HR/EIAE IR E L (the focus of
explanation) JREEEFH6E FHERIEIERE S - KT AT o Ry mafd gt /= -
BT T AUty (model-centric) | 8 T EEHL (subject-centric) | FRfEARE
2o Fij TRRIRUL | ST Ry T AT (global interpretability ) | %2
AR AR RS ] ~ SRR BRI B ~ EAIRZ R 8  FIRA
AR A BRI B MR ~ BRETERT BUR AR « ROy 7 A e
R R - IR E RIS R - B SR USRI IR BiEry
AR NHEAFRR » B T el ) B EHEE R " @RI (local
interpretability ) | > » HIZ 2 HEEREAE 8L 5 CAE I ER AR ERR
» BEH TICEEMREE (counterfactuals) | 773 o gk 2 AR T s
RUPSRI B BRI RIS TR ATE » IR H S 2R SR I R G W
2626 o b D IRREA A G AR T ERR P R A I SO T AR
TE S TH BT e A BB B AR T B A WA G 2 A s B A
Bl S B i) - 1860 I B 2 B s B =R B S I A S o
HE R IR R B SR - A8 RERY S B T RE S RIS R A e HE

20 Lilian Edwards & Michael Veale, Slave to the Algorithm? Why a ‘Right to an
Explanation’ Is Probably Not the Remedy You Are Looking for, 16 DUKE L. & TECH.
Rev. 18, 61 (2017).

21 1d. at 55-59.

22 Dipanjan Sarkar, The Importance of Human Interpretable Machine Learning, MEDIUM
(May 25, 2018), https://towardsdatascience.com/human-interpretable-machine-
learning-part-1-the-needand-importance-of-model-interpretation-2ed758f5f476

23 Edwards & Veale, supra note 20, at 55-56.

24 sarkar, supra note 22.

% Edwards & Veale, supra note 20, at 58.

% Danielle Keats Citron & Frank Pasquale, The Scored Society: Due Process for
Automated Predictions, 89 WasH. L. Rev. 1, 28-29 (2014).
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T DU EOR AR (8 A\ S KISR T A AR bl R e e ey it v
AELL R E s

Global Local
‘{ 1 .
I +- : .

s D 4o
A 4 + e

Complex Non-linear Simple Linear

CfE ] Zedulfe o il Sl e o L 1|
¢ BRIFKIE © Manu Joseph, Interpretability: Cracking open the black
box: Part |11, DEEP AND SHALLOW (Nov. 24, 2019) , https://deep-and-
shallow.com/2019/11/24/interpretability-cracking-open-the-black-box-part-iii/
EEAAR T T EREAT SO REMEAS AN EIRE R IR 0 RS LR
R A F - i REE B R S RIS A R B LA SR8 - JRREH o &
AKRE  ERE R LRI U B S [) ~ AR R ST - —Le T gk
LR R ESFHE SR 5 B ERH R B BEse M s PRER AR S AR AR
TR > BIAMTA] B RERE T H T H O 5 R 28I TR B AR
FIERAeET T aaE (e LB A Hot a2 BERe APL SHETTHIGE - B /5
FIRERSCRF AR RSB BRI AT B FL A 8 P PR fE T B A =
R E CAYFERR AR - (A R LR RS HERLE AR
FE 50 AR > AR AT LA PRI

27 Edwards & Veale, supra note 20, at 22.

28 Andrew D. Selbst & Solon Barocas, The Intuitive Appeal of Explainable Machines, 87
ForpHAM L. Rev. 1085, 1120 (2018).

29 Edwards & Veale, supra note 20, at 61-63.

30 sandra Wachter et al., Counterfactual Explanations Without Opening the Black Box:
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SRR A S A R A A R AR R B RS T RERYRS R 52T
FEFHEEE AR T 5 REIERALE B R A A S » I X ATy
it ST o B2 T gk ) BT fEREIZ , (decompositional explanation )
JREITFTRAR G T o - BRI RS - JOREER ~ HROT ~ ORI -
SRR SR R B > e RS R AR AT A o AR B RS
BRI ] DUZE B B A TR S ] o3 fig - B BERS AR ] DA
Tt ShA T S B B B B - IR ER R B R R A Y
W R TR AR A M T332 > Tl BRI ST Gt o FRR I R T e
B NpNE AN SR SR R v Al D o N B R (E R ST AN |
FERBIGIES A St 2T I faRE ik -

SRR T HUERRIEREE (pedagogical explanations) | B¢ " ARALR
AR (model agnostic systems) | » REAERRAFEALRGES] - 12
DIAMER ST i R B SE 1 7 Xt aafia o &% « boan T OB AR 8

(surrogate model ) 3 | AYfEE » &5 Hii A ZE Bl HBEAYBCEDIRYL - B
HIFAIRF AR AR S HEER S  BIANR AR T — i B e T AU AR
R ATFREPRIRNI SR > I EAM AT LAFE AT — (SRR A > (G580 s e 1 22
TR - A R AR R AR S AL IRE - TR ISR (BAniE
FE ~ B TRIERZ S ~ KIERE S ) PR T2 DREE® - BN ATA]

Automated Decisions and the GDPR, 31 HARv. J. L. & TecH. 841, 851 (2018).

31 Edwards & Veale, supra note 20, at 64.

32 Joshua A. Kroll et al., Accountable Algorithms, 165 U. Pa. L. Rev. 633, 638-39 (2017).

PR A BRI AARE S IR A L T R E 1% (accountability ) AYZ2# f7i% -

Edwards & Veale, supra note 20, at 65; Deeks, supra note 2, at 1835.

34 W. Andrew Pruett & Robert L. Hester, The Creation of Surrogate Models for Fast
Estimation of Complex Model Outcomes, PLos ONE (June 3, 2016),
https://doi.org/10.1371/journal.pone.0156574.

35 Marco Tulio Ribeiro et al., “Why Should I Trust You?”: Explaining the Predictions of
Any Classifier, ARXIv (Aug. 9, 2016), https://arxiv.org/pdf/1602.04938.pdf.

36 Oshert Bastani et al., Interpreting Blackbox Models via Model Extraction, Arxiv (Jan.
24, 2019), https://arxiv.org/pdf/1705.08504.pdf.
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SARHIEERAERS » CRME AR S RITRRAER - RIS E R BN
ONT R AR B SR

it TR R R R AR PR RS T E G E
RN TR TTRERSER - B2 > #ERE (perturbation method )
S — el i B AU SO BE B AR A S 5 SE (TR T AR HEIRSE e
TR G TE - HEERRaFEANE R TR, Ba
FARAYE RS H BT R B O FERG IR BRI A | My 4
& EVEE SR i R SR A AR » 5 BB PSS HY BT » DR R i Y 5 25 B e e »
fal D55 B AR BB 2 R Rudin (95 1k » 34409 ProPublica $5 §
Correctional Offender Management Profiling for Alternative Sanctions ( 7
COMPAS) #iffe M HdfGE , - B8 " A fEeEAEEE COMPAS
AU B E RS JRED ProPublica 885& T —{8 BA TR | SATEATR
RURERY > $54% COMPAS HEHAMKIRREE ~ £k ~ SUTRSAUHTIRER - COMPAS
TRATHEZ R R - COMPAS ARG ATRESE iR H IR IRHE G (AR ATHE
BREEH, ~ JUSESERAN) *° - FE I LB o AT T Rudin UEE
fil — R SR LA B M R LRI A - TS (T A e B 1 Ay
H— A R R AT A A S R S 3 - FrDA > AR T s
B PRE AR LA HERE - B SRE A RIASEMR LR
EHRES L FEEERL -

37 Edwards & Veale, supra note 20, at 65.

38 Ruth Fong & Andrea Vedaldi, Interpretable Explanations of Black Boxes by Meaningful
Perturbation, 2017 IEEE INT’L CONF. ON COMPUTER VISION (ICCV) 3449-57 (2017).

39 Cynthia Rudin, Stop Explaining Black Box Machine Learning Models for High Stakes
Decisions and Use Interpretable Models Instead, ARrRxiv (Sept. 22, 2019),
https://arxiv.org/pdf/1811.10154.pdf FE 89 =AY » HEARRudinkgH 7 ELEEHEH] » {H]H]
AR - FE I FsCOMPASHERZ AN R AT AR HEA LIRS 25 22 861 - 12
PRI B S5 R S SR TR - IR AR BRI - SRR
COMPASTERR 33 A (EAMTBRAREERE - QIE 2 AT DItaE R R a1 » B2 Ry
AT ABIFEE - MIREEEAYREE - bl R FrIRE A E A
A (BRI R ) - MR IEa R E s -
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=M

HRTE AR 12252510 - 2 BEORHEEHY explainable Al A
féE 2 interpretable Al1“C - Explainable Al {28 R & /G4y © interpretability
B transparency - $&75 RO AR TR B RIS MRV U (E HG R AV
Wi GIACEEAERAN(AT © AR, WIRE TR AT RS EE (T
WFSEGbR - 75 TRl - BUE—ERfRRE - nIRE LR AL A
Bl RS - A G 2 —ERT A R - AR IRARACA B
explainable Al » T2 F A interpretable A3 RREAMI TR « B {EAIEEL
53 interpretability AIfEE explainability JEE NAY5S—8E transparency HY25E -
A 2E B2y interpretability HUARY A B S HUARREEL R - fin]
RESEGE B LB AN SRR SR Lt b—{EN35 - &L ERYES R
#sERERSEr explainable Al Eil interpretable Al f3EE BAHAT S 5 o

2 « TIRIBPARIAOAR - SRS B EIAR

GDPR ISP 38k H BN IR R B AT T ORI AER ) > LERRAY
"R ) BESRBEA explanation —Fd] o SRIEAR T EORAMERR DU AIB R AE
RGBS BAH IR, o B RE BB R explainability &2
SeaAE] ? EENRHER e HAY Bl R Al S MR B ERRERE

40 Arrieta et al., supra note 19, at 83.38H » F20124E I3k — H #1455t #interpretable
artificial intelligence — 3 iy £2 1l 3w SC HOR NG R 5 2017 2 & A IR &
explainable artificial intelligence—3rRFYE1iiEH S » TMXAI—FARIE B 201845 1%
MR R B AF 2 20194 #interpretable artificial intelligence °

Grégoire Montavon et al., Explaining Nonlinear Classification Decisions with Deep
Taylor Decomposition, 65 PATTERN RecoeNiTION 211, 218-220 (2017).

42 Adadi & Berrada, supra note 13, at 52138-60.

43 Rudin, supra note 39, at 1.

Bernease Herman, The Promise And Peril Of Human Evaluation For Model
Interpretability, ARxiv (Nov. 20, 2017), https://arxiv.org/abs/1711.07414.

41
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FERIGINASHY T ARE ) 2 VTSR o ARETEIREEL » WSEAR - BRI
SRR AT ) B THRRE ) DURPIR T - SR HRHIACSCE |
SR B -

— B

Hoe o HRTER S 2 HIEE GDPR iy " fi#fEtE , - Ht GDPR H
SCARBER " HERHE  —5 > S Y URTEHESM H - 5t > GDPRZE 22
e EEE T " EELOERRAIRR o HAPRE R E (A A EAERCR
SRV > RZ AR A ISR E PRI HER - [RIMBEER 2 TEAUE 156 1 JHAY
BISMETE > BIATEZZRIHTE BB ISR L R R - o AR E 4
o EFIEE 3 THAUE - ISR A E s s LA E R A
SEEORHEE B DERIREE - HK > 28 15 558 1 18 (h) FKVPHE 1258 22 1526 3
H o JRRI - AR 22 5855 1 KGR 4 TEFTE H BIRRTAAERY - B R
SORBRHEE S SRS K@ AR EN > DU E R B THEER.

> GDPREE2216 2 AT -

52216 (At BEIDLR - FUFREAE )

1. EREREEREAZERREEMEEE (ISR Frifkin S H e £k asg
REMELC B E PSRN -

2. FHIEHUERNTEA - AEERE -

(a) TRRAEEUETTE R E R H R SR EE

(b) (R¥EE B ZH R B EE S BENEE S HEE W E < REE L
MR BN X R R B R EEFIRSE B

(c) FRIEAER i HfERE -

3. TEER2TERTE S Al M EECEh L IBTE - B E ST B (R e AR (R &
FER R R EHRIEERIR  BOEMHEEEET T B ARSI - K2R
SRR DR -

4. BREFOREE2IAEEaBN B OB AT E BTSN » SE2MEPTE RS IR I A B AR
TERTE R R R B BRI (R R T DA (R B R e 2 R
B HERIEEFRE -

FEERAA 2 A | TERE A SRR SEBE 0 (2017) > (BEREAERHRER

i ) ) H 202-203 )

https://www.jcic.org.tw/main_member/fileRename.aspx?uid=1566&fid=1103&kid=2
(%8 H © 10/20/2023) -
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HRPE - LR FTEE R Rt R A REEE SR - R BRI B TR AR
RETSRR R | BORMERECAER] ) JREN T RREtE ) e ?

RHEREERE - GDPR|(E (Recital) 55 71 Befai T 7EEAAITEN
T BRI B A R L ORFE R - L RAE KR E G TR R RS
AR~ FEER - EGIK LR R R (to obtain an
explanation of the decision reached after such assessment ) » DU BkEEEZ TR 2
FERI - L BCERBIIAREARRE B R ERe1S BORE R A A R AN i i Rk
MUK - BESRET S SRR iRE - RS NFE ARSI HE -
ERTSHIRERS EHOCRS - JRR1 GDPR 25 13 {6 ~ 38 14 BeBiE 1T &R
EHIHE A BRI - A EBIRATER LIeEREN 8 IS RE &
BRI &E BT M (rightto access information) » g AT HETRIEREE 22
56 3 JIEFTARAY T IRFEEOR ERSIR VB BEC tEr , - OB ey T 22
SKIGRECHER] ) B T ARERE | *° - ABENEE S E B ME R HalioRiE 5
AAFEZE - B35 GDPR {5 ARG A EAEERTT - BRHRIIIE 22 X
REAEFMEIAER - S S B IR B NG -

e amE HIFEH - GDPR J5EERY [ i A ERHR#ERR < ) WAKRER T
BE A AREAE - thSh - GDPR 55 13 538 2 35 (f) 3K~ 55 14 38 2 38 (9) K
PREUE - ERHEE BT 22 BRERN EEMLIRR - FESFIER T
FHBAEH » RIEL SRS B AR AE T EEITIRIRRT - ERHE BN R TREE IR
ATERERHE " AT MU SR RRE |, - RS - 28 15 RAVEGIEIME - B
HRNF B EIFRE] - [ERARA T FHEERTR ) (envisaged consequences )
ZHIGE » BREE TR AR R - B R AT T B TIRR

% Bryce Goodman & Seth Flaxman, European Union Regulations on Algorithmic
Decision Making and a “Right to Explanation”, 38 Al Mac. 50, 55-56 (2017).

T BIERIG  BUIBRYES - H18  SRIVERREREN S - GDPRA T SUFRSHERE A E L Al TR
REFITE & FEMEFI BRI BTBTH] | AOBRRE - RIEARSRIEIRN AT & 5022058 L T i
BIERENEARRCR SR PIE AR, H "AREEIRM , - JrA R TRz
RIS 5 BROHE (2021) - (BT T — AR RaERIRN ) T BB LR oRA R nE
Fgk) o (GREEID - 2798 > H23 » FERGDPRILESCFHIBRI T RE R 1 LE#H
HER » BB TR R REE R LR R AR 211 -
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A fEHEEERAIA] - EH‘ZZDJH: bt TS | RS - IR
"HRRERE ) o TERmE LR A 22 155 3 TR IR R VB R
{ERR TRRREREAR LA RIS 2 ORFE © PN BB iR T et 1y
HIl o FIREME A TSR B - SN E GDPR EWISCHE " fi#
== Wi

HR - FRBI7E 2016 AR 1 T B AR %S | ( Digital Republic Act) »
# GDPR Bt —3 » ZKGRAE NS BORTTEBERRAE RRAR RIS TR
RER] ﬁﬂﬂ?éﬁiﬁﬁﬁ%ﬁ%ﬁ1 LRI TR TR SRR R Bl - T ]
TEE R R s By ~ TSEAEIEA TSI - HARBOR ] - 25 &5 -
DRI R Ry i YRR - A EEBURF ARSI BIAN B 5 4 2 s B S e B A -
Aok IEBEIERII —MUE BIANABRIK R RE LR, - PRIk TR
WS EREE RO (BIRTHEAY " ERE L BRE) - RS EHE RS
ORI (BB LR ) *° - SEMEEER - "IkE BiSE B T AR IR
e~ - BERF2ETTE -

RN

R EE R AT KA 2 R (explanation) | - SfEFFE T RTAEERME -
Pl fgfE e (explainability) | HETELEAEHH S RREF ST DURE] -
B—r 2 201945 H 22 Hi3iE OECD Al J5HI] 2 OECD’s Recommendation

48 sandra Wachter et al., Why a Right to Explanation of Automated Decision-Making Does
Not Exist in the General Data Protection Regulation, 7 INT. DATA Priv. L. 76, 80-83
(2017).

49 Edwards & Veale, supra note 20, at 48-49.

50 Edwards & Veale, supra note 20, at 49.

U B S A A 3 R S A A R A R R (2020) 0 (I
FOERVERR B T B B 2 R B E R BT | ZREETSRE IR
# = ) ’ H 162-163

https://www.ncc.gov.tw/chinese/files/20021/5138_42718 200215 1.pdf ( &% 1% &l &
H :10/19/2023) -



Al AIRRREIERYER R R R A ER 947

of the Council on Artificial Intelligence) 2 » 7F " 0[{24& Al BB FEE FH

(principles for responsible stewardship of trustworthy Al ) | FYES3eR T A
RIFERAT : BAMERR ~ A E R B DU R AR BB B A S 5 3B
BETTfRRE I © R ~ LR R AR A RIEREM] o e 3 TEJRHI © TIEHH R
nJfiEREE: (transparency and explainability ) | fgH » Al {TEIFFESS JI{E Al &
#3EHE (transparency ) i & E iR E% (responsible disclosure regarding Al
systems) - GlAlfRHEEFRCEN  &PIRES HAFE1E5 - SR IEE A S
Al RIERERGHY 1% > SR AJERGREE AR s A8 - DURGRAZH T Al EH]
RS » AERERSZEIASFIRZ 2R - A ~ TR BR CHERIE Y E HA S
THRRVEG - e DR ERE -

F SRR 2020 4 2 H 19 HERSITZREG A mEY (A TS
RS ) 5 FRHIRAGKLL TERE ) B T ) mEIGE - A TR
JE PRSI R IR DR B PR B s 2 JER™ = (55 3 B T a5 oeH « T —i&nd
Wt ke T WO | Al B EA R - H A L EAE R (bridge )
BE R IR 5T BATESER B SE T - BIAIMEIREATE ~ PREEELE (IR Rl
interpretability » FFEE K BAYFIBRE RS > FEHAHRIREEE ) RAFIRERALE
%% (symbolic approach » EHFZEH A Ky T THAEERAN) - MG HER
BRSNS A Bhdks Al RS RAYATIEREENE (explainability) | -

52 OECD LEGAL INSTRUMENTS, RECOMMENDATION OF THE COUNCIL ON ARTIFICIAL

INTELLIGENCE (OECD/LEGAL/0449) (May 22, 2019),

https://legalinstruments.oecd.org/en/instruments/OECD-LEGAL-0449.

European Commission, White Paper on Artificial Intelligence: A European approach to

excellence and trust, COM  (2020) 65 final (Feb. 19, 2020),

https://commission.europa.eu/system/files/2020-02/commission-white-paper-artificial-

intelligence-feb2020_en.pdf

A BT RAESZ A BT (2020) » (WCREERZPE  DATH
BHEHBSRHG) - (RREEER) - 2671 > H19 -

S g A TAE (symbolic Al) YAEZIRA T4k (good old-fashioned Al »
FEGOFAI) - 1980-AAYEHZRRM (expert system) By HALHK -

53



948 BREBRERL 52 BT

= A

BR BRI PR R . R ) AHRBARY RIRERH » I A1
2 2016 MY State of Wisconsin v. Loomis®2g - —2& 7k B AL ¥4 Loomis
BEIHIEF - {1 COMPAS %#f > % Loomis FYFHSL RS = KIEH 5
JEBs - HFIpE Loomis HHAREM] 6 4F - Loomis = aRyZk e sl es A i Iy
COMPAS R\ B At it SR AN HERE - T R e 1R B AP IR B IR E AR
HCEHRE 3 o TR =R i rmi i e Ry - B R AL S SR 58 B BRI e A A R
REREIE - BABARYIESE SRV & - A e e i S Ty R R B
ZESRENE - KILRF S IEEREFE S BEAh - B COMPAS SRR THIHIMEREE: -
EREHEH TAEBEF] COMPAS AfEHAIAINTL G ¥ COMPAS 2 & EA S
B TEREE M AR T har i - TR NI = RIS Jm 1 COMPAS FYFFIE
FEHERTA U LS TEIARE HE At SR - B AT e OR L P AE M AL ey
AR DU FRINE HE B v R AR S HUHEREE | 7 BRI RIS
R o AREAEREIE AR -

HR > 2017 ARG FEINAEmFZREE - FENAY IR L E 7 22& (Houston
Independent School District, HISD ) 5°f F{E B AR 20 iFT Z4E » MRk
SE R R BN EERY B - Forb O Rz EmEd st 5 A Tl AR ok - BRI
AR T BRI B R IR & O R (R R UG R DA R B 5 4
HEREMEIIAHBRAEORE - FE NI BB AR B B8 SR A PR » B R

FIEETE PP ORBE N AN GEZE R A BB E SEE | BRERT el 5 bl

% State of Wisconsin v. Loomis, 881 N.W.2d 749 (Wis. 2016).

°1 PhZE FPSCHEERI T AREERENT - 25, ¢ SHAE (2020) o ({f¢State v. LoomisZEf:
FEAVERR EREFH_ ERETRE) - (GHEBEZE) - 4 > H165-178 - K
ARERALRGY -

58 Hous. Fed'n of Teachers, Local 2415 v. Hous. Indep. Sch. Dist., 251 F. Supp. 3d 1168
(S.D. Tex. 2017).

0 PR TN AR - {20094 2201047 HISDA 298I S5 /1202, 77344524 -

0 J Ry SR (SAS Institute ) AT ST » FEFI PR MR E G 2 75 Ry B 2 2
B A TR P 8 R e SR B R A Ty R SRR TGl ey (B ) Retiless (52

&) ZEFE -
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HEHE - BlE FAHRR IR SR S AR RN - SR SO RIEIR
FERIEERF 5 FIBaE 5208 2OREHE ALY HoAl (FRRb A
#9) TRAEHBRE » AR EAFIRESEME « #5im L EbEal R
BEREE > B A A J7 R BREE H OGRS IR - 3 H a8 73 81
ARG SEH RIS - BARIF S Y AR E] - SR HRB L E)
## (motion for summary judgment) - {ELiRAS G » SARLERFIR -

538 fr B BR8P W R PR i 8 22 2 N R R B R T REE®
2020 42 Hh /7B LA European Union 14 FLJE RIRG R E B2 - 38k TR
P2 B TR i IR TR g » SRl A SR S R PR S S B T
EHEE R TR B -

v \FEERAS RAE

ot b FEIR AR B RA A o EOREE (s B AR A AN TR 2 B A
B —d o AR RENERAEA TR, - T2 A0 AR AR & BT R
I~ 25 ~ IEERR IR IESE - {EREBIBIA0 GDPR HUBUEFErERE AT S  fiRfE
BE )~ HPek Ryl (5 AAEE S - B ERERH] - DLSEBIRY 2 (85 Rl -
{0 PR R DR - R E IR R FORE - PP 2l gl e A A
GREREH T TE  ERBER BB AR E B 1S BRI R B GG NP
HEEAS 2 - £/ T AR (explainability) | —F - EEEATH
SR AR A E A B > SRR AT AR R A T )
TIGATE AIEZCHE B HE B A -

61 Cary Coglianese & David Lehr, Transparency and Algorithmic Governance, 71 ADMIN.
L. Rev. 1, 38 (2019).

2 Mark A. Paige & Audrey Amrein-Beardsley, “Houston, We Have a Lawsuit”: A
Cautionary Tale for the Implementation of Value-Added Models for High-Stakes
Employment Decisions, 49 Epuc. Res. 350, 358 (2020).

83 NJCM et al. v. the Netherlands, District Court of The Hague, Case n°® C-09-550982-HA
ZA 18-388 (Feb. 5, 2020).

64 Beaudouin et al., supra note 6, at 29.
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S DIRBEIRBET SR R - & TR ) R E S
BIETBAIERL » BIANHE T BERE 57 ~ IR 43 IS T4 3 feak
JRENIERA Edwards & Veale $24819 T 3#8rh0  AUfERE =X A aIH S
KT IEERVES » AN RS AME T iERE | ZHARE - AR > ERAEESK
HRAVSLE 8 IR Edwards & Veale HY5E “FE{EEM R HIRRE - thAKRIT -

oy | /AR B A B DU R AERE RS - nTREE R S5 BB E A/ ST
BEERER® — I A RS RERE L S B AR DR AT B B AIBT A5 BT
BUANTT TG o BV F (AR B ARE - AR il - R Ry — i A FTRER 11
T8 Se R LRI RR ] » BB R S AR Rt mT e S AR BB Ry 1 RS
SRR AFIR RIS - BRIMAE TR Z HAY - SASGE Ry » 68
R BT T TG B T

Gunning jz Waltl & Vogl T3k - NHIRTEA B FE T HE A T g -
Ll AEE A A 7RISR (output) 2 2 Ryl g HARS IR 2 3487
RETEMRLE 2S5 o 728 H m] (B HERIAS R 2 4. RE S He it — M E O e B ALE R
ARG 7 SREEIENL T - Gl R R RE B frr i AT T+ R RIS SR T &
{E58 ? 6B X 32 i s B AUTRER. (S IEmIB A ) 7 &% » 7 A0fF I 8s
R ? BB AL SE 2 T AR SRR R A SENE - (H o3 e R G {0 A PR RS
RIS KA ETRS - B2 AL TG ) SRR TRE - k2
B ASNORFE S SR 5 & 19 N R B I/ B L B B A - B EX
DB RER A - B R IE AR - DU R — SR R AR %
BHBEBIAMERE RS - Nl > 5 AR — M rEns Rl - BResph 2 g s %

85 A3k Rudin, supra note 39, at 2./FE 1 > JEEREAIAEAAERE (interpretable) (1
JFIA - FTRERE TENERE ) BIANEREEERE - A RER AW SRR IS S
MAEE PHERR A AR CHEIELEEE) -

% Gilpinetal., supra note 9, at 2.

7 Waltl & Vogl, supra note 16, at 5. See David Gunning, Explainable Artificial
Intelligence (XA, DARPA (May 1, 2017),
https://sites.cc.gatech.edu/~alanwags/DLAI2016/(Gunning)%201JCAI-
16%20DLAI%20WS.pdf.
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Do APFERGIRITTE (FEAT N BTl ) > JRAFE TERIMEER (S KB
LHIPIRTE) -

BAERENIREE - Beaudouin S5 AMINTFEEREy » FERE AR A HY
2 o 75 Al ATRETTARAVIRE UK » HIEH R R il s sk AR 2 the K > 4l
S AT T A R L T B s AR R AR By B ZR Y oy Bt ey RE TR LT 25 1
BHARET TR > AR REAEAE K > SR nTREfE S TR R Sy
HE®® o ELASTRRIRE B B LB - TREIFE R HE SR UHE & 1 7 58> Al
T AR R HLIE 26 T A E R A BB 2 A/ IN®° » [KI I > Beaudouin S5 AHY
WK - HETE B RS RINRES SIS 5 U E R RRRIRR I B S - EF LR
JRBEEAR T Al BIATE B EE > $RAREEEIRRE - SRR S A e =
O MERGZ T - BEYIHERS R BB R - A TRERRE LR
AR M A A S RS B AR 0 S EIRRIENT B A TR SR E I R R By
% » AERFEER - Beaudouin S —H 3%y - RN AR B 25 &
DUF 4 BiAhraooE - S—Bh2 T MK ¢ e iR © e
fi] ? 46T HZ B E G AL ? HlanE s n el R L H e SRy Al
EI B BEDIREZ (PR AR - (R U2 EIEYIR B R A
FEEACIRZ R £ T 1 - XA EFRA BR LR v RESS S 21 5 B (%
7 BT ERS » FiT DAGIRR (B AN TR S SR 3 H B SR R i S i 2
R - SR TERE TRBINER ) HEIEG TR E DU R RERETT A
HER) - EE=E0E THIEIRE ) A ALZR > W R EEAREE
s A SR Bk A B Y BRI A0 - ZEPURLE " #E (operational )
F AR EH RN ? 2EMERL S ? BERAEAEEHE? BER > E
NDimE TRy - R RERITR B TR 0 2 A AR B RL AR P i 22 52 - JREIE

68 Malcolm P. Sharp, The Classical American Doctrine of “The Separation of Powers”,
2 Univ. CHic. L. Rev. 385, 385-436 (1935).

% High-Level Expert Group on Artificial Intelligence, Ethics Guidelines for Trustworthy
Al, EUROPEAN COMMISSION (Apr. 8, 2019), https://digital-
strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai.

0 Beaudouin et al., supra note 6, at 40-41.
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JAF A I SR s N IR SR R IR (2 - RS BB AR i ™
5 AEBIAHISE RIE ~ Bk - SRR - BN TR ) rm DR
IR AT REENE R SE S HEHE R AT AR R REBI R - 52 TR
AT IEH - EEREE SRS A R RIRFIBEREYE - P15 - 1kBd T Bz
FERIBRSE ) BORBIA AL BTTBUSE - B 7 ABREEREAVRE (B0 K
At R BRI S - (FES IR ) S BN PR A T ERE SR A A R
E¥P R AR LR fERE - LA ESEE ESLATS (A9 Gunning ke Waltl & Vogl [y
RUREE 2 N MEMEE " HERNFR - T L IE AR RR R -
SEHBUR - FRBIRE R R AR TR IRAT Al E R B = AR -

DUERRRS T Tt o o TR ) BURTER  BET A B A A Rk
HIEE 1 RN SR HE e B At B R IR » DU 6 T #RHIbE
BHE TR ATREAE A B A TSR RAER A GEE ~ A
F) o AEDLR TEERE ) o SRBUHRRAVAEEE -

B2 ZEEM S A R

— \ EEBEREL Al QURIARIENE

REAEL T BSERER T DU AT R ) URRREIAI BRI - 0N (R HY TR E
AUl - fEEEAEZ A (EERAAEIEELETEET ) BEH Al R
R S [ BRI AR B ATRRE - FERE IR T RRARSREL Al Bl
MATRES 20K Tl | IIRIREES S © BR— 2 iEbeas &1 TBUSRIFI A Al Frks
LYURIEEVE © 582 FVAE H CAER AR Al ZIPERCORRE ~ 21
IR - B IS - B H SRR EELR TR, o R

"L Nikolas Diakopoulos, Accountability in Algorithmic Decision Making, 59 ComMmuN.
AcM 56, 58-59 (2016).

2 Edwards & Veale, supra note 20, at 50.

3 Deeks, supra note 2, at 1838-42.
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RS EEE R EIREE B TREA B R B EAE SR & — Bk e
(YERERSE) - B L - SRR —ENERA BB Loomis ZErhEyiE
Rk TERE N PR R AGHS vl A PARE RN - BUR T iEbeH SAERE
FI AR BAG T TR | " o AR SRR ik o SR E T RE R R
PRRAICRLG ) OIRRE - BT o S R R AT RE B AR R T L
AR § TSt AT REAN TS SHRERE T T SC S B /g (counterfactuals) | 5 -
R BRI PRORAY B KR TREE™ - RREPETK - BRI T TR
BT AL 38R -

i ) B I Al BRBISRAR IR DA LA R R 2ok ~
REEAVEAL o L —SFUREINTSERE Ry IR R T (legal analytics) - Bl
DLk (legal data) FysdArise - MR HARERS R (insight) 7 -
AL R > HARIGEBEA P REGLELE I LR Al Rafe > BEFHE H BRI
VIR BRI FATIRE - oA e R E R e R, o DB
A HIRORIY 22 1 - (KL - DU R VR B B R AT MR B B - A5
BreefEkE TR | AORRRE -

= AERBERORSERER TR

MIEERE RS ) AEAE o BLEANES SR Al WK RZESE » ERST
KA TE =R - LEEME > LEMRZER > 2 &R iR (pre-
processing ) @ EFERTEE R EFBELE R 5= (representation of feature ) -

4 Elaine Angelino et al., Learning Certifiably Optimal Rule Lists for Categorical Data,
18 J. MAcH. LEARN. REs. 1, 1-2 (2018), https://doi.org/10.48550/arXiv.1704.01701.

" Deeks, supra note 2, at 1846-48%5H! » [k 1 TR ARSI E TG 2 A AL T
EERR SN  SEEHEEE (FIATEAIE B R BT - SRR
EFFEHEN BRI DUE - B TS MR e SEER) 0 B
WA B S B A TSRS B R e fiA e -

0 TR IR B ERRE  #TE (2019) 0 (AT
FBER T IEEER  DIREEREN E R AR IRG) - (EREE
#mis) 0 48%4HH - EH2030-2033 -
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SPEFIRE R - I ELL (algorithm selection) - ZEV/REAY - 4.4 FHIE
BRI TR RERAG -

Identification
» of required
data

v

Data pre-processing

Definition of
training set

N Algorithm
selection

Parameter tuning

4

Evaluation
with test set

No /\Yes
OK? » Classifier

[l =) #2228 A RER AR
% EFIFKIE ¢ S. B. Kotsiantis, Supervised Machine Learning: A Review

of Classification Techniques, 31 INFORMATICA 249, 250 (2007).
DGR " EESRARRGE T2 BN E T ) 28 - fEP B 1 TR

MIREE R A | St EHE B RIS BRI R > FLarssineg
JEEZFIRGRHREACHE » BIE%E Ry BET#5 (classification )  FERR AR EE{5

PSR FITR -
AEE 2 WERIATREEL - FEATIE RIS BRI E I EE

b SRR T D TAREE (labeling) | CGiEHER L7 Ryifafifs coding )
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FEE e - FFESe P ER U T (HIAN T IR ~ T 4CERE ~ ACRHRYHE
BEIES) - DGR RETT X (FIANE T H e, 22 T RERBUT -
ATTHTEE ~ KRBT, 55D - EA R ERER AR A TS - it g
TR AR T -

ABR 3 TIBEERH RN LAY ) I o RIS A R B T R M
EANE] - ALl e ik E M — % - BERESHERERImIE T - ] AES T
RS2 L ] R R RS - S A DR INA A AR -

A B 4 T AR B R TRARER AL L - MGt R AR s
i Y B 2k B 3 FLSRE (performance ) - —fi% T 5 A BE ] IR fE =K

(accuracy ) ~ F1-Score ~ fE#E7= ~ $84: (loss) ZFEHEH -

TP - A —R T BRSO T OB E T ) (B HAM AR
Al 153D #HITE TEEBE B IR ) i AR AISGE F IR R E
A SCHARAN AR TR ) 7 S I AR IR - BN TR
HYELREE > 2% bt Gunning Jz Waltl & Vogl B Gf# - FLRERET S5

TR HEE DL LTS RRRGR IR JUHAPER 3 B 4 yRRLE
FRERA AR - B Ry - AR TR ) B T TR 5 SRR
HRBH RE RGPS T ) B - BUEENRENE - 2RE S
Bl (DER3) > DUSHKAUER (HERESRSE) a0f] (PBR 4) - MHREEERA
FIEER o HEE AT RS T R ) RO - BRI DR R A A R
W P BE 3 nIRERHAYEIA -

= RER AR E REEE

AL R A Ll T Ar g Cinterpretable) | - BIRSHESRFE S - 85T
—MEAFTERAR - A LERAT - (A RAEEE ¢ T RER (BIANHERERER)
AR AU EL AR - ) N3 - YR LE T EERREE RAE L ARSI
B A TR EARRE § AU TR BT TR S OmE
85 ) AR BIAMR SRR B R & B (SVM, support vector machine ) - Siig

" AR SRR RERY ) AN S B Bl SRR A - FEE R R R
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REJJELER TSR - baliny T RTARREMERAE ) RURRHEtATRER S ML - 3
FEBLS PEEE BRI R I 2. 8 - AUeifseE e s " R AmeE ) i
Fo—HEEGE (trade off) o JRIAER © AIRRERE H n] Rk thig 22 AR
R gRE et B s - K IR AR SR 5 1% B AE b — T
BB AE R T TR S Ry Pl 2526

Ensemble Linear

Neural Network

\

Probabilistic

Tree-Based

Distance-Based

Prediction Accuracy

Rule-Based

Explainability

Y Y A B e e S
% &R IE © Philipp Hacker et al., Explainable Al under Contract and
Tort Law: Legal Incentives and Technical Challenges, 28 ARTIFICIAL

INTELLIGENCE AND LAW 415, 431 (2020).

a0 EREPYFTR » o At TR EREER ) 1Y rule-based Y -
LR R Ry AT HATERE s (5 A ELAS R R FE » HEnfE s
HIZ i - [han 1981 4 Waterman ¢ A7 T ' A& ME EERRM
( Waterman’s Product Liability Expert System, W-LES ) » 75 B i A ZE 5L
HAEMHBNERER - R G A B S S AR LR & BRI 5

" Philipp Hacker et al., Explainable Al under Contract and Tort Law: Legal Incentives
and Technical Challenges, 28 ARITF. INTELL. L. 415, 415-39 (2020).



Al AIRRREIERYER R R R A ER 957

# - BRI R A S R SRR E AP A 25 -+ JII (. then... ) |
R BBEIE 2 > fEHIBTEE LGS AR E AT (strict liability ) S2EEOL
I LESARREILE -
il R R B
SR & R FRIEH H3EE R B3t
B 2 R
H "B iR S R
" s PR S
o " g RS A
Hus s A &
IR e s E e Rt
B i B R BB A
DAY T ==Y\
H st A B IR A B
H R A S S R R i
5 " I R A O B R g IR O S n IR B A
M
R S5 SR 15 0 T et B AT B 7 -

SRR FHRY 2 Ui B4 (forward chaining ) 2 ZRE[IZE 0 FI & A
BT S R B IR RIS (fire) - ARV S E W] DU EATAr]
BRI Ry il - SELREEIR « 3G R A PHREE AR - BRI R RE
F o PRHIELEEIRERR (limited) /i RTREMEI5E % 5 SERRA AT RE M fRSE 2
I PR BT PIRR AT SRR (RN SR Ry symbolic Al » AR ) -
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Legal Significance of Explainable Al and Its Practice

Sieh-Chuen Huang’

Abstract

This article attempts to clarify whether or which aspects of the “explainable
AlI”, a research hotspot in the data science community, can meet the
“explainability” or “right to explanation” required by the legal domain. First, by
analyzing recent research in the data science field regarding “explainable AI”, the
two connotations of “explainability” are found. One is the interpretation brought
out by the researchers after understanding (interpretability). And the second is
transparency, which is achieved by using methods such as decomposition to show
“explanation producing system”. Next, this article turns eyes to discussions related
to “explanation” in legal domain. The word “explanation” is often used when
regulations and judicial decisions require information related to algorithms. But it
is more often seen that, instead of “explanation”, adjacent concepts such as
information access, disclosure, due process, etc. are used. However, there is still
considerable debate on whether regulations such as GDPR can derive the “right to
explanation” and what its connotation is. After comparing the idea of “explanation”
in both data science and law, this paper argues that, when a higher level of
explanation is required (for example, when reviewing public sector decisions),
exogenous approaches such as surrogate models developed by the data scientists
do not satisfy “meaningful information” defined by law and hence are not legally
qualified explanations. The information provided by Al producers should at least
include an overview of the training data, the type of model, the most important
factors, and the effectiveness of the model. The above information consisting of
“production system of interpretation” may comply with the “meaningful
information” of Article 15 of the GDPR. On the other hand, the weight of each
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factor or the source code is not included in the information that should be legally

disclosed. Finally, with regard to the judicial Al that may appear in the future, this

article takes the relevant research on legal analytics as an example to illustrate the

relationship between the processing and explainability, so as to benefit users such

as judges and lawyers to properly exercise the “right to explanation”.
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