W R K F e G A 2R O 20244 % 3 £ 172-181 7

4

AR

4”11‘[]

&S E 1Y DU N T e AR A

D URSY=2

BE: A SE@REELEFIEE BEIZNA RN CHEEM=ETRE, N HATFEENE S —
AT FRAAHKEHGFET L, TAMMFRAELF T RCIETE BFCIELH, BRI FEINE
GERE, CUANT AL E AR A%, TALEINIERLS FEZRAGHEL LR AR T AHRE A
G, ERNETFIERE FRZ MG RMAEE AMEL X AR RA, FRATE B EREE HFHMNE
RS HRIEHIERBE, Ao, CLAELERRE, — 5@, CELXSHMERFEAMA AL F LINTH1FE
Pt TP W 2 AEAT BB AMERT A YA AR LR ERE. 3 —F @, CLIHESX
FALGS T A2 OR AL e £ LM,

ERIF: AECiE; Mo AT HE; FRINE

DOI: 10.19836/].cnki.37-1100/c.2024.03.016

FL N E A E A UE TR AAGIE = A B 8 I A FE A X 1 2 TE Y R v A Bk B O
SEAE A o AR 3 S E & AN A L 20 S5 90 AE IR A . BN IR B op I E H X B R
G 14 TIE 0 08 AT SR DR AT Bl AR A4 AT 4 3z D o P E R R 9 T S
SNGEH A RS E RO T I X LT R L R UL B A P A R = N B
B ROEE IR 5 2R g5 50 22 18] B B 25 52 2% 50 AR Ak SA SE A A0 i LV A JREL 35 E i 0 K B A
S T, ARSI SE A VA IIE B R A W S S A S R b, S Tl G 9 R B | 8 6 RS PR A L
W o 326 P R 32 00 A 2R BEL A Bl DA S S O . B = R TR S IOAE HE S R AR SR
R PR 15 A 2 AT R o TP DAL 0 £ 1 R JBE B Dl I R B . 2 A T LUK A R HE I B
FE I HEAT R REALTT 7 1R WA SE e b, 10 IR S S DA RE A 50 1A [ A A0 o T A ) R

DU Sy AT REARR 2 Sy [ 25 3 A TR AR AL T HE 2N . e s VRV RCHE BB B, LU Rt Rk
I 7 DU A BE 22 Sk 4 16 8 L IR 58 AR N TR REQ, B A T 9 0 R ek AT AR . B B AL
34 0 26 1] g s AR R A AR R B8 . SR SN E A5 S L A PR OC R BUIEHE 5 & | 4 2L AT IIE S AN
TR 3 50 22 [B] A 45 4, 4 2 DL ik ST I 4 1T o DL i34y I 45 P Ll (A O 2 s 1 RS 3l 5 5 55 22 ]
BIZS R & o R, B DI R B A s RS . S SOAE B R ELRE S AR 22 6 v ) R
V5 DU DR BRI AR, PP 4 A R S 5 2 (R MR G AR B 5t 5, BB R 0 A R . BERBUTCEm I
BT IO E B UESE B VAW . R n B DB R AL A R S RS AR A 3
P BEAL , A 3l SRR B, A B AR J AR . S MR B AL SRR T HNE B W R A
FA P90 B A5 FR I

ESTE . AR S — BT H w2 0E W 38 5 5Y 7 (23BZX127) 52022 4F 208 B 55 45 24 K — i [ P 7 1] 2% 3% 351 H « D1 0387
e 25 7 F I 3 DT A il ARS8 e i
TEE B X, BTN TR F G0t 505 B Bem) B8, -+ A2 S0 C 1 2016205 livhai@suibe.edu.cn)
O AT - GIEHE T S —— AR 58 BT B0 b A2 b S0 AE SC), B4 T W Bl f A 0% bt - b RN IROK 2 M AR, 2021 4
H 45T,
@ ikEk RE B GE A =AU T AR (R R A BRFF)2020 4R 55 940

172



EHEELATMIN T AT RER

— EEEFEZZ AL LAY N T NAHE

FEYTAE H B UE R HEER R — R U 95 AR R R R HE R, DL g A T A L DL e 3 )
2% PRI 55 K Ak 32 7R SR 8 R dak TE 0 0 S 22 R A IR R T R Ak o DL BT I 5% TR ER Y A R IOR , n  1
Fis o R ARERAS . AT B AR R AN PSR 1 AR R, B RRIE 50, sk AT R (HD . &
AR g % AT LALER A 552, RO UE S , 20 i 78 DNA B A I A VS L CE D™, 53X A IE 4% o7 DL 3 1 B % 5
FEARFMEE . R —F0 A 5 ) B A 1 50— A1 R, B AR R AR = (R R G
L IXRR O Z O PR S R AT DU MR R SR S 56 RO, Bk, DL S 0 4% PR 2 m A
ZARRB G FIEE Z B OC R A28 7 Qs AT A5 A AT — 25946 10 5 22 B AR 19 A A 29975 B
FIACTTT R B A BT o 78 DL 30 I 45 180 e, 2 SR 1 A1 05 22 TR Y R B AT L IR A BT AR A
TR SRS M o SR ST R A A AT ARE ST A AR AR R SR L BT R 4 A R ) AR e 2 —

@ < (W2 ERMEEN RN

e H4: %R I 257 DLk 5 A2: TF AT S
TEALIR I KL i

E1: 1l AIDN ARG 7 DL

AL: K AT EEE

\

E2: HAREDL SRl WL
TREEAEAL AR B

BT DNA %5 5 WL AEAGE 7 9 013 9 2 e ©
CBORR I AEH A D

2013 4%, I3 A5 N\ JE A B — R A geAR o ) 1 7 B BB 0, TR B T —Fh T ) TR R T ik s
BT LB P Sy T A A R — ARG DL B I % D) L 3 B R — PR 1 D30 ) 2 P
B, e AURIE FAN 0 B o AT P A i B 2R Y .k 86 S 35 AT A A2 T, DT A b e L et
Hr 0 265 [ A o A, O AR AT B v B Y PRI o SRR RE T DR Ok BN TR ST S PRI R A B
FURI S M4 A ZE AR 1 UE 9 8 30 0o L B T A A B @ s PR B s R T
21U B9 77 3R T LA 20 A S AR G DL S8 0 255 P, BT B AT S

05 A UE 48 4 B A TR 6 Bl LAY >0 1 R 2T 1 IR AR AR T T IR v A 1 ST 8 S LT O
Bl T B RN AE GRS ~) i . 12 FIX 2 ) 3, 35 500 3 ) DUPR G B i 48 A 22 0 14 DL - 387 19 2% 1)
FENIESS B, 5 SN E #7675 AR X7 $ H B4 L = 52 F2 sk R aIE e, 40 P DL - 387 19 246 [ 245 4y

@D Fenton N., Neil M., Risk Assessment and Decision Analysis with Bayesian Networks, London: CRC Press, 2019, p. 165.

@ BT 5 =25 H R (Hypothesis) 19 45, E £ 78 iEHE (Evidence) 17 55, A 7 GiE 40 (4 7] 5 M 50k 5 M (Accuracy)
e BF 123 4RRERTHMT S,

@ Fenton N., Neil M., Lagnado D. A., “A General Structure for Legal Arguments About Evidence Using Bayesian Networks”,
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@ Vlek C. S., Prakken H., Renooij S., et al., “A Method for Explaining Bayesian Networks for Legal Evidence with Scenarios”,
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@ Fenton N., Neil M., Risk Assessment and Decision Analysis with Bayesian Networks, London: CRC Press, 2019, p. 292.
@ Fenton N., Neil M., Yet B., et al., “Analyzing the Simonshaven Case Using Bayesian Networks”, Topicsin Cognitive Science,
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A Bayesian Artificial Intelligence Model for Legal Fact-Finding

Liu Hai
(School of Statistics and Information, Shanghai University of International Business and Economics,
Shanghai 201620, P.R.China)

Abstract: Accurate fact-finding is the premise and foundation of judicial fairness and justice. In
judicial practice, the principle of discretionary evaluation of evidence is the proof system for fact-
finding. However, discretionary evaluation of evidence faces a triple dilemma: difficulty in clarifying
evidence, implicit subjective judgment, and fuzzy inner conviction, which hinder the accurate
determination of the truth. The Bayesian Artificial Intelligence (AI) model, as a visual,
transparent, and quantitative intelligent tool, can assist fact-finders in completing the process of
discretionary evaluation, uncovering the black box of discretionary evaluation, and promoting the
accuracy of fact-finding. Bayesian Al uses Bayesian network diagrams as the knowledge system to
visually represent the inferential relationships between evidence and facts. It utilizes probability
numbers as the data system, transparently displaying the fact-finder’ s subjective judgment on the
degree of dependence between evidence and facts. Probabilistic algorithms are used as the inference
system to intelligently calculate posterior probabilities, quantifying the strength of inner conviction in
inference. The Bayesian Al model offers five advantages:

First, Bayesian Al can not only use machine learning methods to process big data but also
integrate smart data such as expert knowledge and judgments. When dealing with risky decisions
with little or no data, such as court trials, Bayesian Al can combine human knowledge and
experience to provide viable analytical models.

Second, Bayesian network inference makes the propagation and updating of the inferential
strength of evidence in continuous inference logical and scientific. It can not only handle
corroborating evidence but also uniformly analyze conflicting evidence.

Third, the application of software tools solves the dilemma of “weak mathematical calculation”
faced by fact-finders and promotes the application of the Bayesian Al model in the practice of fact-
finding. Fact-finders who are not proficient in probabilistic reasoning can effectively use software
tools to construct Bayesian network models after simple training.

Fourth, the Bayesian Al model helps to open the black box of discretionary evaluation,
presenting the subjective judgment and reasoning process of fact-finders in a visual, transparent, and
quantitative manner, thereby promoting the accuracy of fact-finding.

Fifth, Bayesian Al is a probabilistic reasoning expert system based on human-computer
collaboration. Its goal is to “assist people” and “enhance people” rather than “replace people.” All
judicial decisions are still made by humans, and the subject status of fact finders remains unchanged.

However, the Bayesian Al model also faces challenges. First, it requires a large number of
probability numbers as input, but fact-finders’ subjective judgments on evidence are difficult to
accurately transform into probability numbers, thus affecting the accuracy of the model’s outputs to a
certain extent. Second, while the Bayesian AI model can avoid logical fallacies in evidential
reasoning and is a tool for the explicit expression of subjectivity, it cannot eliminate subjectivity.

Keywords: Discretional evaluation of evidence; Bayesian artificial intelligence; Fact-finding
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