E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O EESRERFRRINTE

FEGES S TP391;TPIS  XEEFRIRAE: A XEHS: 1006-8961(2026)07-2505-21

X5 A& : Wen X H, Liu W, Yue X D and Chen Y F. 2026. Survey of trustworthy medical image analysis methods on the basis of evidential deep
learning. Journal of Image and Graphics, 31(7):2505-2525(SCWT3, XUfF5, FEIRAS, BRT K. 2026, I UESREREE 27 > 19 AT {5 B 2= 58 o B vk
gk, PEEZER R, 31(7):2505-2525) [ DOL: 10. 11834/jig. 250475 ]

M AIEEREFIINAEEFZER O IERE

X E A R A, R R

L SR ENB A SEORABE, L 2018045 2. RMlgRE AT REATSERE, LIl 200444

O R AT RS T U TR EE B, 2 T IR 27 ) B R AR O TR B £ 78 22 AT 55 v R B Sl 350
T1o BRI, 3k AR B P BE ™ FE AR T ORRRE | i ok ) I R i T L S i PR PR T 9 15~ B3l 6 T e — K2k
- SRR TR A S T DA B B AN B ) R AR e R B 2 S R AU A Ak BH 2 S i i e, A AR R B B PR
R T, EL R 2 X DA KA B 2 M B0 2R R 0, DT Ay e XS 14 e PR DR SR AT AR 4 A b o SRR IR BE 27 2T (evi-
dential deep learning, EDL)/F A — i 2% B AN B MR, 380 8 2K R 5 5 201 5 | A 300 2 o 246 4 i 1 06 B
HEAT RS A, REAS — s AR b A SR AN S P RA KA B 2 e L S AR 0 Sy X B 5202 A B A Bl 4 3 1 Ay
I T Hee ASCNEHE Bk B S BTtk S B A 71X = R BRI DA, RGEVEH LA TR IR T
A GRS Bl T 2 A B L, I BRI 0 MR8 TR 2 2~ S A ANl P A R DA A 1) T A, 7 R T JEAR 28 %
8 IS RS AT I RS v SR R0 AR A LUK R R R A DT BRI O iR AR SO %
UG PR EEAT T RS IR AR BB TT [ #EAT T B AR A TR T — Y B Bk I LA Sl
Pyt e 4 TR R E R —fUR BER AR R T RS AN SCER S AR S5 1 BB hitps://github.com/
oscarab/Medical-EDL,

RIA: UG TR S 2] (EDL) 5 PR32 (R 00T s A Al s 02 3 s e Bie

Survey of trustworthy medical image analysis methods on
the basis of evidential deep learning

Wen Xinhao', Liu Wei', Yue Xiaodong’, Chen Yufei"
1. School of Computer Science and Technology , Tongji University, Shanghai 201804, China;
2. Artificial Intelligence Institute , Shanghai University, Shanghai 200444, China

Abstract: The integration of deep learning into medical diagnostics has heralded a new era of data-driven healthcare, dem-
onstrating profound potential in tasks ranging from radiological image interpretation and pathological slide analysis to
genomic sequencing and clinical outcome prediction. These advanced computational models have achieved, and in some
cases even surpassed, human-level performance on various well-defined tasks, promising to enhance diagnostic accuracy,
streamline clinical workflows, and facilitate personalized medicine. However, the remarkable success of these models is
fundamentally predicated on an implicit assumption: the availability of large-scale, high-quality, comprehensively anno-

tated datasets. This assumption is in stark contrast with the reality of clinical data, which are intrinsically complex and
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challenging. Real-world medical data are typically characterized by scarcity, heterogeneity, and imbalance. The deploy-
ment of conventional deep learning models, which often behave as black boxes in such complex data environments, poses
critical risks. These models are notoriously prone to producing overconfident yet erroneous predictions and lack a mecha-
nism to express their uncertainty or to reliably signal when they are operating outside their domain of expertise. In the high-
stake context of clinical decision-making, where a single incorrect prediction can have dire effects on patient safety, this
lack of trustworthy uncertainty awareness is a critical barrier to the responsible adoption of artificial intelligence (AI). This
review is motivated by the urgent need to address the challenge of real-world complex data in medical AI. We systemati-
cally structure the landscape of data complexities into three principal categories, which form the organizational framework
of our analysis. The first one is data scarcity, which is common in rare diseases, underrepresented populations, and emerg-
ing pathologies; it leads to overfitting and poor generalization. The second one is data heterogeneity, which includes label
noise, feature noise, multimodal fusion conflicts, and out-of-distribution (OOD) samples. The third one is data imbal-
ance, where the dominance of normal over abnormal cases biases models toward the majority class, undermining their sen-
sitivity for rare pathologies. A new paradigm—one that goes beyond mere prediction to incorporate principled uncertainty
quantification—is required to address these challenges. This review centers on evidential deep learning (EDL), an emer-
gent and powerful framework designed for this purpose. Unlike traditional models that output a single point-estimate prob-
ability via a softmax function, EDL reframes classification by placing a high-order probability distribution over the categori-
cal distribution of classes. The core contribution of this review is that it provides a systematic, in-depth analysis of how the
EDL framework and its associated uncertainty metrics can be specifically utilized to mitigate the problems arising from real -
world complex medical data. We meticulously map EDL-based solutions to our three-pronged taxonomy of data challenges.
For data scarcity, EDL models naturally express high epistemic uncertainty when making predictions for classes with insuf-
ficient training evidence, thereby providing a quantitative and actionable signal that the model’ s output should be treated
with caution. For data heterogeneity, EDL offers robust solutions. In cases of data noise and multimodal conflicts, the con-
flicting or low-quality evidence is reflected in the parameters of the learned Dirichlet distribution, leading to high overall
uncertainty and preventing an overconfident but incorrect conclusion. EDL is particularly effective for OOD detection; an
00D sample, by definition, lacks supporting evidence in the training data, causing a well-trained EDL model to produce a
prediction with high epistemic uncertainty and a “vacuous” evidence vector. This situation enables the model to effectively
“abstain”from making a high-risk prediction and instead refer the case to a human expert. In the context of data imbalance,
although not a direct remedy, EDL provides a more nuanced view than standard outputs. It can reveal when a model is
uncertain about its predictions for minority classes, even if the predicted probability is low, thus helping identify instances
that require further scrutiny. This study, therefore, provides a comprehensive and structured survey of the current state of
the art in applying EDL to medical image analysis under real-world complex data conditions. We synthesize the disparate
literature into a coherent conceptual framework, elucidating the underlying principles, core methodologies, and practical
applications of EDL in this critical domain. In conclusion, we posit that evidential deep learning represents a pivotal step
toward building safe, reliable, and trustworthy Al systems for medical applications. However, the field is still nascent and
faces several challenges that open up avenues for future research. These challenges include the need for robust theoretical
foundations for evidence modeling, improving the computational scalability of EDL methods, and developing techniques for
effective uncertainty calibration to ensure that the quantified uncertainty meaningfully corresponds to the true likelihood of
error. The clinical translatability of uncertainty needs to be explored, with focus on how to present uncertainty information
to clinicians in an intuitive and actionable manner. Moreover, large-scale, prospective clinical validation studies are
imperative to move beyond retrospective dataset benchmarks and rigorously assess the real-world effect and safety of EDL-
based diagnostic systems. This review aims to serve as a valuable resource and roadmap, inspiring further research to
bridge the gap between the theoretical promise of EDL and its practical deployment in future clinical workflows. The codes
link : https://github.com/oscarab/Medical-EDL.
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Fig. 1 Three situations of uncertainty ((a) high certainty; (b) high vacuity; (¢) high dissonance)
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RUNHUAN E PR A S ekt it i X fk
DR B0 s i 5 5 R DA R AS W S8 L RS VR B 22 20 A
RBEIR 2= > ST T 48— 1Y AT S Il o 22
f B SR R L T L

W 2 FIe7R A 5K 22 Ge b Bk S FrvA TAE , 1
BT TR TR BE 2% > ] £ FHARGE IR R 14 B 2412 vk

AE AR AR T AR T 18 s e R AT A5 B
2.1 ETFHEEFEINAE

AT BRI, 2 W B 2 2] (semi-supervised
learning, SSL) 7E B AR AU ARAT 1) 2 K. H
Bl AR A D EARTEREARYRTHR T, 580 A
AR ARARTEREA LSS 5 B THEE R AL BE
T o LG W 7 ) 0 B T — B E AL bR
A R g ABTEBE 3 b D AR 2 M 7 AN
W E MR S B RE SRRk . R B 2 2T 5 |
AR B 2 S S T — BB BN E PR L fi
o1 2% A8 1 2t e A OO AR 28 1 T S 1, i 2ok
A RS LR Bl 25 4 FE A5 AR AR, D IR AN 1 s
SMRTERYATHR T S 25

SEFNet (semi-supervised multiple evidence fusion
network ) (Huang 5% , 2023 ) 22 0B 5 R 2 22 > T
I T 2 M A 55 v, SR P 5 5 SR s A 1
PRSI - A 3R R B I 4 5 k4l 1 22 D 2% 51
TIEHhE FH R0 B T AN [ R P ISl o 7R i g
o3RS5 EAUTRR AR TR B 3RASHE 00 4 W B 10 0 )

(SRR )

\

[y

4 B R
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B e s
- | ok

N ! O E e
' <ﬁ D |

IS TR :
e PSRRI R A SRR, SR A S KA i . %iﬁ;ibuﬁ
5 e L S SO A
<+ < -, < .
é & sk (0 OO i bt 5 Aty
Q BEERARREROBL R, I SATIATS || Q B S SRS (I CT. MRD O AT (AU Y 5 o)
Q FUFEANSATMLISRE D, PRI | | Q Mol fidiok, fAfeMss 54 0 MRIEHE . R ALY
“QF At RALA N . P LA “QF AR PEMPHRRXUS:, ARG Q ANE MR AL IEAERSS s DL
PO ATERERE | @R | @A
! il || a5 T N P :
T e I : /E ISR, )
S O AL il (i é ;---[-; &l T E A A
Nl - el O BSB—® |||F
B e J IRHN URBIGERE W e uJ‘;r‘,:,'c;-‘:I)lL/i | = -V
HFE ey e, g i |1 THE [
:Tgﬁf%i: o ] ;1 R Sk )| | j&u :th?u:_&%_)é‘é
. R, v |z HE: ELTC I S
g o N ¢ i i B — (|1 o it i )i
i oS ey ! &0 il i !
i( \i WG| oaes  eikn  weem ) - -
(| 8 s ||| | | K7 AHEA QTR BB
i ES :_@_7 AR E i@z:ﬁfﬁ%‘ﬁiﬂj i E e A o :
: @ | e | g | ¢ ([ g e s & N f ! Q :
AR S - TR e — M- | =
e L “2[E ] S I RN ﬂ[%b o R 5@59_: ,
: VR Hobiss AT e R PO TR - A -
A i X i v Pl SN
\ o reeseesee e e WV G e s | \e.~ =~~~ = == —mmm s mmmmmn s e e e =

K2 S22 By i T RESR IR B2 > ik B

Fig. 2 Overview of evidence deep learning methods under complex medical data
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PERE, s 1 Rl 70 ik e 8 10 SR 37 5t b
BREYE, B R T IS BRSO MRS TR B 2 ) 1 -
SR, MEDL(mutual evidential deep learning) (He %% ,
2024) & 3P~ UE I 5 B T4 il 5 SR e 2 DRLER o
PbR AR T ORI 22 o it , 32 Hh L EAS Rl 484
8 I 265 Ny VN LA TEE D5, ) et ) 2 031 R
e Fil 5 SR X O bR 28 HEAT B AR AL, 13 B Rl 5 #Y
PIARZE 5 B AR A E VTS Db 48 i T
FEPE I RE T T B A AR R AR o T SR I
FeRTE R BAREREA B R B A 5 AR E R A,
T E S T LI B B PR Db 28 M P S B 1 e
BAE . 1% J5 ¥ 7E CT (computed tomography ) F1 MRI
(magnetic resonance imaging) BG4 b T a0 1F
Jige i 3 ) e g 5 A5 T L AR A bR U A 55
ST S A RS

MR K 5 ST IR PR AN ] A FHAS [+] 1)
2% B Rl LS B B AT S8 A9 Dh AR & . QDC-Net
(quality-driven deep cross-supervised learning net-
work ) (Zhang 55 , 2024a ) 7£ X453 32 H W BHEZR 5| A
SN B A AR R, R AR 2 T TR AR M 2% 5 4%
GEM 2% B PEREIT e P AL E A 048 5 AEREAS R 1
XoF FE P 9 28 A i ) Db 25— S0, I 0 28 o i O
R MR 48 T 5 e i, A R0l T Db 2 g
Ao HARNR CTHEAE A SE56 FRUCHE R, T4 1
2% 15 WL OO 2 D R 2 A M o A i
B HHST . [A]#F Hb , ETC-Net (evidential tri-branch con-
sistency network ) (Zhang %5 , 2024b ) W] % 11 £ 5% | i#F
A5 Rl 3 ZEE o3 3, 8 i Tk 4 BR il A 9E B
bR A BIE . SR, Bl O b 25 B0 07 ik ik /> 25
JECRE AN S M B S T — BOME I ) 2 Rl PR bR
ZrtyEs . MK, EVIL (evidence-based uncertainty-
aware semi-supervised medical image segmentation)
(Chen 4§ ,2024¢ ) ¥ 3 W2 5 FIEHE BI85 A 2 —
e AL I Zr 8 5 X 4 410 3h T i) — 2k 2y
RS I P DRI A BT 1) AN A, AR T
i — B L AR s BN JCAR % CT 3 MRT 52
Bz I B R B AT AN E B R O s 25
MR B

L..=L(F(x).Y,)+ L. (F(x), MOY,) (6)
o, Fy 03500 D TE 4 o 23 0 265 038 3 F) el 252 [0
2%, L., 3 (4) 8 (5) Fron B IR TR B o7 ~) P

PR EREL, M = Iu < T) HIET A EME FEu
() I RR KR, TR R 7R B, YL Y, 3R 20 0l PR AN
[Fi) o0 265 PP AR A5 ) OO AR2E:

TR GE RIS RIS R AL BUR B AR i S AT 2 2
UCHIT 1) 3, 5 SR AN AT 52 1 I ] A, T EVILAY
g — YCHI ) BY AT i AT A5 Db AR 28 o CEF-IV (co-
evidential fusion with information volume) (He % ,
2025a) 51 A T pignistic HER 546 55 B AR BUE & |
Xof 22 PR A 3R SN 2 PR AT IR A i ok I A B
WG RS R R R R R B TR0 H
JB MR 3 N AT 55 L EAT T SR, 3K BT 55 B AR A R
o BAREE 2 2R B L R 3207 B A PR bR 25 RIS
VAL B0 TAR G B R, A B S B At
TR BB E M LA . [FIHE A B s I
B2 o) SRR IR B 2 I M G, DLtk — 2D R f
i Bt %) 18] @1, EPL (evidential prototype learning) (He
5, 2025b ) B br T EUE -5 AR T U A R AE R R
—TEJ SCUESEHE SR N 3 2o A 3R 0 UE AN S 5
S A Fe A 5t S AN E PTG R ST,
HAR

K

plra)
u, = —2 u(’”/’)(b((*})z) lOg( & )) (7)

: 24l -1

S m WIKEE (v, 2) B ECTOZE S ) &
W32 4 2 (1) B3 2 BB A 7, ) 2
B C AR BB a , K NS A TR AR o I A A
O 5 o3 #1455 b EPLTEAS [FlAR 1 L) T 34 s
AR B, B0 IE T 5B IR 48 X M bR T 0 A A
A

IR TAEILFHE R T — A %0 WA UEHR TR
2 ) ARALERAE T PR bR 2 AN M T AR b,
i 3t UE A8 98 55 R AR Rl S P S AL, (S I 25 RE A%
TEIN RS R b A & 27 2 Z AR i R bR R,
M FERCHE R e 25 1 T SE RV RE RO AR 2 $2 71
2.2 EFEHEINFGE

b A B AZ BRET, 32807 > (active learn-
ing, AL)i id 5 A B £ 05 B B R R REAR LLIE K
L RARTE  BEAE L dse /N AR T A 46 B R 1) 7 B
Wtk o ARG B WO T A E VR AR B 2 R
KM ABTEBE AR D AT A e 72 LA K&
5 22 S W H S O PR O, R T ME DLk
PERIME DB R IFEA . IR~ o 37 2]
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TSR, XUfE, EBRE, BRFETE
N FIERR EF I AEEFRE DA ERR

SR T SEORS A0 B AN A R B TR R AN A
PEPR 3 0 RSB 7 PR 5 A AR AN B e, W DA —
AR R AN E PR R REAS 70 D 6 T 2o A S B REAS
FIAL T PR S 1 5 B G0 B R A, DT I 25 4 TR A
PERE

CSEAL (consistency-based semi-supervised evi-
dential active learning) (Balaram %5 ,2022) 5 7 R 7]
FE 3 ) R ke 14y B 2 B, iR 5 TR TR S o
I FE B ) 5 — B I e T A R 30
WHRAL T 2028 03 2T BB ARSI E 1, TR p
I IR A Beta 73, BV (1) i 2K ) 5 77 A1 19 — 00
FRaR B0 1 R — 2 A AR Y 10 B S (SR A 1
EVERPEAG . BN

1

A= {2 | %(¢(E+ D-d(y+1) (8)
yeja.p

A, a MB35 K Beta 734 1Y 258, [ il /2 £ =
o + Bo IZTT LT X AME IR AN R 1 ok Ui 1 TCAR
SEREARTATARTE  TENG S X Ot 205 AT 55 Th i A
S 2R bR TERCR IR THE 30%. 5 IE R, Tan
A5 N (2024a) BriE T fd HITE TR 2 > R X (1)
JIE 7S 1Y 25 AN B s PETE T 51 R 20 BT 55 b A B
Mo AW FORAL GE I e R AR 2208 D7 125 SRR IR
e ) b4 DEAL (deep evidential active learning)
(Hemmer 55 ,2020) 5% 2k F 52 77 5341 85 A softmax,
LRV 5e 75 9341 T B R AR/ N A A 22 8
Z0 AN P, R A8 XOGR I EE |, 5 AL S
AN E MEPE DT EE AR L 1207 B3 AR T REAS bR
WERT R o H , AU B — 4 AN o P e 5 T0 b
ZREARMPEREA R . UL, Hoarau 55 A (2024) 2T
RIS SR A E PEdE— 20400 1. 135 FriR BN
RN S PE R SR AN S P i R AR 0 2 15 R ok
Z YT, 5 B RIR A2 AE B R A B0, 7E I ZhinS
WLUA 38 ZFWE R REA R B o 7RO IR
IF1 48 BRI 12 W 0 1R 0 RS20 1 iR 5
FTAL G 0 R A J7 15 o FEAL (federated evidential
active learning) (Chen 4§ , 2024a) ¥ — 00 £ 824 >)
P J IRIR A 2T 375 55, A8 B KR 5 7 53 A1 [7) fof A A
TSR E P 5 IR P, J-42 Hh 2R i
SR LA 2 ik s BB TUAY . AR S A2 b B4 I
A5 B I 7328 MRS 70 FI ST 55, R 7R
EER%  FEAL AT RE4E 5 42 )R BB M RE , 030 1 IR A
B PEAE IR IR AR I TR A3 e Hh i S AN . 3k 26T

PEIL IR T, G408 B AN REAE B3k 5 B Hha B2 = 1
ARG P REA R, B REAE RS LA DR R AL AN ]
SR RN R SR, DT S BB T IR ) 2 R A D

BN FE T UESE R L 5 > B Bl 2] 7 R
TN R PR RN B G PR IR S R AR e 4
il o O SR AR B e AN i BUREAS , E LA SR IR A A
TN R 2P TR 2l B SR R A Pk e S 2 4

ab
He /) o

3 s RURS - H @) #14E = B BYIE HE
fRFETTIE

TEESLIG RIS o, B 245 1% 02 W 22 G 1 I 1Y)
— APk A0 T E S B R SRR S A UE B
PSP SR W 2 IR X 2R R 2R 5 i R B
JE R e B HA T A 0T 3 285 0 B A5 el
i 5 404 R A AR AN P AR R BRI
S5 A BE P A 2R B B A B 2 3
W T, AR R AR A PR AR R 22
HLALBEAERA S A8 ; [F), 288 8dER &
FELE PRI 5 AR —Z, vl WA I 253 A IR 7 I, 191)
UNR] o kA 75 PG 5 0 3R A v 2 R A T 22
S, B R TR S PR R SR HL R 22 57 S 80 S ok
DB B, W AT 68 BRI 25 A oK BB 35 O AEAR
WA DL 5 A5 0 s 1E J v (1) AR R 8 180, ) 1l 40 A
AMZ ARV . A% G % BOE S v R O kb &
X B2 2 ZBNAE Bl A 8 5L T P R RRE R R A
%M (Huang %5 , 2020; B 45, 2023; 22 5k R 45,
2025) o X4 AR HMEE ARG I Tk e 7 AR AR A A )
30 H A softmax A 2 (4 0 55 g8 1T 5 AE 8 0 00 AR 3
(Zhang% ,2021) .

T X 33 A P Bk A, 36 T E 0 T R 2 ) 5 E 4l B
T S BE S SO —Fh RGN T 5. AR
K, K58 B AN [ T S0 F T HoA 2k, 4 anfe
Mg 75 =P 52 TR 09 B P A 2 (Fidon 5%, 2024
Tan %5, 2024a, b; Dawood 25,2023 ; Xu %% ,2023) . £
RS B0 ARl 4 (Liu 25, 2022, 2025¢; Xu 25,
2022a; Huang %5 ,2021a) , LA S EE X434 AMEAS B A
BRI (Yao %5, 2024 ; Roy 25,2022 ; Ulmer %5 ,2020) .
B W 5 ¥ (Yan %5 ,2025 5 Pei 45, 2024 ) 2575 [i] 247 B
BT REIRE, XEE RS S ), HAEE
MRS NALTE T80 T e geif e s i R kR . &
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IR EDL S5 2R T DA RSB 2 P (B2 B R Y
JRIFR) S5 A SR AN 5 M RSO [ A M s sl s | O
A A AR R ] A R A B PR R . IR R A
i 5 M AL S AR AT R REPE AR 25 5 B RE T, D S I
6% CN I ET 32 e e | SR T T VA
B 8 A7 AN AT REPE AR — A B[R]
3.1 BETREEHEMENTTE

TR B SR AR bR T R v 5 LR N AR 75 5
e (anfhsg B s | Bk TR TR 7 ) Ok A%
ORI 2 2 R S i AR B DTG 5 R R B
P, A [ A 15 B AR 5 | & A8 SR A 1 1k
W2 T VA A 2R v A b PR AR o SR A e M s
BRARRAE 2 2 AL 45, S A PPAL DGR X I ) 15 B AT 2L
PEo BOREITE T MRS W5 B H AR IX S n] 2 W
PRI, R A H 5 IR P AR HE DG IS A v AN A 2
PEAE , B0 48 78 TS o] 5 4 50T 50dls o ) it
AL

TBraTS (trusted brain tumor segmentation) [% %%
(Zou % ,2022) FF Ui 7E U-Net i a7 431 W 25 Hh 5] A
AR TR R IBOHL ] 388 3 3 00 222 ARt 0 1 I 2% 1 19
IRy FE LT UL L I FH ORI o 7 i R A 0 ) 45 2R
AT REE , T DUBR A M 2= SRS i 1 L 38 )
ZERTPANAIRE R X, SRR TE CT g AP A
i 0 I 7 AR AL CT B [ A7 1 75 ), TBraTS ) Dice
T8 b5 T B MR /N T Hofl 7 25 0 26U, Region-
based EDL(Li 55 , 2023 ) ¥ fiii fif 64 73 FUAL: 55 0 fift Ay
“ DX AR A — 2K OR e R SR — T R AR
325, [AL AR o A B 25 0 285 1) i 1 R Ay 2 32
T VRS UL 7, 5 TBraTS (9 X IAE T, B AL
Dice 51 2% pRRCAY D37 KUBS: o 1l T LB HRHESE T
L3 2 M KA 5 85 731 Y, A FE T3 38 79 Dice 451
R PREAR T T ISR DR Y TR . SRS TR
BT JRS BT A0 T 55 L B2 00 RAT S i F R 2
#| T & . UML (uncertainty-informed mutual learn-
ing) (Ren 4%, 2023 ) fiE 4 UE s TR S5 °7 2] 51 A 9326
155 5 00 HIE 55 BRI PRIR] 27 2T, AR 1 22 0 2% Sy 14115
S S S AT R R e I [ A B D)
P A MR AR A5 I S B A RN E T
BV T AWEESNE 5 AT E R R
B e ——Ti5 & 73 HUE 55 19 s A X s | 0026
o0 245 S £E AT RERRAIE 5 J5 % U] 20 2R A 55 10 s LA 4
I 52 1) 5 i 50 P B PR RS DX el AN

PEVE AT B UMLAEATE 55 1] 52 3 1 Al A5 4 AIE 19 3 25
i 16 55 22, DATTRE J5EAS T A6 P e 75 1 B AR 4 22 119
WKy 27 > B 78 Sy AR g ] AR MR ) T ) A A8 , G
T3k ke mT iR T B A 3 S OLIR 2
Wr AT 55 B P AR KB TT e 1R 8 8% . [, Shi &5
N (2024) & Bl BEUD A UG 3 B iy, e LA B 3%
B UEHE IR B 2% 2 T A #R S PR £2  EP-MIL
(explainable and evidential multiple instance learning)
W25, Ak 3R T P DDA R RO B bR 1 R R Y
Mg 7 [) RT, X SE R REOR FT DR A AR T O 25 o -
MIL ) 45 5 |75 80 1 8 e b T B AME B
o JRa ¥ 190 2% 2 8] 1) ZAHDRE JBE T R T A A% 3] 4 ) I 4%
DT 00 ot S i T Mg P X3l ) s i 37, 45 ) SRR R
TSP A e S B2 2 T A 2 (] — B b A
PISE MG 1 T RO, B J 6 1 T L% R P8 A AN
S PRI S 451 73 26 4 by A 20 i s KR R 3
Ay, R WP R A A AN B o 1 S 3R Al, O T Tl R
AR AT E R A
BRI TARTEAEAOC T B — A A e P 4k
PR B 757 02 2 Al S SRS B i iz A
Mg 7 22 0 PR e o R A S T 1 T i 202 R 52 3]
iR B Z 1 5& 3 . CMDC (conformalized multi-view
deep classification) (Liu 55 ,2024) 1 S5 3L #iti 5
AW Z AR Jr 2 b %07 1 AR AR A 3R TN 45
T AR i, B SRR UE IR R L 27 ) A AN
S BEAE D — A0 A A2 5 G2 — B i o =S ) op, B
U
or = {b;: = {b;‘k}::l‘} (9)
A, O ot th 2= 0], b (k < K)o paU(3) 58 X
f 200 R AERR AR 8915 & B, K o 2SR, i 2s
BRI A — AR 3 IE T b B
PHE BT T — 38 B0 b B A — 25 pR AL, 1E
ARG IZA — B 7 BB A TN A5 . CMDC AE
TRAE SRS L P 30 IR AL 5 T HU A 5 7Y
[H1E/ 3 AR N TR S AN N F: 8PS
BB . ZOTETE S A W I S MRIEOE B aEA7 52
5, A T RIR AL SEARL AN IARAL 3 L BEAT 25
W, R E R AFROPERE . 0T EyeMoSt+ M 2% (Zou
55,2024 B RS IR G 55 BRI 15 g P
AT A T — S T RIER R A A 2 . HAZ O
JEAELIR B b 28 TR i 30 20 A, b 0 2% 51 Sy 4 —
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TSR, XUfE, EBRE, BRFETE
N FIERR EF I AEEFRE DA ERR

STE BN ZACE b S E AR IS5, 5 s
N Py A A T SR AN 2 5 Bl AN . S B A AN
B PR U BAAh

B.,
a, =1

B.
5m(am - 1)
K, a,,B,.6, WIES—H MR NS, W5
K S I T4 o BT R AR A Al B HTR &
A o3 A R A N 2SR R AT UM AR & .
ORI T A5 7R o Mt 7 S (L Bl G AR R AR 1)
R A R I U k25 5| 5
2R T X 7 Mg B A R B B R 4 RN L REAE A
B N B PE o, TR S R R IR . % Al
252 FR G AR LS i R MR P 37 5 AT RE IR 455 T i
R AR AT o SO RO £ P Rl s R
B —EB o H B TAE HOCTE TIREEIES . Frld,
IR g R e — 1 5 SR AR A RetiZero(Wang B
2025 ) it i XA 4 il 45 HE 42 - MAE (masked autoen-
coders) H Wi & % >J 5 CLIP (contrastive language-
image pre-training) HEZ2 , LI g B G54 5 ORI
SCHTERFIRAE o A 1 I X 32 M 75 35 G i) HR JE (&1 4
(AN, 85 A% Bl it iz SO ) s8R — 30K
X Xof 55 A E AN R 5 W I 2 14 R0, 2% 07 ¥ R 4
FIATE TIOR3 T 5341 AN 58 PR SE T 75 FRIEAR
WETT 1% o BB — SO AR e A S , ARy

E\, = SoftPlus(V'L)

E = SoﬁPlus(LTV)
A, VO EMBARIE , Lo SCARRRAE o 38 3 T4 TR
2 J5 WA TR AR T 1 1) Bk R B R A A, O
BT EE T U (4) ARSI 52 SUIRTHT 2K pR S KL RS 46
2R RERCE AR UG RN SCAS 22 [ (R AEARLEE , AT I8 35 42
TR AU T W P B4 405 125 SRR AIE 1 BB P . RetiZero
AE A% 1. 35 3 T 0 57 DL IR JE s B9 IRl B8 ), e LA
B3 i A IS Y8 g, JEHG 3 7 52 AR MR IS 1)
W2 W5

UEETRE 7 2] 3R T B2 BRI A M P 4l B Y
GO TR HER . TR AL 55 L %27
VA AL 7 A ) AN P RN R R RS, A
A A Y By A T . AR 2 A EUE 55 T, A
Tl 5 M U FH T 1 3l e 2 MR A T ) SR A, Al
AR il B R 0 R PR A5 S LA A ot E 1P e 9 45
Mo TR ILELE T 5| AR R R R N T

AU = LEU = (10)

(11)

F8 B R, 30k R T AN 1 ) M S U 5 AL
i L SR AL A R A B R R G G HE
3.2 ETEZSESMSUBEBEREGNTE

Shyfigp e I 2 A vh AN [R) RS B ) 40 PR S 30 £
FKIR T Pk K HZRAE [F]— H AR ] BEAFAE Y T Lo
R B Rl XL, B T TR TR 2 ) R Y DG TR
T RS RIS — B 5 0 O R AR
RS (A 20 J& O A U0 B2 1 8 35 07 3 AL
P B R P R A A R R
) B — e B BTN . [R) Ao S B A AR S A E 4 A7 7
35 P I AL BE A A BT B AL MO — B,
B S Il R R LA R O B SRS AN E I,
SR 2 W i B AL R B o

WFFEN ST Rl B 2 22 2SR 00 P e 6 S a3
BB 0 7 J& o B W MMEF (multi-modality evi-
dence fusion) (Huang %5 , 2025 ) - B AN 25 1 4 FUp
25 0 245 (14 i T IS SR TR RS v 45 A R B, 1R
FH BT SCHT AL AR A AR S P S P Bl AN R AP A o o
EAE B A, AR (04 W] S 2R 80 1o it 3] o 2 >
PAFMTCTT N TBGE , He T X iRl L AT 2 e 2
WOMZEIR XA RS Ty TSR RS Th A
UESE A, T T PET-CT LA RS 5 Ak e
T RIRCR . (HJ2 Sun 55 N (2026) & BB N 19—
B W AL I RCR |, U REDNet

Par

(veliable evidential discounting network) (Sun %5 ,
2026) HE— L 5] AR N —BUE IR REH , 78 RS
PR A 3R 4 — M 5 SRS 2 S IR B R U A
P AIE 23 ) 20 AR A 25 57, B 8 th 2 D Rl 5 ML
SE MG Z PR TR BB YRS o PR P
A FEA T Zh 2 IR A TIE SR P 28 9 2% rp 4 RS IE
I, LA s I B B A Y S o TR 2 B AR B
AL TS N — B A (E A o] — B PPAG
2B P S PR R S Rl 5 2 R A S, i
TZBRBEUUE SR EE . BAN

K
bi=d, by, u'=1-> db, (12)
k=1

A, d, 2 RE b, RN (3) & SRS k2R MR &
Fidk o XA RY AT REVEAL T, B R G L
AR CT P A AE s B2 X SI Bz sh D s g, ] s /b
RS [R] Mg Ay S, DRFF TR 203 0 ERX A 1
WEFEN I 6 PR R A o 22 S Al ORI 19l 5 1)
81, MEFN (multi-modal evidential fusion network) (Qi
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A5 ,2025) BRI AR P I B < SRR R A > BB
A 3O 5 R I I 55 PET 5 CT W32z 5%, SR e
(BB SRR s Z RS ATERLA BB, AU B )
B 5 A0 PR E e 3 S B AL B T 5 1, OF
BT EE IS RS R AR FIS R . A, I A
N SRR A0 2R 3 O 245 SR AR A DI, DA AR
FATE (R B EEHRE I . MEFN i /] LA [R] 25 i H
R AIF X 8], Ayl R 2 S HE 28 F 3 4 AR it e
A
TEZME R B AR R TS 2R
fil G LR T VE o TR IR S Y ) 2 52 W
H T AN [ SE BY [E]JE 25 25 22 S Al . 2 52 R W 7 1
o, PRI il 5 I DR e 36 9 1T A 22 R I 2 T HE AR
(Huang 55 , 2024 ) 44 455 J52 Jig Ao e 20 PR XUSS: A2 B K 0
Y3 Sy ves fes g AR e 5 AR I S, 2R
B FLAR A g PR 3207 VA I S 50 TR Ry A B
TG A 2% A SR 2L, BAR
b,(x)= z aA(x’y)bA(y) (13)

CA(X)
A, AX) Wl o, (- ) ERAE b,( - ) MR
i R G Ag R IE RLAN ST R AR AL sk O
SR AR RAERE J) , fie i 8 5 TE U BRI A4 Rl S R
LM, SE TR W . 2RSS 2 >
HEZE MERIT (multi-view evidential learning for reliable
and interpretable) (Liu 55 , 2025d) ¥ &4~ 5 #5490 £ 1)
FOINRE Ry T D 7, [a] P i ) 26 M 3 R A AT
SEJE , TR et . BT A B SE 5, 22
FF AN 5 0 A AR R M 22 . L2 iR
AR5 S TRl A 22 A R, B
b = u"{)lil-u;:-—bilf:;t" s u" + LLLLI:u—" u"u" (14)

A, m Fn FR A AFEAL A, by 3 (3) 58 LY
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