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Abstract: With the increasingly powerful performance of neural network models, they are widely used to solve various computer-related
tasks and show excellent capabilities. However, a clear understanding of the operation mechanism of neural network models is lacking.
Therefore, this study reviews and summarizes the current research on the interpretability of neural networks. A detailed discussion is
rendered on the definition, necessity, classification, and evaluation of research on model interpretability. With the emphasis on the focus of
interpretable algorithms, a new classification method for the interpretable algorithms of neural networks is proposed, which provides a
novel perspective for the understanding of neural networks. According to the proposed method, this study sorts out the current interpretable
methods for convolutional neural networks and comparatively analyzes the characteristics of interpretable algorithms falling within different
categories. Moreover, it introduces the evaluation principles and methods of common interpretable algorithms and expounds on the research
directions and applications of interpretable neural networks. Finally, the problems confronted in this regard are discussed, and possible

solutions to these problems are given.
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AR, N LR (artificial intelligence, AT) B A B 2R A 5 U2 —, HoAT BRI 25800 ), AL $7
AR N AN . B T AR e S A B ) R R, AT R G VR 22 AU Ok AN AT ) T,
B MR (1 E I 45 Eog BT T AJKF B

BRI, AL RGEAETHIN . HEFE R 3 S 35 J7 1 100 €0 DU % 2 300 3 SR P A2 2% (14 28 I 2 A 20 ke ST ), e
TSR R 1 P AU (3 R, BT 5l Bk D B R 7, e b 24 TR o v L AR B AN Al 2 R
HORIT AR A2 AR B2 [ ) DG RR, IR ATAG P SIS AT SR BE 51 S AN W 8 Y 8 ABE 7R 28 5 TR D R 3R 1 i DRI V1T
A 15 1 T 0 10 I 45 SR, S SBUBERY A I 5 P R B €6, R S b R BIAS R 1, DRtk o 26 o 4% 11 S S A
13 N AL LL5E A AH (5 22 P 4 AR 1) k.

NG T 2 8 A0 (VB X T YR SR BE ) B N T ZE A2, 75 S8 ] AYE IR T R 2 s i B
e R g e ), AT S R0 A Pk . ) TR SR D) 5 N SSAR LI B2, 5 B8 n] LA YRS 45 T, I Al A2
AR, B PR ST PR SR e 0 N 28 T Lp IR AR R, 5 B ] DA AR A L pRe SR, 5 B N 8 B 4 B VR N b B At 5
AR YL 7] 7L

AR N T4 B (explainable AT, XAD 5T E0 1 LA SRR A0 5 2R N T2 e i U3 fi g A2
% PR AR 1) PN IS AT B BB R R S 45 L, A A2 [y S e S R )2 A AR Ay (5. ml A AR g o 20 D 2% 24 11
W TAE SR T BRI 2 (195630, 2018 4, BRI £ 7518 H 8 /37 449 (general data protection regulation,
GDPR) W5 IANKT H b SIS0, FE B -4 3545 B S ok e b 8 2 AR SR REAS B AR, itk 4b, 75
2019 4F, N TR REm g0t AR T ] 5 0N T2 i AR At ). LA T2 b 3k e 4 A7 AR AR ) L U0 qH
L 3 DA () S A — A D U P 0 S L B . 5% FhHES HRWIFEBE (National Institute of Standards and
Technology, NIST) J- 2020 £ 8 H & Aii kT XA 11 4 T J5t ) U W UE B¢k (fRE 45 9L o] LABAE S UE ) o] i
(AR &5 T Re 08w T P P AR R0 FH P A S0 MERR I (R 4 SR 2B M A S O RIS AT ML) BRI 1k
(R AR R R AN E AL B S 12T IIE D).

A T BN A RN 22 W) 245 (1) ] AR S A T [RUURI &5 3 1 77 2 AT AR ] A 1) 5 SCRIBIF s B 4
ATIHE, A2 RN T ) 2 AT (] R 8 SCRZ A3 A 1) 4 ARV 8 S, I A YA BRI 3, s A 284 ] S 0
AT P REAE LA J5TH, A ZAX R T AR RE (K D6 B 55 2 765 T 47 SRR ] L RE 1R AH DG 7 R A T TR 2 43T,
S0 ] R AT B A AR I I TR R Rk 4 AT R, B S 47 H AT O 1] R SRR IR 4 20k, IR gy
WA 43 2877 2 AT AR ). 565 3 148 B — Pt w28 190 &g ] e S92 AT A S IV 7 1k, A B T AR VAR
AT 1S AR 1 23 28 5, X i A R 22 P 8 1) W] AR AT R B, 0 AN [ 8 it e BV T e AT 43
BTRTEGE. 25 4 715 rp A G DL 1% vl AR 532 1R DA JR DULRI VP A 7. 26 5 iR nl R s & W 48 0T 9 7 Tl s 3%
I 7 FH R0 24 T s ), R A ARV 1 L b R0 N AT 55 5 5 T AR MR T 9 3 DI AH DG 1) N 5B A T B 3, IRt e 2
R 255 AA R A TR 2 T TR I (1% ) AT TR 3, B o X e ikt mT BE IRk J 1) 28 6 T A SO AT i 45

1 EB TR E X RS EY

AL T, AR 199 2% (1) v R v 2 H T 5 R 08 A NS BIAR 1 7 xUoxd I 8 0BT e sl S B U170 e S
S5 R T8 5 1) 0 AR 7 I o S g e 1 T . 4o 28 ) 208 0 [ A e P 8 g A BAT i BEANIE WL, A ok
(1 i) A0 94 48 445 K ) 1) % SRASOR AT . VF 20 A TORE 4 28 I 45 BT 2 1 B b AT AL B, b 2% PR 4 R G AT
GO W P AL AR TR R IR S R (BRI AT 55 LU S AR R RAL 1y 5

AT 52 SCAPEZE I 265 R P RAERE L, K — NG Z TR R T . R ol 28 190 226 ) A R A1 14 5 S B TR Bk
WA T U, AN T AIE 0 ke Ao 2 D 4 T AR T 1 s SR AN [F) 2 A A o il 00 Sk [217 hond my e v s X
Sz LUR] BRI A T o] N ZRAFRE e 707, 5 SCrb < n] BEAR IR B RIA X — & 2 BB 810, A2t — 2 g
B R AR B S PSR Z I8 A LG I, BEAE B B A o SR A AR, SO N SRMT LLBRAR A 4 7. SCHR [22]
FL T ICHR [21] B8 CHEAT T 32D IR S SO AR ], BRARUR D0 1 W12 0 12 B DR SO U sl mT LS Ol
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TERRRN). SR, NATTIE 5 AN BRI B R S U T 2 b A b g AT R, HBESR GRS A0 il — L8] ] T A AR 1)
KBEER, & SCP Tl BRI ARTE, NZsk H -S54 &A CIAUHE A1R (B R).

HERBE I AEFE S T LU YL 6 WV, U interpretation, explanation 5, %8 SRR A £ I 4 T i RE AT 5%
FIRLHEAT T VRN 43, SCHR [23] 8 X interpretation A K GMES: (451 an TIGl 24%) mle s 380 A S AT DARR AR 1) 4008
(AT AEREI) ;7 explanation J2& I AR RRFAE AR &, IX LE4FAE NS 45 78 B AR A IR PR SR (491 G 23 28 B 1m0 ) Al
T Tk, SCHR [21,24-27] XF P 4% ] AR A g I g LA e e D TR DX RIIR SR EEAT T 20 AT, WA RR % (interpretability)
5L SE (completeness) fiFFE M5 S HER B (accuracy) FIETVLALRELRE (fidelity) %5, X HLR——%'%1).

R 22 1) 2 ) 70 HG N FH R rp RN 28 I s A Y, AN T s A A A Ay i P 2 ) g A R (1) 2 R B 2
— PSRN 3 W AR TR T B 2 S BN SR B 5 AR AR I 28 BT S T 140 5 2200, AS R AE B Aty 1 2% e S5 Sk 1) UGS
SEGELEN A SEHURE AT AL B2 I/ DA AR UE RS0 A 52 1 f) o UG e Sk St o, e 2232 07 40
)25 B 42 S O VRUR) 2 ) vk B4 22 i 3 A ] AR P N TR AR R AT LU A AT B B e — P51 R,
RS W] AR A 18 o0 ZR 4 v S T ) L A T DL,

BT AE [T s B A E AT IR, AT RES S B I NVE 22 A 5 435t 1 i D0, B i DU %) 00 ) T e A s 9 e B ik
AE 52 3 Y5 ARSI vl 33 A i D00 DU T A R0 A — RS MR DU AR ) AN 75 FH P i, 1 3 S s i AL %1, RT3 A
LW J S i R0 (R S i 25 i R T2y AR 8 R A A PSR S R, R S T A ) A, AR Y
NI I 2 S0 ) B s ) e 4 BRI T B B R 3 e 7,

BT AR e 3R 450 0T S 2 1] RN 28 8 0 DAL 1) R4, A9 28 ) 9 T ARt IR 0t A B0 T D01 I 9% AT 4 T A 2 1
B, T A BT H A ) W) g AR TS S 20 X 48 A AR AT 4 NP, R 2 O 9T S B T R R 4R T,
I AT N 208 AEAT- 45 T 2 I B A A S RT3 B AR 0 0k A 4o 26 ) 488 PO 1 e B e T JL 65, (R i A 2n b
W4k Bk L5 S5 R I R 56 R LT B0 RGEVEIFRE B0 WX ER, SR T 2% (R 77 78— LR it ke ()
I L T R 4% 8 Ay S LT PR RETRD AR 9 2R PERE R U A48 P28 A S AR IE L A28 I 485 AP A ) R SR T LAt
TR Ao 22 I 8% 225 ) TP AS )R 23 (0 1 FH B B AH LR DG 3R, T Ao 22 I 8% 2 B AR A 119 i DA, A B Tk — 20 et i Y, v
BEU H P Al 5 A AR B2,

2 HEXARER

YRR 2 ] AR SRR A 2, AR B 50 TR P A 58 BA AR MR IR 0 e SR LA B R T Ik 4% 1A T
B, B 5N R ARRE PR R S AR DG SRR AT 4L BT, S 5 H AU A

(1) AR IR A

VAR SR, 128 W 246 T AR PEWT 55 76 3 % S 2013 4F, Simonyan 258 A\ PR HI IS CNN BT 7 7 30 3 38007 #
KA EE B EHE I T B RO 25 e B 5 A2 B R W5 35 1] (saliency map) (17515, XS 77 V800 J5 ST Al B PEAIF 9T 3
BEPR R AT (0 JE I I — A e 190 4% 1AL T 27 o0 B A S A2 T g e PR b o) I 48 17 5 1 EE X . G —
SO AR 2% TR RIF S A8 21 )32 S0, 2016 4F, Zhou 25 A P45 H 2K B0 i 5 7 v (class activation mapping, CAM),
7E CNN 4 H 42 5 T340k E A Ak 2 2 DUAR BRI 48 (1) 52 467 8 ). 1% 76T LUEH i N G R 6 CNIN 3l
Wi KPR X 3858 B, il ok RO IR IR R R 12 5 VR 5 G U 4% 45 1), DRI 52 B, 56T CAM ALK 1k
Grad-CAM 3 POIRE AT LI L 407 P A 00 46 S X 3k, 1 LG P 1 58 22 X4 S R BT 45, TR G2 3832 13

BT 3 W 5 RV WA I SC AR AR B, R ZE B 30 EAT T 0 T — P AT AR, XX — 1)
A, 2017 4, Bau 25 A C7VHE Y — Rl B AL RIS SR AE AT R 0 5 v, SO A A% 28 00 SURR AR R Hdie 4
Broden, 7 ¥ 2% th P4l Bk 5 G 5 H50dls vh 8 BB DGR, I SEIE T8 XA BARRE. [RIAEIE T8 UE BN iR
TTEIEAT SCHR [58], $2 H— Pl ik A SSmT B AR 1) 4 T Pt i 381 1Y) 8% B T vy R R 0 AT AR A0 28 I 28 P S IR 2 114
H: (testing with concept activation vectors, TCAV). IX I T A7 B RS 7 v 75 B 08 IR A K B #6308 U BT
GEIEYNE S (TR

IR AR T T TG T I 2% A A TR S B U, BT T OC B RE J R SR TR I 2 1 Sy — R AL A . IX 2R R
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BT iR g R TS S, AT LU SR AR SE AR AL, 2016 4R, Ribeiro 25 N PR R B A Al B A8 7Y T0 6 B 7 1k
(local interpretable model-agnostic explanations, LIME), i isf Il 2 — AN AT Af A5 1 B 25 Sf At F8 A 284 Tl 45 S 1 J=y
AT . FET LIME 5322, SCHik [60] $2 H —FR AL 2K S0P 22 2 UK il RE J7 7% (model agnostic multilevel explanations,
MAME), K LIME J¥ ] -J-A5 28 A 1 () 42 Jry 17 G e

(2) HRERAWIIT

BEAE T AR BT ST ) A, HA BV 22 T ok 22 D9 28 T A PR AT S0 AT 10 A 5 PR SR, — S8 SR S5 T A e 12k
BIF S (0 DB 1) A J T TE A RIS 12, SCHIR [24] 2R AR T ARRE I 28 PN A R X — il /L. #05 TRE e N S B0k 8
Ay EE R SRR L P2 1 B P IR R K () R, - AR RE AT 20 000 2 ank R P A S B e € — MR B Bk
LR AR A RY, B 3 e ) At 2 5 R 58t TR B A SR ) — /N AT B SCR [23] B R T AR B X 23 W AR BRI
ANTE]7E SC, DB DI PR Aol 28 0 28 65 g R FH A0t Hh 5 HE ke, BRI T AR R R BE A 48 M 5 ABE 2R PR B R SCHR [61] AR
BRI YEMR R NS RS2 AN R H 1) 5 THD TR A ), MRS AN [+ 288 284 V1 A R v VR AT D7 S B v 1 S F .
SCHR [42] AR A BE R, 108 T AR5 2% 20 TG 1K — R ISR AR, JC b GG v RN 2825 2 i) —
FRYNG L), B0, Rk B A AR A T L VAR R B T R HE R B . A R RN T S )
SRARMIFNR . FRAE B R BRAR . TR R AL 2 S PR A, AN IRk s B P P R B AR SR AL 73 7. STk [62]
TR T ARRE A 40 ) 2% 85 B AR R B v 0 G 59 P AN B s PR X — ) 8, ) N R IR B, KA R A SR T A
b, ITTREAT 5 P23 A, () s) 2 HH VA AR R SCABEZRY P EARR PR (V) B AL FR R, BE TR AR B R AT 5 1 43 AT

FE 26 W 2 AT ARRR 1) 22 T Vv, 0 8 E vl RO i P 2 ol 20 P 445 1 e B2 77 K %), I A ml 44K
12 W7 ) 2 SR AL T AR TR, BRIt I 8 5 A0E T LA W AR P AT 9 v 1 A2 B, SO [64] 0 A AR M S Bl
2 %% (convolutional neural network, CNN) HJRLAL 7 kAT [RI, FFi18 CNN BT RRAK I 52 BR 8, i W 48 0 fii
BEPEAEM 2 vert s A0, 2B R S AR 1 T . SR [65] RIAT XS CNN ¥ il MR AEREAT 43 4, (H B G
X CNN 92 v i) J22 B T ARG R 7 AT I 44, FE0E AN [6) 7 iR EAT RAEAT B2, 20 A AN IR ) H AR50 1 1)y
fiE 7% ).

ARSI T A 2 RE, WA [m) ) PTAPRRE 7 s, DA AT 3 2R — W AN W] D ) A R 2 SCHREE
T P28 I 5t T PR ) 0 ANAN [ BE R L T 43 2R 07025 SCHR [66] S &5 T 5 SURRREME SR IR A B2 - 4 ) 1 sy 8 ] AP R
PE: B AT Rl 504 R R B R A B SR T AR5 I R) BRI P A 28 B S0V T 7 B A AR T [ 5
F P B b SR o i A AR [ FH P FT e B AN TR BT Ssse AR R 22 56 i o AR 2 ) R g vk, Sk [66] 42
H o 27 SR MR TR B e ) R 2 2 L AR i 2R 2 L SRR I 2 T L A N T Sl S T SRR R i R
TOERAT 5328, Sk [67] HOR RS 732350 9 TH I RRAE PR RE A7 v BT 2 RRHIE IR R 7 v, RS IS AR e 7
s AR AR T SR SR 38 TS R DM T VAR LA F e AR RS J v, SCHR (1] AR AR J7 V23R (Rl (1 At
FERBYRNELE 70 BT (0 Bk SAER H T ) 43 2. JF DR R B (R 0 S B L ARUE T AR AR EFIB AT I TR 4 b PRl
FebR, B3 AR VAT T e L. SCik [68] LA @RS 71K B i LA SEBR G B ¥ i) 5 O T,
AT AERE T IENERG 23 4 K2 MR AR R A W vE . B A R () v (A ST RN BRI S AT A 1) 5 3
LA B 3 A A 28 T AR P 5 v, SR [24] TRIRE AN ARRE S0 10 H I Hh A, R AR 000 O 3 20 gD i Ak 3
TAEZR G NG 2 TR I 2R T AR D0 8 N S e ) 3R 7 s FH T AR 2 1 ) 5

YT T4 22 00 8 ] AR P A TAE S ) S0k SR, 3089 A 7E BT [l R 1) XRER 58 1) R4 T 23 AT I, AN e X mf
FRTRE 7 AT 50 4 MM 2) S AT AR RE D7 1) 40 A 17 B, R ARRE T VAN REA S8 A I AR R . 3) R4 (R 20 TR
FELEAC AR, [a]— TR TV Rl I I T2 200, 4) 73 KM AE A ReORFE— 3, S8R R A B A I 0GR, A
T AT AR REAIT 5T 53 28 i) ep A7 A 1) ), A SCH tH — oo B8 AT AR R STV (10 2 20705, B 7 NN FE AT 5328,
AN EAG A ELMSE T 00 2 AR SR 20 5 VR 2 A 18 20 4 b O3 BT AR S0, SRR R SRR (1 A T
K. FIIN AR AR B . RS KR TOEY 0, v LLSEIEMT . PRI 4 80

3 HEAEREEN T EGA
SCHR [20] 38 T PIRRRAT IO AT R PR s X N JGE RIS 5 R T A WA, 5 B AR
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ARG FEMCERE . SIVER RIS . BRSO BAR S U SGIRRE R T — N I R 5 R 5 ek
5y T BRAPE IR P2 (190 00 0 NRE A AR B 450 SR AR it 420 190 44 ML TR Py M) 4 SR (490 a2 1) )50 o I A g 10 41
AT LAZEAS B BB T AR LA (R 0L P T 45

T T AR (K 0, A R ARORR S0 ) 23 T R ). P8 B G 6 2 if-then JT3R) 7T LLSR AL g i )
TP AR, (L7 SI2 I 7 e 300 3 10 e S T AR 15 JE 5 4l o S B D BEAT 0. AR T8 M, HoA ik T
() AR 257 5 DA (XA S0 7, R N “ B AR, T b St W M AR A 5 JE A 2 S 4R (KRR, o ik — 2D 0
N AR, 33300 5 30 ok AT I 808 A1 R 90 28 06 0 AR AT — S5 RN T SR B ). 900, T S R 1)
B, JUAS B A S NS L HERL . G0 3oL 1 Y ), T LA 3 R TR A 4 T TN 45 S R B AN A
R S AR SR A, D SR T [ ] [ T A KT PR AR (O (BB . A A, T
N o e 45 T (S5 P PR N L RN ), 5 x4 PR e . DR b, {0 P 3 3 00 T 5 A T A o o
BT 5 M 23 2K

R SC o S AR () 4 20 10 2% AR S0, Rt R B 20 2605 0. AR BN TR 20 27 v e, R AR [ 1R 5 0
AT A8 3 ot AR 7 VAT 425 T 0 45 R R 7 Y2 R0 B T N T R 7 v kT 9 4% [ AR i 6 o 2 Y
23 v 45 BT A B 2 =) BUIRRAE, 56 T80 N (RO RRE 07 3 5 T 6 5 i N RE A 75 05 5 it 5 S 0 LA R 7E 7 4
SFgvieh, ST B AL T2, Forh, MR D0 4% 2 T N IR R P 2 T SRS IRD, T LK S T 44 11
TR 3 Sy B ALY A T B S REA AN 725, AT ol 2 000 4% A A2 i N 7 2 P R I, T L5 S N T e
TTESY J BB NI R 2 AN N IR A T2, 5 B PmIR, S [R50 1) FLAA 4 27 1k MM i 45 L4 1. B
53 T3] LA T ARRR S0 AT 20 26, RIS AN [R) 49 2 )48 S AR BT, TETE B 5 %, T LASCELI b . Rk ) 4
KRR T T RNEMRA R B 1053 2785, 48 2 WRAHT I ) 26053 10 58 SO 8 2R BIHEAT 20T, I 48 S REB R i
I 2 S EAT 1.

R SRR (V2 o 4 AR B B 4 8 U 1k

i B
EEXE 2 F1 5 IR R PEER AR, SO R0
WFMBMRRTTE (1) SATREA BRI 50T RGP A
(2) FSCRED: 94 376 A RE A T B A 0%
ERRHR A REAS, X192 2 h 0 A TR
TR (1) SR APERE G EA S 45 R0 R R
@) SRR SR A PEA it 25 SRR R

ST R IS T IR B0 I 2% 19 5 TR P TT CRAE ST #2200 4%) (KR PRREAT MRS, NI T f A i . X207
1 EERTE A P A 5 2 3 B, AN RIEAER S M OU T, 2R 2 IO DL, TR LA 28 0 4538 5 AN BEAR £k
PERLRUISRE P B 2 MEAR R, DR 5 S A VR R AR A 48 I 48 PTG, BT IR SRARRE T, — N B IR T
ML H R E M 2% G (B0, R 20 7058 S B BRI AR . kTR ANIR] 0 296 B 19 S B L, AT A 300G T M 4%
WS AERLIHIR RS 7. A, 3 AT DARINCHE 30 (K 77 R AR 9 4 0 5L R AR 1. o T i S B A 28 T o 2 27
> BUHE DUARRE IR A B, DRI, SR E T LR A — 5 77 35X (B, il g4 55) H5 AN RIBEHEAT 20 8, (54
A 2% 510 A [ A R I AN R PR A B X 2% AN TR B 20 (1, S e 35, A1 R S A SN2 5
R (10, RIRIHE RS S B I S s ).

R 00 2% B T OIS S 0 2 e 3, T DU T 190 208 (KD 5 3 20y B REURE AR R EC SRR A1 A 12K ST
PHACREAS (PR L R S B 2% TR A 5 ST A9 BB S 1 DL, B R 2B B O R R A AR AR, X
RFEA TS IFAAFAE. LA 2 P BASRE A (KA 451 75 S VL DA ), 0T 405 3 I %, 30 ol A 7 42 7 B 224 ik o 427
(LLEARTR) BB AFEA, FEARLEREALE PAEAE. FE T FUSREAG] (0 R I 48 A AR A rh SR A> el
AUREAR, 1545 7 100 2% A TC IR G 1 P g e, U U W B AR A o 0 A 5 12 0 ¢ B TC IO R A, DR AT DA BAIX
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A NAEAAE A 1% 00 45 BT OB REA AR, AR 2 SRR AR 17 T B DA B, AERE AR PP 4R B AR A0 5
MLZEIC (LU R S e R KA A BR, LU AFEAAE D 1% M 2% HLOCIOGBRFEA AR, W87 ik LU 7R
0 255 B TIN5 A BB (K77 3CAN ).

R2 OHRIITIEUY]
oK TH T FEBR A

FHASREAS AR 5 725 15 A8 JRE 7 A1 2 I 0% o RO A 2 7023 5T B AR AE, B 4
AR A FRFN GEAL 5 52 A 28 T0IA B dog K P () BRACUREAS. LR Ty i 2 3o e
- RAHABIZE TG I SRR, 2B — D HA R R
P 1B 7S, 2 702 TG S AR T (L (0 R 7 ) i MR R R A

FUSCRE] HARRE 7 1030 9 P 2% B0 A AR At 4k — A el — AL [\
AN, A5 5 94 0% BT AR R T e v, UG o A 0 1 o g B RO

AEaX, BRI T LA LI SR A AR D22 100 2% B TC I N ARAE A R AR

R B PR, RENA0E E M 28 Te S S KRR 15

ST 21
R

Feey

S\ R Ty R AR, 3006 LT b A 065 K =

s TN T TR A Sy
s T SRR R O, ST, 0 P
— K, HORR 7 2 4 A R, R R 1
SETHA TR
pR D T N T L e T
4 gy PETE AR EA ARSI SLAT R PO, B G o dﬁ§§~§§%~f
0N R L RO 6 R T, IO TIRR, R
PR, A TR R, 44 AR, BRI AT b L
R s

s R WA A3 D 7 T, ARSI Al AR () I 248 1

Fe TN IR TR AT R — AN B A AR AR, WS 4% 4 Y 0 S It 45 RIEAT AR . IR 1 5 SR SE
i ARSI HE 45 SRR SRR, 10 AN SR 48 I 45 1) A B AT ALY — SRR R A B35 I R e AN S
i Hh 2 TR R AR T 8 2 I, T AARORE i AR AS e 15 BNt 4 2R, 2 IR I 288 3 T AR T () 2 2
3, BRIV N A o R S 8 [t Ay 5 SR 1) TR S5 K. i BEARL ) 45 SRR, TS o I 4 A S AR R

AR e 22 90 238 fORE SR X A N 3, RT LRSI T N R ARRE 5 5 73 B — S A\ (VI FREREAT 22 B A (R R P A
T HE RN B AR AROR R S i A A A TIRE, DA AREAS (KA () DX SR {5 2 4 I o 0 i e AR 3
{E DA R OO i HH 5 SRR . B T ARSI W M AR A K15 U2 (B, JEAS AR, BRJSE). LA 2
A N PR RRE (KRR R B D 1, 68 T2 5 I AN AR, 515 M 2 B N 2R, 45t 2 45 SR P I R AR (K
DRI, AT T TR AS B TN 5 SR HEA T AR . T 22 A N (O RS UL DA — SR A AR B i o 4 SR i {1
S8 TOMRRE. 3BT AES AN AR o AT 33 P8 PR, 03 AR A 20 0 e 2 R B 50 o % £ i 1 445 R Al
TR, BE M BREAT ARRE. 2 M IR BT B AT RE 2 AR AT [ (B0, B0 27 > PR PR 1,
LT SR HE Y AL B DTk AE). LA 2 H AN A IR AR 7= SR D 0, 6 T A B — SRR, 4 15 W 45 1) B
AR, RS O REAS R (KRR AT A, 4 R B A (R AR O T A A T R R, 1 22 A )
e T LA R FE b3k B0 AT A e ST A O PELAR.

RIS 7 AR S22 0T B N EA T ARSI SN, A I S A\ PR K T AT (8 3% AR
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SR P IR L DX (1 3%) S 20 R 46 R R T ik doe KR S A FEASEATAERE. 0, vl IR S AR il (RIDPT
18 3R) B LA PE R U XA R T S . T 2N A BORRRE, W REA T 5 1 J@ PR AT 0 I — A
L[ )L A A AL R AR 30— it ELAR (1 59 b VR A 5 SORERS I 23 AN [RI P00 &5 R0k A R e
JEOGER R (Bdm, VST TN 25 Ok MR A A P BRI A% ). SCHR [58] HHope s (Bildn, 4640 diF i
(K25 1) B 7S, A2 THTH 1o 246 I o 22 ) v PR AT 2% ORI 45 SO R 91 3 T DR, T AR S F &5 2R (i, %
) XS (Z50) (KITBURTEIE, AT R A5 0 206 X g AFEAS IR g .

B 93 SR, AR SO 24T AT AR SR AT 02 SRR, Sr A RN 3 o, NELESE) . S REEIN
B S IRER AR SRS I SRR IR B A5 LA 5 AT, AR IR SO R 2R 5| A 10 R /N
HERIEE 3 I K SCHEAT RN Ui .

R 3 OHMGITTE P CNN Al iR Sk
TK R x SCHR LA O]

o
e

I 3 A KA A 4 5T R 2 PR AR R

PR st s bk pe. 70

goose ostrich limousine

[54]

e (1) 2RSS dE 2 MmRT, W
E?mﬁfﬁﬁ AR AR R 2 RSO IR R SE I, 20 [57,77,78]
A sk gt AT 4 Bt
(2) BRAEERIL: #4446 thJ8 58 BT e g 2% ' o
PCSRE] ) BRI S0 T (70.79.80] Q
(3) HFRAEHF A3 XF W44 S 43 R AE EAT 9%
oy, FEERLFEPI RS E . PR B 5y [81-83] [57]
PR R PRy I &, T8O S R
S I e 2 AN [ RE AL
(1) ZEUGiG st T8 o A= e B ok 55 56
RIS U BEA I R B I, [55.56]
(2) HET RO E R 0145 3G 0T 45 FEA
MR, B 25 R 2 R MERHRRE [56,84-91]
[y N[, S B R DX SRR Y .
ot () BRI 4R RSB i -~
UL TR TR I X REAS sP R AE (KBS [59,60,92-94] 77
N B
ik (4) S TARAM 7 KR A Y
IR I g 45 B AR A B, 1 [95-99]
TEREAS AR B 53 %) 4 FE 5

inception_4e unit 750 1oU=0.203

(e 4 L.l

PTUIN T Ay 3 ) AT A T KRR A S R
Eﬁ%%% AR FEAE S B IEBUR R AT —  [58,100-103]
27 A IEHURSS A, - SL b

3.1 ETREHBERG AL
3001 EETERANREAARRE Sy ik

BT BRALRE AW ARRE Jr ik rh e o B gt i i RSN T il BUZ INBOE e, #8381 — M HRA K
P (R N FEAR, X b 7 V2 R R B0 $: KAk 77 32: (activation maximization, AM)Y'. 05 B KAk 73 & — AN A Ak
J75, eI T AR B N 5, Sk [54] B IR IX — 7208 F T AR & &, H T8 e BUE 73 RAT 55 T IR B
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D 266 T AAK )L SCHR [54] TS T — R AR T S e S T, 4h e — AN AU A N £ F— AN, TR
N AR i — 3% 58 e dpe S SR R AR . HLARTT V02, B R 28 I 45 (1) A TE#: 0 J3Z2 HARKF @ 500 ¢ 1K)
FHEE T, JE ¢ MBS E R S () , BNV AFEAR 1SN E T, 76 & ARG IR, (RRE B E AR, R0
TINFEART, e ZRBAEHE B Z RN TCHOER A S () B KIMIAFEA, TSRS R 48 B 2% b 45 52 2000 2 )
BIMREAE. 23K (1) F A RN IE IS E. 1207 WA S FEAT LURE 25 70 AN [ 2000 T 27 50 3 AR 1k o

argmaxS (1) = Al (1)

P I KA TR T AT A N S — SO AR 7 ik, AT A5 2 194 4 F AT R A 28 T8 1) BRLABUREAS. 0T I 0% v AT

Mz, FHRMRIEEAREA x°, AL ICHIEIE PR a,(x) SR AL, B
X" = argmax(a;(x) = Ry(x)) @

Jerb, Ry(x) 2 TE I AN [R50 Ao 28 0T L PR e DL AR A AR A 1228 AR SIS TR R AL AR 5 L. Sk [54] T &
718 W 2% F AR [R) S AR SRR TR W] A 45 SRAIE SR K IE A

JEEERFTCR IR, A 7 i 3 SO S KA 715 T A BSOR AN 1 S 2 DR U270 Ay 7 3 G e A0 75 i R, %
S NREAS TR N2 o, A8 AR S B T SR A T, Sy 77 A ol S D EL 5 T SR8 1wy ML 45 2, Sk [75] 4%
BE T 4 PRI TT % Ly T80 fRuUPASORA /Y K 1 48 BRI /S s 1) A aond S0 P S, O AE S (R AN )
SR PBE AN ] I A 2 SR i BARREA, RN S B B R AR — S8 S HH B T 8o
RS S, T L B T RS R R SRR RS E ARG RG R, i MES AR EE R
XA ER A S

SCHR [74] S04 T 55— FhERARREA I DAL RS, BIVKE Pl (B A R Pl {5 25 A0M B ] T BRLASURE A 2 Jl. 3K
PRI L o A P v O AU D e s AT UM 25 SO IS SR S B, TR OB 5 A T2 B T OB B e e 7, T4
LR BRAE T2 T 1R BB 5 A 15 5 R (R BOR. 125502 AT LA SE e MR BTSSR iS5t P IR 40 1 4 L. STk [74]
IS FAZ SR AN (7] 194 28 o 6 B R o Bt A F R R, A WD i 1 2 s P 5 B AR k. SRR 4 R 1 By
7, R VGG W 2% AN [R5 B2 A AN ) 1oL 08 5 A R B, 7T DU A ) el g S R B O AR AN ). O 73R4
SRR I i B R M A R, ST [76] 39— A B 2E el M2 T i B R, T AT A A4 s A, A K
2% AR E A28 TS (LR, AT AR A2 1 s 0 s P, B S8 A28 JT RO ER I B 1R

£ Lol ol
e i Sl = 1 BERR T

S LE e =N I IR S

(d) conv5 1

FHr_0i
(a) conv2 1

K1 ARG EZ S s T M 45 2R

BT BARREA PR R T ) A T, ISR VEAE T T s AR o o 246 P 0 2 S B AR, B A Rl A o0 5%
TGS R P B e (V) BRAEUREAS, 6 T AN [ AR 5 BRARREAS (K e e 535, JETT T AL R AN Tl SR 90 3 3 T
FHEN L (KT B OCR, WETUT7 ) E AT P R AR I PR A B RAT V8 LA R A AR

BT B REA I MRRE TE DL RAE T, JEAC B 5L, W] DURE BRI o9 4% B 702 3] I (R AIE, — e AR E 3 M)
ZRIAT IR B, 5 NS T 0 2 1R DA R 7 AR BL, DRI AN R B T FIE . SX SR TTVA IR B R AE T, BT X 2 A 4%
et H AR oA U AE, SRR REA T, S I A B AL L R AE AR B K A . HAIX T iR AT I BARRE A,
SAE BAEAEAGE I, 5 NN EN S 077 A LLVTHC, PRI BRI AR PERLSS . dne 3 v SRARRE AR 1) L 2 2
FRORGIFT7R, Toids U A ) BEAEREAS BT AR OSSR ST 1 I 4 S G O BEAR RIS, T8 %0 5 R Bk
1 B ) X 4% 4 ) LA AT PO PR R
312 FETIUSCREBI AR T ik

BT SRR B AR R 7 22 Fi MBS T T4k A sl AR, A4 5 X 2% B s R R, Ui WO

(b) conv3 1 (c) conv4 1
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SFLREAR P AT 7 4D 4 2 R K, DR T L SR Ay 2000 48 B0 TR R D BRRE AR TR 3. 5 L A
7T MOk BRI 7 B AENR 4 T 7%

(1) Z RS

LMW T TR 2 ZRRRE Iy 3, AT AL LE TR SCA B, 0 BERT oS4 L AT W7, O T W) CNN
R 00 5 0 4507 V6 CNIN R 6 500, SRR [S7) T 14— Rl 150 4 0 30 A28, S0 i Vit .
A BTG 76— 2L SCMEA 2 ) TR AT PE R P 2 AT A e . % U2 I 248 o, 0P — L300 1 P 8 L5 L
30 PSR R A B AR ) WG TG HEA TV 28, LA A B T S B B s B A 4, A 1 2 1A
PR St SOM. PORLRISIE S0 . LA 0 (R 55 Broden FUAT IR B G bRIC RS M. SRR
B 2 R, %07 ek Broden HH S K ML 5 L WA 454 # 76, X T REAMBEA x 1 Broden BeHi e i g
B, A o USRI = IR Lo(x) (Lo(o) TERFME R IR FEALERAME R R E A HE ). AW
FORPEAR x TEB R kAR F (0B I, 55 A (o) FRAMOR 40O 15 0 RUSEAH R SE BT My ) . BBk 5
WA W) IR0 e R AL S I ToU Pk

DM N L)
IoUp = S————— 3)
DM U Le()]

e, ToUy. I AR k AERY AR ¢ IN KB 36 1010 ToU ML IR, T LA R B k LA R 2 c 119
7. SCHR (771 9 T L PSR, T 50000 2 I 5 B R AL 45 IR 3 K B A, 2t — A P 2 A A S0
I — R AT AR PO B SR [57]) 4 10 48 20 T 0 R B8 L5 SCAS U ST, T3 S0 3T 20 A 8
R T B TR HL AL A B S LR TR WU P 2 50 90 38 IR SUA LIRS, AT 287 AR ) 2
S 16 4 84 I TR ) S0

Input image Network being probed Pixel-wise segmentation
A A AL
1 - = ;
)
> > > > > &
] g g z ] 5
3 3 3 3 3 8
o o | o O o o
o=
|- L .
Freeze trained network weights Upsample target layer Evaluate on segmentation tasks

B2 A48 o0 i 7 0 e i P 44 PG 1 v SUAR I BT

SCHR [78] Pt — AN B R A AE RS St 3 AR T AR T VAHE SR, SR ALy B R RN 5 0 A 25 (V008 SRR, FH -0
32 I it BTN B AR . S e A N PR e 26 TGS (70 A TS I S PR ST AR 0 32, RN BT 4 23 ik
G R (B 1 A, AN O 6 N AN AR NE, K N 1) 3 S B B B v A S AR O B R e AR
V&, AR R A Sk S 8 T (1 TR SCHR (78] A FH TZHE ZEOnF R LI A5 U ) 45 4R AR RS, T AMT (Amazon
mechanical turk) XJ RS 45 R 3EAT VEAL, DUUF B HEZS MR RS 45 S 1 5 2R

(2) FRAESR IV

RFRESEE 5 7 5 TR 9 2 vh R G (O CNIN I 08 2B B el 2% ) BIRRIE B TR, A T4
15 CNN W 45 BTG R TA 7 B I AT AR I, SCHik [70] 38 H —Fiole A4 48 CNN & S0k T fiRE CNN (17732, [ H] CNN &
AR I AIRGRR, BRI S G R TR G BUE R R — M X G 4y, A2 ) R, 4 A 8)
H R BUE R A BB S B — R %50y, 25 B0 8 3R R o) LA B AT TERR CNIN P 36 11 12 44,
R CNN 0 MR e =t AT Tl P 3 2R T 4% 48 CNN ST fiiBe CNN (191X 51 /848 CNN F1 (15 E L I8 28 1T g2
I FR AR , WL a] R BEE S, TIRRE CNN A )i g 4% B e Bl T o S 38 4 s, TRk v LA A 43 84T 45 o 3 bt
SRAGF I 262 ) B PRFAE. SCHR [70] F SRR T 4 ANRTF 45 R 1) CNIN I 268 v Sl i ml e 46 AR v RS AiE 1
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FEAT AT AR G A AN [ DE A ST (K SUA S, 8 1D W) (A T e PR A B ANERUE P A ok PP Al 98
A SUE S AERE. 0 T-45 5 IR AR S 25, B5 2 FUAE55 AT LLEE S D HEWT R T3 S0 K185, 5 1
SR ARSIV B B 2, DRRT U] R 20 T 55 4 R R AR SR I AT 28k D 1 AEREAS h SRS S S H
JE T AN FIZEBRHE I B ZR A, SCHR [79] 4 CNN BERHEAT B o, BERUAE I 25 00) R 52 BIL0 A, AT 1B 5 7 R B
(¥4 R B B K, RIDKE A S0 ) R ME S SCHR (791 K S M B 2 2] Ui e 7 BT 55 P N 45 Rt AT
LA, U WBT S AR S UM AR AE P (KA 28k STk (807 1t AN IR AR AR Mk il L, 2t — R bR E A 22 9 %
V51 J22 B (AL B R A, T S e AR R D2 U A DT (19 JL AT SR e S T R A2 5 A0 By e I 2 A
e K o 2 20 B 5 2 IO AR B 10 3 B8, I o A ST R A o 29 o R R BB S R IR UE AL, 4t 5 i

Feature maps of a certain fillter in a high
conv-layer computed using different images

Output Y

Several fully-
connected layers Feature maps of an interpretable filter

Conv-layer L

Conv-layer L—1

Conv-layer 1

Bl 3 ARG R 2% 5 e B ¢ X ) )

(3) FEAEHR A T2

REAEYR 73 77 50 W9 2% SIS IR AR AT 35 48, SR . ARG o . AR RS L A4 T Tl S REAE,
TL S AC I X 4% ST A HOAS TRV ST [81] A B2, A6 190 44 F) B AN o 46 0 AT LUK 22 Pl S 0 R E . X6 B AR
ARRFAE AT 3, T8 AE AR TR RF A A BTG A 28 70, AT B BN [RIRFAIE T A0t 20 S YR 1) P 4R 3 ek ok 4 2 1) e
PR TTREAT AT AL, R IR 2 A 2 TN RE I B X AR A AR TR T . 7o J 2 A 22 DG RO R AL &5 SR 2%, I LT LUAS
FERE PSR T, R4 )2, A28 oo I 25 A o il e 30 10t B R, 2 S B IRRFAE A& ZRE 1. 347~ CNN B B2 Py g
TR AT 558 4, SCHR [82,83] $i& th — it i $R BX ST TR A B % B¢ 1¥] (explanatory graph) X 4585 1 28 9 28 LA T i B
(K157, 2 P B2 v R ) o i 28 A PG A AR [RIRRAE, 5095 11 3 AR E T 2 P B B B AR )30 4, R i fit
TR, FEMRRE P rh, BT SRS — P RS S, AN [ 251 100 (03 e 3 o A 1) W ) BTG K R R 3 ) K &R S
Wik [82] 7 FH A RS Bt 4 PN [ 45 44 CNIN B RS EAT MRS, 0ol AR 25 SR mT Rk DPAS T ARt % 1) — Bk R e
IR SRR AT A T AR R AS PR A S, BOAIE T VR B M E AR . St 5 SRR, AR I R AR
ST AR TR AN R4 N G AR R 535855

(4) T BUSEREI (R AR )5 v 03 #T

BET USR] DR 5 v (0 3L [R) AR 1, 205 0l ik B AT AR K R e B 4, 0 BT X e 451 o Ao
R R X 28 BAT AR D REIAT BT U0 EE v 16 22, A6 ARt £t S (¥4 4k T AR fek. Ik J SRR 11 it
R 7 20 3 35 ) A R A5 A 426 19 8 RS 4 0 2 V8 SUAE B IS L. 3R 3 v B SRR 51 1) SR s SRR T o,
A 2% B B S G R D VR4 DX AR 3R 12 9 8% 476 ST A I R A R

HRF i e 17 QAN ), 6 T L SERE O (R R 7 v o 2 A W iy R EAR IO ¥ FRIESR 0 iR, A
AR 7 ¥ IR AT U AN % 4 FE2R: (1) 2B 20 W 5 32 B p e T A5 S TR i LA PR A S S I F SCA
2 BRIEAZ 7 ¥R O R 17 AT L LA D00 7 . e A 03 288 75 9008 A7 AR R R 11 ey DR ¥ P o 8, SR 00
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i SCAR S, DRSO I 2 Kl R () i 22 th L AT S0 7 R 1R 25K 5 (2) TR TR SR BRI e J 328 W 29 S B0 b
B NPEAAR SO0 71, I 3 K B K B PR 190 2% B0 2 20 BIRFALE, IX ST I R /s IR A S5 T RAAL R R A,
AT AR A A . AELASE P SRV B 199 2% B G B IR PRV R R A B HEAT MU B 45 S0 TR, vl REAF AE S BRI 4 AR
o EAN AT AT RN 0 100 T, DR SR AR e SIS i A7 P9 4% BTG REAT AR (3) i THARFAIE TR 20 RO D7 00 B N
HAm Gt ATy oy, I YRR IR (R B0 W S AT AR, IR AOARF ALA S 70 50 B NS PR, DR R AR & Rt BAT
e P AR, AR 45 SR BRI T AR T I i A AR BN M T S S 2R )L

R4 T HIREBIAERE T 0T

H [ B S 1156
ottty PRI BT FUA PRI B ROTSER SO REBUIL U480 IR, XYI26 S AT R
. K, ARG FLELAT BUR YRR

XA R e B K TR A o T BT
SERAO T R RIS, TARERGR LT AKATRRE, RRSaL i sk (ot S ]
HIGHERE gty

=] R NAIE]

PR TR S BB IR M, SR 2%

PRy MIRFAEAR B 50 T ERAR, W ERMRER, (R

RHIEF 2 T7 i G R T

4 ETHMANNBBRELEDXE

41 ETR—HMANBRREE

FE TR N B 7 VRN R B N AT RS, D S N B A [ DX 345 25 4 1 (1 Bk B i A e I
X A R R . B TR — A N B R ki R A B AR N RS B (ORI BR AR, R LI B — AN
(AR TV 40 RO IR sy B TBR BN I AR FE IR ik . BEBUR AN T AR THBh i 4, AR R
BB AE HAR T BT 4.

(1) WG L 7 2

T WS 9 A PR A T PR R R A B A 22 X 4 SR G ) [X 3. VR 2 i 5T OO LI B, B R 28 R 4 v
BT, BA B3E W YARRE ), (A0 A2 R AT 4y S50, X R E AL RE J) v k. IR A IRFEERIME M
LI RENLAE T, SCHR [55] TR 4L H S I4E I (class activation mapping, CAM) J5¥2:, i ek e A% ) 4% 5 F4 { o 9 4% 52 far.
ey, W2 B G RUZ ARR, 70 e At )2 2/, 438 42 )R T 3tk B AR SRS R 2 Y % v ) A i e 2. i
XA, AT LU 2 B B SRR 1], T8 eSS0 B, AT R0 IR R el PR B B . — ARG 8 S AT
AR 2SO P12 R A B Y T S TR TR 2 AR AR IS RO BB DX SRR TR . SCh il CAM J7iE B oA TR
P ZE IR 45, FFVERNAE U 2% 1) S8 AL g AN 43 SR8 0, SIB0IE B CAM 7 SIZI 5 7 1 R it RJ L AR 9 2% 43 25 .

(2) FETB0 AN S I AL 1 52

X T8 T8 I ANFEAS, AR 9 4 45 th T v 45 5, B e &5 SR8 J2 IR I AR R i N 25 ), A 5 i AR AR R/
) B P52, 0 3R 190 2 o 42 06 AN R J8e 0 0 X 4 R Jo IR FBE %), Oy 7 A 19X 4 0 B — iy N PRI Y SR JBE, SC
MR [54] e 235 O R MR B A Tl — N T 4 SO R N B T AN 20 o, ik R 8 — B R TR
ARG S (D) R NN AR T Sk i 2

S.()~=wd+b, )

e PR I 1) A 4 5 R v S A R B R w, = 6;‘;. lp A3 IBCE we A2 R A2 25 ISR 1 2031 ¢
NG TR X g SO I s A TR N P A0 ) A 2 PERAIE S S0 v . SCIR [85) $ th — P it Ak et
# &) SmoothGrad J7i%, W LALESE T-86 2 ) A 25 P rn B8 n~F- 9 B0 B2, 9 /b WLt W8 7. SC B A TG 23 AT 55 (1 Y
26 ] SmoothGrad Jy i, Jf EUEAN A1~ B2 N 10 5ak 25 EICR. SR 45 R YT, A ] SmoothGrad 7 ) 2. 24
MBS s s 8 25 LR S R AT AL RCR . SRR [86] TA 0 4 2 90 296 1) S 25 Vel g R 3 5 M8 1 A A SR BB
A58 453 2K bR K1) — Y I AL I 2% 1 458 K gt 24 S5 i o 5 ST DA A5 P (1 TR S v 2 s A AT
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SCHR [86] T T ) W /MBR 1 (¥ 225K, 8 28 ) e I o R B Hessian T LA F 43 2% oR 25000 — a8, 3 LAS P 5ok
S5 Hessian T3, A 4521 500 10 5l 25 PR RCAL . SCoKe 7R I T BB 93 AT 55 10 0 24 it R, S 45 R ],
7T LAV R e 7R ELAT AR 2 AR B IR B B BBk, AR TR B T i, R 2 b Al
Bl 22 . SCHR [87] 4 bl — b i 22 S5 ) A% B 532, & NI s J2 T 4R, IR AX IR 4 — = 10 i 22 3 AL T FL RN T 0,
o 3t R A AR g () = wx+ b . SCHUREZ T VR T MG 73 RAL 55, AE SR UE W% 7 ) DA™ A2 BAb HL o) B
e (R AR RE A .

SAR T [FIRE &K 19 265 v 8] J2 IR ARFAE BT S S AN FEAC S (8], AT R 7R TR 5825 (R AIE 1] P i 2 > B 1)
. SRR TT AR WIAE SCHR [88] Hh A $2 th, FH T-AA st S AR N b R B R AR R R AR A U 2%, S B R B 55 45
B B AH R 4 1, 485 RIS SR IS 5, (B S BRI (1) 25 R I 55 2 RRAS IR AH 2, 6 N\t I 440
2, BB K i N T s FRFAE 1], o A5 AR R KRR A JET S ) N B SR [89] AT S A5 AR R, ) FH A I
BRI L A5 R d /M N BB R) R 22, 45 3 EEA J5 IR % FE AT LR 24 BPRFAE ) 27 2] B RRFAE. 3¢
h R SO RRTVE N 4 245 2 PSS BEATRFAE SRR, T2 25 SR W] UK LR A v S B AR AE AR T AR A 27 20 T v
FEMRRFAE. SCHR [90] 3 id S A A2 B RORRAE, 1 — DR B 22 1 20 3t 0 B g 2 R Ak P AT W] AL, 7T
U BB RATAR ) 9 23 v 2 B2 ) B ] B GORPAIE, 70D 2 PS8 R 222 5 B KRB AE, 71 & J= I 2 rp 2 3L
o 2) B JR R AR I D). X 2R A R 2R I 2% (R A B

S A By ik it EAL St A DIt KB R A2 L, SCHR [91] BERTIX — ) J, 4545 SRk [54] P IR, $R H—FiX
FH 5 FRUE 4 TR 7 4444 Guided Backprop, #4844 HAT BT 10 T A AR RE BOR. 0 T RAL BT A4 I ROR, S0P A 3
AR S EREAT T 4020, G W A T DURR KRR SR 2. L5 2 ALK S SR [56], 25T CAMPI R B AR S 1),
SCHR [56] H B iR TR0 B AR BE W) J7 v Guided Grad-CAM (gradient-weighted class activation mapping).
A DU ATAT 5 R 28 I 286 PR AT 55 A J A B AR R, T AN 7 S S8 A sl T I . 45— UG OR — N o
MR SAE A AN, B 1) J5 AL A, AR 8 AT 25 I v SR A9 2R 0 IR 46 0 250, SRS AT 5 SR m) AL 3R B 45 BURFAE ]
BB DR E, AT E 5 3w S AL 4 &, 45 308 00 W BATRr e B I rT A IR TR R 7 ik Bl R
W 4 pros, 2o, B 4a) N RIGEIER. B 4b)-1& 4(H) I VGG-16 il ResNet f)# F al AL S RERSEIN: & 4(b)
Guided Backprop “': 58 H1 /s i A7 GTHRIFAE. [ 4(c) A1 4(f) Grad-CAM PO 5g 7 28 4] il [X 45k, ] 4(d) Guided
Grad-CAM P &5 03 93 (192834 3 7T ¥4k Guided Backprop 51 T LSS HY BI4% 1R 40000 15 40 5, (A A 25 X
731k CAM Ml Grad-CAM J5 i HATRIX 20 VEAH A 417155 ., Guided Grad-CAM J5 i[RI R A 70 HE R M3
D3t SR AR T IR 7 25 BRI o) B AR SZB R W), B ETE MG 4y AR S O BB
TERN T R R, @ TE59 MB e AR5 Th R I R L. @ WS TIREHAL. @ v LA BB R0Z Ak, Xf T+
B ARERNAIGE 1) B AR, 07 1A B T S B A e A7

(3) TR G5

WAL R, BERR G5 100K P 4% A B AL B, N5 O O AR RS (1) R AT sS4 7R A FniE R
] AR IR BT B FURE A 5 5 S AR AR TR AE (0 S A B U7, S AR B AL (K AR e MR 1, SR T R R R
U R R AU A A R AR, K o AT AR O, A — i DL S e OO R (R BE R Sy i — J& LIME
(local interpretable model-agnostic explanations)™”). LIME 7EHi A% A FHT A, ¥ i 2 VE Al RE 77 v, T 5k 26 1 A e
T R LA X B R, R AW AN (R 20 28 45 . LIME JREE K 5 FR, FEAEF B £ RY - R R
FEAN x, TEHC BT RFERS BIIRE A 2 €0, 1) (UG PR B R IUNAEAE S ), Hrm(z) i 5z 3 x I BUE,
L(f.g,m,) HiiH g fE M, 8 CNEIT f NIA LSRR, Qg) 2Rt g € G IR Z21E (X Tl iR i) & . 76
ARRERAR S G P T3 DRV g, {75

£0) = argminL(f.g.7.) + Qg) )

5 x IOBEIE, AT DL 2R PERERY o ST AU RS TR £, JF T e B PR RAE sl MRS o . LIME S S Bl 3EAT KA, i
G RAFREA I TIN5 AR S5, B 5 v R 7R 16 52 3% e S o 00 e € B B s LT o oy R (1 5 41
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SRR SN T AR SCAAE 35 MBI B 70 AT 55 AOAN RS R R /s SR I R 1, O3 S RS0 T S LAVE Al i
R RACAGAEAN RAT S5 H BTN, i o AR [ JUFE T AR AUAT R A0 #.

(a) Original image (b) Guided Backprop (c) Grad-CAM ‘Cat’ (d) Guided Grad-CAM (e) Occlusion map (f) ResNet Grad-CAM
‘Cat’ ‘Cat’ for ‘Cat’ ‘Cat’

(g) Original image (h) Guided Backprop (i) Grad-CAM ‘Dog’ (j) Guided Grad-CAM (k) Occlusion map (1) ResNet Grad-CAM
‘Dog’ ‘Dog’ for ‘Dog’ ‘Dog’

Bl 4 NI A0 S I 1A A 4 1) 5 v T AL & R LE R

K5 LIME Jsi 8 & B

FIFAFEZ0 B2 (1) Shapley {HARRRASALZ 5] — SRR K1 U7 5. Shapley (H 54 F 76 S VE ISR (¥ 43 404>
i A 287 ) RO AR R AR ey ] DU 3 S [ S N REAE 1K) Shapley (B, SEFRE IR SR 45 5 5 Ay FE 2 2 Ja) () 22 VA IR 1
RS NFEA AN RIRFAE. 4 EAH B 07 N, Shapley {8 7] DA S b4 T iR, (H 22 8 Sr PR 4o SN, W RESs
SEEARRERE AR 2. SCHR [92] HE S HE KR Shapley I 5K fF R4 HE X6 TN (4 g A B2, [R] B =% R ) e A1 D fr DT SR
KFR, H AV 5 R SN 23 25 o 15 2 ox sk R ) 42 DR SR 3 — 20 A T RRAE AR DG . SO R T FEANF4HEAT {7
JIT o SR M A 0T O — A R I 3 X S8 R Shapley . SCHHTE SEBR A~ FH i W, 24 A4 45 5 Rl A I i) 3
TSRS B T SR 2R Shapley (i 19 SEH 7 3%, BARIE B 502 1 SE A . X6 Shapley {E RS VEAL IR & 0%, B
NFHE BRI, HIEE A BRI K. U RE G 22 B [ vl B, SOk [93] 48t T —FP Shapley {5 HIUZ AL
BV 7, RHREE N 45 Shapley [HRET 2 W I IR, 7425 200 Shapley {HIEMHE. @il 54 3L
7 VAR LY, STk [93] 1F BT 55 7= A2 19 Shapley {EIEAME B A B BAOLFA. SCHR [94] B AR B R0 5 vk T4 e
SEHES S REAT AR S0 A 4 60 28 SO0 k45 2 251K k-d AR SRAS I 28 SRR, 7E H bk R B0 A 2R R BRKs 4 8)
PRI T T B0 P RRRE I S ST, SO e VAT AR B s 2 S A AT R, LA AR Hh VR AR R RN RS SR 4 L)
BRNE. SCTORR H AT B T R AR 2R P A R PR T B v SR

@) BT 5%

FE T PRI 7 238 10 A AR AR R 235 S N 2 H W 2 4 H 4 S0 AR A 1o, A T A o i AN A A TR P Sl
I3 25 LS L RIS F— AN B4R £(x) , FNEEAS xo AW I 3806) B HE AL f (o) BB BRIk, 7R3 T30 1
D5 A T () R A R AT R (0 5 20 i AR A AT DB, th it 2 8 A AR AS R A (AR A T A 5 ),
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AT LLE S £ (x) B T BEAS x B0 AT AR AL, AT BRI AREAS xo HIAN R DB R . O 7 ey 3t A 3 P A PO A
FERTAUHESE, SCHR [96] th e it i e e (P8 . W AR PLah FIRORIPR SN 3 by XA e e SO P8l TG i 75 7.
SCHR [96] HRHT 3 AN LR £ R0 ELin &l 6 o, Bom: A — [0, 112 MEW, MR ue A Mri
1H m(u) #HE, I 2Heah H A E SN

m(u)xo(u) + (1 —m(u))uo, constant

m(u)xo(u) + (1 —m(u))n(u),noise

[@(xo5m)](u) ©)
f Zoom(V — ) xo(v)dv, blur
@ BORIPE) O fERD (WA (@) BURHREHER (o) e IRaiEs (0 WA
K6 ARRHrzhm e
5 1 R, o SEBSIINL, 5 2 FIEMTEHED, o) EPINTNT, 5 3 JILBORIRT, o £ PR
Wit g, MIARHEZE. & ARAL R 5L
m* = argmin,,o 111 A1 =mll; + fo(P(xo; 1)) )

5 1A BRI HERY m . 5T HARIEH o, PR3N I AREAVRER RS T BRI 2, B £u(D(x03m)) < fi(xo) , RARHE
TS T 3 A A PRt 0 530 88 T3 o e B N DX 3. SRk [96] 7R BB A3 AT 45 vh B R B 509k, 36 3 ) Bk e Ak e /i
1 ABH 1F 0 25 VORI LA 0 7 2K, 0k 199 28 T AAK &5 R EAT R

Ty BRI THRBN W R R A AR BT A A AN EAR NS, 5 BRI AH LU, X E I Bk, A
I NIR T H CNN 28 5 52 51 1 2 N IR JGTR 58 5 1015 36 AR 80 (K0 R AR 1ty s 7). SR [98] & 45 ki itk
Bl AR, 5 SCHR [96] I LARME 829 ke, 7Rt S AREA RSN IR, BRI AAH R B BAR G IR ==, TE R
Tl AL FSE (10 R AR P52 S P X £ AN T) I 8% r ot 39 5 2 R LAt 5 7% (BBMPY, Gradient™, Guided Backprop™,
Contrastive Excitation Backprop!'”, Grad-CAM®, Occlusion 4% ) [{IfFRR 45 BLubAT 78 P AN B EL R, 1t WA a3v]
DA (k5 0 b PR MR SRR [99] Hh X B 8 R RSN X PURE AR CNN ¥ 52 AT iR, B UG R 5
X MRy R R B R R T 8, A5 H03) 02 3 360 1) MR8 80, 2) (LB R4S, 3) P S, #on TR iR E)
(R BE-FMHIN (PSE), IR 15 R 4 3h3h 1) PSE 530G Bl (CAM) (1 BG4 n] R PEAH OGIR, A e e 2K
SANEED 90 A DX SR AR AT PUASE . S S 10 4 3 7 12 BT ORARG # e B, T0WH CR E G F E  2
AR

(5) HoAt )y

RT o EREREANEE 2, SCHR [111] P42 B — Tl 28 1o 5 00l e AR 77 v, T2 o IR a0 AN AR R TN 45 4L
ifid ACD (agglomerative contextual decomposition) A2 i NFAE IR 43 2 528, I vH BEATAN SR B 4 T 1) DT k.
3?'43}?7“1&%/%3”\ ACD 5%, LS A TEAf R P00 D3 HCE 4R O 22 -5 IUAN [R] K B ) R v et S 30iE
Wi, ACD A FH 7 e 5 R0 5 A 26 v B3 S R 1K) — A, I 58 RBAS A5 AE M 2 1) % L1 45 R SR [112] ME IR0 A
HEATRERLMRE, £ HH— b S Rr L B8 A O AR ABE 2R (1 T vk 383 (0 A B 8 28 S 1 3 %o i N e A3 FH PR R AE 7
B, PR T DU KA T e R A A0 R B e N T ) FLAR S, S 45 7 i A AR TR R B8 8 1) 4% A A W TR AT
. SRR B SR S S B AR O3 AT SR, R TR R R 2%, WP IS AT IR ], R AR R S kAT i = A AT,
NIIRTR S =RPRIESE L

(6) ZE T H—H NI RRRE J 200 AT

BET R N AR T VA ML IR GE T, MR AR AN TO0IN 25 SR A AR AR IR, AT R 5 R R SRR OC 2
o (R DX IR 3 SV IR AR 45 SR 5 T 45 S mT DAAH LS80, AT S S B 1) B AR SR 3 i —Ji A iy gt

EBEAAFRFSERT  httpy/ www. jOS. 0rg. cn




EE F ABAVE WS4 T ERAR R A 173

TR RIRGIPT7R, W TR AFEA, R 245 AR S IR AR 2 0 ) D

AR iR 75 AU AN IR], 31 5 N AR 71000 o RS W T35« TR EEAN S AR RR 7 i . BEARLR
SNJTVE FE TR TIVESE. AR TTARRS RN 5 Fros: 1) KBS WU Tk BT RIFIIE AL RE ), fEf
PSR A7 25 R I 245 P 32 5 2R3 0] g AR AR I BB (1R DX, HL AT B 70 S s AN ) DX 1 DR L L 5 T B e A AR
2 90 226 1 S0 X 2% 5 R, L7 R R A e 5 SRS AT AR JRE P AR 5 R I T il T TR 70 2R A 55 R AR
PR 2%, 2) BT BB RS AL AR IR TTE, HA AR RE AR M 45 1O BE Ty, HR AR A AT, 3& T % 2R A4E
S5 KA P 2 ABAFAETH SR (0 T, FLRT BEA 6 B 17 A SRR Fh B S0 2K 3 SBUMRE R IMC 1K 0 L. 3) R S5
RIS BRI T, 5 T ER, HASRRIESE, AR E RSBS54, 38 3 AS RIS (0 0 2% BEAT i RE. A2
KA T BRGNS T AR BN ARRE 45 SR AT HE 20 IOARRE. 4) B TINS5 %, Wi A ik B i
15, JOLIN 14 2 1) F000 25 SR R A, AT RS2 BT 515 50 o 190 45 PR S R JBE . S DT VR SR B 1, DML B 1 B, & 5 W
DN 53 A 14 288 5 50— SRR [ S B XIS, EIX S5V 52 1 408 A B 1R 58 MR K, K A B 2 o ) W 8% P I ST
PRCRWLR, FERSHE R AR M &% v, T 45 R A0 A A0 BT AN, D LR RE D T Bt

RS OBTRARARRETTED M

el P = T
T T 7 HA R e e ), WX Wom AN DO 5 BB D 25 1 L an 6 4, /1 IR O8I TR 20 2848 55
o " KTk SERASEAT AR IR AL SR BB R 2%

BT BRI 4 BAT AR FR R 45 1 BE T, HORA BN T B 2%, FAER R R B R S S TRREARES
KTk HPE, &R T AR5 BN [ R 2% SRS IR ) i IR B 22 45
T JRBLR R T, by TR, & T XA RIE TSR IR, T RN TR R R R R A & TR AN R
-~ 1K) ) 2% HEAT R RHEATHE S IR IR
TR Jo BT A, LML S T R, A LI AT I 2 R R UE B IR S AR, UTER VR TR R T A
- 2800 B SN SR X U P28 X SR R W e ) P 46

42 ETZSMRANBERGE

FET 2 AN IARRE T VLA A — AL IR A A A 1) i 45 R AR e — I RRE, 7 AR AN E AR B b AT
T PR FRRFAE, R BEANRR AR 19 28 P i th 45 S A8 IR DR, BT A B AT A RE. — T B B3RS 2 N N R R
(7852, S Es SR AT 40 AT, BT A S M R TR B REAT 40 AT, SCR [100] IR, METIF 2188 2 S A 7RI
BT (clever Hans) B4, BRI U2 2% ) BIREANN 43 2 45 B2 (R R 0 5 SR SRR, AN 4% X B T BLIE M BE. h
TR RIS RS A O, PEAG AR R R AR 2 ) BT AT RRAE, SCHER [100] $2H— Tl SpRAy (spectral
relevance analysis) 5i2%:, X AN 8 PEIEAT 2R 2E, FRX FU SRmS LA T B 4. BT 1 50 A ANREAR B SR 1 H A5 2 )
AR DG JEAT BE TRRAEAE 1R 2R 28 40 A AT TE) 23 B 5040 v 1 AR [R) Tl sk mes. S v i s 70 IR R 43 AT 45 vh R
“EIX— A 43 A, G SR R, AR BT S [ (R T SR T UK BN B A S A < T,

Ty I I Z AN R 5 20 o AR IR v P e A R (R AN RE AR I — 5y R & Al >k It
FHEFE. MAME (model agnostic multilevel explanations)® & —Fh 76 753k, T 5 PRI Y A %01 1) J= BB AR 5 3%,
KR 2 RRER . MAME 5 7544 = 50 AR R 14 R AR [ (1) G 3R, I 3RA5 Hh 18] )2 2 R AR W 1) JECJ2 56 B T R e
PR, TOUZE N N T4 SR R, o ) 20 N T L B 2R S I B st 21 R B 1 S SR A R vl B R BOR,
LIME S Bt HEA TR, 40 A (1 EC 2. R TR 45 X AR REASHEA T SR A, TR 1 v 1) S22, T &8 4o be
AR GE M, TE ISR R T . SCREAE IR [F) 37 55t b S B8 HH IR 5002, 23 Sl 0 4 T8 % SRR IR IS DU e S50 (1
AR SO R PR IR B b () SCPREC B FIRRAE TR A AT OC 1Y) 58 Sl i SRk, R SRR TE R IR bR i L T
HAbJTvE. AT A iR R G RY, SOk [101] H 8 B = SO S AR AR Sk il B B3 7R ABE 284 vy 1) ER 2 o SRR, 5
R [101] $2 H ol ol 8 )3 43 DX AT 4 AR L AR A 1) 77 7 GIRP (global interpretation via recursive partitioning). 3
TZAFEAR D R R 45 5, & SRR AN [R5 (0 DTk 5 7 2, 80 5 A i A\ AR B 1) DTk 22 S S 34 U
R 23 Hi ANAL 525 (8], LA SHAA) OB 2 0 AR A B TR A - S e SRR SO 23 T I FH B T3 s AR . SO
328 HERE R B0 55 U T B TN AR 22 Bl AN R A 5%, AE B S A SEAS TR HCHs A 1R AT 45 I8 1R A R
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XF EE I A FEAC T R BAANERAE R, T B 2 4 A S R 1) SR TT R AR R ML 85 27 > BT (¥ R 358 B
1, T s B A DA MR 7. Ol T i A S TR £ MU AR R 2 I 46 £ P9 SRS, SCIR [58] 4 Fl TCAV
(testing with concept activation vectors) 532, ANIF ST ANFEAA B AT 1) AL S BURFAE, T A2 8 5 5 IR 80 1) &
(concept activation vectors, CAVs), T F R ME S () T BERE L. AR 403 LME b Aoy 4t 22 9 8% pA) IR 2 1) A
B T MR /A BRSSO (1, S5 EAETR AR 4 0), IXANMBEE T LA IR 43 B i 6 1E/ £
W17 (AR 2 L0 S R LR B8R P 1 (¥ A28 1) . ) F B A AR AR TR AR AR S mT LA J M 3 ( AR
PR, S Sas F T BB 84855, 23 B S5 I8 AT BEAC S B S0 v 9 FH 0925 A0 T 0B R 9 4 o B 0 4% (1 AL
B, FE AR T B 5 A S AR I3 BRI . BR T N R B A, X SNt vy DL i AN B
HHATIRZOR A BRI S 7 U0 iR 2 U] AR (38 T 3N B S (A, STk [103] 42— Rt T
MR RARRE 75, i 8 S FEAR — SR AR . 7T DA N SR BR AR (R, X BT 5 AT AR . S
LM AS A AFEAR, P52 tAEA P R R BERAE, XA FREAC T 1K) R SRR EAT R ITE it &, v AR 110
TR, TR T A A AT ARE. SO BE N ) T U A O R sl i i e AR PE Al S0 E B3k
AR SEE A IR, A FE RN S AT R N AT 5 S0 0 5% Tl 5 SR AR FE B IR A

BT 2 AN N IR vk vy AR BE BERAT b BE Ok — AR R SR A, Y0l A [) P SO0 SRS 46 X AR RS T4
T2 ) B W HEms HAT S A3 T KR, RS SE 4 Rt R ARE 2 A I 2%, ml DU D90 2% 38 AT IR #4082 3 v
ZANI TG ROR G v —Fp Ik, AR B RAT B SRR R (1 R ARE W 45 73 885 IR, X T-“fib 4>
0 (B A 1 31), “PRAIHC IR AR 3= B o TS (BT 4 A1), B0k, AR SRS WA BRI
ZE Sk, BRI BN B 2, TR R R (AN WY PR A e A () R A ST 2 AN N IR 7 9 Ay TR
4.3 FIRAREE TR

AR SRR TR Fig b F T B & AR A IR AR, B AR A £ 2058 ] T K 2 B B Sk R A bR
e, SCHR [24] AH AT EAABLTR 4 77 THOG A]ARRE S EAT VAL . 28 1 AN 7 TR AR Y (AR AU — S0 iR e U7 v
SR T i A AR BB AU 5 B AR 2R, DTS B AT AR DR ub m] AR AR A QB ASE L 5 o A e 1) s e 23 ) £ 30
ABURR B Sk 2P Al A BIASE Y, b VPN ILARRR e ). 56 2 N TR BT 55 e 2. —SSff R JVEA B Rt
TR PRI PRSRE, 110 AR At P A VAR 10 . 51 1, R AR A ASE R U P ) 45 SRR PP 148 2 B A AU 11
FVEMRR A L. B8 3 /N TH 0 72 RS R RS m LA R e IR 4 (491 s N AR e 1K) 1 BURR P
R T REE I R R 22, 55 4 AT TR N TIRI 0GB A ST DAVEAh AR i & B0k, ROMRRE S N SR
VCPCFRIE. N VPO A2 5o 17 S0 2 1 VR AL T A e S8 1) g vk, AR 0450 AN A8 N S0 T A R S8 b A T PEAL 7T
SIS O L. AR L VE AL A e 25 3 BOH T A5 A Tl B nI R S0 7849 N TR AT. SCHK [113] Th42 Hi i
TR RE AR RIS AR BB AR R B N S A FRREIE B T fe b IR 7 1 R 75 A T A )2 A i T B B 1) f R
S SORVE AT A TE AR RR ME I AR RE 45 IR, 38 TR el P47 2 S () 2K iV m A e S PR VA U v v B T, A SO
W LI PA VA T AR AL

(1) TIPS 7 ik

BE TR IR PPN 72 v AR AR RS 45 SO E o Lk AT PPN, ik N\ S0 W T A &5 R I MERf 1, 18T aE T
FET SR ARRE AR R MRS U v, T B AR AN 1) P R v e o e R A 19 4 B0 T R TR0 (1 A2 S R AR A 6 T LA 55
M E, IR TR IR 45 5 BRARAE A R, T B A i B AR AR B8 5 B SR R M AR LR

g 7 R, s AR RS Tk AR K AR A L B AR R AR X B, DA SG VP A8 5L T B ARRE A TR R R 7
P A R B AT BEEON TR AM iUV A R BRARRE AR 55 2 AT S O AM ik U L2 1Ry
WAL BARREAS; 58 3 AT G AM 7R U Ik A 49 A Bt BEARRE AR 56 4 47 EI1% ) DGN-AM J5 7% 7
AR BRARREAS . B ARRE VAR SE I AR I I 22, AR B BARRE A 5 SR BRI AR B N 7T, 2
REBEAS I [ B 0375 007 32 L5 ] ) PRt B 2 2 7, JLh DGN-AM 532 VOV i 1 B AR AN £ 92300 BLSE K] % DGN-
AMUYEYI Zi B @ i 51N GAN 4%, T8 2 X VI ZRAE AT S8 50 00 A, A6 450 A B ARRE AR 1y e At v, mT AT
Bl FH oK B VI ZRREAR (1 58 50 S0, T A G (1 B AR A S Sy BT YN ZRRE AR, 1 ] e AML J5 7 I A 58 4 B AL
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SEAL IR N 2R AR A, JoHm SO 5, S AR BB AR 2= I T LA H, g PR AR S0 A e 1) R AR 45
% EAT ARIE X

(a) & 5 AM J772:

(b) AM+L2 IENZ1 5%

(c) AMHFEARBMEL

(d) DGN-AM

ool ]

Bl 7 ANTRIRE T BADRE A IR )7 VEAE MNIST B4 A= il i) il M Ak 45 5L 1)

Wb, B TR I VA i B R T — N (R AR VR VTS . 8, AR VR T I N i N 5 D 4% A
(VBPPY, GBPP!, [ B %) R AL (B T 9 sh 1 53k P00 R B i B0l (56 2R, AR B R Y ik
BT B O T B DR R A NSRS B, S5 FEURH A g [ mT DU Tk % 5% PG 1) o B R e 2y 1 ok
VA AR I R SR AT IR, e Ab, 2RI B A il RO AR Z G0 i) o 2 R B 1, JF H SN BB Z B A 8 %
B R B A SR IR AR

(2) U4y 5L

T R PPAl T v 2 — e PRV AL U7 1k, G S5 A G S IR PREAL 7V, WU RE 23 BN R — T VP T
5 N B I B R, SOk [96] £ HOMLE I Tt 4> B2 mm, & 7R s B R ST R R )
BB R IR B R, G S S AR NS R IR B H AR 543 2RI SR, (R BURK FE A Bk R, i
TETTEADTT LAFR 3 IR et 5032 45 SR e S5 TR IR0 20 DX 4k, 17 HL AT AR 5068 T 40 M 190 24 T 5 3 5 2 IX 43 R
I3 ST VTR B A JE T2 G 2 AR 3 DX el PR v e A g R S, S BN 45 AR R . R 6 TR, F
Y17 B4R b 2 it ok ) 73 3 (1) Y2 3 X Al AT R, UL % A RUNT AR SR A5 B R 5 1 40 b, BB A AR R Ty 32
AT P4 b TR R A T T X A5 B (1 5 DX AT L e 3 i, ISR LR H ARSI B I BT A b, S
Tl o AR 7 VR SR AT IR TR B 1 Mask 7 i U IRAR, FE T2 BS WU 1Y) ScoreCAM 7 vk U PV M g
If. Grad-CAMPURI Grad-CAM-++" AL, H0AE 56160 86 1 S 0T Il A2 P v, k10 BE I AR 2 o, LA
BV AR AT AR PR, A2 B R rh 2 5 5 N 7 SR, S S0P A 45 SR, 10 Score CAMIY! Vit ot 5 v
JE AT W R AR B D — AN HERY, 5 UG N 5 B D05 T E A R e 42 I 4% 06 7 SR A AT Toel, L b A O
THREE EH AR 53 ZEME 2 AE B AT T A SRR, A S IR T 365 B 5 U7 32 SR I AN R 1, AR A T e
P T D 2RO B, ORI S BRI

(3) 22 F1: Lk (intersection over union, IoU)

07 B ARAT A58 0 (9 ToU |, 558 A2 A 7 P14 FR Ve (19 B (A2 1l B HE, I T4 N MBI B ST HEBEAT LG
B, IR I ToU , 45 ToU KT BOE BIE, 27m A2 e #07 BLER R T SN BRI B, 5 H ] etk IE
AR . A8 9 L@ T T B SRR B R 5 R RIS T B — T NIRRT V. 3R 7 KR A R R 5 iR A28 9
JE AR R R 3 e T 7 R 1 19 o B AR v SR A e VR I D R A . (R SsA J v Tl e A A — 1K,
FH ae[0:0.05:0.95] 0 HAL AT B, DL sRdpe £ IR B /)5 J0 {8 I R0 D001 FH #0000 BT 16 ~F- 38 5 BE 1) a 3% TRt
A7EIME, e ae[0:0.5: 101, F- KA RIS, PR 2 00% SKAF 18 H AR AE 55 255 H bR AR KA 9 T, LA
18 0.5 THEE AL AR AR, TEM IR IR RS, B TI0ENIY Mask J7 ik POV 1R R B AIG; 7R SAE B P b5 b, 25T 865 11
J7i% GradP U R AR, FETPRB K MaskU e W P04 (10 7 VA A o GBI I [ I, 83 L1 e s bk
J AR, A5 754 B AR B DX 3L T N, AT 2 RS AR b o A B R B, TR0 BE 1Y) Grad 7 vk P B B2 id i 4
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O\ PR TR0 P8 gl A 25 P, A 5 P v 5 oo 1 DB b B P e K, i R A DR PR i K IR X, BB A TN 5%
H PRSI P, DT £ 228 B P b R T AFZ AR bR SEAT IR T4ty AT Jad B RO RE T3, x5 A AL FEE )
THEME AN SRNEAR 38 2RI MRRE I3 I F AN AL, MOV Fiahs BAT — € IR BRE.

£T RREITIEAEAIFLL IoU ERVRAL &5 5P

X6 RIS IEAEBUR IS B L K PEA SR (%))

fl R T3 SEE R R Py BTt R (B0 B (%) WHBIME-a FHRE (%)
Mask™” 63.5 5.29 Grad?™ 0.25 46.0 5.0 41.7
Grad-CAMP? 4738 19.6 Guid®" 0.05 50.2 45 42.0
Grad-CAM++!!' 455 18.9 LRP™ — — 1.0 57.8
ScoreCAM!'"! 315 30.6 CAM" - — 1.0 48.1
Grad-CAMP? 030 48.1 1.0 475
Occlusion®™  0.30 51.2 1.0 48.6
Mask™ 0.10 44.0 0.5 432

(4) F5 M3E AR (pointing game)

LR AR T i 2B R e A 5 70 FE AT O MG R AR H PR B A, 3K 05 R4 2010 i Hh LA 5 N
(KA LE ToU K i /1N, MO H E ToU T30 R Mz 7 IR K FR AR R 6t e e P, TR B s K
PE AR A VR NN BB H AR 0 S HE T, TR B A i 2R, I SN RIS (P2 dir p o, DL
R TTIR I PP AR UE. W13 8 7R, 20 AI4E VOCOT7 PR COCO B iiE 4R _Fnf e Sl AT 4 ) i xR F A L1
DA PR R AR (0 HE 2, 45 B ST B e S P (10 1 P07 B R TSR (AR R A T e (1
S5 TERLFE 1) AR b ] AL, TR RE AR 7 VA S A AR PRSI R W RE T A P2 190 5% 1) 8 R SRR R v,
TX PSR RE 75 0 R 0 23t A B TR BB A e KL, T CAML 2R 7596 W B 22 RSG5 SR A 1, o 1 4 &5
PR A AN K e, OE AT BR 2 H21H) ResNet50 P45, CAM J$ 7 VA BEMUAF AR T VPAly B vfl 58 47 (¥ Bl 45t 1 2k
TR EE RIS 70 A 5 10 A9 R 525 22 B BERT W 2 S R REAT — 52 KUY, 0 TR W %, AT (KR IR T B
T AX LU IV B Ay B2 2% 0 199 5% 5 A 413 i S YA 5 b RO 1 e RO B, T3 P 3 2% oL 40 R PR A e 7
15, ARA R SRR B AR AR AN 20, A D e 34 PR A il e v 7 A R e P TS5 i, 3k 7 PR PP A R 2.

K8 MR ITEAERR TR LA g R

3. VOCOTHI R (R4 ) COCORIESE( 25/ AE)
s GoogLeNet[ 4% ResNet50M 4% GoogLeNetF 4% ResNet50/ £
Ji e 69.5/42.6 69.5/42.6 27.7/19.4 27.7/19.4
Grad™ 79.3/61.4 75.8/50.9 42.6/36.4 30.4/24.9
Deconv!® 74.3/49.4 73.0/53.0 35.7/27.9 38.2/31.2

LRP™ 72.8/50.2 - 40.2/32.7 -
CAMP? 80.8/61.9 90.6/81.8 41.6/35.0 58.4/53.5

5 W@RRHENENRGE. NAMEIEEHkE

AR PR SR (B U7 190 A A 55 55 5 AT AR A T DT OG0 1A A AT 13, gl o £ od ¢ g R AT
204 T T I PR 1) R AT RT3, B0 I Pkt 40 L v e A o 1)

5.1 FIRRRHAEMEIHRTERE

XA W 28 HEAT R 1) 2 SE LT s 1 A R 45, o 2 R, S R RIS AT IR, AR A 0 1 4% i 3R R SR Ji
PR, [T AT AR A e il 2 S i A 03, AT A 4R T I 2 1k g, by vt SO0 T AR et I 20 S (R ARHE R T 1

(1) HRZ N2 0 2 5

AN [ ST PR AR 77 3o AN [0 P g S TR ATt e, AT T 92 7 40T 190 4% 1) BAL A the A A ). T BRLABURE AT

© HEE

PRI

http:// Www. jOs. 0rg. cn



EE F: ARAVE W4T R R 177

FRE B E R IS B TR 2% S35 B, TR BE AR R 488 A 28 TG 2R G, ST [54,76] T I F # HLA Bl St 1) S 2R A
TSI BT 2% B AR, 0, S8 3 A VR A= TR B G R AR R AT IR oV A ) 0 BT ) S ) Y L U 1
S ITUR BE A 20 100 4% LG IR A 25 T L (O 61 B STRE A9 10 AR T U A AR M R AR SR AR AR, A7 Bl - S 4
bR AR AR LA S SRS (K 5 . b A, A AR BORE B AT AT Bh - A B 00 e 2, A AR 2R o Bt £ 1 A
PR E AR, o, SCHR [S7] R R AR 22 75 109 265 B A TG 1R ST 459 10 1 SUAE R, R0 LA T8 S BRI T X
SUHL, PUOSEARAE. FET S N KR B (LA S AN TOUI &5 S R A 8, 491 G il ik S50 5 Sl P Ak i e 32 5
RS $5 P 5 LI B L v sk B3, SOk 1901 M AREAS SR EURRAE, S3E MR N T A5 AR 48 45 v 1) 2 1R D . SX 25T
I RRE 45 AT BT 50 F 000 45 L, AT 37 X AR AR (45 AT, ST 2 AN N (0 R A e B AT 4 B Dk —
FRARE, R AN ] 0 T SR A6 3k SRR T T ASE AR 2 5 38 1 S mes LA 5 Ok A IR AR, SR [100] 58 b x #40)
AT SEIOR A AR TR A U MRS, I A8 AR ) SR TREASS 2R 2 S 3] (¥ FU00 S s 4511 2an, A5 FH 23 2 xet < T ) AT 43 2K it
WA 4 AN DRNBER G\ B P bR AL RIS 5 1 oAt TG 3% B 10 B4 e o 2 100,

(2) DAL 0 2% 5 1y

Xt P2 AT AR 1) T ) b X R R A T S, AT BT I 26k . AR 45 SR mT LA - eSsdb AR AR, ), ik [117]
S5O R S IR WA B RS AT S0k LA, e TR 4 AR AL T DCBERY ¥ A5 R, DR Ad R Sk T LA
BT PR 45 AAE BY . SR [90] T3k 1 S 56 LA & AN [ A5 25 40 AN [ J2 T F000 445 SR (¥ 44 B D iR, 30 ] A 6t A 8
HEAT 12, HE T A A0 A R 2R SCik [56] 70 UG 2AT45 T, SR AL R R T 1% DL B2 b A e, METI VR N 7 M
PRI FRy B s DR )N, SR (567 S Y S50 4R AR 22 R A IR 7 A B 5 B, A 2058 1 T 2T 45 STk [59] E
TR SRR LA D TSR T 40T SRR AR5 T AR e HE . SOl A T 5 B8 DA R 4 AN AT
SRZRAR 0 B IR, M TIT 4 HA SO AR f 3 3L
5.2 TIfRETRHEZ ML SEBRR A

A PR AN I 28 32 I FH T AR (R AT, 490 fn 7 A0 . R 3 ) 3ok R 0 T [ 2 e 25 o 2 o A 7R 7 ] 1 B
I AT 37 SR WG IN. SR 1T, 7 1 PR o 55 S SR A 26 X A TR AN P e R AT, RIS A . AT AR SOk [118] 42
BB AT R IR IS 2 2 Uik, T W E R HETR RS COVID-19 Ji 8 113757, %772 mT LAFE Bh B A 2
PR I R 3K A 9 T LB W E R T R COVID-19 6 75, [FIINF, 33X Fh 5 10 LAY 8 ) (045 58 %2 1 1
By, W R H R 8 R O B R A, SOk [119] 4R H b B A T AR AR S i R R 4%, I FH T ke
JEFIA R SR AR, Sz B gk S SR B T A,

AR AR R 285 1) 575 — AN . FH 3 5 R < )0 R 4. AE S8 [ 5 (19 4 56 (1), 4o 2 X 4 A 70 gl P T 9000 T
JOGR b SR AU AR 55, BUARIZRE I A (0 5 AN P e B, (R (0 A5 B mT S R e BAR G,
DAL L T 5 2 S ST HP 1 e i L. SRR 1207 HP i B () A AR S vk T ARG DA 2 o i DL, AR 4R AR 4 SR R A
TUA] URAIE AL RGE M A IE 1.

H 325 —Fr A RS, 7T REAT 58 AR AN A FREE AR . DR, AR LT PR A BERA b, A2 B3 B
JE R (0 R 40 0 LA B2 32 J3E B AR SV N T 1 30072 Sl e (R R B A 5 U2 R A S S5 U] LA T
1 2501725 B Hp R IR [ T R R T 0 S DL T RET 1 307 T R A T S S L e, SCRR [122] 48
W — Rl A T Ak 7 7, BT DL Sl AN R B0 2 ST A RO E R R
5.3 ARRMAMEEIRAPEE

] PR A £ 000 0% 00T 4Ok B 25 R B, (LT fRURR AR AT AR T I —— A6 e 5 e 1) o A, AR 5 JL AT I 40 R 5,
Frgh H A v S

(1) BT G T AR T I A7 0 7

o125 00 4% PR 1) A 4 P P i P 2 T o 88, T AR [ B 1 T AR R M B A R B R T S R IX 4k
M ) AR ERE T L, b RE S R ST ST MR, TR S ) R BT S AN T 3 G g U2 IR e R
BRI A P A, MRS 2 SRR T B g W — SR YR BB TCV R AR R . X R S LA v v A
EETVRAE R A%, 2 S B e A S8 5 e N R TCTRFRMR ). 5 AR n R (EL 45 A A7 1, e 2 f e SRR HE 1R B2

© PHEBEEEK IR http www. jos. org. cn



178 HAFFIR 2024 5 35 55 1 &

WCRE ), YRR, BERE BE — Bt — WRAE SR TR 1k vl RE 2 P A 1, X AR 18 ke S RAT ™ H S R IS5
FEANTTHRR). DAL, S s PR R AR, e 2 BT LA A A A1 SR SLRENS MR (14 X 2% B — > T LI
NPT i) .

B IX [ 8, AT L% 8P v R P RIS 2R Y R 0] P 0% 2R 3 el 1 v g SRR ) SRR L, SR B
AR P e B R HEAT ARORE, JF 0 DR ARE 45 SR BES AR DT ST BB, A B Tl AL REACRAAIE. MRS 24 i A e 5

(2) B2 Gi— VPt br it

MHTHF T, AN RIS T (AR 732 AN [ £ R B8R A% T AP0 VO MO o R A R A 20 . T e RV ) T 2 ) i e A2
JERH — NG ERRE. SR R B EN T AR RE T VR, Gl UG T AN B R R R e
—NEE— 2R AR AR X AN [ i S 0 AR 2 [ R AR S AT G — LU, BRIAR M ) A RIS 28 v A v A e 2
HEAT R PR B T A L. H R — SR 7T MR R 4 TR R B L AR 5 S AR FIRTBY (1 J R PR L A
ALE E ST IR S AT e M o0 AT, A A HE 30 P 8 A R 00 VPG R b sl T LA R SV L AT RS M

Wt — & 58 % IR R FA VP AN R G0 2 AR AT R L U7 1) — . VP AN R G0N IE T T A AR S92 1)
LA, RERSLEAR IR N F AT . BEALAN H AR X SR AT 2 s L. VPG 7 v 8 DU R, R w0
FIFE FAVRGE 2 0F X 48 AT RS . DX 00 B PR 405 AT IX 0 P2, AR AN [ I 484 /288 3/ D 5 BT, S 7 ] DA HR 24
FFHAREE SR SR T I A H AR AR 45 AL, SR ar vk R Bk B 5 BT S8 & IRas AT AL, K B T4 e RS AT
45, WAL AR (V) 1E 3 0847 Foe kS A AR e oE, AT AN IR i N B AR S0 1) A A SR B A AR AR B AN AR, I L
AN N BN IS T 45 T 2 DR 38 s A i A4k, ) T SEIREE — bR A B B, P AR PEAL Fie bR B oK, M e e
WAL AT IR B AR, 7 TR e S5 I A TR B0 4 1R03dhAT b, AT SEBR 8 — VA,

(3) fERE SR IE A TV AR

— AN I R A N LA ATEAT A, 45 AR AR 4 A T LUIE R 8 5 R ERA T, AR NPT LB AT 505
o HH IR AR &5 1L T 2 B TR AR L m AN LA I BE . HAT R 2 U R RLIE B0 T4 A & N
LEINTN P AERE 45 T, AE IFAS X AR &5 SR 1A I PR EAT 20 W7 1E A0 A SR TET 0 T D) 48 A 70 4 T T 4 SR 75 1

FE, N SEAR AR A o T AR SRV I R 5 L 75 I . — T, R RV T R SRR AT R T PR BT IR IR AIE, 3
JECN ST 100 28 PR R DA AT, R I T o % )5 AT R FEE AR AR IR, X RS 28 T R R SR IR, 5 — 7 T, AIE 3R
TP IR RAERE RCER, AR BT M R o i JEUASE 280 8 i — S A M D B, 3 P R 2 B R AR B (RS Y DB 2k, S
BARIPERE. XA S N T MR TR I I O, 2 25 T AR BB AL I i .

B IX — I, W] DL 7R 43 R FH 190 0 T &5 SRR At R 4 R I (¥ xRN S TR0 45 S SR T I 4%
BEAY SRR SR TE O, MRS 4l TR N FOR YR TR 595, B 17 AR A RO ) (X 588 5.2 17 Fh S 2 (iR 5
TRIOARST A ). D0 2538 AT [ R BT SRR AN AR [, BRI A 45 SR 7= A ) SR B — 38, o B LA A ORI, SR A5
SR DR RRAH BLRE, W] DL— e FR A bR B AR R R A

6 4ERIE

AT MR AT fife B AR 1K) 5 SCRBIE ST 6 B . RS AT R REACRPE BT TEAIAR S 20 R L B LA 22 4 0% T fife
SR 70 BT KA 2% (TR AR EE L mT R SR IO VAl T AR 2 X 2% (1095 5 170 55 2 A
D 22 T W PR R 5 22 A T T, B XT Al £ od 24 T AR  Jo — fl RELOEAT PR AA FO 8 Y BDRE R T AR X — R T
FUIRAE T BN WD AIB B, NI T Al 1o 28 100 45 5 20 f B AT A% v Bk, SR A0 AR SR RO IE 5 v T A S B B 2 8 e
Syt B AT RS,

References:
[1] Bodria F, Giannotti F, Guidotti R, Naretto F, Pedreschi D, Rinzivillo S. Benchmarking and survey of explanation methods for black box
models. arXiv:2102.13076, 2021.
[2] Kong XW, Tang XZ, Wang ZM. A survey of explainable artificial intelligence decision. Systems Engineering—Theory & Practice,
2021, 41(2): 524-536 (in Chinese with English abstract). [doi: 10.12011/SETP2020-1536]

© A

AT httpy/ www. jos. org. cn



https://doi.org/10.12011/SETP2020-1536

FEB F ABAVE WS4 T BERAR R A 179

[3] Goyal Y, Wu ZY, Emst J, Batra D, Parikh D, Lee S. Counterfactual visual explanations. In: Proc. of the 36th Int’l Conf. on Machine
Learning. Long Beach: PMLR, 2019. 2376-2384.

[4] Wang YL, Su H, Zhang B, Hu XL. Interpret neural networks by identifying critical data routing paths. In: Proc. of the 2018 IEEE/CVF
Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 8906-8914. [doi: 10.1109/CVPR.2018.00928]

[5] Frank Pasquale. The black box society: The secret algorithms that control money and information. Business Ethics Quarterly, 2016,
26(4): 568-571. [doi: 10.1017/beq.2016.50]

[6] Rudin C. Stop explaining black box machine learning models for high stakes decisions and use interpretable models instead. Nature
Machine Intelligence, 2019, 1(5): 206-215. [doi: 10.1038/s42256-019-0048-x]

[7] SuJM, Liu HF, Xiang FT, Wu JZ, Yuan XS. Survey of interpretation methods for deep neural networks. Computer Engineering, 2020,
46(9): 1-15 (in Chinese with English abstract). [doi: 10.19678/j.issn.1000-3428.0057951]

[8] T, Luigs HG, Mahlein AK, Kersting K. Making deep neural networks right for the right scientific reasons by interacting with their
explanations. Nature Machine Intelligence, 2020, 2(8): 476-486. [doi: 10.1038/s42256-020-0212-3]

[9] Zech JR, Badgeley MA, Liu M, Costa AB, Titano JJ, Oermann EK. Variable generalization performance of a deep learning model to
detect pneumonia in chest radiographs: A cross-sectional study. PLoS Medicine, 2018, 15(11): €1002683. [doi: 10.1371/journal.pmed.
1002683]

[10] Badgeley MA, Zech JR, Oakden-Rayner L, Glicksberg BS, Liu M, Gale W, Mcconnell MV, Percha B, Snyder TM, Dudley JT. Deep
learning predicts hip fracture using confounding patient and healthcare variables. NPJ Digital Medicine, 2019, 2(1): 31. [doi: 10.1038/
s41746-019-0105-1]

[11] Hamamoto R, Suvarna K, Yamada M, Kobayashi K, Shinkai N, Miyake M, Takahashi M, Jinnai S, Shimoyama R, Sakai A, Takasawa
K, Bolatkan A, Shozu K, Dozen A, Machino H, Takahashi S, Asada K, Komatsu M, Sese J, Kaneko S. Application of artificial
intelligence technology in oncology: Towards the establishment of precision medicine. Cancers, 2020, 12(12): 3532. [doi: 10.3390/
cancers12123532]

[12]  Miller T. Explanation in artificial intelligence: Insights from the social sciences. Artificial Intelligence, 2019, 267: 1-38. [doi: 10.1016/j.
artint.2018.07.007]

[13] Doshi-Velez F, Kim B. A roadmap for a rigorous science of interpretability. arXiv:1702.08608, 2017.

[14] Comandé G. Regulating algorithms’ regulation? First ethico-legal principles, problems, and opportunities of algorithms. In: Cerquitelli
T, Quercia D, Pasquale F, eds. Transparent Data Mining for Big and Small Data. Cham: Springer, 2017. 169-206. [doi: 10.1007/978-3-
319-54024-5 8]

[15] Wachter S, Mittelstadt B, Floridi L. Why a right to explanation of automated decision-making does not exist in the general data
protection regulation. Int’l Data Privacy Law, 2017, 7(2): 76-99. [doi: 10.1093/idpl/ipx005]

[16] Phillips PJ, Hahn C, Fontana P, Yates A, Greene KK, Broniatowski DA, Przybocki MA. Four principles of explainable artificial
intelligence. Technical Report NISTIR 8312, National Institute of Standards and Technology, 2021. 1-43. [doi: 10.6028/NIST.IR.8312]

[17] Pope PE, Kolouri S, Rostami M, Martin CE, Hoffmann H. Explainability methods for graph convolutional neural networks. In: Proc. of
the 2019 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 10772—10781. [doi: 10.1109/CVPR.
2019.01103]

[18] Hofman JM, Sharma A, Watts DJ. Prediction and explanation in social systems. Science, 2017, 355(6324): 486-—488. [doi: 10.1126/
science.aal3856]

[19] Weller A. Challenges for transparency. arXiv:1708.01870, 2019.

[20] Lipton ZC. The mythos of model interpretability: In machine learning, the concept of interpretability is both important and slippery.
Queue, 2018, 16(3): 31-57. [doi: 10.1145/3236386.3241340]

[21] Doshi-Velez F, Kim B. Towards a rigorous science of interpretable machine learning. arXiv:1702.08608, 2017.

[22]  Zhang Y, Titio P, Leonardis A, Tang K. A survey on neural network interpretability. IEEE Trans. on Emerging Topics in Computational
Intelligence, 2021, 5(5): 726-742. [doi: 10.1109/TETCL.2021.3100641]

[23] Montavon G, Samek W, Miiller KR. Methods for interpreting and understanding deep neural networks. Digital Signal Processing, 2018,
73: 1-15. [doi: 10.1016/j.dsp.2017.10.011]

[24] Gilpin LH, Bau D, Yuan BZ, Bajwa A, Specter M, Kagal L. Explaining explanations: An overview of interpretability of machine
learning. In: Proc. of the 5th Int’l Conf. on Data Science and Advanced Analytics. Turin: IEEE, 2018. 80-89. [doi: 10.1109/DSAA.2018.
00018]

[25] Andrews R, Diederich J, Tickle AB. Survey and critique of techniques for extracting rules from trained artificial neural networks.
Knowledge-based Systems, 1995, 8(6): 373-389. [doi: 10.1016/0950-7051(96)81920-4]

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1109/CVPR.2018.00928
https://doi.org/10.1017/beq.2016.50
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.19678/j.issn.1000-3428.0057951
https://doi.org/10.1038/s42256-020-0212-3
https://doi.org/10.1371/journal.pmed.1002683
https://doi.org/10.1371/journal.pmed.1002683
https://doi.org/10.1038/s41746-019-0105-1
https://doi.org/10.1038/s41746-019-0105-1
https://doi.org/10.3390/cancers12123532
https://doi.org/10.3390/cancers12123532
https://doi.org/10.1016/j.artint.2018.07.007
https://doi.org/10.1016/j.artint.2018.07.007
https://doi.org/10.1007/978-3-319-54024-5_8
https://doi.org/10.1007/978-3-319-54024-5_8
https://doi.org/10.1093/idpl/ipx005
https://doi.org/10.6028/NIST.IR.8312
https://doi.org/10.1109/CVPR.2019.01103
https://doi.org/10.1109/CVPR.2019.01103
https://doi.org/10.1126/science.aal3856
https://doi.org/10.1126/science.aal3856
https://doi.org/10.1145/3236386.3241340
https://doi.org/10.1109/TETCI.2021.3100641
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1109/DSAA.2018.00018
https://doi.org/10.1109/DSAA.2018.00018
https://doi.org/10.1016/0950-7051(96)81920-4

180 HAFFIR 2024 5 35 55 1 &

[26] Freitas AA. Comprehensible classification models: A position paper. ACM SIGKDD Explorations Newsletter, 2013, 15(1): 1-10. [doi:
10.1145/2594473.2594475]

[27] Johansson U, Kénig R, Niklasson L. The truth is in there-rule extraction from opaque models using genetic programming. In: Proc. of
the 17th Int’] Florida Artificial Intelligence Research Society Conf. Miami Beach: AAAI Press, 2004. 658—663.

[28]  Arrieta AB, Diaz-Rodriguez N, Del Ser J, Bennetot A, Tabik S, Barbado A, Garcia S, Gil-Lopez S, Molina D, Benjamins R, Chatila R,
Herrera F. Explainable artificial intelligence (XAI): Concepts, taxonomies, opportunities and challenges toward responsible Al.
Information Fusion, 2020, 58: 82—115. [doi: 10.1016/j.inffus.2019.12.012]

[29] Abiodun OI, Jantan A, Omolara AE, Dada KV, Mohamed NA, Arshad H. State-of-the-art in artificial neural network applications: A
survey. Heliyon, 2018, 4(11): €00938. [doi: 10.1016/j.heliyon.2018.00938]

[30] Bao XG, Zhou CL, Xiao KJ, Qin B. Survey on visual question answering. Ruan Jian Xue Bao/Journal of Software, 2021, 32(8):
2522-2544 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6215.htm [doi: 10.13328/j.cnki.jos.006215]

[31] Chouldechova A. Fair prediction with disparate impact: A study of bias in recidivism prediction instruments. Big Data, 2017, 5(2):
153-163. [doi: 10.1089/big.2016.0047]

[32] Ruan L, Wen SS, Niu YM, Li SN, Xue YZ, Ruan T, Xiao LM. Deep neural network visualization based on interpretable basis
decomposition and knowledge graph. Chinese Journal of Computers, 2021, 44(9): 1786-1805 (in Chinese with English abstract). [doi:
10.11897/SP.J.1016.2021.01786]

[33] Zhang ZZ, Xie YP, Xing FY, McGough M, Yang L. MDNet: A semantically and visually interpretable medical image diagnosis
network. In: Proc. of the 2017 IEEE Conf. on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017. 3549-3557. [doi: 10.
1109/CVPR.2017.378]

[34] Zhu YH, Ma JB, Yuan CG, Zhu XF. Interpretable learning based dynamic graph convolutional networks for Alzheimer’s disease
analysis. Information Fusion, 2022, 77: 53—61. [doi: 10.1016/j.inffus.2021.07.013]

[35] Kim J, Canny J. Interpretable learning for self-driving cars by visualizing causal attention. In: Proc. of the 2017 IEEE Int’l Conf. on
Computer Vision. Venice: IEEE, 2017. 2961-2969. [doi: 10.1109/ICCV.2017.320]

[36] Youl, Leskovec J, He KM, Xie SN. Graph structure of neural networks. In: Proc. of the 37th Int’l Conf. on Machine Learning. PMLR,
2020. 10881-10891.

[37] Wang WZ, Rao Y, Wu LW, Li X. Progress of judicial judgment prediction based on artificial intelligence. Journal of Chinese
Information Processing, 2021, 35(9): 1-14 (in Chinese with English abstract). [doi: 10.3969/j.issn.1003-0077.2021.09.001]

[38] Lo Piano S. Ethical principles in machine learning and artificial intelligence: Cases from the field and possible ways forward.
Humanities and Social Sciences Communications, 2020, 7(1): 9. [doi: 10.1057/s41599-020-0501-9]

[39] Ashoori M, Weisz JD. In Al we trust? Factors that influence trustworthiness of Al-infused decision-making processes.
arXiv:1912.02675, 2019.

[40] Thiebes S, Lins S, Sunyaev A. Trustworthy artificial intelligence. Electronic Markets, 2021, 31(2): 447-464. [doi: 10.1007/s12525-020-
00441-4]

[41] Brundage M, Avin S, Wang J, et al. Toward trustworthy AI development: Mechanisms for supporting verifiable claims.
arXiv:2004.07213, 2020.

[42] Rudin C, Chen CF, Chen Z, Huang HY, Semenova L, Zhong CD. Interpretable machine learning: Fundamental principles and 10 grand
challenges. arXiv:2103.11251, 2021.

[43] Chen KR, Meng XF. Interpretation and understanding in machine learning. Journal of Computer Research and Development, 2020,
57(9): 1971-1986 (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.2020.20190456]

[44] Lakkaraju H, Kamar E, Caruana R, Horvitz E. Identifying unknown unknowns in the open world: Representations and policies for
guided exploration. Proc. of the AAAI Conf. on Artificial Intelligence, 2017, 31(1): 2124-2132.

[45] Kroll JA, Huey J, Barocas S, Felten EW, Reidenberg JR, Robinson DG, Yu H. Accountable algorithms. University of Pennsylvania Law
Review, 2017, 165: 633-705.

[46] Danks D, London AJ. Regulating autonomous systems: Beyond standards. IEEE Intelligent Systems, 2017, 32(1): 88-91. [doi: 10.1109/
MIS.2017.1]

[47] Kingston JKC. Artificial intelligence and legal liability. In: Proc. of the 2016 Int’l Conf. on Innovative Techniques and Applications of
Artificial Intelligence. Springer, 2016. 269-279. [doi: 10.1007/978-3-319-47175-4_20]

[48] Zhou ZJ, Cao Y, Hu CH, Tang SW, Zhang CC, Wang J. The interpretability of rule-based modeling approach and its development. Acta
Automatica Sinica, 2021, 47(6): 1201-1216 (in Chinese with English abstract). [doi: 10.16383/j.aas.c200402]

[49] Minematsu T, Shimada A, Taniguchi RI. Analytics of deep neural network in change detection. In: Proc. of the 14th IEEE Int’l Conf. on

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1145/2594473.2594475
https://doi.org/10.1016/j.inffus.2019.12.012
https://doi.org/10.1016/j.heliyon.2018.e00938
http://www.jos.org.cn/1000-9825/6215.htm
https://doi.org/10.13328/j.cnki.jos.006215
https://doi.org/10.1089/big.2016.0047
https://doi.org/10.11897/SP.J.1016.2021.01786
https://doi.org/10.1109/CVPR.2017.378
https://doi.org/10.1109/CVPR.2017.378
https://doi.org/10.1016/j.inffus.2021.07.013
https://doi.org/10.1109/ICCV.2017.320
https://doi.org/10.3969/j.issn.1003-0077.2021.09.001
https://doi.org/10.1057/s41599-020-0501-9
https://doi.org/10.1007/s12525-020-00441-4
https://doi.org/10.1007/s12525-020-00441-4
https://doi.org/10.7544/issn1000-1239.2020.20190456
https://doi.org/10.1109/MIS.2017.1
https://doi.org/10.1109/MIS.2017.1
https://doi.org/10.1007/978-3-319-47175-4_20
https://doi.org/10.16383/j.aas.c200402

EEB F: ABAVE W4T R R A 181

Advanced Video and Signal Based Surveillance. Lecce: IEEE, 2017. 1-6. [doi: 10.1109/AVSS.2017.8078550]

[50] Minematsu T, Shimada A, Uchiyama H, Taniguchi RI. Analytics of deep neural network-based background subtraction. Journal of
Imaging, 2018, 4(6): 78. [doi: 10.3390/jimaging4060078]

[51] Rudin C, Radin J. Why are we using black box models in AI when we don’t need to? A lesson from an explainable Al competition.
Harvard Data Science Review, 2019, 1(2). 1-9. [doi: 10.1162/99608f92.5a8a3a3d]

[52] Laugel T, Lesot MJ, Marsala C, Renard X, Detyniecki M. The dangers of post-hoc interpretability: Unjustified counterfactual
explanations. In: Proc. of the 28th Int’l Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 2801-2807.

[53] Lakkaraju H, Bastani O. “How do I fool you?” Manipulating user trust via misleading black box explanations. In: Proc. of the 2020
AAAT/ACM Conf. on Al Ethics, and Society. New York: ACM, 2020. 79-85. [doi: 10.1145/3375627.3375833]

[54] Simonyan K, Vedaldi A, Zisserman A. Deep inside convolutional networks: Visualising image classification models and saliency maps.
In: Proc. of the 2nd Int’l Conf. on Learning Representations. Banff, 2014. 1-8.

[55] Zhou BL, Khosla A, Lapedriza A, Oliva A, Torralba A. Learning deep features for discriminative localization. In: Proc. of the 2016
IEEE Conf. on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016. 2921-2929. [doi: 10.1109/CVPR.2016.319]

[56] Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra D. Grad-CAM: Visual explanations from deep networks via gradient-
based localization. In: Proc. of the 2017 IEEE Int’l Conf. on Computer Vision. Venice: IEEE, 2017. 618-626. [doi: 10.1109/ICCV.2017.
74]

[57] Bau D, Zhou BL, Khosla A, Oliva A, Torralba A. Network dissection: Quantifying interpretability of deep visual representations. In:
Proc. of the 2017 IEEE Conf. on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017. 3319-3327. [doi: 10.1109/CVPR.
2017.354]

[58] Kim B, Wattenberg M, Gilmer J, Cai CJ, Wexler J, Viégas FB, Sayres R. Interpretability beyond feature attribution: Quantitative testing
with concept activation vectors (TCAV). In: Proc. of the 35th Int’l Conf. on Machine Learning. Stockholm: PMLR, 2018. 2673-2682.

[59] Ribeiro MT, Singh S, Guestrin C. “Why should I trust you?” Explaining the predictions of any classifier. In: Proc. of the 22nd ACM
SIGKDD Int’] Conf. on Knowledge Discovery and Data Mining. San Francisco: ACM, 2016. 1135—-1144. [doi: 10.1145/2939672.
2939778]

[60] Ramamurthy KN, Vinzamuri B, Zhang YF, Dhurandhar A. Model agnostic multilevel explanations. In: Proc. of the 34th Int’l Conf. on
Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2020. 501.

[61] Samek W, Miiller KR. Towards explainable artificial intelligence. In: Samek W, Montavon G, Vedaldi A, Hansen LK, Miiller KR, eds.
Explainable Al Interpreting, Explaining and Visualizing Deep Learning. Cham: Springer, 2019. 5-22. [doi: 10.1007/978-3-030-28954-
6 1]

[62] Yu FX, Qin ZW, Liu CC, Zhao L, Wang YZ, Chen X. Interpreting and evaluating neural network robustness. In: Proc. of the 28th Int’l
Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 4199-4205.

[63] Cheng KY, Meng CY, Wang WS, Shi WX, Zhan YZ. Research advances in disentangled representation learning. Journal of Computer
Applications, 2021, 41(12): 3409-3418 (in Chinese with English abstract). [doi: 10.11772/j.issn.1001-9081.2021060895]

[64] Qin ZW, Yu FX, Liu CC, Chen X. How convolutional neural networks see the world—A survey of convolutional neural network
visualization methods. Mathematical Foundations of Computing, 2018, 1(2): 149-180. [doi: 10.3934/mfc.2018008]

[65] Zhang QS, Zhu SC. Visual interpretability for deep learning: A survey. Frontiers of Information Technology & Electronic Engineering,
2018, 19(1): 27-39. [doi: 10.1631/FITEE.1700808]

[66] Guidotti R, Monreale A, Ruggieri S, Turini F, Giannotti F, Pedreschi D. A survey of methods for explaining black box models. ACM
Computing Surveys, 2019, 51(5): 93. [doi: 10.1145/3236009]

[67] Angelov PP, Soares EA, Jiang R, Arnold NI, Atkinson PM. Explainable artificial intelligence: An analytical review. WIREs Data
Mining and Knowledge Discovery, 2021, 11(5): e1424. [doi: 10.1002/widm.1424]

[68] Linardatos P, Papastefanopoulos V, Kotsiantis S. Explainable AL: A review of machine learning interpretability methods. Entropy, 2021,
23(1): 18. [doi: 10.3390/E23010018]

[69] Bach S, Binder A, Montavon G, Klauschen F, Miiller KR, Samek W. On pixel-wise explanations for non-linear classifier decisions by
layer-wise relevance propagation. PLoS One, 2015, 10(7): e¢0130140. [doi: 10.1371/journal.pone.0130140]

[70] Zhang QS, Wu YN, Zhu SC. Interpretable convolutional neural networks. In: Proc. of the 2018 IEEE/CVF Conf. on Computer Vision
and Pattern Recognition. Salt Lake City: IEEE, 2018. 8827-8836. [doi: 10.1109/CVPR.2018.00920]

[71]  Erhan D, Bengio Y, Courville A, Vincent P. Visualizing higher-layer features of a deep network. Technical Report 1341, Montreal:
University of Montreal, 2009. 1-13.

[72] Olah C, Mordvintsev A, Schubert L. Feature visualization. Distill, 2017, 2(11): 1. [doi: 10.23915/distill.00007]

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1109/AVSS.2017.8078550
https://doi.org/10.3390/jimaging4060078
https://doi.org/10.1162/99608f92.5a8a3a3d
https://doi.org/10.1145/3375627.3375833
https://doi.org/10.1109/CVPR.2016.319
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1109/CVPR.2017.354
https://doi.org/10.1109/CVPR.2017.354
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1007/978-3-030-28954-6_1
https://doi.org/10.1007/978-3-030-28954-6_1
https://doi.org/10.11772/j.issn.1001-9081.2021060895
https://doi.org/10.3934/mfc.2018008
https://doi.org/10.1631/FITEE.1700808
https://doi.org/10.1145/3236009
https://doi.org/10.1002/widm.1424
https://doi.org/10.3390/E23010018
https://doi.org/10.1371/journal.pone.0130140
https://doi.org/10.1109/CVPR.2018.00920
https://doi.org/10.23915/distill.00007

182 HAFFIR 2024 5 35 55 1 &

[73] Zhang QS, Wang WG, Zhu SC. Examining CNN representations with respect to dataset bias. Proc. of the 2018 AAAI Conf. on Artificial
Intelligence, 2018, 32(1): 4464-4473. [doi: 10.1609/aaai.v32i1.11833]

[74] Wang F, Liu HJ, Cheng J. Visualizing deep neural network by alternately image blurring and deblurring. Neural Networks, 2018, 97:
162-172. [doi: 10.1016/j.neunet.2017.09.007]

[75] YosinskiJ, Clune J, Nguyen A, Fuchs T, Lipson H. Understanding neural networks through deep visualization. arXiv:1506.06579, 2015.

[76] Nguyen A, Dosovitskiy A, Yosinski J, Brox T, Clune J. Synthesizing the preferred inputs for neurons in neural networks via deep
generator networks. In: Proc. of the 30th Int’l Conf. on Neural Information Processing Systems. Barcelona: Curran Associates Inc.,
2016. 3395-3403.

[77] Fong R, Vedaldi A. Net2Vec: Quantifying and explaining how concepts are encoded by filters in deep neural networks. In: Proc. of the
2018 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 8730—8738. [doi: 10.1109/CVPR.
2018.00910]

[78] Zhou BL, Sun YY, Bau D, Torralba A. Interpretable basis decomposition for visual explanation. In: Proc. of the 15th European Conf. on
Computer Vision. Munich: Springer, 2018. 122-138. [doi: 10.1007/978-3-030-01237-3_8]

[79] Pinheiro PO, Collobert R. From image-level to pixel-level labeling with convolutional networks. In: Proc. of the 2015 IEEE Conf. on
Computer Vision and Pattern Recognition. Boston: IEEE, 2015. 1713—1721. [doi: 10.1109/CVPR.2015.7298780]

[80] Cheng X, Rao ZF, Chen YL, Zhang QS. Explaining knowledge distillation by quantifying the knowledge. In: Proc. of the 2020
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2020. 12922-12932. [doi: 10.1109/CVPR42600.2020.
01294]

[81] Nguyen A, Yosinski J, Clune J. Multifaceted feature visualization: Uncovering the different types of features learned by each neuron in
deep neural networks. arXiv:1602.03616, 2016.

[82] Zhang QS, Wang X, Cao RM, Wu YN, Shi F, Zhu SC. Extraction of an explanatory graph to interpret a CNN. IEEE Trans. on Pattern
Analysis and Machine Intelligence, 2021, 43(11): 3863-3877. [doi: 10.1109/TPAMI.2020.2992207]

[83] Zhang QS, Cao RM, Shi F, Wu YN, Zhu SC. Interpreting CNN knowledge via an explanatory graph. Proc. of the 2018 AAAI Conf. on
Artificial Intelligence, 2018, 32(1): 4454—4463. [doi: 10.1609/aaai.v32i1.11819]

[84] Zintgraf LM, Cohen TS, Adel T, Welling M. Visualizing deep neural network decisions: Prediction difference analysis. In: Proc. of the
5th Int’l Conf. on Learning Representations. Toulon: OpenReview.net, 2017. 1-11.

[85] Smilkov D, Thorat N, Kim B, Viégas F, Wattenberg M. SmoothGrad: Removing noise by adding noise. arXiv:1706.03825, 2017.

[86] Singla S, Wallace E, Feng S, Feizi S. Understanding impacts of high-order loss approximations and features in deep learning
interpretation. In: Proc. of the 36th Int’l Conf. on Machine Learning. Long Beach: PMLR, 2019. 5848-5856.

[87] Wang SJ, Zhou TY, Bilmes JA. Bias also matters: Bias attribution for deep neural network explanation. In: Proc. of the 36th Int’l Conf.
on Machine Learning. Long Beach: PMLR, 2019. 6659-6667.

[88] Zeiler MD, Krishnan D, Taylor GW, Fergus R. Deconvolutional networks. In: Proc. of the 2010 IEEE Computer Society Conf. on
Computer Vision and Pattern Recognition. San Francisco: IEEE, 2010. 2528-2535. [doi: 10.1109/CVPR.2010.5539957]

[89] Zeiler MD, Taylor GW, Fergus R. Adaptive deconvolutional networks for mid and high level feature learning. In: Proc. of the 2011
IEEE Int’l Conf. on Computer Vision. Barcelona: IEEE, 2011. 2018-2025. [doi: 10.1109/ICCV.2011.6126474]

[90]  Zeiler MD, Fergus R. Visualizing and understanding convolutional networks. In: Proc. of the 13th European Conf. on Computer Vision.
Zurich: Springer, 2014. 818-833. [doi: 10.1007/978-3-319-10590-1_53]

[91]  Springenberg JT, Dosovitskiy A, Brox T, Riedmiller MA. Striving for simplicity: The all convolutional net. In: Proc. of the 3rd Int’l
Conf. on Learning Representations. San Diego, 2015. 1-11.

[92] Heskes T, Sijben E, Bucur IG, Claassen T. Causal shapley values: Exploiting causal knowledge to explain individual predictions of
complex models. In: Proc. of the 34th Advances in Neural Information Processing Systems. 2020. 4778-4789.

[93] Ancona M, Oztireli C, Gross MH. Explaining deep neural networks with a polynomial time algorithm for Shapley value approximation.
In: Proc. of the 36th Int’l Conf. on Machine Learning. Long Beach: PMLR, 2019. 272-281.

[94] Van Looveren A, Klaise J. Interpretable counterfactual explanations guided by prototypes. In: Proc. of the 2021 European Conf. on
Machine Learning and Knowledge Discovery in Databases. Bilbao: Springer, 2021. 650-665. [doi: 10.1007/978-3-030-86520-7 _40]

[95] Koh PW, Liang P. Understanding black-box predictions via influence functions. In: Proc. of the 34th Int’l Conf. on Machine Learning.
Sydney: JMLR.org, 2017. 1885-1894.

[96] Fong RC, Vedaldi A. Interpretable explanations of black boxes by meaningful perturbation. In: Proc. of the 2017 IEEE Int’l Conf. on
Computer Vision. Venice: IEEE, 2017. 3449-3457. [doi: 10.1109/ICCV.2017.371]

[97] Agarwal C, Nguyen A. Explaining image classifiers by removing input features using generative models. In: Proc. of the 15th Asian

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1609/aaai.v32i1.11833
https://doi.org/10.1016/j.neunet.2017.09.007
https://doi.org/10.1109/CVPR.2018.00910
https://doi.org/10.1109/CVPR.2018.00910
https://doi.org/10.1007/978-3-030-01237-3_8
https://doi.org/10.1109/CVPR.2015.7298780
https://doi.org/10.1109/CVPR42600.2020.01294
https://doi.org/10.1109/CVPR42600.2020.01294
https://doi.org/10.1109/TPAMI.2020.2992207
https://doi.org/10.1609/aaai.v32i1.11819
https://doi.org/10.1109/CVPR.2010.5539957
https://doi.org/10.1109/ICCV.2011.6126474
https://doi.org/10.1007/978-3-319-10590-1_53
https://doi.org/10.1007/978-3-030-86520-7_40
https://doi.org/10.1109/ICCV.2017.371

FE F ARAVE W4T R R 183

Conf. on Computer Vision. Kyoto: Springer, 2020. 101-118. [doi: 10.1007/978-3-030-69544-6_7]

[98] Wagner J, Kohler JM, Gindele T, Hetzel L, Wiedemer JT, Behnke S. Interpretable and fine-grained visual explanations for
convolutional neural networks. In: Proc. of the 2019 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE,
2019. 9097-9107. [doi: 10.1109/CVPR.2019.00931]

[99] Xu KD, Liu SJ, Zhang GY, Sun MS, Zhao P, Fan QF, Gan C, Lin X. Interpreting adversarial examples by activation promotion and
suppression. arXiv:1904.02057, 2019.

[100] Lapuschkin S, Wildchen S, Binder A, Montavon G, Samek W, Miiller KR. Unmasking clever Hans predictors and assessing what
machines really learn. Nature Communications, 2019, 10(1): 1096. [doi: 10.1038/s41467-019-08987-4]

[101] Yang CL, Rangarajan A, Ranka S. Global model interpretation via recursive partitioning. In: Proc. of the 20th IEEE Int’l Conf. on High
Performance Computing and Communications, the 16th IEEE Int’l Conf. on Smart City, the 4th IEEE Int’l Conf. on Data Science and
Systems. Exeter: IEEE, 2018. 1563—1570. [doi: 10.1109/HPCC/SmartCity/DSS.2018.00256]

[102]  Salman S, Payrovnaziri SN, Liu XW, Rengifo-Moreno P, He Z. DeepConsensus: Consensus-based interpretable deep neural networks
with application to mortality prediction. In: Proc. of the 2020 Int’l Joint Conf. on Neural Networks. Glasgow: IEEE, 2020. 1-8. [doi: 10.
1109/1JCNN48605.2020.9206678]

[103]  Ghorbani A, Wexler J, Zou J, Kim B. Towards automatic concept-based explanations. In: Proc. of the 33rd Conf. on Neural Information
Processing Systems. Vancouver, 2019. 9273-9282.

[104] Hua YY, Zhang DC, Ge SM. Research progress in the interpretability of deep learning models. Journal of Cyber Security, 2020, 5(3):
1-12 (in Chinese with English abstract). [doi: 10.19363/J.cnki.cn10-1380/tn.2020.05.01]

[105] SiNW, Zhang WL, Qu D, Luo XY, Chang HY, Niu T. Representation visualization of convolutional neural networks: A survey. Acta
Automatica Sinica, 2022, 48(8): 1890-1920 (in Chinese with English abstract). [doi: 10.16383/j.aas.c200554]

[106]  Shi XR, Ni L, Wang J, Guo YH. Interpretable CNN based on minimum entropy constraint. Aerospace Control, 2021, 39(5): 3943 (in
Chinese with English abstract). [doi: 10.3969/j.issn.1006-3242.2021.05.007]

[107] Adler P, Falk C, Friedler SA, Nix T, Rybeck G, Scheidegger C, Smith B, Venkatasubramanian S. Auditing black-box models for
indirect influence. Knowledge and Information Systems, 2018, 54(1): 95-122. [doi: 10.1007/s10115-017-1116-3]

[108] Michelini PN, Liu HW, Lu YH, Jiang XQ. Understanding convolutional networks using linear interpreters—Extended abstract. In: Proc.
of the 2019 IEEE/CVF Int’1 Conf. on Computer Vision Workshop. Seoul: IEEE, 2019. 4186—4189. [doi: 10.1109/ICCVW.2019.00514]

[109] Michelini PN, Liu HW, Lu YH, Jiang XQ. A tour of convolutional networks guided by linear interpreters. In: Proc. of the 2019
IEEE/CVF Int’l Conf. on Computer Vision. Seoul: IEEE, 2019. 4752-4761. [doi: 10.1109/ICCV.2019.00485]

[110] Zhang JM, Bargal SA, Lin Z, Brandt J, Shen XH, Sclaroff S. Top-down neural attention by excitation backprop. Int’l Journal of
Computer Vision, 2018, 126(10): 1084-1102. [doi: 10.1007/s11263-017-1059-x]

[111]  Singh C, Murdoch WJ, Yu B. Hierarchical interpretations for neural network predictions. In: Proc. of the 27th Int’l Conf. on Learning
Representations. New Orleans: OpenReview.net, 2019. 1-11.

[112]  Chen JB, Song L, Wainwright MJ, Jordan MI. Learning to explain: An information-theoretic perspective on model interpretation. In:
Proc. of the 35th Int’l Conf. on Machine Learning. Stockholm: PMLR, 2018. 882-891.

[113] Herman B. The promise and peril of human evaluation for model interpretability. arXiv:1711.07414, 2019.

[114] Chang CH, Creager E, Goldenberg A, Duvenaud D. Explaining image classifiers by counterfactual generation. In: Proc. of the 7th Int’l
Conf. on Learning Representations. New Orleans: OpenReview.net, 2019. 1-11.

[115] Wang HF, Du MN, Yang F, Zhang ZJ. Score-CAM: Improved visual explanations via score-weighted class activation mapping.
arXiv:1910.01279, 2020.

[116]  Chattopadhay A, Sarkar A, Howlader P, Balasubramanian VN. Grad-CAM++: Generalized gradient-based visual explanations for deep
convolutional networks. In: Proc. of the 2018 IEEE Winter Conf. on Applications of Computer Vision. Lake Tahoe: IEEE, 2018.
839-847. [doi: 10.1109/WACV.2018.00097]

[117] Ross AS, Hughes MC, Doshi-Velez F. Right for the right reasons: Training differentiable models by constraining their explanations. In:
Proc. of the 26th Int’l Joint Conf. on Artificial Intelligence. Melbourne: IJCAl.org, 2017. 2662-2670.

[118]  Soares E, Angelov P, Biaso S, Froes MH, Abe DK. SARS-CoV-2 CT-scan dataset: A large dataset of real patients CT scans for SARS-
CoV-2 identification. medRxiv, 2020. [doi: 10.1101/2020.04.24.20078584]

[119] Tetila E, Bressem K, Astolfi G, Sant’Ana DA, Pache MC, Pistori H. System for quantitative diagnosis of COVID-19-associated
pneumonia based on superpixels with deep learning and chest CT. Research Square, 2020. [doi: 10.21203/rs.3.rs-123158/v1]

[120]  Soares E, Angelov P. Fair-by-design explainable models for prediction of recidivism. arXiv:1910.02043, 2019.

[121]  Soares E, Angelov P, Costa B, Castro M. Actively semi-supervised deep rule-based classifier applied to adverse driving scenarios. In:

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1007/978-3-030-69544-6_7
https://doi.org/10.1109/CVPR.2019.00931
https://doi.org/10.1038/s41467-019-08987-4
https://doi.org/10.1109/HPCC/SmartCity/DSS.2018.00256
https://doi.org/10.1109/IJCNN48605.2020.9206678
https://doi.org/10.1109/IJCNN48605.2020.9206678
https://doi.org/10.19363/J.cnki.cn10-1380/tn.2020.05.01
https://doi.org/10.16383/j.aas.c200554
https://doi.org/10.3969/j.issn.1006-3242.2021.05.007
https://doi.org/10.1007/s10115-017-1116-3
https://doi.org/10.1109/ICCVW.2019.00514
https://doi.org/10.1109/ICCV.2019.00485
https://doi.org/10.1007/s11263-017-1059-x
https://doi.org/10.1109/WACV.2018.00097
https://doi.org/10.1101/2020.04.24.20078584
https://doi.org/10.21203/rs.3.rs-123158/v1

184 HAFFIR 2024 5 35 55 1 &

Proc. of the 2019 Int’1 Joint Conf. on Neural Networks. Budapest: IEEE, 2019. 1-8. [doi: 10.1109/IJCNN.2019.8851842]

[122]  Soares E, Angelov PP, Costa B, Castro MPG, Nageshrao S, Filev D. Explaining deep learning models through rule-based approximation
and visualization. IEEE Trans. on Fuzzy Systems, 2021, 29(8): 2399-2407. [doi: 10.1109/TFUZZ.2020.2999776]

[123] Gao JY, Wang XT, Wang YS, Xie X. Explainable recommendation through attentive multi-view learning. In: Proc. of the 33rd AAAI
Conf. on Artificial Intelligence and the 31st Innovative Applications of Artificial Intelligence Conf. and the 9th AAAI Symp. on
Educational Advances in Artificial Intelligence. Honolulu: AAAI Press, 2019. 445. [doi: 10.1609/aaai.v33i01.33013622]

B o 3253 32k -
[2]  ALHEYE, FEEEVE, £ 01 N LA RE YOS AR R M U 250k . R4 DR ELIR b SR, 2021, 41(2): 524-536. [doi: 10.12011/
SETP2020-1536]
[71 I, s, TR, R, WA IR AN S R VAR IR, VHEHL LR, 2020, 46(9): 1-15. [doi: 10.19678/j.issn.1000-
3428.0057951]
[30] v, AFR, 70, S L8 R B 9T SRR . 4R, 2021, 32(8): 2522-2544. http://www.jos.org.cn/1000-9825/6215.htm
[doi: 10.13328/j.cnki.jos.006215]
[32] BRI, IS5, A5 WI, BT, AR, DU, 1R DG, T R R R A R 0 TR 1 R A 2R I % T AL, THEERLEAR, 2021,
44(9): 1786-1805. [doi: 10.11897/SP.J.1016.2021.01786]
[37] Bk, Beoc, SdEh, 4. BT N LR AR Rl A Ye i 8 5 k. hSCfE AR, 2021, 35(9): 1-14. [doi: 10.3969/.issn.1003-
0077.2021.09.001]
[43] BRI, do/g. HLAs Il Rt ST R R, 2020, 57(9): 1971-1986. [doi: 10.7544/issn1000-1239.2020.20190456]
[48] JAEA, WA, HEM, BINSC, dRAEW, EA. T RN AT VA M R ALK R BB R, 2021, 47(6): 1201-1216.
[doi: 10.16383/j.aas.c200402]
[63]1 WekHz, #HFE, T30, WSCE, AR RARRAE Y STt . VAL F, 2021, 41(12): 3409-3418. [doi: 10.11772/j.issn.1001-
9081.2021060895]
[104]  ALA2R, SR ESHR, 2641 0. VR B 2 ST BERY ] g B Mk IO Sk B 15 2 22 42 243k, 2020, 5(3): 1-12. [doi: 10.19363/J.cnki.cn10-1380/tn.
2020.05.01]
[105] w3, dk3CHk, S St B BH, &R, 4-40. BB 4 W 4 RAE LI sT 283K, B 3k, 2022, 48(8): 1890-1920. [doi: 10.
16383/j.aas.c200554]
[106]  Alese, s, TAk, TR0 56 T/ ME L R TR GBI 2 M 4. iR, 2021, 39(5): 39-43. [doi: 10.3969/j.issn.1006-3242.
2021.05.007]

EEE(1992—), &, Wk, FEWFFAIECN i BREIR1973—), U, Mk, HRz, Wk i,
P2, Beh I WAL, CCF i B3, WSO phze vk 51, Hlds

N

HOREZ(1997—), T, Wid2E, 32 BEHIF 57 45Uk K ol
Z W, VAL

BE(1979—), B, WL, @I, R TAUK
LA MR, Bt 5.

ERlE(1994—), T3, [k, FEHFFTAUEON 55
HULSE, Z B2

© PEFEEESK I hitps/ www. jos. org. cn


https://doi.org/10.1109/IJCNN.2019.8851842
https://doi.org/10.1109/TFUZZ.2020.2999776
https://doi.org/10.1609/aaai.v33i01.33013622
https://doi.org/10.12011/SETP2020-1536
https://doi.org/10.12011/SETP2020-1536
https://doi.org/10.19678/j.issn.1000-3428.0057951
https://doi.org/10.19678/j.issn.1000-3428.0057951
http://www.jos.org.cn/1000-9825/6215.htm
https://doi.org/10.13328/j.cnki.jos.006215
https://doi.org/10.11897/SP.J.1016.2021.01786
https://doi.org/10.3969/j.issn.1003-0077.2021.09.001
https://doi.org/10.3969/j.issn.1003-0077.2021.09.001
https://doi.org/10.7544/issn1000-1239.2020.20190456
https://doi.org/10.16383/j.aas.c200402
https://doi.org/10.11772/j.issn.1001-9081.2021060895
https://doi.org/10.11772/j.issn.1001-9081.2021060895
https://doi.org/10.19363/J.cnki.cn10-1380/tn.2020.05.01
https://doi.org/10.19363/J.cnki.cn10-1380/tn.2020.05.01
https://doi.org/10.16383/j.aas.c200554
https://doi.org/10.16383/j.aas.c200554
https://doi.org/10.3969/j.issn.1006-3242.2021.05.007
https://doi.org/10.3969/j.issn.1006-3242.2021.05.007

	1 模型可解释性的定义和研究必要性
	2 相关研究概述
	3 新型可解释算法的分类方法
	3.1 基于网络的解释方法分类
	3.1.1 基于理想样本的解释方法
	3.1.2 基于真实样例的解释方法


	4 基于输入的解释方法分类
	4.1 基于单一输入的解释方法
	4.2 基于多个输入的解释方法
	4.3 可解释算法评估指标

	5 可解释神经网络的研究方向、应用和面临的挑战
	5.1 可解释神经网络研究方向
	5.2 可解释神经网络实际应用
	5.3 可解释神经网络面临的挑战

	6 结束语
	参考文献

