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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 T2 6E (artificial intelligence, Al) j ki EZE WA R RS 2 —, BH BRI m I, ALE
AR 32 T AU 2, Bl A T R A v e S B 11 K g, AT ZR G AV 28 AT L o AN AT BB 1 T L,
FERAEBORIEZ (R 5T 45 L oe B 7 AP B,

SR, AT ZRGCAE TN 77 e SR S 347 7 1T 1 60 3 T 5 2 T e SR FH 2 A T A 6 o 8 AR TR SR S 17, X e
PSR R, 1 P AU (3 R, BT 5 e Bk Dy S R 7). e s b 240 AR ol v L AR B AN Al 2 0 R
FORIT AN 5 P AR B Z TR OC R, IR A A5 N AT D B2 i 35 A28 . A0 I 2 ST 2 5 DAL DAy At 0 1) i DRI 7 D1 2
B P A B IR AT 45 5, S OB 7 I 25 p R I e, (R S i I AE B[R, Ao 4 R 8% 11 SR R
P NS DL SE A AT 41 42 ) 48 BT P 35

NG T AN 5 A (W S B X T YRR BE D BN T ZE IR AR Y, 75 B ) AR IR T A 2 s i B
e R gt e ), AT S R0 LA Mk . ) TR ke D) 5 N SAH LY, 5 2R W] LU YR s 45 2L, i Al A2
AR, B PR, ST PSR B B N 8 T Lp R A 8, 5 B ) DA A 7 FE g SRELAAI, 5 W N\ 8 B 4 B VR N M B At 5
BRI 1) L

AIAEREN T 6 (explainable AL XAD!WF ST T LIS AT B 55U N AR REREAL 1, (23 A 2K ik
% PR ARSI 1) P IS AT I AR R TR SR 45 AL, AL Ry B HE BRI A F B AL U7 (5. T AU AR i B o 22 I 2% S 2R 1Y
WER LA SR T MR 2 1) DG, 2018 4, BRI L2 76 18 H B IR 3 45 il (general data protection regulation,
GDPR) 5N T BB R 5K, B e H0E F 4G 3093 A sh sk v 2 WA AR A5 B IR BCRI. b4k, 18
2019 4F, N TR RE St AR T ol (5 T84t 108 A HE ). RV VR T X e 4 A7 AE AN ) L U1, {R
W 3 A (] St 3K A Jir ) ) o B R A . 5 ] [ bR v S BORHT S e (National Institute of Standards and
Technology, NIST) - 2020 4F 8 H & Ao T XAT 9 4 35 Js ) Uy Uk g M (R &5 S vl AR SR UE W) ml Ik
(R 25 S e s R A FH A P BRAR DR P A S0 HERADE (FRRE &5 S 20 S AR RSB AT LA BRI 2
(R A e R AN E AL B ST G D).
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ATWHE, A BN T )32 AT AT AR s SCRNZ U A 1) 8 WARITEE S, JE AR YA BRI 8 i s 2 ] S M
PEACARL TP BEAE JLANJ7 1, A AN R R AT AR IR Db 2. B85 2 Y RT AF SR A 2R Ml AR A AR DT AT T 2 43 #T,
B AT MR R A AR PE BT TR R B Bk 4 AT W EE, B IS 41 B B O TR AR SR 4y R, IR g5
A 43 2877 V2K AT 100 585 3 14t — Pt b 2 X 8 ] R B2 A T A S ik, D LR AT AR LR
BB AR B AR T IR 2 S50, R AT A AR A 20 0 485 1Y) PR g VA T AR R, AN TR A ) A e S A e A T
PRI ELAE. 35 4 75 Hr A4 I 0 AT AR R S R VA SR U AT AL T3k, 38 5 WIS TR R A S I 48 I 5 T ) . SR
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AR R SCAH 8 0 246 ) AT ARE L, TR — AN B2 R R TR L. RS e £ o 24 ] AR P ) s SR B TE
WA S AR, AN TRIRIE S 5 Aol 28 I 28 TR AL 1 5 SO A AN IR A5 A3 A 2 i B0 Sk (217 o ml R e s S
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B R NSRS B PSR Z ) (A LG I, WE A E B A o SR R AR AR, S NS0T DLBRAR 1) 4 7. SCHR [22]
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AR SR, NATTIE H AN BRI B R S U T 2 b A g AT R, HBESR GRS A il — L] ] T A AR 1)
REETLZE. 8 U IRl ERAR I ARTE, Bk B 54T 55 A0 5 A8 iR (B 1R).

“HERBE I AE LS T LU YL 6 WAV, U interpretation, explanation 25, %8 SRR A £ I 45 R RE AT 5%
PR HEAT T RN IX 43, SCHR [23] H 2 X interpretation A K5l NS (151 G TR0 24wt S5 38 A S AT DARR AR 1) 4008
(TR ;5 M explanation J2& W] ARSI IRFIE A6 &, X BERFAE T 25 0 AR = AR (R SR (190 0 43 2R B8 Bl A1) Al
T TR SCHR [21,24-27] %5 9 48 ] AR 5 194 286 HC AR 4 1) 1) X FITEE R EAT T 20 A, AR BEE (interpretability)
58105 8 (completeness). fIERE IS 5LVEHEME (accuracy) FISHIEIRILE (fidelity) 45, X EA——2 7.
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— P8 AN I W R R ] i s PR 5 A BRI 2% T K FH 0w 5 2200 DR BE IERAAG THiZ s S50 oK (0 XU,
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W4k g 55 S5 R 1) R 56 2R L T-B0F RGEVERIFR PO WX ER, SR T 2% (R 577 A — L Rt ke (1
e 8 T 2% 4 A S5 LTI P R IRD () DG Ry P R AT 8 P28 TR 5 R S A8 I 288 TR A 1) R SR T LAt
FEANZE 0 255 25 K vh AN [R]ER 23 (R A FH A A ELIR] SR 3R, T AR AR 28 0 65 1k B A8 A 10 i DXL, AT B Tk — 0 el A 2, i
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MR E R 2% ] R PRI AR AR 22, A B SE 0 AT R M I U LA QAR M BT R DA B R T ik 4 33k A 7 1
R, BE SN AT AR PR I AR QSRR AT 2 B, 5 25 H AU A

(1) AR TR A

AR, PRSI 48 T AR BEPEWT 9 3 4 % JiE. 2013 4F, Simonyan 45 A PHHE HPIE CNN AT A 7 725 380 3 30 #
KA EE B EHE I 5 B RO 25 e B 5 A2 B R W0 35 1] (saliency map) (17545, XSS 77 V800 J5 ST Al B AT 9T 3
BEPRRIATAT (0 DB Ho— o R 45 B0 27 ) B AL B, L O R G0 o 4 T 5 I B LI 3. Y G — A
JEL R AR X 4% (R ST 43 B2 960, 2016 45, Zhou 25 N PR HE 0% Wit 7572 (class activation mapping, CAM),
7E CNN A 4 Jeg P38k 2 A0 45 12 2 DLARFE W 45 (1 B AL BE ). 1207 VAT LUK Sr N S R ONIN B35
Wi KPR X 35S 7R, Il i ) IR DR R0 ik T B UM 4 A5, DR 2 B, 6T CAM BRI Ak
Grad-CAM 533 PO m LATE 3L Ay Pl A 1) 248 S IX 85K, Ty L3 T 5 22 P 4 S R R 45, DR A 38032 7 .

F T R AR RE 5 RV WA ) SC AR REAR B, R BE G G 0 EAT T 0 ok — A AT AR RS, XX — 1)
i, 2017 4, Bau 55 A UTHE BB 40 L5 R AE AT WRRE T (40 7 vk, SO AR P A5 38 0 SORRTE A R I B 4R
Broden, 7T ¥ 2% tHPPAl Bk 5 G 5 H0dl vh i BB IR DGR, MM SEIE T8 XA BARRE. RIAEIE T8 S BN iR
TTEIEAT SCHR [58], $2 H— Pl ik A SIS mT B AR 1404 T Pt S5 381 1Y) 8 B T vy R R 0 AT AR R A0 28 I 28 P S IR 2 110
H; (testing with concept activation vectors, TCAV). X IET-1 A7 B MRS 7 v 75 208 IR A K B F68 U BT
GV (TR
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IR AR 7 T BT W 4% S A 1R S 3 R, BT T OC BB D R SR A TR I 2 1 Sy — R AL A . IX 2R AR
BT R 8 M0 T 5, T LA I fif e SR G BT . 2016 4F, Ribeiro 28 N POV JR) 3 AT Al B A1 Y T0 ¢ il By 1
(local interpretable model-agnostic explanations, LIME), i i Y1l £k — A 0 ffERe A HH AR 20 SHe A R A 20 Tl 425 T 1) )3
HBAT M. FET LIME &%, 3Ciik [60] 3@ — P K 5 0 2 )2 KRS J7 7% (model agnostic multilevel explanations,
MAME), ¥ LIME M H #2854 /{5 B AR

(2) HRLERTTT

Bl R AR RE PRI ST R, IV 22 Sk 4 28 000 20 W AR R PR A 0B AT 150 A5 45 R SR, — 28 RS Pl AR e 1
AIF S (R DB 1) 0 J T PE A R 1R, SCIR [24] ZRAE T ARRE 0 4% A i 2 7 iX — Wl jL. 009 T R e SN S BUFr 58
U R R IS 1 B P IR A SR A ) R, -t AR Ao 20 T 8 i R P O A S B e 0 g — A B R SR
AU AR RY, B i e ) A 5 R 5t TR B A SR TR — /N AT B SCR [23] B IR T AR B X 23 W AR REMETE
AT 78 SC, DD PR 0 2 059 29 445 A AR FH A0tk v il 5 HE R, MR T AR RE VR R A 2 I 8 BBE R B R SCHiR [61] A
BRI MR A FARE S OCRIAR AR H 1A 5 TR AS ), MRS AN [ 288 284 1) A R g v T VP8 e AT T I i v ) 5 P 42
SCHR [42] AASIRL AR B2 R, PR AT RIS 2 >3 TR I — R AU SCBEBAR PRk, H b A48 T iR pL A 2% 2 v i) —
FRYNGE M n] i, B0, Rk B F A i A 2 VAR R B T R HE R B . A R AN TG e i)
SRARMIPR . BRAE B BRAR . AT ARRE AL 2 S PR A, 0N IR L P P R B SR E 73 BT STk [62]
TS T RN 25 ) 28 A TR A o e 0k v 1R e 59 MR R B s MR I — 1) B, R N R TR B, B 2k g SR AT R
b, ITTREAT 58 P23 A, () Is) 8 HH VAL AR R o SCABEZRY P PEARAE PR (R AL FR R, BE TR AR B R4 T 5 143 AT

FERT A2 I 28 AT R (A5 22 T 0, IR ] R A R 28 Ao 2 X 8% £ e L 2 7 o1, I 8 E ] ALK
TS WP 2SR T A AR TEA, DR R S5 R T RN W AR A A (K R B, SOk [64] W R AR MRS
£ M %% (convolutional neural networks, CNN) FIRRAL 75 EEAT [RIE, Hi 18 CNN A HRAL R SERR Y, s 199 2% I fi
BEPEAEM 2 vert s A0, 22 i o S A ) S L. SOk [65] RIS CNN ¥ Al WAL R AE AT 43 4, (H BTG
X CNN W 25 o ) J2 1) P AL R 7R VAT A N, FE0E AN ) 7 v AT RATEAT B2 W, o0 AT AN TR 1) H ARSI 500 5 . 1)
HEZS ).

TR RTINS B, WA [m) B PTAARE s, DA HLHEAT 73 St — T AR W] A ) A 2 SRR
o) P28 19 28 ] FA R Il RN TR) Sy SE 4R HE T 2328 515, SR [66] & T 8 SURR R PE S I 4 155 - 4 SR BRI m] A A
P BT AT B2 57 4 A ARRE I B B YRS W RE IR IS TA) R P A B o VR A A B AR AR L e [a]
F P Bl SR e 5t A R EY (0 FH 7 r] e B AN R )75 s R 2R 6. o R B 2 () R U ik, SCHRR [66] 42
R 23 28 07 OB AR T ZE i g o) I ST L AR RIS Y L BB 2 A L AN (R A S 2 SRR R i R
Ji AT A28, SCHR [67] A AR o D T MV REAE R vk R T R AE IO ARRE i . MR B RE Jy
hy ARHEERRURERE v JRTHIEE TR SRR AT LU S O AR R i SRR [1] AR HE AR T VAR [ e A
B BAIEAE /BT I Bk SUER T i) 20 28, JF AR R (W S8 S 8 L RGBTk ARl RIS AT IR R4 A VAl
Febs, S A AR T VT T e L. SCik [68] LA @RS 721K B 1 LA SEBR I B i) 77 O 3,
] RRE NG A 4 K R S AR R R T v, G AR T T v R ST AN R S B A 1 T ¥
A% 43 A R0 Fon i s 1) 3. SR [24] [RIRE AR S0 10 H IR R, AR SR 4 O 3 205 L0 Bl Ak 2
TR ZR G NG TR ST ER TR 1o 2 A S Bt 1) 36 FH T AR 2 1 i 5.

TR TAM S 0 23 W] ARE M REAT IS PR £k SCIBR, 3680 5 A28 DU T Il 1) R 58 I BUBEAT 20 AT IE 9, AN ]
FRRE AT 50 4% WA 2) S RT AR RE 7 1A 40 AN T SR, T RRRE T VAN REA S8 A I AR RS . 3) R4 IR 2 TR
AEAEACAE, [ — ] R J7 v Rl IR T 2 AN 00, 4) 7 B E GO Re R — 3, R A A AR, 54
TR AR AT 5T 53 288 i B PP AR 08 T s, AR SO tH — Tl B mT AR e SR (0 23 207V BT D7 i NI AN Y FE AT 5328,
AR BTS00 2. AR SO 40 287 VR 2 A 8 20 4 R b O3 BT AR R S, SR A R SRR 1) A T 4
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A SERCSE . SASIIREE . BRI S HUN AR S S, SRR T T AN I ZRog B, S
Gy Y- BRI P A (190 i N AR AR A S48 KA Ao 20 190 20 SR (1) TN 45 SR (A9 G 288 30 58 ). 5 At e i S0
T DALEAN ] WIS IR T AR BLAIIR I 0 AR il & L.

RF T ARE AR S0, AN TR AR S0 R I TR SUAN ). A T AU (R 2 if-then JE Q) W] DA (3t dei b
T AR PERE, AELAE ST I Y o G 5 AR S IR R A R 58 4l 1l S8 AL AT 08 . AR T2 BRI, e ik i 5K
()it T AT 37 AT PR S, O “ B MR ARRE ™. MR UL, R PEMRRE A S I AR SE IR, 7 223t 2B 1Y
N TR, I H 2 AT 2 E A T ARE 2 300 R BEAT HE 2D b FE 58 ). B, & - 2 il R 1) S
B, A B R S BN AS L HER. G A S R, AT DA B AR R AR A =2 i PN 45 SR PR b B AR A
g SRS IO TR SRR 0 SR IX L IORT N T 2 SRR B R (SRS T . SR ERAL A, D5 P
MNIEREOHERE TR (R ) (I GROBIMEE), 58 RS 28 R iR DRIk, ] 2 e 0 HE SCIR AN RN AR AE X iR
SRIRAT e R ) 2K,

ARSI S i AR 1A A 22 90 208 AR 0K, 3R POl L 03 S50k, AEBR N (K 00 07 i, XA IR 9GE A
AN G FEE R A 7 iR dE AT 23 2R T I 2% (R RRE T U R T N (RO PERE T 05 R T I IR AR R DR e 2 Y
2 H IR A5 B0 A B 2 ) BITRRFAE, 5 T30 N KD 0 325 DG i 5 B AR A 25 0% e i o 4 2R (0 LA DA 5 2
FJ ik, BRI HAT ML 432 Jhrh, MR 90 4% 2 G I 2 1 2R B SIRARTR], AT LOKE 3 1 1 285 11
R 71 43 hy BRARURE AR FH B SRR W AN 1258 R A0 28 9 2 AR S0 ) A N T X R AN D, ) K N P i
T35 R S N IR REAN Z2 AN (AR A 128, 28 BRI, ANRI S K B AR 73 IR M B 45 WA 1.0
L9355 AT LA AT R SR BEAT 20 2K, RIS AN 23 SR IR AR LAY, T B o AR, m LASEBLIE M. PRI 2>
PR N TIRNBRA RIS 73 S5 1, 2% 2 MR H L 00 TR 58 SO 21 O BEAT 2007, TR 8 SRR &
PR A AT 5 .
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P AERLIIR JE 7. eA, 3T DIRIBUE 2 (K 5 SR AL 4 50 3L TR v, ol 1 i JR B e Gl 27
> BUHE ARSI VR A A 2, DR, SRR R DOR A Uy 2K (0, ik s %) A AN IR CREAT 20 1, (A i
4 2% 110 A I A B . S e AN ) A S 90 2% o AR TR 2 (Bl b e 45, A AR SRR T I % 5
PRI (10, IR I RS R A1 S o ) 7).

AR 94 228 P T IO ERASE S AR A 107 3, T UK 3 1 19 238 (RO PRS0 20 by BRAERE A RN EC SRR 1 A 12K T
FRACREAS (R R AL R 2 PR I 20 R TR I 5 o115 IO RN 1 DL, B R 2B s O AR R A AR A, X
FREAR UL IFAAFAE. AR 2 BLAEREA (R B 7n TR D 91, 0 T4 52 0 45, Sl I e 7 i A A ik sE 480t
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(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’
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K5 LIME Jfzp )

AR IR B H (1) Shapley fELRRERETY 1t 5y — B R AN 575, Shapley {EL IR AT AE G A5 SR P ) 2 2>
T 4467 ) L. AR AS AR v AT DAE S AN [ i N RFAE 1) Shapley {E, KRR TR 45 5L b5 P-4 e 2 1] 10y 22 53 A IR T
B NFEATIAS FIRRAIE. 45 AEAH B ARSLIN, Shapley {B ) AR GF My BEAT AFRE, (H 2 S PR BB RE S ), 7T g
TR BE 2R % SCHR [92] #E S H MR Shapley {ERARERF RS TN S A5 M0, (7] 25 18 210 e AT THG DR 2
KA, I AVFI LA 5 SRR 73 1 O B4 SR ) B s kRt — 28 BT R AE AR DGR, SO R T AE AN AT AT
Pt AL A D0 T A e DR SR B 3K 2 5 2R Shapley fH. SCHAESE B 7s B b BB, 25 )4 8 20 JE R P g 1 2
TR BE T INR Shapley (B SEBUTT i, DAKIE W SE I SE I PE. X Shapley {E (RS HDF AL AR & 5%, B H
ANFFEI B B, A R S AR . D ok SR S 2% BE (V1R AL, SCHR [93] 4241 17— 70 Shapley i (¥
THV ST, AR 45 rh Shapley HHEAT 2 WU [AIE AL, 742 A 2 Shapley {EITUA. il S5ELA L
A TTEEARLE, SCHR (93] UEWIHT 771%™ A4 () Shapley {HAE LI B AT WAL S, SCHR [94] FBIRER A0 7795 10 e
S HE P SIS EA T ARE . SIS 4 8 sl e A 5 D) k-d B SRAT R S SRR, A H A bR B A SR SR RS T )
PR | G B AT AR (1 B S5 SO B DA A PSP B S 1R TR, DA IR Hh D A Pl (A s Bl 4 1110
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AR, SO L T T B T PR SRR PR R R B VAR T LD B T SRR

(4) B TIRBNI T

BT HRB) 107 R i AFEACES A3 (5 B InPesh ULt i 45 R i AR (s 5L, AT A FEA D P33
I3 A5 R . RIS — AN B4 £(x) , B NFEAS xo BOWIRLE R 35 0) 4 HE AT f (o) BB ORIk, 7E2E T30 1
JridiHR, A 1 1) LA AT R (7 206 i AN AR A T 20, th sk 2 e T s A AR (R I 8 A5 (A A TR 5 ),
A UGBS £ (R DT B x (R AR AT A2 4L, Mﬁ‘ﬁﬂﬂJB’ﬁm)\ﬁ—ZK xo AR DI R . 2 T ey st B A i M 1) e
BT AUHESE, SCHR [96] th e it e e (P3N . W AR PLE AP S 3 Ry XA A e S P8l G 1 75 7.
LR [96] HHER 3 A K S0 4 Ronk L n ] 6 F)?/T. Bem: A — [0, 1] MEM, KREMERue A it
8 m(u) AHCEE, AP e XA

m(u)xo(u) + (1 —m(u))ug, constant

m(u)xo(u) + (1 —m(u))n(u), noise

f 8oy (V — u)xo(v)dv,blur

MIM

@Bz o fEEkE (o WA E (o) BB (o) tEHANERT () M PREDHERD
Bl6 AlFmHLa)2R

B 1 FGREEALINDN, po APNEIIE, 55 2 FEZMEFEINBN, nlw) 2 FIE S, 55 3 FOTBIINSN, oo Kt m i
W g0 MIARHEZE. & LOLAL BR 2

[D@(xo;m)](w)

6)

m* = argmin,,o 118 A1 = mll; + fo(P(xo; 1)) (@)

GBI BARIIHERD m . X5 T BRI o, PR35 W AFEAAES T B, BT £.(@(x;m)) < fulxo) , R
TSR T 00 N AN H 6] 0 B 201 ¢ e BB X 3. STk [96] 7E 5 7 ST 55 o N FH BT 4300k, T e I B i A e /N HE
T AR 1 0 5 URUR LA 0 7 2K, 0 199 28 W ARAK 5 SREAT iR

Ty R T IS W R R AT AR BT A A AR S, 5 BRI AH LU, X s B k. A
PG N IR fH CNN 28 5 52 11 2 N IR JGTR 585 1015 36 AR 8h (K0 e AR 1oy s 7). Sk [98] & 45 X it
Bl AR, S SCHR [96] I LAEME 29 R, TR S AFEA TSRS IR, I ER AT AAH R BB AR G IR ==, TR R
Tl 1R S 10 R AP PEAR. S P K AN [ I 4% w7 s R LA 7 v (BBMPY®), Gradient™™, Guided Backprop!”',
Contrastive Excitation Backprop!'”, Grad-CAMP®, Occlusion™ 4% iR 46 SLuAT a2 PRI H LA, Ui % 40T
AR Ak 5 0 b 2 TR MR SRR [99] Hh X B B R IR BN I PUFE AR CNN ¥ 52 BEAT il R, B SUIR R ) 5h
X MR 5 R B RIS 8, A H0B) 20 3 3 1) I B 8); 2) (R Bk S); 3) AT HRE), Fon TR iR E)
(AR BE-FMHIBN (PSE), IR R 30301 PSE 53H0E Kl (CAM) (1 B nT iR PEAR SCIRR, Al R 2 28
SV 0 PR DX SR R e S 5. S T S o 8% 40 12 T SRS A X U, 138 T LA B T I P G 1 A 2
AR

(5) HAtbT7i%

N T 5 ERREANZ R 45, SCHR [111] 4t —Fofrfofn 28 1 20 000U (100 AR08 D 4k, O T4 5 IR AN R AR FEI 25 2K,
iid ACD (agglomerative contextual decomposition) 42 A AFFIE IR 43 )2 52K, I vH RAEAN SRS B 4 T 1) DT k.
SO ANFE BRSSO ACD 5%, FILLS Wi AN IEAA I T000 L U B B O 22 9 SR IBOA [ B (i i o S48 Uk
Wi, ACD A FH = e 05 R0 5 A 26 v BT S fERR IR — 1, I8 RRAS A5 A 0 2 1) 4 LH 45 . SR [112] ME IR0 A
HEATRERLMRRE, £ HH — Tt SRR I UL B8 A D e R ABE 20 (1 vk 385 (0 A B 8 28 SR 1 B %o i N a3 FH TR AE 7
B, PR AT DL KA T e R U A0 R B0 S T8 (1 FLAT S, S 45 A AN AR T R S [ 1) 4% A AT 0 BT AT
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PR SCAPOGE £ RS SR AN S SRR AR 40 A T S, N AN R M 6, X IE AT I R) s R AR MRS EAT R AT
T IE S SR A R

(6) F T N AR I 35593

BTSN IR TR IO L IR AR T, BRI R AN T S SR AR A S, AT LA S R PR SRR
F PR DO 3R ST R 5 SR TN 45 SR T LR EL Gk, T 384 st AR P ) 5 AR . e 3 v F i AR
TGRS GIIT7R, X TIRERAREA, R T7 14t AN RV 2R T2 A2 8 (1 DXk

AR ARy XIS, S T 8RS N TR RS 50 20 0 SR W v . B TR EAN R I AR 1R Uik BERR
RTINS FETIRBIIN RS, AR A s 5 Pros: 1) REAGR WS A B AT RIFIOERLRE D, REW
PSR A7 25 R I 246 P 32 5 SR 3 0T s AKE AR IR (1R DX, HL AT B 70 S s AN ) DX 1 DR BE . L 5 T e A R
e 90 226 (1 D 190 2% 5 A, HLZE RS R AR 2 SRS R AT AR JRE Y P AR 5 R I T il T TR 70 2R A 55 R R
PR W 2. 2) BT 2 S ) A5 B IO R 7732, R AR EE R M 2 1y e 0, HL R it F I, & T 42K 4E
G 25 ABAFAETH SRR K 10 R, L W] REAT A S i) A2 F et e o B9 2K 3 SO e SR PR . 3) AR R Ty
IR R T, 5 TR, B RIRTEIC, ASBRA 2% SRR S5 4L, & HI TR AN R AL A 0 2% BEAT AR . A2
AT VBRGNS, 75 SN 6 A IR ARRE 45 SRAEAT HE D I ARRE. 4) B TIRBIIN T 1%, ik N a3 1)
15, JLIN 109 2 1) Y000 265 SR AR A, AT 1S BT 515 2 o 190 45 PR S R R B2 . S ST vk SR B 1, DML 5 1 B, S 5 WL
D537 90 208 0 0 — SR A A ) S MR XI5 (R ST 12552 19 A4 R YHE FEE PR S VSR, A R A B A v 1) 1o 4 rp X 2607
TRBCR I, AERSUESE BRI 46 b, T 4 R AR A AN 2, DRISL AR i 00 1 B

RS OETHRAANR LB

ESil s R T
T T HAT AP E AL BT, WX 7 SBas AN R DX 785 4G D00 465 (K] ISR 45 4, 2 B PR A e 3 MR 2 2R 55
B ENNES SERASHA AR R TSR BB %%
TR RERU A BAT AR ARRE I 2 (R e, B RORIN T %, AR E A R AR P BB BV R 5 & H TR AT 55
EiiOpARES T, SEH T8 AT 55 HIAN R A 45 FURPRE SR I 170 7 B2 2%
WO A JR BRI T, 5 TR, & TR R TR SRR, N LR B R A G T RN R
TR 090 2% BEAT A RE RHATHE P HRR 6 4 45
SETAREN T J ERLR] R, UG TR, S W o W R0 S P SR A L IR R, RAERTHE B T TR R AR
- T R BRI I, B P28 TP I R T R

42 ETFZMRANBRRAEE

BT 2NN IRRRE T2 AL i N REAS IR % L 5 SR (WS, J0- e N FEA SR vh BAT
T P FRRFAE, R BEAN R ALK P 245 P th 5 S A R DTk, 2 T e A R A T R —Fh B RIS 2 NN IR
(R 72, 3o Bt BRI AT o3 A, ST S J Pk (W DT R BE EAT 20 B, SCHR [100] AR, T VF 2 M35 55 20 A7 I
BT (clever Hans) S5, BRI U2 2% ) SR AN 43 2 45 B2 [ R0 5 SR OGHR, AN 4% X B T BLIE A BE. h
T RGE AN AR (K A7 0k, VEAE LAY A T 2 S BT AP IR IR AL, SCRR [100] $2 i SpRAy (spectral
relevance analysis) 592, % A& HEFEAT HES, FERT PN S wE FEAT S 45 SR e 0 M AREAR RIUBOSGE H br2el
THEAHOC 1. JEAT 2T RAAE ARV SR 28 20 A AT VA1 23 B 300 v PR AN [ T s . S rpdiad 75 5 23 2R 4R 45 v ilnl
LK — 228450 o3 Ay, I SR, AT LA AN [ (0 SR SR T LR AN UG o3 2 Sy e .

T3 28 L) 22 AN N R ARRE 2 e B — AR BB g ik AR i A AT 3 — s 7 U Al kT
FHEFE. MAME (model agnostic multilevel explanations)® & —Fh G 751, T 5 PRI Y R %01 1) J= BB AR 5 1%,
T3 2 MR R . MAME 15 7048 2 Jo) 38 Al R R 4 SR A R TR 1R DG 3R, T3R5 v ) 2 W A . AR 1) iR S 0 I e
R, TOUZ XS R T4 SRR, T ) 200 B 1 3 3R S I e s 2R IR R SR S SR H RS T R EBOR,
LIME D B AT A%, F4) AR TR S22 . I TR 45 X R [ RE AR AT SR A, TS Rt () v 192, T 58 4 SR
ARIRA SE L, TE AR R T SCREAE IR AS [F) 37 35 o S F B8 HH IR 43002, 43 St % 4 D8 % SR AR IR DU 30 E B (1
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R, SCrP A R PR SR UE () SCOR B0 BERIVRRAE M SR A OC ) s R L, SR W BRAE P IR AR P L T
HAh 7k AT A R ffRe RGO RY, SR [101] H s B = SUREE S 7R AR Sk i B B 15 7EASE 284 v () EE B2 P SRR ). 5
Mk [101] & H — o ik V5 43 X AT 4 R AR R 11 77 7% GIRP (global interpretation via recursive partitioning). it
T2 AREA I JR R ARRE 25 2, A B A AN AN ) A w1 Dk 0 e, a0 a5 R i N e ) R 2 e A 3t U 3
K1) 73 N e T, DA S e SO 2 A A S SR A TR AN 5 DS PR SRR AR S 23Sl I B8 T S R AR . SO
328 HERE MR BN 55 U T B TN AR 2 Bl AN R A 5%, AE B SR A SN (R B A TR AT 45 I 1R A R

X ECAAFEAS P IR BANRRAE . AR 38, R T BE 28 2 B N SIS B 1) B TT SR AR R AL A 2% ) BT [0 P S B Dl W 5
T8, T AT R Ay MR BT S T I Ik N 2 B A )RR A AR A I % 1 P IR A, SR [58] 42t Fh TCAV
(testing with concept activation vectors) 532, ANIF ST ANFEAA B FLAT 1) AR 55 BURFAE, T A2 38 5 5 IR 8 0 1)
(concept activation vectors, CAVs), T F F RN S () FREERE L. AR I LOME Ot ATty 4 28 ) 8% pA) IR 7 1) A
B T MR /A BRSSO (1, S5 EAETE AR 4 L0), IXAMEE W] LA IR 43 B i L8 1E/ £
W17 (AR 2 L0 S R B ) B8R P 1 (R A 238 1) o, o) e B A AR AR TR AR AR S mT A e M3 P AR
PR, w5 as F T BB 84855, 20 A S8 I8 AT BEAC S B S0 v 0 FH 0905 A0 R T 00 R 9 4 oI5 0 4% (1 AL
R, R A BT 5 U S SR I3 BN SR AR BR T B N LB R 2 b, IX LGl n] DL R Ay B
BEAT IR A BRI, S T U B e J2 U 1A N2 B (03 FH AN B SR IO M, SRR [103] 42 41— Fh 3T
MR AR Tk, i 8 S FEAR— R 2 R EEARHE . W) BL NS IRAR (ML, X B 5 AT AR . S
LM AN AR AFEAR, P52 tAEA P W R BRAE, XA FRE A 1K) RS AE EAT SR TE it &, v AR 110
PR, XTI TR REA AT MRS, SO SR N F T A O, 3l 5 e NI TP R P Al S0k B0k
AR SR A IR, RN S I AR N AT 5 SN 0 255 Tl &t SRAR FE IR M

BT 2 AN N TR vk vy AP B BERAT b BE Ok — AR R B AR, 0t AN [) P 00 SR s 46 S ARG T4
T2 2 B (W s BAT S A3 T IR R. BRREE 4 R Y R ARE 2 AT I 2%, ml DUSELAE D90 245 3 AT IR B AAOZ . 32 3 v
ZAAN I A ROR G o —F 7k, AR BCRAT T B SOBHE R (0 R ARE R 45 2 885 IR, g T-“fib 4>
F) (KIS 1 41), <R A Huti R 3R de o T2 (B 2R 4 51). RTE T, AN RISE T RO
ZE S, SRR A s, T R BT AN WA R AR A A i) AR AR T N N SRR Ty TR
4.3 TFIEREAIT A ERR

Al AERE SR TG R AR F T B & PR T VA IR RO, H B AR MEHR B3 H T K 2 B R B0 I VPAf AR
T SCHR [24] WA A BUABLTR J7 D o) AR AR SVEHEAT VAN 55 1 AN D5 T R AR AR AL A AR AL —FB 0 AR T VAR
FH AT AR RS ) AR B A0 & SR AR A Y, DTN A B AT ARRE . DAL sk ] AR AR A B ASE 2R 5 P AP ) D 2 A 24 ) 174 3 AL
FREER HHATAL AR, B oA HARRERE ). 58 2 D7 R AT S5 1 S8, — Lo R 7 VA A R A Y
FRIERSRE, 111 A2 AR A P A DAl (0 S . 90 1, T AR ASE AR R P e 5 SRR DA P T 2 R 2R AU 11 (2 2
PEMERESS L. 55 3 AN 5 TR XA Ot 22 (R FRD ARSI my AT R A s B4 (9 A N o A7 AR s 55 X) PR SR i
BT s R Z. 5 4 AT N LR & B0 AT DAV AR 1N A 2k, R 5 AR T
FCAR . N TP 2 B 7 P 4 (1 VA v e RV 1) 7 9, (L R B A A A SR ] i B Bk AT PRA W i 5 |
N PEA AR L. AN PPl W] B 25 T BOH T P AR AT ol 0 v fif R SR AR AR AN I F A, SCHR [113] Hh 42 it iy
] R R N AETE AR R T R e A ARREIA B T f M i IR 7 1 B IR T A TE A 1) 2 A i 7 B2 ) fife e &
DRV AT & TE B AR IR AR 45 R, 380 TR AT A5 2 A [R) SR i PR mI R e S PR PP 7 3 v JSE T, AR SO
DL PEAL 7 AT A

(1) TIPS 7%

BE TR R PPN 752 v AR AR RS 25 SO E o Lk AT PPN, 8k 0 W T WA &5 AR I MEAff 1, X85 aE M T
FE T SR AR AR R MRS v, T SRR AN 1) P R 1 T 0 e DR A 19 4 B T R IR0 (i A2 S R AR A 6 T LA 55
S, ISR TR IR 45 5 BRARAE A R, 5 5 A i B AR AR B8 5 B SR R M AR LR

g 7 R, s AR RS T kAR R AR A B AR R AR X B, DA BG VP A8 5L T B ARRE A TR R 7



EH 5 ARV Z W &6 R AR ik 17

VRS A BRI A 1 AT UG OR T AM iUV s ERARRE A 5 2 ATIEME Y AM ik T iz L2 i
LUAE R BRASREAS 55 3 ATIEBO AM VR T IR A I 20 A B BEACRE AR 36 4 4T I8 DGN-AM J5 i)
AR BARRE A BB R T iR B R AR S IS 22, SUE B BARRE AR S B AR R RO ARURE BE @ n $e 7, e
REREAR (19 9 B (0375 07 135 -5 1T 9 500 1t Bt 2 42 TF, 3L eh DGN-AM Jy vk VOV Rl iy B AR B A d5 00T BL 52 4R DGN-
AMYOENIZR B i i 51N GAN W48, 3 1 2 > I Z5RF A () S 560 00 A, AF A7 AL OB AR A Pl Rt v, T A
PEAE F A E N ZRREAR ¥ S 50 0, AT A G 1y B ACURE A S0 Bl W R AR, T 17 5 AM 7 vk UV A 56 2 B A LAY
St N 2 AR, J B4 5, B FAR BT ZE S I W LAt G PR AR Ak A e 1 B AR B
% HAT ARIE X

(a) 78 AM J7V

(b) AMHL2 TEN 55

(c) AM+REARIIE 2 5

(d) DGN-AM

f‘._: |
(8 #
L.

ool ]

Bl 7 AN TR AR RE AR ARRE J7 1246 MINIST $od 5 4 1yl # Ak 45 5L 10

WAL, TG 0 PPl 77 3% AT B T BT N R AR 7 R IR P Ay . 490 T, AR D7 253 o ot i N B ) 5% 54
(VBPPY, GBPPY, 45 A1 %) Ry N 5t (56 T-Hsh i) 757k PO R it e s 230150 (9 R, A2 B I (1) J
BB B O T B DR R A NSRS L, S35 R Ay T RT DU Ik % 452 A 1) B PR a1 ok
VAR BB VR IR, eAh, VR N AR L R GO0 1) B3 B s ) I8, BN BB A&
B R A R IR AR,

(2) BUK L5 5L

T R PPl T v 2 — e PR VAL U7 vk, G T A G s S IR PEAL 7V, WU RE 2 BN R — T g VP T
k. AR B R WL, SCER [96] £ HOMLE I T HR it 2 B s e, S A e ) X R R )
Iy B, RREDTVA N B3 1, G0 o S AR N A S IR L H B 5 3 SR DG B A, ARBURE B 73 HR R, iRt
T T VAN T LA B G rhon] S0 8 SR SR FE K IR0 3 X3, i L ) AR 00T TR e 19 8% 17 5 e 25 o X 4 (7
43 BT VTR R B Gl G A i 2 DX R e e AR IR e S, SO A5 R AR R 6 R, P
W97 B4R b 2 i Ik ) 45 30 (1) S 3 DX Al AT, UL % HASEBUNT AR 2R 0 A5 B TR B 1 40 b, BB G AR R 7 2
SRAEAT; ~-38 b TR bR 2 2 I 6T A5 B (1 il 2 DI AT IE B i, 0 HBE AN H AR 28I A B B 23 B, HUE
R AR A R L S TR BI K Mask 5 i PORUR B, 5T B WU 19 ScoreCAM ik MR £
4. GradCAMP'RT GradCAM-++""VRHABL, #1852 F5E o6 B 10 SR Pl A ke 2%, e e 1ol B8 D AN e 1, 6 A4 Al ) S5
& BRIRE BAT AR T VR, A8 A2 OS2 28 50 5 I NI 75 5, S 300P A 45 SRR, 10 ScoreCAM! il b ¥ 45 1 J2
A 368 T PR AR R D — AN HERY, 5 AR N B B 0 S T E A AR 48 ) 48 06T AR AT T, e A O T
REE H RS0 2 SN2 A D9 B AT S AR AN, DA 5 il 77 38 T B iy SR IR AN R e 2k, 2B T e e &
T /D IR0 [, MO UK B - B b .

(3) 2ZFt: b (intersection over union, loU)

05 B ARAT I A58 (0 ToU |, 58 A2 1 Ty P14 R W 11 B0 (A2 1l L B E, I T N MG B ST HE BEAT LG
B, AT ToU , 25 ToU KT BE BIHE, R7n A2 e #07 BIERA A5 T 5 BRI B AR, 5 2l ek A IE
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BEEAE . AZIF HOAE T2 T SO B R R kAN T 80— S NIRRTV, 38 7 B AN TIOR3 I AE S IF T
JEERE TR AOARRE RS 2 b R TRT 5 iR PR B 7 V2R P A 1t g PR b A R T vkt K B A Ak
P ae0:0.05:0.95] % SR HEAT B, LA SR Imp K B AR s 32 20 B RL IR FH 28 T3 PR TR~ 28 518 2 (1) 5 SRt
ITHIME, Kt ae0:0.5:10], FREBAERBIEA/N. PRI EAR RAF 1 HARIUHE S 052 HARUAER AR EE, LA
{8 0.5 THE A A 3. ARG FR bR, SETHRB0 1 Mask J57% PO R FR IR AIG; ZE I B FR bR b, 316 1Y
7710 Grad PSR IR AR, H T30 1 MaskHE I I SRk 1 7 1022 AT AR X SR IR, GRS L1 Y R
JRPRIRE TS, AT U B DX R AT /N, AT 7 (B S5l b P AT 5 A A 3. B TR IS 1 Grad DV B i o
N PG TR o0 P8 g A 25 P, A 5 PR v 05 oo 10 DB B O B P e K, - i R A DGR e K PR XIS, EL R 3 T o N S5
RO SRIRBMR, DA TR S BB TR R GRS B A ST 17 3 1 FA P PO AR 1525, R S A A )
JTEUEANL AR R MR 3 Z SRR TR I A AU, SOZ PP A R br B — 32 1R PR 1.

F 6 R ITELE U E S L AR S5 (%))

fil R 7 ik PR T4 L
Mask®"! 63.5 5.29
GradCAMP? 478 19.6
GradCAM++"9 455 189
ScoreCAM!™! 31.5 30.6

(4) F5 M3E AR (pointing game)

AR (W AR 5025 18 SR E A A B AR DG IR e 2 M 280 H AR, 3X 27 45 B )% R S5
HIAE I LE ToU AR /N, #AETF EE ToU T7ETC10 I W2 J7 1L I FUR MR AR 0 TR e P2, IR 4 g P v e K
WOFAE T % NN UG B BRI B S HE D, TR IvE A dirth 3, IR SRR RIS~ b e, DARAE
RS T I PRA AR HE. QI 8 TR, 43 AIAE VOCO7 PIRAER COCO B il 4R b X il R SV b AT 48 ) e xe 48 b L 1¥)
TEAL. o i vb A TP Ak R B 2, i 5 RIS 818 58 D B (R TE O B e T2 IR RS VA AT T S5 1)
g I WA F AR TR AR AT A IR, S0 5 AR U VR S A5 R R 12 T e T A AR D 8% 1) 5 ) R S 4 v
TV ST 5 15 MR A TP 28 A 4 T B VA e KA L, 1T CAML 28 5 ik B 22 UG48 e J2 R AiE 1B, o I 2% 25
R BVRIGNE FE AN 31, WAE AT IRZ 5 42 (1) ResNet50 M5, CAM 2877 V5 REI A AR IR T VPAL S UE TE 4T 1 e &t T 2%
TR R I o) A1 % (AR 512 22 BT SN IO 43¢ 5 M AT — S8 IR ARATT, X T S 2R (R I &5, AT R vkl v ik — o8
(1R 35 AR AT I B kg 52 24 1) I 0% &5 4 . i 1) S R PP b L ORI T e RIS B AL, T30 P T % Aok 40 S5 TR AR 7
125, AR PRI FE R G Ay I e R AR N 4, T 25 i e R0 TR A o R v A R T BT SR B AR VA R

T RITEAEAZ I IoU L IEAG 5 . P # 8RR AETR IR PR 45 B 10
Bk AHBME-a HHRE (%) WEHBEE-a FIRE (%) VOCO7ik4E COCO%IE#
T S sy R A
Guid®! GoogLeNet ResNet5S0 GoogLeNet ResNet50
ui 0.05 50.2 45 4.0 i s e e
LRP'* — — 1.0 57.8 [N
» B B = 69.5/42.6 69.5/42.6 27.7/19.4 27.7/19.4
CAM . 10 48.1 Grad™  793/61.4 75.8/50.9 42.6/364 30.4/24.9
Crad CAML & 030 48] 1.0 47:5 Decon™ 743494 73.0/53.0 357279 3821312
OccluSIEr; 0.30 51.2 1.0 48.6 LRP'™ 72.8/50.2 _ 402/32.7 _
Mask 0.10 44.0 0.5 43.2 CAM®Y  80.8/61.9 90.6/81.8 41.6/35.0 58.4/53.5

5 FRERMAMSNAREE. KAMEIEAHE
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T T I B0 10 A T TR, 15k e Bk ke 4 H T B R A e 7 .
5.1 AfRRRRAM KR E

o A 28 X 8% A T ABRR ) L R T M T AR R 4%, 2 ST 4, G I IB AT R, T AR A 0 I 4 A R T SR Y S
B RS T DO ARG R 28 I 4 B3R LRI, AT A3 TH I 4 g, i v SE AR F5 IR 28 W) 2 B A 3 R 7 ).

(1) TR ML 4% JR B

AN S BL IR RS 7 VAt AN [ [ £ PSR TR AT e, A 1T A g ¥k 19 488 PR B AR A A ) 6 T FAR AR AR 1)
FE R B 0 RIS T I 2% 2045 R, TR FE PR I 4% (1 A1 28 70 HR. T, SOk [54,76] T8I FA) EL A e M A 1) S 2 o
TR i 22 3 (0 S VR A, S8 A R 7 D 20 PR SR A R AL TR o VR 2 2 i) (10 B g ) TR T S 28 e i B
SR FTURE Ao 2 190 284 PG A 250 T L O 61 B SRR (51 PO AR S o R A AR R FORE AR AR B8, A B T T 47
b PR AR LA S SO Y (¥ e . e A, B AR DORE B AT BT B 1 R B 0 e 2, AR 2 o B 4 (1A
AT AR A 0, SCHER [57] R AR5 718 9 265 B i B TG 1) ) 43 R0 AR 8., R T 6 LA 98 S SR e T 5 4
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