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Representation Visualization of Convolutional Neural Networks: A Survey
SI Nian-Wen' ZHANG Wen-Lin® QU Dan' LUO Xiang-Yang® CHANG He-Yu* NIU Tong'

Abstract In recent years, deep learning has made breakthrough progress on image classification, object detection,
and scene recognition tasks. These tasks mostly build recognition models based on the convolutional neural net-
work (CNN). The trained models have excellent automatic feature extraction and prediction performance, which is
able to provide users with “input-output” end-to-end solutions. However, due to the distributed feature coding and
the increasingly complex model structure, users cannot yet accurately understand the internal knowledge represent-
ation of the model as well as the potential reasons for a specific decision. On the other hand, the application of the
CNN models in some high-risk areas also requires a full understanding of the reason for their decisions, so as to get
user’s trust. Therefore, the interpreting ability of CNN has gradually attracted attention. Researchers have pro-
posed a serious of methods for understanding and interpreting CNN, including post-hoc interpretation methods and
building self-explainable models. These methods have their respective focuses and advantages, performing feature
analysis and decision interpretation of CNN from various aspects. As one of the important CNN interpreting ability
methods, representation visualization can visually present the features learned by CNN and the correlation between
the input and output. In this way, a straightforward understanding of CNN internal features and decision-making
can be obtained in a simple and intuitive way. This paper gives a comprehensive review of the related literatures on
CNN representation visualization research in recent years, and organizes the content according to the following as-
pects: the introduction of representation visualization research, related concepts and contents, visualization meth-
ods, visualization effect evaluation, and the application of visualization. The classification of the representation visu-
alization methods and the specific algorithms are our focus. Finally, the difficulties and future trends in the field are
prospected, and the full text is summarized.
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Fig.1 Comparison of the learning process between
traditional machine learning and deep learning'®
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Fig.2  The division of the research content of the

interpretable deep learning
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Fig.3  The research idea of CNN representation
visualization
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IEAE B4 T W 2 25 0 b B BRoIR A& v, BRI ]
I BRRZS & UA T, RNN K B 3 AR ¢ R 2
SIHe AR T IX Be BRI % 2 R Rk, RNN
AT RLAL I 9 22 33 T 0 X S8 BRUIR A 1) BE AR 5 R
B ldn, SCHR [32] ATAAL RNN FIBRIRZAS X T4 A
T B, BT A% RNIN P 308 1) 1 THI 5 47 1 i
NBF PGS A SCHR [33) R T — MK R 2
W2 AT AL TR H T 1 X SERR stk A 1 30 )
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5t (Layer-wise relevance propagation, LRP) J77%,
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T GAN FZH T % Bl A, RIEH T
AR SS, BRI, GAN Af AL OGE m AR T
A AR 4. S AR, 7R T BE AR AN R AR AR RS
A EAER . SR 40 InfoGANES | S5y N [m) & 3k
AT O3 il A LB D g e TR B AR i S AN AT s 4 F g
B HET 2 R AR B S e TR O R, T A 2
A fARE BRFAERIE . SCHR [39] FISCHR [40] 8T
AR Rl ) B AR e SR % AR Rl & SR I AR AR 0, kT
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BN B JE A, e 35, 1 ol FAF S 55
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1.2
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5300 MSE PR E ) AR BRI AT R . B TR A
TR AT AR T iR AE X U N TR F T BE S A 2K
HO PR A 2 R

3) ATRRAL IR . A 5T BT ARAL 5 V2 A A S A
I, AR B AS R T ARAL 5 V2 PR o e B 50
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TH] 7 B ELREAIE ()3 = DML BT 95 B H bR e AL
{1555,

2 AIMALFEE

2.1 FESHE

AR A T ARAL 2 P R S B AT A9 6 k3=
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A1 70 I B TR T A 4.

2.1.1 BTN EE

FT BN AT AT — Fh R R A2, g
BN (R W (455%) MRS, A
T i 5 A 5P i N0 Tt PR e DR/ i1 5
Fis, HEBMANEIG e RY, 7028 F, S 451N
f(x) € R™, Fr2R5] ¢ ) Softmax 738N fé(x).
)7 VR FOA B BR R ROy AR EE 2 1)
B/NX I, MER fo(x) MARLL. 35 fe(x) FRERIK,
TN A4 X IO fo(ae) SR, B MEHRUK.

AP Eh T K N ELR 3 F

1) WEPLBN. SCik [13] A8 [l e RSP g &
P (2 x 2), ML R R BB BT TR
TP G & Xk, WS &4 5 PR i Pl 45 2R
B Stof AR T 2R 5010, 23 5 B R, 3 HH LI A 2
P IS TR L M E TR s
BIVER) S . SCHR [42] AT BE HLELAE Y
RIS TG R B A, A RAUAE K B8 2R
SCHR [43] 3 H SR RIS AR = A 2 AP BhHERS M
TG (LK 6), FIA sl z o M;
AT, NSRRI BERE N E, RN ixiLs %
AN OB EE R/, a8 S0 0 B ) B AS
BT ARG VE 2R AL, 15 2 f & R HERD,.

2) HE WL Eh. Sk [44] AN H TR EE
(PR A& AT DL ST, T AN 75 A3 FH 7 B2 1P 78 B
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Fig.4  Research content of the CNN representation visualization
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7B B R

AN, IEH AR R Pt sh ) &0
5 BRRE, WIS ENE B AR M 4 A R
IR “ N—H 7 %, TC T e P 2% AR
rh ] ZOE, AR R P 7 R SR D H AR

Bustard 0.996  0.020 0.050 0.001 0.001
(a) (b) () (d) ()

Bl 7 (A AR A BB ((a) B, (b) AR
(c) KJE; (d) A BIs; (o) BEHLEE )
Fig.7  Using generative models to generate
perturbation ((a) Original image; (b) Blur; (c) Gray;
(d) Generated perturbation; (e¢) Random noise)

R RAE. B RSN 71 ) 75 2 2 IR IARIE AR,
Fir 7 B T K
212 ETFREMEBNAGE

BT R A A% 3 (1) 5 VE AR B Tk ) ) A% R
W), g DX 265 i ) 2 PN I J2 70 e 5 A5 4 21 g N\ 2
[0, AT i B N~ R 2 TR AR DG 1. i B A S
EfE ISR, R B AE S HAE NG T, 456 W
Z& R & T ) IR RNEOE AR, 3T IR R R R, B
BN E, NN E (AR ST
T AH O 1) DT HRAE.

K] 8 IR T JE T S [m) A% 3k 1 T AL T V2 R A R
W X THANEG = {z, -, 24}, dRRFIN
EGXT N RERYERE, o RRIZEENHIQL
i < d) 4k WHARMZEN f, BREITIEN g, R RE
Al

R(x) ={R(x1), -+, R(za)} = g(z; f)  (3)
K, R(z) BTN 4502 5% i f(x)
Z B I AH PR

T ()

NS

Blacl; box [y‘]

L |
. |\

B#EK R(x)

Bl 8 FET I b 7 i iR AR
Fig.8 Interpretation process of the backpropagation
based method

2.1.21  BEFERELM
1) i@ &z [ f£ % (Vanilla backpropagation,
VBP). SCHk [22] FASCHER [23] $2 H A 1] 3 1) 56 T 16
FE AT ARAR T V2, A FH X 4 A 4520 B A N = ) o
ol 5 1) S8, R iz B A5 R IR A S
KN, e AR
M, () = 2L (@
i, o RoRBABIE, fo(x) Fomxt o BT 5]
c W13y, & 9 froR, RIRAE AlexNet! A
VBP 77k AT A AL R, Hodr) C R B RE,
FC Rpn iz,
VBP 77121 5 e 4 47 ek it 22 - e Q0 U k47
EH 4 N B R B A . 25 T, 3 B e v
R S8 200 (B 0K, X R A B Wos | SR

~—
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L S

1ESE

o E
(s

€2 (3p{ €3 [ C4 [f C5 [P FC1 [P FC2| P FC3

2 [ 03 | 4 | 05 |€{Fr € {roz € {rosle---

REEE

K9 VBP Jikmid e
Fig.9 The process of the VBP method™”

i H 5 A S (P N AREAE LR DG PR vy ) S 2 1
HpOGE N R AR ER B . EDUCERAE, BR B R R A I 2
TSR R &, R AU RR FE RO R R B R %
RUR AR Ak R ARURR T2 R A R DG M R ER K
BR3P VA RRAE RS B 7k, T i
Byt 225 SRy N ARFAE 1R A AL B ) BBURAR L. MR 4%
FI P E2 P e a A o (B BT U A IS AR PR SR
fef A P v S 2 1 DX SR B v R g 7 R

2) F 1 M 4&#% (Guided backpropagation,
GBP). VBP 775 T35 @ W 2 S ) % 1%, AR5
R 2% B I IA) A% 16 BT = A2 BB B SO0 e 46 (OB
PIEAT Je AL, T AN [ FAEHR AR AT S 2. GBP
7R 5HEEHANE, e R AR A G E
(R FEHR EAT (B DR, (B B 0, BIASE X 2%
HEA ReLU =, Mo Hobh FE R idE47 — X ReLU
I 8. KRR H B AR B 5 0 4 T A 5% )
BREE, EH AR IIRAE.

VBP 1 GBP 72 2 i i H (K86 L 53, (H i
TR 2 A 5 (R A R v 1) ) R, K A e
TEWMEE — & KRR, IELLT 3 ANJ71H:

1) BT 2. Bl S IR AL 3R 7R = A 5
o6 B2 2 AT R R M i, P 0 b — el B o A it
FEORE R E. XN EER 2 R E M2

2) M 5 AN e 5 A I I N REAE 1 B 2V B RE
FH T30 B AR A B 0] R 52, (HAS— 58
AT DARRE1Z L o B ok, 9, WA B R
TNRETT IR (BGIN/9E0N) %R B RE % A Y
SR AT, HIFAR IR Z A B S A ROR
SEMA. DRI, W0 2 7 R 1 AN R 58 4 B N RE % i R
CNN 70 K45 R, A e M RE B FE SR By N v i 1%
FRERNBEEEE .

wmE 10 Pros, MRt AN B, A 2R
FHERIM R R, AR5 1 AT, B RE I WA X 48
W A2 B J7, RAIZIX IR “reflex camera” b5 5 #
BT P rhons B X IR S b L AR 24T

B BRI AR XA, AR TS AR H A5
INEITETE T, B R 5R H B XIA A A T 222
VLA, 31— SRR ER, BB SRR R
5 R B E A M.

O TR reflex camera
BEASRE: 0.993755

(a) BIREME

(a) Original image

7k %: reflex camera

Y A 0.996577

(b) VL 15
(b) Ablation image

AL

K10 BBREAESE S EURR 45 R A 2 1Y
Fig.10  Uncertainty of interpretation results due to
gradient instability®!

3) Mo MR P R RS L 1 S 2 P o R R
Bz, Rae WK B8 525 I rh OB ) H AR (s
S H AT HIRT FU0 X Se R 7S R AR T — sk,
BASA R — DR B 11 R 7R E R 25 B
WE S ) R, 52 E HOIAAEAR EE, 8 2 P b i R X I

Stethoscope ic)ics

B2 HIHE AN R e 7
B

B 11 BB TTIER AR I S 3 A DR e e
Fig.11  The saliency map generated by the gradient

Soup bowl

method contains a lot of noise*!

Rk, 5156 5 1 535 B nT A4 A — 2
A ER, & —Fiaets AU B R CNN 175
VAR R ) R, — SR AT 22 T R T v T
o6 P S T A 3 R0 s P V) 1 b AT b B DA T
HERTE AR REI R A& WA XS S IE L
PRI 485 PR B PEE . I S e A 5 DA R J LR

1) “FHEL . Smilkov £ % 1] o g i
LR RE T 08, N IX g s 2 R il 48 Y 4 2
SR HI15 5 BB AP PR B R A, M s B — ok
P PR Rofs BB o IO P A S 7 LI R A8 4k, ReLU
WS o U & — R LB AT S R A 1 12
FTRTEA AR BEUE A5 3R 5 43 2R 4 R 1



1898 H Zlj (e ¥ i 48
T, XMERABANGR BN, hahF (Hikh) R BRI A R
Table 1  Comparison of the characteristics of the

I N 51 1) AR R S B IE B BEAE (D) 1922
e, ATRAE Y, BE B AR R I 2 B AT B
REUENE, R XA FEA e B by X

0.10
0.08
0.06
0.04
0.02
0
< —0.02
—0.04
—0.06

—0.08
0 02 04 06 08 1.0
t

z(z + t€)

o
@A
«

K12 FRAMERER BB LB A AN AR E 1P
Fig.12  The instability of the gradient value of
a single pixel®

B BE AR e R 2 P IR R VR
WA, 38 N SIS ISR B w20 A e
AR VR AR PR A P P18 i T2 S BRRE E
(8 5 2o g, Bk, T4 N EUE o, IR A
BT AT e ~ N(0, 02) FIMEFRS | RE AL v b TE e
B N kT ER o+ e, AR ENIX L ER
ARG B ME, (x + ) BT, 19 3R &K B
BE M (x) = SN M, (v + ). EREEN 24
2= B 7 ST B, T 25 R 2
Bl HR AR e 7 | 75 380 BE 4 (] AL SR

2) o B3 gt N UG A IEA VI GG A (41
Wi 0) JFas, $a 8 — @ LB oK 21 2 mir e, K Ay
FE IR RE AN i N B ) 48 35 B EAT S8, 19 B R
R ER.

3) BEPBL . Kim 2600 PR LG T 3L 6
RIAAERE 7%, FER BRI, BT CNN 7E 7T [
FERE ARG S AW | T 8 ) A% 36 A BT 3R AL
BB RS . O T AR PR b I S T e
ok B E Y B, 8 B o A B AE
ZICHIRRE A 20 S A4, AT B8 = B LR RFAE.

AR, SCHER [55] B HRAL 116 FE VA R 5 V5 1 LA
FEUE. SCHR [56] XF LR E T B (1 T AL 7 1 IR 3L
FAE T FE4UXTE, 5INT — M BN AR sensit-
vity-n H— AT EER. SCER [57) RA A B,
P LR 15 B85 AT SR A, SEELTE AR e g R
SRR | Bh 732 e AR o = AR S 5L 0 P (1)
SRR SR SRR I AR, & Fh IR AE AR R AL 1w
AANE, F 1R T &7 RR 5
2.1.2.2 KRER

Zeiler %19 3 H I T [ BRI AT AL 77, )

gradient method and its variants

Jiid: 5232 B A AR R

VBP Rk iy TR 5, AP LE AR JEE T 75 ]

GBP G2 EH ReLU AR 5, (AAELERS I 75 [ i
aVigrili-a B P 172 WA R, F2 AR, Fr
ST B EE 16 EE I S 3 AR, T2 UG, FEn
RORAREE MMM IEE OB I RRRUE A, BMEREIE AR

) . CNN A a] R 22 oo 2 ] B R, Jl Ik
R IR, K 8] 2 A2 R B AR 2
B N2 ], AR R N S T PR B PEE 12 A T R

NTHERN BRI ERERE, BABIERE
Bk, Wil 13 fos, MFIERERD Y,
ANEG 2 50 L AERR ML f, BEATRAE
RIS, Zd R AR b

(Ala A27 Tt AL) = f(a:,&) (5)

X, AN (1 <1< L) ZoRi g8 1 AN B R 5
ZIMIEFHILIE, 0 %o CNN S8R, ¥ f &
RIEFBRRE.

AR AD EPUHIEE A SRR AL

TALRFAERE AL
B ReLU et

(DASRBIES

Stk
A& ReLU

JOERUER M BGT R Mt SO LR My

K13 BRI T ik

Fig.13  The process of deconvolution

visualization method
1) B BERE BRSO RS
FHERT— A ZERHEE AL «RREHIEHE, 1T
A= Al f! (6)
2) WOE E: A0S B2 ReLU I 98 7030

B, ZS R

ALFL = ReLU(ATY) (7)
3) WAk 2 Af S R A IS R R AR
WAL & E R R ORAE, IF 20 3 & KB AR B TR R AR
E A B, BN switches. & AT PATE = A itk ik
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P, MRS A B AR R e KA. AR T
ALt} = Maxpool (ALF) (8)

X RGBSR, AT
1) Sl Jz: 4% HEOE ) f R AE Ak Hh 20 SR 1) i
KAEALE, B a) i B2 AR AR B ML % e R IR E
FIHJFM A E . Z BN TR RS, R )
TE A A T AR AE B RST . 6 18 IE vl Ak o 4 25
FEHME PRI, £ R A iAo I A 0. i
L/
M+ = UnMaxpool (M) (9)

2) BT 2 HTEOE B ReLU AR PE St Al
SEINOESENAH
M = ReLU(M! ) (10)

3) REBRE: M IE RSB EAE i)z
) 2 [F) A A A%
Ml — Ml+1 % (fl)T (11>

R R, RCERANIE ) S AR AR AL, BT
FREEESL A, W R E R E BN E, S28 B
KA. iz, (R Bk B BRI BOEE, —
IEEIE DN RS ey = iV 3k PN H el
G131 A [A] 2 R e 5 R U

VBP. GBP filjx & 3 i it B4 ) Jsz 17 4% 4% 7
R FE R B A, AEAE R A& 3 6 ReL U eRELAY
A ER SIS ENAN R, ] 14 2 3 Fh o AR R AL R
FEXTLE, 4 T ReLU 8 ReLU®" pg%g. H+, Conv
RN IEFIEFEER, ConvE? R X N sz ) i 2.
ReL U’ RRBUHE N IE, ReL U RoRBUSE N IE
(Y IX 3k . ] A 7 LA 5 SR I D 97 B3R 1) X 4
SIS N2 . Re LU AR $8 6 F5E 4B H B 11 1E £k
HPERSEE. GBP 454 7 ReLUAM ReLU™, HATEH
TEAE AR BRI R IERIIETE T, A B A 2
R IERE, R EAIRFENE.
2.1.2.3 LRP REZSH

Bach &5 $2 H 2 JAH KM )5t (Layer-wise
relevance propagation, LRP), H & X T # K
) A& RN A8 R AH G PE BR 2L R SR SR IR N
=X R BUE I DTk, &l 15 Fos. Hoh ) BREUE f(x)
] Fi BRI 2 BIE E A AR AL, M H = —
SRR EE B LEERNEES
BREUE 2 RIAH R YE. R(x) RoRFINZ & x 15—
HERZ 5 H I DTRR R /).

W 16 s, AR EILE 2 = (24))_ ),
Hp1<d<v, VERWAZREYEE. T |
JZEREILE 2 = GOV, vy RoRE 12 AR g

IERERY
—» Conv » ReLU » Conv »| ReLU (—»
RAER
<— Conv® [« ReLU |« Conv®’ |« ReLU [€¢——
BP
<“— Conv™ [« ReLU™ < Conv® € ReLU™ €—
GBP
<4— Conv” |€ ReLU |€ ReLU"" [ Conv"" |€{ ReLU |€{ ReLU"" [

14 VBP. GBP Mk B =F Z R H"
Fig.14  The relationship of VBP, GBP and

deconvolution™!

R(z)€—

Kl 15 LRP K2

Fig.15  The process of the LRP

}:E, Xﬁ&%ﬁ%iﬁﬁiﬂﬁz a = (a(dl));/(:l)p ﬁn”]:[l!)]:

ap =o0(zp) =0 (Z a;wj, + bk) (12)
J
BHANJZRMES 02, PEZENS 1 RIS,
RIE—EZNF L.
FEIR AR, % R A T AR SR B E X
W BN R A M R S E LA R(e) =
R(za)y_y, 54 (Ra)y_y. "FIRER TR TR

FHES R R(z) = REDYY, 5 N R(2) =
(R

LRP FiEH B WA I 26 A 1

151, N A ] o AR BT kR 1 1E F R AR
KM E R IE T e, MM R EUHE R(x) B8 X
R

{xﬂﬁf(w)ﬁ"]ﬁﬁﬁﬁ?'\jﬁ, R(z;) >0 (13)
X f () otk 7, R(x) < 0

Nz -1z = I+ 12 L
@ - @ O © ©
Q| ~ O O
O -~ |O O O
O ~ |O O O

B 16 LRP IE[ L4 i

Fig.16  The forward propagation process of the LRP!"!



1900 H 3l th 2 i 48 %
2R 2. i N TR G R ET R A fl= )%@ﬂ. & 1,14+1) & (14+1) z;?c Zy_k
Fa) M HH ZE B A2 oo sk 5, FHE%T z_:l Rily = z_:l Ry <O‘Z;; B 54) -
N R RS LIPS R iE "~ T o
1% + _
x) = ;Rd (14) RO+ j—ljjk _ gfg_zjk —
= Zk: Zk
YW 3. EHA M ETE. RAE f () Xt
HP ] 5% J2 4 6 0 AR S T A 4 TR 2 o 1 v D ( G- o7 b ) -
D v g Eh 5 )
B RUTD — RrRY = _
f(z) ; d ; d R+ (1 by +5l)1c)
V(i-1) V(1) Z’j % (19)
Y R{TV= =3 R (1) DAL R A B8 5 1) o3 1. 75 S o, B
d=1 d=1

ZOUR A, B 1R I RIEE TIOR3 ik AR O 1k
6, S THRMAME [ - 1 EHhFEsEsmmER
PEAE 2 A

V(1)

Z Rzi—; &

2R 5. 5 LRI G TTHR A KIA SSAEAA,

RY = (16)

ST | 4 1 SR 2 T M A,
V(I+1)

RY = Y RELY (17)
k=1

IR e SURMZ B e T A & U sPE
JEIU, X5 SRR BN 17 Fras, Hrp sz ekt N 24 R
4 I ZE, BELESTRZI0R 5 I 2.

7E_EIRZ RN B b OB R R AL
(1 a8 FN, 407

(0, 141) I O
k k
:—Eﬁ [:Ij Zk E] Z]k: + b+ Z a]wjk + bz_ ) Zk -

Sz b =2 agwy, + b, EAR+ A - 73
INIEMAAE Y. o B R o — B =1. % EXPL
[F I SR AN, A4S

K 17

LRP Jz ] # 1id #2
The backpropagation process of the LRP!

Fig. 17

a=1, =0, HZ (18) Az (19) 4 HI1F3:

+

R _ pl+1) ik
gk 1 ¥
2

(20)

V()

(1,141) l+1) bﬁ
Z BRI = (1 Z+>
k

¥ z,'::z aJkaer"' Z_]Z]k:+b+ AN "
(20) F1=X (21), IFHb =0, HE—H1F3:

(21)

R ke (22)
321 ajw;.rk
V()
Z R;l{_l]—:l) R(l+1) (23)
J=
X (22) ~ (23) Fma=1.8=0.b=0"1FE

N RAR SRR IR . AR SR AR S IR A A
FIBCEMBITAE A K, EATRE TR THIA
KA BLLEA.

S LRP AL AR AR & A0S, (H1a6 15
TR RIS FE T B AREnI s e, BT
FoAh B2 Te IR, BRI

L
RWL) — {Zt( ),
0, 5 0

R, 2P RRE LE BRI ¢ 04 E
(Softmax Z H). 1% 7] B3 LRP X4 E 2K i RF
FEANGUR, B AP A S A B 800 X 40 1. [A itk
T SRR X A VER T AL, Ga PO SR T X
te 2 ZeA et & 15t (Contrastive LRP, CLRP).
CLRP X4 1 WG AR A 2 Foh () B ARSEAEE B Ax
FIT LB BV ¢ Rox H AR s, CLRP ¥4 H bR 5 5%
5 F AT AT 43 B Sz, B LA BT T R o H

n=t (24)
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2, B =2 (N —1).

zt(L), n=t
R = () (25)

_t A
N1’ i

K, NRRE L EME SN, #t— D
Iwana 25T 2 H T Softmax 1A & = A <M & 15t
(Softmax-gradient LRP, SGLRP), # Softmax #f
FEAS B I NWIUEAH S 20 BUE, PAIX 2 HAR ) A
R LA

(L) — It _

B0 e wm
X, 9, Bt Z20 n 1 Softmax 73H, 9, %
N E BFRE I ¢ B E. 20K B AR
FHIRME 73 BT AR A a5 2, HoAth 9 S 70 He s 5
HE S 1w FEAEE, (HEAME, 5 CLRP M
A B
2.1.24 RER¥DHE

IREEZZ )5 f# (Deep Taylor decomposition,
DTD). Montavon % A Ak E T % )& T DTD J7
VR — PR RIS TR, B 56\ 7 18] B 15 3 6 B2
Z RN N Z A IS 73 B . DTD (1) A8
BT ONN W ke, KRB IR 0 g7
AP CNN #EAT 70 il R CNN A/E—A> 4
NBHTH PR EL f, Hoh o NRANE R, f(o) N
H 25 S ] DAXT 1% B BUE S R a Ae AT 2R 53 i,
R

o {yt(l_gt)7 n=t

fa) = f@+ L@ -y
Pl oyt vo(@-ayy @0

MELZE A BEAL SR, A UEE 1 30 f(a) BoR a 54
Kb (TR BUE, AINER 2 T (f'(a) /1Y) (x — a) RN %R
B — 0 S5 (B A ES 5 o ZE IR,
A A 3 105 e B0 I R () AHE, S5 K
YRR B T B S T i A A R X 4% S R 82
f(x) R &85 HAE, LRI NS & o i 5024
BB HESMEMATE L, RN ERTT
BRAE. B 2R A 2 f(a) =0, T f(x) 19—
WY ZE 8T £/ (a) - x B 5 VBP J53M8, A FHBEE 5
iy N AU A S .

M B T80 2, B B 7 VR0 B
B £ (a) 7351, 2 TR 4SS 0o N B (% s sb
TR e A B R DTD %F R ff 5% & ) i

f(a) - = £33, 225 B R 288 o BHE i JE
ORRFAE, AH 2 T BE A SN RS FAE I 45 2R
Rk, S50 7L, DTD [FI2 T MR
PRI K R B 2 FE A T TR T VR R T
“Ie MR LSRR LEIX TR R AR — U7 KB R
e KB (A i @, L SE R b Ji 255 - H i) 2 A ) B
ARFAE, T J5 2 U B8 ] T <3 4R RE A8 X T HiA
FIRIRAAL, X AT 9B B2 7 VE AR A REE
I3 R T R — b B A
2.1.2.5 IhEE

KA 4 FhFET I AL R R PR TT 4, ¥
O AR 1 T — E B S I AR SR AR, o CNN
o 5% A L 25 SR B 1) A A B N ), g A\ 7 T) £
FANAR B EUAH VAR, DA & X TR 1) STk,
XFEAER N7 AT B T A SR VEAE A B P AR, BT
PO T B CAAS ] B B T SR B 5 R
55 TN 22 18] B A S e ] B0 ) B e A i AR )
WREE A 2% B B B 52 S el A% 4 v i) B 2GE U, 4 VBP
Tk, A ZREINR T B E SR R 1 AR A AN, dn
LRP #1 DTD.
2.1.3 KBRS

1) RBEEEMY) (Class activation mapping,
CAM) it 2E S 0E EER AT AL CNN ST X
I, 2RO S X AR AE e T 2K, BAR
5 8 O A R B X 3. Zhou 5512 0, BEF#E
CNN ZEHEmymi, e E R e B g s b 5 e 5
R BBRBk /D R R 2 H AR A BBkl 5
B XE B W E. ONN &5 HERZE =G
XAF B LIk B g £, Ho B RRHIE B & A B R
HARGE UE B, HARANEEA IS B AR AN [
TEERAL. PRI, 3 T A JE R AE PR 3R AT I8 E 2
B, 7T AR B R E S0 A SR 2R 0 1.

CAM FIr i i) (A £ 25 44 an 18] 18 Jow, R ik
HZFHEE (5 LJZ) N AR, Ho, 88 kAN EE A
AL 2l 4 R Ak (Global average pooling,
GAP) JZBEH ] Softmax it 2 HE 740K, 7 2%
o B s an T

LS apn = ReLU (Z w,ﬁA£> (28)
k=1
K, wi FRIR Softmax JEH ¢ N FnI PP A TTIHIE
FEAUE. FRBOE B R 2R 0E BORIE T % I8 1E FBE,
XL i R E RN AH S Softmax JEALE,
A B & 2K X 5 B A .
2) B BB RIS M (Gradient-weighted
CAM, Grad-CAM). BT CAM 1) GAP JZIt



1902
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Eitd 48 %

g
¥

LN ER

Af
At
Aj

Xk 73 T AR T, -,

2JFT
Bt f

N

Il e

KR H, = X wAl

K 18
Fig.18

B HIAE AlexNet!. VGGNet™ 1 GooLeNet!!
G M g Rk, #FEASH CAM Al AL
CNN, 75 Z2L MR 18 X I 4% 45 # i3 AT 50 I =08
YIS XARORHIE I T TAEE. 9T SH—ftk CAM,
Selvaraju &0 $& H T TR CAM-Grad-
CAM. HEARIFEE CAM FL, (HN T 5 iR+
GAP ZkH#, Grad-CAM i F 5 [ 44 7% 7 3K L
{10030 T B B B AE B AN L, AR R A B R
AR R, BRI FE W&l 19 B,

> (29)

S agaf
k=1
K, of FAREATE EI’H‘XE ﬁﬁ/\iﬁjﬂ
ag = 7 Z Z

b, SRATCER il iE kA FB A o 48 70 B0 A )
BEEE, Z R IH— AL . R A5 3 R0 A

LGrad—canm = ReLU (

aAg . (30)

LPNEES B

K19
Fig.19

CAM Hyid 8

Af
At
A;

%%{%ﬁ{ﬁ]f] = Zk!lg\gJAA

The process of the CAM

GBP 15 21 1. 35 KX s e, RE 8 SEILIX A4 )
FRE s I Rl A, AR BCATRL BE 1 8 2R0 X A P 1
WL

1) Grad-CAM++. Chattopadhyay %% it —
BT Grad-CAM BB S SR A Grad-
CAM++, HIEATEA S Grad-CAM #H, (L fH
PIETER EAF. Grad-CAM-++K 56 =B 6
(Fbr 5 KA ENBIENE, 555 T2 Hir
BT ROR, BRI AN B ECA.

2) 53 BB SR BOE B (Score-weighted
CAM, Score-CAM). Wang 55 I\ Grad-CAM
A1 Grad-CAM-+-+#f A2 FE T80 B2 1) - B0 B A 7
%, R F B S AR E 2 b A 2 B L AR A A .
TR A AT E R PR 4 3 SR i 2R B0
Bt AT . BRI, Score-CAM X I A AE#H BE 7
AR 8 A, DAV BB AN AR T ) .
Wl 20 s, Score-CAM ¥ 5 =1 2 RFAE B A4S
IR —ME, I 5mA IR S NG BIEA

X R TEAL L g6 00 s G,

K-1

@, O
O O Z e
O O
o ©
Kx Hx W
\/ 1000 x 1
Softmax

Grad-CAM it 2
The process of the Grad-CAM
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CNN 1, 1 ONN X 1% 3 18 i) 7% 28 1 1) 224 (BRI
IrRMER) BEAT TN, AE A4S E H bR 280 i 2
HEATIEIEANAL, 7T LA R 7 5 5 D O SR
I HLARTT— L85 T60 2 (o0 bk Moy, SRR E 1Y
fERERICR.

et 1

LA E

- = gk

oL, bR
CNN - | _ -~

L I
Bl-Em | -
L . B

R
Bt 2

Kl 20 Score-CAM )i 269

Fig.20 The process of the Score-CAM™

AN, A U-CAM® Al Smooth Grad-CAMA4+5
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AT AL S b B KN Y RN B T
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I FING IF, 192 Z4EWIEES8BOE . B, 28
O B RS 5 s ERHE B B RS AR AL, 752k A
FAE 7 20 (A0 W AR ) K H Y KB S BB
FHIFI I RSE . FERBE WL AT R, M 7%
K AN 5] (R AR %o #4383 1R AT DA, X e A B R 3
PRk AT ISR 2 Fios.

2.1.4 HEmRKK

PO e KA (Activation maximization, AM)
J7VE T AT AR I 28 i D - N 3R 3 g % e R BIR
FEBOE SN R E SR o A A K. SRR AR
AR 2 ARTE T, Hoh B 7 iR 7 S N B s i B R
0% A4 AT A H 20 0 vy, X PR AR AL B B % R
AR T4 DTk /. AM 7RI T —
FE I a0 N\ B s £R 6 Be 8 150 SR At 2800 7 B e
i, PR T VR R IR — 2 A A, B

2% S i i R 2 AN SN A SR . Wl 21 s, X
TEG A, kBN K, &
i R FAZ R B R A B E, R A& 5
EHmANRBRIEGRE, 232N, 526K
Kd iz 2o mer B, il i, 23881
SRRFFAZ, SUEHmARIE.

B, A AREINGREREA (), v, ), IR
THHY HARER L, X CNN AT S EAU R A7, 151
M FRAE H bs CNN, BIE AR s &7y, 285, X b
FLBIEE LRI S N R 2, fETE 52 H AR CNN B 2
RSO T, B @ RSB ey R AR
S S SN AT L A5 A DS S SN AR S
i HH B A1 TR RS S B O B AR, e H AR
PR R0

loss = mwax(ln(p(wc\ac, 0)) — \l|z||?) (31)

% B bR R EOE A @ ) L2 IR Z R,
PRAEFCHUE b AR e . {8 R FE TR
K HZH, BEt H AR R B IR GO AN 2 X 45
ZH, MM AR 2. fE2W 25BN, &
2T 15 B e KA 2R R A0S N BN @, BN
ZRBE TP R A B A, [FI, H AR R
ot vl DLk e KA )R R o sl — A e
TCHIBOEAE, 4S8 v 8] Z A2 e i i AR

SR, B ABE LA AR A B B A\ AR v A A
FAES HARIE ¢ Xf N A 5 MR 2 A1 IR R
SEIG TP 2 TSR], BRI E R p(w.|x, 0)
1 BIE AT LI FRy d R AR, AE G IS 2 1) i\ PR
@ FERL I _E XD AR TS UM, IR, 0 TR
Y — KA SO EHECR U, SR ESE MR AE e
5, ATHEE B Emm A, STk [69] 5 1%
R, R I — SR AR (A IE AL 2R AT
B, DL sl g b 1 s RMR A AR B R T
SCHR [19] A Z LA R R ST N SR B AR
F, A M S AM 7k, 1 H TR TIRE
AR AL AM 7% (Deep generator network
based AM, DGN-AM), w1 22 fis.
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Table 2 Comparision of the class activation mapping methods
ik HIE A E P [
CAM Softmax EALE FERX 3 W GAP )2
Grad-CAM I I BT 3 B I AP D BEEEAFSE
Grad-CAM++ HABIE B LT ME, e RANX 531, S BEEEARTAE, e TS A

Score-CAM o} - JE A 1 T AR

FA X, ik, E R E

MBS A, HAEAREN
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Fig.22  The process of the DGN-AM

[¥] CNN, [AlI A5 AR AR S Sa B0 KR, 1 Dy 2 2 X
N BB BEAT . BUI, IR SR B AR )
PREESE SR, 3 22 SO 3k s B, L2 5
N HFE CNN 345

2) %k GAN. 7l ZRE ias G AFE5) 4% D,
BRI, [ € HAx CNN 28, (U A TohR% 11125k
B, JeJan D MG #7281,

b, D 3R R BCE H P SR AL D, AN
/MU Dy, D, 8 D X ESEEE I 525435, Dy
Ron D R 7 K50, W

lossp =E;InD; +E, In(1 — D,) (32)

G MR KRS H AL Dy« /MGy M
NEMG 2 Z 18 B EE B, /M vy (fake) Ao 2
(i) () P

lossg = E,In(1 — Dy) + \i||x — xf||*+

Dollv = wy||? (33)

X, v TRz &0 A AR CNN $REURRHIE [ &, 1%
A A AEN 2 IAREK. o om GIEH T & v 1
ARATEE. v ZoR M B AR CNN AR B 52
BCRRFAE AR Ay A o3 5% e B R 4. 130
[ A S0 A N\ [e] 8 A ARR AT 1) 8 R S 0 REAT 20 R, SEE
G AR G E KR Tt

Hy T A 2 AN 2R A8l AR 25, Ak B R
GAN Wllgr 2 i EIIZad#2. X GAN JIZki H
R 52 SRR RSB 90 0A, TIAEJE 22 G

A MR I, et BBl A AR AR B e B AR, T
AEfE S aRENYIIE L N B A R A

3) fE A AM A i s AL, & 22 4k
HEN . X BENLVIE AL R & v, 203 G A%
AH R N R, PR A CNN 2 2848 (RI2P 3% 1
i H bR CNN, X B AR 2E88) #1702, I
HRRE 2R 20 A Hh B SR BRE FR AT B oAk PRI, 452k
PR 25 IE R ) CNN 43 28451 2% pR SO [R], DA B
FENIA R v, HRWNESEIRFAE. 545
B AL E, Bz EESE G, BIA] AR BOrH B )
EUE. TP 2 Rl EN G SAFEEMkE T
JR GG ISR E R A ARG B, A4S T M E S CNN
SRR, 1IN A= b B AR R A i 28R G B A
AM I )45 R B AE.

w23 fros, RonTE MNIST ##E 4L H i
AM J7#E%F B CNN BB AT AL 25 R0, Horpr
BUAT RN E R, 9K RKEH loss =
maxg, In(p(we|z, 0)). 55 2 47 KR @ #4T L2 =M
WL, 010K RN loss = maxg (In(p(we|x, 0))—
Ml||?). 5 3 47 R BRI IME 2 ean X @
BT, 1035 BRECA loss = max, (In(p(w.|x, 0))—
M = Tean||?). 5 4 TR H DGN-AM J7 i
P[RR R, TLLEH, BEERR RN, AM
JTVEAEE OIS 1) A S B R 1) PR bR ik 1
HAEMG, B A TE AT B, R DGN-AM
J7 A3 3 1 45 R e FL Sk EIHR.
2.1.5 GEEEE

TE R THERS 2 fh G AR  rh R = L e A
(AR AE . bR T 2 I ML A B REA A R 9 28 o
ANTR) A B F AR, TRk, o v & S0 FE RS O mT AR AL e
% L5 3] DX 248 o A S 1K) DGV B, DAL T L e R 245 1 1|
SRR S AR BN AE . BRI AR
MBI EE v & . AR E 5 iEiE
ERIMRE BFEE 15,

1) SENet: 2018 4, Hu 5" $£ i} SENet fik,
XF CNN H[A] JZRRAE B ) 25 38 18 AT AR %, 42
FHEFE 2= I 8. W 24 s, A F— 2R A
Cx HxWMWZE@EBERER, CRp@EL, HAM
W 53 3 3R 7 25 1838 1) /= A5, SENet #EHCK F s 4
AU 2 AN A, SRR B AT AR ), 53— C
Y ) fE . A FH A% ) B A T T AT A, S
TR I8 T8 ()4 o0 R ) B SN RN AR . Ho
JE 248 B AR A FH 4 Jr) s A o A5 A 20 3 A Dy B R
T HEANRRAIE P AR Sy — AR ) 5, AR N4
A B B, LA — 4RI A5 0 B ) B A R T8
S ARG, & WA IERE ) PR 4E L )R AR
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24 Squeeze and excitation FEHR!
Fig.24

e, SEOLEIENAZHE (RIS ERAR), 108 R 424k
HNC = (Cfr)—C, Hp r RIRENREEEX C
2 [ B R LR B m, RS B ) B AR s E
B fr) 8, Ak — YRR R0 N AR B TE A, 22
T XA AL R i R AL 1 B B A R, S
B AR LB R DUZTTE SO SENet 2%, £
2017 4 ILSVRC BRI Kokl 38 LR E %, 5
BLT 2.25% IR0 5 7> HKHFRE.

2) CBAM (Convolutional block attention
module). 2018 4, Woo &5 £ I8 VT & ) B
SRl EAR TR PR R, NI S R R
AN — AN B, AN Rl S I #4381 (] F A B O R 2
HE, T 205 T X TE P9 AN [ 2 A A B )RR A A R
ik, R T —FlEEE R S ER A A
J5 3, HRFAE B 73 Sl 3047 388 8 2R 2 1) 2% A L 1R
B NIEETEEINES T AERIRE, f5
JEU AR P A, ST R P % Je A A8 TE Y A
[l A7 B AL AR E . a0 25 P, Rl iE 5 =1
TE R IR N BRI 46 I 2 50 b, SRR SR IETE S
2 (R R BRI, 0] 5 AL P BEAT I AL 2
HAARSRRHERE ST, 5 SENet #HE, CBAM 7%
M E 2 (A IE A 2522 B A7 B ESCEL T AR
R P A 1 .

Squeeze and excitation module!"

cfe) Je

S

o
&
7

7

Bl 23 fE MNIST #fiadk B AM J53E%] B bx CNN LR A4k 4 Foxt e
Comparison of the visualization results of the target CNN model using the AM method on the MNIST dataset!”

K25 JEE A R R

Channel-spatial attention module/™

Fig.25

VR R RSN E 26 Fios, HEBALGE S
SENet KEHL, {E7E RS 5 -4 4uiofi £, 4
WIEE A T T S R AL A~ 2 itk 2 Fob
AT =K.

TS R B A EE 4 RS 2,
HIEE R IR E R BN R S EESHE. 5248
), 20 Ty o A B 42 R 4% 2 R o B A7 3 T vt
b, PR e 23 )y B IR A R K, RS 5%
EIE R SR/, 2 8RR s an & 27 Fios.

3) KHER S M BEE R X ME RN
ATRRAL 7%, W CAM A1 Grad-CAM 25, B 42 Al
FIPI L8 S5k b Sl AR A X R S H AR IO R
B, 51 5 9 254 B 223 3 g . FH 133K 6 [X 3k f SRR AIE
FRBURIE SR b, DU b B TR A5 2 ) 2 ST
e, SCHR [73] B HAEF —ANBA R TR SR A5 B 4 B
A CAM 280 B, iz 1 A4k JE VE A D
pIIE Y SN e eh Ol e R E R TR S NS AP S
TE. SCHR [74) FIREK 2 8 B 2 EHE  SAE 55 .
SCHR [75) E R B TR R 0 R 2R 0ME Bk i
BIRFAE 2= (8], SEILER X 8 R R 7. SCHER [76]
I FH $5 78 2R B T SR 200 B XSG,
T4 2 bR 28 UG BEAT 40 2855, SCHR [77) 8 Grad-
CAM MR UG 1 2 bR 28 AT SRR =
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DI IR BRI FUAEAN [FAT 55 Hh B 2= 0, T
R T AL T VEA &, AT RAE AT AL T
(46 et ot

B TR A R PR L BU R R AL 1)
R I Z T2 25 I ZRR0R , it 0
XN ERRALRIENNE AR IIUFIR, EJEEXT CNN
(R SRAR IR BEAT R RE. 2) X480 288 /RGN0 oh: iy 2k
i, A E T R A H AR 45 B AR A,
TR AiE B 0T H A 1R 5E A Bk v . B 28 R T E
ResNet50 H1f#i ] SENet F1 CBAM P F LI 7%
BEIIBERIS L.

2.1.6 HAttE

B T B JLE RSN, A — S iEE B
SCAAT S5 AR X3 T, 8 T AR i 3 R R o
fEe %, CNN ATRALAUR Jerh — TR . A5 e 4
2 Ml DL 77 v J 0 AT AR ARBTG5 RE (Loc-
al interpretable model-agnostic explanations,
LIME) Fyb-8 R0 iR (Shapley additive ex-
planations, SHAP).

1) Ribeiro 6™ F- 2016 4£42 H LIME 7%, H
TAERAT R R E KA TN, LIME J7E 1) 3%
B, fER AR ML 2 UCRFE, FREC—HITL 48
FEAS, A FH X 30 S RE A I R ] B (R Ze PR Y
I FE 2R VAR A ) 8 91 T PA) 3 0 % A 2R ) Tt
SCHURE A AR B AR, LIME 0] 3 - BUGAN Se A 2%

HARM, 22 AR o, Bisr 388 f, € X
RS g, LIME 385 AN W 78 S A\ BE A B 4142k Y
KAEFEAE N, SR T 51 H 5 e 2

§(x) = argrgiHZOSS(ﬁ g, ™) + Q(g)
ge

22 (A R

Spatial attention module™

(34)

P =0.11857 P =0.65681 P = 0.22357 P = 0.64185

5! I.al

P =0.87240 P =0.14643 P =0.77550 P = 0.25093 P = 0.70827

P =0.96340 P =0.19994 P =0.93707 P =0.35248 P = 0.87490

Vo e
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ResNet50 &
+ CBAM 28

K] 28  ResNet50. 4% SENet ] ResNet50 (ResNet50 +
SE) fi£E /% CBAM ] ResNet50 (ResNet50 +
CBAM) H 5 i JZ 4L I AT LA
Visualization of the highest-level feature maps of
ResNet50, ResNet50 integrated with SEnet
(ResNet50 4+ SE), and ResNet50 integrated

with CBAM (ResNet50 + CBAM)™
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M, B —4ERR o FRENMFER IS . KX Fh
Hﬂ%ﬁﬁﬂf’ﬁx— ( . 1E o BHEBENLRFE N IR, 152
N ANFEAR L 2 IR B R dR N\ 25 0], 153 2,
frﬁﬂ‘ﬁf"*TA f( Z)/Sé—'ﬁmeur”m. Horp, KA
(73t R 302 78 W E AR I SRR N BB, SR
ARSI IR R (R — RAUAHAS HARL 5 &=
TR R ), 8 2’ € {0, 1} BIMH, KRER
XM RIS T, TTIRBCRFEREA.

MR FR AR, SR RFERE AR K AR, TR
BINFEAR o MIEAEHRE Z = (2], f (2)}y, FIFEZ
ARAGINTS H bR R, 5B g



8 Al OCAE: BN 2 KA P AL T 45k 1907

GIEES N
2 2 f(zl)7 7(2)
PR
. I P! zn —> f(2), T(2)
i \ZJ\ I (2x), mlz)
d 4k d 4k dx N4 dx N4

K 29 LIME HIFEAALFE R FE
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loss(f, g9, ma)=»_ ma(2)(f(z) —9(z))"  (36)
z,2'€Z

HWKAE, LIME 47 S 1E & 5 B A, AR
FETS BT BAREAR o YNGR AR AR R g(2"), (E154E
2o WREBIEE P, B g(2)) = f(ha(2')). XFE
WS B IR AL g {8 v] DATE JR 3 AR B A A RE 11
AR £

WK 30 fios, #5 LIME 78 3 FhA[E 1 CNN
B F X N G T AL A SR i 5 L B AL
KAEFEARE RN 10000, 4 FH 42 5% 5 $0 A S PR 55
B 1% 7 1R RERE R s T 45 SR 43 ) 4K B 1E 1m) A
) DTER AR, HAS RS b ) n A AL RO AN R,
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JRE AR

VGGNet1673 245 5
LIIES
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Fig.30 Example of LIME visualization results on
AlexNet, VGGNet16 and ResNet50 models
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EH PR AN ERE AR

2) Lundberg %5 F| A #2522 1 Shapley &
KGRI, $&H T SHAP J57%. Shapley 18
HHIMN K28 A2 0L 2 1 Shapley S8 $& ) T
fif PR G AR TR P ) 20 O 3504 1) L, AV 2 AUISS A
R . SHAP 777 A AR, 1 4 AN £ i
FREALN G R EZR A R (B i T AN I
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Wk, T A 323 EEAH R R DT MRAEL, B ARRAE X S
SR TR,

A H bR f AR g, H F AN g 3 2
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9(Z) = o+ > _ iz} = f(2) (37)
i=1
K, 2 e {0, 1PM RoRXNAFEHR IS E, M &
NN RFE R BR, ¢ e R RORHE « DRHEM
Shapley 1H, ¢o A2 AR )5 50 Z AR AH
T RO AR E R R R A, LA 3
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1) JREBEREE. BT R — MR 2, iR
TR g (5T g(2) 295 B AR FIO%TH fF(2) R
R
2) B, AN NS AE B Tk, 3
Shapley {4 0, Bl 2/ =0 — ¢; = 0.
3) —EtE. WiR B AR R AR (1R R
FRAE (O DTRG0, T B Shapley i 5738 .
Shapley {E & T 7 IE BH 3 & G 850 SRR, 1]
TE R B B FE AR R IR AR R, AR
# A ME—) Shapley {i. Lundberg 2™ 25 T
HARK) Shapley fHit5H A0, SCHR [79] B4 T L
FhIEAR) SHAP 7775484k, 41 Kernel SHAP. Lin-
ear SHAP. Low-Order SHAP Fl Deep SHAP. }
i, Kernel SHAP #ft /& 28R R () LIME J7i%
5 Shapley {145 4. SHAP 7k MA A T H
PZIE M, ONN Yok 45 L1 m] WAL AN 2 387 H 1
—ANJF I, ST FA L 88 2 SRR [ AR R H05E .

22 SIHSHE

221 $Eoth
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XPEATHRE AT TGN, W3R 3 s, 4r LR B 5 $i5 € a2 A oG I XU R E. CLRP,
6 /N7 1 SCLRP. AM #l CAM X 75 i35 200 X 43P 1]
1) GERL B DX A2 4R B2 ) T RRAL SEBIAR 3% A TT 2.
AR EPS EYSA R e PN I SRS & IPA 3) MR 5B AL, B RIRAT O &
I3 BC— SR R TTRE, EEUE B R OR A CNN S R R ALY B T AL, 7R TR A B R A e
SR E Y R DTRR O A T e m A R IR RKREG TN, TG 75 6 SR AR B 1) 45 4 50 2 H ik
% J& T AR FE R nT AL T . X ) TR — ITARATAE B FE S AT AL N 75 2208 U A 25 Ky I 2
ANV BLAME R 5 5 TR B R DM T o e e 2 Wiy, s R E 2 r AL T7 ik CAM, 77
DX 32 T i o B A TR OB R R B S Ak NSRRI GAP JZ2, 85 BRIl 2R il
Forp AR R I BUE K/ 5 HO6F 9 288 H 4B 52 i) 4) 5580 BF b 0 FNASE AL AN T R0 ). S B T 7
HA—E BILHIC R, H X IEEAE B CNN 1) RS RIAE 1, 5 2 T AR 45 ) I R SR U
St o TTRR R B ). BT ERE B TR RO R RS HO S (55 NS B BT /1) 77
S B T HE I A 22 J8 T X I ) T AR T PRI RIRLAE B A, A Re IR BB Y F g N A e xS
2) BN AH . 38 ) TR 7 VE A K R T PR ARAE B (W8 RS H05F) HA T i
Bl 5 B AR R0 TE G, Ll B2 B3 fa) B4R 5. LIME A1 SHAP J5 ik, HoAth 2y Jyf
AL LRP A DTD 4. i A\ EUE b & B &1l UE RYRHIIG £ 77 1.
SV B AR ER 2 Bl TR T R e AL, BTGV X 4y R A 5) AIARALAR A . ELEE M ERE R 22 TC B0 L =
AR A2 BT H SO0 e A G S0 IX 43 1 T AL T (R ZRAE 2000 55 77 TH R B CNN [FERAE. BAx
VRAE R A ) B SRR DR 1Y), AT AR B N7 A R i) A% 3 AT AR AR 991, 3 DL H 2R ) o BT R,
# 3 A TVERIAE AR
Table 3  Comparison of characteristics of visualization methods
N It gty W sk R SO g TR
TR Ep gl 1e 2l 2014, 2018 X% % Bk BAURE AN LR e JRy
mah R HEn 2017 X 34 & BILR RN LR ES JRH
A B 2019 X 35 & Bk BAYHIM LN JR
VBPE2 % 2010, 2013 4L i Bk BRALWIMT EIREES JA
GBPH 2014 SRS & Bk BRI LR ES JRH
BERES R L% Smooth gradient™ 2017 ik % B BAYHIM LN JR
Integrated gradient® 2017 R AvAES = Bk BT B b K ey
AT Rectified gradient? 2019 s 3 B BRI Lif S JR R
Deconvolution" 2013 KL 5 [EX5 R AN FUEZSTY) = JRi
LRP!™ 2015 il YA & e B LIRS Ji
BRI A \ o )
DTDI 2017 AL & Bk BRI LR ES SR
CLRP®. SGLRP®™ 2018, 2019  4ikifE P B BAYHIM LIRS R
CAM® 2015 X382 Z fEE BRI LIRS JA
Grad-CAM! 2016, 2017 XK P BOLR AR itk SRR
FEWE ! o " , .
Grad-CAM-++ 2018 X 3% & | BRI LTRES JR
Score-CAM 2019 X 2% 2 Bk BRALWIMT LIRES R
! AMPI 2009 YL E 2 [t L] CESPTWE THES ESE]
ok kb . . o n , N ,
DGN-AM® 2016 Ik E 2 BILE BURLWIRNY Ahgon/ih R ES!
JRIEER A 2017 XI5 i fEL BRI 7 SR
R IS HPERE = WALE 2018 [X $5 2% & TEZ BRI = JR R
ESIbE =] — X 3% & EZ BRI =
LIME™ 2016 X382 Z Bk BERUCRTE R LIRS JA
FHoAth 7% ) o . ,
SHAPI™ 2017 L i Bk BRI EhES Jei
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MATRRAG S TR T, e T80 B2 1) 7 1% A R
T B, X 586 TR TR R AL A
Kool JUMRA 5 7 1 A RSP At ] e e 7 ke
A R R B G B . T AN E
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A, HCEE N A0 BOUR PPN i RE 25 2 S 15 &
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SR, BT AL E R e AR A
PLF 34

1) MG BT, ) IR B B Y B A
X3, 20 FHARASF G X 3. AE L& P EARUE T,
AT A G ) DX BT RO 88 H b 11 78 5 R A T
TUAR TR kL 2 BH AT R Ak 28R
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Comparison of the effects of visualization methods. Each input image shows two visualization

results of grayscale and color image

(a) (b) (c) (d)
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Fig.32
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W 25 5 AL H bR AR IO R LR AR AE. STk [84] B FT
FIRFIRAE 13X — i, 35 70 s WEHR R A 52 31 31 e
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Gk, UL RE N ORIRDL . B, RE K
A A5 RARR, (EARRE 5 V2 2430 70 SR A R R SRR
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MIARAE, E 0% B s S A B AT A7, X
MR R R R HINHEA—BWI S,
TCVE B bR 53 SIS 2% I DR SR AR AR

U RRE 1) 725 WA I 830 A S Sk Hh A2 i
o, AHA N Gl R R, A LR RN HseH
S BRI P S SRR, A BB AT N 5L I BRAR 12 I L
FELER )8, 3k i el 5001k,
3.1.2 E=EITH

B B VPG 7 VR R A A BN, T B A
L ATE EHE B AT RAL 45 SR 345 43, AT & L

BAINERIL S, X B9 3 Al R E BT AL
JiiE.

1) 5518 B bR A o0, A B AR € A5 1
FRPRRVEN FTAAL J7 V21 H AR E A7 ROR . BAR 72
9 F B I BB AL PR A B LA BOAAE, SR 5
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over union, IoU). X THEANEML R, IoU > 0.5
TR ERLZ B bR, DU ER 5 Bt
RrEmi A, 1207752 H T PR CAM XK HARIX 7>
PEEUF  BA X AT ARG BOR 1) 772

EH T EE AR (1) W] A 7 B B s A S T
RAKIG R, AR RE & H Rk, B, 0
P50 I PR S A K 22 T8 A AE H AR 1) JR 38 X ek, 3 3
ToU fH S k7N, HEB), ToU {8 Jo7% I W fifRE 45 SR 1)
MF5, RIZAPPEAT T7 5% B — & 1 ey BR A

2) FR AR 6 TR S H bR I R
THE R BOE (2 75 V8 NZ A — A S5 (1)
MEF, 28 NWTE TR MDD 1 IR (# Hit), 75 WA
TEN (# Miss), LA THSREAEAS B ARS8 1) € AR
R Acc = #Hits/(#Hits + #Misses). A5 AN
SN T- SRRt 2 A A B B A A

i )Rk R 2 RE AT I B OB R, TR R
RFE H B AR DX, AR 0 A P b B IS Add
TSRO AN R RE S AT B AP H AT R R i
RAE T B E B s s ) 8, o RAE AT RESK H
WRAE I S R, SO A R AR iR,

3) BENLIEATLS. SCHR [85) 4 Hi B WL AL 38 72,
F T VPAl TR AL 7 925 1) i FH 0 [ R AR o . 70
PIFHBENLAG A 30 — Rl Y S B LA, 158 B
WU Z BRI SR S5 2 S UM B, 56 i
PRRRE T T ATAAG 7 Vi A AR Ak, AR 56277
TR SRR oy — R R B BE LA, X
SRR BEAT BEAL AT LI IR Y, R
FIBRLARZE I AT AAG S5 R HEAT X B, K3 7k 2 5
XoF YN R B b 2 BURK.

BE LA RS 36 RSN T V2 DA AT R 2 o Ik T 3%

F TR 56 AT ARAL 7 V22 15 Re A S IR, AATTTIX
73 RS R S ORI SR B AR 25 TR AN R K T AL
T3 v X PR AN BUR I T AL T IR B SR A S T
— AT TR I A2, 1 3E— AN B R R
Feds. SCER [85) Wi iZ SIS E 7 VBP Ml Grad-
CAM 4G %, 1 GBP Al Guided Grad-CAM %%
AR A5

3.2 Bt

AL TR R E RS CNN BRI S R
[F]. ONN 58 (1) 6 b 4 A2 F5 51 1Y 1 T &5 AN 2=
R A BB i & A48 B B AR A, AR T VR I B
P F A5 TG X P B ), Rl AR AR T V2479 e 6 4
PEAERR A R ERE. ik, AR SOR L8 43 9 A
T2 METE: 1) Bl A T 5 R ik A R 4G R
e % 2) Bl RR g R, MK 2 B 2
®E.
321 REM

AT ARAL T V25 R AR 0 2 i 1E AR TN 52 21 %] 471
BeahiiF, Ar Ak 7 v I ke 45 R e R R AR E T A
KA FERAN. Hodr H T B AR A T 45 R
PEAR 2oq, BALLT 3 AMREAG:

1) X B 2 it sh o J5 15 2065 EHE 2w,
T ade FHXT T 2 BB AAERR S0 _EXE DU, T A2 ||0]] =
l|Zagw — || < € (e RARB/NEE), RIS E EIE
(AR B AN 12

2) BIG 3 RBE f 5 g, B KRG R 21K
RIGEAR, B f(2aan) # f(2);

3) fEREITIE g P A AR 25 AN 2= R o P 8l i
RAERZEZELA, WL g(zaan) =~ g(z).

1K L] LA 20— P 22 LI I T BE I P
7715 (Fast gradient sign method, FGSM)®! Al H
T T AR B T A5 SR, A 56 AT ARAL TV AR 4
REB R . FGSM F B L J7i2:, 8
IO H N G K e KA % R, (B A = A R
o S NESE i PO PVAOE TN AR IS PO ETIN SR8
FGSM T e an T

Tado = T + € 5ign (Vg J (0, z, f(z))) (38)

K, Vo (0, @, f(x)) a5 B ST NATUESE 5 i
B sign(.) RoRFET R, MR BA R IE U 41 5
—1. e X3 £ FGSM 1) B ki B an 1 33
. H, e ZoRAEIR, f(x) ISR “Panda”,
BEHENST.T%. HBhE KN e = 0.07. &3t
“Nematode” L3N 5, #3015 1 B BARTEAL G 1
{I5°4 “Panda”, (HEI#: 532N “Gibbon”, HE(FE
ik 99.3%.
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Fig.33

FGSM A oxt HirEA i 2
The process of generating adversarial
example by FGSM®

SCHR [63] F1SCHR [66] A FGSM X Hu i A<l
B Grad-CAM A B 2R B0 BRI FSE v, Wi 34
Fiw. B 34(a) F1 (b) 73l Zos IR EIA BT IR, JR
B 43245 BN Boxer: 0.40, Tiger Cat: 0.18. Xf#1
FME R 43 2545 B8 Aidrliner: 0.9999. 7E K 34(c)
HMIE 34(d) o, XX, EH Grad-CAM 7
A%} Boxer (Dog) Al Tiger Cat (Cat) BT & LR,
mr LLAG € Hh 4k HAH O¢ H AR X ek, R4S G IS 3 7 Ao
HARM 2 KBS EIEF K. XKW Grad-CAM 7=
A IR AT — 8 AR E I, T DAARBT AT R AR L i
M R Hr .

Boxer: 0.40  Airliner: 0.9999 Boxer: 1.1x102  Tiger Cat:

Tiger Cat: 0.18 6.5%x10°17
(a) (b) (© (@

Bl 34 {1 FGSM X HFEAMNNK Grad-CAM [yfsE P
((a) JRIE; (b) X HiEE; (c) Grad-CAM “Dog”;
(d) Grad-CAM “Cat”)
Fig.34 Using FGSM adversarial example to test the
stability of Grad-CAM®™ ((a) Original image;
(b) Adversarial image; (¢) Grad-CAM “Dog”;
(d) Grad-CAM “Cat”)

FRUEP I 2 — Rl ay W04k 7 v AR s I T ¥
{ESTHR [88] WMy, AT 7y S SR 7 B W i, A
Reah N M Bl A o 4k B SO T O, R T
TR NAZ SR BT 1) 73 2R 485 AT AR, T AN B AR 5
JE R IR ANAR | IXFE A 2 — b S S P A B .
P AT AL SRR AR PRI T v A B A AT —
SEBE ). AR Fh R R B AR 4 SR 2 5
TP REE RS B, SCHR [88] A AT AL AL 7 92k A
TS HOREA, TR B L i 5 3 2 25 SR AL
3.2.2  IERIEME

AR T ¥ R B 2 i TR iR 2

BN HTBCT I, R 4 B RE 5 HE T I P I O 12 1 5L
o, VR SR ST fERE.

SCHR [89] i H, AT ARAL 7 R A R 5 2 B AT LA
S YNISR: ANIPS TN ¥ N T W BB Ok DA )
b DA SE PN, A Y 4% 1 S I LR R AN AR
0 BT DA AT B o R U, X R A
A B 0 AN AR AR T 5 SR T A X T 4 SR
PIARRE . T o vl ARAL 5 ¥ i) ke 45 R X ke
K xogy BALLT 3 ANRE

1) %R 2 itk sh 6 J5 15 2055 5t EE 2 aa.-
T ado FHXT T 2 FIRAAERL ST _EHE DU, i A2 [|0]] =
|| Tado — || < & (e RARE/NEE), RS G BB
IR AN AL

2) FUE 73 BBERL f X gq, 53
22, B f(2aaw) = f();

3) MR VL g IR AE IR R S5 R g(20a0) FHAR T
P AR T AR AL g (), 32 M 25 D R PRI AR R 45 S,
RIS 2 g(@ade) # g(2).

— o LY ) AT AR 5 SR s v 1] 35
Fron, B 35 1 3 A~ CNN KR [A]— AN R R 1 7l
5 CNN. i, Con Rpxlix M REGEE,
Exp x0T B RS 8 34 7 R ZE I RAF NLR,
X 5T BRI 73 B AR f (T aqy) BT IR B 70 2K 45
R f(z), MRS R g(zaa) WIELT H br KR
R g(@rarger), WA HARER S P I IIAUAT:

loss = >\1||g($adv) - g(wtarget)Hz‘f'
N[ f(Zadw) — f(m)HQ (39)

A, parger T T SRS B B Ax EIUZ,
M RN N 2 5 AL E S50

B g R 36 fros, B 36(a) N H AR EME
Trarget, B 36(b) NIEE x, B 36(c) Xt ot EE
Taaw, E 36(e) ~ (g) 73RN LI 525 .
36 WTLLEH, g(Teqn) #2155 5 11 9(Ttarget) s N
H— R SIFER. SRR, f(@oq,) BIEEARREFAE.

xof 18 FH Bl AL A 46 A 1 i TR A e ) et 4 AR
B 36(d), [FIFERT DUE Bk Boas 77 vk, 6 R )
B 36(h) BE75 S B bR E R REREE 36(e), J&
B I BRI B U AR B B AR 55 1018 S B &,
Iy R AR 36(d) HI4r2REE B 36(b)
i, RS R 5 K 36(e) AT, HXTHTEME K 36(d)
AR b AR — M e 7 R AT, 2 R
T3 E TR G e 0 IR AETE IR, i R T AR
IX — [ R SR PR 3 BT AT PE AR 2R 2 oL,

IR HTROR, TR G OR B R 4
RERWRFFAZIIE T, £ExE o 285 R0 ffRE
KR DA B I O T e T A 5 E AR AR, SR BT

RERIERA
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Exp = Dog

Con = Dog
(99%)
Con i1k
Con =7
Exp #ik ~
Exp = Cat

Con = Cat

Con = Dog
(89%)

>~ Exp = Cat

Exp =7

H bz (98%)
K35 AFXTAr AL S R A Bt
Fig.35 Attacks on the visualization results

WAL TT AR G (AT . SCHR [91] M5 —F 8
B A, EET RO R S A, R s A
RITIIN 25 R B AL, (B i R4l R Al AR =5
S SCHR [92] X B RS TR BT SR 04 O fORE 1 5 e 1k
BEAT T VP, AR BLE I G XA — XU
AT AR PR AL R A AR, R IBLA Y A
R SR S R B AR MR IE AT, TR AN I
VEXd. 5 —J5 i, v 7RI AT T iR B R,
HA SR 5, SCRR 93] K 2 25 1R F 2R AL
b, RPN ZREEBEAT et 1 5, AT 2R A RS
PRIERT AR,

4  AIMEBIRMA

41 IEMEEERIER

FAE AT AL FE AR CNN BER [ —Ff 8 B8 1%,
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I, TAEAILGE I A5 AR o 24 By 5 A 5 1 8 A G 1
FURIX 8. LRP JAAE il S5 17 A Hi AN i 44 5 1]
2% 1)UL 5 O, T AR AR P A T T A P R A0
. Rk, EANOE N T EBIR B SS 1 R
B, BT DU T AT ML s 8 28 15 5 IR0 S5 4E
55, NIX LUK BT U E SR O 15— AR AR Y
iR,

4.2 LEEMKLKLE

£ ONN 2 JR g it b, T
LA T AL BE A W 44T 75 )2 AR 2 0 BB, A
M AT CNN [ 22 3] R B RUE R T LoD K5 E 2
SRR R IA BB, SCHR [13] AT =G
TR AT AR AL T %) AlexNet P EBOE 4T 0 Hr 5
ok, i T ZFNet, 3873 1 2013 4F ImageN-
et AR R B/ RAES R A P TR AT AL
(VR XT A B s 7 X, IR KRR FE FiE s 7B H
2 ERAR. STk [95] R 5 T80 FE (0 T A 7 i
7T BB O UL SR BRI Bt 20, 5 s A
HEATSHUPE 2 30 STk [88] el P 5 2 4 g i A
SHTUREAS | TRt G A R A2 B By, Sk [72] 16
Grad-CAM 7= A= (1) 0 R WL 5% ) 2% v 1] J2 3%
fIE, 43 B0 B AN ) 5 P T T X S 2R )11 2255 2R 1) 2
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(b) Original image x
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(a) Target image ,,,,,

(b)

(e) EAREIAREE o(a,.,.)
(e) Explanation g(a,,,.) of
the target image

(f) JE B AR g ()
(f) Explanation g(x) of
the original image
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Fig. 36

i/ Grad-CAM A2 i H VB T IR A v 5 5
F, R BB I AR 2 X, JE A HEE 1)
P& S T T B BOR R B I R AN HE R, SCHR [96] #5
CAM ik G il 2| B R A i) B i iR,
Gl AR IEIIHS H AR 18] R PR X, A
T B2 T P e AR R o 2401 P v

Hth7 5

B 7 X% CNN A& & R 52 W, Al AL 77k
7EHANAT S5 B AW R 51, 1 CAM
Grad-CAM J7iE7E 55 B B br e fiAE %% EIAS 1
BT U HRCR. SCHER (93] 3 BIRR TR EE TS
PR 5 1= A 1 S 35 B R S 36 N 55 1 B ) )
FMES b TR AU T T, AT T VR RE s SR T
HHERE RGeSk 45 R B LT AR AR B RE 1)
SEA RSP AT FRRE AR S0, X T 5 Bl 2 oo
DA g ey 10 S Aiek,, T 0 e AT X - R 5 I
6 1 7 52 B8 0%, T ARAR 5 50 1 e 453 2 F (1)
P Sz Hy 25 % B

4.3

5 FENMERRERES
51 HENSHBRE

AR, CNN RAE AT WAL SR TR %

(g) Explanation g(x,,) of the

BEHLAI AR 1 I P A A
TIPS EANEEES
(d) Adversarial image generated by
randomly initialized input image

(c) X% =,

(¢) Adversarial image x,,,

(d)

(2) XTUEIEBIRRE o(2,0.) (h) BRI AR
(h) Explanation of the

adversarial image adversarial image

fiEH GAN AR B AR BB 735 LRP 2 2 & i i >
Using the target image generated by GAN to induce an attack on the LRP saliency map®™ *!

WEFE AR T ST AL 715, B HESh T 140
W R (BATY AR — el o 1) B R R, AT
XPIFEAT T VSN, FE AT T AR AT BB T .

1) X0l AL 7V, AR AE MRS | ARoE Ve iR
RE 1A PR A5 1) 4.

TN 2 R AT AL T VR S LR R B, 25
ATAAL T VA O R B o — e e 7 | I e
A () B R B B S — O B TR B, TR A [+
BB () AT AL R AN R AR R, A L2 R Pl g BB
ST RN T 7 00 2 2, T 9 0 TR L AN TS 4
945 5t — B AR 7T, BRAh, X 241 540
El%. 2 Hirst, /D BEARBEGEE, 2R THRAIA &
TE TH 0 I L AF T I PR BE 20 3R, T AAL 7 V2 IR A R
ORI — B U, KRR TT RE I 7L A2 rT AL
Tk HAB R TR S A, DAS R TR AS [R] £A
PR DT % il B — mT A 7 V2 R AR 32 TR
1] 7] 8.

2) XF T A ML R VP4, A7) R ERAR HE S — (1)
PEAG T

H ATR MR 205&E F 1K 2 BT A i DAl
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FhOTVESS R ARBREY M IEAMIE, S S AT
PRAL TV R 6t SR 22 0 K. R AR 2 T AL
Ji vk B B ERE B Z E W e A e S L, S
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s R LLEACLLEL. IR AT BAN “RI Rt fOHE
SR, G B TR TR R RS AR, IS TR A
WEE RV Rt A 7 KYE. R, e ] DUARYE AT
AR T3 377 2 B TR0 B Ry RUGEEAT 20 S0P, BE3K
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AL A RE.

IR TT 52 L 0 R e 26 H bR e AL K&
Sy R AT 55 RS, e SCBL 2 H As R
B XHEPRX . B0, “Cat” Ml “Dog” HAR A&
NV, AERAETE X L JE T WS A E P R sh 4.
TS T “Cat” X —3h4), SKHLRIAS[E] A
AR R 2K, SZIRT 0 KR4 B St e, W]
WAL TEAR SR B T X 20 H AR B 40194540, Lot
PR BCR AR B A IR, L2500 T AR B b5 AT #Ak
RORIGZAN R, 5 AT E WL 5% K S e e 0 A 22
Buze . X — ) R E VR AT DU S A R 5 T S R
FHEE B IR AR R O AR SSCR. o T LA A X LA
A Atz AL, Hi BN LA B AR T T S
B (ELame BB 0 H IR #E), fefs el
SEAF IR R

4) X TRl AR RS X S A&, B BF 7T R
R IR 5 T 45 RICVEAH ELEHEE.

B EE, —Ases n R MR AT LUE A P A
o P15 B R A0 TN 45 2R, T H R A AT AL AL
TIEAR&IX /71, (RE TN 45 5 45 21
B R, T 125 AR 405 A SR HE IR L ASE 7R f 000, B
P T FA) R B EAIE 5K 3R A B SR SR
WERATRA T iR 45 T AR RO RRE, (X — RS
U5 B PP AR A8 T 5 SR DN Fr) TR AR, gk i i
RS TR AT S, IOR N HOR GRS
BRI, 5 BE AR 36 A 45 SR HE W P 25 2R, O B4
EE AR TN 25 SR AN S bR TN 45 RASAHAT &, AT aE i
BE— D M R I A AE R TR, AT ST 0t
AL T R B AT
52 FHRIEFRMKE

AR, AR N TR REUS T 2 2 W N T
BRI L 2 ) A AR 1) R, Hrh VR 238 S BISRAE
AL T AT RIE AE, Ao

1) IJCAT 2020 Tutorial on Trustworthiness
of Interpretable Machine Learning;

2) CVPR 2020 Tutorial on Interpretable Ma-

chine Learning for Computer Vision;
3) ICCV 2019 Workshop on Interpretating

and Explaining Visual Artificial Intelligence Mod-
els;

4) ICLR 2019 Workshop on Safe Machine
Learning;

5) CVPR 2019 Workshop on Explainable AI;

6) AAAT 2019 Workshop on Network Inter-
pretability for Deep Learning;

7) IJCAT 2018/2017 Workshop on Explain-
able Artificial Intelligence;

8) ICML 2018 Workshop on Human Inter-
pretability in Machine Learning;

9) NIPS 2017 Interpretable Machine Learn-
ing Symposium.

R A BNRE T ] RREARR L 2 STRIE U AR R 3
LRIRSCHER, XF & SCHRI N A A 7 A4, H
TS CNN RAE AT AL A AE 5 A 2.

# 4 CNN RAEHALAE R LRR SCER G v
Table 4 Review literature statistics related to CNN
representation visualization
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[108] 2020 B 2 B m] e Ak

[109] 2020 TRPESE 2 AR R

[110] 2020 PN A o

[111] 2020 N R T R 1

5.3 FERIER

CNN A AL A SCHFJE T 2, — 28 a8/ 58 N i
7£ GitHub &M 5 1 2 Fho7ik g & mARE A,
TR RAE AT AL 7T ST # 2 At AR 55 H B A
H LA

SCHER [103] XF 2016 4F BT B9 AT AAL 7 V24 T
TEAHTABER 4r R BB H o 207 4 s B
ANBITTIE (BT T7E) R TTEME
BEARIITE (WBEeE R ITE) =K. MR x L
FiFEH R THT MatConvNet HEZLM2 ) CNN H]
WAL T EAL FeatureVis, i&H T Matlab “F& L1
CNN HJ#AL.
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SCHLT 10 AT T, B T (n
VBP. GAP. Smooth gradient. Integrated gradi-
ent 55) MSRFOH WG J7% (40 Grad-CAM. Score-
CAM %5). ZIFHE 5T PyTorch HESE, CL& 1T
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FEE BT SRS,

B E R AR  Kim!"™ KA T 3T Tensor-
flow HEZLH FTREAL PRI 60, 25 60,35 B 2K 07
2. CAM K75 % Wil e KA T VRS , IR PRA )
il I ORE , X 2% A 77 925 1) S B B S L R A 4R 4
B, @Ay .

BEAN, i B T2 B ) Wang 4501 S23) 1
Xt CNN 2% 1232 BRI Ak, Alxt CNN [ 2% 4%
JERIEAR WOE M AGERA R Bs At 1) 22 o I 2
E R BEAT e e, SO Ak BN B
SN W% 2% 2 B I 1) S R AT L. AR TR
B2 RIET ONN W2 Bdm i ngE ), R
CNN i) JRHFAERTE X, (B RARF AR T 2% CNN
T PN FRRALL.

6 ZERIE

AICHIGE CNN RALT LWL, PEARATEE 1
AT RAR R IR SCHR, MIERIEME S K N
WITER 5y 2R LU ORI VPG K 2 FH 25 5 T 2t
17 T VR 4. S, XEH L AT AR T 9 ) 0 2R
A RA S E RN A, % AT 15 F
FOENLRE, A9 78— RINENR A, X e
HIRCRIEAT 1 HUER. B Ja, R AT A7 A8 O HE R
AR BT T A T E AR 2.

B LA P AL FURIER N, AT CNN
RFAIE 2 >3 A0 TS0 AL ) AR 2R e 2 BE IR 2. R
ot AT AR MR IR A AN A S T, AR EATTI
SCEVERR, AWHESI AT R IR 2 ST A .
FEARAR I AT BRI SEWIIRI R R BE 2 3] i

References

1 Krizhevsky A, Sutskever I, Hinton G. Imagenet classification
with deep convolutional neural networks. In: Proceedings of the
26th Annual Conference on Neural Information Processing Sys-
tems. Lake Tahoe, Nevada, USA: 2012. 1106-1114

2 Deng J, Dong W, Socher R, Li L, Li K, L F. ImageNet: A large-
scale hierarchical image database. In: Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Miami Beach, Florida, USA: 2009. 248-255

3 Lin T, Maire M, Belongie S J, Hays J, Perona P, Ramanan D,
Dollar P, Zitnick C L. Microsoft COCO: Common objects in
context. In: Proceedings of the 13th European Conference on
Computer Vision. Zurich, Switzerland: 2014. 740-755

4 Li M, Zhang T, Chen Y, Smola A J. Efficient mini-batch train-

10

11

12

13

14

16

17

18

ing for stochastic optimization. In: Proceedings of the 20th
ACM SIGKDD International Conference on Knowledge Discov-
ery and Data Mining. New York, USA: 2014. 661-670

Hinton G E, Srivastava N, Krizhevsky A, Sutskever I,
Salakhutdinov R R. Improving neural networks by preventing
co-adaptation of feature detectors. arXiv preprint, 2012, arXiv:
1207.0580

Nair V, Hinton G E. Rectified linear units improve restricted
boltzmann machines. In: Proceedings of the 27th International
Conference on Machine Learning. Haifa, Israel: 2010.807-814

Liu Ying, Lei Yan-Bo, Fan Jiu-Lun, Wang Fu-Ping, Gong Yan-
Chao, Tian Qi. Survey on image classification technology based
on small sample learning. Acta Automatica Sinica, 2021, 47(2):
297-315

(XU, WO, e, R, ANTHE, BA. BT MERRES
MR REAR R, HAMEAER, 2021, 47(2): 297-315)

Goodfellow I, Bengio Y, Courville A. Deep Learning. Cam-
bridge, The MIT Press, 2016.

LeCun Y, Bottou L, Bengio Y, Haffner P. Gradient-based
learning applied to document recognition. Proceedings of The
IEEE, 1998, 86(11): 2278-2324

Maas A L, Hannun A Y, Ng A Y. Rectifier nonlinearities im-
prove neural network acoustic models. In: Proceedings of the

30th International Conference on Machine Learning. Atlanta,
USA: 2013.

He K, Zhang X, Ren S, Sun J. Delving deep into rectifiers: Sur-
passing human-level performance on imageNet classification. In:
Proceedings of the IEEE International Conference on Com-
puter Vision. Santiago, Chile: 2015. 1026-103

Lin Jing-Dong, Wu Xin-Yi, Chai Yi, Yin Hong-Peng. Struc-
ture optimization of convolutional neural networks: A survey.
Acta Automatica Sinica, 2020, 46(1): 24-37

(PRFEHR, AR, 588, FEM. ERmamgsimiiisig. 8
FEFEIR, 2020, 46(1): 24-37)

Zeiler M D, Fergus R. Visualizing and Understanding Convolu-
tional Networks. In: Proceedings of the 13th European Confer-
ence on Computer Vision. Zurich, Switzerland: 2014. 818-833

Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, et
al. Going deeper with convolutions. In: Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion. Boston, USA: 2015. 1-9

Simonyan K, Zisserman A. Very deep convolutional networks
for large-scale image recognition. arXiv preprint, 2014, arXiv:
1409.1556v6

He K, Zhang X, Ren S, and Sun J. Deep residual learning for
image recognition. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas, USA:
2016. 770-778

Huang G, Liu Z, Maaten L, Weinberger K Q. Densely connec-
ted convolutional networks. In: Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition. Hon-
olulu, Hawaii, USA: 2017. 22612269

Hu J, Shen L, Sun G. Squeeze-and-excitation networks. In:
Proceedings of the 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Salt Lake City, USA: 2018.
7132-7141

Montavon G, Samek W, Miiller K R. Methods for interpreting
and understanding deep neural networks. Digital Signal Proce-
ssing, 2018, 73: 1-15


https://doi.org/10.1109/5.726791
https://doi.org/10.1109/5.726791
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/5.726791
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1016/j.dsp.2017.10.011
https://doi.org/10.1016/j.dsp.2017.10.011

8

L] Al OCAE: BN 2 KA P AL T 45k

1917

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

Gilpin L H, Bau D, Yuan B Z, Bajwa A, Specter M, Kagal L.
Explaining explanations: An approach to evaluating inter-
pretability of machine learning. arXiv preprint, 2018, arXiv:

1806.00069

Mitros J, Namee B M. A Categorisation of post-hoc explana-

tions for predictive models. arXiv preprint, 2019, arxiv:

1904.02495

Baehrens D, Schroeter T, Harmeling S, Kawanabe M, Hansen
K, Miiller K R. How to explain individual classification de-
cisions. Journal of Machine Learning Research, 2010, 11(61):
1803-1831

Simonyan K, Vedaldi A, Zisserman A. Deep inside convolution-
al networks: Visualising image classification models and sali-
ency maps. arXiv preprint, 2013, arXiv: 1312.6034

Li O, Liu H, Chen C, Rudin C. Deep learning for case-based
reasoning through prototypes: A neural network that explains
its predictions. In: Proceedings of the 32nd AAAI Conference
on Artificial Intelligence. New Orleans, USA: 2018. 3530-3537

Arik S O, Pfister T. ProtoAttend: Attention-based prototypic-
al learning. Journal of Machine Learning Research, 2020,
21(210): 1-3

Gulshad S, Smeulders A. Explaining with counter visual attrib-
utes and examples. In: Proceedings of the 2020 International
Conference on Multimedia Retrieval. Dublin, Ireland: 2020:
35-43

Hendricks L A, Akata Z, Rohrbach M, Donahue J, Schiele B,
Darrell T. Generating visual explanations. In: Proceedings of
the 14th European Conference on Computer Vision. Amster-
dam, Netherlands: 2016. 3-19

Vinyals O, Toshev A, Bengio S, Erhan D. Show and tell: A
neural image caption generator. In: Proceedings of the 28th
IEEE Conference on Computer Vision and Pattern Recogni-
tion. Boston, USA: 2015. 3156-3164

Anderson P, He X, Buehler C, Teney D, Johnson M, Gould S,
et al. Bottom-up and top-down attention for image captioning
and visual question answering. In: Proceedings of the 2018
IEEE/CVF Conference on Computer Vision and Pattern Re-
cognition. Salt Lake City, USA: 2018. 6077-6086

Zhang Q, Wu Y N, Zhu S C. Interpretable convolutional neur-
al networks. In: Proceedings of the 2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Salt Lake
City, USA: 2018. 8827-8836

Wan A, Dunlap L, Ho D, Yin J, Lee S, Jin H, et al. NBDT:
Neural-backed 2020,
2004.00221

decision trees. arXiv preprint, arxiv:

Ming Y, Cao S, Zhang R, Li Z, Chen Y, Song Y, et al. Under-
standing hidden memories of recurrent neural networks. In:
Proceedings of the 2017 IEEE Conference on Visual Analytics
Science and Technology (VAST). Phoenix, Arizona, USA:
2017. 13-24

Strobelt H, Gehrmann S, Pfister H, Rush A M. LSTMVis: A
tool for visual analysis of hidden state dynamics in recurrent
neural networks. IEEE Transactions on Visualization and Com-
puter Graphics, 2018, 24(1): 667—-676

Karpathy A, Johnson J, Li F. Visualizing and understanding
recurrent networks. arXiv preprint, 2015, arXiv: 1506.02078

Arras L, Montavon G, Miiller K R, Samek W. Explaining re-
current neural network predictions in sentiment analysis. In:
Proceedings of the 8th Workshop on Computational Ap-

36

37

38

39

40

41

42

43

44

45

46

47

48

49

51

proaches to Subjectivity, Sentiment and Social Media Analysis.
Copenhagen, Denmark: 2017. 159-168

Ding Y, Liu Y, Luan H, Sun M. Visualizing and understanding
neural machine translation. In: Proceedings of the 55th Annu-
al Meeting of the Association for Computational Linguistics.
Vancouver, BC, Canada: 2017. 1150-1159

Liu Jian-Wei, Xie Hao-Jie, Luo Xiong-Lin. Research progress
on application of generative adversarial networks in various
fields. Acta Automatica Sinica, 2020, 46(12): 2500—-2536
(RS, AN, BB, AR U ) 25 7E %5 U R FH A 5 0t e
H 1L, 2020, 46(12): 2500-2536)

Chen X, Duan Y, Houthooft R, Schulman J, Sutskever I, Ab-
beel P. InfoGAN: Interpretable representation learning by in-
formation maximizing generative adversarial nets. In: Proceed-
ings of the 30th International Conference on Neural Informa-
tion Processing Systems. Barcelona, Spain: 2016. 2180-2188

Radford A, Metz L, Chintala S. Unsupervised representation
learning with deep convolutional generative adversarial net-
works. arXiv preprint, 2015, arXiv: 1511.06434

Zhu J Y, Kriéhenbiihl P, Shechtman E, Efros A A. Generative
visual manipulation on the natural image manifold. In: Pro-
ceedings of the European Conference on Computer Vision. Am-
sterdam, Netherlands: 2016. 597-613

Shen Y, Gu J, Tang X, Zhou B. Interpreting the latent space
of GANs for semantic face editing. In: Proceedings of the 2020
IEEE/CVF Conference on Computer Vision and Pattern Re-
cognition. Virtual Event: 2020. 9243-9252

Zhou B, Khosla A, Lapedriza A, Oliva A, Torralba A. Object
detectors emerge in deep scene CNNs. arxiv: 1412.6856, 2014.

Petsiuk V, Das A, Saenko K. Rise: Randomized input sampling
for explanation of black-box models. arXiv preprint, 2018, arx-
iv: 1806.07421

Fong R C, Vedaldi A. Interpretable explanations of black boxes
by meaningful perturbation. In: Proceedings of the 2017 IEEE
International Conference on Computer Vision. Venice, Italy:
2017. 3449-3457

Agarwal C, Schonfeld D, Nguyen A. Removing input features
via a generative model to explain their attributions to classifi-
er’s decisions. arXiv: 1910.04256, 2019.

Chang C H, Creager E, Goldenberg A, Duvenaud D. Explain-
ing image classifiers by counterfactual generation. In: Proceed-
ings of the 7th International Conference on Learning Repres-
entations. New Orleans, USA: 2019.

Fong R, Patrick M, Vedaldi A. Understanding deep networks
via extremal perturbations and smooth masks. In: Proceedings
of the IEEE International Conference on Computer Vision.
Seoul, Korea: 2019. 2950-2958

Wagner J, Kohler J M, Gindele T, Hetzel L, Wiedemer J T,
Behnke S. Interpretable and fine-grained visual explanations
for convolutional neural networks. In: Proceedings of the 2019
IEEE/CVF Conference on Computer Vision and Pattern Re-
cognition. Long Beach, USA: 2019. 9097-9107

Vedaldi A. Understanding models via visualizations and attri-
bution [Online], available: https://interpretablevision.github.io/
slide/icev19 vedaldi_slide.pdf, 2019.

Springenberg J T, Dosovitskiy A, Brox T, Riedmiller M A.
Striving for simplicity: The all convolutional net. arXiv pre-
print, 2014, arXiv: 1412.6806

Sundararajan M, Taly A, Yan Q. Gradients of counterfactuals.


https://doi.org/10.1109/TVCG.2017.2744158
https://doi.org/10.1109/TVCG.2017.2744158
https://doi.org/10.1109/TVCG.2017.2744158
https://interpretablevision.github.io/slide/iccv19_vedaldi_slide.pdf
https://interpretablevision.github.io/slide/iccv19_vedaldi_slide.pdf
https://doi.org/10.1109/TVCG.2017.2744158
https://doi.org/10.1109/TVCG.2017.2744158
https://doi.org/10.1109/TVCG.2017.2744158
https://interpretablevision.github.io/slide/iccv19_vedaldi_slide.pdf
https://interpretablevision.github.io/slide/iccv19_vedaldi_slide.pdf

1918

H Zlj

¥ i

48 %

54

55

56

57

59

60

61

62

63

64

65

66

arXiv: 1611.02639, 2016.

Smilkov D, Thorat N, Kim B, Viegas F B, Wattenberg M.
Smoothgrad: Removing noise by adding noise. arXiv preprint,
2017, arXiv: 1706.03825

Sundararajan M, Taly A, Yan Q. Axiomatic attribution for
deep networks. In: Proceedings of the 34th International Con-
ference on Machine Learning. Sydney, NSW, Australia: 2017.
3319-3328

Kim B, Seo J, Jeon S, Koo J, Choe J, Jeon T. Why are Sali-
ency maps noisy? Cause of and solution to noisy saliency maps.
In: Proceedings of the 2019 IEEE/CVF International Confer-
ence on Computer Vision Workshop. Seoul, Korea: 2019.
4149-4157

Hooker S, Erhan D, Kindermans P J, Kim B. A benchmark for
interpretability methods in deep neural networks. In: Proceed-
ings of the Annual Conference on Neural Information Pro-
cessing Systems. Vancouver, Canada: 2019. 9737-9748

Ancona M, Ceolini E, Oztireli C, Gross M. Towards better un-
derstanding of gradient-based attribution methods for Deep
Neural Networks. In: Proceedings of the 6th International Con-
ference on Learning Representations, Vancouver, BC, Canada:
2018.

Rieger L, Hansen L K. Aggregating explanation methods for
stable and robust explainability. arXiv: 1903.00519, 2019.

Bach S, Binder A, Montavon G, Klauschen F, Miiller K,
Samek W. On pixel-wise explanations for non-linear classifier
decisions by layer-wise relevance propagation. PLOS One,
2015, 10(7): 0130140

Gu J, Yang Y, Tresp V. Understanding individual decisions of
cnns via contrastive backpropagation. In: Proceedings of the
14th Asian Conference on Computer Vision. Perth, Australia:
2018. 119-134

Iwana B K, Kuroki R, Uchida S. Explaining convolutional
neural networks using softmax gradient layer-wise relevance
propagation. In: Proceedings of the 2019 IEEE/CVF Interna-
tional Conference on Computer Vision Workshop. Seoul,
Korea: 2019. 4176-4185

Montavon G, Lapuschkin S, Binder A, Samek W, Miiller K R.
Explaining nonlinear classification decisions with deep Taylor
decomposition. Pattern Recognition, 2017, 65: 211-222

Zhou B, Khosla A, Lapedriza A, Oliva A, Torralba A. Learn-
ing deep features for discriminative localization. In: Proceed-
ings of the 2016 IEEE Conference on Computer Vision and
Pattern Recognition. Las Vegas, USA: 2016. 29212929

Selvaraju R R, Cogswell M, Das A, Vedantam R, Parikh D,
Batra D. Grad-CAM: Visual explanations from deep networks
via gradient-based localization. In: Proceedings of the IEEE In-
ternational Conference on Computer Vision. Venice, Italy:
2017. 618-626

Selvaraju R R, Das A, Vedantam R, Cogswell M, Parikh D,
Batra D. Grad-CAM: Why did you say that? arXiv preprint,
2016, arXiv: 1611.07450

Chattopadhay A, Sarkar A, Howlader P, Balasubramanian V
N. Grad-CAM++: Generalized gradient-based visual explana-
tions for deep convolutional networks. In: Proceedings of the
2018 TEEE Winter Conference on Applications of Computer
Vision. Lake Tahoe, Nevada, USA: 2018. 839-847

Wang H, Du M, Yang F, Zhang Z. Score-CAM: Improved visu-
al explanations via score-weighted class activation mapping.

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

arXiv preprint, 2019, arXiv: 1910.01279

Patro B, Lunayach M, Patel S, Namboodiri V. U-CAM: visual
explanation using uncertainty based class activation maps. In:
Proceedings of the 2019 IEEE/CVF International Conference
on Computer Vision. Seoul, Korea: 2019. 7444-7453

Omeiza D, Speakman S, Cintas C, Weldermariam K. Smooth
Grad-CAM++: An enhanced inference level visualization tech-
nique for deep convolutional neural network models. arXiv pre-
print, 2019, arXiv: 1908.01224

Nguyen A, Yosinski J, Clune J. Deep neural networks are eas-
ily fooled: High confidence predictions for unrecognizable im-
ages. In: Proceedings of the 2015 IEEE Conference on Com-
puter Vision and Pattern Recognition. Boston, USA: 2015.
427-436

Mahendran A, Vedaldi A. Visualizing deep convolutional neur-
al networks using natural pre-images. International Journal of
Computer Vision, 2016, 120(3): 233-255

Yosinski J, Clune J, Nguyen A M, Fuchs T J, Lipson H. Un-
derstanding neural networks through deep visualization. arXiv
preprint, 2015, arXiv: 1506.06579

Woo S, Park J, Lee J Y, Kweon I S. CBAM: Convolutional
block attention module. In: Proceedings of the European Con-
ference on Computer Vision. Munich, Germany: 2018. 3-19

Li K, Wu Z, Peng K C, Ernst J, Fu Y. Tell me where to look:
Guided attention inference network. In: Proceedings of the
2018 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City, USA: 2018. 9215-9223

Fukui H, Hirakawa T, Yamashita T, Fujiyoshi H. Attention
branch network: Learning of attention mechanism for visual ex-
planation. In: Proceedings of the 2019 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Long Beach,
CA, USA: 2019. 10705-10714

Zhang J, Lin Z L, Brandt J, Shen X, Sclaroff S. Top-down
neural attention by excitation backprop. In: Proceedings of the
European Conference on Computer Vision. Amsterdam, Neth-
erlands: Springer, 2016. 543-559

Hua Y, Mou L, Zhu X X. Recurrently exploring class-wise at-
tention in a hybrid convolutional and bidirectional LSTM net-
work for multi-label aerial image classification. ISPRS Journal
of Photogrammetry and Remote Sensing, 2019, 149: 188—199

Li J, Lin D, Wang Y, Xu G, Ding C. Deep discriminative Rep-
resentation learning with attention map for scene classification.
arXiv preprint, 2019, arXiv: 1902.07967

Ribeiro M T, Singh S, Guestrin C. Why should I trust you?
Explaining the predictions of any classifier. In: Proceedings of
the 2016 Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Demonstrations. San
Diego, USA: 2016. 97-101

Lundberg S M, Lee S I. A unified approach to interpreting
model predictions. In: Proceedings of the 31st International
Conference on Neural Information Processing Systems. Long
Beach, USA: 2017. 4768-4777

Shapley L S. A Value for N-Person Games. Contributions to
The Theory of Games (AM-28). Princeton: Princeton Univer-
sity Press, 1953. 2: 307-317

Erhan D, Bengio Y, Courville A, Vincent P. Visualizing Higher-
layer Features of a Deep Network, Technical Report 1341, De-
partment of Computer Science and Operations Research, Uni-
versity of Montreal, Canada, 2009


https://doi.org/10.1016/j.patcog.2016.11.008
https://doi.org/10.1007/s11263-016-0911-8
https://doi.org/10.1007/s11263-016-0911-8
https://doi.org/10.1016/j.isprsjprs.2019.01.015
https://doi.org/10.1016/j.isprsjprs.2019.01.015
https://doi.org/10.1016/j.patcog.2016.11.008
https://doi.org/10.1007/s11263-016-0911-8
https://doi.org/10.1007/s11263-016-0911-8
https://doi.org/10.1016/j.isprsjprs.2019.01.015
https://doi.org/10.1016/j.isprsjprs.2019.01.015

8

L] Al OCAE: BN 2 KA P AL T 45k

1919

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

Nguyen A, Dosovitskiy A, Yosinski J, Brox T, Clune J. Syn-
thesizing the preferred inputs for neurons in neural networks
via deep generator networks. In: Proceedings of the Annual
Conference on Neural Information Processing Systems. Bar-

celona, Spain: 2016. 3387-3395

Ozbulak U. PyTorch CNN Visualizations [Online|, available:
https://github.com/utkuozbulak /pytorch-cnn-visualizations,
2019.

Zhang Q, Wang W, Zhu S C. Examining CNN representations
with respect to dataset bias. In: Proceedings of the 31st AAAI
Conference on Artificial Intelligence. San Francisco, USA: 2017.
4464-4473

Adebayo J, Gilmer J, Muelly M C, Goodfellow I, Hardt M,
Kim B. Sanity checks for saliency maps. In: Proceedings of the
Annual Conference on Neural Information Processing Systems.
Montréal, Canada: 2018. 9505-9515

Szegedy C, Zaremba W, Sutskever I, Bruna J, Erhan D, Good-
fellow I, et al. Intriguing properties of neural networks. In: Pro-
ceedings of the 2014 ICLR International Conference on Learn-
ing Representations. Banff, Canada: 2014.

Goodfellow I J, Shlens J, Szegedy C. Explaining and harness-
ing adversarial examples. In: Proceedings of the 2015 ICLR In-
ternational Conference on Learning Representations. San

Diego, USA: 2015.

Gu J, Tresp V. Saliency Methods for explaining adversarial at-
tacks. arXiv preprint, 2019, arXiv: 1908.08413

Ghorbani A, Abid A, Zou J. Interpretation of neural networks
is fragile. In: Proceedings of the 33rd AAAI Conference on Ar-
tificial Intelligence. Honolulu, Hawaii, USA: 2019. 3681-3688

Dombrowski A K, Alber M, Anders C, Ackermann M, Miiller
K R, Kessel P. Explanations can be manipulated and geo-
metry is to blame. In: Proceedings of the 33rd Conference on
Neural Information Processing Systems. Vancouver, Canada:
2019. 13589-13600

Heo J, Joo S, Moon T. Fooling neural network interpretations
via adversarial model manipulation. In: Proceedings of the 33rd
Conference on Neural Information Processing Systems. Van-

couver, Canada: 2019. 2925-2936

Zheng H, Fernandes E, Prakash A. Analyzing the interpretabil-
ity robustness of self-explaining models. arXiv preprint, 2019,
arXiv: 1905

Singh M, Kumari N, Mangla P, Sinha A, Balasubramanian V
N, Krishnamurthy B. On the benefits of attributional robust-
ness. arXiv preprint, 2019, arXiv: 1911.13073

Krug A, Stober S. Introspection for convolutional automatic
speech recognition. In: Proceedings of the 2018 EMNLP Work-
shop BlackboxNLP: Analyzing and Interpreting Neural Net-
works for NLP. Brussels, Belgium: 2018. 187-199

Kumar D, Daya I B, Vats K, Feng J, Taylor G W, Wong A.
Beyond explainability: Leveraging interpretability for  im-
proved adversarial learning. In: Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
Workshops. Long Beach, USA: 2019. 16-19

Kim J, Kim M, Kang H, Lee K H. U-GAT-IT: Unsupervised
generative attentional networks with adaptive layer-instance
normalization for image-to-image translation. In: Proceedings
of the 8th International Conference on Learning Representa-
tions. Addis Ababa, Ethiopia: 2020.

Tan Y, Zhang M, Liu Y, Ma S. Rating-boosted latent topics:

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

Understanding users and items with ratings and reviews. In:
Proceedings of the 25th International Joint Conference on Arti-
ficial Intelligence. New York, USA: 2016. 2640-2646

Zhang Y, Chen X. Explainable recommendation: A survey and
new perspectives. Foundations and Trends in Information Re-
trieval, 2020, 14(1): 1-101

Bojarski M, Choromanska A, Choromanski K, Firner B, Jackel
L, Muller U, et al. VisualBackProp: Visualizing CNNs for
autonomous driving. arXiv preprint, 2016, arxiv: 1611.05418

Kim J, Canny J. Interpretable learning for self-driving cars by
visualizing causal attention. In: Proceedings of the 2017 IEEE
International Conference on Computer Vision. Venice, Italy:
2017. 2961-2969

Zhang Z, Xie Y, Xing F, McGough M, Yang L. MDNet: A se-
mantically and visually interpretable medical image diagnosis
network. In: Proceedings of the 2017 IEEE Conference on Com-
puter Vision and Pattern Recognition. Honolulu, Hawaii, USA:
2017. 3549-3557

Carvalho D V, Pereira E M, Cardoso J S. Machine learning in-
terpretability: A survey on methods and metrics. Electronics,
2019, 8(8): 832

Griin F, Rupprecht C, Navab N, Tombari F. A taxonomy and
library for visualizing learned features in convolutional neural
networks. arXiv preprint, 2016, arXiv: 1606.07757

Samek W, Wiegand T, Miiller K R. Explainable artificial intel-
ligence: Understanding, visualizing and interpreting deep learn-
ing models. arXiv preprint, 2017, arXiv: 1708.08296

Seifert C, Aamir A, Balagopalan A, Jain D, Sharma A, Grot-
tel S, et al. Visualizations of deep neural networks in computer
vision: A survey. Studies in Big Data, 2017: 123-144

Zhang Q, Zhu S. Visual interpretability for deep learning: A
survey. Frontiers of Information Technology & FElectronic En-
gineering, 2018, 19(1): 27-39

Adadi A, Berrada M. Pecking inside the black-box: A survey
on explainable artificial intelligence (XAI). IEEE Access, 2018,
6: 52138-52160

Samek W, Montavon G, Lapuschkin S, Anders C J, Miiller K.
Toward interpretable machine learning: Transparent deep
neural networks and beyond. arXiv preprint, 2020, arXiv:
2003.07631

Xie N, Ras G, Gerven M van, Doran D. Explainable deep
learning: A field guide for the uninitiated. arXiv preprint, 2020,
arXiv: 2004.14545

Arrieta A B, Diaz-Rodriguez N, Ser J D, Bennetot A, Tabik S,
Barbado A, et al. Explainable artificial intelligence (XAI): Con-
cepts, taxonomies, opportunities and challenges toward re-
sponsible Al Information Fusion, 2020, 58: 82—115

Das A, Rad P. Opportunities and challenges in explainable ar-
tificial intelligence (XAI): A survey. arXiv preprint, 2020, arX-
iv: 2006.11371

Vedaldi A, Lux M, Bertini M. MatConvNet: CNNs are also for
Matlab users. ACM Sigmultimedia Records, 2018, 10(1): 9

Kim B. Understanding NN [Online|, available: https://github.
com/1202kbs/Understanding-NN, August 22, 2020.

Wang Z J, Turko R, Shaikh O, Park H, Das N, Hohman F, et
al. CNN Explainer: Learning convolutional neural networks
with interactive visualization. IEEE Transactions on Visualiza-
tion and Computer Graphics, 2021, 27: 1396-1406


https://github.com/utkuozbulak/pytorch-cnn-visualizations
https://doi.org/10.1561/1500000066
https://doi.org/10.1561/1500000066
https://doi.org/10.1561/1500000066
https://doi.org/10.3390/electronics8080832
https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1016/j.inffus.2019.12.012
https://doi.org/10.1145/3210241.3210250
https://github.com/1202kbs/Understanding-NN
https://github.com/1202kbs/Understanding-NN
https://doi.org/10.1109/TVCG.2020.3030418
https://doi.org/10.1109/TVCG.2020.3030418
https://doi.org/10.1109/TVCG.2020.3030418
https://github.com/utkuozbulak/pytorch-cnn-visualizations
https://doi.org/10.1561/1500000066
https://doi.org/10.1561/1500000066
https://doi.org/10.1561/1500000066
https://doi.org/10.3390/electronics8080832
https://doi.org/10.1109/ACCESS.2018.2870052
https://doi.org/10.1016/j.inffus.2019.12.012
https://doi.org/10.1145/3210241.3210250
https://github.com/1202kbs/Understanding-NN
https://github.com/1202kbs/Understanding-NN
https://doi.org/10.1109/TVCG.2020.3030418
https://doi.org/10.1109/TVCG.2020.3030418
https://doi.org/10.1109/TVCG.2020.3030418

1920 H 3

(8

Eitd 48 %

4

ASY FRILERNEEERG LR
Rt A A AR B AT A TR
JEE 27 21 (2 e 5 T R

E-mail: snw1608@163.com

(SI Nian-Wen Ph.D. candidate at
the College of Information System

%

‘J/

ing University. His research interest covers deep learn-

Engineering, Information Engineer-
ing security and interpret ability.)

SKICHR  E R LRERE SRS LM
e R . BT FONIR R
SIMIEF . AR B
E-mail: zwlin_ 2004@163.com
(ZHANG Wen-Lin Associate pro-
fessor at the College of Information

System Engineering, Information
Engineering University. His research interest covers
deep learning and speech recognition. Corresponding
author of this paper.)

B f GRIERPHEERFLIHE
PR, EERERTT O
RS ) FIE E R.

E-mail: qudanqudan@163.com

(QU Dan Professor at the College
)§ of Information System Engineering,
=

Information Engineering University.
Her research interest covers machine learning, deep
learning and speech recognition.)

ZEPR  fEE TR R M4 a8 a] 2 4
FRREER. EEBEFTT RO N TR R
HiEE%4.

E-mail: xiangyangluo@126.com
(LUO Xiang-Yang Professor at the
College of Cyberspace Security, In-
formation Engineering University.
His research interest covers artificial intelligence and

information security.)

BAM FELREREEN T
WA, BT 1R R JE A
21547 NE ARG

E-mail: okaychy@163.com

(CHANG He-Yu Ph.D. candidate
at the College of Cryptographic En-
gineering, Information Engineering
University. Her research interest covers deep learning
and person re-identification.)

& i FRIERHEERFGTIE
S R 2. SRR T ) R B
SIAE R,

E-mail: jerry newton@sina.com
(NIU Tong Associate professor at
the College of Information System

Engineering, Information Engineer-
ing University. His research interest covers deep learn-
ing and speech recognition.)



	1 相关概念与研究内容
	1.1 相关概念
	1.1.1 CNN
	1.1.2 可解释性
	1.1.3 表征可视化

	1.2 研究内容

	2 可视化方法
	2.1 方法分类
	2.1.1 基于扰动的方法
	2.1.2 基于反向传播的方法
	2.1.2.1 梯度方法及其变种
	2.1.2.2 反卷积
	2.1.2.3 LRP及其变种
	2.1.2.4 深度泰勒分解
	2.1.2.5 小结

	2.1.3 类激活映射
	2.1.4 激活最大化
	2.1.5 注意力掩码
	2.1.6 其他方法

	2.2 分析与比较
	2.2.1 特点分析
	2.2.2 结果比较


	3 可视化效果的评估
	3.1 有效性
	3.1.1 定性评估
	3.1.2 定量评估

	3.2 鲁棒性
	3.2.1 稳定性
	3.2.2 抗欺骗性


	4 可视化的应用
	4.1 理解与解释模型
	4.2 诊断与优化网络
	4.3 其他方面

	5 存在的难点及发展趋势
	5.1 难点分析与趋势展望
	5.2 学界近年来的关注
	5.3 开源工具

	6 结束语

