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FastScore—-CAM : An Efficient Saliency Visual Interpretation Method

YUAN Yuecan, ZHENG Yi, ZHANG Lang
(School of Computer Science , Chengdu University of Information Technology , Chengdu 610225, China)

Abstract: In the application of deep learning models, interpretability is crucial for establishing users’ trust in the model. The visual explana-
tion method Score—=CAM perturbs the input samples using feature maps and linearly combines them with feature importance weights, demon-
strating high accuracy and cross—model stability. However, the perturbed samples in Score—=CAM require repeated calls to the model , resulting
in reduced algorithm efficiency and slow response. To address this issue, an efficient perturbation—based visual explanation method, Fast-
Score—CAM, is proposed. This method alleviates the problem of low operational efficiency while maintaining the performance of the Score—
CAM. Specifically, by studying and analyzing the basic working principle of the Score—CAM , Nonnegative Matrix Factorization (NMF) is in-
troduced to specifically reduce perturbed samples and filter redundant features. Experimental results show that this method not only maintains
high accuracy and cross—model stable performance but also significantly improves the computational speed of the original method.
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Fig.2 Disturbance sample distribution of FastScore—-CAM
E 2 FastScore-CAM B BN A 2 1R

3 KWEERSN

31 HIEE

2R SO A R 45 Mini-ImageNet A9 565154 (val) DA
PEAG BT A 7 B9 PEBERY . Mini-ImageNet 4& ILSVRC 2012
) — AT L& 1000251, 26 B2 50 ML R AE 1
SRS B R AR o (i FH B SCAR A B Ann 4 o Bdi
T4k By vk R A T BT 09 07 20K ESE BE R (3,224,
224) () RGB #% X, 13 — 1k Z %4 mean= (0.485, 0.456,
0.406) ,std =(0.229, 0.224, 0.225),
32 ZWiFE

FEER X EL 1 il BE 7 1 A 5 Grad—CAM | Group—CAM .
FD-CAM .Score—CAM

Bl i B B9 DNN A 3 4 55 VGG-16"" | DenseNet—
201 ResNet=152"1, DVGG-16 #¢ ) 7z W T K 5 W]
Y5 RRAE PR E A | B BB B T N 4% ; @ DenseNet—201
(1) e 5 — 248 B i R AF T EL AT 1920 /N3l 3 , Bk
Score—CAM JIr i ¥E s FEAS KL Iy 1 920, 1 X FL B VL AT 17
P2 T PR ; @ResNet—152 5] A 5% 25 2544 LA fif pe 3t & 5 71
5 e R Hef B Y 2 10 AL, 30 B 2 5 4 DL R T 45 A
RUJFAER G B 2 003E . XA MR, AR 2 € E N
R — 1T ERZE.

fifi I NVIDIA RTX 1080Ti £ GPU L & Pytorch 3 & 2
STHEZRSEATSC0 . V8 NMF B HFRZERE d = 100,



C 112 - BT T

33 XIBAE

AR SCATE P G 20 552 56 48 A 2556 PP 15 003 04 i A A R
715 OMIBE (Deletion, Del ) /4fi A (Insertion, Ins ) ; @3 F
F%Z:(Average Drop,AD )/qzi&]J:}l‘(Average Increase, Al)

(1) MER (Del) /4 A (Ins ) o 44 A B8 7 vk A2 LY 2 35 1
FIXHR R 2 AT AR B INHEFE , 9 Dt R x iz
A IR 0 A7 AR R R R R E R E N 0) o A UM BR
3.6% MR, IFH4 BB 1Y R x, S A DNN #E 47 80 5F:
OB, (x)o HEH LN F, (x,) 5 x R T BT
P32 Del (8 o A AN B3 00 33 ) 40 |, i B LI
HARABR o B8 A- AR 197 34 Del Fl Ins, JF €
PL100, 153 Bl 28 45

()P T EE(AD)AEY EFH(AD o 5 2% AR & 1k
PP KN AR B x PR BB 20% R R PR H R4
FAHBCE N 0, EHHE BUR M A SRS x5 AR 8 < i
A DNN s fie i, 5 B A B 42 19 AD FATL 31507
W/

1 Max(0, F (x) = F (x*))
D=1 2, F.(x) @
_ 1 F,(x) < F(x*)
Al = B ;} (5)
Hodp 2l AR 4 1 T8 s AR
34 EMESW

fif B s A B ) 8 3 MR R B R T DININ HE B S T SR 40
H) S EERRIE , o A X SRR BB IE . A IMXE BB Z T
KL, R i R IR ol e 7 0 22 s A PR X R SR 4 R
D7k R HEAT B AR (ke . WnIEl 3 iR (B — 1T 256 =
TTIRREE 5y B - BERG " “ 5 A" “ S AL, BEMLIH I 3
AR XS L g Rerh BATICR AR B bR 28 B B
SR T A B R BTk . B 5%, FastScore—CAM Fl Score—
CAM 25 S FEAR — 5, B63IE T FastScore—CAM & Score—CAM
F A R HLUk , FastScore—CAM TE 15 & v B kS
e, JUILAE A5 R b 25 1) 451 = v, Mt 4 482 21 79 A 1T 3
FRAE T At 2 oK BB 58 4 T T mORS i R 7 G BERRAE 5
J&i , FastScore—CAM %) i 25 Pk RIME e 45 /0 AR B B AR IRV
AR . XL E P IR T FastScore—CAM TE fif B
BE R
35 EESDW

X L S ) E R A SRR 1 TR, R R g LR
I LR, RIS R T RIZbr it o v LA 1, Fast-
Score—CAM TEf# B A [a] DNN B Kk £ 36 Bl i sl 5 4s, \Bon
TS 0 i R A M AN B B AR E M. MR, Grad-
CAM 7E VGG-16 -1y K M I 2 , Group—CAM 7E DenseNet—
201 b f 22, 16 B R TR (g 5 e P 0 T R IR A o e
J7 VARSI b B AN AR E R YR T 5 ReLU S0 wlitth”
FRVEM P58 A6 2 AL BR B ), R4S A T4 B =, DNN
FIN RS ARl b 3 B RN S, B A5 .
Ab P B I vk R SRR T O, BRI 2Rk

Grad-CAM Group-CAM FD-CAM Score- CAM

Fig.3 Qualitative comparison
E3 EMEXfLE

R2EH MELIFEA R DNN &AL AR R e v .

FastScore—=CAM 5 Score—CAM 7E 8 45 I FeAR —(, &
ML B T R A RE T o RAT I [R] J7 18T , Score~CAM
TE fi# B¢ DenseNet N £ 04 46.11 s, ResNet—152 I} 24 30.25 s,
ifij FastScore~CAM 4351 57 2.78 s Fl 1.95 s, J RT3 .
XF T Score—CAM, B A= 4 2 B A R 75 5 8717 7] DNN,
77 A [ B A A B RE 5 1M FastScore—CAM 38 12 J™ 4%
PERI RS AE AR, b 1 T H S AR R BRI LRI K, 4
THTBEE AT

Table 1 Comparison experiment of ILSRVC 2012 validation set
%1 ILSRVC 20125 iF&ExfLE 3058

DNN AfEREETE ADL ALY Dell  InsT  Timels
Grad-CAM 4666 830 7.04 4138  0.02
Group-CAM 4031 1020 645 4409 020
FD-CAM 40.89 1000 649 4377  0.26
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Del | 726 7.14 7.18 7.03 6.88 699 695 6.88 6.88
Ins T 42.69 42.88 43.19 43.29 43.31 43.67 43.56 43.76 43.50

60 80 100 120 140 160 180 200

Proportion/% 54.29 57.92 58.94 55.94 60.18 61.82

3.7 BEWMHsh S REH KA

S T — R R AE B 4 o0 AE BT AT AL AR
% B AL Bl R AR HE 15 08 7 =X, 7E B FR i RandomDisturb—
CAM(RD-CAM) . BLAF, i3 K — Rt REAE B 2E 47 BEHL R
FER AL TR, B 76 LSRR 1 Jr 2 B 4 W A0 3 4 5, A
A RandomSample—CAM (RS-CAM) . T & 1) =& 2 [X 3| 7
T, RD-CAM 2 48 4 3l #F A B4l 43 A 09 Bl ML A%, T RS-
CAM JU3 3 B AL RAF IR A B sh R A Bl

AT %) H FastScore—CAM 5 RS-CAM . RD-CAM [ ¥
RE22 5, AR SCHEAT T be S5, Z5 5 n & 3 o o Al LA
%25 : (DFD-CAM 1 3 Fh Jy vk vh 2 Bl i 22 , 3 156 BH A 4014 fit
Tt 28 SL T 2L 3k e B R AR B 3 A (8 BE BLAE 5 @ Fast-
Score—CAM 7E 45 T PF M #6 b1 144 i 3 ) T RS-CAM, )45
RS-CAM 7E A TRCR AT NMF B Ry =30, (H W 5 25 8
LA 0.03 s, A E . X—IG LI, BIRFEVLRFE
A A5 A7 00k A 4t S AR AR BCRR: |, (R FE B AL I 32 0 AR B R

FEFRRE AR AT FRAR A OB RR AE AR AR, S RS AT 2 Mk e 4 2 3L
RS AT N
Table 3 Comparison experiment of FastScore—-CAM, RS-CAM and
RD-CAM
%3 FastScore-CAM.RS-CAM.RD-CAM K3t Lk 5236
Bk AD | ALl Del | Ins 1 Time/s
FastScore-CAM 39.25 10.80 6.90 43.19 0.70
RS-CAM 42.41 9.30 7.14 42.66 0.67
RD-CAM 60.23 3.20 11.23 24.33 2.95

3.8 MEESMETEY

H 4 FastScore—CAM M5 IL M FR , 04T NMF Z Hij 75 Tl
W HRAERE d(d < ¢)o T A1 d 3G IIRE 5 1R AT s ] Ze P
BRI 22 PR S AR A AT B Tk S A i Ze v 4y
e A, DB o A R R 03 25 . L, K FastScore—
CAM BEH d {1 0] U P5 Rk R R0 ) M 1k ) ., Ry
e, A S ik — 30 S R SE g #EAT TR 1. LA FastScore—
CAM fi# B VGG-16 M il , 15 d BTS2 [ 40,200 ], 81 F& A
20, AT JLRIFIC KIFANFR AR LI A R IR 4 s . ]

39 FEEHE

I 4 (Principal Component Analysis, PCA) |
25 S 43 i 3] (Singular Value Decomposition, SVD) %5 I,
) R 2 S0k T TR R IE S B B AR s |l . 5
NMF [ X 5I7E T, PCA (14 J5 U RO Bt h e K 25 07
], 1M SVD D 3E ok O B R a5 S A LA SE B EHGUR 46 .
HE— 2 B UE NMF AP35, AR SO 3 Pl AR50 1 AT 1 7™ %
P B AT RS EG . SEEe b, A B B E YA A
T PCA HISVD B3R d b Z5 A% /N T ¢ Rl h X w, N IL B d
30, FLHLER AN 5 TR, PCA FISVD B S B AD i 3%
Tt Gl 76) , [ AT FEAR (22 2.20) , Del #1 Ins 45
Rl 2%, R PCA FISVD ANl T FastScore-CAM .

Table 5 The effect of different dimensionality reduction algorithms

on performance

R5 REPEREEEI RN

i 34 AD | AT Del | Ins 1
NMF 41.47 9.70 7.58 42.66
PCA 76.12 2.20 12.70 18.13
SVD 76.32 2.20 12.78 17.78
4 Z5iE

ARSCHR T — P ok P Score—CAM 19 AR 0t fiff B Jy 1
FastScore—CAM , 7E {8 3 Score—CAM [ 7] i & 14 1Y) [F]
A ARAS 25 AT ARG 25 . B D 3l 5 NMF IR
TH 4 B D TUARRRE DL B SRR sh e AR, e
TR 0 S A A 0 R R, MRS R AR W] Fast-
Score—CAM A= il 1 b & M KT, 8 7RG off, R R A b, o
P4k 2B, FastScore—CAM 244 T 5 Score—CAM #H 24 JFi +
R S DT (A 2 5 W N 0 N e 728 T
T A A i BEPE BE RS AT AR, DL R R A A X PR R Y
RS2 o BRI, FastScore—CAM BYF (KB k2 8 LA AT 4
G Score—CAM FHE SRR T, PRI 7E A o B/ R B R T g
N s otk R iR A A H A R . MY ETRIHE B
Pt BE A IE BRAT MR T 28 B0 PE O vk B RE T A — i 3
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