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Abstract: Recently, media processing technologies using deep neural network are actively studied. Deep
neural network realizes complicated function by multilayering several kinds of layers such as convolutional
neural network, full connection layer, etc. On the other hand, deep neural network has a problem that is
difficult to understand classification reasons by human. To solve this problem, visualization methods of deep
neural network has been proposed. However, in these methods, the structure of classifier is limited or visual-
ization of classification reasons is shown with low resolution. In this paper, we propose a visualization method
of identification reasons with high resolution and without restriction on classifier structure by calculating the
contribution ratio of inputs to output (model inverse analysis) in each layer.
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(Contribution Analysis Visualization. LT CAV &%)
ZIRET S, (kD DNN OFRBRM TR LIZEE 3 5 BF9E
EdH o 7275, FPZFOMEDHIR I NG, BRI 2 &7
BEPOIEMHICKRBTE R o EDSH 5. RET
13 DNN O &BIZB VT, AN L TEDRRE
FH LI RS> THRITT 5 2 LT, i b
DHIRAIA 7 <, EIRAR S DD IEHE 72 3% BUAR L % 7T AL
T 5.

KL TIE 2 BTHERTIEIIOW TR %, 3ETHR
EFEEZHMT L. 20k, 4B THFEFAOEBGHRI
W ERER ARG L, b BETREFEIIOVWTEE
T 5.

2. EERF&E

Neural Network O #HALIZE 5 HEkFHEIZD W Tk
~X%. ONN 2L 2#ICBVWCEHEEEOHVWE 7 L %
HALT 5 FiEo—#l & L T Guided Backpropagation [2]
% Deconvolution 3], [4] # W /zFErH 5. Thb50F
FEEEOL= y b OEELMEHE IS X D EZRLL, T
LT 2T TH 225, BIBTHELD 72D I 726
(2i&, B b7 7 AW TOEPENZLC L, IR R
FTIEDPE LV ERESN TS [5].

72, Ay PI—IHNOFFEOLZ Y ME R RKRILT
DAY =&Y IaL— b T DRFEND S (6], [7].
NHDOFHL, FFEOBNKEREBL72OD AN —
AT E B 05, EBOANBIEO & DFEE & 35 D AR
E L7z 5 b DTz,

REFLICRSEEEVIERFLELE LT, CAM[8] %
Grad-CAM [5] %% 4. CAM & CNN D& 25 ) L
7oK RE S E DS, EORERLIICRET 502 AL
T550THY, MEFEOHMWIE W, 72721, CAM
13 CNN D #%E 124 L T Global Average Pooling [9] %
FH LR TEniTewewy, BIeEE Loflrd
4. Grad-CAM g 2N % —ffb L7=FETH D, Global
Average Pooling # #H L2\t v N T =223 LTH,
Tl g DR DS & DR EERALH B B 2 AL
T&%. Grad-CAM ZEFAIIIEREOHEIZB 1T %
R & 72T AL DS BB 727, Feflg D FEEE & v
AL IR S N TV D, S ADISEVE O R
EHAWTIHILEZAT) &, IR BEEIMET L,
G &AL IMBS R ORI RS T A 5, IEREICERBIRIL &
FHCTER VAP HL720TH5H [5. LaL, @R
DGR, FEE~ v TOMGEIKET 5. — 12,
CNN % W 7:3k 5 #5 & Pooling D ¥ 4 7)) v 7
AL 2 AR EME 9 5 726D, CNN & O Fri i 1 A7
BETH LEa0% v, @Al X - Tid CNN &%
JEDOMMEREIX 1 x 1IZR25E0H5. 20 L) REE,
Grad-CAM T B R 0D B 72 3R A 15 2 = &
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3L v,

RETHEOHMIZE, INOLOMEL R, Mo
& EORIKID %R, EWREETREED 7 7 X 55k
BRI Z BRI T LT 52 L TH .

DA%, BOERTFHEIC OV TS ST 5.

2.1 DeconvNet, SaliNet, DeSaliNet

Deconvolution #L¥E 2 Fl W 7KW =tk FiEk & LT
DecoonvNet [3] 2% 5. F 72, DeconvNet |ZHT 5 Fik &
L T SaliNet % DeSaliNet %% % [4]. T 53K IZBW
THHHOEHAEEZEFR LT, b=y O %x AJifE
DfEFE LTHEILT A2FETH L.

7z & Z IX Full connection & D54, NEAOHE %5 (1)
LT oL, WAMOEFIIN (2) TEFRSNS. 22T, y
BLOz BEFMEFEOE B L OAT], WIEEAR, b3
AT A, WEIZEADILELTY], §3&E»5 OWih
HEFES, £ 13 Full connection k& 23 73 % ¥ J5 [m)ii S i
RAFKT. Convolution BOWHED, W AIEAAMREE T
E B UAME, FRRICIET A3 & O O E 247 .

y=Waz+b (1)
F=wTy (2)

Max Pooling & O3 & 1L NE T [HE B OB/ RKME % 1)
L@ 250 LT, W7 moER ICRAMEL M L7z
EETICDAR, FHE(niFs 5.

Activation J§ 122\ CId ReLU % iEHEN R L 5. De-
convNet, SaliNet, DeSaliNet ®EW Z ReLU O i J7 [A]7E
H)7ETH Y, DeconvNet 13X (3), SaliNet (33 (4), De-
SaliNet (¥3X (5) 12D W CHEE X 17 .

& = ReLU(%) (3)
=9 X ReLU(x) (4)
& = § x ReLU(x) x ReLU(9) (5)

INLDOFFEEAY VT —FHNDH L=y + &EHAL
55 ANEG DI — 2 2 HUEITREZZ S, FRBIARIL T ]
(LDT=DITHC 5121, R % 7 7 ART ORI
DFEDPENILS W EPHESN TV [5. Fxld, 20
JE K% Full connection & 3 & UF Convolution f& ¢ ¥ J5 i)
HHEILHDEEZS.

DeconvNet & % FIV CREAIE RIS T 252D 7 7 A D
WEBEAEREZ SR 52 5. WABICAIT 55
HHEO AT 1%, %27 7 ADMEREZKW LB TH D,
7ol R ED 7 T AN B RIS % LT 572912
&, BB 7 7 ALNOHERE 012 L7-FH & ifeh 1I2 A
NL, AN@ETHLFMOEELIT) FENEZLNS.

LaL, N (©2) 26575 EBY, Full connection &%
Convolution B2 BF 2 A OEERER 2 1%, EAW &
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W g ORAGELTEY, HFFREFE BT S AT 2,
T bOLFHEOSMAIIMR S N v, 728 2 ITADER
lalIb &) ERZ 2ODWGE AT LIHER, RikE
AT ENDFEE ¢ OFAIICIZECDTH L. LaL, §F
EDT T AN T BMEEVPFE CMETH 72T 5L, Fff
J& O EEAG R 2 3 F oK AL L % 5.

Max Pooling f& %> Activation & IZ B\ TIXANEFT D5
MTERDTE S NG 720, ke LTI AT S
TWb X 912”2 %755, Full connection &= Convolution
BIZBWT kD & BY, ATHME T DA TERA S
7, IEREG RO RIS EH L WEER L.

2.2 Grad-CAM

Grad-CAM [5] 1%, 3% (6) 12X W EH$ 2 Lo ZBIRR
ELTHHALT . T 2T A* X Convolution & D4 &
~v 7, af 133 (7) TRIET S AR 0%, i, j IS
<~y TOKFEBLOEEHIADOA Ty 7 A, Z 3=
%y TOKFEBLOEELFMOY A4 X% fH LE, ki
BHMEOA YTy 7 A, y° 327 T A cDFINATT 2.

U—R@U(Zﬁﬂﬂ (6)

k
1 oy°
i-lye "
7 j B

Grad-CAM Tld 27 7 R c O#HIA T 7 3¢ O A
CHET AAEAKRE VR, 3¢ ST 5 AR OFEIRKE N
EGE L THTHALEAT S . L REEOROEYE AF 21
WTHEIITTRETH 5 7%, IWREFEE 2 V7286, @R
RORIENEZ KRBT L2 08 L R, x50 & EEATR
DEFTEIRIATZN D L Vo 2SS 5 LG SN
TWwab [5].

a3 OFEIZOWT, Grad-CAM 12 TIRRAE = %
M7z 2479 B, SRR ICBT 2 R E O
WA EHICRBETELWI LN TH L EE L L. I
BE~ Y 7 AT 8 K af 137 TR e LIFHEA
Ty I RAEIWZORMAFT S, 728 21, FFEDHFROL v
Dk RTHMEN YA T AR EE v T b T 5
WiEEEZLE, DAY VDB EWITETNTVE D,
BRIZEINTVERI2bET, BHEA 7y 7 A
D3E T @ AUITRBIAE RT3 2 EEL I35 L v LEHfi S
N5, EBIZZZOZy VNGO —HTH L1 ERD
—HTHLEPIZE T, BRI T B BT R
BIIFTHLH., TOTy VPR EMDO—ERTH B P ENE
B L 72 3 BRI % 15 B 72 60 1135 R i i o0 vh TR
HEVPED L) 1B TP TS ALENH L LEZD.

RS TRET B CAV Tl E R EME 1o A K0
BMEOFESEEHL TV LD, BRE#MEL W
7e%4 T O RBIRI O BAE & AR LoD, IEMEICERILT
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HTlrHELTI.
3. BEFZE
3.1 ERMETATT

CAV OERW 7 4 7 71%, Neural Network O£ J& (2
B AHNITH LT, FATMEPEOREDOEEGTHG L
T2DOhERDDZETHD. DI, ThixHFHRLMER,
HHE RIS A72010, B 1ISRY, A=y M5,
Ha =y b1 @ Full connection =% 2 5. x; l&A
JE, w; I3EA, p FRIFERTHL. T2 TATTL=Y
b oy 3ORICILOPATIENE L=y P THY, 24120
TEES wy INATARBOBE 2T 5. £/, HHL
FBIE OB TIEZEE LY., ANz, &) p OHE
22 (8), (9) IIRT.

p= Z ; (9)

22T, HWhp oEEREE LT, HEANE;EDORE
DEETHLGLTWE 252X (10) ICXVHEET L. Th
D) p \ T B AT @ OFGH L LT H. HIp=0
Dy, HERBNZIFGR L =0T 207, HHE LT
W p A4y b= OREEITHLYEEp=1L L
T (10) 2FMET 5. #HEIEIHRRT 2.

= ai/p (10)

FIER P BRI VANETH LI EHMT pllRE CF
BLAATDETH Y, M) p SR&EET, $2bbA
a7 ThHDHEGEITRIRIRE 2 2B HEZRLTw5, £
72, FAHE L IAOMED L V1T, FHE L KEOED
AEE, B p 2T A2HEEETH LI L 2R TW
L. W) p DEPMRCGEE, ) p Z¥RT 2=
AR, F72iE, I p 2EEIT S5 EEOFEDSEEK & L
TEZOLNDLY, REFFEIFFTHROFBIZLD, 200
FHOBRKNZHETRRTH L. 5500 IAT) ¢ DOHi%
FBLCBY, RIS p 2SRME L %% 5 R0 % 2 O A
TR LTS, Ao CTHI p I3 3 54 A7)
EDHFS 28T 5.

FGRPE ATA Y NI =7 DR TH LA T
3T B8 ATEDEGHRTH L7120, 10X 5%
HZ57% Full connection & 1 & TR S ML TW D4, 2
GE g AR E R L TwB. L L, ZRILLY
B, WREBOMIITHLHNAIT p i 2%55F%,
AJTBENZ - THEMT 2LEDVH L. RIZZEDFFEx
Y 5.

2 |2 Full connection & 2 BDFlZz/R3. 22 Ta; i
Layer 0 ~® AJJf#H, y; i& Layer 0 @ i )12 Layer 1
DO AJIE, p 3R A 3T, wéi ¥ Layer I O )=
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X, (<) %4
G a—
O—0 5

J w_J
S(x)

@M .
ki

Wo Wi Wy W3 Wy

1 Full connection & 1 J& Dl
Fig. 1 Example of a fully connected layer.

Layer 1

2 Full connection & 2 & Dl
Fig. 2 Example of two fully connected layers.

Fj, A=y billHTEEATHL. 72, HIZIE
FLEL T\, Y 1 Layer 0 D) y; 123925 AT
z; DFFGE, BhALEHIRR p 1209 5 Layer 1 D AJ] y;
DEGHEFKT.

B 2 10 Layer 113 1 LAKTH 570, b
BCHGHR Y 2 HINTE 2. $72, 2 1O Layer 013
M1 o=y b 2GHHE LZIRKELEER D2 LT
Eo7:0, HROTETHGHE Y #HHTE 2.

HiEB A 37 p l2x$ 5 Layer 0 D AT x; DEG-
K REMTLIETHDE. ZTTHEGH Y Iy,
WD AN 2 ODELGREZRLTBY, BNATT plai)
T AT y; OFHRII By, ThhbEhhroTwnh., £2
THRAFHFGH Y HFGRpr A RELT, 1)y, 12
BMLTHMZ LA LT, FHREE ZHMLZ, FH5F
v ofEmE R (1), F5E s oflE R (12), 2,
DFEMNEZK (13) 1R, ek L7228, KX (11) TRL 7%
HEBIZB ATy 250 OBAREFEGRFE =0T
L. ZHIEHBBICBIT A LTI 0 OWEIZIE, REICE
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J2HEGRL0THLEEZLLOTHL. —7, X (12)
IZBWTHY N7 =7 ORI THHHBINATT p=0
DEEIIEp =1 LTHFGRZFHAET L. ZHUTER A
a7 p W0 DY, FHELD BTNTOTHIYEL,
WA B NOIERDFGHPHWL T2 58505, &
LLDRNTHLOHR, BEOHBERIED L) L=
WEDL ) BRFGHREETLOD MRS A EPNEET
HHEEZTBY, p=1&§2ILTHFGHF OG5
THEREVRE L B 72D Th 5.

= (waw);) [y (11)
g = (yw;)/p (12)
g =B B (13)

J

FROTHEICLY, RRBOFGEREREED 1 DHiD
JBIZBU2EGREFEHT LI LT, REBD 1D
ZOWTHMNA T T T AEGREFET LI ENT
&5, bL, ANBHNCE S8 2R L2 GE 3R iE
D1 OHDHFGReRFEEOHFGREBEEHRRIH LT
FREICRRB A 2 T T 5 FGReFHHET 5 2 LARET
bbb, Tabb, FEILICHGREFETLHI LT, &
AT T BB DOHFGHREZRKD DL Z EAMRET
H5.

RETIFI L Ea—r VY a OB T—Rmicfdbn
% Activation kg, Pooling k&, Convolution & D% E4LIZ
DWTHEGFRAENTEZHMT A, B, Full connection
BB A HEGEREARFHER RO LB THDL. ko
b, HREICBIAHGFEENTREERTHILT
INLDBE LD L) ITHAEDETHRFIRIME THAL
TAHZEDVHARTH L. KX TlE LR 4 HEHOE IO
TOHRHMT 205, MEFERIZOMOETH > THHS
HEM G EERTHIETHMAWETH D, Bk
FOHKBD B NFETH DL EER L.

3.2 FEXROEHAE

AREE T TN W (AL BR R ] (R 5ERK 00 3 B CHIZE IS 5
BIBIZOVT, HFEROBNFELZFHT L. &Fc@EL
T, i ¥BOAT], y; REOWT, By RHI) y; kT
HAN z; DFGHEET D, F/2, BIZLoTEIARNA1
RICEFN T %, BRG] (728 21 E3F v > 4 b, #
E i ALE, ACETMALE O 3 RICES]) DO%ED 575,
FiLE T A720 1 RICRLH & LTKRLT 5.
3.2.1 Activation B

Activation BBIZ A )= v M2 L T ReLU X tanh,
sigmoid FDIEMILEAK Z AT 2@ TH 5. Activation
@ TIIADEBMNDB——DMRE %2720, By 12
B35 AN 2 DFGHE LY OR 1.0 L%DL. X (14) 12F
538 8y OB HMAEIRT.
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Byl =0.0 (j#19)

ReLU ZHW7ipt, AR 0LTOLEHETIA0
Y, BBIIBIAFGEL0LELD. £oT, ReLU
W34 O Activation B 12 BT 5 552G L,
SaliNet THW 55 (4) ITHLT L EEZ 5.

3.2.2 Pooling &

Pooling &%, AJJDEBFFEIBI L T MBS
DFWHEATV, ZOHBEHREL T TH S, Pooling
& DAL, b HEOHEEIZ X - THGFEORH )k
MR D,

IR 2 Vv 5354 (Max Pooling &), 1 DDH
NNEEFGT B ANIEFHIB P O KMEDOATH L., Lo
TH y; W3 2 AT 2 0% 55 g% 13X (15), (16) 12
IVHEET S, ZZTR; BT y; OEFHRE LD AT
x; DERF I K.

{ H=10 (j=1) 14)

maz; = argmaz(x;) (i € Rj) (15)

Yi __ L

{ﬂff =1.0 (z = maz;) (16)
20 = 0.0 (i # max;)

Max Pooling (281} % 25 5-2 5 H /1, DeconvNet %
SaliNet 551281} %5 Max Pooling O & [7]%F O WLEE T
bHHLEZD.

P E V234 (Mean Pooling ), 120
HAZIE Ry NOTXTOANPEEIZEHEG T 5. Thid,
|R;| &I Ry \CEENDE A=y bofE L7zl
B, FEATNC 1/ |Rj| OERE DT - BITHRAT 208 & 5
BYIEHTEL. LoT, FHEBY ERX AT ICIVE
e 5.

Yi — xi (i .
{ xz< sz|>/yJ (i € Rj) (17)
By = 0.0 (other)

3.2.3 Convolution B

Convolution &%, AJJMEIZxT L CTHA T EHIAK, /N1
TAEEZME L) A THITAETH 5. 31212
DO IIEIZHT T % Convolution ALH % 7R7 . 3 TIX AT
=y MOESHEE X & 1 RITCICERHER Tz 25 2,
BHAW % 1 RICICHEREZ Twy 5w, £ LTW5E, 2
D &)1 _F 2 5 Z & T Convolution & DL TR 551
|2 Full connection & & [FEEDMWILZ 1T > TV 5 & G5h 5.
FoT, BhHax=v by T HEANLZ=Y b 2, DFG
# 3% |3 Full connection & & [AEkDOFIME T ECTHEHE T X
5. FHE Y OFMGEERX (18) 1R T. 720, )
y; =0 DBEIFGELY =0 L7 5.

2 = (ziwji) /) (18)

PR T TlE Full connection & % Convolution /& 125
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3 1 20O EIZx}T A Convolution WLHE

Fig. 3 Convolution process regarding an output value.

J 25535 8% BNAN o OFAERBELTVWE, 208
%%, DeconvNet SF L 1T KE R LN THA, F72, N
T 2K AN OFGEHLHET 52 LI L ) @RI
9B ERFHEORE L BN 5 M0 Grad-CAM &0
KELBENEEZD.

3.3 AIfR{LAE

FRFCTHHULATHEICLY, EEORBIZBIT L)
AT p 3T BEGH, TabbillliRNlr HHTE 5.
22T, EEEINCB VT, AEER oI &1
Bz A s 2 FEE2 T 5. £ OWa, Wiig#E5
#1324 127877 & 9 12 Convolution J& & Pooling &g % FLA
EbECTHEEEZ I L7212, Full connection /& % 1 &
PlbsmmE L T %2E 5. Activation 81344k % L Cf#
9 %. Convolution /& & Pooling J& (2 & O ¥ % filnt
ERCYE R - Cilif T Pl NN e p

FEEmMUmICE ST 2O ALMTIEF ¥ 2 v, EE
Kb, KFHFNE DRI Z F2 3 RITEITH 5.
2R LBIC & o THRE, KPFHROBBILIENEDY,
Pooling % Convolution MLE D EEE TR A3 72 513
G % AEADS3H 5. T 72, Full connection & % 18
WY & ACFIEE SR ORI OEHRAHELET 5. 20
72O B L ORI DO IEHR % F2 O 3R E R IS
BYAEETTHD.

Z 2T, AFETEHFHEMDLHICE T EICB W TE
H, KPR R LeHFSREEFIRTHILT, A
TG A ERBARIL 2 w4 LT 4. FREEINIL ICE 3 A
DAL HEE, ACHRLELINCTF v AV ORILZ A L
TWABD, KX T, F¥ ¥ RV HROEFGSRZEMT
52 &T, Wifg ISR T L L T 5.

FBRIT UL DS, ATIE D B g DR 2 9
8, MRS KRN 2 EmEZ R L, AJEH»SHEw
& DR E D 1T L, EEEIE VAR AR P 12
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| Pooling |
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| Activation |
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1

V__ extraction
[ Convolution |

| Pooling |
N
| Activation

!

[ Fullconnection |
1V
| Activation |

\Z

[ Fullconnection |
N

| Pooling |

4 WEERR G OB

Fig. 4 Example of an image classifier.

SHLTLEIEAD D L. 22T, Bikd 2 EBRHERO
BT, W0 Ok DR ERIC X 2 BERR T AL
FRZRLZ) AT, $XTORBIIBUT 2 IR 4
RO L AR R E HDETRT. §XTOHE
DREFIRILE T 5 2 LT, B#EErORFBHBL LV
JRPT Y 7 O ST % LB B BRI O L Z » &
L7z,

4. RERIER

4.1 FIRILFER

H{gRZRE LTLCHONTWDEETVTH D VGG-
16 €7 )V [10] ZfEH L T, HEkTF-TH % DeconvNet,
SaliNet, DeSaliNet B & 0¥ Grad-CAM ¢ e EZFP:TH 5
CAV O ALK RO 21T > 72. DI, VGG-16 €7
VEHEIZVGGE BTV EER, VGG ETIVIE 2014 12
ImageNet Large-Scale Visual Recognition Challenge (2T
BRINZETVTHY, AJHEBZEE 1,000 HEO A+ 7
Va7 b AT IVIGET ARG TH LS. K5 I2 VGG
ETNVOAL Y MT— 7B RT.

X 6 IZERICHWZANEG L, VGG ETIVIZX b7k
BIER AR, [ 6(a) BEEE, [ 6(b) REmEAH S
HWODE - TWDEIE~ A7 Lz, 6 (c) 13 {5
MHERDE > TWAHHIE A7 LZEETH Y, &H{E
DAEMIZIE VGG EFIVIZ X BB Top 5 #7 LT
V2. [ 6(b) L 6(c) DREBIERA S, Wig Mok
% ‘boxer’, IO % ‘tiger cat’ LFkHI L TWhH EEZ DL
nos.

7 12 DeconvNet, SaliNet, DeSaliNet (2 & 5 @k BIAR
PTHALAE R 2R, BRBUARIL 5 E 2.1 B TR L
72& N, IR a7 oN, THILRES B2 T AL
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<« |« | [ ol o] [v
NYERS | (N | ] [
~ CINGIEM NN N
MR ES
sl dallel®] Izl U&] dztaliz R
> I[N VINIVINN)
AN . .
a — X< < B <X x bl —
C%m>m>o%m>m>o%m>m>m>o
= > > |o = s o S(]=> S>(1o
HEE “—@c c 0—@: cl |le||x
ol |o ollaol |o
Of [© of o o||o] |o
SIRIREY NIBIRLY
— - — - - —
| (] [n] |~ | |n| [v] ]l
x x < ‘5 x < x ;ii g 8 8 =]
VNI IN(N) I IN(N)
. . ookl o
X X B XPpl— X XDl X P —
%m>m>m>o%m>m>m>°%3>3>s =
@>’ S| = O®>' S| |= 0@._._ o (2 )
c c c| | c c cl| [
ol | ol |o ol ol |o
o (] ) (] ) (]

5 VGG EFNVDOAy b7 — 71, O 5 @R
AL E P
Fig. 5 Network structure of VGG model. D to & indicate

features that are used for classification reasons visual-

ization.

Rank Class # |ltem
242|boxer
243|bull mastiff
246|Great Dane
2
2

©

2(tiger, Panthera tigris
2|tiger cat

e}

Z |o|ls|lw|dv]e

(a)Original Image and classify result

Rank Class # |ltem

242|boxer

243|bull mastiff

247|Saint Bernard, St Bernard
180|American Staffordshire terrier
246|Great Dane

)

als|lw|n]|e

(b)Hidden Image 1 and classify result

Rank Class # |ltem

282|tiger cat
281|tabby, tabby cat
285|Egyptian cat

2

287|lynx, catamount

e}

o0

gls|lw|N|e
©

2|tiger, Panthera tigris

(c)Hidden Image 2 and classify result

B 6 (a) BE(E[11] & BIEE, (b) M5 > T 5 Fik s o<
<27 LR E WIS, (c) KATE - T 5 HE FHC
Ay LW EEBIRER. SWEIE 224 x 224 F 4 X2
YA XL THRIBICAD L7z, BRI LA 5 7 7 A0 A
% RLH

Fig. 6 (a) represents original image [11] and classification re-

sult, (b) represents image with masked cat region and

classification result, (c) represents image with masked

dog region and classification result. Each input image

is resized to 224 x 224 before feeding into the classifier.

In each classification results, the top 1 to top 5 accuracy

scores are shown.

DAAT%EO0ELT, REEPOIHEA L, KT 95,
DeconvNet, SaliNet, DeSaliNet (2 & 2 ik BUARIL AT AR (LA
FITIE, ‘boxer’ & ‘tiger cat’ O W HLALHE A2 AR 22 =AY
nl, K7 I AFEKNT L0000 EEHTL 2 LI
#EL W, F 72, ‘boxer’ BB\ ‘tiger cat’ 7 T ANAFT B
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(1)DeconvNet 2)SaliNet (3)DeSaliNet

. . . .
- . . .

B 7 DeconvNet, SaliNet, DeSaliNet |2 & % 7k BRI 0T BLALAKS

#. (a) 1713 ‘boxer’, (b) 1713 ‘tiger cat’ (I35 2 W HALA

RxFEKT. (1) 51F DeconvNet, (2) 4li& SaliNet, (3) %I
DeSaliNet |2 & % i #ALAE £ & %

Fig. 7 Result of classification reasons visualization using De-
convNet, SaliNet and DeSaliNet. Row (a) and (b)
shows the visualization results of ‘boxer’ and ‘tiger cat’,
column (1), (2) and (3) shows the visualization results

by DeconvNet, SaliNet and DeSaliNet respectively.

AR TH B2 b 5T, EH 5D ‘boxer’ & ‘tiger
cat’ DERENA TA M HEAVH Y, FEIILo TR
HEADL Yy VRHETNHNATA LTS, ERED L)
@M 5, DeconvNet, SaliNet, DeSaliNet % T4
7 T ADOHIRIE THALT 5 I3 LV EER D,

X 8 12 Grad-CAM [5] I & B W #ALiEH & RETHETH
% CAV 12X 2 HULARE R ZR$. 8 (a) T L 8 (c) 4T
1& Grad-CAM 12 X % ‘boxer’ 7 7 A & ‘tiger cat’ 7 7 Al
AL REZRLTWA. [ 8(b)f7L M 8(d) 1T
13 CAV 12X % ‘boxer’ 7 T A & ‘tiger cat’ 7 T AIZx§ 5
MHALERTH Y, S CTEHEOHFGFHFEZL—bvy 7T
FWHELTW5, K8 D (1)FI25 (5)5IEM 5 0O»5®
(2B 2 FE 2 M LRI O AL 2 47 - 724
ZELTVS. (6) 54 I8 5 BRI B LA R
BB LIAERTH B,

9, M 8(1) FNIR L7z, QOFEE = H\v 728k
REWET S L, Grad-CAM B X U CAV O Jj 2SFE D
M ZRLTHEY, MIETEY, KITEHOEI 5\ FRHIR
AERL TS, LHL, (a), (¢)fTIT/R L7z Grad-CAM
W& TR RIE, @250 LH#EDIZONT, FER
WD FEEDT L, SR DEFT~D LA { 7
LIS A, 72L 21 ()17 (5) Fl e ib &, FEEFIH
DLy VERIZKIET AMEIANH 0, I—T »REM, W
*W%wmmrmwl//&ﬂtlv IRIBELTWwA I L
VoA —h, (b), () fTICR L72IRETFE CAV 12X
B HULAERAZ QD & G T TEBRIL O /AN % A fe
LTEY, EOEBIIBNTOIEYNE F 721387
BRI A L TBY, o, Oro®NEELITHENT
FRBARIMASEFRZ AL L T B 2 &A% ns. ZHUT LD
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FE X (D) AT () FIERD L, KOBEOHTLHCHT
DOFEZ R E LT Wb Z 0D, ekl bEt
HCREBIRRIL % FERETRECH A, T 72, X8 @ (d) 1T (4)
%5 L “tiger cat’ IZAd 2 akBIRM 2 1T HAL L T 5
bbb d, KOBEBEICHECISA TV S &4
WA, OB L TIERETELET 5.

F 70, AR LSRG E CITHETE 54T, (b),
(d) 47 (5) FID & )W AN L 122 T, KK %E
MW LICC K R H 5. 2L, REFESA
T CICON TR R IEAOFGRL KT S 2
LT, BTG ESR2 KB L TCwh ok EZ L, T2,
TR OB HE CLIHIBIC & ) FHROMIHEA /N S <
%BHBETH, L) EROFEHEICB W TIFHFSHEOMT
HAKREL 560D, REFEIHIE» S ATIE
FTOHBIIBIT2H5FOTHLIZL Y, KRH» 5 RAT

22T 7R BRI & B R ISR BT RE e T CTH b LE R
é.mk%ﬁi LB HEGRIKBHREALERLLT
WOSTRIFEEAM C, ARREFFBE 2 & 5 % 53T
WSTR[ 2 3 LT\ b, 2 CEREE O KRF
1, JRIPITAY 70 T & AfERE L 7R BRI 2 TTARA LT 5 7212,
B 8 (6) FNI/RT & 9 124 kg OB O T 1) fif 2 7T it
L7z, 72E 213 8 @ (b) 4T (6) 5l % K. 5 & KOEHEKL
R TH Y, FRICHICASEE LR E o TV D
e hA. 8 @ (a), () 1T (6) FIZ, Grad-CAM (2
£ % &g ORI OFIEZ R L TV B0, HREE
DX LIS D EHTIC b SRV ER R 2 /RS @ 1 55% 5 .
CAUTAERSE OFFE R & 7RIS BV TRZEMED MK
TLTWAOEEZD.

72, X8 DAL OiE % B 72 BRI T B EBR O &b
a3 5, HHLEGZR 9, WHALERZE 10 (12
AT X8 LRI, ® 10 O (1) 5ok F1: Grad-CAM
b CAV b FMEOMEM TH 5 A%, Grad-CAM 1ZAE Ik
WEORHEET WSS (K10 @ (a), (c), (o), (g)17
(@,Uﬁ&,%ﬁﬁ%@%ﬁﬁ#ﬁ??éﬁmﬁ%a

72 21X 10 @ (a) 4T (5) Flid ‘zebra’ |24 5 O DFE
% H\ 72 Grad-CAM 12 X 2 @k BUARIL TR ALAS BT d
%75, ‘zebra’ OFEEIZTTH L, WEDOAR ‘elephant’” D
I S FBIRILATR STV B

—77, CAV 3ROSR S TB Y, K10
D (b) 47 (1) FIA 5 (5) FlE L &, O»5OICETIZoN
T ‘zebra’ OFEARIGRBIRILAE P L T HHI A D 5
. FOMD 7 T AT B ARG R TH T
1, Grad-CAM & ILEZL T, CAV IZFEMEZHEFFL 7
T ERRPIRI A SEREEALL CWD 2 e ns. iz
X 10 @ (6) FIICR T 4k OREBIARIL T AL T O T3 1E
ERBI B L RPN 2 @R O AR ICEN TB
0, ARE % BRI AR L OEIN & FERR T % 720 1A R
ThbtEZD.
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L@ 2@

(a)Grad-CAM for ‘boxer’

(b)CAV for ‘boxer’
(proposed)

(c)Grad-CAM for ‘tiger cat’

(d)CAV for ‘tiger cat’
(proposed)

(6) mean

8 Grad-CAM & CAV 12 & 2 W #L#ER. (a) 1T1% Grad-CAM 12 & % ‘tiger cat’ {249 2 W HALAER, (b) 4TI
CAV 12X % ‘tiger cat’ |23 3 W HALKER, (c) 1713 Grad-CAM 12X % ‘boxer’ (24T 2 WHALKE R, (d) 4TI
CAV 12X % ‘boxer’ |ZH§ 2 WHULKERZ/RLTWAH. (1) #1256 (5) #lidWHfbz47 ) @e&£ L THY, (6) 5k

SR IZ BT 2 IR O UL L 725 R TH B

Fig. 8 Visualization results using Grad-CAM and CAV. Row (a) and (b) shows the visualization result of ‘tiger

cat’ using Grad-CAM and CAV, row (c) and (d) shows the visualization result of ‘boxer’ using Grad-

CAM and CAV respectively. Column (1) to (5) indicate layers that are used for classification reasons

visualization, and column (6) is visualization of mean of classification reasons visualization in all layers.

(a)‘Shetland sheepdog’ (b)‘zebra’ and ‘elephant’
and ‘tennis ball’
9 ARAARILTHALIERICH V72 1%, (a) 1 Shetland sheepdog
LV FHORE T = ARV EG LR [12], (b) ¥~
TR EGEG LR 18] ThHDH. VGG ETIVICANTS
72Ol MY IV TBIO) A KA L7z
Fig. 9 Images that were used for classification reasons visu-
alization experiment. (a) is a picture with Shetland
sheepdog and tennis ball [12], (b) is a picture with ze-
bra and elephant [13]. Due to input to VGG model, we

applied trimming and resizing for each image.

4.2 BRIV TILOER

CAV #H\WT, VGG EF VI X BN~ T IO
#HrzAT - 72. ImageNet THHEHIN TV L% 7Lz H
WT VGG EFMMIC X B =17\, BREkBI L7z~ 7
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D—ERNZDNWT, 1IEffEY7 T A L BRI 2 T A DGR
ZuAALL, BHRRERZBEEL 72, RO 7201268k T
FETdH 5 Grad-CAM T b [FHOFBIRILTHL 247 - 72,
FERICAEH L 72RARRB BN 2 = 11 1R,

11(a), (b) XL B 5 HIEMEA ‘pencil sharpener’ (§f
FEHI) THBHH, WHHERIE padlock’ (FHiEE) THo
72, (c) IXIEfEDS ‘goblet’ (B EMHH VMo FDR VT T
) THAHH, #HHFEFRIT perfume’ (FK) Tho7z.

11 OKERIZOWT, Eff7 7 X LR 7
AT ) ORI A Grad-CAM B & U° CAV THEHT L 724%
RaBE 12 ([RT. 4.1 HIOERE FRICEBEORB BT
LR E A Wb 247 o 7208, RFEELT(1), (4)
D, (2), (5) FNZQ@DFelE % H W 72RRBIARIL O 147
{EAER, (3), (6) FNC&RE 2B 2 BRI O FIE % 7R
LTwa., ZHUEOIZ B 2 BALRE R L KIF 0 2 a1,
@B B W HALRE R 2 a0, 4k OFH Lk
Bz L ELTWBEEEZZIDTHA.

X 12 @ (al), (a2) 17121 11 (a) DY ¥ 7V OFFHT#EH
ZRY. TP 12 @ (al) 47 (1) F1 & (a2) 47 (1) HIIS, 1E
i 5 A LK 2 5 A D Grad-CAM 12 & 5 DD ¥
& O 2R ARIL T AL R 2R 9. (a2) 17 (1) FI0 75
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1o 2@ B3)® (6) mean

(a)Grad-CAM for ‘zebra’

(b)CAV for ‘zebra’
(proposed)

(c)Grad-CAM for ‘elephant’

(d)CAV for ‘elephant’
(proposed)

(e)Grad-CAM for ‘tennis ball’

(f)CAV for ‘tennis ball’
(proposed)

(g)Grad-CAM for ‘Shetland
sheepdog’

(h)CAV for ‘Shetland
sheepdog’ (proposed)

10 Grad-CAM & CAV IZ X 2R THALA R, (a) 1712 Grad-CAM 12 & % ‘zebra’ OFEBIRILATHLAG R, (b) 4T1X CAV IZX 5
‘zebra’ OFEFRILTHALAR, (c) 1713 Grad-CAM 12 X % ‘elephant’ ORKBIBILTHALFER, (d) 4713 CAV 12X % ‘elephant’ D7k
ARSI BUALRR, (e) 1713 Grad-CAM 12 X % ‘tennis ball” DFEBIBILATHALHER, (f) 4713 CAV 12X 5 ‘tennis ball” DFEBIILAT
BALHER, (g) 1713 Grad-CAM 12 & % ‘Shetland sheepdog’ DI T HALKE R, (h) 4713 CAV 12X % ‘Shetland sheepdog’ D7l
BRI BUALFE R TH 5. (1) Fl 5 (5) FNFATHILZ T ) EE R L TB Y, (6) ST IZB T BRI P EZ aTHAL L 7248
Thb

Fig. 10 Visualization results using Grad-CAM and CAV. Row (a) and (b) shows the visualization result of ‘zebra’ using Grad-CAM

and CAV, row (c) and (d) shows the visualization result of ‘elephant’ using Grad-CAM and CAV, Row (e) and (f) shows the
visualization result of ‘tennis ball’ using Grad-CAM and CAV, row (g) and (h) shows the visualization result of ‘Shetland
sheepdog’ using Grad-CAM and CAV respectively. Column (1) to (5) indicate layers that are used for classification reasons

visualization, and column (6) is visualization of mean of classification reasons visualization in all layers.
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(c)‘goblet’

(b)‘pencil sharpener’

B 11 SHY > 7L OMBERIC . (a), (b) 1 pencil
sharpener’, (c) | ‘goblet’ & % 7 f}IF &I T3

Fig. 11 Images that were used for analysis experiment of error

sample. (a) and (b) are labeled as ‘pencil sharpener’,

(c) is labeled as ‘goblet’.

WRRIL M L TV AN S 505, ELE60D7 T A2
9B UL R D, AR E PG OeA D Y, BAR
BRFEZEIC OV TIEEZESHEL V. $72, K12 O (al) 1T
(2) & (a2) 47 (2) FIR T, Grad-CAM 12 & % @D 4FH
& 72 RRBARL TR LR R 2 R L 72 A b, ARBUR
WASSGI LS DOFRFICHAE L TB Y, I3 ) P42
B2 ({12 @ (al) 17 (3) Fl & (a2) 47 (3) NIRRT
AR O FIHEIC X HRERIIBNTD, WG o5l
BRI 5345 (S HARE 2 221X RO 5 7w,

CAV (12 X UL R 2 LT 5. X 12 @ (al) 1T (4)
& (a2) 4T (4) H170 5, CAV I & 2 Qo4 v/
FEPURRILTT H LA 1 d Grad-CAM & [AARD | & 5570 5
L2 L, 12 @ (al) 47 (5) 51 & (a2) 4T (5) H1A> &40 %
% £ 912 CAV IZ & 2 QiR & v 72 U AR T 4L
FERD Grad-CAM &I KREC R R L. BRI 7 ATHS
‘pencil sharpener’ TIXEREL 7 LIATH, @RS 7 A
T % ‘padlock’ TIEEE _EOEIFERS 25 < A FIAR A
FENTHBY, TUOHDM2 I AMEXGT 2\ E YR T
HHETHT L. K12 O (al) 17 (6) FI & (a2) 17 (6) F1I
R ERARIL O EEIZ BT h, [[EEC ‘padlock’ 124 L
TaB Lo OCEIRRLZ R LT 5.

KK 12 @ (bl), (b2) 4712”7, X 11 (b) OEH#EF
TS, K11 (b) X 11 (a) & FEELS, EME ‘pencil
sharpener’, @B K13 ‘padlock’ TH 5. X 12 @ (bl),
(b2) 17 (1), (4) F% sk d 5 LM FoQ0f#E % i
W RITT RS RICII R E =D RN 5w, £
72, B 12 @ (b1), (b2) 47 (2) FIZRT, Grad-CAM I2 X
% QDI R & 72 BRI T B LA R IS B VT, T
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77 AW OZETHB LI v —F7, K 12(bl), (b2) 4T
(B)FI& D, CAV I X 5 QDHHE & H\ 7-akIARIL ] 41
LGSR TIE, 1IEfR2 7 A TH % ‘pencil sharpener’ TIEFHEE
FIA, BAFER 2 T ATH B ‘padlock’ TIXFIFERS 12
BRVERBIRRILASEN TV B Z L%, ZIUEK 11 (a)
DOREEER & —H T 5. 2D & H 5 ‘pencil sharpener’
% ‘padlock’ IZFEFA T AHKD 1oL LT, &F LOFD
FTLVW)HENFEAPRECEBEL T L ETET S,

12 (b1), (b2) 47 (3), (6) FNI/RT, “kEDORKBIRILD
SEMME R IR L 7256, CAV O34T ‘pencil sharpener’
TIXREIAL, ‘padlock’ TIEEITFER IRV Gk FIAILAS
ERLTWDZ EDHEETE L2, Grad-CAM OHfidE
AR A DD 5 .

RIZE 12(c1), (€2) 4TIZRT, [ 11 (c) DT R 2
ST 4. M 11 (c) & ‘goblet’ & ‘perfume’ (Z7Rak7I L 72
BIChHs. [12 0 (cl), (2) 17 (1), (4)FITRTEBY,
KEHZEAIIIFEE SFEETH Y, ‘goblet’ 12DV T
IR OBIED SO, ‘perfume’ (2D W TIEHNE
7 HROFIN T TRBIRRA A L T b, 12 O
(c1), (c2) 1T (2) FIC/RT Grad-CAM D@D & 12 &
LB R 5 &, BB OBIEEEKT LT, &
LW DAL OFEIFN S BRI ASHAL L T B Z &35 h
B. 12 D (cl), (¢2)47T (3)FI& D, FHHEIC X 24k
AN E T O WRE R 2 IOV TR AT L v, —T,
CAV TR 12 0 (c1) 47 (5) FUTRT & 3 12, @R
Z H\ 7z ‘goblet’ (209 2 ARBUARILIZ I D AF 13 ARER 5712 4
FLTWAZEWgnrsd. 72, K12 O (c2) 17 (5) Fl2
5 ‘perfume’ |Z3xF L TIEHHE & AR DRSS 53 |2 G BIARIL A
ERLTVRD LG5, K12 O (cl), (c2) 1T (6) 5l
L0, ORI FIEED S b ‘goblet’ |ZxF LTI
B ORHTIRE S, ‘perfume’ 124 L TIIGBHE & M OB E
DUWET TADELERIFHETH D Z EWTh5b.

LRy, _EFE CAV 2V 5 Z L TR
FLZE I Tl S EELS 2 2 LR 2
D, PERTHLD S X DFEMIC, BREIERSK 2 7 AD
HEGFEHE 2L TES L VR 5.

4.3 NIBRE

x 1 IR TEREEICBWT, Grad-CAM B X UF CAV
rEEL, WHEBEEEZLRLZ., B, E7VIELEO
VGG ETNVTH Y, GPUIIHE T CPU MLE DA THE
FTLT A, 40 FEEO WG A FIVC&Y >~ 7L 5 [ D4
MHSEE AR L, 2OFHEE kD, b, WHEERIZ
BIESHOEEE GATHS, fREER 2 IR,

CAV 1E Grad-CAM £ 0 %7 1.4 f5FE L LBLEER AS R v
FER A 1572, BEHHIE Full connection & 3 &£ UF Convolution
JEIZBWT, REZHIZOWTANEEAZREL, HHT
IEBALT 2 L V) B ZAT) MR D RECREL TS
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Grad-CAM

(6) mean

(al)Ground Truth
(‘pencil sharpener’)

(a2)Predict
(‘padlock’)

(b1)Ground Truth
(‘pencil sharpener’)

(b2)Predict
(‘padlock’)

(c1)Ground Truth
(‘goblet’)

(c2)Predict
(‘perfume’)

12 BEEEBIY Y TV OENTREE. (al), (a2) T12X 11 (a), (b1), (b2) 471X 11(b), (cl), (c2) fT1ZX 11 (c)
DFFIRIMITALER 2 RT. F72, (al), (bl), (cl) FTEET Y TVOEMRS T A, (a2), (b2), (c2)
ATIEFRBFE R D 7 7 2 ORBBBITHALERTH 5. (1), (2), (3) ¥lid Grad-CAM 12 & % WAL R
THY, (1) 13O, (2) TQDHH =T MV TIHAL L72#R, (3) 3OO TH L. (4),
(5), (6) ¥i& CAV IZX W HULHERTH Y, (4) 13O, (5) IFQ@DFif =2 AW TITHIL LR, (3)
1328 OREIRIR D) % /R

Fig. 12 Result of analysis experiment of error sample. Each row shows the result of classification reasons

visualizations. (al) and (a2) is visualization result for Fig.11(a), (b1l) and (b2) is visualization
result for Fig.11(b) and (cl) and (c2) is visualization result for Fig.11(c). Row (al), (bl) and
(c1) are visualization results on correct class, (a2), (b2) and (c2) are visualization results on
inferred class. Column (1), (2) and (3) are visualization result by Grad-CAM using features in
@D, @ and mean of all layers respectively. Column (4), (5) and (6) are visualization result by
CAV using features in D, @ and mean of all layers respectively.

LEZ D, AR THEOMEMRAZ B E Lz, L
BEOHIRICOVT IR TETwRWS, 28218 5. EE
K?ig&wﬁgiwﬁﬁg’mfﬁwﬁﬁtiﬁifw REFHCUHUL L 2RI >V TERZT 5. K6
é%fﬁﬁiféf:&b, Jllﬁiﬁzﬂﬂ—ﬂﬁvﬁﬁﬁéjﬁ%wﬁﬂﬂ%%b:ot CRELEY Y TN 8 CHIEDEGED A L —
Vo R DEREMINIR LS ST, by TR LA, REFEEAOEGED MY 2.
CAV THMl L7 EDOESHR L ANEGHEE 13 ITRT.
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(F 6 2@

(a)CAV for ‘boxer’

(b)CAV for ‘tiger cat’

(b) 4T1& ‘boxer’
FIETHALZAr ) EZ2 R L TH D

B3)® 4@ 5)®

X 13 CAV IZLBIFEOFGEY Y 7. RESIEIEDZEGHR
X B TG R TH D, 7wm%mmwm%tgﬂmxa. (1) 525 (5)

FIIADOFGHEEZRT. (a) 1TId “tiger cat’,

Fig. 13 Positive and negative contribution rate map by CAV. Red color indicates positive contribution

rate and blue color indicates negative contribution rate. In rows (a) and (b) the visualization

results of ‘tiger cat’ and ‘boxer’ are shown, these have merged with grayed input image. Column

(1) to (5) indicate layers that are used for classification reasons visualization.

1 ERRE

Table 1 Experiment environment.

(O Windows 10 64 bit
CPU 3.5GHz 6Cores
Memory 16GB

Programming Language | C++
Visual Studio 2017

Development Tool

=2 JLBEEEE
Table 2 Processing speed.
Method Processing time
Grad-CAM 44.3 sec/sample
CAV 61.5 sec/sample
13 (a) 471% ‘boxer’, 13 (b) 171 “tiger cat’ IZx} 3 5

WHALERTH Y, K13 O (1) 51525 (5) 51K 5 oD
5 ODFEE & H W2 BRI B LR R A R L T b
M 13 ORI IEDTFEEE, FRTIIAOFGHRE/RL
T3, BRI OZ B2 RGET 5 72012, FkpIART
FALRE R EED VT, FRfE 2 BRI ER L L, REBIA
AT ANOEERET L. BIAITIE VGG ET VDK
g DIk LT Softmax 2 #A§ A HTOMHE %2 A L
7z. PRHIZ Softmax & @A RO % A 27 TIE%R <,
KT T AT A A 3T OB EBET 5720 T
»H5.

LD T E LT 2MEOTHEER L2, L1 RS
HRHPIE (K 13 OARTR LR 20 B % O 55
CEFNLEFMEZENLL, T2 3E5E A (K13
DF TR L) 2o P B% DS & F 05 HFiE
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LT 2 FETHS. b LD, R EIEL {EH
TE TR, M OHEIRFFEEZ BN L 2 nie &
DLWAMNA TR L, BEOLGEIIEART21ETTH
%, 2FEHO TP %, ‘tiger cat’ & ‘boxer’ D 5 IZ DWW T,
50O H@DBIZEA L7z, Exhbs 20 E &1
1%, 3%, 5% 3 A L7z, b 5 BARE 72 )7
&, BT AaE Ve 0, TNLSLOfETE 1 LTS
YAZEGEER L, 3x3 OBETE T 1 V5 2 @HR%IC
Ffim~ v TIRE T 2 e iz, BEFFY 7 0 v s
MY A AL, FFEETEmENIZ 0y sZ LTIy
UMEEL, AREWBICE TN VEHESERT S
LEINIT 5720 THAH. = 3 ITHAFBRERT.
HEANILET OREHI A 2 713 ‘boxer’ 7 T A A 5.32, ‘tiger
cat’ 7 7 AN 4.30 Th o 72. & 3(a) & ‘boxer’ 7 7 AU
TFHE1zEHLCERTHY, BELEB Y $TEMLAT
DAATENHAATHFHALT0DH. £ 3(b) &
AT 2 2@ LR THY, THHLMEEEDS
D3 RTELFIOATT LD DA 7KL TWD
% 3(c), (d) & ‘tiger cat’ 7 7 AIZFH 1, 2 @A L7z
FRTHY, ZHEHLMEEE) OFRELRoTWAE. £72,
LT 2HBEPHE R 2138, Fikl TldRa 7w,
$(£ 2 TIHALTEHY, @A a7T 2T 2HEL
Pl 2R BEZ EMEIORT I ENTE TN L EER .
K2, B8 D (d) 4T (4) FNT, ‘tiger cat’ \Zxf 7 5%k
BURRIL & L TR OEBIE S ISR RN T W 5 pi % E 5
A, B 13 @ (b) 47 (4) 5175, X8 @ (d) 17 (4) FIDIEAD
HHRERLIHERTH A, MEPIZKOEBESICIEIED
FHE GR) PERCENTVED, Bt d OG5,
BO%FGHE (F) bEHERTWEILIF0E. 22T

‘boxer’
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3 BHEENLIC L AWMIR 7O (a), (b) I boxer’ 12
T AH5FEL 2, (o), (d) 1 “tiger cat’ 1T 5 FiE 1, 2
DGR

Table 3 Changes of classification score by invalidation of fea-

tures. (a) and (b) are results for ‘boxer’ using method
1 and 2, (c¢) and (d) are results for ‘tiger cat’ using
method 1 and 2 respectively.

(a)Method 1 for "boxer’ (b)Method 2 for "boxer’

layer\rate 5% 3% 1%| | layer\rate 5% 3% 1%
2.23 2.86 3.85 8.29 8.01 6.99
2.63 3.27 4.16 8.12 7.47 6.47
2.76 3.38 4.24 6.77 6.53 5.99
3.15 3.62 4.65 6.46 6.18 5.77
4.19 4.51 4.92 5.97 5.80 5.59

GHSIENCIC
GHSIENCIHC

(c)Method 1 for "tiger cat’ (d)Method 2 for "tiger cat’
layer\rate 5% 3% 1%| | layer\rate 5% 3% 1%
2.05 2.46 3.21 6.84 6.36 5.29
2.48 2.76 3.48 5.72 5.50 4.95
3.00 3.43 3.84 5.76 5.34 4.79
3.22 3.51 4.01 5.49 4.98 4.56
3.64 3.85 4.07 5.01 4.82 4.63

O|®(e|®|©
O|®(0|®|©

.-.!_ ’

(&) Low contributed region on dog ({b) High contributed region on dog

14 FEETALED. (a) BRDE - 225N O ‘tiger cat’ 12
WY HIEDFGEI G VCEREOA T ERL L 2EIE, (b)
IERDYE S 725N D ‘tiger cat’ 12T B IEDOZFG-3D5E W
RO T Wit L7z iifg 2 9

Fig. 14 Locations where the features are invalidated. (a) is an

image where only high positive contribution rate fea-
tures for ‘tiger cat’ in region of the dog are validated,
(b) is an image where only high positive contribution
rate features for ‘tiger cat’ in region of the dog are

invalidated.

B 14 [SRTESEREDL~ A 7 EHWT, X5 7% 5HEE
BATo 7z,

X 14 OLB%& ) FSIEHE T BN, Thbb, il
WO AEEZRLEKTHY, 14 (a) ZRDPE - 72
FEIMAN O “tiger cat’ |Zx T 2 IEDFFG-H S WEEE O A
AR L7 Wi%, X 14 (b) & RAE 5 72 5B O ‘tiger
cat’ 12344 B IEDEF R E VI E O 2 % WAL L 721
Gx&y.

14 (a) RS & 2 MR L 723 &, ‘tiger cat’ |12
T ARERIA 2T 430 25 5.76 12 ES- L7z, 2,
14 (a) \Z/R$FHITICIT ‘tiger cat’ DA A 3 7 % Hif]
TLBMELNSECHEEFNTVLEIEERLTWAS, —F,
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x4 HBHIRROIE. GRS, AR LR

kB 0 Topl0
Table 4 Comparison of classification result. Left table is clas-
sification result before feature invalidation, right table

is classification result after feature invalidation.

before after
Rank |Class # [ltem Rank |Class # | Item
1 242|boxer > 1 242|boxer
2 243| bull mastiff 2 243 bull mastiff
3 246|Great Dane 3 246|Great Dane
4 292|tiger, Panthera tigris 4 180| American Staffordshire terrier
5 282|tiger cat b} 159|Rhodesian ridgeback
6 159|Rhodesian ridgeback / 6 254|pug, pug-dog
7 172|whippet 7 172| whippet
8 180|American Staffordshire terrier 8 225| malinois
9 254|pug, pug-dog 9 209|Chesapeake Bay retriever
10 247|Saint Bernard, St Bernard 10 208|Labrador retriever
11 282|tiger cat
12| 292|tiger, Panthera tigris

X 14 (b) D¥pd, ‘tiger cat’ 239 ZFkHIA 3 713 4.30 2
53621 T LA F7o, |4 I2K 14(b) OF#E*
AL L7256 OB RO RT. £ 4 L3 ER
SALET, £ 4 47133 14 (b) OSBRI LE OREBIREE -
110 7 9 ATHY, Hwtbidf 285, ot ridsra
Bor 7 A%RL TS, FEEMNLEIT tiger cat’ @
A 59, AARO 7 T AHNEN % TP, Top 10 DT
WA XRD 7 T A hoTWE, 2D ENS VGG EF
ViZ, X 14 (b) ORE YIS %, MIHEREROFIHIC D H
PH5Y, FAFROFYOEBNFEL LTELR TV
LA,

b2 s, VGG ETNVIFRKEEOHIZ, O
AR LTV, ZORBICHICIIAFE L 2 R
Br 2 R LTWwAL D, BAEMITHTIE R Vv & H)E
LTWBIEDRENE. TDLHC, BETHELHVLZ
& TREBIARIL & 7 2 SR R 2 0k & 0 O BRI 0 Hr 5
LI ENTREL LS.

6. %

KL TlE, Neural Network = F\V 72352512 BT 5 5k
SRR, S TOVENTIC X 0 WAL A Tk CAV &3t
KL, WERNIEL SN TVWBEEFLVTH S VGG T
TNV ERNT, ZOMREMIEL T2, ZORKE, RETE
EPERTFE LD S FEMICERBIARIL & 7 2 SIS0 & WA
kT b iRl BEFER, E0 L) B THK
ENfzdhy NI —=2THoTh, FHEROEN % ER
T5 2L THIMO T L Z L §5. L oT, W%
AT, A XA=UF ¥ T an y IREREIEL
OHFEERGE, MAGY AZMFOLY FT— 21280
THRBANRPHE OB SRR EER 5. T2, RETF
FLEB ORI 2 FH AR B 720, FRBEARD R
M7 =210 L COBRAEESHSEZIT) 2%, &
M REZ I ZH>. KL TIE VGG BTV E R
ERB LUOEBEITo 7205, A%RIVEDET VT
BLIEFEZRATVD D, EREAM O LG IC oW TRET L
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