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Layer-wise Increment Decomposition-based Neuron Relevance

Explanation for Deep Networks

CHEN Yi-Yuan®? LI Jian-Wei? SHAO Wen-Ze"? SUN Yu-Bao?®

Abstract The black box nature of deep neural networks seriously hinders one’s intuitive analysis and understand-
ing of network decision-making. Although various decision explanation methods based on neural contribution alloca-
tion have been reported in the literature, the consistency of existing methods is difficult to ensure, and their robust-
ness still needs improvement. This article starts with the concept of neuron relevance and proposes a new neural
network explanation method LID-Taylor (layer-wise increment decomposition). Aiming at LID-Taylor, a contrast
lifting strategy for top-layer neuron relevance and a non-linear lifting strategy for all-layer neuron relevance are in-
troduced, respectively. Finally, a cross combination strategy is applied, obtaining the final method SIG-LID-IG and
achieving a robust leap in decision attribution performance. Both qualitative and quantitative evaluation have been
conducted via heatmaps on the decision attribution performance of existing works and the proposed method. Res-
ults show that SIG-LID-IG is comparable or even superior to existing works in the rationality of positive and negat-
ive relevance of neurons in decision-making attribution. SIG-LID-IG has also achieved better accuracy and stronger
robustness in decision-making attribution in terms of multi-scale heatmaps.
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BARMEBEE, A 2.1 T A2 1 23 04> e afi
Tty KRR 2. FSL b, AMUE Softmax J2, LID-
Taylor 7E BT EL8 14 J2 #1556 A7 76 35 1 5 1 R 1)
&, 10 ReLU JZTERI NN T ZHIHE LT 72 A b FE
REL.

PR 5 B2 AT 28 A% b bR 506 B 11 1)
B B2 E TREOEE, MMET Y KTHEAETT
viTt g E AY! ATk (19) fiow, Ko vt o
Vi-l RFEF BRI, WH T NE L. I,
MEFR (12), ARSI EME TR ERAZ
EIB I € [

AY! = DLdy!—!
J zl: /;'l—lﬁyl—l Jr v

BT ERERE, RGN — MR TR R
LID-Taylor JE£&PE$E 7 7718 LID-1G. BART &,
LID-IG f#HBEER T AR RIS, LA [ DY dy !
Bt (12) iy DLAY! Y, HAR TS R R A
A5 T, 2R (14), LID-1G HIHE A Bk #iA
Wik (20) Frow, BRAR IR > 45 OV AR RE.

R(Yl) l -1
D'odY 2
AY! 6/371—1_)3/1—1 © ( 0)

EAE R, BAR (19) o HIEEEEA/ Z Al
A RIERETCOR, B R &0 B A A
(iR 2 KA, T AN g LID-1G J7
POl B R BT R AR DO T IG. BRI E, 1IG ¥
% 5B N E AR AR, TR R R T SR B
(BB 2 e A ARIE & 22 i vt
S vt LID-IG J7EJE I al i Z R =&
FAGF B4R, 30 P DAL~ 1 A8 D3 Mg 75 ) S

30 (19) FBRFERR 3wl B HCRAT BAARTHEL. 40,
TERV B84 IR BEEIBRI n A RFE S Y (k) =
VIZh 4 (k/m)AY Y k=1, -, n, APERYY [ D x
Ay} FN A DL AY T Horh DL=(1/n) 3,
D' (k) Fon~FH) R 34, DY, (k) RowrE Y, (k)
AR RAE, BT R 51N CT 8 M AT LU RE DY SE B
B AY! R, X (21) A TR R
B~ EE A ik
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R(Y!" 1) =

AY!'=D'o AY'! (21)



10 44 ViRV 2

T8 2 0 B R RO PEE I 2% A 22 U A SR MR AR T 2055

M, 28U (17) A1 (15), LID-1G F3 *ﬁ
R E MM NP IEE R 1) 3 (22) B
BB R AR, 2) 1 (23) 1B E*H?%W%%%.

G'=G" oD (22)

R(YY) =e. 0 G o AY! (23)

FAulth, SPIIBEEE G = DEDE-L L DL
BN, Hepi=L0 -1, L—2, -, 1,1 GE = D-

MBI EE R 7 A 5, LID-1G nJ 7 — & 2
B _E R ST-LID-Taylor (A6 v A i 751

3.3 XXNAEEEFH

AATHE— BRI AR 2 M 5 50 BT RS A A
TR T SR R SO B T IR E IR S

1) %5 2.1 35 LID-Taylor /£¥ LRP-0 [ &
B FREHET, AR R THI ) m ) J2 PR AH DR v SR
PEH T M (BEEE BRZE) SIEEMEZE Re-
LU. MaxPool 2) 15—t 5 7%

2) 5 3.1 1R LU T SR mE N T R TR AR
k. 38 5 ) FH 26 1 0T BR 2 Softmax, #4938
HFMITZA G, 433 ST-LID-Taylor J7i.

3) 5 3.2 THIARL IR T S G4 T — I R H)
JRTFHBAR, IEE AT G N R B 5
IR T A Z, 193] LID-1G 772,

AT AR R A BT, IR H R

WA, B, 4% ST-LID-Taylor 7E T2
FINAEL SR T, RIS 258 X4 & 777 SIG-LID-
Taylor (Softmax integrated gradients, SIG). i#it
B TZ A ME B E N SIG, Bl R(YTL) = PIAZ, Hrp
P! & ¢ 2 Softmax BEFRKIFEIBEE (275 DY), M
M W] 22 fif Softmax #f &ML A @, 7£ SIG-LID-
Taylor 24l b, 3@ — 25 5] N E] 2 AL 12
T, Al 2445 B S AE A5 J772: SIG-LID-IG.
R SIG 51U (23), & 545 SIG-LID-1G HEE
JEM R E L (24) P, L 141 T SIG-
LID-IG (A1,

R(YYY=P.o G o AY" (24)
&% 1. SIG-LID-1G
1) MANEG X, 15ERN ¢, MEHA £ SEBMA X,

R 8 n;
2)For I =1 to L;
3) HELEmL Y, &%mit vV 58 A,
4) THE Softmax KIFIIEEEE P!,
5) MR (24) THETEAH KM R(Y'L)
)

6

=P oAYE;
End for;

7)For l=L—1 to 0;

8) M (22) tHHE-T-HIBLEE GITL,

9) RHE (24) WHEMAM: R(YY) = P o GH o AYY,
10) End for;

11) Hith A ZACE R(YY), 1€ {0, 1, -+, L}.

5 LID-Taylor #L, SIG-LID-1G E’J%IJ{;;EZ,«
FEEEEIIN T WSy, LID-Taylor BI85 E 4% 4%
[F] T — RN 53847, FRo0 06 B 1 5 N AE 1R AR
NESRI n s, FESZH T 0 = 10. 10 I0 2 AH S P
KB L AN T Bish— =1 E &, LID-
Taylor 7£ VGG-16 B8 F Az gl 4 77 B (132 17 1 [8]
KRZ)7& 23 ms, 1 SIG-LID-IG N2 64 ms, {NZ1H
HIERRE S

G, RSO KB W TR T 45 A LUK,
1IN T AESEBR R A0 R 5 1 R 32 2 R )
Y7, a0 LRP-0 R 7218 R R R A
R, AR Z AR, KT ReLU JZ {3 H Bk
i (Pass), XFT Maxpool JEA#H WTA #;
LID-Taylor XH 7 & —HitE . FEFZENE,
SIG-LID-IG 7EZ M Z U2 7~ A LID-Taylor*,
XA N LB L2, LID-1G #3E 4L A LID-
Taylor, 3 fH 55T

R 1 AFRTHERIZZE X

Table 1  Layer-wise rule comparison of
different methods
% LRP-0 LID-Taylor
Til )2 ec®Z ec O AZ
AcA] LRP-0 LID-Taylor
Ltz Pass, WTA LID-Taylor
T ST-LID-Taylor SIG-LID-IG
Tz ST SIG
et )= LID-Taylor LID-Taylor*
e[ = LID-Taylor LID-IG

NP VR, R 2 5K 3 RR TS
R TIUZAE G 5 e JE T A A B BR T3
WG T, R HAR T G ) H & 31T LA AR
B 1) LID-Taylor % T2 A AT A 26 14 52 1
T LR T2 TERL, X 72 R AR S PRS2 T X 1)
AR ME R AL, T logits E 22 MEM. R LA AEXT
EedE 5l N T ARt s #L Softmax 2 Ja ARt
RITAAR. 2) J& T ER it B ARd ki
Jb, #£48 1 1) SIG-LID-IG —#4+ bl LID-Taylor*
BIRfR R Y, X0 DU 4 — R AT E & 3) A
I FE 1 8 1) A e M A T AEAE — B 4 TR, 45l
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Table 2  Comparison of top layer relevance T AES IR T T8 3] SIG-LRP % 1.
k% THEAEINE
4 SRBERSSI
LID-Taylor e O AL ASCHT L3644 7E PyTorch HEZE R 52 il
SG-LRP Fe (B 52 W REAS R A 5 000 (¥ TmageNet HilF 4
ST-LID-Taylor o8z Val 74, 1% 4% 57 % £ 9 7E TmageNet |-
pelib e ke N VGG-162.
S A F B AR B e M B VP AN B A R
PR Itk 99T M BT R B R4 2, B A3
Table 3  Comparison of middle layer rule R B 7'\jﬂ:[j, % VGG16 % %
ik HIRTEE 5700 FIRIA HUF 5 AEE: s1. 824 53+ s4v 5 (40 3I%F
LRP-0 R(Y'TY) = % ow' oy MNA&ERZE Convl 2. Conv2_ 2, Conv3_ 3. Conv4
DeepLIFT R(Y'Y) = RA(—LI) ow!oAayi-! 3. Convhs 3 Z Ja M KA Z), M Al 7 A [F] g
LID-Talor RO = Sy o Dl Ayt BT 4 TR 2GR B BUE NG S, LUR
LID-IG rR'TH =P optoar! FRIRASN IR B R PR AR RE 5 v B0 L ) #4745

ReLU R £JE T 4 BL 2R R B, IR I SR 2.4 7
A, FEZENSHENNE V=0, TiREH
1B FCEFT AR LR, B oAk

FIH 22 JZAE St AT LE— 5 3= & # ) IR i S
5. %3 LayerCAM!™ 2 R BT B J7 v B
R, AREHAE SIG-LID-IG J7vE R al - ik —5
FINZ REM#HITEL, XSAFE R BB+ S
m, BE SO Pk SE 2 REERHE, 325 B TE
SAF BN, DAE A B UPAl 0 22 O S AR T R I
AL PE.

gi bRk, K 3 EH & (Increment). X bt
(Contrast). IEZEM: (Nonlinearity) = N4EE T, 44
AR ST #h & O A M AR DTV I A 1. Hor,
SIG-LID-IG J& A S VEAE = ANYE R AR R R
Ak, B 3845 H 1T LRP #2410 T LRP-0. SG-LRP,
VERARSCIR VR R B — 12, LR
YA 7 E R LID-Taylor. 155 3.1 %0,
2% K1) ST-LRP AI{EN ST-LID-Taylor HJ4#31.

Nonlinearity I

S LRP-0
C LIDIG )

LID-Taylor SIG-LRP
SG-LRP
SIG-LID-Taylor
crement

ST-LRP

In Contrast

ST-LID-Taylor

3 AP TR RN AR T T 4 5
Fig.3 Panorama of the neuron relevance explanation

methods in this article
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HERFLES AN, SBIAR 2 HEN S 4AE. Xf
TRHEFEASZLY 55— ATR B EGE A, 8= ZAT
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IEASR, T AR R ARG, ABFRIRAMR. 4513
B, it Yk ) A 5% B, SIG-LID-1G-s54321
T B TE A M X I8 AR e A H b, & B
— W R R AR Sz mEE S, HE, X
VCGG-16 M 4%, 251 A B FMAE R 15 & T 255 B,
B VGG-16 X TULHFEA R TR AIE R A, 2425
A FERERLRE b2 X0 F-28 0] B i, Gndi =R,
POTEG LLUAE S A W IEM e N, 22K
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4 SIG-LID-IG-s54321 £ RJE# A
Fig.4  Multi-scale heatmaps of SIG-LID-1G-s54321

A TEARLRE b2 2 X0 12550 B I, i g8 DU 4H 1)
B85 &4 STETEVARIZEA] A B IEAH S ]
I, BRI T 2000 B A S, T T8 =47,
HERE F(X) T2 B, #J7EALEH R 25
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PE, DL I8 10 IE . SO DG PE R ILAT & WU SLe
SEIRSCRE T EE 3.1 IO AL, REBINTIZ AR e mT
DL B A 2R IX 4 B STk S 3 TR ()
T TE.

N T B AR AR STV, BRI 4 B —
Hont, B 5 AE 6 1L E7R T SIG-LID-Taylor, LID-IG
1 SIG-LID-IG 7E s1. s2+ s3. s4. s5 AN E BRI
HRERITE R, 7 BRI AL B B PR B
. HRHE S B R B R, SIG-LID-1G ¥JHfS
Bl AL T SIG-LID-Taylor HIAHIC MK AR, [FH
Ny 2], SIG-LID-IG KB Bt #h 77 B H ARG e
405, 1 SIG-LID-Taylor #4178 3 24 #iL 76
B EOSUE AR 2R MBS A e T SO T
RERHEH R RS 5SS ook, fERK S
PRI, SIG-LID-I1G A% T LID-1G, SIG-LID-
Taylor HILH FIRERN . SZIRIFSE 745 3.2 M
A BISR P R 5 T DA A v D) J2 R s 90 O B
G, H v RS UE R T [ H ) JEREAE 1) A 1

2¢ Al A, A SIG-LID-1G J5iEAEA A R EE
RS (A S PSR RS v A BOERE, SEEL T
BTSSR PR IA .

4.2 Probability Change

% Average drop!™ WJE k&, A5 A
FI AR 2R A2 AL HE N (Probability change, PC) &
EARVEN T B RS R Bk, Sk i oh R
R AEACHEIEE, SR 5 2 A s 4 R B N R i s

5 TRIEEBA BN AN F BT VR R EER ) B R
(MIERL: 5. s4. 83+ 524 s1; M_EF]TR: SIG-LID-Taylor.
LID-IG. SIG-LID-IG)

Fig.5 Single-scale heatmaps of different explanation
methods when the decision category is bull mastiff (From
left to right: s5, s4, s3, s2, s1; From top to bottom:
SIG-LID-Taylor, LID-IG, SIG-LID-IG)

“ ”»
r g i
. & | S
» B ¢
o «? :f

Bl 6 YRS R A I A R R T i B R T B e
(M ZA: 5. s4+ 83 82, s1; M _EF|R: SIG-LID-Taylor.
LID-IG. SIG-LID-IG)

Fig.6  Single-scale heatmaps of different explanation
methods when the decision category is tiger cat (From left
to right: s5, s4, s3, s2, s1; From top to bottom:
SIG-LID-Taylor, LID-IG, SIG-LID-IG)
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Fig.7 Comparison of stage 5 single-scale heatmaps for
different methods (From left to right: GradCAM, Layer-
CAM, ScoreCAM, IG, LRP-0, SG-LRP-ZP,
SIG-LID-Taylor, LID-1G, SIG-LID-IG)
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4.3 Minimal Patch
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Line chart of PC evaluation of different methods
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Table 4 Comparison of PC experimental values between the proposed methods SIG-LID-Taylor, LID-IG,
SIG-LID-IG and ScoreCAM, IG
(7] 1G ScoreCAM SIG-LID-Taylor LID-IG SIG-LID-IG
0.1 —0.010 06 —0.025 44 0.010 88 —0.015 03 0.012 43
0.2 —0.032 59 —0.037 00 —0.017 05 —0.029 54 0.000 25
0.3 —0.053 58 —0.051 20 —0.047 14 —0.044 54 —0.017 88
0.4 —0.075 42 —0.068 61 —0.078 46 —0.064 28 —0.041 39
0.5 —0.105 52 —0.092 72 -0.113 35 —0.090 19 —0.071 76
0.6 —0.148 30 —0.131 05 —0.160 32 -0.133 97 —0.115 59
0.7 —0.212 55 —0.193 31 —0.222 92 —0.200 09 —0.185 15
0.8 —0.308 24 —0.287 81 —0.321 89 —0.298 01 —0.287 73
0.9 —0.456 71 —0.436 46 —0.465 28 —0.449 57 —0.444 88
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Fig.9 Line chart of PC evaluation between LayerCAM and SIG-LID-IG with different multi-scale heatmaps
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