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Rule Inference Network Model for Classification
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Abstract: The black-box working mechanism of artificial neutral network brings the confusion of interpretability. Therefore, a rule
inference network is proposed based on rule-base inference methodology using the evidential reasoning approach (RIMER). It is
interpretable by the rules and the inference engine in RIMER. In the present work, the partial derivatives of inference functions are proved
as the theoretical fundamental of the proposed model. The framework and the learning algorithm of rule inference network for
classification are presented. The feed forward of rule inference network using the inference process in RIMER contributes for the
interpretability. Meanwhile, parameters in belief rule base such as attribute weights, rule weights and belief degree of consequents are
trained by gradient descent as in neural network for belief rule base establishment. Moreover, the gradient is simplified by proposing the
“pseudo gradient” to reduce the learning complex during the training process. The experimental results indicate the advantages of
proposed rule inference network on both interpretability and learning capability. It shows that the rule inference network performs well
when the scale of the training dataset is small, and when the training data scale increases, it also achieves comforting results.
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OE, 6w,\ 6wk o OAw, 8Awk OE, OE, "
AT, —- ow 3520, 1745, i 5 %5 o8, B = 25 30, —L AR BB FR N 6, 0, 1D B 2.

il <O B2 R AR HBR B 1 R S HCE W B R 2P RN T
LIRS 8w 22 15
R K= S IS

2L
R
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OE, =50 _ 0.
6y(1) J /

L OE, & O, oE, o)
-3 -3

aﬂjk 6)’}(1) aﬂ]k awk Jj= 1ay1‘) awk
R U 2=

OE,

AB, =— : 13

B =1 b, (13)
OE,

AWk:_ma : (14)
Wi

oo ] %
5 5 T R, T 5 00 (22 B0 5 0 <D e B oy 980 OB g e OFr O, e e

é't 00, o, 69
HLE . 5 MO, MR EH T
OAw, OE;, ow,
AG =m,——— 29, = 7717726Wk ) 5)
= _OAw, OE, Ow,
A8, =1, a3 =-1n zawk a5 (16)
o, Mgy 752 5] 3.
v 8y,') 6Awk OAw, e .
i 5 2 o, w35, 06, AR S B R 1 RAR
SR 2 FHBH
BT T SR HBESH N T RS v 2 HCER ATt R i T
Ve v+ Ay (17)
H b B PEALE 6, FUBLE 6, S 4 BLA5 1 B, E R I T
5,=8,+A5, t=1,.,T (18)
6=0+A6,1=1,..,L (19)
Bii=B i +AB 1 j=1Jik=1..,L (20)

N

PIHEEWIR 1P 3 TS H ARy, 19 2B 2 BOE 5644, ] iE[ N W 2N
i=1

33 EiAHR

TTH % 3 AL ED BRB-BP1. BRB-BP2 il RIN & L& H -, BRB-BP1 fl BRB-BP2 & 1 B 5 M
M FEFD BP #2245 R I 3\ B A5 5 40 A I RE AT BP #H & 48 B8 37 250N & RIMER HH [1)IE 4 i 32
1 7% . BRB-BP1 1 i Hf $4 \BE A 1 B A5 B 73 7, BRB-BP2 20\ [A) 452 iy AN AL A 10 B 43 1 20 A e AT Sk xdf bl e
A B LA A BT 42 RIN S92 H B 1 & ZEE A

&% 1. BRB-BPI.

BN GRFEARLR ((diy)} A RENFEAR I B YEER,p; BN R IRE AR S5,

it BP 142 B 2% 45 1 BRB-BP1.

BIEE AR R 1 (step 1~step 8).
U — Ak AR R KR /N, () 3 — R AR R 310, 1] X (7]
While 4, {(4.,y))}, Do
For j=1to T, Do
@)V FEAR ayed, Ron N BIEE N (a”,....a");

Ll

© TEBREEEEIEDT  htp/ www. jos. org. cn



10

Amaxs

72

® N oW

9.

Journal of Sofiware ¥ A3k Vol.31, No.4, April

End For
ROV EFEARLANERNEEE LA Y =0,
End While

B FEMG AR AFEFERR I HFE R % = () = (00,0
KLy ) M E N IZRAEAS R ] BP #2210 45 9)1| 545 3] BP #1422 £ 5 BRB-BP1;

&% 2. BRB-BP2.

BN GRFEAEE (A1)} A, 7B N A 1) 8 1 55y, A2 i NS5 I AR AR 2031
i HiBP 114 W 4% 17 BRB-BP2.

BIFE AR 2 (step 1~step 9).

N k=

9.

10.

Uﬂ*1&,*§*&ﬂ%j{%d\/£’mﬁa)ua#ﬂ‘ﬁéz’g;%iu[o’l]lZ@
While 4;€ {(4,,)}, Do
For j=1to T, Do

R @A ayed, R B 0. )

End For
R O)VGFEAR LA ERNEREE S =0,
End While

a™ alih
BLAE AT AR AR BRI 7 $F 42, B X,{xlk}{ };
a™ .. gD
FEARENEGEE S MEE v =y
LY HE N UITZRFEA, I 2515 2] BP #8148 [ 2% 15 71! BRB-BP2;

E% 3. RIN.
BN GREEARLE (i)}, A; AETNEEAR BBy, 25N B FIREAS 28501 48 58 A AR 2 in, T R I ZRIKEL

2020

- AR R LA JE A 6, (i=1,..., 1) IUBCE G(k=1,....L)FG 1 BAZ L B a(=1....Jpik=1,....L).

bl o

© % N o

10.

12.
13.
14.
15.
16.

AT EAS BE A o 2;

BENLAIUEI B = {5,|i = 1,.., T}, Py={G|k=1,....L} ,Ps={Bali=1,....Ipsk=1,....L};
While & £,in &8> Ain, DO

For x;, Do

1 20(2) A A A5 MU 22 S(AS,8,0)={(Di Bsi=1,...Jp}; 1 A ={af,...ak) (k=1,....L)/& x; BAZ i

SHA A A ERRIEBal=1... o} =1, IIE R
(@) it Ha={ay};

HAG) T w={w};
HG) M RO y= (7., »0);
A2 T E e;

B (13). R15). RA6)HHmEME;
i (18)~2(20) F B S 4

End For

e=sum(e,)/M; |/M EFEARANHL

A=A+1;

End While

B A
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4 LEERSH

AT I 5% SR BP &ML HIE R & B 5 Si(adaptive network-based fuzzy inference system, [ #5
ANFIS)P I it HLIC B W 4% (stochastic configuration networks, f&iFR SCN)P bL A i3 B BT 42 75 1 20 4 1 152 A0 AT fit
B R
4.1 KIEHR

R SCAE 2 4E 5 43k B 35 44 1 UC Irvine Machine Learning Repository 285 &, i B iR B4 B AR
PR 2 2R 4L Hodh Datal & Iris 338 48, Data2 oK H Wine 303 45, 1% B 6 /N8 1 :Malic acid . Alcalinity of
ash. Total phenols. Nonflavanoid phenols. Color intensity. OD280/0D315 of diluted wines;Data3 & F Wine %{
PRAE IR+ 6 /N JE P:Ash. Magnesium. Flavanoids. Proanthocyanins. Hue. Proline;Data4 3k H Seeds (4
£ VLBUH 5 A& 1 :compactness C=4xpixA/P?. length of kernel. width of kernel asymmetry coefficient. length
of kernel groove;Data5 >k H Banknote Authentication Z{#z £, & 4 /M@ 14,1 372 #£4%; Data6 3K H Wireless Indoor
Localization 4555, 65 7 NN EVE,1 500 ANEEA.H A1 Data2 . Data3 . Datad R85 38 4) J& M AE, = A 58 2 1 B

E kA58 IR T WA FE AL AN 43 B kA LT RURAR 45 (K FREAR, — A B T REAS B OR B AR A SRR
PR s, Al k-1 DMEEARF R A XIRIFESE bk RN TREARKRIE 1 R(https://en.wikipedia.org/wiki/
Cross-validation_(statistics)#k-fold_cross-validation). 5y 7 35t B RIN 7£ Il €5 £ 3 372 378 20> T~ IR 2508 155 400 °F 19 38K
R, A B TR R UIGRER, Al k=1 DMREARAE IR G, 5L G k 3738 SCIRAEVE AR [ FRA & 42
XCIGAE AR 5 #1858 SO AE R R 73 R RS 6 BE, L BP o 242 f 2% {1 9 3£ 28 BP. ANFIS. SCN.
RBR-BP1. RBR-BP2 5 RIN 73556 45 R W03k 2 ME 4 for.

Table 2 Classification precision of BP, ANFIS, SCN, RBR-BP1, RBR-BP2 and RIN

%2 BP. ANFIS. SCN. RBR-BP1. RBR-BP2 5 RIN 42 i %2 b 4%
Datal (%) Data2 (%) Data3 (%) Data4 (%) Data5 (%) Data6 (%)

BP 87.00 85.67 82.33 83.93 89.3 83.20

ANFIS 89.00 56.17 58.00 74.05 94.8 74.55

SCN 78.50 81.67 66.17 98.33 99.73 97.73

RBR-BP1 87.50 80.17 79.00 83.45 88.26 80.81

RBR-BP2 89.17 59.67 42.00 68.45 69.72 66.78

RIN 91.83 89.33 85.50 89.17 94.53 90.63
C1BP gz SCN B BRB-BP2

FZIANFIS  COJBRB-BPI  mmRIN
B - A

0.0 . J L2 :
Data2 Data3 Datad Data5 Datab

Fig.4 Histogram of classification precision

Bl 4 7 RuEmfiZns L

MFE 2 R 4 7] LAFE L RIN B RS B 200 T R 2k BP #0424 R 38 5 HY 3.17%~7.43%.7E Datal . Data2.
Data3 = RIN KRB T H A BTG 52, dEf R 40 518 91.83%. 89.33%. 85.50%.7E Datad. Data5. Data6 L
SCN (¥ & W f% 1F,{H RIN 7£ Data4. Data6 FAVIKT SCNHERIZ 23 51N 89.17%. 90.63%.7F i 54 F RIN
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HJR I T BP Fl RBR-BP1. RBR-BP2.B% | Data5 Z #FRIN FIRILIEH M54 FAL T ANFIS.H A A5 By
$EJ79% RIN A1 ANFIS B 5 — % 7] iR {2 ANFIS 78 K 25 5m 4 Lkl 2 N & R R,

TR FEEAE AR 4> R R, 5 RR T ASEIZREUE FUBE T (0 2 2 HE I 22 A8 b i AL AR R R B
ot R B, RIS i F 5000 (B )1 2R 0 R0 B0 11 B3R ) o s 0080 1 B A1 A s cales=0.4 2R B ATLIZE B 40% (1 54
YER S Fr8i 28 N GRIM R, 5 B0 1 A AL bR 3R 7 o3 vt 3R

1.0 1.0 1.0
08¢ 081 08
A 4 ———h—A
07} = BP 07} =BP 71
-~ ANFIS -o- ANFIS -= BP
L -A- SCN | -4 SCN | - ANFIS
06 +RIN 06 orn %0 4 SCN
~--RIN
05 L 1 L 1 1 1 L 05 1 1 1 1 1 1 1 OS L 1 L 1 1 1 L
20% 30% 40% 50% 60% 70% 80% 20% 30% 40% 50% 60% 70% 80% 20% 30% 40% 50% 60% 70% 80%
Scales Scales Scales
(a) Datal (b) Data2 (c) Data3

. T -l ) S S ———
0_9»;% 09l - o ———a————= ol T T
08} .——‘\\ 0slh Y L T
07} 07} = BP :

) 0.7
-=-BP -e- ANFIS
-o- ANFIS -4- SCN -o- ANFIS
061 4 sCN 061 -+ RIN 0.6 ¢ -+ SCN
-+ RIN -+ RIN
05 L 1 L 1 1 1 L 05 1 1 1 1 1 1 I OS L 1 L 1 1 1 L
20% 30% 40% 50% 60% 70% 80% 20% 30% 40% 50% 60% 70% 80% 20% 30% 40% 50% 60% 70% 80%
Scales Scales Scales
(d) Data4 (e) Data5 (f) Data6

Fig.5 Classification precision trend chart in different scales

B 5 AR HE U 2 R R A %

B S W LR BB E I ZRE0E SR R 109K, il 28 0 R REAR A& 38 W BT 4 RS I HE R PR
ORI a3, HL&5 BLZWT T — 80 2 808 U A /NI RIN flY 28 A% 35 7E 3 T or B (0 B 5(a)~ B 5(d) AT, it
B 5 VAL 358 B B ANFIS A2 5y — T AR 14 4 42 I 245 ith 26 Ao B IR, LUk 3 K, U B i U v 3R B0k e 3 ol
A B HEREA AR E RIN AT SCN 289 3h 8/, 3 B3 B AT M B BE A2 8 {52 SCN J7 25 AT R PR 411K
42 LERSH

AP RS A T RIMER FIH 22 5 26 ) JEAE R 2 1 — > AT AR 1) PP 4 — —RIN, ) F 40 282 X 4 1) 27 =)
BUHI LA B AE R0 2 o (0 240, B 3 A BB S R0 22, B SRR FH 515 100 0 v 1 100 0 2% i o 22 D) 2% T 8
G H 1) LGRS I 524 2T B RIN ZR G800 (R B G 57 1 — AN {3 A0 D0 2, 0 D) 28 v %) e VR e e s B2 B I R 3K A,
HEFE L AR RIMER A BOAS T 58 HERE 58 /i, B R SZEL RIN BOMRERE M. & SR sl HoAth N AT R U 5 Mk S iR B 456,
T A T R0 O e SRR U Sk SE BN 43 2K R R B IE BN TE dris 5 3T AR UG IE ST I = A 2R AR R
RIMER (7 5 {5 B FE o 35 73 RUUAE R 3 Hh 51 R 44T e — S0, B an 25 1 47 3R )

Ry:F UL Uy Us, Usy R {L,LLLY, M Tris 43255 {(C),0.3529),(C5,0.5152),(C5,0.1397)}, 4 4 MM ALEE 0.125 4,
Ja T A 4350 M {0.2863,0.4176,0.7994,0.6349 .

HP U, Uy Uss UnERRSEENEEKE. HEREE., BRKE. BNEE L. M. H W ERR
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TR AT e — e TR I i U R R

ARG R R A T e FL AR R A ELAE e T R, W R AR R L SR B S 2 0352 9,148
%TEE*@EFE’JEGEE 0.515 2,iZ S )R R4 T e Wi B EAF 2 0.139 70L& MM AL E 9 0.125 4,
PL_E B M AL E 43 )2 0.286 3+ 0.417 6. 0.799 4. 0.634 9.

Table 3 Generation BRB of Iris date
3 Iris FUHE A B E A5 U 22

M R ki it
1,(02863) A, (04176) 45(0.7994) A,(0.6349) __ C, C, [
R, 0.125 4 L L L L 0.3529 05152 0.1397
Ry 0.9479 L L L M 0.6372 0.0523 03191
R; 0.903 2 L L L H 0.5341 03289 0.1477
R4 0.997 0 L L M L 0.4148 0.0915 04937
Rs 0.1522 L L M M 0.0347 0.8154 0.1636
R 0.600 1 L L M H 0.4122 0.5225 0.0759
R, 0.079 3 L L H 18 0.1997 05431 02591
Ry 0.5973 L L H M 0.2829 04932 04932
R7s 0.483 4 H H L H 0.3259 04882 0.1859
Ry 0.447 5 H H M L 0.1114 03981 0.4905
R77 0.8107 H H M M 0.4044 02441 03529
Ry 0.063 4 H H M H 0.5061 03523 0.1424
R7g 0.616 8 H H H L 03757 04512 0.1731
Rso 0.732 0 H H H M 0.2453 0.1469 0.609 4
Rs; 0.822 2 H H H H 0.1855 03123 0.5551

ARSI T AT A AT AR R BRI R, L IR AT AR U 4 5015 o B AE R EE R AR I, N T
TH.ANFIS 1 B A — % W] R 1, T LLd I 1 R Gt 2R SLIL R S I IE,SCN Fil BP #4128 R 248 i A ML A0 5.
{H/Z,ANFIS & T 7E Data5 # R I R 47 AAM, 76 H AR SR 45 1 30 IR 22 0 5008 2 oK L it v, A A SR 06 &5
R LA L RIN 76K 2 SO0 45 B R BRI, I8 H R 70 VI SR B0 FUR 5 /N i e 8 TS 55 (1 M X T e 75 28
T B A U 1) A A 3R 7 R 2 T A B O ()T DU B T vk PR s T S 1 2 2] g 7 4R ,BRB-BP1
BRB-BP2 (13RI H A FLAR, W] W, 5.4 b 5 P 8045 3 9 A1 7 (R I 2R B0HE e AN 2 8 I 465 1k R 4t v, 28 2 PR I
28 B P fE R I, 3 T RIMER BB 2 HEFR LRI 72 2 I fE e 5 e B A .

RIN AMYLTE/NEHE BRI R A7, S 56 25 J AT LA 21, 2 5005 =48 KIT RIN K2R BB B/ & Nl = 1 46 2R

AT RE A (K 9 7E EAS R0 rh A R SO A U R AT A R ) HEER AL L A0 4 RIN X S04 & 4 0% 6 T8 4 ik
éiﬂz?&i&@%ﬁﬁ SCN ()R Bl If ,SCN 7E 11 sl B b ook 78 )5 2R %8 o 56 3% RIN B 78 B 2 — 8 144

=X

25 LTI RIN 763030 &5 /N 3R 0 S5 A T oAt 5 vk, B 5 5080 & () 388 K RIN 4K TH B % B3 4 A 3 11
g5 SCN 7R HHE 2 BOR I R IR 57, (0 AT R PR K RIN. (WML RE AT A £ T 25 A, 70 K SR (W B7F 90 vp vl DA
SCN 1 80t 77 2.

5 & 1

FEARTCH,JE T RIMER 2 H T — /80 U4 30 99 4% (RIN), R AL 2% =) JEAR R S7 1 3 A6 A 215 00 0 JE R 41,
FOUIU 2 v B A U R0 R R SR Y LA B 20 Al A A% ZR GE R AN R 8 I %< T T L ) 3 B T AR R A A ]
TSR 2 SRR, 2 N R B AR /NI RIN P R R, 3X A9 28 T RIMER H 1 B A5 FE 70 2o 8 2URIH i HTAIE
Fia B Y A HE AL 7 R A TR JC IR RIMER  HR ANl E 1 LR W A RE 14 A0 2R ek e L 8 25 50 5 22 5 4,
R RKI RIN K H BE % B N30 5 1 20 S AE A £

SR, RN R R R B 3CH B 2% R 80 1 I 5 28 8 10 52 0% 2 B Js 1 R 2 28 10 18 o, 00 U 6 ) 48 80 e 51
L F) 24 B30 N T R 2 T R0 U P L 8% 27 50 AR — A B 3 i 0, A SR P 7 A B o 2> A B R ) 7 0 P (K &R
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G I 52 A% B2 AELAR H AN BE 5 488 Gt 1 2 i e, K] sk 55095 0] o 4 080 AN ACHF AE AR SR B A o AR 4R T2 PR AR &R
Gy R S TV B M TN 0 T S0 R T ik 2 o) Rk A SR B AR SE ARy — AT RO T AR
4 48 5925 RIN 38 I AE + 20 58 3, AT thoKe I 22 5 Tk AT 25088 4 v 8 O 1k B8, 78 70 A 3 L T Mg R 1k 1
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