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Knowledge-based Stacked Denoising Autoencoder
LIU Guo-Liang' YU Jian-Bo'

Abstract Deep neural network is a complex structure and multiple nonlinear processing units models. It has
achieved great success in computer vision, natural language processing and speech recognition. However, deep neur-
al networks have unexplained fatal flaws, namely the “black box” problem, which makes the application of deep
neural networks (DNNs) in various fields have huge obstacles. This paper proposes a new deep network system,
knowledge-based stacked denoising autoencoder (KBSDAE). Try to extract and insert knowledge from the stacked
denoising autoencoder (SDAE) with a simple logic language, and ensure that logic rules can perform deep reasoning.
The system not only accurately represents the SDAE, but also adaptively builds the network model and improves
network performance. Experiments show that this modular learning system can effectively explain SDAE and im-
prove network performance.
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Table 2

Bl . e
3

H87r DAE 55 MU i B2 2R
DAE symbol rule extraction result

DAE B {5 A5 5 MU R
2.2874 : hy <> "x Ay Az
2.9129 : hg <> "z A~y A -z

1.4163 : hy <> "z A "y A =z
2.4803 : hg <> "z A~y A -z
19159 : hg <>z Ay Az
1.0435 : hy <> "z Ay A~z
10 0.6770 : hs <> "z Ay A -z
1.9298 : hg <>z Ay Az
19785 :hy <>z Ay Az
1.9448 : hg <> "z Ay A z
2.4405 : hg <> x ANy A -z
2.0322: h1g < T AYAz

TR S AU S AR5 DAE —FER
BURFAIE, AR SR FH = AR A 4 2 45 v AR 41
T 255 ) 1) 5% 28 AN B 5 1) 0030 4 2 3] %o A [R) JIASE (1)
DAEs #HAT SR IBUR N . — BT, T
JRUGEHE, 43t DAE w65 )5 i i 5o B AR
(R4 B2 T A FH A AR 28 R 008 I 25 B S Tm) =L
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Table 3
dimensionally reduced complex data on SVM (%)

Ten-fold cross-classification results of

0%, T % N e B H B4 K8 U] 5 41 T 2 HE
PURPRE 2N 91.52%. BARMI 43N ank 4 Fiow,
AT DA H A SRR TR A R LA T v A HE S 40 )
PERE.

# 4 T DNA promoter [15J5F N B4R (%)
Table 4  Classification rule schedule based on

DNA promoter (%)

SyA I A ERE

IF (h3 > 0.771 A h} > 0.867)
THEN promoter

98.62 50.00

IF (h} < 0.92 A hj < 0.634 A h} < 0.643) 84.42
THEN —promoter

50.00

MNIST HAR

One DAE (J = 500) 98.00 97.27
Symbolic rule 94.43 96.73

Two DAEs (top J = 100) 98.74 98.07
Symbolic rule 96.03 96.84

Two DAEs (top J = 200) 98.90 97.74
Symbolic rule 95.42 97.33

SVM (linear) 92.35 96.55
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Table 5  Partial symbol rule details based on DNA promote
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Fig.5 Comparison of DNA promoter recognition rate between SDAE and corresponding blending rules (%)
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. . Table 6  UCI dataset information
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1 2 JA], ACIZE 200 ¥k BPNN #1455 KBSDAE
FHIE, ) HRAE 0.1 ~ 1 2200, BRI 300 K.

Wk 7 fior, Hod p IR s IR g SR A 2
23 5 P X S5 E]. ESLIe FE R K A B
LSS 5 4, Ho 4 AR R UINZREE, S35 —
PERMRE R . SLie % 2R34T 5 IR, PRIER— 1 4
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FUREE, ASCRI A HAR #4787 KBSDAE M4,
Ik T KBSDAE 78 76 MBI Zr R B B 1 24
7717 (Mean square error, MSE) 224k. MSE 1]
DLAIR 7 b 4853 P9 26 75 Y1 2 3o 72 1 7 S PR R A Ak

MK 6 7T ULE ) TEie 18 T B I 2 AR R P B
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A AR S A5 B R P AL S AT BE AR AL S IX ]
TXAIEBE 7 FI R4 Ak X 25 BT s Sk )RR AR S )
B2 UE B T AR SCRE R A

N7 B E KBSDAE 7 AE kb3 4 24 43
5 1) T (e 75 A ROGEAT 4395, IR EUT PR b v £
PifE: USPS FE R4 LK HAR Hd 4. Xt
7 SDAE fil KBSDAE FZiR 7 PERE. BARMISLE
Rk 8 frn. WRF T UG, R4S HE
AMEHTEN T, KBSDAE 5 SDAE 114525150
FABh, WA € KBSDAE ANAFAE 2 T AN - i 8.
EAFE R, SCHk [27) R ot B R m E LA
L HAR FO A 70 I3 8, R RS I Sk 2
89.3%, 1fii KBSDAE A LAA %] 98.5% 1R Ak .
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Table 7 UCI dataset information (%)
Hm e DBN SDAE INSS-KBANN BPNN Sym-DBN KBSDAE
Credit card 84.29 84.14 81.17 85.00 85.57 87.18
Diabetes 73.20 73.47 74.00 72.40 76.53 78.27
Pima 72.57 70.00 73.73 73.73 74.00 76.40
Wine 96.67 96.00 97.67 96.00 98.00 97.00
Cancer 96.92 97.38 97.21 96.31 97.69 97.12
Vehicle 75.29 73.97 71.82 68.69 74.67 75.85
Heart 81.60 76.80 78.80 78.40 82.40 84.00
German 70.90 71.30 71.60 69.40 71.30 79.10
Iris 84.00 82.00 93.00 92.33 92.33 94.33
30 DAE 1 08
‘ Y00 e SDAE
B0t N, 0713 === KBSDAE
= S AN
= LR T P 0.6\
10 T mee— L it
. . e ———— P
10 20 30 40 50 0578 4
Epoch @’) 04 _ :
DAE 2 “osl s
20t ' b
“;& ......... DBN '1
@ S —-—- KBSDAE 02F e,
L5t Se=elllee, i
= Te=elun 0.1} [T I
10 . . .., o L A AR e
0 10 20 30 40 50 0 10 20 30 40 50 60 70 80 90 100
IEAKL IEAIEL
(a) DAE IlZkHr B MSE 224 & (b) HMP B MSE 72L&
(a) MSE change chart during DAE training (b) MSE change chart during fine-turning
Kl 6 KBSDAE Al SDAE £ HAR #ti 4 Ll Zkid R iy 77 i 220t
Fig.6 Comparison of mean square error of KBSDAE and SDAE training process on HAR dataset
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Table 8  Classification results of comparison on complex datasets (%)
Bl e K W28 S5 Bl bz SDAE KBSDAE
USPS: 0 98.97 98.38
1 99.13 99.06
2 96.46 97.28
3 96.37 95.20
4 96.33 96.74
SDAE: 256-100-20-10/learning rate: 0.01/noising rate: 0.1 .
KBSDAE: 256-100-25-18-10/learning rate: 0.01/noising rate: 0.1 g 94.19 94.53
6 97.62 97.97
7 97.49 97.44
8 94.46 96.61
9 98.25 97.88
Mean 97.24 97.33
HAR
Walking 98.84 100.00
Walking upstairse 88.17 98.77
SDAE: 561-300-20-6/learning rate: 0.01/noising rate: 0.1 Walking downstairse 92.31 98.49
KBSDAE: 561-300-25-11-6/learning rate: 0.01/noising rate: 0.1 Sitting 97.05 08.85
Standing 89.36 94.99
Laying 100 100.00
Mean 94.10 98.50
HAT 7 45 B S b 5 R0k 9 firos, Hod B 1.0 — o
AEERAE 5 I XERER. \TLUEH, KBSDAE
AT HoAth 7y AR B A 47 1) 0 R RCR. g
9r
RO RABERAE 5 I NP REERXTLE (%) N
Table 9  Comparison of five-fold cross-classification AN
results on complex datasets (%) 08f ,/ Te————
i KBSDAE Sym-DBN DBN SDAE BPNN SVM t;:'i //
USPS 97.43 97.47 96.72  97.24 97.22  93.37 = o7l 4
HAR 98.40 97.09 96.89  95.32 95.84  96.55 /
4.4 RYESH 0.6
N N Y —O -SDAE
Gy R IERELL K KBSDAE X 84 I BUREE, Xty 05— m m 0
AN [FJ I R0 00 B Do 28 A5 2R ) Tt UK B2 . AR SR IR AR R
DNA promoter #5737l )%k SDAE #l KBSDAE.
PILEHCE BN 10 FFUREHT 1. 11455 1059 4 FI HIT RRIDRA promotor BUK A SDAR 5
A 20 NGB AT LB I RN, LR T [BSDAR Jh AT
Fig.7 Comparison of classification performance between

Fis, fE 2R3 SR /ML R, KBSDAE K IH
BA mIRAE R, 12 BT AR M 2 25 R
It H., B ISR EE 2 3% i KBSDAE R 7K &
WA E & T4 4 SDAE.

N E— 25 B AIE R R AN WX 4% 1) 3 R 2 75 4K
%t 7 KBSDAE il SDAE 7E A #H47 Fine-tuning

SDAE and KBSDAE trained by different
DNA promoter data

A X #4147 JLP Fine-tuning J& H MRS . R H
DNA promoter B850 AL 1 S5/ M 2S5
A ) SDAE 1 KBSDAE, A ANl 25 B B 1)
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Fig.8 Comparison of SDAE and KBSDAE

classification performance of different fine-tuning
training steps
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