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Application of Neural-symbol Model Based on Stacked Denoising

Auto-encoders in Wafer Map Defect Recognition
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Abstract Deep neural network is a model with complex structure and multiple non-linear processing units. It has
achieved great successes in wafer map pattern recognition through deep feature learning. In order to solve the prob-

” and excessive dependence on data in the applications of deep neural networks, this

lem of unexplained “black box’
paper proposes a neural-symbol model based on a stacked denoising auto-encoders. Firstly, the symbolic rule sys-
tem is designed according to the characteristics of stacked denoising auto-encoders. Secondly, according to the in-
ner association between the network and the rules, a knowledge extraction and insertion algorithm is proposed to
describe the deep network and improve the performance of the network. The experimental results on the industrial
wafer map image set WM-811K show that the neural-symbol model based on stacked denoising auto-encoders not
only achieves better defect pattern recognition performance, but also can effectively describe the internal logic of the
neural network through rules, and its comprehensive performance is better than that of the current classical classi-
fication model.
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Stacked denoising autoencoder
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3% 1. Rule- INF

HIN. CM-R rule set, dataset X.
HiH. The result of inference.

1) X «+ Norm(X) // H—1k;

)
)
)
5) at+ Xi, ap X (tET, k€ K);
) a=c-(3, ae— 3, ar);

)

)

)

10) End for;

11) For each element in BN do // BN = B=N;

12) IF BY > Random(1) THEN BN =1else BN =0
// Random(1) generate random number in 0 ~ 1;

13) End for;

14) For each rule do;

15) IF NumTrue(BY) - w > bias THEN y = ¢; // Infer
Mof-N according to BY and get the final result;

16) End for.
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FSHEU CM-R 72 F1R AR, 1R 4k Ht ny )
FHEL. CM-R 7 B A5 FEFLUU AT MofNFRLI, 4351 Xf
M. SDAE "] DAE F143 2883554y, THIXS 2 FRo
AT 8.

ELAE L TH] A) RRAE SR HGH 2  F R 2 TE

BGMZEZA DAE Sk 2 NMEEA. O 7450
P BGOSR E T A Ml 285, 5|\ T&)Z
FHEC S, BIAE B IS B gid FE X —> DAE
AP DRI R ) ey E iR R R B S A s FOK
WAL EBEAE w;, FHFIH RS MR 25 450 . AR 15
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K, o RORBE R EL Sigmoid, b RonfmEH. R
a2 (7), ASCRE TR AL, FRREOE o U IR
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BN 1 MIZREFI DAE B8

. EAERU 4.

1) For j = 1 to the number of hidden units do;

2) Create sign matrix s with each s;; = sign(w;;);

3) G = s =0 lwii /32, 51],

4) For each s;; # 0do;

5) IF 2x |wy;| > ¢; THEN;

6) Add z; or —z; into ruler;;

7) End for;

8) Until the value ¢; is unchanged;

9) End for.
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B)F: IF (w, x NumTure (A,, A,) +
wy, X NumTure (A, < A;) > b) THEN y = C.
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Fig.4  The process of network initialization

based on MofN rules
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Table 1 Wafer map feature set
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1] B A 0l B Ff 28 58 A TEVEAR . (H2, KBSDAE
XFILF A B AT CABEAT A 2 R, L BB 4R
W& ZLT SDAE. KBSDAE $2 B 454 7] L%
I T 45 1) B i R p PR P BE . (RIS, KBSDAE
AT DL R Gl A BRSNS A A B I BT AR AR
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R 23 MEESIE BRI (%)

Table 2 Defect detection capabilities of
three control charts (%)
[N JE U KR SDAE KBSDAE
Random 62.90 100 97.54
Center 99.40 99.90 97.20
Local 58.02 81.48 88.58
Edge-local 85.03 100 98.75
Scratch 99.27 98.54 86.86
Near-full 0.00 0.00 100
Donut 7.41 97.53 81.48
Edge-ring 91.10 67.19 90.86
SFEME 70.89 80.58 93.52

4.2 HMBREIIIE
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Ty~ Tos~ Ty RATRER, Haiy zo1y xo3. @50 KA
REZINEE, Rd, WOE AT REVERR K, 24 hl, SR ITI
TG, M R hig SEANE RS, h3 WO AT BEHEROK.
XM b 875 7 IR DAE N i LR

M4 R Z HEU MofN U UnZe 4 B,
BT R R HETIZ R, R BAS R 3
TIAg 4. Blin: 2 (0.68 x x—1.35 x y) > 0.75
B, XHEHE R T3 1 R ae ki ok, Hp 2R
7N h3s h3 A3+ h2+ hE« hZ. h3s h3gs hiys h3;
WWOHE M Z TN, y KR b3 h3. b3y by
h3s AT IR 22 TN

W22 3 MR 4 NS &k, T AR RC—
£ CM-R BN, W\RIE XML = L EAT LIS
, XERNA R T SDAE P2% N 451,
325 ) T KR FEE A 4% AT SRR e BRI VR 4% 485 ) AR R 1)
H . 85 CM-R HIRR, #HEe /2% i) ia 512 4R
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R MHERE, BN AR ] DRy — AR i 0 2K 4%, JF
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Table 3  Part of Confidence Rule
DAE BEAS R
0.55: hy & @1 Az A —Ta Axs A -+ Aoy A —Zag Aoz A s A A sy A Tso A STs1
DAE 1 O.65:hi2 < Xy Az A3 Axg A —xs Ao Axag Axas A - A g9 A D50 A Tsl
0.56:h;9 Sy ATz Axg A Axa1 Ax22 Axaz A Zoa A Zos Ao A X9 A XTs0 N\ T
DAE 2 0.72 : h3 < =h3 A =hi Ah} A =hig A =hiy A =hiy A+ A =hiy ARy A+ A =hi, A =hig A =hl
# 4 H5 MofN LI
Table 4 Part of MofN Rule
Sy MofN i

S 11
FM L (C) 1R 0.68 x NumberTure (h2, h2, h2, h2, h2, h2, h2, h2y, h2,, h25) — 1.35 x NumberTure (h2, h2, h2,, h2,, h25) > 0.75 THEN C1

FM 4 (C4) 1F 345 x NumberTure (h2, h2, h2, h2) — 0.87 x NumberTure (h2, h2, h2, h2, h2, K2, h2,, h2y, h2s, h2,, h25) > 4.73 THEN C4

2K 5 (C5)  1F 0.85 x NumberTure (h2, h2, h2, h2, h2, h2, h2, h%, hZ,, h2;) — 1.76 x NumberTure (h2, h2, hZ,, h2,, h2,, ) > 1.44 THEN C5
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Table 5 Recognition rates of defects in wafers based on KBSDAE
it Random Center Local Edge-local Scratch Near-full Donut Edge-ring
Random 0.91 0 0.06 0 0 0 0 0.03
Center 0.01 0.99 0 0 0 0 0 0
Local 0.01 0.01 0.81 0 0.09 0 0 0.08
Edge-local 0 0.02 0 0.98 0 0 0 0
Scratch 0 0 0.03 0.02 0.83 0 0 0.12
Near-full 0 0 0.01 0 0.25 0.84 0 0
Donut 0 0 0 0.13 0 0 0.87 0
Edge-ring 0 0 0 0 0.02 0 0 0.98
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Table 6 Model hyperparameter sensitivity analysis _
WRUEH W OH RGNS S JUE R (%) 0k ‘B\/ZH/ N :
1 20+ 5 1/2 1 89.37 & ©
1/2 88.70 = /Q/
1/4 87.57 Ei 0.7 /
1/3 1 89.00 = /
1/2 88.80 0.6F ) —SoiE
1/4 88.57 @/ —5— KBSDAE
1/5 1 89.80 0 . . .
1/2 88.97 50 100 150 200
I ZREE =
1/4 87.67
2 80,15 + 5 1/2 1 86.27 16 ARZGHIERE T KBSDAE 5 SDAE
1/2 90.02 U RE LL AL
1/4 89.00 Fig.16 ~ Comparison of classification performances
1/3 1 90.00 between KBSDAE and SDAE with different
training data volumes
1/2 91.56
174 89.78 id#% (Stacked sparse auto-encoder, SSAE). SDAE.
1/5 ! 90.00 BP #£ %% (Back propagation neural network,
1/2 88.13 BPNN). 3 T- KBANN ({7 5 #% 24 (Neuro-
1/ 88.90 symbolic system for KBANN, INSS-KBANN),
e 12 ! S FEEIEFZ BN (Densely connected convolu-
172 8937 tional network, DenseNet)™, ¥%Z 2 M 4% (Re-
i 2020 sidual network, ResNet)", 824 (Google in-
1/3 ;2 :?7)::?7, ception net, GoogleNet )" 32 [a] & 15 Wi k% i
1/ 4807 # (Support vector machine with Gaussian liernel,
. ST SVMG), I B A R A T
12 e8.62 (Symbolic-Deep belief network, SYM-DBN)F J5
11 20,05 5 JE R B & 41 13 73 (Local and nonloc-

TR 6 D) 24 A5 o) A (R RBURR B, 6 B T AE
ANEINZEHEE T KBSDAE fil SDAE KR Ak
. R AR EI 258800 730 U1l 25 SDAE 1 KBSDAE,
IR EHE B N 20 FFURIZET B3 . I 255 1 9 25 F
F 1000 AR AT IR PERE IR, 4550 16
Fow, BIMEZE IR 208E R IR/NMU ST, KBSDAE
WIA A B AR FE 1% 02 BT AR N I 25 [ &5
R BB E ISR EE =GN, KBSDAE Uk
W AEE E TRk SDAE. 5645 i KBSDAE
T SDAE HA 5 & M EdE U %, 7E6 = 112
s i A DL K TH BT DAORRERR R (PR RS B, X7
T S 5 T AR R I T
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Data structure of wafer map in
simulation dataset
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Table 7 Wafer defect recognition rates for various
learning models (%)

Hutg WM-811K 5
DBN 80.84 86.34
SDAE 89.87 91.28
SSAE 86.6 87.96
BPNN 80.71 89.25
DenseNet 88.6 90.69
ResNet 86.53 91.89
GoogleNet 74.32 90.63
SVMG 72.54 78.86
SYM-DBN 85.63 90.58
INSS-KBANN 81.96 92.78
JLNDA 90.4 90.84
KBSDAE 91.14 95.28
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