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Test Item Reduction

Hoyeong Kim'?
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Wafer testing is one of the key components of the semiconductor manufacturing process and aims to balance
maximum production with the highest quality. However, there is a problem that it is difficult to preemptively
respond to the changing environment due to the ultra-fine semiconductor process, the quality risk caused by the
production of various products, and the lack of professional engineers. Therefore, in this work, we present a
framework for determining the optimal set of wafer test items representing high defect wafer detection rates
using machine learning models. The proposed framework applies an effective sampling methodology to solve
category imbalances, mostly composed of good chips, and uses ensemble classification models and important
feature selection methods to achieve high classification performance in a short time without direct wafer
evaluation. We demonstrate the proposed methodology has a meaningful effectiveness on time reduction
through classification accuracy and test item reduction using real DRAM chip datasets.
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(2) Determine the Classifier and Sampling Methods
Under the Default Conditions
Determine
i Classifier
(1) Construct Chip Dataset by Test Steps i- _V-o t;lg_ -: i- ]_Ba_gg:n; -E i-I;J;st_iu; -i
1S 1 IEvEEDs | B PRS- |
> Pre-(l;EeHr)Hot — %l:l;lilg?:; Consider Cost between Recall and Precision
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el it 1| |m==————- : (4) Wafer Test Item Efficiency and
ectrical Die re-laser ip Data ! ! ! Cost-sensitive ime Reduction
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Future Work Reduction
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Figure 4. Machine Learning-based Faulty Wafer Classification and Test Item Reduction Framework
2o A (1) o7 H2EE 53 4 dolEA T4, )% 245 ABHT A4 Ao R FE Fol 1A T
SRR MR TR CERILNOE TACEE XS
FRE QHAE P2 58S, (4) BF AL 4B FE  3) 2L WS 2L ED BT LU AE FE 585
F3dE QH2E A BE Y A2 AT, PP EF RARHEY PRES AR BT HAS A
& T A e F8 W4 A8 H(feature importance selection)
(1) Aol 5 H2EE 53 3 vlol g Al 74 S 843t R VN AE EO FAEE Aot 7|2
obx] AF 38 ul9} o] EDS testE L5 whet A /1A @A AR WS FRTE 7 ndof A3 A WA S BeEtgl o
2 AP 247 AZstuA) shs B FR7 dEg. & B, B AFAE 31282 F3 AEE LightGBM 299
5k 7t 2B 2 50~700] 7] 9] H|2E ololHl o2 LA} YT split-based T FREE AHE-HTE o] HA A A F A A of
(field)o A 24 7}53 BaS A BdA7]7] 9 DRAM A o = A& &3to] AA) Z &3 st ok HAE F5
S0l NLS AR B AEST AT A 2 g L HEske] ARE] g Bo] Aol A 23 B§ 7hsa)
EREF AZHL, o f Ao ] YA 2 23 o] 5}
QAT 5 9de A4S g e B Fo 7 BIN HE o] o @) EF B2 o8 FeF H dF L HEEANTES
T P2EE AYEA =0 v grEs gaEw g 3I3HANN 22T FREV G HAE FES A F
 elolejsh ol 3 W& Auo] Atk 2 W eoglz o T WFE A (feature reduction)3HF T 5 A A S 7
e FES o2 22 Jlsay, B AT A ojgle A HS FeFe ST ol & Tl AA a3} A
Wl B 2E 20 gul o] 20| 4 9T}, A aRSE 104 AF Jrh7Ite & 2 B2 95Ad
T Atk =3 PLH Hlolg Al e B¢ dfol vtz A& 7t
() P4E £F7) 9 AEY P E HY FEAEL TR AL 90In U1 AT U i 22
o] A7} g 3 T &7+A 0] "l o] 713 o
22 Aol B2 g4 25 9 uEY pye O NS AU SAAG BE gt ol
S Aty 28 B2 Qe WA default ZANA O e A= 54 A Ao A 24 5] b2
F20l 57kA g8 LaEZ (1) voting, (2) bagging, (3)
boosting®] &7 A5= Wrtete] 2o RS Heldt} & JRI
4 AAT PP RS AN SRRz 4 RE A
T AUt ¢ Y=E MEY PEE AAsH, B A e 2] o P "
- , . , 4.1 9E=A] flo]3 g 2E A wo]el A
M+ A Al 7HA (1) over-sampling, (2) combination-sampling,
(3) A& G AHESGT o] HA oA FREE 17 B AFg A= AA HEA dol¥ H2EZRE F289 J
ato] AEA Ao BIE ARE ol st EF ol thg o] ¥ AH F do|E & Z&3e] 3lA At 2y P9
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A& APsiAtt H2E §5 38319 A7 5] AY
459 FAH I3 xﬂﬁ"‘“/\‘] g go] 27wl thgk PLH,
PLC @A A 24 9} class FRE /& o7 ZH0: A,
1: E%)<S 7Hth EFH 9A Y A9 532 2o & $£9
H2E 24  toHE 17 Aof thil Fail o] HIE BEFOE
oloj 2 7] wjzofl A &3k Ath. =3 PLC tlo B Al S| Bk &
F7HAY FYe Tl i xAQ B 13 < single bit¥} multi
bite 2 FEL F UEF o AA Bl JhEsit
(Sridharan and Liberty, 2012). | ¢]E]Al o] t g min-max nor-
malization, outlier & A&X AA 534 2L AL A4 &
33 A davt gl ole 24 ¢ A7) A E Y HE
o 9lo slutel FEAoIH, A2 EDS test’} 28 5 Tk
o A2 7} 2A5A Z2 outlierd] A4 EF HOo7 FEE
7] wolth B AFollA e F 74A gAY HolHA S &8
stlon, Zztel o3t Mot #5A) = ofe <Table 1>3} 2
o] T+ H it

4.2 HAl Y o)A

2 AT e iR H FES
A S 28317] 98 2228 379t E
EA YGAE o7 BF LSS A L5
gAY A Toll A B Ve e dSeta 54
Fo £ &F & AMss 2A2H 3 FA(James et al.
2013), B+ 24 EF(decision tree)E 5ot YdE
# ¢l Random Forest(RF)(Ali et al., 2012), & 7§ <] oF3 &
7)(weak classifier) & 233t 7153 24 & 59 shve 7
& E5771(strong classifier) S FAsE WO Adaptive
Boosting(AdaBoost)(Freund and Schapire, 1997), boosting2] 7}
dE A s dadgEse ol &s HA38kE Gradient
Boosting Machine(GBM )(Friedman, 2001), 2] 3. GBM ¢ &%

p A

E T fo
o > 1o i

T

ud
o+

:1m

Table 1. EDS Test Chip Fail Bit Dataset for Experiment

619
&89l LightGBM 3} XGBoost7} L7 o]t}

43 E7Y vlojedl 4 Yl A%

<Table 1>0l| 4] &1 = 9l o] WHEA] H| 2E= A/ 30| A
A el o E A9} 95% oS AFAsh= A2 dlolH B & A
Ur ot a4 3l B e gigt ¢ug sy dE 8 s
o] 2= A7 A fzhﬂr(TAN etal,2006). ©]9} 22 B+

TAE 287 Al A Aol A= Synthetic Minority
Over-sampling Technique(SMOTE)E &-&-3}o Ho|H 48 &
3} A3kl 31 th(Park and Kim, 2015). ¥Fd B Ao =
training data®l| 3l SMOTE -5} o}y 2} Tk & over-sampling,
combination-sampling, 12| 1 H]-&- 71 7+8k<5 7] (Elkan, 2001)
& BT A L5t B5& A7 AL 8k o, Al Al A ol gt
cost-adjusted B 7} 2| ol At =& A H 3T

HITi A wlolEj A Y] B A Fe A B B3 /& 1
3tA] % =5 combined measure S AH&-5to] o 2712 A2 S F
<], ol 4 2 2 F-Measure, Balanced Accuracy, G-Means %—O]
1.0.1 (Bekkar et al., 2013), 3 & A 5 <Table 2>l YERH
FYg Moz gAY,

B AT FNF FPY F2EE HAA3t7] 9fste] A
TH AYFG7HA GAA FF 9 sk AF dAY
1HBAA AE2AE AP 139 85 2HE A3
Ole EFHIMECN AERT g dokE B e 30
7HA T ostdgt= &8ss onletn, #&0] IA T4
A et 1FE S fAGE Aol o Faste e &
ity dld A9E EQE B =3 = INY $8EE 1Y
3t ofef 9 cost-adjusted H7F A EE A FA A8t 2
1) WS (recall)$ A = (precision) ] 238+ #< cost-ad-
justed Fl-score S o mH]atH, 4/(2)= W17 E(sensitivity) 2+ &-©]
S (specificity) e At&

r

i

2 o ¢

i=]
U
A

—_

1<l cost-adjusted balanced accuracy

Test Step Statistics # of Chip Count # of Pass Chip # of Fail Chip # of Test Item
Training Set 26,694 25,259 1,435 45
PLH Validation Set 8,898 8,432 466 45
Testing Set 8,899 8,427 472 45
Training Set 25,856 25,264 592 58
PLC Validation Set 8,571 8,428 143 58
Testing Set 8,571 8426 145 58
Table 2. Confusion Matrix
Predicted Class
Pass Fail
Actual Pass True Negative (TN) False Positive (FP)
Class Fail False Negative (FN) True Positive (TP)
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score S =gt} g 2 EA B WA
Cost—adjusted F1 Score= S (1) 2 AE B2 S wE R A
2TP+ FP+3FN = LT e= e
Cost—adjusted Balanced Accuracy Score (2) = 717 glo|El Al 3.1- o)A Aoket T el AE 485}
= %( TP—???FN+ TNZ:FNFP HoH, validation data & ]3| 7} A3k o] 7 BF77| 9 A
£ WS MR 50| T AP AT <Table 350]
A B g U%0l T 7HA cost-adjusted B7F AEE 7|EOE
golEHAldAE RE BE7)y dAs oIt} i
5. 9% A3 PLH d] o] Al of| A 717 Rt ds& Bt

5.1 djolElAl £ 2

<Figure 5> A @l A3 &
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¢

olel] %o 7+48kH, 71 Sl A LightGBMo] 7+ $-4:3+ A
T Bt B A e F 7HA HolE Al BF LightGBM

To] 2 F A dolHAl S 7R daugFo g AAst o] $ AP WPt

£ t-distributed stochastic neighbor embedding(t-SNE)& &3 2 7|29 H7F A £ E 7 271224 A5 4 o7 37} A
B3 2 JeWct PLH ¥ PLC BlojEle  #7} FQEE 2 uhgsta 9SS 3 Byth obel <Figure
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Figure 5. Data Distribution using t-SNE
Table 3. Classification Performance of each Algorithm and Dataset (Validation Set)
Cost-adjusted Original
Dataset Algorithm Hyper-parameters Fl Balanced Bl Balanced | AUROC
Accuracy Accuracy
Logistic Regression max_iter=100 penalty="12' 0.9399 0.9816 0.9495 0.9920 0.9985
RF n_estimators=100 criterion='gini' 0.9776 0.9781 0.9924 0.9925 0.9988
PLH AdaBoost n_estimators=50 algorithm="SAMME.R'| 0.9776 0.9781 0.9924 0.9925 0.9998
GBM n_estimators=100 max_depth=3 0.9766 0.9781 0.9914 0.9924 0.9999
LightGBM n_estimators=100 boosting_type='gbdt’ 0.9776 0.9781 0.9924 0.9925 0.9998
XGBoost n_estimators=100 booster='gbtree' 0.9808 0.9812 0.9935 0.9936 0.9999
Logistic Regression max_iter=100 penalty="12" 0.5112 0.6831 0.7222 0.8171 0.9288
RF n_estimators=100 criterion="gini' 0.5910 0.7140 0.8016 0.8459 0.9844
PLC AdaBoost n_estimators=50 algorithm='SAMME.R'| 0.6217 0.7432 0.7940 0.8696 0.9801
GBM n_estimators=100 max_depth=3 0.6113 0.7303 0.8016 0.8595 0.9765
LightGBM n_estimators=100 boosting_type='gbdt' 0.6284 0.7349 0.8221 0.8633 0.9840
XGBoost n_estimators=100 booster='gbtree' 0.6066 0.7222 0.8112 0.8529 0.9847
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Figure 6. Data Distribution using t-SNE (Sampling, Training Set)

<Table 4> PLH tl o]}l ol A LightGBM S 7| & & 118] &

g PLC HlolElAle] 3¢ A5 3 v &L SES 37

0F 4 ALY PHEANA /M FE ATS AL W = &85} <Table 5>9F 20| Fl-score 7] 12.9%, balanced ac-
A3 1 A3E Yepdth sto|3 FeluH oA strategy= TF  curacy score 71 16.0% 8% FFE BA dE AF4E v}
F FY 2 o &5 FY 29 AZY ¥ &S neighbors= 7} BOE B AFGAE £ BR S Hola, HoE WY
B 7WHE ol 28 ME, weighte HI 8 U7 5 costE & o O AP S HA4SE 5 AW ET W&ol ) HHE
lias © 2 SMOTEENN# H|-§ 017} 8h45-2 &880t
Table 4. Classification Performance of LightGBM using Sampling Methods (PLH, Validation Set)
Hyper-parameters Cost-adjusted Original
Sampling Method AUROC
ampiing Vetods Strategy Neighbors Weight F1 Balanced F1 Balanced
Accuracy Accuracy
Default - - - 0.9776 0.9781 0.9924 0.9925 0.9998
ADASYN 0.14 8.00 1.80 0.9840 0.9842 0.9946 0.9946 0.9998
SMOTE 0.30 6.00 1.00 0.9840 0.9842 0.9946 0.9946 0.9999
Borderline-SMOTE 0.12 2.00 2.00 0.9808 0.9812 0.9935 0.9936 0.9999
SVM-SMOTE 0.18 3.00 1.60 0.9819 0.9841 0.9925 0.9945 0.9999
SMOTE-ENN 0.12 3.00 1.20 0.9830 0.9871 0.9914 0.9955 0.9998
SMOTE-Tomek 0.12 2.00 1.00 0.9808 0.9812 0.9935 0.9936 0.9998
KMeans-SMOTE 0.30 2.00 2.00 0.9808 0.9812 0.9935 0.9936 0.9999
LORAS 0.10 2.00 1.00 0.9776 0.9781 0.9924 0.9925 0.9998
Table 5. Classification Performance of LightGBM using Sampling Methods (PLC, Validation Set)
Hyper parameters Cost-adjusted Original
Sampling Method AUROC
Amping Aethods Strategy Neighbors Weight F1 Balanced F1 Balanced
Accuracy Accuracy
Default - - - 0.6284 0.7349 0.8221 0.8633 0.9840
ADASYN 0.30 4.00 1.40 0.7006 0.8396 0.7848 0.9307 0.9831
0.7097 0.8216
SMOTE 0.18 2.00 1.60 (12.9% 1) (11.8% 1) 0.8148 0.9211 0.9850
Borderline-SMOTE 0.60 6.00 1.20 0.7029 0.8335 0.7935 0.9275 0.9861
SVM-SMOTE 0.40 2.00 1.40 0.7014 0.8213 0.8040 0.9209 0.9830
0.6923 0.8523
SMOTE-ENN 0.08 3.00 1.40 10.2% 1) 16.0% 1) 0.7636 0.9369 0.9826
SMOTE-Tomek 0.04 2.00 1.60 0.6869 0.7776 0.8401 0.8943 0.9829
KMeans-SMOTE 0.18 5.00 2.00 0.6748 0.7627 0.8462 0.8842 0.9846
LORAS 0.08 2.00 1.60 0.6505 0.7484 0.8327 0.8737 0.9845
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Table 6. Classification Performance (Test Set)

Hoyeong Kim - Pilsung Kang

. Sampling Cost-adjusted Original
Dataset | Algorithm AUROC
Methods F1 Balanced Accuracy F1 Balanced Accuracy
- 0.9552 0.9579 0.9839 0.9851 0.9997
PLH LightGBM STMOE-ENN
.. . 0.9645 0.9693 0.9851 0.9892 0.9997
Cost-sensitive Learning
- 0.6036 0.7205 0.8095 0.8514 0.9766
PLC LightGBM STMOE-ENN 0.6813 0.8284

0.7702 0.9244 0.9777

Cost-sensitive Learning | (12.9% T) (15.0% 1)

Table 7. Confusion Matrix of the Best Model (PLH, PLC)
(a) PLH Dataset

(b) PLC Dataset

Predicted Class Predicted Class
PLH Dataset - PLC Dataset -
Pass Fail Pass Fail
Actual Pass 8,423 4 Actual Pass 8,373 53
Class Fail 10 462 Class Fail 21 124

o]—A«]ﬁFg]%]—jﬂZ—lg]o];( HE ]??_L U’EE“
0] &3} test set A 5-& <Table 6> 2T}, PLHS| 7%
o A o]u] Hojtk A 52 Hol7|o] AZT o 2|3t A5 dAtol

olHAl 526&12.9% 80
oJHY EFIAEY 01" -?%1%7
<Table 7> E53hE &

EHAERF LTS

Table 8. Feature Importance of the Best Model (PLH, PLC)

Qk

$3¢ o) A BEGL FASYT

5.3 HAE olo||} ag3et AT S

H h—_!;,] %L:Lx% o] E;ﬂ ol Hl2E
LightGBM ol 3 A 3}4 split-based M T L= AEH &
0}04 <Table 8>JJr 2ol 9 WFE —?%3}%2‘11 <Figure 7>

Top 10 Bottom 10
Dataset Rank - 5
Feature Importance Proportion [%] Feature Importance Proportion [%]

1 X45 218 7.27 X36 0 0.00
2 X43 202 6.73 X24 0 0.00
3 X22 154 5.13 X25 0 0.00
4 X29 148 4.93 X37 0 0.00

PLH 5 X17 137 4.57 X18 3 0.10
6 X23 132 4.40 X20 6 0.20
7 X4 122 4.07 X33 7 0.23
8 X1 121 4.03 X42 9 0.30
9 X44 119 3.97 X34 16 0.53
10 X2 117 3.90 X14 20 0.67
1 X57 271 9.03 X23 0 0.00
2 X39 211 7.03 X42 0 0.00
3 X56 164 5.47 X32 0 0.00
4 X1 157 523 X53 0 0.00

PLC 5 X58 130 4.33 X26 1 0.03
6 X10 122 4.07 X40 2 0.07
7 X22 116 3.87 X25 5 0.17
8 X30 102 3.40 X45 9 0.30
9 X14 101 3.37 X52 9 0.30
10 X44 101 3.37 X46 11 0.37
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Z@ﬂ A3E Jdepdth H2E §28 AF dA Yol
Q% 49 B 2E ofo]dlo] gt Egi‘re AP A Bs  FAZN AL F U5S Sd0
9 %Zﬁ a7t AR FaEsh Y O}OIE“ A A /q T3} <Table 9>+ ¢ 0] Eﬂ
Aol 4AHL s} o= 2257l 5L HAE E & 4 Q= YU A BAE
A ofoldlo] B/ 45l B Y A, E%‘ 7k W g Y2 HAE 9uEhY, item count=
F ATV AA BR A5 2HE BAE HEE udt 43 md B AEY PR f4E T

Machine Learning Model-based Faulty Wafer Classification and Test Item Reduction
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Figure 7. Classification Performance after Feature Reduction (PLH)
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Figure 8. Classification Performance after Feature Reduction (PLC)

Table 9. Time to Perform the Experiments Following the Framework

Base 10% 20% 30% 40% 50% 60%

ol

623

Base 10% 20% 30% 40% 50% 60% 70% 80% 90% 95% 97%

Proportion (Bottom)

70% 80% 90% 95% 97%

Proportion (Bottom)

Dataset Set Step Item Count Time [s] Total Time [s]
Validation Determine the Classifier 6 15.94
Validation Select the Sampling Method 5,040 1884.97
PLH Test Classification Performance (Before) 1 0.8 1919.27
Test Feature Reduction 21 16.76
Test Classification Performance (Final) 1 0.8
Validation Determine the Classifier 6 14.83
Validation Select the Sampling Method 5,712 3029.46
PLC Test Classification Performance (Before) 1 5.26 3165.21
Test Feature Reduction 21 1104
Test Classification Performance (Final) 1 5.26
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