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Predicting and Interpreting Quality of CMP Process for Semiconductor
Wafers Using Machine Learning
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Abstract

Chemical Mechanical Planarization (CMP) process that planarizes semiconductor wafer’s surface by polishing is difficult
to manage reliably since it is under various chemicals and physical machinery. In CMP process, Material Removal
Rate (MRR) is often used for a quality indicator, and it is important to predict MRR in managing CMP process stably.
In this study, we introduce prediction models using machine learning techniques of analyzing time-series sensor data
collected in CMP process, and the classification models that are used to interpret process quality conditions. In addition,
we find meaningful variables affecting process quality and explain process variables’ conditions to keep process quality
high by analyzing classification result.

B Keyword : Machine Learning, Prediction, Classification, Process Quality Interpretation, CMP, Wafer
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<3 1> 2016 PHM Data Challenge ©o|g T4

Training Validation Test
Total number of observations 672,744 144,148 156,262
Number of wafers 1,981 424 424
Number of wafers under stage A 1,166 252 238
Number of observations under stage A 376,859 82,984 91,798
Number of wafers under stage B 815 172 186
Number of observations under stage B 295,885 61,164 64,464
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A f polishi
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USAGE_OF_BACKING FILM

A usage measure of polish-pad
backing film

SLURRY_FLOW_LINE C

Flow rate of slurry type C

USAGE_OF DRESSER

A usage measure of dresser

WAFER _ROTATION

Rotation rate of wafer

USAGE_OF_POLISHING_TAB
LE

A usage measure of polishing
table

STAGE_ROTATION

Rotation rate of stage

USAGE_OF_DRESSER TABLE

A usage measure of dresser table

HEAD ROTATION

Rotation rate of head

PRESSURIZED CHAMBER P

Chamber pressure

DRESSING_WATER_STATUS

Status of dressing water
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MAIN OUTER AIR BAG PRE| P lated to waf
- AR BAY ressure relled 1o WA EDGE_AIR_BAG_PRESSURE |Pressure of bag on edge of wafer
SSURE placement
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Pressure related to wafer
placement

AVG_REMOVAL RATE

The average rate of material

removal (the measure to predict)
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A stage B stage
HAlgy 7|¥ R-squared RMSE R-squared RMSE
ElasticNet 0.812 15.5149 0.616 5.496
SVR 0.812 15.5149 0.604 5.580
MLP 0.788 16.9243 0.788 4.086
k-NN 0.755 17.6913 0.567 5.835
Decision Tree 0.880 13.2589 0.572 5.801
Random Forest 0.953 7.7914 0.816 3.802
Bagging Tree 0.934 9.1674 0.803 3.934
Gradient Boosting Tree 0.945 8.4532 0.835 3.606
AdaBoost 0.935 9.1465 0.800 3.965
XGBoost 0.974 5.9286 0.855 3.545
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colsample_ learning | max_ | max_child_ o oh reg_ b 1 tree_

bytree S _rate depth weight e HR lambda R method

A stage 0.6 0.5 0.05 3 1 1000 0.6 0.1 0.9 hist

B stage 0.8 0.05 0.05 3 1.5 1500 0.5 0.45 0.8 auto

(B 7) 2% 218
AA e
True False

ne Ay True True Posm.ve (TP) False Pos1t?ve (FP)
False False Negative (FN) True Negative (TN)
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Rule 1 |skewness > -0.537 | max<= 751.8 |skewness <= 2.682|p2p <= 10.417
Rule 2 |skewness > -0.731 var <= 10.234| p2p <= 25.417
max <= 147.143
<= .
Rule 3 p2p 100 var <= 1391.627
>
Rule 4 | Skewmess = 0537 7882 var <= 46.807
p2p <= 10.0
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Rul 2p <= 10.41
ule 6 p2p <= 10417 var <= 1391.627
skewness <=
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Rule 13 | skewness > -0.731 var <= 10234 skewness <= 3.286 Skevg“;;?
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Y 23 ANE 69

2
_\;
X
_>&
AL
i)
o
1=
OH
O_u

A A1 % sick e, ol A
ruled] 72 W ow Q3 2 011:]-_
g <19 7> LE §Jo]H o] T3] Rule 8]
%3by % 714 ¥, SLURRY FLOW LINE A9}
SLURRY FLOW LINE C7} A|7to| whe} of @7
WSS b 18 io| 3, <7 8- mE
ol sl o] T 714 Wt ofE R
Telex) 2] 98 AlZERE ae ol

0054 "
00201
[ f
[ "
o
00051
2
00ng e -y [

0 w oA w4 00 4 2 L] (M 0]
SLUBRY FLOW UNEC SIURRY FLOW LNEA

(28 8) 4lo|m el Rule 80f

mEE 40| BRE

g =

g

SLURRY_FLOW_LINE_C

o9 o om ®om K I
me me

(I3 9) Rule 80| ZEIE HpE
=

ARtof| k2t LA

class 1= #5575 ol 5 &2 <19
7>, <O¥ 8> TS FEYE H= v, dF ¢
o|H7} <T1¥ A Y AlZte| wf Holgk 3
et A& Zlskitk
Rule 89 ZatE &L 7}2] H4 HE &
A A= U Ao w YEyeT, <ad
9>9] = 7hA] Lol A FYighs EH ek 7}
ZF 751.8, 25417 A= AL 1T 4= 9t
o 2o) flojs#of s Rule 8o x3te =
7HA] Wg7F <R 7>, <19 89| FHE HaL
Zdg-oltk ey <19
9>} -2 P Kol He4E A AolHe
Bael o= 374 MaE A2 Ee A o]
o] AR =2 MRRS ZH= 70|t} o2&t
S L gyAaol th2 4 SLURRY FLOW_LINE C
37 =50l 751.89F FAENS o, o
o Welslal =2 FAE AL fAIs] $l8)
LURRY FLOW LINE A <= E3F 254179F
T 58 =5 FAgthar sjAgth webA, o]
5 74A] W] tigt Wgo] AXITHH Xl 3-8
0] o] grolgtal sttt o= AA 15714

aled] 28 WHOR HBF + Aok

m T
il

oju] 3t

[e)
=2 MRRS ZH= A4

2}

VI 22 2 ¥F a7

B oo CMP 24 fo]ElE 0|83}
MRR & o =3517] $1s) B4Rl g AHe o5
s 7H%Ls]"ﬂ‘:}- /\]Zﬂ‘ﬁ glolEoA ER=
7] 9lste] Hat, EAL RMS9F 22 %7:]]
&5t ;q?ﬂﬂb]- A

VR, XGBoost 5 MAl2 g 7]1:1]—_4 =]
b e HlE HAlstc
1‘ﬁ % Boosting2 AFE-31= mAl# Y
Asol =4 Yelta, XGBoost &

Ol
-

2 o N
U)

o

(Ot

O
-/

i PATD SHS T s
flo o By

4
Jii‘.'

0%
o
rulm

N
H

71 =A L}E}”D} XGBoost= 1
2]Z1} Boosting &118]&-S EAF 374

o lo
ox,
Koo g
2

L in)



70 aldjole] =8| Al4E ARz

M= Aol HEE FEE et AHd &
&0] FobA K7 w2 Adso] F7] ol

A 2 W 7]olth

< A o gt A A3kl -2)sljof sh=
A grerstQlal, F 107FA] F 57141 A7t &
olatetal yebgth E3h ojufdt 34 W] 3
AA e O E BEo] RS o =2 F
FABE7] Q1A o= A=A 5§-o] 7He3h
A g 5§ ¢S Totd =
oA Falixl FoJu|gt M=ot FA AETS
AHEBAL, 718 A9 o] Preston WY AlS
At odF BdS 155 S wolg
S Aot #t ofy gl FA= RuleCOSI ¢l
S 283t 54 nleES 457 @l z+
gt ZZE 2 EYA, o5 T A

n

il
4
ol

rule5]|

g0z slue el disl 745 2 Badol
EAfte) 22 oed W Held 2 sl
+= XAl(eXplainable Artificial Intelligence)®] gt
o] gEHEY, & A LIMELocal
Interpretable Model-agnostic Explanations)S- 4]-8-

sfo] CMP 342 sAlshe 4 91 Zolth

jabad

A

e

e

[1] Zhixiong Li, Dazhong Wu, Tianyu Yu, “Prediction
of Material Removal Rate for Chemical Mechanical
Planarization Using Decision Tree-Based Ensemble
Learning”, Journal of Manufacturing Science and
Engineering, Vol. 141 Issue. 3 : 031003, March
2019.

[2] Peng Wang, Robert X.Gao, Rugiang Yan, “A Deep
Leaming-based Approach to Material Removal Rate
Prediction in Polishing”, CIRP Journal of

Manufacturing Science and Technology, Vol. 66,
April 2017, pp. 429-432.

[3] Hyunseop Lee, Haedo Jeong, “A Wafer-Scale
Material Removal Rate Profile Model for Copper
Chemical Mechanical Planarization”, International
Journal of Machine Tools & Manufacture, Vol.
51, January 2011, pp. 395-403.

[4] Jianfeng Luo, David Domnfeld, “Material Removal
Mechanism in Chemical Mechanical Polishing:
Theory and Modeling”, IEEE Transactions on
Semicoductor Manufacturing, Vol. 14, Issue. 2,
2001, pp. 112-133

[5] Tianyu Yu, Zhixiong Li, Dazhong Wu. “Predictive
Modeling of Material Removal Rate in Chemical
Mechanical Planarization with Physics-informed
Machine Learning”, Wear, Vol. 426-427, 2019. pp.
1430-1438.

[6] N.Y. Nguyen, Z.W. Zhong, Yebing Tian, “An
analytical investigation of pad wear caused by the
conditioner in fixed abrasive chemical-mechanical
polishing”, International Jowrnal of Advanced
Manufacturing Technology, Vol. 77, Issue. 5-8,
2015, pp. 897-905.

[7] Josue Obregon, Aekyung Kim, Jac-Yoon Jung,
“RuleCOSI: Combination and simplification of
production rules from boosted trees for imbalanced
classification”, Expert Systems With Applications,
Vol. 126, 2019, pp. 64-82.

A A}

o] =2 W7 SHEFAITY] e 7t
LA TH(No. 2019RIF1A1064125)1}, A%
AR AP R A 7| e XS U(2mt
EFH Q84 AR FA, N0002429)

1T o b
o A9g wop e AT,



HAR S o8 A floF HYs FAHFL A5 2 WY 2 L 71

A A A 7

" ¢ A AJeong-Eon Ahn)
-20199 : 7 3|oeka AR Y
S5HE (FeHAD
20203~ : 3|t
A7 skt Al Al e A
AR

2020~ : 7 3]st
AUFEA 22 F (SMD) &3 24

~Tl RO ¢ HlhlolE, Axu|olE Afo]AX,
HreA] a1y S

A A S(Jae-Yoon Jumg)

1999 : Ahgefotan Akl
(3D

20014 : Ahechtan Al
(44D

/l A 2005 : A @efak AliEsla

| (=

200520064 : ol THITT] AuAl sk}

U5 eI72)

A2l K19jeiel

20075 BSASHL AT 2
R W

AL Wieole], Aol

Aerlole] Atolois





