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As the digitization of the manufacturing process is accelerating, various data-driven approaches using machine learning are
being developed in chemical mechanical polishing (CMP). For a more accurate prediction in contact-based CMP, it is
necessary to consider the real-time changing pad surface roughness during polishing. Changes in pad surface roughness
result in non-uniformity of the real contact pressure and friction applied to the wafer, which are the main causes of material
removal rate variation. In this paper, we predicted the material removal rate based on pressure and surface roughness
using a deep neural network (DNN). Reduced peak height (Rpk) and real contact area (RCA) were chosen as the key
parameters indicative of the surface roughness of the pad, and 220 data were collected along with the process pressure.
The collected data were normalized and separated in a 3 : 1 : 1 ratio to improve the predictive performance of the DNN
model. The hyperparameters of the DNN model were optimized through random search techniques and 5 cross-validations.
The optimized DNN model predicted the material removal rate with high accuracy in ex-situ CMP. This study is expected to
be utilized in data-driven machine learning decision making for cyber-physical CMP systems in the future.
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Fig. 3 Comparison of CMP results in parameters over time by pressure
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Fig. 5 Schematic of RCA measurement system
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Fig. 6 RCA image processing and analysis

Table 1 Break-in conditions

Polishing machine POLI-300
& (G&P Technology)
Wafer 200 mm Oxide blanket
Head [g/cm?] 210
Pressure
Retainer ring [g/cm?
. Head [RPM] 87
Velocity
Platen [RPM] 93
Slurry/DIW flow rate [ml/min] 150
Polishing time with DIW [min] 20
Polishing time with slurry [min] 10
Conditioning Ex-situ
Sweep cyc
. 9
[cyc/min]
Rotation speed 101
Conditioning [RPM]
Down force 4
[kef]
Time [min] 5

AR7) Ol Ao GRel A Bejge dshslem, 29
3 2l

o] @ rEh E%EW Eﬂﬂ E? = =
317] ¢J3 DI water2 20, Slury= 1054 Hn}slgl o, o]

Table 2 Experimental conditions

Polishing machine POLI-500
§ (G&P Technology)
Wafer 200 mm Oxide blanket

Head [g/cm?] 140, 210, 280, 350

Pressure i i
Retainer g 51 280, 350, 420
[g/cm?]
. Head [RPM] 87
Velocity
Platen [RPM] 93
Slurry flow rate [ml/min] 150
Polishing time [min] 1
Conditioning Ex-situ
Sweep cycle
: 9
[cyc/min]
Rotation speed 101
Conditioning [RPM]
Down force 4
[kef]
Time [sec] 10, 30, 60, 180, 300
3000
Y ° §
% ’."'.g .O' °
5.0 S a0 g U

r 2500

PSI P
35 F2000 £

r 1500

1000

Fig. 7 Actual parametric data scatterplots for deep learning-based

modeling
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Table 3 Range of experiment result value for data construction

Value
Data feature
Minimum Maximum
Pressure [g/cm?] 140 350
Reduced peak height [pum] 1.643 6.308
Real contact area [%o] 0.065 1.834
Material removal rate [A/min] 694 3356
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Table 4 Number of partitioned data set

Data set Value
Train 132
Validation 44
Test 44
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Table 5 Range of hyperparameter tuning

Hyper parameter Value
Minimum Maximum Step size
Hidden layer 0 10 1
Number of neurons 1 150 1
Batch size 2 64 2
Learning rate 3e-4 3e-1 le-18
Epochs 1,000 10,000 500
Drop out 0.1 0.9 0.1
Table 6 Result of random search
Hyper parameter Value
Hidden layer 6
Number of neurons 57
Batch size 8
Learning rate 0.000319
Epochs 5,500
Drop out 0.1

HAstele Tgo] Basirh. B dAgolxi slolv] setuje s
HHe| 918 TPst BE 23 B7bolA] 7 vk Signlt
Agos tfelsts A AJx|(Random Search) 71H-S ARE-3}SL
o 2|23} 342 Table 52+ o] 2} sto]u] mehu]E o] 2,
o] Wolel AAF) 5l 7HAS LRSI d50) 34k} vk
Z%}H(Under Fittingy2 W|317] 9J3) 57H9] A% dlojg] 180z
U=o] wa} AZS Asstelch. A3} Anks Table 62] 2710]
A Loss glol 27k g1on), HFHoR Axate seiole s
2a3}0] 672 £49=2 712 DNN 2dle 7alsl9i).

44 T2 HAS o= 7}

DNN2J ¢|& A& H7} A # 2 R? (R-Squared), RMSE (Root
Mean Square Error), MAE (Mean Absolute Error), MAPE
(Mean Absolute Percentage Error)2] H] 7}4] 3|9 Hx=& 24](3)
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N 2
> —'.
R2 -1 I]\:](yl )iz)z (3)
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N
1 ,
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i=1
N
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MAPE ¥ 3 - )
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Table 7 Test data with a prediction error rate above MAPE

No Pressure RCA Rpk Real MRR Predicted MRR Prediction error rate
’ [g/em?] [%] [um] [A/min] [A/min] [%]
1 210 0.4766235 4.543 1,624 1,785.6068 9.951158
2 280 1.1841390 3.180 1,731 1,602.0144 7.451508
3 140 0.1846151 5175 1,226 1,038.1718 15.320412
4 210 0.4943034 4.586 1,793 1,657.3381 7.566194
5 210 0.4660441 2.709 1,191 1,375.7162 15.509336
6 280 0.8840373 3.013 1,866 1,666.5496 10.688662
7 280 0.6425659 3.729 2,107 2,308.8945 9.582085
8 140 0.1851733 3.928 864 936.416 8.381483
9 280 1.1594971 3.056 1,340 1,571.9052 17.306355
10 140 03186116 4.454 843 951.67255 12.891168
11 210 0.3302002 3.946 1,396 1,759.6122 26.046718
12 210 0.4329015 3.048 1,624 1,473.16 9.288175
13 350 1.5340251 2.086 1,821 2,112.963 16.033108
14 350 1.4431559 2.282 1,877 2,339.1433 24.621380
— train
2000 — val
30001 1750
— 1500
£ 2500 A u
o g ¢ 1250
E. 2000 - u S 1000
2 750
2 .. 500+
§ 1500 -
8 250 " oy Sty n
a 1000 0 1000 2000 3000 4000 5000
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500 -

0 . ’ . . . ’ .
0 500 1000 1500 2000 2500 3000 3500
Real values [MRR]

Fig. 9 Result of R according to optimized DNN training
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Fig. 11 Evaluation loss function according to epoch of optimized
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