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Number of Al publications in the world, 2010-22
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Artificial Intelligence Index Report 2024
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Image classification (ImageNet Top-5)
= Visual commonsense reasoning (VCR)

Visual reasoning (VQA)

English language understanding (SuperGLUE)
= Natural language inference (aNLI) Basic-level reading ion (SQUAD 1.1)
Medium-level reading comprehension (SQuAD 2.0) — Competition-level mathematics (MATH)

= Multitask language understanding (MMLU)

Figure 2.1.16%
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ARTIFICIAL INTELLIGENCE IN MANUFACTURING MARKET

GLOBAL FORECASTT0 2028 (USD BN)

CAGR of

45.6%

The global artificial intelligence in
manufacturing market is expected to 32

be worth USD 20.8 billion by 2028, :

growing at a CAGR of 45.6% during
2022

the forecast period.
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Markets and Markets — Artificial Intelligence in Manufacturing Market Size, Share & Industry Growth Analysis Report by Offering (Hardware, Software, Services), Technology (Machine
Learning, Natural Language Processing), Application (Predictive Maintenance & Machinery Inspection, Cybersecurity) — Global Forecast to 2028
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Data Acquisition

- Expensive labeled data

- Sparse, noisy, and
missing sensor
measurements

[1] Plathottam, S. J., Rzonca, A, Lakhnori, R, & llogje, C. O. (2023). A review of artificial intelligence applications in manufacturing operations. Journal of Advanced Manufacturing and

Processing, 53), e10159.
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Energy Consumption

- AI/ML training has
large energy footprint

- Powering Al/ML
enabled edge devices

H ot

Security

- Data centers exposed
to malicious attacks

- Employee privacy
concerns during data
collection

73

Implementation

- Recruiting necessary
expertise

- Building trust in
Al/ML solutions

X EX =& Figure 5 & Table 1 X+
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% A Fine-Grained, End-to-End Feature-Scale CMP Modeling Paradigm Based on FCN (IEEE TSM, 2023)
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https://sshmyb.tistory.com/225
\. Data Mining [2] Ji, Y., & Chen, L. (2023). A fine-grained, end-to-end feature-scale CMP modeling paradigm based on fully convolutional neural networks. IEEE Transactions on Semiconductor 13
e%® Quality Andlytics  Manufacturing, 36(2), 231-238.
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% A Fine-Grained, End-to-End Feature-Scale CMP Modeling Paradigm Based on FCN (IEEE TSM, 2023)
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Post-CMP surface profile prediction
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Fig. 3. Architecture of the fully convolutional neural network. Numbers in
brackets represent the number of output channels (i.e., the number of kernels).

\. DOTG_ Mining _ [2] Ji, Y., & Chen, L. (2023). A fine-grained, end-to-end feature-scale CMP modeling paradigm based on fully convolutional neural networks. IEEE Transactions on Semiconductor
e%® Quality Andlytics  Manufacturing, 36(2), 231-238.




% A Fine-Grained, End-to-End Feature-Scale CMP Modeling Paradigm Based on FCN (IEEE TSM, 2023)

adnrm, w=7.0 um, 5=21.0 um
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Fig. 4. Schematic of the test chip. atomic force microscopy (AFM) mea- b |: :I
surement, and data preprocessing. The AFM measures the surface profile on FEnm, w=1.0 um, S=4.0 um

the cross section of chips (a). We duplicate the one-dimensiona metrology i
data along the Y axis to obtain a two-dimensional label (b). The layout (X)

and AFM Label (T) combinations are used for network teaining after futher I
processing and augmentation. Note that the copper lines stick up referenced to =
nearby dielectric regions. This is because the slurry used during the final stage =
of CMP has a faster polishing rate for dielectic materials than the copper 'En b
=
E
-1

Lengthium)

) e e g s i, vl ey £y o Sl g e e et ) st (0 o P o o
Fig. 5. A cioss-sectional view of pant of the model’s predicteon resalts. The gl g T N L R R AR R R
ordinate denotes the surface’s pelative height, whereas the abscissa denotes
its hortzomal location. Under pwo process misdes and different combination of
line-widths (w) amd spacings (s), the proposed method could more accurately

depict the chip's surface profile thain the previous step height model.

\. DOTG_ Mining _ [2] Ji, Y., & Chen, L. (2023). A fine-grained, end-to-end feature-scale CMP modeling paradigm based on fully convolutional neural networks. IEEE Transactions on Semiconductor
e%® Quality Andlytics  Manufacturing, 36(2), 231-238.
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Fig. 1. Machine learning model building scheme.
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Fig. 2. Machine learning model deployment to obtain parameters of
interest from measured spectra.
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Fig. 5. Top CD of the line trench POR wafer as a function of wafer radius,

comparing CD-SEM (green square symbols) and scatterometry
measurements using the ML method (red circles).
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Fig. 13. Circular trench top CD d in SEM cross-sections 1s plotted
versus scatterometry measurements using the ML method. The SEM
cross-section data were not used in the training set.

Fig. 1

[3] Srichandan, S., Heider, F., Polak, Y., Ehrentraut, G., Juhasz, L., Haberjahn, M., ... & Haupt, R. (2023, May). Machine Learning for Deep Trench Bottom Width Measurements using
Scatterometry: AM: Advanced Metrology. In 2023 34th Annual SEMI Advanced Semiconductor Manufacturing Conference (ASMC) (pp. 1-6). IEEE.
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099 100

Fig. 10. Circular trench bottom CDs obtained from cross-sections are plotted
versus  values obtained from  Leave-One-Out  Cross-Validation
(LOOCV). 14 cross-sections were made from the split group of 7
wafers.
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versus scatterometry results using the ML method. The SEM cross-
section data were not used in the training set.
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% Effective Variational-Autoencoder-Based Generative Models for Highly Imbalanced Fault Detection Data in
Semiconductor Manufacturing (IEEE TSM, 2023)
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- OO O=
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(Pressure. gas flow) c - (po“.‘.,.p;,‘::m}l?z]:age) Fig. 3. FDC profiles of eight key SVIDS. X . Al 7|.
. —
Fig. 1. Plasma enhanced chemical vapor deposition (PECVD). Status Variable Identification (SVID)
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Q.. Data Mining [4] Fan, S. K. S., Tsai, D. M., & Yeh, P. C. (2023). Effective variational-autoencoder-based generative models for highly imbalanced fault detection data in semiconductor
o.o Quality Analytics  manufacturing. IEEE Transactions on Semiconductor Manufacturing, 36(2), 205-214.
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% Effective Variational-Autoencoder-Based Generative Models for Highly Imbalanced Fault Detection Data in
Semiconductor Manufacturing (IEEE TSM, 2023)
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Fig. 10. Generated temporal profiles of abnormal wafers for SVIDs 25-28

via the VAE models.

Q.. DOTG_ Mining _ [4] Fan, S. K. S., Tsai, D. M., & Yeh, P. C. (2023). Effective variational-autoencoder-based generative models for highly imbalanced fault detection data in semiconductor
o.o Quality Analytics manufacturing. IEEE Transactions on Semiconductor Manufacturing, 36(2), 205-214.
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< Effective Variational-Autoencoder-Based Generative Models for Highly Imbalanced Fault Detection Data in
Semiconductor Manufacturing (IEEE TSM, 2023)

TABLE 1
PRELIMINARY CLASSIFICATION EVALUATION WITHOUT DATA
AUGMENTATION

# AdaBoost + C|O|E| S Z

TABLE I1I

PERFORMANCE EVALUATION OF ADABOOST USING

THE INDIVIDUAL STRATEGY

# XGBoost + CJ|O|E{ = Z¢

TABLE 1V
PERFORMANCE EVALUATION OF XGB0OST USING
THE INDIVIDUAL STRATEGY

Evaluation Metrics

Classifier Original + Evaluation Indicators Original + Evaluation Indicators
Accuracy | Precision | Recall | Fi-score | Specificity Generation | Accuracy | Precision | Recall F,-score FNR Generation | Accuracy | Precision | Recall F;-score FNR
l;mr: 95.44%, 100% | 58.06% | 73.47% 100% 15 96.63% 100% 69.03% | 81.68% | 30.97% 15 94.60% 100% 50.32% 66.95% | 49.68%
0, 0, o, o, 0, o, 0, 0, o, 0,
AdaBoost 96.63% 100% 69.03% | 81.68% 100% 133 97.37% 100% 75.81% 86.24% 24.19% 133 98.21% 100% 83.55% 91.04% 16.45%
266 98.21% 100% 83.55% | 91.04% | 16.45% 266 98.67% 100% 87.74% | 93.47% | 12.26%
i 09% 84% | 70.83% .
Bagging | 93.09 100% | 34.84% | 70.83% 100% 399 97.93% | 100% | 80.97% | 89.48% | 19.03% 399 99.44% | 100% | 94.84% | 97.35% | 5.16%
XGBoost | 94.60% | 100% | 5032% | 66.95% 100% 532 100% 100% 100% 100% 0% 532 98.35% 100% 84.84% | 91.80% | 15.16%
665 100% 100% 100% 100% 0% 665 98.21% 100% 83.55% | 91.04% | 16.45%
@] H = H}EHH ©
XM et=l vae 7|8 HIO|H &4 HE2
(] ] . o == -4
v ST Y3 Fault Detection=2 RUIE S 2 X 2|51
H=Z2 LS SEAF ZI E3 ASH ZF =24 SEA} 7|
vV =5 ooeﬂ}ll OI:OA|I:IE OOHEDI-I:leo—I ol:oA||:|

[4] Fan, S. K. S., Tsai, D. M., & Yeh, P. C. (2023). Effective variational-autoencoder-based generative models for highly imbalanced fault detection data in semiconductor
manufacturing. IEEE Transactions on Semiconductor Manufacturing, 36(2), 205-214.
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% Practical Reinforcement Learning for Adaptive Photolithography Scheduler in Mass Production (IEEE TSM, 2024)
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https://news.skhynix.co.kr/post/circuit-patterns-in-ultra-fine-regions

\. Data Mining [5] Kim, E., Kim, T., Lee, D., Kim, H., Kim, S., Kim, J., ... & Lee, T. E. (2023). Practical reinforcement learning for adaptive photolithography scheduler in mass production. 20
o.o Quality Analytics  |EEE Transactions on Semiconductor Manufacturing.
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% Practical Reinforcement Learning for Adaptive Photolithography Scheduler in Mass Production (IEEE TSM, 2024)

|
|
States, |2 o |k ; M, |t I k. I
PR | S |
Reward P e O P T !
t TR | Mz i LTy LT; I LT,
Production N N Schedule I
History o IE Out M, i Sequ:l dependert setup
St H . | .
I " | .
Tea . ! :
. »| | Arrival | | Mask | : My | I LT I
\ I
\\ / Machines | Job assignment

Fig. 3. Ilustration of scheduling for m parallel machines, n types of lots

Fig. 2.  Reinforcement learning scheduler modeling for photolithography . A X i
and r masks. Typical lots are constraint to multiple masks and machines. The

machines. . . . . . .
machines share the masks and setup time is required according to the job
assignment sequence.
Q.. Data Mining [5] Kim, E., Kim, T., Lee, D., Kim, H., Kim, S., Kim, J., ... & Lee, T. E. (2023). Practical reinforcement learning for adaptive photolithography scheduler in mass production. 21
o% Quality Analytics  |EEE Transactions on Semiconductor Manufacturing.
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% Practical Reinforcement Learning for Adaptive Photolithography Scheduler in Mass Production (IEEE TSM, 2024)
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50 g?:‘_ —E : TABLE VI
@ g :’ E ‘,: BT I e S COMPARISON OF SCHEDULE PERFORMANCE
01 e 3——'_'_-—_ N s
5 w0 | a0 ok o o e Item step target | setup | assign
Episode Time (sec) Time (sec) KPI ratio 1311 0.985 1.036
(b) @ ®) Dominant rate 0.645 0.608 0.546
Equal rate 0.046 0.000 0.000
Fig. 5. VReward improvement in reinforcement learning (a) Experiment-A Fig. 7. .Schcdule Gantt chart with episodic learning. (a) Experimem:A Inferior rate 0308 0.392 0.454
(b) Experiment-B. (b) Experiment-B (blue: scheduled, red: setup. green: same lot type with
previous job).
Q.. Data Mining [5] Kim, E., Kim, T., Lee, D., Kim, H., Kim, S., Kim, J., ... & Lee, T. E. (2023). Practical reinforcement learning for adaptive photolithography scheduler in mass production. 22
o% Quality Analytics  |EEE Transactions on Semiconductor Manufacturing.
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% Multi-Scale and Multi-Branch Transformer Network for Remaining Useful Life Prediction in lon Mill Etching
Process (IEEE TSM, 2024)
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https://www.slideshare.net/slideshow/ion-beam-etching-or-ion-milling-135052783/135052783

\. Data Mining [7] Yuan, Z., & Wang, R. (2023). Multi-Scale and Multi-Branch Transformer Network for Remaining Useful Life Prediction in lon Mill Etching Process.
o.o Quality Analytics  |EEE Transactions on Semiconductor Manufacturing.
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% Multi-Scale and Multi-Branch Transformer Network for Remaining Useful Life Prediction in lon Mill Etching
Process (IEEE TSM, 2024)
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X I ! == =a TR TR M:stacking number
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| W T —-——| ] |
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‘ / Fig. 2. Details of multi-branch Transformer network.
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Fig. 1. Overall structure of multi-scale and multi-branch Transformer network.
£
Data Mining [7] Yuan, Z., & Wang, R. (2023). Multi-Scale and Multi-Branch Transformer Network for Remaining Useful Life Prediction in lon Mill Etching Process.
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Process (IEEE TSM, 2024)
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TABLE IV
PERFORMANCE COMPARISON OF THREE FAULT MODES

% Multi-Scale and Multi-Branch Transformer Network for Remaining Useful Life Prediction in lon Mill Etching

Our method
Groundtruth
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LSTM

MLP

200 300

Sampling points

(c) Flowcool leak

400

500

Fig. 7. RUL prediction results of three faulty modes in a run-to-failure cycle

Method F2 F3 Total number of :l‘raining
MAE RMSE MAE RMSE MAE RMSE parameters Time_F1 (s)
MLP 1484.75 1576.58 2179.04 2231.59 1604.44 1879.07 984,453 1507.437
LSTM-FCs 901.28 1026.72 1341.13 1637.65 1108.74 1335.87 1,194,497 2318.109
Bi-LSTM-FCs 877.42 1109.76 1136.07 1514.69 997.76 1275.35 2,649,601 4375.915
GRU-FCs 1043.17 1321.43 1577.09 1728.91 1097.23 1427.64 994,561 2147.752
Bi-GRU-FCs 912.21 1085.41 1291.05 1509.44 1008.43 1255.48 2,118,657 4491.034
CNN(VGG16-1D) 1282.29 1407.73 1796.65 1879.37 1347.71 1597.63 51,328,769 2264.499
TCN 789.65 932.21 1169.15 1312.67 967.71 1054.39 38,457,835 1974.055
Proposed method 567.21 646.42 676.71 798.29 597.78 691.31 1,525,882 2168.467
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[7] Yuan, Z., & Wang, R. (2023). Multi-Scale and Multi-Branch Transformer Network for Remaining Useful Life Prediction in lon Mill Etching Process.
IEEE Transactions on Semiconductor Manufacturing.
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% Commonality Analysis for Detecting Failures Caused by Inspection Tools in Semiconductor Manufacturing
Processes (IEEE TSM, 2022)

# 9t M| M| =3 H0|A 2] Commonality Analysis ?
xS

. 2 (hi 2 HI O EQlst E2F HE 2= ol ZENME AL ~
: WaferZ} ZI El O H(history)= 7|f122 S0[ot =& I{EHS 4= wafer group 52| s58& #&=
Step 1 Step 5 Step 500
Tool 29 TABLE 11
HISTORY LOG SCHEME
san I T I Wafer-ID Step_(i,j. k) Step (Lj+ 1L k) Step_(i,j + m, k) Yield Binned_Yield
Tool 2 Taol 12 Tool 201 1 “Tool 129" ‘Tool_239° MNull 70 ‘Bad’
Tool 1 Tool 23 Tool 1 2 “Tool _129° ‘Tool_210° Null 92 ‘Good'
3 “Tool 132’ “Tool 239 - *Tool_100° 94 *Good’
4 “Tool_141 ‘Tool_210° Null 72 ‘Bad’
=== = N “Tool_129° “Tool 2107 - *Tool_200° 73 ‘Bad’
Raw wafer In process wafer Finished wafer

[] Weiss, S. M., Baseman, R. J., Tipu, F., Collins, C. N., Davies, W.
A., Singh, R., & Hopkins, J. W. (2010). Rule-based data mining for
yield improvement in semiconductor manufacturing. Applied
Intelligence, 33, 318-329.

Q.. DOTG_ Mining _ [8] An, D. W., Kim, S., Kim, H. K., & Kim, C. O. (2022). Commonality analysis for detecting failures caused by inspection tools in semiconductor manufacturing processes.
o.o Quality Analytics  |EEE Transactions on Semiconductor Manufacturing, 35(4), 596-604.
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Commonality Analysis for Detecting Failures
Processes (IEEE TSM, 2022)
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Fig. 1. An MCF calculation example.
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MCF : Modified Cumulative factor
MCF(X)
_ Increase in accuracy by the manufacturing operation
- Aceuracy af the inspection operation
(accmnc‘\'{ﬂj NX) — accuracy(4;) )
= max

JEprecedings ﬂﬂ'ﬁ'!ﬂ'ﬂ{‘}'{ﬂj‘

= IMiEx
JEprecedings

.s'ujr;ll,l'rm"h[ﬂ’lal nx, 'Bud'} — suppm?(A_,-. 'Bﬂd'}
support(A;, ‘Bad") ’

(4)

[8] An, D. W., Kim, S., Kim, H. K., & Kim, C. O. (2022). Commonality analysis for detecting failures caused by inspection tools in semiconductor manufacturing processes.

IEEE Transactions on Semiconductor Manufacturing, 35(4), 596-604.

Caused by Inspection Tools in Semiconductor Manufacturing

Algorithm Commonality Analysis for Inspection Equipment
Input: data D,
binary threshold 8,
minimum-deviance 8,
significant level o
Qutput: 0
Begin
Define "Good’, ‘Bad’ yield group from data D using &
Define attribute set A = {A;, Ay, ... A} for all steps except yield from data D
Define equipment value set ¥, = EV“. V. ...,1{-;] for each attribute set 4,
Define contrast set C in conjunction with attribute and value set
Set of Candidates P « @
1. foreach X €C do
2 make contingency table for X
3 compute ¥* static retumn p-value
4 compute support(X,'Bad’) — support(X, 'Good") return dev
5 ifpvalue < @, dev > § and Xis inspection then Compute MCF(X)
b, ifMCF(X) = 0 then P+ X
7. 0 «SartValue(MCF, p-value, dev)

Fig. 2. Commonality Analysis for the Inspection Tool algorithm.



5. QUK =4 & & OIF

% Commonality Analysis for Detecting Failures Caused by Inspection Tools in Semiconductor Manufacturing
Processes (IEEE TSM, 2022)

# 2 Al - Case StUdy TABLE X

COUNT OF THE BAD GROUP IN THE INSPECTION STEPS AND THE
MANUFACTURING STEFS (IN THE RESULTS OF THE EXPERIMENT OF

. ALGORITHM PERFORMANCE)
- -
o » g L «* (A) INSPECTION STEP A
‘ : - - - Inspection Tools Manufacturing Tools ~ Wafer Count Abnormality
4 R e
= 0: oot "~ . . 4001 2405 5
’. b - 3 hod - Paset 8 o T
s A% 2w PR LR SR B A n SR 91
S . S /- DAL NN BI02 0501 25
(a) Scatter plot for distribution fail B0z 2405 7 most SUSpiCiOUS step
(B} INSPECTION STEP C
. Inspection Tools Manufacturing Tools Wafer Count Abnormality
l ' Null 1504 23
5
56
I ‘ l o 43 proposed method 0202 1504 2
S ERIN MCF 0701 1504 2
(b) Image of cutting plane of problem wafer (o Fail rate with wafer sequence {C) INSPECTION STEP K.
Inspection Tools Manufacturing Tools ‘Wafer Count Abnormality
Fig. 4. A case of yield analysis in semiconductor fabrication. 1902 ES06 10

. 1.00
TABLE v 1902 E509 47

Loa HISTORY FOR A CASE OF YIELD ANALYSIS IN FABRICATION

Wafer-ID Inspection Step A Manufacturing Step A ... Inspection Step C  Manufacturing Step C Group (D) INSPECTION STEF B
1 Null 2405 Null “1504° “Good’ Inspection Tools Manufacturing Tools Wafer Count Abnormality
2 Null ‘24057 Null "1504° ‘Good" 2103 13
3 ‘B902* 2405 Null' 1504 ‘Bad’ 1.00
4 ‘B902" ‘0501° ‘0202° "1504° ‘Bad" D202 2110 44
"1504" (E) INSPECTION STEF G
Inspection Tools Manufacturing Tools Wafer Count Abnormality
2797 “4001° “2405° Null ‘1504 ‘Good"
1902 0702 57 1.00
Q.. Data Mining [8] An, D. W., Kim, S., Kim, H. K., & Kim, C. O. (2022). Commonality analysis for detecting failures caused by inspection tools in semiconductor manufacturing processes.
o.o Quality Analytics  |EEE Transactions on Semiconductor Manufacturing, 35(4), 596-604.
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< Semi-Supervised Learning for Simultaneous Location Detection and Classification of Mixed-Type Defect
Patterns in Wafer Bin Maps (IEEE TSM, 2022)

WBMs with mixed-type
defect patterns

|

Subtract previously
detected patterns in WBM

O/ & ZA] B E A~ l
Extract features
E X 22 using CNN
S FE& l
Zd SF Tl E{ ZF
=g ﬂl ‘—{ = x/ Extract features pres
using LSTM — Zy
Zig &
=0 =y
= e [>
Zg gl | mwzroan
79/1./—{5.1, é’lgll ——] Spatial Transformer

| anwro2ag] |

Z:t)‘!e ¥i
Z45F © 5 H 2 I
ZE Y EF l S o Fe
zgrrbef
(b) Filtered WBMs Fig. 2. Flow chart for §S8-AIR for simultaneous location detection and clas- Fig. 7. Detected locations of defect patterns using SS-AIR with the proposed
sification of mixed-type defect patterns in WBMs. The process is repeated for pattern-specific cropping mechanisms (top) and the patterns of partial ring,
Fig. 4. (a) Examples of mixed-type defect patterns. (b) WBMs after removing i=1,...,n scratch, local zone, and center circle represented by red, orange, green, and
random defects using the CPF filtering method. blue, respectively (bottom).
\. Data Mining [9] Lee, H. Lee, J., & Kim, H. (2023). Semi-supervised learning for simultaneous location detection and classification of mixed-type defect patterns in wafer bin maps. 30
..O Quality Analytics  |EEE Transactions on Semiconductor Manufacturing, 36(2), 220-230.
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< Precise Pattern Alignment for Die-to-Database Inspection Based on the Generative Adversarial Network (IEEE
TSM, 2022) (b206)

(a)

Reference layout

1. Misaligned data o

4. Alignment

Referencelayout 2. Translation fike CAD

SEM image

Coordina (3

SEM image Reference layout

Coordin:
e

Target-like CAD

3. Alignment coordinate :

fr1 (-»

Discrimator

(®)

Conventional method Proposed method Conventional method Proposed method

Discrimator

Fig. 1. Brief introduction of the proposed alignment framework. (a) Graphical explanation of the proposed approach. The SEM image is translated into the
target-like CAD image. Then, alignment is conducted between the translated target-like CAD image and the reference layout to obtain the alignment coordinates.
Finally, the SEM image is placed to the alignment coordinates of the reference layout. (b) Comparison of alignment results between the conventional method
and the proposed method.

\. DOTG_ Mining _ [10] Nam, Y., Joo, S., Kwak, N., Kim, K., & Kim, D. N. (2022). Precise pattern alignment for die-to-database inspection based on the generative adversarial network. IEEE Transactions on
o.. Quality Analytics  Semiconductor Manufacturing, 35(3), 532-539.
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