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A New Wafer Defect Pattern Clustering Method
using a Self Supervised Learning
Robust to Pattern Imbalance

Leesu Choi -

Juho Yoon + Byunghoon Kim

Department of Industrial and Management Engineering, Hanyang University

This study proposes a wafer defect pattern clustering model that can recognize defect patterns without the class
label of the defect patterns. In the first step, noise defects are removed from each wafer bin map (WBM) image
using the Depth-First Search (DFS) algorithm to clarify the defect pattern. Next, the defect patterns are clustered
using the Dirichlet process, and the clustering results are adjusted by tuning the extracted features based on
self-supervised learning. By employing a weighted cross-entropy loss that considers the cluster size, the model
becomes robust to the imbalance of cluster sizes during the fine-tuning process. The proposed method can
facilitate the identification and resolution of the causes of defects that occur during semiconductor processing.
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Figure 1. Example of WBM Defect Patterns
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Figure 2. Neighborhood Construction Rules
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Figure 3. Result of Spatial Filtering

Figure 4. Result of WBM Spatial Filtering
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Figure 5. Example of Defect Chips Indexing
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1 2 3 4 5 6 22
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Figure 6. Example of Adjacency Matrix
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Table 1. Example of Distance Matrix AES w EFo] FUgtd AL AT 4 ) =3 RE
— ol B AL JFS FA G o)z FEol AA
Destination 1 14 H 21}2_\11, =9 'J‘H 1';;:]_ '—_'JX] O] %31 i\-Ei % Oﬂ %o] ‘S}E% %%%
1 0 0 A AT+ Ak
2 ! 0 B AT A A3k SF+DFS A & <Figure 9>} 0] 7}HA]
; : 2 348 4 Tk (= e Y A 4L olE o 1, SF L ol
5 2 0 &3l (@) EF HES = ﬂé#é(b)a%ﬂi}‘ﬂé—?%
6 2 0 o} wA 20 2 Algorithm 19} DFS RE # & A &3t 5
7 5 0 S 7Y 9Zo] 12 WEkel o= HES AAT A (o) 2
N T 0 o sl 23 A AHL FAT 4 Ak
9 6 0
10 7 0
11 3 0 Algorithm 1. DFS Pseudo Code
12 9 0 1 Input : wafer bin map
13 10 0 2 for do
1 0 0 3 Adjacency network graph between defective chips of
s 0 7 4 need visited, visited = None
5 need visited.append(start node)
16 0 2 6 while need visited:
17 0 3 7 node = need visitied.pop()
18 0 4 8 if node not in visited:
19 0 5 9 visited.append(node)
20 0 6 10 | need visited.extend(graph[node])
21 0 0 11 if len(visited) < threshold:
22 0 0 12 | = functional chips
D 12 6 13 Output : (denoised wafer bin map)
6

(a) Threshold :

(b) Threshold : 7
Figure 7. Example of DFS Filtering Results Based on Threshold
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R e 0 -~ - = 0
(a) - - = o =
Raw Data

(b)
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()
SF + DFS Filtering ®

Figure 8. Result of Denoised WBM by Filtering Method
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(c) DFS

Figure 9. WBM Filtering Process
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336 Leesu Choi -

o3 Fof| A = Truncated Dirichlet Process(TDP)E ]85}
g N7 9530 859 E84S #A0 TDPe 4 282
9] B2} SAAOI A BEE ML T ol
dolH W £2 /& vg 7Hgst e S8 2HE & Adgshe
g o)t} o] 2 o] & aﬁ E)= 7HT7} Z7Vd4E TDP7L A
A YEZd Z2AH 20 ZAEFE S 3HT(Ishwaran and James,
2001). & Ao A= ZA W EHOH He gy 28289

= AFYste] ZE WBMO| YA 2ej2H gde st
(Kim and Kang, 2021). ©|® TDP ¥ g Zl A& Wb o
e Aot ZY2H Y IREE 28T ¢ Ytk 2
Qo w} A2 gog dAste L2549 £F JHS AL
TUEE Goh B AFAAE b2 0.012 HA 3 F10%
O HI &S AR g a5 2T A WY S EHHOE Ze
*EW ot &, TDP €185 WiAHs ofte 2438}
El:_LHEﬂO] —]iﬂ 2= O]Eitﬂ-q
£ ol &3t e 2H ol & &3 ol A7t
erﬂ oA EF HE SH2EHEY Ao]2 B
o g}, ghilo] Sle Avole A4
| %% & AR glo] gl A S-dlE ol & 3
‘3} oF B Y S AEHEY Alo]2Tt B
A H]ZO E2 FH2H AFE Sl WY
Heo] 449 FE2HE ¥
4 Hl&& 188k Afo]2
e~ H & 2 of
gt} ol E 5 E‘ol A3 g5 722
T EJE}(Longadge and Dongre, 2013
2 AFNAE ol B F & 3 &317] 9
E VA E drdete] 4 (4)9 22 7h5A 7Y

e r°{'
u:1>

Sy

Mmoo o

R
X

e, @ o o mm b bl E rl
N
ey
iz
°
),
(o3
m{m
OE« 2
=l

ofr ok

S ooy oog i (N2 XN
ox,
©

)
o 5 oy

Uy
fAv)
1>

it
:‘.":’

~—

:oé
iy

B 2E

Wz

2

14
i

K

p

Juho Yoon -

Byunghoon Kim

E 23] (Weighted Cross Entropy, WCE)E &4 &4+2 AFL-3
ool WA SE2H Y tEAE 4 (5)9 2ol AltEn

(Cui et al., 2019).
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3t nJt 4% w/t FAYRT o8 T3 FBILE 9 Aol

27} FY 2 7HeA = EE 4 9l
CHA 2l A, ElolE A7t & FY2EdE A2 kS
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Fine Tuning with Class Weight

‘ : Forward
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Figure 11. Fine Tuning Process Framework Using Cluster Weight
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299 7}EA = EEB_ QLUNE NG EMSAE VA E A 0.490 0.746
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A= 0542 M 22 715 A E 7R o] 9} o] mlA| 0.616 0.738
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Edge-Ring
(0.114) (0.264)
Table 5. Cluster Weight in First Fine Tuning 0.520 0.658
Loc ' '
Cluster N P Weight (0.083) (0.049)
1 43 0.06 1.63 Random 0.464 0.678
2 63 0.09 1.11 (0.135) (0.211)
3 130 0.19 0.54 Seratch 0.464 0.538
4 135 0.19 0.52 (0.125) (0.066)
5 30 0.04 2.33 Near-Full 0.830 1.000
6 49 0.07 1.43 (0.087) (0.000)
7 48 0.07 1.46 0.678 0.702
Macro Average
8 75 0.11 0.93 (0.396) (0.029)
9 29 0.04 2.41 ) 0.576 0.690
Weighted Average
10 98 0.14 0.71 (0.073) (0.036)
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Table 8. MSE Comparison by Cluster Weight
Value Median Average
Cluster Weight False True False True
Center 0.750 0.750 0.746 0.766
Edge-Loc 0.750 0.720 0.738 0.722
Edge-Ring 0.500 0.670 0.558 0.650
Loc 0.660 0.650 0.640 0.658
Random 0.770 0.590 0.728 0.578
Scratch 0.580 0.590 0.438 0.578
Near-Full 1.000 1.000 1.000 0.960
Mean 0.714 0.710 0.693 0.702
MSE 0.023 0.015 0.027 0.014
Decrease Rate 34.35% 48.15%
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