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Wafer failure pattern classification
Singing voice separation and audio melody extraction
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Wafer Failure Pattern Classification

‘ 3% & (Roger Jang)

‘ AL E T




n i q
Infarmation
Retrieval a

ZERE R

o HMAUBEL B LF h S > BB H 4R (chip probing) ¥ 11 {8
3 & [F] Bl (wafer map) ©

o 4 1 AEEF R SR B G FIR O s RS 0 41 R
B 2oL AT 4L F o
o FLE Wafer map
o K-t Fﬁ'] RN P P A )
o B 1 AR EF ) W48 A N

4% %1% ;¢ (Pattern) L4522 4% 7V (None)

Center Local

Random

Near-full 20 None

12
10
8

15

6 10
4
2

2 4 6 8 10 12 14
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Typical Failure Patterns for Small-die Wafers

Typical failure patterns for small-die wafers

Localized || Sector Center Edge Ring Scratch Complex
-8 L, g - “ 2 | IR Taiar. o |
I' . ’ " } " ..'—- . I; ’ ] T - [N =‘:1 L :.'. o
Note that

Colors represent different bad states
Wafers may have different numbers of dies

A specific failer pattern is highly correlated with a specific type of a
machine’s mal-function.
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Feature extraction Stage 1 Stage 2
Geometry-based 1% model 2™ model
features
Feature
Radon-based vector

Predicted
class

Support Vector
Machine (SVM)

Support Vector
Machine (SVM)

Pattern or not

features

Miscellaneous
features
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Features

Features are the most important and valuable asset of a
classification system!

Our features

Regions’ features
Geometry
Statistics
Lines and curves (Hough transform)

Radon transform

Others: Histogram of 2x2 binary patterns and number of
corners
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FASH

% B H

1+ (Properties of region)

P ey it

S| 8 FIB 7 & chd & FEYE

STl de FIB ¢ & chi R

ST & FIW P < ed £ B EiEd L @

SH| & FIB P < cnT 35fE4

Send B (Solidity)

Sengg . & (Eccentricity)

ST BLIFF] 2. £ ihe? L 5l )

ST #i fEFl 2 B L jT 1 b

15

S35 = erbounding boxs % 5t G| A R AS

S#% £ 2 H bounding box* &
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LA\SS,

20

FricE gy it

S¢th BIA WA
b g 7 B

Sz g ¢t B g [F] B e -
ES¥ B vt

S =t b Bl s FIRl e & >
ik =t ok Bl et b

S¥r =% ?}%]Bﬁalﬁj?]ﬁjig? ’
BST Bt b

Sehi ff LI I bl

St fF 2 % BHG AL EE & FIR G0 B

% g«ﬁaﬂaﬁﬁig—” |

S%EZ AL FHYEE L oL T b

B oh B8] o [F) B3 o At G

=x * ] go [F] ] 3% go A2 v

£o ]F] B3 & et B
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Radon 3 #x (1/2)

C'Eﬂfr Near-full Center Local Near-full
250 = =
1
20 .. - »
- "y
15 -
.. I. ]
10 - Il.
5 .. .. -
- 2 4 6 8 10 12 14
5 10 15 20 25 5 10 15 20 25
0 50 100 150 0 50 100 150 0 50 100 150
0 (¢} 0
Random Random None
20 . ‘
[ |
15
10
5
5 10 15 20 25
5 10 15
Center Local Near-full 0 50 100 150 0 50 100 150
1 1 1 0 0
m n
05 05 05 ,0) = M(x,y)0(Qxcos@ + ysin @ —
8(p.0)= 2, D M(x.»)3s y p) U o
vl s 5(k) = .
0 otherwise
° 10 0 ° 10 2 ° 10 »  g(p,0) is the response of projection
; Random None
1
g(L1) g(L,2) g(L, Oy )
o | gD e 22, O 11
05
8(Pmax>D)  &(Pmax>2) 2(Pmax » Omax ) 11/43
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g(1,1) g(1,2) g(1,0ax )
g(2,1) g(2,2) g(2, max)
| 2(Pmax>D  8(Pmaxs2) 2(Pmax »Omax ) |

e (4 3
F B T o (£ 3784 3 20 dim)
e B L (£ 475 1 20 dim)

e £ L35 g E & (Skewness) (1)

eiE 7 (Kurtosis) (1)

I B T 35

¢ iz (1)

12
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1 Fo [F] B]2x2 binary patternrgic g 5 #F i@ (Dimension = 15)
e - P RFY 0 - f82x2 binary pattern & SV I A 0 B H

BB rﬁ]’%]aaa ff‘i—ﬁiﬁi Fib o

Random Loc

'J'i% it
4types 6types 4types 1 types ;E'- F-:-—"'-

EE mm un . - [] W]
EE EE i
el &

2x2 binary pattern

13
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go [F] ]+ e & Bhilcs &7 o dice vt ] (Dimension = 1)
lkﬁvﬁfi'\maaﬁmﬁiﬁiﬂg PPE AR

Pﬁaa[ﬁ]%}P#JQ‘g"l}ﬁﬁ-%’Tuaa{ﬁ‘]%}w'ﬁ—ﬁi v 0F
ﬁb"%ﬁ,{’ﬂ_°

> Harris corner detector

Center
cccccc Num =172
Near-full .

12

10 !
8

6

4

2

2 4 6 8 1012 14

5 10 15 20 25 5 10 15 20 25

Random

14
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:? B ik B $7 ﬁ i L\S3,
T rﬁ] r] «}«-E:

P A Big-die dataset
B s dy E
z]:] 7}1"_%( B
ie count 3003 500
( Die count ) I

(HE %) | " FA | RIBER
Center

& R 5
(Pattern)
L f}lj

Near-full

Random

Total 11370 11340 15
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R
Test accuracy — |3 AL B chypsadh 5

= £
3 l"-T. (=1 .
z o 3 E Predicted result
S 3 = = _
£ ] E
£ £ 92.8% 16% 5.6% 5 1 g g
] R R c Q 1] c c
= = Center (16) @ @ 3 5 E & 2
U T 54% ; comtor| 906% | 16% I s5% o 23%
. . . 116 2) : S @
Pattern [ %7355 220% e o | w1y | ° 1) Bl @ -0 e
"""""" oin | sorm 5 1% O Loc| 28% | 88.3% 0 52% - 3.7%
] . . . @8 | (@872 (51) @7)
Near-full 0 @ 3s) o -\ e
-------------------------- Ground ) ) )
08% : 64% | 92.8% truth "™ ° o e | e e
391% 96.09% 8% I 64% | r
none (349) (8573) Random® gy : @y O (1158) uth - =B
R Random | 08% © 84% 0 92.0% | 0.9%
vome | 578 e7on o aen 226w (10) @) (1158) | (1)
(20) 234) (16) L e ORI
vone| 02% © 26% © 02% 1 09% | 96.1%
‘ (20) © (234) (16) (79) | (8573)

16

Combine two stages
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Remove “none” test accuracy — @2+ 5 RIE T AL P F 45354k 5% (Pattern)3®
PR (eSS 2R

Predicted result

» 32 g

2 J ° o
5 g 5 5 5
o - 4 o c

Center

Center

Locfl “. ; : 52% 3 Local

Near-full

Ground truth

Near—full : : . - Random

Random

S 02%
(16)

none
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Before: After:
Geometry + Radon + Corner detection (291 dim) Geometry + Radon + Corner detection
Test accuracy =94.1 % + 2x2 binary pattern (306 dim)
Remove “none” test accuracy = 90.7 % Test accuracy =94.2 %
Remove “none” test accuracy =91.0 %
= % £ - % E
93.0% | 16% ° a7 osn 92.2% | 1.5% 55% : 0.8%
Cnterl Sy | @ 2 " wm m conerl iy | @ ’ 0 )
Locl 28% | 90.6% o 45% S 2% Loc| 29% | 897 o o83 2%
{28) {893) DLW @ 29) (686) S By @
: 791% | 1M6% 1 9.3% C s 81.4% 4T% 1 93%
Near-full 0 : 0 34) ) @) Near-full ] 2) 35) @) @)
0.9% 7.5% 0.2% 91.0% 0.5% 0.8% 6.5% 92.2% 0.5%
Rondom gy © @y 1 @ | aue | ®© fondom | "oy @ 1 " | gy | @
SN SRS . PR TN S— 18
04% © 32% © 03% | 11% | 95.0% 0.4%  32% : 03% @ 1.1% 95.0%
none - : : none : : :
@3 - @8 - (@ : 8 {8477) G - @) @ (00 {8478)
: : . . i a 18/43



B g - sarmsen| LS,
" g 55]1%3]_} i & ZEHcE s A ACE

Before: After:
Geometry + Radon + 2x2 binary pattern (305 dim) G€ometry * Radon + Corner detection
Test accuracy = 93.6 % + 2x2 binary pattern (306 dim)
—_ 0,
Remove “none” test accuracy = 88.8 % Test accuracy =94.2 %
Remove “none” test accuracy =91.0 %
5 E i 5 z g

8 s 2 S 2 3 3 2 z g

91.4% 3.9% 3.9% 0.8% 92.2% 1.6% 5.5% 0.8%

Creb oy | @ " o Crerl g | @ 0 @ oW
ool 3o {2 | ozw o7am Do Lol 2o | semm | osam o2

{39) {832) @ @ @ 29 {886) - B2 @

2.3% 83.7% 4.7% 9.3% . o 4T% 81.4% 4.7% 9.3%

Near-full 0 ) 36) @) @) Near-full 0 @) (35) @ )
2.2% 6.6% 90.6% 0.6% 0.8% 6.5% 92.2% 0.5%

Randoml oy ¢ @y " | auny | @ fandoml oy = @ 2 Y | gy | @

S o : e o ; 19
o] 08% iosawm o :o03w 1 oo9w | esou IONON R S R N L
{95) @1 8N i 82 {8473) {34) : @83 : 2% : (100 {8478)
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HACE B b

Sequential forward selection (/4 ﬁp_SFS)
FEERF R N A S eip 'ép n‘ %%%; * 2
Ege-

t 7

KPFHCEP Ry 0 FERF T A0
_RIRFORLY 45 4 5 (pattern) ﬂ Bl FFa I g
PIFR TR Y 48 354k 5 (pattern) & Fl Bl s

AAER A e £ 18 (SVM)

#jkfi ?#"Li t-l-r%? F‘*r‘?
Training set : 2489 5 Pattern ¥ i
306 n |
Test set : 2418 % Pattern§ i 35.3hr 4
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N

Recognition rates using inputSelectSequentialSVM: 46971 combinations
100

Recognition rates (%)

Before feature selection

— After feature selection (Test accuracy)

— After feature selection (Training accuracy)
70 ..................... D ....................... D R RRREETEE ................... - : : ) 2 1
g i i i i i i i i i
0 5000 10000 15000 20000 25000 30000 35000 40000 45000

No. of feature combination
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Before feature Selection:

Geometry + Radon+ Miscellaneous (306 dim)

Test accuracy =94.2 %
Remove “none” test accuracy =91.0%

After feature selection:
Selected feature (163 dim)
Test accuracy =94.4 %

£ . 3 E @ g . o E @
3 = 2 = g 3 = = = g
92.2% 1.6% 5.5% 0.8% 94 5% 1.6% 3.1% 0.8%
Center b “41) @ @) 0] Center | “421) @ 0 @ )
2.9% 83.7% 3.3% 2% 2.2% 91.2% 4.5% 2.1%
el ey | ees) 0 62) @1 Locl “Ga 1 @0y 0 4) 1)
y 4.7% 81.4% 4.7% 9.3% 2.3% 81.4% 7.0% 9.3%
Hear-full 1] {2] [35] {2] [41 Mearfull 1] [1] {35] (3} [4]
0.8% 6.5% 92.2% | 0.5%
Random [ g ®2) 0 {1161) ©) Random "g}% 5{}2‘? 0 ?121'33; “gl%
0.4% 3.2% 0.3% 1.1% | 95.0%
none _ 0.3% 3.1% 0.3% 1.2% | 95.0%
34) 285) @5 - (00) | 8478) none | o pth o5 iy | @)
Fr A Rg Geometry Radon Miscellaneous Total
B HE B (Dim) 198 92 16 306
Br g Pie (Dim) 103 51 9 163

Remove “none” test accuracy = 92.1%

22
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Recognition rates (%)

BATH DR APRTR(LIITON & 0 o8 2 PIATH - KT (2 5685)

Principal component analysis (PCA) — #-F 5L (£ & %7 (306 > 132 dim)
Linear discriminant analysis (LDA) — #-% ¢ Tl 8L 4 B (132> 114 dim)

100

100

P o ]

.............................................................................

) B e T

______________________________________________________________

) B e R e

———————————————————————————————————————————————————————————————————————————

Recognition rates (%)

60

. |—wvalidation| | 23

— Validation | - n
— Tralnlng

= Training

50

| | | | |
0 50 100 150 200 250 0 2 30 60 8 100 120
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5 e L
s A 5 (2/2)

Before dimensionality reduction
Geometry + Radon+ Miscellaneous (306 dim)
Test accuracy =94.2 %

After dimensionality reduction (PCA+LDA)
Projected features (114 dim)
Test accuracy =95.9 %

Remove “none” test accuracy =91.0% Remove “none” test accuracy = 91.1 %
. z £ - = £
3 3 2 2 2 3 E 2 E E
92.2% 1.6% 5.5% 0.8% 85.2% 9.4% 4.7% 0.8%
Center | 1) @ o @ ] Center |~ 1pg) 12) 0 ® "
2.9% 89.7% 5.3% 2.1% 1.9% 91.7% 4.4% 2.0%
ool @ey | eee) 0 62 @ Lol 4e) 1 s0g) 0 @y o)
4.7% 81.4% 4.7% 9.3% 4.7% 79.1% 4.7% 11.6%
Near-full 0 @) {35) @ @ Near-full i} 2 ) 2 &)
0.8% 6.5% 92.2% 0.5% 0.5% 7.3% 91.7% 0.5%
Random b “qgy @) O 1 aw.y | ® Random | ") o2) 0 | sy | ®
none | 04% 3.2% 0.3% 1.1% 93.0% 02%  30% ©ooon C 95.6%
34) (285) 23) (100) (8478) neneY ey o @ey) @ : (0M) {8533)
" " . " L .
(0 4 % P %+ (306 dim) R %15 (114 dim) 24
ok 4= 36.00 10.20
PR PE R 26.21 5.04
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FREFEE (%)
P E g ar (Remove “none”
test accuracy )
2x2 binary pattern(15) 15 67.2
Corner detection (1) 1 42.0
2x2 binary pattern(15) + Corner detection (1) 16 69.5
Geometry (198) + Radon (92) + 2x2 binary pattern (15) 305 88.8
Geometry (198) + Radon (92) + Corner detection (1) 291 90.7
Geometry (198) + Radon (92) + 2x2 binary pattern (15)
. 306 91.0
+ Corner detection (1)
After feature selection 163 92.1
After dimensionality reduction 114 91.1
R T T yopk
(s) (s/per wafer)
Py e el e 4860.4 0.2140 25
2 R P R 34.1 0.0030
= 24.94 0.0022
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Other Prediction Error for Small-die Wafers

#(LA\SS,

® Diversity of appearances

® Lack of samples

Scratch Scratch Scratch
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Radlatlon Top bottom
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® Confusing wafers

Localized Donut
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A
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® Inconsistent human labels

Center Swurl
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Current Status

EE 12014 IPPRE#AIZTEAE R 2 BE R
Er R

Ming-Ju Wu, Jyh-Shing Roger Jang, and Jui-Long Chen,
"Wafer Map Failure Pattern Recognition and Similarity
Ranking for Large-scale Datasets", IEEE Trans. on
Semiconductor Manufacturing, 2015b.

oo [F145 284k 7" Pt ek 3t 22 ecie (Design And Improvement of
Wafer Failure Pattern Recognition) , +k¥ § - 5 &< 5
1~ 2014,
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Singing Voice Separation and Pitch
Extraction from Monaural Polyphonic

Audio Music Via DNN and Adaptive Pitch
Tracking

® R
‘ Multimedia Information Retrieval Lab
Dept. of CSIE, National Taiwan University
O
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Introduction

Singing voice separation (SVS)
Extract singing voice from polyphonic audio music
Applications
Singing identification
Lyrics recognition & alignment
Singing assistance for karaoke

Audio melody extraction (AME)
Extract major pitch from polyphonic audio music
Applications
Cover song identification
Database construction for query by singing/humming
Singing scoring
Proposed approaches
DNN for SVS, adaptive-UPDUDP for AME
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Overall System Flowchart

Mixture
Signal

Pitch
Contour

STFT

Pitch
Tracking

Magnitude
Spectra

y

ISTFT
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Singing Voice Separation

Deep Neural i
| Network

Time Frequency
Masking |

] .

' Spectrogram  Spectrogram

‘: of of i
 Singing Voice Background:
: Music

_______________________________
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Steps in Singing Voice Separation

Convert music into spectrogram
Short-time Fourier transform (STFT)
Mixture, voice, background music (b.g.m.)

Deep neural network (DNN)

Nonlinear mapping from mixture spect. to vocal and b.g.m.
spect.

Activation function : Sigmoid
Objective function : Square error
Gradient Optimization : RMSProp
Dropout rate : 0.5

GPU used : true

Convert voice spectrogram into music

Inverse short-time Fourier transform (ISTFT)
32/43



Details of Singing Voice Separation

Vocal voice reconstruction
m(f)=|5,(f /(7. ) +[7.(f)) f=1,2, ... F (frequency bins)
5(f)=m(f )z(f)

5,(f)=@-m(f)z(f) , where z(f)is mixture spectrogram
'§ : estimated voice spectrogram
s,

: estimated background music spectrogram

T -
@ Predicted voice
|:> Deep Neural spectrogram y,
Network &
spectrogram
Predicted BGM _
spectrosram Y2
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Method for Singing Pitch Extraction

Unbroken Pitch Determination Using Dynamic
Programming (UPDUDP)

Average magnitude difference function (AMDF)
o Calculate each frame’s AMDF vector

Objective function

i=1
Mag x 10
s00F © " | l‘a) ] 6
VYR
200 3 ‘ - (
g . 5
150 , - c ? ‘
100 ﬁ N/"! 0
2 >
Jd4 fhbpwe B
50 100 150 200 * 50 100 150 200
Opt. path over the map X 10 Opt. path over the DP table x10°
10
* 6
2
6 " " 4
4 ( MY 15
2 g 2 :
5 c) B
T . AN 1
24 PR, 0
o
-4 -
3007 T oy VW‘ o 2 05
200 200
1007 e Tq00 130 4

J. C. Chen and J.S. Jang, “TRUES: Tone Recognition Using Extended Segments,” in ACM Transactions on
Asian Language Information Processing, No. 10, Vol. 7, Aug 2008.
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Adaptive UPDUDP

Adaptive UPDUDP for finding a good &
Goal : Find the proper 0

Target equation: d(4) = _rrllax1|si —Sul<7
i=1~n—
o Pitchcurve: S= [51""5i ,---Sn] (semitones)
o T:7semitones
Algorithm : identify the interval 1=1[6.6,] to satisfy the
condition d(¢)=>randd(6,) <t
o if d(8)==0, we are done.
°'(a) Set I, = [6,.6,] = [0.1]. If the bracket condition is fulfilled, then
we are done with [ = J . Otherwise set /=1 go to the next step.
(b) Set I, =[0..6.,] with 6., =26, .
(¢) If the bracket condition for I, is fulfilled, then we are done with
I =1, . Otherwise increment i and go back to step b. 35/43
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Example of Adaptive UPDUDP

x 10* (a) Song Clip
T T
2l i
[ ]
R
s
2+ -
| | | | | | | | |
1 2 3 4 5 6 7 8 9
Time (sec)

(b) DP matrix

Pitch

Time (sec)

— < Target pitch

Computed pitch < Erroneous pitch

(c) UPDUDP
100 T
=
e s i SRR s sas | R | EEEEECE s ————— oo LRI .
o
0 | L
0 1 9 10
Time (sec)
—— Target pitch Computed pitch  x  Ermroneous pitch
(d) Adaptive UPDUDP
100 T T T
=
g s 0 geemm L gESSRessmr o TSI :
o
. ‘ ;
[o] 1 9 10

Time (sec)




Corpora for Experiments

MIR-1K dataset
1000 song clips
Durations : 4-13 secs
Sample rate : 16K Hz
110 Chinese popular karaoke songs
Sung by male and female amateurs

iKala dataset
252 song clips (public set)
Durations : 30 secs
Sample rate : 44.1K Hz
Sung by male and female professionals
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Roirioval " m}
Dataset : MIR-1K
175 clips for training, 825 clips for testing Indices of | Numbers of
DNN nodes in each e
Method : DNN+ UPDUDP architecture| hidden layer ACEEDEEE
o Pitch tracking accuracy vs. GNSDR 1 64 3
i 7 w 12 13 14 2 128 1
568
) 3 128 2
1 4 256 2
075 4 5 1024 1
g 0
% 6 2048 1
é 7 512 2
x 4
£ . 8 768 1
= o7 i 9 512 1
10 256 3
—*— Overall Accuracy
—&— Raw-Pitch A
R:x-cll'l(r:om::l\t:ﬁracy 11 768 2
12 512 3
0.85 L 1 1 1 | 13 768 3
* * gNSDR for singin(; voice separatict:ﬁ * * 14 1024 3




Experimental Results of SVS

Ili
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O Dataset : MIR-1K
» 175 clips for training, 825 clips for testing

» Compare different pitch-tracking method on extracted vocal

0.65

Accuracy of Pitch

Tracking

B Overall Accuracy
[ ] Raw-Pitch Accuracy
[ ] Raw-Chroma Accuracy

ACF

UPDUDP

Adaptive UPDUDP




SVS Results for MIREX 2015

n
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Accuracy

Singing voice separation on MIREX 2015

Choose 126 clips from iKala dataset for training randomly

The Result of Singing Voice Separation on MIREX 2015

Voice GNSDR (db)

Settings FJ1 FJ2
Prog. language Matlab
Initial learning rate 0.001
Dropout fraction 0.5
Activation function Sigmoid
Cost function Square error
Gradient optimization RMSProp
Num. of nodes / layer 1024
Num. of hidden layers 3 1

| I MD4

I VD3
Civa
C—Juvs
I FJ2
I U1

Training data

126 files from the public
set of iKala.

Training time

7.70 hours

1.73 hours

Music GNSDR (db)
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AME Result for MIREX 2015

etrieva

Competition result of audio melody extraction
FYJI=DNN+UPDUDP

FYJA=DNN+adaptive UPDUDP

Accuracy

0.9

o
()

05

04r

0.3

Overall Accuracy on MIREX 2015
T T

ADCO04

o7

MIREXO0S

OB

INDIANO8

I ZCY1
I zcY2
]
L Tuy2
[ 1B6&1
I FYJ1
I FYJ4

MIREX09 0db MIREX09 -5db MIREX09 +5db
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Demo of Singing Voice Separation
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© Online demo of our singing voice separation
e http://mirlab.org/demo/singingVoiceSeparation

L ) c 140.112.91.63:8080/demo/singingVoiceSeparation/ wWoad =
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Singing Voice Separation (AE5)HE)

This page demonstrates singing voice separation
on the music.

e Choose one way to select music :

®  Select example music ¥

| Perform Singing Voice Separation |
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http://mirlab.org/demo/singingVoiceSeparation

Conclusions

Data science is on the rise!
Big data, machine learning, data mining...

Thanks go to ...
TSMC
Terasoft
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