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Application of Generalized Linear Models to
Predict Semiconductor Yield Using Defect
Metrology Data

Dana C. Krueger, Douglas C. Montgomery. and Christina M. Mastrangelo

Abstract- yield modeling is essential to identify
processing kssues, improve quality, and meet customer demand.
However, the massive amounts of data collected during the
fabrication process and the number of historical models available
make yield modeling a complex and challenging task. This paper
presents a methodology to guide the practitioner in determining
what data should be collected, integrated. and aggregated. fol-
lowed by a modeling strategy to forecast yield using generalized
linear models based on defect metrology data. This technigue
yields results st hoth the die and the wafer levels, significantly
outperforms existing models found in the literature based on
prediction errors, and identifies significant factors that can
drive process improvement. This method also allows the nested
structure of the process to be in the model, imp:
predictive capabilities and violating fewer assumptions. An cx-
ample is p to discuss this app and to
the sd\'snlagcs of these models over the models of the past.

Index Terms—Defect modeling, generalized linear models,
logistic regression, yield, yield modeli

L INTRODUCTION

IELI} IS A key process performance characteristic in

the capital-intensive semiconductor fabrication process.
Semiconductor yield may be defined as the fraction of total in-
put transformed into shippable cutput [1]. In an industry where
machines cost millions of dollars and cycle imes are a number
of months, predicting and oplimizing yield are critical to pro-
cess improvement. customer satisfaction, and financial success.
Since the 1960s, semiconductor yield models have been
used in the planning, optimization, and control of the fabri-
cation process [2]. A comprehensive review of these methods
is given in [3]. Many of these methods focus on using defect
metrology information, sometimes referred to as defectivirny
data, to predict yield. While several other measurements, such
as critical dimensions and electrical tests, are taken as wafers
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are fabricated, defectivity data seem to be the most influential
in current yield modeling practice.

Defectivity measures come from a wafer-surface scan that
identifies unusual patterns such as particles, scratches, or
pattern defects. These scans are performed after different
layers of the wafer have completed processing. The scans are
time consuming. so only a few wafers are sampled to monitor
the process and to predict yield. Several types of data may be
recorded for each defect, including the die the defect appears
on, the size of the defect, and the location of the defect on the
die. In addition, a sample of the defects is often selected for
classification based on scanning electron microscope images.

Another type of test is performed at wafer serf. At this stage,
the wafers have completed the fabrication process, and each
die on the wafer is tested for functionality. Dice that pass this
test move on to be assembled and packaged before a final test
is performed and the good product is shipped to the customer.
At wafer sort, the dice are grouped into bins. Passing dice are
placed into one bin, while failing dice are separated by their
failure modes into a number of different bins.

One of the challenges of working with semiconductor
measurements is the size of the massive datasets available
with computer-aided manufacturing. While these data record
many important process parameters and test results, integrating
them into a usable form is a considerable problem. Often,
process data are stored in one database, defectivity data in
another database, and electrical and wafer sort data in yet a
third database. Obtaining a dataset that contains defectivity
data and the corresponding wafer sort data can require skilled
knowledge of two different systems and the ability to query
in both. Aggregating the data into a more useable form for
model building is also a time-consuming task.

Another challenge is developing an adequate yield model.
Yield models in the literature that use defect metrology data
have neglected to properly account for the nested structure
of the data and have assumed independence among the data.
Dice are grouped together on wafers, and wafers are processed
wgether as Iots, making this assumption questionable at best.
The yield models in the literature have overlooked this poten-
tial source of variation. Also, most current modeling is done
at the wafer level, which loses the vast amounts of information
available at the die level. In industry, many companies develop
their own proprietary yield models that are not available in
published literature. Some of the most common methodologies

0894-6507326.00 & 2010 IEEE
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Data Description
« 18 lots, 36 wafers, 4413 dies (Defect O] = Die 2+ 11 &)

« Training set 12 lots, Test set 6 lots
«  ZtZtO| Die Of U= Layer & Defects 71+E 0| .

Lot Wafer Die Die  Radial Die Layer Layer Layer Layer Layer Layer Layer Layer Layer Layer Response
Number ID X Y  Distance Quadrant 1 2 3 4 5 6 7 8 9 10 (Fail=1)

1 2 2 7 7.28 3 1 0 0 0 0 0 0 0 0 0 0

1 2 2 10 7.07 2 0 0 0 0 0 1 0 0 0 0 0

1 2 2 11 7.28 2 0 0 1 0 0 0 0 0 0 0 0

1 2 2 12 7.62 2 0 0 1 0 0 0 0 0 0 0 0

1 2 3 12 6.71 2 0 1 0 0 0 0 0 0 0 0 0

1 2 4 3 7.81 3 1 0 0 0 0 0 0 0 0 0 0

1 2 5 6 5.00 3 0 1 0 0 0 0 0 0 0 0 0

1 2 5 7 447 3 1 0 0 0 0 0 0 0 0 0 0

1 2 5 11 447 2 1 0 0 0 0 0 0 0 0 0 0

1 2 5 15 7.21 2 1 0 0 0 0 0 0 0 0 0 0

1 2 6 3 6.71 3 0 0 1 0 0 0 0 0 0 0 0

1 2 6 15 6.71 2 1 0 0 0 0 0 0 0 0 0 0

1 2 7 2 7.28 3 0 0 0 1 0 0 0 0 0 0 0

1 2 7 3 6.32 3 1 0 0 0 0 0 0 0 0 0 0

1 2 7 5 4.47 3 0 0 1 0 0 0 0 0 0 0 0

1 2 7 7 2.83 3 0 0 0 0 1 0 0 0 0 0 1

1 2 7 11 2.83 2 0 1 0 0 0 0 0 0 0 0 0
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Data Description
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1 2 2 12 7.62 2 0 0 1 0 0 0 0 0 0 0 0
1 2 3 12 6.71 2 0 1 0 0 0 0 0 0 0 0 0
1 2 4 3 7.81 3 1 0 0 0 0 0 0 0 0 0 0
1 2 5 6 5.00 3 0 ) ~ ~ ~ ~ ~ - ~ 0 0
I 25 7 447 3 I 7. ofH Layer I}t =2 H+0/X/? 0 0
1 2 5 11 4.47 2 1 u u U U U u u v 0 0
1 2 5 15 7.21 2 1 0 0 0 0 0 0 0 0 0 0
1 2 6 3 6.71 3 0 0 1 0 0 0 0 0 0 0 0
1 2 6 15 6.71 2 1 0 0 0 0 0 0 0 0 0 0
1 2 7 2 7.28 3 0 0 0 1 0 0 0 0 0 0 0
1 2 7 3 6.32 3 1 0 0 0 0 0 0 0 0 0 0
1 2 7 5 4.47 3 0 0 1 0 0 0 0 0 0 0 0
1 2 7 7 2.83 3 0 0 0 0 1 0 0 0 0 0 1
1 2 7 11 2.83 2 0 1 0 0 0 0 0 0 0 0 0
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Data Description
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B Defect data £ 0|2% =8 0f

1. O/ Layer 7f &R H+2IA?

<
=5 S #3738 EX|

« Die-Level & Wafer-Level Logistic Regression Model &7}

Die Level Wafer Level
Non-Nested Nested Non-Nested
Category All Training All Training Outliers Removed Outliers Removed All Training Outliers Removed Outliers Removed
Set Data Set Data (2.5% trimmed) (5% trimmed) Set Data (2.5% trimmed) (5% trimmed)
N =24 N =24 N =24
N = 2367 N = 2367 N = 2836 (2967 Die) (2896 Die) (2845 Die)
S'fg::::::t Radial distance Radial distance Radial distance Radial distance Laver 8 Laver 9 Laver 9
(« = 0.10) Layers 4-10 Layers 4-10 Layers 2-10 Layers 2-10 y y y
Pearson 0.000 0.000 0.005 0.867 0.853 0.877
(P-value)

Layer 1 £ 5R3}A] g},
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1. O/H Layer 7} &R H+2IX[?

T2 0=

X el S8 B

« Die-Level & Wafer-Level Logistic Regression Model &7}

Category

Significant
features
(o = 0.10)

Pearson
(P-value)

Korea University * Industrial Management Engineering - DMQA = DMQA korea.ac.kr

Non-Nested

All Training
Set Data

N = 2967

Radial distance
Layers 4-10

0.000

Die Level
Nested
All Training
Set Data (2.5% trimmed)
N = 2967 N = 2896

Radial distance
Layers 4-10

0.000

Radial distance
Layers 2-10

0.005

Outliers Removed Outliers Removed

(5% trimmed)

N = 2845

Radial distance
Layers 2-10

0.121

Wafer Level
Non-Nested
All Training Outliers Removed Outliers Removed
Set Data (2.5% trimmed) (5% trimmed)
P= : 9)
1P
where x;f = —2.30820 + 0.0664864(radial distance) +

0.456202(Layer 2) + 0.222156(Layer 3) + 0.322290(Layer 4)
+ 0.322418(Layer 5) + 0.877724(Layer 6) + 0.867638(Layer
T) + 0.553416(Layer 8)+0.94701 I(Layer 9) + 0.720564(Layer
10).

0.867 0.853 0.877
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* Die-level & wafer-level model’'s yield prediction result

Existing yield model Predicted vs. Actual Wafer Level Yields
Popular Name Model 100%
Classic Poisson model: Yy = ¢ DoA 90% O
DyA,,
Binomial yield model: V=[1-4/A]" - o oo /
1 — e—D[}A 2 il ) g
Murphy’s yield model: Yi=|—r—— k - .
DoA z * o Die-Level Nested

Seeds™ yield model: Yo=—— < S :

ceds” yield mode iz v SR ol o Reduced Logit GLM Model 0/

ingwall’s yi : - 3] ] o e = o
Dingwall’s yield model Ys [1 +DpA/ } 2 . .= . JILg/. _’O__’é‘g/ MSE,MAD i(l.E L/LE/‘L:”
Moore’s yield model: Yo = v/ Dot e+

e o & o
Price’s ylﬂld model: Y7 = H 1+D; A O Wafer-Level Full Logit GLM

i=1 20% 1 + Wafer-Level Reduced Logit GLM (BE) | —
Price’s E_ene]’al model: Yg=(1+ DDA/nT” A Die-Level Nested Reduced Logit GLM
——— = " ® Seed's Model (Y4)
Negative binomial model: Yo =(1+ DoAjfa)™ 0% i Sl
DO = defects per area PR0% 10% 20% 30% 40% 0% G0% 70% 80% 0% 100%

A = area of a die
Actual Yield

MSE AND MAD FOrR MODEL COMPARISONS AT THE WAFER LEVEL (%)

Wafer-Level Wafer-Level Die-Level
Full Logit GLM | Reduced Logit Nested Reduced
Y1 Y2 Y3 Y4 Y5 Y6 Y7 Y8 Y9 GLM (BE) Logit GLM
MAD 0516 0516 0481 0373 0457 0500 0486 0496 0462 0.162 0.219 0.116
MSE 0269 0270 0234 0.141 0.212 0251 0239 0250 0.217 0.037 0.057 0.014
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* Non-nested & nested model’s yield prediction result

Non-Nested Full Logistic Regression Model

120

Nested Full Logistic Regression Model

120

g || . g || . A
‘6 100 4| R ;.?Io.hhlm 5 — .6 100 +—| s ;:m,h_p;,:,‘ . | ",
g ot o Ap g % Y
K7 fo) & @ BO+—| a Data - Y4 Lo
5 B0 4| & Training Data - ¥4 = o o.‘ = ﬁ aining 7 o
Y- O a Y
2 ol ® Test Data - Y4 A A S . @ Tost Datn - ¥4 A
'g 0 - .n £ % = .g " = ob a i n&&.l R 4
g B (] Aﬁf ef"b.. ° g 40 +—| i ‘8“ ﬁ:ﬁ R
z % z
c 1 / c
.% Y_1 = m A .‘g . Iy
._a 20 % 0
< g
o [N

Actual Number of Passing Dies Actual Number of Passing Dies

TABLE VII
MSE AND MAD FOR MODEL COMPARISONS AT THE DIE LEVEL USING TEST DATA
Full Nested  Reduced Nested  Full Non-Nested  Multiple Linear
Yl Y3 Y4 Y5 Y6 Y7 Y3 Logit Logit Die-Level Logit ~ Regression
MSE 0412 0377 0.289 0358 0371 0309 0394 0362 0.190 0.189 0.188 0.592
MAD 0583 0566 0517 0556 0572 0522 0574 0558  0.356 0.356 0.397 0.650
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Conclusions

+ Logistic Regression & AL&5t0]| Defect Data E 7|HtCE o HIEX =82 H3HoE ZHE &
« 7|& Wafer Level Model CHH| Die Level Model 0| A] Yield & & 0= &t

« Nested 7ZE A2 =N § 2 MSEMAD o2 22 &,

- TRTOF B Aol ZH DT R OfM0] et FFE =0 =20| E.

Limitations

« Defect 7, 37|, Die Ul ¥/X| YEE O|82ICIH O550| O okt & 5+ UCH

e Nested *+X 7= A| Wafer Quad. H2E 0|83 =0
Center-Middle-Edge & 752 SIQCHH O &2 Z210t= €2
« Defect Data HEE th+=3| Count € 0| E5t=

o
- o ITREE MNSE + ACHE HE BA 2ol ot s8S
|

OfH R#O| Pattern 2 7| Defect QIX/0 T3t YEE T2BCHH O 2 05 BHO| &

Korea University * Industrial Management Engineering - DMQA ® DMQA korea.ac.kr




B Defect data £ 0}

Feedback

INSP9

\ 4

DEP493 %

.
=
5]
©
©

ring * DMQA m DMQA kore

sity * Industrial Management Enginee

Univer

Korea



Bl Defect data £ 0|23t £8 0| U 2191 T EX

Lithography
Etch
. Wafter
Yield 0=
_ L CLN2 LITHO3 CUN4 ETCHS CLNG6
rr@: . :
3 "
CLN8 LITHO9 T ETCHI11 CLN12
g LT
Feedback L ARKO SRR O o
e
v R e e ea YL -
DEP493 % CLN494 LITHO495 \Citibiiiii: ETCH497 CLN498
INSP9 IN R e
DEP499 CLN500 Fab Out : PKG Test Ship

Korea University * Industrial Management Engineering - DMQA = DMQA korea.ac.kr



. Defect pattern =

= 0| 8%t Wafer 25 9 S Al Wafer ZAM

Wafer map 2 defect pattern 2 A|Ztz} ot ZXHA
S8 =HE g 5t=0l A

M =l wafer map &

Ol Af ZAIBIO] SAFSH wafer 2 &1
=X 2ol &oto] 38 X0 UH5HA HS “ts.

Defect pattern classification 2} Image retrieval & %
5t CNN Model 3.

Wafer failure mode
classification
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Similar failure mode
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Classification and Image

Retrieval Using Convolutional Neural Network

Takeshi Nakazawa™ and Deepak V. Kulkarni

Abstract—Wafer maps provide important information for
engineers in identifying root causes of die failures during semi-
We present a method for
wafer map defect pattern classlﬁcation and image retrieval using
convolutional neural networks (CNNs). Twenty eight thousand six
hundred synthetic wafer maps for 22 defect classes are generated
theoretically and used for CNN training, validation, and testing.
The overall classification accuracy for the 6600 test dataset is
98.2%. One thousand one hundred and ninety one real wafer
maps are used for CNN performance evaluation for the same
maodel trained by synthetic wafer maps. We demonstrate that by
using only synthetic data for network training, real wafer maps
«can be classified with high accuracy. For image retrieval, a binary
code for each wafer map is generated from an output of a fully
connected layer with sigmoid activation. A retrieval error rate is
0.36% for the test dataset and 3.7% for the real wafers. Image
retrieval takes 0.13 s per wafer map from the 18 000 wafer map
library.

Index Terms—Deep leaming, convolutional neural network.,
information retrieval, semiconductor defects.

I. INTRODUCTION

N THE semiconductor manufacturing, wafer maps are used
to visualize defect patterns and identify potential process
issues. Inline metrology tools perform inspection after a cer-
tain process step and monitor abnormalities on dies. Then
a wafer map is created based on the detected abnormal loca-
tions. One of the main purposes for wafer map visualization
is to monitor any abnormal defect signatures and respond to
process problems quickly. Once wafer map libraries are cre-
ated with corresponding root causes, defect pattern similarities
between wafers could be a good indication of the common
root causes and this knowledge base can be used to solve
problems. In order to have an effective knowledge base, two
components are reguired: 1) wafer map defect pattern classifi-
cation and 2) wafer map image retrieval from historical wafer
map libraries. The wafer map defect pattern classification can
provide information about a defect occwrrence rate for each
defect class and engineers focus on the most important issue
using this data. The wafer map image retrieval is helpful to
identify a root cause by querying historical wafer maps with
the known root cause.
Manuscript received November 2, 2017: revised December 31, 2017:
accepted January 15, 2018, Date of publication January 18, 2018; date of

current version M. 018, (Corvesponding author: Tokeshi Nakazawa. )
AZ 85226 USA (e-mail:

The suthors are with Intel Corporation, Chande
91 T S T T |

I8
Color versions of one or more of the fipures in this paper are available
online ai. [T 00000,
Digital Object Identifier 10.1100/TSM.2018 2705466
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There are a number of studies for wafer map pattern
recognitions [1]-[4]. Their classification approaches can be
divided into two main groups: 1) model-based pattern recog-
nition, 2) feature extraction based pattern recognition. The
model-based pattern recognition uses a predefined probability
distribution function for each defect pattern and selects the best
matching model using information criterion such as the Akaike
information criterion (AIC) and the Bayesian information cri-
terion (BIC). The feature extraction based pattern recognition
extracts pattern features using technigues such as correlogram
and Radon transform. Once the pattern features are extracted,
the common pattern classification algorithms such as support
vector machines, neural networks, nearest neighbors etc. are
applied for the classification task.

Deep convolutional neural networks (CNN) [5] have
recently advanced the state-of-the-art image classification
performance and became the standard approach for any image
classification tasks. CNN is the end-to-end model and does not
require any task-specific feature engineering. This end-to-end
model approach is beneficial since we don’t need to develop
the task specific feature extractors and the domain specific
export knowledge is not required. Another aspect of image
classification is the problem of image retrieval [6], [T]. The
image retrieval is a task of finding images containing simi-
lar objects or scene, given a query image. and has been used
in security and surveillance, medical imaging, and many other
areas. Traditionally, the image retrieval requires feature extrac-
tion using object color and shapes. Since the deep CNN can
learn rich features at each layer, these intermediate features
are used as good descriptors for image retrieval [8], [9].

In this paper. we employ CNN for the defect pattern clas-
sification and wafer map retrieval tasks. As a dataset, we use
wafer maps from simulation and the real wafers. For CNN
training and validation. we only use the simulated wafer maps
because real data available for each class from the manufactur-
ing process is highly imbalanced. In this case, it is beneficial to
train CNN by using theoretically generated data so that we can
also include rare defect patterns to the model and yet achieve
reasonable classification accuracy. To verify the performance
of the proposed method, we generated 28,600 dataset by sim-
ulation. Data from 1.191 real wafers are also used to evaluate
the performance of the trained CNN.

Our paper is organized as follows. In Section II, methods
for wafer map pattern ion, the CNN ¢ ion and
CNN based image retrieval are descried. In Section 111, we
present the results of defective wafer map pattern generations,
the CNN training/validation/test results using theoretically

:u::u.‘i:lml: research only [\:rsom] use |5 also permitted, but republication’
= . - o

for more information.
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Defect pattern 2 0| 2% Wafer & X A Wafer M

Data Description

» Training set 28,600 WFs (simulated), Test Set 1,191 WFs (real)

o Of2{Qt Z2 2271X|9| class & HO|st ST class HE @S5 (1,3007H4) FAF OO K| E M.

« Real data 2] % &% class 2| small data X7} S = U1 OIEJ 4% CNN 9| st530| 4 Z
7te40| Yooz sh&% If= simulation 22 MH &l wafer map & O|&3%t= 20| |2].
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Convolutional Neural Network Configuration
» Three convolutional layers with the receptive field size of 3 x 3 and stride 1.
» The rectified linear activation is used for each convolutional layer. The max pooling size is 2 x 2.
e The fully connected (FC) layer with the size of 256 is added after the convolutional
layers with sigmoid activation
» The last layer is the softmax layer for the class probability calculation.

<
Max pooling Max pooling Max pooling S
2x2 2X2 2X2 S
& “ E
3 §
o ol
. Q &
o |i \\C Y
g ~ Class 1
K Class 2
286
286 143 143 /- Class 21
Class 22
Input Conv1 Conv2 Conv3
32ch. 3X3 2D 32ch. 3X3 2D 64ch. 3X3 2D
FC Layer FC Layer

256 22
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Wafer Map Classification Accuracy
o Z class & 1300702 Simulation map 2. Train 7007, Validation 30071, Test 3007H% #& H&
« 15,400 training, 6,600 validation, 6,600 test & &< accuracy 2=

10epoc £, training accuracy : 99.8%, validation accuracy : 97.7%

Test Set, N=6,600 Real Set, N=1,191

Predicted class label Predicted class label
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Wafer Map Classification Accuracy
o Z class & 1300702 Simulation map 2. Train 7007, Validation 30071, Test 3007H% #& H&
« 15,400 training, 6,600 validation, 6,600 test & &< accuracy 2=

10epoc £, training accuracy : 99.8%, validation accuracy : 97.7%

Test Set, N=6,600 Real Set, N=1,191

Predicted class label Predicted class label
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Wafer Map Image Retrieval

« O|O|X|= XY G|O|E{O|7| I Z 0| = DBO|A HE HAAZS o) At =4 H4-HQ,

« 256 Node 2| FC layer € 0]|&73}0q, sigmod activation & feature extract &
threshold value 0.52 &7, 0.5 0|40|™ 1 O}L|H 022

« Hamming distance measure2 F{ Xl F2| wafer map0fl H&

Wafer Map library

bl 100010 .. 00101 100010 ... 00101

B a 100016 ... 00101 100010 ... 00101

-
(]
(=
(]
-
(]
<D
D
-

100010 ... 00101

01 { { 100010 ... 00101

FC Layer 256
Sigmoid activation
Threshold 0.5
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. Defect pattern = 0| &

Wafer Map Image Retrieval

« O[0|X|= XA HIO[E{0|7] =20 2 DBOU|A tE AMES 2[5 ARl o HX

A
« 256 Node 2| FC layer € 0]|&73}0q, sigmod activation & feature extract &

-
o

-

threshold value 0.52 &7, 0.5 O|&0|™H 1 OfL|H 022 &
« Hamming distance measure2 F{ Xl F2| wafer map0fl H&

100010 ... 00101

FC Layer 256
Sigmoid activation
Threshold 0.5
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S5l Wafer 25 9

S A} Wafer M

Wafer Map library

111111 ... 00101

Hamming distance =5

100011 ... 00111

Hamming distance = 3

1iNNN1N nNNn1nNn1
IVUV IV ... VUV 1V I

Hamming distance = 2

000000 ... 00101

Hamming distance = 8

100010 ... 11111

Hamming distance = 10

101111 ... 00101

Hamming distance = 6
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. Defect pattern & 0| 8%t Wafer 2§ X A Wafer ZM

Wafer Map Image Retrieval
« defect 222 ¥ wafer map image A A1}
« Zrow® HEM O[O|X|= F2| O|O[X|, LIHX|= top 3 A& &4 O|O[X]|

—

6,600 Simulated wafer map, Error rate 0.36% 1,191 Real wafer map, Error rate 3.7%

15 match 2" match 3 match

Query 1% match 2" match 3 match
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. Defect pattern 2 0| 2%l
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Conclusions

CNNZ O| 8% Q0| ¥ THH 27 X {ojm B o|0[X| ZA BHEHZ HMAlR.
Simulated Wafer map & O|873}0] small data 287 Y= A ME stES F
J 0]

CNN 20| FC l0|0j0 A 444 & BHo|142] ZES ALBSHO] CNN
N5 WS ol 3,

Limitations
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CNN model st&2 2|5t0], AEXI7 483t 22 class 2| simulated wafer map = AHE.
AN A=E O F S| 2I5H, A data E 0|83t st&sh= A0| o Etgat
Data augmentation &2= GAN(generative adversarial networks) = 0|85l 582 =4 = US.
£ CNN model 2 single label classification model 24, Wafer L0 CtS|AH| 2/l C
20| 0{2{ 3. Wafer LHO|| Q= & pattern 2 7|E2 2 22 class € &Y = A&

multi label classification model & O|&%tCtH HE 2 24 HotE HA| &

o 1




. Defect pattern = 0| &%t Wafer =& X A Wafer 4 M

« Multi label classification M2 0

113 woeman
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145 dress
i 0¢4 standing Class 3
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3.5% temmis Class 5
121 racket
008 fove Class 9
0% ppvmle
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30 Erech
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A1 14 her
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. Defect pattern = 0| 2%t Wafer =& ¥ FAI Wafer M
2

o Multi label classification &
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