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Trace Data Analytics:

 To understand the nature of fault conditions in display panel manufacturing process using multivariate
time series sensor signals

» Digital trace data is defined as records of activity undertaken through an information system. A trace is

a mark left as a sign of passage; it is recorded evidence that something has occurred in the past. For
trace data, the system acts as a data collection tool*

Sensor

Faulty Glass
Data Data Classifier Detection
Preprocessing (DL)
—/\

P Parameters
‘ Time Glass#1
eddee - ‘Raw Trace Preprocessed Trace
...~ (Time-series) (Image Data)
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*: Validity issues in the use of social network analysis with digital trace datd
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* Trace data from multivariate numerical data

o multiple time series input from sensors

 Generalized ML model generation

o Dataset insufficiency: too sparse to train deep neural network

o Class imbalance: lack of fault data samples

fficiency Class Imbalance
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Data Processing, Baseline Model,
and Issue Analysis and Solutions
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Trace Data Processing Summit

2D trace data generation from multiple time series input signals from sensors:

=>empirical approach

= Sample size alignment for unit task

—{ Cropped

I I I | Ti
Time Ime
(K+2) [ I I

=  Merge parameters
< Parameters (#1~#7) >

=)

_ Parameters (#1~#7)

Box plot for input parameters

#1 #2 #3 #4 #5 #6 #-{Jararmeters

Time

Values

Standardized
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= Parameters order rearrangement

#2 #5 #7 #2 #5 #7
Correlation
Hardly Recognizable based rearrange Ea-silfRemgnizable

= Data conversion for CNN model

224x224 image to
use transfer learning
with SqueezeNet*

*: SqgeezeNet

n M u N G https://arxiv.org/abs/1602.07360
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 Evaluate that if 2D trace data has enough information to identify fault conditions

* |Input data processing
= To overcome the class imbalance in input dataset:

oversampling minority class (SMOTE and ADASYN)

 Dataset construction

Type Train set Test set
Pass 3149 787
Fault 500(0VS) 22
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Majority class samples

@ Minority class samples
@ Synthetic samples

https//www.researchgate net/figure/The-schematic -of-N RSBoundary-SMOTE-algorit
hm fig1 287601878
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e Results (with SqueezeNet)

Type |Trainset |Testset | TrainAcc. | TestAcc. Comparison with other works
Pass 3149 787 0.9546 0.9111 ImageNet Our Research
Fault 500(0VS) 22 1.0000 0.8182 14,197,122 images 3,958 samples

1000 classes Binary classes

 \Verified that it is possible to generate fault e e | e

condition classifier using 2D trace data Class balanced Class imbalance
(3936 : 22 (+500))
Fully trained Transfer learning

* Remaining Issues for model generalization
97% / 86.4% 91% / 82%

= |nsufficient data and class imbalance

= Solve with Model Instance Distillation
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Minority Class Data Oversampling

* Original data space

* Latent space

Synthetic Data Generation

* Random data generation using deep
generative model

Oversampling
Modellnstance:
Distillation

mé Dataset |

Original dataset Minorityclass | N /

oversampled dataset Da ta ConStru Ction

A M u N G SMOTE (https://arxiv.org/pdf/1106.1813.pdf),
© 2020 Samsung ADASYN (https://ieeexplore.ieee.org/document/4633969) 10

VAE (Variational Autoencoders: reference 2 in the resource slide
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Issue for Data Insufficiency: Generalization

* Lack of generality

v

Small dataset to train a deep
Learning model

With a given dataset, all ML/AI
models make same classification
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* To train complex DNN model with limited amount of data samples is a challenging
task.

* The curse of dimensionality:

Space Sparsity
Dimensionality - Volume » (Sparse and Dis-

' f similar in high-D)

Hypothesis

The major issue for generating a generalized model with
limited dataset is the sparsity of input dataset and this
Issue could be improved by augmenting dataset with
enough variance

SAMSUNG - "
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* Existing models

model A transform A l_’l model A
Data model B ensemble Data transform B I—bl model A ensemble
model C l transform C I—hl model A l

student model ——»  predict student model — predict
(a) Model distillation (b) Data distillation

 Model Instance Distillation (MID)

Data Augmentation model instance A
VAE latent space

Data > oversampling » model instance B ensemble

VAE latent space

random generation model instance C

v
student model » predict

s n M s U N G © 2020 Samsung 13
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A J

~ Samples generated from VAE

A J

e Searching for a method to augment variability in input data

* (a) Spatial transform (b) Obtain unlabeled dataset (c) Generative model

Knowledge distillation from multiple instances

Could we generate data points to clarify the
decision boundary?
= Deep Generative Models (VAE)

s n M s u N G © 2020 Samsung 14
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e Generate samples with label in latent space
* Cluster analysis and classification in latent space
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Bad case of oversampling
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Model Instance A Model Instance B Model Instance
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 Fault condition

Training Accuracy Test Accuracy Type Training Accuracy Test Accuracy
classification results *_ =" v S o
Fault 0.9997 0.9545 Fault 0.9997 0.9091

 Comparison with
other approaches Comparison with other methods

Accuracy & F1 Score Comparison

Our approach OCNN-neighbor QOCsSVM OCNN-Network DAGMM ANOGAN

= High Accuracy

100
20

=  Model Consistency
80

= Light weight comparing to 70
ensemble models jg

40

30

20

B Pass MFault ®WF1 Score (x100)
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e High accuracy fault condition classification using supervised trace data together with
large amount of synthetically generated data in VAE latent space.

 Knowledge distillation from model instances over augmented dataset to overcome
class imbalance and data insufficiency.

* Proposed a method to generate 2D trace data from multivariate manufacturing
sensor signals.

Future works

 Deploy to monitor manufacturing processes
 Extend to other display manufacturing datasets

*  Cluster analysis in latent space

s n M s u N G © 2020 Samsung 20
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