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@ Using Deep Learning in Manufacturing

Goals @

» Deep learning techniques have been used for tasks such as classification and prediction
because of their ability to efficiently and effectively analyze different types of data, e.g., images,
sounds, and vibrations
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« Deep learning models require large and high-quality labeled training data
« Training data may have low quality, such as lack of labels and imbalanced class distribution
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Transfer Learning

Traditional ML Transfer Learning

Single task learning Learning of a new task relies on the previous
learned tasks

Learnin
Dataset 1 ) Task 19 Source data ——>| Source Task
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Example: Picture vs Cartoon

Train Test
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Example: Medical Data from Different Hospitals

Train Val (OOD) Test (OOD)
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Credit: Camelyon17 dataset. https://wilds.stanford.edu/datasets/
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Related work - Transfer Learning

Underlying Related work Source and target Imbalanced
technique can have different target data
dimensions

Fine Tuning Deep Transfer Learning
[Shao S, et al., 2018] O
DANN
[Ganin Y, et al., 2016] G 0
ADDA

Adversarial [Tzeng et al., 2017] 0 0

Domain

Ada t:ation GAN-based

P [Singla et al., 2020] 0

Our approach
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Related work - Dealing with Imbalanced Data

Generative models

« Generate realistic synthetic data samples
* Generative adversarial networks (GAN) [Goodfellow et al.,, 2020]
« Autoencoders (AE) [Engel et al., 2017]
» Diffusion models [Jonathan et al. 2022]
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AE-based data augmentation Proposed Adversarial DA approach
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AE-based Data Augmentation

representation
- Trained - ., Trained -
Encoder Decoder
Original Synthetic data
Target data x, yt")
t .t ’

(x1, 1) Gaussian Noise
Augmented
target data

E P URDUE Department of Computer Science

UNIVERSITY 4/18/23 | 9



Proposed Adversarial DA approach

Maximize domain
classification accuracy

Private Source ..
Discriminator
Source Data Generator — —>
D
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Shared
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Generator
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Target Data Private Target G .
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Gr C

Maximize label
classification accuracy

Maximize label classification accuracy +
minimize domain classification accuracy
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Application -Wafer defect prediction

* Integrated circuits (IC) are made by creating
circuit structures on many layers of a single wafer
and interconnecting the structures using wires.

« The wafer surface must be extremely clean
* No particles (e.g., rock and ring shapes)
» Flaws (e.g., spots and scratches)

 Human operator inspects the scanned microscope
images of the wafer surface
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Application -Wafer defect prediction

Source data: MixedWM38 Dataset
« Total of 38,000 wafer maps

* 1normal pattern, 8 single defect
patterns

« 29 mixed defect patterns

« Each pattern has 1000 good quality
samples/images

https://github.com/Junliangwangdhu/WaferMap
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https://github.com/Junliangwangdhu/WaferMap

Application -Wafer defect prediction

Target data: WM - 811K Dataset

Center

« 172,950 images with manual label

* 1normal pattern, 8 single defect
patterns

Figure 1: Wafer Defect map
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Application -Wafer defect prediction

WM-811K wafer map
Problem 1 Problem 2 Problem 3
A large amount of unlabeled Varying sizes of input Extremely imbalanced dataset
samples
failure type frequency
label and non-pattern label and pattermn
182% 319 ano
éOZC‘
| 3015
o
=t Figure 1: Wafer Defect map ‘

https://www.kaggle.com/qingyi/wm811k-wafer-map
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Description of Experiments

We compare our pipeline with different approaches. All the methods we consider are:

» Proposed adversarial DA
* Fine-tuning

» Retrain the last two convolution blocks of a pre-trained VGG 16 model using the target data
» Vanilla classifier (No adaptation)

We evaluate each method under two settings

« Augmented target data
» Original (Imbalanced) target data
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Results and Analysis

TABLE II
TRAINING AND TESTING TIME COMPARISON FOR THREE METHODS. THE
RESULTS ARE OBTAINED WITH 1000 TARGET DATA SAMPLED FROM THE
AUGMENTED TARGET TRAINING DATA. WE CAN TRAIN THE PROPOSED
DA MODEL OFFLINE. THE PREDICTION TIME IS AS LOW AS A VANILLA

CLASSIFIER.

Models Training time (s)  Testing time (s)
Adversarial DA 3211.70 0.47
Fine-tuning 31.71 0.87
Vanilla classifier 86.33 0.45
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Fig. 2. Classification precision score achieved using augmented target data
and imbalanced target data comparing six approaches: a vanilla deep CNN
trained with the augmented/imbalanced target samples; a pretrained VGG 16
model fine-tuned with the augmented/imbalanced target data; our adversarial
DA architecture trained with augmented/imbalanced target data.
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Future work

« Handle the domain shift and accomplish effective knowledge transfer in the non-classification
task such as optimization

« While we use available data from a single source domain to improve the generalization on a
related target task, one may find data from many related domains useful.

« Another limitation of our approach is that it requires at least some labeled data from each class
in the target domain.
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Loss functions

 The discriminator loss is calculated as
Ns+Nt

Lg=— Z {dilogcfi + (1 — di)log(1 — Ciz)}

1=1

« The generator loss is the above loss with inverted domain truth labels.
Ns+Ny

L,=— Z {(1 — d;)logd; + d;log(1 — Jz)}

=1

» The classification loss L, is calculated as

N Ny
Lo=—> y loggi — XYyt -logi
=1 =1
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Learning Dynamics

Agg = —H (5352 +’Y§é;>
Ag, = —p (555; +7§é;)
N

Ap = —H%

where u is the learning rate. The hyperparameters g, y are the relative weights of the loss
functions.
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BALANCED CLASSIFICATION ACCURACY/AVERAGED RECALL COMPARISON ON THE WM-811K TESTING DATA

Results and Analysis

TABLE I

Models in IV-B

Number of samples in target dataset used for training

25

50

75

100

200

500

1000

Adversarial DA + augmented

70.3% £ 0.7%

71.7% £ 4.5%

71.2% £ 4.5%

72.5% £ 4.3%

72.5% £ 2.6%

72.3% + 4.2%

73.7% =+ 2.5%

Adversarial DA + imbalanced

54.7% + 4.6%

57.9% =+ 5.6%

56.3% + 4.5%

65.2% + 4.2%

67.2% £+ 1.4%

65.9% =+ 2.7%

65.8% £ 0.1%

Fine-tuning + augmented

28.9% =+ 8.3%

28.3% + 7.6%

45.5% £ 5.8%

49.1% £ 7.6%

56.1% + 2.4%

65.3% + 3.1%

67.4% £+ 1.2%

Fine-tuning + imbalanced

11.1% £+ 0%

13.3% £ 6.1%

11.1% £ 0.0%

13.2% £ 5.9%

11.1% £ 0.0%

15.2% =+ 4.6%

24.8% £ 7.1%

Vanilla classifier + augmented

48.7% + 3.8%

53.1% £ 7.3%

52.1% + 1.7%

63.7% £ 7.3%

63.6% £ 7.4%

65.3% £ 7.0%

65.3% + 7.7%

Vanilla classifier + imbalanced

11.4% £+ 1.0%

11.1% £ 0.0%

11.4% £+ 1.5%

11.7% + 1.9%

13.2% £ 7.5%

27.3% £ 8.1%

35.5% £ 6.5%
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Synthetic Data Augmentation

 Diffusion models
 Diffusion models have high computational costs due to the iterative steps during
training, making them unsuitable for tasks that are time-sensitive
 GAN
* GANSs are known to have training instability and being prone to mode collapse during
training
* GANs also require large amounts of training data

« Why we chose AE-based method?
« The autoencoder-based data augmentation method requires less data for training,
hence it aligns with the problem setting where the target has limited data
* ltis also faster than the more complicated diffusion model
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