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Abstract

Monitoring manufacturing processes plays an important
role in chip production. Current state-of-the-art approaches
use the entire surface to classify defects with CNN- or
Transformer-based models, resulting in considerable mea-
surement costs. Therefore, new advanced techniques are re-
quired to reduce the cost of inspection. In this work, we ad-
vocate for the reinforcement learning-based feedback loop
with a classifier trained with supervised contrastive loss.
In contrast to previous works in this manner, our approach
is not limited to only one type of defect but can identify
multiple defects on one wafer. We tested our algorithm on
the publicly available WM-81 1k and MixedWM38 datasets,
showing a significant reduction in scanning time compared
to CNN-based approaches while maintaining similar accu-
racy. We demonstrate the reduction of up to 40% in costs as-
sociated with wafer scanning in defect classification tasks,
even if multiple defects are on the surface. Moreover, we
demonstrate that in the multi-defect scenario, the trained
model can be directly used to detect outliers, requiring only
about 12.5% of the surface to find at least one type of defect.

1. Introduction

Defect inspection is a vital part of semiconductor wafer
surface monitoring [33]. Early approaches rely on hand-
crafted features and prior domain knowledge [9, 28]. To-
day, deep learning has become a powerful tool for finding
anomalies [30] and classification of defects in visual data
[37]. However, it is often necessary to also know the type of
anomaly in the real manufacturing process. Hence, multiple
visual recognition algorithms have been developed over the
decade in different real-world scenarios to improve surface
inspection approaches using few-shot learning [21], contin-
ual learning [7] and unsupervised learning [35]. However,
these approaches do not aim to reduce the costs associated
with scanning and measuring the surface, which means that
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Figure 1. The overview of the proposed SupConWI-RL: SupCon-
RNN scans a new patch and makes a prediction, while confidRNN
estimates the trustworthiness of this prediction. If confidRNN is
not certain, the next patch is selected by the agent.

the full surface should be scanned to predict the defect type.

Closed-loop active model diagnosis (CLAMD) [29] has
been recently proposed for an active visual inspection to
minimize the number of measurements. Yet, it has scal-
ability issues, increasing the parameters being learned as
the image size increases. Also, CLAMD was validated on
small images of hand-written digits and not on the images
of real-world wafers. Yen et al. [43] proposed an RL-based
sampling technique from the k-space for the pathology clas-
sification problem. Meanwhile, Sequential wafer inspec-
tion (SWI) [8] proposes a feedback loop approach with re-
inforcement learning for wafer defect classification. The
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algorithm shows comparable results with CNNs, requiring
fewer regions for scanning. The main drawback of SWI is
its limitations to only a single-defect case, which is unreal-
istic to guarantee in industrial applications.

Thus, we propose SupConWI-RL, a feedback loop ap-
proach for wafer map inspection suitable for the multi-
defect case where the surface can contain several defects.
The algorithm employs a reinforcement learning paradigm
for active decision-making and a classifier trained in a con-
trastive learning manner for better recognition capabilities.
Also, the confidence estimator signals the algorithm when
to stop scanning. Fig. 1 shows the overview of the proposed
SupConWI-RL. Our contribution can be summarized as fol-
lows:

* We proposed a novel wafer inspection approach that aims
to minimize the number of scanning steps, in contrast to
other state-of-the-art ones in wafer map failure recogni-
tion. The algorithm is suitable for datasets with multi-
ple defects on a wafer, which distinguishes it from pre-
vious work on this topic. We demonstrate a reduction of
37 — 40% in scanning time compared to a full wafer scan
on two publicly available datasets.

* Our trained model can be used in anomaly detection mode
without any retraining, detecting at least one type of de-
fect present on the wafer. The algorithm needs only
around 12.5% on average to decide whether a wafer is
normal or defective with 100% accuracy.

* We made our code implementation publicly available
on GitHub so that one can reproduce our results for
comparison. The link is https://github.com/
adekhovich/SupConWI-RL.

The rest of the article is organized as follows: Section 2
gives an overview of the works related to the topic, Sec-
tion 3 explains the proposed method, Section 4 shows the
results and provides the comparison with the alternative ap-
proaches, Section 5 explores the necessity of every com-
ponent of the algorithm and discusses its prons and cons,
Section 6 concludes the work.

2. Related work

2.1. Wafer defect recognition

Deep learning models have become popular in many appli-
cations, including wafer map defect recognition. However,
most of them rely on convolutional neural networks (CNNs)
to identify a failure pattern [3, 22, 27, 36]. Some approaches
generate additional training data using generative models,
e.g., VAEs [39], GANs [18] and diffusion models [25], or
using sophisticated data augmentation techniques [19] to in-
crease the learning capabilities of conventional CNN mod-
els. Huang et al. [17] utilize the Focal loss to mitigate the
class imbalance issue, which is common in real-world sce-
narios.
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It is also important to mention that some methods are
specialized for the single-defect case [45], while the other
methods are validated in the multi-defect scenario [4]. Open
databases such as WM-811k [42] and MixedWM38 [38]
facilitate the development of deep learning algorithms be-
cause accessing real-world wafers is expensive and can be
associated with data privacy issues.

2.2. Sparse measuremnets acquisition

As stated in Section 1, our goal is to reduce scanning time
during the inspection/metrology process without sacrificing
accuracy, i.e. to increase system throughput. This prob-
lem is closely related to the work on MRI data acquisition
techniques using reinforcement learning. These works ap-
ply reinforcement learning to find sparse measurements that
best reconstruct the MRI [2, 31, 44].

SWI [8] solves the wafer map failure recognition prob-
lem with a feedback loop, where a controller is present as
an RL agent that collects sparse observations of the wafer
surface. The approach consists of three core blocks: a pre-
trained GRU, a confidence estimator, and the next obser-
vation selector. However, this approach is limited to the
single-defect case. Thus, the development of more general
approaches is required.

In the reinforcement learning framework [34], an agent
interacts with the environment defined as the Markov Deci-
sion Process (MDP) (S, A, P, R, i1,), where S is the state
space, A is the action space, P : S x A x § — [0,1] is
the transition distribution, R : S x A — R is the reward
function, p : S — [0, 1] is the initial state distribution and
v € (0, 1] is the discount factor. The goal is to find an opti-
mal policy 7 : A X & — [0, 1] that maximizes the expected

return E, [Z'th(st, at)] by finding the optimal policy
t

w(als), where so ~ p(-) is the initial state, a; ~ 7(+|s¢)
and s;41 ~ P(:|st,a:). Typically, the approaches that de-
rive the optimal policy 7 are divided into the value-based
methods (e.g., DQN [26]), and policy gradient ones (e.g.,
REINFORCE [40], PPO [32]).

2.3. Contrastive learning

In computer vision, contrastive learning aims to learn in-
variant features of the images and encode them into a space
where embeddings of similar instances are close together
while dissimilar instances are put apart. We are interested in
supervised contrastive learning (SCL) [20] because we have
access to the defect labels and can use this information for
better embedding separation. Bae and Kang [1] proposed
a novel supervised contrastive loss term that improves the
wafer defect recognition capabilities of deep CNN models:
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ST # i

« log 12(sz7é j)'wiyj exp(sir'n(zhzj)/T) M
weq L(i # k) exp(sim(z;,zx)/7)
where T is a temperature hyperparameter, sim is the cosine
similarity, 1(+) is an indicator function, and w, ; are defined
by

2M

>

Jj=1

ify; =y; =0;
otherwise.

L,
Wij = v
Nyilli+11y; 1 =535
The procedure for SCL for the network with feature
extractor F' and projection head G on the data minibatch
B ={(X;,y:)}}, is summarized as follows:
* sample two data augmentation strategies 7 and 7a;
* apply 71 and 73 to X;: X; = T1(Xy), Xo; = T2(Xy),
1=1,2,...,M;

* collect the data into the augmented mini-batch B

« compute z; = G(F(X;)), i =1,2,...,2M.
e compute Lo, €.2., using (1).

2.4. Confidence estimation

Uncertainty estimation is an important component of reli-
able prediction for manufacturing processes. Bayesian ap-
proaches [41] estimate the mean and standard deviation of
the neural network output. However, these methods struggle
from the computational complexity of the marginal proba-
bility. Additionally, these statistics do not provide a clear
understanding of when we can trust the prediction without
additional thresholds, which are hyperparameters.

To mitigate the computational aspect, MC dropout [11]
and Deep Ensemble [23] were proposed to approximate
Bayesian inference. MC dropout uses multiple inferences
with the dropout and collects statistics from this sampling.
Deep Ensemble trains multiple models of the same archi-
tecture but with different parameter initialization, averaging
their predictions. However, it is not easy to interpret the
collected statistics in the context of a classification task to
decide whether the prediction is reliable or not.

The selective classifier [12] accepts the prediction of
whether a certain criterion is met and rejects it otherwise.
The maximum class probability (MCP) [15] approach pro-
poses a simple baseline that uses the output of the softmax
layer as the probability that an object belongs to a certain
class. However, deep learning models tend to overestimate
their prediction [23], making the softmax outputs unreli-
able. True class probability (TCP) [6] uses an auxiliary
neural network that learns the output probability of the true
class.
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3. Methodology

Our goal is to determine the type of defect from the
sparse observations, that we call patches, x;,Xs,...,X1 €
R™ %72 gbtained from the wafer surface X € RN xNz
where T' X n1 X ng = N7 X N2, meaning that these patches
do not overlap. Moreover, the aim is to predict the defect
using the smallest number of patches possible; the optimal
number of scanning steps is defined as t*. We follow the
same paradigm that was used for MRI reconstruction [2]
and SWI [8] for the single defect wafer classification. We
have a pretrained model, a classifier, to make a prediction,
while an RL-based controller collects observations in an op-
timal order to minimize their number. An additional model
indicates when the scanning should stop, which means that
the controller has provided the classifier with enough infor-
mation for it to make a reliable prediction.

3.1. Classifier

As a classifier, we need a model that can process informa-
tion sequentially at times ¢ = 1,2,...,T and make pre-
dictions y1,¥2...,yr. This model is trained in random
sequences of patches, receiving a patch x,,, and its encoded
position e, = Embedding(p;) at time ¢. For this reason, we
use a recurrent neural network (RNN) [10], which means
¥+ = RNN([x,,,e]; 6us), where O denotes the trainable
parameters. To pretrain this RNN, we use the loss £ that
has the form

L= Las + aLlcon, (2

where L is the classification term and L, is the super-
vised contrastive loss term defined in (1). Therefore, we
call it SupConRNN, which can be with both GRU [5] and
LSTM [16] architectures. Classification loss term L de-
pends on the type of labels that we have. In the multi-class
classification case, this loss term is the categorical cross-
entropy function. In the multi-label case with K single-
defects, our target is y = (yi,¥2,...,yx) € {0,1}%,
where y;, = 1 if defect £ is present in the wafer, and y;, = 0
otherwise. Thus, the loss term is the sum of the element-
wise binary cross-entropy terms for every defect type. This
means that for the WM-811k dataset, we use the categori-
cal cross-entropy, while for MixedWM38, we use the sum
of binary cross-entropy losses.

3.2. Confidence estimation

As we discussed previously, we need a simple rule that
determines when the algorithm should stop collecting new
patches. So, we use an RNN-based confidnet, a confidRNN,
that predicts confidence after each timestep . As an in-

put, it takes the last hidden state ZEL) of SupConRNN, so

¢; = confidRNN (zEL);GCOHf) € RX. 1t should be noted
that for the multi-defect case, our targets are one-hot en-
coded, y € {0,1}%, so this confidRNN should be certain
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in all components of the output. This means that it must be
certain in prediction about the presence or absence of each
type of defect.

For the single-label case, i.e. WM-811k dataset, we use
TCP [6], while for MixedWM38 dataset, we modify this
idea for the multi-label scenario. We define the confidence
c: = (ci1,¢e2, ..., cexc) at time step ¢ for each component
as follows: ¢y = yrow + (1 — yr)(1 — o), where yg
is an element %k in the label y, and oy is the output of
the SupConRNN (after applying sigmoid activation). Then,
the parameters 6 o,¢ of confidRNN are trained minimizing
weighted MSE loss Ly = Zle Zle B(ew — éw)?,
Bos Yk # Utk
17 Yk = :gtk
Bo that penalizes more the componts that were predicted
wrongly.

Let us assume that ¢y, > 0.5, then we have two possibil-
ities:

* if true label y;, = 1, then ¢y, = o4 > 0.5 = G4 = 1;
e if true label yr = 0, then ¢4 = 1 — oy, > 0.5 = o <

0.5 = g =0.

Overall, if ¢, > 0.5, i.e., the confidRNN signal that it is
confident in SupConRNN prediction, this implies that y, =
U+- On the other hand, if the confidRNN is still not certain
in the prediction at the current iteration, i.e., ¢y, < 0.5, we
again have two possibilities:

« if true label y;, = 1, then ¢y, = 0, < 0.5 = Js1, = 0;

e if true label y, = 0, then ¢4, = 1 — o4, < 0.5 = oy >

0.5 = G = 1.

As aresult, ¢;; < 0.5 = yi # - Combining two parts
together, we obtain ¢;;, > 0.5 < yi, = . Thus, if we
have a well-trained confidRNN that approximates c;;, we
have the stopping criterion for the multi-label case.

3.3. Controller

where 8 = with some hyperparameter

The next step is designing the controller that generates the
optimal sequence of patches so that the SupConRNN re-
quires the smallest number of measurements possible. We
use the RL approach with the policy gradient method, where
a neural network 7y with trainable parameters 6 takes the
current state of the environment s; as input and produces
the probability distribution 7, over available patches as in-
(L)

put, i.e., m = wp(s;). The state s; = [z; ', my|, where

z,gL) is the normalized hidden state of the SupConRNN and
m; € {0,1}7 is a mask for the available patches. During
training, we sample the next action a; from the probability
distribution ;.

We construct a reward that considers how sure the con-
fidRNN is about the next observed patch at time step ¢. Thus

the reward is defined using ¢; = (&1, éi2, - - -, Cti):

X

1, iféy > 05 Vhk=1,2,... K,

0, otherwise.

3)
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This way, we ensure that the controller is rewarded for
selecting patches that contribute to identifying the pres-
ence of all defects. Then the total reward is defined as
G = 232_01 vtryy1 that we optimize with PPO [32] algo-
rithm.

We want to emphasize that once the SupConWI-RL is
trained for defect classification, it can also be used for
anomaly detection. The difference between the problems is
that we need to find all defects during classification, while
anomaly detection requires finding only one failure pattern
that already signals that the surface is defective. Therefore,
we have two stopping criteria at time step ¢ for scanning
during inference:

* Classification criterion: ¢y, > 0.5 Vk=1,2,... K;
» Anomaly criterion: (3k : ¢y > 0.5 and gy, = 1) or

(Vk=1,2,..., K ¢y > 0.5and gy, = 0).

In the classification case, the criterion finds the first time
step when confidRNN is certain about all components of
the prediction y;. In the anomaly detection case, we should
be sure of the presence of at least one type of defect or the
absence of all types. Thus, one of these conditions should
be satisfied at time ¢.

3.4. Hybrid approach & Ensemble

As mentioned in [8], some wafers may still require full
scanning because the confidence estimator is not sure of
all predictions ¥1,¥2,...,¥r. However, that means that
all patches are collected, and we can use CNN for predic-
tion without any increase in computational resources spent
on measurements. Following [8], we also call this a hybrid
approach. Fig. 2 illustrates this idea.

In addition, it has been observed that using ensembles
improves the recognition capabilities of deep learning mod-
els [13]. Thus, we can use ensembles of M models for Sup-
ConRNN, confidGRU and policy networks as follows: §; =
1 S 91 e = g ol e andm = 4 330 .
We call Single SupConWI-RL the model that consists of
only one SupConRNN, confidRNN and policy network, and
with Ensemble SupConWI-RL, we refer to the ensemble
of M models. Algorithm | summarizes the approach.

4. Experiments

4.1. Setup

Dataset To validate our approach in a multi-defect case,
we use the MixedWM38 dataset that contains wafers from
38 categories and all images have size 52 x 52. Each cat-
egory contains 0,1,2,3 or 4 defect types out of K = 8
possible ones, and, therefore, every label is encoded in a
binary vector of size 8. We split this dataset into three
datasets D1, Dy and D3 in proportions 3:1:1 respectively.
The dataset D, is used to train the classifier, while we em-
ploy D to train the confidence estimator and the policy net-
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Figure 2. Hybrid approach: if SupConWI-RL is not certain after
completing the full scan, the wafer is classified with a CNN model

Algorithm 1 Inference

Input: wafer map X, the number of models in the ensem-
ble M, stopping criterion.

Output: predicted defect type y

()@

0

Initialization: § + 0, my + (1,1,...,1), z —
(0,0,...,0), i=1,2..., M.

1: first statement

2: fort =0toT — 1do

3 fori=1to M do

4: (1) [ZEL) mt]

5: ( ) — 7T(St 76‘1(701)

6: end for ‘

7 M o Ei\il 7T§Z)

8: a4 < argmax m;

9: fori=1to M do

10: 5/,&21, z§ﬁ( K «— SupConRNN([xat, as); 96(13)
11: &1 « confidRNN(z{%);0%) )
12:  end for

130 Gy 4 M Zz 1 2(5-21

4 Y41 ¢ 37 Zz 1Y 15321

15:  if criterion == True then

16: V< Vit

17:  end if

18: end for

19: if § == () then
20§« CNN(X)
21: end if
22: return y

work; the dataset D3 is a testing dataset. We split every
image into T' = 169 patches of size 4 x 4 each.

For completeness, we also validate SupConWI-RL on
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the WM-81 1k dataset to compare it with SWI [8] and show
the generality of the proposed method. Similarly, we denote
the training dataset as D; and we split the testing dataset
into Dy and D3 in the proportion 1 : 1 and use the same
way as for the MixedWM38 dataset. Each image was re-
sized to 64 x 64 and divided into T" = 64 patches of size
8 x 8.

Models For WM-811k dataset, we use 2 GRU cells with
256 neurons in the hidden state. In the case of MixedWM-
38, the architecture of SupConLSTM contains 3 LSTM
cells with Layer Normalization [24] after each of them. The
hidden size is 256, and the projection size for the contrastive
loss term is 128. Following the original work for the SCL
loss term for the MixedWM?38 dataset [1], we set o = 0.1.
The model is then trained for 500 epochs with a learning
rate 1072 and a weight decay equal to 10~°. The confi-
dence estimator confidLSTM consists of 2 LSTM cells with
a hidden size equal to 256. We train it with the learning rate
10~2 and the weight decay 10~5 for 300 epochs. The RL
controller is trained with the PPO algorithm. The policy
and critic networks are multilayer perceptrons with 2 hid-
den layers of size 400 neurons. This network is also trained
with the learning rate 10~3 and a weight decay equal to
10-° during 100 iterations. For both datasets, the size of
the ensemble is M = 5.

Baselines We compare our work with CNN-based ap-
proaches, including conventional CNN, CNN with SCL [1].
For the CNN model, we use ResNet-34 [14] for any base-
line. In the WM-811k dataset, our main goal is to outper-
form the SWI approach, showing the advantage of super-
vised contrastive learning. It is important to state that the
proposed model is compatible with any other CNN-based
method in the hybrid scenario.

Metrics To evaluate our approach and compare it with

others, we use three evaluation criteria:

« Accuracy = #lii¥i= y“ =1.2..N} 0 100% that shows
the percentage of correctly predicted defects, which is an
intuitively understandable indicator,

* Flscore = (2 x Recall x Precision)/(Recall +
Precision), which is well-suited for unbalanced
datasets,

* Number of scanned patches t*, which is our main target,
where N is the dataset size, Recall = TP/(TP + FN),
Precision = TP/(TP + FP), and TP, TN, FN, and
F P are the numbers for the true positive, true negative, false
negative and false positive predictions, respectively.

4.2. Classification results

We start by showing the classification results. Table | and
Table 2 compare our Ensemble SupConWI-RL with other
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Table 1. Comparison of Ensemble SupConWI-RL with CNN-based methods and SWI on WM-811k dataset in terms of accuracy, F1

score and the number of scanned patches t*

Model Acc. (%) F1 score t*
ResNet-34 [14] 85.28 0.841 64/64
ResNet-34 + Ensemble SWI [8] 85.38 0.844 40.7/64
ResNet-34 + Ensemble SupConWI-RL (ours) 85.49 0.838 38.0/64
ResNet-34 w/ SCL [1] 85.52 0.848 64/64
ResNet-34 w/ SCL + Ensemble SWI [§] 85.41 0.849  40.7/64
SupConResNet-34 + Ensemble SupConWI-RL (ours) 85.69 0.844 38.0/64

Table 2. Comparison of Ensemble SupConWI-RL with CNN-based methods on MixedWM-38 dataset in terms of accuracy, F1 score and

the number of scanned patches t*

Model Acc. (%) F1 score t*
ResNet-34 [14] 98.79 0.995 169/169
ResNet-34 + Ensemble SupConWI-RL (ours) 98.45 0.995 102.1/169
ResNet-34 w/ SCL [1] 98.77 0.994 169/169
ResNet-34 w/ SCL + Ensemble SupConWI-RL (ours) 98.44 0.995 102.1/169

1600 -

[ Ensembel SWI M
[1 Ensemble SupConWI-RL 1
1400
1200 1
1000 {
]
5
3 800
O
600 1
400
2001
0 ﬂﬁmﬂm“ﬁ”ﬁ" el e et
14 8 12 16 20 24 28 32 36 40 44 48 52 56 60 64
Number of patches
Figure 3. Comparison between Ensemble SWI [8] and the

proposed Ensemble SupConWI-RL in the number of scanned
patches

methods. As seen in Table 1, our SupConWI-RL outper-
forms SWI due to the additional supervised contrastive loss
term both in terms of accuracy and average scanning time.
The proposed SupCon-RL is also designed for the multi-
defect case in contrast to SWI, which makes it a more gen-
eral approach. It requires 38.0 measurements vs. 40.7 for
SWI, which is equivalent to 4.2% of improvement if full
scanning is considered as 100%. Also, accuracy and F1
score are comparable with pure ResNet-34 and ResNet-34
w/ SCL, which require all 64 patches.

In Fig. 3, we show the histogram for the number of
measurements for both Ensemble SWI and our Ensemble
SupConWI-RL. It is clear from the figure that our method
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reduces the number of full scan cases where all patches need
to be scanned. Also, it shifts the number of scans closer
to the left side of the x-axis. This means that our model
gradually reduces the number of scans compared to SWI,
without compromising the classification accuracy as Tab. |
illustrates.

In the case of the multi-defect case, Ensemble
SupConWI-RL requires 102.1 out of 169 patches for pre-
diction, which means that it saves ~ 40% of scanning time.
At the same time, accuracy and F1 score are comparable for
the hybrid approach and pure CNN strategies. That means
that Ensemble SupConWI-RL achieves the desired goal:
to predict the defect type using as small a number of mea-
surements as possible. We also compare it with ResNet-34
w/ SCL. However, we have not observed any improvement
for the ResNet from the SCL. The purpose of this compar-
ison is to show that our Ensemble SupConWI-RL can be
used with any CNN-based approach in a hybrid scenario.

Our algorithm contains several integral parts, such as su-
pervised contrastive loss, ensemble and hybridization with
CNN. In Section 5, we consider the detailed contribution
of every component to the outcome, while this subsection
provides the best result for comparison.

4.3. Anomaly detection results

In practice, it can be very time-consuming and expensive
to classify all defects during high-volume manufacturing.
Therefore, one may need to find the first defect in which the
model is certain, stop resource-consuming scanning at this
moment, and label the wafer as an outlier. Thus, we can use
the trained classification model by changing the stopping
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Table 3. Distribution over correct predictions
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criterion in Algorithm | without fine-tuning it to the outlier
detection problem. It should be noted that, in contrast to
the standard anomaly detection problem, the algorithm used
both normal and defective classes. However, our goal in this
subsection is to show additional advantages of the proposed
feedback loop.

Fig. 4 shows the number of True Positive, True Negative,
False Positive, and False Negative predictions with Ensem-
ble SupConWI-RL. The figure shows that all wafers were
correctly identified as normal and defective. The average
and median numbers of scanning steps are 21.1 and 15 out
of 169, corresponding to 12.5% and 9% respectively. That
means if our goal is to identify wafers with defects, we can
do it on average 8 times faster than CNN-based methods or
any other ones requiring full scanning.

However, there are cases where the algorithm finds the
wrong failure pattern on a defective surface. The algorithm
may see a defect that is not present on the surface and there-
fore predict it as an outlier, but give the wrong reason for
stopping. In Table 3, we demonstrate the numbers of cor-
rectly and wrongly identified failure patterns in the defec-
tive wafers. As a result, we have 10 wafers that were cor-
rectly identified as defective, but the decisive output defect
is incorrect. Fortunately, this can be fixed further in the fu-
ture, where all defects should be found. Overall, the model
makes 10 mistakes out of 7603 examples, which is about
0.0013% of error.

In Fig. 5, we visualize some examples where the algo-
rithm is certain about (a) at least one correctly identified de-
fect, and also examples where (b) the algorithm signals for
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a wrong defect in a defective surface. In the second case,
we can see examples where the algorithm confuses Edge
Ring and Edge Loc (see Fig. 5(b) up). However, we want to
highlight that on these images for humans, it is also difficult
to distinguish between Edge Ring and Edge Loc. Also, it
sometimes struggles to find Scratch since it may allocate a
small space on the surface or can be similar to a different
defect pattern if it overlaps with something else.

5. Ablation study and discussion

In this section, we explore the importance of each compo-
nent in the proposed approach. Thus, we compare the re-
sults of the proposed approach if we exclude one (or more)
components from Ensemble SupConWI-RL. We consider
the impact of the supervised contrastive loss (SCL), the en-
semble and the combination with ResNet-34 on the final
result. Table 4 summarizes our observations showing the
average accuracy and stopping time step t*. Each con-
sidered part significantly improves the algorithm’s perfor-
mance, bringing it closer to a pure CNN strategy. The ta-
ble demonstrates the need for each component: SCL im-
proves accuracy by 2% in the single model, even reducing
the number of scanned patches. Also, the ensemble gains an
additional 0.76% compared to the single-defect case, with
almost no effect on the number of scanning steps. Finally, if
the wafer requires full scanning, it is more beneficial to use
CNN (e.g., ResNet-34) for prediction, which adds around
2%, resulting in 98.45% of accuracy.

Also, we would like to highlight the importance of an
RL-based controller. Thus, we compare the result of Single
SupConWI-RL and Ensemble SupConWI-RL with Sin-
gle SupConWI and Ensemble SupConWI, where the patch
order for every wafer surface is random. Table 5 shows the
advantage of the RL-optimized patch sequence compared
to random ones. As we can see from the table, the RL-
optimized sequence saves us around 25 patches for scan-
ning, which is about 15% out of the total number of patches.
Moreover, in both single-model and ensemble cases, the ac-
curacy is greater for the RL-optimized patch order, espe-
cially for the ensemble case, where the difference is 0.84%.
Thus, patch order optimization has a positive impact not
only on the number of measurements but also on the recog-
nition capabilities of the model. We explain this by the fact
that the model does not receive uninformative patches that
could interfere with its decision.

One drawback of the ensemble strategy is the larger
number of models compared to the single-model case.
However, as it was also discussed in SWI [8], RNNs and
MLPs that we use require significantly fewer training pa-
rameters than CNNs, so the memory costs in the hybrid ap-
proach are insignificant compared to those already allocated
for CNN if M is not significantly large. In our case, M = 5,
which results in 60% of additional memory costs compared
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final patch.

Table 4. Ablation study on MixedWM-38 dataset: the usage of SCL, Ensemble and Hybrid approach improves accuracy by 5% without

additional measurement cost t*

Model SCL Ensemble Hybrid Acc (%) t*

Single WI-RL X X X 93.58  101.1/169
Single SupConWI-RL v X X 95.58 100.2/169
Ensemble WI-RL v 4 X 94.84  101.2/169
Ensemble SupConWI-RL v 4 X 96.34  102.1/169
ResNet-34 + Ensemble WI-RL X 4 v 97.44  101.2/169
ResNet-34 + Ensemble SupConWI-RL v/ v v 98.45 102.1/169

Table 5. Study on the need for an RL-optimized patch sequence:
RL improves accuracy compared to random sequences

Model RL Acc (%) t*

Single SupConWI X 95.42 126.4/169
Single SupConWI-RL v 95.58 100.2/169
Ensemble SupConWI X 95.50 127.3/169
Ensemble SupConWI-RL v 96.34 102.1/169

to a pure ResNet-34 strategy.

6. Conclusion

In this work, we propose a method for the wafer surface
defect inspection called SupConWI-RL. In contrast to pre-
vious work, our approach is suitable for scenarios with
multiple defects on the wafer. Moreover, we incorporated
the supervised contrastive loss into the training procedure,
which also improved the recognition capabilities of the ap-
proach. Our SupConWI-RL requires, on average, 60.5%
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of the surface, while having comparable accuracy as CNN-
based models, which need the full surface scan.

Additionally, our trained model can be used for anomaly
detection without any adaptation. Once SupConWI-RL is
trained for the multi-defect classification problem, one can
use it to find defective surfaces that contain at least one de-
fect. This way, the algorithm does not identify all failures
present on the surface, but signals for defective wafers by
detecting at least one defect present there. As a result, the
model needs only 12.5% of the surface on average to iden-
tify anomalies with 100% accuracy.

We believe our work provides important findings for au-
tomatic visual inspection, demonstrating the effectiveness
of the feedback loop for the problem of the multi-defect
case as well. Our results show that a significant reduction
in scanning time can be achieved without loss of accuracy.
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