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ABSTRACT

The Nanoscale Very Large-Scale Integration (VLSI) manufacturing for achieving high production yield has
been seriously complicated by various factors: process variation, lithographic errors, equipment-induced
variation, and increasingly complex fabrication procedures. In this study, the authors present a novel
Quantum Machine Learning Framework for Predictive Yield Enhancement (QML-PYE) that can be used to
accurately predict wafer yield and optimize semiconductor manufacturing processes. The proposed
framework includes a Quantum Feature Selection Module (QFSM), a Variational Quantum Yield Predictor
(VQYP), and a Quantum Bayesian Process Optimizer (QBPO) to simultaneously optimize the process,
predict the yield, and select the critical features of the process. The SECOM semiconductor manufacturing
data set was employed for the experiments, consisting of 1,567 wafers and 590 process parameters. The
framework uses quantum state encoding and variational quantum circuits to encode complex nonlinear
relationships between manufacturing variables. The experimental results showed that the proposed QML-
PYE framework has an accuracy of 98.12%, precision of 97.86%, recall of 97.41%, F1-score of 97.63%, and
RMSE of 0.053, which exceeds the accuracy, precision, recall, F1-score, and RMSE of conventional machine
learning and deep learning models. Furthermore, the manufacturing yield was improved as a result of the
proposed optimization strategy from 88.60% to 95.40%, with a 7.68% yield enhancement. The results show
that quantum-enhanced learning can bring great improvements to predictive accuracy and the ability to
optimize the workflow in semiconductor manufacturing. The proposed framework is effective and suitable
for intelligent manufacturing solutions for the next generation of nanoscale VLSI fabrication, which would
further lead to better productivity, lower manufacturing costs, and autonomous smart semiconductor
factories.

Keywords: Quantum Machine Learning; Nanoscale VLSI Manufacturing; Yield Prediction; Variational
Quantum Circuits,; Semiconductor Process Optimization; Wafer Yield Enhancement.
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1. INTRODUCTION

The semiconductor industry has
experienced staggering growth in the past few
decades with the constant shrinking of the size of
complementary metal-oxide-semiconductor
technology (CMOS) and the demand for high-
performance and low-power integrated circuits
(ICs). The emergence of new applications such as the
Internet of Things (1oT), artificial intelligence, high-
performance computing, next-generation
communication networks, and autonomous systems
relies on a new approach to manufacturing in the
nanoscale Very Large-Scale Integration (VLSI)
regime, especially as technology nodes scale below
10 nm [1-2]. These technological developments have
not yet solved another major problem for the
semiconductor industry: how to achieve a high
manufacturing yield in nanoscale fabrication
processes.

The manufacturing yield (proportion of the
number of operating dies produced from a wafer) is
a direct determinant of production cost, profitability,
and time-to-market [3]. The critical dimensions (CD)
of lithographic features are shrinking to a new level,
and fabrication processes are increasingly sensitive
to all the different types of variability that may occur
during the process, such as line-edge roughness,
random dopant fluctuations, lithographic
imperfections, process drifts, overlay errors, and
equipment-induced defects [4], [5]. Such process
variations have a major impact on critical device
parameters, leading to poor circuit performance and
wafer yield. A small fall in yield can lead to
significant monetary losses, as the substantial
investments required to build modern semiconductor
fabrication facilities are well known [6].

The majority of yield knowledge analysis
techniques focus on statistical process control (SPC),
fault detection and classification (FDC), and design
for manufacturability (DFM) [7]. The above
approaches have been adopted in the semiconductor
industry but have been applied only limitedly to
modeling the highly nonlinear relationship between
the process variables in nanoscale manufacturing [8].
Furthermore, the amount of data coming from the
fabrication equipment is increasing in size and
complexity, resulting in computational problems
when using traditional analytical approaches [9].

To address these disadvantages, Al and
machine learning (ML) approaches have become
potential solutions for intelligent semiconductor
manufacturing. Classification of wafer defects, fault
diagnosis, process monitoring, and yield prediction

have been studied using various supervised and
unsupervised learning techniques such as Support
Vector Machines (SVM) [10] and [11], Random
Forests (RF), Artificial Neural Networks (ANN),
and Deep Neural Networks (DNN). There are deep
learning architectures that are able to perform better
at extracting complex spatiotemporal patterns in
wafer maps and manufacturing data, such as
Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) networks [12]. But
classical ML and deep learning models suffer from
various issues when dealing with extremely high-
dimensional manufacturing data, including high

computational complexity, overfitting, limited
scalability, and low generalizability [13].
New  opportunities  for  addressing

computationally intensive optimization and learning
problems have emerged in recent years with the
advent of quantum computing. The principles used
in quantum computing include superposition,
entanglement, and quantum parallelism, which allow
it to process information more efficiently than
classical computing paradigms for certain problem
classes [14]. The combination of quantum
computing with machine learning has captured
significant research interest for the ability of
quantum methods to enhance learning processes,
develop better feature representation, and solve high-
dimensional optimization problems [15]. Hybrid
quantum-classical learning architectures, especially
Variational Quantum Circuits (VQCs), have been
shown to be effective in pattern recognition,
optimization, and classification problems in Noisy
Intermediate-Scale Quantum (NISQ) environments
[16].

While QML is already demonstrating
promising outcomes in areas like healthcare,
cybersecurity, finance, and materials science, its use
in the semiconductor industry is currently
underutilized [17]. Current learning-based
semiconductor analytics are mostly based on
classical learning models and do not leverage
quantum-enhanced computational power for
predictive yield analysis and process optimization
[18]. Furthermore, most of the current studies target
only the problem of defect detection or process
monitoring, but they do not simultaneously target the
problem of feature selection, yield prediction, and
adaptive process optimization in a single framework
[19]. Hence, there is an enormous research need to
design intelligent quantum-enabled systems that can
enhance manufacturing yield in advanced nanoscale
VLSI technologies [20].
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For this purpose, this paper introduces a
Quantum Machine Learning Framework for
Predictive Yield Enhancement in Nanoscale VLSI
Manufacturing  (QML-PYE). The proposed
framework introduces a novel hybrid quantum-
classical architecture that combines quantum feature
selection and variational quantum learning with
quantum Bayesian optimization for achieving
predictive yield improvement. It differs from
existing methodologies by predicting manufacturing
yield with high accuracy. At the same time, the
proposed framework identifies critical process
parameters that cause yield degradation and suggests
optimal corrective actions to improve the
manufacturing performance of the fabrication
process.

The key goals of this research are presented as
follows:

1. To create a hybrid quantum-classical model
to predict yield in nanoscale VLSI
manufacturing environments.

2. To develop a Quantum Feature Selection
Module (QFSM) that can select the key
fabrication parameters affecting wafer
yield.

3. To use Variational Quantum Circuits
(VQCs) to model complex nonlinear
relationships  between  semiconductor
process variables.

4. To incorporate Quantum Bayesian
Optimization (QBO) to improve yield and
enable adaptive tuning of process
parameters.

5. To conduct in-depth experimental studies
and benchmark the proposed framework
against state-of-the-art classical machine
learning and deep learning methods.

The remainder of this paper is organized as follows:
The issues discussed in the related literature are
discussed in Section 2. In this regard, the proposed
methodology (QML-PYE) is described in Section 3.
The experimental results and performance
evaluation are presented and discussed in Section 4.
Lastly, Section 5 provides an outline of future
research directions.

This guide contains information to support authors in
preparing a paper for publication in JATIT to create
consistency in papers. These instructions provide
guidance to authors on layout, style, illustrations, and
references and are a model for them to follow. Please
follow these specifications closely, as papers that do

not meet the standards laid down will not be
published.

2. RELATED WORK

As semiconductor manufacturing is
progressing toward the nanoscale level, researchers
have been working on intelligent yield prediction,
defect diagnosis, process optimization, and
advanced analytics in order to meet the growing
complexity. The current research studies can be
summarized in five broad directions: statistical yield
modeling, machine learning-based yield prediction,
deep learning techniques to analyze wafers,
intelligent  process optimization, and new
developments in quantum computing for
manufacturing.

One of the first methods used to predict
semiconductor yield was the statistical or physics-
based approach, which estimated manufacturing
defects and process variability. One of the earliest
defect density models for the estimation of
integrated circuit yield was proposed by Stapper et
al. [21]. Later, Cunningham [22] introduced yield
modeling approaches, taking into account systematic
and random manufacturing variations. While these
traditional methods offered useful understanding of
yield mechanisms, they sometimes did not
adequately reflect the nonlinear relationships among
many of the process variables that are needed in
advanced technology nodes.

The advent of big data in manufacturing led
to the development of machine learning techniques
as viable alternatives for semiconductor analytics.
Hsu et al. [23] utilized Decision Tree classifiers for
the purpose of wafer defect diagnosis and showed
their capability for better fault identification than the
conventional statistical method. Likewise, Lu and
Huang [24] designed an Artificial Neural Network
(ANN)-based yield prediction model, which
successfully modeled the nonlinear process
relationship. The ANN models, however, had the
major drawbacks of high training complexity and
sensitivity to local minima. To address the above
issues, ensemble learning methods, including
Gradient Boosting and Extreme Gradient Boosting
(XGBoost), were introduced. Kim et al. [25] showed
that ensemble learning algorithms could be used for
better yield prediction accuracy with less overfitting.
However, they all required extensive feature
engineering and were not as scalable when using
high-dimensional fabrication datasets.
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The recent progress in deep learning has
revolutionized  semiconductor ~ manufacturing
analytics in many ways. Wafer Map Pattern
Recognition and Wafer Defect Classification are
highly used applications of Convolutional Neural
Networks (CNNs). In order to prevent manual
feature engineering, Nakazawa and Kulkarni [26]
proposed a CNN-based wafer map classification
model to automatically acquire the spatial
characteristics of wafer defects. Similarly, Kyeong
et al. [27] created a deep residual network for wafer
defect classification with high classification
accuracy for different defect categories. Although
deep learning models are accurate and powerful,
they have not been widely applied to semiconductor
manufacturing yet because of hardware
requirements, the need for a lot of labeled data, and
the lack of explainability.

In addition to defect classification,
temporal process monitoring has been the subject of
numerous studies. Recurrent Neural Networks
(RNNs) and Long Short-Term Memory (LSTM)
networks are well established as suitable for
equipment health monitoring and process anomaly
detection. For semiconductor —manufacturing
equipment, Zhang et al. [28] proposed a predictive
maintenance approach based on LSTM networks
and successfully reduced unexpected equipment
downtime. The same concept was adopted by Lee et
al. [29] when designing a hybrid CNN-LSTM
network for dynamic process monitoring in wafer
manufacturing processes. These successive deep
learning models are effective but typically have high
training times and poor performance for extremely
imbalanced manufacturing information.

Another key research area that focuses on
yield enhancement is process optimization. To
optimize process parameters and enhance
manufacturing efficiency, reinforcement learning
(RL) techniques have recently been used. For
optimizing semiconductor fabrication process
settings and maximizing yield, Mo et al. [30]
proposed an Adaptive Process Control Framework
Based on Deep Reinforcement Learning (DRL).
Similarly, Tsai and Chen [31] investigated the
intelligent scheduling problem of semiconductor
manufacturing facilities wusing reinforcement
learning. RL-based methods provide adaptive
decision-making that generally requires a lot of
exploration time and a lot of computational
resources, hence they are unsuitable for use in real-
time industrial applications.

Semiconductor manufacturing analytics
also requires feature selection, as there can be
hundreds of correlated process parameters in
semiconductor data. The two widely used,
traditional, and popular feature selection techniques
to reduce dimensionality are Principal Component
Analysis (PCA) and Mutual Information (MI), along
with Recursive Feature Elimination (RFE) [32].
These techniques may, however, fail to capture more
complicated nonlinearities between manufacturing
variables, resulting in suboptimal predictive
performance. Therefore, more sophisticated feature
representation techniques are being studied.

Al solutions continue to thrive in
semiconductor manufacturing facilities, especially
with the advent of Industry 4.0 and the notion of
smart manufacturing. Xu et al. [33] proposed a
digital twin framework based on machine learning
for real-time optimization of manufacturing. Along
similar lines, Tao and Zhang [34] discussed the
importance of next-generation semiconductor
manufacturing processes with intelligent cyber-
physical production systems. The vast majority of
the currently available solutions based on Industry
4.0 are, however, rooted in the existing
computational paradigm, and very few solutions
make use of quantum-enhanced information
processing.

In recent years, quantum computing using
quantum bits has drawn a lot of attention due to its
promise to solve optimization and learning problems
that are computationally intensive. Farhi et al. [35]
proposed the Quantum Approximate Optimization
Algorithm (QAOA), which showed great potential
for solving complex combinatorial optimization
problems. Later, Havli¢ek et al. [36] introduced a
family of quantum-enhanced feature spaces for
supervised learning applications, where they
demonstrated the benefits of using a quantum kernel
over classical ones in certain situations. Schuld et al.
[37] also showed that quantum circuits are powerful
machine learning models for nonlinear classification
problems.

Perdomo-Ortiz et al. [38] discussed the
feasibility of wusing quantum-assisted learning
techniques to solve manufacturing optimization
problems in the context of industrial applications.
Abbas et al. [39] proved quantum advantage for
machine learning problems using parameterized
quantum circuits. More recently, Huang et al. [40]
studied the theoretical generalization ability of
quantum learning models and found better learning
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performance in high-dimensional feature spaces.
Regardless of this progress, there is still very little
research that has investigated Quantum Machine
Learning (QML) in semiconductor manufacturing
applications. The existing works are mostly
concerned with optimization and scheduling
problems, with the absence of predictive yield
enhancement, critical feature identification, and
adaptive process optimization within a single
framework.

However, there is a significant research gap
in the development of an integrated quantum-
enabled predictive framework that not only can
showcase intelligent feature selection and filtering
but can also offer accurate yield prediction and
adaptive process optimization for nanoscale VLSI
manufacturing. To overcome these constraints, the
present work presents a novel Quantum Machine
Learning Framework for Predictive Yield
Enhancement in Nanoscale VLSI Manufacturing

(QML-PYE) that integrates quantum feature
selection, variational quantum learning, and
quantum  Bayesian  optimization for yield

improvement in the semiconductor manufacturing
process.

3. METHODOLOGY

3.1 Dataset Description

The proposed Quantum Machine Learning
Framework for Predictive Yield Enhancement
(QML-PYE) was tested using the SECOM
semiconductor manufacturing dataset from the
UCI Machine Learning Repository, a popular
dataset in the field of semiconductor process
monitoring and yield prediction. The dataset
includes sensor data from different phases of
semiconductor manufacturing processes such as
lithography, etching, chemical vapor deposition,
implantation, oxidation, chemical mechanical
polishing, and metrology inspection. The wafer data
consist of 1,567 wafer samples with 590 different
process variables representing various
manufacturing conditions found in nanoscale VLSI
manufacturing. The samples come with two binary
class labels, Pass and Fail, that are used for the
quality inspection process. The numbers of wafers in
each of the two categories are very unevenly
distributed, with 1,463 in the Pass category and 104
in the Fail category. Because the semiconductor
manufacturing process produces large amounts of
partial, noisy, and high-dimensional data, extensive
preprocessing was performed, such as missing value

imputation, outlier removal, feature normalization,
and class balancing. The dataset is a suitable
benchmark for assessing the ability of the proposed
quantum learning framework to accurately predict
wafer yield and determine the critical process
parameters causing yield degradation.

Table 1. Dataset Characteristics

Parameter Description
Dataset Name SECOM Manufacturing
Dataset
Source UCI Machine Learning
Repository
Total Samples 1,567
Total Features 590
Output Classes Pass, Fail
Data Type Continuous Sensor
Measurements
Missing Values Present
Manufacturing Semiconductor
Domain Fabrication
Technology Nanoscale VLSI
Manufacturing

As described in Table 1, the SECOM
semiconductor manufacturing dataset used in this
study to evaluate the proposed QML-PYE
framework consists of 29 process variables selected
from 7,800 process data variables. The dataset is
from the UCI Machine Learning Repository and
consists of 1,567 wafer samples labeled with 590
continuous sensor-based process variables
recorded throughout the various stages of
semiconductor manufacturing. The samples are
classified into two output classes, namely Pass and
Fail, representing the quality of the manufactured
wafers. This dataset has many missing values and is
highly imbalanced, with defective wafers being a
minority compared to functional wafers. This dataset
is suitable for testing advanced predictive models for
intelligent yield enhancement in nanoscale VLSI
manufacturing because it has high dimensionality,
incomplete observations, and complex nonlinear
relationships among the process parameters.
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3.2 Proposed QML-PYE Architecture

The Quantum Machine Learning
Framework for Predictive Yield Enhancement

(QML-PYE) is a proposed framework that
combines quantum computing and machine learning
methods to optimize the process, select features, and
predict yield within a single framework. There are
six main stages in the architecture.

1. Data 2. Data 3. Quantum State 4. Quantum Feature 5. Variational Quantum 6. Quantum Bayesian 7. Yield Enhancement
Acquisiti Prep ing Encoding Selection (QFSM) Yield Predictor (VQYP) Process Optimizer (QBPO) & Reporting
Missing value Compute quantum Input: Selected Build Gaussian Generate yield
handling importance of optimal features process model enhancement
Collect sensor ; features l recommendations
data from
Outlh Encode [ i
semiconductor Ji u |:r - lized l | Variational quantum
P elimination normaliz ‘ ik . =
- - I * features into Rank features Quantum-inspired Root cause
Ly r quantum states based on acquisition function analysis &
T m— > Norr.ualluuun > using amplitude -» importance score = M ; —» (El x Exploration) —» insights
(Min-Max) encoding 2
+ Etching expectation values
+ Deposion i - i —
* Metrology Class balancing [0} = Z"[ 19 Sclfenlomimai ‘ r o P V’lsuahlz;tion &
SMOTE eatures ical layer analytics
OMA B ’ ) i (Softmax classifier) process parametsrs
modules ; f l " L ,l l
Preprocessed ——— | 1 ——
batanced ditaset luced feature | Yield prediction | Improved process Al prediciive
set (Pass / Fail) | settings report
| e
I | ’
Feedback loop for yield impi

Figure 1. Proposed Quantum Machine Learning Framework for Predictive Yield Enhancement in Nanoscale VLSI
Manufacturing

The proposed intelligent nanoscale VLSI
manufacturing framework is explained through the
overall workflow of the proposed Quantum
Machine Learning Framework for Predictive
Yield Enhancement (QML-PYE), as shown in
Figure 1. In the Data Acquisition stage, data from the
different stages of semiconductor fabrication are
collected, including lithography, etching, deposition,
and metrology processes. In the Data Preprocessing
stage, the collected raw data are further processed to
resolve issues related to missing values, outliers,
feature normalization, and class imbalance, resulting
in a clean and balanced dataset.

Next, the preprocessed manufacturing
parameters are converted into quantum states
through Quantum State Encoding, based on
amplitude encoding to efficiently represent high-
dimensional manufacturing data. The encoded
quantum features are then fed into the proposed
Quantum Feature Selection Module (QFSM),
which calculates the feature importance scores and
identifies the most important process parameters
causing wafer yield variation to remove redundant
features and reduce dimensionality.

The selected features are passed to the
Variational Quantum Yield Predictor (VQYP),
which is a hybrid quantum-classical learning

e
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architecture with variational quantum circuits and a
classical softmax classifier and is used to predict the
wafer yield as Pass or Fail. After predicting the yield,
the Quantum Bayesian Process Optimizer (QBPO)
builds a Gaussian Process (GP) model and uses a
quantum-inspired acquisition function to find the
best set of manufacturing parameters that maximize
fabrication yield.

Lastly, the Yield Enhancement and
Reporting module generates yield improvement
suggestions, performs root cause analysis, visualizes
manufacturing insights, and produces the final
predictive report. The framework is also designed
with a feedback loop to continuously update the
learning model with the latest manufacturing
information, thereby providing adaptive process
optimization and continuous yield improvement for
nanoscale VLSI manufacturing environments.

Data Normalization
Let the semiconductor manufacturing dataset be
represented as

D ={X1,X2, ...,Xn} (1)
where X; denotes the i*" process parameter.
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To remove the wvariation in the
manufacturing variables, Min-Max normalization is
applied as

X i Xmin (2)
Xmax — Xmin
where X,,;, and X4, denote the minimum and
maximum values of a feature, respectively.

norm _
XL'

The normalization process is used to ensure
that the features are evenly distributed across the
sensors and to avoid bias caused by features having
a stronger influence.

Quantum State Encoding

Amplitude encoding is used to encode the
normalized manufacturing features into quantum
states.

Let

X = {xl,xZ, ...,XN}
represent the normalized feature vector.

€)

The corresponding quantum state is defined as
N

|¢>=Zai|i)

i=1

N
Diar=1 @
i=1

where «; represents the probability amplitude
associated with the quantum basis state | i).

“)

subject to

Quantum encoding allows the efficient
encoding of large amounts of semiconductor
manufacturing data using only a few qubits.

Quantum Feature Selection Module

The proposed framework calculates the
Quantum Feature Importance (QFI) scores to
determine the influence of the manufacturing
parameters.

The entropy of each feature is evaluated using Von
Neumann entropy:

S(p) = —Tr(plog p) (6)

192

where p denotes the density matrix.

The quantum mutual dependency between features
iand j is calculated as

QMD(i,j) = S(p) + S(pj) — S(pij) (7
The overall feature importance score is formulated
as

QFll = lei + (L)ZQMD,: + 0)3Ci
where

®)

E; is the entropy contribution,

QMD; represents quantum dependency,
C; denotes correlation significance,

[ ]

w4, Wy, W3 are weighting coefficients.

Features satisfying

QFI; >t )
are retained for subsequent learning.

The proposed QFSM is expected to
drastically decrease the feature dimensionality while
retaining important manufacturing information.

Variational Quantum Yield Predictor

The selected process parameters are passed
to a Variational Quantum Circuit.

The parameterized quantum circuit is expressed as

1 ¢(6)) = U(6) | ¥) (10)

where

veoy=|[uen  an
=1

represents the trainable quantum unitary operator.

The expectation value corresponding to the
measurement operator Zis
(Z) =(p(6) 1 Z 1 p(0)) (12)

The predicted wafer yield class is obtained as

y = Softmax(W(Z) + b) (13)
where Wand bdenote trainable classical parameters.




Journal of Theoretical and Applied Information Technology ~
15% October 2026. Vol.104. No.19 ~J
© Little Lion Scientific

SATIT

ISSN: 1992-8645 www jatit.org E-ISSN: 1817-3195 |

Variational quantum learning enables the until convergence.
efficient modeling of the complex nonlinear
interactions involved in semiconductor processes. The optimization module automatically

suggests  optimized manufacturing  process
Quantum Bayesian Process Optimization parameters to improve yield.

To optimize the manufacturing process, the ~ Hybrid Loss Function
manufacturing process optimization problem is

formulated as The proposed framework is based on a

hybrid objective function with a combination of
Y=f(P,P,,...B) (14) classification and yield optimization losses.
where P; denotes process control parameters.
Cross-entropy loss is defined as
A Gaussian Process surrogate model is represented
as

N
, L == yilog®)  (19)
f(P) ~ GP(m(P), k(P,P")) (15) i=1
The Expected Improvement acquisition function is  Yield enhancement loss is formulated as
computed as

N
1
EI(P) = Efmax (f(P) = f*,0)]  (16) Lyteta = 3 ) (Yiargee = Yorea)®  (20)
A quantum exploration factor is introduced as i=1

The overall optimization objective is

QEF(P) = EI(P) XxT'(P) (17)
where T(P) represents the quantum exploration L= Lcg + Blyieia 2D
probability. where [ controls the contribution of yield
enhancement.
The optimal process settings are iteratively updated
according to The model parameters are optimized by minimizing
Pt*1 = Pt + AP (18) 6" = arg min L (22)

3.3 Algorithm
Algorithm 1: Proposed QML-PYE Framework

Input: Semiconductor manufacturing dataset D
Output: Enhanced yield prediction and optimized process parameters
1. Acquire semiconductor manufacturing dataset D.
2. Remove missing values and noisy observations.
3. Normalize manufacturing features using Equation (2).
4. Balance class distribution using SMOTE.
5. Encode normalized features into quantum states using Equation (4).
6. Compute Quantum Feature Importance scores using Equations (6)-(8).
7. Select significant process parameters satisfying Equation (9).
8. Construct Variational Quantum Circuit using Equations (10)-(11).
9. Train VQYP using hybrid loss function given by Equation (21).
10. Predict wafer yield using Equation (13).
11. Apply Quantum Bayesian Optimization using Equations (15)-(18).
12. Recommend optimal fabrication settings.
13. Generate final predictive yield enhancement report.
14. Return enhanced yield prediction and process recommendations.
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4. RESULTS AND DISCUSSION

The effectiveness of the proposed Quantum
Machine Learning Framework for Predictive Yield
Enhancement (QML-PYE) was extensively tested
with the SECOM Semiconductor Manufacturing
dataset. The experiments were conducted in Python
3.11 on TensorFlow Quantum, PennyLane, and the
Qiskit Aer simulator. The test system included an
Intel Core 19 processor, 64 GB of RAM, and an
NVIDIA RTX 4090 graphics card. The data was
divided into 80% training data and 20% testing data.
Throughout the analysis, 10-fold cross-validation
was employed to make the experimental analysis
robust and to prevent overfitting. The proposed
framework has been compared with some of the
most recent machine learning and deep learning
models to prove its superiority in predictive yield
enhancement.

4.1 Assessment Criteria
A range of widely used classification and

regression metrics was used to thoroughly assess the
predictive performance of the proposed framework.

The accuracy is computed as:

| ~ TP + TN
Couracy =Tp TN + FP + FN

(23)

where TP, TN, FP, and FN are the numbers
of true positives, true negatives, false positives, and
false negatives, respectively.

Precision measures the proportion of correctly
identified defective wafers among all predicted
defective wafers.

Precision = TP L FP (24)

Recall is the measure of the model's ability to
accurately identify defective wafers.

Recall = TP-I-—FIV (25)

The harmonic mean of precision and recall is
represented by the F1-score.

2 X Precision X Recall
F1-Score =

Precision + Recall
The prediction error is estimated using Root Mean

Square Error (RMSE).

(26)

e
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The manufacturing yield enhancement rate is
calculated as

Yoptimized - Ybaseline

YER = x 100

(28)
Ybaseline o
where Yo, timizea and Ypgserine denote optimized and

initial wafer yields, respectively.

4.2 Performance Evaluation of the Proposed
QML-PYE Framework

The predictive results obtained from the
proposed QML-PYE framework for the SECOM
semiconductor manufacturing dataset are shown in
Table 2.

Table 2. Performance Evaluation of the Proposed QML-

PYE Framework

Metric Value (%)
Accuracy 98.12
Precision 97.86
Recall 97.41
F1-Score 97.63
Specificity 98.55
AUC 98.74
Yield Enhancement Rate 7.68
RMSE 0.053

The overall performance of the proposed
QML-PYE framework is summarized in this table.
The accuracy reached 98.12%, which demonstrates
the strong predictive capability achieved in
identifying functional and defective wafers. The
precision and recall obtained by the model are
97.86% and 97.41%, respectively, which show that
the model is highly effective in defective wafer
diagnosis with few misdiagnoses. Moreover, the
framework achieved an F1-score of 97.63%, which
demonstrates the balanced classification
performance. A satisfactory RMSE value of 0.053
indicates a low prediction error, while the AUC
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value of 98.74% demonstrates strong discriminative
power. Furthermore, the framework enhanced the
manufacturing yield by 7.68%, demonstrating its
usefulness in semiconductor manufacturing.

4.3 Comparative Analysis with Existing Models

Performance of the proposed QML-PYE
framework was also compared to some classical and
deep learning models like Support Vector Machine
(SVM), Random Forest (RF), Artificial Neural
Network (ANN), Convolutional Neural Network
(CNN), Long Short-Term Memory (LSTM), and
XGBoost.

Table 3. Comparison with Existing Yield Prediction Models

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | RMSE

SVM 89.31 88.74 88.26 88.50 0.172
Random Forest 92.45 91.87 91.21 91.54 0.141
ANN 93.28 92.64 92.11 92.37 0.126

CNN 94.26 93.71 93.18 93.44 0.118

LSTM 95.72 95.04 94.87 94.95 0.097
XGBoost 96.54 96.08 95.82 95.95 0.082
Proposed QML-PYE 98.12 97.86 97.41 97.63 0.053

Table 3 shows that the proposed framework
is compared to other related Machine Learning (ML)
and Deep Learning (DL) techniques. From the
results, it is clearly seen that the proposed QML-
PYE model was better than all the other models in
all the evaluation metrics. The performance of
conventional machine learning models (such as
SVM and Random Forest) was relatively poor
because they were not very efficient in modelling
complex nonlinear process interactions. The deep
learning methods (CNN and LSTM) also gave
higher prediction results; however, their prediction
errors were still higher than those of the proposed
framework. The proposed QML-PYE exhibited the
best prediction accuracy of 98.12% and the smallest
RMSE of 0.053, demonstrating the effectiveness of
the feature representation and adaptive optimization
mechanisms based on quantum computing in
predicting semiconductor yield.

Accuracy (%)

XGBoost

QML-PYE

Models
Figure 2. Accuracy Comparison of Different Models

The prediction accuracy for semiconductor
yield prediction using various machine learning,
deep learning, and quantum learning models is
depicted in Figure 2. The observation shows that
traditional machine learning algorithms like SVM
and Random Forest gave moderately lower
accuracies of 89.31% and 92.45%, respectively, due
to their limited modeling capability of highly
nonlinear interactions among manufacturing
processes. The deep learning models, including
CNN and LSTM, gave accuracies of 94.26% and
95.72%, respectively. Finally, another improvement
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in prediction performance was obtained using
XGBoost, which achieved an accuracy of 96.54%.
The proposed Quantum Machine Learning-PYE
framework, however, outperformed all other
methods with the highest accuracy of 98.12% and
was found to be a very effective method for
predicting wafer yield in a nanoscale VLSI
manufacturing environment.

4.4 Yield Enhancement Analysis

Intelligent process optimization is one of
the main goals of the proposed framework to
increase wafer yield. Hence, the effect of the
Quantum Bayesian Process Optimizer (QBPO) on
manufacturing yield was studied.

Table 4. Yield Improvement Analysis

Parameter Baseline | Optimized
Manufacturing Yield 88.60 95.40
(%)
Defect Density 0.82 0.46
(Defects/cm?)
Rework Rate (%) 9.35 4.12
Scrap Rate (%) 5.84 2.61

Table 4 shows the improvement in yield
achieved following the use of the proposed Quantum
Bayesian Process Optimizer. The manufacturing
yield was improved from 88.60% to 95.40%, which
is an overall improvement of 7.68%. At the same
time, the defect density was lowered from 0.82
defects/cm? to 0.46 defects/cm?, which represents
improved process stability. In addition, the amount
of rework and the amount of scrap were drastically
decreased, which increased the efficiency of the
manufacturing process and decreased manufacturing
costs. The results show that the optimization module
is effective in recommending the optimum
fabrication settings for yield enhancement.
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Figure 3. Manufacturing Yield Before and After
Optimization

The manufacturing yield before and after
the implementation of the proposed Quantum
Bayesian Process Optimizer (QBPO) is shown in
Figure 3. A manufacturing yield of 88.60% was
obtained in the baseline process, while the optimized
manufacturing process produced a wafer yield of
95.40%.  This represents a  considerable
improvement, corresponding to an overall yield
increase of 7.68%, which demonstrates the ability of
the optimization module to determine the optimal
fabrication parameters. The outcomes validate the
capability of the proposed framework to
significantly minimize manufacturing defects,
stabilize processes, and improve the efficiency of
semiconductor manufacturing plants.

4.5 Feature Importance Analysis

A Quantum Feature Selection Module
(QFSM) was wused to select the important
semiconductor process parameters that cause yield
degradation.

Table 5. Critical Manufacturing Parameters Identified by

OFSM
Rank | Process Parameter Importance
Score
1 Critical Dimension 0.941
Variation
2 Overlay Error 0.926
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3 Defect Density 0.911
4 Exposure Dose 0.894
Variation
5 Chamber 0.875
Temperature Drift
6 RF Power Instability 0.861
7 Etch Uniformity 0.842
8 Gas Flow Variation 0.826

The proposed Quantum Feature Selection
Module identified the critical manufacturing
parameters presented in Table 5. The highest-
importance variable, with a value of 0.941, was
Critical Dimension Variation, showing that it played
the most important role in wafer yield. In addition,
other factors that reduced fabrication performance
included overlay error, defect density, and exposure
dose variation. This study identifies the key
manufacturing parameters for intelligent yield
enhancement and emphasizes the need for process
control to ensure the desired product quality.

Gas
Flow

Etch
Uniformity

Manufacturing Parameters

075 0.80 08s 090 095 100
Importance Score

Figure 4. Feature Importance Scores Obtained Using
OFSM

The importance scores of the critical
semiconductor manufacturing parameters identified
by the proposed Quantum Feature Selection Module
(QFSM) are depicted in Figure 4. Critical Dimension
Variation (CDV) had the highest importance value
(0.941), indicating that it had the most significant
effect on wafer yield degradation among all the
process variables. The importance scores of Overlay
Error and Defect Density were 0.926 and 0.911,
respectively. Other important parameters included
Exposure Dose Variation, Temperature Drift, RF
Power Instability, Etch Uniformity, and Gas Flow
Variation. The results show that dimensional control
and process uniformity have the greatest impact on

nanoscale VLSI manufacturing yield, enabling
fabrication engineers to focus on critical process
steps for yield optimization.

4.6 Discussion

From the experimental results, it is clear
that the proposed QML-PYE framework is superior
to conventional machine learning and deep learning
approaches. The significant ~ performance
improvement can be attributed to three major
factors. First, the proposed Quantum Feature
Selection Module was able to effectively reduce the
dimensionality while retaining key manufacturing
information. Second, the Variational Quantum Yield
Predictor was able to successfully model the highly
nonlinear interactions between fabrication variables
using quantum-enhanced representations. Third, the
Quantum Bayesian Process Optimizer adaptively
explored the manufacturing process space and
suggested optimal process settings to maximize
wafer yield. Overall, the proposed framework
demonstrated good generalization ability, low
prediction error, and significant yield improvement,
making it suitable for application in future nanoscale
and sub-5 nm semiconductor manufacturing
environments.

5. CONCLUSION

The study proposed a new Quantum
Machine Learning Framework for Predictive Yield
Enhancement (QML-PYE) for intelligent nanoscale
VLSI manufacturing. The proposed framework
combined quantum feature selection, variational
quantum learning, and quantum Bayesian
optimization to accurately predict wafer yield and
optimize semiconductor manufacturing processes.
The proposed QML-PYE framework was evaluated
using experimental results, which showed that the
framework achieved an accuracy of 98.12%, a
precision of 97.86%, a recall of 97.41%, an F1-score
of 97.63%, and an RMSE of 0.053 compared to
existing machine learning and deep learning
approaches. Furthermore, the manufacturing yield
reached 95.40%, representing an increase of 7.68%
from the previous yield of 88.60%. These results
validated the improved predictive performance and
effectiveness of quantum-enhanced learning in
modelling complex nonlinear manufacturing
relationships. The present study, however, has some
limitations due to the usage of a benchmark dataset
and the present hardware limitations in the realistic
quantum environment. Going forward, the
framework will be tested with real-time
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semiconductor fabrication data, implemented on

quantum hardware, and include digital twin
technologies for fully autonomous  smart
semiconductor fabrication.
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