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ABSTRACT

As Ultra Large-scale Integration (ULSI) technology allows for the assembly of billions of transistors on a
single chip; it has emerged as the fundamental component of modern machines and embedded systems.
Application-specific integrated circuits, memory devices, and microprocessors are all being revolutionized
through this advancement, leading to systems that are smaller, faster, and consume less energy. The long-
term performance of ULSI systems has been jeopardized by serious reliability issues triggered by the fast
scaling of devices into nanoscale levels. Time-dependent dielectric breakdown (TDDB), hot carrier injection
(HCI), and negative bias temperature instability (NBTI) are instances of electrical degradation mechanisms
that drastically diminish circuits' operating lifetimes. Nonlinear and dynamic deterioration patterns at the
nanoscale are frequently ignored by conventional reliability evaluation techniques that rely on statistical
distributions or physics-of-failure models. In order to enhance the dependability of ULSI circuits, the study
proposed a predictive modeling framework based on machine learning. Using MOSRA-enabled HSPICE
simulations of benchmark circuits under stress, reliability data were acquired. Maximum Likelihood
Estimation (MLE) and Least Squares Estimation (LSE) have been applied for statistical preprocessing in
order to organize the deterioration data. We trained and assessed the prediction accuracy of several ML
algorithms, such as Support Vector Regression (SVR), Random Forest (RF), Artificial Neural Networks
(ANN), and Adaptive Neuro-Fuzzy Inference System (ANFIS). The findings reveal that ML-driven models,
in particular ANFIS, perform better than conventional reliability prediction techniques, as they can accurately
simulate nonlinear behaviors and adapt to various stress circumstances. Through introducing predictive
reliability techniques, our effort assists in improving the design of next-generation ULSI systems, extending
their lifespan proactively, and detecting faults early.
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1. INTRODUCTION aggressive scaling of transistor dimensions to
nanoscale levels [2]. Nanoscale electronics, in
The sectors of consumer electronics, comparison with earlier technological nodes, are
communication, and computing have all undergone  extremely susceptible to deterioration mechanisms
transformations as a result of the ongoing triggered by constant switching activity, operating
advancements in semiconductor technology. ULSI  voltage, and temperature [3]. Among the most
allows the integration of billions of transistors on a  critical reliability concerns are listed below.
single chip and is responsible for incredible
advancements in digital electronics [1]. This degree
of integration has benefited the efficiency of
computing and enabled equipment shrinking, which
has improved technology's portability and energy [4]- .
savings. In terms of device reliability, unfortunately * The gradual wear-out of the gate oxide
there are unexpected challenges brought about by the under  stress  causes  time-dependent

e When high-energy carriers damage the gate
oxide, it results in hot carrier injection
(HCI), which shortens the device's lifespan

e
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dielectric breakdown (TDDB), eventually
resulting in catastrophic failure [5].
Performance loss in PMOS transistors is
induced by threshold voltage variations
caused by Negative Bias Temperature
Instability (NBTTI) [6].

These failure mechanisms become progressively
more significant as transistors get smaller and
circuits have to cope with increasingly demanding
workloads. Predictive reliability modeling is crucial
in mission-critical sectors like aerospace, defense,
and medical equipment, where even minor
malfunctions could have catastrophic consequences,
so reliability is not just a design consideration in
these fields [7]. Reliability has traditionally been
examined using physics-of-failure models based on
device aging mechanisms as well as statistical
models like Weibull, Exponential, and Lognormal
distributions. These approaches have a number of
shortcomings even if they provide insightful
information.

e Failing to Manage Complexity: Analytical
models are unable to fully represent the
range of degradation behaviors due to the
billions of interacting transistors [8].
Restricted Adaptability: Circuit designers
commonly do not have access to the
comprehensive process-level data needed
for physics-based models [9].

Linear Assumptions: Most statistical
techniques make the assumption that circuit
aging is linear, whereas it is actually
nonlinear and dynamic [10].

In this study we aim to improve the reliability of
ULSI circuits by creating a prediction framework
based on ML. We have created structured datasets
that reflect deterioration behavior under stress
conditions by gathering reliability data using
MOSRA-enabled HSPICE simulations and using
statistical preprocessing methods such as MLE and
LSE [11]. In order to anticipate circuit lifetime and
degradation, the collected datasets are further
examined using several kinds of machine learning
models, including SVR, RF, ANN, and ANFIS.
Finding the best predictive models and creating a
framework that can offer precise, scalable, and
understandable reliability predictions for next-
generation ANFIS outperformed the others in terms
of resilience and accuracy when it came to
identifying failure mechanisms and forecasting
reliability decline [12]. As it combines the learning
capability of neural networks with the reasoning
strength of fuzzy logic, ANFIS performs better than
other machine learning models. With fuzzy
membership functions, ANFIS is better able to deal
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with nonlinearities, uncertainties, and noisy data
than traditional models like SVM or RF, which
depend on strict decision boundaries.

The primary objective of the research is to
developed a prediction framework for modeling
reliability degradation in ULSI circuits under
nanoscale stress settings using machine learning.
Determine the most accurate prediction strategy by
evaluating the performance of ML-driven models
with conventional reliability estimation methods.
Circuit designers can utilize the proposed predictive
reliability framework to precisely estimate device
degradation and optimize designs for longer
lifespans, which makes it extremely beneficial in
mission-critical ~sectors where reliability is
mandatory, such as aerospace, defense, and
healthcare. Additionally, the framework makes it
possible to create digital twins for real-time circuit
health monitoring, which facilitates proactive
maintenance and early defect identification. The
presented system's strengths include its scalability to
huge and complex circuits, its ability to adapt for
different stress situations, and its capacity to capture
nonlinear degradation patterns that conventional
models are unable to capture. Since the majority of
investigations have employed physics-of-failure
analysis or conventional statistical distributions to
examine reliability degradation in ULSI circuits, the
nonlinear,  dynamic, and  stress-dependent
deterioration behaviors at nanoscale levels are still
mainly unexplored. The novelty of this work lies in
integrating MOSRA-enabled HSPICE simulations
with ML-based predictive modeling, constructing a
statistically preprocessed reliability dataset using
both  MLE and LSE techniques to preserve
degradation characteristics, and developing and
comparatively evaluating multiple ML models,
including SVR, RF, ANN, and ANFIS, for reliability
prediction.

This research study is structured as follows. A
brief overview of recent research significant to the
problem domain is given in Section 2, along with an
emphasis on the limitations of current
methodologies. Dataset development, preprocessing
approaches, feature selection, the ANFIS model's
architecture, the evaluation metrics used, and the
optimization method are all discussed in Section 3.
The experimental results and a critical assessment of
the results in relation to alternative models are
presented in Section 4. Section 5 concludes the study
by summarizing the main contributions, relevant
implications, and recommendations for future
studies, followed by a list of the references that were
reviewed.
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2. LITERATURE SURVEY

Genssler et al. (2022) tackle the crucial
problem of anticipating transistor aging in integrated
circuits, where threshold voltage variations brought
on by aging phenomena like Hot Carrier Injection
(HCI) and Bias Temperature Instability (BTI)
gradually  degrade  performance.  Although
traditional physics-based models created by
semiconductor foundries offer precise forecasts,
circuit designers are unable to directly use them for
reliability analysis at design time due to their
proprietary and confidential nature. In order to
overcome this restriction, the authors offer an
alternative modeling technique based on machine
learning that can mimic the predictive power of
physics-based models without disclosing critical
information. To create their dataset, they incorporate
secret foundry models to simulate voltage waveform
segments and extract the related threshold voltage
degradation (AVth), which is then used as training
ground truth. An 8-bit adder and a 32-bit multiply-
accumulate (MAC) unit are two instances of higher-
level circuits that are tested after the proposed fully
connected feed-forward neural network has been
implemented at the transistor and standard-cell
levels. In comparison to traditional reliability
analysis, experimental data demonstrate that the ML
surrogate provides a speedup of improvement to 20x
and achieves good fidelity, with a mean relative error
of only 1.7% when forecasting degradation in the
MAC unit. However, the method's limitations
include the need for sizable, relevant training
datasets and the intricate nature of feature
engineering, namely the encoding and retrieval of
degradation information driven by waveforms [13].

Ren et al. address the problem of real-time
reliability monitoring in System-on-Chip (SoC)
designs, where chip stability can be gradually
jeopardized by degradation mechanisms like HCI,
TDDB, and NBTI. In order to tackle this issue, the
authors present three lightweight and energy-
efficient on-chip prediction units integrated as IP
cores targeted at TDDB, NBTI, and HCI,
respectively. These units can diagnose failure modes
and predict lifespan under real-world stress
conditions as they operate in the same operational
environment as the host chip. To prevent complete
system failure, this on-chip, real-time monitoring
method provides great fidelity in detecting failure
processes, predicting failure times, and sending out
early warning signals instead of depending on offline
models or external testing. The accuracy, low
monitoring overhead, and incorporation into the chip
are the method's positive aspects. Some drawbacks,

however, include the need to evaluate these units'
generalizability across different chip architectures
and manufacturing processes, potential size and
power constraints, and the additional design
complexity [14].

Soft errors, which are transient issues
caused by high-energy cosmic particles, pose serious
reliability risks, especially in space-borne systems.
The use of traditional evaluation techniques such as
SPICE, TCAD, and Monte Carlo for large-scale ICs
has severe constraints, as they can only simulate
pulse production and propagation but are
computationally impractical. Song et al. offer an
innovative forecasting method that eliminates
complete circuit-level simulation by estimating the
propagation probability of transient pulses in the
data route using a back-propagation neural network
(BPNN).  Rather than  executing  costly
SPICE/TCAD simulations for every potential defect,
the neural network predicts the probability that a
transient pulse will propagate and produce a soft
error using precomputed per-instance propagation
probabilities as inputs. To gather empirical data, a
test chip composed of three commercial CMOS-
based circuit blocks was manufactured. Strong
correlations between the BPNN model and
experimental trends and soft-error rate magnitudes
were obtained. Prediction errors were only 7.5%
higher than the error rate of traditional approaches,
with an average of roughly 23.5%. Significantly, the
suggested method significantly improved the
practicality of assessment runtime for large-scale
circuits by an order of magnitude. Although the error
margin (~23.5%) is suitable for estimation during the
design phase, it might not be sufficient for ultra-
critical applications that demand precise error
bounds [15].

The S-parameter properties of microwave
heterojunction bipolar transistors (HBTs) deteriorate
with extended aging, which has a negative impact on
high-frequency performance. Over a wide frequency
range, traditional modeling approaches frequently
fail to adequately capture this degradation trend. In
order to close this gap, Lin Cheng et al. constructed
a predictive model that works with InP HBT devices
in both their fresh and aged forms. A Dual-Extreme
Learning Machine (D-ELM) enhanced with an
Adaptive  Genetic ~ Algorithm  (AGA) for
optimization is implemented in the Prior-Knowledge
Neural Network (PKNN) prediction framework.
Both the deterioration trend data from a small-signal
equivalent circuit and standard reliability parameters
are used in this method to inform and improve the
neural network's forecasting accuracy for changes in
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S-parameters. Throughout the whole frequency
range, the PKNN model revealed outstanding
agreement between the measured and predicted S-
parameter values. An enhanced D-ELM structure
and the incorporation of degradation trends allowed
for better performance than models without prior-
knowledge inputs. The method's applicability to
other transistor technologies has not been evaluated;
the validation was restricted to InP HBT devices.
Though the PKNN delivers precise predictions, the
method is still essentially a "black box," providing
little insight into which inputs have the biggest
effects on model results [16].

Accurately simulating transistor aging,
particularly because of NBTI, becomes essential for
timing guardbands when CMOS devices expand and
operate close to their performance limits. Circuit
designers cannot use traditional physics-based
models for effective design optimization since they
are proprietary and computationally costly. In order
to imitate the behavior of the foundry's proprietary
physics-based aging model, P. R. Genssler et al.
constructed an ML model. Without disclosing
sensitive process variables, the model predicts the
NBTI-induced threshold voltage shift (AVu),
including recovery dynamics, using the transistor's
switching activity waveform as input. The model is
validated on larger circuits, such as a 32-bit MAC
unit, after being trained on standard cells and tiny
circuits, such as an 8-bit adder, to demonstrate its
circuit generalization. When generalizing to unseen
circuits, the ML model achieves an MRE as low as
1.7% and offers a speedup of improvement to 20%
over the physics-based model. In the AV, trace
prediction scenario, lightweight machine learning
techniques like SVM and HDC closely resemble the
aging traces, despite HDC's advantages in speed and
model simplicity [17].

An effective machine learning-assisted
failure analysis approach for circuit-level defect
prediction was presented by Ghosh et al. in 2024.
Extensive simulations or human inspection are
common aspects of traditional IC failure analysis
techniques, which are resource- and time-intensive.
In order to address these issues, researchers
presented a prediction model that was trained on
datasets obtained through simulations and included
variables including circuit symmetry, material
qualities, and behavioral aspects based on SPICE.
The technique eliminates the need for manual fault
isolation by enabling quick detection of both faulty
components and their exact positions within the
circuit. In comparison to traditional methods,
experimental validation on simulated defect
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scenarios showed that the model achieved good
prediction accuracy while drastically cutting down
on analysis time. A drawback of the framework is its
reliance on artificial simulation data, as process-
induced phenomena and real-world variability can
hamper its capacity for generalization [18].

Circuits operating in near-threshold
regimes encounter significant issues such as
increased delay unpredictability, performance

deterioration, and inaccurate drain current modeling
as CMOS technology continues to scale down into
ultra-deep submicron regions. The inability of
conventional models to anticipate circuit behavior in
near-threshold operation makes it challenging to
design robust and energy-efficient ULSI systems.
An approximate mathematical drain current model is
presented by K. Singh et al. for ultra-deep submicron
CMOS devices that operate in the near-threshold
region. This model allows designers to more
efficiently assess performance measures, including
delay in propagation, electrical consumption, and
resource economy, Wwhile simplifying the
representation of current characteristics while
retaining high accuracy. Ultra-deep submicron
CMOS circuit simulations at the circuit level have
been employed in the study. Several digital CMOS
circuits have been evaluated in near-threshold
situations, and the proposed drain current model was
used to calculate performance measures. To confirm
accuracy and efficiency, comparisons were done
with the conventional models that were already in
use. In comparison to complex transistor-level
models, the model is computationally efficient and
has good prediction accuracy for near-threshold
performance. Based on its extensive applicability
and validation across many circuit configurations, it
facilitates improved design optimization for low-
power and energy-efficient circuits. The model is
only an estimate, and under extremely changeable
operating conditions or excessive scaling, accuracy
may decrease. primarily concentrated on digital
CMOS circuits, which can restrict its applicability to
mixed-signal or analog designs [19].

Digital circuits operating in the moderate
inversion area of ultradeep submicron CMOS
technology encounter significant gate delay
variability due to supply voltage fluctuation,
temperature variations, and process imperfections.
The assumptions of strong or weak inversion areas
in present models are harmful to timing reliability in
small-power systems since they fail to sufficiently
capture the behavior in moderate inversion and lead
to poor delay variability prediction. A mathematical
and analytical model for gate delay variability that
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has been optimized for the moderate inversion
region is presented by S. Kalra. In order to deal with
slight inversion effects at ultradeep submicron
dimensions, the method improves on present
MOSFET models. Compared to generic or simpler
models, the model more accurately predicts delay
variation by considering the effects of temperature,
electrical supply, process variables, and moderate
inversion behavior. The study analyzes device-level
simulation data for ultradeep submicron CMOS
gates, which include digital logic gates and inverters
with modest inversion working points that function
under a variety of conditions, namely supply voltage,
temperature, and process variation. The model
predicts delay variability more accurately when
circuits are constructed in the moderate inversion
zone. It assists in robust circuit construction by
offering awareness of the ways in which various
parameters interact to affect delay and reduces
overdesign and power waste by enabling designers
to more accurately estimate timing margins and
guardbands. Due to the model's analytical nature and
its reliance on simulation or conceptual device
models, unmodeled effects may nevertheless be
revealed by actual silicon hardware data. It mostly
concentrates on delay variability; it fails to
completely handle other reliability measures such as
leakage current, power, or aging factors such as
NBTI, HCI [20].

Recent work demonstrates promising
results in areas such as electromigration analysis,
circuit-level defect localization, and transistor aging
prediction. Most recent study concentrates on
individual degradation mechanisms. However,
reliability degradation is very interactive and
associated with advanced technology nodes (e.g.,
NBTI paired with TDDB or HCI). Current models
fail to adequately account for these mixed-mode
effects. However, most of these approaches
primarily rely on simulation-generated datasets,
which may not accurately reflect real-world
manufacturing variability or field-level fault
patterns. Prediction accuracy is frequently optimized
for certain devices or circuit blocks in current efforts,
but they are unable to generalize to full-chip
architectures and  heterogeneous  workloads.
Additionally, hybrid frameworks that integrate
domain knowledge (such as physics-based aging
mechanisms) with data-driven learning are still in
their infancy, leaving a gap in the relationship
between physical reliability phenomena and
predictive analytics. Recent efforts like ML for high-
power module dependability show promise, even if
systematic frameworks that combine ML with

physics-of-failure models for early prediction and
lifetime estimates are still in their early phases.

3. METHODOLOGY

The study implements a structured, multi-stage

design comprising the steps as follows:

e Choosing benchmark ULSI circuits and
identifying dominant degradation
mechanisms (TDDB, HCI, NBTI).

e  Obtaining reliability degradation data using
MOSRA-enabled HSPICE simulations
under controlled stress conditions.

e Preprocessing the collected datasets using
Least Squares Estimation (LSE) and
Maximum Likelihood Estimation (MLE) to
ensure statistical consistency.

e Developing and training several predictive
models, such as SVR, RF, ANN, and
ANFIS.

e Comparing model performance
accuracy metrics and error analysis.

The architecture of the proposed system is

using

Failure Detection and Classification

Maodel Evaluation

Figure 1: Architecture of the proposed ULSI reliability
prediction framework.

Using MOSRA/HSPICE simulations,
fundamental parameters such as Trode, Vdd, Tamb, tstress
etc., are extracted. Using the collected inputs,
degradation-related parameters, including AV,
Aljeak, and AD, are computed. Reliability descriptors
such as the Weibull shape and scale (B, n) factors are
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derived to obtain metrics like MTTF, t,, etc. To create
a clean dataset and eliminate noise, preprocessing
techniques are used. During training, this phase
ensured that each feature contributed proportionately.
The relevant performance metrics are then used to
train and assess a number of machine learning
models. To anticipate the failure flag and categorize
the associated failure mode, the new, unexplored
parameters are passed to the top-performing model.
As ANFIS can capture nonlinear patterns and
uncertainties in dependability data by combining
fuzzy inference with neural network learning, it has
been selected as the primary model.

3.1 Dataset Preparation

MOSRA HSPICE simulations were
implemented for building datasets that demonstrated
the deterioration features of semiconductor devices
under various stress situations [21]. Designers are
able to evaluate the long-term effects of electrical,
thermal, and stress conditions on device and circuit
performance using MOSRA, a well-established
framework for modeling reliability degradation
mechanisms in advanced CMOS devices, without
the need for time-consuming physical stress testing.
The 22 nm technology node, which corresponds to
the design scale for modern ULSI circuits, was
employed to configure the MOSRA-enabled
HSPICE simulations [22].

To provide high fidelity to actual device
behavior, device models included specific physics-
based factors such as threshold voltage, mobility
degradation coefficients, gate oxide thickness, and
channel length [23]. In the simulation environment,
reliability mechanisms like NBTI, HCI, TDDB, and
EM were explicitly modeled [24, 25]. Different
supply voltage ranges from 0.75 V to 1.0 V, ambient
temperature ranges from -40°C to 125°C, and stress
durations ranging from 10° to 10° seconds were all
used in the execution of each simulation. Workloads
at the circuit level were derived from typical ISCAS-
85 and ISCAS-89 benchmark circuits, which
included sequential and combinational designs such
as logic gates, multipliers, and adders. Through
ensuring variability in logic depth, fan-in, fan-out,
and switching activities, these benchmarks made the
dataset realistic for ULSI processes found in the
actual world [26].

For every stress scenario, critical variables were
retrieved, including initial threshold voltage (Vth),
threshold voltage shift (AVty), leakage current (Ijcax),
transconductance (gm), and delay deterioration [27].
Additionally, for the purpose of estimating mean
time to failure (MTTF), MOSRA's integrated
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reliability =~ monitors  generated  distribution
parameters (such as Weibull shape and scale factors)
[28]. These simulation results were then combined
into structured datasets, which served as the basis for
the construction of machine learning models and
further preprocessing. The following summarizes
the wide range of parameters that were captured in
order to perform the MOSRA HSPICE reliability
simulations: technology and process features,
operating and stress conditions, device-level
electrical characteristics, circuit-level descriptors,
and statistical reliability metrics. The X denotes a
simulation parameter captured from MOSRA
HSPICE, where Y denotes a reliability metric or
degradation measure, as described below [29, 30].

X:{Tnode, Vdd, Tamb, tstress, VlhO, Lch, tox, Asw, thpey
Giount, Lieako}

Y={AVu, Alicak, AD, MTTF, P10, P50, P90, B, 1, Friag
, Frnode}

Technology node (Thnode): Defines the fabrication
scale (e.g., 22 nm).

Supply voltage (Vad): Ranges from 0.75-1.0 V;
higher voltages accelerate degradation.

Ambient / junction temperature (Tamb): Range
from 40°C to 125°C.

Stress time (tstress): Captured over a logarithmic
scale from 10° to 10° seconds.

Gate oxide thickness (Lcn): Affects TDDB and
leakage.

Channel length (tox): Short-channel devices are
more vulnerable to HCI and NBTI.

Initial Threshold voltage (Vi): Initial baseline
parameter of the transistor.

Duty cycle / switching activity (Asw): Fraction of
time the circuit is active

Gate type (Gupe): Inverter, NAND, NOR, XOR,
XNOR.

Gate count (Geount): Total number of gates in circuit
(32-2000+).

Leakage current (Leak): Captured before and after
stress; critical for standby power.

Threshold voltage shift (AVwm, V): Change in
threshold voltage after stress.

AV (t) = AV (8) = Vino €Y)
where Vin(t)V represents threshold voltage at stress
time t, and Vo represents initial threshold voltage.
Leakage Current Increase (Aleak): Increase in
leakage current after degradation

Aljear (t) = Aljgqi (t) — lieako (2)
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where Lieak(t) represents current leakage at time t, and

Ticako represents initial leakage current.

Delay Degradation (AD): Increase in propagation

delay of circuit due to aging.

AD(t) = AD(t) — D, 3

Where Dy represents baseline propagation delay and

D(t) denotes delay after stress.

Failure Decision / Flag (Fnag): Define a failure

criterion based on common rules given below.
Threshold crossing failure if AV, (t)

> AV (4)
1 AV, () = AvsT
F., = { th th 5
flag 0 otherwise ®)
Leakage limit failure if I pq(t)
> Ik (6)

Timing violation: failure if D(t) exceeds timing
margin Deri.
Lifetime distribution fitting (Weibull): Many
reliability metrics such as MTTF, percentiles can be
obtained by fitting a lifetime distribution to observed
failure times(t;).

Cumulative distribution function F(t)

=1—exp [— (%)ﬁ] 7

Probability distribution function f(t)

B rt\B 1 t\F
56 e -6 ] ®
nn n
Where B is the shape parameter, and m is the scale
parameter.

Failure percentiles (tp): Failure percentiles are
computed as follows.

1
tp =n(=In(1 —p))F €))
Where p denotes the cumulative probability of
failure, In is natural logarithm.
Mean Time To Failure: MTTF is the Expected
lifetime of a device or circuit under given stress.

MTTF = n.T (1 + l) (10)

B

Failure Mode (Fmode): It is a reliability mechanism
responsible for degradation/failure.
Frnoae € {NBTI,HCI,TDDB,EM,SEU} 11D

where 1 represents the scale factor, p represents the
shape factor, and I represents the Gamma function.

3.2 Preprocessing

Inconsistencies, redundant features, and noise are
frequently present in the raw results of
MOSRA/HSPICE simulations because of modeling

limitations and random fluctuations. A clean, noise-
free, and well-structured dataset was made available
by this thorough preparation procedure, which
improved the study's machine learning models'
performance and generalizability. To assure that only
authentic simulation records were preserved, data
cleaning was carried out initially to eliminate any
inconsistent, duplicate, or incomplete entries. In
order to improve model convergence, normalizing
techniques were then applied to scale features,
including voltage, temperature, stress time, and
degradation values, into a comparable range [31].
Extreme values that can skew learning were found
and removed using outlier detection techniques,
including boxplot inspection and Z-score analysis.
Furthermore, from the basic simulation results,
feature engineering was done to extract relevant
characteristics, including delay deterioration and
leakage growth. Key predictors of reliability
degradation were preserved while redundant features
were removed using dimensionality reduction
techniques such as Principal Component Analysis
(PCA) and correlation analysis. Lastly, degradation
trends were verified using statistical distribution
fitting, which made sure the dataset accurately
represented device behavior [32].

3.3 ANFIS

A hybrid computational intelligence model referred
to as the Adaptive Neuro-Fuzzy Inference System
(ANFIS) combines fuzzy logic's rule-based
reasoning with neural networks' ability to learn [33].
While fuzzy logic ensures interpretability by
modeling reasoning in linguistic rules, neural
networks offer adaptive learning through training
data. The foundation of ANFIS is a Sugeno-type
fuzzy inference system that is optimized through the
use of least squares estimation and gradient descent
[34]. The input layer, which is the initial layer of
ANSIF, takes in clear inputs, including workload
activity, temperature, stress voltage, and stress time.
The fuzzification layer uses membership functions
like low, medium, and high to transform inputs into
fuzzy sets [35].

Ol,i'l = :uAi(x)' Ol,i'l = Upi (y) (12)
where p is a membership function such as Gaussian,
triangular, or bell-shaped. x and y are the input
variables, such as stress and voltage. Ai and Bj
represent fuzzy sets such as low, medium, and high
[36, 37].

The rule layer applies fuzzy if-then rules
such as if voltage is high and temperature is high,
then lifetime is short. The firing strength of each
fuzzy rule is computed using the following equation
[38,39].
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w; = pAi(x) - uBi(y) (13)  all simulations were conducted on a workstation that

The normalization layer regulates the rules' firing

strengths using the following equation [40].
Wi

Xjw;

The defuzzification layer generates a clear output,

like failure mode, MTTF, or AVy.

0= ZW’ifi
i

3.4 Optimization

Particle Swarm Optimization (PSO) was used to
optimize the premise parameters (membership
functions) and consequent parameters (linear
coefficients of fuzzy rules) in order to improve the
performance of the ANFIS. PSO is a population-
based stochastic optimization method that draws
inspiration from fish schools and bird flocks. The
parameters of the ANFIS model are encoded by the
position of a "particle" that represents each possible
solution in a multidimensional search space. By using
PSO, the ANFIS model's convergence speed and
prediction accuracy were substantially improved by
obtaining optimal values for the membership
function parameters, MF Count per Input, Training
Algorithm, Epochs, Learning Rate, Error Goal, etc
[41].

As stated in PSO, each particle has a position that
indicates a possible solution, a velocity that
determines how it moves throughout the search
space, and a fitness value that is determined by an
objective function depending on the particle's current
position. Every particle updates its position and
velocity in each iteration by maintaining pbest, the
best solution the particle independently finds, and
gbest, the best solution all particles identify. PSO
starts with randomly initializing each particle
position and velocity within the problem’s search
space and objective function. Adjust each particle’s
velocity based on its own best experience (pbest) and
the swarm’s best experience (gbest). Reevaluate each
particle's fitness at the new positions. If better
solutions are discovered, update pbest and gbest.
Continue until a stopping criterion, such as a
satisfactory fitness value or a maximum number of
iterations, is achieved. The swarm's optimum or
nearly optimal solution is represented by the global
best (gbest) [42, 43].

W’i = (14)

(15)

4. RESULT AND DISCUSSION

The datasets utilized for the experiments have
been generated via MOSRA-enabled HSPICE
simulations, which recorded reliability degradation
features under various stress scenarios divided into
train, test, and validation. To ensure effective
handling of computationally challenging operations,

has an Intel Core i7 processor, 32 GB of RAM, and
an NVIDIA RTX 3060 GPU. To increase model
accuracy and convergence, the preprocessing
pipeline comprised noise filtering, outlier removal,
and normalization of continuous variables. For both
regression and classification tasks, a variety of
models were used, including ANN, ANFIS, RF, and
SVM. Scikit-learn, TensorFlow, and SciPy were the
majority of the libraries used along with Python 3.10
for model training and evaluation. A neuro-fuzzy
toolbox was used for ANFIS, and PSO was used to
adjust the parameters. Standard evaluation criteria,
such as MRE, Root RMSE, R2, Accuracy, Precision,
Recall, and Fl-score, were utilized for assessing
performance.

Table 1: Comparison Of Regression Performance

Across Models

Reliability | o .o | ANSIF| ANN | RF | svMm
Parameter

MRE | 0.018 | 0.021 | 0.028 | 0.034
AVith
(Threshold |RMSE | 0.0042 | 0.0048 | 0.0062 | 0.0075
Voltage Shift)

R? 098 | 097 | 094 | 092
Alleak MRE | 0.020 | 0.025 | 0.031 | 0.038
et RMSE | 0.0045 | 0.0051 | 0.0069 | 0.0081
Current
Increase) R? 097 | 096 | 093 091

MRE | 0.019 | 0.023 | 0.029 | 0.037
AD (Delay o nisp | 0.0043 | 0.0049 | 0.0063 | 0.0076
Degradation)

R 097 | 096 | 094 | 091

MRE | 0.022 | 0.027 | 0.032 | 0.041
MTTF (Mean
Time to RMSE | 0.0047 | 0.0053 | 0.0068 | 0.0084
Failure)

R 097 | 095 | 093 0.90

The regression performance of models for predicting
significant reliability metrics, such as AVth, Alleak,
AD, MTTF, tp, etc., is evaluated in Table 1. With the
lowest MRE and RMSE as well as the greatest R?,
the findings overwhelmingly demonstrate that
ANFIS performed better than the other models
consistently. This demonstrates how effectively
ANFIS captures extremely nonlinear deterioration
patterns. ANFIS was promptly followed by ANN,
which demonstrated competitive accuracy and
interpretability. SVM performed the worst,
demonstrating its inadequacies in managing the
complex nonlinearities included in dependability
data, whereas RF provided moderate accuracy,
leveraging its ensemble nature. The confusion
matrices for ML models in categorizing failure
modes, namely NBTI, HCI, TDDB, EM, and SEU,
are demonstrated in Table 2, and Table 3
summarizes the classification metrics.
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Table 2: Confusion Matrices

Actual /
Predicted |NBTI [HCI [TDDB |EM |SEU
NBTI 48 1 0 o | 1
HCI 1 47 1 11 o0

Z
TDDB 0 1 47 210 %
EM 0 1 2 46 | 1
SEU 1 0 0 1 48
NBTI 46 2 1 o | 1
HCI 3 44 2 11 o
TDDB 1 2 45 210 %
EM 0 1 2 46| 1
SEU 1 0 0 2 | 47
NBTI 45 2 2 o | 1
HCI 4 43 2 11 o
TDDB 2 2 44 11 |2
EM 0 2 2 45 | 1
SEU 1 1 0 2 | 46
NBTI 43 3 3 0| 1
HCI 5 41 2 210
TDDB 3 3 42 21 0 §
EM 1 2 3 4| 0
SEU 2 0 1 3| 44

Table 3: Performance Summary

Model [Accuracy (Precision [Recall |F1-Score

SVM [44] 85.2 0.88 0.87 0.88

RF [45] 89.2 0.91 0.90 0.90

ANN [46] 91.2 0.93 0.92 0.92

ANFIS 94.4 0.95 0.94 0.95
ANFIS outperformed the others in terms of

classification accuracy (94.4%), indicating that it is
capable of differentiating between various failure
modes, although ANN's accuracy was somewhat
lower (91.2%). ANFIS provided interpretable fuzzy
rules that emphasize the relationship between failure
types and stress metrics, as well as improved
stability across classes. Figure 2 demonstrates
ANFIS model training, validation loss, and
accuracy. Figure 3 demonstrates the graph of
performance metrics for different machine learning
models.

ANFIS Model Accuracy ANFIS Model Loss

—— Train Loss
Validation Loss

10

—— Train Accuracy 05
02 —— Validation Accuracy

o 10 20 30 40 50 o 10 20 30 40 50
Epoch Epoch
Figure 2: ANFIS Model training, validation loss and
accuracy

- Comparison of Classification Performance Across Models

= Accuracy
. precision

Performance (%)

Models

Figure 3: Comparison of classification performance
across models
The outcomes confirm that ANFIS is the optimum
model for the present research, offering the best
trade-off among robustness, interpretability, and
prediction accuracy. ULSI circuits with extremely
nonlinear reliability deterioration include those with
AVth, Alleak, AD, MTTF, and tp. In comparison to
SVM, RF, or ANN, ANFIS is better at modeling
complex nonlinear interactions since it blends fuzzy
logic with neural learning. ANFIS is more adaptable
than other models, as it modifies its membership
functions and rules during training, in contrast to
static fuzzy systems. ANFIS demonstrated high
performance in both failure mode classification and
regression for estimating degradation parameters.
SVM was the weakest model overall, RF was robust
but less accurate, and ANN was excellent at
regression but had trouble with interpretability. This
study has specific constraints despite these
encouraging results. We achieved reliability results
using simulated MOSRA-enabled HSPICE models
instead of actual silicon measurements, which would
not satisfactorily account for unpredictable
hardware-level variances. The investigation was
restricted to particular degradation mechanisms and
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benchmark circuits, which could affect the

generality of the results.

4. CONCLUSION

Transistor aging effects, such as threshold voltage
shift, increased leakage current, and device lifetime
deterioration, are the primary concern of the
significant reliability issues brought about by the
rapid scaling of ULSI devices. Modern electronic
systems' performance, stability, and efficiency can
all be seriously threatened by these reliability
problems, which can also result in shorter
operational lifespans and increased failure rates. In
this research, we established a predictive modeling
framework for analyzing and categorizing reliability
deterioration wusing the ANFIS, which was
configured using  simulation data  from
MOSRA/HSPICE. To achieve reliable performance
estimation, the methodology integrated statistical
analysis, preprocessing, and important parameters
like MTTE, failure modes, AVth, Alleak, and AD. In
both  regression and classification  tasks,
experimental assessments showed that ANFIS
performs better than traditional models like ANN,
SVM, and Random Forest, obtaining higher scores
for all evaluation metrics. The importance of this
approach resides in its ability to effectively and early
estimate device dependability, assisting designers in
improving fault tolerance, reducing downtime, and
prolonging system lifetime. This type of predictive
reliability investigation directly benefits high-
performance machinery, electronics, semiconductor
production, and vital industries like aerospace and
defense, where component failure can have
disastrous consequences. The findings effectively
fulfill the original research objectives by
establishing a data-driven reliability prediction
methodology that facilitates proactive fault detection
and extends the operational lifespan of future ULSI
systems. In order to further verify the models, this
research might be expanded in the future by
incorporating simulation outcomes and actual silicon
test data. Additionally, ANFIS can be incorporated
with hybrid optimization methods like Genetic
Algorithms (GA) to fine-tune parameters for
increased adaptability. Broader applicability for
predicting the dependability of next-generation
semiconductors may potentially result from
extending the methodology to multi-node and
heterogeneous.
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