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ABSTRACT OF THE DISSERTATION

Semiconductor Defect Limited and Parametric-Shift Limited Yield Modeling, a data-based

approach

by

Karthik Sankaran
Doctor of Philosophy in Materials Science and Engineering
University of California, Los Angeles, 2026

Professor Ali Mosleh, Chair

The Semiconductor industry is a multi-billion dollar industry and Semiconductor Yield is a
fundamental factor driving device cost. Development cost, time-to-market & yield are the most
important factors of interest to the industry. Two major components are associated with
Semiconductor Yield: 1. Defect Limited Yield 2. Parametric-Shift limited Yield. Parametric Yield

is influenced by process variations for a given design and process node.

Several models from literature which predict Defect-Limited yield based on primarily two
parameters: Defect Density and Area of the Die. A “yield calculator” is developed that incorporates
all Defect-limited models and allows the user to compare yield estimates among multiple models,
or inversely estimate Defect Density, and calculate model parameters based on Foundry-provided
Defect Density values and Wafer Sort (WS) test yield data. The methodology also includes a
Bayesian formulation for aggregating yield estimates from various models in the form of an

uncertainty distribution. This study also proposes a Process Adjustment Factor (PAF) to the
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models to better estimate the variation of yield across various process nodes. PAF is estimated
using a geometric probability approach using process-based factors such as Metal Pitch, Metal
Width etc. PAF is used to adjust yield, and the results are compared with 4 different Application
Specific Integrated Circuits (ASICs) at the 40nm and 65nm process nodes.

Many factors influence Parametric-Shift, with the most influential being process variations for a
given process technology. Parametric shift is often estimated by circuit simulations which is both
time consuming and costly. A simpler method is proposed which uses a machine learning + copula
approach to model the complex relations contributing to parametric shift using Wafer Acceptance
Test (WAT) data and WS Data (screened for yield loss due to parametric shift failures only). While
Foundries do not share process-related data, they provide WAT data which are obtained from test
coupons placed at specific locations on the wafer. WAT data records fundamental electrical
parameters such as Oxide Thickness, Threshold Voltage, Saturation Current etc. and these
recordings provide a window for observing process fluctuations. Trained Gaussian Copulas are
used to generate Synthetic data for WAT parameters of a device and use trained machine learning

Models (LGBM and XGBoost) to estimate yield with training accuracies of up to 94%.

Process node data is used in conjunction with Physics-informed models from SPICE (Simulated
Program with Integrated Circuit Emphasis) for accomplishing this. Model generalization is
attempted by including a Design Factor (Transistor Density) to account for design complexity and
Process Factor (using Fab Cp/CpK which is associated with WAT parameter variation) to account

for process node.

A combined yield metric is proposed which estimates the Total Yield as a function of defect yield
and parametric-shift yield by treating them as independent failure events. The yield calculator is

further enhanced with a feature for estimating yield loss due to parametric shift. Along with pre-
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existing Defect-Limited Yield Models the calculator will output the Total Yield based on the

combined yield metric.
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1 Introduction

1.1 Motivation

The semiconductor industry involves the design and manufacturing of integrated
electronics/devices and is growing by leaps and strides every year. The industry had an estimated
revenue of $681.05 billion [1] in the year 2022 and it is estimated to grow almost 3 times the

amount by the year 2032 with a projected Compound Annual Growth Rate of almost 10.06% [2].

The large-scale manufacturing of these semiconductor chips requires precise control of the yield
during manufacturing, which with even a fraction of a percentage difference in prediction of 100s
of millions of units can lead to a difference in a projection of several millions of dollars in cost.
The ability to estimate yield is the key driving factors for companies in their decision-making
processes during product development. Yield modeling in the semiconductor industry is primarily

defined as Eq. 1.1.

. total # working devices
Yield = g (1.1)

total # devices manufactured
Fab yield is estimated as the product of the Line Yield and Electrical-Test (E-Test) yield [3] also
known as WAT (Wafer Acceptance Test) and PCM (Process Control Monitor). Line yield
represents the number of wafers which survive the manufacturing line prior to E-test, whereas the
E-Test yield represents the number of surviving wafers which are good enough to continue. E-Test
yield can be further divided into two categories: Systematic and Random. The systematic yield
represents nonrandom defects affecting every die in some region of the wafer. Systematic defects
are caused by systematic variations during manufacturing such as chemical mechanical polishing
(CMP), photoresist patterning, and other processes. This is not the focus of this research work.
The focus of this research lies in developing a plausible model for random yield caused due to

1



randomly occurring defects in the process or random shifts in electrical parameters. These are not

systematic and are always present in semiconductor processes.

1.2 Background

Random yield can be divided into two types: Defect-limited Yield and Parametric-shift-limited

Yield.

1.2.1 Defect Limited Yield

Defect-limited yield models are used to represent the classification of failures caused by random
defects in the Fab or on the assembly line such as those caused by external intrusive particles on
the wafer or extra/missing material-based defects. Random defects are unpredictable in nature such
as failures caused by embedded particles during photolithography, scratches in the metal layer,
and pinholes in oxide layers, etc. Several of these yield models are discussed in section 3 and an
adjustment factor based on process node is further discussed in section 5.

1.2.2  Parametric-Shift Limited Yield

Parametric-shift limited yield (or simply parametric yield) refers to the shifts in device parameters.
This can be caused due to multiple factors such as design margins, voltage fluctuations,
temperature variation and defects. However, processing variation is often considered as the most
influential cause that can cause the device to function outside the operational limits. Parametric
yield is considered as the more difficult of the two sources of yield to quantify. This is due to the
large number of process variables and due to the increasingly complex nature of semiconductors

as more transistors are being squeezed into an already small space at lower nodes.

Parametric yield models are far fewer in comparison to defect-based yield models. Unlike defect-

based yield models, most of the research is focused on improving parametric yield detection. Their



goal is to prevent parametric yield fluctuations with the help of image recognition, parametric
estimation, or utilization of digital twins [4] [5] [6]. To estimate the parametric yield due to random
defects, there has been research that estimates yield using circuit-based simulations. David Gibson
et. al. [7]. have explored the simulation of a multinormal distribution with oxide thickness and
voltage to estimate parametric deviation. Bartlomiej et. al. [8] explores simulation of AlGaN High
Electron Mobility Transistors (HEMTs) to estimate yield. However, these approaches can be very
time-consuming due to the inherent nature of circuit simulations which can take days or weeks to
finish. Hence, this research focuses on attempting a multi-step data-based approach to parametric
yield which can perform estimations within a few minutes. The modeling methodology is

discussed in section 7 and the results are discussed in sections 9, 10, 11 and 12.

2 Research Objectives and Contributions

2.1 Problem Statement

Yield is conventionally classified into two components — Defect-Limited Yield, caused by
random particles and material defects in the fab or assembly line, and Parametric-shift Limited
Yield\, caused by process variations that push device parameters outside operational limits — and

each suffers from a distinct modeling gap

On the defect-limited side, the literature offers roughly fifteen statistical yield models (Poisson,
Murphy, Bose-Einstein, Negative Binomial, and others), but each was developed under specific
assumptions about defect distribution, and no single model performs uniformly well across process
nodes, die sizes, or circuit types. Critical model parameters such as the Bose-Einstein factor n and
the clustering factor o are not directly extractable from foundry data and must be back-calculated

each time the process or design changes. Furthermore, as devices scale below 65 nm, classical



models become increasingly insensitive to process node — a 130 nm device and a 16 nm device
with identical defect density would receive the same yield estimate from a Poisson model, despite

the latter being demonstrably more vulnerable to the same particle population.

On the parametric-shift side, the modeling gap is more severe. Parametric yield is dominated by
complex, correlated process variations whose interactions are typically captured only through full
circuit simulation (e.g., SPICE-based Monte Carlo studies). These simulations can take days or
weeks per device and require extensive access to proprietary process and design information,
making them impractical for rapid iterations required in real-world product development,
especially without access to proprietary process related data. Existing data-driven parametric yield
work has focused primarily on detection (image recognition, digital twins) rather than on
producing rapid, simulation-free yield estimates from the routinely collected WAT and WS
datasets that every foundry already provides. Hence, it is imperative to develop models which can

predict the yield with sufficient accuracy without consuming much time.

2.2 Research Objectives

To address the gaps identified in Section 2.1, this research pursues the following objectives:

2.2.1 Defect-Limited Yield
1. Consolidate and evaluate existing defect-limited yield models to enable direct model
comparisons for any given combination of die area and defect density such as in an Excel-

based software or similar to provide easier access to yield estimation models.

2. Quantify uncertainty in defect-limited yield estimates to determine the uncertainty

limits that can be expected due to estimating defect yield with different models.
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2.2.2
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. Address Process Node dependency of defect yield to improve scaling of existing yield

models.

Parametric-Shift Limited Yield

Develop a non-simulation based parametric-shift model that can predict parametric-
shift yield without the requirement for costly SPICE simulations. The proposed
methodology will use a data-based approach using WAT data and WS data. They will be
analyzed using a Gaussian copula to model dependencies between WAT parameters and

Machine Learning (ML) to map WAT vectors to pass/fail outcomes.

Address generalization of parametric-shift limited yield by incorporating Design and

Process node based factors similar to defect limited yield.

Yield Calculator and Combined Yield Metric

Introduce a combined Total Yield metric which involves both defect limited yield and

parametric-shift limited yield as a factor to estimate the total yield.

Consolidate total yield estimation in a single yield calculator. This will be done using
an Excel-based tool with Python-backed ML services, supporting both forward yield

prediction and reverse parameter estimation.

2.3 Research Contributions

The principal contributions of this dissertation are as follows:



2.3.1

2.3.2

Defect-Limited Yield

The Process Adjustment Factor (PAF) — a novel correction factor derived from a
geometric probability model using Design Rule parameters for Process nodes and ISO fab-
class particle distributions. PAF demonstrably improved Bose-Einstein yield estimates for
three out of four evaluated 40 nm ASICs and provides the first principled way to introduce
process-node sensitivity into classical defect-limited yield models without requiring access

to proprietary foundry data.

Parametric-Shift Limited Yield

A parametric shift yield model using a 3 step process that combines (i) Berkeley short-
channel IGFET model (BSIM) Level 2 physics-informed WAT estimation, (ii) Gaussian
copula modeling of WAT joint structure, and (iii) tree-based ML classifiers achieving up
to 94% test accuracy on combined 40 nm and 16 nm datasets — which can produce yield

outputs in seconds.

Empirical evidence for cross-node generalizability of the parametric pipeline:
correlation tables from the Gaussian copula were shown to be largely consistent in 40 nm
and 16 nm devices, and Shapely Additive Explanations (SHAP)-based feature importance
analysis identified the shared dominant WAT parameters, justifying mixed-device training

and supporting downstream root-cause analysis of parametric failures.

Generalization factors — Pelgrom's Law and Cp/CpK — integrated into the model as
lightweight modifiers to the copula's synthetic dataset, enabling the trained ML models to

respond to changes in transistor geometry and process maturity without retraining, and



2.3.3

providing the first explicit yield-impact lever for design and fab capability decisions within

the framework.

Yield Calculator and Combined Yield Metric

A unified defect-limited yield calculator implementing all fifteen literature models in a
single environment, supporting both forward yield estimation and reverse extraction of
defect density and model parameters from measured production data. It also contains a
Bayesian non-homogeneous uncertainty framework for aggregating yield estimates across
models, using a truncated lognormal posterior and a multiplicative-error likelihood

implemented with the help of R-DAT software.

A unified Total Yield metric combining defect-limited and parametric-shift yield under a

probabilistic OR-gate independence assumption.

A Yield Calculator integrating all of the above into an Excel front-end with Python-
backed ML services, designed for use by engineers in product development and capable of

eventual deployment as a Software Application within an ATE toolbox.
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3 Defect Yield: Existing Yield Models

Existing defect-limited yield models mainly rely on two key parameters;
e Average defect density D,
e Area of the die A

This leads to the calculation of the total number of defects in a wafer as D, * A

Assuming the occurrence of defects as a random Poisson process, and X as the number of defects

~DoA+(Dga)*

PX=x)="= ,x=0,1,2,.. (3.1)

x!
Where P(X=x) is the probability of number of defects equaling to a certain amount x. This leads
to the creation of the Poisson model which can simply be calculated by substituting x as 0 as the
definition of a working die is the probability that the die has no defects.

Y =P(X =0) =e Do (3.2)
where Y is the yield. However, this assumes a fully random distribution of defects and does not
capture any “spatial” distribution of these defects. Sometimes the defect density may not be
uniformly distributed through the wafer, and we need to consider the possibility of the yield being

calculated with a defect density distribution (f(D)). This leads to:
Y = [ P(X =0)f(D)dD = [," e PAf(D)dD (3.3)
Eq. 1.4 leads to the variety of yield models in the literature based on varying f(D), as discussed

below.

3.1 Poisson Model

The Poisson Yield model was proposed by Moore et al. [9], based on the assumption of a constant

value of defect density across the wafer, which leads to the following form:

Y = e~4Do (3.4)



The Poisson model has found popular usage in the industry due to its simplicity since the
distribution of defect density is generally not known. The Poisson Yield model works best for

smaller die areas (A<=0.25cm?).
3.2 Murphy Model

Murphy Model was proposed by Murphy et al. [10] In their experiments, they found the

distribution of defect density to follow more of a Triangular distribution:

2

v =222 (3.5)

AD,

However, it has been suggested that the reason for using a triangular distribution is due to the
difficulty integrating [11] a Gaussian distribution which their observations resembled more.
Seeds Model: Seeds et.al. [12] found that most defects were caused by large populations of low

defect densities and proceeded to use an exponential defect distribution.

Y=( ! ) (3.6)

1+ADg

This formula unfortunately overestimates the yield even according to Seeds’s [13] own findings.
3.3 Bose-Einstein Model

The Bose-Einstein Yield Model is one of the popular models in the industry which was also
proposed by Seeds [14]. It also refers to an extra factor in the model called the number of critical
processes (n) that are susceptible to defects: the total number of independent critical mask layers,
or the total number of critical processing steps used. This allows for further tuning of the yield

models with this extra factor.

v=(%) (3.7)

1+ADg
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One of the issues of this model is the unavailability of process data to the user for determining the
true value of n which even by its own definition can be ambiguous. Typically, nominal values of

n are suggested by the fabrication plant to help estimate yield.
3.4 Dingwall Model

Dingwall et al. [15] proposed a variation of the Murphy model based on statistical reasoning. He
mentioned the lower bound of yield as the Poisson equation and the upper bound as a mixture of

Poisson distributions and Price and Stapper models.

v=(1+ AD")_3 (3.8)

3
Dingwall’s yield model has seen very little use, and its accuracy is debated [16].

3.5 Moore Model

After proposing the Poisson model, Moore also proposed the Moore model based on statistical
inference. However, similar to the Dingwall Model, it has also not seen much usage outside of

theoretical postulation.

Y = e V4Do (3.9)

3.6 Price Model

Price [17] proposed a modification to the Bose-Einstein model by having individual defect
densities (D1-Dn vs. Do) for each critical process. This model can also be used with individual

defect density values for each process resulting in Eq. 3.10:

Y= (1+:1D1) (1+:D2) (1+:1Dn) (3.10)
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The Bose-Einstein model continues to be more popular due to lack of process related data to
determine values of individual defect densities. The challenge for the user, however, is to obtain

multiple D values for this model from the foundry.
3.7 Okabe Model

Okabe [18] propsed the usage of a gamma distribution for the defect distribution as opposed to the
simplification done by Murphy. This results in a factorfrom the gamma distribution which can

further tune the yield model:

- ADo)"
Y—(1+ n) (3.11)
However, Okabe’s usage of the gamma factor was considered to be flawed since he treated the

gamma factor to be the same as the negative binomial factor which accounted for a number of

critical processes [16].
3.8 Negative Binomial Model

The negative binomial model is another popularly used model proposed by Stapper et al. [19]This
is similar to the Okabe model however, it approximates the factor o instead, which is defined as

the clustering factor. A higher value of a correlates to a lower probability of clustering.

v=(1+22)" (3.12)

3.9 Other Models

The following models are very niche in use or are purely theoretical, hence not having any notable

applications.
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3.9.1 Half-Gaussian Model:

This is a purely theoretical model proposed by Raghavachari et al [20]. It uses a Half-Gaussian

distribution to estimate yield.

v = exp|(5) ADE|erfc (@) (3.13)

3.9.2 Inverse-Gaussian Model:

This model is also purely theoretical in nature and was proposed by Raghavachari et al [20]. who

uses an Inverse-Gaussian distribution instead.

Y = exp[¢(1 — <1 + (2’;’30))5] (3.14)

Both Half-Gaussian and Inverse-Gaussian interpret spatial dependancies of defects but are
considered to not be sufficient since they are unable to describe clustering on a wafer as both
models simulate individual dies. This requires the denoting of areas on the wafer where there are
zones with uniform defect density and other zones with mixed distributions which makes it hard

to use for general use cases.

3.9.3 Rayleigh Model:

The Rayleigh Model tries to estimate the yield using a Rayleigh distribution [21]. This is also

theoretical in nature.

((AD0)2)<erfc(A_Dlo>>
Y=1-A4Dse n2 (3.15)
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3.9.4 Hofstein and Heimann Model:

Hofstein and Heimann [22] proposed a model where the defects are only affecting transistors. This

results in a model similar to the Poisson model but with transistor parameters.

Y = e N4gD (3.16)
Where N is the number of transistors and Ag is the area of the transistor. A major issue with this
model is the fact that defects can be caused in various ways and often cause catastrophic issues.

The model is hence not considered universally valid but can be used for simple approximations

(areas A<=0.25cm?).

3.9.5 Berglund 2 Factor Model:

The Berglund 2 factor model [23] assumes large defect sizes and estimates the yield caused by a
difference between the area of the die and the defect. The simplicity of the defect size-based
multiplier results in higher error rates when evaluating yield, hence leading to its relatively low

usage.

Y = e—LWDo'e_DO((L+W)50+(g)Sg) (3.17)

Where L and W are the length and breadth of the die respectively and So is the average defect

diameter.
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Table 1: A Summary of defect-based yield models

Model name Equation Extra Parameters
Poisson v=eP N/A
Murphy _(1—eTty’
'= ( AD, ) N/A
1
s r= (1 + ADO) N/A
_Fi . 1 n
Bose-Einstein Y= (1 +ADO) Bose Einstein factor = n
Dingwall —(1.4400\7
g r=(1+3) N/A
Moore Y = e~V N/A
. @ 1
Price Yy = D(m) Number of processes = n
. . . AD.\ "%
Negative Binomial Y= (1 +7°) Clustering factor = alpha
ADp\"
Okabe Y= (1 +T°) Bose Einstein factor = n
Uniform _l-em®
r= 24D, N/A
Half-Gaussian i
Y=exp| o 1—<1+( ¢°)> Shape parameter = ¢
- i 1\
Inverse-Gaussian Y= (m) Bose Einstein factor = n
Rayleigh T
ayielg Y=1—ADoe( " )( f<n%)) N/A
Hofstein and Y= e NP N/A
Heiman
Berglund 2 factor —— —Do((L+W)so+(§)s§) L, W = die dimensions,
=€ € so = average defect
diameter

Some of these 15 models listed in Table 1 have been widely used for decades, such as Bose-
Einstein, Negative Binomial, Murphy, and Poisson models. With only a few inputs (D, A, n, a,
etc.), these statistical models aim to provide fast and reasonable yield estimation from empirical
data. However, drawbacks exist when applying these models in the ASIC yield estimation:

Some parameters are not straightforward (cannot be directly extracted from tests during fabrication
processes), and are therefore hard to acquire from the foundry. For example, n and a will need

back calculation every time the process and design change; the foundry provides process control
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monitoring (PCM) yield, but this yield is related to the parametric measurements done on the dies
and not on the devices used for yield control.

As the device scale continuously shrinks, the complexity of design increases and the specifications
are stringent these statistical models no longer provide realistic yield estimates. Additional
parameters should be required to cover these aspects. For example, when everything is the same,
the device in the 130 nm technology node should be less sensitive to the same level of defects if
compared with that in the 32 nm node; with everything else the same, devices with stricter failure
criteria should have lower defect-limited yield. However, neither of the above cases can be
represented using the above models.

Circuits and ASICs with different functionalities can have different defect-limited yield
estimations. Regarding the above issues, a new tool for defect-limited yield estimation is needed
which is the one of the main objectives of this research work. Section 13.2 will present a calculator

which can be used to evaluate different models.
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4 Defect Yield: Scope of the model

This section defines the scope, inputs, outputs, and architectural boundaries of the yield estimation
framework developed in this dissertation, establishing what the framework is designed to do, what
data it requires, and where the limits of its applicability lie before the methodology chapters
introduce each component in detail. The framework is organized around two parallel modeling
methodologies that converge into a single yield output: A) A defect-limited model that estimates
yield loss from random particles and material defects using fifteen statistical models from the
literature, augmented by B) A Process Adjustment Factor that introduces process-node sensitivity

(Section 5).

4.1 Model Inputs

4.1.1 Inputs related to Defect-Limited Yield

The defect-limited stream operates on a small set of geometric and statistical inputs that are either

directly available from foundry documentation or routinely measured during production:
e Die area (A) — derived from die height and width

o Wafer geometry — wafer diameter, edge exclusion width, notch dimensions, and scribe

line width, used by the De-Vries equations to estimate gross die count per wafer

e Average defect density (Do) — provided by the foundry or back-calculated from measured

WS yield

e Model-specific parameters — Bose-Einstein factor n, clustering factor a, average defect
diameter so, and number of critical processes, depending on which of the fifteen models is

selected
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e Circuit block area (optional) — area fractions for sub-regions in a die (eg: 10, Logic,
Memory, Pure Analog, and High-speed Digital) to measure yield corresponding to the sub-

regions

4.1.2 Inputs related to Process Adjustment Factor

PAF requires publicly available process node parameters drawn from Design Rule documentation,

deliberately avoiding any dependence on proprietary foundry data:
e Process node (e.g., 250 nm, 180 nm, 130 nm, 65 nm, 40 nm, 16 nm) : uses preset values

e Process node parameters (optional): The following parameters may be provided if the
process is different to preset values: Metal pitch and metal size for each metal layer, Via

width and via height for each via level, Number of metal layers and metal layer heights

e ISO fab cleanliness class (ISO 1 through ISO 6), which determines the particle size
distribution used in the probability calculation for the particle causing a failure (used to

estimate PAF as detailed in section 5).

4.2 Model Outputs

4.2.1 Defect-Limited Yield Estimate

For any combination of die area, defect density, and selected model, the calculator produces a
point estimate of defect-limited yield (Y D). When multiple models are selected, the calculator
returns a comparative table and graph showing how predictions diverge across models for the same
inputs, which is useful for engineers selecting the most appropriate model for a given device or

process.
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4.2.2 Reverse-Calculated Parameters

The calculator supports inverse operation: given the defect-limited yield obtained from WS data,
it back-calculates either the effective defect density Do or a chosen set of model parameters (Bose-
Einstein n, clustering a, average defect diameter so, etc.). Closed-form solutions are used where
available (Poisson); numerical solvers (Excel's solver tool) are used for models with more complex

parameter relationships.

4.2.3 Bayesian Yield Uncertainty Distribution

Beyond point estimates, the framework produces a posterior uncertainty distribution of yield by
aggregating estimates across all fifteen defect-limited models using a non-homogeneous Bayesian
framework with a truncated log-normal posterior and multiplicative-error likelihood. The output
is a posterior Probability Distribution Function (PDF) and CDF, together with 5th and 95th

percentile bounds, providing a defensible uncertainty band rather than a single value.

4.3 Scope Boundaries and Assumptions

e In scope: Random defect-limited yield and process-node sensitivity (discussed more in

Section 5)

e Out of scope: Consideration of Systematic yield (repeatable, non-random defects affecting
every die in a wafer region due to CMP, photoresist patterning, etc.), Design Complexity
effects beyond transistor density (which would require full circuit simulation), and post-

packaging Final Test failures
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S Defect Yield: Process Adjustment Factor (PAF) for Defect
Limited Yield

5.1 PAF Definition

The general understanding is that yield is influenced by two major factors: one related to Process
Node Complexity and the other related to Design Complexity. In this research we introduce an
approach to tackle “Process Node Complexity” in the form of PAF. Accounting for design
complexity requires consideration of high variations in electrical circuitry between different
devices, posing a formidable challenge requiring further effort and investigation and is considered

to be beyond the scope of this research.

The version of PAF that will be discussed first is one that is deemed to be used as a multiplier to
yield numbers from any of the yield models.

Yieldgefece = Model Yield stimate X PAF (5.1)

Where Model Yield is the output from yield models listed in section 3. This equation is valid for
every model in the calculator with the exception of the Hofstein and Heiman model which already
accounts for the particle size hence rendering some of the considerations in PAF redundant. In this
way, the statistical variations captured by the yield models discussed in section 3 will be
maintained and PAF can be modeled by focusing solely on process node data. Due to the
proprietary nature of the process and design, the approach for evaluating this factor is based on
publicly available data. Therefore, the main variations from one process node to another are based
on the “Design Rules” (not to be confused with “Design Complexity”) of the processes and with

Figure 1 highlighting their influence on PAF.
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Figure 1: Diagram showing the relation of various process-based factors to the proposed process
adjustment factor (PAF). The middle layers: “Particle can cause open”, and “Particle can cause
short” are for the types of faults that can cause a failure.

Design Rules refer to the restrictions based on a series of parameters provided by manufacturers
that are set to account for variability in a manufacturing process. These parameters include various
characteristics associated with metal layers:

e Pitch: Center to center distance between the same layers of metal

e Size: Cross-sectional dimension of metal line (breadth and height) on corresponding metal
layer

e Via width: Center to center distance between the same layers of via

e Via height: Center to center vertical distance between consecutive layers of vias

e Number of layers: Number of metal layers starting from lowest (transistors) to outermost
metal layer

e Layer Height: Center to center vertical distance between consecutive metal layers

A short circuit will occur if the particle is large enough to bridge two metal lines that are either

adjacent to one another or reside on the top of the other. An open circuit will occur if the particle
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is large enough to fully block a metal line. The final piece of data represents the distribution of
particles in a fab. For estimating the distribution of particles, the worst-case scenario is used, and

the particle sizes are distributed by the ISO standards of a respective fab.

Each of these factors determines the probability of a particle landing in a way that can cause either
a short circuit or an open circuit. This is estimated with the help of using the device geometry
associated on a given metal layer and the corresponding via that connects to the next metal layer
above. Figure 2 shows the representative diagram used to demonstrate the various interactive
elements. Using this, a PAF is estimated based on the geometrical parameters that are mentioned

in the Bayesian network.

Figure 2: Representative diagram of a particle landed on a metal layer with different scenarios a.
particle causes no issues, b. particle causes a short between two lines, and c. particle causes an open by
blocking a metal line
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5.2 PAF Estimation

The probability of causing harmful interaction is estimated for each layer-via combination defined
in a process. For example, a 130nm process node which has 6 metal layers and 5 sets of vias will
require 24 sets of calculations to estimate all the possible ways a particle can cause issues.
Assuming a single particle landing in any one of the layers within a device, causing an issue, the
overall probability of failure for a particle size can be represented as an OR gate with each metal
layer’s probability of failure as a part of the OR gate. Moreover, since the failure, size and landing
probabilities are independent events from each other, the corresponding probabilities can be
calculated with Baye’s theorem. With the help of these rules, a model of PAF, as given by Eq. 5.2,
is constructed that assumed a particle of a certain size landing on the die which can cause defects
by either a short circuit or an open circuit.

(5.2)

PAF:l_Z(Pfaﬂ*Pme*ledfrg)

Where Py is the probability of layer or via causing a short or open at a given ISO class, Ps;,, is
the probability of certain size particles existing at a given ISO class, and Pygpgingis the probability
of particles landing on the ASICs. Py is calculated for a given particle size and process node.

The probability of the size of the particles are randomly sampled based on the worst-case
measurements provided by ISO standards. The probability of landing is estimated with the help of
real data from 40nm process node. An example calculation for the factor for the 40nm node is

shown in Table 2 where the probability of a bad die is estimated.
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Table 2: Evaluating probabilities of a short or open occurring for a particle of size 100nm. If the
probability is 0, in that case the event does not occur for this particle. The final probability of failure is
estimated based on the likelihood that the particle can land on any one of these layers

Particle sizelloo nm | Two events
Process Node 40 nm Shorts Opens happening together
Layer short

Layershort (prob. Probability
Width probability ((horizontal) |Layer open Viaopen of no fault
Details Pitch (nm) [Thickness|(nm) Via name Via height|Viawidth |H Metal layer |(vertical) P1|P2 prob.P3 |prob.P4 |P1nP2 |[P3nP4 in this layer
Metal1(M1) 140 125 70 Vial 54 72 179|Metal 1 0| 0.21428571| 0.2142857| 0.1056604 0 0| 0.0267116
Metal 2 (Mx1) 140 145 70 v Via2 63 63 208|Metal 2 0| 0.21428571| 0.2142857| 0.1298246 0 0| 0.0279198
Metal 3 (Mx2) 140 145 70 i Via3 63 63 208|Metal 3 0| 0.21428571| 0.2142857| 0.1298246 0 0| 0.0279198
Metal 4 (Mx3) 140 145 70 a Via4 63 63 208|Metal 4 0] 0.21428571| 0.2142857| 0.1298246 0 0| 0.0279198
Metal 5 (Mx4) 140 145 70 g Vias 63 63 208|Metal 5 0| 0.21428571| 0.2142857| 0.1298246 0 0| 0.0279198
Metal 6 (Mx5) 140 145 70 Via6 63 63 208|Metal 6 0| 0.21428571| 0.2142857| 0.1298246 0 0| 0.0279198
Metal 7 (Mx6) 140 145 70 Via7 63 63 208|Metal 7 0| 0.21428571| 0.2142857| 0.1298246 0 0| 0.0279198
Metal 8 (My1) 280 145 140 Via8 324 306 469|Metal 8 0 0 0 0 0 0 0
Metal9 (Mz1) 800 850 400 Via9 324 306 1174|Metal 9 0 0 0 0 0 0 0
Metal 10 /(Mu) 3000 3500 1000 Viall 1800 1800 5300|Metal 10 0 0 0 0 0 0 0
Metal 11 3000 3500 1800 Metal 11 0 0 0/ 0.0153846 0 0| 0.0007692
Prob. Ofbad die 0.1942304

Table 3: ISO Fab classes and particulate concentrations. These numbers are used to estimate the
partial fraction of each particle size and hence estimate the probability of a particular size landing. 1ISO
7,8 and 9 are not used in PAF calculations due to unknown concentrations

>0.1 >0.2 >0.3 >0.5 >1 >5
micron micron micron micron micron micron
ISO Class |FED Class |(no./m”3)|(no./m”3)|(no./m”3) |(no./m”3) |(no./m”3) [(no./m~3)
1ISO 1 10 0 0 0 0 0
1SO 2 100 24 10 0 0
1SO 3 Class 1 1000 237 102 35 0 0
I1SO 4 Class 10 10000 2370 1020 352 83 0
1ISO 5 Class 100 100000 23700 10200 3520 832 0
Class
1ISO 6 1000 1000000 237000 102000 35200 8320 293
Class
1SO 7 10000  |very high |very high [very high | 352000| 83200 2930
Class
1ISO 8 100000 |very high [very high [very high | 3520000 832000 29300
1ISO 9 Room Air [very high [very high [very high [35200000( 8320000| 293000

ISO Plant particulate matter limits (as shown in Table 3) are used to estimate the probability of a

particular particle size. Using the estimates from Table 2, the PAF factor is evaluated for various

process node and ISO plant combinations as shown in Table 4. The probability of a defect causing

particle being present goes up for smaller process nodes while also going up for less strict ISO
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standards. Additional factors must be considered in this model in order to moderate the fast yield

drop at lower nodes (40nm and 16nm). PAF modifies the yield as a multiplier to existing models.

Table 4: Final probabilities of success for different process nodes and their respective fab classes,
given a particle lands.

Process 250 nm 180 nm 130 nm 65 nm 40 nm 16 nm
nodes

Fab class

1SO 1 0.999 0.997 0.996 0.998 0.806 0.745
1SO 2 0.998 0.996 0.984 0.923 0.767 0.604
IS0 3 0.996 0.992 0.980 0.909 0.752 0.594
1SO 4 0.995 0.989 0.975 0.904 0.749 0.591
ISO 5 0.995 0.989 0.975 0.904 0.749 0.590
ISO 6 0.995 0.989 0.975 0.904 0.749 0.590

Since the PAF is designed to be a multiplier to the yield models, this results in an inherent
bottleneck of the maximum possible value of yield being restricted to the model’s maximum
mathematical output. This would result in the calculation of the yield of larger process nodes to
have a value of the PAF greater than 1 which should not be possible because PAF is being
calculated as a probability-based factor. PAF can also be reformulated by making it affect the Area
of the die into a Critical Area (A.) which is an estimate of the available die area for a particle to
cause an issue. This can be done since PAF is already calculated as a geometrical probability of

failure.

Vet = | €72 (£ (D)D) (5.3)

where A, = PAF X A (5.4)
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Table 5: Sort Yield value comparison for 4 ASICs in 40nm technology node and percentage difference
in accuracy between the models, using PAF as a multiplier and PAF as a modifier to critical area

Actual BE Model % Modelyield % Modelyield %
ASIC Yield yield difference| with PAF as Ac | difference | with PAF mult | difference
ASICA (40nm) | 84.50% 90.64% 7.27% 88.52% 4.76% 82.00% 2.96%
ASICB (40nm) | 65.72% 73.34% 11.59% 68.11% 3.64% 66.43% 1.08%
ASICC (40nm) | 85.00% 76.21% 10.34% 71.42% 15.98% 69.03% 18.79%
ASICD (65nm)| 60.40% 63.87% 5.75% 60.94% 0.89% 57.85% 4.22%

To validate PAF, an evaluation is performed on the Bose-Einstein model using the Foundry
provided Bose-Einstein parameter (n) and Defect Density Do. Table 5 shows the comparison of
accuracy data of yield estimation with and without using PAF (as both a multiplier and with critical
area). For ASIC A, B, and D, Bose-Einstein model overestimates the sort yield, whilst this PAF
correction improves the estimation results. However, for ASIC C, where BE model underestimates
the yield value, the multiplication of PAF can increase discrepancy between the estimation value

and test data.

5.3 Summary

This section introduced the Process Adjustment Factor (PAF) as a novel multiplicative correction
factor, designed to augment the existing defect-limited yield models with explicit process node
dependence. By decomposing yield estimation into a statistical component (captured by the
underlying model — Poisson, Bose-Einstein, Negative Binomial, etc.) and a geometry-driven
process component (captured by PAF), the approach preserves the well-established mathematical
foundations of classical yield models while addressing one of their primary shortcomings:

insensitivity to process node scaling.

The PAF was constructed from publicly available Design Rule parameters — metal pitch, metal
size, via dimensions, metal layer count, and metal layer height — combined with ISO fab-class
particle size distributions and empirically estimated particle landing probabilities. A geometric
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probability framework was used to compute the probability of a particle of a given size causing a

fault on any layer—via combination within a device stack.

Evaluation across six process nodes (250 nm to 16 nm) and six ISO fab classes confirmed the two
expected trends: yield-success probability decreased monotonically as feature size shrinks, and
decreased as fab cleanliness standards relax. Validation against four 40 nm ASICs demonstrated
that PAF improved Bose-Einstein yield estimates in three out of four cases (ASICs A, B, and D),
narrowing the gap between predicted and measured Sort Yield. For ASIC C — where the baseline
Bose-Einstein model already underestimated the yield — applying PAF widened the discrepancy,
highlighting that PAF is most effective when paired with models that tend to overestimate yield,

and that its corrective direction is not universally appropriate.

The PAF module has been integrated into the defect-limited yield calculator, where users select a
process node and ISO fab class to retrieve the corresponding multiplier (Table 4) and apply it to
any compatible yield model. The current formulation, however, is inherently geometry- and
particle-centric and does not capture Design Complexity, circuit-type sensitivity, or critical-area
effects. A natural extension is to reformulate PAF as a modifier to the Critical Area of the die
rather than as an end-stage multiplier and the results are captured in Table 5 showing lower

sensitivity to yield changes.

27



PARAMETRIC-SHIFT LIMITED YIELD MODELING

28



6 Parametric-Shift Yield: Datasets

6.1 Wafer Acceptance Test (WAT)

Wafer Acceptance Test (also known as E-test or Process Control Monitoring (PCM)) is a wafer-
level test performed by the Foundry to check the health of the fabrication process by measuring
inline and post passivation electrical parameters. This is done to ensure that the specifications of
the devices on a microscopic level (such as transistors, vias etc.) on the wafer lie within acceptable
limits of the process technology. WAT testing enables timely detection of process deviations for
the fabrication plant based on by monitoring whether electrical parameters fall outside their
expected output range. To conserve valuable wafer area, test structures are restricted to strategic
locations — typically up to 9 sites — within the scribe lines. This allows for testing for certain
parameters which wafer sort testing cannot provide. Test structures can measure various electrical
parameters based on functionality available on the structure. These include measuring sheet and
contact resistances, measuring capacitances and dielectric integrity, estimating diode junction
properties and leakage currents, and transistors properties like drain-source currents, threshold
voltages and breakdown voltages. Furthermore, test structures can also be used to measure
defectivity. This is accomplished by testing for shorts and opens using various geometrical designs
such as those shown in Figure 3 [24]. A snake structure consists of a single metal line which winds
like a snake and can detect opens if the line detects a point of very high resistance. A comb structure
on the other hand consists of two interwoven metal lines placed in close proximity without
touching.. A short can be detected when there is a leakage current between the combs. Note that
due to the closely guarded IP nature of semiconductor processing, figures shown here about the

testing process are generic in nature.

29



]
a1

c IE: D

Snake structure Comb structure The Greek cross

Figure 3: WAT test structures: Snake and Comb (Left) structures are used to detect opens and shorts.
Greek cross structure on the right is used to measure sheet resistances of conductive layers.

Since WAT data is measured on scribe lines, data from each WAT coupon has been correlated
with its nearest neighbors, to make sure a tighter relationship between process variation and die
performance. This data for the case of this study includes up to 4 nearest neighbors. Since this is
step is performed at the End of Line in a semiconductor manufacturing process where electrical
parameters are measured, WAT parameters will be used to gain more insight into parametric shift

since they capture the state of the device that has been manufactured.

6.2 Wafer Sort (WS) Test

Wafer Sort (WS) testing (interchangeably termed as Wafer Functional Test, WFT) is done after
receiving the wafers from the fabrication plant after back end of line and before the chip packaging.
It is recognized as the key outcome for yield from the fabrication process. The tests are performed
with the help of a wafer prober (Teradyne model J750Ex-HD was used in this study) [25]. The
wafer prober consists of a probe card which contains a large array of microscopic needles/probers
which can measure several dies on a wafer at the same time and runs through a variety of tests

defined as a test vector. Multiple wafers can be loaded on to the tester which contains a vacuum
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sealed wafer-chunk to keep it in place and can be unloaded for wafer swapping. The tests
conducted are considered to be “stop at first fail” which implies tests are stopped the moment a

failure is detected and the rest of the tests will not be performed for the die.

The tests range from simple parametric tests like continuity checks to more complex (WPTs like
die functionality tests. These tests are grouped into bins based on tested functionality (e.g., memory
scan, clock). Test results are stored in STDF files and wafer maps, which use these bin categories
to display each die’s pass/fail status. These test results are later used during packaging phase where
only dies which have passed all tests will undergo packaging. While WS is used to screen out
defective dies on the wafer, ensuring good dies are assembled, Final Test (FT) verifies package
integrity, high-frequency performance, and full system functionality. It applies at-speed functional
vectors and parametric testing under varied thermal conditions. For this reason, the dataset used in
this exercise is solely from WS testing since it is the closest step to WAT tests and also does not

include any possible issues resulting from Wafer packaging.

Untested Bin0
die (Good die)

Figure 4: Wafer and die production flowchart [44]

Both WS and WAT tests contain information on spatial relationships which will lend itself well to
this analysis. Since WAT measures fundamental physical parameters, it can provide insights into

the outputs of WS tests. In order to accomplish this, the two tests’ results are combined based on
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the corresponding physical address of each test data. These include the Wafer lot ID, Wafer
number, and Die Site IDs. Since WAT is only performed on up to 9 sites and 4 nearest neighbors

for each, up to 36 data rows per wafer will be used for the analysis.
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7 Parametric-Shift Yield: Data Analysis methodologies

Due to the complex nature of the problem as discussed, two data correlation techniques have been
used in the present work: Copulas and Machine Learning (ML) models, to estimate the parametric
shifts. WS data contains failure signatures to the corresponding WAT data. Using trained statistical
models (such as the ones used for defect-limited yield) can provide a way to generate more
instantaneous results which can help decision making process more fluid. This section discusses
the two data correlation techniques used to estimate parametric yield. While simulation software
like LT SPICE can be used to estimate the performance of devices, these simulations take long

times which can be hard to use for decision making.

The proposed model for parametric shift can be estimated with a three-step methodology as shown
in Figure 5. This section will discuss the datasets involved (WAT data and WS data) and the

methodologies involved in modeling (copulas and machine learning)

33



Process-node
Parameters

Physics-based

WAT Datasets
from respective
process node

Gaussian
Copula with

Correlated WAT
and SORT Dataset
based on nearest
neighboring dies

ML Models

4.
Yield

Models Correlation L
Table Estimate

Figure 5: Flowchart for modeling of parametric shift. The methodology in each step is highlighted in
blue, the datasets and inputs used to train in the model are highlighted in purple, and orange describes
the underlying "tool’' used to process a particular step.

7.1 Estimation of Theoretical WAT Parameters

WAT parameters are evaluated to provide a baseline estimate for feeding into the machine learning
model so as to provide the user a way to not rely on foundry data. WAT parameters are estimated
using various levels of model complexities with the process node parameters provided by the
foundry. Some WAT parameters such as Sheet resistances and Via resistances are estimated with
the help of relatively simple equations as they are sufficiently close enough to the real average
values of the WAT parameters. The percentage errors of the mean value are compared to the

theoretical calculations and are discussed in Section 9.

However, for saturation current and threshold voltage, the estimation required several levels of
model complexity. As a baseline the equation 7.1 was used for threshold voltage and 7.2 for

saturation current:
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Where k is the Boltzmann constant, T is the temperature (taken as room temperature), q is the

charge of an electron, ¢y is the fermi potential, Vg is the flat-band voltage, N4 substrate doping,
n; intrinsic carrier concentration, C,, the oxide capacitance per unit area, W is the channel width,

L is the channel length, V¢ is the gate-source voltage and V; is the threshold voltage.

While the first step uses the basic model for both threshold voltage and saturation current, several
additional phenomenological factors are added as factors in order to estimate all of the WAT
parameters. For threshold voltage, the factors considered are metal-semiconductor work function
difference, correction factor for parasitic capacitance and adjustment factors for channel length
and channel width. For saturation current, updated mobility models [26] [27], maximum drift

velocity factor and Vgs factors are considered.

While these factors reduced overall percentage error, the total difference was still too high to be
acceptable. Further models were sourced from BSIM. This is a collection of physics-based
compact models developed by UC Berkeley for simulating MOSFET in the software SPICE.
BSIM models have several levels of complexity starting at level 1 and increasing with higher
levels. While higher levels of complexity may provide more accurate results, it often becomes
difficult to use the models since it requires several niche factors which can be hard for a user to

understand or have the knowledge to input. Hence, the first 4 levels of complexity were considered
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and the best results were obtained at level 2. The phenomena accounted for in Level 2 BSIM model

are the following [28]:

e Non-uniform charge distribution in depletion layer

e Sub-threshold conduction for gate-source voltages less than threshold voltage
e Carrier mobility variation due to electric fields

e Narrow channel effects

e Non-linear capacitance between gate and source

This form of the threshold voltage comes out as:

Vin = Vrno + K4 ( = Voserr =@ ) K3 Voserr — AVinsce — AVinpisL (7.3)

where Vryois the long-channel zero-bias threshold voltage, ¢sthe surface potential, and Vj g, rthe
effective body bias, Vertical non-uniform doping modeled via body-effect coefficients K; (first-
order) and K,(second-order), or equivalently Short-channel effects & DIBL threshold roll-off

through a characteristic length [;and the built-in source/drain voltage V,;.

The level 2 modification for saturation current using A, factor comes out as:
=— 7 (Vs — V)? (7.4)

With velocity-saturation limit (short channels), defined through Egqy = 204 /Uesy:

Ipsat = W Vgt Cox (VGS —Vin — AbulkVDsat) (7-5)

EsatL (VGS - Vth)
EsatL + (VGS - Vth) '

where Vpear =

and the Field-dependent mobility being defined as:

_ Ho
Hef T =140 (Vgs — Vi)

(7.6)
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where fis the mobility-degradation coefficient and v, = 107cm/s is the saturation velocity.

7.2 Copulas

Copulas are a robust mathematical framework in probability theory and statistics used to evaluate
the joint multivariate distribution of correlated parameters. They can be useful for modeling
parameters such as threshold voltage and saturation current which cannot be treated as independent

variables.

Copulas function by converting individual failure probabilities from a finite probability space to
an infinite space which allows for the application of basic mathematical operations such as
addition, multiplication, etc. The basis of copulas comes from Sklar’s theorem [29] which states
that every multivariate cumulative distribution function can be estimated in terms of its marginals

and a copula C
H(xy, ..., xq) = Pr[X; < xq, ..., Xg < x4] (7.7)

Where H is the conversion function, Pr is the probability of the events occuring and X5, X, ... X are

marginal continuous distribution functions

It also states that for a given H, copula C is unique on the cartesian product of the ranges of the
marginal’s Cumulative Distribution Function (CDF). Several copulas can be defined thus, so based
on different CDFs such as those in Table 6 [30] [31] [32] [33] [34] [35] [36]. It lists the copula
functions C, as well as the range of the correlation variable a. Generally, if o has a value of 0, it
refers to a condition of full independence between two variables. This is also listed in Table 6 as
the independence condition for copulas and the copula will simply be the product of two variables

which is the same as the representation of independent variables through Baye’s theorem.
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Table 6: A Summary of popularly used copulas showcased for two random variables U and V (s and w
in the respective integral expression). « is the correlation parameter of each copula, with a value of 0
indicating independence between the variables.

Copulas Cluva) aeQ
Gauss [30] ﬂ‘”"’ 1 <2 5 w? )d p a € [-1,1]
————eX asw — s° — ————— | dsdw
o 2mV1—a? P 2(1 — a?)
T [31] ff”"’ 1 1+ (Qasw — s? — WZ))A( v+ 2) ded a € (-1,1)
— sdw
w 2mV1 — a? 2(1—a?) 2
1
C|ayt0n [32] max ([U—a + V—a _ 1]3’ 0) a
€ (=1, )\{0}
Frank [33 1 U —1)(e”? -1 a
[33] ——ln<1+(e )(e ))
a e *—1
€ (—o0,0)
\{0}
1
Ali-Mikhail- uv a € [-1,1]
1—-a(l-w)(1—-v)

Haq [36]
Independence uv a=0

Using copulas can allow us to generate a “Synthetic Dataset” which only needs the mean, standard
deviation and correlation parameters to generate the data. The usage of copulas in this manner
allows for generation of several WAT parameter “vectors” which can closely mimic real WAT

data without the help of a simulation.
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7.3 Machine Learning methodologies

Output from WS data provides failure signatures of various failure types. The data contains two
types of information: Failure due to defects and failure due to parametric shift. To conduct this
evaluation, Sort data is screened to separate tests which are related to parametric shift. This allows
us to analyze specifically for parametric-shift failure data by combining with the WAT data. WAT
data is combined with the screened sort data by corresponding die wafer addresses (with fields
such as lot number, wafer ID, die coordinates etc.). This tasked was done with the help of a script
which also converted WS data from a tester output in “.txt” format to an excel table format. Once
combined, WAT data is used to predict failure signatures. For a more generalized model, the pass-
fail signature is taken from WS data as ‘1’s for pass and ‘0’ s for failures, and data analysis was

performed on them. This also deems this problem as a data classification problem.

Machine learning algorithms have shown great performance for classification problems. The
popular algorithms that are used in this domain fall into two main categories: Decision Trees and
Support Vector Machines (SVMs). Decision tree models are a type of supervised learning
approach constructed in the form of “trees”. Each tree consists of leaves which represent a class
label and branches that represent logical conjunctions of features that lead into the class labels.
Trees are built by splitting the feature set into subsets based on classification features by
maximizing a target number such as reducing error percentage, entropy/loss reduction etc.
Decision trees are generally good at dealing with non-linear relationships. They generally lead to
high levels of interpretability of the model as well suggest outputs such as feature importance
measures which highlights key parameters influencing shift. SVMs on the other hand are an
unsupervised learning approach by using kernels to identify and separate clusters of data. It aims

to draw lines to divide a high dimensional feature space by using a kernel trick classifying them
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based on the relative distance from the kernel function. SVMs have known to perform well in high
dimensional datasets however, they have far lower interpretability and are regarded as “black-box”

models. For these reasons, this study is using Tree based methodologies.

While simple decision tree algorithms (Decision tree classifier, Random Forest classifier etc.) were
tried, the high number of features led to complex leaf nodes or very low accuracy outputs. Several
tree-based methods exist in literature, however, the following three major methods are chosen:
Gradient Boosting Classifier (GBC), Extreme Gradient Boosting (XGBoost), and Light Gradient-

Boosting Machine (LGBM).

Gradient Boosting classifier works based on building trees and reducing residual error. Multiple
trees are constituted with each tree being built based on the amount of error from the previous tree
as a label which is defined as a loss function. This process continues for all trees by minimizing
the error of the loss function till the difference in errors is small enough. Figure 6 shows the
modeling structure of each tree. While there may be several trees being built, due to the relatively

smaller size of the dataset this process is not time consuming
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Figure 6: Development of Boosted Decision Trees [37]

XGBoost [37] builds on Gradient Boosting Classifiers by introducing regularization of the data.
There are two methodologies used, Lasso regularization (L1) and Ridge regularization (L2). A
linear regression is first applied to the dataset, and it is followed by calculating the L1 value as

shown in Eq. 7.2:

L1 = 2(1Bal + B2l + -+ 1Bn) (7.8)

Where A is the regularization parameter and B1, B2 etc. are the linear regression coefficients. The
objective function is therefore a twofold function that is similar to GBC, which minimizes the
residual error function in addition to minimizing the L1 parameter. The L1 regularization term can
shrink the absolute value of the coefficients. If A is sufficiently large, the coefficients can be shrunk
down to zero. This property makes it very useful for feature importance measurements. The

optimization algorithm to minimize the loss function is done with coordinate descent.
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Ridge regularization is calculated with the sum of squares of the regression coefficients as shown

in equation
L2 = B} + B+ B7 (7.9)

L2 is an additional function that is minimized so as to not allow for overweighting of regression
parameters in the loss function. The final loss function in XGBoost is represented by Eq. 7.4, where

RSS is the residual sum of squares.
Total Loss Function = RSS + L1 + L2 (7.10)

LGBM [38] uses Gradient One Side Sampling (GOSS) to select a subset of data based on the
gradient of the loss function. The subset is divided into the largest K gradients and the remaining
smaller N-K gradients. For the large gradients, all data points are considered whereas for the
smaller gradients, only a few randomly sampled points are considered (this is known as bagging
fraction). This lays a higher emphasis on more telling data points and can be used to speed up the
model fitting. LGBM also uses Exclusive Feature Bundling which allows for grouping of features
that are more mutually exclusive. First features are represented as graph nodes and nodes which
are not mutually exclusive, are connected with an edge. Graph coloring is then done such that no
two connected nodes are represented by the same color with a goal of minimizing the total number
of colors (this is attained by using a greedy graph coloring algorithm). This allows for better feature
reduction as well as feature importance calculation. Since all of the discussed algorithms have

merits and varying degrees of performance they will all be integrated in the modeling experiment.
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8 Parametric-Shift Yield: Scope of model

8.1 Introduction

This section defines the scope, inputs, outputs, and architectural boundaries of the yield estimation
framework developed in this dissertation, establishing what the framework is designed to do, what
data it requires, and where the limits of its applicability lie before the methodology chapters
introduce each component in detail. The framework is organized around two parallel modeling
methodologies that converge into a single yield output: A parametric-shift model that estimates
yield loss from process-driven parameter variations using a physics-informed, data-driven process
that combines BSIM models (Section 9), Gaussian copulas (Section 10), tree-based machine
learning classifiers (Section 11), and design & process generalization factors (Section 12). The
two models operate on different input data and capture different failure mechanisms, but share a
common output format and are combined through a probabilistic OR-gate formulation into a
unified Total Yield estimate suitable for use in an engineer-facing ATE workflow, with all

components integrated into a single deployable calculator described in Section 13.

8.2 Model Inputs

The parametric shift stream requires WAT and WS datasets, together with a small number of

process-level inputs needed for the theoretical WAT estimation stage:

e Process node parameters for theoretical WAT estimation — oxide thickness, oxide
permittivity, gate work function, junction depth, mobility values, saturation velocity, and

operating voltages, calibrated against BSIM Level 2.

e Real WAT data (optional): Process node data can estimate WAT parameters

theoretically, however, WAT parameters such as threshold voltage, saturation current,
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sheet resistance, via resistance, and other electrical parameters can be used to as a direct

inputs.

e Generalization factors (optional): transistor area density (for Pelgrom's Law) and

foundry-reported Cp/CpK values (for process maturity)

8.3 Model Outputs

The parametric shift stream produces a per-process-node yield estimate by running synthetic WAT
vectors (generated by the Gaussian copula, optionally modified by Pelgrom's Law and Cp/CpK
through trained tree-based ML classifiers and counting predicted passes. Each model (GBC,
XGBoost, LGBM) produces its own estimate, and SHAP-based feature importance rankings

accompany the yield output to support root-cause analysis.

8.4 Scope Boundaries and Assumptions

To clearly delineate what the framework does and does not address, the following scope

boundaries are noted:

e In scope: Parametric shift yield from WAT-observable process variations, process-node

sensitivity, and a unified Total Yield metric.

e Out of scope: Systematic yield (repeatable, non-random defects affecting every die in a
wafer region due to CMP, photoresist patterning, etc.), Design Complexity effects beyond
transistor density (which would require full circuit simulation), and post-packaging Final
Test failures (the parametric pipeline is trained on WS data only to avoid packaging-

induced confounders).
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Independence between the two types of yield: Defect-limited and parametric shift
failures are treated as independent events in the Total Yield formulation. While there can
be some common cause failures, the frequency of occurrence is relatively low, and
capturing such a failure is impractical due to the difficulty in tracking and obtaining data
on such faults and in formulating the probability of a joint occurrence. Thus, this

assumption serves as a lower bound to the total yield estimate.

Generalization assumption: The Gaussian copula assumes that the interdependencies
between WAT parameters is reasonably similar across the devices within a given process
node. Empirical evidence from Section 10 supports this for the devices studied from the

correlation tables.
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9 Parametric-Shift Yield: Theoretical Estimation of WAT
parameter

9.1 Introduction

This section discusses the output of estimation of Iz, and V; parameters used in the theoretical
estimation of WAT parameters. This resulted in the usage of BSIM level 2 model for estimating
the parameters which will be used as an input to the Copula to generate synthetic dataset (discussed

in section 10).

9.2 Error reduction outcome

Several levels of error reduction were applied and the progression of error in the theoretical
estimates for 5 different I;,; and V; parameters are summarized in Table 7 and Table 8 (with the
help of color coding where more red results indicate higher error percentage) with the final best
stopping at level 2. While further levels of modeling may result in more phenomena being
accounted for, they require a high degree of knowledge of model dependent parameters to be used
with which may not be feasible /convenient. For the first module of the model, BSIM level 2 is

hence used to estimate WAT parameters V; and I,;.
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Table 7: Table showing the percentage error of theoretical threshold voltage estimates. Each version
incorporates a model for a phenomenon; vl uses Basic Vt model using only tox as a factor, v2 added
adjustment for Metal-Semiconductor work function difference, v3 added correction factor for parasitic
capacitance, v4 Readjusted dependency on L and W, v5 added level 1 BSIM model and v6 added level 2
BSIM model, and v8 added estimated doping concentration

vl v2 v3 v4 V5 v6 v7
Vt A -47%|  -a0%|  -46% 4% -a0%|  -46% 7%
Vt B 12%]  25%]  17%| 0 74%|  25%|  17% 4%
vVt C 20%|  -11%]  -16%|  24%|  -11%[  -16% -2%
vVt D 25% H 25%|  28%|  28%|  18% 4%
VLE a6%|  -a0%|  -aaw| 17| -a0m|  -27% 2%

Table 8: Table showing the percentage error of theoretical saturation current estimates. Each version
incorporates a model for a phenomenon; vl uses the basic equation for transistor drain current, v2
added real Vt for Isat and calculator for mobility value, v3 updated mobility values using mobility
models, v4 Introduce max drift velocity factor, v5 updated Vgs values from Teradyne manuals, v6
added level 1 BSIM model, v7 added level 2 BSIM model, and v8 added estimated doping concentration

vl v2 v3 v4 v5 v6 v7 v8
Isat_A -9% -42% -47% -3%
Isat_B 40% 22% -13% 3%
Isat_C 35% 22% 26% -3%
Isat_D -24% -46% -1%
Isat_E -7% -12% -38% -42% 1%
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To accurately estimate transistor behavior and WAT features at the 16nm technology node, the
baseline device physics parameters were rigorously calibrated against industry-standard predictive
models and commercial foundry disclosures. Because traditional bulk planar CMOS
approximations break down at deeply scaled sub-20nm geometries, the physical inputs were

updated to reflect High-K / Metal Gate non-planar (FinFET) architectures.

The transition to the 16nm regime necessitates the modeling of advanced gate stacks. The dielectric
constant €,, was updated to 22.0 to represent the integration of Hafnium Oxide (HfOz2) replacing
traditional Si0O2, yielding the C,,required for electrostatic channel control. Simultaneously, the
gate work function ¢ ,,was adjusted to 4.5 eV, reflecting the use of Titanium/Tantalum Nitride

(TiN/TaN) metal gates rather than heavily doped polysilicon. Operating voltages (Vys,and Vyswere

scaled down to 0.70 V, directly aligning with low-power 16nm logic specifications.

To mitigate aggressive short-channel effects such as Drain-Induced Barrier Lowering (DIBL) and
punch-through leakage, the source / drain extension junction depth was constrained to 15 nm.
Furthermore, carrier transport models were modified to account for the physical realities of
nanometer-scale conduction. Due to extreme surface roughness, phonon scattering, and heavy
channel doping, the effective low-field mobility was degraded from ideal bulk silicon values to
realistic FinFET estimates of 400 cm?/V. s for electrons and 150 cm?/V.s for holes, while the

saturation velocity remained capped near the physical limit of 107 cm/s.

The integration of these calibrated parameters yields theoretical threshold voltages V; =~ 0.35V —
0.4V and saturation currents that strictly adhere to the academic benchmarks established by the

ASU Predictive Technology Model (PTM) and the Berkeley Short-channel IGFET Model (BSIM-
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CMGQG). Consequently, the derived formulas and subsequent loop-simulated WAT features serve
as a highly accurate approximation of commercial 16nm foundry profiles (e.g., TSMC
16FF/16FF+). ASU models also have several calculations for smaller technology nodes (14nm,

10nm, and 7nm) and can be used in the calculator for smaller nodes.

9.3 Summary

This section established a physics-informed framework for theoretically estimating WAT
parameters directly from foundry-provided process node data, with the goal of generating
reference values that can anchor the synthetic datasets, to be used later in the parametric shift
modeling pipeline. The approach progresses through escalating levels of model fidelity —
beginning with first-order analytical expressions and culminating in BSIM-level compact models
— selected so that accuracy gains are balanced against the input-knowledge burden placed on the

end user of the yield calculator.

For simpler WAT parameters such as sheet resistances and via resistances, straightforward closed-
form geometric expressions were shown to produce estimates within acceptable error of the
measured WAT means, requiring no further refinement. For threshold voltage and saturation
current, however, basic textbook formulas produced unacceptably large errors, motivating an
iterative augmentation strategy. Successive model versions incorporated metal-semiconductor
work function differences, parasitic capacitance corrections, channel length / width adjustments,
updated mobility models, maximum drift velocity limits, and Vgs corrections drawn from
Teradyne manuals. While these phenomenological additions reduced the errors meaningfully,

residual discrepancies remained too large for downstream use.
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The decisive accuracy improvement came from adopting BSIM compact models, which were
evaluated at increasing levels of complexity. Among the first four BSIM levels, Level 2 was
selected as the optimal trade-off: it captures the dominant short-channel and narrow-channel
phenomena — non-uniform depletion-layer charge distribution, sub-threshold conduction, field-
dependent mobility, narrow-channel effects, and non-linear gate—source capacitance — while still
relying on parameters that are tractable for a non-expert user. Higher BSIM levels were rejected
not on accuracy grounds but on usability grounds, as they demand specialized model-fitting

expertise that conflicts with the calculator's intended audience.

Collectively, these results provide the theoretical WAT baseline that feeds the Gaussian copula
stage in Section 10 and the machine learning pipeline in Section 11. The ASU PTM library also
covers 14 nm, 10 nm, and 7 nm nodes, providing a natural path for extending the calculator to

more advanced technology nodes without redeveloping the underlying methodology.
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10 Parametric-Shift Yield: Copula Training Results

10.1 Introduction

Having established theoretical baselines for individual WAT parameters in Section 9, the next step
toward a usable parametric shift model is to capture the statistical structure that links these
parameters together. WAT measurements such as threshold voltage, saturation current, and sheet
resistance are not independent quantities — they share underlying process origins (oxide thickness
variation, doping fluctuations, lithographic offsets) that induce systematic correlations across the

parameter set.

10.2 Gaussian copula results and outputs

In this study, the Gaussian copula was used to represent the WAT parameters because WAT
parameters closely follow a normal distribution which uses the Gaussian function. The “copulas”
library was used in python to estimate the correlation value between all WAT parameters. The
WAT datasets used comprised of two devices from the 40nm node and one device from the 16nm
node. The results of the fit were used to generate the synthetic dataset of WAT parameters. The

full copula correlation variables for the ASICs can be seen in Appendix A.

The correlation structures obtained from the Opus and Atlantis datasets exhibit a high degree of
similarity across the majority of process and electrical parameters. Visual inspection of the
heatmaps shows that most matrix elements remain in the green-to-yellow region, indicating strong
agreement in both correlation magnitude and direction between the two datasets. The sign-match
heatmap further confirms that the dominant positive and negative relationships are preserved
across the two populations, demonstrating that the underlying dependency structure is largely

unchanged.
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Quantitatively, several parameters show very high trend similarity between ASIC A and ASIC C.
These parameters maintain nearly identical correlation patterns with the remainder of the
technology monitor structures, indicating that the major process interactions are consistently

represented in both datasets.
Table 9: Heatmap showing correlation similarities between ASIC A and ASIC C for several WAT

parameters. Greener colors indicate a higher level of agreement, whereas yellower colors indicate
lower levels of agreement

& 2 & & & & L & & '3"\ -§‘\ & & & @ ¢ &
¥ A A A A A A A A AR A A
Re_V4 0.828 0.868

Rc_V5 0.861 0.745 0.751 0.825 0.858 0.790
Rec_V6 0.862 0.862

Isat_1P3 0.839 0.760 0.851

The heatmap of absolute differences reveals that discrepancies are generally localized rather than
systematic. Most differences appear as isolated cells rather than large correlated regions. If the
copula models were fundamentally different between the two datasets, broad blocks of red regions
would be expected across the matrix. Instead, the observed pattern suggests that the datasets share
the same dominant dependence structure while exhibiting only moderate variations in correlation
strength. The overall average absolute difference between ASIC A and ASIC C correlations came

out to be 0.157.

As mentioned in section 7.1, the copula outputs were used to generate Synthetic data which are
used to mimic WAT data and provide the user a way to get data without relying on the foundry.

The distributions of the generated synthetic data were compared to the WAT parameters to check
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for closeness. The results were found to be closely matching to each other as can be visualized in

the example Figure 7 for Isq;, (WAT parameter denoting saturation current) and Ry, (WAT

parameter denoting Sheet resistance). More copulas results are available in Appendix

Sample Synthetic and Real data comparison Sample Synthetic and Real data comparison
EEm Real Data EEm Real Data
= Synthetic data 100 B Synthetic data

Frequency
Frequency

-0.330 -0.325
Isat_B

Rs_A

Figure 7: Example comparison of Real Data and generated Synthetic Data for two WAT parameters
saturation current (left) and sheet resistance (right)

Kolmogorov-Smirnov testing was performed to compare the measured WAT distributions against
copula-generated synthetic distributions. Of the 59 analyzed parameters, 54 (91.5%) exhibited p-
values greater than 0.05, indicating no statistically significant difference between the real and
synthetic distributions. Threshold voltage, source/drain resistance, contact resistance, and
saturation current parameters demonstrated particularly strong agreement, with normalized
distances frequently below 0.10. Wasserstein distance analysis also indicated strong agreement
between the measured WAT parameters and the copula-generated synthetic distributions. Most
parameters exhibited normalized Wasserstein distances below 0.20, corresponding to less than
20% of one standard deviation from the measured distributions. These results suggest that the
Gaussian copula successfully reproduces the central characteristics of the majority of WAT

distributions while exhibiting reduced accuracy for parameters with stronger tail behavior.
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10.3 Summary

This section demonstrated that Gaussian copulas provide a faithful and computationally
lightweight representation of the joint statistical structure of WAT parameters across multiple
devices and process nodes. Fitting the Python copulas library to real WAT datasets from two 40
nm devices and one 16 nm device produced correlation matrices that remained largely consistent
across devices, indicating that the inter-parameter dependencies captured by the copula reflect
underlying process physics rather than device-specific artifacts and therefore generalize well
across the technology nodes. Synthetic WAT vectors generated from the fitted copulas were
validated against measured data and showed close agreement in both marginal distribution shape

and joint behavior — illustrated for representative parameters such as saturation current (/54 )
and sheet resistance (R, ,) — confirming that the copula-generated synthetic dataset is a viable

stand-in for real WAT measurements. This validated synthetic dataset forms the statistically

grounded input layer consumed by the machine learning models in Section 11.

54



11 Parametric-Shift Yield: Machine Learning Training Results

11.1 Introduction

With a validated synthetic WAT dataset now available from the copula framework in Section 10,
the parametric shift estimation problem reduces to a supervised classification task: given a vector
of WAT parameters for a die, predict whether that die will pass or fail WS testing due to parametric
shift mechanisms. First, since the industry limits imposed on the viability of WAT parameters
were very large, 3o (3 times the standard deviation) limits were imposed on the WAT parameters
to ensure they lie within reasonable limits. Next, this section applies tree-based machine learning
models — Gradient Boosting Classifier (GBC), XGBoost, and LGBM — to the combined WAT
and WS datasets from two 40 nm devices and one 16 nm device, with failure data pre-filtered to
isolate parametric shift signatures from defect-limited and leakage-related failures. Two distinct
training strategies are explored: A) Single-device models, which maximize accuracy on a specific
product, and B) Mixed-device models spanning to multiple devices and process nodes. Beyond
raw accuracy, this section evaluates yield estimates produced when synthetic WAT vectors are fed
into the trained models — providing a direct, simulation-free pathway from process parameters to
parametric shift yield — and uses Shapley Additive Explanations (SHAP) as a model-agnostic
feature to compare which WAT parameters most strongly drive each model's predictions,

supporting both model interpretability and downstream root-cause analysis.

11.2 Machine Learning results

Machine learning was performed on combined WAT and WS datasets for 2 devices from 40nm
node and 1 device from the 16nm node. Unlike copulas however, ML was also done on mixed

datasets. This involves mixing data from same process node but different devices (40 nm in this
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case) and mixing data from different process nodes. The objective is to observe differences in how
the ML model trains but also in how a more generalized model can be achieved for across process
node estimation. Note that in order to estimate the variation in process nodes, two types of analysis
were done since there are differences in device types present as well as number of devices (more
transistor types for example). The first one is by using only common WAT parameters between
the two devices, and the second is by using all WAT parameters but leaving the fields empty. The
second methodology is a common methodology to use with ML models like XGBoost since it is

good at isolating such cases.

Results are shown in Table 10 for the different ML models, mainly the accuracy in the testing set,
as well as a comparison in the yield numbers when using a synthetic dataset. The results for GBC,
XGBoost and LGBM are seen to be very good, boasting an over 90% accuracy result for all
models. The corresponding estimate of yield using synthetic data is also seen to be close to the real
estimate of yield, further solidifying the performance of these models. The results for mixed
datasets also show high accuracy, albeit slightly lower for the 40nm and 16nm process node mixed

dataset.

Table 10: Best yield estimates from different machine learning model, along with accuracy of each

model during training.
Predicted Yield estimate
Model Accuracy [ASICA (40 nm) |ASIC B (40 nm)|ASIC C (16 nm)
Actual value NA 72% 68% 71%
LGBM 91% 76% 70% 71%
GBC 95% 76% 60% 62%
XGB 93% 75% 71% 69%

Other statistics such as precision, recall and f-1 score are tabulated in Table 11 with all 3 metrics

showing good agreement in terms of the prediction for each class.
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Table 11: Prediction statistics for the different ML models

Model Accuracy Precision Recall F1
GBC 90.6% 0.90 0.89 0.89
LGBM 90.1% 0.94 0.897 0.915
XGB 90.06% 0.92 0.898 0.907

Since different process nodes have different WAT parameters due to the difference in components,
mixing datasets from 40 nm and 16 nm nodes was done by merging the two datasets with their
common features. This combining of datasets maintains the important WAT parameters such as
Vt, Isat Rs, Con etc. and hence can be used to create a more holistic yield model. Unlike the
individual dataset models, however, GBC ended up with a significantly worse accuracy compared
to LGBM and XGB which maintained an accuracy of over 90%. While this combined model may
help predict yield for multiple process nodes (and predict yields for unknown process nodes), a

process node specific trained model should be used to obtain a higher degree of accuracy.

Table 12: Predictions statistics for ML models trained on combined datasets

Model Accuracy Precision Recall F1

GBC 39.6% 0.228 0.223 0.198
LGBM 92.5% 0.953 0.877 0.910
XGB 92.1% 0.942 0.874 0.903

Feature importance measurements were done for all ML models. However, due to differences in
model structures and algorithms, comparing the feature importance results may be difficult.
Shapley Additive Explanations (SHAP) which is a model agnostic feature importance algorithm
was used to conduct feature importance analysis to compare the models. SHAP works by
estimating the importance observed based on the sensitivity associated with inputting each

individual data point into the model. An example of the output for SHAP is provided in Table 13
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to show the results as well as a comparison between different models. As can be seen the average
number for the result is high across the board for all of the models which allows for the feature to
be considered highly important. The feature importance metric is also used as a justification for
the usage of common WAT parameters between 40nm and 16nm node since the common WAT
parameters also are some of the most important WAT parameters. This can explain the relatively

high accuracy of the results even when fitting a mixed dataset.

Table 13: Samples (15 out of 42 WAT parameters) of Averaged SHAP values for XGB and LGBM for
each WAT parameter. SHAP provides majorly consistent outputs determining feature importance.
Higer values indicate higher importances

WAT paramg XGB LGBM

MetalResA| 0.022034| 0.0517653
MetalResB| 0.53667| 0.467722
MetalRes C| 0.010739| 0.0165637
MetalRes D| 0.252637| 0.164093
MetalResE| 0.034808| 0.0117627
MetalResF| 0.059144| 0.055946
Metal Res G| 0.034225 0
Via_resA 0.111382| 0.089143
Via_res B 0.797429| 0.660585
Via_resC 0 0
Via_resD 0.096584| 0.0624017
Via_resE 0.183251| 0.0612711
Via_resF 0.019485| 0.0208452

11.3 Summary

This section demonstrated that tree-based ensemble models can accurately predict parametric shift-
driven WS outcomes directly from WAT parameter vectors, providing a fast, data-driven
alternative to circuit-level simulation. All three classifiers — GBC, XGBoost, and LGBM —
exceeded 90% test accuracy on single-device datasets, and the yield estimates obtained by feeding
copula-generated synthetic WAT vectors into the trained models closely tracked measured Sort
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Yield, validating the end-to-end pipeline from process parameters to yield prediction. Mixed-
device training across two 40 nm devices, and across the 40 nm and 16 nm nodes, retained strong
accuracy (with a modest degradation in the cross-node case), indicating that a single generalized
model is feasible when training is restricted to WAT parameters common across devices or when
XGBoost's native handling of missing fields is exploited. SHAP analysis produced consistent
feature-importance rankings across models, with the most influential WAT parameters being
shared between the 40 nm and 16 nm common-feature set — an empirical justification both for
the cross-node training strategy and for using the ranked parameters to guide future root-cause
analysis of parametric shift failures. Of the three algorithms, XGBoost and LGBM emerged as the
preferred choices for the calculator due to their higher accuracy, better robustness to input
variability, and stronger interpretability through SHAP, with GBC retained as a baseline reference.
These trained models, together with the synthetic dataset generator from Section 10, constitute the

parametric shift yield engine that feeds the combined yield calculator in Section 13
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12 Parametric-Shift Yield: Generalization Methodologies

12.1 Introduction

The machine learning models developed in Section 11 demonstrated strong predictive accuracy on
the devices they were trained on, but a truly generalizable parametric shift estimator must also
respond to the two factors that drive variation between devices and between fabs: design-side
variation and process-side variation. Capturing these effects through full circuit simulation would
reintroduce the very runtime cost that motivated the data-driven approach in the first place, so this
section instead introduces two compact, physically grounded modifiers that act directly on the
synthetic WAT dataset generated by the Gaussian copula. The first, Pelgrom's Law, provides a
closed-form link between transistor area density and the variance of threshold voltage and
saturation current, allowing the copula's standard deviations to be rescaled when transistor
geometry changes. The second, the Cp/CpK process capability index, is a widely reported foundry
metric that quantifies how tightly a process holds a parameter within its specification limits and
can be used to compress or widen the copula-generated spread to reflect process maturity.
Together, these two modifiers extend the trained machine learning pipeline from a device-specific
estimator into a framework that can interrogate the expected yield impact of design choices and

process drift without retraining the underlying models.

12.2 Pelgrom’s Law

To improve model generalization, a few design and process node factors are considered. While
circuit complexity is hard to quantify without actual circuit simulation (which defeats the purpose
of the model), the transistor density has a known relationship with V; and Iy, with the help of

Pelgrom’s law [39]. Pelgrom’s Law states that the variation in transistor’s threshold voltage, V; is
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inversely proportional to the square root area factor of the transistor, or the transistors area density

as shown in Eq. 12.1.

A3 c 4\/ q3€siPB T
G]?T = ﬁ’AVT = —( o ) ox (121)

q is the electron charge, €;is silicon permittivity, ¢gs is the work function of the substrate, T, 1s
the oxide thickness, €,,is the oxide layer permittivity, L and W are the transistor density
parameters (can be replaced with area density if needed), and C is a correction constant (around

0.15).

The density factor of the transistor is also visualized in Figure 8 which shows the amount of
variation for different transistor densities. This can be input along with the copula to modify the

synthetic dataset by showing a higher variance in the corresponding WAT parameters.
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Sigma vs Transistor Density (40nm NMOS)

Pelgrom Law Trend
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Figure 8: Variation of threshold voltage with transistor density based on Pelgrom's Law

12.3 Cp/CpK metrics for process parameter variability

A second factor being considered is the popular industrial estimate called Cp or CpK values.
Cp/CpK values are statistical indices that measure the amount of spread observed in the process
vs the estimated allowable limits for a parameter. Cp/CpK data is often something that is available

from foundries as it is a metric which shows process maturity. Cp/CpK is measured as:

_ USL-LSL

Cp

. [USL—u u-LSL
and Cp, = min [—30 o ] (12.2)

Where p and o are the average and standard deviation of the samples respectively; USL and LSL
stand for the Upper Specification Limit and Lower Specification Limit respectively. These limits
are often specified based on the performance limits of an electrical parameter that is required for
the device to run successfully. The higher the Cp value, the more mature is the process since there
is lower variation (lower o). Figure 9 shows this difference for a threshold voltage measurement

for different Cp values.
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Figure 9: Variation of data spread based on Cp/CpK for threshold voltage

This updated synthetic dataset can now be used in conjunction with the ML models to reflect the
difference in estimated yield. An example case for this is shown in Table 14 for the 16nm process
node when using Cp values from June 2020 is compared to the current process node. This analysis
highlights an issue in using GBC ML model where it shows higher sensitivity when compared to
GBC and XGBoost. However, all three models still show the lower yield estimate which

corresponds to the lower Cp values (or a less mature process).

Table 14: Estimated yield based on difference in process maturity (Cp/CpK index).

Yield Estimate from 2025 |Yield estimate from 2020
ML model| WAT+SORT data WAT Cp/CpK/CpU
XGB 67.0% 62.2%
GBC 67.6% 51.7%
LGBM 68.0% 62.2%
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12.4 Summary

This section showed that two compact, physically motivated factors — Pelgrom's Law for design-
side variation and Cp/CpK for process-side variation — are sufficient to extend the parametric
shift pipeline beyond the specific devices and process conditions on which it was trained.
Pelgrom's Law links the variance of threshold voltage (and, by extension, saturation current) to
transistor area density through a closed-form relationship involving oxide thickness, oxide and
silicon permittivities, substrate work function, and a small calibration constant, allowing the
copula's standard deviations to be rescaled in a principled way whenever transistor geometry
changes; the resulting variation profile (Figure 9) directly modifies the synthetic WAT dataset
before it enters the trained ML models. Cp/CpK provides the complementary process-side lever:
by tying the spread of WAT parameters to the foundry-reported ratio of specification width to
process sigma, the framework can represent process maturity directly. The case study comparing
16 nm Cp values from June 2020 to the current node showed that all three ML models correctly
predicted a lower yield for the less mature process, with XGBoost and LGBM responding
smoothly while GBC showed disproportionate sensitivity to the Cp/CpK adjustment — reinforcing
the model-selection guidance established in Section 11. Together, these generalization factors
complete the parametric shift estimator: the copula supplies the joint structure, the ML models
supply the WAT-to-yield mapping, and Pelgrom's Law and Cp/CpK supply the design- and
process-aware modulation needed for the framework to estimate yield under conditions that differ
from the training data, providing the final input to the combined yield calculator discussed in

Section 13.
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13 Yield Calculator and Combined Yield Metric

13.1 Introduction

This research uses an Excel-based calculator, with 15 models to estimate defect-based yield for
ASICs. It can estimate defect-based yield for 5 circuit types: 10; Logic; Memory; Pure Analog;
and High-speed digital. While this calculator estimates defect-limited yield only, and not
parametric shift-related yield; it allows for a percentage multiplier provided by the user. It also

allows for the yield to be adjusted based on the Design complexity; and the Process node.

The parametric shift aspect of the calculator will be added to the calculator in the future. machine
learning models and copulas are trained and estimated in Python and Excel integration for machine
learning models. Copulas require complex coding. However, currently, the calculator allows for
the usage of preset inputs to be used for the parametric shift module and in the future will allow

the user to fine tune inputs based on process nodes.

13.2 Defect Yield module

To better understand the variation in yield, a calculator was developed with the following

capabilities (as shown in Figure10):

e Estimate yield based on 15 different models.

e Estimate yield constants based on either WS yield data.

e Estimate yield based on different circuit types based on the area of the circuit type.
e Summarize and compare yields from different models.

e Adjust yield estimation with PAF multipliers as shown in Egs. (5.1) and (5.2).
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GROSS DIE PER WAFER CALCULATOR

Die Inputs NHumber of die estimate
|Inputs Value Die descriptions Die number estimates

Y afer inputs Mumber of dies (max estimaty 273

‘o afer diameter [mm] 250
Edge Exclusion width [mm] 18 De Yries estimates [Estimate [3]) to be used]

Match height X (mm) 0.0002 Area estimate with die diag{ Mumber of die= (1] 241

Mateh height ' (mm) 0.0003 Arearatio scaled with an v Mumber of dies [2) 245

Arearatio scaled with 2 polf Mumber of dies [3) 217

Die inputs Area ratio with die area fact Number of dies (4] #33

Diiee width (mm) 15 Arearatio scaled with an e Mumber of dies [S) 241

Diie height (mm) 12 Area ratio scaled with & polf Mumber of dies [5) 240
Scribe line width [pm) g1
| Analog area (mm™2] 4.00E+01
High Speed Digital area (mm'3 5.07

-0 area (mm'2) 5.10E-z| a.

lemory area (mm'2] 0227
Logic area (mm"2) 0.96
Process Adjustment Factar 00z
Dezign Adjustment Factar 10034
Parametric Shift Percent 0032

Gross
List of Model Inputs Number of
Input description Models using input | Input here Number of Die estimate model [drop down list]) die
All madels
" . BE madeluzes fin“2 and
Diefect Density (fem™2) |[199ds to be changed to 3.78E-03 Area ratio scaled with a polynomial factor 217
fom'2]
Model Specific inputs
Average defect diameter [pm) Berglund 2 factor model 0.0
o [clustering factor] Megative binomial model Z Model selection DOutputs
MNumber of processes Price model 3 [drop down list) DOutput description Value
Okabe Factar Okabe model 4
Mumber of critical layers Eose-einstein model 13 Hofetein and Heiman  Lu=id (4] 100,00
Area of ransistor [m'2] Hofstein and Heiman me 0.000125 Met number of die 217 b.
Mumber of transistors in a die | Hofstein and Heiman mo 3500000
Shape parameter (¢)] Inverse Gaussian model 2 Area and model Dutputs
selection [drop down Dutput description Value
-0 wield . 5 -
Evaluate zll modets Bioze-Einstein HEIEIEE) NS

Figurel0: Yield calculator with a. die and wafer-based inputs, b. model-based inputs and yield
estimates with individual die area yield breakdowns.

De-Vries equations [40] are used to estimate gross number of dies on a wafer based on geometric
factors including Wafer diameter (d), Edge Exclusion width (e, ), Notch height (H,,) and width
(W,,), Die height (H;) and width (W), scribe line width (Wj;), and ASIC area allocations based
on circuit types. Eq. 10.1 calculates the maximum estimate of gross dies for the wafer (n,,4,) and
Table 15 summarizes the De-Vries equations based on n,,,,value. These equations are derived
from various geometrical estimates as well as analytical results based on different approximations

described in the table. The area ratio scaled with polynomial factor (n3) gave the best results.
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Table 15: De-Vries Equations for Gross-die estimates

Estimate description

Equation

Area estimated with die

diagonal length

Area ratio scaled with an

exponential factor

Area ratio scaled with a

polynomial factor

Area ratio with die area n n 0.587md
4 — max —
[A .
factor (Analytical) e
Area ratio scaled with an _232/Agie
N5 = Nypax® ¢
exponential factor
(Analytical)
N o 2

Area ratio scaled with a 1.6yA4,

Ng = Nypgy |1 — T
polynomial factor
(Analytical)
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Comparison of 15 yield models
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Figurel1: Comparison of different models when varied by area and keeping defect density constant.

The calculator allows the user to adopt specific models for calculating yield based on the available
parameters and constants. Figurel1 provides a comparison of different models at constant defect
density for different die sizes. Given that yield estimates from various models converge with an
acceptable level of variability, it becomes possible to back calculate other process-related
parameters that are not readily available (such as average defect diameter, clustering factor and
number of critical layers). This can be particularly useful for predicting the behavior of dies with

different areas or comparing the fab data with the user’s own findings.

The calculator also provides the options to estimate the Do value, based on product yield. This
allows users to compare estimated Do against fab’s reported Dy. Both back calculation modules (as
shown in Figure 12) use two main techniques for estimation based on the complexity of the model.

A simple model like Poisson has a straightforward equation to estimate Do. However, other models
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like inverse-gaussian require the use of numerical solver tools (such as the one found in excel) for

estimation of the model parameter.

List of Model Inputs Model selection Outputs
Input description | Models using input Input here {drop down list) Qutput description Value
e ) - |l models ZLL Price Defect Density [fcm?2) 0.00000071
Maodel Specific Inputs
Average defect diameter (um) |Berglund 2 factor model 0.02)
o (clustering factor) Negative binomial model 5 Note: After changing input values, please select model again in drop down list to
Number of processes Price model 3 update outupt value. This shall be patched shortly
Okabe factor Okabe model 4
Number of critical layers Bose-einstein model 2
Area of transistor (pm*~2) Hofstein and Heiman model 0.000125
Number of transistors in a die  |Hofstein and Heiman model 3500000
Shape parameter () Inverse Gaussian model 2|

MODEL PARAMETER CALCULATOR

List of Model Inputs Model selection Outputs
Input description Models using input Input here (drop down list) Qutput description Value
Yield (%) All models 50.00% .
| G 1.5990386642
Defect Density (/fcm*2) All models 0.4] [WETSE baussian @

Note: After changing input values, please select model again in drop down list to
update outupt value. This shall be patched shortly

Figure 12 Reverse parameter estimations in the calculator for Defect Density and Model Parameter
calculation.

Lastly, the calculator provides a graph (Figure 13) that highlights yield estimates for different
models based on the fixed die area and defect density, which is useful for engineers to see which

model fits best with their data and use that for further estimations.

As shown in Figure 13, there is a wide variability of the yield estimates depending on the model
used. The uncertainty distribution illustrated by these sets of points can inform the user of the

possible distribution of yield estimates that can be obtained with a fixed set of inputs.
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Figure 13: Comparison of yield estimates for various models for a given die area and defect density

Bayesian analysis approach is used to develop this uncertainty distribution of yield, to account for
the variability of the yield as predicted by different models. The mathematical foundation of

Bayesian analysis is based on Bayes Theorem (Eq. 13.2)

_ L(Elx) *mp(x)
nxIE) = [ L(E|x) * my(x) dx (13.2)

where x the unknown of interest to be estimated (e.g., yield); my(x) is an initial (prior) uncertainty
distribution of x; m(x|E) is the update (posterior) uncertainty distribution of x, give a certain
amount of evidence E; and L(E |x) is the likelihood of observing evidence E (likelihood function).

The posterior distribution therefore is a fusion of the initial estimate and the new data or evidence.
In the present context £ is the set of yield estimates from N models:

E= [ylfyZ' ""yn] (133)
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This analysis, namely the aggregation of yield estimates across different models, aims to preserve
the model-to-model variability of estimates, meaning that the evidence E is treated as a non-
homogeneous data set. Mathematical theory behind non-homogenous Bayesian estimation is more
intense because the unknown of interest is not a single value but a distribution f{y) that can explain
the variability of quantity of interest (y). Therefore, the Bayes theorem will be in form of:

L(E|f() * mo(f (1))

13.4
TLEFO) » 7F ) df &) (13.4)

n(fWIE) =

To proceed, we can simplify the problem by postulating that the unknown distribution f{y) is a
member of a parametric family of distributions f (y|@)with parameters 6, through 6,,. Therefore,
the problem will be simplified to that of finding the distribution of @ = [ 8; through 6,,]:

L(E|8) * m,(8)
J L(E|8) + m0(8) d6

n(0|E) = (13.5)

The above distribution produces nearly an infinite set of candidates for f(y|0). Normally an

average over the entire set is used as the answer: That is

£O) = f £(y18). n(8IE) dB (13.6)
7}

The likelihood function L(E|@) is structured based on the nature of the evidence E =
[V1, Y2, .-, Yn]and the assumed form for f(y|0). In this case, 0<y;<1, accordingly the suitable
distributions for f(y|0) are Beta distribution, or truncated normal or lognormal distribution. The

truncated lognormal function is chosen which has several desirable properties. More specifically:
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In(y) — In(8,)\°
f(16,,0,) = 1<n(y) n( )>> (13.7)

1
AN2m0,y P ( 2 61

where 0<y<I, and 6, 8, are the two distribution parameters.

The likelihood function L(E|0) is built based on the so-called multiplicative error model:

_ 1 1 /In(y;) — In(»)\*
L(yily) = mexp <—§<7) ) (13.8)

representing the accuracy/credibility of yi, i.e., the yield estimate produced by model “i. The
parameter o of this truncated lognormal distribution is a measure of deviation of y; from the true

but unknown yield value y.

This methodology is used (proposed by Mosleh et. al [41] and Groen et. al. [42]) to develop the
uncertainty distribution of yield estimates based on the results shown in Figure 13. In this case, the
prior range for y is taken as the general industry standards for yield based on minimum acceptable
yield thresholds for production and the expected yield during production and the evidence, E is the

set of yield estimates from different models.

Results for the uncertainty analysis are performed with the help of R-DAT [43] and are displayed
in Figure 14. Since the output of the uncertainty distributions comprise of a range of possible
parameters, the distributions based on the mean, median, 5" and 95" percentile of the lognormal
parameters are shown in Figure 14. However, referring to the mean distribution is sufficient to

visualize the variability in yield estimates by plotting the 5% and 95" percentile points.
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Figure 14: Truncated Lognormal Posterior PDF and CDF of Yield estimates using outputs of all
models from Yield Calculator. The dotted lines indicate p5 and p95 uncertainty in the mean yield
distributions.
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13.3 Parametric-Shift Yield module
The Parametric-shift Yield model estimates the parametric shift based on the selected model and
Process node. The estimation of yield is handled by a python script that starts a server to run the

model and output based on the selected process node.

(drop down lists) Output description Value
1-0 yield
S Defect Yield (%) 71.56%
Evaluate Parametric Shift Bose-Einstein
lgbm_Opus_Matrix_common Parametric Yield (%) 70.42%
Total Yield 50.39%

Figure 15: Parametric Shift output based on input model and process node.

13.4 Combined Yield metric

This study considers parametric-shift limited and Defect-limited yield as independent events
constituting the yield in semiconductor devices. This independence is attributed to two main
concepts: the definition of the two types of yield and the causes of the two types of yield. Defect-
limited yield is considered to be a form of catastrophic failure which causes the device to not
perform its functionality. Parametric-shift limited yield on the other hand is considered to be a
form of failure which causes the device to not reach its intended performance metrics for a given
function. Defect-limited yield is also influenced by the interference of external particles or abrasive
faults caused during the production process. Parametric yield is primarily attributable to the
inherent variations in the production process which can cause the overall device output to vary. In
a probabilistic perspective of yield, these concepts can be represented with an OR gate which
defines the output yield as being brought about by either a Defect (P(D)) OR Parametric(P(PS)).

The mathematical formulation for the same is hence defined as

Yield =1—P(D) nP(PS) =1— (1 — (1 — P(D))(1 — P(PS)) (13.9)
Yield = 1 — (1 — YpYpg) = VpVYpg (13.10)
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Where defect yield (Yp) can be estimated with the help of several existing defect distributions
related models as discussed in section 3, and parametric-shift yield (Yps) is estimated as detailed
in this research. For comparison, for a mature process, the defect limited yield can reach upto 90%.

Using the yield estimate from the 40nm process of 72%
Yield = 90% X 72% = 68%
we get an estimated total yield of 68% using the combined metric.

13.5 Summary

This section integrated the dissertation's two parallel modeling streams — defect-limited and
parametric-shift yield — into a single Excel-based calculator that engineers can use to estimate
total semiconductor yield without running circuit-level simulations. The Defect Yield calculator
implements all 15 defect-limited models reviewed in Section 3, supports five circuit types (1O,
Logic, Memory, Pure Analog, and High-speed Digital), and applies De-Vries equations with a
polynomial area-ratio scaling (ns) to estimate gross die counts from wafer geometry. Beyond
forward yield prediction, it also supports reverse parameter estimation — by back-calculating
defect density Do or model-specific constants from measured WS data using closed-form solutions
(where available) and numerical solvers (via Excel) for more complex models — and integrates
the Process Adjustment Factor from Section 5 as a selectable multiplier keyed to process node and
ISO fab class. A Bayesian uncertainty analysis built on a truncated lognormal posterior and a
multiplicative-error likelihood function, implemented in R-DAT, aggregates the spread of
estimates across all 15 models into a single posterior PDF and CDF of yield, giving the users a
defensible uncertainty band (5th-95th percentile) rather than a single point estimate. The

parametric yield calculator runs the trained Gaussian copula and ML models (XGBoost, LGBM,
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GBC) from Sections 9—-12 through a Python-backed server, currently using preset inputs per
process node with planned support for user-tunable parameters. The two streams are unified
through a probabilistic OR-gate formulation that treats defect-limited and parametric-shift failures
as independent events. This combined metric is validated by applying to a mature 40 nm process,
which produced an estimated total yield of 68% (from a 90% defect-limited and 72% parametric-
shift baseline), illustrating how the framework consolidates the methodological contributions of
the entire dissertation into a single, deployable Software Application suitable for inclusion in an

ATE toolbox, as originally proposed in the abstract.
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14 Conclusions and Future Work

This research focuses on modeling Defect limited yield and Parametric-shift limited yield.

This research started with a brief review and characterization of several defect-limited yield
models available in literature. A yield calculator was developed to display the variations among
the different yield models as well as to estimate defect density and model parameters based on user
inputs. An uncertainty analysis was also done to show uncertainty in the estimates of yield based
on the outputs of different models. This research also proposed a Process Adjustment Factor (PAF)
that enhanced the existing yield models by incorporating dependencies on key process factors
likely to influence defect yield. The PAF integrated data on these process factors alongside
information about particle distribution within the fabrication plant by proposing a geometrical
probability of failure. PAF was evaluated for current yield estimates on 40 nm devices with
primarily favorable outputs and was integrated into the yield calculator to help estimate yield. Our
comparison of model yields revealed an improvement in yield estimation for three out of four
different ASICs. However, further enhancements can be achieved by redefining the PAF. Instead
of being applied as a multiplier at the end of the defect estimation process, future studies should

consider modifying the die area to a “Critical Area” based on circuitry..

A Physics-informed machine learning approach for estimating parametric shift was presented by
using WAT and WS datasets. First, WAT parameters were theoretically estimated using process
node inputs and Level 2 BSIM models. Gaussian copulas were trained on 40nm devices and 16nm
devices to generate a correlation table for comparing the different WAT parameters. These
correlation tables were found to have several similarities across different devices thereby
suggesting a high degree of generalizability. Using the physics-based estimates and copulas, a

synthetic dataset can be generated which closely mimics WAT parameters for a process node.
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Three types of machine learning models were trained on a combined WAT and WS dataset to
predict the outcome from a given set of WAT parameters. XGBoost and LGBM displayed the
highest degree of accuracy for all of the models whereas GBC while showing high accuracy, had
a higher amount of sensitivity to variability in the WAT parameters as was seen in the Cp/CpK
dataset analysis. Different results were obtained by combining data from multiple devices to help
generate a more generalizable model however at the cost of lower accuracy and fewer WAT
parameters being accounted for. Furthermore, Pelgrom’s Law and Cp/CpK parameters were
introduced to help account for transistor design density and process node capability respectively.

The machine learning models utilized the synthetic database to estimate the parametric shift yield.

Feature importance metrics were generated with the help of SHAP. Results from copulas and
feature importance metrics can also be further used to develop an understanding of parametric shift
phenomena as a tool to aid root cause analysis since it highlights certain WAT parameters as
particularly involved with the help of feature importance metrics or the interlinking of WAT
parameters with the help of the gaussian copula-based correlation table. Further improvements to
the model will require more data points, not only from the same device but also from other devices
from different process nodes. Larger datasets may also warrant the use of more complex data

analysis methodologies such as neural networks albeit at the cost of lower interpretability.
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Appendices

A: Copula Correlation tables
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0606305 0647035 054735 0.681402 0.382941 -0.06271 0.112406 0033412 0.108999 0.342502 0.003893 -0.39063 0335851 (0.119698 0.051084 -0.08369 -0.05436 -0.09473 0481878 0072166 0.231668 0.153099 01573542 0.438524 0.299931 0107218 -0.47908 0.378401 -0.20093 0.069418 -0.1807 0311651 -0.01316 0.034255 -0.33027 -0.14617 0512969 0.127923 -0.38188 -0.07658 0.056537 026475 Q44167 00041 -0.22282 0183927 0.058074
050867 -0.27262 0.062%2 -0.05106 -0.0342 0311312 -0.08971 -0.24254 0184363 0.180805 -0.01239 0102829 0.06108 -0.03347 0.47672 -0.01617 0.329454 0203822 0478472 0.327774 0.187244 0.204246 -0.12138 0.185887 -0.27314 0236385 -0.11971 0.108991 0.077166 0.051296 044534 -0.2004 0.182878 0.140032 -0.11712 0122426 -0.0722 -0.12606 0.19637 -0.09709 -0.07962 0.038421 0124184
0523802 -0.26074 0032562 -0.03006 0.097669 0413386 -0.0808 -0.251 0.25785 0.236232 -0.00567 0.038165 0.034765 -0.07074 0229683 -0.01855 0.306409 0194046 049731 0.360703 0.202241 0178898 -0.15276 047319 -0.26971 0226565 -0.14318 0175489 0.082777 0.01924 046801 019222 028191 013553 -0.15761 0.080599 -0.0399 -0.14812 0248391 -0.0797 008921 0042894 011334
048657 -0.19552 0.184568 0025953 0076306 0343135 0.024372 015086  0.24816 0.256045 -0.01739 0.036885 0.056242 -0.03756 0196243 -0.00139 0.3279%8 016373 0.4407%8 0.303433 0171504 0196099 -0.11029 0.188549 -0.21585 0.169824 014155 0.132308 0072402 0.017036 051954 -0:19659 0.228428 0081441 -0.12218 0091563 -0.01305 -0.14829 018657 -0.02885 -0.00085 -0.01296 0077853
0531328 -0.32461 0044438 -0.0653 0083639 0.963693 013762 -0.31217 0.254108 0165646 -0.00541 0070481 0.052077 -0.09267 0.249279 -0.05609 0.366429 0.279206 0573756 0431427 0.335409 0.228751 -0.1662 0241735 30412 0258015 -0.15804 019518 0055089 0.056826 -0.43568 -0.23956 0.228361 0.175481 -0.11135 0.086235 -0.08602 -0.18917 0.268165 -0.10803 011957 0.07625 0136663
R VT | -006321 07042 003431 -0.12609 005194 040044 0215 -0.2759 0.20053 0310432 0.382941 050867 0523802 048657 05318 009428 0.189425 0215017 0.366968 0.386978 0209458 0.120764 0391512 0.374262 -0.15074 0.014102 013348 0.04961 0.168055 0.141472 0.37L733 0188131 0.321775 0189872 0163843 0098884 -0.0329 0.13044 008523 0.087228 -0.02481 0.149109 002868 -0.0667 05705 0.063167 0.185231 -0.09642 -0.27053 -0.11599 0189759 -0.07113 0181332 0.092313 -0.02813 -0.01019 015622
16[Re VL (0160144 0276923 0.412809 0156369 0.16747 0327012 -0.06995 0494235 0490093 0.3172%6 -0.06271 -0.27262 006074 -0.19852 03461 -0.09428, 028091 0428095 -0.00183 -0.07471 0444661 0376197 -0.00309 0161964 0.01001 028768 -0.13599 0.067005 0.195091 0.470434 -0.01134 -0.36792 -0.24327 01973 036816 -0.05901 0.076234 0121169 0.184498 -0.27814 0147796 0003076 -0.04807 024133 -0.15853 0.250001 098605 -0.34834 -0.32773 -0.22766 0.336523 0003333 0.119073 0205391 0.068226 -0.16247 -0.19797
17Rs N+ (0336833 0.151701 0.195678 -0.16988 0.134849 -0.05288 -0.09285 -0.14804 0649564 0BLTE 0.112406 (0.06292 0092562 0184568 0.044438 0189425 0.228091, ¥ L 0496332 0592999 067222 -0.12982 07331 031827 -0.08469 0268823 0.343681 009303 -0.29981 -0.26956 -0.20693 -0.3449 -0.34623 -0.02199 0.161878 0213378 -0.33983 -0.06273 015433 0046256 -0.22980 067819 0403936 0454348 -0.52285 041994 -0.43071 0491851 -0.03262 0.105601 0297647 0.160587 -0.0844 -0.4THA
18[Rs N+RP (0.305635 0:31621 0.430151 -0.16803 0.201667 0.030909 -0.18947 U.OlME_BDZMlZ -0.05106 -0.03006 0025953 -0.08538 0216017 0428095 0701742 ¥ . I Q2127 033175 031562 0.042135 0311216 0495383 -0.2056 -0.47381 -0.30254 -0.33213 054284 -04I5L1 0.014496 (0.188372 0217589 -0.43695 0.109306 0.14069 0.060332 ~ﬂ‘3¢178- 074276 0‘582866- 066008 <U.§l&d- 0081122 0.147238 0416656 0.085024 038457 -0.56623
19[Rs NHPO | 0138663 -0.09435 0001049 0.028226 001362 -0.0985 0.148969 -0.13177 0.269625 0.337107 0.106999 -0.00342 0.097669 0.076395 0.083639  0.366968 -0.00183  0.45887 0297722 ) ¥ 0469899 -0.13607 -0.10219 -0.20126 -0.1214 0087267 0.187041 -0.00101 -0.14859 -0.11479 -0.03109 008493 -0.34989 009849 0233338 0.013336 -0.08648 -0.03072 01002 0.009203 -0.0504 -0.43785 0.152764 0231245 -0.24772 -0.17361 -0.29857 022941 -0.10387 0116896 0156398 -0.03078 0091712 04778
20]Rs N+PO 0097364 -0.20913 0.100554 -0.17833 0.207651 -0.11378 0107269 -0.13108 0.349743 OIGL4787 0342502 0311912 0.413386 0.343135 0.363893 0.38697%8 -0.07471 0.422677 0398123 0568111 ) 011694 022387 -0.22543 -0.0753 0194015 0.283351 0012 -0.19001 0010479 -0.01327 014279 027702 -0.09636 0233501 -0.08528 -0.0555 -0.01599 0.280524 0.112518 -D.?ﬂll&- 0197842 0.322811 020872 -0.33797 -0.24823 0351689 -0.1107 0248489 0211989 003792 -0.07411 020838
2Rs P+ (039861 0.302761 0323436 -0.1842 0104951 -0.04889 -0.183%5 -O‘IJS‘JGS- 061185 0.003893 008971 -0.0808 0.024872 018762 0.200458 0444661 K ¥ 0602818 0423127 0589817 -0.14363 021041 -0.3559 0.033906 0221864 0.422059 009363 -0.28186 036429 -0.21118 -0.36507 -0.29781 0.064885 0.129851 0:316843 -0.36334 0.022964 0.054597 -0.02404 -0.20763-0.62421 0.506850 0.389467 0277 045513 -0.42161 0.521024 0024047 0.00802 034607 0.136815 -0.21658 -0.46903
20fRs P+RP | 0.377687 0517747 0528771 -0.04549 0061206 0.05485 024089 -0.13785 0682742 041457 -0.39063 -0.24254  -0251 -0.15086 -0.31217 0120764 0.376197 0496332 . A 0210767 0621758 -0.24295 -0.47003 020817 00669 0023429 0.347308 -0.178%5 041382 043724 045367 -0.55768 -0.3645 0.148935 -0.06335 0311475 -DALTT 014488 -0.02501 0068348 -0.34793 055208 0546076 U‘LWB?- 03219 -0.35437 0558997 0.228361 -0.10444 0320077 0.2016% 042049 046744
23RS P+PO | 019887 -0.1663 0070773 0.003498 -0.02962 -0.18627 0.157555 017664 0406274 0523563 0.335651 0184363 (025785 024816 0.254108 0.391512 -0.00309 0.592999 043462 I X . 0610088 -0.1473 -0.27611 -0.22427 015618 0.276994 0298872 -0.01334 -0.16512 0010811 -0.01017 -0.09876 -0.32484 -0.09214 0.248003 0035663 -0.17675 -0.11168 0.369587 0.044616 -0.18276 -DGL69 0159856 0456997 -0.27039 -0.39063 030643 031196 -0.16226 030427 0.174084 -0.0266 -0.05826 09129
24{Rs P+POR 0404524  0.074594 0391525 -0.23361 0220641 -0.0963% -0.10498 -(0.1%881 u.mu- 0119698  0.180805 0236282 0.256045 0.165846 0.374262 0161964 0 X k ¢ 019729 031251 030077 -0.00749 0204103 0397839 -0.12442 -0.33766 020928 -0.24271 043623 037904 0.012949 0.145346 0.141390 -0.29066 0013466 0.228697 0147089 -0,36492- 0410596 0463178 -0.53898 -0.51653 -0.39104 0881679 00401 0.17252 0.327675 0082761 -0.28134 047813
25(\tLP3D | 0001367 -0.11016 -0.0904 0.074144 002784 0.118777 0.033109 0.113684 -0.16612 -0.14256 0.051084 -0.01289 -0.00567 000739 -0.00541 015074 0.01001 -0.12982 020127 -0.13607 011654 -0.14363 024085 -0.473 019739 036431 0.062116 -0.08625 0.0653% -0.19157 0.040682 008504 -0.02242 0.051401 0103291 0.062621 0.0664265 -0.02846 -0.04068 0081126 -0.00036 -0.03608 -0.1564 0144155 020857 -0.2462 -0.05592 025287 0084102 015472 -0.10413 0.096389 -0.05428 -0.12119 008025 0.06572 0.130169
26sat PD | -0.21559 0.052138 02518 -0.00639 -0.12066 -0.09486 -0.00425 -0.08626 -0.33183 -0.36279 -0.08369 0100829 0.038165 0.036885 0.070481 0.014102 028758 -0.27331 033175 -0.10219 022387 -0.24041 -0.47703 027611 031251 036431 0090999 0.135738 -0.34284 -0.04634 0147806 0248593 0.136533 015720 0.256572 0256401 0.010919 -0.18838 -0.09757 0246021 0.073649 -0.22646 -0.06145 028894 0241189 -0.1504 -0.30456 (0.130252 0446789 0.228702 -0.2909% -0.08302 024767 -0.20629 -0.10015 0276866 0269998
27|V NWOJ -0.07452 -0.07064 -0.14649 0066098 0.025675 0.146206 0.47777 0119655 -0.33514 -0.27058 -0.05436 006108 0.034765 0.056242 002077 -0.13848 013599 -0.31827 031562 -0.20126 022543 -0.3589 020817 -0.22427 - -0.02303 -0.14346 -0.10238 0091123 0187603 0.176406 -0.00429 0.472421 0075105 0081977 -0.03484 -0.12477 0150413 0.034232 -0.01858 -0.02831 0159038 0.29633 -0.311%2 -0.15561 0288041 0222818 0216106 -0.364 -0.0401 -0.00813 -0.02256 -0.0965 0.057363 0.202626
28VALNAD | -006382 0.12104 0.209825 0.007048 0.020677 0020024 -0.11177 0.015424 0072462 0.020758 -0.09473 -0.03347 -0.07074 -0.03756 -0.09267 0064561 0.067005 -0.08469 0.042135 -0.1204 -0.0753 0033006 00869 -0.15918 -0.00749 008625 0.135738 -0.02303 038220 0.086478 -0.12462 -0.08842 001349 -0.13526 -0.14375 -0.02043 0.052574 -0.13335 0.023094 0.062346 0.089905 -0.06415 -0.03965 0.032754 0007389 0.129996 -0.13407 -0.13965 0.018544 -0.04415 0.118319 0109783 -0.1406 0057806 -0.008%5  0.0247 0000442
29]lsat NAD | 0.039084 -0.25437 -0.18114 -0.11985 0016305 -0.09808 -0.03281 0.108351 0.372022 0435621 0481878 0.17572 0.229663 0.196243 0.249278 (0.168055 0.195091 0.268823 0.311216 0.087267 0.194015 0221864 0023429 0.276994 0.204103 0.085336 -0.34234 -0.14346 -0.38222) 0105396 0.036417 -0.01047 0131778 0.155087 0013323 -0.09504 -0.04608 0.409563 -0.03665 -0.20465 -0.11235 0282375 0028503 -0.15355 -0.28863 0.162309 0486946 -0.16460 -0.44092 -0.16717 0.324298 -0.18717 0487479 0.101726 -0.0183 -0.00837 -0.1381
30|Vod PWD| 0:22483 0.060737 0306304 -0.10041 0158174 -0.02215 0017296 0031785 0511627 0414889 0.072166 -0.016L7 -0.01855 -0.00139 -0.05609 0.141472 0.170434 0:343681 0495388 0187041 0.283351 0422059 0.347308 0293872 0.397839 -0.19157 -0.04634 -0.10238 0086478 0.1083%) 07168 025063 -0.1814 -0.12833 -0.22173 -0.1366 0017042 0.097679 0184779 -0.25547 0.064159 0.040351 0.028775 017613 040465 0.379%698 0.260574 039831 -0.33650 -0.2978 0.362021 -0.09952 0168963 0.343883 0.0853%6 -0.05374 077499
31fRe 1 | -0.47357 -0.04699 -0.26171 -0.00638 -0.10852 -0.15212 -0.00923 0035259 -0.23396 -0.06239 0231668 0.329454 0.306409 0.327993 0.366423 0.371733 -0.01134 -0.09303 -0.2056 -0.00101 -0.012 -0.09383 -0.17895 -0.01334 -0.12442 0.048682 0.147806 0.091123 -0.12462 0.036417 -0.47168 0354767 0360579 0.34351 0348562 0.253962 -0.0152 -0.02543 00064 0181279 004296 -0.0002 -0.11645 0055021 -0.08614 032662 0.030199 0280321  0.0232 0.470971 -0.20848 -0.09516 0.083384 -0.057%8 0031923 0.000887 0163695
BRcV2 | -018503 01342 048515 -0.12253 046026 -0.46758 0.061186 -0.29049 050129 031345 0153999 0203822 0194046 (016373 0278206 0188131 036752 -0.29981 047381 -0.14850 019001 -0.28186 041882 016512 -0.33766 005504 0.248598 0167603 -0.08842 001047 -0 K 0470016 053507 0633296 0504995 -0.06121 -0.05055 -0.1046 0318991 -0.08456 000277 -0.10735 0.244091 0.175387 044628 -0.21529 0.331087 0421017 0246447 -0.36874 -0.05653 -0.0866 -0.21066 -0.13187 022867 0316919
BR VS | -038673 030812 0412 -0.10811 015788 -0.28789 0.086231 0.012603 -0.29884 -0.05129 0573642 04TBATL 0497331 0.4407%8 0578786 0.321775 024327 -0.26966 030254 -0.11479 0.01047 035429 043724 0.010811 020928 -0.0224 0136533 0.176406 -0.01349 0131778 -0.1814 0.350579 0470016 0464448 0:501951 0296596 -0.11905 0.089878 -0.31493 0.264747 013617 0.140027 001633 0.064281 000615 -0.40219 0.151675 0354282 0.025158 0153032 -0.25108 019871 0.209802 -0.14138 -0.16141 0.151047 0.300506
WRc VA (036607 023748 053469 -0.1815 040098 -0.37786 0.033576 0.036411 -0.28502 -0.03505 0438524 0.327774 0360703 0.309433 0431427 0189872 -0.1973 -0.20693 038213 -0.03109 001327 -0.24118 045867 -0.01017 024271 0051401 0167202 000429 013628 0.156087 -0.12633 0.34350 0536077 0464448 0596520 0381251 016452 0.243149 020829 031574 -0.05957 0099183 -0.12077 0238632 0.036269 -0.3409 0083298 0.284461 0.110947 0.128517 -0.33049 -0.17282 0161631 -0.1919) -0.18276 027734 0.201726
SBlRe V5 [-0.36054 047888 058804 -0.03008 041647 -0.43802 0.200625 028218 052098  -0.321 0299681 0187244 0202041 0.A7t504 0335409 0168843 -0.6816 -0.3449 054284 -0.06493 014279 -0.36597 055758 -0.09876 043623 0103291 06572 0472420 -0.14375 0.013323 -0.22173 0.348550 0633096 0.501961 0.598522 0508441 -0.13225 0.016477 -0.18875 0.349842 005067 0.028297 -0.04732 0.329081 0.250219 -0.47545 -0.20201 0495007 0.374614 0249151 -0.44215 022733  0.061 -0.25602 -0.23567 0.383642 0268267
SofRc V6 | -0.12169 007230 -0.19142 0.06432 024861 -0.10523 0016845 0.010938 039865 -0.34424 0107218 0204246 0176898 0196099 0.228751 0.095884 -0.05901 034628 041501 -0.349%9 027702 -0.29781 -0.3645 -0.32484 037804 0082621 0.256401 0075105 -0.02043 -0.09504 -0.21366 0253962 0504995 (0.29666 0.381251 050844 008368 -0.13988 -0.10372 0.269129 005268 -0.12148 -0.12518 0310012 0.214785 -0.28848 -0.31617 0.288201 0.376364 0.280847 -0.2543 -0.05607 -0.08605 -0.19588 006775 0.219042 0.196063
ST|VRLNAL | 0.074935 019655 0207641 0.021012. 005316 0.123145 -0.10351 0006885 0.00464 008962 -0.17908 -0.12138 -0.15276 -0.11029 -0.1662 -0.0309 0.075234 -0.021%9 0014496 -0.09849 -0.09656 0084885 0148935 -0.09214 0012349 0086426 0.010919 0081977 0.052574 -0.04608 0.017042 -0.0152 -0.06121 011905 -0.16452 -0.13025 -0.08368 045733 0.182546 -0.11375 0.075968 -0.02062 0.006533 -0.10783 0025663 0.001678 -0.12583 0.044100 -0.0061 0.077944 008061 0.119842 -0.1287 -0.00091 0.052334 -0.02467 0.001506
et NeL | 0015 -0.24782 019834 -0.12156 0061749 -0.02903 0.045911 0187454 0.263152 0438922 0.378401 0.185887 0247319 0.168549 0241735 0130444 0.121169 0161878 0185372 0.233338 0.233501 0.129651 -0.08335 0248003 0145346 -0.02846 -0.18638 -0.03404 -0.13335  (.409863 0097679 -0.02543 -0.05055 0089878 0.243148 0016477 -0.13968 046733 014476 -0.03785 -0.06643  0.28473 0030119 -0.06643 -0.21861 0.056269 0407459 -0.15758 -0.30674 -0.22452 0187534 -0.17829 0319071 003209 -0.13512 0.077757 -0.12261
0|VHLP3L | 0111556 0.240431 0220094 -0.00324 000824 0.010425 016754 -0.05254 0169115 0.078738 -0.20098 027814 -0.28971 021585 -0.30412 -0.08503 0184498 0.213578 0217589 0.0133% -0.08523 0316843 0311475 0035663 0.141392 -0.04088 -0.09757 -0.12477 0.023084 003665 0184779 005964 -0.1046 -0.31408 -0.20829 -0.16875 -0.10372 0182546 0.14476 063898 -0.02645 -0.01606 00375 -0.12966 -0.05729 0039896 0.118428 010316 -0.1266 -0.08542 0147850 0.040472 -0.12433 0.087778 0143047 -0.19402 020395
40t L | -0.22824 0.15502 -0.25439 -0.01765 -0.10009 -0.10147 0.096752 -0.01529 039233 -0.30246 0.069418 0236385 0.226695 0169924 0.258015 0.087228 -0.27914 039963 -0.43695 006648 -0.0555 036334 041778 -0.17675 -0.29066 0081126 0.246021 0150413 0.062345 -0.20465 -0.25647 0181279 0.318981 0.264747 0.315734 0.349942 0289129 -0.11875 -0.03785 03698 010247 -0.13009 0.360648 0202089 -0.26079 -0.31444 0.294058 0.351149 (018575 -0.34074 0.005064 -0.10893 -0.18855 -0.21645 0.382087 0.260102
A1{RNAH | -0.01166 0162134 0109385 0.013435 0141268 010503 005152 0040881 071517 0.007428 01807 -0.11971 -0.14318 014155 -0.15894 002481 0.14779%6 -0.06273 0109806 -0.03072 -0.01599 0.022364 0144888 -0.11168 0.013465 -0.00036 0.073649 0034252 0.089905 -0.11285 0084159 004296 -0.08456 -0.13617 -0.05957 -0.03987 -0.05268 0075968 -0.06643 -0.00645 000672 040048 0135821 -0.11535 0.016051 0149003 -0.06827 010518 0.02456 -0.02585 006514 0.030242 002089 0.078877 011984 0.061794 -0.01635
A2t NAH 1 0.026412 -0.28925 -0.13375 -0.05082 -0.10024 -0.15092 0.170625 -0.05336 0.139651 029155 0.311851 0106991 0.176489 0.132308 0.19518 0148109 0003076 0.15433 0.140696 0.219002 0.280524 0054597 -0.02521 0.369637 0.228597 -0.03608 -0.22646 -0.01858 -0.06415 0.282375 0.040351 -0.0002 -0.00277 0140027 0099183 0023297 -0.12148 -0.02062 028473 -0.01806 -0.10247 -0.40048 0.12646 01213 02477 -0.0331 0.35978 -0.00965 03109 -0.20594 0.197869 -0.1015 0260934 -0.00256 0.017351 -0.L1704 0.023015
A3|\RLP3H | 0.011371 -0.01322 0016288 -0.07757 010202 -0.02198 -0.11054 -0.09552 0.029156 0043508 -0.01316 0077166 0.082777 0072402 0055089 0.028968 -0.04807 0.046256 0.060332 0.009203 0112318 -0.02404 0.088348 0044616 0.147039 -0.1564 -0.06146 -0.02531 -0.00965 0.028503 0.028775 011645 -0.10735 -0.01633 -0.12077 004732 -0.12518 0.006533 0030119  0.0875 -0.13009 0135621 0.12646
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Figure Al: Copula Correlation Table for ASIC A
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Figure A2: Copula Correlation Table for ASIC C
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B: Copula outputs for all WAT parameters

This section shows the synthetic data generated and compared with real data for each WAT parameter for the 40nm process data.
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Figure AS5: Synthetic Datasets for metal sheet resistances (Con)
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Figure A6: Synthetic data for threshold voltage (V)
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C: Example Decision Tree

The decision tree here is trained on the 40nm device data and split based on freidman_mse parameter.
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Figure A9: Example tree construction for 40nm GBC algorithm
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