Linear Propagation Methodology in Compact
Variability Modeling

Ying Qiao

Electrical Engineering and Computer Sciences
University of California at Berkeley

Technical Report No. UCB/EECS-2011-95
http://www.eecs.berkeley.edu/Pubs/TechRpts/2011/EECS-2011-95.html

August 22, 2011




Copyright © 2011, by the author(s).
All rights reserved.

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission.

Acknowledgement

| would like to first thank my research advisor, Professor Costas J. Spanos,
for his devoted support and experienced guidance over the early years in
my graduate study. Additional thanks go to Professor Borivoje Nikolic for
valuable comments as the second reader of this thesis.

| would like to thank Kun Qian for general advice on this project and Dr.
Sani R. Nassif for supplying the compact model extraction code and wafer
measurement data.

This work was supported by IMPACT funding sponsored by Applied
Materials, ASML, Ebara, Global Foundries, IBM, Intel, KLA-Tencor,
Marvell, Mentor Graphics, Novellus, Panoramic Tech, SanDisk, Synopsis,
Tokyo Electron and Xilinx with matching support by the UC Discovery



Program.



Linear Propagation Methodology in
Compact Variability Modeling

by Ying Qiao

Submitted to the Department of Electrical Engineering and Computer Sciences, University of California
at Berkeley, in partial satisfaction of the requirements for the degree of Master of Science, Plan II.

Approval for the Report and Comprehensive Examination:

Committee:

Professor Costas J. Spanos

Research Advisor

(Date)

* k kkk kK

Professor Borivoje Nikolic

Second Reader

(Date)



contents

ABSTRACT ..ottt ettt s et st e st b e et e e R e b et e Rt e R et et R e b et E et e neen s iii
LIST OF FIGURES ...ttt ettt sttt bt n bt nne s iv
LIST OF TABLES ...ttt bbbttt r bt nne s Vi
CHAPTER 1 INTRODUCTION ..ottt st sne s 1
1.1 IMOTIVATION Lottt s ettt bbbt s bbbt d bbbttt et aes 1
1.2 THESIS ORGANIZATION w..vuvisirttsesesssseeessssesasssessssesessssesassesassssesessssesessssesassesassssesasssesassnsesssesns 3
CHAPTER 2 STATISTICAL COMPACT MODELING.......c.ccooeiiiiiiieieseseee e 4
2.1  COMPACT MODELING FOR STATISTICAL CIRCUIT DESIGN....c.cvvvirirereieriiisssessieiessssssssssesesesssenens 4
2.2 STATISTICAL COMPACT MODEL CHARACTERIZATION ...oeviuiuisireeisesssssesesssssssssesessssesessssssssesans 5
2.2.1 Generic Compact Variability Model EqQuation.............cccoceviiievciieseece e 6
2.2.2 Compact Variability Model Parameter EXtraction ............ccccccvvveveieiecie e 8

CHAPTER 3 LINEAR PRAPOGATION METHOD IN

COMPACT VARIABILITY MODELING .....cooiiiieie et 14
3.1  BACKWARD PROPAGATION OF VARIANCE.......c.ctiitrittienietestresieieesssseteesssisseesesbese e sessesesssessenas 15
3.2 SPATIAL VARIABILITY LINEAR PROPAGATION METHOD ...ccviiiiiriininieinisieieeseeieie e seenenas 18

3.2.1 Hierarchical Variability Modeling ..........cocooiiiiiiiiiieecee e e 19
3.2.2 Linear Regression on Spatial Variability COeffiCIEntS...........ccovvriiiiiiiiccee e 20
3.3 TEST BENCH IMPLEMENTATION ....ucutiittttuiiateteseeststesesesassesesessesesessssesesessssesesessssssesessssssessssasasas 22
3.3.1 Electrical Measurement Data STrUCTUIE ...........cooiiiiiiierieeiece e 23
3.3.2  Compact Model SEIECTION.........ceiiiie ettt s nne s 24



3.4 SIMULATION RESULTS AND DISCUSSIONS ...vvvviiieeiieiitreriietesssssiibeeeresessssssssseeesesessssssssssssssessssnnns 27

3.4.1 Sensitivity Matrix Simulation and VerifiCation ..o 27

3.4.2 Linear Propagation Calculation Results and DiSCUSSIONS..........cccccvvevieiiiieenieseeie e eeesie e 33

CHAPTER 4 PARAMETER SET SELECTION

FOR LINEAR PROPAGATION METHOD .....coiiiiiiiecieeee et 42
41  COMPACT MODEL PARAMETERS SELECTION ...cciuiitiiiiieieieiisisiesiisre s sne s 42
4.2 ELECTRICAL MEASUREMENTS SELECTION ....octiiiiiisisesesenessesssesesesesssesesesesesesessssnsssssssssssens 45

CHAPTER S CONCLUSION .....oiiiiieitee ettt ae e sneeaesneesseeneens 51

ACKNOWLEDGEMENTS ...ttt ste et neenneenseaneennees I

BIBLIOGRAPHIY ...ttt sttt te et e s e s te et e s e s beenteeneenreesteaneeaneenneans I



Abstract

As integrated circuit manufacturing enters the nanometer regime, system performance
variations are increasingly introduced through the growing complexity of the processing steps.
Compact variability modeling has been widely studied for statistical circuit simulation to connect
technology and design activities. Conventional statistical compact model parameter extraction
methodology is not aware of the hybrid-hierarchical variation structure in the manufacturing
processes. In this work we propose an efficient variability aware compact model characterization
methodology based on variance linear propagation. Hierarchical spatial variability patterns of
selected compact model parameters are directly calculated from transistor array test structure

current/voltage measurements.

In our implementation, spatial variability models of selected compact model parameters are
created by linear regression on spatial pattern fitting coefficients with spatially modified
sensitivity matrix. Good match is realized between our results and compact model parameter
reference set obtained by full-wafer, direct model parameter extraction on a simple compact
model and 65nm SOI industrial measurement data. Proper selection of both variability-aware
model parameters and sensitive electrical measurements are also studied in this thesis work.
Extensions on the proposed methodology can be applied to more complex compact models and

more advanced hybrid-hierarchical variability models.
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Chapter 1

Introduction

1.1 Motivation

Reductions in cost-per-gate and improvements in overall integrated circuit performances have
pushed the silicon manufacturing into the nanometer technology era. However, the benefits of
aggressive scaling on transistor feature sizes are diminishing due to the variations introduced
through the increasingly complicated processing steps. Though compact variability modeling has
been studied ever since 1990s [1-1], the impact of both random [1-2] and systematic [1-3]
variations has evolved dramatically with new manufacturing techniques and transistor structures.

With restrictive layout design rules and limited transistor geometric diversity, simpler compact
variability models for statistical circuit simulations establish a critical link between technology
and design activities. Statistical circuit design requires concise and simple models capturing

nominal, corner and distributional information of process variations. Conventional statistical



compact model characterization methodology, i.e. model parameter extraction, is not aware of
the hybrid-hierarchical variation structure in the manufacturing processes. This motivated us to
find a proper way of characterizing compact models used in statistical circuit simulation for

accurate prediction on circuit performance deviations caused by process variations.

The flow of compact variability model characterization is shown below. Implied in this flow is
the need for efficient test structures to capture key elements of process variability; and reliable
characterization methods to extract variability-aware compact model parameters [1-4]; we will
finally integrate these advanced compact variability models into the existing statistical circuit
design flows. Therefore, in this thesis work, we propose and implement a linear propagation
based method for compact model variability characterizations. Hierarchical spatial variability
patterns of selected compact model parameters are directly calculated from transistor
current/voltage measurements. Effectiveness and efficiency of our methodology are evaluated,

while possible improvements are also discussed.

Distribution of

< ADD <y Electrical Data
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Figure 1-1 Compact Variability Model Characterization Flow



1.2 Thesis Organization

The remainder of this thesis is organized as follows. A review of the statistical compact
modeling and recent work on compact variability model parameter extraction will be presented
in Chapter 2. A spatial variability pattern linear propagation method is proposed in Chapter 3 for
compact variability model characterization. Test bench implementation along with simulation
results and verifications are also presented in Chapter 3. Next, selection of extractable compact
model parameters and measurement data points used in our proposed methodology are discussed
in Chapter 4. Finally, Chapter 5 will present a summary of the work and give conclusions, along

with possible directions for future work.
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Chapter 2

Statistical Compact Modeling

2.1 Compact Modeling for Statistical Circuit Design

With the aggressive scaling in the manufacturing society, circuit designers rely more on the
statistical design methodology for overall yield guarantee. Most analog and digital circuit
designers working on the cutting-edge technology employ SPICE-based simulators to perform
complete statistical verification on the nominal design. Monte Carlo analyses on primitive cells
combined with statistical static timing analysis are widely used in digital IC designs, while
worst-case corner analysis leads the statistical simulation in analog/mixed signal designs. For
both circuit designers and technology developers, compact models establish a critical link

between the two societies [2-1].

Development of a truly physical and predictive compact model equation that covers geometry,

bias, temperature, DC, AC, RF, and noise characteristics becomes a major challenge when



technology goes into the nanometer regime. Moreover, as for statistical circuit simulation

accuracy and efficiency, compact model developers are required to provide proper corner model

parameter files as well as model parameter variability distribution files [2-2]. This imposes more

challenges onto the model characterization and parameter extraction procedures.

Process Space

Model Space

Il Dose

s,
“or

U0
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Fall Time

Figure 2-1 Compact Modeling for Statistical Circuit Design Scheme [2-3]

2.2 Statistical Compact Model Characterization

Several statistical compact modeling techniques are reviewed in this section with more focus

on the compact model parameter characterizations. For better conceptualization of the statistical



variations in the IC manufacturing, a four-level scheme is used to demonstrate different

statistical modeling levels [2-4]. Modeling at the SPICE compact model parameters s is the most

common way; while with physics-based predictive compact models, statistical compact

modeling is more preferably done at the physical process parameters p level, which has fewer

variables and simpler variability correlation structure. We will discuss more on this topic in the

next chapter.

Table 2-1 Statistical Variations Modeling Levels

Level Examples Number Comment

process inputs i implant doses and energies anneal 100's Uncorrelated
ramps, times, temperatures oxidation
ramps, times, temperatures

Process parameters p R:pg Apr. Apr 10's Nearly
MOS:Np, Tox, Vib. AL Aw Uncorrelated
BIT: pspe- N epi- Are J bel. P sb

SPICE parameters s Rips. A, Awr 100'sto  Highly
MOS: Nb, Tox, Vth, AL, AW 1000's Correlated,
BIT: IS. BF, CJE. VAF, RB, IKF poor

statistically

Device/circuit
performances e

Device: R, V ¢ho, I dsats € o L & P %
Circuit: © , Pyjs. Vor. Om. P1DB

2.2.1 Generic Compact Variability Model Equation

Most commonly used statistical compact models fall into the following two categories: 1)

corner models for circuit worst-case analysis and 2) variability distributional models for Monte

Carlo circuit simulation. Industrial standard compact models [2-5], including BSIM, PSP, HiSIM



and EKV, ACM, are extended to generate statistical compact sub-models or parameter files in

either category for statistical circuit design.

A generic compact variability model equation can be used for statistical compact modeling

with any specific nominal compact models [2-6].

Apq X1 dgiun - 9im
o)) o= = 0h)
Apm Xm Im1 ° Gmm
Ay, Ap, 1t Tim .
(E)ER( : ),Rz(f > and rij:% (2.2)
Ayn Apm Wi = Tam Tpo

In this generic compact model variability model, x; is an independent random variable of

standard normal distribution. Ap; is the deviation from nominal value of the i compact model
parameter, while 4y; is the deviation from global average of the i specific measurable electrical

quantity of interest. Here, the G matrix represents the Gaussian variances in the parameters.

Though variations are more strictly described with hierarchy, e.g. global systematic effects due
to manufacturing, plus local effects intrinsic to device structure [2-7], the simplified assumption
in the model above is efficient-effective for single device statistical compact modeling.
Moreover, different nominal compact models will generate different R sensitivity matrixes,
which establish the basic equations for further statistical model characterization. The
linearization in the model sensitivity calculation is valid for small process variation, i.e. small x;,

which is common in mature or near-mature technology.

Though various nominal compact models are developed with different emphasis on device

physics description and circuit performance prediction, the statistical extensions on model



equations are similar to the ones above. It is indeed the model characterization or parameter

extraction methodology that distinguishes different statistical compact models.

2.2.2 Compact Variability Model Parameter Extraction

In addition to a generic compact variability model equation, we need to develop statistical

model parameter characterization methodology [2-8] and a generic flow is shown below.

Target IC Technology

Electrical Data Collection

multiple
wafers

A 4

Analyze Physical Effects of Variability

over a time

multiple die -

multiple lots

Select Corresponding Compact Model
Parameters

Determine the Variability Limits

Models for Statistical Circuit Simulation

Figure 2-2 A Generic Statistical Compact Modeling Characterization Flow

As standard worst-case models first proposed in 1986 [2-9], researchers have developed
optimized statistical compact corner models for statistical circuit design [2-10]. Variability

distributional models proper for Monte-Carlo simulations are also developed with the help of



first principle, atomistic-level device simulations [2-11]. We will briefly review the pros and
cons of several compact variability model characterization methods. This section establishes a

good background for further discussion in the next chapter.

A Performance-Aware Model (PAM) [2-10] was recently proposed to generate accurate and
application-specific, i.e. speed, power, gain, etc., model cards at any yield levels for both corner
analysis and Monte Carlo simulation. PAM presents an improved methodology for determining
the variations of the SPICE model parameters from both physical parameter variations and

electrical-test data variations, as shown below.

PAM methodology demonstrates good compatibility with current EDA tools and industrial-
standard nominal compact models. Pseudo electrical-test distribution data can be generated using
predictive technology model to assist variation capturing in critical model parameters, e.g. Vi,
and mobility. However, as traditional corner model methodology, PAM only addresses the
device intrinsic random variations but not systematic proximity-related variations. Statistical
characterization and parameter extraction is also time-consuming due to the large number of

application-specific model cards generated.



Random-Variation Input:
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Corner Models SPICE Corner

| Select application-specific — Simulations
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voltage gain, etc.) for +-2¢g, + -1g, etc

J

Device-Circuit Co-evaluation

+ Generate a large set of pseudo model cards
using decomposed variation components ,
also corresponding circuit fabric performance

Figure 2-3 Standard flowchart for PAM variation characterization [2-10]

Atomistic-level device simulations have been recently used to establish a two-stage statistical
compact model parameter extraction strategy to capture the process variations [2-11]. The
procedure is shown below. A set of compact model parameters are chosen to capture the
combined statistical variability sources. The final outcome of this direct statistical parameter
extraction strategy is a statistical set of compact models with particular parameters representing

physical variations within the devices.

By applying this strategy, the correlations established in the nominal compact model between
key transistor figures of merit are well preserved. This leads to good correlation between
simulated electrical performances and key statistical compact model parameters, which indicates
that their physical meaning is maintained during statistical extraction. However, the lengthy

simulation time of atomistic-level 3D device representation limits the application of this strategy.

10
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Figure 2-4 Atomistic-level Simulation Enabled Compact Model Parameter Extraction Scheme [2-11]

Process variability structure-aware compact model parameter statistical extraction procedure is
newly developed by targeting general goodness of fit of all transistors across the wafers [2-12].
The proposed procedure, shown below, divides compact model parameters into groups and
performs statistical extraction only on the group of compact model parameters which have first-
order effects on device electrical performance and have weak correlation to process control

measurements.

This method enables the hierarchical variability structure being preserved within the carefully
selected set of compact model variability-aware parameters. Physical correlations between model
parameters within the nominal compact model are also well preserved. However, the large
number of needed individual device compact model parameter extractions increase the overall

characterization time despite the small parameter subgroup size.

11
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Chapter 3

Linear Propagation in
Compact Variability
Modeling

Statistical compact models properly characterized for process variability are important for the
design of high-yield integrated circuits. Although it is important to understand the underlying
physical mechanisms that cause variations in device performances, the ultimate goal of compact
statistical modeling is to accurately represent variations of simulated circuit characteristics. This
chapter includes a brief review of a statistical compact modeling method, namely Backward
Propagation of Variance (BPV), and then proposes a spatial variability pattern linear propagation
method based on BPV for fast statistical compact model characterization. Basic calculation

results are presented here while further improvements will be discussed in the next chapter.

14



3.1 Backward Propagation of Variance

The Backward Propagation of Variance (BPV) method is a unified approach for physically
based statistical compact modeling. The method was first proposed to better characterize BJT
compact modeling [3-1][3-2], while recent extensions and enhancements [3-3][3-4][3-5] make it
suitable for characterizing global and local statistical process variations via industrial-standard

compact models.

The BPV method formulates statistical models using a set of independent, normally distributed
process parameters p. These parameters control the variations seen in the device electrical
performances e through the behavior described in the SPICE nominal compact models. With
hierarchically structured variations captured in electrical data, calculated compact parameters
using BPV can maintain the hierarchical variation structure and thus support more accurate
simulation results for statistical circuit design. Here backward propagation refers to estimating
the model (or process) parameters (p) from electrical data (e) through sensitivity characterization.

This should be distinguished from forward propagation (from p to e) through SPICE simulation.

MOSFET electrical performances (i.e. lgsa) are collected from test wafer measurement
datae; (i = 1,2, ..., m); while process related compact model parameters (i.e. Vi) are selected
among the characterization set p; (j = 1,2, ...,n)while avoiding including parameters that are
strongly correlated with each other. With the typically small manufacturing variations at a stable

technology node, it is acceptable to use a local linear approximation around the nominal values

of B = (1, . )" :

e; = e;(p) + Xj=15:(0j — P)) (3.1)

15



— 2
Uezi = Z?:lsijo_gj (3.2)

The respective sensitivities are then defined as

Sij = 6;i_zfjp) B (3.3)
p=p

For m electrical performance measurements e = (e, ..., e,,,)” and n process related compact

model parameters p = (py, ..., )7, We have an m X n linear system

Ae = SAp; Ae=e—e(P), Ap=p—-DP, S=| (3.4)

Sij]i=1,2,...,m;j=1,2,...,n
0% =To?; o2 = (d2, ..., 02 )T o2 = (d2,..,02 )T (3.5)
e = 10p Oe = \Oeyy s 0y ) »Op = \Upys - Opy -
And the sensitivity matrix is
2
a .
9pj _
P=pPli=1,2,.,m;j=1,2,..n

For a complete set of device performance electrical test measurements (large m) and carefully
selected variation-aware compact model parameters (small n) so that m>n and Eq. (3.4) (3.5) are

solved using multivariate least square fit or other linear regression methods.

Note that scaling is needed for some variables (either e or p) to improve the condition number
of the matrix; while this scaling is implied, it will not be explicitly shown in the following

application example of BPV with PSP MOFET model [3-4].

16



- 2 a9 -
r o, ( Vi )3 . ( Vi) )‘ ( Vi) )‘
Ty — o aVFBO(N) ALAPIN) r.2 7
W Toxao v
i) TOX0 0 o —
L 2 2
5 Al V- 2 sy Sl4sN)
T — \ a70%0 | TToxo aVFBO(N) ALAPIN) 2
) 2 2| | “LarN
2 Ve YV 2 = d¥inp) ¥ "
ew — | 3T0x0 | “TOx0 aVEBO(P) ALAP(P) OVFROM)
0
) 3 2 2
o () (#5m) - (20) | |
oy oo — i g SVFBO(P SLAP(P =
Tasim amxa) TOX O ) ) ) ) } ) O AR(PY
e — { g }— e it - dty g g - =
- Tl aroxo Toxo 4 | | BVEBOINY SLAFN) FVFBOT) SLAPTF) | |
ELECTRICAL PERFORMANCE LIST PSP MoDEL PARAMETERS LIST
Device (W/L, um) | & Description Model Parameter Description
Large (10/10) Vi | Threshold voltage for large devices TOXO Oxide thickness
Short (10/0.2) Vi | Threshold voltage for short devices VFBO Geometry-independent flat band voltage
Ig | Saturation corrent for short devices VFBL Length-dependent flat band voltage
Marrow (0.24/10) Vi | Threshold voltage for narrow devices o Zero-field mobility
Small (0.24/0.2) Vim | Threshold voltage for small devices LAP Channel length variation
Iam | Saturation current for small devices WOT Channel width variation
RO ) Gate delay for ring oscillators

Figure 3-1 BPV Characterization Method Implemen

ted with PSP Compact Model [3-4]

Here T, is obtained from process monitoring data and therefore TOXO is calculated directly in advance;

This application example also demonstrates the selection criteria of e in the BPV method.

Electrical measurements of devices that strongly affect target circuit performances are selected as

key quantities in e. Knowledge of circuit applications

selection. From the above example, the saturated drain

and device operations should guide this

current (lgsar) Of a short channel device

(wide/short) is highly correlated with the switching speed of ring oscillators (tg), and thus is

chosen as one of the e;’s. Conversely, bias conditions or device geometries that are far removed

from typical circuit applications are less likely to be chosen. Moreover, selection of e is also

required to make p observable, and this requires that the sensitivity matrix S which is at the core

of the BPV linear system is well-conditioned.
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A comprehensive formulation of the BPV procedure [3-5] that handles quadratic nonlinearities
in the e-p mappings is reviewed below. A second-order Taylor expansion of e around nominal p

gives
e; = e;(p) + Xj=151,j6p; + Xjk=15jx0P;j0pk; Opj =Pp; —P; (3.7)

The second-order sensitivities are

Sijk = %% - (3.8)

and the first two statistical moments of e are
He, = €i(P) + Xj-151j0p, (3.9)
08, = L1500, + 2 Xjk=1 510, (3.10)

From previous work on BPV, the linear version is often sufficient and the quadratic version is
only necessary occasionally. We will show in later sections that linear BPV is suitable for our

test-bench implementation.

3.2 Spatial Variability Linear Propagation Method

The Backward Propagation of Variance (BPV) method is highly extendable to incorporate
hierarchical variation models [3-6], which accurately describe the variability structure in the
electrical measurement data. The superimposition property of linear systems makes linear BPV

applicable to spatial variability characterization in compact models, as discussed in this section.
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3.2.1 Hierarchical Variability Modeling

Process variations usually have very different properties, and among them, spatial variations
are of critical importance in linking design and manufacturing activities. Statistical spatial
variations include both deterministic and random components. Certain types of deterministic
variations are hierarchical in nature, while random variations can be modeled as white noise and

added to the baseline, as depicted in the following figures.

A
Lgate
e P SOV 9 e N P
<>
d W \y v 'y A N
“->

O
<>

ad

Along wafer axis

Figure 3-2 lllustration of variability hierarchy [3-6]:
a) wafer-to-wafer [random shift] b) across wafer [systematic pattern]
¢) die-to-die [random shift] d) across die [systematic pattern]
e) (within die) layout dependent [systematic] f) (within die) device-to-device [random white noise]

For simplicity, and without loss of generality, the total variation can be expressed as

P =Py + APy + APy + APypq + AP, _4 + APlayoutt + Edevice (3.11)
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In the expression (3.11), P represents the actual parameter value while Py is the nominal value.
Wafer-to-wafer shift 4P, and die-to-die shift 4Py,q are typically random numbers. Across
wafer 4P, and across die 4P,.4 Systematic spatial patterns are usually parabolic due to the
circular wafer shape and approximate radial symmetry in most processing chambers, as shown

below.

AP,_, = a+ bx+cy +dxy + ex? + fy? (3.12)

As for variations from devices within a single die, both layout dependent deterministic
components APjayou and pure random components gqevice €Xist. As the technology advances into
the nanometer regime, local random variation sources for devices, such as line-edge roughness

(LER) and random dopant fluctuation (RDF), play increasingly significant roles in final yield.

3.2.2 Spatial Back Propagation of VVariance

Assuming a hierarchical variability structure, we apply a novel extension to the linear BPV
statistical compact model characterization method. The proposed method will obtain hierarchical
spatial pattern of assigned compact model parameters directly from test wafer electrical
measurement data. This propagation method applies linear regression on the coefficients of the
hierarchical spatial variability model, i.e. a - f in 4P,.,. An illustration of this method is shown
below. The compact model sensitivity analysis is done at the nominal value; and the spatial
coefficients hierarchical variability model (rather than statistical moments, such as variance or

mean value) in measured I-V data are linearly propagated to selected compact model parameters.
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Figure 3-3 Illustration of Spatial Variability Pattern Linear Propagation Method

For better application of our method, the hierarchical variability model is modified as (for

single wafer data from transistor I-V test arrays)
P, = Pyo+ APy_y + Eresiquar; APacw = Ao + A1x + Ay + A3xy + Aux? + A y? (3.13)

The BPV method is extended for across-wafer component spatial pattern linear propagation.

From now on we will use the term Spatial Back Propagation of Variance, or SBPV.
de;(x, ) = Xy 51606, y) = Xy 51 (Ao + Ao jx + Aajy + Az jxy + Ay jx% + A5 ;y?)
= Xj=1Sijhoj + (s52)A0; + (5i7¥) i + (51%Y) A3, + (51j2%) A + (5372 s

= Z?:l(sij)spatial 'AjT (3-14)
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The sensitivity analysis is done around the nominal value, i.e. wafer-mean

de;i(p)
sij = Sij(x,y) = —Zp? (3.15)
P=Pwo

The SBPV linear regression equation is

be = S6p = Sspatial)l

Se = (Se1(x,y), ..., Sep(x, y))T, §p = (6p1(x, ), ..., 5pa(x, y))T (3.16)

The spatial coefficients and modified sensitivity matrix are

A= (11, L An)T = ([/10,1: /11,1: /12,1' /13,1' /14.11 /15,1]' ey An)T (317)
Sepatiat = |(s)_ ], _ |2a® (. y) (3.18)
spatial U/ spatial lj==1i,22",'.'_’zll; LTI M spatial component ij=_11’22""":l1‘ .

3.3 Test Bench Implementation

To demonstrate the effectiveness, we tested the SBPV method on actual test wafer data
(transistor array |-V measurements) and standard compact models (EPFL-EKV model). Test
bench setup details, including measurement data structure and compact model selection, will be
discussed in this section while simulation results, verifications and discussions are shown in the

next section.
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3.3.1 Electrical Measurement Data Structure

A set of transistor I-V measurement data from a 65nm SOI technology test wafer is used in our
test bench for illustration of our spatial variability linear propagation method. DC current/voltage
measurement on transistors with 7 different W/L geometrical combinations is completed with
one full test wafer containing 68 dies. There are 432 measured repetitions (48 rows, 9 columns)
within one die for one particular transistor geometry. Each NMOS transistor device under test

(DUT) has 100 measurement points on the 14~Vqs/Vgs curve in the range from 0V to 1V.

Table 3-1 Transistor DUT Geometries

DUT 1 2 3 4 5 6 7
L[nm] 60 60 60 60 70 100 150
W[nm] 500 375 250 120 500 500 500

r AT13 741 75(76 |

= | /12770 69|68 67 &Y

o |7 |58 59 60 9| 62]63] 641N

© /56|55 5453 5251|5049 48)

w41 a2] 4] x| x [aa] a5 | a6du7

u-‘ 40 |39 |38 | x | x| X 3{:_35‘34

o\ l26]27] 28] 2 x [30]31]32]33}

9] 122]21[20]19]18] 17/

\m 11,1213 14 15_15/" Nominal
9

| 5 4: 432 transistors of each
3 | sizewithin one die

Slow

Fast

Very Slow

-
=

—% 7 8 0 e

Figure 3-4 Wafer Map and Summary of Data Structure

23




A wafer map summary of this data set structure is shown above. As seen, the wafer is
intentionally separated into fast/slow stripes in addition to nominal region. The transistor
geometrical combinations are also listed above. As will be discussed later, we apply our test only
on the DUTs with the smallest channel length and width, which capture more sources of
variations while providing acceptable accuracy in model parameter extraction and sensitivity
analysis. This device selection will help us distinguish and evaluate different components in our
spatial variability linear propagation method. Moreover, a global model card that could describe
transistors of any size is not achievable and individual nominal model card should be generated
for each transistor size. This can be explained that modern manufacturing processes are
optimized for devices of different target dimensions, e.g. optical proximity correction (OPC), and
that a significant departure from the optimal channel length will induce additional localized
process variability. Therefore, initial nominal compact model parameters are independently

extracted for transistors of different sizes.

3.3.2 Compact Model Selection

Transistor compact models consist of complex equations covering a wide range of operating
regions, from saturation to cut-off where the drain current changes by many orders of magnitude.
The geometric diversity of the transistors also demands additional fitting parameters to the
compact models for good overall performance curve fitting. Therefore, hundreds of model
parameters are needed to be extracted before real application in SPICE circuit simulation. Many
of these parameters carry vague or no physical meaning, and thus cannot be easily used in order

to capture the actual variability of the manufacturing process.
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As discussed above, the transistor array |-V measurements mainly describe the DC
characteristics of the device compact model. Due to the lack of accurate off-current
measurements, a full-scale industrial standard transistor compact model, such as BSIM or PSP
model, is not necessary for our data set. Furthermore, limited transistor sizes will not support the
extraction of the large numbers of parameters typical in “complex” models, which is critical for
sensitivity analysis and S matrix creation. This makes these “complex” models unsuitable for

testing SBPV on this particular dataset.

The EPFL-EKV model [3-7] is a scalable SPICE simulation compact model built on
fundamental physical properties of MOSFET. The EKV model is also introduced within a

complete, statistically efficient and simple characterization methodology [3-8].

Table 3-2 Main EKV Intrinsic Model Parameters [3-7]

Name Description Units
COX Gate oxide capacitance F/m
VTO MNominal threshold voltage v
GAMMA Body effect factor vi2
PHI Bulk Fermi potential (2x) Al
KP Transconductance parameter AV2
THETA Mobility reduction coefficient v
UCRIT Longitudinal critical field Vim
b9} Junetion depth m
DL Channel length correction m
DW Channel width correction m
LAMEDA Depletion length coefficient -
LETA Short channel effect coefficient -
WETA Narrow channel effect coefficient -
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Table 3-3 Summary of Basic EKV Model Equations [3-7]

Description Equation

2
Pinch-off Vp = VG'-PHI—"(-( VG""(%,) _%JJ

voltage
VG' = VG—VTO+ PHI + GAMMA - J/PHI
S| fact no=1+ GAMMA
ope factor = e
pe [V, +PHI
Transconduc- W
{tance, mobility B =KpP- /8 l
reduction qu I + THETA - V.P
Effective - -
llength & width| L= L+DL, Wy = W4 DW
V ’
g DS
qu = Lt’ff AL + SCRIT
Ve
AL = LAMBDA-L.-In| 1 + ——ue—r
L(‘ -UCRIT
Channel ]
length €€, ;
modulation & L. = 2RI
velocity CcoX
saturation Vp=Vss V' s Vpss
0<Ve< V= Vo= Vpel
Vg and Vg are continuous functions, V,¢s and
Vpss' depend on bias, Ly UCRIT and LAMBDA
£.E .
Q% si LETA
Short & Y:GAMMA——-[ - JVp+ PHI
) nar{m% . COX LL+DL
channel effects LETA -WETA
+(L+DL— W+ DW ) JVs* PHI]
!D = IF—IR

Drain current 15' exp [ (Vp- VS(D) ) /U:] (WD)
and Specific | /g p = :
(R) Is- [(Vp=Vspy)72U]" (SD

current 5
Ig=2-n-B-U, Us=k-T/q

In our test bench implementation, a nonlinear-least-square-optimizer based EKV model
parameter extractor, provided by IBM Austin Research, is used to obtain the nominal compact

model. We also perform direct model parameter extraction using this extractor on each transistor
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as a reference set for result verification. This extractor is capable of extracting all the main
intrinsic model parameters listed in Table 3-2 Main EKV Intrinsic Model Parametersand provides
fitting error (SSE) of each extraction executed. It can also be tuned to extract partial set of model
parameters with other parameter values set to nominal, which is important since we will perform

various verification runs for our linear propagation method calculation.

3.4 Results and Discussions

In this section, we will present the calculation results using our proposed spatial variability
linear propagation method. We will first apply the basic linear BPV on our data set as a reference
and validation of our implemented algorithm as well as sensitivity matrix calculation. Then the
spatial variability model is fitted on electrical measurement and linearly propagated backwards to
selected EKV model parameters. We establish a “golden” verification set from time-consuming
simulations, i.e. performing model parameter extractions on every individual transistor all over
the wafer. Discussion on the effectiveness of our method is based on comparisons to this

verification set.

3.4.1 Sensitivity Matrix Simulation and Verification

The sensitivity matrix in (3.3) and (3.18) is critical to linear BPV method and our proposed
spatial variability pattern linear propagation method. In this section, we will simulate the
sensitivity matrix at nominal EKV model parameter values (obtained from the wafer

manufacturer’s initial model) with HSPICE using finite normalized difference method (5%
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perturbation around nominal values). This sensitivity matrix is then applied in the

characterization procedure using basic linear BPV for verification and validation.

As from previous work [3-10], we select 5 points on the measured I4~Vgs/Vgs curve for our
electrical performance e set, as shown below. From [3-9], four EKV first-order intrinsic model
parameters are chosen as our model parameter p set, including VTO (long channel threshold
voltage), KP (transconductance parameter), UCRIT (longitudinal critical field for mobility) and
LAMBDA (junction depletion length coefficient). An improvement on the choice of both e and p
set will be discussed in the next chapter. Here, we just establish the 5>4 linear system based on

the chosen p and e sets.

Table 3-4 Electrical Performance Metrics Set e

I-V Points I P I3 l4 I5
Vs [V] 05 05 1.0 1.0 1.0
Vs [V] 0.1 1.0 0.2 1.0 0.1

x 10° Nominal Id ~V__/NV_ _ Curve of a Typical DUT (L=60nm, W=120nm)

gs ds
9 T T T

T ! ] T T




The calculated sensitivity matrix for our linear system for the DUT (L=60nm, W=120nm) is

—6.0669 1.003 0.0988 01729]

de.p) —3.8630 0.9998 —0.3363 4.8130
S=|5, _ —|—o.9795 1.0002  0.2507 0.1847 (3.19)
J Ip=pyoli=12..5; | 09366 1.0001 05507 07071 |

=2t 1-0.8924  1.0002  0.1974 0.0527

We also have built the linear system for basic linear SBPV. Here, all the figures of merit are pre-

processed with centering and normalization in order to condition the above sensitivity matrix.

_511,a—w/1 ]
1,0
dvto,_
61y -y /I ¢ W/ vto,
2,0
vtog 0l lambda, 0I; -| 5kpa_w/
8 a_w/ B I dvtolg I,o @lambda of kpo
C I = ; : . (3.20)
| too 615 lambday  9ls | ducrit,_, .
Olyqew l Iso dvtolg Iso dlambda OJ ucrito
/ L0 Slambdag .,
lambda,
515,a—w/
Is

Here, I ,.w Stands for a particular die mean value of the electrical performance metric i, which
averages over 432 identical transistor DUT replications within one die and only leave the across-
wafer deterministic variability component unattended. The above linear system is solved using
the least square fit algorithm embedded in MATLAB and repeated for all 68 dies. The derived
compact model parameter sets are shown in the figure below, with the across-wafer variations
clearly shown on the wafer map. The absolute values of the compact models have physical

meaning and can be directly input to HSPICE simulator for statistical circuit simulations.
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Calculated Parameter VTO Die Mean Value (L=60nm W=120nm) Calculated Parameter KP Die Mean Value (L=60nm W=120nm)
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Figure 3-5 Wafer Maps of Linear SBPV Calculated EKV Model Parameters
VTO, KP, UCRIT and LAMBDA across-wafer variability
is clearly shown on the DUT (L=60nm, W=120nm) of the data set

We have generated a reference EKV model parameter across-wafer data set by performing
compact model parameter extractions, i.e. by fixing all the other parameters at nominal values

while leaving the 4 selected parameters for optimization by the extractor, on every individual
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transistor across the entire wafer (for a particular geometry, total of 68>432=29376 DUTs are
simulated). Statistical analysis, as shown below, is done on the voluminous extraction results in

order to generate die mean values of the selected EKV model parameters.

30000007

20000003

E L] ] -
L LALLLL Y LR L Ly L R L LR LA LR Ry N LR UL LR LI Y IR LR LR L AL L

03 04 05 06 00005 00007 2000000 5000000 1.3 1.5 1.7 1.8

Figure 3-6 Basic Statistics of ""Golden'" Extraction Set
(generated by commercial software JMP)

Correlation analysis is then done on the linear SBPV calculated model parameter die mean
values versus reference extraction set values. Correlation coefficients close to 1 are achieved for

all 4 compact model parameters. Therefore, the sensitivity matrix S calculation is verified and
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can be implemented in our proposed spatial variability linear propagation system, as discussed in

the next section.

WTO_callr=08715 - KP_calr=08660
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ST O
0.46 — = 0.000654
3
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Figure 3-7 Comparison between SBPV Calculated Results and Extracted Reference Results
Correlation coefficients close to 1 are achieved for all model parameters (GOOD MATCH):
pVTO=0-97155 pr=0.9660, pUCRIT=0-83189 pLAMBDA:O-9879
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3.4.2 SBPV Results and Discussion

As described in the previous section, our proposed method will be tested on previously defined
54 linear system with electrical performance data (l4,,., Is) and EKV model parameters (VTO,

KP, UCRIT and LAMBDA).

Similar to (3.12) and (3.13), we can rewrite the compact model parameter across wafer

variability pattern as
(Svtoa—w (xdie#J ydie#) = /10,vto + Al,vtox + Az,vtoy + /13,vtoxy + /14,vtox2 + /15,%0)/2 (3-21)

Here, spatial coordinate variables, x and y, are the corresponding die positions (vertical and
horizontal, as shown in Figure 3-4 Wafer Map and Summary of Data Structure on the wafer. The
parabolic pattern shows good but not perfect fit for the spatial variability model; we will discuss

more about this later in this section.

Finally, we get the normal equation for spatial variability pattern coefficient linear regression

procedure.

[ 011,a-w(Xdie#1,Ydie#1) T
I10 _
. Ao,vto
811,a-w(Xdiet76.Ydiett76) :
I10 AS,vto
= Sspatial ’ : (3.22)
8ls,a-w(Xdie#t 1Y diett1) AO lambda
Iso :
- 2
615 g-w(Xgie#1,Ydie#1) -*5,lambda-
L 15'0

Here, as shown in (3.18), we implement the Sspaiar With our previously calculated/verified

sensitivity matrix and then get the spatial sensitivity matrix.
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Snwto Sukp  Shucrit  Shlambda [ —6.0669 1.003  0.0988 0.1729
[Slz,vto Skp  Shyucrit Slz,lambda] —3.8630 0.9998 —0.3363 4.8130
S =|Sivto Sizkp  Shucrit  Silambda =|—o.9795 1.0002  0.2507 0.1847
514,vto 514,kp 514,ucrit 514,lambdaJ l—0.9366 1.0001 0.5507 0.7071J
Sigwto  Siskp  Sigucrit  Siglambda —0.8924 1.0002 0.1974 0.0527

_ e (x,¥)
Sspatial | ap: . (3.23)

pj | _ spatial component|;—1, s.

P=Pwo =12,.5;

j=1,2,..,4

[SI t SI t 'xd' #1 S . 2, ......... S S X S . 2.

| 1,Vto 1,Vto e I,vto " Vdie#1 I1,lambda I1,lambda ~ *die#1 I,lambda " Vdie#1 ]l
lSI t SI t 'xd‘ #76 eee S . 2, ......... S S NPT S . 2 J
5,Vt0 5,0 e Is,vto Vdie#76 Is,lambda Is,lambda * *die#76 Is,lambda YVdie#76

The proposed SBPV method is applied on the DUTs of smallest DUTs (L=60nm W=500nm)
all over the test wafer. The selected 4 EKV compact model parameter spatial variability models
are then built with calculated coefficients from the linear regression system. For comparison with
the reference set, we calculate the absolute mean values of the compact parameters of all the dies
on the wafer from this spatial variability model. Correlation analysis similar to the one employed

for linear BPV implementation verification is used and the results are shown below.
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Figure 3-8 Comparison between Spatial Variability Linear Propagation Calculated Results
and Extracted Reference Results
Correlation coefficients for all model parameters:

PvTO spatia=0.4754, PKP,spatiaI:o-6386: PUCRIT spatial=0.4028, PLAMBDA,spatiaI:O-6301

As seen from the comparison results and coefficient analyses, there is only moderate

correlation (p around 0.5-0.6) between extracted reference values and model parameter values

obtained from calculated coefficients in the spatial variability model.
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The errors responsible for the errors in the moderate correlation structure come from two
major sources: 1) calculation error in SBPV, i.e. linear regression on the coefficients; 2)
modeling or fitting error in the simplified hierarchical spatial variability model, especially in the
assumed whole wafer parabolic variability pattern. In order to decompose the errors shown here,
we performed further analyses on the results. A full wafer parabolic spatial variability fitting on
the reference set is done and the obtained coefficients are used to find the compact model
parameter values under the assumptions of the hierarchical spatial variability model. Excluding
the second error source, we performed a new correlation analysis on the model parameters; and

for better illustration, fitted spatial patterns are also shown in the figures below.

As shown in the figures, good correlations are achieved in the compact model parameters
spatially fitted on the parabolic pattern between calculated coefficients and reference fitting
coefficients. The spatial patterns of all the compact model parameters over the full wafer also
show good similarity between results from our method and reference set. Therefore, the error
from the second source, i.e. our linear propagation method, is very small compared to the spatial
variability pattern modeling and fitting. If a more advanced or complete hierarchical spatial
variability model is applied, it will likely lead to better compact model parameter calculation
results. So improvement on total error reduction, especially error from first source, will be
discussed in the next chapter, along with techniques for selecting the electrical measurements

and the corresponding compact model parameters to be extracted.
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Figure 3-9 Comparison between Spatial Variability Linear Propagation Calculated Results and Extracted
Reference Results, excluding hierarchical spatial variability model fitting errors
Correlation coefficients close to 1 are achieved for all model parameters (GOOD MATCH):

PvTO spatial, fit=0.9842, Pkp spatial it=0-9699, pucriT spatial,fit=0.8288, pLamepa spatiar it=0.9902
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Figure 3-10 Fitted Spatial Patterns of Compact Model Parameters using calculated coefficients
vs. Full-wafer Parabolic Spatial Variability Model Fitted Pattern on extracted reference set
(up: VTO; down: KP)

38



Extracted Model Parameter UCRIT Spatial Pattern .
(NMOS L=60nm W=120nm) Calculated Model Parameter UCRIT Spatial Pattern
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xtracted Model Parameter LAMBDA Spatial Pattern
(NMOS L=60nm W=120nm)

8
Calculated Model Parameter LAMBDA Spatial Pattern
(NMOS L=60nm W=120nm)

Figure 3-10 Fitted Spatial Patterns of Compact Model Parameters using calculated coefficients
vs. Full-wafer Parabolic Spatial Variability Model Fitted Pattern on extracted reference set
(up: UCRIT; down: LAMBDA)

Our SBPV method is not only effective for accurate statistical compact model characterization,
but quite efficient in computational cost. As shown in the table below, significant reductions in

total computational cost are achieved on the wafer level. The numbers shown in the table are
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normalized to the unit operation, which is either one compact model parameter extraction per

DUT or one linear propagation calculation step per parameter.

Table 3-5 Computational Cost for Different Compact Model Characterization Methods

Methods Sensitivity Analysis Extraction/Calculation

i N/A Number of DUTSs per die xNumber of dies
Extraction = 68>432=29376 parameter extractions
Linear BPV Number of e; < Number of p; = 1 xNumber of dies = 68 linear
4>5=20 propagations
SBPV Number of e; < Number of p; = 1 <Number of variability spatial pattern
4>5=20 coefficients = 6 linear propagations
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Chapter 4

SBPV Parameter Selection

Compact model parameter extraction is usually done by fitting model predictions to real
transistor 1-V/C-V measurements, often over several transistors of different sizes. For
deterministic model fitting a large set of parameters must be extracted, with the possible
exception for some pre-defined technology constants. However, statistical compact model
characterization only focuses on those model parameters that have physical meaning and
represent actual process variations sources. Not all model parameters are suitable or necessary to

be included in the extractable parameter set [4-1].
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Model

Table 4-1 BSIM and PSP Model Parameters for Statistical Compact Modeling [4-1]

Parameter

Physical Meaning

Accounted Variations

BSIM

PSP

VTHo
Uo

Nfactor, VOFF

Long-channel threshold-voltage
Low-field mobility

Sub-threshold

Traditional threshold variation
Current-factor variation
Sub-threshold slope and off-current
variation

Variations in moderate-inversion

Miny Moderate-inversion )
regime
Rdsw Source/drain resistance Dopant variations in the source/drain
Dsub Drain-induced barrier-lowering  DIBL variation
Traditional threshold-voltage
VFBO Flat-band voltage o
variation
_ Random dopant fluctuations induced
NSub0 Substrate doping o
threshold-voltage variation
CFL, ALPIL1 Short-channel effects Short-channel effects variation
U0, CSO Mobility Transport variation
Sub-threshold-behavior variation
CT0 Interface state )
(with NSub0)
RSW1 Source/drain series resistance Variations at the source/drain region

As for the relatively simple EKV model in our test bench implementation, the small number of

model parameters can still be classified into three groups based on their physical meaning and

significance in device-behavior prediction [4-2][4-3]. The four parameters (VTO, KP, UCRIT,

LAMBDA) used in our test bench implementation linear propagation fall basically into this group,

with LAMBDA added into the set by a more advanced selection scheme shown below.
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Group Parameter Description Note
Process- COX Gate oxide capacitance
determined XJ Junction depth
(technology DL Channel length correction Lesi=L+DL
constant) DwW Channel width correction Wer=W+DW
First-order VTO Long-Channel threshold voltage  Threshold-voltage variations
effects KP Transconductance parameter Current-factor or transport
(statistically UCRIT Longitudinal critical field variations
extractable)
LAMBDA Depletion length coefficient
Second-order EyRIZUN Mobility reduction coefficient
effects GAMMA Bodly effect factor
fg:g:;:{?vigce LETA Short channel effect coefficient
WETA Narrow width effect coefficient

Table 4-2 EKV Model Parameters Classified for Statistical Compact Modeling [4-2][4-3]

Electrical Data
(Transistor I-V)

S

—

—

_Extraction:
All possible
parameters

-

Full parameter set
for all transistors

Nominal
Parameters

A

| Opt. Set: A,={P4,....P,}
Nominal set: B,={P,.;...Pyu}
‘ (A,=¢,B,= all nominal)

~__Extraction: -
For each P;in B,

Fine tune :
Fix A, extract B i
- Find new |
nominal for B :
- ExtractA |

Fitting quality check:

‘ Find P,,, w/ least SSE, , N

TRY NEXT Py

S

Fitting quality check:
Is SSEy,, > 0.9 SSE, ?

—

NO

YES

YES\’ Any more

Extract quality check:
Is o/u(Py,,) too large?
Complex correlations?

ot

NO <

Aka1=AkU{Pj}
Bgu:Bk\{Pl}

,‘ candidate?

NO

Opt. set A=A,
Nominal set B=B,

Figure 4-1 Statistically Extractable Compact Model Parameter Selection Scheme [4-3]
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4.1 Electrical Measurements Selection

. As mentioned briefly when reviewing the BPV method in Section 3.1, the selection criteria
for the electrical measurement set e, used in the linear BPV method as well as our proposed
SBPV method, should meet two criteria. First, since the purpose of compact variability modeling
IS better statistical circuit simulation, measurements of transistor characteristics that have large
impact on circuit performance should be included in the set. This requires knowledge of circuit
applications and device operations. In addition, since our method is based on linear regression of
the coefficients in the spatial variability model, the measurement set selection should ensure that
the spatial sensitivity matrix Sspaiar 1S Well conditioned for calculation accuracy. A sensitivity

analysis based selection scheme is proposed for this purpose.

As shown in the flowchart in Figure 4-2, nominal compact model parameters are first
determined by performing full extraction on nominal wafer data. The nominal data set is
obtained by pre-processing full-wafer Iy, measurements, as shown in figures below. Next, we fix
all the compact model parameters to their nominal values except for those selected for extraction,
as discussed in the previous section. Sensitivity matrix calculations are then performed on all the
I-V measurement points (100 points per transistor) and the selected model parameters (4 EKV
model parameters). We then examine the Sigo-4 matrix and perform e set selection based on two
criteria: 1) extreme absolute values exclusion, i.e. keep only the rows with moderate s;; values
(each row corresponds to one g;), which ensures non-singularity in the matrix; and 2) relative
rankings of importance, i.e. select the rows with highest s; values among all columns (each
column stands for one p;), which selects electrical measurements that are highly sensitive to all

model parameter variations.
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For fast analysis or initial calibration, it is not wise to calculate the large sensitivity matrix by
blindly performing simulations on all possible e set candidates. A rough estimation of the
sensitivities can be done by analytical derivation on basic compact model equations or hand

calculation with knowledge of MOSFET device physics, which is discussed in detail in [4-4].

Nominal/Extractable

Compact Model
Full-Wafer Parameters
I-v

Measuremetns
Nominal Data

Selection & Sensitivity Matrix

Full Model Nominal Simulation
Extraction
check condition
number of

sensitivity matrix

(1) Sensitivities absolute values selection
(2) Ranking of moderate sensitivities and selectigp

Electrical
Measurements Set

Figure 4-2 Electrical Measurement Set Selection Flowchart
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Array Mean | (L=60nm W=120nm)

Die Mean lon (L=60nm W=120nm) 5

r 7.6

Array Y

6.8

Figure 4-3 Wafermap of Electrical Measurements
The nominal dataset is chosen as measurements from the dies within the boxed area;
[Note] Mean values are calculated at the transistor array level
on the right plot in addition to ones at the die level on the left

The five electrical measurement metrics (orange) found using our selection scheme are shown
on a typical MOSFET DUT I4~Vgs/Vys curve. Their selection is based on the sensitivity matrix
simulation results shown in the following plots. The surface plots illustrate the sensitivities of lgs
measured at different voltage bias points (Vgs, Vgs) to the compact model parameters. As we can
see from the plots, our main selection decisions are made based on the relative rankings of s;vro

and s, ucriT, Since sy kp and s; . amspa Show small changes over the entire plane.

Also shown on the MOSFET DUT I4~Vgs/Vys curve are the metrics (purple) used in our test
implementation, which is determined using the criteria suggested in [4-4]. This selection has
wider current/voltage coverage; this is because saturation and sub-threshold performance plays a

key role in digital circuit applications.
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Figure 4-4 Typical l4~V/Vgs Curve of MOSFET DUT
Electrical metrics set selected by our proposed scheme (orange) [upper] vs. [4-4] (purple) [lower]
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Chapter 5

Conclusions

An efficient, variability-aware compact model characterization methodology is required to
capture the hierarchical variability structure observed in modern IC manufacturing processes.
Consequently, our goal was to develop a compact model variability characterization method
based on statistical linear propagation, which directly transfers the hierarchical variability spatial
pattern observed in electrical measurement data to specified compact model parameters. We call
this method the Spatial Backward Variability Propagation method, or SBPV. This methodology
has been implemented and tested using transistor 1-V measurements and the EKV-EPFL compact
model. The model parameters that will capture the spatial variability are characterized using
linear regression on spatial pattern coefficients, using with a spatially-tuned sensitivity matrix,
which is first verified by the traditional linear BPV method. Calculation results are then
compared with reference set obtained by full-wafer direct model parameter extractions. Good

match is realized between the “calculated” and “extracted” compact model parameters. Further
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studies are done on the proper selection of both compact model parameters and electrical
measurement metrics used in the method. Results are shown in comparison to those reported in

the relevant literature.

The proposed spatial variability linear propagation method can be extended and applied on
more complicated and complete compact models, such as the industrial standard BSIM or PSP
models. More advanced hybrid-hierarchical variability models, including spatial / deterministic /
random on and across device / die / field / wafer / lot levels, can be included in the SBPV
procedure. Most importantly, well-designed variation-sensitive test structures fabricated using
cutting-edge technology are need to build better statistical compact models and characterize with

our methodology.

In addition, these variability-aware characterized compact models may be integrated into the
existing statistical circuit design flow for accurate prediction on circuit performance deviations
caused by process variations. Our SBPV method will serve a good role in the statistical I1C
design flow by providing large numbers of physical-variation-aware compact model cards for
Mote Carlo simulations or customized corner simulations. More than that, since the combination
of random and spatial variability often yields non-Gaussian distributions, we believe that SBPV
will more realistically capture the tails of those distributions and therefore be more suitable for
generating proper corner models. Due to the high efficiency of our method, model cards for
different design parameters, such as transistor length and width, can be generated specifically for
each design. This will help increase both the speed and accuracy in statistical circuit simulation

results.
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