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ABSTRACT

Surrogate based Optimization and Veri cation of Analog and Mixed

Signal Circuits

Ibtissem Seghaier, Ph.D.
Concordia University, 2018

Nonlinear Analog and Mixed Signal (AMS) circuits are very compx and expen-
sive to design and verify. Deeper technology scaling has neatiese designs susceptible
to noise and process variations which presents a growing cem due to the degrada-
tion in the circuit performances and risks of design failuse In fact, due to process
parameters, AMS circuits like phase locked loops may presesttaotic behavior that
can be confused with noisy behavior. To design and verify cuits, current industrial
designs rely heavily on simulation based veri cation and kowledge based optimization
techniques. However, such techniques lack mathematical rigoecessary to catch up
with the growing design constraints besides being computahally intractable. Given
all aforementioned barriers, new techniques are needed twsare that circuits are ro-
bust and optimized despite process variations and possildbeaotic behavior. In this
thesis, we develop a methodology for optimization and vegation of AMS circuits
advancing three frontiers in the variability-aware designow. The rst frontier is a
robust circuit sizing methodology wherein a multi-level ccuit optimization approach
is proposed. The optimization is conducted in two phases. Bir a global sizing phase
powered by a regional sensitivity analysis to quickly scouhe feasible design space
that reduces the optimization search. Second, nominal sig step based on space

mapping of two AMS circuits models at di erent levels of abstction is developed for



the sake of breaking the re-design loop without performangeenalties. The second
frontier concerns a dynamics veri cation scheme of the cu@ behavior (i.e., study the
chaotic vs. stochastic circuit behavior). Itis based on a stogate generation approach
and a statistical proof by contradiction technique using Gassian Kernel measure in
the state space domain. The last frontier focus on quantitate veri cation approaches
to predict parametric yield for both a single and multiple aicuit performance con-
straints. The single performance approach is based on a candiion of geometrical
intertwined reachability analysis and a non-parametric sttistical veri cation scheme.
On the other hand, the multiple performances approach inve¢és process parameter
reduction, state space based pattern matching, and multiplhypothesis testing pro-
cedures. The performance of the proposed methodology is derstrated on several
benchmark analog and mixed signal circuits. The optimizain approach greatly im-
proves computational e ciency while locating a comparabléetter design point than
other approaches. Moreover, great improvements were aclgd using our veri cation

methods with many orders of speedup compared to existing tetques.
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Chapter 1

Introduction

\ If the digital designers did veri cation the way analog designers do vegation,

no chip would ever tape out."

Sandipan Bhanot , President and CEO of Knowlent.

1.1 Motivation

Analog and Mixed Signal (AMS) circuits hold a great compromiséor use in many
applications such as automotive electronics, communicatis, sensor networks, and
portable electronics [1]. It is an indispensable block of day's microprocessors and
embedded system designs. Indeed, it relates the design teetheal world through
communicating the analog external world signals to the disete-valued internal design
signals. Therefore, analog circuits perform typical fun@ins that cannot be overtaken
by their digital counterparts (e.g., Digital to Analog Conveters (DAC), Analog to
Digital Converters (ADC), ampli cation, ltering and clock generation) [2].
In the microelectronics industry, getting to market early vith robust and e cient

designs is a key aspect to stay competitive. This can be adked through innovative



tools which on one hand, select optimal topologies and gednies and on the other
hand, rigorously verify the design adherence to speci catns. Nevertheless, AMS
integrated circuits are posing serious bottlenecks in bothesign and veri cation. The

main challenges stem from the following reasons:

The fundamental di erences of the digital and analog compamts operating
modes. Owing to the nonlinearity of analog circuits, their prformance highly

depends on circuit parameters and operating conditions.

The large design space coupled with the high complexity ofettircuit dynamics,
the various design imperfections that worsen circuit behaw and the increasing

tight design constraints (i.e., power, area, speed).

The trend towards more functionalities makes AMS designs erimely complex
and thereby very expensive to design and verify. An enormousaunt of time,
e ort and cost from the overall VLSI design e ort are spent in aalog parts as

shown in Table 1.1 [3].

The lack of adequate and mature commercial analog CAD toolsdhare basi-

cally limited to some clones oSPICE simulator [4].

Table 1.1: The gap between analog and digital productivity

Analog | Digital
Time Cost 85% 15%
Design E ort 80% 20%
Occupied Area| 10-20%| 80-90 %
Added Value 90 % 10 %

With the aggressively scaled semiconductor devices, the AM8sign task is addition-
ally burdened with the increasingly inevitable process-ttuced variability owing to the

limitation in the lithography and fabrication process. Pra@ess variation refers to the

2



di erence between the intended and obtained voltage and ptess parameters prior
and post-fabrication of the circuit. It substantially a ects circuit parameters such
as the channel length ), the gate width (W), the threshold voltage ;) and the
oxide thickness Tox). On the other hand, AMS designs are known for the high depen-
dency of their performance on the circuit geometries, indl conditions and operating
points [5]. Hence, even the smallest deviation in the circu¢an be large enough to
violate the desired circuit performance and consequentlgsults in yield loss. Process
variation is, therefore, emerging as a real reliability caern in the realm of AMS de-
signs that hinders more technologies scaling due to the diudty of fabricating smaller
transistor structures [6]. The aforementioned hurdles havhindered the advancement
of AMS circuits design and veri cation methodologies. It is Bnce not su cient to
design the AMS circuit for solely nominal parameters nor coewient to verify whether
the speci cations are met for few possible design points.

The AMS circuit design procedure generally consists of the gological-level
design and parameter-level design (also called circuit isig). In this thesis, we are
more interested in parameter-level design. The circuit sig is formulated akin to an
optimization procedure wherein optimum circuit parametes are selected with regard
to desired performance constraints. Existing approachesrfcircuit optimization can
be broadly classi ed based on the abstraction level of the sign model into two
main categories:Simulation-basedand equation-based technique#t transistor level,
simulation-based techniques are used to evaluate the cifcperformances based on
its fully detailed transistor model usingSPICE circuit simulator. Thus, very high
accuracy can be achieved. However, these techniques are tenasuming since they
are purely numerical and need several iterations to convergo a solution. In short,

such techniques are yet accurate but tedious and very resoarintensive.



At behavioral level, equation-based optimization techniges are deployed. These
techniques model the circuit performance as a set of analydl equations of the cir-
cuit variables. Despite their o ered speedup over simulatn-based techniques, these
techniques su er from a limited accuracy due to the limited mount of details avail-
able at high-level circuit models. Consequently, a new migdeptimization approach is
much needed, which on one hand would o er better accuracy thahe equation-based
techniques and on the other hand, would leverage the desigsiantent to guide the
simulation-based technique quickly to the optimal parametrs solution.

Once the circuit is optimized, there is no guarantee that it Wl ful Il its spec-

i cation in the presence of nonidealities such as Processpldtge and Temperature
(PVT) variations and noise. In fact, the variation in the geonetrical and electrical de-
vice parameters can compromise the circuit's performance.g., PLL locking, circuit
stability, etc.) and consequently can lead to design failes. Subsequently, ensuring
correct circuit operation is an essential requirement thatlictates careful veri cation
of the AMS circuit under consideration of process variationExperiments showed that
in speci ¢ operation conditions (i.e., circuit parameter,initial conditions, and input
signals) even remarkably simple AMS circuits are capable offebiting a chaotic mode
of operation [7]. For instance, the discovery of chaos hasdmefollowed by its detection
in many circuits such as PLL [8], Colpitts Oscillator [9], ad - modulator [10].

The irregular, seemingly random and unpredictable but detministic behavior
of chaos makes it resemble noise. However, when an irregujais observed in an AMS
design output, designers intuitively assume that the cirauexhibits stochastic noise,
which is stubbornly present in such designs. Neverthelesach behavior could emerge
from a purely deterministic circuit. Because noise detectn is a contentious issue for

designers and there is a lack of e cient noise veri cation tols for AMS designs, a



chaotic circuit could be considered erroneously noisy. Tiedore, it is fundamental
to investigate circuit dynamics thoroughly and intuitively enough to append the real
source of any aberrant circuit behaviors.

Verifying functional properties (i.e., chaotic, noisy, i@al behaviors) to detect
inappropriate circuit behaviors is not su cient to commit optimal analog ICs to the
foundry. As mentioned earlier, process variation threaterte worsen overall circuit be-
havior and impair its performance which culminates in ciratifailures and hence yield
loss. Therefore, verifying circuit robustness to procesanation is an extremely impor-
tant step in the AMS design ow. Ensuring a robust operation othe AMS designs in
light of process variation disturbance is an essential remement that dictates careful
veri cation. Veri cation techniques of process veri cation e ect become the frontier
research topic in recent years for design and manufacturing high-performance VLSI
circuits. Traditionally, Monte Carlo (MC) simulation tech niques [11] are used to verify
circuits as well as behavioral models of analog designs. Bdsn repetitive simula-
tions, Monte Carlo simulation permits the evaluation of subtantive design properties
based on a statistical estimation of circuit parameters. Tdo so, this approach needs
a pre-speci ed underlying distribution, mainly uniform, rormal, or log-normal to de-
scribe the random variables of process variation e ects. He®, a wrong distribution
assumption leads to a possibility of outright wrong result§l2]. In addition, because
the accuracy of this method is directly related to the numbeof simulation runs, this
method results in long simulation times. Therefore, empowag designers with new
tools and techniques in order to tape out circuits that witheand process variation

while meeting strict speci cations is imperative.



In this thesis, we present a surrogate based optimization dweri cation method-
ology for AMS circuits. Our proposed methodology tackles thiemitations of multi-
level optimization approaches. It also e ciently assessasrcuit reliability, both qual-
itatively and quantitatively, in light of process variations. More details about the pro-
posed methodology will be given in Section 1.3. We next prold a critical overview

of the state-of-the-art optimization and veri cation techniques for AMS circuits.

1.2 State-of-the-Art

In this section, we brie y review some relevant literaturen the area of circuit optimization-
based sizing, dynamical behavior veri cation as well as cuit robustness veri cation

in terms of yield estimation techniques which are closelyleged to this thesis.

1.2.1 Analog Circuit Optimization

For a given circuit topology, optimization refers to ndingthe optimal circuit param-

eters that result in the best circuit performance with respet to given speci cations
and constraints. A detailed survey of existing AMS circuit opmization techniques
can be found in [13]. According to the abstraction level of thdesign model on which
the optimization is conducted, optimization techniques aabe broadly classi ed into

two main categories: Equation-based and simulation-baségchniques.

Equation-based Optimization

At the behavioral level, equation-based approaches use &rieal equations
from large and small signal analysis of the circuit topologyo relate the cir-
cuit's performance to the design variables [14]. These pamfhance equations

are evaluated at every iteration of the design space expltian in order to guide



the optimization towards the design speci cation. Early wdk [15] de nes the
optimization problem as a constrained nonlinear optimizan problem. In this
technique, the circuit performance equations are extraaddrom its SPICE mod-
els and DC operating point constraints which are then solvedsing sequential
guadratic programming. This technique has a convergencegiiem as the op-
timization circuit parameter solution might entrap in locd minima. To ensure
a global minima design solution, the optimization problemsi cast as a convex
problem which can be then solved very e ciently by numericaklgorithms like
geometric programming [16]. However, modeling the designjettive and the
constraints as convex functions of the design variables istnalways possible.
For instance, when the design objectives involve optimizinlarge-signal or tran-
sient characteristics, it is extremely di cult to manually derive equations that
capture all design characteristics in a convex equation for A breakthrough in
automatic generation of optimization equations has been rda with the advent
of symbolic simulation techniques [17]. These techniquestamatically generate
small signal transfer functions for any chosen topology argtocess technology.
However, they su er from major scalability and accuracy drawacks. For in-
stance, the complexity of exact symbolic solutions scalegp®nentially with
the circuit size. The heuristic simpli cations and approximations introduced
in the analytic equations make this approach inaccurate espially for complex

circuits [18].

Simulation-based Optimization
At the circuit level, simulation-based optimization technques have been pro-
posed. In contrary to the equation-based approach, thesectsmiques do not

rely on analytical equations but on a detailed circuit levemodel, e.g., SPICE



model. At each optimization step, the circuit performancesi simulated for a
set of design parameters. Although the idea of optimizing AMSircuits us-
ing simulation dates back to at least 1969 [19], it is only reatly that this
approach became popular due to the availability of powerfldomputers and ad-
vances in numerical algorithms. In the literature, optimiation procedures were
conducted using di erent global nonlinear optimization ajorithms such as sim-
ulated annealing [20], stochastic pattern search [21], gatistics algorithm [22],
evolutionary algorithms [23] or a combination of these algthms [24]. Despite
their high accuracy and ability to handle a broad class of @uits, commercial
circuit simulators are not designed to be extensively invekl [25]. Hence, a large
number of design variables and consequently the large desigpace make the

optimization task extremely di cult even for advanced computational systems.

From the above discussion, it is obvious that a good comprose lies somewhere
between these two main optimization approaches. An early &inpt for a mixed
equation-simulation approach was the ASTRX/OBLX tool [26]. h this tool, the
circuit performance is simulated using asymptotic wavefor evaluation which is a
model reduction technique, to evaluate circuit objectiveand performances. However,
this technique is only applicable to linear circuits. In ths thesis, we propose a novel
mixed optimization approach for nonlinear circuits that reluces the simulation time

while maintaining accuracy.

1.2.2 Circuit Dynamics Veri cation

Once the circuit is optimized, techniques that ascertain &intended functionality/behavior
in light of process variations and initial conditions uncerinties are essential. In par-

ticular, probing chaotic from noisy dynamics in analog ciuts is of a great concern



for designers. In fact, chaotic and noisy behaviors preseitite same salient features
of long term unpredictable irregular behavior and broad bahspectrum making their
distinction far from straightforward. The study of chaotic features in AMS circuits
is the subject of an extensive research (e.g., [27, 28]). Aabie techniques for circuit
veri cation, like spectral analysis, fail to discriminate chaotic from random circuit
outputs since both of them have continuous broadband powepectra [29]. Periodic
Steady State (PSS) analysis is used in [30] to discriminateepodic from chaotic be-
havior. A periodic behavior is detected when the obtained nwergence norm is equal
or less than unity. Conversely, a chaotic behavior is rep@tl when the Spectre simu-
lator [31] does not converge and the PSS analysis fails to rahy periodicity in the
circuit output. Nevertheless, non-periodic behavior coulde due to noise and not to
chaos. Moreover, the Newton algorithm used by the PSS methodquires the com-
putation of the Jacobian matrix of the output. This seriouslylimits the scalability
of this technique. Moreover, PSS Spectre analysis does notrkvonder an unknown
oscillation frequency. Lyapunov Exponent measure [32] is@ther paradigm that has
been adopted to quantify chaos. It indicates the average e of convergence or di-
vergence of circuit behaviors for close initial conditionsA positive exponent implies
divergence and is indicative of chaotic dynamics while a retgve one implies conver-
gence and is said to be periodic. Lyapunov Exponent is de ned a limit when timet
approaches in nity (see Equation (1.1)), one encounters fidamental di culties using

it for circuits simulated for a limited time.
o1 .
P = Mn ¥Inj i(0)j;8i 2 [1;::;n] (1.2)

f igL, are the eigenvalues of the Jacobian matrix of the circuit. Thitechnique is
hampered by technical issues related to the signal length édnts contamination by

noise (known as Perron e ects) [33]. Hence, a positive Lyapowm exponent is neither
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necessary nor su cient proof of chaos [34].

In spite of the above-mentioned approaches, a clear diergation between
chaotic and stochastic processes seems to be rather proldém In this thesis, a
novel approach to precisely probe the underlying circuit dyamics at an early stage
and so assess qualitatively the observed circuit behaviatgterministic or stochastic)

is proposed.

1.2.3 Yield Estimation

Yield analysis and estimation for AMS designs have been greatiebated and have
become an appealing area of research in recent years [35, 38 review hitherto
existing techniques for analog circuits parametric yieldralysis.

State of the art parametric yield estimation techniques foAMS designs can
be roughly divided into two categories: parameter domain anperformance domain
techniques. While parameter domain techniques are based dretcharacterization of
a yield boundary de ned by the design speci cation, performance domain techniques

rely upon extensive Monte Carlo simulations.

Parameter domain techniques

These methods try to extract an analytical relation betweerthe underlying
process parameters and the circuit performances/specitians. To aid design
exploration in a large process variation space, a number oégiormance mod-
eling methods have been proposed. For instance, responsdasie modeling
has been adopted to approximate the performances of interes polynomial
functions of process parameters in order to substitute expgive SPICE sim-
ulations [37]. Most of the existing response surface modgjitechniques rely

on linear approximations. However, this would sacri ce aceacy for speedup
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particularly in large scaled process variations where a gienumber of AMS cir-
cuit performances are strongly nonlinear. As demonstrated [38], the resulting
accuracy might be unacceptable with an absolute error of 9% 0 enhance the
accuracy, a quadratic response surface modeling has beeadu89] but at the
cost of a much more di cult yield estimation. For instance, ky mapping the
performance constraints dictated by the circuit speci cabns to a feasible space
in the process parameter space, such a mapping becomes me@r with a non-
convex or even discontinuous feasible space. Hence, thegpaetric yield which
is de ned as the integral of the probability density function over the feasible
space becomes extremely di cult to compute. Other existingnethods rely on
a surface boundary, which is the separation between the sess and failure re-
gions in the yield estimation. The yield is so estimated usina local search [40]
or global search [41] by computing the volume of the failureegion without the
need for circuit simulation. Nevertheless, such methods ser from scalability

issues with no more than three process parameters.

Performance domain techniques

Monte Carlo (MC) [11] is the most widespread performance daim yield es-
timation technique thanks to its extreme simplicity and gepral applicability.
However, an MC analysis of large-sized circuits is highly irmgent and time
consuming since it requires a large number of simulationsaliing to lengthy
analysis time. Several speed-up techniques have been psmibto improve the
primitive MC time e ciency and applicability. Quasi-Monte Carlo (QMC) [42]
is a variance reduction technique in which Low Discrepancye§uences (LDS) are
utilized to generate more homogeneously distributed progsgeparameters samples

rather than purely-random samples. Hence, QMC techniqueseaable to provide
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better integration errors compared to primitive MC. Yet, QMC has a limited
performance improvement with a convergence rate that is asyptotically supe-
rior to MC only for circuits with a moderate number of procesparameters [43].
Furthermore, MC and QMC can estimate only the gross e ect of qpcess vari-
ation on the circuit performancel/yield and hence do not prade information
regarding the most in uential components/parameters on tk yield loss. While
aforementioned yield analysis methods present a panoplyagproaches to speed-
up and enhance the yield estimation accuracy, there are $tthany limitations
that need to be addressed. For instance, they use greedy soégformance vyield
estimation or perform several independent single paramatryields. Neverthe-
less, this might signi cantly compromise the accuracy (i.e under-estimate the

yield) especially in the case of correlated circuit perforamces.

In summary, nonlinear AMS circuits optimization and veri caion techniques
still lag in providing a uni ed methodology that is general {.e., handles single and
multiple performances optimization as well as veri cationproblems with correlated
performances), accurate in sizing circuits and verifyingheir robustness, and also

scalable with respect to process variations.

1.3 Thesis Methodology

The main goal of this thesis is to develop a means to design IMguality analog and
mixed signal designs for which speci cation requirementsrea satis ed in the most
robust manner. To this end, we have brought together an e ciet sizing method
formulated akin to an optimization algorithm that replacesthe labor intensive pa-
rameter tuning process as well as rigorous veri cation tedmues that ensure sized

circuit adherence to design speci cations in the most robusnanner.
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The proposed methodology is schematically shown in Figure 1.1 where we out-
line the main steps thereof: Given an AMS circuit topology, a technology node, and
a set of design specifications, a surrogate based optimization method is conducted
to extract the set of circuit parameters such as transistor sizes, and capacitors and

resistors values. It is a method inspired from formal equivalence checking techniques.

Specification / Technology
Properties Node

[ Circuit Topology J

\ 4

Surrogate based Optimization

\4

Nominal Parameters
A\ 4

Process
Variation

Surrogate based Verification <

Circuit Dynamic

Required Dynamics ?

Yes

Surrogate based Robustness Verification

Intertwined Statistical
Reachability Runtime
Analysis Verification
Yield Rate

Figure 1.1: Proposed surrogate based optimization and verification methodology

The optimization is performed through a bijection of the circuit parameters solution
extracted from a fast/not accurate surrogate circuit model into their corresponding
parameters of an accurate yet CPU intensive detailed model. A method by which, we
eliminate the need for separate sequential optimization and we shift the computational

burden of the complex slow detailed circuit model optimization to the fast surrogate
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model. The output of this optimization step is a set of nominlacircuit parameters
that satisfy the speci cation constraints and give the bestircuit performance in ideal
conditions (i.e., does not consider process variations, aating conditions, and noise
disturbances). The next step in our methodology is to ensura robust operation
of the AMS circuit for the computed nominal parameters in the gesence of process
variation disturbance. To do so, we adopt two di erent veri cation approaches. The
rst approach is a surrogate based dynamics veri cation tdmique that aims to qual-
itatively investigate the circuit dynamics for the computel set of so-called optimal
design parameters. More speci cally, it veri es whether th circuit may drift into a
chaotic behavior for the computed optimal parameters. Howev, since chaos resem-
bles noise and noise is omnipresent in AMS circuits, we progos novel method that
statistically discriminates chaos from noisy circuit dynenics. If it fails, the computed
nominal circuit parameters are eliminated from the feasibldesign space and changed
with a new optimal circuit parameters solution. Once theseaw nominal parameters
pass the surrogate based veri cation, the circuit will be ftther evaluated in terms of
yield. The second veri cation approach is a surrogate basedbustness veri cation
technique. It consists of two veri cation methods, which esure that the desired prop-
erties of the circuit are satis ed in the most robust mannerThe rstis an intertwined
reachability analysis technique. It is a time domain veri @ation technique for a sin-
gle circuit performance. It is based on an intertwined forwd/backward reachability
analysis approach. Next, a single hypothesis testing teclgpie is performed on the
obtained reachable sets in order to estimate the system panmatric yield caused by
the deviation from the nominal/optimal parameter values de to process variation.
The second method is statistical runtime veri cation apprach. It is a state space

domain veri cation approach that handles multi-performarces yield rate estimation.

14



It adopts a global sensitivity analysis to reduce and priotize the process variation
space. Thereafter, the acquired sensitivity results are eiently embedded in a joint
recurrence veri cation scheme for a state space transientrauit behavior veri ca-
tion. Lastly, the multi-performance yield estimation probbem is cast into a multiple
hypothesis testing problem under the limiting conditions etrieved from the design
speci cations.

We demonstrate the e ectiveness of each part of our methoagy on various
nonlinear analog and mixed signal circuits. Some of the naméar circuits used for this
purpose include analog ampli er, - modulator, phase locked loops, ring oscillator,
Colpitts oscillator and tunnel diode oscillator. We provi@ an in-depth analysis of our
experimental results and justify the use of every approachrgposed in this method-
ology. All models, methods and applications described in thihesis are implemented
in the MATLAB environment, on a Windows 10 operating system wit an Intel Core

i7 CPU processor running at 2.8 GHz with 24 GB of RAM.

1.4 Thesis Contributions

The primary contribution of this thesis is on the developmerof a methodology to in-
duct nonlinear AMS circuits sizing and veri cation using surogates. It presents new
approaches for multi-objective optimization for analog ging and multi-performances
veri cation of both functional and non-functional properties. It combines mixed simu-
lation/equation based optimization techniques using a sta space equivalence scheme,
statistical proofs by contradictions, global sensitivityanalysis, and nonlinear systems
dynamical theory. In the sequel, we list the main contributins of this work along
with references to related publications provided in the Pulzations section at the end

of the thesis document.
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The development of surrogate based AMS modeling formalisnes tircuit sizing,
design space exploration, and circuit debugging and veration. It proposes an
initiative towards developing a uni ed language standarddor modeling and

de ning AMS circuit assertions in a more formal way [Cf3, Cf5]

The elaboration of a novel multi-level optimization techmjue that reduces the
runtime of the equation based optimization approaches whilmaintaining the
SPICE accuracy in a single technique. The technique is able to emsuan
exhaustive coverage of the design search space and outpuidr design points

than other techniques [Jr2].

The implementation of a surrogate based dynamics veri cain method to ascer-
tain functional properties. It particularly studies apparently stochastic behavior
that at a deeper level could present chaos. The proposed methprovides an
e cient scheme in detecting chaos over Lyapunov Exponent (E) method for
Gaussian noise [Cf5]. We extended the surrogate based dymesnveri cation

method with a novel test statistic to uncover noisy behaviowith non-Gaussian

distribution and for hyperchaotic regime [Cf1].

An intertwined reachability analysis approach is implemerdd to reduce wrap-
ping e ect in the forward only scheme [Cf3, Trl]. In particuar, we extend
the forward reachability analysis approach developed in {] to reduce over-

bounding.

The implementation of yield estimation methodology that hadles multiple per-

formances constraints and that also opts for a simultaneoygeld analysis rather
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than multiple single-performance yield estimation. The mposed multiple per-
formance yield estimation scheme prevails over Monte Cartechniques in ac-

curately assessing the yield with signi cant speed-up [JrICf2].

The genesis of a library of state space yield estimation isw#dgoped. A method
called Cross Recurrence Veri cation inspired from patterrmatching in DNA
sequences is introduced. The main advantage of the proposeadthodology is
robustness, providing more meaningful quanti cation of ccuit failures and its

suitability for veri cation automation [Cf4].

A method for non-parametric statistcal runtime veri cation of AMS circuits is
developed. It is a variant of the Monte Carlo method with moree ective sam-
pling scheme and variation free distribution. The develogkapproach provides
sound veri cation results (i.e., good accuracy with a redwes error margin) and

so can be used in lieu of the Monte Carlo method [Cf5].

1.5 Thesis Organization

The remainder of this thesis is organized as follows: In Chigp 2, we provide some

introductory concepts of the techniques and the basic mathmeatical methods applied

throughout this thesis. Then, in Chapter 3, we describe therpposed surrogate-

based optimization methodology in details. We explain how evreduce the feasible

parameters search space and how the design centering is gened on the obtained

reduced search space. The e ciency of the proposed optimizan methodology is

demonstrated on two circuits, namely a ring oscillator and awo stage ampli er.

Thereafter, the optimized circuit is veri ed qualitatively and quantitatively. Chapter

4 is devoted to the qualitative veri cation of the circuit dynamics. We present the
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surrogate-based core algorithm involved in discriminatgthe di erent behaviors that
the circuit might exhibit in the presence of process variatn. Then, in Chapter 5, we
detail the quantitative time domain veri cation approach for single performance yield
estimation. We explain the proposed intertwined reachaliy analysis approach that
reduces the high reachability overbounding of the forwardckeme. We also provide
applications results which prove that the proposed methodeduces the veri cation
bias while accounting for a wide range of circuits disturba®s/variations. Moreover,
in Chapter 6, we present our multiple performances yield estation wherein we an-
alyze the circuit transient behavior under the e ect of proess variations. We report
experimental results for the veri cation of two analog berftmark circuits, namely a
ve stage ring oscillator and a phase-locked loop. Moreovewe illustrate the appli-
cation of the thesis overall methodology on a three stage groscillator to prove its
e ectiveness on achieving the stated thesis objectives afreogate based optimization
and veri cation. Finally, in Chapter 7, we conclude the thess by summarizing the

main contributions and list some possible future direction
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Chapter 2

Preliminaries

The primary goal of this chapter is to give some background roepts that are needed
for the foundation of this thesis. We rst provide an overvigv of the surrogate based
circuit modeling. Then, we explain the Sobol-Hoe ding Decoposition (SHD) pro-
cedure that will be used later for global sizing during the dpnization stage and for
process parameter prioritization during the statistical untime veri cation. We also
present the classical hypothesis testing procedure to sistically verify AMS circuit
properties. Finally, we introduce some relevant notions ragding AMS circuits yield

rate estimations.

2.1 Surrogate based Circuit Modeling

Surrogate based circuit modeling is a macromodeling teclkyuie based on mathemat-
ical foundations that capture the actual circuit behavior 44]. It is a fundamen-
tal block of any analog optimization and/or veri cation algorithm at early stage in

the VLSI design ow. The generated surrogate models the gemerdynamic behav-

ior/characteristic of the circuit for a set of initial conditions and input voltages. In
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general, it should comply with the following conditions:

maintain a certain level of conformance to the real circuitghamics with appro-

priate speed/accuracy tradeo .

cope with the complexity of the AMS design yet easily amenable sizing as

well as veri cation approaches.

In this section, we describe in some detalil the basic conce@ind formulations of
the surrogate based modeling techniques used in this thesiamely Extended-System
of Recurrence Equation (E-SRE) and Systems of Stochastic ®Rerence Equation

(SSRE).

2.1.1 Extended-System of Recurrence Equation

Analog and mixed-signal designs contain both analog and digi modules that are
interconnected and interrelated. Therefore, it is not apmpriate to model these mod-
ules separately. For instance, the continuous (analog) sigs and the discrete (digital)
signals have to be described using the same approach in ortkecapture the interre-

lationships between the two. The behavior of analog circiitcan be mathematically
modeled by Ordinary Di erential Equations (ODEs). Since a lbsed-form solution
for these ODEs is not always obtained, a numerical approxirian is needed. Using
a System of Recurrence Equations (SRES) [45], it will be pdsle to handle contin-

uous behaviors like those of currents and voltages in distetime intervals which

can be done for a non-trivial class of analog circuits. An SR & set of relations
between consecutive elements of a sequence. It is matheraty de ned as a system

consisting of a set of equations of the form:

Xi(ny) = (X (ny ));8n 2 Z (2.1)
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wherex;(n;) 2 R is a state variable withi;j 2 1;::;;kandn; 2 Z,and 2 N represents
the delay. On the contrary, digital designs are described ing various frameworks
such as Finite State Machines (FSMs) and Petri nets. To allewia the modeling gap
between the digital and analog models, we propose the notiofh so-called Extended
SRE for interleaving the two [46]. Extended SREs o er a meansf modeling more
abstracted AMS designs which will signi cantly speed up theeri cation execution

time. The notion of Extended-SREs (E-SRESs) is mathematiclgi de ned as follows:
Let K be a numerical domain B; N; Z; Q or R), a generalized If-formulais one of the

following:

A variable xj(n) or a constantC 2 K.

Any arithmetic operation}2 (+; ; ; ) between variablesxj(n) 2 K.

A logical formula: any expression constructed using a setwriablesx;(n) 2 B

and logical operators : not, or, and, nand, nor, etc.

A comparison formula: any expression constructed using a &¢ x;(n) 2 K and

comparison operators 2 (<; =;>;<> ).

An expressionlf (x;y;z), wherex is a logical formula or a comparison formula
and y;z are any generalized If-formula. Herelf (x;y;z) : B K K ! K

satis es the axioms:

If (True;x;y)= X
If (False;x;y)=y
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2.1.2 System of Stochastic Recurrence Equation

Due to the statistical behavior that AMS circuits exhibit in the presence of uncertain-
ties (such as noise and parameter variability), we are intested in modeling AMS cir-
cuits transient behavior as a System of Stochastic Recur@mEquations (SSRE) [47],
which is a formalism that allows capturing the statistical poperties of the system in a
uni ed discrete-time description. In what follows, we exm@in the SSRE notations and
detail the conversion process of circuit equations to SSREA system of recurrence
equations is a set of relations between consecutive elenseof a sequence. A stochas-
tic recurrence equation can be generated for the case of gonbus systems using the
discrete version of their Stochastic Di erential Equation(SDE) [48]. SDEs have been
used in [49] to model non-idealities in analog/RF circuits.However, a closed-form
solution cannot be solved explicitly. In the following, we tey present the SSRE
theory. An SSRE is a set of system recurrence equations withoshastic processes.
We consider the Euler scheme to de ne the SSRE. Let us congidke following It6

processf X;;0 t Tg SDE:
dXi(!) = Xt ))dt+ (Xe(! ) dWe(!) (2.2)

where the stochastic variabl&V; is a Brownian motion [50] (see De nition 2.1.1 ) and

denotes the di usion coe cient.

De nition 2.1.1  (Brownian Motion) A scalar standard Brownian process, or stan-
dard Wiener process over [0,T] is a random variablé/; that depends continuously on

t 2 [0; T] and satis es the following conditions:
Condition 1 W (0) = 0 with probability 1.

Condition 2 For0 s<t T therandom variable given by the incremeW; W,
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is normally distributed with mean zero and variancg s) (W; W;s P t  sN(0;1)).

Condition 3 For0 s<t<u<v T the incrementsW; W andW, W, are

independent.

By integrating in Equation (2.2) betweens and s+ s, we will have:

ZS+ S ZS+ S
dXse s(1) = Xs(1)+ f(Xse s(1))dt+ f(Xse s(1)dWer o(') (2.3)

S S
The Euler scheme [51] consists in approximating the intedr&quation (2.3) by the

following iterative scheme:

Xsr s(1)= Xs(1)+ F(Xs(1)) s+ (Wee s(1)  Ws(!)) (2.4)

2.2 Sobol-Hoe ding Decomposition

Considering process variation and noise, the circuit dynaos can be lumped in the
form of a System of Stochastic Recurrence Equations (SSREyan in Equation (2.4)
fort 2 [0, T] =

Xs+ s(1)= Xs(1)+ C(Xs;P) s+ (XsiP)(Wse 5(1)  Ws(!)) (2.5)

whereW is a Wiener process which re ects the random circuit behaviatue to un-
certainties, C is the drift function, and is the di usion coe cient. The process
variation e ect is represented as a random variabl® with known probability law
(extracted from the technology library) in both the drift and di usion coe cient.
The circuit behavior can be seen as a function & and P: Xs: s = X(s;W;P).
Thus, we want to investigate the respective impact of the @uit uncertainty ! (t) and
the parameters uncertainties? on the circuit performances. In the sequel, we recall

the Sobol-Hoe ding Decomposition (SHD).

23



De nition 2.2.1 (L, functions) L,(UY) is the space of real-valued squared integrable

functions over the d-dimensional hypercubg:

X :p2U%l X(p2R;
Z

X 2 Ly(UYy, X(p2dp<1 (2.6)
ud

L,(U%) is equipped with the inner produck :;: > :

8X:Y 2 L,(UY);
Z

<uv> = X(p)Y(p) dp (2.7)

U

The weighted spacé ,(A; ) is an extension ofL, where:
P2A=A;, A Ag  RY
:P2A!l  (P) O

(P)=1(p2) d(Pa)

Here, denotes the probability density function of the circuit parameters random

vector P with mutually independent components.

Theorem 1 Any X 2 L,(A; ) (see De nition 2.2.1) admits a unique hierarchical
orthogonal decomposition. LeP = (p:;  ;pg) in RY, the decomposition consists in

writing the X (P) as the sum of increasing dimension functions [52]. The expansion in
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Equation (2.9) exists and is unique under one of the following orthogonality conditions:

z
Xu(py)d p, =0 8i2u;u f 1; ;dg

or
Z

Xu(pu)Xv(py)d p =<X ; Xy >=0 8u;v f 1, ;dgué v

The independence of the inputs and the orthogonality propsrin Equation (2.9)

ensure the global variance decomposition of the outpxt (P) as follows:

VIX(P)] E[(X(P) Xo)’]

X
= E[( X
fi1'>( ,
= E[(Xil; ;id(Pil; ;Pid)]
fik idagf 1 dg
VIXil;  VIXi]l=<Xi; X >
i6;;iD

v g (Pig; ;Pid)z]
iagf 1, dg

V[Xi] is interpreted as the contribution to the total varianceV[X (P)] of the inter-
action between parametergi,p . Hence, the Sobol-Hoe ding variance decomposition
provides a very useful and rich means of analyzing the resgiee contributions of indi-
vidual or set of parameters to the circuit output variability. For instance, it partitions
the output variance amongst the uncertain factors of the auit model. Given the
structure of the circuit model described in Equation (2.5)the hierarchical orthogonal

Sobol-Hoe ding Decomposition (SHD) ofX gives:

X(P) X+ X (1)+ Xp(P)+ Xup (5P );8t 2

VIX]

VIXi ]+ V[IXp]+ V[Xip ]
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Therefore, it is possible to determine the global sensitivity analysis as sensitivity mea-
sures that define the fraction of variance due to individual effects as well as their inter-
actions. Figure 2.1 illustrates the total variance decomposition from the uncertainty
variation space (shown on the left side) to the circuit performance space (depicted on
the right side) due to noise and process variation. As it can be remarked, the total
performance variance is decomposed into: the main contribution of noise only (S,,),
the main contribution of process variation only (Sp), and the total contributions of

the interactions noise and process variation (S, p).

| Parameter Variation Space | |Circuit Performance Variation Space
Nominal
X2

Parameters

Output Variance
] Parameter Variation Space Main effect x;

Main effect x,

HINIENN

Total effect x;x,

Figure 2.1: Illustration of the global sensistivity analysis concept in a 2-D parameters
space

_ V[Xw,P]
V[X] T VX

X(P)=X(p1,....pa) = Xo+ ZXz(pz) + Z Z X i(pispy) (2.9)

i=1 j=i+1
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xd xd X
+ Xijk (Pispp) + 1o+ Xya(Pas oo Pa)

i=1 j=i+l k=j+1

2.2.1 Parametric Sensitivity Analysis

Considerx as a set ofd independent random parameters which follow a certain dis-
tribution on U9, and f (x) a circuit performance depending on these parameters. It is
assumed thatf is a second order random variablé 2 L,(U%). Therefore, the circuit
performance of interestf has a unique Sobol-Hoe ding decomposition. Because of
the orthogonality of the Sobol-Hoe ding decomposition, thevariance of the circuit

performance can be decomposed as:

¥

VIfl= VIR VIR]=<fifi > (2.10)

i D
where V[f;] stands for the contribution to the total varianceV|f ] of the interaction
between the parameters¢;. Therefore, the Sobol-Hoe ding decomposition is a rich
means of analyzing the respective contribution of individal or sets of parameters to
circuit performance variability. However, a more abstractltaracterization is required

to replace the 2 1 actual contributions which lead to an intractable number b

contributions asd increases.

2.2.2 Sensitivity Indices

To facilitate the prioritization of the respective in uence of each parametek;, the

partial variancesV|f;] are normalized byV[f ] to obtain the sensitivity indices:

_VIED R
si(f)_m 1,i Ds,(f)_1 (2.11)

The order of the sensitivity indicesS; is equal tojij = Card(S;).
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2.3 Statistical Hypothesis Testing

Hypothesis testing [53] uses statistics to make decisionsoalb the acceptance or the
rejection of some properties based on data from random samgl In this technique,
the property of interest is formulated as a null hypothesisH) which is tested against

an alternative hypothesis H,). If we rejectH,, then the decision to accepH, is made.

De nition 2.3.1  Given the propertyP within the ambit of a null hypothesiH,, a
signi cance level , and a test statisticT, hypothesis testing is the process of verifying
whether a systenC satis es Hy with a probability greater than or equal to (i.e.,

C§ Pr(T) ).

There are two approaches for making this statistical dec@ regarding a null hy-
pothesis. The rst approach is therejection region approachand the second is the
probability value approach(a.k.a. p-value approach). Regardless of the approach
adopted, the conclusions drawn from the two approaches areaetly the same. The
prior steps to conduct hypothesis testing:
1- Setting up null and alternative hypotheses.
2- Stating the level of signi cance .
3- Calculating the appropriate test statistic.

Depending on the number of null hypotheses to be tested, hythesis testing
techniques can be classi ed to single hypothesis testing @pach and multiple hy-

pothesis testing approach.

2.3.1 Single Hypothesis Testing

Hypothesis testing of a single null hypothesi$i, is discussed in this section. As

depicted in Figure 2.2, single hypothesis testing can be one two sided. The one
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side test is classi ed into:

Upper test when a large value of the test statistic provides &ence for rejecting

Ho (see Figure 2.2 (b)).

Lower test when a small value of the test statistic shows prbof Hg rejection

(see Figure 2.2 (c)).

The two sided test (shown in Figure 2.2 (a)) is determined by adunded regionXy; x»]

as follows:
Ho :P(X1 <X <X 5)= P(X<x,) PX<xi=1 (2.12)
The hypothesis testing procedure can be summarized as folto
1. Elucidate the property to be veri ed and formulate it asHqo and Hj.

2. Specify the appropriate level of signi cance and determine the type of the

test, namely, upper test, lower test or two sided test.
3. Select the appropriate test statistic.
4. Compute the critical region or p-value of the test statist.
5. Compute the test statistic of the observed value for the minal data.

6. Make the decision of accepting or rejecting the null hypbesisH,. If the com-
puted test statistic falls in the critical region, then the rull hypothesis is rejected,

otherwiseH, is accepted.

The decision is drawn with certain probability of error for aspeci ¢ con dence level
as summarized in Table 2.1. Basically, the performance @&iia of this approach is

related to two types of errors:
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Figure 2.2: Hypothesis testing concept

Type | error () or false positive, the null hypothesidH, is true but the decision
based on the testing process erroneously rejected it. In ethwords, it represents

the probability of acceptingHqo whenH; holds.

Type Il error () or false negative, the null hypothesi$i, is false but the testing
process concludes that it should be accepted. In other wordiscorresponds to

the probability of acceptingH; whenHg holds.

In Table 2.1, we deneT and V as the probabilities of Type | and Type Il errors,

respectively.
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Table 2.1: Outcomes classi cation for single hypothesisggng

Passed| Failed
Good Circuit X T
Defective Circuit V X

2.3.2 Multiple Hypothesis Testing

A multiple hypothesis testing enables to avoid the problemfonultiple tests that would
arise if we test the e ect of di erent variables on di erent properties separately. In

the sequel, we detail the multiple hypothesis testing prodere.

De nition 2.3.2  (Null Hypotheses) In order to cover a broad performance veri-
cation problems, we de nem null hypotheses in terms of a collection of acceptance

region for certain performances metric with distribution .

Ap

i

A o] =1, 'm

The m null hypotheses are de ned alp,  I(k 2 A, ) and the corresponding alter-
native hypotheses denoted Bby;,  I(k 2A ;) are the opposite, complementingiy, .

Thus, Hg, holds, i.e.,Hg =1, if K2 A, and is rejected otherwise.

Multiple hypothesis testing is based on a simultaneous siatical inference of the
probability that a set of propertiesG are satis ed with a certain level of con dence .
When conducting the hypothesis testing, the number of null lpothesesm, is known
in advance and corresponds to the number of properties of emestG. However, the
number of true null hypothesedd, mg and false null hypothesesn, respectively with
m = mg + my, have to be determined. Table 2.2 summarize the possible oaimes
when verifying m hypotheses simultaneously. A failure to compensate for ntple
veri cations can result in two types of erroneous inferensedenoted by Type | error

and Type Il error. As shown in Table 2.2, we de nel and V as the probabilities of
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Table 2.2: Possible outcomes classi cation fan hypotheses testing

Passed| Failed | Total

Good Circuit X T m-R
Faulty Circuit Vv X R
Total mo m mg m

Type | and Type Il errors, respectively.

V = P(Type | error) = P(reject Hg jHq, true) (False Positive)

T = P(type Il error) = P(reject Hy jHy, true) (False Negative)

Type | and Type |l errors are correlated and in direct competiion with each other.
For instance, computing a subseR H of hypotheses to reject that has fewer Type

| errors usually results in more Type Il errors.

2.4 Yield Estimation

Yield is a measure of integrated circuit (IC) failure referng to the fraction of in-
tegrated circuits which survive through the manufacturingline. In other words, it
represents the ratio of fully functional circuits that compy with speci cation and
standards to the total number of manufactured ICs. It can belassi ed based on the

failure type taxonomy to [54]:

- Catastrophic yield loss  caused by functional failures such as open or short cir-

cuits which cause the circuit to not work at all.

- Parametric yield loss  caused by a variation in one or a set of circuit parameters
due to process variations. The circuit, in this case, is futional but it violates

certain power and/or performance criteria.
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Figure 2.3: lllustration of the process variation e ect on ciuit yield

For analog and mixed-signal circuits, parametric yield I@sis signi cant and represents
the dominant part of the total yield loss. Hence, in this thesi, we are mainly concerned
with the parametric yield loss for both single and multipleparametric yield loss.
Figure 2.3 summarizes the process variation concept and \adizes the relationship
between process variation and the yield loss.

Given a circuit topology, the circuit performances of integst g (e.g., gain of
an ampli er, oscillation frequency of an oscillator, etc.)are functions of the circuit
responses which are in turn functions of the circuit paramets. The performance

constraints can be expressed in the following standard form
g(R() 0 i=1;2, ;m (2.13)

wherep 2 R" stands for the circuit parametersR : R" ! R™ is the circuit response
vector, m is the total number of performance constraintsg is the i-th performance

metric. Without loss of generality, any performance constrats can be reformulated in
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the standard form given in Equation (2.13). Forinstanceg(R(p)) C,g(R(p) C,
G (R(P)) 2 [Cnin ; Cmax] can be expressed asg(R(p)) C 0,C g(R(p) O,
(G(R(P) Cmin  0&Crax  G(R(P) 0), respectively.

Given the performance constraints in Equation (2.13), eacklement ofg has
a certain tolerated lower and/or upper bound. Hence, in the atistical parameter
space, certain part of the performance distribution will beeut o wherein a part of
the circuit parameter variation falls out of the acceptanceegion bordered by the
speci cation limits set by the designers given in Equation4.13). The fraction of
the distributions which are within the performance speci ation is called acceptance

region A, and it is mathematically de ned as follows:
Ap=1fpjg(R() 0 i=1;2, ;mg (2.14)

Figure 2.4 is an illustration of the acceptance region for argjle performance metric
in a two-dimensional parameter spacep(= 2). The remaining circuit performance
regions in red represent the failure regions, i.e., the regis of the parameters space
where the performances are not satis ed.

Parametric yield is the percentage of circuits that satisfthe performance speci -
cation considering statistical parameter variations. Intner words, it is the probability
of satisfying the parametric requirements, i.e., the paraetersp lead to acceptable

performance and so belong to the acceptability regiof,.
Z

Y(x)= Pfp2 Ay,g= o(P)f p(p;X)dp = E,f 1(p)g (2.15)

Rn
wherePf:g, ,(p), and E,f:g denote the probability, an indicator function, and the
expectation w.r.t random variablep, respectively. The indicator function is de-

termined by the performance speci cation and its correspaling acceptance function

described as:
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The n-dimensional integration in Equation (2.15) has a canonitdorm and can be
numerically approximated to:

LN
Yve = o () (2.16)

N
k=1

where Yy c stands for Monte Carlo (MC)-based vyield estimator, are independently
drawn random samples from the parameter uncertainty domasnd N is the MC sam-
ple size. The yield estimation formulated in Equation (2.15s for a single performance
metric. A generalization of the yield expansion in the casd multiple performances

m-Dimension yield probability is de ned as follows:
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Yield = P(p2([ Ap) (2.17)

i=1

By applying the inclusion-exclusion principle [55] to Equi#on (2.17), the total yield

for m performance merits is expressed as:

n .
XX
I:)overlap = P(Alp [ Ajp) + P(Alp [ AJp [ Ap)
i<j i<j<l
\m

+( D" P2 AY

i=1
Calculating the yield is equivalent to calculating the faiire probability Psgue (a.k.a.

yield loss). They are related by the following relationship
Prailwre =1 Y ield (2.19)

Typically the yield should be high and therefore the failurgrobability should be low

for faster time to prot.
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Chapter 3

Surrogate based Optimization

In this chapter, we focus on analog nominal sizing. It equglbdenotes the performance
maximization problem in nominal conditions. Nominal sizings a standpoint of circuit
sizing which in turn is a main step in the analog IC ow. This isa critical design
stage that aims at determining circuit geometry, namely trasistor width (W) and
length (L), and resistor, capacitor, and inductor nominal values. @guit sizing is
mostly done using either knowledge based or optimization $&d approaches. This
chapter mainly focuses on optimization based circuit sizi Particularly, we present
a mixed equation-based and simulation-based optimizatiamethodology. It has the
advantage to allow a exible sizing procedure between di @nt abstraction levels. We
demonstrate the feasibility and exibility of the proposedmethod on a ring oscillator

and a two stage operational ampli er.

3.1 Space Mapping based Circuit Sizing

We assume that the circuit topology has been selected. Thegposed analog opti-

mization methodology for circuit sizing is shown in Figure 3. As it can be noticed,
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the proposed methodology consists of two main steps. The first step is the sensitiv-

ity analysis stage wherein promising sub-regions of the design space are located. It

consists first to subdivide this design space to sub-regions. Afterwards, a regional

sensitivity analysis is conducted in order to quantify the dependence of the circuit

transient performances on the corresponding sub-region in the feasible design space.

Specification /
Properties

[ Circuit Topology ]

Technology
Node

A 4

Design Constraints Extraction

A 4

Search Space
Refinement

]
i

No

Global Sizing

Y

Nominal Sizing

Termination ?

Yes

Nominal Circuit
Parameters

Figure 3.1: Proposed circuit sizing methodology

The sensitivity analysis is performed globally in the design space and not locally as

usually done with Spice. This can be justified by the following reasons:

1. Local sensitivity is carried out under the assumption of linear circuit model.

Hence, it cannot be applied to complex nonlinear circuit models especially in

which there are nonlinear interactions between parameters.

2. Local sensitivity is adequate to measure sensitivity only for nominal circuit
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parameters and thereby the performance of the circuit is stlied only locally in

the design space.

3. Global sensitivity explores the entire possible range tifie design space while
accounting for interactions between the di erent circuit @rameters without de-

pending on the stipulation of a single circuit parameter fesable solution.

Once the sensitivity analysis is performed, the feasible sign sub-regions are classi ed
into promising and non-promising design sub-spaces in order to facilitate the search
for the optimal design parameters. The second step is the noral circuit parameters
selection on the retrieved promising feasible design subases. The nominal circuit
sizing is typically done using knowledge based approachessed on the design ex-
perience and expertise. It basically consists of derivingualytical circuit equations
that relate circuit performances to device characterist&cand parameters. Although
this approach worked well for old technologies, it is no morguitable for nano-scale
modern technologies. For instance, the modeling of shortaitmel e ects makes the
circuit equations for large and small signal analysis extmeely di cult to derive. Con-
sequently, using simpli ed equations thereof yields to d&g solutions that are far
from the actual optimal ones. Hence, an optimization based pmach is adopted
in this thesis. It transforms the circuit sizing procedure @ a general optimization
problem. The circuit performances are cast to a cost functip and the promising fea-
sible design sub-spaces are explored automatically by antiopzation engine in the
search of optimal design parameters. If the extracted desigoint does not full | the
accuracy requirement, the optimization is repeated untiltiaccomplishes a stopping
criterion (i.e., all design speci cations have been met).nlthis case, the design point

is considered optimal and the sizing procedure runs are spogd.
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3.1.1 Optimization based Circuit Sizing

The task of sizing an analog circuit can be formulated as an wmization problem
to substitute a design plan. The circuit optimization corrgponds to the process of
searching for the circuit parameters value under which thedst circuit performance is
expected with respect to the desired speci cations. Matheatically, this process can
be formulated as a nonlinear constrained optimization préém for n variables with

m constraints as follows:

min f (x) X = (X1 X2} 25 Xn)
X
such that ¢(x) O i=1;:;m (3.1)
hi(xX)=hy i=1;:;n

X X Xy i=1;:un

wheref(x) represents the performance function to be optimized accang to n circuit
parametersx;, h is the equality constraint which mainly refers to Kirchho 's Current
Law (KCL) and Kirchho 's Voltage Law (KVL) equations. x stands for the feasible
design space vector of dimensiom, and x; and x, are its lower and upper bounds,
respectively. The vectorg (x) refers to design constraints such as gain, phase margin
and slew rate. Table 3.1 summarizes all possible con ictirgjzing rules.

For the sake of generality, it is assumed that the optimizatin problem corre-
sponds to the minimization of the performance function. Fogexample, the objective of
the optimization is to determine the sizing of all devices (g., transistors width, capac-
itors, etc.) such that the power consumption is the smallegiossible while satisfying
all design constraints (e.g., slew rate constraints). Hower, many challenges arise

when optimizing an AMS circuit because its objective functio can be very expensive
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Table 3.1: Sizing rules and constraints

Geometrical Electrical

Transistor Length/Width Design works at the_ expected region.
(e.g., saturation region)
Functional Robustness
De ne the design margins
in order to decrease the sensitivity
to process variation and operation conditions|
It closely depends on the technology node.
(e.g., min length/width/area)
Equality Inequality

Matching constraints.
Design parameters have
the same values
in symmetric designs.

(e.9.L1=1L>)

Operate the desired analog
function

(e.g., transistors working
on saturation)

Upper and lower bounds of the electrical or
geometrical circuit quantities

(e.9.Vos Ves Vn

for transistors in saturation)

to extract, evaluate, and is most of the time non-di erentidle. Indeed, the extraction
of the equation capturing the behavior of the circuit topolgy is very complex and
prohibitive. Furthermore, the simpli cation required to obtain a closed-form solution
of the optimization problem compromise the accuracy and cqieteness of the sizing
problem. Conversely, simulation based techniques rely ommilation to evaluate the
circuit performance during the optimization process o eng good accuracy, general-
ity, and ease of use. Clearly, a good compromise lies in migibboth techniques. It
is also worth mentioning that a wide feasible design spaceadres the optimizer to
nd a better circuit, but the convergence is very slow, thus lhe time required to nd
optimal circuit parameters can be very long. It is thereforemportant to limit the
optimization search on sub-regions of the design space whg@otential global circuit
parameters exist. The question that arises is, how to shrink the feasible design space

and locate the promising design subspacés?
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3.1.2 Global Circuit Sizing

The aim of the global circuit sizing is to con ne the sizing s&ch to promising de-
sign subspaces and thereby to cut o non-promising parts fne the overall feasible
design space. These promising design subspaces will be ubedeafter to prevent
the optimization approach from entering unrewarding regits in the design space. In
other words, it guides the circuit optimization procedure® focus on regions promising
optimal design solutions.

The approach is summarized in Algorithm 3.1. It is based on tresient regional

sensitivity analysis [56] which is a variant of the global sesitivity analysis theory.

Algorithm 3.1  Global Circuit Sizing
Require: D¢, F, S
1: D,  Divide search spaceS)

22 o =F

3 nor =

4. forall i 1toSdo

5 while stopping criteria is unsatis ed do

6 Initialize p. = center(D}), fmn, f max

7: [dn:no; pvalug  Run Kolmogorov-Smirnov method F; D))

8 [ o7 nol Identify potential promising sub-regions €n.no; P

value; Rhreshold )

o:return o = [ o) nor = F\ S

Dinit is the initial feasible design spacd; the set of objective functions S the number
of sub-regions. The global circuit sizing procedure startsy subdivising the feasible
design space intd sub-regions (line 1). An illustration of the proposed globadizing
feasible design space subdivision is shown in Figure 3.2 faotiterations. It can be
noticed that the design space subdivision is performed indua way that previous
sensitivity analysis is at the center of the new sub-regionsThereafter, a regional

sensitivity analysis based on Kolmogorov-Smirnov is condied (line 7) wherein high
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Figure 3.2: Global circuit sizing iterations

sensitivity values designate the most promising design sub-regions. It splits the sub-
regions depending on whether the associate circuit performance is above or below a
certain threshold (pinreshoia). In the sequel, we detail the Kolmogorov-Smirnov based
regional sensitivity method. The Kolmogorov-Smirnov is based on a two-sample test
hypothesis testing method (see Equation 3.2) that is carried out for each design sub-
region independently. Based on predefined performance limits (f™" and/or fm),
the predicted performances from each design sub-region can be categorized into two

subsets as shown in Figure 3.3:
e Optimal design sub-regions (denoted as R,)

e Non-optimal sub-regions (denoted as R,,)

Figure 3.3: Design sub-regions classification

43



In what follows, we denote by (, = p'jR,) the circuit parameter p; region that
leads to an optimal design sub-region and ¢, = p'jRn,) the circuit parameter p;
region that leads to a non-optimal design sub-region, resgively. A conceptualization
of this sub-region categorization is depicted in Figure 3.3 he Kolmogorov-Smirnov

method is statistically formulated as follows:
HO f o(pi J RO) = f no (pl J Rno) (32)

Hitf (P jRo) 6 f (P ] Rno)

wheref are probability density functions and ,[ no = 7 IS the total design sub-
region under analysis. The distance between the empiricaliraulative distribution

functions for both promising and non-promising sub-regi@nprovides an index for
the sensitivity of the design parametem; on the desired circuit performances. This

sensitivity index is de ned as follows:
Onino () = supy K Fn(pi J Ro) = Fro(Pi j Rno) K (3.3)

whereF is the marginal cumulative probability function.

Figure 3.4 illustrates schematically the regional sensiity index of the opti-
mal and non-optimal design sub-regions for circuit paramet value p;. The result
of the Kolmogorov-Smirnov test is two measures, the sensity index dn,, (a.k.a.
D -statistic) and the p-value. dn.,, quanti es the distance between the two marginal
cumulative probability functions F,, and F,,, whereas thep-value de nes the signi -
cance level of the di erences of the latter. The sensitivityndex dn.,, varies between
0 and 1 and the lower its values is, the less in uential paraner p;. In particular, if
dhno = 0, then p; has no in uence on the circuit performance.

These two measures exhibit an inverse relationship. In faa larged,.,, (or equiva-

lently a small p-value) indicates an important design point in the prede nd feasible

44



Rt EmiR ;

P no(pil Rna) /l

< >

Pi

Figure 3.4: Sensitivity index for circuit parameter p;

0

design-sub-region. In this thesis, the threshold p-value at which the circuit perfor-
mance is deemed promising is set to pipreshord = 0.01 as recommended in the litera-
ture [57].

Next, depending on the obtained p-value the sub-region D} is deemed promising
or non-promising sub-region of the design space (line 8 of Algorithm 3.1). This p-value
reflects the contribution of the circuit parameter p; to the mean and variance of the
circuit performance f. Finally, we confine the feasible design space to these promising
design sub-regions (2,, that has the potential of having an optimal design solution.
It follows that the non-promising design sub-regions (2,,, wherein optimization is
unrewarding are retrieved from the initial feasible design space.

The exhaustiveness feature of the underlying global sizing algorithm relieves
the nominal sizing computations. It turns the complex computational task of circuit
optimization into many sub-feasible design spaces based on sensitivity analysis. This
way, the optimization is carried out only on the sub-optimal design space. Conse-
quently, the search space is constrained to areas where meaningful solutions might
be expected to be found. Thus, the computational effort overhead that plagues the

simulation-based design space exploration and design optimization is greatly reduced.
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3.1.3 Nominal Circuit Sizing

Once the reduced design space €2,, is defined in the global circuit sizing step, nominal
circuit sizing is performed on this reduced optimal design space (i.e., the design sub-
space confined to the promising design sub-regions defined in Section 3.1.2). The aim
of this nominal sizing step is to find the optimal design point (i.e., circuit parameters
values) in the design space €2, that has the optimal circuit performances set by the
specification requirements. The typical AMS circuits nominal sizing flow is illustrated
in Figure 3.5. It consists of an iterative process between an optimization engine and a
performance evaluation engine. In the optimization iteration, the candidate optimal
design points, extracted from an equation based sizing approach, are generated by
the optimization engine. The circuit performances for this candidate optimal design

point are analyzed and fed-back to the optimization engine for the next iteration.

Sizin Sized topolo
Constra?nts _)[ Optimization Engine P gy)

Candidate Circuit
il Parameters Performance
. EE Performance Evaluation Engine ]
'

s

Circuit Topology

Figure 3.5: Typical analog IC sizing flow

This flow is obstructed by the high expense of the evaluation engine. In addition, the
relation between the optimization design point figures and the circuit performances
thereof is unknown, rendering this feedback approach inappropriate for design automa-

tion. As an alternative, we propose in this chapter a formally coupled optimization
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and performance evaluation approach that is similar in spirit to formal equivalence
checking as depicted in Figure 3.6. Indeed, the optimization is performed through
verifying the equivalence between the circuit responses of the detailed and surrogate
models over design point solutions. The coupling is performed through a space map-
ping approach between the optimization engine which is based on an equation based
sizing and the evaluation engine, which is conversely a simulation based approach.
This space mapping paradigm [58] was originally developed for microwave circuits op-
timization, and thereafter gave rise to an entire field of surrogate-based optimization
approaches across several engineering disciplines. The two-fold clear benefits of the
proposed approach are:

1) Stabilization of the iterative standard sizing process through reducing the simula-
tion overhead.

2) Guaranteed convergence to the optimal design solution for arbitrary geometries.

[ A

> Optimization Engine

Sizing
Constraints

Space Mapping
Approach

Sized topology

Surrogate Model ——f

A 7

Detailed Model >

Performance Evaluation Engine
N J

Figure 3.6: Proposed space mapping based nominal sizing flow

In the sequel, we detail our proposed surrogate based space mapping based
optimization procedure. The optimization scheme is conducted in a cross detailed-to-
surrogate model level driven way referred to as cross-level mixed equation-simulation
based optimization. For instance, it is performed with an interplay between two dif-

ferent representations of the circuit at different abstraction levels, mainly a detailed
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complex model and a behavioral surrogate model. The essewntd¢his method is to
use the behavioral model to gain information about the detkd circuit model and
to apply this in the search for an optimal solution of the later. The capability to
switch between the two circuit models helps to harness the &tdeatures of each of the
circuit model. By doing so, our space mapping based optimizan method eliminates
the need for sequential optimization of each AMS model sep#ely and so breaks the
re-design loop and so reduces it by jointly optimizing the tav circuit models while
maintaining the accuracy in a single step. Besides the runte and accuracy bene ts
of the proposed technique, the hierarchical sizing is more line with the industry
practice and how a designer would tackle the sizing of large Avkircuits. Figure 3.7
shows the underlying proposed space mapping based nominaing) methodology. As

it can be seen, it is broadly comprised of four steps:

1. Behavioral circuit model optimization
2. Detailed model parameter simulation
3. Space mapping function re nenment

4. Detailed model circuit parameters sizing

First, the behavioral model is optimized through the searcmithe optimal design
space ,, computed in the previous global circuit sizing step. Then,he resulting
optimal parameters of the behavioral modek, are mapped into their corresponding
detailed level parameters<y. X4 and X, are mapped using a space mapping function

P :Xg4! Xpwhich is de ned by:
X = P(Xa) (3.4)

such that

KRg(Xq) Rp(Xpk " (3.5)
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Figure 3.7: Proposed nominal sizing methodology

where Ry and R, refer to the circuit responses to the detailed and behavioral level
models, respectively and ¢ is a predefined tolerated error. The mapping is estab-
lished through an iterative process. At the j™ iteration, we expand the circuit level
parameter set to contain m; points which are chosen by perturbation around the op-
timal behavioral model parameters xj;. These m; points are then used to establish a
mapping function refinement PY which is used to estimate the new detailed model

parameter as follows:

Lmie)) _ pi) 3.6
d b

Algorithm 3.2 summarizes the mapping function P computation at the j% it-
eration. It is basically a linear combination of the detailed model response to the
(mj41)

candidate design point solution z, . The least-square solution to the system of

equation defined in line 10 determines the mapping function P at the iteration j. The
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process continues iteratively until the satisfaction of th termination condition:

KRp(x,) Re(x{M"*hk - (3.7)

(mj+1)

Upon termination, X4 = Xg4 is set as the optimal circuit level design solution for

the circuit parameters.

Algorithm 3.2  Space mapping function computation
Require: Xp, Xq4, Rq, Ry, |
1: n  Compute size Kq)

if j=1 then
A =1(n;n)

. else

fori 1tondo
8, Compute mapping coei cient(Xxp(i); Rq(Xq(i)))
Update A

: [C;D]  De ne new basekp; Rq(Xq))

9: W  Compute weighting matrix(A,D)(Xp; Rg(Xq))

10: AjT =(D"WTWD) DTWTwWC

11: P = Af

12: return P

© N g RN

3.2 Applications

In this section, we present the results of the application afur surrogate based circuit
optimization method on the example of a ring oscillator. Welsao test the e ciency

of the proposed method for multi-objective optimization ora two-stage operational
ampli er circuit. The detailed circuit models are designeénd simulated in TSMC's 65
nm CMOS technology with BSIM4 transistor models. The behawral circuit models
and the proposed optimization based circuit sizing methottogy are implemented
in MATLAB R2013a [59]. In order to generate a solution in reas@ble time, the

maximum number of allowable simulation for our method is seb 300.
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where | is the drain current owing through the inverter stage, Cr is the total
capacitance,Cyy is the oxide capacitance per unit area, andpp is the supply voltage.
The length of all PMOS and NMOS transistors are set to 65 nmL(= 65 nm) as
per technology le. Thus, the optimization problem will corsist in computing the
appropriate transistors widths. Applying the symmetry consaints, we will have
Wy, = Wp, = W, and W, = W,,, = W,,. After performing the space mapping
optimization method, the obtained optimal transistors widhs are W,, = 3 m and
Wp =25 m.

In order to evaluate the performance of our proposed sizingethodology, we

compare our results with other optimization based methodsyamely Genetic Algo-

rithm (GA) [60] and ANFIS [61] methods.

Table 3.2: Comparison with other techniques in terms of nundo of iterations

| Optimizer | Obtained frequency|

HSpice 3.207
GA [60] 3.06
ANFIS [61] 3.15
Our method 3.206

The obtained oscillation frequency performances are reped in Table 3.2. The per-
formance of the sized circuit is also con rmed using Spice gitation. It can be
observed that our method gives the best operating frequencpmpared to the other
optimization methods with a very close gure to the Spice simation based approach.
It can be inferred that our mixed equation/simulation basedoptimization approach
0 ers a superior accuracy to equation based methods whileibg very close to HSpice
gures.

In Table 3.3, a comparison in terms of required number of itations, runtime,

speed-up, and relative error between the di erent above-maoned methods is shown.
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As it can be observed, our sizing scheme is found to be highly @ent. For instance,
it signi cantly reduces the number of optimization iterations needed to converge to
an optimal design solution compared to the ANFIS method. In addon, it o ers

a large speed-up gain of almost 12X compared to the HSpice simulation approach
while having only 0.031% relative error in the computed oslation frequency f osc.
Therefore, the gains of our proposed methodology are re ect not only in the good
performances attained but also with a signi cant runtime seing. It is hence a good

alternative to the existing optimization approach while iegrating HSpice accuracy.

Table 3.3: Optimization results for ring oscillator

Optimizer Totgl number Runtime Speeq-up Relative Error
of iterations [h] Ratio (%)
HSpice { 12.33 { {
GA [60] { 7.12 1.74X 4.58
ANFIS [61] 173 2.56 4.8X 1.77
] Our method \ 68 \ 0.58 \ 12.62X \ 0.031 \

3.2.2 Two stage Operational Ampli er

As a second application, we consider a two-stage ampli er (egm) as depicted in
Figure 3.9. The circuit consists of eight transistoré M;gf., , compensation and load
capacitance and a reference bias current. The length of alanhsistors is setto 1 m.
In order to illustrate the design and optimization of the opeational ampli er circuit,
the list of speci cations is summarized in Table 3.4. It is kawn that one of the main
ampli ers performance characteristics is their gain. It fbows that the aim of the
optimization scheme for this application is to maximize the@pen-loop gain.

The Least Square Support Vector Machine SVM toolbox interfad with MAT-

LAB was employed for the behavioral circuit model using multariate SVM regressor
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Table 3.5: Feasible design space

| Circuit parameter | Parameter range|

W; =W, [1; 100 ]

W3 =W, [1, 50 ]
Ws [1; 100 ]
W5 [1; 100 ]
Cc [5pF; 20pF]

Table 3.6: Optimization results for the two stage operatical ampli er circuit

Perfqrmance HSpice| SVM | Our method
metrics

Gain (dB) 65.27 | 60.12 64.98
Bandwidth (MHZz) 83.7 80 83
Slew Rate (V/s) 71.4 | 63.07 70.2

The outcomes of the runtime comparison between the HSpice, SYl&nd our
proposed method is shown in Table 3.7. It can be seen that ouroposed method can
achieve signi cantly better speed-up than both HSpice and SVMased optimization
method. This is mainly thanks to the global sizing procedur&herein the regional
sensitivity analysis pruned the feasible design space alioig unnecessary nominal

optimization. In summary, both SVM and Spice methods can nd dsign solutions

Table 3.7: E ciency of the proposed method

Optimizer Runtime (h) | Speed-up
HSpice 17.18 {
SVM 5.51 3.11X
Our method 3.22 5.33X

that meet the design speci cations. However, our method is éhonly one that reached
a good trade-o between the accuracy and runtime. Indeed, ib ers a spice like

accuracy in signi cantly less runtime.
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3.3 Summary

In this chapter, we presented a methodology for determiningptimal design solution
using a space mapping scheme. It is based on a coupled simuaolaequation based
optimization approach. The optimization is formulated as amapping function be-
tween two models of the circuit and the optimization problens translated to nding
the inverse of this mapping function. The proposed schemeas alternative to classi-
cal optimization based analog sizing techniques with betteonvergence and superior
performance with respect to direct optimization technique We present two appli-
cations that illustrate how the proposed methodology can bapplied to the design
and optimization of representative analog blocks. From thexperimental results, it
is established that our proposed methodology is Spice acatg while being up to
125X faster. In addition, it can successfully handle single agell multi-objective op-
timizations. Nevertheless, in real life, designers are fagi inevitable variations in the
structural and electrical circuit parameters due to enviromental and physical factors.
In the next chapter, we will focus on verifying the circuit beavior due to parametric
variation as it is becoming a major concern that signi cant impacts not only the

yield but also the dynamics and so the functionality of analp circuits.
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Chapter 4

Surrogate based Veri cation

Given the set of so-called optimal design parameters compdt in Chapter 3, this
chapter is concerned with the veri cation of possible abeant circuit dynamics. The
veri cation methodology is based on a statistical proof by @ntradiction technique
to probe deterministic from stochastic circuit dynamics. tl combines a surrogate
generation scheme with a statistical hypothesis testing pcedure. We demonstrate
the feasibility and e ciency of the proposed methodology orseveral AMS circuits,
namely a Colpitts oscillator, a rst and a third order - mod ulators, and a phase

locked loop.

4.1 Circuit Dynamics Veri cation

Figure 4.1 details our surrogate based methodology to stdisally probe determin-
istic from stochastic dynamics of AMS circuits. Given a sizedircuit topology, a
design speci cation and a technology library, the AMS circtiibehavior is modeled
as Extended-System of Recurrence Equations (E-SRESs) thaestribes its behavior

with and without noise. The methodology starts by conductig transient simulations
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In this thesis work, we are considering only thermal noise eation that adheres to

a Gaussian distribution with meanm, and standard deviation .

De nition 4.1.1  (Chaos) The absence of a precise mathematical de nition of the
chaos phenomena makes it very challenging to be distinguished from circuit noisy

behavior. Nevertheless, chaotic behavior can be characterized by the following features:
1. It is aperiodic but bounded.

2. It exhibits exponential sensitive dependence on initial conditions. Therefore, a
very small initial condition discrepancy will exponentially change the behavior

of the system over time which is known as the Buttery E ect [62].

3. It is governed by one or more control parameters, a small change in which can

cause the chaos to appear or disappear.

4. It has an unpredictable long-term behavior despite emerging from deterministic

system.

5. It exhibits a complicated behavior wherein trajectories converge to a strange at-

tractor that has a fractal dimension.

First, we perform transient simulation of the obtained E-SREAMS design model for
speci ¢ environment constraints, namely the initial valus of the voltage and current
state variables and the simulation parameters (such as thetal simulation time and

the simulation step size). Thereafter, a dynamics regenéi@n method is adopted for
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a phase-spaceveri cation of the circuit dynamics. In phase-space domairthe circuit

state variables are displayed against each other, i.e., kdves time as an implicit
dimension not explicitly graphed. The subset of this phasgpace domain toward which
the circuit tends to evolve regardless of the initial condibns is called anattractor.

This attractor is used to predict the chaotic behavior of an ANb circuit in order

to consider them in the surrogates generation later. The nouaniform embedded
window [63] and the false nearest neighbor method [64] areeddo establish optimal
embedding parametersde, ) for the attractor reconstruction.

Next, we elucidate the property of interest P) that the circuit should comply
with. The property to be veri ed is phrased as follows: \s the observed random like
behavior of the AMS design due to noisy or chaotic behavibrHence, we de ne a
null hypothesis, denoted byH,, which assumes that the circuit exhibits stochastic
noise and an alternative hypothesidd; that assumes the circuits to be purely de-
terministic, i.e., chaotic. To verify the above-mentionechypotheses, the idea is to
generate arti cial circuit outputs (called surrogates) whch are realizations of what
the circuit output would be if it was consistent with the property P. Hence, these
surrogates serve as a useful null model against which thelreicuit output is veri ed.
They are constructed from the circuit output so they are freérom any chaotic process
while preserving some features of the circuit output.

Thereafter, we determine the noise radius which is the amount of noise that
will obliterate the attractor of the surrogates. The best dection of this parameter
is very important for the accuracy of the results. is computed according to the
suggestions in [65]. The parametersl{, , ) together with the hypothesisH, are
then passed to a Surrogate Generation Method (SGM). A numbef surrogatesNs is

then generated using this method (more details will be givelater in Section 4.1.1).
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Those surrogates must preserve some deterministic featsiref the real output (such
as periodicity) while satisfying the null hypothesisHy. Therefore, chaotic behavior
by ne scale dynamics will be altered by random noise with lel .

Finally, a single hypothesis testing technique is employea tverify the actual
AMS circuit behaviors in order to verify the noisy behavior epressed with the null
hypothesisHy. If Hg is rejected, signi cant di erences between the original aput
and its surrogates in terms of Gaussian Kernel (GK) or Lemp&liv Complexity (LZC)
measures (see Sections 4.1.2 and 4.1.3 for more details)de@uced depending on the
noise distribution (i.e., Gaussian/non-Gaussian). The fjection of H, consequently
implies the acceptance of the alternative hypothesibl; that the circuit behavior

exhibits chaotic dynamics.

4.1.1 Surrogate Generation Method

We extend the surrogate data method, developed rst in [65ptstudy the dynamics of
human electrocardiogram (ECG), to verify AMS circuits behawr. It is a statistical
proof by contradiction method to verify whether or not data kelong to a particular
class of system. Our surrogates generation procedure is soanized in Algorithm
4.1. The proposed algorithm requires: E-SREs model of theraiit for the state
variables X with/without thermal noise in some or all circuit components denoted
by E-SRE(X), the noise radius , the embedding dimensiord,, the embedding lag ,
and the number of surrogates to be generatéds. The algorithm begins with state
space reconstruction of the circuit dynamics (line 4). It ausists of representing the
dynamical features of the circuit outputE-SRE(X) in an alternative domain namely
an Euclidian spaceR% whered, is the embedding dimension. By doing so, the points

in R% form an attractor A (line 5) that gives intuition about the circuit dynamics.
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Algorithm 4.1  Surrogate Generation Algorithm
Require: E-SRE(X), , de, , Ns

1: N length (X);

28 N (de 1);

33dy  de 1;

4: fZ,g¥, embed(E-SRE(X);ds; );

5: A=fz=t=1;2::;N¢;

6: for k=1! Ng do

7 forj=1! N d,do

8: i 1;
9: S12A;
10: while i<n do
11: dj = ks Z k;
@
12: lj=e
13: O N E S S
14: P(sivi = z) ! B
15: Si+1 = Zj;
16: i i+

17 f(s)kg T (Su)k; (S2)k; i (sn )k G;

Thereafter, the embedding points of neighboring trajectas in the obtained attractor
are used to create a new attractor with noisy trajectoriesifies 10-17). The algorithm
chooses an initial conditions; randomly from the reconstructed attractor A (line
9). For the following noisy attractor point, a near neighborz; 2 A is then chosen
with a probability commensurate to the noise radius (line 14). The introduction
of this dynamical noise by the surrogate generation algohin will obliterate any
deterministic dynamics of the circuit while preserving péodicity. Hence, chaotic and
stochastic circuit dynamics lead to distinct trends of theisurrogates produced by this

method.

4.1.2 Gaussian Kernel Test Statistic

Correlation dimension is an extension of the usual notion afimension to objects

with a fractional dimension. Hence, a correlation dimensiohetween two and three
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would represent an object which occupies more space than am, but less space
than a sphere. Because strange attractors have a fractiondiimension, correlation
dimension is used as test statistic in the hypothesis testin We use the Gaussian
Kernel (GK) [66] test to measure the dimensioml, of the circuit attractor A. GK is

mathematically de ned by Equation (4.2). It uses the Gaussin kernel function, given

in Equation (4.3), that is more convenient for calculating lhe e ect of Gaussian noise.

o log Tn(h)
% =Mo"y “log h (42
1 X X 1 kx; Xj k2
= — 4
T N (¢ @ ) (4.3)

where h denotes the bandwidth, andN represents the number of estimation points.
Our choice for this test can be justi ed by the fact that it hasbeen proven to provide
a rigorous estimation of correlation dimension even for a ise level that is 50% higher

than an ideal signal [66].

4.1.3 Lempel-Ziv Complexity Test Statistic

The Lempel-Ziv Complexity (LZC) method, rst de ned in [67], iS a nonparametric
measure of complexity in the sense of Kolmogorov. It is able tapture randomness,
i.e., the degree of redundancy (or patterns) that are simitan a signal without making
any assumption about its distribution. Unlike the Gaussian lernel (GK) test statistic
described in the previous section, this measure has the adtage of handling stochas-
tic circuit behaviors that do not follow a Gaussian distribtion. It objectively and
quantitatively estimates system complexity through the chnge process of inherent
system structure.

Consider a circuit output X = ( X1; X; ::3; Xy ) Of length N that takes its values
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in an alphabetA of nite size = jAj:
8
2 0 if Xi<Ty
Si = S
-1 if Xj Tq

The upper limit of the complexity counter is given by:

N

N < Ty Tog )

(4.4)

where is the number of alphabets in the circuit output under veri ation (it is
independent of the length of the output under veri cationN) and y is given by the

following equation:
_21+ log (log (N ))

N log (N) (4.5)
The normalized LZCC,7 is de ned as:
_ oN)
whereb(N) is given by the following equation:
N
bN) = 1 (4.7)

Ziv proved in [68] that if X is the in nite length output from an ergodic source with

entropy rate h, then limsup,;; Ciz(n)= h.

4.2 Applications

In this section, we report the results of the application oftie proposed surrogate based
dynamics veri cation approach on a Colpitts oscillator, a hird order - modulator,
and a PLL circuit. The type of hypothesis testing used is theree tailed test with the

level of signi cance = 5%.
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4.2.1 Colpitts Oscillator

A Colpitts oscillator is a combination of a transistor amplier and an LC circuit
as shown in Figure 4.2. The Colpitts circuit behavior has beereported to exhibit

chaotic behavior [69].

®

Figure 4.2: Colpitts oscillator

We model its behavior by the following E-SREs:

is(n) = if (Vee >V”‘;W; 0)

ic(n) = if (true; ig(n); 0)
Vee(n+1) = if (true; Ve (n)+ t%; 0) (4.8)
Vee(N+1) = if (true; Vae () C_;(VEE E;’EBE M i +is): 1)
iL(n+1) = if (true; i (n)+ (Vcc  Vee(n)+ Vege(n) iL(MRL); 0)

Table 4.1 summarizes the simulation and surrogate generani parameters for the Col-
pitts circuit. Figure 4.3 illustrates both the original and reconstructed attractor of the
Colpitts oscillator behavior using the embedding dimensmo(de, ) given in Table 4.1.
The similarity of both attractors demonstrates the appropiate choice of embedding

parameters.
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Table 4.1: Simulation parameters of the Colpitts circuit

| Parameter | Value | Parameter | Value |

Ree 0.904 R, 35
Cy, Gy 54e-9 Ree 400
Ron 100 Vcee 5
VEe -5 Vin 0.75
94 de 2
3 0.003
Ns 100 N 3600

The importance of an adequate selection of the noise radiuss shown in Figure 4.4.
For instance, if istoo large ( = 0:01), the surrogate generation algorithm will intro-
duce too much randomization and the surrogates will no longeesemble the circuit
output Vce (see Figure 4.4(c)). This resemblance can be measured usingadtern
matching technique [70]. Conversely if is too small ( = 0:001), the algorithm will

introduce insu cient randomization, and surrogates will be identical to the output as

shown in Figure 4.4(b).
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Figure 4.3: Original attractor of Colpitts output (a), reconstructed attractor (b)
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Figure 4.4: TheVce output and its surrogate for di erent noise radius

Figure 4.5 depicts the Gaussian Kernel correlation dimensiod, of the Vce
output (dashed line) and its corresponding 100 surrogatesldited line). It can be
observed that our approach successfully probes the chaoliehavior of the Colpitts
circuit. For instance, thed.(Vce) is signi cantly di erent from those of the surrogates
and so falls in the rejection region (see Figure 4.5). This k@& to the rejection of
the noisy dynamics hypothesis and consequently proves theaotic circuit dynamics.
Using our circuit dynamics veri cation technique, we were dk to detect chaotic

dynamics in the Colpitts oscillator with a con dence level 695%.
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4.2.3 Phase Locked Loop

PLLs are widely used as modulators and demodulators in commigation systems.

In this section, we verify a third order PLL that serves as FM deodulator [73]. In

this PLL, a multiplier Phase Detector (PD) and a resonant LowPass Filter (LPF)

are deployed as shown in Figure 4.9.

\

_/

Thermal Noise

Figure 4.9: Conventional PLL block diagram

The PLL dynamics are governed by the following E-SREs:

"(n+1) = if (rue; " (n) + (fq; 0)
(n+1) = if (true; ( n) tmfqsin( (n)); )
x(n+1) = if (true; x(n) + ( ok 2(N)); 0) (4.10)
y(n+1) = if (true; y(n) + ¢ (sin(x(n)  ( n)+
@ 2ym L=z 0
z(n+1) = if (true; z(n) + ((gy(n)  z(n);1)

where the state variables , ,

X, Y, and z stand for modulating signal, frequency

of modulation, phase di erence between PLL input and VCO ouiut, PD output,

and LPF output, respectively. As the control parameterm changes, the dynamic

of the PLL changes and at the end culminating to a chaotic regie. For instance,
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Table 4.2: Simulation parameters of the PLL circuit

| Parameter | Value | Description |
fn 0.904 | normalized frequency of the modulating signal
m 10 modulating index
n 1.2 normalized detuning
de 5 embedding dimension
Kn 0.6511 normalized loop gain
g 1.728 lter gain
10 embedding lag
0.0170 noise radius
Ns 100 number of surrogates

the circuit output. Consequently, the proposed methodolggwas able to successfully
distinguish the noise like behavior exhibited by determistic chaotic circuit from the

stochastic noisy PLL.

4.2.4 Comparison with Lyapunov Exponent Method

In order to demonstrate the e ciency of the proposed methodogy, the Lyapunov
Exponent (LE) measure was carried out for the previously ahged circuits under
the same simulation conditions and for the same circuits ootits. The results of
chaos veri cation and simulation time are recapitulated inTable 4.3.

The obtained results using our approach are in good agreerevith those ob-
tained with the LE technique for the Colpitts circuit and -  Modulator. However,
a failure to discriminate the noisy behavior of PLL has beenedected (see Table 4.3);
Thermal noise in the VCO creates sensitivity to initial condions of the PLL design
that triggered the nding of a positive Lyapunov exponent. h fact, a maximum ex-
ponent =+0 :0154 has been obtained while the circuit exhibits thermal ms® in the

VCO and not chaotic behavior. Moreover, a simulation time aleration is found
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if the gain is in the range ]1, 2]. However, if 1, instead of chaos, the circuit
exhibits a normal operation (i.e., the quantized output wilbe approximately equal to
the input signal). We performed the veri cation of this ciraiit under two regimes: (1)
chaotic regime with = 1:14; (2) noisy regime by introducing non Gaussian icker
noise to a non-chaotic output for = 0:5. The results of the application of our circuit
dynamics veri cation methodology to the rst order - modu lator are recapitulated
in Table 4.4. In the chaotic regime, both the Gaussian KernéGK) test statistic and

LZC test statistic reject the null hypothesisHq of noisy circuit behavior.

Table 4.4: Results of verifying the rst order - modulator

GK test statistic | LZC test statistic
Chaotic regime RejectHg RejectHgq
Noisy regime RejectHy AcceptHg

Nevertheless, in the case of noisy regime, the GK test staiistfalls short to
discriminate the noisy behavior emanating from icker nois which does not adhere
to a Gaussian distribution while the LZC test statistic sucessfully discriminates it.
Indeed, the null hypothesisH, is found consistent with the noisy assumption whereas
the GK test statistic fails to do so. Consequently, our dynaims veri cation method-
ology presents two test statistic measures that are able toetect di erent types of

noise depending on their distributions.

4.3 Summary

From a veri cation perspective, this chapter presented a mébdology for the veri ca-
tion of analog circuit dynamics. More precisely, the propesl methodology serves to

statistically assess chaos from noise in analog and mixedgral designs. The circuit is
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modeled using Extended System of Recurrence Equations. Tvexi cation approach
is based on the univariate hypothesis testing and a surrogagieneration method to de-
cide whether to reject or accept the hypothesis that an unpdectable circuit behavior
is emerging from noise. Depending on the type of noise, twcstestatistic measures,
namely Gaussian Kernel and Lempel-Ziv Complexity, are pragsed. The experimen-
tal results on several circuits show the robustness and etaeness of the proposed
methodology. Nevertheless, in reliability analysis, desigrs are more concerned about
the failure probability (i.e., yield) of the circuit due to fabrication imperfections. To
respond to this concern, we propose in the next chapters ydet¢stimation techniques
to verify compliance of the circuit performances to their dgred speci cations in light

of process variation.
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Chapter 5

Single Performance Yield

Estimation

As stated in Chapter 1, a crucial step in the VLSI design ow is tk veri cation of
the circuit robustness to process variation. Upon ensurindhat the circuit ful lls its
intended behavior for the computed nominal process paranees, we propose in this
chapter a semi-formal reachability analysis technique tosemate the yield rate for a
single circuit performance. In contrast to methods that ussolely forward reachability,
our reachability analysis approach is carried out in an intéwined forward/backward
manner in order to reduce wrapping e ect. Subsequently, thercuit failure rate is es-
timated using a hypothesis testing based approach. We denstrate the e ectiveness
of our proposed veri cation methodology on a Tunnel diode oslator and a Phase

Locked Loop (PLL) circuits.
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5.1 Reachability Analysis based Yield Estimation

An overview of the proposed methodology for single performaayield assessment us-
ing intertwined forward/backward reachability analysis 8 shown in Figure 5.1. Given
a nonlinear AMS circuit topology, a surrogate model of the auwit in the form of
an SSRE (see Section 2.1.2) is generated. The proposed SS&malism features a
sound treatment of noise. It actually allows a consistent osideration of the noise
e ect to which the circuit is incurred during the reachabilty analysis process. Then,
parameter values from a certain distribution of the parametr space are derived using
the e cient LHS technique.

Next, reachability bounds of the AMS circuit behavior for a cotinuous set of
initial conditions, and under the derived circuit parametes are generated using rst a
forward reachability analysis technique. Then, the obtaireeforward reachable sets are
corrected using a backward reachability scheme in order teduce the over-bounding
of the forward scheme. Then, an univariate hypothesis testy procedure is performed
on the reachable bounds outputted from the backward reachéity analysis.

The intertwined forward/backward reachability is computel using SSRE circuit
model with parameters selected by the LHS procedure and foiitial conditions that
are de ned within intervals (n-cubes) is based on multivariate global optimization
methods. The SSRE is not solved for every initial conditionalue but it employs the
reachability analysis algorithm to optimize the search fothe global extremum. The
output of this step is a re ned reachability set generated tim the backward reacha-
bility correction that includes all possible actual behavics (trajectories) of the circuit
transient behavior. The main advantage of the proposed veration scheme is its

generality and scalability. In fact, it does not make any assnption about the nature
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5.1.1 Latin Hypercube Sampling

To study parameter variation e ects on the AMS circuits behaior, an optimal ex-
ploration of the parameter variation domain is very importat in order to achieve a
good accuracy and avoid non-informative veri cation runsTraditional sampling tech-
niques (e.g., Pseudo Random Sampling (PRS) [74], Fractidrfaactorial [75], Central
Composite [76], etc.) only arrange parameter values at sorapeci c corners in the
parameter space and cannot handle multivariate stochastmarameters especially in
terms of correlation. Consequently, when performing the xiecation, it cannot mimic
the circuit behavior in a global circuit parameter space. We'st look at PRS as ap-
plied in the estimation of circuit failure in order to justify the use of Latin Hypercube
Sampling (LHS). It has been demonstrated that the LHS techniqu gives samples
that could re ect the integral distribution more e ectivel y with a reduced samples
variance [77]. Figure 5.2 illustrates the di erences whilesing Uniform Monte Carlo
PRS and Gaussian Monte Carlo LHS of a random normal parametef tvansistor
width for 1000 trials. As it can be seen, the PRS approach has aq@ space lling.
Indeed, there are regions of the transistor width space thate not sampled enough
and other regions that are heavily sampled; On the contraryhe LHS approach ade-
quately samples the entire transistor width variation doman. The generated samples
follow more closely the actual Gaussian distribution.

In the sequel, we explain the Latin Hypercube Sampling (LHS) nra steps to

with the probability distribution function f (). The approach starts by the partition-
ing of the range of each circuit parameter variable inttN nonoverlapping intervals
on the basis of equally probability sizq},—. One value from each interval is randomly

selected w.r.t. the conditional probability density in thevariation interval de ned by
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5.1.2 Intertwined Forward-Backward Reachability Analysis

The proposed intertwined reachability analysis approactsishown in Figure 5.3. The
reachability analysis is conducted by iteratively applyig a propagation algorithm
which computes the next reachable set at time+ t based on the current reachable

set at time t.

De nition 5.1.1  (Reachability Analysis) Reachable set (or bounds) is the collection
of all possible trajectories or states of the AMS circuit transient behavior originated
from an interval of initial conditions. Mathematically, this can be de ned as follows:
XRreachableset = FX 2 R™ j X x  Xyg (5.2)
where X is the lower reachable bound of the reachable set (or region) and is the

upper bound of the reachable set.

First, the forward reachability analysis trajectories are alculated starting from the
initial condition uncertainty region (in this case it has retangular geometrical form) at
each time step and projected to a reachable set as depictedrigure 5.3 (a). Second,
the backward reachable set is computed wherein the obtainéatward reachable set is
considered as the initial region of uncertainty. Trajectdes starting from all points in
the nal backward reachable set is simulated in reverse timir the sake of screening
out erroneous over-approximated reachable sets as illusted in Figure 5.3 (b). The
de nition of reverse time dynamics of the SSRE model allowé forward/backward
reachability exchange.

The detailed implementation of the intertwined reachabity analysis approach
is summarized in Algorithm 5.1. Given an interval system of stchastic di erential
equations (an SSRE whose initial conditions are intervals)he algorithm de nes the

region of uncertainty of the circuit output as a hypercube (rcube) at time ty (lines
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Figure 5.3: Intertwined reachability analysis concept

3 and 18). Hence, the reachability analysis problem at a givemsilation time point
t for each circuit output (or state space) is equivalent to naéhg the maximum and
minimum bounds of the SSRE model. In the proposed algorithnihe reachability
analysis problem is so cast into a constrained multivariabl nonlinear global opti-
mization problem. It was proven that under continuity condiion, it is su cient to

compute the evolution of the external surface of the unceiitaty region [79]. This
means that to calculate the reachable bounds, it is su ciento compute the trajec-
tories emanating from the external surface of the region ohé uncertainty region.

The extreme functions (Max and Min) at a speci c timet of the system equations

puted using the forward reachability analysis. We use the MALAB Optimization

solver [80] based on trust regions (lines 1 to 15) to obtain ¢se extreme functions

ing the circuit transient behavior to evolve over the exteral uncertainty region (line

84



Algorithm 5.1  Intertwined Forward/Backward Reachability Analysis

Require: SSRE : AMS Circuit Model, X : Interval of Initial Conditions, P : Circuit
parameters,Ny : Number of state variablesy, : Initial time, t; : Final time
1: for t; tptot; do

2: for | 1to Ny do

3 Xext(t;) = Generate(X ) . external surface of the uncertainty region

4: Xmax (t53])= 1

S Xmin (t1;]) =1

6: for each state variable X (j) 2 Xext dO

7: Const = UpdateConstarj; SSRE; P; X ext)

8: Grad = UpdateGradj;t ;; SSRE; P; Xext))

o: [Xmax (t1); Xmin (t;)] = Global Opt(SSRE; j; to; t;; P; Xex); Grad; Constr)

10: BLForward (tl) Xmin (tl)

11: Burgwad (t1)  Xmax (ty)

12: update forward (t;; 1)

13: for t, t; to tp do

14: for | 1to N, do

15: Xext(ty) = Generate(B ... (12);Burouas (t)) . external surface of the
approximate reachability bounds

16: Xmax (t2:1) = Buroaa (t231)

17: Xmin (t231) = Bleguaa (t25])

18: for each state variable X (j) 2 Xex dO

19: Const = UpdateConstag (j; SSRE; P; X ext)

20: Grad = UpdateGrad; (j;t ,; SSRE; P; Xext))

21 [Xmax (t2); Xmin (t2)] = Global Optg (SSRE;j; t1;t,; P; Xext); Grad; Constr)

22: BLcorrected (tz) Xmin (tz)

23: BUwiews (12)  Xmax (1)

24: update backwardt,; )

7). The computed optimization point is then passed to the S3Rmodel, which uses
Xext @s initial conditions and generates a partial derivativesgfadient) values that

are used to control the stability of the reachability analys (line 8). The algorithm

an extremum which is the solution returned by the solver; Othrwise the gradient

values are used to select new points from the external uncairity region X ¢, and the

above described steps are repeated. Although this step guatees the completeness
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of the reachability set, the upper and lower obtained reacbhée sets are highly over-
bounded due to the wrapping e ect. One way to tighten the redwbility space is to
conduct a backward reachability (lines 16 to 30). Startingrdm the nal computed set
(line 18), the backward optimization algorithm is now perfamed on the AMS circuit
SSRE reversed in time in order to compute backward the readfity bounds and

consequently, correct the overbounded forward reachabyliset.

5.1.3 Monte Carlo-Jackknife Statistical Technique

In the sequel, we describe Monte Carlo-Jackknife (MC-JK) tecique that we de-
veloped in [81]. This technique will be used later on in Seoh 5.2 to compare the
results of the yield estimation and to show the attractable dvantages of the proposed
reachability analysis based yield estimation.

The Jackknife technique [82] was originally developed as anparametric way
to estimate and reduce the bias of an estimator of a populahoparameter. The
bias of an estimator is de ned as the di erence between the pgcted value of this
estimator and its true value. The Jackknife procedure worksseollows: First, remove
d (a parameter set by the designer) data points and calculaté¢ statistic of interest.
Second, calculate the pseudo-values according to Equati3). Then, repeat this
process, leaving oud data points at a time to build a distribution of the statistic.
Finally, use that distribution to estimate the statistic and its uncertainty. For an
estimator S, the i" pseudo-value Jackknife 0§ was calculated as follows:

ps = NS (N 1S (5.3)
where S; is the estimator value for the sample with theé™ data point deleted. The
Jackknife Con dence Interval (CI) of this estimate for 95% cn dence level is then

given by:
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Cly=ps 2 = (5.4)

where ;= i % ps= & PS
Hence, Jackknife reduces the bias of parameter estimates adlas the variance.
The detailed procedure for Monte Carlo-Jackknife (MC-JK) basd hypothesis testing
technique for AMS circuits is illustrated in Algorithm 5.2, wrere V,; represents the

observed circuit output with process variation,M denotes the number of MC-JK

samplesd is a parameter for theDelete Jackknife Method83], a chosen signi cant

Algorithm 5.2 Monte Carlo-Jackknife Veri cation Algorithm

Require: Vou, Tobs, , test, M, d
1: N length(Vout)
2: for i 1to N do
Delete Jackknife Method ¢I; Vout)
Tk (i)  Measure Test Statistic ()

. while test =" upper tail test” do
CV = quantile (Tyx;1 )
if CV  Tops then
Accept Hy
else
10: Reject Hg
11: while test =" lower tail test" do
12: CV = quantile (Tyx; )
13: if CV  Tos then

©CoNog AW

14: Accept Hy
15: else
16: Reject Hg

17: while test =" two tailed test" do

18: CWL = quantile (T ;)

19:  CW = quantile (Tyk ; 5-)

20: if CML TopsOr CVy  Tops then

21: Reject Hg
22: else
23: Accept Hy

level andtest stands for the type of test to be performed. The algorithm stés with

drawing M samples from the circuit outputV,, of sizeN by leaving outd samples of
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the output at a time (line 3). The deviation between the outptiand Hq is computed
using a test statistic estimationT,x for each Jackknife pseudo-sample.

Next, the Monte Carlo quantile procedure [84] is employed to @asure the crit-
ical value by type of test: For an upper tail test (line 5)/lower tail test (line 11), the
1 / quantiles of the empirical distribution, respectively. Inthe case of two tailed
test, both 1 1 and > quantiles de ne the lower and upper critical values (lines&
19). Once the critical value is determined, the monitor dedes about the satisfaction

or violation of Hy.

5.2 Applications

As applications for our proposed methodology, we consider dvcircuits, namely a
ring oscillator, a tunnel diode oscillator and a phase locidoop. In what follows, we
estimate the parametric yield through carrying out the propsed method in light of
process variation, jitter and initial conditions uncertanties. The obtained yield rates

are compared with the MC-JK method and a forward only reachality scheme.

5.2.1 Tunnel Diode Oscillator

Oscillators are integral parts of today's Integrated Circits (ICs) which require a
time reference (clock). One main salient feature of a pertexscillator is its ability to
provide an accurate time reference even in an imperfect eronment. A Tunnel Diode
Oscillator (TDO) circuit is shown in Figure 5.4. It exhibits an oscillatory behavior
when operating in the negative resistance region of the died/-I characteristic (see
Figure 5.5). It was reported that its oscillation property isa ected by the temperature,
the conductanceG = 1=R and the initial conditions [85].

Our goal is to verify the oscillation property in the presene of process variation in
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Figure 5.4: Tunnel diode oscillator schematic

G =1=R;L; and C and under a range of initial conditionsXo = [ Xo,,, ; Xoma | 1YING
in a specic continuous range of values at a nhominal tempera¢u(T = 200K ). The
component valuesRk, L and C and the input voltage and current values have been
chosen from [85]. The metric of interest in this experimensithe oscillation property
with frequency f .sc. The desired speci cation for the TDO is:

Ho : Oscillation ™ f s 2 [71 74] MHz (5.5)

Hy : Lock_up K fose 2 [71; 74] MHz

The circuit was simulated for di erent conductance value$. Figure 5.6 depicts
the output voltage V, variation in the case ofG = 5m . It can be seen that the
circuit, in this case, generates a periodic signal betwe&\ and 0.5V (Figure 5.6
(a)). Moreover, the state space representation given in Figel 5.6 (b) con rms the
successful oscillatory behavior of the TDO circuit. Nonethess, for a conductance
value of G = 4:13m 1, the TDO circuit fails to start-up and sustain oscillation
(see Figures 5.6 (c),(d)). The voltage output actually setds to a xed value which
causes the circuit lock-up and hence violates the desiredoperty given in Equation

(5.5). Figure 5.7 shows a state space representation of theachable set as well as
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Figure 5.5: Tunnel diode V-I characteristic

the corrected backward reachable set in the case of lock ug € 4:13m). As it
can be noticed, the resultant state space reachable bound=tle to a xed region
which holds up the free stable oscillatory behavior. This cams the results shown
in Figures 5.6 (c),(d). The oscillation veri cation performance constraint is therefore
violated and the veri cation fails in this case. The TDO is rst veri ed using a variant
of the Monte Carlo technique called Monte Carlo- Jackknife (MAQK) [81], where the
failure probability of the TDO property (see Equation (5.5) is veri ed under process
variation uncertainties. For the process variations in thecircuits parameter, 1000
samples were drawn using LHS from the parameters space.

For a fair comparison, these same parameters points were gag to both the
MC-JK method and our intertwined forward/backward reachabiity analysis method.
The results of the yield rate estimation are summarized in Tde 5.1 in the case of
(G=5m).

It can be noticed that our proposed methodology gives bettegrield estimation by

detecting failures that were not detected by the Monte Carldackknife (MC-JK)
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Figure 5.6: Tunnel diode oscillator output for di erent condictance G

Table 5.1: TDO yield estimation comparison with Monte CarleJackknife method

MC-JK [81] | Our method | Relative Error
(%) (%) (%)
IC Variation Only 92.1 87.7 4.4
PV & IC Variations 88.6 83.3 5.3
Jitter & IC Variations 82.5 76.1 6.4
Jitter & PV & IC Variations 79.9 72.8 7.1

technique [81]. In this sense, the obtained parametric yikrates are over-estimated
with up to 7% relative error in light of jitter, process variaion and initial conditions
uncertainties. In Table 5.2, we present the results of yieldstimation for the same
scenarios as in Table 5.1 yet for a forward only reachabilitgcheme. The results
show the better veri cation coverage o ered by our proposethtertwined reachability

technique.
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Figure 5.7: Intertwined reachability analysis in the lock-p case

Table 5.2: TDO yield estimation comparison with forward onf reachability method

Forward RA [86] | Our method | Relative Error
(%) (%) (%)
IC Variation Only 86.1 87.7 1.6
PV & IC Variations 80.8 83.3 2.5
Jitter & IC Variations 73 76.1 3.1
Jitter & PV & IC Variations 68.1 72.8 4.7

5.2.2 PLL Frequency Synthesizer

The PLL based frequency synthesizer is a basic and essenbadck of modern com-
munication systems. It is basically a feedback circuit thatries to reduce the phase
error between the input and the reference signals. In this sa study, we consider a
simple frequency synthesizer, that generates an output s@ whose frequency N
times the frequency of the reference signal. We consider this application a Sine
wavereference signal with a frequency dfg, the PLL output is a Cosine wavesignal
with frequency N ! . Figure 5.8 shows a block based description of a second order
PLL based frequency synthesizer. It consists of a referermsillator, a Charge Pump

(CP), a Low Pass Filter (LPF), and a Voltage Controlled Oscilléor (VCO). In order
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Figure 5.8: PLL design block diagram

to model this PLL using SSRESs notation, we need to model eaclobk separately and
then link them according to the PLL architecture in Figure 5.8 The noise consid-
ered in this case study is the random temporal variation of #nphase in the reference
oscillator and the VCO block. It is well-known that jitter is the most dominant and
critical noise metric in PLL because large jitter can modula the oscillator signal both
in frequency and amplitude. These modulation e ects can cae a deviation in the
phase from targeted locking range and hence results in a dgsfailure. The e cient
veri cation of PLL for a certain design speci cation has alvays been a challenge for
circuit designers. We apply the proposed methodology to \Br the locking property
of the second order PLL design shown in Figure 5.8. The lock tenproperty is a
safety property that expresses how fast the frequency symhizer switches from one
frequency to another. The veri cation of this property is abieved by checking that

the PLL reaches the proper DC value within the lock time paramter range which
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is 2 [0:002 0:0024] seconds. This property is de ned within the ambit of alsSRE
model in Equation (5.6), where the SSRE concatenation opéoa (") indicates that
the two Boolean expressions hold simultaneously.

Property PLL = If (Filter out(Lock_timep, + n) 2 DC level.range”™  (5.6)

Filter out(Lock timeax n) 2 DC level.range;true; false)
The veri cation property is \ For a given con dence level , and N Monte Carlo trials,
what is the probability that the PLL meets the lock-time requiremenit?
In this case, the PLL has been designed with a lock-time in theange of [0.002, 0.0024]
sec. Hence, the null hypothesidy and the alternative hypothesisH; of Property (5.6)
can be, respectively, expressed as:
Ho : lock time 2 [0:002 0:0024]

H,: lock_time 2 [0:002 0:0024]

Figure 5.9: PLL output with and without jitter

Figure 5.9 depicts a comparison between the locking propexythe PLL design whose

parameter values are listed in Table 5.3 with and without jiter.
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Table 5.3: PLL circuit parameters

Loop parameters Value  Unit
VCO gain ( Kyco) 4=5 rad.MHz/V
Loop Filter resistance (R) 10 K
Loop Filter capacitor (C) 10 nF
Charge time parameter 1.0001 {
Divider Ratio (N) 2 {
Natural frequency 1 MHz
VCO operating frequency 1 MHz
Damping Ratio () 0.05 {
Charge Pump current {(cp) 0.25 mA
LPF DC level 2.5 Vv
Supply voltage () 5 Vv

A comparison of the same reachability algorithm without bdavard re nement [86]
for the PLL design is given in Table 5.5. It can be remarked than the case of jittery
PLL (red dotted line in Figure 5.9), the low pass Iter outputs do not stabilize to the
tolerated DC level and keep uctuating outside the toleratd range. As a result, the
PLL locking property is violated and the veri cation fails.

From the above discussion, it becomes clear that the veri dan of the PLL with
consideration of jitter is very important when performing eachability analysis. Now,
we validate our proposed intertwined forward/backward reehability technique on the
jittery PLL design for an entire range of initial conditions and with consideration
of parameter variations. The derived forward and backwardeachable bounds are
shown in Figure 5.10, in which the forward reachability bounds painted in red and
the backward reachability bound in green.

In the forward iteration, the reachable set is highly over{gproximating the PLL
behavior. By performing the backward correction, we were &bto tighten up this

over-approximation and trace back the circuit dynamics dowto the initial condition.
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Figure 5.10: Intertwined forward/backward reachability aralysis of PLL under jitter

The results of the PLL yield estimation using the Monte CarleJackknife (MC-
JK) [81] and our proposed intertwined reachability techniqga are summarized in Table
5.4. It is worth mentioning that our technique converges inme iteration only while
Monte Carlo technique requires thousands of runs. From Tabb.4, it can be noticed
that our proposed method nds a lower yield percentage comped to the statistical
Monte Carlo scheme in [81]. This can be explained by the fadbdt our veri cation
approach can weed out PLL locking failures that were not coked in [81]. In addition,
the presence of combined jitter, initial conditions and preess variations (columns
8 10) have substantially decreased the PLL yield, meaning tHeLL presents more
probability of lock failure.

The presence of jitter alone has shown a lower yield rate. Ehcan be justi ed
by the high sensitivity of the VCO block to jitter. The failure of the PLL is not due
to lock up (non oscillation) of the VCO but, due to either an \ugly” (i.e., uctuates
outside the tolerated region) or delayed oscillation. The &ative Error (RE) between

our proposed approach and the MC technique (columns 4, 7 an@)lbecomes more
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Table 5.4: Veri cation results for the PLL lock-time propetty

Jitter Only Parameter Variation Only Jitter & P.V
N= [81] Our method RE [81] Our method RE [81] Our method RE
Yield (%) Yield(%) (%) | Yield(%) Yield (%) (%) | Yield (%) Yield (%) (%)
82.4 74.1 8.3 84.7 79.2 55 80.6 71.5 9.1
1000 83.3 717 11.6 80.9 76.3 4.6 78.2 68.9 9.3
81.7 69.8 11.9 79.2 72.7 6.5 775 67.3 10.2
83.6 731 10.5 85.8 81.6 4.2 81.8 72.3 8.7
5000 80.2 72.3 7.9 81.9 77.8 4.1 78.2 70.1 8.9
79.8 70.8 9 80.7 74.4 6.3 78.2 68.6 9.6
81.7 69.9 11.8 83.6 79.7 3.9 80.2 66.1 14.1
10000 79.6 67.1 125 80.3 74.4 6.1 78.1 62.6 15.3
78.1 65.9 12.2 81.9 71.8 10.1 76.8 60.1 16.7
RE: Relative Error
pronounced when the number of Monte Carlo trials is increagalue to the high MC
sampling variance. As stated before, we also performed a canpon between our
proposed intertwined reachability analysis technique antthe forward solely scheme in
[86]. The results of the comparison for di erent uncertaint scenarios are summarized
in Table 5.5. It can be seen that the yield estimate is the loweunder the combined
jitter and process variation e ects (columns 7-9 in Table %). This conrms the
importance of including jitter in the modeling and veri cation plan of the PLL design.
As demonstrated, the proposed approach provides roughly 5%tter accuracy in PLL
parametric yield estimation, unlike the forward only reachbility approach that highly
over-approximates the reachable bounds and thus the yieldte.
Table 5.5: Comparison between reachability analysis schem
Jitter Only Parameter Variation Only Jitter & P.V
Forward [86] Our method RE Forward [86] Our method RE Forward [86] Our method RE
Yield (%) Yield(%) (%) Yield(%) Yield (%) (%) | Yield (%) Yield (%) (%)
69.9 74.1 4.2 76.9 79.2 2.3 66.1 71.5 54
67 71.7 4.7 74.5 76.3 1.8 63.3 68.9 5.6
64.5 69.8 5.3 70.1 72.7 2.6 61.2 67.3 6.1
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5.3 Summary

We have presented a novel methodology for modeling and veration of nonlinear
analog and mixed-signal circuits by computing reachable sebf possible state-space
trajectories in the presence of uncertainties. In contragb methods that use solely
forward reachability, the re nement of the reachable statespace is carried out in an
intertwined forward/backward manner. The resulting set, viich contains all periodic
and aperiodic time bounded behaviors of the circuit under pameter variation and
initial condition disturbance, can be used to verify critial properties such as bounds
on voltages, currents, and cycle time (frequency) of embesltl designs. Statistical
veri cation based on hypothesis testing is then conductednothe resultant corrected
reachable sets for an accurate parametric circuit failuresemation. Experimental re-
sults show that our intertwined forward/backward reachabity analysis can succeed
in accurately estimating the circuit failure rate (a.k.a. yeld) by reducing the high
over-approximation of the forward scheme in the presence mbise and process vari-
ations. However, the proposed method does not handle yieldiemtion for multiple
correlated circuit performances. In the next chapter, we psent a multi-yield estima-
tion approach that performs in a high dimensional process @aneters space within a

reasonable simulation time.
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Chapter 6

Multiple Performance Yield

Estimation

In this chapter, we focus on verifying multiple transient poperties of analog and mixed
signal circuits with dynamics described by a system of stoaktic recurrence equations
(SSREs). A critical yet challenging problem of yield estintéon is to account for
multiple circuit performance and environmental corners. Uike the previous chapter
where the veri cation is performed in the time domain, the yeld estimation is carried
out in the state space domain using a technique developed imetcontext of nonlinear

dynamical system theory.

6.1 Statistical Runtime Veri cation

An overview of our proposed framework for parametric yield #sation is depicted
in Figure 6.1. It comprises a structural veri cation schemedr yield assessment that
consists of two major functional phases:

- After modeling the circuit as a System of Stochastic Recumee Equation (SSRE)
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(that has the form of Equation 2.4), the rst phase runs a trasient global sensitivity
analysis routine. It aims to quantify the impact of processariability on circuit per-
formances as well as to identify critical circuit parameter variation driving the circuit
failure. It is conducted in two steps. In the rst step, a paraneter screening method
is adopted to determine which circuit parameters have litd impact on the desired
performance metrics, such parameters are called non-innil parameters. Hence,
a better veri cation coverage with a lower cost can be achied through screening
out non-in uential parameters by setting their values to naninal ones. In the second
step, a parameter prioritization method is employed. It is &sed on a variance based
sensitivity analysis wherein sensitivity indices for then uential circuit parameters
are derived. Based on the derived sensitivity indices, a pritized list of in uential
parameters is generated. Using this prioritized circuit pameters list, we can improve
the predictive capability of the yield estimation scheme bywsing this knowledge of
how sensitive is the circuit performance to the variation inheir parameters.

- The second phase is the statistical yield estimation schemThe circuit performance
veri cation is performed through a Joint Recurrence Veri cdion (JRV) scheme. A
novel veri cation metric is developed to score how close ifé circuit behavior to
the ideal one. The veri cation is conducted in the state spacdomain which allows
simultaneous multiple performance/outputs veri cation. The yield rate is thereafter
estimated based on a multiple hypothesis testing procedumn the derived perfor-

mance quality metrics from the JRV scheme.

6.1.1 Transient Sensitivity Analysis

When dealing with the problem of large process variation spes, a natural veri cation

strategy is to rst reduce the parameter variation space bya@ne selection (screening
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that have a signi cant impact on these performances shouldebconsidered for the
yield estimation [89]. The key idea in this preliminary steps to relate the individual
impact of parameter variations to the circuit performancesariations and subsequently
reduce the process parameters space by screening out the-mounential parameter
variations in the desired circuit performance. The detaitéprocedure for Morris based
process parameters screening of AMS circuits is given in Algbm 6.1. The rst step
of the algorithm is to generate a hyperspace identi ed by d-dimensionall -level grid
of the parameter variation intervalsp; = [Ib(i); ul(i)]8i 2 [1;d], whered is the number
of process parameters. The distance between two consecelfigvels is given by (line
1). This hyperspace process parameter is then discretizdddugh the scaled random
sampling matrix referred to as the orientation matrixC (line 6) where Jg1.q) IS @
(d+1) d matrix with all ones, Asis a (d+ 1) d sampling matrix de ned for
process parameters in the hypercube;[0]°, D is a d-dimensional diagonal matrix
with elements 1 and nally, Pr isad drandom permutation matrix, in which
each column contains one element equal to 1 and all the othexgual to 0, with no
more than one ones columns in the same position. The in uenoéthe parameterps
is then evaluated by performingN times runs, where we only change a single process
parameter at a time between two successive runs of the circperformancegc. This
process generates a trajectory ™ points in the parameter space for which several
elementary e ects at the di erent randomly selected valuegs are computed. Then,
the Elementary E ect (EE), of the process parameterps, on the circuit performance
Ok, is calculated for eacls 2 [1; d] (lines 5-8). Owing to the randomness of EE, we then
characterize them using the mean and standard deviation statistics. Based on
these statistics, the algorithm computes sensitivity indies (referred to as the Global

Indices (Gl)) in order to classify the parameters accordintp the Euclidian distance
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Algorithm 6.1 Process parameters screening ow
Require: P(d); G(m);I;LB;UB;N
1: Compute the step size : = ﬁ
2. Compute starting process parameter vectqn = LB
3:for s=1! ddo
4 forall g« 2 G do
5: repeat
6
7

Calculate the sampling matrixC as follows:
C = JgnalB + A;(D(UB LB))  with As = Ja P + 5[2A
J(d+1:0))D + Jgr1alP

8: Compute the Elementary E ects: E(syy = 286G
o: until r 5N

. _ 1PN :
10: k™ N pL J E(si) | P
11: 2= _1 N (E 2 wher =1 N E

: k= n 1 (B )% where N =1 B
122 Gls= max ( 2+ 2)

13: [P": P'] = Assess parameter in uence Gl )
14: return P", P!

(line 12). Finally, the algorithm classi es the process paraeter ps (line 13) according
to their in uence on the desired circuit performance:
- Non-in uential parameters having negligible e ects on the circuit performances that

exhibit a low sensitivity score GlI.

P"=1pl; ;g9 P=fp; pg (6.1)

- In uential parameters having large linear/non-linear e ects with/without inter ac-
tions on the circuit performances that exhibit a high sensiity score Gl.

P =p P" (6.2)
The proposed screening method will allow the removal of statically insigni cant
process parameters (i.e., non-critical to the yield estinian) and thereby will reduce

the yield analysis problem by the following ratio:

d &
d

(6.3)

103



6.1.1.2 Parameter Prioritization

In this section, we aim to assess how the variation in the cuit performance can
be apportioned to the di erent sources of variations in bothelectrical and physical
circuit parameters that were identi ed in the parameter sceening step as in uential
parameters. To this end, novel measures should be introddce quantify the circuit
process parameters and the correlation thereof according their in uence on the
AMS circuit output/performance. ConsiderP' the set ofc’i\p =d 4 inuential pro-
cess parameters which follow a certain distribution, anfi(x) a circuit performance
of interest depending on these parameters. It is assumed thia is a second order
random variablef 2 L2(U"’\P). Therefore,f has a unique Sobol-Hoe ding decompo-
sition as detailed in Section 2.2. Owing to the orthogonalitof the Sobol-Hoe ding

decomposition, the variance of the circuit performance cdme decomposed as:

hg X
V(X)= Vx + Vi + Vit it Vg (6.4)
i=1 1ij &
whereVi;Vj ;:::Vp,....e denotes the partial variance w.r.t a subset of the circuit pa
rameters of the Sobol-Hoe ding circuit performance decompiion X; X ;111X 5.4

(de ned in Equation 2.9), respectively.
Vi = V(EX]jp))
Vi = V(EXijpip) ViV

Vik = VEXjp;p:p)) Vi Vik Vi ViV W%

Vieag, = V(f) Vi Vioon Vi 1

i=1 10 & 1 ip<ui

Therefore, the Sobol-Hoe ding decomposition is a rich meai$ analyzing the respec-

tive contribution of individual or sets of parameters to cicuit performance variability.
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be naturally derived by normalizing the partial variances % V (X)) to get the relation:

pe X
1= S+ Sij + it Sl;2;:::;d\p (6.6)

1 o
where the order of the sensitivity inldilcé§(?\pis equal tojij = Card(i). Whereas, a more
abstract characterization is required to replace the® 1 contributions de ned in
Equation 6.6 which leads to an intractable number of contrilitions asd, increases. To
facilitate the characterization and hierarchization of tle respective in uence of each
parameter p;, we introduce new sensitivity indices: the main e ect (alsaalled rst
order term) and the Total Sensitivity Indices (TSI). The TSI of a parameteri, denoted
by T Sl;, is de ned as the sum of all sensitivity indices including &lnteractions e ects
involving parameteri.

TSIi=S+S; n=1 S (6.7)
excluding the parameterp;. Thus, the circuit parameter variations priorities are
de ned according to their importance through their TSI valies. As a rule of thumb,
parameters with TSI greater than 0.8 are considered as \vehjigh priority”, between
0.5 and 0.8 \high priority", and between 0.5 and 0.3 \less parity" in the next yield
analysis stage [90]. The circuit in uential process paraners set P') is therefore
weighted according to the process parameters total sensity indices and denoted as
weighted process parameters:

TSI

P¥=fwipi jwi)= pm——0 (6.8)
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6.1.2 Transient Veri cation

In the previous stage of the methodology, we have performedansient sensitivity
analysis to characterizeP" as a set of weighted process parameters re ective of the
in uence of the process parameters in the circuit performaes of interest. The ob-
jective of this stage is to verify the circuit transient behsior in order to estimate the
yield in light of the joint e ect of the weighted process varation and initial condition
uctuation. We make use of the de ned weighted process vari@n parameters to

generate a short and purposeful sampling scheme from the pess variation space.

6.1.2.1 Joint Recurrence Veri cation

Recurrence Quanti cation Analysis (RQA) is a technique deveped by the nonlinear
dynamic theory community to verify complex nonlinear systas [91]. In this section,
we propose a variant from RQA technique called Joint Recurrer Veri cation (JRV)

technique for the multi-performances veri cation of AMS cicuits in uenced by process

variation.

6.1.2.1.1 Joint Recurrence Veri cation Concept

A conceptualization of this technique is shown in Figure 6.4t aims to nd recurrent
patterns between an ideal/golden circuit output and multipe non-ideal outputs due to
process variation by verifying their occurrence in their ipective state space domains.
Thus, it permits to develop recurrence quanti ers for both émporal and frequency
domain properties of the circuit. Unlike frequency domain alysis, JRV takes into
account the initial conditions variation of the circuit. It also handles di erent natures
of circuit behavior like transient and invariant behaviors Moreover, it can detect state

changes in drifting circuits without necessitating any caostraining assumptions on the
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output signal stationarity nor statistical distribution. It basically depicts the di erent

Weighted process Nominal circuit
variation parameters parameters
Non-ideal circuit behavior Ideal circuit behavior

State-Space Regeneration
A (de, 2

-

» C Joint Recurrence Verification
(9

A 4

CJRV Quality Metrics)

Figure 6.2: Joint recurrence veri cation scheme

occasions when similar circuits states are attained even distinct times. Given the
SSRE circuit model, we simulate the circuit under nominal dg#gn parameters and
for the weighted process parameters in order to get a set ofeal/non-ideal circuit
responses. Since the veri cation is conducted in the statepace, we will need to
regenerate the dynamics of both circuit responses in the stalomain. These dynamics
are thereafter veri ed using the JRV technique for a given rads threshold (); A
distance matrix (called joint recurrence map), which repients the closeness of all
possible state vectors pairs is then computed. The main aditages of the proposed
approach upon existing quality matching techniques is itshality to automatically

handle horizontal o set, frequency o set, and start-up dedy.

6.1.2.1.2 Joint Recurrence Veri cation Implementation

The implementation of the JRV technique is summarized in Algathm 6.2.
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Algorithm 6.2 Joint Recurrence Veri cation based method

Require: P“, Prominal » G, IC

1: Xideal SSRE(Prominal ; mean(IC))

20 Xnon ideat SSRE(PY;IC)

( ;d)) Embedding dimensionXigea)

State space representation

Yieea  Delay.vector(Xigea;ds; ')

Ynon ideal Delay—veCtor(Xnon ideal;dgl; m)

Joint Recurrence matrix computation

JR(i;]) (" K Videa(i)  Ynon igea(i()'K) i (" K Yideal (i)
Ynon ideal (J )kk); 8k 2 Rd\ﬁl

9: JRV megics computation Q

10: p (1) ::IF;:lf(l JRm 1n 1) (1 JRmsrinea) L:cl)JRm+k;n+kg
1: RR = i 1o IRG)

12: Lmax = Max(p 6))

13: RP = — ;r:lax Ynon ideal (t)ln(Ynon ideal (t))

|n(Tmax )
14: return  IRVietrics

© No ok w

From the transient sensitivity stage of the proposed methadogy, the circuit process
parameters are associated with di erent weights according their TSI. Therefore, a
sampling procedure that draws appropriate samples from thiveighted process param-
eter setP" is developed. It aims to minimize the simulation e ort whileachieving full
coverage of the uncertain parameters space. Afterwards,mmeal output sequences,
denotedX on igeal,» are generated from the drawn process parameter samples€i).
Given these non-ideal circuit state space vectoté,., icear @and the ideal state space
Vector Yigea, We study the similarities/dissimilarities (i.e., recuring properties and
patterns) of these two circuit outputs. To do so, a tolerancearameter called thresh-
old radius is de ned. This tolerance parameter speci es the maximum kiwable
deviation di erence in terms of Euclidean distance betweethe two circuit outputs to
be considered recurrent. The matching quality between theswo sequences are then
derived using the JRV technique. The circuit outputs are rstgenerated in the multi-

dimensional state space domain (lines 4-6). The embeddirag! and the embedding
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dimensiond, are computed using the Mutual Information function [92] andhe False
Nearest Neighbours function [64], respectively. Thereaftehe algorithm reconstructs
the di erent state space circuit responses according to Tek's theorem [93] for the
computed embedding dimensions. Next, the joint recurrenceatmix (lines 7-8) is gen-
erated. Itis computed as the Hadamard product of the recurree matrix of the ideal
circuit response and the recurrence matrix of the non-ideaircuit response in light of
process variation (line 8). The recurrence matrix can be dashed by the following

equation:

(i;j)=

8
% 1 if kyideal (I) Y'geal (J )k <"
. 6.9)

0 else

where represents the Heaviside function. The obtained R matrix locates the re-
current points whenever a similar state space behavior jdip occurs on both circuit
output sequenceXigeas and Xnon igear- IN Other words, it checks if the state space
trajectories VYigea (1) at time i and Ynon igear (j) at time j fall within the prede ned
threshold radius . The patterns between the two output sequences are revealby
recurrence points and diagonal lines in the JR matrix. The céer the two outputs are,
the more diagonal lines occur in the recurrence matrix. Subguently, the frequency
distributions of the diagonal lines lengths inJR are computed for each diagonal par-
allel to the main diagonalJR(i j = r) for r equal to a constant (line 10). Finally,
the interplay between the circuit outputs is characterizedy the following measures
(lines 11-13):

- The recurrence rate RR which reveals the percentage of matching (i.e., the proba-
bility of the occurrence of similar state) in both circuit ouputs.

- The maximum joint sequencd. o« that is the longest uninterrupted period of time

that both circuits stay attuned.
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- The Recurrence periodicity RP which re ects the periodicity of the circuit in the

State space.

6.1.2.1.3 Radius Selection

How much recurrence we get in the JRV scheme depends on the vabi¢he threshold
parameter . If the selected is too small, there may be almost no recurrence points
and the veri cation more likely fails. Conversely, if is selected too large, this will
entail a large number of false recurrence points due to therigential motion (i.e.,
counting every coordinate in state space as recurrent) and she veri cation will be
biased. Hence, the question that arises iswhich values of one should conside?".
To this end, Algorithm 6.3 is proposed to determine the optima value for any circuit

output.

Algorithm 6.3 JRV threshold radius computation

1: O CompuELCentroid(yidem)

2: Distances = (Yidea (5 1) O 1)? + (Vigea(:2) O 2)2
3: [maxRadius; maxRadiusindex] = Max (Distances)
4: opimar = 0:05 maxRadius;

5: return  opimal :Optimal Threshold Radius

The centroid is rst computed using Green's theorem[94]. The threshold radius is
then chosen 5% of the maximum possible distance from the cemtl of the circuit
output attractor up to the boundary of that attractor (coord inates of the farthest

point from centroid) as recommended in the literature [91].

6.1.2.2 Multiple Hypothesis Testing

The goal of this step is to estimate the total yield rate for mitiple performances in

terms of the generated JRV metrics. On the one hand, the genézd joint recurrence
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veri cation quality metrics (RR, Lnax, RPDE) gives an idea of how close the circuit
behavior to the ideal one, yet, each metric re ects a di eretcircuit performance. On
the other hand, the JRV measures are correlated and clearly aparate veri cation
of these measures is not adequate as demonstrated in Equati®.18 (i.e., Poyeriap
fraction will be omitted and so the yield rate is over-estimi@d). Therefore, we use a
statistical inference procedure and extend the statistitauntime veri cation scheme
proposed in [49], which regards the veri cation as a single/pothesis testing problem.
Our approach is based on a simultaneous statistical inferes of the probability
that a set of circuit performance speci cations are met in th presence of process vari-
ation and/or initial conditions uctuations with a certain level of con dence . With
such an approach, we do not need to estimate the overlay in accagptance region
expressed in the overlap yieldPyerap. Hence, the total estimated yield rate will be
directly assessed. Furthermore, the proposed simple yeegant multiple hypothesis
scheme allows a direct accurate multiple performance yietmputation in a conve-
nient way by controlling the trade-o between computationd burden and accuracy.
In the sequel, we detail the proposed multiple hypothesis d8ng procedure.
When conducting the yield estimation, the number of null hyptiheses,m, is known
in advance and corresponds to the number of performance me$ of interest G.
However, the number of true and false null hypothesés, , mo and my, respectively,
have to be determined (see Table 2.2). When estimating the lde Type Il errors
are not as disastrous as Type | errors. More importantly, wimepursuing multiple
performances veri cation, there is a potential increase ithe chance of committing
Type lerrors (1 )" < (1 ) since 2 [0;1]. Hence, to guarantee an accurate
yield estimation, the control of this type of error is neededAlso, the test statistics

(formulated as JRV metrics) are dependent and correlated. Tis, we devise a scheme
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which minimizesV while accounting for correlations between the tests. To doswe
implemented a hypothesis testing scheme based on controdlithe errors committed
by falsely rejecting null hypothesesd, denoted byFalse Discovery Rate(FDR) [95]:

FDR = E[%j R> OPr(R> 0) (6.10)

whereV is the number of false positive, an® is the total number of rejectedH, .
The detailed FDR based AMS circuits yield estimation procederis summarized

in Algorithm 6.4.

Algorithm 6.4 FDR controlling procedure for yield rate computation

Require: JRVnetics » G, , type._test
1. H set hypothesisG; JRVmetrics )
2: Ntailure 0

3:fori=1! mdo

forj=1! N do

i mean(J RVnmetrics (J, i ))

i standard deviation QRVpetrics (J;1))
Tons(i)  compute test statisticQRVmetics (5;1); i) i)
cforj=1! N do
, forall Hi 2H do
10: ('%)(J ); R(J )) HT( Tobs; type—teSt; J RVmetrics ; )
11: R= R()=V+S
12: pi  compute p-value H;)

13: P sort(p)

© e N o aAR

14: | maxfp :P(i) #Pﬁm)g
15:  forall k=1! 1do i
16: Ho  reject hypothesisHg,

17: Rcorrected (J ) ‘ R |
18 If Rcorrected (J ) 1 then

19: Nfailur Nfailure +1

_ N
20: Prailure = Ni k=1 Nfailure

First, we retrieve the metrics generated on the JRV stage. Theyre then used to de ne
the null hypotheses that link them to the speci cation (linel). This is followed by the

computation of the standard score to determine the observexrcuit JRV metric test
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statistic Tops (l0Op between lines 3 and 7) for each performance metgc2 G. The
next step is the nonparametric FDR procedure as p-value adjinsent repeated for
N trials (loop between lines 8 and 19). We choose the p-valuejastment procedure
because adjusted p-values permit a direct interpretationgainst a chosen signi cant
level and so eliminate the need for lookup tables or knowledge ohaplex hypothesis
rejection rules. The adjustment procedure starts by de nig the acceptance and
rejection regions under the assumption dfl;, 2 H being true according to the type
of test statistic (line 10). Then, the decision regarding wéther each of the null
hypothesesH,, holds or not is made. Thereafter, the FDR procedure is carrieout
in order to compute the false discovery proportion. Afterwards, the number of
actual rejections is corrected (line 17). Upon the rejectioaf one hypothesidH,, (i.e.,
violation of its corresponding performance metrig;), we increment the probability
of failure counterNsure - Finally, the probability that the desired performances are
satis ed in the presence of parameters variation is estimadl as the percentage of
samples with successful hypothesis over the total number simulation runs. The
parametric yield rate is thus de ned in line 21 in terms of theprobability of circuit

failure.

6.2 Applications

In this section, we demonstrate the e ciency of the proposedarametric yield estima-
tion approach described in this chapter on two benchmark @uits: A ve stage-ring

oscillator and a Phase Locked Loop (PLL).
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6.2.1 Five Stage Ring Oscillator

We consider verifying a ve-stage ring oscillator circuit a shown in Figure 6.3. The
node voltages of each of the ve inverters have been desigriedscillate at an operat-
ing frequencyf ,om = 4:5GHz. The performance metrics of interest are the oscillatio
frequency and the start-up delay time measured using trargsit simulation (speci ca-

tions are listed in Table 6.1).

TR R

X5

X1 X2 X3 X4

|F]::C |F]::c |=L:]::c |F]::c |F]::C

Figure 6.3: Five stage CMOS ring oscillator

The circuit performances are a ected by process parameteas well as the op-
erating conditions (V\pp and initial conditions). We consider process variations ithe

parameters of each NMOS and PMOS transistor. In addition, weake into account

Table 6.1: Speci cations for ve stage ring oscillator

| Performance metric | Speci cation |

Oscillation frequency| fom 2%
Start up time stat up 3D NS
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distribution with mean m xed to nominal value and 3 variation is considered for
each process parameter while a uniform distribution with 2@ variation is adopted
for initial condition variations. The Morris screening mehod was carried out for
| =10 and N = 30 to assess the sensitivity of the ring oscillator behavido the
above-mentioned process parameters. The highest meanvalue identi es the most
important process parameters. The order of importance is msidered through the
ranking. In Figure 6.5, a graphical representation of the ( ) Morris elementary
e ects is depicted to show the results for one of the ve invéers process parameters.
It can be observed in Figure 6.5 that the Morris elementary e@s identi ed ve im-
portant parameters out of eight for each inverter, which regces the yield estimation
problem from 46-D to 31-D (i.e., 5 5+5+1). Therefore, only these selected 31 pa-
rameters are chosen for the scoring scheme using the Soboiavace based sensitivity
analysis and later on for the statistical transient veri cdion scheme to estimate the
yield rate. We carried out a Sobol global sensitivity analys to relate the reduced set

of parameter variations to the circuit performances variabns.

Figure 6.5: Process parameters screening for ring oscillato
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For illustration purposes, we show in Figure 6.6 the main andtal Sobol sensi-

tivity indices on the ring oscillation frequency for one ingrter parameters of the ring

0.7
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total effects
_—1|
0.5 1
[_—]
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Figure 6.6: Process parameters prioritization for ring odkator

The sensitivity analysis results are in good agreements Wwithe Morris sensitivity in
Figure 6.5. In fact, the variation in the sizes (width (W), and éngth (L)) of both
PMOS and NMOS transistors and the threshold voltage\,,) have an impact on the
circuit oscillation frequency. To score the importance ofaegh of these circuit param-
eters, the amount of variation that is explained by the main &bol indices near one
indicates that these parameters are more in uential. Amonglapossible sources of
process variations, the length gaté and threshold voltageVy, are the dominant pa-
rameters with the highest sensitivity indices (86 and 018, respectively. This can be
justi ed by the random dopant e ect [96]. Furthermore, a hich correlation between
parameters can be noticed through the gap between main andtdb e ect indices.
This is not surprising as the transistor threshold voltage uctuation is directly related
to the size of a transistor according to the following relatin: V / p\',‘V—T The ob-

tained indices will be used to guide the sampling selection ihe JRV scheme in order

to focus the veri cation on the parameters that a ect the mos the yield rate. The

117






1600
1400
1200

£ 1000

800

600
105

#107

036 85 p

Figure 6.8: Loy Vvariation with the tran- Figure 6.9: Lpa Variation with the
sistors width PMOS transistor width and threshold
voltage

con dence levels = 0:05 and for initial conditions following a uniform distribution
model. The primitive Monte Carlo is considered as the baserfthe comparison in
terms of speed-up and relative error. From Table 6.2, the nalés of the comparison
show that the performance of the MC variants do not achievegii cant improvement
when compared to the primitive Monte Carlo analysis methodindeed, QMC is able
to reach the MC golden result with a 2.26 speedup, while the LHBC method is
1:93X faster than MC with approximately the same yield rate. Tls is due to the bad

exploration of the process variation space during the sanipd trials.

Table 6.2: Yield estimation results for ring oscillator

IC ranges X; =0:01:8 =1; n
Xs 2 [0; 0:5] X5 2 [0:5; 1]

Yield | Error | Speedup| Yield | Error | Speedup

rate k:k ratio rate k:k ratio
MC 0.887| { 1 0.891| { 1
LHS-MC | 0.884| 0.003| 1.93 0.889| 0.002| 1.98
QMC 0.889| 0.002| 2.26 0.896| 0.005| 2.32
Our 0.911]| 0.024| 8.81 0.925| 0.034| 9.76
method
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Moreover, the ignorance of the high correlation e ect betven process parameters
results in the ignorance of some special worst case combiredcts. It can also be
observed for the case ofs 2 [0:5; 1] (columns 5-7) that our proposed method reduces
the runtime up to 9:76 in comparison with the conventional MC analysis, with no
more than 3% relative error in estimated yield. It is also irgresting to see that when
the initial states get farther away from the equilibrium stdes, the circuit is subject
to more failures and consequently, lower yield rates are @ed (columns 2-4). This
can be explained by the direct dependency of the start-up tienperformance metrics
on the initial conditions of the ring oscillator. For instarce, when varying the initial
conditions on the node voltages, the oscillation takes a Iger time to settle when the
initial conditions are too far from their DC values which is m good agreement with

the results shown in Figure 6.4.
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transient and invariant performance requirements given ifable 6.3 to avoid yield

loss.

Table 6.3: Speci cations for PLL design

| Performance metric| Speci cation |

Lock-time tock 1.5 ms
Period jitter Jperiod  9:62 ns
Stability v 005V

Apart from process variations, PLL circuits are also suscepte to the external
(environmental) noise. Environmental noise sources (e.gsubstrate or shot noise)
seriously degrade the performance of a PLL circuit by indung timing jitter and
increasing the limit cycle. In this application, we considethe most dominant noise
in PLL designs stemming from shot noise in the VCO block and mi#esting itself as
accumulation jitter (a.k.a. FM jitter) [99]. The noisy VCO output due to the intrinsic

jitter is aicted according to the following;quation:

Y Outper ()

0 1+ J K\/OZUtLpF
where J stands for the jitter deviation, Ky is the VCO gain, Out p¢ is the Iter

0) (6.11)

Outyco = A COS(! ot + Ky

output, o is the initial phase, and a zero mean unit-variance Gaussian random
process. We performed our JRV method on the PLL application fan embedding

dimensionde = 3 and an embedding lag = 15.

Table 6.4: PLL yield estimation results for = 0:05

Case I: without jitter Case II: with VCO jitter
Yield | Error | Speedup| Yield | Error | Speedup
rate k:k ratio rate k:k ratio
MC 0.9531| { 1X 0.8972| { 1X
LHS-MC | 0.9543| 1.2e-3| 1.78X | 0.8985| 1.3e-3| 1.82X
QMC 0.9547| 1.6e-3| 2.23X | 0.8980| 1.8e-3| 2.46X

Our 0.9559| 2.1e-3| 9.87X | 0.8998| 2.6e-3| 11.53X
method
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Figure 6.13: Recurrence periodicity for di erent damping fetors

Table 6.5: PLL yield estimation results for = 0:01

Case I: without jitter

Case II: with VCO jitter

Yield | Error | Speedup| Yield | Error | Speedup

rate k:k ratio rate k:k ratio
MC 0.9386| { 1X 0.98806| { 1X
LHS-MC | 0.9403| 1.7e-3| 1.58X | 0.8825 | 1.9e-3| 1.72X
QmMC 0.9405| 1.9e-3| 2.17X | 0.8826| 2e-3 | 2.23X
Our 0.9413| 2.7e-3| 9.16X | 0.8817 | 2.9e-3| 10.94X
method
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Figure 6.13 plots the recurrence periodicity (RP) for di erat damping factors
(1=0:1, , =05 and 3 = 0:707, respectively). It can be noticed that a longer
settling time is required for the PLL to achieve a lock whilencreasing . This can
be also seen through our JRV RP measure. In fact, fog = 0:707 (red line in Figure
6.13) higher RP values are attained than those for, = 0:1 and , = 0:5. This means
that the PLL presents less periodic outputs. In fact, the cleer its value to 0, the
closer the PLL is from its ideal behavior. In addition, the vaation of the VCO jitter

with the recurrence periodicity shows an exponential incase for values greater than




The resulting JRV metrics are employed in the multiple hypotksis testing
scheme for di erent con dence levels = 0:05 and = 0:01. In this application,
the three JRV metrics RR; L nwax, and RP) are employed in the multiple hypothesis
testing scheme for di erent con dence levels = 0:05 and = 0:01. The obtained
parametric yield results are shown in Tables 6.4 and 6.5 andropared to the MC
method and its variants in light of process variation and jiter uncertainty. The pres-
ence of process variation alone has shown higher yields. Hoeve the yield rates
incorporating both jitter disturbance and process variatins have shown lower rates
(columns 5). It is obvious that the combined process variain/jitter e ects will result
in more PLL failures to satisfy its desired speci cations de to the high sensitivity of
the VCO to noise disturbances. The yield comparison for dirent con dence levels
showed a slight dependency of the yield assessment resutisttee con dence level .
However, the yield accuracy would change to a very small degréless than 0.003%)
For instance, in the case = 0:01, slightly lower yield rates are obtained compared
to those reported for = 0:05. In short, the hypotheses tests results can be slightly
di erent for di erent con dence intervals and the accuracy would be compromised if
the con dence level is too high or too low. Lower con dence Vel would increase the
rejection; Higher con dence level, on the other hand, wouldhcrease the error margin
and degrade the accuracy. A signi cant simulation-time samg (more than 10X reduc-
tion) resulting from using our proposed methodology has beeemarked. The savings
come from two distinct mechanisms. First, the sensitivity aalysis approach (a) re-
duces the process parameters dimension space by xing thenrio uential parameters
on the desired circuit performances to their nominal valuegb) prioritizes the param-
eter variation selections according to their in uence on otuit performances; and (c)

reveals hidden worst performances due to interactions beten di erent parameters
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variations. Second, the multi-performances yield estiman scheme is conducted si-
multaneously through a multiple hypothesis testing procage. On the contrary, mul-
tiple single performances simulations runs are performeding primitive MC which
results in an over-estimated yield due to the correlated PLIperformances wherein
rejection regions overlap. The relative yield estimationreor with respect to the num-
ber of simulation runs of the primitive MC and the proposed nmtod are compared
in Figure 6.14. The relatively small number of the required siulations runs shows
the e ciency of our approach, by which it was possible to havet least a 9 times

computational cost gain without paying in terms of accuracy

6.2.2.1 Discussion

To corroborate the process parameter reduction results abhed using the Morris sen-
sitivity method, we perform a MC simulation on the reduced ad non-reduced process
parameters set. The aim of this experiment is to con rm that he non-signi cant pa-
rameters identi ed through the Morris method does not actubly signi cantly a ect

the yield results.

Figure 6.14: E ectiveness of our proposed approach
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Figure 6.15: E ectiveness of the proposed screening method

Figure 6.15(a) compares the yield rate estimate using prinive MC simulations before
and after process parameter reductions for ring oscillat@nd PLL design. The ob-
tained yield analysis fully con rms the Morris results, sie for both applications the
estimated yield rate accounts for less than a maximum of 2%rer rate. Hence, this
con rms the capability and e ectiveness of our proposed piess parameters screening
approach in identifying the actual non-signi cant parameers variation on the circuit
performances of interest which substantially reduces themputational time. This
is conrmed by Figure 6.15(b) wherein a notable simulationiine saving resulting
from our parameter screening scheme is observed by removiagundant non statis-
tically signi cant simulations as compared to the primitive MC without considering

the reduction for both PLL and ring oscillator circuits.
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wherexy, X, and X3 stand for the state variables of the ring oscillator model tht rep-
resent the node voltages in each inverter and,; is the circuit output. The functions
I» and I, model the nonlinear current generated by the NMOS and PMOS tresis-
tors, respectively, based on their gate, drain and sourceltages. The veri cation is
performed in the presence of process variation in transistwidths (both PMOS and
NMOS) and threshold voltage. The surrogate based dynamicsrveation is applied

on the three stage ring oscillator using the Gaussian Kernebrrelation dimensiond,

as test statistic of the hypothesis testing procedure. Figar6.17 depicts the attractor

of the circuit in the case of the optimal circuit parameters.

Figure 6.17: Attractor of the optimized ring oscillator cirait

We computed the embedding window, mainly the correlation diensiond, = 2 using
the false nearest neighbor (FNN) method and the embedding lag= 6 using mutual
information (MI) method, respectively. The result of the vei cation is shown in Fig-
ure 6.18 for 100 surrogates of the circuit outputs. An acceptae region (shown as the
white region in Figure 6.18) and a rejection region (red regioof Figure 6.18) of the

noisy/chaotic dynamics are then de ned from the obtained awoelation dimensionsd,
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Table 6.6: Single performance veri cation of the three stagring oscillator

Intertwined Monte | Relative

Reachability Analysis| Carlo | Error
Initial Condition Variations 92.78% 94.61%| 1.83%
Process Variation 86.13% 89.82%| 3.69%
Jitter 83.52% 87.70%| 4.18%
Process Variation and Jitter 79.84% 85.17%| 5.33%
Process Variation, Jitter and 77.26% 84.35%| 7.09%
Initial Conditions Variations

hence gives more accurate yield estimation of the frequenoy oscillation metric.
However, Monte Carlo has a poor coverage and so fails to detscime cases where
the required performance metric is not met. This results in &wer probability of
failure and consequently higher yield. It can also be obsex that in the presence of
jitter, process variation, and initial condition uncertanties, the circuit presents the
lowest yield.

We also veri ed the three stage ring oscillator in the case dfo performance con-
straints using our statistical runtime veri cation technique based on the JRV method.

The yield estimation results are depicted in Table 6.7.

Table 6.7: Multiple performances veri cation of the three tage ring oscillator

Statistical Monte | Relative

Runtime Veri cation | Carlo Error
Initial Condition Variations 90.94% 93.31%| 2.37%
Process Variation 84.76% 89.22%| 4.46%
Jitter 81.83% 87.61%| 5.79%
Process Variation and Jitter 76.02% 83.13%| 7.11%
Process Variation, Jitter and 74.21% 82.17%| 7.96%
Initial Conditions Variations

We validated the obtained yield against 1000 Monte Carlo smtation trials. It can be

remarked that the proposed method for multiple performanceonstraints presents a
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lower yield when compared to the yield estimated for a singfeerformance constraint
as shown in Table 6.6. Moreover, it can be noticed that the psence of jitter a ects
most the oscillation period and rise times. For instance, thestimated yield for jittery

circuit is 5.81% less than the one estimated in the presencepoocess variation.

6.3 Summary

A critical yet challenging problem of yield estimation is toaccount for multiple circuit
performances. In this chapter, we proposed a novel nonparatc statistical veri -
cation methodology to e ciently estimate the parametric yield for multi-performance
constraints. Our proposed approach exploits the fact thaticuit parameters variation
has di erent impact on the circuit performance. Hence, a glal sensitivity analysis
classi es the circuit parameters according to their in uece on the desired circuit
performances. Based on this classi cation, an e cient JointRecurrence Veri cation
technique is performed on the most critical design paramete The veri cation is
conducted in the state space domain where new veri cation rres are de ned. A
multiple hypothesis testing procedure is then performed kad on the computed met-
rics. It enables a simultaneous yield analysis rather thanuttiple single-performance
yield estimation with less run-time overhead. Experimentaresults showed that our
methodology prevails over Monte Carlo technique in yield ta assessment. It has
demonstrated up to 11.53X computational reduction capalify while retaining accu-

racy.
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Chapter 7

Conclusions

7.1 Conclusions

In contrast to the widely automated digital design ow, anabg design is still predom-
inantly manual relying on the designer's experience and eggiise. Analog and mixed
signal circuits veri cation is not automated at all, wherea the sizing step is partly
automated in practice. For instance, although few commeasdi optimization tools ex-
ist, they are used only as a support tool, for example to ne tue a certain parameter
of an already designed AMS circuit. The main encountered cliethges are the follow-
ing: the optimization was shown to be arNP-hard problem, the wide feasible design
space whereof an exhaustive coverage of the design searetesps unattainable, and
therein the accuracy of the design solutions is not guaraméd. Furthermore, exist-
ing veri cation and yield estimation techniques rely mainy on simulation which is
prohibitively expensive and a time consuming process. Thdoaementioned reasons
show the need for robust tools that would automate the sizingnd veri cation part
of the analog design ow. The goal is to maximize the number d&bricated circuits

whose performance satis es a set of acceptability constnés dictated by the desired
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speci cations.

In the course of pursuing successful tape-out with su cientlesign-for-manufact-
urability AMS design, this thesis proposes a novel methoday for nonlinear AMS
circuit optimization and veri cation as well as the subtleies to implement it in prac-
tice. We proposed di erent new methods and algorithms to bygss certain limitations
of existing methods.

The rst contribution of this thesis is the development of a mminal sizing proce-
dure that ensures an exhaustive coverage of the design spand outputs guaranteed
optimum design solutions. To this end, we proposed a formglcoupled equation
based and simulation based approach inspired from equivaé® checking technique.
Given the circuit topology and the speci cation propertiesthe feasible design space
is de ned. Thereafter, a global sensitivity based approads adopted to scout the de-
ned design space and constrain the design space to regiorfsane promising solutions
might be expected to be found. Subsequently, these prominatesign subspaces are
passed to the nominal sizing step. The underlying nominalzéng approach employs
a space mapping scheme between a surrogate and a detailed ANtSu@ model to
nd the optimal design solution.

The second contribution of this thesis is the development aftypical qualitative
veri cation approach to verify whether the circuit well-behaves in light of process
variation. More importantly, the developed approach enses that even the possible
deviations in the circuit parameters do not drive the circuiinto inappropriate dynamic
(e.g., chaotic behavior). Itis on a new veri cation strateg denoted by surrogate based
method based on statistical proof by contradiction. The pneosed method is robust
and successfully discriminates noisy from chaotic behavifr di erent types of noise

while traditional techniques such as Lyapunov Exponent mbabd fail to do so.
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The third contribution is the elaboration of a qualitative veri cation approach
that enhances the capability to predict parametric yield dgnation for nonlinear ana-
log and mixed-signal circuits. Prior to performing multipe performances yield calcula-
tion, a single performance scheme is proposed based upon@ggtrical computation
of the reachable states using an intertwined forward/backavd reachability analysis
method. A non-parametric univariate hypothesis testing gproach is then conducted
on the resultant reachable behavioral bounds to assess thelg. Furthermore, a
multi-performances yield estimation approach that combies the advantages of tran-
sient sensitivity analysis, joint recurrence veri cation a method inspired from DNA
matching, and multiple hypothesis testing techniques is geloped.

In order to show the relevance in practice of the approachesegented in this
thesis, we applied them on several analog and mixed signatcaits benchmarks,
namely ampli er, oscillators, and phase locked loops. Coragsons of the obtained
results with the existing approaches have demonstrated agsi cant computational
reduction capability while retaining robustness in appliability. In summary, the
proposed nonlinear AMS circuits optimization and veri caton methodology can be
seen as a rst step for a semi-formal optimization and veri ation approach and a
basis for automatic analog designs generation. It o ers a @mising solution to reduce

design cycle time while maintaining accuracy.

7.2 Future Work

This thesis lays the ground for a promising framework for thearly optimization and
veri cation of analog and mixed signal designs. Building othe proposed methodology
and experimental results presented in this thesis, sevemthancements and directions

of further research can be explored and pursued. More feadsrcan be incremented
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to scale and strengthen the capabilities of the proposed nmeidology in order to
handle complex designs with a multitude of real imperfectnis and more stringent

performances. In the sequel, we outline some future resdadirections:

In its present form, the methodology considers only procesariation. This
spatial unreliability e ects can be immediately detected ight after fabrication.
However, temporal unreliability e ects vary with the time and the operating
conditions (e.g., the operating voltage, temperature, stehing activity). Con-
sequently, they are extremely hard to detect and cannot be ed nor recov-
ered. An interesting extension of this work can be the integtian of transient
faults uncertainty such as aging e ects (Negative-Bias Tengrature Instability
(NBTI)) [100] and transient e ects (Single Event Transients(SET) [101], and

of particular concern, Single Event Upsets (SEU) [102]).

Another possible direction for future work refers to the impsvement of the im-
perfections models by deriving them directly from transistr/layout level sim-
ulations as well as the integration of multi-stage nonparastric veri cation of
multiple circuit performances. In addition, novel approaees from the nonlinear
dynamical theory can be adopted to discriminate simple chadrom hyperchaos

which have di erent application domains.

Other global sensitivity analysis scheme such as Fourier ailitude sensitivity
testing method can be explored for the class of linear AMS cirigs. The re-
search direction is to incorporate di erent transient seriivity analysis methods
based on the circuit classes in th8pice simulator in order to guide the selection
process of Monte Carlo instances and consequently removatistically insignif-

icant parameters. By doing so, a signi cant reduction in theeomputational cost
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through avoiding unnecessary simulation iterations as wedls improvement in

the simulation accuracy for a xed number of runs can be achied.

In our circuit sizing methodology, we only consider optimetion of circuit perfor-
mances. However, analog IC designers not only call for optred sized topolo-
gies but also need high robustness and yield in light of Praax Voltage, and
Temperature (PVT) variations. This limitation can be addresed through: (1)
extending the global sizing approach to handle regional stivity analysis to
the circuit yield; (2) integrating design centering stratgy in the space map-
ping procedure used for nominal sizing. In this case, the aptization process
seeks the values of circuit parameters which not only optimgzhe circuit perfor-
mance but also maximize the probability of satisfying the ds#gn speci cations
(i.e., both parametric and catastrophic yield maximizatia) in an integrating

manner avoiding costly re-design iterations.

Finally, it would be interesting to generalize the circuit srogate models to han-
dle more severe process variations. Of particular concetagal process variation
(a.k.a mismatch) can be combined with global process variah. Subsequently,
both process variation uncertainties can be considered tosure that the AMS

circuit under veri cation is still robust.
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