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IntroductionIntroduction

Accurate interconnect/via/package models esp. Accurate interconnect/via/package models esp. 
in high frequency simulation to capture EM in high frequency simulation to capture EM 
effectseffects
Compact & efficient macromodels for simulationCompact & efficient macromodels for simulation



IntroductionIntroduction

Import 
data

Data pre-
processing

Math. 
model

Model post-
processing

Export 
netlist

Tabulated data of inputTabulated data of input--output responseoutput response
–– Electromagnetic dataElectromagnetic data
–– Time / frequencyTime / frequency
–– Calculation / measurementCalculation / measurement

Macromodel requirement: Accurate, causal, stable, Macromodel requirement: Accurate, causal, stable, 
passivepassive



Existing algorithmsExisting algorithms

FrequencyFrequency--domain Vector Fitting (VF) [99]domain Vector Fitting (VF) [99]
–– Iterative continuous frequency domain approximation Iterative continuous frequency domain approximation 

((pp input ports, input ports, qq output ports)output ports)

TimeTime--domain Macromodeling Techniquesdomain Macromodeling Techniques
–– Approximation using (truncated) timeApproximation using (truncated) time--sampled system sampled system 

response response Easier to captureEasier to capture
–– e.g. 4SID [99], GPOF [99]e.g. 4SID [99], GPOF [99], TD, TD--VF(zVF(z) [03,08]) [03,08]
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Problems Issues and AlternativesProblems Issues and Alternatives

NumericalNumerical--sensitive calculationsensitive calculation
–– Affected by the initial poles, noisy signalAffected by the initial poles, noisy signal

Require eigenvalues calculationRequire eigenvalues calculation
Unstable pole flipping Unstable pole flipping Not an accurate approx.Not an accurate approx.

High (multiport) computation complexityHigh (multiport) computation complexity
Other techniques has much higher computation Other techniques has much higher computation 
complexity (Expensive SVD computation)complexity (Expensive SVD computation)

Digital IIR filter approximation Digital IIR filter approximation MacromodelingMacromodeling
SISO LS [ISCAS 08] SISO LS [ISCAS 08] VISA [ASPDAC 10]VISA [ASPDAC 10]
Implication: finiteImplication: finite--length discrete response sequences ... length discrete response sequences ... 
like FIR filter responses!like FIR filter responses!!!!!
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IntroductionIntroduction
Algorithm (VISA)Algorithm (VISA)
–– ““WalshWalsh’’s theorems theorem”” & & ““Complementary signalComplementary signal””
–– FormulationFormulation
–– Convergence: SM iteration, model order Convergence: SM iteration, model order 

reduction, reduction, PP--norm approximationnorm approximation

Numerical ResultsNumerical Results
ConclusionConclusion



Macromodeling of a time-sampled response = IIR 
Approx. of FIR filter
Problem: Approximation Interpolation problem 

Input / Output description of an allpass filtering 
operation Designing an allpass operator

Macromodeling of a time-sampled response = IIR 
Approx. of FIR filter
Problem: Approximation Interpolation problem 

Input / Output description of an allpass filtering 
operation Designing an allpass operator
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Find P(z) Suppose Q(z) KnownFind P(z) Suppose Q(z) Known
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Equivalent Filtering ProblemEquivalent Filtering Problem

+

z-L F(z-1)

z-N P(z-1)

z-(L-1) R(z-1)
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All-pass 
filter!

rL-1 rL-2 …..  r1 r0= fL fL-1 …..  f1 f0z-N Q(z-1) / Q(z)

For the first L time instances

Complementary Signal:



Finding Numerator P(z)Finding Numerator P(z)
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Complementary SignalComplementary Signal

Adopted from [YH62]Adopted from [YH62]

Allpass 
Filtering

Original Signal
Approximating 

Signal

Error Signal
(Need to minimize!!!)



Finding Denominator Q(z)Finding Denominator Q(z)

*Find Q(z) such that energy output of the all-pass filter
A(z)=z-NQ(z-1)/Q(z) is concentrated in time ≥ L, 
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Finding Q(z) by IterationsFinding Q(z) by Iterations
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Finding Q(z) by IterationsFinding Q(z) by Iterations
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Automatically                                 has minimum norm
By iterations, Q(k)(z) converges to Q(z)

What’s amazing: Q(k)(z) is always stable!

( ) ( ) ( )( ) : k k ku k A q b= −



Finding Q(z) by IterationsFinding Q(z) by Iterations
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What’s amazing: Q(k)(z) is always stable!

( ) ( ) ( )( ) : k k ku k A q b= −



Convergence of VISAConvergence of VISA

Calculation of Calculation of Q(zQ(z) is a simplification of ) is a simplification of SteiglitzSteiglitz--
McBrideMcBride (SM) iteration(SM) iteration without initial guesswithout initial guess
–– P(zP(z) is not required for the calculation of ) is not required for the calculation of Q(zQ(z))
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Model order selectionModel order selection

Appropriate model order (N) for efficient and Appropriate model order (N) for efficient and 
accurate simulationaccurate simulation
Similar pattern between approximant error and Similar pattern between approximant error and 
HankelHankel singular value (HSV) of the impulse responsesingular value (HSV) of the impulse response
HSV distribution and the ratio of first and last HSVHSV distribution and the ratio of first and last HSV
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P-norm approximationP-norm approximation

Modify the minimization criteria to suit different Modify the minimization criteria to suit different 
macromodeling requirementsmacromodeling requirements
–– PP--norm approximationnorm approximation
–– UserUser--defined norm approximationdefined norm approximation
–– NormNorm--constrained approximationconstrained approximation

Applying convex programming for solvingApplying convex programming for solving
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MIMO VISA ExtensionMIMO VISA Extension

WalshWalsh’’s theorem can be applied to MIMO situations theorem can be applied to MIMO situation
Stacking the responses into a column for LS solvingStacking the responses into a column for LS solving

Less computation complexityLess computation complexity
–– TDTD--VF: O(VF: O((pq+1)(pq+1)NN22Lpq) Lpq) Much higher!Much higher!
–– VISA: O(NVISA: O(N22Lpq)Lpq)
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VISA FeaturesVISA Features

No No eigenvalueeigenvalue computationscomputations
No initial guess requiredNo initial guess required
–– Less initialLess initial--polepole--sensitive calculationsensitive calculation

Guaranteed stable pole calculationGuaranteed stable pole calculation
Converge to the nearConverge to the near--LL22 optimal solutionoptimal solution
Low (multiLow (multi--port) computation complexityport) computation complexity
PP--norm approximation for different modeling norm approximation for different modeling 
requirementrequirement
QuasiQuasi--error bound for model order selectionerror bound for model order selection
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IntroductionIntroduction
Algorithm (VISA)Algorithm (VISA)
Numerical ResultsNumerical Results
–– ThreeThree--port port counterwisecounterwise RF circulatorRF circulator
–– Benchmark examplesBenchmark examples

ConclusionConclusion



Numerical ExamplesNumerical Examples

ThreeThree--port port counterwisecounterwise RF circulatorRF circulator
More accurate : 18% less More accurate : 18% less avgerageavgerage R.M.S. error R.M.S. error 
after convergenceafter convergence
Faster : >15X faster for convergence and >17X Faster : >15X faster for convergence and >17X 
faster to achieve a faster to achieve a --40dB accuracy40dB accuracy
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Numerical ExamplesNumerical Examples

HSV (error bound) computation: 58 sec. CPU timeHSV (error bound) computation: 58 sec. CPU time
PP--norm approximationnorm approximation
–– 3.5% L3.5% L22 error, 29.5% error, 29.5% LLinfinf error and 24.5% CPU time error and 24.5% CPU time 

reductionreduction

Four benchmark examples [IG08]Four benchmark examples [IG08]
–– 51% less L51% less L22 error, >21 X faster, comparing to TDerror, >21 X faster, comparing to TD--VFVF
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ConclusionConclusion

VISA: Linear Macromodeling using timeVISA: Linear Macromodeling using time--
sampled responsesampled response
–– Simplified Simplified SteiglitzSteiglitz--McBride algorithmMcBride algorithm
–– No initialNo initial--pole assignmentpole assignment
–– No eigenvalues calculationNo eigenvalues calculation
–– Robust and efficient computationRobust and efficient computation
–– PP--norm approximationnorm approximation



Thank you!Thank you!

Thank you!Thank you!
Questions are welcomeQuestions are welcome
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Walsh TheoremWalsh Theorem

Among the set of rational functionsAmong the set of rational functions H(zH(z)=)=P(z)/Q(zP(z)/Q(z)), , 
with prescribed poles with prescribed poles αα11, , αα22, . . ., , . . ., ααnn that are fixedthat are fixed
and located in |and located in |zz|| < < 1, the best approximation in the 1, the best approximation in the 
LS senseLS sense to to F(F(zz) (analytic in |) (analytic in |zz|| > > 1 and continuous 1 and continuous 
in |in |zz|| ≥≥ 1) is the1) is the unique function that interpolates to unique function that interpolates to 
FF ((zz) in all the points.) in all the points. z z = = ∞∞, , 1/1/αα∗∗11 , , 1/1/αα∗∗22, . . . , , . . . , 
1/1/αα∗∗nn, where * denotes complex, where * denotes complex conjugateconjugate

ApproximationApproximation
IInterpolation problemnterpolation problem
Input / Output description of an allpass Input / Output description of an allpass 

filtering operationfiltering operation
Design of an allpass operatorDesign of an allpass operator



Complementary SignalComplementary Signal

Adopted from [YH62]Adopted from [YH62]

Allpass 
Filtering

Original Signal
Approximating 

Signal

Error Signal
(Need to minimize!!!)
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